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Abstract. Parallel evolutionary algorithms are often used to allevihe large

computational demands of standard evolutionary algosthdnfortunately, im-

plementations of parallel evolutionary algorithms can beplicated and often
require specific hardware and software settings. This fatiy results in very

problem-specific parallel evolutionary algorithms wittilé scope for reuse. This
paper investigates the JavaSpaces technology to help tocoowe these prob-
lems. This technology is free of charge, simplifies the immatation of paral-

lel/distributed applications, and is independent of handnand software speci-
fications. Several approaches for the implementation ééwift parallel evolu-

tionary algorithms using JavaSpaces are proposed andssfigty tested.

1 Introduction

Itis well known that evolutionary algorithms require la®ounts of computational re-
sources, especially when the problems to be tackled becomelizated and/or when
the evaluation of the candidate solutions is computatlgredpensive [3]. This can
hamper their practicality. For these reasons, many reseeshave proposed paradigms
to execute evolutionary algorithms in parallel. This hagirise to Parallel Evolution-
ary Algorithms (PEAS). Several proposed PEAs are reviewdd,i17]. Unfortunately,
implementations of PEAs can be complicated, and often reayiecific hardware and
software specification. This frequently results in very ldemn-specific applications
with little scope for reuse.

This paper investigates the utility of the JavaSpaces tolgg* for the implemen-
tation of a synchronous master-slave PEA [10] and a coanaieay] PEA. The proposed
frameworks can be used to tackle different problems coeatlyr with evolutionary al-
gorithms. The JavaSpaces technology has many advantagesee of charge, known
to simplify the implementation of parallel/distributedigations and is independent
of hardware and software settings. It can therefore be ushkdrivest the computational
power of a number of different computers within institutsofThe computers can have
different hardware and software specifications. To our Kedge JavaSpaces itself has
not been used to implement PEAs. Atieretaal. [2] has used the Jini technology to
implement PEAs. JavaSpace builds upon Jini, but Jini isdrdoduse.

The scalability of the implemented approaches is evaluateadparticular machine-
learning problem; the induction of classifiers from dataoltionary algorithms have

! JavaSpaces is a trademark of SUN Microsystems, Inc.



been used successfully for this task in the past. In facy, $benetimes produce better
classifiers then deterministic approaches because thé&yrpes global search, and can
cope better with attribute interactions [5, 8]. Unfortuslgt evolutionary approaches
are often too slow to be used for large real-world data sdiss iE due to the fact that
each individual has to be evaluated on a large number of datales to determine its
fitness [1].

The implemented approach induces fuzzy classificatiorsrajestems from data
using a multi-objective evolutionary approach, buildingon the work of Zitzleret
al. [19] and Ishibuchet al.[12] . This type of classifier was chosen due to its potential
high comprehensibility [15]. A general introduction to theblem of fuzzy classifica-
tion rule induction can be found in [13]. Cordénal.[4] provide an introduction to the
construction of fuzzy classification rule systems utilgsgvolutionary algorithms.

This paper is structured as follows. Section 2 provides soetails about the JavaS-
paces technology. The implemented approaches are exglaingection 3 and their
scalability is investigated in section 4. Section 5 corgdire conclusions, and suggests
avenues for future research.

2 JavaSpaces- A Brief Introduction

SUN Microsystems Inc. proposed the JavaSpaces specifiéati®99. It was inspired
by the concept of Linda [9]. Linda’s core idea is that an obgtorage can greatly sim-
plify the implementation of parallel and distributed ajpplions. This is because it can
be accessed by several processes using a small number afiopsr The object stor-
age is referred to as ‘ tuple space’ [9], hence the name Jaea@SpSUN Microsystems
Inc. offers an implementation of the JavaSpaces specditathich utilises technolo-
gies such as Jini, RMI [14, 18] and the programming languag® J11]. Therefore a
JavaSpace can be executed on many different computerptetitue to JAVA's plat-
form independence.

Processes that run within a network of computers, can atbhes3avaSpace in a
concurrent manner. This allows them to communicate anddioate their actions by
writing and reading objects to and from the JavaSpace. @bpre entities that are
defined in terms of data and behaviours. They can represenbens, strings or ar-
rays, and executable programs (evolutionary algorithnividdals). The JavaSpace it-
self handles the concurrent access, and hence frees thapnogr from problems such
as race conditions. Objects can be exchanged using thetiopsrarite, read andtake
Transactions [7] can be used to make the operations seccag&ethere are many po-
tential sources of failure within a network. For examplejeats can get lost on the way
between a writing/reading process and a JavaSpace.

