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Abstract

The design of distributed databases requires a configuration of the dathauch
gueriesare satisfied by accessinga minimum number of locations and the
systemloadis equitablydistributedamongall locations.This problemis called
the File Design Problem. This problem is NP Hard and requires the
optimization over conflicting objectives.A geneticalgorithm basedon multi-
niche crowding combines heuristics with parallel processingto provide a
suitableapproacho solvethis problem.Performancef the algorithmis tested
using multiple datasetson different systemplatforms. The new methodholds
promise in providing suitable solutions for this problem.
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1. Introduction

Considera distributeddatabaseystemwith multiple nodes,asshownin Figure
1, that contains all the dater a company-widedatabaseomprisingmillions of
records.In orderto usethe resourcesequitablyand efficiently, the datain the
databasenust be organizedso that queriesfor databaseecordsare balanced
amongall nodes.That is, all nodesmust handle aboutthe samenumber of
guerieson average.Additionally, the information in the databasemust be
organizedso that a query canbe satisfiedby accessingnly a small numberof
nodes.Minimizing the numberof nodesaccessen a single query reduces
greatly the communicationoverheadon the network. This requirementasserts
that recordswith the sameattributesshouldbe placedtogether,if possible,at
onelocation. Thesetwo criteria mustbe balancedo obtainan optimal database
configuration. This problem is known as the File Design Problem (FDP).

The File Design Problemis known to be NP-hard. The goal is to find an
assignmenbf databaseecordsto files that minimizesthe averagenumberof
files examinedover all single attribute queries. Techniquesusing Artificial
NeuralNetworks(Liang et. al., 1991) havebeenappliedto this problemin the
past.In this work we describea solution to the File Design Problemusing a
Genetic Algorithm (GA, Holland, 1975). In particular we describe the
application of the Multi-Niche Crowding Genetic Algorithm (MNC GA;
Cedefio0,1995)to this problem.Our implementatiorof the MNC GA is written
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Figure 1: Example of a distributed database system

in SISAL (Streamsand Iterationsin a Single Assignment_anguageMcGraw,

1985), a functional languagethat takes advantageof parallel architectures.
Using the portability and architectureindependenceinherentin SISAL a

parallelmodelof the MNC GA is definedthat providesincreasedperformance
without losing the convergence properties of the algorithm.

Additionally we introducethe use of heuristicsin the crossoverand mutation
operatorsusedduring the mating step. Theseoperatorgroveto be essentiain

finding optimalsolutionsto the FDP. The useof heuristicsandthe ability of the
MNC GA to searchfor multiple conflicting databaseonfigurationgprovidesus
a promising hybrid approachfor solving complex combinatorial problems.
Resultswith various test casesare shown. Performanceof the algorithm is

shown for different computer platforms.

This paperis organizedasfollows. Section2 presentsan overviewof the MNC

GA model usedto solve this problem. Section 3 describesthe File Design
Problemin detailandpresentexamplesSection4 describeshe heuristichased
genetic operators used for this problem. Sedidefines the experimentaétup
used to test the performance of the MNC GA. Sedidascribesheresultsand
the performanceof the approach Finally, Section7 containssomecomments
and discussion about the applicability of the method.

2. The Multi-Niche Crowding GA

DNA, the building block of everyliving creatureprovidesorganismsa way to
evolve and adaptto changingenvironmentsOnly organismswell adaptedto
their environmentcan survive from one generatiorto the next, transferringon
the traits, that made them successful,to their offspring. Competition for
resourcesandthe everchangingenvironmentdrives somespeciego extinction
and at the same time others evolve to maintain the delicate balance in nature.

The ability of organismso evolveand adaptto their environmentoy meansof
naturalselectionhasprovidedmothernaturewith a diversesetof speciesThis
foundation,which is part of modernevolutionarythinking, waslaid by Charles



Darwin afterthe publicationof his work “On the Origin of Speciedy Meansof

Natural Selection”. Only organismswell adaptedto their environmentcan
survive from one generationto the next, transferringon the traits that made
them successfub their offspring. Competitionfor resourcedetweerorganisms
andthe everchangingenvironmentdrivessomespeciedo extinctionandat the

sametime othersevolveto maintainthe delicatebalancen nature.lt is through
this interactiorbetweematureandorganismsthat speciecontainingfavorable
traits for a given environmentemerge.In this work we apply the same
principles presentin nature to create a genetic algorithm that evolves a

population of mathematical solutions containdifferentcategorie®f solutions
adapted to niches in a multimodal environment.

