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Abstract

Software agentsoperatingin large-scale,openand dynamic, multi-

agentsystemanustbe ableto reasonabouthow their candidatetasks
relateto thosebeingperformedby otheragentsandhow tasksrelateto
satisfyingorganizationalgoalsandobjectives. Reasoningat this level,

hawever, is inherentlydifferentthanthe classof reasoningequiredto
evaluateand coordinatethe detaileddomainactionsof eachagent. In

this paperwe definean approachfor integrating detailedagentcon-
trol, in the form of TAMS, Design-to-Critera agentscheduling,and
GPGPcoordinationwith the M Q framework for organizationalevel
control.

1. INTRODUCTION

Our researcltommurity is shaving significantprogressn mak-
ing the agentcompuing paradigma reality. However, therearere-
searchquestionghat mustbe addressedh orderfor investmentn
agentcompuing researchto pay full dividends. Considerthe re-
quiremens andcharacteristicef the problemspace Onelongterm
objectiveis to createagent-basedpen large-scaleinformationand
compuational systemghat exist in dynamicernvironmentsandare
flexible, adaptale, rohust, persistentandautonanous. Now, con-
siderthe implicationsof this. Operatingin dynamic openenviron-
mentsis a hard problembecauséat meansthat the taskson which
anagentis operatingmay change frequentlydueto new goals,nen
requestspr new collaborationswith otheragents.Interactionsbe-

tweentasksmay changefrequently as well for the samereasons.

The agentsthemseles may comeandgo from the network andbe
periodically unavailable Theseconditionsoften actto thwart agent
techndogiesthatrely on detailedpredictability or staticproperties
of the problemspace.In our work, we take the view thatopennss
leadsto a requirementor soft real-timeagentproblemsolving so
thatagentscanrespondo changeandunexpectedoutcanesonline.

Moving the scaleof multi-agentsystemsfrom small groupsto
largegroups e.g. tensof thousand, throws two otherproblemsnto
themix: increasednteractionoverheal andsituationalcomplexity.
Theterminteractionoverhead denoteghe increasén commurca-
tion betweenagentsrequiredto detectinteractionsn their problem
solving andto coordnatetheir actvities, i.e., it denotesthe sheer
volumeof messagéraffic andproblemsolvingrequiredto evaluate
the messagesThis is beingdealtwith by imposingorganizational
structureon the agentsso thatthey do not all communicateand by
creatingcoordnation andcommunicatiortechnologesthataread-
justable.The otherissueis increasedituationalcomplity. At the
conceptual level, whenagentsaresituatedin a large openerviron-
ment,andorganizationabtructureis imposeduponthem,they have
differentorganizationabbjectvesandthey mustreasorabouthowv
their problemsolving relatesto satisfyingtheir multiple, andpossi-
bly conflicting,organizationabbjectves.

We have developedthe motivationalquantities(M Q) framewvork
to addresshe situationalcompleity of agentsdeployedin large-
scaleMAS. The M@ framevork hasbeendocumentedn [25, 27]
andis being usedto organizeagentsand to supportthe study of
rangesof cooperatie behaior in organizedagentsand the impli-
cationsof this to agentnegotiation [29, 28] The M@ framework
addressesituationalcompleity from two directions: 1) modeling
or represanting the agents candidateactiities and the necessgy
attributesof the organizationalsituationin which actiities are lo-
cated(e.g.,how agiventasksrelateso anorganizationabbjective),
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and,2) reasoring abou thetasksto determinea courseof actionfor

theagent.This reasoningprocessleterminesvhich tasksthe agent
should perform, and when, by valuing candidae tasksin light of

the agents situationalcomgexity or organizationalkcontet and by

consideringesourcdimitationsanddeadlineson thetasks.

It isimportantto emphaizethatthisresearctpertaingo comple
problemsolvingagentse.g,[14, 13] andtheBIG InformationGath-
ering Agent[17], wherethe agentsare situatedin an ervironment,
ableto senseandeffect, andhave explicit representationsf candi-
datetasksandexplicit representatiomof differentwaysto go about
performingthetasks.Additionally, tasksarequantifiedor have dif-
ferentperformane characteristicand, following in the threadof
comple problemsolving [8] there are relationshipsbetweenthe
tasks. Theimplicationsarethattaskscannotbe reasonediboutin-
depemlently andthatthe value or utility of particulartasksdiffers
depering on the context. We call the processof reasonig about
which tasksto perform,when,with whatresourceshow or in what
fashion,andwith whomto coordinatethelocal agert control prob-
lem. Theterm*“local” is usedin this expressiorbecaus ageng, as
we useit, denotesanautonanousdistributedproblemsolvingentity.
In our work, thereis no global pictureof all actwities beingcarried
out by all agentsnor arethe agentssituatedin specializedtightly
coupledervironmentslike Tambes teamg22] or roboticsoccer

Thoughthe M Q framework is proving appropriatefor reason-
ing abou an agents candichteactvities from a high-level, it lacks
adetailedview of the domainproblemsolving processebeingper
formedby thelocal agent. For example,the M @ framevork does
not model and quantify interactionshetweentasks— otherthanto
notethatonetaskmay prodice an artifactnecessaryor the perfor
manceof anothertask. The implication of this high-level view is
thatthe M Q framavork canselecta courseof actionfor the agent
thatmay not be desirableor even feasibleonceall of the detailsof
the domainproblemsolving processare examinedanddetailedco-
ordinationbetweenthe agentstakes place. Therearetwo reasons
for this: 1) the M ) framework focuseson the situationalcomple-
ity thatarisesin large organizationsf agentsjt doesnot focuson
thedetailsof domainproblemsolving, 2) until thedetailsareworked
outbetweerall theinvolvedagerts, thelocalager doesnotactually
know theexacttemporalandresourceconstraint®f candicatetasks
andthusit cannotfully computetheir value or determinefeasibil-
ity atanorganizationalevel. To addresgheseissuessothatagents
canreasonaboutboth detailedproblemsolving andthe situational
complity presemin large MAS, anintegration path betweenthe
M Q@ level andmoredetailedreasoningcoordinatiorprocessess re-
quired.

