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Abstract
Software agentsoperatingin large-scale,openand dynamic, multi-
agentsystemsmustbe ableto reasonabouthow their candidatetasks
relateto thosebeingperformedby otheragentsandhow tasksrelateto
satisfyingorganizationalgoalsandobjectives.Reasoningat this level,
however, is inherentlydifferentthantheclassof reasoningrequiredto
evaluateandcoordinatethe detaileddomainactionsof eachagent. In
this paperwe definean approachfor integrating detailedagentcon-
trol, in the form of TÆMS, Design-to-Criteria agentscheduling,and
GPGPcoordination,with the

���
framework for organizationallevel

control.

1. INTRODUCTION
Our researchcommunity is showing significantprogressin mak-

ing theagentcomputing paradigma reality. However, therearere-
searchquestionsthat mustbe addressedin orderfor investmentin
agentcomputing researchto pay full dividends. Considerthe re-
quirementsandcharacteristicsof theproblemspace.Onelong term
objective is to createagent-basedopen, large-scale, informationand
computationalsystemsthat exist in dynamicenvironmentsandare
flexible, adaptable, robust,persistent,andautonomous. Now, con-
siderthe implicationsof this. Operatingin dynamic openenviron-
mentsis a hardproblembecauseit meansthat the taskson which
anagentis operatingmaychange frequentlydueto new goals,new
requests,or new collaborationswith otheragents.Interactionsbe-
tweentasksmay changefrequentlyas well for the samereasons.
The agentsthemselvesmay comeandgo from the network andbe
periodicallyunavailableTheseconditionsoftenact to thwart agent
technologiesthat rely on detailedpredictabilityor staticproperties
of theproblemspace.In our work, we take theview thatopenness
leadsto a requirementfor soft real-timeagentproblemsolving so
thatagentscanrespondto changeandunexpectedoutcomesonline.

Moving the scaleof multi-agentsystemsfrom small groupsto
largegroups, e.g.,tensof thousands,throwstwo otherproblemsinto
themix: increasedinteractionoverhead andsituationalcomplexity.
The term interactionoverheaddenotesthe increasein communica-
tion betweenagentsrequiredto detectinteractionsin their problem
solving and to coordinate their activities, i.e., it denotesthe sheer
volumeof messagetraffic andproblemsolvingrequiredto evaluate
the messages.This is beingdealtwith by imposingorganizational
structureon the agentsso that they do not all communicateandby
creatingcoordinationandcommunicationtechnologiesthataread-
justable.Theotherissueis increasedsituationalcomplexity. At the
conceptual level, whenagentsaresituatedin a largeopenenviron-
ment,andorganizationalstructureis imposeduponthem,they have
differentorganizationalobjectivesandthey mustreasonabouthow
their problemsolvingrelatesto satisfyingtheir multiple,andpossi-
bly conflicting,organizationalobjectives.

Wehavedevelopedthemotivationalquantities( ��� ) framework
to addressthe situationalcomplexity of agentsdeployed in large-
scaleMAS. The ��� framework hasbeendocumentedin [25, 27]
and is being usedto organizeagentsand to supportthe study of
rangesof cooperative behavior in organizedagentsand the impli-
cationsof this to agentnegotiation [29, 28] The ��� framework
addresses situationalcomplexity from two directions:1) modeling
or representing the agent’s candidateactivities and the necessary
attributesof the organizationalsituationin which activities are lo-
cated(e.g.,how agiventasksrelatesto anorganizationalobjective),

and,2) reasoning about thetasksto determineacourseof actionfor
theagent.This reasoningprocessdetermineswhich taskstheagent
shouldperform, and when, by valuing candidate tasksin light of
the agent’s situationalcomplexity or organizationalcontext andby
consideringresourcelimitationsanddeadlineson thetasks.

It is importantto emphasizethatthisresearchpertainsto complex
problemsolvingagents,e.g,[14, 13] andtheBIG InformationGath-
ering Agent [17], wherethe agentsaresituatedin an environment,
ableto senseandeffect, andhave explicit representationsof candi-
datetasksandexplicit representations of differentwaysto go about
performingthetasks.Additionally, tasksarequantifiedor have dif-
ferent performance characteristicsand, following in the threadof
complex problemsolving [8] thereare relationshipsbetweenthe
tasks.The implicationsarethat taskscannotbereasonedaboutin-
dependently and that the valueor utility of particulartasksdiffers
depending on the context. We call the processof reasoning about
which tasksto perform,when,with whatresources,how or in what
fashion,andwith whomto coordinate,the local agent control prob-
lem. Theterm“local” is usedin this expressionbecause agency, as
weuseit, denotesanautonomousdistributedproblemsolvingentity.
In our work, thereis no globalpictureof all activities beingcarried
out by all agentsnor arethe agentssituatedin specialized,tightly
coupledenvironmentslike Tambe’s teams[22] or roboticsoccer.

Thoughthe ��� framework is proving appropriatefor reason-
ing about an agent’s candidateactivities from a high-level, it lacks
a detailedview of thedomainproblemsolvingprocessesbeingper-
formedby the local agent.For example,the ��� framework does
not modelandquantify interactionsbetweentasks– other than to
notethatonetaskmayproduceanartifactnecessaryfor theperfor-
manceof anothertask. The implication of this high-level view is
that the ��� framework canselecta courseof actionfor theagent
thatmaynot be desirableor even feasibleonceall of thedetailsof
thedomainproblemsolvingprocessareexaminedanddetailedco-
ordinationbetweenthe agentstakesplace. Thereare two reasons
for this: 1) the ��� framework focuseson thesituationalcomplex-
ity that arisesin largeorganizationsof agents,it doesnot focuson
thedetailsof domainproblemsolving,2)until thedetailsareworked
outbetweenall theinvolvedagents,thelocalagent doesnotactually
know theexacttemporalandresourceconstraintsof candidatetasks
andthus it cannotfully computetheir valueor determinefeasibil-
ity at anorganizationallevel. To addresstheseissuessothatagents
canreasonaboutboth detailedproblemsolving andthe situational
complexity present in large MAS, an integrationpathbetweenthe
��� level andmoredetailedreasoning/coordinationprocessesis re-
quired.

