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Abstract. A framework for cooperatre goal-satisfactiorin large-scaleMulti-
Agent SystemgMAS) is presentedn this paper This is performedby demon-
strating the applicability of a low compleity physics-orientedapproachto a
large-scaldransportatiomproblem.Theframevork is basecdbn modelingcooper
ative MAS by a physics-orientednodel.Accordingto the model,agent-systems
inherit physicalpropertiesandthereforethe evolution of the computationasys-
temsis similar to the evolution of physicalsystemsWe provide a detailedal-
gorithmto be usedby a single agentandimplementthis algorithmin our sim-
ulations.Via thesewe demonstrateffective task allocationandexecutionin an
open,dynamicMAS thatconsist®f thousand®f agentsandtasks.

1 Intr oduction

Goal-satisfactioin MAS may requirecooperatioramongthe agentsput cooperatre
goal-satisfactioaybe beneficialevenif theagentsanperformgoalsby themseles.
Traditionaltask-allocatiormethodg14] requirecoordinationvia communicatior3].
In very large agent-communitiethereusuallycannotbe direct,on-line connectiorbe-
tweenall of theagentsassucha connectioris too costly Thereforewhenthenumber
of agentsincreasesthe compleity of mostof the cooperatiormethodshecomesun-
bearableTo resolwe the scale-upcomputationakxplosionof cooperatiormechanisms
in large MAS we present differentapproach.

We applya modelbasedon methodsrom classicaimechanic$12] to modellarge-
scaleagent-systemsThe physics-orientednethodsare usedto constructa beneficial
cooperatre goal-satisfactiomalgorithmto beusedby thesingleagentwithin thesystem.
In spiteof themyriaddifferencedbetweerparticlesandcomputationahgentsye shav
via simulationsthat, at leastfor the example problemthat we have tested,usingthe
physics-oriente@pproachenableseffective cooperatiorand goal-satisfactionn very
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large agent-systemdn currentresearchwe are investigatingthe applicability of our
modelto othet non-physicalomains.

Marny problemsarisein large scaleMAS researchln this paperwe concentraten
investigatingone facet— task allocationand executionwithin large-scalecooperatie
MAS?. More specifically we considercasesn which cooperatie autonomousgents
allocatethemselesto tasksWe describeamodelthatallowsfor thedynamicagent-task
allocationandis appropriatdor large-scaleMAS andtestit. Thelatteris performedby
simulatinga dynamicagenisystenthatfollowsour suggestedhechanismandconsists
of thousand®f agentsandtasks.To our bestknowledge,up to date,thisis thelargest
simulation of a task allocationand executionin a dynamic,openMAS. The model
we presentprovides a solutionto problemswhich were not addressegbreviously in
MAS, andmay be the basisfor future solutionsfor a largerclassof problemdomains.
We shawv hereapplicabilityto onedomainandin researchn progressve have shavn
applicabilityto anotherlessphysicalproblemdomain.Yet, moreresearchs necessary
to determineapplicabilityto additionaldomains.

1.1 Assumptions,notationsand concepts

We assumehatthe agentswith which we dealhave the ability to perceve the virtual®
displacemenin thegoal-spaceandcanperceve thepropertieof otheradjacenagents
andgoals.Thismaybedoneby sensorsntegratedinto theagentsWe alsoassumehat
eachagentknows aboutthe typesof resourceshatotheragentsnay have, but may be
uncertainasto the particularresource-holdingef ary otherindividual. Thesetwo as-
sumptionsare necessargincethe agentsare expectedto propagatdrom stateto state
within the goal-spaceccordingto the propertiesof the surroundingagentsgoalsand
obstaclesln orderto enablesuchpropagationsomeknowledgeregardingneighbords
necessaryWe assumehat eachagenthasa performancecapabilitythat canbe mea-
suredusingstandardneasurementnits. The standardneasuremenwill be usedasa
guantitatve way of measuringhe agents’succes# fulfilling goals.In addition,we as-
sumethatthereis a scalingmethodwhichis usedto representhe displacementsf the
agentdn the goal-spacandto evaluatethe mutualdistancedetweergoalsandagents
within this spaceThis assumptions necessargincevirtual distancegor physicaldis-
tancespreasignificantfactorin themodelwe presentWe assumehatgoal-satisfaction
canbe achieed progressiely. Thatis, a goalmay be partially satisfiedat oneinstant,
andits remainingnon-satisfiegpartmaybe completeat anotherpointin time.

