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Abstract— Agent based computing offers the ability to decentralize
computing solutionsby incorporating autonomy and intelligenceinto co-
operating, distributed applications. It provides an effective medium for
expressingsolutionsto problemsthat involve interaction with real-world
environmentsand allows modelling of the world stateand its dynamics.
This model can be then usedto determine how candidate actions affect
the world, and how to choosethe best fr om a setof actions. Most agent
paradigmsoverlook real-timerequirementsand computing resourcecon-
straints. In this paper, we discussthe application of agent basedcom-
puting to RoboCup and examinemethods to improve it. In particular,
we discussthe incorporation of a meta-level reasoningmechanismthat
handles individual agent organization, plan generation, task allocation,
integration and plan execution. We also proposean architecture where
a meta-agentis further enhancedby combining it with system-level re-
sourceallocation and optimization. The approachadoptedby us unifies
agentbasedcomputing with adaptive resourcemanagementfor dynamic
real-time systems.The goal is to build and implement a distributed, in-
telligent, agentbasedsystemfor dynamic real-time applications.

I . INTRODUCTION

In this paper, we proposeanarchitecturethatallows coop-
erationof multiple, intelligent agentsto solve a problemun-
der dynamic,real-timeconditions. In particular, we are tar-
getingtheRoboCupChallengeasa test-bedfor our research.
TheRoboCupchallengerepresentsastandardproblemonfast-
moving multiple robots,which collaboratetogetherto play a
soccergame[7]. Past approacheshave beenmonolithic in
theirdesign,whereinanagent(anindividualsoccerplayer)isa
localprocessoragroupof processesonasinglemachine.Dur-
ing a gameof soccer, computingneedsmayincreasedepend-
ing on thestateof thegame.If theseprocessescannotmigrate
to a lessloadedprocessor, a singlemachinecould get over-
loadedcausinganagentto fail to completeits computationsin
thedesiredtime. In general,without somemeansof dynamic
resourcemanagement,thereis an inefficient allocationof re-
sources.Our approachto achieve this objective canbe cate-
gorizedinto two mainareas,distributedagentbasedcomput-
ing andresourcemanagementunderdynamic,real-timecon-
straints.This paperdiscussesthe developmentof agentsthat
arecognizantof the real-timeconstraintsand resources.To
easethe managementof theseagents,we proposethe devel-
opmentof meta-agentsthatmanagethetimeandresourcesfor
theseagents.

I I . REAL-TIME SYSTEMS

A real-timesystemmaybecharacterizedasbeingstaticor
dynamic.A staticsystemis onewhoseresourcerequirements
do not changewith changesin its environment. A dynamic

system[15] is onewhoseresourcerequirementschangeun-
predictablyat runtime. This characterizationis basedon the
temporalpropertiesandexecutionbehavior of thesystem.The
majority of real-timecomputingresearchhasfocusedon sys-
temswhoserequirementsare evaluatedstatically. However,
RoboCupis ahighly dynamicenvironment.Thisprecludesthe
accuratecharacterizationof theenvironmentandits properties
by static models. In suchcontexts, temporaland execution
characteristicscanonly bedeterminedaccuratelyby empirical
observationor experience(i.e.,aposteriori).In mostreal-time
computingmodels,theexecutiontimeof a job is usedto char-
acterizeworkloadstaticallyasanintegerworst-caseexecution
time [3], [9], [6]. This is often difficult andsometimesim-
possible.The DeSiDeRaTa (Dynamic,Scalable,Dependable
Real-Time System)[15]middlewarewasdesignedto address
theseshortcomings.One of the fundamentalinnovationsof
DeSiDeRaTa is thedynamicpathparadigm,that is employed
for modelingand resourcemanagementof distributed, real-
time systems. The primary metric usedin DeSiDeRaTa is
the Quality of Service(QoS) that is a measureof the path
latency (end-to-end).The applicationprogramsof real-time
control pathssendtime-stampedevents to the QoS metrics
component.This componentis responsiblefor computingthe
path-levelQoSmetrics(liketemporalpropertiesandexecution
behavior) andsendsthemto the QoSmonitor. The monitor
checksthedeviation of observedQoSfrom therequiredQoS,
and notifies the QoS diagnosiscomponentwhen a violation
occurs.Thediagnosernotifiestheactionselectioncomponent
of the cause(s)of poor QoS and recommendsactions(e.g.,
move a programto a differenthostor LAN, sheda program,
or replicatea program)to meetQoSrequirements.Action se-
lection ranksthe recommendedactions,identifiesredundant
actions, and forwards the results to the allocation analysis
component;this componentconsultsresourcediscovery for
hostandLAN loadindex metrics,anddeterminesanefficient
methodfor allocatingthe hardwareresourcesto performthe
actions,andrequeststhat theactionsbe performedby theal-
locationenactmentcomponent.Thisentiremoduleservesasa
ResourceManager(RM) for a distributedapplication.In this
paper, wediscusstheintegrationof onesuchresourcemanager
with anintelligentagent.