In our work, detailedagentproblemsolving is performedvia the
TÆMStaskmodelingframework [7, 6,16], GPGPcoordination[6],
andDesign-to-Criteria(DTC) real-timeagent agent scheduling [19,
24, 26, 23]. TÆMS,GPGP, andDTC arematureresearchartifacts
andhave beensuccessfullyreusedin many applications. However,
TÆMS (Section3) is not suitedto addressing the situationalcom-
plexity that ariseswhenagentsaredeployed in larger groupsor in
openenvironments.Oneof the fundamentallimitationsof TÆMS
is thatit is astaticrepresentationof anagent’s problemsolvingpro-
cessat a given instantin time. It is, in essence,a snapshot of the
optionsavailable to the agentanda snapshotof their characteris-



tics. In our applications,generally, whenthesituationchanges and
the characteristics� of tasks(usedto determineutility) change, the
domainproblemsolver emitsa new TÆMS taskstructurethat re-
flectsthe current(changed) situation. Anotherlimitation is that in
TÆMS,actionperformanceproducesqualitywhichthenpropagates
throughout theentiregraph-like structurein waysthatis intendedto
modeldistributedproblemsolvingasin a distributedinterpretation
problem.Theformaldetailsof TÆMSarein [7]. While thisview is
appropriatefor reasoningaboutinterrelateddomainproblemsolving
activities at a detailedlevel, it is not readilyusedto modelconcepts
like tasksthat contribute to oneorganizationalobjective while be-
ing detrimentalto another. TÆMSalsodoesnotadequatelysupport
conceptslikethevalueof formingacommitmentwith anotheragent
or thepenaltyfor decommittingfrom anactivity onceacommitment
is formed.

The ��� framework (Section2) addressestheselimitations by
representingtasksandactionsat a differentlevel of abstractionand
with a differentemphasis.The ��� framework alsousesstateto
achieve “automatic”changesin taskvaluationor utility (unlike the
staticview taken in TÆMS). The ��� framework describestasks
in many differentattribute dimensions so that we canmodel tasks
contributing to, or detractingfrom, differentobjectivesto different
degrees.WhilecontrolattheTÆMSlevel pertainsto detailedevalu-
ationof domainproblemsolvingactivitiesof anagent,controlatthe
��� level pertainsto high-level valuationof candidatetasksbased
onanunderstandingof therelationshipbetweentasksandorganiza-
tional objectives.In otherwords,in the ��� framework, taskvalue
is determinednotonly by theintrinsicpropertiesof tasks,but by the
benefitsand costsof the intrinsic propertiesasdeterminedby the
agent’s currentorganizationalsituation.

In this paperwe definetheprocessby which thesedetailedagent
technologies(TÆMS,GPGP, DTC) are integratedwith ��� level
reasoning. Wealsoidentify thenecessityof a two wayiterativeflow
between��� level controlandthedetailedagentcontrollevel. Due
to the inherentcomplexities of the issuesinvolved, in the sections
that follow we summarizethe ��� framework anddetailedcontrol
technologies.Theintegrationtechniquesarethenpresentedandkey
issuesidentified.

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

In the ��� framework, all taskshave valueor a motivationfor
performingthetaskwherethevalueis determinedbothby thevalue
of the task and by the importanceof the organizationalobjective
with whichthetaskisassociated(andthecurrentstateof goalachieve-
ment). This enablesthe agentto compareandvaluetasksthat are
associatedwith differentorganizationalgoals,or tasksthataredetri-
mentalto oneorganizationalgoalwhile having positive benefitto a
differentorganizationalgoal, or tasksassociatedwith differentor-
ganizationsentirely, or tasksmotivatedby self-interestedreasonsto
cooperative reasons.The ��� framework quantifiesthesedifferent
underlying motivational factorsandprovidesthemeansto compare
themvia a multi-attributedutility function.Definitions:

Agents areautonomous, heterogeneous, persistent,computing en-
tities that have the ability to choose which tasksto perform and
whento performthem.Agentsarealsorationallybounded,resource
bounded,andhave limited knowledgeof otheragents.Additionally:

� Eachagenthasa setof 	�
 sor motivational quantities that it tracks
andaccumulates.	�
 srepresent progresstoward organizational goals.
	�
 s are produced and consumedby task performance where the
consumption or production propertiesaredependent on the context.
For example, two agents interacting to achieve a sharedorganiza-
tional goal may both seean increasein the samelocal 	�
 levels
as progressis made(this is not a zero sum game),whereasagents
interacting to satisfydifferent goals may each obtain different types
andquantitiesof 	�
 s from thesameinteraction.� Not all agentshave the same 	�
 set. However, for two agents to
form a commitmentto a specificcourseof action, they musthave at

leastone 	�
 in common(or have the meansfor forming an 	�

dynamically). If they do not have an 	�
 in common,they lack
any commongoals or objectives and lack any commonmediumof
exchange.� For each	�

� belonging to anagent, it hasa preferencefunction or
util ity curve, ����� , thatdescribesits preferencefor a particularquan-
tity of the 	�
 , i.e., ��	�
���������������� suchthat ������� 	�
!�"��#$%�&�
where ��� is theutili ty associatedwith 	�
�� andis not directly inter-
changeablewith �(' unless )+*-, . Differentagentsmayhave differ-
entpreferencesfor thesame	�
.� . Preferencesin theframework are
definedby therelation betweentaskperformanceandorganizational
goalsor directives.� An agent’s overall util ity at any given momentin time is a function
of its differentutilities: �(/1032�4657*98������:���;'<�&��=<��>?> � . We make no
assumptions aboutthe properties of 8���� , only that it enables agents
to determine preferenceor dominance between two differentagent
stateswith respectto 	�
 s.� For simplicity of presentation, let usassumethat 8�� � is not a multi-
variateutil ity function andinsteadthatfor each �@� thereis anassoci-
atedfunction A;����� thattranslates	�
 specificutili ty into theagent’s
general util ity type, i.e., �B�<���&�CA&����� suchthat
A&���D�&���E#$F��/1032�465 . Thus �&/1032�4(5 maytake theform of �;/1032�4657*G 4�IH&J A&���D�&�K� . (Note: AB��� � could be combinedwith �;����� � . These
arepartitionedfor mappingdifferentorganizational influences.)� Changein agentutil ity, denoted LM� /�0�2�4(5 , is computedthroughchanges
to theindividual util ities, �(�:�&�N' , etc.Let ��� denotetheutil ity asso-
ciatedwith 	�
O� beforethequantity of the 	�
 changes(e.g.,asthe
resultof taskperformance).Let ��P� denote theutil ity associatedwith
thechanged 	�
 quantity. Thechange in overall util ity to theagent,
in this simplifiedmodel,is expressedas
LM�&/1032�4(5E*RQ G 4�SH&J A��:����P� ��TUA&���D�&�K�VQ

