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Abstract

The Creaturesmodelof parallelprocessingoffers an alternative to conventionalCellular

AutomatabasedSIMD (SingleInstructionMultiple Data)systems.This thesisinvestigates

theCreaturesmodel,andshows it to have a placealongsidetraditionaldataparalleltech-

niques.Themodelshiftsfocusfrom thespacein whichsimulationstakeplace,to theactive

agentsexistingwithin thatspace.Thischangeof emphasisallowsmoreintuitivereasoning

aboutmodels,astheagentswill frequentlyhaveaveryphysicalsigni®cance.Thisphysical

style of programmingmakes the architecturesuitablefor useby thosewho are inexpe-

riencedin parallelcomputing,while retainingthe attractive SIMD featuresof scalability

andhomogeneity. The systemis bettersuitedto the modelingof dynamicsystemsthan

traditionalcellularsystemsandmaybemoreef®cientwhendealingwith sparsedata.These

resultsmay be more generallyappliedto a broaderclassof agentbasedcomputational

models.

Thisthesisde®nestheCreaturesmodelbothinformallyandin amorerigorousmathematical

notation,andshows it to be computationallycomplete. The model's implementationon

bothserialandparallelmachinesis demonstrated,leadingto thedevelopmentof a novel

topologywith attractiveloadbalancingproperties.A numberof simulationsareconsidered

whichdemonstratehow Creaturesmaybeappliedin anumberof ®elds.
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1

Intr oduction

The demandfor fastercomputersshows little signsof abating. However the traditional

methodsof improvingperformancearereachingtheirlimits. It is nolongerpossibleto sim-

ply increasecomponentdensities(thescalesof whichareapproachingatomicdimensions)

or to increaseclock rates(wherewavelengthsarebecomingcomparableto the physical

dimensionsof themachine).Designingandfabricatingsuchmachinesis increasinglydif-

®cult,andprohibitively expensive. Thoughhardwaremanufacturersmaybeableto offer

diminishing rewardsfor the immediatefuture it is unlikely that the rapid expansionof

computepowerpreviouslyavailableto usersatnegligible costcancontinueinde®nitely.

Parallelcomputingsystems[31][19] offer aneffective,andvirtually unlimitedopportunity

to increaseperformanceat nearlinear cost. Regardlessof the performanceof a single

processor, two suchprocessorscould potentiallydo twice asmuchwork. In addition

processorswill cost timesasmuchasa singleprocessor. If is largeenoughit is likely

thatmany verycheapprocessorsmayoffer betterperformancethanasinglelargeprocessor

at lowercost.

Unfortunatelyperformingtaskswith many smallprocessorsis not assimpleasit maybe

with asingleprocessor. Despitethisthepromiseof betterperformancerequiresthatparallel

computingbeinvestigatedandtechniquesdevelopedtoovercomethelimitationsof existing

parallelsystems.

1.1 The Problemsof Parallel Processing

A largetaskmaybebrokendown into anumberof smallersub-tasks.If thisdecomposition

is donecorrectlyeachof thesub-tasksmaybeallocatedto oneprocessorandperformedin

parallel(perhapsoneprocessorreadsin data,anotherprocessesit, andanotheroutputsthe
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results). Eachprocessorperformsa differenttask(or numberof tasks)on its own setof

data,andcallson theotherprocessorsto performotherpartsof theglobaltaskasthey are

required.Thisform of parallelcomputingknownasMIMD (Multiple Instruction,Multiple

Data)[18] canwork particularlywell in distributedcontrol systemswhereoneprocessor

canbemaderesponsiblefor partof thesystem,communicatingwith otherprocessorsonly

whennecessary. Eachprocessoris independentof all others,andcapableof performing

usefulwork in its own right[41][42].

UnfortunatelyMIMD computingfails to deliver the extremehigh performancerequired

for theoreticalandsimulationwork. MIMD requiresthata problembebrokendown into

small functionalunits, eachunit beingspeci®cto onevirtual processor. However most

problemsarelimited asto how far they canbebrokendown Ð the sizeof theunits into

whicha problemmaybesplit is known astheproblem'sgrainsize. Givena largenumber

of processorsit maynot bepossibleto breaka problemdown suchthatoneunit of useful

workcanbedoneoneachprocessor. Further, with currenttechnologythetaskof breakinga

problemdown requiresskilledhumanintervention.Partitioninga taskby handis practical

for perhapsup to tenprocessors.However it becomesmanuallyintractablewhentensof

thousandsof processorsare consideredÐ MIMD techniquesare inherentlydif®cult to

scale.

Evenwhenconsideringonly a smallnumberof processorsthe interactionsbetweencom-

ponentscanrapidlybecomeexceedinglycomplex. Eventrivially simplecodemayreacha

state(known asdeadlock)whereeachtaskis waiting for anothertaskto completebeforeit

maycompleteitself. Sucha systemwill never completeany task,andhencewait forever.

Suchstatesarelikely to occurunlessthesystemis verycarefullydesigned.Theallocation

of tasksto speci®cprocessorsis alsoanissuewhichmaydrasticallyin¯uenceperformance,

againrequiringexpertintervention.Theentirestructureof thesoftwareis highlydependent

uponthehardwareandcommunicationsstructuresavailable.

Thealternativetopartitioningthetaskintosub-tasksis toallocateoneelementof computing

resourcesto eachdataelementin the problem,andperformidenticaloperationson each

one. This approach,known as Single InstructionMultiple Data (SIMD)[18] is not as

generallyapplicableastheMIMD approach.However it is particularlywell suitedto the

analysisof mathematicalproblemsandhighspeedsimulations[65] wherelargenumbersof

homogeneouslocal programsmaybeappliedto theproblemspace[29][21][45]. Consider

for examplethe problemof ®niteelementanalysiswhereidentical ªphysical lawsº are

appliedrepeatedlyacross(say)anaircraftwing. Eachtaskdoeslittle usefulwork by itself,

but collectively thesystemmayproducemeaningfulresults.
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SIMD systemsaretypi®edby CellularAutomata(CA)[66][69][63][23][17][14] wherethe

programsareknownasrules.Theapplicationof theseverysimplelocalrulesproducescom-

plex globalbehaviour, suitablefor usein many different®elds.Theadvantagesof cellular

architecturesover moreconventionalheterogeneousMIMD multi-processororganisation

schemesmaybesummarisedas:

simplelocal behaviour; all cell behaviour is de®nedin termsof local properties,re-

quiringminimalcommunications(it isalmostimpossibletodeadlockSIMD systems,

asall nodesin thesystemexecutethesamerule at thesametime,with no provision

for handshaking.Any form of deadlockwhich doesoccurwill beat a higherlevel,

preventingtheªprogramºprogressing,thoughthebasicªruleº still executessuccess-

fully), andpermittingsimple,provenstructuresto be implementedon eachnodein

eitherhardwareor software.

complex globalproperties;thebehaviour of groupsof thesesimplenodeprocessors

may be forced to approximateto very much more complex global programming

schemes.

homogeneity;all nodesareidenticalbothin hardwareandsoftware,andhencelarge

systemsmaybebuilt andprogrammedwithoutreferenceto theirsize.Scalingof the

systemis throughnodeduplicationratherthana new, positiondependentsynthesis.

locality; communicationsarelocal in nature(asthey arein mostproblems),hence

theperformanceof thesystem(perprocessor)neednot degradeasthemachinesize

is increased.

Despitetheseadvantages,SIMD programmingis still a specialisedactivity. Becausethe

complexity arisesout of simplerulesin often unexpectedwaysit is generallydif®cultto

understandwhy asystembehavesasit does,or to modify thebehaviour of a systemto suit

aparticularapplication.

It is proposedthatthemaindisadvantagesof conventionaldataparallelmodelsarea result

of themodels'staticnature,forcingproblemsto beexpressedin termsof spaceratherthan

theagentswithin thatspaceÐ a roadtraf®c¯o w problemwouldbeexpressedin termsof

roads,ratherthancars. The ªlocationº of a cell is de®nedby its neighbors,andis ®xed

for all time Ð it is thereforedif®cultto expressmovementwithin themodel. This thesis

exploresthisareathroughanovelSIMD architectureknownasªCreaturesºwhichattempts

to addressthisby describingsystemsin termsof theiractiveelements.While still retaining
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theattractivefeaturesof traditionalSIMD/Cellularparadigms,Creaturesallowsproblemsto

bedescribedin afashionwhichis farmoreintuitivethanmoretraditionalSIMD paradigms.

1.2 The CreaturesSolution

Thesystemis madeup a numberof creatureswhich exist in anotherwiseempty, in®nite

space.Eachcreaturehasaclearlyde®nedbehaviour. A creature'sbehaviour is governedby

its interactionwith othercreaturesthatit canªseeº.As aresultof observingothercreatures,

acreaturemay:

changeits state;

ªgivebirthº to othercreatures;

moveto a new location(adjacentto its startingpoint)within thespace;

ªdieº.

Thisgeneralisedform of creatureprocessingdescribesmany complex systemsin a natural

andunderstandableway. In orderto modela systemit is only necessaryto describethe

behaviour of the individual componentsandprovide the initial conditions. Eachelement

performsthesamesequenceoperations,but its resultantbehaviour is differentiatedfrom its

peersby the observationsit makes. Thecomplexity of the resultingsystemis dependent

not on the complexity of the individual elements,but on the very large numbersof such

elements.In developingsuchmodels,thesystemallows theuserto experimentwith and

isolatethecharacteristicpropertiesthatdetermineits behaviour.

1.3 Thesis

The brief descriptionof Creaturesin the previous sectionoutlinesa novel approachto

tacklingtheproblemof parallelcomputing.In thefollowing chapterstheCreaturesmodel

will bere®nedandimplemented.A numberof simulationsareusedto illustrateits features,

andcomparisonswill bemadewith otherSIMD models.
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1.3.1 Chapter 2 Ð The CreaturesModel

A numberof modelsof SIMD computationandsimulationtechniquesareconsidered.Their

strengthsandweaknessesarediscussed.The Creaturesmodel is thenpresented:®rstin

an informal fashionthenin a moremathematicalstyle. Themodelis demonstratedto be

completeby the implementationof a Turing machine,anda simpleequivalenceto CA is

demonstrated.

1.3.2 Chapter 3 Ð Implementing the CreaturesModel

Thischapterconsiderstheimplementationof Creaturesonarangeof platforms.Thesystem

is ®rstdevelopedin a naive serialform, andtechniquesfor improving performanceof this

implementationarediscussed.Implementationon two commercialparallelmachinesis

considered,andtheprogrammingtechniquesarefurtherre®ned.Finally thedevelopment

of asemi-custommachinebasedontransputersis discussed,andtheperformanceof all the

implementationscompared.

1.3.3 Chapter 4 Ð Applications

Having establisheda stableimplementationof the Creaturesmodel, the systemis tested

by the developmentof a numberof simulations. TheseareeitherclassicCA problems

or demonstrationsdrawn from ®eldswheretheCreaturessolutionmaybeappropriate.In

particularthe®nalexample(TaxisasaGoalOrientatedNavigationStrategy) demonstrates

the completedevelopmentof a simulationfrom concept,throughimplementationto the

collectionandstatisticalanalysisof results.

1.3.4 Chapter 5 Ð Discussion

Thestrengthsandweaknessesof theCreaturesmodelareconsidered,taking into account

theexperiencegainedin implementingthemodelanddevelopingsimulationsusingit. A

numberof proposalsaremadeastohow themodelcouldbefurtherexploredanddeveloped.

1.3.5 Chapter 6 Ð Conclusion

Themajorresultsof thiswork, andtheconclusionsdrawn arereiterated.
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2

The CreaturesModel

2.1 Background

A numberof systemsattemptto addressproblemssimilar to thosethattheCreaturesmodel

dealswith. By examiningthesesystemstheir strengthsandde®cienciesmaybeidenti®ed,

enablingthe Creaturesmodelto provide a moreusefultool to developersof simulations.

In additionto Cellular Automatathe programmingparadigmsandsimulationtechniques

of DiscreteEventSimulation,Mirror modeling,and*Logo mustbeconsidered.The®eld

of arti®ciallife alsotouchesupontheproblemsof massively parallelagentbasedsystems,

thoughoftenin aninformalfashion.Assuchit providesasetof problemswhichasuccessful

simulationtool shouldbeableto handlein anef®cientmanner.

2.1.1 Cellular Automata

CellularAutomata(CA)[63][69][66][23][17] aremadeup of regular `surfaces'of locally

connectedcomputingunits or cells. Eachcell examinesthe stateof its neighborsand

synchronouslymodi®esits stateaccordingtoasimple,universalrule. Eachcell is identical,

bothin termsof its neighborhood(connectivity) andtheruleor programthatit is executing.

Thesystemisde®nedbyatriplet: S(tate),N(eighborhood),T(ransitionfunction) for each

cell. NormallyN andT will bethesamefor everycell in thesystemÐ shouldthis not be

thecasea moregeneralform of N, T andS maybederivedsuchthatN andT areuniform

throughoutthesystem,hencenon-uniformcasesneednotbeconsideredasinteresting.

CA have many attractive featuresfor theengineerandprogrammerattemptingto build a

highly parallelsystemanddescribeits behaviour. Attemptingto specifythehardwareand

softwareof every nodein a systembecomesincreasinglydif®cultasthenumberof nodes

increases.If eachnoderequiresspecialattentionby the programmerthena limit on the
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numberof processorsis quickly reached.The homogeneityof CA enablesany number

of processorsto be controlledwith a singlesetof instructions. This in turn leadsto the

propertyof scaleability:thenumberof processorsisnolongerspeci®edaspartof thedesign

of hardwareor software(at leastat the logical level), andhencethesizeof a machine,or

simulationmaybesimply increasedasrequired.