Processes can register their interest for a particular ¢fpdject with the space. If
the specific object is written into the JavaSpace, it notifiesprocesses via a Remo-
teEvent [16]. Therefore, many different applications (etionary algorithms) could
use a JavaSpace at the same time.

In summary, the JavaSpaces technology provides a shamsistpat, and securely
accessible opportunity to exchange objects for processacomputer network. This



allows the simple implementation of parallel and distréaiapplications. For an in-
depth introduction to the JavaSpace technology see for gbegi™, 6].

3 Thelmplemented Approaches

3.1 The Synchronous Master-Slave Parallel Evolutionary Algorithm

Figure 1 depicts the structure of the JavaSpaces basedrsyiotis master-slave PEA
implementation. The synchronous master-slave PEA wagfiogtosed by Grefenstette
in 1981 [10]. The JavaSpaces implementation was inspiratidogompute-server ap-
proach proposed by Freemanal.[7].
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Fig. 1. Structure of the JavaSpaces based synchronous mastePavimplementation.

The master executes the evolutionary algorithm. Durindithess evaluation copies
of individuals are written into the JavaSpace. When the enageates a copy of an
individual, it attaches a unique identifier and a web serddress (URL) to it. Workers
(slave computers) take individuals from the space (oneeatithe) and evaluate them.
If data is required during the evaluation, it is downloadenhf the web server indicated
by the URL attached to each individual. This is only done & #orker has not already
downloaded the necessary data. A worker does not returrviileated individual into
the space but rather a ‘result object’ consisting of theuialdial's objective values and
its unique identifier. The master removes these result tdfeam the space, and uses
the unique identifier to update the objective values of aqadr individual. The master
carries on with other evolutionary processes as soon assitupdated the objective
values of all individuals. This approach has many advarstagiich are listed and
explained now.



o Itis easy to implement and does not change the dynamicgafrttierlying evolu-
tionary process

o It implements automatic load balancing. Workers that espnt more powerful
computers, or those that receive simpler individuals caaluate more of them
as they can access the space concurrently.

0 Workers can be added and removed whilst the evolutionaggss is running.

0 Workers can be executed on many different hardware andadtplatforms be-
cause they are implemented in JAVA, which is a platform iretefent language.

0 Workers do not steal any computational resources as lonmgasdividuals are
written into the space. They could therefore run/sleep bthalcomputers of an in-
stitution at all times. A policy could be established thaltitiduals are only written
into the space outside normal working times. In this manhén@computer power
of an institution could be harvested with virtually no castice the computers are
often not switched off and JavaSpaces is free of charge.

0 The programming language JAVA also offers what is known wsathic class
downloading [18], which enables workers to evaluate irtinals originating from
different EAs that are tackling different problems. As loag the object (a par-
ticular individual) implements a specific interface (e.ga8elndividualinterface),
a slave computer is capable of downloading the necessasy filas from a web
server in order to evaluate (execute) this individual. The&ans that such a parallel
evolutionary algorithm can be reused (without shut-downgauld even be used
by several users, running different evolutionary algarithat the same time.

However, the presented approach has one disadvantageslhdofully exploit the
power of the utilised computers. This is due to the idle timfthe master and the work-
ers. The master has to wait until all the workers have retlithe evaluated individuals
and the workers are idle until the master initiates the fénesluation again. Asyn-
chronous master-slave and coarse-grained PEAs can beaisgdrtome these prob-
lems. The implemented of these PEAs using the JavaSpademtegy is explained in
the next sections.

3.2 TheAsynchronous Master-Slave Parallel Evolutionary Algorithm

The asynchronous master-slave PEA has the same structilne sschronous master-
slave PEA and was also put forward by Grefenstette in 198]L [hCorder to tackle
the afore-mentioned ‘idle time problem’ of the synchronowsster-slave PEA, a non-
generational EA is executed on the master. Individuals aitter into the space as
soon as they require evaluation (e.g. after mutation). &foee workers are constantly
supplied with individuals and the master can proceed witleogvolutionary processes
as soon as a sufficient number of individuals have been takem the spacé. This
results in lower idle-times for both workers and the master.