MQ Tasksareabstractionsof the primitive actionsthat the agent
maycarryout. ��� tasks:

� May have deadlines, WCX3Y(WCZ[) \BX�� , for taskperformance beyondwhich
performanceof saidtaskyields no usefulresults. This temporal con-
straint, aswith theonefollowing, is particularly important for multi-
agentcoordinationandtemporalsequencing of activitiesover inter-
actions.� May have earliest start times, ]V^DY`_�^ � , for task performance before
which performanceof saidtaskyieldsno usefulresults.� Each 	�
 taskconsists of oneor more 	�
 alternatives,whereone
alternative correspondsto a different performance profile of thetask,
i.e.,onedifferentway to go aboutperforming thetask.Eachalterna-
tive:

– Requiressometime or duration to execute,denoted W � .
– Producessomequantity of oneor more 	�
 s, called an MQ

production set( 	�
ba!c ), which is denoted by:
	�
ba!c ��d '3d = *fe�g3�:�Kg�'h�Kg = �V>?> i , where �;)��7gV�kjml . These
quantities arepositive andreflectthebenefitderivedfrom per-
forming thetask,e.g.,progresstoward agoalor theproduction
of anartifact thatcanbeexchangedwith other agents.

– Akin to the 	�
ba!c , tasksmay also consumequantities of
	�
 s. The specification of the 	�
 s consumedby a task is
called anMQ consumption setanddenoted
	�
!nbc ��d '3d = *oe�g3����g�'h�Kg = �V>?> i , where �;)��7g@�qprl . Con-
sumptionsetsmodeltasksconsuming resources,or beingdetri-
mental to anorganizationalobjective,or agentscontractingwork
out to otheragents,e.g.,payinganother agentto producesome
desired resultor another agentaccumulatingfavorsor goodwill
as the result of task performance. Consumption setsare the
negativesideof taskperformance.

– All quantities,e.g.,W3� , 	�
ba!c , 	�
!nbc , arecurrently viewed
from anexpectedvaluestandpoint.

Spacelimitationsprecludea full presentationof themodel.This
brief summarylacksdefinitionsandpropertiesnecessaryto actually
build the framework and to use it in agents. This summaryalso
lackssomeof the motivationsbehindthesedesigndecisions. For
moreinformation,interestedreadersareadvisedto consult [25, 27].

The model relatesto other recentwork in the multi-agentcom-
munity, suchas agentsinteractingvia obligations[2], or notions
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Figure1: Simplified Subsetof an Info. Gathering Task Structur e

of socialcommitment[5], but it differs in its quantificationof dif-
ferentconcerns andits dynamic,contextual, relative, evaluation of
these.ThemodelresemblesMarCon[18] asthedifferentdegrees-
of-satisfactionaffordedby the ��� modelis akin to MarCon’scon-
straintoptimizationapproach, andMarContoo dealswith utilities /
motivationsthatcannotalwaysbecommingled. MarCon,however,
views constraintsasagents,assigningparticularrolesto particular
agents,andtheissueof which tasksto performdo not enterinto the
problemspace.

3. SUMMARY OF DETAILED AGENT CON-
TROL COMPONENTS

In our researchdetailedagentcontrol is carriedout by a variety
of differentcomponents.Thethreeprimarytechnologiesare:1) the
TÆMStaskmodelinglanguagethat is usedto representanagent’s
domainproblemsolving options,2) the Design-to-Criteria(DTC)
agentschedulerthat analyzes TÆMS task structuresand decides
on a courseof actionfor the agent,and3) the GPGPcoordination
module which enablesmultiple agentsto coordinatetheir activities
andjoint problemsolve.

The componentsare domain independent. In our work, a do-
main problemsolver, planner, or legacy systemdescribesits prob-
lem solving optionsvia TÆMS and the remainderof the compo-
nents,e.g.,DTC andGPGP, operateon theTÆMStaskstructures.
This simplifiestheprocessof agentconstructionasthe legacy sys-
temor domainexpertcaneffectively bewrappedthroughTÆMSto
createanagentcapable of meetingreal-timedeadlines,meetingre-
sourcelimitations,performingtrade-off analysis,andcoordinating
its activities with otheragents.This approach wasusedin theBIG
[17] informationgatheringagentto integratea blackboardproblem
solver.

With respectto otherapproachesto agentcontrol,e.g.,BDI-based
[20, 4] problemsolversor the ��� framework, the TÆMS-based
tools operateat a different level of detail. The generalideais that
DTC andGPGPperformdetailedfeasibilityanalysisandimplemen-
tation of high-level goalsandtasksselectedby othercomponents.

TÆMS – TÆMS(TaskAnalysis,EnvironmentModeling,andSimulation)
[7] is a domainindependenttaskmodeling framework usedto describeand
reasonabout complex problem solving processes.TÆMSmodelsarehier-
archical abstractions of problem solving processes that describe alternative
waysof accomplishinga desired goal; they represent major tasksandmajor
decisionpoints,interactionsbetweentasks,andresourceconstraintsbut they
do not describethe intimatedetails of eachprimitive action. All primitive
actionsin TÆMS,called methods, arestatistically characterizedvia discrete
probabilit y distributionsin threedimensions: quality, costandduration. Un-
certainty in each of thesedimensions is implicit in theperformancecharac-
terization – thusagents canreasonaboutthe certainty of particular actions
aswell astheir quality, cost,andduration trade-offs. Theuncertainty repre-
sentation is alsoapplied to taskinteractionslike enablement,facilitation and
hindering effects,e.g.,“10% of thetime facilitation will increasethequality
by 5% and90%of thetime it will increasethequality by 8%.”

To ill ustrate, considerFigure 1, which is a conceptual, simplified sub-
graph of a task structureemitted by the BIG [17] information gathering
agent; it describesa portion of the information gathering process.The top-
level task is to construct product modelsof retail PC systems.It hastwo
subtasks,Get-Basic andGather-Reviews, bothof whicharedecomposedinto
methods,thataredescribed in termsof their expectedquality, cost,anddu-
ration. Theenables arcbetween Get-Basic andGatheris a non-local-effect
(nle) or taskinteraction; it models thefact that thereview gatheringmethods
needthenamesof products in orderto gather reviews for them. Othertask
interactionsmodeled in TÆMSinclude: facilitat ion, hindering, bounded fa-
cil itation, sigmoid, anddisablement. Taskinteractionsmustbe modeled to
supportcoordination as they identify instances in which tasksassignedto
differentagentsareinterdependent.