Thebehaviour of a CA typesystemis speci®edat a very primitive level comparedto the

typeof codetypically foundin traditionalsimulationsoftware. This simply de®nedlocal

behaviourmaybecloselytiedto thephysicalsystemsbeingmodeled.A systemisdescribed

by de®ningthesimplestpropertiesof theelementsof which it is composedandobserving

the consequencesof suchrules[65]. It is thereforeno longernecessaryto make global

assumptionsaboutthebehaviourof asystem.By establishingastructuralisomorphism[72]

betweena simulationanda (hopefully) equivalentsystemthe predictive strengthof the

simulationis greatlyincreased.Shouldtheglobalsimulationnot behave asexpectedthen

theerrorrelatesto thedescriptionof thebasicelements.Usingthistechniquetheproperties

of theelementsrelevantto thesystemsbehaviour maybeidenti®ed.

Despitethesestrengths,attemptingto describemany physicalsystemsusingCA introduces

a numberof undesirablecomplicationsandoverheads.Theseareprimarily relatedto the

thespatialnatureof CA. Thecellsof aCA systemhavea(typically) smallsetof neighbours

whichis ®xedfor all time. Suchlocality is well suitedto thedescriptionof pointsin space,

but is dif®cultto reconcilewith objectswithin thatspacewhichmaybemobile,andhence

haveaconstantlyvaryingsetof neighboursof unpredicatablesize.A CA basedsimulation

mustthereforebe formulatedin termsof the spaceit occupies. Unfortunatelyfor many

real problemsspacesimply providesa substratein which active elementsof the system

mayexist. As a resultthebasicelementswhich mustbedescribedaspartof theCA rule

arenot theelementsonewould naturallyuseto describethesystem.This is conceptually

dif®cultfor thosenot experiencedin suchprogrammingtasks. For exampleconsiderthe

implementationof aroadtraf®csimulation:aCA descriptionof suchasystemmustconsist

of cellswhich representroads.A roadmayholda caror not holda car, andatappropriate

timespassthecarto anadjacentsectionof road.While clearlysucha systemis workable,

thesolutionwill belessthanintuitiveandsomewhatconvoluted.

In practisethis problemis compoundedby CA beingessentiallysharedmemorysystems.

Communicationbetweenadjacentnodesis by setting¯ags in a node's state,in the hope

that an adjacentnodewill observe the ¯ag andact appropriately. As a resultmuchpro-

grammingeffort goesinto providing handshakingbetweencellsto simulatethemovement

of interestingdataelements(thesebeingcarsin theaboveexample).It is necessaryfor the
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programmerto introducesynchronizationmechanismstoensuredataintegrity (for example

to ensurethattwo adjacentnodesdonotbothbelievethecarhasmovedinto their location)

muchlike thosefoundin coursegrainedsystems(atomiclocks,semaphores,conversations

etc[9]). TechniquessuchastheMargolisneighborhood[63] havebeendevelopedto address

this problem,but at thecostof furtherremoving thephysicalsystemfrom the implemen-

tation. This complicationis often neglectedby novice programmersleadingto incorrect

simulations,and the increasedcomplexity introducedinto the systemby the additional

code(whichmayperhapsengulfcompletelytheoriginalphysicalmodel)is likely to induce

mistakesfrom all but themostexperiencedusers.

It mayappearto thenaiveobserverthatCA offergoodloadbalancing,aseachcell performs

identicaloperations,andhencerequiresthesamecomputetimeasall othercells. However

interestingeventstypically take placein only few areasof space,leaving many of the

processingelementsperforminguselessoperations.Thespatialhomogeneityof CA forces

work to bedoneevenwhentheoperationsareclearlyredundant.To referbackto theroad

traf®cexample: accidentswill only occurwhencarsmeet. If oneareaof the simulation

containsnocarsthenthereis nousefulwork to bedone.If acell containsonecarthenthere

is a little work to bedonein moving thecarto anadjacentlocation. Shoulda cell contain

many carsthenthereis muchwork to bedonedetectingcollisions,andprocessingeachof

thecars' individualmovements.In a CA systemall nodeswould beforcedto performall

the collision detectionroutineseven thoughthe operationis pointlessfor (perhaps)most

cells. At an instructionlevel, the systemis balanced,but this is far from beingthe case

whena metricof ªusefulworkº is used.

2.1.2 DiscreteEvent Simulation

DEVS[72] andNext EventSimulation[73] attemptto shift theemphasisof cellularsystems

towardsinterestingeventsÐ thoseactionsandinteractionswhichdrivethebehaviourof the

systemratherthanthecontinuoussteadystatethatmany cellsof a CA typically may®nd

themselvesin. In particularDEVS modelsaresigni®cantlybetterthanCA for simulating

themovementandcollisionof particleswithin space.

Thedescriptionof aCA isextended,whereinsteadof beingde®nedby thestandard S(tate),

N(eighborhood),T(ransition) triplet, S includesa valuewhich is the time at which the

cell will next update(a furtherparameterSELECTactsasa tie breaker shouldtwo cells

wish to updatesimultaneouslyÐ thesystemoperatesin continuoustime,sotheoretically

no two eventsmay occursimultaneously).Cells only updatewhenthe time held in S is
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reached,or they areupdatedby a neighbor. In addition,T (thetransitionfunction)canset

thevalueof cellsin theneighborhood;it transformsthestatesof thecellsin N. Thisgreatly

simpli®esmovement,asaªparticleº mayalmostdirectlypropelitself acrossspace.

For exampleconsiderthe simplestcaseof a particle moving acrossspacefrom left to

right. Onecell at the far left may initially containa particle,andbescheduledto update

imminently,whileall othercellsareessentiallyidle,beingemptywith noupdatesscheduled.

Uponupdatinga cell canmarkthecell to its right ascontainingtheparticle,scheduleit to

beupdated,andthenreturnitself to the idle state.By sucha mechanismtheparticlewill

moveacrossspacewith a minimumof computationaleffort.

This is indeedmuchsimplerthananequivalentmodelimplementedin a CA stylesystem,

andtheintroductionof timeinto themodelmaybevaluablein relatingasimulationsresults

to therealworld. Becauseno two eventsof thesimulationoccurat thesametimemany of

thedif®cultiesof maintainingdataintegrity areresolved.Theability of acell to changethe

stateof aneighbourratherthanjustobserveit allowscellsto ªdriveº dataacrossthespace.

However the encapsulationof datathat is presentin the CA modelhasbeenlost. The

ability to changedatain anothercell, thoughapracticalsimpli®cationfor theprogramming

of somesimulations,may limit the implementationon non-sharedmemoryhardware. A

moresigni®cantlimitation from a parallelprocessingpoint of view is themodel's useof

coroutinesto ensuredataintegrity Ð no two eventsoccurat thesametime, so in a naive

implementationthereis noparallelism,thoughextensionsto themodel,andmorecomplex

data¯o w analysisof thesystemmakeparallelDEVSpossible[3].

DEVSsimpli®estheprogrammingof agentbasedmodelsbysimplifyingthecommunication

betweenadjacentnodessodatacansecurelybepassedbetweenthem.Howevera discrete

eventsimulationis still fundamentallyspatiallybased:consideringthepreviousexample,

it is now easyto movecarsaround,but theroadsmustbeprogrammedto doit. Thoughthe

practicalitiesof building sucha systemaremuchsimplerthanwith CA theprogramming

muststill betwistedto ®ttheDEVSmodel.

ªSpaceºin DEVSmodelsis frequentlyusedsimplyto representpartof thesystem,without

any referenceto physicalspace.A locationmayrepresent(for example)a garage,which

would hold a numberof carsrequiringrepair. Fromthis locationcarsmaybemovedto a

scraplocationor to a roadlocationdependingon theoperationthat thegaragechoosesto

performon them. Suchsystemsarefar from homogeneous,eachcell potentiallyhaving

its own uniquerulesandconnectivity. However suchsystemsaremerelya practicality,

andcouldbeimplementedasa morecomplex rule appliedequallyto all cells. Therefore
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simulationsof this typearecomputationallyof little theoreticalinterest,andhave limited

relevanceto Creatures.

2.1.3 Arti®cial Life Systems

A large subsetof researchin the ®eldof arti®ciallife tries to modelsystemswherethe

collectivebehaviour of many individualelementsis morecomplex thanwouldbeapparent

from examiningasingleelement.CellularAutomataareoftenused,but systemsdeveloped

areoftenbasedon thecollectivebehaviour of mobileagentsanalogousto thatoftenfound

in insectcolonies[13][20][55][5] Ð CA (for reasonsdiscussedpreviously) are lessthan

ideal for this typeof simulation. The termswarmbehaviour is oftenusedin ALife work

to describesystemswherethecollectionof agentsdisplayscollective intelligencebeyond

thatfoundin any individual.

Systemsdevelopedby ALife researchersshow the power of large numbersof simple

elementscooperatingaccordingto very simplerulesto producecomplex behaviour. The

Creaturesmodelshouldbeableto simply describethe kindsof problemsencounteredin

developingsuchsimulations,allowing systemsto berapidly developedby specifyingthe

requiredlocalbehaviour without recourseto low level programming.UnfortunatelyALife

is focuseduponspeci®ctasks,andfew systemsmake distinctionbetweenthe simulation

beingrun,andthemodelbeingusedÐ programsaretypically writtenin anadhocfashion

to describea particularphysicalsystemwithout referenceto simulationtechniquesthat

could(or should)beapplied. Theexceptionto this beingMirror (section2.1.4). Though

thepower of agentbasedsimulationmaybeobservedthroughALife work, little is being

learntaboutthesimulationtechniquesinvolved.

To illustratethe kind of problemsbeingtackledin ALife researchconsiderthe actionof

tunnelingconductedby antsduringnestbuilding. Antsmaydig with a certainprobability,

andupondoingso depositpheromone.This increasesthe likelihoodthat anant will dig

therein the future. As a resultthey dig branchingtunnels,ratherthanunstructuredholes.

In additionthey will dig morewheredigging is successful(sayas in softersoil), rather

thanwhereit is fruitless(up againstrock). Onemay expect that this positive feedback

mechanismwould result in an explosionof diggingactivity. However asthe nestsizeis

increased,asaresultof excavation,thedensityof pheromonedecreasesanddiggingactivity

is reduced,producinga correctlysizednestfor a givenpopulation.Sucha simulationhas

beenimplementedusingtheCreaturesmodel.
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Food
Source

Ants
Nest

Most choose
this route

Few take
this route

Figure2.1: EmergentInsectBehaviour

A secondform of collectivebehaviour maybeobservedby consideringthesituationwhere

a pathwhich leadsto food branches( ®gure2.1). At ®rsttheantstake randompaths,but

asthey go they lay a trail behindthem. On the returnroutethereis morepheromoneon

theshortbranch,asmoreantswill havealreadypassedthatway, somoreantsgo thatway.

This in turn leadsto morepheromoneontheshortpath,andtheresultantpositivefeedback

ensuresthat almostall the antstake the optimumroute. Initially few antswill go along

thepathat all. However if food is found,moreandmoreantswill follow thepathasthe

chemicaltrail buildsup.

Closelyrelatedto arti®ciallife is the subjectof anti-chaoswheresimple,but seemingly

disorderedlocalbehaviourswith arbitraryinitial stateevolveinto highly orderedstructures.

A simpleexampleof thisknown asLangton'sant[60] is consideredin section4.1.6.

2.1.4 Mirr or

Probablythe mosteffective simulationof socioinformaticprocesses1 may be seenin the

Mirror system[32][33][34][35]. Thissimulationenvironmentprovidesapowerfulplatform,

1ªSocioinformaticprocessesarede®nedhereasinformaticprocesseswhich causebehavioural differentiation

amongindividuals who are basicallythe same,thusgeneratinga social structurein groupsof individualsºÐ

Hogeweg (1983)
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uponwhicha numberof simulationshavebeenbuilt.

The mostsuccessful(and well documented)Mirror simulationis probablythe studyof

bumblebeecolonies[36]. Thisproducedtheoreticalresultswhichwerethenveri®edagainst

realcolonies,providing new understandingof thebeesbehaviour. Certainspeciesof bee

drive the queenout of the nestat a particulartime of year. However the mechanismsby

whichthisoccurswerenotclear. A Mirror simulationwasdeveloped,theprimecomponent

of which wasthedominancerelationsbetweenmembersof thenest. Whenever two bees

meta confrontationwassimulated,takinginto accountthe importanceof eachparticipant

within thenest.Awardsof rankweremadedependingon theoutcomeof thechallenge.It

wasfoundthatbeesin thecenterof thenestrosein rank,not by winningmany challenges

Ð they frequentlylost challenges(for exampleto the queen),but on the occasionsthat

they did win therewardsweregreater. Converselyotherbeescouldwin many challenges

againstlowly colony members,but would gain little in reward. After a certainperiodof

time(dependentuponsimulatedconditions)thedominancerelationswithin thenestwould

evolvesuchthatthequeencouldno longerretaincontrolof thenest,andwould beforced

out. Having demonstratedthe conceptin a ªMirror worldº it was possibleto observe

identicalactionstakingplacein realcolonies(thesimulationshaving told observerswhat

to look for).

Mirror usersadvocatea TODO modelof animalbehaviour: individualssimply do what

thereis ªto doº. However the implementationof thesesimplebehaviours is somewhat

more complex. The systemis written in LISP, and modelsboth continuoustime and

space.DWELLERsexist in aSPACE,andarefurtherde®nedby aprivateskinSPACE(the

MIRRORterminologyfor aDWELLERSinternalstate),whichcontainseachDWELLER's

state.ThesystemalsocontainsDEMONs.EachDEMON mayhaveanumberof TARGET

conditions.Whenthesearemet,theDEMON canforcea TIE (a DWELLER) to perform

anaction.OtherwiseDWELLERscannotobserveDEMONS.A SENTINELis aparticular

formof DEMONwhichisboundtoasinglePATCH(partof SPACE),andhencecanobserve

DWELLERswithin thatpatch.Thisallowscon®gurationsof DWELLERsto beexamined,

andmeta-level structuresto bede®ned.