I I I . AN IDEAL , RATIONAL , REAL-TIME AGENT

An agentis anything that canbe viewed asperceiving its
environmentthroughsensorsandactingupontheenvironment
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Fig. 1. A completeutility-basedagent(from [1])

througheffectors;anda rational agentis one that ”does the
right thing” [1]. Figure1 showstheoverallstructureof aratio-
nalagentthatdeterminesit courseof actionby applyingutility
theory[6]. In [1] anidealrationalagentis definedasonethat
doeswhatever is expectedto maximizea performancemea-
sure.Practicalconsiderationssuchascomputationalcomplex-
ity andspacecomplexity of ”ideal” algorithmsareoftenpro-
hibitive.Real-timerequirements,actingin anenvironmentand
computingresourceconstraintsoftenrequirethatabsoluteper-
fectionbeabandonedfor reasonable,timely responses.Unfor-
tunately, no framework existsfor reasoningabouthow ”good”
asolutionanagentcanobtain,subjectto suchconstraints.An
ideal,rational,real-timeagentis onethatis cognizantof when
it mustselectanaction.Its determinationof whattheworld is
like,andwhatit couldbelikegivenactionsby its effectors,is
boundedby timing requirements(e.g.,whena responsemust
be madeto a conditionin the environmentin order to effec-
tive). Anotheraspectof which the agentsshouldbe awareis
computingresources.To determineif a setof analysesis fea-
sible, it is necessaryto know computingresourceneedsand
computingresourceavailability. Figure 3 illustratesthe in-
tegrationof resource-awarenessinto an agent. The resource
needsof an agentperformingin a dynamicallychangingen-
vironment(like a soccerfield) changeconstantly. As needs
change,anagentcangracefullyadaptby acquiringadditional
resourcesfrom a RM. In addition to this, if the resourcesof
a machineareover worked,a RM movesapplicationsto ma-
chinesthatareunderutilized.

IV. MULTI-AGENT SYSTEMS

A multi-agentsystemmayberegardedasa groupof ideal,
rational,real-timeagentsinteractingwith oneanotherto col-
lectively achieve their goals.To achieve their goals,eachone
of theseindividual agentsneedsto beequippedto reasonnot
only about the environment,but also about the behavior of
otheragents.Basedon this reasoning,agentsneedto generate
a sequenceof actionsandexecutethem. In a heterogeneous
environmentlikesoccer, eachagentneedsto haveastrategy to
solve a particularproblem. In this context, a strategy refers
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to a decision-makingmechanismthat provides a long term
considerationfor selectingactionsto achieve specificgoals.
Eachstrategy differs in the way it tacklesthe solutionspace
of the problem. The presenceof multiple agentsnecessitates
the needfor a different treatment. We needa coordination
mechanismthat handlesthe interactionbetweenthe agents.
This mechanismis responsiblefor the implementationof the
agents’actionsandalsotheplanningprocessthatgoesinto the
implementation.Traditionally, dependingontheirapproachto
solvingaproblemof thisnature,agentshavebeendividedinto
threemaincategories[12]

