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Abstract. In thispaperwe proposeageneralizatiomf thebounded
rationality paradigmto multi-agentsystems(MAS) in which self-
interestedagentswork on a commongoal. A hierarchical resouce
adaption schemeis developedthat links the micro-level of a hy-
brid andlayeredagentarchitectureto the macio-level of the corre-
spondingsociety Theintroductionof societalstructuregrovidesthe
key for breakingdown the highly complex searchfor optimal solu-
tionsinto a multi-stagedprocessEachof the socialstagesntegrates
the complementarypenefitsof simpleandcomplex decisionmaking
basedon the device of abstract resouces Theseare unified repre-
sentation®f quantitatve ervironmentalandarchitecturatonstraints
orinterdependencidsetweersubordinatg@roblem-solers. Thepre-
sentedframework is integratedinto an existing multi-agentsystem
andthusappliedto a seriesof applicationsTo clarify our approach,
we referto atransportatiorielematicsdomains.

1 Intr oduction

Duringthelastdecadeanew focusin Artificial Intelligence(Al) has
emepgedaroundthe notion of bounded-ationality [14]: intelligence
is not anymore viewed as an in-principle capability of solving ab-
stractproblems but is ratherbeingmeasuredhroughperformance
with respectto a dynamicallychangingervironment.We consider
resouce distribution to be a key to achiere online adaptionof a
systemto changesn the domain,whereresoucesare regardedas
mostly quantitatve ernvironmentaland architecturalkconditionsthat
constrairthebehaior of the situatedagent

Still, the questionhow to generalizetheoriesand their practical
implicationsto the multi-agentcaseis anissuewherea commonly
agreedsolutionhasnot beenfoundyet. In this paper we extendthe
theoryof boundedptimality[13, 12] to societieof agentghatare,
at leastpartially, benaolentto eachotherandthat sharea common
goal.Fromthis extensionwe derive atwo-fold mechanisnto control
resourcesotonly on every stageof alayeredagentarchitectureput
alsoon every socialstagein thesociety We proposethis mechanism
asto meettheurgentdemandf verifiably robustandscalableMAS,
i.e., systemghatare ableto adaptto ary problemsize. This prop-
erty is especiallyrelevantfor large applicationssuchasin emeging
global networks, flexible manufcturingsystemqFMS), and trans-
portationtelematics.

Themechanisnbeingpresentedonsistof asimpledecisiormak-
ing unit andof a comple decisionmakingunit. Complex decisions
denotdong-termintentionsoutof primitive systenoperationsvhose
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compositiorproducesanoptimalanswerGenerallythe correspond-
ing decisionproceduresurn outto be comple too, in the sensehat
theiramountbof computatiorincreasegxponentiallyin problemsize.
Simpledecisionsareregardedas primitive measureshat maximize
the systems performancgust for the next, single step.Often, they
canbe computedusingmyopicproceduresghatonly take theimme-
diateconsequencad anactioninto account.

Structur e of the Paper Throughouthe paperwe frequentlyre-
ferto aspecificapplicationthe TELETRUCK system1], toillustrate
our conceptsHencefor the sale of clarity, we briefly introducethe
systemin Section2. In Section3, we presenbur MAS-extensionof
the boundedoptimality theory To upholdthe practicalaspectf a
tractable,robust, and scalablecontrol regime, we proposein Sec-
tion 4 our hierarchicalresourcemanagemenmodel that connects
the macio-level of the agentsocietyto the micro-level of layered
agentarchitecturesuchasthe INTERRAP model[11]. Section5
thenfocusesn therepresentationf abstractesourcegandthe two-
fold distribution mechanisnthatis integratedinto eachsocialstage
andthatincorporatedothsimple,i.e.,locally optimal,andcomple,
i.e., globally optimalmethodgor decisionmaking.In Section6, we
discussan interpretationof our approachunderthe perspectie of
holonicsystemsFinally, we concludeandgive anoverviewv overon-
goingandfuturework on realizingthe presenmodel.