In this Sectionwe describethe MNC GA, a computationalmetaphorto the
survival of species in ecological niches in the face of competition. The GINC
maintainsstablesubpopulation®f solutionsin multiple nichesin multimodal
landscapesThe algorithm introducesthe conceptof crowding selection to
promote mating among memberswith similar traits while allowing many
membersof the populationto participatein mating. The algorithm usesworst
among most similar replacement(WAMS) policy to promote competition
among members witkimilar traitswhile allowing competitionamongmembers
of different niches as well.

The benefitsof an approactthat canlocatemultiple optimaand maintainthem
throughout thesearcharemany.Consider for example a dynamicenvironment
where the optima are constantlychanging,a techniquethat can locate and
maintainmultiple optimacaninform the userwhenthe currentconfigurationis
no longer the best based on geametersn the environmentMore detailscan
be foundin Cedefig(1995),Cobb& Grefenstett¢1993),Dasgupta& McGregor
(1992), Goldberg& Smith (1987), and Ng & Wong (1995). In other cases
abnormalsituationsmay causechangesin the current configuration; having
viable alternativesat handcanallow for a more smoothertransitionto the new
configuration.An approachthat can use a set of solutionsto locate multiple
optimais more practicalfor thesetypesof environments Additionally, there
exist many problems where the location of the Kesptima areneededn order
to compare different answersand point out further experimentation.The
benefits of the MNC GA have been already shown in applications to problems in
DNA mapping(Cedefio,Vemuri, and Slezak,1995) and aquifer management
(Cedefio and Vemuri, 1996)

Figure2 showsan overviewof the MNC GA. Initially, all theindividualsin the
population(size n) are createdat randomand evaluatedin parallel. Oncethe
initial populationis createdthe operationsof selection,mating and mutation,
and replacementare applied for a given number of generations.In each
generationall individualsin the populationare selectedfor mating and their
matesare chosenin parallel using crowding selection.Thenin parallel,all n

pairs participatein mating producing2n offspring. The 2n offspring undergo
mutation and those different than their parentare allowed to participatein

replacement.The offspring left are then inserted,one at a time, into the



population using WAMSeplacementThesestepsarerepeatedor the specified
number of generations.

Generate initial population of size n at random.
Evaluate initial population.
For gen = 1 to MAX_GENERATIONS

Use crowding selection to find mate for all individuals

Mate and mutate all pairs

Insert offspring in population using WAMS replacement

Figure 2: Overview of parallel application of the Multi-Niche Crowding GA.

In the MNC GA both the selectionand replacemenstepsare modified with
sometype of crowding (De Jong,1975). The ideais to eliminatethe selection
pressurecausedby fithess proportionatereproduction (FPR) and allow the
population to maintain diversity throughout the search. This objective is
achieved impartby encouragingnatingandreplacementwithin membersof the
samenichewhile allowing somecompetitionfor the populationslotsamongthe
niches. The result is an algorithm that (a) maintains stable subpopulations
within different niches,(b) maintainsdiversity throughoutthe search,and (c)
convergedo differentlocal optima.No prior knowledgeof the searchspaceis
neededand no restrictionsare imposedduring selectionand replacementhus
allowing explorationof otherareasof the searchspacewhile convergingto the
best solutions in the different niches.

2.1 Crowding Selection

In MNC, the FPR selectionis replacedby what we call crowding selection. In
the parallelapplicationof crowdingselectionusedin this work eachindividual
in the populationgetsa chancefor matingin everygeneration Application of
this selectionrule is done in two steps.First, eachindividual I; from the
populationis selectedasa parentfor mating.Secondjts matel; is selectednot
from the entire population,but from a groupof individualsof size C; (crowding
selectiongroupssize), picked uniformly at random(with replacementfrom the
population.The matel; thuschosenmustbe the onewho is the most*“similar”
to I;. The similarity metric usedhere is not a genotypic metric such as the
Hamming distance, but a suitably defined phenotypic distance metric.