2 The sufficient number of individuals depends upon the nurobiedividuals that are necessary
for the selection process. In this case binary tournameatdeployed which only requires two
individuals.



3.3 TheCoarse-Grained Parallel Evolutionary Algorithm

The coarse-grained PEA has the same structure as the syocisranaster slave ap-
proach. However each worker runs an evolutionary algoritistead of just evaluating
individuals. The workers have to be started first. When a wohlas started, it writes an
object containing its IP-address into the space. After allkers have started, the mas-
ter is started. It removes all objects from the space. Theendizen writes an object
containing all the accumulated IP-addresses back in theesjizch worker reads this
object from the space. This makes the workers aware of eden. ot

The master now initialises a population of individuals andteg them into the
space. Each of these individuals contains an IP-addres# aedessary, the web server
address of the data. An IP-address is chosen with a unifoolvetility from the previ-
ously accumulated IP-addresses. A worker reads thoseiddils from the space that
contain its IP-address.

Each individual also contains a counter. Each time an idd&i passes through the
evolutionary algorithm this counter is increased. If casreaches a maximum value
(number of generations), an indicator is added to the iddizi and it is written in the
space. This indicator makes it impossible for a worker t@tsitch an individual from
the space again. The master can only take an individual fnr@space if it contains this
indicator. This enables the master to accumulate the finalijation.

If an individual’'s counter has not yet reached its maximuu@aa process within
the worker decides whether or not a particular individuaest (migrated) to another
worker or whether it remains with the worker. An individuahlg migrates with a
specific probability (migration probability). To migrate andividual the original 1P-
address is removed from it. After this, another worker'salddress is attached to it be-
fore it is written into the space. This IP-Address is samplétth a uniform probability
from the other workers IP-addresses.

An interesting property of this implementation of a coarsaimged PEA approach
is that its behaviour only depends on two parameters: theatig probability and
the number of workers. The approach is also topologicaliependent because all
workers are virtually interconnected via the spdc@his makes this implementation
much easier when compared to other approaches. The mignatidability controls
the communication costs. If a low migration probability Isoosen, the approach can
be expected to be faster than the synchronous master-gpveaeh.

3 Different topologies can be implemented by only supplyirghte EA with particular IP-
addresses.



4 Methodology And Results

To investigate the scalability of the synchronous madeeresPEA (parallel implemen-
tation), it is first compared against a serial implementgtighich performs the fithess
evaluation locally. After this, several parallel impleni&tions are compared, which
utilise different numbers of workers.

The master and the serial implementation were executed @weith the operating
system Windows 2000, a single Intel Pentium 4 2.6 GHz prareaad 1GB memory.
The workers were executed on PCs with the operating systemda¥is 2000, a single
Intel Celeron 2 GHz processor, and 256MB memory. The JawsSgred the web server
ran on one PC running the operating system Linux (RedHat 915 machine had
a single AMD Athlon 1.3GHz processor and 512MB memory. ThedbJavaSpaces
version that comes with Jini 2.0 was uéedll machines were connected via a 100
Mbit switched network.

For the first experiments several synthetic data sets weegexn, each containing
between 1000 to 10000 samples. A population of one hunddaddiuals was evaluated
ten times on each data set. The average evaluation time andastl deviations were
computed. Figure 2 depicts the results of the first expertmen
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Fig. 2. Comparison between the serial implementation (dotted &ind the JavaSpace implemen-
tation (solid line) utilising five slave computers.

It can clearly be seen that the parallel implementation edigpms the serial im-
plementation for data containing more than 1000 sampleta Bets of this size are

4 It can be downloaded free of charge from http://wwws.sum/software/communitysource/jini/download.html



not uncommon nowadays. Figure 3 compares several synalsanaster-slave PEAs,
which utilise different numbers of workers.
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Fig. 3. Comparisons between several parallel implementatioisii different numbers of work-
ers (4 workers - solid line, eight workers - dashed line,esixt workers - dotted line).