� Deliberative
� Reactive
� Hybrid

A. DeliberativeAgents

In traditionalAI approaches,an agentis madeup of three
parts:sensors,a centralsymbolicreasoningandplanningsys-
tem andeffectors. The centralprocessingsystemusessym-
bolic reasoningto decideon an appropriatesequenceof ac-
tions, or plan. The plan is then executed,stepby step,by
theeffectors.Theproblemwith planningsystemsis that they
don’t scalevery well whenthecomplexity of theproblemin-
creasesandthey can’t reactwell in real time. Onereasonfor
this is that that world may changewhile the systemis doing
its, oftenslow, reasoningor duringplanexecution.Anotheris
thatplansrely on beingableto predicttheoutcomeof aseries
of actions,but theworld maynot alwaysbehaveaspredicted.
The main backboneof this designis a centralreasoningsys-
tem [11] thataccountsfor the reactivity of theagent.This is
not appropriatefor a soccergame. If we relied on a central
reasoningsystem,our reasoningto actiontime would not be
shortenough.Normally, if wewereto designasoccerplaying
systemwith this architecture,we would needto assignsome
rolesto eachagentalongwith its associatedplans.For exam-
ple, a planfor a playerin theoffense(role)would be to move
to a positionin front of a goal, turn towardsthe ball until he
getscloseto it andthenkick it. Therearea lot of problems
with this approach[13]. For instance,if theplayeron offense
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is unableto kick theball, theentireteamstrategy fails. Also, if
theball is kickedtowardsthisplayer, hehasnocorresponding
planto handleit. Evenif hedid have a backupplanto handle
a situationlike that, he doesnot have the time to reactto it.
This leadsusto considera secondkind of architecture,where
theagenthasno predefinedplansandis completelyreactive.

B. ReactiveAgents

Theseagentsmaintainno internalmodelof thecurrentsit-
uation. An actionis chosenby referencinga lookup tableof
situation-actionpairs. Thesekind of agentshave beenfound
to be very effective for well definedproblems. However in-
corporatingthemin a systemthat requiresrun-timeflexibilty
or goal directedbehavior is very difficult [10] Also, this ap-
proachmakes sensewhen the environmentdoesnot change
very much. In a soccergame,a forwarddoesnot wait for the
ball to roll uptohim. Instead,heis proactiveandrunstowards
theball to kick it. To draw a parallelwith theanalogyfor the
deliberativeagentlet usconsiderwhatwould happenif a ball
wereto landup at a player’s feet,whenheleastexpectsit. If
this were handledby a situation-actionpair, then the player
would mostlikely kick theball. This maynot bebeneficialin
thelong run.

C. Hybrid Agents

To overcomethe weaknessesdescribedabove, a combina-
tion of reactiveanddeliberativeagentsis used[4]. Here,asys-
tem is divided into two layers,onelayerdoeshigh-level rea-
soning,the otherhandlesthe interactionwith the real world.
Theupperlevel is normallyadeliberateplanningsystemwhile
the lower level is morereactive or behavior based.The kind
of agentthatwould beappropriatefor a soccerplayingagent
would bea hybrid agentwhosereactivity is determinedby its
behavior. An importantfeatureof the hybrid agentusedby
usis resourceawareness.Every individual agentis fully cog-
nizantof the resourcesavailableto themandtheir individual
decisionsareboundedby thatconstraint.

V. META-AGENTS

To beableto designa systemto handlethechallengesdis-
cussedabove,we needto do thefollowing things

� Designa representationfor individual agentactionsand
havea methodto evaluatethem

� Have anagentthat is superiorto the existing agentsand
is capableof reasoningaboutthem

� Enableadaptabilityto improve the decisionmaking re-
quiredto selectastrategy

To achievetheseobjectives,andallow coexistenceof multiple
agents,we proposethedevelopmentof a reusablemeta-agent
thatmanagestheseagents.Thegoalsof this meta-agentare

� Perform reasoning(to reasonabout agent autonomy):
This is going to decidehow much cooperationthere
needsto bebetweentheagents

� Planning:Planactions

Resource
Manager

Distributed
Workstations

Meta−Agent

Resources,
time,utility

Adaptive
Real−Time
Agent

Resources/Utility

Fig. 3. A Meta-Agentframework

� Individual Agent modeller: Maintain individual agent
stateinformation

� Other Agent modeller: Maintain information on other
agentsandattemptto predictfuturebehavior

� Conflict Manager:Classifyconflictsandresolve them
Meta-agentsareawayto helpagentsobservetheenvironment,
evaluatealternativesand prescribeand scheduleactions. In
addition, strategies can be formulatedand implementednot
only within an agentbut alsoamonga groupof agents.For
any given problem,variousstrategiesmay be available. The
main role of the meta-agentis to sift throughthesestrategies
and make intelligent decisions. Eachagentwill consult the
meta-agentprior to performinganalyses;the agentwill state
thedesiredanalysesandtheutility of performingthem. Sub-
sequently, themeta-agentwill determinethefeasibilityof per-
forming the actionsby consideringtiming requirementsand
resourceconstraints.In addition,extra resourcesmay be re-
questedfrom theresourcemanager.