RelatedWork Our theoreticalandpracticalconsiderationsirav
heavily ontheinfluencingideasof [13, 12] andgeneralizeheframe-
work to the multi-agentcasewhere self-interestecagentswork on
acommongoal.In contrasto, e.g.,social rationality [6], we intro-
duceexplicit social control structureghat are neverthelesopento
individual decisions.The presentecgentarchitecturebaseson the
hybrid agentarchitectureof [11] enhancedby variationsof decision
proceduresgoundin [16] and[5]. While this paperfocuseson the
architecturalengineeringaspect[3] discusseshe relevanceof our
approacthto cognitve andsocialsciences.

2 The TELETRUCK Application

The TELETRUCK system[1] hasbeendevelopedas a multi-agent
basedfleet schedulingsystemin which a collection of geographi-
cally dispersedhippingcompaniegarryouttransportationasksfor
variouscustomersThecompaniehave afleetof transportatiomnits
like drivers,trucks,or trailersat their disposathatcanbe combined
to meangftransportationUnits of varioustypesmaydiffer in mary
ways:truckscanbe classifiednto puretractors thosewithoutload-
ing spaceandthosewithout. The type andsizeof loadingspaceof
containersconstrainghe type of caigo thatcanbetransportedAlso



humandriversdiffer in their suppliedworking time andthe type of
cago he or shemay transportdependingon issuessuchas special
trainingor certainlicenses.

The job of a dispatchingsystemis the assignmenbf transporta-
tion ordersto thosemeansof transportationwhich fulfill bestthe
customerstequirementge.g.,time constraints) For eachmeansof
transportatiora tour plan hasto be generatedor the assignedasks.
This planspecifieghe orderandthe time scheduldor the execution
of the transportatiortasks.Hence,the dispatchersre facedwith a
two-stagedlanningproblem.

In commonpractice traditionalOperation®ResearclfOR) meth-
odsareusedto solwve this problem.However, the underlyingproblem
specifications notstatic,sincenew customenrdersor modifications
of alreadyscheduledrdersmaydropin duringthe executiontime.
Furthermoretraffic jamsor truck breakdans canleadto theinfea-
sibility of aplanandenforceonlinere-planning OR-techniquesan
hardly copewith the dynamicsarisingduring the executiontime of
thetour planssincethey have to build a new scheduldrom scratch.

In TELETRUCK, meansof transportatiorarerepresentethrough
autonomousagentsthat computean overall solutionin a decentral
manner Furthermoretheseagentsareableto monitorthe execution
of theirlocal schedulesvhich they canre-planlocally in caseof un-
foreseerevents.

[2] shaved that the quality of solutionsobtainedfrom a multi-
agentimplementationfor the off-line, medium-scaledscheduling
problem(50-100orders)cancompetewith OR solutions.However,
in additionthe TELETRUCK approachs muchmoreflexible, sinceit
allowsto vary thenumberof agentn-lineandcancopewith open,
dynamicschedulingproblemsand with uncertaintyin plan execu-
tion.

Two additionalfactorsof thetransportatiomomaingobeyondOR
techniquesFirst, thereis therequiredscalabilityof theapplieddeci-
sion making.Most of the traditionalminimum-costflow algorithms
scaleproportionallyto thenumberof all possibleorigin anddestina-
tion locations,no matterif sucha locationis on scheduleat all. In
large-scaledeal world applicationssuchapproachebecomeeasily
intractable.In TELETRUCK, suchproblemscan naturally be over
comethroughstructurizationand organizationof the agentsrepre-
sentingthegeographicallyistributedfleet,makingthe TELETRUCK
approachwell scalable.

Secondtherearealsofactorsof self-interestin the transportation
domain.Humandrivers’ preferencegould sometimesonflict with
eachotheror collide with somegoal of the shippingcompary. Tak-
ing thosewishesinto accountplaysanimportantrole in developing
practicalfleet schedulesFurthermorewe could allow for shipping
companieso cooperatavith eachotherin orderto procesgasksthat
no compan couldproces®nits own. In eachcasethereis howvever
somecommongoalinvolvedwhich justifiescoordination.

