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Abstract. A coarse-grained parallelization of an adaptive differential evolution al-
gorithm is described. The parallelization is based on the multi-population model, a
random connection topology being used. The results obtained by the implementation
of the proposed algorithm on a PC cluster show not only a speedup in execution time,
but also a higher probability of convergence.
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1 Introduction

Evolutionary algorithms are stochastic optimization methods which are particularly well sui-
ted for hard problems where little is known about the search space. They maintain a popula-
tion of candidate solutions which are iteratively transformed by some nature-inspired opera-
tors:mutation, recombinationandselection. The evolutionary process tends to find globally
satisfactory, even if not optimal, solutions to the optimization problem. When they are applied
to large real problems they may become too slow [14]. To overcome this difficulty either new
evolutionary operators or parallelization methods have been proposed.

A result of the efforts in the first direction is the ”differential evolution” algorithm (DE),
developed by Storn and Price [13], which is an efficient optimization technique on continuous
domains.

On the other hand there are two main reasons for parallelizing an evolutionary algorithm:
one is to achieve time savings by distributing the computational effort and the second is to
benefit from the algorithmic point of view [14].

Efficient parallelization of evolutionary algorithms is not a trivial task despite the fact
that these algorithms are inherently parallel. This is mainly due to the fact that the population
elements interact during the evolution and the effect of operators is sensitive to their control
parameters choice. This means that all the empirical knowledge concerning parameters choice
gathered from serial implementations is not necessarily useful for parallel implementations
(mainly if parallelization implies modification in the population structure). On the other hand
there exists different classes of evolutionary algorithms: genetic algorithms, genetic program-
ming, evolutionary strategies and evolutionary programming. Even if they are based on the
same natural evolution principle they are different, and soare their parallel implementations.
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During the last years, several parallel models have been proposed [1], [3], [14]. The pa-
rallelization of an evolutionary algorithm can be made at one of the following levels [14]:
objective function evaluation level (master-slave model), population level (multi-population
model, called alsoisland modelor migration model), elements level (cellular model). The
cellular model leads to fine-grained parallelization whilethe other two lead to coarse-grained
parallelization.

The aim of this work is to analyze a parallel implementation of the differential evolution
based on the multi-population model. The reasons of choosing the multi-population model
were: (i) it is inspired from the spatial structure of natural populations; (ii) its ability of
preserving the population diversity through the migrationprocess.

Due to the absence of a real mutation, differential evolution is highly predisposed to a fast
decrease of the population diversity which leads to the undesirable premature convergence
(the algorithm is trapped into a sub-optimal state). The multi-population approach could help
avoiding such a situation.

Unlike other evolutionary algorithms for which different parallel implementations have
been proposed there exists few parallel implementation of differential evolution [9], [12].
These are based on parallelization of the objective function evaluation and on the cellular
model, respectively. As is motivated in [9], the multi-population model has been avoided
because of the difficulties related with the parameters choice. Since the algorithm which we
propose is adaptive, the parameter choice is no more a difficulty and, as we shall see, the
multi-population approach can improve the DE behavior.

The paper is organized as follows. Section 2 presents a shortoverview of the parallel mod-
els for evolutionary algorithms. The adaptive differential evolution and the multi-population
approach are detailed in Section 3. Section 4 describes the parallel implementation and the
numerical tests performed on a PC cluster. Concluding remarks are presented in Section 5.

2 Overview of parallel evolutionary algorithms

The parallelization at the objective function level has as main motivation the fact that the
most costly computation is the objective function evaluation. In this model, all computations
excepting the evaluation operation is performed by a masterprocessor. The evaluation step
consists in computing the objective function values for allthe elements of the population and
this step is done in parallel in the following way. The masterprocessor transfers elements
of the population to slave processors which have only the role of evaluating the objective
function for the received element. After the master receives the data from the slaves, it con-
tinues with the next step of the algorithm (e.g. selection).This synchronous updating of the
population is not very efficient due to the need of waiting until the last slave return the func-
tion value. In order to prevent these idle times, in [2] is used an asynchronous update of the
population: each new element obtained by mutation and recombination is send to a slave
processor for evaluation without waiting to construct all the new candidates; moreover when
a slave returns a result, if the corresponding element is better than the worst element in the
population then will replace it. This algorithm was tested in [2] on a concrete problem on
a LAN of Sun Sparc workstations using PVM. Parallelization at objective function level is
efficient if the population size is huge and the objective function is complex [5]. PGA pack
(http://www.mcs.anl.gov/pgapack) is a free software build on this model.