To presenbur model we review conceptandnotationsrom physics Thedisplace-
mentvectorof a particlei is denotedoy r;. v; denoteghevelocity, anda; denoteghe
accelerationThekinetic enegy of a particle: is representedly k;, andthe potentialis
representedy V. Thepotentialis a spatiaffunctionandtherefords sometimegalleda

2 Cooperatie MAS arefrequentlyreferredto asa Distributed ProblemSolvers(DPS)[2] agent
systemsln DPSagentsystemsasin cooperatie MAS, agentsattempto increasehecommon
outcomeof the system.

? Sincethe goal-spaces not necessarilyphysical,we do not assumephysicaldistancesand
thereforecall themvirtual. In work in progresswve shav how suchvirtual distancescan be
modeledandcomputed.



field of potentialor a potential-well Forcescanbederivedfrom thepotential. Eachpar
ticle i’s massis denotedoy m;, its displacemenis denotedy the displacementector
r;, its momentunby p; andtheforcethatactsonit is denotedy F;.

1.2 Adapting physicsto MAS

MAS Physics

identifyingthe ervironments locatingparticlemodels
wherephysics-orientedhodels |andtheir properties
areappropriatematching

particlepropertiego agents/goal

selectinghe matterstates identifying statesof matterand
thatcanbeusedto model the particlebehavior within
automated-agentsystems.

developingalgorithmsfor usingmathematicaformulationto
agents'goal-satisfaction; predictanddescribethe propertie
adjustingto thephysicssystem |andevolution of the selected

for validity of thealgorithm particlemodel

analysisof thecompleity theoreticabndsimulation-based
andpropertief the analysisof physicalparticle
algorithm systemsbehavior

Table 1. Distributed Al andPhysicdor cooperatre MAS

In the MAS thatwe consideythereis alarge setof agentsanda large setof goals
they needto satisfy Eachagenthascapabilitiesand should move toward satisfying
goals.We usea physicsmodelthat consistsof particleswhich representhe agents
andthe goals,andto develop a distributedcooperatre goal satisfactionrmechanism.
We first stepmatchbetweerparticlesandtheir propertiesagentsandtheir capabilities,
and goalsandtheir properties(seetable1). Next, we identify the stateof matterfor
modelinga communityof agentsandgoals.The mathematicalormulationthatis used
by physicistseitherto describeor to predictthe propertiesandevolution of particles
in thesestatesof matter sene asthe basisfor the developmentof algorithmsfor the
agentsHowever, several modificationsof the physicsmodelarenecessaryo provide
anefficientalgorithmfor automateagents.

In our model, agentsand goalsare modeledby dynamicparticlesand static par
ticles, respectrely. The match betweenparticle propertiesand agent/goalproperties
is describedn table2. We modelgoal-satisfactiofiby a collision of dynamicparticles
with staticparticles However, thepropertieof particle-collisionsaredifferentfrom the
propertiesof goal-satisfactiorand several adjustmentsare neededn orderto provide
the agentswith efficient algorithms.Thesemodificationsaredescribedn detailin this
paper



AutomatedAgents PhysicaModel

communityof agentssatisfyinggoals non-ionicliquid system

agent dynamicparticle

goal staticparticle

agentscapabilities particles mass

agents (virtual) locationin agents-goalspacdlocationof particle

goalsatisfaction static-dynamiccollision

algorithmfor goalsallocation formal methodfor calculating
the evolution of displacemernt

Table 2. Thematchbetweerthephysicsmodelcomponentsindthelarge-scaleutomatedgents
ervironments

2 Modeling agents—a physics-orientedapproach

Classicaimechanicgprovidesa formal methodfor calculatingthe evolution of the dis-
placementaindthe momentumof classicalparticles.For a particle, the equationsof
motionare:

F; = mj¥; = mya; and p; = m0; = m;v; 1)

Themotionof aparticledepend®nthefield of potentialin whichit movesandtheforce
F; = —m; V.,V (r). Themodelwe presenentailstreatingagentsgoalsandobstacles
asparticles.Thatis, eachagentwill have its equationsof motion andan initial state.
Notethatanagents equation®f motiondo not necessarilgntailrealphysicalmotion.
Thepotentiaffield in whichanagentactsrepresentthegoalsandtheotheragentsn the
ervironment.Subjectto the potentialfield, agentssolve the equationsof motionand,
accordingto theresults,progressowardsthe solutionof goalsandeithercooperater
avoid conflictswith otheragentsThe cooperatiorandconflict-avoidanceareemegent
propertiesof our physics-orientednodel.