In the following, we shall elaboratetheoreticallyand practically
our approachof a balancedand tractabledecisionmechanismfor
distributing tasksandresourcesn the multi-agentcase.

3 The Boundedly Optimal Agent Society

In [12], Russelland Subramaniardefine boundedoptimality as a
property definedon a set of agents£ regardedas programsor
states.The ervironmentin which suchan agentis situatedcan be
representedy a given transition” : W x £L — W x L of
world statesW. The boundedlyoptimal agentl,,; € £ with re-
spectto T' solves the constrainedoptimization problem l,,: =
argmaxc V (Aw.T'(w,1)). In termsof autility assignmeny’, it thus

maximizesthe outcomeof functionsAw.T'(w, I) thatareenumerat-
ing the possiblyinfinite world evolution givenanagentprogrami.®

[12] amuesthatoptimalbehaior cannotbe reachedn a domain-
independenmannerwith only someobject-level orienteddecision
makingprocedureAdditionally, thehigherorderproblemof approx-
imating the optimal agentprogramhasto be solved. This justifies
the applicationof meta-easoningin the proposedpracticalarchi-
tectureof [13]: Internal (architectual, computationglresourcesre
assignedio and monitoed from a setof optional coursegor pro-
grams)runningon the object-level. Sincethe meta-reasoningom-
ponentalsoappliesfor internalresourcest shouldbe of neglectable
compleity. In contrasto thecomple, structuredsetof decisiondn
the object-level, the meta-leel reasonings a fastand simpledeci-
sionprocedureSimpleresourceassignmenis thereforeonly locally
optimal,i.e., for asingletime step.Thusit doesnot necessarilyead
to theglobaloptimum,but hopefullyto a satisfyingsolution.

We areinterestedn the multi-agentcaseof boundedoptimality:
We extendtheervironmentT : W x L* — W x L* to asimultane-
ousreductiorof all theagentprogramsTheboundedlyptimalagent
societyis thentheselectectuplel_;pt € L* asasolutionto the con-
strainedoptimizationprobleml,,,; = argma)f“*f/()\w.T(w, 0).

Herein, the performancemeasureV is an appropriategame-
theoetic measurehat reflectsthe global performancewith regard
to the commongoal of the involved agentssimilar to the utility V'
in the single-agentase.In addition,it hasto reflectthe stability of
tradingoff individualinterestsi.e.,thefewerargumentsa participant
agentmightobjectagainstaparticularcorporatesolutionandtheless
socialimportanceheagenthas themorestablethe solutionis. Such
aspectsanbeintegratedto V' asweightedpenaltieslt is clearthat
sucha theoreticalperspectie only males sensen the presencef
a commongoal andthe existenceof stablesolutionswith respecto
individualinterests.

A practical multi-agentarchitectureto approximatethe bound-
edly optimalsociety however, doesnot only have to elaboratesocial
macro-leel aspectdo ensureoptimality. It alsohasto link micro-
level agentmodels,(suchasthe hybrid modelof [11]), thataresuit-
ablefor bothreactie anddeliberatve behaior. Thesocialarchitec-
ture that we develop in the following sectionscopeswith complex
MAS-typical inter-dependenciem assigningresourcesand leaves
enoughspacdor theautonomouslecisionmakingfacilitiesto refine
theformulatedguidelines.

Relationto the Application SimilartotheOR approachapplying
a single-agentrchitectureto the completetransportatiorproblem
revealsthe lacking scalability of Russelland Wefald’s centralized
approachTheobject-level hasto solve thedistributedvehiclerouting
problemwhile the assignment®f tasksto trucks might ratherbe
realizedon the meta-leel. Both jobs are intractablefor real-world
problemsizes Jet alonetheincapabilityof the systemto reactto the
dynamicsof thewhole,complex scenarioln addition,the existence
of anexplicit globalutility functionthatgivesreasonableredictions
for all shippingcompaniezannotbeassumed.

