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Abstract delivering better solutions in a shorter period of time.
This paper presents an architecture which is suitable Several researchers have investigated the topic of par-
for a massive parallelization of the compact genetic al-allel GAs and the major design issues are in choices such
gorithm. The resulting scheme has three major advan2s using one or more populations, and in the case of us-
tages. First, it has low synchronization costs. Second, itng multiple populations, decide when, with whom, and
is fault tolerant, and third, it is scalable. how often do individuals communicate with other indi-
The paper argues that the benefits that can be obviduals of other populations. _ _ _
tained with the proposed approach is potentially higher ~Although implementing parallel genetic algorithms is
than those obtained with traditional parallel genetic al- relatively simple, the answers to the questions raised

gorithms. above are not straightforward and traditionally have only
been answered by means of empirical experimentation.
1 Introduction One exception to that has been the work of QaPaz

One of the efficiency enhancement techniques that haL'l] who has built theoretical models that lead to rational
been investigated in the field of evolutionary computa- decisions for setting the different parameters involved in

tion, both in theory and in practice, is the topic of par- Parallelizing GAs. There are two major ways of imple-
allelization [1]. With a traditional parallel genetic algo- Menting parallel GAs: (1) using a single population, and

rithm (GA) implementation, population members need (2) Using multiple populations.

to be sent over a computer network, and that imposes a_ " Single population parallel GAs, also called Master-
limit on how fast they can be. This paper addresses the>/aVe parallel GAs, one computer (the master) executes
parallelization of the compact genetic algorithm (CGA) the GA operations and distributes individuals to be evgl—
[2], and take advantage of its compact representation opated by other computers (the slaves). After evaluating

the population do develop a scheme which significantlythe individuals, the slaveg re_t_urn the reSl_JIts b_ack to the
reduces the communication overhead. master. There can be significant benefits with such a

The paper is organized as follows. The next sectionSCheme because the slaves can work in parallel, i.nde-
presents background material on parallel GAs and Secpendently of one another. Qn .the other hand, there is an
tion 3 reviews the cGA. Section 4 shows the motivation €Xtra overhead in communication costs that must be paid

for parallelizing the cGA and presents an architectureln order to communicate individuals and fitness values
that allows its massive parallelization. In section 5 com-

back and forth.
puter experiments are conducted and its results are dis- " multiple population parallel GAs, what would be a

cussed. Finally, a number of extensions are outlined, and'h0!€ pPopulation in a regular non-parallel GA, becomes
we finish with a brief summary and the main conclusions S€Veral smaller populations (usually called demes), each
of this work. of which is located in a different computer. Each com-
puter executes a regular GA and occasionally, individu-
2 Parallel GAs als may be exchanged with individuals from other pop-
ulations. Multiple population parallel GAs are much
with in problem solving is the following: Given a fixed harder to design beca}qse there are more degrees of free-
computational time, what is the best way to allocate dom to faxplore. Spemﬂcally, four main things need to be
computer resources in order to have as good a solutior%:hosen' (1) the size of each population, (2) the topology

as possible. Under such a challenge, the idea of paral9f the connection between the populations, (3) the num-

L ; : ber of individuals that are exchanged, and (4) how often
lelization stands out naturally as a way of improving the

i : . do the individuals exchange.
efficiency of the problem solving task. By using mul- . .
; . ; . Canti-Paz investigated both approaches and con-
tiple computers in parallel, there is an opportunity for

An important efficiency question that people are faced



cluded that for the case of the Master-Slave architecturecGA. Then, the different probability vectors would have
the benefits of parallelization occur mainly on problems to be consolidated (or mixed) once in a while.

with long function evaluation times because it needs con- We have developed an asynchronous parallelization
stant communication. Multiple population parallel GAs scheme which consists of a manager processor, and an
have less communication costs but do not avoid com-arbitrary number of worker processors (see Figure 1).
pletely the communication scalability problem. In other Initially, the manager starts with a probability vector
words, in either approach, communication costs imposewith 0.5 in all positions, just like in a regular cGA. After

a limit on how fast parallel GAs can be. that, it sends the vector to all workers who are willing to
The next section gives an overview of the cGA, and contribute with CPU time.
after that, its parallelization is discussed. Each worker processor runs a cGA on its own based
on a local copy of the probability vector. Workers do
3 The Compact Genetic Algorithm their job independently and only interrupt the manager