In our work, detailedagentproblemsolvingis performedvia the
TAMStaskmodelingframenork [7, 6, 16], GPGPcoordinatior[6],
andDesign-to-CriterigDTC) real-timeagern agen schediling [19,
24,26, 23]. TEMS,GPGRandDTC arematureresearchartifacts
andhave beensuccessfullyeusedn mary applicatiors. However,
TAEMS (Section3) is not suitedto addressig the situationalcom-
plexity thatariseswhenagentsaredeployedin larger groupsor in
openervironments. One of the fundamentallimitations of TEMS
is thatit is a staticrepresentationf anagents problemsolving pro-
cessat a given instantin time. It is, in essencea snapshbof the
optionsavailable to the agentand a snapshobf their characteris-



tics. In our applicationsgenerally whenthe situationchanges and
the characteristicof tasks(usedto determineutility) chang, the
domainproblemsolver emitsa new TAEMS task structurethatre-
flectsthe current(changed situation. Anotherlimitation is thatin
TAMS,actionperformane produce quality whichthenpropayates
throughoutthe entiregraph-like structuren waysthatis intendedo
modeldistributed problemsolving asin a distributedinterpretation
problem.Theformal detailsof TEMSarein [7]. While thisview is
appropiatefor reasonin@boutinterrelateddomainproblemsolving
actiities ata detailedlevel, it is notreadily usedto modelconcepts
like tasksthat contribute to one organizationalobjective while be-
ing detrimentako another TAEMSalsodoesnot adequately support
conceptslikethevalueof forming acommitmentith anotheragent
or thepenaltyfor decommitting'rom anactivity onceacommitment
is formed.

The M @Q framework (Section2) addressesheselimitations by
representingasksandactionsat a differentlevel of abstractiorand
with a differentemphasis.The M @Q frameavork also usesstateto
achieve “automatic” changesin taskvaluationor utility (unlike the
staticview takenin TAEMS). The M@ framewnork describedasks
in mary differentattribute dimensiors so that we canmodeltasks
contributing to, or detractingfrom, differentobjectivesto different
degrees.While controlatthe TAEMSIevel pertaingo detailedevalu-
ationof domainproblemsolvingactiities of anagent,controlatthe
MQ@ level pertainsto high-level valuationof candidateasksbased
onanunderstading of therelationshipbetweerntasksandorganiza-
tional objectives.In otherwords,in the M @ framework, taskvalue
is determinecdhotonly by theintrinsic propertiesof tasks but by the
benefitsand costsof the intrinsic propertiesas determinedby the
agents currentorganizationakituation.

In this paperwe definethe processy which thesedetailedagent
techndogies (TAMS, GPGR DTC) areintegratedwith MQ level
reasoningWe alsoidentify thenecessityof atwo way iterative flow
betweenM @ level controlandthedetailedagentcontrollevel. Due
to the inherentcompleities of the issuesinvolved, in the sections
thatfollow we summarizehe M Q framevork anddetailedcontrol
techndogies. Theintegrationtechniqesarethenpresented@ndkey
issueddentified.

2. SUMMARY OF THE MQ FRAMEW ORK
FOR LARGE-SCALE MAS

In the M@ frameawork, all taskshave value or a motivationfor
performingthetaskwherethevalueis determinedothby thevalue
of the task and by the importanceof the organizationalobjective

with whichthetaskis associatedandthecurrentstateof goalachieve-

ment). This enableghe agentto compareandvaluetasksthatare
associateavith differentorganizationafoals,or tasksthataredetri-
mentalto oneorganizationafoal while having positive benefitto a
differentorganizationalgoal, or tasksassociatedvith differentor-
ganizationsentirely or tasksmotivatedby self-interestedeasongo
cooperative reasonsThe M @Q framavork quantifiesthesedifferent
undelying motivational factorsandprovidesthe meango compare
themvia a multi-attributedutility function. Definitions:

Agents are autonomais, heterogeneas, persistentcomptuing en-
tities that have the ability to chocse which tasksto perform and
whento performthem. Agentsarealsorationallybourded,resource
bourded,andhave limited knowledge of otheragents Additionally:

e Eachagenthasasetof M Qs or motivationa quanttiesthatit tracks

andaccumuéates.M @Qsrepresehprogressoward organizational goals.

M Qs are produed and consumedby task performare where the
consumptbn or produdion propertesare depen@nt on the context.
For example, two agents interacting to achiee a sharedorganiza-
tiona goal may both seean increasein the sameloca MQ levels
as progressis made(this is not a zero sum game),whereas agens
interacting to satisfy different goak may ead obtan differenttypes
andquantties of M Qs from the sameinteraction.
o Not all agentshave the sameM @ set. However, for two ageris to

form a commitmentto a specificcourseof action, they musthave at

leastone M @ in common(or have the meansfor forming an M Q
dynamially). If they do not have an M@ in common,they lack
ary commongoak or objecives andlack ary commonmediumof
exchange.

e For eachM @; belongng to anagent it hasa preferencefunction or
utility curve, Uy, , thatdescrbesits preferencefor a particular quart
tity of the M@, 1.e., YMQ;, Uy, () suchthatUy, (MQ;) — U;
whereU; is the utility assocatedwith M @; andis notdiredly inter-
changeablewith U; unlessi = j. Differentagentsmayhave differ-
entpreferancesfor the sameM Q;. Preferacesin the framevork are
definedby therelation betweentaskperformare andorganizational
goalsor diredives.

e An agents overal utility atary given momentin time is a function
of its differentutilities: Usgent = v(U;, Uj, Uy, ..). Wemake no
assumption aboutthe propertes of (), only that it enalles agens
to detemine prefelenceor dominance between two differentagent
states with respecto M @s.

e For simplicity of presetation, let usassumehat~y() is not a multi-
variateutility function andinsteadthatfor ead U thereis anassoci
atedfunction w; () thattranshtesM Q specificutility into theagent's
geneal utility type, i.e.,YU;, Jw;() suchthat
w;(U;) = Uggent. ThusUggent maytake theform of Upgent =

o wi(Us). (Note: w;() could be combinedwith Uy, (). These
arepartiionedfor mappingdifferentorganizdiona influences.)

e Changen agentutility, denot@ AU, gent, is compuedthroughcharges
to theindividual utilities, U;, Uy, etc. Let U; denotethe utility asso-
ciatedwith M @Q; beforethe quantty of the M Q changs(e.g.,asthe
resultof taskperformance).Let U] denoe the utility associtedwith
thechangd M @ quartity. Thechange in overal utility to theagen,
in this simplified model,is expressedas
AUagent = | 2ojg wi(U}) — wi(Us)

MQ Tasksare abstractionf the primitive actionsthat the agent
may carryout. M@ tasks:

o May have deallines,deadline;, for taskperformane beyondwhich
performarce of saidtaskyields no usefulresuls. This tempoal con-
strairt, aswith the onefollowing, is particularly importantfor multi-
agentcoordination andtemporalsequening of activitiesover inter-
actions.

e May have earlest starttimes, start;, for task performance before
which performarte of saidtaskyieldsno usefulresuts.

e EachM @ taskconsiss of oneor more M @ alternatives,whereone
alternative correspadsto a different performane profile of thetask,
i.e.,onedifferentway to go aboutperforming the task. Eachalterna-
tive:

— Requressometime or duration to execue, denotel d;.

— Produessomequantty of one or more M @s, called an MQ

produdion set(M QP S), which is denotel by:
MQP)SZ"J"]c = {qi, qj,qk, ..}, WhereVi, g > 0. These
quantties arepositive andreflectthe benefitderived from per
forming thetask,e.g.,progresgoward agoalor the producton
of anartifact thatcanbe exchangedwith othe agents.