A simpleemploymentof a meta-reasoningrchitectureaccording
to [13] to every agentsin a multi-agent-basedpproachs still not

3 In theoriginalformulationof [12], ageniinterpreteandervironmentarein-
dependentOur presentationhowever, unifiestheseinto asingletransition
T whichis motivatedby our further elaborationsFurthermorewe do not
modelT" underincompleteknowledge,at the moment.Thesesimplifica-
tions shouldnot affect the claimsof our paper Especiallythe replacement
of utility with expectedutility within all the presentedconceptsslightly
complicateghepicture,but is a standardechnique.
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suficient. In ourexampledomainwe couldmodel for instancegach
truck asa separatdrussell-and-\&fald agentthatindependentlyap-
pliesfor delivery tasks plansandexecutesa tour. However, because
the truck agentsdo only optimize from their local perspectie, the
quality of the resultingdistributed schedulewould be rather poot
Additionally, therestrictedreactvity of the truck agentsprohibitsa
flexible recoveragefrom failure. The modelingof shippingcompa-
niesasagentsehaesin a similar sub-optimalfashionandfurther
moreshareshehighcompleity of thesingle-agentaseasdescribed
above. A morestructuredneta-reasoningrocedures required.

4 A Hierarchical Model of Resouice Control
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Figurel. StagesandDecisionProcedurefn ResourceControl

To approximatethe boundedlyoptimal agentsociety a straight-
forwardthoughby no meangdrivial approachs to introducea social
hierarchywhich consistsof agentlayers,individual agentsgroup$,
andthe society(Figure 1) asexplicit decisionstages We follow the
three-layered NTERRAP agentarchitectureof [11] to build up the
agentstage INTERRAP emplgys reactive, proceduraknowledgein
the behaviorbasedlayer (BBL), deliberatve planningin the local
planninglayer (LPL), andfinally communicatioomechanism the
socialplanninglayer (SPL).

The contentof ary adaptiondecisionon a particularmacro-leel
stage,but also agent-internaktage,is the resourceassignmento
membersf the subordinatestagedasedon their performancesOn

4 In ourschemegroupsconsisiof arbitrarymixturesof agentsandsubgroups.
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Figure2. StagesandDecisionProceduretn ResourceControl

themacro-level stagesseveral optionsremainto actuallyimplement
theresourceassignmenprocedureDistributedapproachegealizea
commonsocialstagepurelyby communicatiorprotocolsandthein-
herentdistributeddecisions More centralisticapproachesitherto-
tally replacethe former individual agentsby a new agentor they
introducea so-calledrepresentativeagent beinga selectedbr fresh
memberof thegroups.

We choosethe latter approachof representate agentsbecause
onethe onehand,it avoids the communicatioroverheadof a fully
distributed setting. Furthermore,it leaves open the possibility of
a dynamicreconfiguratiorwhich is much harderto realize of one
takesthe replacemenoption. Finally, the representate straightfor
wardly inheritsthe resource-managemefaiilitiesfrom the INTER-
RAP agentarchitecture Similar to the micro-level case the repre-
sentatve achieves an efficient structureof its social stagethrough
performancenonitoringandresourcellocation;thesameallocation
mechanisntanhencebe emplg/ed for both the micro- andmacro-
level resourcdistribution. This concepsupportghedesignof social
structureghataredynamicallycreatecandmodifiedwhereuseful.

[13, 12] distinguishbetweenbetweeninternal and external re-
sourceshetweerervironmentaland architecturakonstraintsinter
nal resourcenly affect the interpretation of the agentprogram,
while externalonesarethetopic of theobject-level reasoningln this
paperwe abstracfrom this distinctionfor the multi-agentcasethe
explicit representationalevice of abstiact resouces (Section5.1)
capturesary generalinterdependeng beit internalor external,be-
tweenthe problemsolversconstitutinga socialstage.