Crowdingselectionpromotesmatingamongmembershaving similar traits and
allows all the membersof the populationto participatein mating. This allows
membersof the sameniche to participatein mating more often and preserve
thosetraits that definetheir speciesAt the sametime mating betweerdifferent
speciesmay occur giving rise to new species.Unlike mating restriction (Deb
and Goldberg,1989)that only allows individualsfrom the samenicheto mate,
crowding selectionallows someamountof explorationto occur while at the
same time looking for the best individual in each niche.



2.2 Worst Among Most Similar Replacement

During the replacementstep, MNC usesa replacementpolicy called worst
among most similafWAMS). The goal of this step is to pick ardividual from
the populationfor replacemenby an offspring. Implementationof this policy
follows thesesteps.First, C; “crowding factor groups” are createdby picking
uniformly at randon{with replacement} (crowdinggroupsize)individualsper
groupfrom the population.Secondpneindividual from eachgroupthatis most
similar to the offspring is identified. This gives C; individuals that are
candidatedor replacemenby virtue of their similarity to the offspring. The
offspringwill replaceoneof them.Fromthis group of mostsimilar candidates,
we pick the onewith the lowestfitnessto die and be replacedby the offspring.
Figure 3 shows a pictorial view of this replacement policy.

Population Group 1 with Offspring
sindividuals
Individuat 1~
_ —_— ] l
" Randomly form * Most similar . Replaces
. crowding factor  * to offspring . —l
. (Cr) groups . . L owest fitted
individual
_ —_— ]
Individual C
Group C; with
sindividuals

Figure 3: Worst among most similar (WAMS) replacement policy

After the offspring becomegart of the populationit competedor survival with
other individuals when the next offspring is insertedin the population. In
WAMS replacemenbffspring arelikely to replacelow fitnessindividualsfrom
the same niche. It can also happleatit replacesa high fithessindividual from
the samenicheor anindividual from anothemiche.This allows a morediverse
population to exist throughoutthe search.At the sametime it promotes
competition between members of the same niche and between members
belongingto differentniches.A similar techniquewasusedby Goldberg(1989)
in classifiersystemsbut he replacedthe mostsimilar individual out of a group
of low fitness candidates.

Worstamongmostsimilar replacemenpromotescompetitionamongmembers
with similar traits belongingto the sameniche while allowing competition
among membersof different niches as well. This replacementtechnique
accomplishesgwo things. First, by promoting competitionamongmembersof
the samespeciesn a nicheit appliesthe survival of the fittest rule that is so
prevalentin nature.Only thosethatarefit to their environmentcan survivefor
many generationsthus allowing the speciesto evolve to their best potential
within their niche. Secondhy allowing competitionbetweerdifferentspeciesas



well, those species that are a better fit for their environment temzttppymore
slots in the overall population.

Both the selectionandreplacemenstepsin the MNC are primarily basedon a
similarity metric. Fitnessis also consideredduring replacementto promote
competitionamongmembersof the sameniche. Competitionamongmembers
of different niches occurs as well.

3. The File Design Problem

The File DesigrProblemis an NP-hardproblem;thatis, the numberof possible
solutionsincreasegxponentiallyasthe problemsizeincreasedinearly. It arises
in the context of database design for a distributed system.

The problem is defined as follows. Given a set of N records,and eachis
characterized by a single attribitehat take different values { @ &, ..., a}.
There are precords corresponding to attributeize., n + p + ... + R =N. The
assumptioris madethat queriesfor recordsof any given attribute are equally
likely. The querydistributionis usedonly during the calculationof the fitness
function, as we will show in Section 4.4. Other, more practical, distributians
be applied easily by modifying the fithess function accordingly, without
affectingthe behaviorof the MNC GA. We alsohaveK files of sizeb suchthat
K * b = N. Different file sizescan also be accomodatedo representealistic
configurations. The approach presented here is not limited by the simplifications
made to the problem. The constak{d, n, N, andh are all positive integers.

The problemis to find an assignmenbf the N recordsto the K files suchthat
the averagenumber of files (ANF) accessedver all possiblesingle-attribute
queriesis minimized.In otherwords, an assignmenbf the recordsto the files

must be found such that (on average)queriesfor the recordswith the same
attribute can be satisfied by reading from as few files as possible.

Table 1: Possible configurations for 12 records in 2 files of size 6. The attributes values
are {B, C, F, V} and have {2, 7, 1, 2} records respectively.