— Akin to the MQPS, tasksmay also consumequantties of
MQ@s. The specifiation of the M Qs consumedy a taskis
called anMQ consumptn setanddenotel
MQCS;jx = {4i,4j,qk, .-}, Wherevi, g; < 0. Con-
sumptionsetsmodeltasksconsumimg resoures,or beingdetri-
mentd to anorganizational objective, or ageris contractingwork
outto otheragens, e.g.,payinganothe agentto producesome
desira resultor anothe agentaccumulatingfavorsor goodwill
asthe result of task performane. Consumptn setsare the
neyative sideof taskperfarmance.

— All quantties,e.g.d;, MQPS, MQCS, arecurrenty viewed
from anexpectedvalue standpoit.

Spacdimitations precludea full presentatiorof the model. This
brief summarylacksdefinitionsandpropertiemecessaryo actually
build the framewvork andto useit in agents. This summaryalso
lacks someof the motivationsbehindthesedesigndecisions. For
moreinformation,interestedeadersreadvisedto constt [25, 27].

The modelrelatesto otherrecentwork in the multi-agentcom-
munity, such as agentsinteractingvia obligations[2], or notions
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Figure 1: Simplified Subsetof an Info. Gathering Task Structure

of socialcommitment[5], but it differsin its quantificationof dif-
ferentconcens andits dynamic, contextud, relative, evaluaion of
these.The modelresembledvlarCon[18] asthe differentdegrees-
of-satishctionaffordedby the M @ modelis akinto MarCon's con-
straintoptimizationapproad, andMarContoo dealswith utilities /
motivationsthat cannotalwaysbe commingled MarCon,however,
views constraintsasagents,assigningparticularrolesto particular
agentsandtheissueof which tasksto performdo not enterinto the
problemspace.

3. SUMMARY OF DETAILED AGENT CON-
TROL COMPONENTS

In our researchdetailedagentcontrolis carriedout by a variety
of differentcomponats. Thethreeprimarytechnologiesre: 1) the
TAMS taskmodelinglanguagethatis usedto representin agents
domain problemsolving options, 2) the Design-to-Criteria DTC)
agentschedulerthat analyzes TAEMS task structuresand decides
on a courseof actionfor the agent,and 3) the GPGPcoordination
modue which enableanultiple agentgo coordnatetheir actiities
andjoint problemsolve.

The compmentsare domainindepenent. In our work, a do-
main problemsolver, planner or legag systemdescribests prob-
lem solving optionsvia TAMS and the remainderof the compo-
nents,e.g.,DTC and GPGR operateon the T/EMS taskstructures.
This simplifiesthe processof agentconstructionasthe legag sys-
temor domainexpertcaneffectively bewrappedthroughTAEMSto
createanagentcapate of meetingreal-timedeadlinesmeetingre-
sourcelimitations, performingtrade-of analysis,and coordinating
its activities with otheragents.This appro@h wasusedin the BIG
[17] informationgatheringagentto integratea blackbaard problem
solver.

With respecto otherapproackesto agentcontrol,e.g.,BDI-based
[20, 4] problemsolversor the M @Q framework, the TAEMS-based
tools operateat a differentlevel of detail. The generalideais that
DTC andGPGPperformdetailedfeasibilityanalysisandimplemen-
tation of high-level goalsandtasksselectedy othercomporents.

TAEMS —TAMS (TaskAnalysis, EnvironmentModeling, and Simulaion)

[7] is adomainindependentaskmodeling framevork usedto descrbe and
reasonmabou comple problem solving processesTAMS modelsare hier-

archcal abstrations of problem solving processethat descrbe alternative
waysof accanplishinga desirel goal; they represat majortasksandmajor
dedsion points, interactionsbetweentasks,andresourceconstrants but they
do not describethe intimatedetdls of eachprimitive action. All primitive
actonsin TAEMS,called methodsarestatistcally charaterizedvia discree
probability distributionsin threedimensiors: quality, costandduraion. Un-
cerainty in ead of thesedimensiors is implicit in the performancechaac-
terization — thusagents canreasonaboutthe cerainty of paricular actions
aswell astheir qualty, cost,andduration trade-dfs. The uncertinty repre

sentdion is alsoapplied to taskinteractionslik e enablement facilitation and
hindering effects, e.qg.,“10% of the time facilitation will increasethe quaity

by 5% and90% of thetime it will increasethe quaity by 8%

To ill ustrate considerFigure 1, which is a conceptual, simplified sub-
graph of a task structureemitted by the BIG [17] information gatheing
agen; it descibesa portion of the information gatherig process.The top-
level taskis to constuct produd modelsof retal PC systems. It hastwo
subtasksGet-Bas¢ and Gathe-Reviews bothof whicharedecanposednto
methodsthataredescritedin termsof their expectedquality, cost,anddu-
ration. The enables arc between Get-Basic and Gatheris a non-local-efect
(nle) or taskinteraction; it modekthefad that thereview gatherng methods
needthe namesof producs in orderto gathe reviews for them. Othertask
interactionsmodelda in TAEMSinclude: facilitation, hindering, boundel fa-
cilitation, sigmoid anddisablenent Taskinteractions mustbe modela to
supportcoordination asthey identify instan@sin which tasksassignedo
differentagens areinterdependat.

Returring to the examplg Get-Basichastwo methodsjoined unde the
sum() qualty-accumulaton-fundion (gaf), which defines how performing
the subtaksrelate to performingthe parenttask. In this case either method
or bothmaybeemplg/edto achieve Get-Basic. Thesameis truefor Gathe-
Reviews. The gaf for Build-PC-ProductObjecs is a seqsum()which in-
dicates that the two subtasks mustbe performel, in order and that their
resulant qualties are summedto detemine the quality of the parenttask;
thustherearenine alternative waysto achie\e the top-level goalin this par
ticular sub-struture. In generd a TAEMStaskstrucurerepresentsa family
of plans,ratherthana singleplan, wherethe different pathsthrough the net
work exhibit differentstaistical charateristicsor trade-offs.

The Design-o-Criter ia Schedule — Givenafamily of plans,the problem
thenis to decidewhatto do. The Design-taCriteria (DTC) scheduér is the
agen’s loca expert on making contrd decisbns. The schedugr’s role is
to considerthe possibledomainacions enumerged by the domainproblem
solver (via TEMS)andchoosea courseof action thatbestaddresses:1) the
loca agen’s goal criteria (its preferencesfor certain typesof solutions),2)
theloca agents resour@ constrants andervironmentalcircumstance, and
3) the non-local consideationsexpressedy the GPGPcoordnation mod-
ule. The generdideais to evaluate the optionsin light of constrants and
preferencesfrom mary differentsource andto find a way to acheve the
seleted tasksthat bestaddresseall of these DTC’s problem spaceis thus
aresourcebounde hybrid planning/sdeduling problem— DTC mustdete-
minewhichtasksarefeasibk or approprate given theagent’s objectives,and
for eachof these decdehow to performeachtask,determineappropiateor-
derings,andconinuouslyevaluate selectionsto make surethatdeadinesare
met, resourceconstaintsarenot broken, andsoforth. Additionaldetails on
DTC arelocatedin [19, 24,26, 23].