An appropriatephysicalsystemmustconsistof a potentialthat, whenadaptedo
theagent-modelwill leadtheagentdo successfuindbeneficialgoal-satisfactionThe
fluid modelis mostappropriatgfor our systemsAs opposedo the solid state,a fluid
systemcanevolve from its initial stateinto new, differentstatesPreferabldés a model
that doesnot requirelong rangeinteractionge.g.,the non-ionicliquid model).In the
modelsuggestedn [12] the typical potentialof a particle: in a non-ionicliquid was
suggestedthe Lennard-Jonepotential).In themodeldevelopedfor the specifictrans-
portationapplicationdealtwith in this paperwe experimentedwith several different
potentialfunctionsandfinally concentratedn thefollowing:

V(r)i; = v(alnr; + ﬁri_jz + sz’_j4) 2

wherer;; correspondso thedistanceof particle: from particle;. This potentialdimin-
ishesaftera shortdistancethusimplying thatthe interactionbetweerthe particlesin
thesystemis limited to shortdistances.



3 The physics-agent-systeniPAS) model

The cooperatie MAS systemwith which we dealis modeledby a setof particlesand
a potentialfield. Theagentsn the systemare modeledby dynamicparticlesandtheir
potential-wells.The goalsandthe obstaclesare modeledby static particleswhich are
representedby fixed potential-wells.The superpositiorof the potential-wellsof the
particles eitheragentor goalsandobstaclesgonstructs potentialfield. The particles
move accordingo thefield of potentialandtheir own properties.

In the PAS model,the agents capability of satisfyinggoalsis representedby the
massof the particlethatmodelsit, andthereforeby the potential-enegy k = mv?/2,
whichis a productof themassaswell. Particleswith a greatempotential-eneyy model
agentsthat can satisfy larger or more difficult goalsand sub-goals.This meansthat
a greatemrmassof a dynamicparticlethat modelsan agent(otherpropertiesemaining
constantandthuscausingagreateipotential-enagy), entailsalargercapabilityof goal-
satisfactiorby theagent.The massof afixed particlerepresentshe sizeof thegoal or
the obstacle This meanghatin orderto satisfya greatergoal, which is modeledby a
particlewith a greatemassmoreefforts arenecessargnthe partof theagents.

Thedisplacemenvectorof a particler; modelsthedisplacemenof theagentin the
goal-spaceAccordingto the virtual displacementf anagent,its distancedrom other
agentsgoalsandobstaclesanbe calculatedThe potentialis calculatedaccordingto
thesedistancesThe momentumvectorp; of particle: representds physicalvelocity
andis usedfor thecalculationof thekineticenegy. In the PAS model,thevelocity of a
dynamicparticlerepresenttherateof movementiowardsthe satisfactiorof agoalor a
partof agoal.

3.1 Motion towards goal-satisfaction

In thephysicalworld, themotionof particless causedy themutualattractiorbetween
them.In the agents’systemthe agentscalculatethe attractionand move accordingto
theresultsof thesecalculationsThe reactionof a particleto the field of potentialwill
yield a changein its coordinatesandenegies.In our model,eachagentwill calculate
the effect of the potentialfield on itself by solving a setof differentialequationsAc-
cordingto theresultsof thesecalculationsit will moveto anew statein thegoal-domain
(section3.3).

Thesteepdecayof the potentialfunctionbeyonda shortdistancegrom the centerof
the potential-wellresultsin derived weakforcesandneggligible interaction.Physicists
have shavn thatwhenthe long-distancenteractionsare neglected,the resultsof sim-
ulationsstill agreewith theoreticaktatistical-mechania@ndthermodynamic§l5, 11].
Therefore,it is commonto cut off the rangeof interactionby cutting off the poten-
tial function afterit diminishesto from 1 to 10% of its maximalvalue. The radiusof
interaction(andof the cut-off) is denotedoy r;.