Basedon abstractresourcesyve are able to develop a two-fold
allocationprocedureo be integratedon every (i.e., on eachmacro-
level and eachmicro-level) stagethat monitorsthe performanceof
lower stagesandsetsup guidelinedfor thestill autonomoudehaior
of thelower stagesAs Figure? illustrateswe integratethe comple-
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mentaryadwantage®of a complex andoptimal searchby a decision-
theoeetic planningapproach{seeSection5.2) andof afastandflexi-
ble mechanisnthesteepesascenmethod(seeSections.3).At each
socialstage the comple decisionmakingis directedby the simple
decisionmakingasits meta-leel. As aresult,our socialhierarchyis
a dynamictrade-of betweenrtractability and optimality which does
not stick with therestrictionsof RussellandWefald’s original archi-
tecture.

Relation to the Application In TELETRUCK the lowestsocietal
stageconsistof truckdriver, trucktractor trailer, andcaigo units,all
of whicharerepresentetly agentsA meansf transportatiorfi.e.,a
feasiblecombinatiorof trailer, truck anddriver) is representetly an
additionalagent,the so called Planning’n’ExecutionUnit (PnEU)
On a higher stage the whole compay is also agentified.Figure 3
shavs the correlationsHigherstagesn the societyarecompary as-
sociationsandintermodalassociations.

Company
Agent

Driver

\\‘Resource Allocation Protocol
\E)dended Contract Net Protocol

Figure3. StagesandDecisionProceduref TELETRUCK

A truck agent for instancejs realizedin INTERRAP asfollows:
Theagentexecutesandmonitorsthetoursof atruckwithin the BBL.
Routeplanningis donein the LPL while the SPL negotiatesabout
tasksandcoordination A company agentmonitorsthe performance
of thecompaypy’s fleet.If, for instanceall trucksarebooled out fre-
quently thecompapy ageninduceghepurchasef additionaltrucks.

The shortcomingof the distinctionbetweenexternalandinternal
resourcesanbe seenat the following example:allowing two truck
agentsto plan and executethe samedelivery task (wastinga com-
putationalresource)eventuallyleadsto conflictingphysicalactions,
suchastheactualloadingof the calgo (anexternalresource).

5 DecisionMaking Basedon Abstract Resources
5.1 Abstract Resourcesand Profiling

As aforementionedthe clear distinction betweenarchitecturaland
ervironmental constraintsdoesnot seemto be reasonabldn the
multi-agentcaseinteractingagentsaffectthegroupstagen asimilar
fashion,no matterif this happensnternally e.g.,by runningon the
samecomputingdevice, or if this happengxternally by performing
actionsin the physicalworld. Similarly, controllingthe computation
of anagentalsoconstrainsts accesgo the outerworld.

To representheinterdependencidsetweera numberof problem
solvers,we regardan abstractresourceasa limited setof itemsfor
which theseproblemsolversapply Thetaskof eachsocialstageof
our hierarchythereforeamountsto decideaboutthe distribution of
the items. This happensiy determiningdisjoint subsetof the ab-
stractresourceo beallocatedo the subordinatgroblemsolvers.

A ratherprimitive exampleof an abstractesourcds a unaryset
which correspondso the well-knovn constructof a semaphag in
ComputerScienceThis restrictscertainactvities thatapply for the
semaphoréo happenin a sequentiamanneyasonly oneof themis
ableto geta hold on it andthereforeallowedto compute(internal
use)or act(externaluse).The semaphoralsoillustratesthe higher
level charactepf resourcesinceit doesnotrestrictthedetailedcom-
putationwithin the confirmedactuity. Rather it is a representation
of a selectedsubspacef allocationsfor the concreteresourcen
thenext deepestageassigninganabstractesourcghusamountgo
putting “guidelines” or constraintn the further refinementon the
lower stages.