For the purposef this pape, it is necessarto descrbe DTC's goal di-
rected problemsolving behaior asit playsarole in theintegration process.
In geneal, thereareanexponential numberof possibe scheduésfor agiven
TAMS task strucure andin pracice this is a real issue. To help contol
the combiratorics, one of the tectiquesusedin DTC is goal, or in this
case, criteria” directedproblemsolving. In addition to a setof TAEMStask
strucures,DTC takes asinput a specificdion of the agert’s objecive func-
tion. This objecive function definesa setof goal criteriaand DTC problem
solves to producesolutiors that adhereto the desiredchaacteistics. For
instance, if the agent needsan eventradeoff between qualty, cost,anddu-
ration, the criteria would specfy this. If, in a different situaion, the agent
needd to improve quality certainty while staying undera particular time
deadine, the criteriawould alsospecfy this. In eachcase,DTC will pro-
ducea different setof solutions. This is how we obtain custom tamgetable,
control for the agent andhow the agent canrespondadatively to different
circumstancs.

Thecriteriais defined usingaslider metaptor. Conceeptudly, theagent, or
a humanuser definesthe relative importance of quality, cost,duraton, and
certainty in eachof thesedimensims using a slider associted with ead.
Thesliders areshavn graphcally in Figure2. The specificdion mechaism
breaksdown relative preferencesnto differentgroupswhich arerepresered
assliderbanksin thefigure. Theraw goodnesgroup(leftmostslidergroup)
specfies relative preference between quality, cost, and duration. Moving
to the right, the next slider group is wherethe agent or user can specify
a desiredqualty threshold or setlimits on duration and cost. The group
thatis 3rd from theleft specifiegherelative importanceof quaity-certainty,
duraion-cetainty, and cost-cetainty. The groupthatis 4th from theleft is
whereauser/gentcansetdesiral certainty thresholdsin eac dimensiorand
the rightmostgroup, the metagroup, definesthe relative importanceof the
previousfour banksof sliders. Theentire slider mechaiism s simply away
to definea utility or prefaencefunction[23] for DTC. DTC thenoptimizes
its procesgo meetthe specfied objedives.



Figure 2: A Slider SetDescribing Particular Criteria

The GPGP Coordination Module —DTC andTAMSalonecanbeusedto

crede anindividual agentthat canreasonabouttradeoffs, meetdeadines,
andadjustproblemsolvingto addressdifferentresourceallocations.In order
for saidageri to coordinateits activitieswith other agentsthe GPGPmodule
mustbe addal to the mix. GPGP(Genealized Partial Global Planning) is

theagentstool for interacting with otheragentsandcoordnating joint activ-
ity. GPGPis a modularizd, domainindependentappro@h to scheduing-

certric coordination. In GPGRcoordirationmodulatelocal control by post-
ing constaintson anagentslocal DTC scheduér. The GPGPcoordination

moduleis responsitd for communi@tingwith othe agentsandforming (and
sometimea bre&ing) taskrelated commitmatswith othe agents.The coor

dination moduleis comprisedof severd modularcoordinationmechansms,
subsetof which may be applied during coordination depending on the de-
gree of coordnation desiral. For the formal detals, seesee[7] and for

addtiona detals consult[6, 7].

4. INTEGRATING MQ REASONING WITH

DETAILED AGENT CONTROL

While the researchwith DTC and TAEMS provides someof the
intellectual foundaion for the M@ framevork, eachhas unique
strengthsandeachaddressea differentclassof issues At the M Q
level we have abstractrepresentatiof tasksand a unified utility-
basedview of tasksand possiblytask/commitmentgairs. At the
DTC/T/AEMSIlevel, we have representatioandreasoningabott the
detailsof domainactions,including taskinteractionsand comple
structuringsof tasksto achieve a goal. The M@ level lacks de-
tailedrepresentationsuchastaskinteractionsor groupingrelations
onthetaskswhereaghe DTC/TZAMSlevel lacksanorganizational
level view andlacksa unifiedreasoningperspectie. Theproperin-
tegrationof thesetechnologiesangive agersthebenefitsof both—
atonelevel reasoningaboutorganizationaktoncensandat another
level handing detailedfeasibility analysisand implementationof
theobjectives.

In this sectionwe presentinintegrationpathin whichthe TAEMS
task structuresof the lower level are abstractecand mappedinto
M@ taskattributes. The integration of thesetechnologiesn this
fashionraisesan interestingissue. Currently the M Q level does
not represenbr reasonabout detailedinteractionsbetweentasks.
This type of controlproblemsolvingoccursatthe detailedlevel via
DTC and GPGP Integrationof the M Q) level with the lower-level
enablesagentsreasonig with the M @Q framework to dynamically
coordimteactiitieswith otherageris—to reasoraboutinteractions
betweendetailedproblem solving activities and to form commit-
mentsto sequene detail level activities over the interactions.This
differs from the organizationaltemporal constraintsthat may be
imposeddirectly at the M Q level or the request-with-service-time
modelusedin the examplesof [25, 27]. The problemwith thisin-
tegrationis thatwheninteractionsspanagentsat the TAEMS level,
it decreasethe ability of control atthe M Q level to produe pre-
dictableresults(by definition, actiities at otheragentsaredifficult
for thelocal agert to guarantee)ln suchcasesatwo way interface
in whichthe M @ level selectsa high-level courseof actionwhichis
refinedby coordirationat thelower-level maybe appropriate Note
that building a coordinationprocessat the M@ level doesnot re-
solve theissuebecaus this classof interactionsoccursat the more
detailedlevel.

The integration path presentechereassumesletailedcoordna-
tion occursat the lower level andthatthe M Q level is responsi-
ble for high-level taskselection.TheseM @ level taskscorrespond
to TAEMS level task groups(concepually eachgroupis a graph)
which arethenschedled via DTC andcoordiratedby GPGPin the

multi-agentcontext. The overall approachto integrationis devel-
opedincrementallyin the following sectionsandwe first explore a
restrictedscenarioin which the TAEMS level containsno interac-
tionsthatspanagents.

4.1 Restricted Scopelntegration through
Bottom-up Characterization

To integratethe TEMS and M Q technologes, the mainissues
that mustbe addressedre modeltranslationissues.e.g.,whatan
attribute at one level correspond to at anothe level, and control
integration, e.g.,the implicationsof decisionsamadeat onelevel to
the other level. Someissuesfall into both cateyoriesand in this
sectionwe do not attemptto divide the issuesinto one setor the
other—the cateyorizatiors arefor pedagaical useonly.