File 1 File 2 fex(B) fex(C) fex(F) fex(V) ANF
cccccc CBBVVF 1 2 1 1 1.25
cccBvyvy CCCCBF 2 2 1 1 1.50
cccceByv CCCBVF 2 2 1 2 1.75
CCCBBF ccccvy 1 2 1 1 1.25

For example,considera databasevith N = 12 employeerecordscharacterized
by their last name(herethe last namerefersto attributeA). Moreover,assume
that all records have a last name in theAset{Blattner, CedefioFeo,Vemuri}

with n = {2, 7, 1, 2} recordsrespectivelyHerewe havea total of h = 4 possible
last names (attribute values). These recordswill be placed in a database
consisting oK = 2 files of sizeb = 6. The problemnow is to savethe employee



records in the database such that queries for records with a given last name
(attribute value) access the minimum number of files (on average). Using the
first letter of each last name the first two columns in Table 1 shows some
sample configurations for this example.

The ANF for a configuration is given by the formula

h

& fex(a) /h,

21
where the function called f ex(aj) returns the number of files that must be
accessed to retrieve all the records with attribute aj. From Table 1, the second

configuration has a value of 2 for f ex(B) since both files contain a record with
attribute value B. The first and last configurations in the table are examples of
optimal solutions for this problem. Even though the ANF values are the same, in
some contexts the last solution is better because it has a more balanced
configuration. If requests for the attributes are distributed uniformly, file 1 and
file 2 will be accessed 25% and 100% of the time respectively in the first
solution, where as the last solution will be accessed 50% and 75% of the time
respectively. This idea is incorporated when evaluating solutions generated by
the MNC GA.

GAs have been successfully applied to a variety of optimization problems, such
as the Traveling Salesman Problem (Whitley et. al., 1989), Scheduling
(Syswerda and Palmucci, 1991; Michalewicz, 1992), and the Bin Packing
Problem (Falkenauer and Delchambre, 1992). In some cases better results were
obtained when the mating operator was designed to capture the essential
information in the problem. With this in mind, the mating operator for the File
Design Problem was designed using the “first fit” and “best fit” heuristics (to be
described later). Such heuristics, group records with the same attribute together.
The multimodal search space in the problem is explored in many directions by
using selection and replacement operators in the MNC GA that encourages
mating and replacement between solutions from the same extrema.

In this work we apply a parallel version of the generational MNC GA. The
intent is two fold. First, we want to show that the generational version of the
MNC GA exhibits the same properties as its steady state counterpart. Second,
we want to show the advantages of the parallel version of the generational MNC
GA, namely, the straight forward implementation on parallel architectures.
SISAL was selected as the language for the parallel implementation because it is
portable and easy to learn. The application can be ported to multiple platforms,
including SGls, Crays, and SUNSs. Performance can then be evaluated using
different number of processors. Additionally, SISAL is a deterministic
functional language which guarantees the same solutions on different platforms.

There are basically three parallel GA models (Gordon et. al., 1992) exhibiting
different degrees of parallelism; fine grain, distributed, and direct. In a fine
grain model (Davidor, 1991; Gorges-Schleuter, 1989; and Spiessens &
Manderick, 1991), each solution in the population is mapped to a processor with



genetic operatorsapplied betweennearestneighbors.In a distributed model
(Mihlenbein et. al., 1991; Tanese, 1989), processors are assigned
subpopulationswhich convergelocally and exchangegeneticmaterialamong
them at fixed intervals. Direct models (Grefenstette,1981), exploit the

parallelisminherentin the GA operatorsaandthe GA structurewhile havingthe

samepropertiesof a sequentialGA. Our SISAL implementationof the MNC

GA follows the direct modelwhile having the localized convergencexhibited
in the other models.

The parallelisminherentin the generationaMNC GA, andin the operatorsjs
easily exploited. Performanceis enhancedwhile maintaining the necessary
computationfor solving the problem. The bestsolution was found in all test
cases with a speedup of at least 2.2 with four processsors.

4. The Genetic Algorithm Model for the File Design Problem

The SISAL versionof the MNC GA wasdesignedo capturethe parallelismin
the modelwhile maintainingthe searchfor multiple solutions.In this model,
multimodality is exploited by encouragingmating and replacementbetween
solutions from the same pedikprovedperformances obtainedby creatingthe
offspring in parallel. The offspring are then inserted into the population
sequentially to preserve replacement between members of the same peak.