Agentsare revived periodically, by otheragentswhich hold pointersto them(usuallya

DEMON). DEMONSarealwaysrevivedwhenvariablesthey attachto areaccessed.They

maythendecidewhethertheirTARGETismet,andif soactivate/revive/in¯uencetheirTIE.

Uponbeingrevived,anagentwill know whatactioncausedtherevival andmaymodify its

behaviour accordingly.
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Thesystemis somewhatcomplex (only themostbasicform hasbeendescribedhere),but

it hasbeenclearly shown that by de®ninglocal behaviour of individualsin this fashion,

complex behaviour can occur on a global level and that knowledgeso derived may be

successfullyappliedto realsystems.Unfortunatelythecomplexity of Mirror modelinghas

limited theapplicationof thesystembyotherresearchersto®eldswhereit mayhaveproved

useful.

The successfuldivision and computationalmodel from biological simulation, and the

experimentalpower afforded to usersof the Mirror model must be aspiredto by the

Creaturesmodel. However it also demonstratesthe dangerof complexity, as this has

preventedtheexploitationof Mirror whereit shouldhaveprovedinvaluable.

2.1.5 *Logo

Thisvariantof theLOGOlanguage[54] developedfor theConnectionMachine[29] provides

multiple TURTLEs which may be instructedto move in an SIMD (Single Instruction

Multiple Data)fashion.They moveoveranarrayof ®xedelements,calledPATCHeswhich

maybeusedasatraditionalCA. Finally thereis provisionfor serialcode(theOBSERVER)

whichrunsin parallelwith theTURTLEsandPATCHes.

The systemis an experimentalprogrammingenvironment,which allows naive usersto

easilyoperatea connectionmachine,andto someextentexploit the parallelismafforded

there.In thatsenseit maybesuccessful,butasabasisfor serioussimulationit hasanumber

of shortcomings.

Themodelisoverly rich in providingTURTLEs,PATCHesandOBSERVERs. These

structuresdonotoperatetogetherin aconsistentfashionÐ mostobviouslyTURTLEs

operatein a continuous,in®nitespace,while PATCHesform a discrete,®nitespace

(*Logo PATCHesbeing only a pale imitation of the generalentitieswhich drive

Mirror models).

Someof theªPrimitiveº operationsareundulyheavyweight,allowing therealissues

of a simulationto beglossedover. TheªSniff º operatorfor exampleconsidersthe

valueof avariableoveranumberof PATCHesandcalculatesthelocalgradientof the

variable(in two dimensions).While thismaybeausefulthing to do, it is dif®cultto

considerit asaªprimitiveº giventheamountof samplingandcomputationinvolved.

Someof theparalleloperationsareambiguouslyde®ned.By allowing anobjectto
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performarbitraryoperationsuponanother,theorderof evaluationbecomesimportant.

Thismaypotentiallyreduceparallelism.

Thereis little enforcementof locality in themodelÐ any objectmaycommunicate

with any other provided it hasa methodof referencingit. In particularthe OB-

SERVER existsin a totally globalfashion,makingit dif®cultto ensuretheintegrity

of simulationsdeveloped.

Of the problemsin the *LOGO system,the ®rstis the most interesting. Examiningthe

codeprovidedwith thesystemfails to provideany illustrationof PATCHesandTURTLEs

operatingtogetherin aneffective manner. EitherPATCHesareusedasCA or TURTLEs

areusedto provide an agentbasedmodelingenvironment,with little useful interaction

betweenthe two modellingtechniques.A numberof examplestaken from the *LOGO

programmingmanualareconsideredhere.

The ªAntsº example(®gures2.2, 2.3 and2.4) describesa systemof antsrepresentedby

TURTLEswhichmovearoundsearchingfor food. Trailsaremarkedby forcingPATCHes

tocarrypheromone.Thepatchesreducetheirpheromonelevelby afactorateachtimestep.

There's alsoa nest,which operatesin a similar fashion. The PATCHesarea somewhat

inef®cientway to hold pheromone,asthey exist at all spacebut carryusefulinformation

only overa verysmallsubsetof thatspace.It wouldbeequallypracticalto useTURTLEs

to hold this databy creatinga classof TURTLE which remainsstationarysignifying the

presenceof pheremoneat a particularlocation. TheObserver initializes the system,and

thenaddsnew Ants after a while. Theexistenceof an observer is usefulbut the work it

performsin thiscasecouldjustaseasilyhavebeenimplementedby a TURTLE.

By contrastthe ªFireº example(®gures2.5 and 2.6) usesonly PATCHes,and operates

entirelyasCA. PATCHesreadtheir neighbors,thensettheir own state.The®nalexample

ªRopeº(®gures2.7 and2.8) representsa ropewith oneenddrivensinusoidaly, the other

endbeing®xed. Themid pointslook to theTURTLE on their left andright, andcalculate

theirvelocityaccordingly(PATCHesplaynopartin thismodel).Thoughit appearsat®rst

sightthemodelreliesononly localcommunication(eachTURTLE observesits immediate

neighbors)thesimulationreliesonany agentbeingableto talk to agentsthatit canidentify

(by somewhatunquali®edmeans),evenwhenthetwo agentshavemovedapart.

Theavailabledocumentationfails to provideasingleexamplewhereTURTLEs,PATCHes

and the OBSERVER are all usedtogetherin an effective fashion. Any single one of

thesemechanismis computationalycomplete,andhencethe inclusionof all threeis an
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to turtle-demon

ifelse :my-food > 0 [look-for-nest][look-for-food]

end

to look-for-nest

ifelse ask patch-here [:nest?]

[make "my-food 0 rt 180 fd 1 setc red]

[demand patch-here

[make "pheromone :pheromone

+ ask turtle-here [:pheromone-drop-size]]

if :pheromone-drop-size > 0

[make "pheromone-drop-size :pheromone-drop-size - 0.6]

seth uphill "nest-scent right random 40 left random 40 fd 1]

end

to look-for-food

ifelse ask patch-here [:food > 0]

[make "my-food 1

demand patch-here [make "food :food - 1]

make "pheromone-drop-size 35 setc yellow

rt 180 fd 1]

[make "pheromone-here ask patch-here [:pheromone]

if :pheromone-here < 3.0

[ifelse :pheromone-here < 0.2

[rt random 40 lt random 40]

[seth uphill "pheromone]]

fd 1]

end

Figure2.2: Ant foragingTurtleProcedures
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to setup

make "food 0

make "pheromone 0

ifelse (dist 0 0) < 5 [make "nest? true make "nest-scent 1000]

[make "nest? false make "nest-scent 1000 / dist 0 0]

if (dist 20 0) < 4 [make "food 1]

if (dist -24 -36) < 5 [make "food 1]

if (dist -44 44) < 6 [make "food 1]

set-diffusion-rate 0.15

update-colors

end

to patch-demon

diffuse "pheromone

make "pheromone :pheromone * 0.95

update-colors

end

to update-colors

ifelse :nest? [setc purple]

[ifelse food > 0 [setc blue]

[scale-color green :pheromone 0 2]]

end

Figure2.3: Ant foragingPATCH Procedures
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This program simulates the foraging behavior of ants.

Ants search for food (shown in blue), then leave a pheromone

trail as they return to the nest (shown in purple). Other ants

follow the trail to the food, then reinforce the trail on

their way back to the nest.

Instructions for use:

* Type SETUP to setup the ants.

* Then type STARTD (or GOFOR<number>) to start the demons.

Notice how the colony as a whole seems to exploit the food sources

systematically, starting with the closest food source then working

outward.

to setup

clear-all

reset-clock

fep [setup]

make "total-ants 100

end

to observer-demon

if clock < :total-ants

[create-custom-turtle 1 [setxy 0 0

set-sniff-distance 3.0

make "my-food 0]]

end

Figure2.4: Ant foragingOBSERVER Procedures
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to patch-demon

if red? [burn-a-bit

demand patch 0 [if color = green [setc red]]

demand patch 90 [if color = green [setc red]]

demand patch 180 [if color = green [setc red]]

demand patch 270 [if color = green [setc red]]]

end

to red?

(color >= 4) and (color <= 10)

end

BURN-A-BIT makes the trees become darker as they burn

to burn-a-bit

if color > 4 [setc color - 1]

end

to border-cell?

(xpos = left-edge) or

(xpos = right-edge) or

(ypos = top-edge) or

(ypos = bottom-edge)

end

Figure2.5: FirePATCH Procedures
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This program simulates the spread of a forest fire.

The spread of the fire depends critically on the density of trees.

Instructions for use:

* Type SETUP <number> to setup up the forest.

* Start the demons with STARTD to watch the fire spread.

Things to try:

* Try different densities of trees (different inputs to SETUP).

* Try different resolutions (use SET-SCALE).

to setup :percentage

fet [die]

clear-patches

fep [if :percentage > (random 100) [setc green]

if xpos = (left-edge + 1) [setc red]

if border-cell? [setc blue]]

end

As an alternative to starting the demons,

you can use the BURN procedure

to burn

fep [patch-demon]

if (patch-subtotal [color = red]) > 0 [burn]

end

Figure2.6: FireOBSERVER Procedures
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to setup

seth 0

sety 0

setx who + left-edge

if xpos = left-edge [setc green

deactivate-demon "rope-demon]

if xpos > left-edge [setc red

deactivate-demon "input-force-demon]

if xpos = right-edge [setc blue

deactivate-all-demons]

make "yvelocity 0

make "yaccel 0

make "spring-constant 0.3

make "friction 0

end

to input-force-demon

sety :amplitude * sin ask observer [:frequency * clock]

end

to rope-demon

make "yaccel :spring-constant * (((ask who - 1 [ypos]) - ypos)

+ ((ask who + 1 [ypos]) - ypos))

make "yvelocity (:yvelocity + :yaccel) * (1 - :friction)

fd :yvelocity

end

Figure2.7: RopeTURTLE Procedures
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This program simulates waves on a rope.

The rope is composed of turtles. Each turtle acts as if

it is connected to its neighbors by imaginary springs.

The left end of the rope moves up and down sinusoidally.

The right end of the rope is fixed.

Instructions for use:

* Type SETUP to setup the turtles.

* Then type STARTD (or GOFOR<number>) to start the demons.

Things to try:

* Vary the frequency of the input force. Try: MAKE "FREQUENCY2

* Vary the friction. Try: FET [MAKE "FRICTION .01]

to setup

clear-all

create-turtle 2 * right-edge

reset-clock

fet [setup]

make "frequency 4

make "amplitude 32

nowrap

end

Figure2.8: RopeOBSERVER Procedures
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unnecessarycomplication. *LOGO's aim is to provide a programmingenvironmentin

which inexperiencedprogrammersmayexploit thepower of parallelcomputation.From

suchaperspectivetheoverlyrichsetsetprimitivesmaybeconsideredanadvantageallowing

the programmerto selectthe techniqueswhich bestsuit the problemat hand. From a

theoreticalviewpoint however, as a tool for understandingthe natureof computational

systems,*LOGO is unlikly to beof bene®t.PATCHes,TURTLEsandOBSERVERseach

individually provideamodelof computationwhich is suf®cientlycomplex thatit de®esall

but thesimplestanalysis.Only by strippingsuchmodelsto their simplestcomponentscan

therebeany hopeof understandingthenatureof systemsthey maydescribe.

2.2 De®ningCreatures

2.2.1 An Informal Description of the CreaturesModel

A Creaturessimulationconsistsof anumberof activeelements(creatures)whichexist in a

discretespace,andupdatesynchronouslyatdiscretetimeintervals.A simulationis de®ned

by specifyingthe behaviour andinitial locationof eachcreature.The complexity of the

simulationis dependentnot on thecomplexity of the individual elements,but on thevery

largenumbersof suchelements,andthe interactionsbetweenthem. In developingsuch

simulations,the modelallows the userto experimentwith and isolatethe characteristic

propertiesthatdeterminethesystem'sbehaviour2.

Eachcreaturehasits own statewhich only it maymodify, thoughsomeof this statemay

be madevisible to othercreatures.The behaviour of a creaturemay dependon its own

state,andtheexternalstateof any othercreaturesin thesamelocation.Thisbehaviour may

includechangingits own state,creatingnew creatures,andmoving to anadjacentlocation.

Themodelmaybesummarisedasfollow:

1. A simulation shall be composedof agentswhich shall updatetheir state syn-

chronously.

2During thissectionthefollowing de®nitionsshallbeused:

ªsystemº: therealworld structurebeingsimulated.

ªmodelº: thesimulationtechniquesbeingappliedie Creatures.

ªsimulationº: therulesandresultantbehaviour whichattemptto approximatetheªsystemº.
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2. An agentsstateshallberepresentedasa ®nitenumberof parameters.Thesemaybe

usedto in¯uenceany futurebehaviour.

3. An agent's stateshall beprivateto that agentwith the exceptionof oneparameter,

known asthatagent's type.

4. An agent's locationin spaceshallbede®nedby a subsetof theagentsstate,which

theagentmaynotdirectlyoperateupon.

5. Thespacein whichagentswill exist shallbediscrete,uniform,andin®nite.

6. An agentmay indirectly changeits locationby moving to an ªadjacentºlocation,

relativeto its currentlocation.

7. Interactionsbetweenagentsshall be limited to the detectionof other agents,by

observingthenumberof agentsof agiventype.