Returning to the example, Get-Basichastwo methods,joined under the
sum()quality-accumulation-function (qaf), which defines how performing
thesubtasksrelate to performingtheparenttask.In this case,either method
or bothmaybeemployedto achieve Get-Basic. Thesameis truefor Gather-
Reviews. The qaf for Build-PC-Product-Objects is a seqsum()which in-
dicates that the two subtasks must be performed, in order, and that their
resultant qualities aresummedto determine the quality of the parenttask;
thusthereareninealternative waysto achieve thetop-level goal in this par-
ticular sub-structure. In general, a TÆMStaskstructurerepresentsa family
of plans,ratherthana singleplan,wherethedifferentpathsthrough thenet-
work exhibit differentstatistical characteristicsor trade-offs.

The Design-to-Criter ia Scheduler – Givena family of plans,theproblem
thenis to decidewhat to do. TheDesign-to-Criteria (DTC) scheduler is the
agent’s local expert on making control decisions. The scheduler’s role is
to considerthepossibledomainactionsenumeratedby thedomainproblem
solver (via TÆMS)andchoosea courseof action thatbestaddresses:1) the
local agent’s goal criteria (its preferencesfor certain typesof solutions),2)
the local agent’s resource constraints andenvironmentalcircumstances,and
3) the non-local considerationsexpressedby the GPGPcoordination mod-
ule. The general idea is to evaluate the optionsin light of constraints and
preferencesfrom many differentsources and to find a way to achieve the
selected tasksthatbestaddressesall of these. DTC’s problemspaceis thus
a resource-bounded hybrid planning/schedulingproblem– DTC mustdeter-
minewhichtasksarefeasibleor appropriategiven theagent’sobjectives,and
for eachof these,decidehow to performeachtask,determineappropriateor-
derings,andcontinuouslyevaluateselectionsto makesurethatdeadlinesare
met,resourceconstraintsarenot broken, andsoforth. Additionaldetails on
DTC arelocatedin [19, 24,26,23].

For thepurposesof this paper, it is necessary to describeDTC’s goaldi-
rectedproblemsolving behavior asit playsa role in the integrationprocess.
In general, thereareanexponential numberof possibleschedulesfor agiven
TÆMS task structure and in practice this is a real issue. To help control
the combinatorics, one of the techniquesusedin DTC is goal, or in this
case,“cri teria,” directedproblemsolving. In addition to a setof TÆMStask
structures,DTC takes asinput a specification of theagent’s objective func-
tion. This objective function definesa setof goalcriteriaandDTC problem
solves to producesolutions that adhereto the desiredcharacteristics. For
instance,if theagent needsaneven trade-off betweenquality, cost,anddu-
ration, the criteria would specify this. If, in a different situation, the agent
needed to improve quality certainty while staying undera particular time
deadline, the criteria would alsospecify this. In eachcase,DTC will pro-
ducea different setof solutions. This is how we obtain custom,targetable,
control for the agent andhow the agent canrespondadaptively to different
circumstances.

Thecriteriais defined usingaslidermetaphor. Conceptually, theagent,or
a humanuser, definesthe relative importanceof quality, cost,duration, and
certainty in eachof thesedimensions using a slider associated with each.
Thesliders areshown graphically in Figure2. Thespecification mechanism
breaksdown relativepreferencesinto differentgroups,whicharerepresented
assliderbanksin thefigure.Theraw goodnessgroup(leftmostslidergroup)
specifies relative preference between quality, cost, and duration. Moving
to the right, the next slider group is where the agent or usercan specify
a desiredquality threshold or set limit s on duration and cost. The group
that is 3rd from theleft specifiestherelative importanceof quality-certainty,
duration-certainty, andcost-certainty. Thegroupthat is 4th from the left is
whereauser/agentcansetdesired certaintythresholdsin each dimensionand
the rightmostgroup,the metagroup,definesthe relative importanceof the
previousfour banksof sliders.Theentire slider mechanism is simply a way
to definea utility or preferencefunction [23] for DTC. DTC thenoptimizes
its processto meetthespecified objectives.
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Figure2: A Slider SetDescribing Particular Criteria

The GPGPCoordination Module – DTC andTÆMSalonecanbeusedto
create an individual agentthat canreasonabouttrade-offs, meetdeadlines,
andadjustproblemsolvingto addressdifferentresourceallocations.In order
for saidagent to coordinateits activitieswith other agents,theGPGPmodule
mustbe added to the mix. GPGP(Generalized Partial Global Planning) is
theagent’stool for interactingwith otheragentsandcoordinatingjoint activ-
ity. GPGPis a modularized,domainindependent, approach to scheduling-
centric coordination. In GPGP, coordinationmodulates localcontrol by post-
ing constraintson anagent’s local DTC scheduler. TheGPGPcoordination
moduleis responsiblefor communicatingwith other agentsandforming(and
sometimesbreaking) taskrelatedcommitmentswith other agents.Thecoor-
dination moduleis comprisedof several modularcoordinationmechanisms,
subsetsof which maybe applied during coordination depending on the de-
gree of coordination desired. For the formal details, seesee[7] and for
additional details consult[6, 7].

4. INTEGRATING MQ REASONING WITH
DETAILED AGENT CONTROL

While the researchwith DTC andTÆMS providessomeof the
intellectual foundation for the ��� framework, eachhas unique
strengthsandeachaddressesa differentclassof issues.At the ���
level we have abstractrepresentationof tasksanda unified utility-
basedview of tasksandpossiblytask/commitmentspairs. At the
DTC/TÆMSlevel, we have representationandreasoningabout the
detailsof domainactions,including taskinteractionsandcomplex
structuringsof tasksto achieve a goal. The ��� level lacks de-
tailedrepresentationssuchastaskinteractionsor groupingrelations
on thetaskswhereastheDTC/TÆMSlevel lacksanorganizational
level view andlacksa unifiedreasoningperspective. Theproperin-
tegrationof thesetechnologiescangiveagentsthebenefitsof both–
at onelevel reasoningaboutorganizationalconcernsandat another
level handling detailedfeasibility analysisand implementationof
theobjectives.