The solutionsin the initial population are createdin parallel by assigning
recordsto files at random.ThereareK files with b slots eachfor a total of N

slots. The slots are uniquely numberedwith a value betweenl and N. Each
recordis thenassigneda slot numbercorrespondingo a unique positionin a

file. The constraintsof the problemare easily maintainedwithout the needfor

counters for each of the files. Tfimmess a measuref “goodness’of a solution,
is then calculated for each member of the population.

The algorithmis executedor a fixed numberof generationsEachgeneration
consistsof creatingall the offspring and inserting them into the population.
Threestepsare involved to createtwo offspring: selectthe parents,apply the
mating operatorto the parents,and calculate the fitness to the offspring.
Mutationis appliedby the mating operatoras part of the mating processEach
offspring is insertedsequentiallyin the population by selectingan existing
solution to die.

To createthe offspring eachsolutionin the populationis selectedas a parent.
This allows everyindividual in the populationto mate at leastoncein every
generationAll the matesfor the parentsareselectedn parallelusingcrowding
selection.After selection,mating producestwo offspring and their fithessare
computed.The numberof offspring createdcanbe up to two timesthe number
of solutionsin the population.We createa total of n (populationsize) mating
pairs and each pair produces?2 offspring with probability ¢ (crossover
probability). All offspring are createdin parallel with a given crossoverand
mutation probability.



The offspring are inserted one at a time in the population using the anoosig
mostsimilar (WAMS) replacemenpolicy. Replacemenis appliedsequentially.
After an offspring is insertedin the population it immediately becomesa
candidatefor replacemeniand must competewith the other solutionsin the
population to survive. Some offspring are indeed replaced in the same
generation before getting a chance to reproduce. As in selection, the
replacementoperatoris biasedtoward solutions within the same extrema.
Convergenceis improved by the replacementoperator which eliminates
solutions with lower fitness.

Thefollowing sectionsdescribethe encodingand geneticoperatordor the File
DesignProblem.Theyweredesignedo preservethe constraintof the problem
and take full advantage of the implementation of SISAL arrays.

41 Chromosome Encoding

A chromosomeepresents valid solutionto the problem.It consistsof anarray
of N alleles correspondingo eachof the recordsin the problem.Eachallele
may assume a value between 0 Kndl inclusive, indicating th&le containing
the record. A valid encodingis a N digit numberin baseK whereall digits
appear exactlp times. An examplé shownin Figure4 for therecordsdefined
in Table1. To makeclearthat the chromosomesre not binary we selectedn
this caseK = 3 files of sizeéh = 4.

Record number: 123456789101112

Record attribute: BBCCCCCCCFVYV

Chromosome 1: 000011112222

Chromosome 2: 001122200112
Figure 4: Encoding for the file design problem.

4.2 Similarity Metric

Similarity betweentwo solutions is measuredfrom the number of records
assignedo the samefile. An exampleis shownin Figure5 usingthe datafrom
Table 1. As in the previous section we have 3 filesizé¥4. Eachdigit indicates
thefile wherearecordis located.In this examplewe havea similarity value of
8, that is 8 records have been assigned to the same file.

Records: BBCCCCCCCFVYV
Chromosome 1. 102 201011 02 2
Chromosome 2: 201 201012 01 2

Similar assignments: 1 23456 7 8

Figure 5: Using similarity to select a mate during crowding selection.

4.3 Mating Operator

The crossoveroperatorfor the File Design Problemcreatestwo offspring and
was designed with two goals in mind. Fitie characteristicexpressedn both



parentswill be expressedn the offspring, thuspreservinghe schematan both
solutions. Second,fitness should be improved when combining two similar
solutions.“Best fit” and“first fit” heuristics(describedater) are usedfor this.
Incorporatingthesefeaturesin the mating operatorimproves convergenceof
solutionsfrom the sameextrema.When two solutionsfrom different extrema
mate,offspringfrom otherextremacanbe created This way the operatoris not
restricted to small areas in the search space.