Harik et al. [2] noticed that it was possible to mimic Once in a while, after a predefined numbenwfitness
the behavior of a simple GA without storing the popula- function evaluations have elapsed.
tion explicitly. Such observation came from the fact that ~Puring the interruption period, a worker sends the ac-
during the course of a regular GA run, alleles competeCUmulated results of the last function evaluations as a
with each other at every gene position. At the beginning, VEctor ‘_3,f probability fluxes with respect to the original
scanning the population column-wise, we should expectProbability vector. Subsequently, the manager adds the
to observe that roughly 50% of the alleles have value oprobability fluxes (values are truncated so that they never
and 50% of the alleles have value 1. As the search pro€xceed 1.0 and never go below 0.0) to its own probabil-
gresses, for each column, either the zeros take over théY vector, and resends the resulting vector back to the
ones, or vice-versa. Harik et al. built an algorithm that Worker. Notice that the manager's probability vector not
explicitly simulates the random walk that takes place on©nly incorporates the results of the function evalua-
the allele frequency makeup for every gene position. Thetlons performed by that particular worker, but it also in-
resulting algorithm, the cGA, was shown to be opera- corporates the results of .the ev.aluations. conducted by
tionally equivalent to a simple GA that does not assumethe other workers. That is, while a particular worker
any linkage between genes. is working, othgr workers might be u.pdatlng th'e man-

Under the cGA, the population is represented by a@ders probability .vecto'r. Thu;, at a given point in tlm.e,
probability vector. The elements of the vector are the rel-Workers are working with a slightly outdated probabil-
ative frequency counts of the number of 1's for the differ- Ity vector. Although this might seem a disadvantage at
ent gene positions. The cGA manipulates the populatiorfi'St sight, the error that is committed by working with
in an indirect way through an update step in each allele? Slightly outdated probability vector is likely to be neg-
frequency of the probability vector. Notice that each al- ligible for the overall search becapse an |t§rat|on of the
lele frequency value is a member of a finite sefof- 1~ CGA represents only a small step in the action of the GA
possible values, and can be stored with, (N + 1) (this is espeC|aI_Iy true f_or large population S|ze_s).
bits. (N denotes the population size of a regular GA). One could think of different ways of p_argllehzmg the
Instead, a regular GA would requifé bits to represent cGA bgt the scheme that we are proposing is particularly
each bit position. Further details about the algorithm can@ttractive because once the manager starts, there can be

be found in the original source [2]. an arbitrary number of workers, each of which can start
and finish at any given point in time making the whole
4 Massive parallelization of the compact GA system fault tolerant. When a worker starts, it receives a

copy of the manager’s probability vector, which already

The main motivation for parallelizing the cGA comes .
: o : contains the accumulated results of the other cGA work-
from the observation that the probability vector is a com- . .
ers. On the other hand, when a worker quits, we simply

pact representation of the population, and it is possible

. o loose a maximum ofn function evaluations, which is
to communicate the vector rather than individuals them- :
not a big problem.

selves. Communication costs can be reduced this wa o
Y The proposed parallelization scheme has several ad-

because the probability vector needs significant less stor- . ; o .
: . . .—_vantages: (1) it has low synchronization costs, (2) it is
age than the whole population. This observation has flrStfauIt tolerant, and (3) it is scalable

been made by Harik [3] when the CGA was developed. All the communication that takes place consists of

Since communication costs can be drastically re- . R
. . short transactions. Workers do their job independently
duced, it makes sense to clone the probability vector to . ; )
.~ —and only interrupt the manager once in a while. Dur-
several computers, and each computer can work inde:

. . ing the interruption period, the manager communicates
pendently on solving a problem by running a separate
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Fig. 1. Manager-worker architecture.
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with a single worker, and the other workers can continue number of processors
working non-stop.