Whenintegratingthemodels thereareseveraldifferentmapping
thatmusttake place.The M QPS andM QC S setsatthe M Q level
must be mappedinto attributesat the TAEMS level (this includes
determinationof which M Qs to mapin eachcaseaswell asthe
quartities involved). Optionsincludethe TAEMS quality, cost,and
durationdistributions(andthe uncertaintyof these) andthe TEMS
level resourcesAnotherissueis the goalcriteriausedby the sched-
uler; the scheduleproducesscheduleso meetthe criteriaandthus
thecriteriasettingdefineshetypesor classe®f scheduleproduced
by DTC, i.e., regardlessof the mappingto q,d,c(quality, duration,
cost),obtainingdesiredresultsmayrequireaparticularagentobjec-
tive functionfor DTC. Utility functionsandpreferencestthe M Q
level mayalsobemappel to TAEMS,thoughtheirrole atthe TEMS
level is unclear At this time, preferencesre usedto selectwhich
tasksto performat the M level but do not sene a directrole in
controlatthedetailedlevel

Themechanicef mappingof theseattributesdepemison the“di-
rection” of the mapping.Notethatin all casesgcontrol atthe MQ
level addressea more abstractclassof issuesandis designedfor
higherlevel concerns. Accordingdy, it is our view that the MQ
frameawork shouldberesponsibldor thehigh-level selectiorof tasks
for the agent,where M Q taskscorrespad to a TAEMS taskgroup
thatcontainghedetailsof taskperformanceTherearetwo concep
tual directionsfor mappingandintegratingthe two frameworks:

1. Mapping canflow in a top downfashionfrom the M Q level to the
DTC level wheretasksat the M @ level areassocatedwith TAEMS
taskstrucuresatthelower level. Whenusingthis approaé, howeer,
it isunclearhow to charaterizethe TAEMStaskstrucuresatthe M @
level and,moreimportanty, it is unclearwhatto do aboutthe unce-
tainty involved. For ary given TAEMS task strucure, it is difficult
to ascetain pre-analysis(by DTC) exadly what types of schediles
arepossible The implication of this is thatif the M Q level identi-
fiesatask, 71, thatshouldbe performedusingan associted TEMS
taskgroup, TG, , the M Q level canrot arbitrarily setdeadinesor
other requirementson TGy, without there being someprobalility
that TG, cannd be performedto meetthe requirements. The so-
lution to this problemis to statisticaly charaterize the TEEMS task
strucuresandto tie M Q tasksdiredly to canddatescheduésfor the
TAMStasks which bringsusto the next mapping approad.

2. Mapping canflow in abottomupfashia from the TAMSlevel to the
MQ level. Thisis theapprachthatwe have seleced. In this model,
the different classesof scheduésthat canbe producel by a TEMS
task strucure are charaterized and translatedinto altemativesof a
single M @ taskatthe M @ level. Thisremoves the unpredctahlity
issueabove becasethe staisticad charaterizationsusedatthe M Q
level areaccuatereflecionsof whatis possibe atthe TAEMS level.

To explore the bottomup mappingapprach, let us startwith a
smallalgorithmandthenexpanddiscussiorto includethefull setof
detailsthatmustbeaddressedn this casetheobjectiveis to create
adurationprofile for asingleTAEMStaskstructurethatcanbe used
asthedurationvaluesof anassociated/ @) task.

e Let cb; denotea scheduér criteriabundled asdescribel in Secton 3
andin [23] consising of setingsfor the raw goodnesquality slider,
rgq, andthe raw goodnesssliders for duration and cost, rgy, rgc.
Let cb; alsoconfain a settingfor the metasliders (thatdefinehow to
relate the otherslider banks,e.qg.,raw goodnesaith certainty). In



all cases, MET Ay gy _goodness = 100% (100%o0f the weightis
given to theraw goodnessettirgs).
e Let C'B denok asetof suchscheduér criteria bundles.
o Lets denotehetop-raedschedile produedby the Design-b-Criteria
schedler for agivenslidersetting.
e Letd; denoktheexpededvalue of theduraion distribution of sched
ules.
Let T'G denotethe TAEMStaskgroupbeingevaluated.
Let ct; (chaacteization tuple) denotea pair of theform < cb,d >.
Let M Q7 denoethe M Q taskbeing construcedfrom T'G.
Let Alt dende an alternative of M Qra. However, in additon to
storingM QCS, M@ PS,andaduraion, let thealternative alsohave
anassocatedct.
e Thealgorithm for mappingT’G into M Qr¢q is shavn in Figure3.

After thealgorithmexecutes M Qrc has((100div GRAINSIZE)
+ 1) (this definesthe stepsize of the algorithm)alternatveswhere
eachalternatve representghe duration of the bestschedile pro-
ducedby DTC for the associatedtriteriabundle. In essencegach
MQ@ alternatve is onealternatve “way” to performthe taskgroup
whereeachdifferent“way” may have differentdurationcharacter
istics.

Consideranexample.Figure4 shaovs a TAEMStaskstructurefor
the DishWasheragentin thelHome[15] project. Table1 shavs the
characterizationsf the taskschedled by DTC usingdifferentde-
sign criteriaasin the algorithmabove with a GRAINSIZE of 20.
Runningthe task structurein questionthroughthe algorithm pro-
ducessix differentalternatvesfor M Qre whereeachalternatve
hasthe durationof one of the expectedduration entriesfrom one
row of Tablel1. Thealternatvesareshawvn in Figure5. We will ig-
norethe quality characteristidor thetime being. Schedulingatthe
MQ level thusconsiderghedifferentpossibleperformanceprofiles
of TG throughthe differentalternatves of MQre. Whenan al-
ternatve is selectecandscheduledt the M Q@ level, atruntime,the

Createa setof criteriabundleswhereeachbundlehasa different
; quality / durationemphasis.

i=0
fori = 0to100 step by GRAINSIZE
cbj.rgg = 100 — 4

cbj.rgqa = 14

cbj.rge = 0;
CB.append_new( cb; );
i++

Iterateover the bundles for eachbundle,executethe scheduleand
; notethe expecteddurationof the schedulghighest-ratedjhatis
; returnedby thescheduler

fori = 0to| CB|
cb; = get-member( CB, i);
s = ezecutedtc( cb;, TG)

d; = s.duration.get_expected-value();
; At this point, we have a criteriasetting,the bestscheduleproduced

; for the setting,andthe durationof the setting.We canthuscreate
; acharacterizatiotupleto hold this information.

ct; = make new characterization tuple;
ct;.cb = cb;;
ct;.d = dj;

; Eachcharacterizatiotuple describe®onealternatve for the MQ
; task.