8. Agentsmayonly observeotheragentswhoselocationis identicalto theirown.

9. An agentmaycreateany numberof new agentsin its currentlocation.Thesemaybe

of any type,asspeci®edby theparent.This is theonly datatheparentmaypasson.

Theserulesdescribeasimplemodelwhichcanbeimplementedef®ciently, while providing

a suf®cientlyrich environmentto developsimulations,of a similar level of complexity to

thosefoundin cellularautomata.

Theparametersof themodelmayjusti®edasfollows:

A simulation shallbecomposedof agentswhich shallupdatetheir statesynchronously.

The emphasisof a modelshouldbe on the active agentswithin a systemratherthanthe

spacewhich they occupy (asillustratedby thelimitationsof CellularAutomata).Theuse

of discretetime maybe regardedasa globalexchangeof information. However discrete

timesystemsaregenerallyeasierto programandto implement.Theuseof aprogramming

modelensuresthat thesynchronousnatureof simulationsis explicit. Without prede®ned

modelof computation,thenatureof time within a simulationmaybe unclear, increasing

thelikelihoodthatglobalsynchronizationmaybeaccidentallymisused.

An agentsstateshall be representedasa ®nitenumber of parameters. Thesemay be

usedto in¯uence any futur e behaviour. Eachcreatureessentiallycarriesits own data

spacewith it. Thisencapsulationprovidesthenecessaryseparationbetweenagentstoallow
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theparallelimplementationof a system.It alsosimpli®esthedevelopmentof a creatures

behaviour speci®cation,asa behaviour maybedevelopedfor oneor a few creatures,then

scaledto operateonmany creatures.

An agent's state shall be pri vate to that agent with the exceptionof one parameter,

known asthat agent's type. By separatingtheprivateandpublic stateof a creaturethe

variablesthatareusedin interactionsaremadeexplicit. A creaturemayonly interactbased

uponthepublicstateof othercreatures,withoutconcernthatinformationmayaccidentally

be distributeddueto programmingerrors. Considerfor exampleantssearchingfor food

Ð an ant may rememberthe locationof a pieceof food, but hasno explicit methodof

communicatingthis informationto anotherant. By holdingthelocationin its privatespace

any collectivebehaviour is provennot to bearesultof directobservation.

Typically ªtypeº will bea simplescalarquantity(if only from thepracticalperspectiveof

implementingnon-scalertypes). However thereis no theoreticalreasonwhy typeshould

not bea vectorof arbitarycomplexity. Thedistinctionof the typeparamenteris that it is

observable,andhenceis imprtantin thecommunitationof informationbetweenagents.

An agent's location in spaceshall be de®nedby a subsetof the agentsstate, which

the agentmay not dir ectly operateupon. By hiding a creature's absolutelocationthe

existenceof speciallocationsis prohibited. This preventscreaturesfrom migrating to

certainhardcodedlocations.In a systembeingsimulatedit is unlikely thattherealworld

elementswould be able to identify their location without referenceto external stimuli.

Thisdoesnotpreventcreaturescountingtheirown movementsto createtheirown personal

coordinatesystem.

The spacein which agentswill exist shall bediscrete,uniform, and in®nite. Discrete

spacegreatlysimpli®estheinteractionof creatures,andtheimplementationof themodel.

A creatureis eitherin thesamelocationasanotheror in a differentlocationÐ theissueis

alwaysclearcut. Theuniformity of spaceprovidesthesimplestof environmentsin which

creaturesmay interact. Shouldit benecessaryto indicatespacialfeatures,creaturesmay

beplacedin locationsto actassignposts.Theprovisionof explicit spacebasedoperations

would thereforeberedundant(asit is in *Logo). By makingspacein®nitethereis noneed

to considerboundaryconditionsunlessexplicitly requiredby a speci®csimulation(which

mayde®neboundariesby meansof aspeci®ccreaturetype).
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An agent may indir ectly changeits location by moving to an ªadjacentº location,

relative to its curr ent location. By limiting the movementsof a creaturelocality is

encouraged,andtherequiredconnectivity of spaceis reduced(whichmaybeimportantfor

anef®cientimplementation).Movementmustbespeci®edrelative to a creature's current

locationasthereis no methodof specifyinga speci®clocation.This ensuresthatpartof a

simulationwhichoperatescorrectlywill continueto functionin anew location,facilitating

easierdevelopmentanddebugging.

Interactions betweenagentsshallbelimited to thedetectionof other agents,by observ-

ing the number of agentsof a given type. Speci®cationof the interactionof creatures

is a potentialsourceof complexity in a modelsuchas this. Limiting the interactionto

this simpli®edform may make certainkinds of simulationmorecomplex. However an

alternativemoreelegantsolutionhasnotbeenfound.

It is essentialthat interactionsbe limited to observation dueto the parallelnatureof the

system(theorderof evaluationof creaturesshouldbehiddenfrom theuser).Suchamodel

ensuresthat eachdataelementwithin the systemis writable by only onecreatureÐ the

creaturethat holds that dataasa parameterwithin its state. If a pair of creatureswere

allowedto performa write operation(theoreticallyat thesametime) on thesamedatait is

unlikely thatbothwouldbeableto succeedin any predicatblefashion.Thelimited form of

interactionavailableallowsasnapshotof aspaciallocationto beproduced,andusedasthe

input for eachcreature's transitionfunction. Theªrealº agentsin thelocationmaythenbe

processedentirelyindependently, their instantaneousexternalstatehaving beingcaptured.

Agents may only observe other agentsif their locations are identical. This greatly

simpli®estheinteractionof creatures,astheobservationof othercreaturesisnow associative

anddistributive. If A canseeB thenB canseeA, andif A canseeB andB canseeC

thenA canseeC. Any operationperformedby a setof creaturesis self contained,and

is (in a weaksense)participatedin by all creaturesin the location. This constraintalso

preventsthehiddensharingof datain asimulationÐ communicationatadistancedoesnot

occurwithoutacarrierof thatinformationmovingbetweenthetwo locations.By explicitly

codingthis into a simulationthetruenatureof theinteractionis madeclear.

Thealternative to a strict locality would leadto vastly increasedcomplexity in thespeci-

®cationof behaviour Ð it mustbeconsideredwhetherthedistanceat which interactions

maytake placeis a functionof theobserver, theobserved,bothor neither. Becausespace

is discretesomeform of neighborhoodfunctionbasedupona numberof theseparameters
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would needto bespeci®edfor eachsimulation.Theaddedcomplexitiesdo not justify the

extensionof themodel.

An agent may createany number of new agentsin its curr ent location. Thesemay

be of any type, asspeci®edby the parent. This is the only data the parent may pass

on. Duringthedevelopmentof theCreaturesmodelanumberof systemsweredeveloped

which allowed morecomplex informationto be passedon to offspring. However asthe

systemdevelopedthemechanismsnecessarytoperformthisoperationbecameincreasingly

complex, from both a developerand user's perspective. In reactionto this, the current

form of agentcreationwasdeveloped. Although this greatlyrestrictedthe model it has

provedpossiblewith experienceto convert all previousmodelsto this form despitetheir

apparentcomplexity. Therestrictedformof producingoffspringgenerallyproducessimpler

simulations.

A numberof thesepointswould appearto overly restrict the modelandperhapsprevent

the developmentof certain typesof simulation(for example: that creaturesmay only

observecreatureswith identicallocationsmightappearto limit thetransferof information

arounda system),in practice,it hasprovedpossibleto overcomethesedif®cultieswithout

compromisingtheintegrity of themodel.Techniquesapplicablein onesimulationareoften

usefulin others,andthe examplesfound later in this reportshouldillustratesomeof the

commonprogramstructures(in additionto clarifying thedetailsof themodel).

2.2.2 A Formal De®nitionof the CreaturesModel

TheCreaturesmodelmaybede®nedin amorerigorousfashionby theuseof settheory, and

®nitestatemachinetechniques[30][46][37]. In doingsoanaccuratede®nitionof themodel

will beproduced.In additiontoclarifyingthepreviousinformaldescription,amathematical

form of asimulationmaypotentiallybetransformedto amoredesirabledescription.

A singlecreatureat a singleinstantin time (referredto asa creatureinstance)is a state

machine

(2.1)

Where rangesover , thesetof statesattainableby a creature.States arein fact the

triple where is the location, thecreature's typeand the internalstateof the

creature.

The outputof a creature( ) representsthe creature's childrenwhich will be placedinto

Creatures



The CreaturesModel 39

thesystemat thenext time step. This setof creatureinstancesis formedby applyingthe

outputfunction to andaninput to thecreaturefrom therestof thesystem:. This

input (which is de®nedin a following section)is basedonthesetof creatureswhichhavea

location . All creaturesin theset havetheinternalstate 0 (astateglobally

de®nedby rulesof thesystem)andlocation (the locationof the parentcreature).

mayberangefreely for eachchild, speci®edby theoutputfunctionof theparent.

Similarly thenext statefunction is appliedto and to givea new creatureinstance.

Thisnew instanceis usedto representthecreatureat thenext timestepÐ theold creature

instanceonlyexistsatasinglepointin time(thecurrenttimestep),andis thereforediscarded

onceits outputandnext statehave beencalculated.This new instanceis distinctfrom the

child creaturesof theoutputfunction,asboth and elementsof its statemaybefreely

speci®ed.In addition maybeindirectlymanipulated.

Space

Thelocationof a creature is ann-tupleof integers(theexamplesdescribedelsewherein

this thesisaretypically of ordertwo).

Thelocationof creatureinstance (2.2)

A creatureslocationde®nesthe setof creaturesit may interactwith (which areusedto

producetheinput to thetransformationfunctions and ). This is expressedin termsof

theªCanSeeºrelation de®nedsuchthat:

(2.3)

where and arecreatureinstances.A creaturemayseeanotherif it occupiesthesame

locationin discretespace.

Theconceptof locationis alsousedto restrictthemovementof creatures.Eachlocation

hasa neighborhood

Thesetof locationsa creatureat location maymoveto in a singletimestep

(2.4)

Theneighborhoodoperatoris associativewith translationsuchthat:

(2.5)

where , and arelocations,and is any vectorof appropriatedimmension.
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Next statefunctionsalwaysproducecreatureinstancessuchthat:

(2.6)

It is requiredthat the de®nitionof be free from referencesto absolutelocationsÐ if

theentiresystemis translatedits behaviour shouldremainunchanged.This is achievedby

de®ningthe in termsof a function with thepropertythat:

0 (2.7)

where0 representsan origin locationsuchat : 0 0 . The operationof

additionof vectorsandcreatureinstancesis de®nedsuchthat:

(2.8)

Thenew creautureinstanceis a translationby , all otherparametersbeingunchanged.

maythereforebeensuredto befreefrom absoluterefrencesto locationby de®ningit as:

(2.9)

Thenotation maybeusedasshorthandfor , representingthe locations 's

next stateinstancecould occupy. The abbreviatedform is morereadable,and indicates

bettertheintentionof thestatement.

Theoutputfunctionalwaysproducescreaturesat thelocationof theparent:

: (2.10)

Onceagainit is necessarythatthefunctionis freefrom absolutereferencesto locationand

hencea function is created:

: 0 (2.11)

maythenbede®nedas

(2.12)

A neighborhood maycontaina locationDIE. This singlelocationwill generallybe

adjacenttoall otherlocationsandhastheadditionalspecialpropertiesthat ,

and (acreatureatthislocationmaynevermoveto any otherlocation).

This is usedin thefollowing sectionsto removecreaturesfrom thesystem.
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Observations

At an instantin time a creaturessystemis a setof creatureinstances . The input of a

creature instanceis baseduponthesubsetof creaturesin thatmaybe observedby .

Only asubsetof acreaturesprocessspacemaybeobservedÐ thecreaturestype: , as

thisensuresthatinformationwhich is privateto a creatureremainsso.

A creature mayobservea subsetof thesystem in which is exists:

: (2.13)

representsthesystem asperceivedby creature .

Theinformationavailableto a creatureis thereforethecollection(not a set,asduplicates

areallowed)of creaturetypes:

(2.14)

Thiscollectionis usedaspartof theinputto thetransitionfunctionsto in¯uenceacreatures

next stateandoutput.

Time

TheCreaturesmodelhasso far beenconsideredto existsat a singlepoint in time. Each

creaturewithin thatsetproducesanoutputwhich maybecollectedto producetheoutput

of a completesystem.

: : : (2.15)

Theoutputof a setof creaturesis theunionof all creaturesthatareborn,andall creatures

thatdonotdie.

A simulation representsa completecreaturessystemexisting over time. Having been

initialised to the state 0 it exists at discretetime steps 0. is the setof creature

instancesrepresentingthesystemat time .

1 (2.16)

Informationpreservingcreaturede®nitionsmaybeprepared- in thesespecialcasesªnega-

tiveº timemaybeintroducedinto thestatehistory. This is mosteasilyobservablewhen

and arerestrictedsuchthat

: : (2.17)
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That is no creaturesmay be createdor destroyed. Considera sytemwhereall creatures

move eastat eachtime stepÐ given the state of sucha systema unquiestate may

trivially beconstructedsuchthat . Thereforegivenastate 0 it isequallypossible

to contructa uniquestate 1 suchthat 1 0, eventhoughthesystemwasonly

consideredto becreatedat time 0.

CreatureTraces

In additionto slicesthroughthetime axis,we mayalsoconsiderthecontinuousexistence

of a singlecreatureasit existsthroughtimeas:

unde®ned 0

0 0

: 1 0 :

unde®ned :

(2.18)

Where 0 is thetimeatwhichcreatureis ®rstcreated,eitherby theinitialisationof the

system( 0 0) or by beinggivenbirth to by anothercreature( 0 1).