In thissectionwepresentanintegrationpathin which theTÆMS
task structuresof the lower level are abstractedand mappedinto
��� taskattributes. The integrationof thesetechnologiesin this
fashionraisesan interestingissue. Currently, the ��� level does
not representor reasonaboutdetailedinteractionsbetweentasks.
This typeof controlproblemsolvingoccursat thedetailedlevel via
DTC andGPGP. Integrationof the ��� level with the lower-level
enablesagentsreasoning with the ��� framework to dynamically
coordinateactivitieswith otheragents– to reasonaboutinteractions
betweendetailedproblemsolving activities and to form commit-
mentsto sequence detail level activities over the interactions.This
differs from the organizationaltemporalconstraintsthat may be
imposeddirectly at the ��� level or the request-with-service-time
modelusedin theexamplesof [25, 27]. Theproblemwith this in-
tegrationis that wheninteractionsspanagentsat the TÆMS level,
it decreasesthe ability of control at the ��� level to produce pre-
dictableresults(by definition,activities at otheragentsaredifficult
for thelocal agent to guarantee).In suchcases,a two way interface
in whichthe ��� level selectsahigh-level courseof actionwhich is
refinedby coordinationat thelower-level maybeappropriate.Note
that building a coordinationprocessat the ��� level doesnot re-
solve the issuebecause this classof interactionsoccursat themore
detailedlevel.

The integration pathpresentedhereassumesdetailedcoordina-
tion occursat the lower level and that the ��� level is responsi-
ble for high-level taskselection.These��� level taskscorrespond
to TÆMS level task groups(conceptually eachgroup is a graph)
which arethenscheduledvia DTC andcoordinatedby GPGPin the

multi-agentcontext. The overall approachto integration is devel-
opedincrementallyin the following sectionsandwe first explorea
restrictedscenarioin which the TÆMS level containsno interac-
tionsthatspanagents.

4.1 Restricted ScopeIntegration thr ough
Bottom-up Characterization

To integratethe TÆMS and ��� technologies, the main issues
that mustbe addressedaremodeltranslation issues,e.g.,what an
attribute at one level corresponds to at another level, and control
integration, e.g.,the implicationsof decisionsmadeat onelevel to
the other level. Someissuesfall into both categoriesand in this
sectionwe do not attemptto divide the issuesinto one setor the
other– thecategorizationsarefor pedagogical useonly.

Whenintegratingthemodels,thereareseveraldifferentmappings
thatmusttakeplace.The ��� rts and ���vu s setsatthe ��� level
must be mappedinto attributesat the TÆMS level (this includes
determinationof which ��� s to map in eachcaseas well as the
quantities involved). OptionsincludetheTÆMSquality, cost,and
durationdistributions(andtheuncertaintyof these),andtheTÆMS
level resources.Anotherissueis thegoalcriteriausedby thesched-
uler; theschedulerproducesschedulesto meetthecriteriaandthus
thecriteriasettingdefinesthetypesor classesof schedulesproduced
by DTC, i.e., regardlessof the mappingto q,d,c(quality, duration,
cost),obtainingdesiredresultsmayrequireaparticularagentobjec-
tive functionfor DTC. Utility functionsandpreferencesat the ���
level mayalsobemapped to TÆMS,thoughtheirroleat theTÆMS
level is unclear. At this time, preferencesareusedto selectwhich
tasksto performat the ��� level but do not serve a direct role in
controlat thedetailedlevel

Themechanicsof mappingof theseattributesdependsonthe“di-
rection” of the mapping.Note that in all cases,controlat the ���
level addresses a moreabstractclassof issuesandis designedfor
higher-level concerns. Accordingly, it is our view that the ���
framework shouldberesponsiblefor thehigh-level selectionof tasks
for theagent,where ��� taskscorrespond to a TÆMS taskgroup
thatcontainsthedetailsof taskperformance.Therearetwo concep-
tual directionsfor mappingandintegratingthetwo frameworks:

1. Mapping canflow in a top down fashionfrom the 	�
 level to the
DTC level wheretasksat the 	�
 level areassociatedwith TÆMS
taskstructuresat thelower level. Whenusingthisapproach,however,
it is unclearhow to characterizetheTÆMStaskstructuresat the 	�

level and,moreimportantly, it is unclearwhat to do abouttheuncer-
tainty involved. For any given TÆMS task structure, it is difficult
to ascertain pre-analysis(by DTC) exactly what types of schedules
arepossible. The implication of this is that if the 	�
 level identi-
fiesa task, wyx , thatshouldbeperformedusinganassociatedTÆMS
taskgroup, w{z}|�~ , the 	�
 level cannot arbitrarily setdeadlinesor
other requirementson w{z�|�~ without there being someprobability
that w{z}|�~ cannot be performedto meetthe requirements.The so-
lution to this problemis to statistically characterize the TÆMStask
structuresandto tie 	�
 tasksdirectly to candidateschedulesfor the
TÆMStasks,which bringsusto thenext mapping approach.

2. Mapping canflow in abottomup fashion from theTÆMSlevel to the
	�
 level. This is theapproachthatwe have selected. In this model,
the different classesof schedulesthat canbe produced by a TÆMS
taskstructure are characterized and translatedinto alternativesof a
single 	�
 taskat the 	�
 level. This removes theunpredictability
issueabove becausethestatistical characterizationsusedat the 	�

level areaccuratereflectionsof what is possible at theTÆMSlevel.

To explore the bottomup mappingapproach, let us startwith a
smallalgorithmandthenexpanddiscussionto includethefull setof
detailsthatmustbeaddressed. In thiscase,theobjective is to create
adurationprofile for asingleTÆMStaskstructurethatcanbeused
asthedurationvaluesof anassociated��� task.� Let ����� denotea scheduler criteriabundled asdescribed in Section 3

andin [23] consisting of settingsfor theraw goodnessquality slider,
_���� , and the raw goodnesssliders for duration andcost, _���� , _���� .
Let ����� alsocontain a settingfor themetasliders (thatdefinehow to
relate the otherslider banks,e.g., raw goodnesswith certainty). In



all cases, 	���w}��� /�� 0���� � 462���� *��@lÅl�� (100%of the weight is
given to theraw goodnesssettings).� Let n�� denote a setof suchscheduler criteria bundles.� Let ] denotethetop-ratedscheduleproducedby theDesign-to-Criteria
scheduler for a givenslidersetting.� Let WC� denotetheexpectedvalueof theduration distributionof sched-
ule ] .� Let w{z denotetheTÆMStaskgroupbeingevaluated.� Let �:^�� (characterization tuple) denotea pair of theform �������KW�� .� Let 	�
 |y¡ denote the 	�
 taskbeing constructedfrom w{z .� Let �
Z[^ denote an alternative of 	�
¢|y¡ . However, in addition to
storing 	�
!nbc , 	�
!a!c , andaduration, let thealternativealsohave
anassociated �:^ .� Thealgorithm for mappingw{z into 	�
£|y¡ is shown in Figure3.