Agentswill usenumericalintegrationto solve the equationsof motion that they
mustsolve, with respecto time. The integrationmustbe iteratedfrequentlyand per
formedwith smalltime-stepsit. We determinethe size of the time differentiald¢ re-
lying ontheexperiencegatheredn physicssimulationg11]: we demandhatatypical
particlein themodelwill passadistanceof rg in ~ 10 time-stepsit. Thisrequirement



implies that the averagevelocity 7 of a particle (at its initial displacementygirectly
affectsdt by therelationdt = r, /7.

3.2 Collision and goal-satisfaction

The dynamicsof the physicalsystemwhich modelsthe computationakystemeadsto

collisionsbetweenparticles.Two typesof collisionsare possible:a collision between
two dynamicparticles,which we denoteby DDC, and a collision betweendynamic
andstaticparticles,denotedoy SDC.In our model,the DDC representshe interaction
betweentwo agentslin orderto prevent situationswhereagentsoverlap, the particles
that model the agentshave a mutual repulsion.The decisionon which agentsshall

performa specificgoal will emege from the repulsion.Dynamicparticlesthatmodel
agentsshallhave a potentialthat consistf a dominantrepulsive component.

The SDCrepresentsigent-goalnteraction.In suchinteractionswve would like the
staticparticlethatmodelsthegoalto attractthe dynamicparticlethatmodelstheagent.
Adopting physicalconceptswe usethe notion of typical radiusto specifythe point
from which the particlestartsthe collision. A typical radiuse of a particleis usually
takento bethedistancefrom its centerto the point whereinthe forceis zero.An SDC
occurswhena dynamicparticleis in thevicinity of astaticparticle.Vicinity heremeans
thatthe distancebetweerthemis a few typical radii (rq).

The goal-satisfactionis performedduring the collision. An agentthat reachesa
goal may eithercompletelyor partially satisfyit. In both casesthe modelrequiresa
reductionin the magnitudeof thegoal. Thisimpliesthatthe massof the modelingpar
ticle shallbereducedbut mass-reductiois nota physicalpropertyof suchacollision.
Therefore somemaodificationsof the modelshall be done,aslong asthey do not af-
fect the generalevolution of the system.This will be possibleif the modelconsistsof
a schemédor a temporalpartition of the evolution of the system.This meanghatthe
evolution of the systemwill be partitionedinto several time segments(differentfrom
dt, muchlonger),andin eachtemporalseggmentthe physicalevolution of the system
will notdepencddntheothersegments.

3.3 A protocolfor the singleagent

In orderto causeavolution of the systenmtowardsgoal-satisfactiongachagentusesthe
informationthatit cangatherby obsenation (e.g.,via sensorspaboutits neighboring
agentsand goalsand regardingits previous state.Accordingto this information, the
agentwill constructhelocal field of potentialandsolve the equationsof motion. The
resultsof the equationsof motion will enablethe agentto decidewhat its next step
towardsgoal-satisfactiomvill be. The exactdetailedalgorithmfor the singleagent: is
asfollows:

Loop andperformthe goal-reachingandgoal-satisfactioprocessesntil theresources
necessaryor satisfyinggoalshave beendepletedor no goalswithin the interaction
ranger; have beenobseredfor severaltime-sgments.

Goal-reachingprocess

1. Advancethetime countert by dt.



2. Locateall of the agentsandgoalswithin the ranger;, the predefinednteraction
distanceDenotethedistanceto ary neighboringentity j by r;;.

3. Calculatethe mutualpotential(usingequatiorn?) with respecto eachof theagents
andgoalswithin therange.

4. Sumoverall of thepairwisepotentialsV (r;; ) andcalculatethegradientof thesum
to derive theforce F;.

5. Using F; andthepreviousstater;(t — dt), pi(t — dt), solvetheequation®f motion
asdescribedn section?, in equationl.

6. Theresultsof the equationf motionwill beanew pairr;(¢), pi(t). Move to the
new statethatcorrespondso the displacement; (¢).

7. At eachtime-stepaftermoving to anew state calculatehenew kineticenegy and
potentialaccordingo thenaw coordinates;(t), pi(t).