A data set can contain between 10000 to 200000 samples. dtezty be seen that
the utilisation of more workers results in a faster evaluatime for these data sets.
Figure 4 depicts the achieved ratios of the decrease in atiafutime. The ‘four work-
ers’ parallelimplementation is compared with the ‘eightkers’ and ‘sixteen workers’
parallel implementation, whereas the ‘eight workers’ fiatamplementation is com-
pared with the ‘sixteen workers’ implementation. Ratiogha# decrease in evaluation
time of two, four, and two are expected.

Figure 4 shows that the deployment of eight workers resaltsdecrease in evalu-
ation time by a factor of two. One would expect the same whehténstead of sixteen
workers are deployed. Unfortunately, this is not the ca$e fEason for this might be
extra communication costs due to the existence of a largerben of workers. This
is also emphasised by the fact that the deployment of sixewrkers instead of four
workers only results in a speedup of about three and a half.

Three experiments were performed to compare the three PE#seach experi-
ment a PEA was run one hundred times. For each run a data setirdiag N rows
was produced. The value for N was determined randomly thraugform sampling
from the interval[6000 . . . 200000]. An EA run terminated after the selection process
generated 1000 individuals. This termination criterioaldled a comparison of gener-
ational and non-generational approaches. This termimatiderion also works for the
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Fig. 4. Ratios of the decrease in evaluation time (8 vs 16 workerdteddine, 4 vs 8 workers -
solid line, 4 vs 16 workers - dashed line).

coarse-grained PEA, although it has several selectionegs®s. As each individual is
equipped with a counter, it enables one to measure how maliidnals all selection
processes have produced globally.

The individuals had a fixed size to keep the communicatiotsooenstant. A mi-
gration probability of 0.1 was used for the coarse-grainE&PThis means that (on
average) every tenth individual is migrated to another EA.

The three experiments utilised the following hardware aoftwsare settings. All
workers (EAs in the case of the coarse-grained PEA) wereutadmn PCs with the
operating system Linux, a single AMD Athlon 1.3 GHz procesaud 512 MB mem-
ory. The master implementations were executed on a PC witloferation system
Windows 2000, and a single AMD Athlon 850 MHz processor an@ BB memory.
The JavaSpace was executed on a machine with the same giiifias that of the
workers. The JavaSpace implementation that comes witll Anvas used. The utilised
web server was a HP RP 2400 machine, with one PA 8500 RISC 449 plbtes-
sor, 630 MB memory, and Apache 1.3.6 and the HP-UX 11.00 dipgraystem. All
computers were connected via a 100 Mbit switched networls itnportant to note
that other users have used the machines, except the masilerftre experiments were
performed. Therefore the results show that the approactbeamsed in a multi-user
environment.

As stated above, an experiment consisted of one hundreslgfaimdependent val-
ues (number of cases) and dependent values (executionrtiseconds). In order to



compare experiments visually the statistical package®S#& used. For each exper-
iment a regression line was fitted through the data. A niméty percent confidence
interval was computed for the mean predicted values for exgeriment. Figure 5
shows the results when twenty workers are deployed.
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Fig. 5. Comparsion between different PEAs (Group 1: 20-worker byoicous master-slave PEA,
Group 2: 20-worker asynchronous master-slave PEA, Gro2p-3vorker coarse-grained PEA).

It can clearly be seen that the coarse-grained PEA outpesgfdhe synchronous
master-slave PEA for more than three thousand rows. Theeagained PEA outper-
forms the asynchronous master-slave PEA for more than ondrld thousand rows.
However, the spread of data points also indicates that teeution time of the coarse-
grained PEA can vary.

5 Conclusions And Future Work

This paper has shown that the JavaSpaces technology caedbéouisprove the per-
formance of evolutionary algorithms in a simple and affdriéamanner. Several ap-
proaches for the implementation of different parallel exi@nary algorithms were pro-
posed and successfully tested using this technology. Italss shown that the PEA

5 SAS s a trademark of SAS Institute Inc.



implementations perform well in multi-user heterogenecusputer networks. As ex-
pected, the coarse-grained PEA outperformed the synchexsed asynchronous mas-
ter slave PEAs. This is most probably due to its low commuiaoaosts. Although the
coarse-grained PEA is capable of evolving the same amountididuals in a shorter
period of time, in comparison to the other PEAS, it remains@n question whether or
not these individuals perform as well as the individualg thare evolved by the other
PEAs. Further studies are required to investigate thisissu
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