Alt = make new MQ alternative;
Alt.duration = d;;
Alt.ct = ct;;

MQra.append-alternative( Alt);
Figure 3: Mapping TAEMS Tasksto M@ Tasks
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CriteriaBundle ‘ Characteristicef Top RatedSchedule H

rgq | 794 ExpectedQuality | ExpectedDuration
100 | O 165 600
80 20 165 520
60 40 155 480
40 60 135 440
20 80 120 420
0 100 0 324

Table 1: Differ ent Characterizations of the DishWasher Task

associated’G is locatedin the agents tasklibrary andDTC is in-
vokedontheT G with thecb storedin thealternatve,i.e.,thesched-
uler is reirvoked with the designcriteria that prodwcedthe charac-
terizationof thealternatie in thefirst place.This enableseasoning
atthe M Q level basedon arealisticexpedation of whatis possible
for giventaskstructure- in certaincircumstances.

Therearetwo conditionsunderwhich the abaove algorithmwill
prodiwce M @ modelsthatyield predictableresults: 1) all nodesin
the TAEMStaskgroup, TG, mustbefreefrom temporalconstraints,
e.g.,deadlinesor earlieststarttimes, 2) all nodesin TG mustbe
freefrom interactionwith tasksassociatedvith otheragents.These
requirementsneanthatT’G is not fixed temporallyandis indepen
dentfrom actwities outsideof the control of the local agent. The
formerattribute,freetemporally is requiredbecawsethereis no cor-
relationbetweerthetime atwhich agivenT'G is characterizeénd
thetimeatwhichit will bedeplo/ed or selectedor executionby the
M@ level. Thelatterattributeis requiredbecauseguarantesabout
tasksthatinteractwith the tasksof otheragentsare, by definition,
difficult to obtainwithout actuallyengagingin a coordinationpro-
cessthatis situatedtemporallyand contextudly (involving shared
resources).We returnto the issueof interactionsspanningagents
shortly

Heretounaddressg is the issue of temporal constraintsat the
M@ level andhow theserelateto the characterizatioprocessBe-
causeT'G cannotbe locatedat a fixed temporalpoint, the earliest
starttimesanddeadlinesfrom the M @Q task canbe transferreddi-



Alternative: 0
Duration: 600
MPS: {}

MXs: {}
Criteria Bundle: rg_g = 100, rg_d = 0

Alternative: 1
Duration: 520
MPS: {}

MXs: {}
Criteria Bundle:

rg_q =80, rg_d =20
Al ternative: 2
Duration: 480
MPS: {}
MXs: {}
Criteria Bundle: rg_q = 60, rg_d = 40
Al ternative: 3
Duration: 440
MPS: {}
Mxs: {}
Criteria Bundle: rg_q = 40,
Alternative: 4
Duration: 420
MPS: {}
Mxs: {}

Criteria Bundle: 20, rg_d = 80

rg_q

Alternative: 5

Duration: 324
MPS: {}

MXS: {}
Criteria Bundle:

rg_q =0, rg_d = 100

Figure 5: Skeletal M @Q Alter nativesfor TG

rectlyto TG. For example,if MQrg hasadeadlineof 20 andan
earlieststarttime of 14, TG’s deadlinemay alsobe setto 20 and
its earlieststarttime to 14. Design-to-Criteriawill then construct
schedlesfor executionsothatthey startno earlierthan14andfinish
no laterthan20 (in a statisticalsenseasdiscussedn [24]). As the
durationassociateavith the scheduledhlternatve of M Qr¢ origi-
natesfrom T'G, it is alsoassured¢hat TG canbe scheduledwithin
thestarttime/ deadlinewindow specifiedby M Qr¢’s constraints.

The mappirg approachthus far is incomplete. We must also
map quality and possibly cost to different attributes at the M Q
level to enalde reasoningatthatlevel to considetthedifferenttrade-
offs of eachalternatve generatedy the algorithm. This is a com-
plex issueasit entailsdefining a mappingthat determineswhich
MQ@Qs correspod to quality, which to cost,how thesearerelated,
andthe quartity of eachthat shoud be associatedvith the qual-
ity and costcharacterizationsf the TAEMS actions. To illustrate
theissue conside a mappingof the DishWasheragents TEMS at-
tributesto the M Q level. Note thateachrow in Table 1 includes
expectedquality aswell asexpectedduration. Let the DishWasher
agentbe embediedin an organizedervironmentanda memberof
the cleaningagentsorganization.Let the organizationhave an ob-
jective to prodice ten units of cleaningin a given cycle and let
the DishWasheragents taskspertainonly to washingdishes. The
agentthusprodue@stwo M Qs, M Qiishes-washed ANAM Qcicaning
where M Q. ieaning is theonly MQ of interestto the organization.
Let the importanceor weight given to the dish washingtask be
suchthat eachcycle of washingdishesproduce betweenl and 2
units of M Qcieaning Wherethe rangeis correlatedwith the qual-
ity of TG asfollows: 0 <= quality <= 120 producesl unit
of MQcieaning, 120 < quality <= 140 produce 1.5 units of
MQcicaning, 140 < quality <= 160 prodwes 1.75 units of
MQcieaning, andquality > 160 produ@s2 unitsof M Qcicaning-
Lettherebeal:1mappirg from TAEMSqualityto M Qaishes washed-
Using this mapping,M Qr¢'s six alternatvesare characterizeds
shavn in Figure6.

With the mappingof quality to the M Q level MQPS, theagent
canreasonaboutthe utility/duration trade-ofs of the differental-
ternatves and selectaccordngly. In somecases,it may not be

Alternative: 0
Duration: 600
MJPS: {(rg_cl eaning 2.0),
MXs: {}
Criteria Bundl e:

(my_di shes_washed 165)}

rg_q = 100, rg_d =0
Al ternative: 1
Duration: 520
MPS: {(rg_cl eaning 2.0),
Mxs: {}
Criteria Bundle: rg_q = 80,

(my_di shes_washed 165)}
rg_d = 20

Al ternative: 2
Dur ation: 480
MPS: {(mg_cl eaning 1.75),
MXS: {}

Criteria Bundle:

(ng_di shes_washed 155)}

rg_q = 60, rg_d = 40
Al ternative: 3
Duration: 440
MPS: {(mg_cl eaning 1.5),
MXS: {}

Criteria Bundle:

(mg_di shes_washed 135)}

rg_q = 40, rg_d = 60
Alternative: 4
Duration: 420
MPS: {(rg_cl eaning 1.0),
MXs: {}
Criteria Bundl e:

(my_di shes_washed 120)}

rg_q = 20, rg_d = 80
Alternative: 5
Duration: 324
MPS: {(rg_cl eaning 0.0),
MXS: {}
Criteria Bundl e:

(my_di shes_washed 0)}

rg_q =0, rg_d = 100

Figure6: MQ Alter nativesfor TG

worth the extra time requiredto producetwo ratherthanone unit
of MQcicaning andin othercaseshe longerdurationalternatves
maybetheonly wayfor theagentto meetits organizationatleaning
goal. Costandresourceonsunptionarenotaddresseth thisexam-
ple. In the DishWashertaskgroup taskshave both associatedosts
andthey consune resourcesuchashotwater— all of which canbe
mappedto M QC'S andreasond aboutalongwith the MQPS at
the M Q level.