In the multi-population model, the population is divided into sub-populations calledis-
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landsor demes. In each island a standard sequential evolutionary algorithm is executed. The
communication between sub-populations is assured by a migration process: after some gener-
ations several elements leave their island and migrate to another. This process has in important
role in preserving the population diversity, thus in avoiding premature convergence cases. Its
effectiveness depends on the communication topology (a graph structure in which the sub-
populations are nodes and the connections indicate the communicating sub-populations). The
frequency of migration (number of generations between two migrations), the migration topol-
ogy, and the selection of migrants have to be established foreach evolutionary algorithm be-
cause a general rigorous way to choose them is not known at present. From an implementation
point of view, the coarse-grained models are suited to distributed memory multicomputers and
clusters only if the ratio of computation to communication is high [14].

There exist several implementations of parallel genetic algorithms based on the multi-
population model. For example, VEGA [18] implements a distributed genetic algorithm based
on the island model with exchange of individuals over a defined connection topology (ring,
grid, x-net, hypercube, fully connected); it works on the MIMD computer Intel Paragon and
workstation clusters.

In the cellular model (also called neighborhood or diffusion models) the elements are
placed on the nodes of a toroidal one- or two-dimensional grid. The evolutionary transforma-
tions take place within a small neighborhood. They are suited for massive parallel machines.

Different hybrid strategies were also considered. The ideaproposed in [10] is to consider
an architecture based on the island model at a top level whereeach island acts based on
a cellular model. A process is dedicated to control the islander’s evolution, to manage the
migration, to collect the local statistics, and finally to generate the global ones.

Choosing the adequate model depends on the problem particularities, on the specific of
the evolutionary algorithm, and on the available hardware support.

3 The multi-population adaptive differential evolution

The differential evolution algorithm has been successfully applied in solving continuous op-
timization problems encountered in engineering design [8]. To describe the algorithm struc-
ture we consider the problem of finding the minimum,x� 2 D, of an objective functionf : D � IRn ! IR on which we do not impose any restriction.

The classical DE algorithm evolves a fixed size population,P = fx1; : : : ; xmg, which
is randomly initialized with elements fromD. After population initialization, an iterative
process is started, and, at each iteration (generation), a new population is produced until a
stopping condition is satisfied. At each generation, each population element (xl) could be
replaced (with probabilityp) with a new generated element. The new element is a linear
combination between a randomly selected element (x�l) and a difference between other two
randomly selected elements (x�l andx
l). For eachl, the indices�l, �l and
l are selected
without replacement fromf1; : : : ; mg. Besides the population size (m), the parameters of the
algorithm are:p 2 [0; 1℄ (the probability of replacing an element with the new generated one)
andF > 0 (the factor which amplify the ”differential” term). Experimental studies show that
DE convergence properties are highly dependent on the algorithm parameters [6], [13], [15].
Thus, as for other evolutionary algorithms, adaptation methods are highly desirable. In [16]
is proposed a parameter adaptation based on the idea of controlling the population diversity.

The classical DE is modified as follows. The parametersF andp are replaced with two
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sets of parameters:fFigi=1;n andfpigi=1;n (a pair of parameters,(Fi; pi) for each component).
At each generation the variances for alln components are computed as follows:

Var(xi(g)) = 1m mXl=1  xil(g)� 1m mXk=1 xik(g)!2 ; i = 1; n:
These values are used to compute the new parameters. The parameter modification is based
on the value
i(g + 1) = 
Var(xi(g))=Var(xi(g + 1)), with 
 > 0 a newcontrol parameter.
The values
i(g + 1), i = 1; n are used to adjust the parameters involved in the computation
of the new population,x(g + 2). At each generation only one set of parameters is modified.
For instance, at even generations the valuesFi are modified as follows:Fi = 8<: rm(
i � 1) + pi(2� pi)2mpi if m(
i � 1) + pi(2� pi) � 0Finf if m(
i � 1) + pi(2� pi) < 0 (1)

with Finf the minimal value forF . A sufficient condition for increasing the population vari-
ance by recombination is thatF � 1=pm, thus we shall useFinf = 1=pm. An upper bound
for Fi can also be imposed (empirical results suggestFsup = 2).