Global
Profile

Complex
Decision

Current
Configuration

N

Simple
Decision
\
=ity Local

Profiles

# Resou [ces

Figure4. FromLocalto GlobalProfiles

The allocation of abstractresourceshas to happenbasedon
decision-theoreticonsiderationsbouthowv useful a particularas-
signmentis. Eachsubordinatgroblemsolver thereforestatistically
monitorsa so-calledocal profile which describests currentperfor
manceor utility (V) in relationto ary possibleresourceconfigura-
tion. A global profile canbe generatedy game-theoreticonsider
ations(V — seeSection3) andthe useof higherlevel knowledge
abouthow resourcesare dynamically affected by the subordinate
stagesAn exampleis theknowledgewhethera semaphoréasbeen
releasedndthereforeis freefor furtheruse.Theglobalprofile inte-
gratesfrequentlygatheregiecesof localinformationinto atemporal
projectionor hypothesiof the system$ development.

Figure4 illustratesghefunctionalrelationshipgncodedn profiles.
Thequestiorof how they areactuallyrepresentet stronglycoupled
to thequestiorof whatconstituteghe decisionproblemherein.Gen-
erally speakingwe regardthe task of eachstageasa searchfor an
optimum of the objectivefunctionin the multi-dimensionaleach
spacerepresentedy theglobalprofile.
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Relation to the Application In the transportatiordomain,truck
agentscompetefor abstractresourcessuch as fuel, working time
of drivers,maintenanceapacitiesandof coursethe delivery tasks
andplanning/eecutiontime. Shippingcompaniesompetefor even
more abstractconceptssuch as pools of tasks, geographicalor
freight-typemonopolies,and the capacitiesof other transportation
systemsArrangementsvith respecto theseresourcesanbe made,
for instanceby abroker agentrepresenting compan association.

5.2 ComplexDecisionMaking

Theperformancef agentss usuallynot purelymeasureth termsof
a real~waluedfunction. Rathey agentsarefacedwith a combination
of symbolic characterizationsf desiredsystemstates(goalg and
numericprioritiesbetweerthose(prefeencesr utilities). Originally,
Al andOperationgResearcthave developedratherisolatedmethods,
namelyplanningsystemsndoptimizatiorroutinego dealwith these
complementaryepresentation®uring recentyears therehasbeen
a deeperunderstandingf a unifying methodologywhich finds its
practicein approacheto decision-theaatic planning[5].

Basically decision-theoretiplanningfollows the deliberatve Al
paradigmin producingtemporallystructuredsets(plans)of means
(actions).Eachactionis annotatedvith preconditionsi.e., applica-
bility conditions,andeffects,i.e.,changesmposedy theexecution
of the action.Insteadof simply looking for a planthatis applicable
in thecurrentsituationandthatinstallsa symbolicgoalby its effects,
decision-theoretiplanningadditionallyassignsa rangeof utility to
eachintermediateincompleteplan. This assignmentiepend®n the
valueof systenstateghatthe planprobablyproducesndto thecost
of the actionsperformedwithin. Using theseestimatesas a guid-
ing principleduringsearchthedecision-theoretiplannereturnshe
planwith maximal(expected)utility.

Suchanapproachs suitableto representhe (multi-agent)global
profile andtheinvolved reasoningthe planwhoseapplicationguar
anteeghe optimal satishctionof thegoals,i.e., it establishes state
thatmaximizeghe utility, corresponda pathfrom the currentsitua-
tion to theglobalmaximumin theglobalprofile (seeFigure4). In our
schemeactionsmodelchange®f theresourceallocation,i.e., are-
structuringof the subordinateoroblemsolvers. Therefore symbolic
preconditionsandeffectsof actionsin Al planningcanbe enhanced
with quantitatve alterationf abstractresources.

Finding suchoptimal solutionscomesat the costof high compu-
tational compleity: the planningof a complex sequenc®f system
reconfigurationsonsumeslsocomputationatesourcesndeedthe
abstractresourcesvailableto the plannerwill be partly mappedo
the time and spaceconsumptiorof the planners computationThe
restconstituteghe resourcaepresentationthat arethe issueof the
operatorsn theplan.

Relationto the Application Complex decisionsn thetransporta-
tion domainare,e.g.,the planningof anoptimalroutefor atruckin-
corporatinduel costsroadtolls, servicetime, and(un-)loadingpro-
cessesFor a shippingcompayy, the reolganizationof truck depots
is arare,but importantmeasureo optimally adaptto the customers’
needsUsefullong-termarrangementbetweerncompanie®f anas-
sociationareanotherareawherecomple decisionsarerequired.