4.2 The Needfor Approximation

Earlierwe mentionel the requirementhattasksin 7'G not have
interactionswith othertasksnotbelongng to T'G. Therequirement
is to ensurepredictability If all of the interactionsin T'G arelo-
calto TG, thenthe characterizationsisedto constructM Qr¢ in
the previous sectionareaccurate.If thereareinteractionsbetween
TG andtaskgroupsbelongirg to otheragentsthe characterizatios
may not be accurateasthereis noway, in thegeneal caseo “pre-
coordindge” overtheinteractionghatoccuratthe TZ/EMSlevel. The
reasorfor thisis twofold. Thefirst problemwith suchinteractions
is that whenthe classificationof the TAEMS task structureds cre-
ated, the agentdoesnot know when the correspading M Q task
will beselectecandschedled,if ever. Thus,evenif theagentswith
which the local agentinteractswere willing to form commitments
during classification,the local agentwould be unableto indicate
whenthe interactingactivities would be executed.The implication
of this is thatthe otheragentswould have to issuea blanket guar
anteeor willingnessto cooperateandthis guaranteavould have no
temporalscope.Thisbringsusto thesecondeasorthatinteractions
posea problem. The only way to obtain predictableclassifications
of TEEMS taskstructuresnvolving inter-agentinteractionds to re-
quire blanket guaraneesfrom the otheragentsandit is highly un-
likely thatthey canactuallygive suchguaranteesvenif they wish
to. The problemis againthatthe guaranteesire not fixed tempo-
rally. Theotheragentshave noway of knowing whatotheractuvities
in whichthey will beengagedtthattime. Evenif they wereableto
give a firm commitmentto cooperatavhenasled, they could only
give thecommitmento oneagentover oneinteraction.Becausdhe
interactionhasno temporalscope,if two agentsvantedhardguar



anteedrom the samethird party, it would be unableto determineif
the two guaraneeswould be “called in” at the sametime andthus
would beunabe to give suchassurances.

Thebottomline is thatwheninteractionsspanagentsthe classi-
ficationprocesss, by definitionapproximateor anestimateof what
maybe possibleatruntime. A two-way interfacebetweerthe M Q
level andthe TAEMS level is thusrequiredfor effective control. The
controlis asfollows:

1. Classify TEMStaskstructuesareclassifi@ in anapproimatefash-
ion (seebelow).

2. MQ ScheduleControl reasonng at the M Q level seleds a set of
canddatetasksfor the agent to perform.

3. Backward Mapping The M @ tasksaremappednto TEMSby se-
lecting the assocated task group and coupling it with the criteria
bundle creatd in the classifiation step. Additional changs to the
TAMS attributesmay be necessegy to reflectthe importance of par
ticular M @Qs.

4. Lower-Level Analysis DTC andGPGPattemptto obtan the desirel
resultgiventhe criteria andthe taskstrucure.

5. Feedbadk Basedonthe output of the DTC/GPGPanalysis, if certain
tasksareunadievable or cannd be performedin anaceptalie fash-
ion, thecharacteistics of theassocated M @ alternative arechangel.

6. MQ ScheduleThe M @ reasoniig processs reinvokedwith the new
performance estimdes. If it is worthwhile, possiby the sametask
groupwill be selecedwith its revisedestimaes. If not, someother
task(s)maybeseleded.

7. RepeatSteps3-6 repeat

In termsof approdmately characterizindl'G's, thereare mary
options. One option is to examine prior interactionsbetweenthe
agentsandcharacterizehetaskgroupon thatbasis.Anotheroption
is for all involved agentsto participatein the characterizationpro-
cessusinga setof assumptionse.g.,the otheragentswill belightly
loaded theotheragentswill behighly constrainedetc. Still another
option s to assumehatthe otheragentswill be ableto handlethe
interactionsn atimely fashion.An algorithmusingthislatterlocal-
assumptiorapproachcould alsobe usedto determinethe possible
implicationsof notbeingableto hande agiveninteraction;asketch
is shovn in Figure7. Therearemary differentestimationpossibili-
ties—thediscussiorhereis intendedo identify theissueandoutline
possiblesolutionpaths.

4.3 Efficiencylssues

Even whenthe requirementf independenceand floating tem-
poralscopearemet, thereis aninefficiency hiddenin theview pre-
sentedhusfar. Let T/EMStasksTi andT> betheonly membersof
TG andlet both be requiredfor all solution pathswithin TG. Let
all actionsin T'G requiremorethan5 units of time to execute. Let
T, enableT, suchthatthe enallement(Section3) requiress time

Foread interaction that spansagents:
Assumeoordination over theinteraction fails.
Sdthedue andcollect g,d,cfor top ratedschedue.

Assumesoordination over theinteraction requiresX time units.
Sdtedude andcollect g,d,cfor top ratedschedue.

Assumesoordination over theinteraction requiresY resouces.
Sdtedude andcollect g,d,cfor top ratedschedue.

Estimatethe probability for eac of theabove.
Weight the q,d,ccharacterizationsfor eac andrecod.

Combinethe differentprofilesgeneated above and usethe weighted
expecedq,d,c(andresouce consumpbns/pioductions) asrepresentatve
of TG for MQr¢.-

Figure 7: Overview of Algorithm to Estimate Implic ations of Interac-
tions Spanning Agentsby Testing Differ ent Assumptions

units to propagte. Thoughthereis aninteraction,it is contained
within TG andthusthe characterizationsf T'G areaccurate.Let
MQre correspondo the MQ task associatedvith TG and let
MQrc.other cOrrespad with the M Q) taskassociatedvith some
othertaskgroup T'Gother. Lt TGoiner CONsistentirely of actions
thatrequire5 time unitsto executeandlet T'G,:ner adhereto the
indepemlenceandfloatingtemporalrequirementsi, e., it too hasac-
curatecharacterizatios.

Considerwhat happensf the agentschedules\f Qr¢ followed
by MQrc.other atthe MQ level. If theagentthenscheduleS'G
indeperentlyfrom T'Gother attheDTC level, the5 time unitsspent
waiting for resultsto flow from 71 to T3 (in T'G) arewasted.How-
ever, if TG andT Gother arescheduledogetheratthe DTC level,
oneof theactionsfrom T'G,tre Canbeinsertedinto the delaype-
riod in TG andthe total durationof the two is decreasedby the 5
(now utilized) time units.