For the meta-agentto make decisionsabout the individ-
ual agents,we needsomeway to assessthe capabilitiesof
the agentsandtherebyclassifythem. Th following agentat-
tributesallow usto classifythemuniquely

� Data/Knowledgecontainedwithin anagent
� Agentdependencies
� Agentbehavior: Setof states,eventsandtransitions

Sofar, wehaveestablishedtheneccesityfor a meta-agentand
enumeratedits responsibilties.Thenext sectiondealswith the
actualdesignof onesuchmeta-agent.

A. Meta-agentdesign

The meta-agentdecideson a strategy [14]. It determines
what behaviors of the agentswould achieve this strategy and
accordinglytriggersthosebehaviors. By triggeringonly the
behaviors appropriateto the currentstrategy, the meta-agent
alsoreducesbehavior-behavior interactions.This is alsoin ac-
cordancewith the layeredarchitecturewe aretrying to build.
Higher level layersimplementmoreabstractbehaviors by se-
lectingandactivatingtheappropriatebehaviors from thenext
level. Thehigherlevelsprovide thestrategic reasoningwhile
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thelower level providesreactivity to thesystem.This leadsus
to the two most importantquestionsthe meta-agentneedsto
answer

� How to chooseanappropriatestrategy?
� How to characterizeagentbehaviors?

B. Behaviormechanismof a singleagent

A behavior [8] may be thoughtof as a unit that controls
an action. A groupof behaviors combinedin the right man-
ner achieve a strategy. Eachlayer in our systemimplements
a completebehavior basedmodule. Therecanbe a number
of genericbehaviors(eachwith its associatedglobal informa-
tion), asetof activebehaviorsandprocessesthatcontrolthese
behaviors. Genericbehaviors are fixed but active behaviors
change. A particularbehavior is createdby instantiatingit
from a genericbehavior with a specificparameter. The best
possiblebehavior is achievedby combiningtheapplicabiltyof
a behavior and its priority. Priority of a behavior is a mea-
sure of its importanceor desirability. There is no central,
completeor symbolicdescriptionof theworld. The informa-
tion extractionprocesstakesincomingpercepts,extractsrel-
evant informationfor eachgenericbehavior’s world informa-
tion (performingsomesimpleconsistency checkingto ensure
the reliability of thestoreddata),thenpassesthe information
to the behavior. The behavior instantiationprocessreceives
a commandfrom the layer above indicatinga new setof be-
haviors, with associatedpriorities, thatareto bemadeactive.
Thebehavior instantiationprocessdestroys thecurrentactive
behaviorsandcreatesa new active behavior set,whenever the
upperlayer active behavior changes.Theactive behaviors in
thetopmostlayerareconstantfor thelife of theagent.

A genericbehavior providestwo functions,a control func-
tion, for issuing a command,and an applicability function
throughwhich the behavior indicatesits relevancein light of
thecurrentstateof theworld. A genericbehavior is designed
to control a very specificactionwithout regard to any other
actionsthe agentmay execute. Each genericbehavior has
associatedwith it somesimple information aboutthe world
which hasbeenextractedfrom the incomingpercepts.Infor-
mation for higher level behaviors is at a more abstractlevel
thanfor low level behaviors. For exampledefense,an upper
level behavior, mayrecordthat theball is in theoppositehalf
of thefield, while Ball-intercept,a lower level behavior, may
recordthat the ball is 45 degreesto the left. The useof pa-
rametersmeansthat thesamegenericbehavioral codecanbe
usedmany timeswith varyingeffects.For example,movemay
beusedwith a numberof differentpositions.Onegenericbe-
havior maybe partof severalbehaviors simultaneously, each
usingdifferentparameters.

A behavior issuescommandsandcalculatesits applicability
without regardto the applicabilityor priority of otherbehav-
iors in the system.The meta-agentensuresthat the resulting
interactionsbetweenbehaviors yield the bestrequired. In a
nutshell,the threemainfactorsthemeta-agentusesto choose

aparticularbehavior areapplicabiltyof thebehavior, its prior-
ity andthedurationof thebehavior’sexistence.