The first stepin the mating operatoris to transfersimilar characteristic§rom
the parentdo the offspring. This is doneby transferringthe recordsassignedo
the samefile in both parentgo the saméfile in the offspring. Thoserecordsnot
assignedare countedfor eachattribute and sortedin decreasingorder. One
offspring iscreatedusinga bestfit methodbasedon the contentof files. In this
approactunassignedecordsare locatedinto files whererecordswith the same
attributereside.The main ideais to groupfiles with the sameattributein the
samefile asmuchas possible.The secondoffspring is createdusinga first fit
methodbasedon the emptyspacein the files. Herethe unassignedecordswill
be locatedwhere file spaceis availablefor recordswith the sameattribute.
Using the configuration in Table 1 an example is shown in Figure 6.

Offspring inherits similar alleles from parents
Record Attribute:BBCCCCCCCFVV
Parent1:001222010121
Parent2:010122120012
Offspring: 0---22--0---
Unassigned records by attribute: B:1, C:4, F:1, V:2

Assignment of records in sorted order to both

offspring :
Offspring 1 Offspring 2
Best Fit Method First Fit Method

C40-2222000--- 0-1122110---

V20-2222000-11 0-1122110-00
B:1012222000-11 021122110-00
F1012222000111 021122110200

Figure 6: Mating operator for the File Design Problem

Giventhe parentsn Figure6, the offspringinheritsonly four alleles;3 records
with attribute C and 1 recordwith attribute B. Using the bestfit methodthe
other4 recordswith attribute C are assignedo file 2 andfile 0 becausehose
files containrecordswith the sameattribute. Using the first fit methodthe 4
recordsareassignedo file 1 becausehatfile is the mostemptyandall records
can be placedtogether.If not all recordsfit in one file then the remaining
recordsare placedin the next file having the most availablespace.The next



attribute having the highestnumberof unassignedecordsis selectedand its
records are assigned in a similar manner.

Mutation is appliedwith a fixed probability for eachallele. Whenan allele is
selectedor mutationanotherpositionin the chromosomes selectecat random
and the two values are interchanged.Such mutationsmay introduce a new
configuration in succeeding generations.

44 Fitness Function

The fitness function capturesthree important characteristicsof an optimal
solution: low ANF, recordswith the sameattribute are groupedtogether,and
recordswith the sameattributeare spreadequallyamongthe minimum number
of files neededto storethem. The last two points are capturedin a grouping
term (GT) and balancing term (BT) respectively. The two terms are
contradictoryin the sensethat GT wantsto group recordstogether,while BT
wants to spreadrecords equally acrossfiles. These three terms are added
together,with different weight values,to get the fitnessof a solution. The GT
value is given a higher weight ovitre BT valuebecausét promotedower ANF
values in the solution.

Recall from Sectiol that theANF value is given by the formula:
ANF = a fex(aI ) /

where fex(aj) returnsthe numberof files containing attribute gj. From this

formulawe cancomputean upperandlower boundto the ANF term. The lower
bound representsa configuration where the records for all attributes are
assignedo the leastnumberof files neededo containthem. The upperbound
canbe calculatedrom the configurationcontainingthe recordsfor all attributes
spreadamongthe maximum number of files possible.The lower and upper
bound are calledhin_anf andmax_anf respectively and are:

min_anf = a én; /bu/h£ ANF £ max_anf = a mln(n,,K)/
i=1

Recall that n; denotesthe numberof recordswith attributei, h denotesthe

number of attributed) denotes the size of the files, addienotegshe numberof

files.

To computethe GT valuewe needto know how the recordsof a given attribute
arespreadin thefiles. Sincewe want as many recordsas possibleof the same
attributegroupedtogether,we cameup with an equationthat looks at the ratio
of recordswith the sameattributein eachfile. The GT valueis computedby
addingthe normalizednumberof recordssquaredfor eachattributein every



file. The higherthe numberof recordsof the sameattributein a file the higher
the GT value. The formula for th&T value is:

h K 2
GT=4 af(atr(a,j)/n)",
i=1j=1

whereattr(aj,j) returns the number of records of attributéndile j.

On the other hand the BT value wantsto spreadthe recordswith the same
attributesequallyamongthe minimum numberof files neededo fit therecords.
The BT valueis then computedby addingthe absolutevalue of the difference
between the number of records for eathibuteanda balanceconfigurationfor

the attribute. Only files containing records for the gia#inibuteareincludedin

the summation. The formula for this term is:

h K
BT =& & gattr(a, ) - 0/ /byj(} whenattr (a;, ) * 0.
i=1j=1

Here @ /by) returns the numbenf files neededo storethe recordsof attribute
8. Values ofBT closest to zero represent more balanced configurations.