At odd generations, the parameterspi are adapted as follows:pi = � �(mF 2i � 1) +p(mF 2i � 1)2 �m(1� 
i) if 
i � 1pinf if 
i < 1 (2)

with pinf the minimal value forpi. Sincepi 2 [0; 1℄ a minimal value forpi should be near0, e.g.pinf = 0:01 while the maximal value should bepsup = 1. When the computed va-
lues of the parameters are outside their domain, they are corrected as follows: a value less
than the lower bound is replaced with the lower bound, while avalue greater than the upper
bound is replaced with the upper bound. The general structure of the adaptive DE algorithm
is illustrated in Fig. 1.

Unlike other adaptation rules [4] (e.g. self-adaptation) where each population element
has specific values of the parameters, the proposed method uses different values for each
component. In this way the particularities of the fitness landscape could be ”captured” by
the parameters adaptation process. Moreover, this will simplify the communication between
sub-populations in the multi-population approach.

We consider now a multi-population approach for the adaptive DE. Our model consists in
dividing the population ins sub-populations of the same size,�. On each sub-population an
adaptive DE is executed for a fixed number,� , of generations. Each DE corresponding to a
sub-population works with its own sets of randomly initialized adaptive parameters.

After each� generations a migration process, based on a random connection topology,
is started. More specifically, the migration strategy consists in: each element from each sub-
population can be swaped (with a givenmigration probability, pm) with a randomly selected
element from a randomly selected sub-population (including the sub-population which con-
tains the initial element).

Due to the migration process, a sub-population with a low diversity can be ”revived” after
the migration takes place. Hence the multi-population approach allows avoiding premature
convergence situations in DE. We shall illustrate this by numerical results obtained for some
benchmark test functions (see Table 1).
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Random initialization ofP (0) = fx1(0); : : : ; xm(0)g, fFigi=1;n , fpigi=1;ng = 0
Compute Var(xi(0)), i = 1; n
Repeat

Perturbation step:zil = � xi�l(g) + Fi � (xi�l(g)� xi
l(g)) with probabilitypixil(g) with probability1� pi l = 1; m; i = 1; n
Evaluation step:
Compute f(x1); : : : ; f(xm)

Selection step:
If f(zl) < f(xl(g)) then xl(g + 1) = zl else xl(g + 1) = xl(g) l = 1; m

Variance computation:
Compute Var(xi(g + 1)), i = 1; n

Parameters adaptation:
If g is eventhen adaptFi, i = 1; n according with (1)
else adaptpi, i = 1; n according with (2)g = g + 1

Until a stopping criterion is satisfied.

Figure 1: The general structure of the adaptive DE algorithm

Table 1:Test functions

Name Expression Domain

Sphere f1(x) = nXi=1 x2i [�100; 100℄n
Rastrigin f2(x) = nXi=1[x2i � 10 
os(2�xi) + 10℄ [�5:12; 5:12℄n
Griewank f3(x) = 14000 nXi=1 x2i � nYi=1 
os(xi=pi) + 1 [�600; 600℄n
Ackley f4(x) = �20 exp �0:2r 1n nXi=1 x2i!� exp 1n nXi=1 
os(2�xi)!+ 20 + e [�32; 32℄n
Rosenbrock f5(x) = n�1Xi=1 [100(xi+1 � x2i )2 + (xi � 1)2℄ [�30; 30℄n
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Table 2: Influence of migration on the adaptive DE. Test functions:f1 andf2, � = 10�6, 
 = 0:5.

Sphere (f1) Rastrigin (f2)s � pm Success PC hf�i Success PC hf�i
cases/gen. cases/gen. cases/gen. cases/gen.1 60 0 - 10=2002 9:2829 - 10=2011 8:17772 30 0:5 7/1223 3/1700 0:0001 - 10=2398 3:08443 20 0:5 10/1282 - 10�6 2=2852 8=2988 0:99504 15 0:5 10/1337 - 10�6 4=3447 6=3552 0:79595 12 0:5 10/1410 - 10�6 7=3967 3=4385 0:29846 10 0:5 10/1478 - 10�6 7=4631 3=4874 0:3979

Table 3: Influence of migration on the adaptive DE. Test functions:f3 andf4, � = 10�6, 
 = 0:5.