8. If your distancefrom the centerof a particlethatmodelsa goalis greaterthanrg,
returnto stepl. Otherwise startthe goal-satisfactioprocess.

The goal-satisfactionprocess
After reachinga goal,theagentmustsatisfyall or atleastpartsof it:

— Move into the potential-wellthatmodelsthe goalaccordingo the physicalproper
tiesof theentitiesinvolvedin the processandperformthegoal.

— If m,, themassof the particlethatmodelsthe agent,is smallerthanm,, themass
of theparticlethatmodelsthegoal,subtractm, from mg. Else,m, = 0. In acase
of depletingresourcesm, is reducedn asimilarway. Returnto step1.

Theiterative methodwhich we proposdeadsto a gradualreductionin theamount
andsizeof thegoalsto besatisfied andwill leadfinally, to completionof thegoals.

4 Simulation

To examineour modelandshaw its applicabilityto real problemswe have performed
a setof simulations.Via thesewe demonstrateffective taskallocationandexecution
in anopen,dynamicMAS thatconsistsof thousand®f agentsaandtasks.The problem
domainfor which the simulationswhereperformedis asfollows. We simulatefreight
deliverieswithin a metropolitan.Suchproblemsin real ervironmentsare commonly
solvedby having oneor afew dispatchcentergo which deliveryrequestareaddressed
andtheseeachcentrally plansand accordinglyallocatesdelivery tasksto delivering
agents.This methodmay face bottlenecksand inefficiengy when a large numberof
agentsandtasksis presentWe demonstratdiow the PAS model can overcomethis
limitation.

We considerthe road-networlof a large metropolitan A snapshobf a partof this
networkis depictedin figure 1. In this figure squaregepresenmessengerandcircles
representasks.Thecity mapis representeddy a lattice-like graph.The boundarieof
thecity are20, 000 x 30,000 meters.The lattice includesverticeslocated200 meters
apartfrom eachother An edgemay exist betweereachtwo neighboringvertices.Each
vert representajunctionandeachedgerepresentaroadbetweertwo junctions.We
designatehe map "Full Lattice” wheneachvertex hasedgesenamatingo all of its
neighboringvertices.A morerealisticmapwould have someof the edgeamissing.To



obtainsucha mapwe usesomeprobabilityto determinethe existenceof eachedge.
As aresultdisconnectedub-graphgdesignatedlustersmayoccur In suchcaseghe

largestclusterwill beselectedo representhecity. We designatehemap”X% Lattice”

when lattice and clustergeneratiorare performedtaking the probability of including

anedgein thelatticeto X%. Notethatthe structureof citiesandroadwaygegulations
may prevent mavementalongthe shortestpathbetweenwo locations,asassumedy

thegenerahlgorithm.Thus,in thesimulation thedistancebetweenwo locationg; and

l, wascalculatedasthe shortestway that one could drive from /; to l;. Furthermore,
if the directionfor movement ¢ calculatedby the agentin the goal-reachingrocess
algorithmdoesnot agreewith a roaddirection road, thenthe roadwith the smallest
angelwith v is selectedor movement.This selectionis not differentfrom a physical
behaior in environmentswith obstaclesandthereforgustified.

The simulationconsistsof iterationsin which new freightsdynamicallyappearat
randomlocationson the map. The freightshave aninitial sizewhich is setto 1 kg in
the homogeneousaseandto a randomvalue (out of a givenrange)in the heteroge-
neouscaseslin addition, eachfreight hasa randomdestination Messengergagents)
follow our algorithmto performtasksof reachingfreightsanddeliveringthemto their
destination.
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Fig. 1. A fragmentof city map

We have performedsereral differenttypesof simulations.Thesevaried over the
amounbf tasksandagentsnvolved,thehomogeneityf agentsandtasksthereliability
of communicatiorandtheintensityof thelatticemap.