At this time( 0) thecreatureis createdin aninitial state.At eachsubsequenttimestep

thecreaturecalculatesits own next state,until suchtime it decidesto die. Outsideof this

time interval thecreaturetraceis notde®ned.

A creature( ) existsat time if

(2.19)

It mayalsobenotedthat thesede®nitionsof and guaranteethata creaturetracewill

becontinuous:

0 : (2.20)

thatis if acreatureexistsat time , andit existsandtime thenit mustexist atall times

between.

Stability and local equivalence

Two creatureinstances areweaklyequivalentif for somespeci®cfunction ,

. They arestronglyequivalentif for anyfunction 3.

3Whenconsideringequivalenceit shouldbenotedthat in practisethestatetransitionªfunctionsºmaynot be

truefunctionsÐ many simulationsemploy non-determinism
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Similarly thestability of completesystemsmaybeconsidered.A creaturesystemis said

to beweaklystablewhenfor aspeci®cfunction :

1 2 (2.21)

andstableif for anyfunction:

1 (2.22)

In sucha case,for truetransitionªfunctionsº:

1 (2.23)

Guards

Thepartof acreaturesnext state,andoutputfunctionswhichmaybede®nedby anenduser

( and ) arespeci®edasa setof conditions,known asguardsthat , and

mustsatisfybeforeanoperationis performed.As thetransitionfunctionis appliedto

asinglecreaturetheseparamentersmaybeabbreviatedto , and Ð thestate,type,and

input of thecreaturebeingevaluted. Theseguardsandactionsde®ne 1 and .

For example

# 1 DIE (2.24)

Where is thecollectionof typesof creaturesthatmaybeobserved,asde®nedpreviously.

# is thenumberof elementsin thecollection.Thecreaturewill performtheactionDIE if

it canseemorethenonecreature(thecreatureitself is includedin , hence# will always

beat least1). For convenienceguardsareevaluatedin order. Thisremovestheneedto test

for all previouscases.

# 1 DIE

TRUE CENTER
(2.25)

The operationDIE is a ªterminalº operation,and thereforedoesnot return. Therefore

operationCENTERwill only beperformedwhenthe®rstoperation'sguardhasfailed.

Guardconditionscommonlyarebasedaroundthenumberof creaturesof agiventypewhich

arevisible. Thecardinalityoperationis thereforeextendedto takea parameter:

# # : (2.26)

Theoperation #3wouldthereforereturnthenumberof creaturesof type3 thatcanbeseen.

#1 1
1 CENTER

TRUE NORTH

TRUE DIE

(2.27)
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Thisexamplealsoshowshow guardstructuresmaybeusedaspartof actions.If acreature

canseea singlecreatureof type1 it movesnorth,unlessit is itself that type1 creaturein

which caseit remainsin its currentlocation. If a type1 creaturecannotbeseenthenthe

currentcreaturedies.

Actions

Theactionsavailableto a creatureare

Changesof internalState

Changesof Type

Changesof Location

Birth of new creatures

The®nalitemÐ Birth is dealtwith independentlysinceit relatesto , ratherthan .

A creaturemayperformarbitraryoperationsuponits internalstate . A creaturemay

alsoactuponits externalstatus(or type) . Theresultsof thesewill bepassedon to

: 1.

Thecreatureslocation is notpassedinto thetransitionfunctionasde®nedby theuser( ),

andhencemaynot beusedaspartof thebehaviour de®nition.Movementis restrictedto

relativeoperations.Theresultof will beacreatureatalocationin , but theresult

of will beat a locationwithin within 0 . Thegraveyardlocationis alsoincluded

in this domain. The DIE operatorsets . This location is

usedto indicatethat shouldnotbeincludedin theset 1. All movementoperators

areterminaloperators.That is, following a movementoperatorthevaluesof , , and

areformedinto a triple, andreturnedas . No furtheroperationsmaybeperformed.

However if nomovementoperatoris presentwithin anaction,thenotherguardswithin the

rulemaybetested,andadditionalactionsperformed.

For exampleif is de®nedasaninteger:

# 1 # 1

10 0;

TRUE FORWARD

(2.28)

This rule movesa creatureFORWARD. As it movesit countsthe numberof creaturesit

sees.Whenit hasfound10or moreit turnsLEFT (aterminaloperator, asit it is assumedto
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includethechangeof location),andresetsthecount.It shouldbenotedthatuponobserving

acreature,theactiontakenis doesnot includea terminaloperator. Thefollowing rulesare

thereforetested,andthecreaturemoveseitherFORWARDs or LEFT.

Birth

A creaturemaygive birth to any numberof othercreaturesof any type. Thesewill begin

their ºlifeº at thelocationof theirparent.

: (2.29)

However in termsof the de®nablepart of the transitionfunction births take placeat the

origin:

: 0 (2.30)

Offspringperformno operationsat time . Their stateis setto 0, andthey areinserted

into 1 in preparationfor 1, whenthey behave accordingto thestandardrule

set.

For Example:

# 1

# 1
0 1;

1 0;

TRUE WANDER
(2.31)

All creaturesperformtheoperationWANDER. However, shouldaFEMALE andaMALE

®ndthemselvesalonetogether, a singleoffspring will be produced. The offspring of a

speci®cfemalewill alternatebetweenmaleandfemale.

In additionto thetransitionrule it mayalsobenecessaryto specifytheinitial stateof new

creatures . In theaboveexample 0 wouldsuf®ce.

2.2.3 Equivalences

For the Creaturesmodelto begenerallyuseful it mustbecomputationallycomplete[68].

The simplestmethodof establishingthis is to demonstratethat the Creaturesmodel is

equivalent to anothersystemwhich hasbeenestablishedas being complete. The most
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basiccomputationallycompletesystemis aTuringmachine,andhencetheimplementation

of a Turing machinein CA will be considered.In additionthe equivalenceof Creatures

andCA maybesimply demonstrated.This suggestsa methodby which CA rulesmaybe

mechanicallytransformedinto Creatures,thoughin aninef®cientmanner, andshows how

basiccomputingmodelsmaybeimplementedwithin Creatures.

The Turing Machine

A TuringMachine[64] consistsof a ®nitestatemachineanda tapedividedinto cells,each

cell containingat most, one symbol from an allowable ®nitealphabet(without loss of

generalitywe may consideronly a binary alphabetof symbolor no-symbol). The ®nite

stateªunitº may

1. readthecontentsof a cell;

2. print asymbolon thecell read;

3. moveto thenext state;

4. movetheread/writeheadonecell left or right;

Theequivalenceof theCreaturesystemtoaTuringmachinemaybeshownbyimplementing

aTuringmachineasfollows:

1. thesetof creaturestypesis de®nedasonetyperepresentingthesymbolandonetype

representingthe®nitestateunit (FSU).

2. theªtapeº is replacedby thepresenceor otherwiseof symbolcreatureswithin a one

dimmensionalspace,eachsymbolcreatureremainingin a singlespeci®clocation

from brith to death. Whena symbolcreatureobservesthe FSU creatureit always

dies. However in suchan event the information carriedby the symbol hasbeen

observedby theFSUandmy bereprintedif necessary.

3. theª®nitestateunitº is representeda singlecreaturein thesystemwhichcan

(a) detectthepresenceof a symbolcreature;

(b) changeits state;

(c) givebirth to a new symbolcreature

(d) moveto eithertheleft or theright;
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Any systemwhichcanimplementa Turingmachineis by de®nitioncomputationallycom-

plete, and can be shown to be equivalent to any other completesystem. Creaturesis

thereforecomputationallycomplete.

Cellular Automata

CA are also computationallycomplete,and hencethe completenessof Creaturescould

alternatively have beenshown by implementinga CA in Creatures.ImplementingCA in

Creaturesalsorevealsthekey differencesbetweenthetwo systems.Usingatransformation

basedon thisequivalenceit shouldbepossibleto mechanicallyimplementany CA system

in Creatures.Howeversuchanimplementationwould requiremany creaturesfor eachCA

cell, andwould thereforebeinef®cient.

Theconverseoperation(toconvertCreaturestoCA) isnotalwayspossible,as(in thegeneral

case)in a Creaturessystemthereis no limit to thenumberof creatureswhichmayoccupy

a singlelocation.Any CA cell will have a ®nitelimit on thenumberof statesit maybein

(bothby de®nitionof beinga ®nitestatemachine,andby practicalliyof implementation),

andhencea limit to thenumberof creaturesit couldsimulateholding. Thishoweverdoes

not invalidatethatCA arecompleteÐ it is simply thatthereis nosimplemapping.

To implementCA within theCreaturesmodelthearraythatis thecellularautomatoncanbe

representedwith a regularmeshof identicalcreatures,eachof which remainsin thesame

locationfrom stepto step.Thearraywill thenbediscrete,it will computeat regulartime

intervals,eachcellwill havea®xednumberof states,beidentical,andupdatesynchronously

baseduponpreviousstates.

Theprimarydifferencebetweentheªcreatureºarrayandthecellulararrayis in thehandling

of neighborhood.The Creaturesªcanseeºoperatoris not capableof ªlooking acrossºto

neighboringlocations.Instead,theneighborhoodmustbeimplementedby forcing thecell

creatureto give birth to multiple ªcommunicationscreaturesºthat traversethe spaceand

on travelling a setdistance(de®nedby the neighborhood)give birth to an ªinformation

creatureºandthendie.

Eachcell updateswhenit hasa full complementof ªinformationº creatures.This ensures

that all updatingis synchronous(sinceeachcell creaturewill be both broadcastingand

receiving thesamenumberof neighbors).Thecellularautomatonwill thereforeªcomputeº

at time intervalsproportionalto thelongestpathwithin theneighborhood.

Using this framework it is possibleto mechanicallytransformany CA simulationinto
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an equivalent Creaturessimulation(thoughthe practicality of sucha transformationis

limited). CA andCreaturesthereforecanbe seento be computationallyequivalent,and

henceCreaturesis shown to becomplete.

2.2.4 Complexity

In general,the task of computingthe ªnext stateºof a creaturesystemis a many body

problemÐ a largenumberof independentagentseachpotentiallyin¯uencingany andall

of theothers.It maybeconsideredashaving two parts

determiningtheinputof eachcreature(mapping)

performingthetransformationfunctiononeachcreature(stepping).

The complexity of the transformationfunction may be assumedto be independentof its

inputs,andhencesteppinghasa complexity of ( creatureswould requirethefunction

to be applied times,taking timesaslong for creaturesaswould be requiredfor

one).

Withouttheapplicationof apriori knowledgeeachcreaturemustbecomparedtoeachother

creatureto establishwhetherthey canªseeºeachother. In thegeneralcasethe mapping

operationhasa complexity of 2 Ð eachcreaturemustbecomparedto everyother.

Thetotal time to naively stepa systemis therefore 2 . However the time taken

to calculatethe input to eachcreaturerapidly comesto dominatethe performanceof the

system.Thesystem'ssteptimewill beapproximatelyproportionalto 2. A systemof this

type will rapidly becomeimpracticalto implementasfor largepopulationseven a small

increasein thenumberof creatureswill haveadetrimentaleffectonperformance.However

locality maybeexploitedto improvethissituation.

If the systemwere implementedwith oneprocessorper location(as in a CA), then the

complexity of mappingwould betotally removedÐ any creatureon theprocessorwould

be able to seeall othercreatureson the processorso no calculationof inputswould be

requiredother than to compile a list of all creatureson the node. However this would

potentiallyreducesteppingperformance,asprocessorsrepresentingemptylocationswould

be idle, while processorsrepresentinglocationswhich containmany creatureswould be

heavily loaded.

Creatures



The CreaturesModel 49

Theworst caseoccursgiven creaturesand processors.In sucha situationit would

be possibleto stepall creaturesin a single time unit by placing one creatureon each

node. However if spatiallocality is usedto placeonelocationon eachprocessorandall

creaturesshouldendup in a single locationÐ 1 of processorsmuststandidle

while oneprocessorsteps creatures.Thesteppingoperationwouldthereforebe times

slower thanit ideallyshouldbe.

As will beseenin section3.2.2,by makinga tradeoff betweenthesetwo extremeimple-

mentationstrategies: no locality vs completelocality, aneffective largescalesystemmay

bedeveloped.

2.3 Conclusions

TheCreaturesmodelattemptstodraw onthebestfeaturesof currentcomputerarchitectures

andsimulationtechniques:

thesimplicity andparallelismof CA.

thefocuson interestingeventsfoundin DEVS.

theeaseof applicationof *LOGO.

thesimulationpowerof Mirror.

Ideasfrom thesesystemsare drawn togetherto producea logically coherentmodeling

paradigmandparallelcomputingarchitecture.Thearchitectureis computationallycom-

plete,andhasbeenshown capableof simply implementingbasiccomputingmodels.

The modelhasso far beenconsideredin the abstractwith only occasionalreferenceto

implementationandapplication. In following chapterstheseissueswill beconsideredin

greaterdetail to show thatCreaturesmaybeeasilyimplementedandappliedto a rangeof

problems.
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3

Implementing the Creatures

Model

In orderfor Creaturesto bea practicalprogrammingenvironmentanda usefulsimulation

tool, it mustbepossibleto implementit effectively onat leastoneplatform. Creatureshas

beenimplementedon a numberof systems,eachwith its own strengthsandweaknesses

re¯ected in a uniqueset of performancecharacteristics.The implementationstrategies

usedon eachtype of platformandthe techniquesdevelopedto improve performanceare

describedin thischapter.

TheserialimplementationonaNeXTworkstationprovidesacomplete,̄exible, interactive

work environmenton which simulationsmay easilybe developed. Implementationson

parallel machinesare currently more dif®cult to work with, but offer potentially better

performancewhenlargepopulationsarebeingconsidered.