After thealgorithmexecutes,��� |y¡ has((100div GRAINSIZE)
+ 1) (this definesthestepsizeof thealgorithm)alternativeswhere
eachalternative representsthe durationof the bestschedule pro-
ducedby DTC for the associatedcriteria bundle. In essence,each
��� alternative is onealternative “way” to performthe taskgroup
whereeachdifferent“way” may have differentdurationcharacter-
istics.

Consideranexample.Figure4 shows a TÆMStaskstructurefor
theDishWasheragentin theIHome[15] project.Table1 shows the
characterizationsof the taskscheduled by DTC usingdifferentde-
sign criteria as in the algorithmabove with a GRAINSIZE of 20.
Runningthe taskstructurein questionthroughthe algorithmpro-
ducessix differentalternatives for ��� |y¡ whereeachalternative
hasthe durationof oneof the expectedduration entriesfrom one
row of Table1. Thealternativesareshown in Figure5. We will ig-
norethequality characteristicfor thetime being.Schedulingat the
��� level thusconsidersthedifferentpossibleperformanceprofiles
of ¤¦¥ throughthe differentalternativesof ��� |y¡ . Whenan al-
ternative is selectedandscheduledat the ��� level, at runtime,the

;
; Createa setof criteriabundleswhereeachbundlehasadifferent
; quality / durationemphasis.
;§©¨«ª

;¬®­�¯±° ¨«ª±² ­´³ ªµª�¶�²¸·^¹{º¼»�½¿¾�À�Á�Â�ÃÄÁ�Å´ÆÇ º^È�É ¯�Ê�Ë ¨ ³ ª�ª©Ì °
;Ç º È É ¯�Ê�Í ¨ °

;Ç º È É ¯�Ê�Î ¨Ïª
;Ð¿Ñ É Ò�¹�¹�·ÔÓÖÕ ÓÖ·�×{Ø Ç º^ÈÚÙ ;§´ÛÜÛ

;

;
; Iterateover thebundles,for eachbundle,executetheschedulerand
; notetheexpecteddurationof theschedule(highest-rated)thatis
; returnedby thescheduler.
;¬®­�¯±° ¨«ª±² ­¿ÝÔÐ¿ÑÞÝÇ º � ¨ Ê ·�² ß�·Ôß�º¼· ¯ Ø Ð}ÑáàÄ° Ù

;¶â¨ã·Ôäå· Ç�æ ²¸· Õµ² Ç Ø Ç º � àèç ½ÜÙÕ � ¨é¶µÉ Õ æ ¯ Ò�² °ê­ ÓëÉ Ê ·�² ·Ôä�¹�· Ç ²¸·�Õ ì�Ò�í æ ·µØîÙ ;
;
; At thispoint,wehaveacriteriasetting,thebestscheduleproduced
; for thesetting,andthedurationof thesetting.We canthuscreate
; acharacterizationtupleto hold this information.
;Ç ² � ¨Ïß¦Òðï�·ÚÓÖ·�× ÇÔñ Ò ¯ Ò Ç ²¸· ¯µ°óò Ò�² °ó­ Ó�² æ ¹�íî· ;Ç ² � É Ç ºt¨ Ç º � ;Ç ² � É Õ©¨ÏÕ � ;
;
; Eachcharacterizationtupledescribesonealternative for theMQ
; task.
;À£í�²�¨Ïß¦Òðï�·ÚÓÖ·�× ��� Ò�í�²¸· ¯ ÓÖÒ�² ° ì�·

;À£í�²�É Õ æ ¯ Ò�² °ó­ Ó�¨éÕ � ;À£í�²�É Ç ²¦¨ Ç ² � ;
� �}ôÄõ É Ò�¹�¹�·ÔÓÖÕ Ò�í�²¸· ¯ ÓÖÒ�² ° ì�·µØöÀ£í�²÷Ù

;

Figure3: Mapping TÆMS Tasksto ��� Tasks
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Figure4: DishWasherTaskStructur e

CriteriaBundle Characteristicsof TopRatedSchedule¯�Ê Ë ¯�Ê�Í
ExpectedQuality ExpectedDuration

100 0 165 600
80 20 165 520
60 40 155 480
40 60 135 440
20 80 120 420
0 100 0 324

Table 1: Differ ent Characterizationsof the DishWasherTask

associated¤ø¥ is locatedin theagent’s tasklibrary andDTC is in-
vokedonthe ¤ø¥ with the ù�ú storedin thealternative,i.e.,thesched-
uler is reinvoked with the designcriteria thatproducedthe charac-
terizationof thealternative in thefirst place.Thisenablesreasoning
at the ��� level basedon a realisticexpectationof whatis possible
for giventaskstructure– in certaincircumstances.

Thereare two conditionsunderwhich the above algorithmwill
produce ��� modelsthat yield predictableresults:1) all nodesin
theTÆMStaskgroup, ¤ø¥ , mustbefreefrom temporalconstraints,
e.g.,deadlinesor earlieststart times,2) all nodesin ¤¦¥ must be
freefrom interactionwith tasksassociatedwith otheragents.These
requirementsmeanthat ¤¦¥ is not fixedtemporallyandis indepen-
dent from activities outsideof the control of the local agent. The
formerattribute,freetemporally, is requiredbecausethereis nocor-
relationbetweenthetime at which a given ¤¦¥ is characterizedand
thetimeatwhich it will bedeployed or selectedfor executionby the
��� level. Thelatterattributeis requiredbecauseguarantees about
tasksthat interactwith the tasksof otheragents,are,by definition,
difficult to obtainwithout actuallyengagingin a coordinationpro-
cessthat is situatedtemporallyandcontextually (involving shared
resources).We return to the issueof interactionsspanningagents
shortly.