Our simulationswereinitially performedsuchthat agentsandtasksare homoge-
neousin the sensethatthey have similar capabilitiesand capacitiesWe startedwith

4 Thenotations refersto thedirectionof avectorv.
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thesesincethey aresimplerto handleandpredict.However it wasnecessaryo exam-
ine casesn which agentsandtasksare nothomogeneousyhich aremorerealistic.In
thehomogeneousasemassesf particleweresetto 1 k¢, whereasn theheterogeneous
casamassesvheresetrandomlyoutof agivendistribution. We have alsoexaminedser-
erallattice maps startingfrom a full latticeandmoving to 90%and80% lattice maps.
Sincewe have seenno significantdifferencein the performancéetweerthe different
mapswe concentratednthe 90%latticemap.To learntheeffect of unreliablecommu-
nicationonthe performanceve have experimentedicasan whichmessagearepassed
with arrival probability which is smallerthan1. Additional parametersf the simula-
tionsareasfollows.Duringthesimulationno nev messenger@ppearParameteralues
arey = 1 a = 4000, 8 = —15E5, x = 5E11 (theseareusedin equatior?), R, is 100
meters,R; is 2,000metersNotethatthesevalueswherenotarbitrarily chosenRathey
we have experimentedvith a variety of valuesto fine-tunethe systemuntil we arrived
atthesecoeficients.We soughtimely taskperformanceandthesecoeficientsyielded
thebestresults.

In the homogeneousase we consideredive settingsof agentandtaskquantities.
In the4 simulationsettingsin which the numberof agentsvas300,400,600and800
theinitial numberof taskswas1200.In the caseof 1200agentthe initial numberof
taskswas1500.In all 5 settingsadditionaltaskswherearriving at a rate of 600 tasks
perhour. The differentquantitiesof agentdn thefirst four settingsallowedusto study
theeffect of thenumberof messengerhencethemessengers/freightatio aswell) on
the systems performanceThefifth settingwasaimedmainly at studyingthe effectsof
up-scaling.

Themainresultsof thesimulationsaresummarizedn thegraphsbelow.

— In figure 2 theratio betweerthe numberof messengeris the systemandthe num-
ber of agentghatare simultaneouslynvolved in movementtowardstasksis pre-
sented.The term Messengeqguantityis the numberof messengershich arecur



rently moving towardsfreights. The othermessengerare performingtasks.From
the graphone can obsenre that asthe numberof messengergvolved increases,
so doeslinearly increaseshe numberof thosethat simultaneouslynove towards
tasks.This resultfor itself doesnot seemof merit, however it resultsin reduction
in thetime requiredfor taskexecution(ascanbe seenin figure 4).
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— The term Freight quantity in figure 3 is the numberof freights currently waiting
for amessengeto deliver them.We obsenre thatthis numberdropssharplyasthe
guantityof messengergoesup. Thecritical pointwheretransitionoccursis around
500messengerssiventhat1200tasksarepresentthis meanghatfor significantly
loweringthenumberof freightswhich aresimultaneouslyvaitingto bedeliveredit
is enougho have aratioof around0.4betweemmessengersindtasks’quantitiesn
thesystemIncreasingheratio over 0.5doesnot bring abouta significantincrease
in theperformancégwith respecto thenumbersf freightswaitingto bedelivered).

— ThetermFulfilling messengearading timein figure 4 refersto thetime® it takes
a messengemwho successfullydelivers a freight to its destinationto reachthis
freight. Onecanobsene thatasthe quantityof messengersicreasegandsodoes
their density),the time which is requiredfor a messengeto reacha freight in-
creasesswell. Thisis adisadwantageouproperty howeverit doesnot meanthat
increasinghe densityis all bad.As we have seenbefore- it significantlyreduces
the numberof freightswhich simultaneouslywvait for beingdelivered.In addition,
asshaowvn in figure 5, theaveragewaiting time of thefreightsdecreaseaswell.

— In figure5 thefreight averagewaiting time is presentedThetermFulfilled freight
waiting time refersto the time thata freight that was successfullydeliveredto its
destinationhas beenwaiting before being handledby a messengerA sharpre-

° Hereandin thefollowing graphgtime is measuredn seconds.
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ductionin the waiting time is obsered. We obsere phasetransitionaround500
messengersimilar to the phasetransitionin the caseof Freight quantity (figure
3). This further supportghe obsenrationthatit is not worth while to increasehe
agent/taskatioto above someratiowhichis, in our simulationsettingsaround0.4
to 0.5.