A shippingcompany will acceptanumberof taskswith adeadline.
Afterwards,its representate agenthasto decideabouthow long to
deliberatethe optimal distribution of tasksto trucks and will then
distribute the remainingtime to the truck agentswhich finally plan
andexecutetheir tours.

5.3 Simple DecisionMaking

As justdiscussed¢complex decisionmakingintroducesa high com-
plexity. This may leadto the consumptiorof the completesystem
time beforeactuallytriggeringsomeexternalactionto meetthegoal.
Inspiredby [13], we arguethattherehasto be somemeta-level guide
thatpruneshevastnumberof choicesopento the deliberatve mod-
ule. On the one hand,this is given by the uppersocial stagesand
their decisiondn theform of abstracguidelines Onthe otherhand,
the refinementof thesedecisionscanbe doneby a simpledecision
makingmechanisroperatingon the local profile (seeFigure4 and
Figure2).

A variationof thesteepesaiscenmethod16] for findinglocal op-
timais well suitedfor thattaskasit is ableto reactfastto situation
changesn orderto maintainhigh, but not necessarilyoptimal per
formanceduring the completerun of the application.By frequently
samplingand monitoring the performanceof the underlyingcom-
plex decisionaccordingto the currentresourceconfiguration,it is
ableto estimatethe surroundingareaof thelocal profile (seeFigure
4). The point of concernis to find in eachdimensiona value with
a high maminal utility value i.e., a point wherethe investmentfor
one more resourceunit leadsto a high performancemprovement.
If the performances representabley somedifferentiablefunction,
thebestdirectioncanbe determinedisingpartialderivatives.Other
wise,asuficientapproximatiorbasednthecollectedsamplege.g.,
interpolation)is used.

The basicassumption®of the steepesascentmethodoperating
onthelocal profile coincidewith RussellandWefald's meta-greedy
methodwhich hasbeenprovenapplicable For example concavityof
the objective functionis animportantprerequisitéo guaranteeven
global optimality. A simulated-annealintechnique[9] helpsnot to
run into local optimain caseof non-comwexity. However, sincethe
ervironmentmay changerapidly, the achiezementof only local op-
timais not a seriousproblem,since(globalaswell aslocal) optima
may losetheir optimality instantly Otherassumptionssuchascon-
vexity of the searchspaceand ordinal dimensionsare met by our
abstractesourceepresentatiowhichis discussedh [3].

Relation to the Application Simpledecisionsin the transporta-
tion domainare,e.g.,thetruck agents decisionto acceptor rejecta
particulardelivery task.For a shippingcompary, maginal sizevari-
ationsof theactivefleet,(de-)installation®f particulardepotspr as-
signmentof a truck to oneof thosegeographicallydistributedsites
can be realizedusing this mechanismFinally, an associatiorbro-
ker agentadaptghe possiblenegotiationschemedetweershipping
companiesccordingto currentnecessitieandarrangements.

5.4 Combining Complexand Simple Decision
Making

As statedabove, this combinationof complex and simple decision
makingfollows RussellandWefald’s meta-level reasoningarchitec-
ture:all possibleobject-level actionsfor the complex decisionmak-
ing unit cover resourceallocationfor lower stageswhile the simple
decisionmakingunit onthe meta-level reasonsboutthe optimalad-
justmentof the complex decisionmalker. Ohviously, the presented
architecturecannotguaranteeglobal optimality of the whole agent
society butin analogyto [13], globally optimalbehaior is approxi-
matedin atractablefashion.
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6 Holonic Structuresfor Resource Management

As discussedh Section4, we embodyour resourceallocationmeth-
ods(the steepesascentmethodanddecision-theoretiplanning)ex-

plicitly in anagentthatis basednthe INTERRAP architectureThe
resultingsystencanbeviewedasanimplementatiorof theso-called
holonicprinciple,aswe pointout now:

Accordingto the HungarianphilosopherArthur Kostler [10], a
holonis an entity with self-similar characteristicsFirst, it appears
asaninseparableunit (the Greekholos meaningwhole; however,
a closerlook revealsthatit canbe subdvided into new structures

(the suffix on meaningparticle) which exhibit a similar appearance:

Hence,the processof splitting a holon can (theoretically)be per
formedad infinitum On the otherhand,holonscanjoin in orderto
form anew entity, which againhasholoniccharacteristics.