Hereto unaddressed is the issueof temporalconstraintsat the
��� level andhow theserelateto thecharacterizationprocess.Be-
cause¤¦¥ cannotbe locatedat a fixed temporalpoint, the earliest
starttimesanddeadlinesfrom the ��� taskcanbe transferreddi-



Alternative: 0
Duration: 600
MQPS:û {}
MQCS: {}
Criteria Bundle: rg_q = 100, rg_d = 0

Alternative: 1
Duration: 520
MQPS: {}
MQCS: {}
Criteria Bundle: rg_q = 80, rg_d = 20

Alternative: 2
Duration: 480
MQPS: {}
MQCS: {}
Criteria Bundle: rg_q = 60, rg_d = 40

Alternative: 3
Duration: 440
MQPS: {}
MQCS: {}
Criteria Bundle: rg_q = 40, rg_d = 60

Alternative: 4
Duration: 420
MQPS: {}
MQCS: {}
Criteria Bundle: rg_q = 20, rg_d = 80

Alternative: 5
Duration: 324
MQPS: {}
MQCS: {}
Criteria Bundle: rg_q = 0, rg_d = 100

Figure 5: Skeletal ��� Alter nativesfor ¤ø¥
rectly to ¤¦¥ . For example,if ��� |y¡ hasa deadlineof 20 andan
earlieststart time of 14, ¤ø¥ ’s deadlinemay alsobe set to 20 and
its earlieststart time to 14. Design-to-Criteriawill thenconstruct
schedulesfor executionsothatthey startnoearlierthan14andfinish
no laterthan20 (in a statisticalsense,asdiscussedin [24]). As the
durationassociatedwith thescheduledalternative of ��� |y¡ origi-
natesfrom ¤ø¥ , it is alsoassuredthat ¤ø¥ canbescheduledwithin
thestarttime / deadlinewindow specifiedby ��� |y¡ ’s constraints.

The mapping approachthus far is incomplete. We must also
map quality and possibly cost to different attributes at the ���
level to enable reasoningat thatlevel to considerthedifferenttrade-
offs of eachalternative generatedby thealgorithm. This is a com-
plex issueas it entailsdefining a mappingthat determineswhich
��� s correspond to quality, which to cost,how thesearerelated,
and the quantity of eachthat should be associatedwith the qual-
ity and cost characterizationsof the TÆMS actions. To illustrate
theissue,consider amappingof theDishWasheragent’s TÆMSat-
tributesto the ��� level. Note that eachrow in Table1 includes
expectedquality aswell asexpectedduration.Let theDishWasher
agentbe embeddedin an organizedenvironmentanda memberof
the cleaningagentsorganization.Let the organizationhave an ob-
jective to produce ten units of cleaningin a given cycle and let
the DishWasheragent’s taskspertainonly to washingdishes.The
agentthusproducestwo ��� s, ��� � � �ÔüÅ2�� �B/��ÔüÅ2 � and ��� ��ý 2K/Å4 � 4(0
where ��� ��ý 2K/Å4 � 4(0 is theonly ��� of interestto theorganization.
Let the importanceor weight given to the dish washingtask be
suchthat eachcycle of washingdishesproduces between1 and2
units of ��� ��ý 2K/Å4 � 4(0 wherethe rangeis correlatedwith the qual-
ity of ¤¦¥ as follows: þ ÿ �������	��

��� ÿ ����� þ produces1 unit
of ��� ��ý 2�/Å4 � 4`0 , ��� þ ÿ �����	��

��� ÿ ����� þ produces 1.5 units of
��� ��ý 2�/14 � 4(0 , ��� þ ÿ �����	��

��� ÿ ����� þ produces 1.75 units of
��� ��ý 2�/14 � 4(0 , and �����	��

��������� þ produces2 unitsof ��� ��ý 2�/14 � 4(0 .
Let therebea1:1mapping from TÆMSqualityto ��� � � ��üC2¼� �B/��ÔüÅ2 � .
Using this mapping, ��� |y¡ ’s six alternativesarecharacterizedas
shown in Figure6.

With themappingof quality to the ��� level ��� rts , theagent
can reasonaboutthe utility/duration trade-offs of the differental-
ternatives and selectaccordingly. In somecases,it may not be

Alternative: 0
Duration: 600
MQPS: {(mq_cleaning 2.0), (mq_dishes_washed 165)}
MQCS: {}
Criteria Bundle: rg_q = 100, rg_d = 0

Alternative: 1
Duration: 520
MQPS: {(mq_cleaning 2.0), (mq_dishes_washed 165)}
MQCS: {}
Criteria Bundle: rg_q = 80, rg_d = 20

Alternative: 2
Duration: 480
MQPS: {(mq_cleaning 1.75), (mq_dishes_washed 155)}
MQCS: {}
Criteria Bundle: rg_q = 60, rg_d = 40

Alternative: 3
Duration: 440
MQPS: {(mq_cleaning 1.5), (mq_dishes_washed 135)}
MQCS: {}
Criteria Bundle: rg_q = 40, rg_d = 60

Alternative: 4
Duration: 420
MQPS: {(mq_cleaning 1.0), (mq_dishes_washed 120)}
MQCS: {}
Criteria Bundle: rg_q = 20, rg_d = 80

Alternative: 5
Duration: 324
MQPS: {(mq_cleaning 0.0), (mq_dishes_washed 0)}
MQCS: {}
Criteria Bundle: rg_q = 0, rg_d = 100

Figure6: ��� Alter nativesfor ¤ø¥
worth the extra time requiredto producetwo ratherthanoneunit
of ��� �¼ý 2�/Å4 � 4(0 andin othercasesthe longerdurationalternatives
maybetheonly wayfor theagentto meetitsorganizationalcleaning
goal.Costandresourceconsumptionarenotaddressedin thisexam-
ple. In theDishWashertaskgroup, taskshave bothassociatedcosts
andthey consume resourcessuchashotwater– all of which canbe
mappedto ���vu s andreasoned aboutalongwith the ��� rts at
the ��� level.