Griewank (f3) Ackley (f4)s � pm Success PC hf�i Success PC hf�i
cases/gen. cases/gen. cases/gen. cases/gen.1 60 0 - 10=2251 0:3926 - 10=1613 0:27302 30 0:5 6=1205 4=1946 0:0031 - 10=1562 0:00113 20 0:5 10=1285 - 10�6 - 10=1582 4 � 10�64 15 0:5 10=1314 - 10�6 - 10=1658 4 � 10�65 12 0:5 10=1391 - 10�6 - 10=1740 4 � 10�66 10 0:5 10=1456 - 10�6 - 10=1825 4 � 10�6

The minimal value for all test functions is0. Functionsf1 andf5 have a unique mini-
mum, whilef2, f3 andf4 have many local minima beside the global minimum. For instance
Rastrigin’s functionf2 has11n local minima.

During the experiments, the following parameters were fixed: m = 60 (the population
size),n = 100 (the problem dimension),� = 100 (the number of generations between migra-
tions),pm = 0:5 (the migration probability),r = 10 (the number of independent runs of the
algorithm, used to compute the averaged values). The stopping condition which we used is:
”f� < � or hV ar(x)i < 10�12” (f� is the best value of the objective function found into the
population). The algorithm is considered successful (Success) if the first part of the condition
is satisfied, and it prematurely converges (PC) if only the second part is true. In Tables 2
and 3, for each situation (success or premature convergence) the number of cases (from10
independent trials) and the averaged number of generationsare presented.

Having the aim of verifying if the migration process can avoid premature convergence
we used a low value for the control parameter,
 = 0:5. This value induces a premature
convergence on the adaptive DE, but as numerical results in Tables 2 and 3 shows, the multi-
population approach assures in most cases a repairing effect.

4 Numerical tests on the parallel implementation

In this section we present the results obtained running a multi-population adaptive DE im-
plementation on a PC cluster: 8 PC IV 1500 MHz with 256 Mb RAM interconnected via a
Myrinet switch and optical fiber cables ensuring a transmission of 2 Gb/s. Such a system is
suited for a random communication topology between the processes of a parallel code. The



Parallel implementation of multi-population differential evolution 7

Figure 2: Implementation strategy – the migration process has three stages: (a) internal exchanges of elements
from the same process; (b) send the data of the elements migrating from the current process; (c) receive the
elements replacing the migrants

code is written in C and PVM (Parallel Virtual Machine, http://netlib.org/pvm). We used the
test functions from Table 1.

Similar numerical tests were performed in [7] on a 16 PC cluster system (Intel PII 400
MHz, 128 Mb, FastEthernet, MPICH) for Rastrigin’s function. A genetic algorithm based
on gray-coding, one point crossover and standard mutation is used. The migration is based
on a ring topology with connections established in a random manner each time a migration
takes place. The tests used the following parameters: migration rate equal to0:5, population
size between20 and270, sub-populations number between1 and16, and30 independent
trials. The simulation of the island model is terminated when all islands satisfy the termina-
tion condition (synchronous operations are needed). The number of generations that ensure a
reasonable speedup (12 for 16 processors) is around40.

The model adopted in [11] distributes all the population elements on a toroidal landscape
and the sub-populations are obtained by introducing logical boundaries. The migration strate-
gy is defined by letting a random walk path to cross the boundaries between sub-populations
on the bases of a given probability function (flip rate, the same for all boundaries). The master-
slave model is used in the implementation on a SGI Power Challenge system with 10 R-
1000 processors. The algorithm was applied to the Rastrigin’s function withn = 16. The
minimum value for the objective function is set to10�6, three step length for the random
walk, populations sizes 64-900, 10 trials, toroidal landscape split in 4 equal regions, flip rate
between 0 and 1. Tests show that a clear correlation between the optimal flip rate and the
population size cannot be settled and extreme flip rates (0 and 1) are not recommended. For
10 generations the speedup obtained using 4 processors and 900 individuals is 3.8.

We expect to obtain better speedup results for smaller population sizes due to the faster
and newest computing and communication architecture.