In orderthatdifferentimplementationsof thesystemmayfully complementeachother, a

languagefor specifyingCreaturesimulations(known asJAM) wasdeveloped. For each

platform,a pre-compilerproducesmachinedependentcodefrom a machineindependent

JAM speci®cation.This allows simulationsto bedevelopedin thewell supportedNeXT

environment,thentransferredto ahighspeedsystemfor largescalesimulations.

3.1 The JAM Language

Duringearlydevelopmentof theCreaturessystem,ruleswerewrittenin thenativelanguage

of the simulator (C or objective C), using a macropackageto deal with the creature

speci®cconceptssuchasmovementandbirths. While this waseffective, andsimpleto

use,it precludedany possibilityof transferringsimulationsbetweensimulatorswritten in
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Figure3.1: CompilingaRulefor Multiple Platforms

differentlanguages,on differentplatforms. The creaturesspeci®cationlanguageªJAMº

wasdeveloped,allowing a simulationto bedescribedindependentlyof the®nalplatform.

A precompilerÐ ªpancakeº takesa JAM speci®cationandproducesa source®le for a

speci®csimulator. This may thenbe compiledusingthe appropriatelanguagecompiler

(®gure3.1). PancakewaswrittenusingYaccandLex, andhasbeentargetedtoC,Objective

C,MPL, C* andOccam.Thecodeproducedmakesuseof systemdependentheader®lesto

de®neneighborhoodandinteractionmacros,simplifying theoperationof theprecompiler,

andreducingthetimerequiredto retargetit.

A simulationis speci®edin JAM by anumberof declarations(someof whichareoptional):

NEIGHBORHOOD:The directionscreaturesmay move in. Typically this may be

VonNeuman(four neighbors),Moore(eightneighbors)or Hex (six neighbors)[63],

thoughmorecanbeadded.Certainsimulatorsmaynotsupportall typesof neighbor-

hooddueto limitationsin theunderlyinghardware.Transputersimplementationsfor

examplearelikely to berestrictedto VonNeumanneighborhoodsdueto their limited

connectivity.

TYPES: Givesnamesto eachof theexternalstatesa creaturemaybein.

VARS: De®nesthenamesandtypesof thestatevariableswithin eachcreature.The
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availabletypesmayberestricteddependingon thesimulatorbeingused.

INIT: De®nestheinitial stateof all creatures.

USE: allowssystemspeci®ccodetobeincludedinto therule,for exampleto rede®ne

thedisplayoperation.

RULE: De®nesthestatetransitionfunctionfor creaturesin thesystem.

The®naldeclaration(RULE:) is basedontheguardsnotationdescribedin section2.2.2.A

ruleconsistsof a list of test-actionpairs(evaluatedin theorderin whichthey occur),where

the actionis performedonly whenthe test is true. An actionmay itself be a test-action

pair list. Alternatively it maybestatementor acompoundstatement.At eachtimestepthe

transitionfunctionis rununtil a terminaloperation(movement)is found,for eachcreature

in thesystem.

Theinputto acreatureis representedby theªcanseeºfunction,whichreturnsthenumberof

creaturesin thecurrentlocationwith thespeci®edtype. As anextensionto this,a rangeof

creaturetypesmaybespeci®ed,anda total of all creatureswithin thatrangeis given. The

birth operationalsosupportsranging,allowing onecreatureof eachtypeto becreatedin a

singleaction. In additionthebirth operationalsosupportsa multiplier, allowing multiple

creaturesto beproduced.

A formaldescriptionof theJAM syntaxis giventhefollowingsection(3.1.1),andexamples

of codemaybefoundin chapter4.

JAM has proved simple to use, and many rules have beendescribedusing it. These

have generallybeenmoreconcisethenequivalenthigh level descriptions.JAM provides

no looping constructs,functions,or otheroperatorsthat would be found in a traditional

programminglanguage,asthesearenot requiredwhendescribingCreaturessimulations.

The reducednumberof conceptsensuresthat JAM source®lesareparticularlyreadable

to non programmers,allowing ®eldexpertsaccessto SIMD parallel simulationwithout

having to learn traditional programmingmethods. Codehasbeensuccessfullymoved

betweenplatformswith only minormodi®cations.

3.1.1 Jam Grammar

input :

neighbordeclaration typedeclaration vardeclaration

usedeclaration initdeclaration ruledeclaration
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neighbordeclaration:

NEIGHBORHOOD: variable ;

typedeclaration:

TYPES: typelist ;

typelist :

typelist , variable

variable

vardeclaration :

VARS: varlist ;

varlist :

varlist , vartype variable

vartype variable

usedeclaration :

USE: uselist ;

uselist :

uselist , variable

variable

initdeclaration :

INIT : statement

ruledeclaration :

RULE: action

action :

tplist

statement
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tplist :

expression : action tplist

expression : action !: action tplist

statement :

expression ;

statementlist

;

statementlist :

statement statementlist

statement

expression :

variable

constant

function ( expression )

function ( variable ... variable )

function ( expression ) ( number )

movement

fnumber

number

( expression )

expression * expression

expression / expression

expression % expression

expression + expression

expression - expression

expression & expression

expression | expression

expression == expression

expression expression

expression expression

variable = expression

fnumber :

number . number
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number :

digit

number digit

digit :

0 9

constant :

random

type

true

function :

cansee

alert

birth

become

iam

movement :

A Z movement

movement

variable :

a z variable

variable

vartype :

int

¯oat

3.2 A SequentialImplementation

The systemhasbeenimplementedon a NeXT workstation[49] in Objective C[11]. The

interactivesimulator(CINC)usesaNeXTStepinterface[24] to takeinputfromtheuser, and

displaytheresultsin a¯exible fashion.This is shown in ®gure3.2. A commandline based
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Figure3.2: TheNeXTStepFrontEnd
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simulator(cinb) usesthesamecorecode,but doesnot implementtheinteractive facilities.

Its performanceis signi®cantlybetter.

The NeXTStepimplementationis the most complete,and the most ¯exible of all the

currentCreaturessystems.Rulesmaybe loadedinto the simulatorwithout recompiling,

the movementof creaturesis displayedgraphically, andsimulationmay be interactively

controlledby theuser. This makesit anidealplatformfor re®ningsimulationswith small

numbersof creatures( 100). The rapid feedbackprovided may be usedto re®nethe

interactionsbetweentypesof creatures.Oncethe rule is suitablydevelopedthe number

of creaturesmay be increased.At a certainpopulationsize ( 10000dependingupon

the applicationand the usersexpectations)the performanceof this simulatorbecomes

impracticallyslow, andtherulemaybetransferredto a largermachine.

Thissectiondescribesthedevelopmentof theserialsimulatorwith particularemphasison

the techniqueswhich allow it to provide such¯exibility , andthe scalabilityissueswhich

will becomemoreimportantasparallelimplementationsareconsidered.

3.2.1 A Naive Implementation

Cincandcinboperateby havingacentralcontrollerobjectwhichholdsaªListº of creatures

representingthecurrentgeneration.Whenthis receivesa ªstepº messageit takesthe®rst

creaturefrom thelist, andcompilesanew list, by transferringall creatureswhicharein that

creatureslocation. Fromthis theªcanseeºarrayfor that locationis evaluated,andpassed

to eachcreaturein thenew list aspart of their stepmethod. In additiontwo further lists

arepassedto thecreatureÐ onerepresentsthenext generation,andall new creaturesare

placedinto this list. Theotherlist is thegraveyardlist, andis usedto collectall creatures

thatareno longerrequiredsothey maybedisposedof andtheirmemoryreclaimed.

This is repeateduntil the generationlist is empty. Garbagecollectionis thenperformed,

andthecontroller'sstepmethodterminates.In Cinc,thecreaturesarealsosentadrawSelf

message,allowing themto draw themselveson thescreen.

Objective C provedto bea particularlyeffective tool for theimplementationof Creatures.

By representingeachcreatureasanobject[26], thecreaturestate,andrule de®nitionmay

easilybe incorporatedinto the Classsystem. A genericCreatureclassprovidesa basic

drawing method,the essentialcreatureparameters(type andposition),anda default step

actionof doing nothing. Subclassingof the Creatureclassmay be usedto rede®nethe

stepactionto introducethebehaviour requiredfor a speci®csimulation. Thesubclassof
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creaturemayalsoeasilyincorporateextra instancevariables.Theinitial stateof a creature

( 0) is codedinto theªinitº method,which is executedwheneveranobjectis created.For

morecomplex simulationsotheractionsmaybeoverwritten,rede®ningthedefaultconcepts

of space,thegraphicalappearanceof acreature,andreplacingthedefault®lehandingcode

to loadandsave creaturesin variousformats.

In additionto thebasicobjectiveC functionality, NeXTStepprovidesfunctionsto dynami-

cally loadClassesin a simplefashion.This allows new rulesto beloadedinto analready

runningsimulator.

3.2.2 A ScalableImplementation Strategy

The performance(measuredin creaturestepsper secondÐ CPS)of the non-interactive

system1 for a rangeof populationsizesis shown in ®gure3.3. The interactive system

performsat approximatelyone ®fth of this speed. While the ªnaiveº implementation

provedusefulfor developingrulesby allowing smallscalebehaviour to beexamined,the

performancedegradesrapidly asthe populationincreases.During the stepoperationthe

locationof everycreatureiscomparedwith everyothercreature[12] toproducetheªcanseeº

arrays. The time taken to performthis action(referredto asmapping)is approximately

proportionalto the squareof the populationsize. Thoughasfew as 1 comparisons

mayberequiredto mapthesystem,theworstcaseof 1
2 2 comparisonsis more

likely to apply.

As thepopulationsizeincreasesmappingwill inevitablycometodominatetheperformance

of thesystem,dwar®ngthe time requiredto evaluatethe transitionfunction. Thesystem

mustbemappedonceateachtimestep.Thetime takento performthismappingis 2 ,

andhenceperformancemeasuredin generationspersecondfallsawayas1 2. Howeverat

eachtimestep creaturesareprocessed.Themappingtimepercreatureis therefore .

Themeasureof systemperformancethathasbeenusedin this thesisis ªCreaturesSteps

PerSecondº(CPS),whichfor thenaiveimplementationis proportionalto 1 asshown in

®gure3.3.

In order to avoid this loss in performanceas populationincreases,stepsmust be taken

to improve the ef®ciency of the mappingoperation[6][44]. Direct useof locality in the

implementationwouldintroduceundesirablefeatures,similar to thosefoundin cellularau-

tomata:emptylocationswith spareresourceswhile otherlocationscontainmany creatures;

1TheNeXT usedfor theseperformance®gurescontaineda25MHz68040,benchmarkperformancearound15

Mips

Creatures



Implementing the CreaturesModel 59

Creatures Per Generation
64 128 256 512 1024 2048 4096

C
reatures P

er S
econd

1

10

100

1000

10000

100000

Naive Bucketed Dynamic bucketing

Figure3.3: NeXT Performance

Creatures



Implementing the CreaturesModel 60

the increasedcalculationrequiredwhencreaturesmeetleadingto poor loadbalancingof

realwork. Insteada systemwasdevelopedwhichmakesuseof a hashingfunctionto split

thepopulationinto anumberof smallersub-populations,eachof whichmaybemappedfar

morequickly. If thepopulationis dividedin two, theneachhalf maybemappedfour times

asquickly (dueto the 2 dependanceof themappingoperation).Thereareof coursenow

two populationsto beconsidered,soperformancewouldbeincreasedby a factorof two.

In dividing thepopulationit is necessaryto ensurethatall creaturesatasinglelocationare

collectedinto thesamepartition(whichshallbereferredtoasabucket,duetosimilaritywith

hashed®lesin databasesystems).Howeverby makinguseof aneffectivehashingfunction,

clustersof creaturesin neighboringlocationsmaybedistributedto differentbuckets. By

this methodseveral locations(or in fact in®nitelocationsfor an in®nitespace)may be

mappedto thesamebucket,reducingthelikelihoodthatabucketmaybeempty.

A tradeoff mustbe madeasto the bucket size,too small a bucket will tendtowardsthe

problemsof aCA (onebucketmaybeoverworked,while othersmaybeempty).Too large

abucketsizewill resultin aslowersystem.Theuseof hashingandbucketsallowsasystem

to becreatedcapableof steppingcreatureswith atimecomplexity of 2 , where is the

numberof buckets. By increasing in line with populationsize,a mappingperformance

inverselyproportionalto may be obtained(and hencea constantperformancewhen

measuredin CPS).

Themajordisadvantageof thisapproachis thatwhena creaturemovesin spaceit mustbe

moved from onebucket to the bucket appropriateto its new location. In a simpleserial

implementationthis may not be a problem(in fact the simpleapproachof rehashingall

creaturesateverytimestepprovesto beeffectiveÐ asall creaturesarein thesameaddress

spacethe costof hashingis insigni®cant).However this will be inef®cientin a parallel

implementation,asbucketsarelikely to be held on separateprocessors,andhencelarge

amountsof datamustbe copiedbetweennodes.Despitethis apparentproblem,thenew

workloadis proportionalto thenumberof creaturesmoving (aseachtaskis independent),

andhenceperformanceis guaranteedto bebetterthanthenaive implementationfor large

populations( 2 for large evenif ).

An additionalproblemconcernsthedistributionof creaturesthroughoutthespace.If alarge

numberof creaturesoccupy thesamelocation,thenthey shouldall behashedinto thesame

bucket. However the capacityof a bucket mustbe necessarilylimited. This particularly

appliesin parallel implementationswhereresourcessuchasmemoryare local to single

nodeandhencemustbe tied to a single(or small numberof) buckets. Thougha serial
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implementationalsohaslimited resources,theseresourcesmaybedynamicallyallocatedto

bucketsasthey areneeded.A parallelimplementationis likely to requireastaticallocation

andhence,thoughtheremaybesuf®cientresourceson themachineasa wholeto perform

anoperation,a particularbucket mayover¯ow. Thesimulatormustberun with suf®cient

spaceto ensurethatbucketsareunlikely to over¯ow. This limitation is analysedin greater

depthin thefollowing section.