The architecture is fault tolerant because workers can Fig. 2. Function evaluations per processor.

go up or down at any given point in time. This makes
it suitable for massive parallelization using the Internet.
It is scalable because potentially there is no limit on the 6

number of workers. 10 -_—m=8
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5 Computer simulations g . o mjggggo

This section presents computer simulations that were glo .

done to validate the proposed approach. In order to sim- & 1¢°
plify both the implementation and the interpretation of § ®.
the results, we decided to do a serial implementation of 510" ®".
the parallel cGA architecture. The serial implementation 8 e e, R
simulates that there are a numberbivorker processors Rl A O 0y, T TTeel
and 1 manager processor. TRavorker processors start § ) L '_’,'_’“’"’ rrrr 0.0
running at the same time and they all execute at the same "\,\
speed. In addition, it is assumed that the communication 10 =
cost associated with a manager-worker transaction takes Lo B imber o prosessn 20 or2 1024

a constant time which is proportional to the probability

vector’s size. Such a scheme can be implemented by Fig. 3. Communication steps per processor.

having a collection of? regular compact GAs, each one

with its own probability vector, and iterating through all

of them, doing a small step of the cGA main loop, one

at a time. After a particular cGA worker completes  though the cGA is a poor algorithm in solving the prob-

fithess function evaluations, the worker-manager com-lem, we wanted to use a function that requires a large

munication is simulated as described in section 4. population size because those are the situations where
We present experiments on a bounded deceptive functhe benefits from parallelization are more pronounced.

tion consisting of the concatenation of 10 copies of a Having fixed both the population size and the selec-

3-bit trap function with deceptive-to-optimal ratio @f7 tion rate, we decided to systematically vary the num-

[4]. This same function has been used in the originalber of worker processorB, as well as then parameter

cGA work. We simulate a selection rate ©f= 8 and  which has an effect on the rate of communication that

did tests with a population size ¢f = 100000 indi- occurs between the manager and a worker. We did ex-

viduals (each worker processor runs a cGA that simu-periments forP in {1, 2, 4, 8, 16, 32, 64, 128, 256, 512,

lates a 100000 population size). We chose this popula1024}, and for a particulaP, we varied the parametet

tion size because we wanted to use a size large enougim {8, 80, 800, 8000, 80040 This totalled 55 different

to solve all the building blocks correctly. We use= 8 configurations, each of which was run 30 independent

following the recommendation given by Harik et al. in times.

the original cGA paper for this type of problem. Finally, = Them parameter is important because it is the one that

we chose this problem as a test function because, eveaffects communication costs. Smaliervalues imply an



increase in communication costs. On the other hand, foprobabilistic model building genetic algorithms (PMB-

very largem values, performance degrades because th&As) [5] which are able to learn a more complex struc-

cGA workers start sampling individuals from outdated ture dynamically as the search progresses. One could

probability vectors. think of using some of the ideas presented here for par-
Figures 2 and 3 show the results. In terms of fitnessallelizing these more complex PMBGAs.

function evaluations per processor, we observe a linear Finally, it would be interesting to have a parallel

speedup for lown values. For instance, fon = 8 we cGA implementation based on the Internet infrastruc-

observe a straight line on the log-log plot. Using the ture, where computers around the world could contribute

data directly, we calculated the slope of the line and ob-with some processing power when they are idle. Similar

tained an approximate value of -0.3. In order to take intoschemes have been done with other projects, one of the

account the different logarithm bases, we need to mul-most well known is the SETI@home project [6].

tiply it by log, 10 (y-axis islog;, X-axis islog,) yield-

ing a slope of approximately -1. This means that the7 Summary and conclusions

number of function evaluations per processor decreases This paper reviewed the compact GA and presented an

linearly with a growing number of processors. That is, architecture that allows its massive parallelization. The

whenever we double the number of processors, the avemotivation for doing so has been discussed and a serial

age number of fitness function evaluations per processoimplementation of the parallel architecture was simu-

gets cut by a half. Likewise, in terms of communication lated. Computer experiments were done under idealized

costs, as we raise the parameterthe average number conditions and we have verified an almost linear speedup

of communication steps between manager and workewwith a growing number of processors.

decreases in the same proportion as expected. For in- The paper presented a novel way of parallelizing GAs.

stance, forn = 80, communication costs are reduced 10 This was possible due to the different operational mech-

times when compared witlh = 8. Notice that thereisa anisms of the cGA when compared with a more tradi-

degradation in terms of speedup for the largevalues.  tional GA. By taking advantage of the compact repre-

For instance, forn = 8000 andm = 80000 (which is  sentation of the population, it becomes possible do dis-

about the same order of the population size), the speedugribute its representation to different computers without

obtained goes away from the idealized case. This carthe associated cost of sending it individual by individual.

be explained by the fact that in this case (and especially

with a large number of processors), the average numbeAcknowledgements
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