The threeterms ANF, BT, and GT are usedto define the fithessvalue for a
solution. Sincehigher positive valuesare usedto indicatea bettersolution, the
terms are normalized to return values between 0.0 and hérckntagef each
termis thenaddedto form the final fithessvalue asindicatedby the following
formula:

fitness = 070% 1 + o5+ maxanf- ANF__ 5p, 10
h max_anf - min_anf 10+ BT

The fitnessvalue for any solutionis a numberbetween0.0 and 1.0. Solutions
wherethefitnessvalueis 1.0 representonfigurationswherethe min_anfvalue
is achievableand all the recordsfor any attribute can fit in the minimum
number of filesHavingthe propertyof fitting recordswith the sameattributein

onefile eliminatesthe conflict betweerBT and GT while obtaininga maximum
value ofh for GT.

5. Experimental Data

To evaluatethe behavior of the algorithm six test cases,having different
propertieswere created. Someof the testcasesontainsolutionsachievingthe
min_anflower bound.In othertestcasesve haveattributeswith the numberof
records exceedingthe file size (thereforethe fitness < 1.0 and a min_anf
configurationmay not exist). In all testcasesmultiple attributesper file were



mixed to createthe different configurations.For all configurations100 records
were used. Table 2 summarizes all configurations created.

Table 2: Configuration for all test cases

Case|Num. | File | Num. | Number of Records per Attribute min_anf
Num.|Files | Size [Attr. ntn>nNszNsNs..N h exist
1 5 20 10 | 7,2,3,1,5,17,18, 13,15, 19 Yes
2 10 10 10 | 7,2,3,1,5,17,18, 13,15, 19 Yes
3 5 20 10 |7,4,3,8,6,11, 18, 15, 10, 18 No
4 10 10 10 | 7,4,3,8,6,11, 18, 15, 10, 18 No
5 5 20 21 |7,4,8,8,6,1,8,5,10,8, 1, Yes
2,4,9,5,1,6,2,3,3,4
6 5 | 20 | 15 |7,4,9,7,7,4,9,5,9,7,9, No
56,7,5

To evaluatethe performanceof the implementationthree different platforms
were used:the SGI Iris 4D, Cray Y-MP, and Cray C90. The executiontime
from one to four processorswas collectedfor the algorithm using casel in
Table 2. The MNC GA parameters used for each run are:

Population size: 100
Number of generations: 50
Mating probability: 0.95
Mutation probability: 0.01
C, for selection: 4

C; for replacement: 3
sfor replacement: 5

Theseparametersvere chosenafter a trial and error period. They representa
good set of choices for the test data shown in Table 2.

6. Results

ThegenerationaMNC GA wasvery successfufor the testdatain Table2. For
all test cases,multiple optimal solutionswere found and retainedfor many
generationsln four of the six testcasesat leastone optimal solutionwasfound
prior to generatiorb. More generationsvere neededor the testcases3 and4.
Thesetestcaseshavethe propertythat the min_anfis not achievableand there
areattributevalueswherethe numberof recordsis higherthanthefile size.In
thosecasesthe solutionswere competingbetweenthemselvedor a very small
improvement in fitness.

Table 3 showssolutionsfor all testcasesandthe generatiommumberon which
they were obtained.Each solution is representedy the file numberto which
each record is assign. The records whthsameattributevalueare separatedy




commasto verify how manyfiles are usedto savethem.For example the first
solution has the records for attribute 1 assigodie 4, recordswith attribute2
assigned to file 1, and so on.