Sucha descriptiondoesinitially not coincidewith the common
useof thetermagentin DAI: In mary applicationsthemodelgran-
ularity is determinedn adwance Jeadingto seriousdravbacks.Once
defined,an agenthasto representin entity no matterif this taskis
toodemandingr undemandindor it. However, ourapproactof ahi-
erarchicallymoderatedyroup of agentss muchmoreflexible since
the group structurecan be madesubjectof the resourceallocation
mechanismThisleadsto dynamicself-oiganizatiorof thegroupand
hencerealizegheholonicparadigm.

[4] definesa collectionof criteria to identify holonic structures
in an applicationdomainand also requirementsand restrictionsto
the architectureof the agentsociety;all of which canbe metby the
approaclpresentedh this paper Thetwo mostimportantrestrictions
to anagentsocietyarethefollowing:

First,membemagentf aholonmuststrive towardsleastonecom-
mongoal(whichmightberepresenteexplicitly orimplicitly), lead-
ing to emegentoverallgoalsof theholon.Olviously, theseemeging
goalsmay not conflict with the goalsof the memberagents)eading
to the factthat agentscanonly be membersof several holonswith
conflicting overall goalsif the agentsin questionareindifferentto-
wardssuchconflictinggoals.

Secondagentsforming a holonstill remainautonomougproblem
solvers.However, they have to acceptautonomyrestrictions:agents
commit reportlocal profiles to higher social stagesand to accept
guidelinesderived from thesehigher stagesIn particular the per
missionto communicatavith agentsoutsideof the holonis regarded
asanabstractesourcegivenor deniedfrom higherstages.

If wereferto aholonasacollectionof agentsn asocietyequipped
with the presentedesourceallocationmechanisnwe canintroduce
an additionallevel of abstractionwe canidentify a holonic entity
and henceabstractaway from the underlyingagents analogouso
theway we previously hadidentifiedagentgdandhadabstractedrom
evenlowerlevel conceptsuchasobjects processesr threads).

7 Conclusionand Futur e Work

We have presentea hierarchicakesourceadaptionmodelfor MAS
that extendsthe theoreticalframevork and practicalarchitectureof
[12, 13] to gathera tractable robust, andscalableapproximatiorof
boundedptimality. The mainmodelingtoolsarethe conceptof ab-
stractresourcesindthe holonicagentn orderto smoothlybridgethe
micro-macro-gapftenfoundin thedesignof complex systems.
[12, 13] describea modellike oursas meta-level rational They
furthermoreproposethatin orderto obtainthe bestagentprogram,
or thebestsetof agentprogramsn our case compilationtechniques
have to be applied. Compilation memgesthe heuristicinformation

gatheredby the meta-l&vel into the object-level datastructuresthus
making the meta-leel redundantWith respectto boundedlyopti-
mal societies sucha compilationcorrespondso the establishment
of sociallaws which is a highly interestingperspectie in aninter
disciplinarysettingof socialsciences.

An implementatiorand evaluationof our work relieson the IN-
TERRAP architecture[11] which is realizedboth in Java™ and
Oz[15]. Especiallyconstraint-basethethodsasprovidedin Oz, are
a naturalway of describingboth the simpleandthe comple deci-
sionmakingalgorithms suchasthelogic-baseglanningmoduleof
INTERRAP [8]. Besidesthe mentionedransportatiordomain,cur
rentinvestigationsalsocover flexible manufcturingsystemsandthe
soccersimulationof RoboCup[7].
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