Theabove problemsdo not applywhenusinga singleprocessorworkstationarchitecture

(particularlyif virtual memoryis available),anddramaticimprovementsin performance

may be obtained. The stepmethodof the controller object was modi®edto hashthe

populationinto a numberof bucketsprior to the steppingoperationasdescribedfor the

naivesystem.Usinga®xednumberof bucketsallowsgoodperformancetobemaintainedas

thepopulationsizeincreases(see®gure3.3)until thecomputationtimerequiredtomapeach

bucketbecomesgreaterthatthetimerequiredtostepthebucket. Asthepopulationincreases

abovethis level (around1000for thecurrentimplementation)themappingoperationagain

dominatesandan1 CPSperformancecurve is evident,thoughwith betterperformance

thantheªnaiveº implementation.

In asimpleserialimplementationthenumberof bucketsusedmaybevarieddynamicallyto

ensurethatthenumberof creaturesoneachbucketis slightly smallerthanthesizeatwhich

mappingbecomesasigni®cantoverhead.Thecomputationaloverheadin this is small,and

allows performanceto bemaintainedfor arbitrarily largepopulations(providedhardware

limitationsarenotexceeded).

3.2.3 A Statistical Analysisof Bucketing

Despitetheperformancebene®tsthatbucketingoffers,whenimplementedon a platform

wheretheresourcesof eachbucketarelimited, theproblemof bucketover¯ow reducesthe

applicabilityof theapproach.Thesystemwasthereforeanalysed,to provide a theoretical

insight into the over¯ow problem. Much of this analysisis commonto the theory of

hash®lesusedin databasesystems[7]. Similar resultsalsoexist in the ®eldof queueing

theory[27][10], whichcouldbeappliedto yield a morecompleteanalysis.

Considera simulatorcontaining buckets, eachcapableof holding creatures.The

maximumpopulationsize is therefore . However in practise,therewill be a

smallernumberof creatures .

It mustbeassumedthatthedistributionof creaturesthroughspaceis uniformandindepen-
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dentof othercreaturesandthehashfunctionusedtoassignlocationstobucketis fair. While

this assumptionis unlikely to bereliablefor real simulations,it is necessaryfor virtually

any analysis. In practisethe distribution may be far betteror far worsethana random

distribution dependingupontheapplication.However suchdistributionsarespeci®cto a

givensimulation.No matterhow complex theanalysisit wouldstill bepossibleto produce

a ªbadly behavedº simulationwhich exceedsthe capacityof a well designedsimulator.

All thatcanpracticallybederivedis thetypical behaviour of thesystem.Thoughrandom

distributionis anunreliableassumptionto make,its generalapplicability, andmathematical

simplicity make it theonly viableoption.

Indi vidual Buckets

A creaturehasa probabilityof beingin any givenbucket 1 , independentof other

creatures,and buckets. When many creaturesare placedin the system,the numberof

creaturesin a particularbucket is thereforedescribedby a binomialdistribution[47]. The

meannumberof creaturesin a givenbucket

(3.1)

Thevarianceof thenumberof creaturesin a givenbucket is

2 1 1 1 2 (3.2)

Thesemay be usedin a normal approximationto the binomial distribution. Suchan

approximationwouldbecomenecessaryif calculationswereto beperformedonvery large

systems.Howeveranaccuratebinomialdescriptionhassofarprovedtractable.

Theprobabilityof therebeingexactly creaturesin agivenbucket is

1 1 1 (3.3)

Theprobabilityof thebucketnotover¯owing is therefore

0

1 1 1 (3.4)

Multiple Buckets,and multiple steps

In orderfor the simulationto succeed(for a singlestep)no singlebucket may over¯ow.

Theprobabilityof this is

(3.5)
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Giventheprobabilityof thesystemsucceedingat a givenstep,theprobabilityof reaching

time is

(3.6)

It shouldbe notedthat this assumescompleteindependencebetweenconsecutive steps.

This is blatantlyuntrue,asthedistributionof creaturesin onestepis stronglycorrelatedto

thepreviousstepÐ particularlyif theamountof movementis small. If nocreaturesmove

thentheprobabilityof over¯ow is zero. Only if a largenumberof creaturesmoveusinga

largeneighborhoodwill thestepsbetruly uncorrelated.Suchanalysismayonly bemade

on a caseby casebasis,asit requiresdetailedconsiderationof thehashingfunctionused,

the initial populationdistribution,andthetransitionfunction. Evenin suchspeci®ccases

theproblemmaybeintractabledueto thecomputationallycompletenatureof thesystem

beingconsidered.Assumingindependencebetweentimestepsgivesthemostpessimistic

approximationto thevalueof P(t). Usingsuchavalueensuresthatthesimulationisunlikely

to fail if thestatisticsindicateit shouldsucceed.

Births, Deathsand Movements

The derivation so far hasassumedthat the numberof creaturesis constant,andthat the

movementof creaturesbetweenbucketshaslittle effect on thesimulator(eachstepbeing

independent).Theinclusionof Births andDeathsto thesystemmeansthat thenumberof

creaturesis no longerconstant.It alsoallows largenumbersof creaturesto be suddenly

placedin a single location. This clearly invalidatesthe model previously developed.

Someform of statisticalindependencemustagainbe assumed:Provided that births are

distributedthroughspacein a suf®cientlyrandomway, an upperlimit for the population

maybeestimated,andtheprobabilityof successmaybederivedbasedon this population

size. A moredetailedanalysisis not possiblewithout consideringa speci®capplication,

andhenceapessimisticestimateis againadopted.

Whena creatureis movedit musttemporarilyexist in onebucket,while at thesametime

®ndingan emptylocationin its destinationbucket. It thereforeeffectively occupiestwo

locations. The currentsimulatorsonly move onebucket of creaturesat a time, freeing

thesourcelocationsfor useby creaturesmoving from otherbuckets.Makingassumptions

of statisticalindependenceashasbeendonepreviously, movementmay thereforebe in-

corporatedinto the modelof simulatorbehaviour by increasingthe populationsize to

1 where is theprobabilitythatacreaturewill moveatany given

step(whichmaybepessimisticallybesetto 1).
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Numerical Examples

Eachof theimplementationsof Creatureswasbenchmarkedover500timesteps,with every

creaturemoving ateverystep.Thiswasalsousedfor thetheoreticalresultsderivedbelow.

For the basiccaseof 64 and 64 the graphshown in ®gure3.4 wasproduced.

Increasing , the numberof buckets,haslittle effect on the shapeof the graphÐ the

breakpointis alwaysa little over 50%full. In databasetermsit is recognisedthat it is the

ratioof the and parametersratherthantheirabsolutevalueswhichdetermineover¯ow

performance.

If , thebucketsize,is increasedthenthebreakpointalsoincreases(relativeto theabsolute

maximumpopulationsize ), asshown in ®gures3.5and3.6. Fromanover¯ow pointof

view it is clearlydesirablethatbucketsareaslargeaspossible.Howeverlargebucketswill

give poorperformancefor themappingoperation,andmaynot bepracticalon a parallel

architecturewhereresourcesonaparticularnode(or collectionof nodes)maybelimited.

Consideringthespecialcaseof a singlebucket (asin thenaive serialimplementation)the

probabilityof ®nding creaturesin a bucket is zerofor all valuesof except . For

valuesof lessthan theprobabilityof succeedingfor a singletimestep 0. For

the probability of succeedingis 1. Although bucket over¯ow still appliesin the

trivial casethesystemmustbecompletelyfull beforeanerroroccurs.

For a bucket sizeof 64, thestatisticsshow thatit shouldbepossibleto operatea simulator

thatis approximatelyhalf full (®gure3.4). Testingarealsystemof thissizeshowedthat(in

the idealisedbenchmarksituation)thesimulationwasalwayssuccessfulat 25%capacity,

butwouldalwaysfail whenthepopulationwasincreasedto50%(for thoseimplementations

wherebucket sizehasanabsolute®xedlimit). Giventhenatureof theassumptionsmade

regardingindependenceof theelements,thismaybeviewedasagoodcorrelation.

3.3 Creatureson the MasPar MP1

A creaturessimulatorwasdevelopedin MPL[45] to run on a MasPar MP1104machine.

Thishas4096nodesarrangedin asquaregrid with localconnections,plusadditionalglobal

routinghardware.Two implementationsweredevelopedÐ onewhichplacedonecreature

on eachnode,a secondwhich usedthe bucketing techniquesdescribedpreviously. The

implementationdemonstratesthestrengthsandweaknessesof thebucketingapproachwhen
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Figure3.7: BroadcastingtheCreatureMap

appliedin a massively parallelsystemof this type.

3.3.1 A Naive Implementation

Given a large numberof processors,eachcreaturemay be assignedits own individual

processor. The type andlocationof eachcreatureis broadcastandincorporatedinto the

world view of everyothercreature(®gure3.7). Thecreaturesarethenstepped,andasearch

for freenodesis performedby thoseprocessorswhicharerequiredto produceoffspring.

Performancesof 15000creaturestepspersecond(CPS)wererecordedwhenthemachine

wasfully populated,with asinglecreatureoneachof the4096nodes(®gure3.8). For pop-

ulationsof this size,a naive (non-bucketed)serialimplementationon a NeXT workstation

couldonly achieve48CPS.Thisspeedincreaseof approximately300timesis in agreement
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Figure3.8: MasPar Mp-1 Performance

with theclaimedperformance®guresfor theMP1104,andNeXTstations(6400and16mips

respectively Ð a ratio of 400). While the NeXT implementationwasnot optimisedfor

speed,theresultsshow thatthealgorithmis extractingagoodpercentageof thetheoretical

peakperformancefrom the MasPar architecture.For small populations,the overheadof

supportinga largenumberof processorsresultsin poorerperformancethanthatavailable

from a serialmachineÐ thereareinsuf®cientcreaturesto utilize theavailableprocessors.

Steptime is in factalmostindependentof populationsize(theª®xedtimestepºline shows

theCPSperformancerequiredto giveaconstanttimepergeneration).

For many applicationseven4000creaturesmaybe insuf®cientto producereliablestatis-

tically valid behaviour. However oncethe numberof creaturesexceedsthe numberof

processorstheperformanceof evena massively parallelsystembeginsto degraderapidly.

This is shown by thelinesMasPar2,4,and8 on thegraph(®gure3.8),which representthe

systemsperformancewith eachnodeholding2, 4, and8 creaturesrespectively. In addition

to theoverheadof virtualisation,the time taken to calculateonegenerationsincreasesby

a factorof four for every doublingof populationsizedueto the 2 effect of themapping

operationÐ theCPSperformancefallsproportionallyto .
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3.3.2 Bucketing on the MasPar

As previously discussed,theapplicationof ªbucketingº improvestheperformanceof the

mappingoperation. However due to the MasPar's architecturecertainconstraintswere

placedon how buckets could be con®gured.The 4096 nodemachineis arrangedas a

64 64square.Thesystemwasthereforebuilt to containsixty four bucketsof up to sixty

four creatures.Thehashingfunctionusedwasof theform . Speci®cally

9 asthis resultsin 7 stepsin the directionplacingthe creatureonebucket down

from its initial location,ensuringthat a line of creatureseitherhorizontallyor vertically

(a commondegeneratecase)would ef®cientlyutilize all processors.Virtual processor

spacewasimplementedby increasingthe numberof buckets. This maintainsa constant

performance(measuredin creaturespersecond)for anincreasingpopulationsize.

Increasingthebucketsizewasnot feasibledueto thenatureof theMasPar architectureÐ

themappingoperationwasperformedby spreadinginformationaboutcreaturetypearound

the rows of the machine. Initially this was implementedby eachnodeexaminingeach

othernodewithin the bucket. However the communicationsoverheadproved high due

to thedistancebeingcovered. Insteadeachnodemakesa copy of its type, thenreplaces

thatcopy with thecopy heldin thenodeto its right (andassimilatesthenew datainto the

creaturesworld view). This resultsin thecopieddata's rotationroundeachbucket with a

minimalcommunicationsoverhead(asshown in ®gure3.9). Introducingvirtual nodesinto

thisoperationwouldhavebeendif®cult,astheMPL languagemakesnoprovisionfor such

structuresÐ the codewould have to explicitly dealwith the multiplexednodes,andthe

inter/intra-nodecommunicationsrequired.Weresuchasystemto beimplemented,thestep

timewouldincreaseby afactorof four for everydoublingin size(dueto the 2 complexity

of mappingwithin a singlebucket). However the problemof bucket over¯ow would be

eased,allowing thesimulatorto berunat closerto its maximumcapacity.

Statisticalanalysisof bucketover¯ow (section3.2.3)suggestedthatrunningthesimulator

at approximately®fty percentcapacitywaslikely to causea failure during the courseof

the 500 stepsthat wereusedfor benchmarking.This proved to be the caseÐ provided

that a populationof onequarterthe simulatorsizewasnot exceeded,no over¯ows were

obtained.Theperformanceof thebucketingsystemisshown in ®gure3.10.Thisshowsthat

around10,000creaturestepspersecondmaybemaintainedfor largepopulations.Theloss

in performancedueto increasedsimulatorsizewhenthepopulationis small is negligible

comparedto thelossobtainedby thenaivemethod.
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Figure3.9: GeneratingtheCreatureMapusingbuckets
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Figure3.10: BucketedPerformance

3.3.3 Conclusionsabout the MasPar System

Theperformanceof thenaive methodobtainsgoodspeedup comparedto thenaive serial

implementation.Howeverthisapproachis necessarilylimited by the 2 mappingproblem.