Table 3: Best solution and the number of generations needed for all test cases

Case | Gen| Best Solution

1 3 | 4444444, 11, 333, 0, 22222, 33333333333333333,
111111111111111111, 4444444444444, 222222222222222,
0000000000000000000

2 4 | 9999999, 77, 111, 6, 88888, 33333333113311111,
222222222277777777, 5555555555999, 444444444488888,
0000000000666666666

3 25 | 2222222, 0000, 222, 44444444, 333333, 44444444444,
000000000100001000, 333333433333333, 2222222222,
111111111111111111

4 15 | 8888888, 9999, 888, 55555555, 999999, 22222222227,
000000000066666666, 111111111155667, 3333333333,
444444444477 777777

5 5 | 0000000, 3333, 222, 33333333, 222222, 0, 00000000,
11111, 2222222222, 44444444, 2, 44, 4444, 11111111,
3333, 4, 111111, 44, 333, 444, 0000

6 5 | 0000000, 2222, 222222222, 4444444, 222222, 3333,
333333333, 44444, 000040000, 3333333, 111111111,
11111, 111111, 4444444, 00000

By examining test case 4 more closely we can observethat the optimal
configurationrequiredthe recordsfor the eighth attribute (111111111155667)
assignedo 4 differentfiles. All otherattributevalueswere assignedo 1 or 2
files only. In the samerun other configurationswere found were the ANF was
the sameandall the recordsfor the eightattributewerestoredin 2 or 3 files. In
such cases other attribute values were assign to 3 or 4 files.

In generalthe useof heuristicsmprovedthe convergencef the MNC GA. We

tried other crossoveroperators,but they required many more generationsto

achievesimilar results. At the sametime, the MNC GA did not allow the
populationto convergeprematurelyto a local optimum.Mixing heuristicswith

the GA allowed us to obtain resultswhich are betterthan using the heuristics
alone.Heuristicsalonetendto locatelocal optimafrequently,whereaghe MNC

GA allows different solutionsto convergeat the sametime giving a higher
likelihood to obtainthe global optimum, as definedby the fithessfunction, in

search spaces with multiple optima.

Pl at f orm 1 Proc. 2 Proc. 3 Proc. 4 Proc.
Y- MP C90 12. 9799 8.6748 6. 4425 5. 4930
Y- MP 18. 6106 10. 4642 8.9153 6. 3648

SE Iris 25. 8900 16. 5300 13. 4200 11. 9000

Figure 7: MNC GA execution time in seconds for 50 generations.




We also observedthe increasein speedthat can be obtainedusing a parallel
implementatiorof the MNC GA. A speeduibetween?.2 and 2.9 wasachieved
with four processorsn the threedifferent platforms.Figure 7 summarizeghe
performance from one to four processors in the different platforms.

The best speedupwas obtainedfor the Cray Y-MP platform and the worst
speedumn the SGI Iris platform. The speedof the Crayis not muchfasterthan
that of the SGI whenwe take into accountthat the SGI doesnot have vector
calculationsand hasworsecachelocality. Betterspeedugimescanbe obtained
for more complex (in terms of evaluation time) fitnéssctions.This is because
selection and mating are done in parallel whereas replacementis done
sequentially Sincethe fithessof a new offspring is calculatedat the end of the
mating step a more complex fitness function will benefit from the parallelism.

7. Summary

The resultsobtainedwith the parallel version of the generationaMNC GA
model are encouraging Diversity was maintainedduring the run, just as the
steadystatealgorithm did, and the last generationcontainedmultiple optima.
Exploiting the multimodality inherentin the File DesignProblemresultedin a
more balanced search over the entire space.

Creatinggeneticoperatorghat useheuristicsenhancedhe convergencef the
algorithmwhile at the sametime allowing multiple solutionsto coexist.In this
work we developedh modelfrom the problem'spoint of view. We enhancedhe
MNC GA with problemspecificoperatordo provide a betterway to searchfor
optimal configurationsThe convergencéo optimal solutionswasachievein all
cases while improving the performance using SISAL.

A betterspeedupcan be achievedusing more complexfitness functionsor by
introducinga parallelversionof the WAMSreplacemenbperator.The parallel
version must retain the important propertiesof WAMS. Competitionamong
solutions within the same peak is encouragedwhile allowing competition
among the multiple peaks as well.

Like the steadystateMNC GA, the algorithmlocatedand maintainedmultiple

solutions throughoutthe run while maintaining diversity in the population.
Creatinggeneticoperatorghat useheuristicsenhancedhe convergencef the
algorithmwhile at the sametime allowing multiple solutionsto coexist. These
operators enhancedthe ability of the MNC GA to search for optimal

configurations.The convergenceo optimal solutionswas achievein all cases
while improving the speedwith a parallel versiondevelopedusing SISAL. In

the future we wantto investigatein moredetail the useof heuristicsfor genetic
operators.
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