High level behaviors issuemessagesto the next layer de-
scribingthe low level behaviors requiredto achieve the high
level strategy. For instance,a high level behavior could be
Launch offensealongright wing. Thesewould leadlow level
behaviors like move to ball, move to right wing, passalong
right wing andkick ball to beinstantiatedwith corresponding
priorities. Sometimesadequatetime and/orresourcesarenot
availableto performthedesiredanalyses.in thesesituations,
themeta-agentandtheindividualagentsnegotiatetofind asat-
isfactorycompromise.This kind of negotiationandstrategic
decision-makingtakesinto considerationthe following con-
straints

� Strategy imposedrequirements
� Costof executinga particularstrategy
� Thequality of thesolutionprovidedby thestrategy
Eachagenthasmultiple objectives. The difficulty of the

problemlies in the fact that thereis no single objective so-
lution that canbeobtainedfor all the objectivesput together.
So, any kind of reasoningis at besta trade-off. This could
leadto circumstance-dependentsolutions,whicharegenerally
a compromise.RoboCupprovidesan ideal test-bedto imple-
menttheseagentmodels.It is a complex systemwherethere
aremultiple clientscompetingfor resources.Thenext section
describesthearchitectureadoptedby usto ensuretheoptimal
distributionof resourcesamongthevariouscompetingclients.

VI . OUR ROBOCUP ARCHITECTURE

The architectureproposedby us is applicableto both the
simulator leagueand the small sizedrobot league. The ex-
isting RoboCupclient modelsdo not adequatelytake into ac-
countthe real-timeconstraintsfacedby the socceragentson
the field. This leadsto an overworked andsub-optimalsys-
tem.To performtheseactivitiesunderreal-timeconditions,an
architectureis proposedthatputstheentireRoboCupsubsys-
tem underthe control of a resourcemanager. This manager
monitorsthe performanceof variousplayerson the field and
balancesthe processorload basedon their capacities.In the
proposedmodel,weintroducetheconceptof aClientmanager
thatresidesin a level betweentheserver andtheclients.This
client manager, basedon theinput from theresourcemanager
decidestheresourcesneededby everyclient. Theclient man-
agercommunicateswith theserverusingthelibrariesnativeto
theserverandwith theclientsusingDeSiDeRaTa’scommuni-
cationlibraries.

The architectureproposedby us is a layeredone. This is
similar to a subsumptionarchitecture[5], [2]. Figure 4 il-
lustratesthis architectureandthe variouslayers. Level 0 has
only two functions- detect/avoid obstaclesandgatherstatis-
tics. Thesestatisticsindicatethenumberof collisionsthatoc-
curredandthe numberof exceptionssentbackto level 1. If
therearenoobstacles,theplayercontinuesonhiscurrentpath,
elsehethrows anexceptionto level 1. Level 1 dealswith the
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factorsthat affect the action and performanceof the client.
This includesobject tracking and exception handling from
level 0. Level 2 pertainsto theindividualplanningadoptedby
the clients. Someof the actionswe identifiedunderthis cat-
egory weretheactualstrategy planning(offense,defenseand
goalie),playercommunication,utility of reasoningandpredic-
tion. In level 3,weperformtheactionevaluationof theclients.
This includesmodelingthe opponent,sharingthe knowledge
learnedandcomputingtheresourcesneededto reason.All the
levelsfollowing level3 wouldfollow thesamecommunication
path.

The main advantageof this schemeis that the clientsmay
be distributedacrossdifferentmachines.The resourceman-
agerwould still be managingboth the CPU andthe network
loads.At animplementationlevel, our systemhasthreemain
modules,the meta-agent,the playeragentanda databaseof
theworld. Table1 summarizesthetasksperformedby eachof
these.

Meta-Agent

Achieveshigh-level goalslikewin or score
Analyzesgamestate
Coordinatesteamorientedskills
Performsopponentmodelling

Autonomousplayeragents

Fill aparticularrole in a formation
Executeinstructionsfrom themeta-agent
Recieveupdatesfrom thevision systemandupdateplans

World View database

Providescurrentvision information
Keepsahistory
Predictopponentmovements

VI I . CONCLUSIONS

Themainhighlightof ourarchitectureis its uniqueness.Re-
sourcemanagementis vital to dynamicsystemsoperatingin
real-time. The systemdevelopedby usbalancesthe load be-
tweenthe differentmachinesrunningthe clientsso asto en-

surereal-timeconstraintsandachieve the mostefficient allo-
cationof computationalresources.The agentsdevelopedby
us arefully cognizantof the resourcesavailableto themand
theconstraintsof operation.Theseagentsareefficiently con-
trolled by the meta-agentwhich managestheir time and re-
sources.
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