Theperformanceof thebucketedapproachis unfortunatelylittle betterthanthatobtained

by serialimplementations.Thiscanbeexplainedby two factors:

DynamicBucketing: A serialsystemis ableto determinethe optimumnumberof

bucketsandbucket sizeat run time, andchangethis dynamicallyasthesimulation

progresses.In additionto ensuringgoodperformanceit eliminatestheproblemsof

over¯ow.

Movement:Pro®lingof theBucketingcoderevealedthatapproximatelyninety®ve

percentof the simulation time is taken up by a single line of code Ð the line

responsiblefor themovementof creaturesbetweenbuckets.Whena creaturemoves

its new locationis invariably, on anotherprocessor, andhencedatamustbecopied

betweennodes.Thisproblemwill befurtherconsidered,andtackledlaterin section

3.5. For thepurposesof benchmarkingaworstcaseproblemwaspickedwhereevery

creaturemovesto anew locationateverytimestep.Hencetheperformance®gureis
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somewhatpessimistic,andis likely to beexceededfor realsimulations.

The MasPar implementationfailed to deliver the full performancethat the naive system

indicatedshouldbe possible,and is somewhat dif®cult to use(the correctbucket size

for a problemmust be carefully chosen). However it doesdemonstratethat Creatures

codewritten in Jammaybe retargettedto a new backendwith little modi®cation.Most

importantlytheimplementationdemonstratesthatthoughbucketingsolvestheproblemsof

mapping,it createsa numberof problemsof its own whenimplementedon architectures

of this type. Theimplementationon theMasParprovidesinsightinto how amoreeffective

machinemaybebuilt.

3.4 Creatureson the Thinking MachinesCM2

Following thecompletionof theMasParimplementationthebucketedMasParimplementa-

tionwasportedto theConnectionMachine[29][38] C*[21] environment.Suchaportwould

demonstratethatthetechniquesdevelopedto runCreatureson theMasParwereapplicable

in a rangeof situations,andrevealtherelative strengthsandweaknessesof thealternative

underlyingmachinearchitectures.In addition,accessto theMP1104waslimited to ashort

time periodÐ theCM2 provideda platformwhich couldbereturnedto, allowing further

experimentsto beperformedshouldtheneedarise.

Portingthesimulatorprovedto bearelativelyminoroperationrequiringaminimalnumber

of changesotherthanlexical translationto useC* ratherthanMPL keywords. C*' s more

limitedcontrolstructuresdidpresentsomeminorproblems,requiringadditionaltestswhich

mayhavehadsomeimpactonef®ciency.

The ConnectionMachineis physicallya hyper-cubebut the programmer's model(when

using C*) is an array of variabledimension. Communicationis by wormholerouting

throughthis . Thereis noglobalroutinghardwareasin theMasParsystem.C*' s

provision for virtual processors(which waslackingin theversionof MPL availableat the

time)alloweda morecompleteexplorationof thebucketingparameters.

Theresultingperformanceis shown in ®gure3.11. Theseresultsindicateanexceedingly

poorperformanceonamachinethatis theoreticallyfarmorepowerful thantheMP1. Once

againthepoor resultsmaybeattributedto communicationsoverhead.Themovementof

Creaturesbetweenbuckets may result in the transferof databetweennodeswhich are

remotein thephysicalarchitecture(thoughthis is dif®cultto determine,asthebasehyper-
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Figure3.11: CM2 Performance

cubeis totally obscuredby theC* programmingparadigm).Thesetransfersareespecially

expensive given the local communicationssystemusedby theCM. While thesetransfers

arealsoexpensiveontheMasPar, theprovisionof hardwarededicatedto longrangerouting

relievestheproblemsomewhat.

In order to verify that the communicationoverheadof creaturemovementis indeedthe

bottleneck,the CM2 was benchmarked againthis time choosingthe optimum scenario

whereevery creatureremainsin thesamelocation. Theresultsof this areshown in ®gure

3.12. This shows a dramaticimprovementin performance.Sucha systemoperatesat up

to onehundredtimesthe speedof the previousexample. Clearly stepsmustbe taken to

optimisethemovementof Creatures.

3.5 Spiralling Ð Reducingthe MovementProblem

Bucketing is effective in reducingthe mappingoverhead,but it introducesthe new (sig-

ni®cant)overheadof processmigration. However, by consideringthe bucketsasa long

line, the arraycanbe wrappedaroundinto a 3D spiral suchthat (for the hashfunction

) the th bucket is directly above the®rst,andsoon (®gure3.13). The

lastbucket is connectedbackto the®rstto form a toroidalstructure.This ensuresthatthe
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Figure3.12: CM2 StationaryPerformance
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smallchangesof and involvedin themigrationof processesresultin a shortcommu-

nicationsdistancebetweenadjacentbuckets,while still breakingthe creaturesdown into

easilymappedsub-populations.Loadbalancingfor degenerate,onedimensionalproblems

is alsomaintained.

Thespiral canbeviewedasanedgeconnectedmesh,wheretheedges,ratherthanbeing

connectedback to the samerow, are connectedback to a row which is offset (where

the hashingexampleis a specialcase: offset=1,previously proposedfor usein systolic

computationsystems[56]). An offsetof any sizecouldbeappliedbothto rowsandcolumns.

However in doingsospecialattentionmustbepayedto theconnectionof nodesat thetop

right handcornerof thegrid, wherethetwo offsetsinteract.Theresultof this interactionis

not obvious,andis bestillustratedby ®gure3.14. Whena shift of distance is appliedin

eachdirection,a gapappearsin thegrid of size 2. Thisgapmustbe®lledwith additional

bucketsto regaina pseudoin®nite,uniformsurfacesimilar to thatof a traditionaltorus.

3.5.1 DesigningA DoubleTwistedTorus

Given that the twistedtorusarchitecturereducesthe communicationsoverheadproduced

by thesimplehashingapproach,it is necessaryto considerwhatvaluesof (thegrid size),

and (theoffset)areeffective. Thetopologyis scalable,so theabsolutesizeof thearray

will belimited only by practicalconsiderations.Howeverfor a®xednumberof processors

a numberof shapescouldbebuild, eachwith differingperformance.By carefulselection

of and amoreef®cientmachinemaybebuilt.

Without a priori knowledgeof the problemsto be tackledby the proposedmachine,few

assumptionscanbemadeaboutthe loadpatternthatwill beplacedon thegrid. However

theperformanceof thesystemis highly dependenton theloaduponit. For any topologyit

wouldbepossibleto ®ndloadswhichmapparticularlybadly. A well designedgrid will be

built suchthatloadswhichmapbadlyareunlikely to occur, while commonloadsmapwell.

It mustbe assumedthat on averageloadswill be symmetrical,asfor any load that may

beappliedthereis anequallylikely loadwherethe and axeshave beeninterchanged.

Thereforeonly gridssuchthat and will beconsidered.

When implementingbucketing on the MasPar a desirablefeatureof the hashfunction

selectedwasthatmovementin eitherthe or directionpassthroughevery nodebefore

returningto thestartingpoint. This is particularlyimportant,asone-dimensionalautomata

(ornear1D Ð whereonedimensionfarexceedstheother)areacommonspecialcase.This
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conditionis satis®edwhen and arerelatively prime: LCM (or alternatively

GCD 1 : 1 is alwaysvalid)[52]. Givenapairof values whichsatisfy

this condition will alsobesuitable.Offsetsmaythereforebecategorisedas

large( 2) or small( 2).

If thepreviousargumentis generalisedto avoid clasheswhen(for example)loadsof width

2 areapplied,thenit canbeseenthatthehashingmodel(where 1) is potentiallypoor,

asthe locationk,0 is equivalentto 0,1. By increasingtheoffset,clashesof this form are

likely to bereduced.It is thereforeadvisableto eliminatemesheswith 1 or 1.

Any node in anetwork hasaneccentricity Ð themaximumdistance from

any vertex to in . Theradiusanddiameterof arerespectively theminimumand

maximumeccentricityamongthe verticesof [52]. For a uniform surfacesuchas the

torusor twistedtorusall nodesareequivalent,andhencetheradiusof thegraphis equal

to thediameter. For any network of processorsa low valuefor thediameter is desirable

asit representstheworst casecommunicationsoverhead.For a simple by meshthis

distanceis 2 andfor a toroidalmeshthediameteris approximately [53]. Any twisted

mesh alsohasa diameterof . This is independentof . If thenumberof

processorswill be2 2. Althoughthediameterof an<n,n>twistedtorusis thesameasan

ordinary by torusit containstwice thenumberof processors.

This increasein densityis achievedbe reducingthe redundancy, ascanbeseenin ®gure

3.15. In astandardtorustherearethreesetsof pathsfrom any pointto any otherof distance

lessthan . Whenanoffset is presentthe redundancy is reduced,until for the®nalcase

thereis only onesetof pathsto any point (the remainingredundancy is necessary

to retaina regularsurfaceÐ it will alwaysbepossibleto travel eastthennorth,or north

theneast).A similar resulthasbeenusedto reducethemeancommunicationsdistancein

ahypercube[1].

Whentheoffsetis increasedthemeanroutingdistancebetweenpairsof pointson thegrid

increases.Whenthe offset is zerothemeandistancebetweenpairsof pointson the grid

is 2. However astheoffset is increasedto themeandistancetendsto 2 3. Sucha

grid contains2 2 processors.A regulartorusof 2 2 processorswouldhaveameanrouting

distanceof 2. Themeanroutingdistancefor a twistedtorusis thereforelessthanthe

meanroutingdistancefor a regulartorusof equivalentsize.

The specialcase representsthe mostcompactsystem,thoughit fails to meetthe

criteriapreviously setout for goodmeshsizes.Largervaluesof which do satisfythose

guidelinesshouldthereforebechosenin preferenceto smallervalues.
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Figure3.15: Thediameterof TwistedMeshes
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Grid Size: SmallOffset: 2 LargeOffset: 2 Numberof Nodes

5 2 3 29,34

7 2,3 4,5 53,58,65,74

8 3 5 73,89

9 2,4 5,7 5,97,106,130

10 3, 7 109,149

Table3.1: SomeViableMachinesizes

Valuesof greaterthan canbeconstructed.However in suchcasestherolesof and

areinterchanged:that is . It is simplestto consideronly casessuch

that is lessthanor equalto , asnosystemsareexcludedby sucha limitation.

In orderthata statisticallyreliabledistribution of loadbetweennodesis achievedtheload

shouldwraparoundthetorusasmany timesaspossible.Thisdemandsthatthetotalnumber

of nodesbekeptreasonablesmall,hencetherestrictionalreadyestablishedaresuf®cientto

indicatewhichvaluesshouldbeconsideredfor thedevelopmentof atestsystem.A number

of suitablemachinesareshown table3.1.

3.5.2 Load Balancing

By applying the shift found in the twisted torus topology, regular patternswithin loads

arebrokenup. For thepurposesof testingrectangularloads(oneloadunit in eachvirtual

locationwithin a rectangleof a chosensize)wereappliedto twistedandregulartoroidsas

shown in ®gure3.16. Suchloadsarewell balancedfor non-twistedgrids only whenthe

sizeof theappliedloadis anexactmultipleof grid size,otherwisetheloadwill have three

distinct regions. This is shown in ®gure3.17wherea rectangularload(randomlychosen

to be68 by 52) is appliedto an8 by 8 edgeconnectedmesh.Themeanloadpernodeis

55.25,but poorloadbalancingmeansthatnodesmayhaveashigha loadas63or aslow as

48. Thestandarddeviation is 5.356(optimumwouldbe0.433).

By applyinga twist to thetorustheloadis brokenuparoundthesurface,asshow in ®gure

3.18. With an8 8 grid any offsetof between2 and7 resultsin anoptimumbalancing

for theexampleload. Figure3.17showstheresultsfor 5. Theincreasein thenumber

of nodesresultsin a reductionof themeanloadto 39.7,but now all nodeshave a loadof

either39or 40. Thedeviationin theloadis hencereducedto theoptimumvalueof 0.44Ð
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Figure3.16: Applying a RectangularLoadto aTraditionalGrid
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<n,o>=<8,0> <n,o>=<8,5>

Load
Load

Figure3.17: Applying a rectangularload

adramaticimprovement.

Thestandarddeviation of the loadwascalculatedfor all rectangularloadsup to forty by

forty, appliedto theeightby eightgrid. Thedifferencebetweenthesevaluesandthebest

possiblestandarddeviation(for thatnumberof processorsandloadunits)is shown in ®gure

3.19. Ideally this graphwould be theplane 0, asthis would indicatethesystemwas

optimally load balanced.However whenan ordinarytorusis usedthe surfacehasmany

highpeaksrepresentingpoorperformance.Only a few specialcases(wheretheloadis an

exactmultipleof thegrid size)arewell balanced.

An equivalentgraphfor andeightby eightgrid with anoffsetof ®veis shown in ®gure3.20.

Thesurfacehereis a muchbetterapproximationto 0 indicatinggoodloadbalancing

for almostall loads. The meanload error is 0.15whenthe offset is used,asopposedto

1.16in thesimplecase.Despitethedramaticimprovementin averageperformancethenew

grid doeslack the simpleperfectlybalancedcases,asfound in the perviousexample. If

theshapeof the loadmaybeselectedby theprogrammerin anarbitraryfashionto ®tthe

shapeof themachinethenthereareanumberof simpleshapeswhichcanbechosenwhich

embedwell in a simpletorus. It is non-trivial to selectsuchperfectshapesfor a twisted
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Figure3.18: Applying aRectangularLoadto a TwistedGrid
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Figure3.19: Loadsappliedto an8 grid
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Figure3.20: Loadsappliedto an8 8 5 5 grid
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