This issuealso comesinto play when interactionsspanagents,
thoughit may take a differentform. Considera setof taskgroups
over which therearen uniformly distributedinteractionsbetween
agentX andagentY. AgentY may regard contractingfor n small
individua tasksdifferently thana single larger contractthat hasn
differentcompnents. It may be possibleto addresghis issueby
simply classifyingthe differenttaskgroups indepenantly andthen
meiging themwhenbeingscheduledy DTC for actualexecution.
This would possibly createa larger schedling problemfor DTC
(and/orcoordnation problemfor GPGP) but, it may alsoimprove
theefficiengy of agentproblemsolving. Thecaveatis thatif the per
formanceémprovemerisaresignificanttheagentmayhave selected
adifferentcourseof actionatthe M@ level (to utilize theavailable
time or resourceghat were hiddenby the indepementview). At
this time, we hesitateto drav any conclusiors andintend primarily
to identify theissue.

5. RELATED WORK

Thereis a large body of relatedwork for eachof the techndo-
giesmentionedn this papere.g., TAEMS,DTC, GPGRorthe MQ
frameavork. Somereferencesare madein this paperthoughinter-
estedpartiesshouldconsut papes dedicatedo thesetechnologes
for amorethoroudh discussion.

With respecto theintegrationof high andlow level control, this
particulartopic is not new to Al or to computerscienceasawhole.
In the Al realm,theideaof combiningreactize controlwith a more
deliberatve planningprocessais very familiar modelto most([12,
1, 10] to cite a few examples).In this modelreactize controlhasa
shorttemporalscopeover which decisionsaremadeandthe higher
moredeliberatve, level operatever alongertemporalscope.For
instancethelowerlevel mightrespondo tacticalissuesorimmedi-
atethreatswhereashe uppe level mightdo stratgic planning

This familiar modelis relatedto the researchexploredin this pa-
per, though,the detailsand specificissuesare different. Both the
TAEMS/M Q paringandtheclassicreactize/deliberatie paringsep-
arateissuesto differentlevels and generally in comple systems,
thereis someinterplaybetweerthe upperlevel andthe lower level.
Forinstancein thereactie/deliberatie world, thedeliberative level
mightplot a coursefor anundervater AUV thatwould runthe AUV
agrourd if it werenotfor thereactve level recogrizing anuncharted
obstacleandrespondihg accordingly Therearetwo key differences
betweenthe TEMS/M @ pairing and the otherwork in this area.
The first is thatthe TEMSIM @Q pairing involves the couding of
technol@iesthat do not necessarilyexamineissuesover different
temporalscopesor issuesof differentlevels of compleity. In fact,
the M Q andT/AEMSlevelsmayactuallyoperateover thesametem-
poral scopeand perform decisionprocesss of equal compleity.
The distinctionbetweerthe levelsis that the focus of eachlevel is
different. At thelowerlevel, we have complec controlproblemsolv-
ing over the domainprocess.At the upperlevel, we have comple
control problemsolving over the agents organizationalsituation.
Anotherimportantdifferencebetweenthe TAEMS/M @ paringand
thereactve/deliberatre modelis thatthe TEMS/M Q pairingmust



addressthe compleity of interactionsthat spanagentsand inter-
actionsthatdo soonly atthe TAEMS level. This introducesa new
kind of compleity becausenteractions,unlike avoiding an obsta-
cle alonga given path, can make the courseof actionchosenat a
higherlevel completelyinfeashile. A harderissuestill is the gray
zonewhereinteractionsmake the higherlevel reasoningmore un-
predictable causedegradationin efficiengy, or affect the valuation
processat the higherlevel so that what appeaed desirableat that
level is lesssowhenthe detailsareexamined This may occurdur-
ing the performarte of the selectedcourseof action or a priori.
Concepually thisis moreakinto couplingtwo interdepedentplan-
nersthancouplinga plannerandarective comporent.

Anotherbody of work thatis particularlyrelevantto this integra-
tion is Durfee’s control via behaior spaced9]. In this research,
agentscoordinde by building differentabstraction®f the sameun-
derlying space— wherethe abstractionsare construted for a spe-
cific coordinationpurpcse. Durfee’s apprachto integrationis, in
essencgto usethe sametechniqueandsameundelying representa-
tion for all control/coordimtionreasoning Thisis particularlyclean
andelegant. Ourtechndogy differsin thatthedifferentlevelsfocus
on entirely different classesof issuesand use different reasoning
processs. Theintersectiorpointin our problemspaces thatof the
taskselectionprocessandthe placing of temporalconstraints.The
analogof Durfee’s work in our work would be to abstractirectly
from TAEMS to build constructghat represenexactly the desired
featureof the TAEMS taskstructure. This is not possiblewith the
M@ modelbecausel £AMS and M @s have very differentfocuses
(M Qs arenot an abstractionof TAEMS). Becauseof thesediffer-
ences,the integration through bottom-upabstractionprocesspre-
sentecherestill leavesasetof unresdvedcontrolproblems suchas
coordimtionacrossagentsthatmustbe addresse by iteratingover
the differenttechndogies or letting the technologiesnessagene
anothe asneedel to cornverge on afeasibleandacceptablesolution
space.

6. CONCLUSION

We have presentecnappro&hto integratingdetailedcontrolvia
TAEMS, DTC, and GPGPwith organizationalevel control via the
MQ framawvork. Theintegrationof thesetechndogiesgivesagents
the ability to reasonaboutthe situational compleities that arise
whenagentsaredeployed in large-scaleppen environmerts plus
the ability to performdetailedanalysisof domainproblemsolving
actiities andto coordinateactiities acrossagents.The paperiden-
tifies severalareasof futurework — oneparticularlydifficult issueis
how to automatehemappingof quality/costatthe T/ EMSlevelinto
the M @ production/casumptionsetsandpreferenceurvesfor use
attheupperlevel. In the examplegiven,the mappingwasspecified
manudly. A similar issueariseswhenusingthe M@ framevork
to achieve organizationalevel control— we currentlylack a formal
procedire for constructingthe modelsand mappingorganizational
objectivesonto M @sandutility functionsor preferenceurves.Full
automatiorof thesemappingswould requiredeepundestandingof
the domainsat handandis probablyunrealisticat this time. How-
ever, it would bedesirableo give theagentsystemdesigrer higher
level toolsfor thesemappingproblens.

The issueof interactionsspanningagents,and the implications
of this to the integration approah describedhere,is not fully ex-
ploredin this paper It is a deepissuein termsof control becase
interactionsrepresentin unknown quantityandat somepoint dur-
ing problemsolving, assumptiongnustbe madeandproblemsolv-
ing must move forward on that basis. Oneissuein particularnot
explored hereis that when interactionsspanagents,the sequen-
ing of M @Q tasksmayimposearbitraryconstrainton coordination
at the lower levels thatleadto performane degradation. Thisis a
casewherea high-level assumptioris madeand while intractabil-
ity atthelower levels may refinethe upperlevel, with the two way
interfacedefinedhere,inefficienciesarepossible.ln generalwere-
garda certainamountof inefficiency asbeingacceptale giventhe
intractability of the problemspace.
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