— Figure6 presentsheaverageFreightfulfilmenttimewhichis thetime betweerthe
freightinitiation andits arrival atits destinationLesssteephanin previousgraphs,
yet clear is theimprovementin the performanceeachedaround500 messengers.
It is importantto noticethatfor 600 messengerand morethe taskexecutiontime
is lessthen1500secondsFor a city of the sizewith whichwe deal(20 x 30 km)
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with a speedimit of 50km/hr this is a desirabldulfillment time.

Figure? present®neof theresultsof a setof simulationsof heterogeneousnsem-
blesof agentsandtaskswherethe probabilityof messageeceptiorvariedbetween
50% and 100%. Thatis, in this simulationsan agentmay not receve someof the

informationregardingneighboringasksandagentsalthoughthis wastransmitted.
The initial masseof taskswassetrandomlybetweenl kg and 100kg, while the

masse®f theagentsvassetrandomlybetweer80kg and180kg. If thecapacityof

anagentwassmallerthanthe sizeof thetask, it deliversonly partof thetaskata

time. The numberof agentdn this setof simulationswas600 andtheinitial num-



ber of taskswas 1200. The other parametersvere asin the previous simulations
reportedabore.

Ourresultsndicatethattheheterogeneitpf theagentgloesnotsignificantlychange
thebehaior of thesystemFromfigure7 we canconcludehatthe“Freight Fulfill-
mentTime” increasedinearly whenthe probabilityof messagearrival decreases.
However, evenwith 50% arrival of messageghefulfillment time is betterthanin
the caseof 400 messengerwith 100% arrival of messageéseefigure 5). Similar
resultswereobtainedwith respecto the otherparameters.

Fromtheresultspresentecbove aswell asmyriad additionalexperimentgwhich
werent presentedherefor spacereasonsyve concludethefollowing:

— The PAS modelcanbe appliedfor usein large scaleagentsystemso solve real
problems.

— An increasen the numberof agentsin the systemdoesnot increase¢he amount
of computationgeragent.Thus,larger systemslo not requiremorecomputation
time.

— An increasen the numberof agentsin the system,holding the numberof tasks
constantjs beneficialonly to someextent. Beyond someagents/taskesatio, no sig-
nificant improvementin performances obsened. We believe this phenomenon
resultsfrom redundang in denselypopulatecagentsystems.

— Theresultsobsened are similar for differentdensitiesof the lattice mapusedas
well asfor low probabilitiesof unreliablecommunicatiorchannelsThey become
betterwhenthe the distribution of tasksis not even, astypically happensdn the
centerof large metropolitans.

5 Relatedwork

The issueof allocating agentsto goalshas widely beendiscussecamongDAI re-
searchersThe ContractNet Protocol[14] usesnegotiation basedon task announce-
ments bidsandcontractdor taskallocation.While the CNPis basedn the exchange
of information,the modelwe presentminimizesthe transmittednformationandthus
enabledarge-scalesystemso be efficient. A study of planningin large-scaleagent-
systemshasbeenpresentedn [17, 16]. In that researchthe general-equilibriurrap-
proachfrom economicssenes as the theoreticalbasisfor the planningmechanism.
We also discusdlarge-scalesystemsand apply an analyticalmodelfor designingthe
distributedplanningmechanismhowever we usea physics-oriente@gpproactfor co-
operatve MAS, notfor competitve agents.

A large body of DAl researchstudiescoordinationamongagentsfor distributed
problemsolving (for example,[2], PGP[5], GPGP[1], [6], [18]). In [4], Durfeeand
Lesserstudy the Partial Global Planning(PGP) approachto coordinationby imple-
mentingit in the Distributed Vehicle Monitoring Testbed(DVMT). The DVMT is a
networkof vehiclemonitoringnodesEachnodehasaplannerthatplansincrementally
Nodesdo not communicateheir detailedactions,but do communicateccordingto a
meta-leel organization A PGPlannemaodifieslocal plansasrequireddueto incoming
messagesdn its incrementaplanningandrestrictedcommunicatiorthe PGPmodelis



similar to our model. The DVMT taskdomainwhich wasusedas a testbedfor both
PGPand GPGPincludesmonitoringtraffic anddirectingit. This is performedby the
agentgyeneratingentative mapsfor vehiclemovementsn their areasOur transporta-
tion framework is different:we requirethata transportationaskbe attachedo agents
thatplanfor it andperformit. Therefore pur simulatedransportatiorsystemis signif-
icantly differentfrom DVMT.