We have adopted the following strategy. The user can decide if the sub-populations will
be treated in one or more processes. One processor of the cluster system can treat one or
more processes. A random communication topology is used in the migration process. An
element is moved with respect to a user-defined probability (pm) in a random position of a
randomly selected sub-population. The selected position being occupied by another element,
the later one will migrate to the former position of the incoming individual. If the destination
sub-population is treated by the same process, it suffices a simple exchange; otherwise the
element will be gathered in a message buffer together with the others willing to migrate from
the current process. This message buffer is send to all otherprocesses which will extract
data corresponding to the incoming elements and send back the data corresponding to the
elements being replaced (Figure 2). The algorithm stops when one of sub-population satisfies
the termination condition (distance to the minimal value less than10�6).



8 Daniela Zaharie, Dana Petcu

We have tested the parallel algorithm, for the test functions from Table 1, with the problem
dimensionsn =30, 100, 250, 500, the population sizesm =50, 100, 300, the sub-populations
numbers =1, 2, 3, 4, 6, 8, the number of processest =1, 2, 3, 4, 6, 8, the number of
processorsp =1, 2, 3, 4, 6, 8, and the probability of migration from one island to another set
to 0.5. The migration process follows after 100 iterations.

In order to measure the speedup of the code due to the parallelimplementation we look
to the mean time spent in 100 iterations of the adaptive DE algorithm and the corresponding
migration stage. LetT (p; t; s) denote this time spent byp processors treatingt processes
dealing withs sub-populations.

Figures 3 (a) and (b) show that the mean time spent by the implementation of the algo-
rithm with several sub-populations and migrations is approximately the same like that of the
algorithm which do not use sub-populations, independent onthe problem dimensionn and the
population sizem: T (1; 1; s) � T (1; 1; 1) (in several cases, the first one is smaller).T (1; 1; s)
with s > 1 differs from T (1; 1; 1) in that it includes the migration (implyingT (1; 1; s) >T (1; 1; 1)), and the access to data is more simple (implyingT (1; 1; s) < T (1; 1; 1)).

Figures 3 (c) and (d) show that a significant time decrease canbe obtained by treating the
sub-populations on different processes, due to the fact that each process deals with smaller
sets of elements:T (1; t; s) � T (1; 1; s) where1 � t � s, at least form � 100 or n � 100.

The computation of the speedup at one stage of the algorithm can be done in three ways:
- algorithmic speedup:S(1)p = T (1; 1; 1)=T (p; p; p);
- concurrent implementation speedup:S(2)p = T (1; 1; p)=T (p; p; p);
- parallel implementation speedup:S(3)p = T (1; p; p)=T (p; p; p).

According the above remarks we expect thatS(3)p � min(S(1)p ; S(2)p ). Figure 3 (e) suggests
also these inequalities in the case ofm = 300 andp = 4 processors. The speedup values are
comparable with those from [11] (in our case we have a smallerpopulation size and a higher
problem dimension). Figure 3 (f) treats the dependence of the S(2)p values on the problem
dimension and population size in the case ofp = 2 processors (no major differences).

The code efficiency is measured using the above defined speed-ups and the number of
processors:Ep = Sp=p. Figure 3 (g) refers toE(2)p in the case of the population sizem = 300
ands = p sub-populations. Note that high efficiency values (E(2)p � 85%) also in the case ofp = 8 processors.

Figure 3 (h) shows that only small differences will be encountered by changing the prob-
lem:E(3)p is computed in the case ofm = 300 andn = 250.

5 Conclusions

We implemented a coarse-grained model of an adaptive differential evolution algorithm on
a PC cluster. The parallelization is based on the multi-population model. In summary, we
obtained the following results: parallel execution on the cluster is able to speedup the DE
significantly, and the global optimum is found with a higher probability even if there exist
many similar sub-optima. Improvements of the convergence have been obtained even by se-
quential implementation due to the ability of the migrationprocess to preserve the population
diversity, thus to avoid premature convergence.

In [17] an adaptive Pareto differential evolution algorithm for multi-objective optimiza-
tion and its parallelization are further proposed.
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Figure 3: Time, speedup and efficiency of the parallel algorithm applied to Rastrigin’s functionf2: (a) time
differences when using or not sub-populations and migrations –n is variable; (b) the same –m is variable; (c)
time differences when using or not different processes to treat the sub-populations –n is variable; (d) the same
–m is variable; (e) different measurements for the speedup in the case ofp = 4; (f) dependence of the speedup
onm andn in the casep = 2; (g) parallel code efficiency in the casem = 300; (h) efficiency variation when
the code is applied to several functions
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