Thetileworld model[10] wasusedasa testbedor planningandtaskallocationand
executionin multi-agentsystemsTheutilization of physicamethodsallowsfor amodel
thatis significantlyricherthanthe tileworld model. The tileworld modeldistinguishes
(atleast)two differentprocedures- deliberatiorandpathplanning— which areusually
performedsequentiallywhereasn the physics-basethodelaninherentpropertyis in-
terlearing planningandexecution.And, while thetileworld provesto work successfully
for systemof dozenf tasksandagents(15agents80tasksin [6]), its computational
compleity® will probablydisablescalingup to thousand®f tasksand agents Such
systensizeis allowedby the physicsbasednodel,asour simulationgprove.

Ephrati,PollackandUr [6] suggesthe multi-agentffiltering stratgy asa meandor
coordinationamongagentsThey have conductedseseral experimentsthat shaw, that
for thetile-world, this stratgly improvesthe performancef the agentsThis coordina-
tion is achieved without explicit negotiation.In ourwork we do not suggesa strateyy,
ratherwe suggest methodfor modelingthe goal-agenernvironment.Baseduponthis
modelwe suggest detailedalgorithmfor the singleagentfor actingefficiently in the
ervironment.

Glanceand Huberman[7] presenta detailedphysicalformalismof the dynamics
of the collective action of a systemof individuals.In our work the mainissueis the
physicalbehaior of the singleagent.Shohamand TennenholtZ13] presentedesults
of simulationghatwereperformedn orderto perceve theemegenceof conventionsin
multi-agentsystemsIn our researchye discussemegentcooperatioranddetermine
thesociallawsto be such——physicalaws——thatthey will causeheemegentcooper
ation of the systemwhenthis cooperatioris necessaryMataric[9] proposeslefininga
setof basicinteractionghatwill allow the simplificationof groupbehaior analysisin
ourwork, we concentrat®n the natureof the basicinteractionsaandadoptthe physical
interactionsamongparticlesto modeltheinteractionsamongagentsaandgoals.

6 Conclusion

The problemof thebehaior of agentsn very large agent-societiesnposedifficulties
that are hardto solve even whenthe proposedsolutionsare of low-orderpolynomial
complity. The approachwhich we presentsuggestsa solutionto someaspectof
this problem.We provide a methodfor taskallocationwhich is applicableto several
classe®f large-scaleooperatie MAS. Thephysics-basedpproactwe presentesults
in compleity which is, on the side of the single agent,very low and may even be
O(1). Suchresultsarepossiblesincewe useamodelwhosebehaior is alreadyknown.

5 AsKinny andGeogef [8] explicitly say:“to reducethecompleity...weemployedasimplified
Tileworld with notiles”



Thereforewe arenotrequiredto performthenumerousxplicit calculationghatwould
have otherwisebeennecessary

The modelusedandthe algorithmthatenableghe singleagentto actaccordingto
themodelresultin agentsallocatingthemselesto goalsin orderfor theseto be satis-
fied. Theagent-goamatchingis anemegentresultof the physics-orientetdehaior of
theagentsin casesvheretoo mary agentdit the requirement®f the samegoal, our
modelwill disenablesomeof themfrom reachinghegoal,via mutualrejection.As we
have shown, our algorithmcorvergesto a solutionwithin reasonabléime andleadsto
agent-goahllocationand execution.Our methoddoesnot leadto the optimal alloca-
tion, but reachinganoptimalallocationrequirescompleteon-lineinformationaboutall
of the agentsand goalscomprisingthe systemand, for a large classof problems,an
exponentialcomputation-time.

Our modelcanrely ontheoreticalandexperimentakesultsthatare alreadyknown
from physics Neverthelessve have performedsimulationswhich supporthetheoreti-
calobsenations.Accordingto resultsfrom physicswe canpredictthe evolution of the
modeledagent-systensinceit shouldevolve in the samemannerasa corresponding
physicalsystemThelocal interactionswhich enableoneto derive the globalbehaior
of thesystemassurealow computationatompleity of themodel.In very large-scale
agent-systemghis approachprovides a modelthat allows for emegent cooperatre
goal-satisfactiomctiity, asshovn in our experiments.
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