4.2 The Needfor Approximation
Earlierwe mentioned therequirementthat tasksin ¤¦¥ not have

interactionswith othertasksnotbelonging to ¤ø¥ . Therequirement
is to ensurepredictability. If all of the interactionsin ¤ø¥ are lo-
cal to ¤ø¥ , then the characterizationsusedto construct��� |y¡ in
the previous sectionareaccurate.If thereareinteractionsbetween¤ø¥ andtaskgroupsbelonging to otheragents,thecharacterizations
maynot beaccurateasthereis no way, in thegeneral case,to “pre-
coordinate” over theinteractionsthatoccurat theTÆMSlevel. The
reasonfor this is twofold. Thefirst problemwith suchinteractions
is that whenthe classificationof the TÆMS taskstructuresis cre-
ated,the agentdoesnot know when the corresponding ��� task
will beselectedandscheduled,if ever. Thus,evenif theagentswith
which the local agentinteractswerewilling to form commitments
during classification,the local agentwould be unableto indicate
whenthe interactingactivities would beexecuted.Theimplication
of this is that the otheragentswould have to issuea blanket guar-
anteeor willingnessto cooperateandthis guaranteewould have no
temporalscope.Thisbringsusto thesecondreasonthatinteractions
posea problem. Theonly way to obtainpredictableclassifications
of TÆMStaskstructuresinvolving inter-agentinteractionsis to re-
quire blanket guaranteesfrom the otheragentsandit is highly un-
likely that they canactuallygive suchguaranteeseven if they wish
to. The problemis againthat the guaranteesarenot fixed tempo-
rally. Theotheragentshavenowayof knowing whatotheractivities
in which they will beengagedatthattime. Evenif they wereableto
give a firm commitmentto cooperatewhenasked, they could only
give thecommitmentto oneagentoveroneinteraction.Becausethe
interactionhasno temporalscope,if two agentswantedhardguar-



anteesfrom thesamethird party, it would beunableto determineif
the tw� o guaranteeswould be “called in” at the sametime andthus
would beunable to give suchassurances.

Thebottomline is thatwheninteractionsspanagents,theclassi-
ficationprocessis, by definitionapproximateor anestimateof what
maybepossibleat run time. A two-way interfacebetweenthe ���
level andtheTÆMSlevel is thusrequiredfor effectivecontrol.The
control is asfollows:

1. Classify TÆMStaskstructuresareclassified in anapproximatefash-
ion (seebelow).

2. MQ ScheduleControl reasoning at the 	�
 level selects a set of
candidatetasksfor theagent to perform.

3. Backward Mapping The 	�
 tasksaremappedinto TÆMSby se-
lecting the associated task group and coupling it with the criteria
bundle created in the classification step. Additional changes to the
TÆMSattributesmaybenecessary to reflectthe importanceof par-
ticular 	�
 s.

4. Lower-Level Analysis DTC andGPGPattemptto obtain thedesired
resultgiventhecriteria andthetaskstructure.

5. Feedback Basedon theoutput of theDTC/GPGPanalysis,if certain
tasksareunachievable or cannot beperformedin anacceptable fash-
ion, thecharacteristicsof theassociated 	�
 alternativearechanged.

6. MQ ScheduleThe 	�
 reasoning processis reinvokedwith thenew
performance estimates. If it is worthwhile, possibly the sametask
groupwill be selected with its revisedestimates. If not, someother
task(s)maybeselected.

7. RepeatSteps3-6 repeat.

In termsof approximately characterizing¤ø¥ s, thereare many
options. Oneoption is to examineprior interactionsbetweenthe
agentsandcharacterizethetaskgroupon thatbasis.Anotheroption
is for all involved agentsto participatein the characterizationpro-
cessusinga setof assumptions,e.g.,theotheragentswill belightly
loaded, theotheragentswill behighly constrained, etc.Still another
option is to assumethat the otheragentswill be ableto handlethe
interactionsin atimely fashion.An algorithmusingthis latterlocal-
assumptionapproachcould alsobe usedto determinethe possible
implicationsof notbeingableto handle agiveninteraction;asketch
is shown in Figure7. Therearemany differentestimationpossibili-
ties– thediscussionhereis intendedto identify theissueandoutline
possiblesolutionpaths.

4.3 Efficiency Issues
Even whenthe requirementsof independenceandfloating tem-

poralscopearemet,thereis aninefficiency hiddenin theview pre-
sentedthusfar. Let TÆMStasks¤ x and ¤ � betheonly membersof¤ø¥ andlet both be requiredfor all solutionpathswithin ¤ø¥ . Let
all actionsin ¤ø¥ requiremorethan5 unitsof time to execute.Let¤ x enable¤ � suchthat the enablement(Section3) requires5 time

Foreach interaction that spansagents:
Assumecoordination over theinteraction fails.

Schedule andcollect q,d,cfor top ratedschedule.

Assumecoordination over theinteraction requiresX timeunits.
Schedule andcollect q,d,cfor top ratedschedule.

Assumecoordination over theinteraction requiresYresources.
Schedule andcollect q,d,cfor top ratedschedule.

Estimatetheprobability for each of theabove.
Weight theq,d,ccharacterizationsfor each andrecord.

Combinethedifferentprofilesgeneratedabove andusetheweighted
expectedq,d,c(andresourceconsumptions/productions)asrepresentative
of w{z for 	�
 |ë¡ .

Figure 7: Overview of Algor ithm to Estimate Implic ations of Interac-
tions SpanningAgentsby Testing Differ ent Assumptions

units to propagate. Thoughthereis an interaction,it is contained
within ¤ø¥ andthusthe characterizationsof ¤ø¥ areaccurate.Let
��� |ë¡ correspondto the ��� task associatedwith ¤¦¥ and let
��� |ë¡ �@5�üÅ2 � correspond with the ��� taskassociatedwith some
othertaskgroup, ¤ø¥ �35êüC2 � . Let ¤ø¥ �@5�üÅ2 � consistentirelyof actions
that require5 time units to executeand let ¤ø¥ �35êüC2 � adhereto the
independenceandfloatingtemporalrequirements,i.e., it toohasac-
curatecharacterizations.

Considerwhat happensif the agentschedules��� |y¡ followed
by ��� |y¡ �@5�üÅ2 � at the ��� level. If theagentthenschedules¤¦¥
independentlyfrom ¤ø¥ �@5�üÅ2 � attheDTClevel, the5 timeunitsspent
waiting for resultsto flow from ¤ x to ¤ � (in ¤ø¥ ) arewasted.How-
ever, if ¤ø¥ and ¤ø¥ �35êüC2 � arescheduledtogetherat the DTC level,
oneof theactionsfrom ¤ø¥ �@5�üÅ2 � canbe insertedinto thedelaype-
riod in ¤ø¥ 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 thereare ! uniformly distributed interactionsbetween
agentX andagentY. Agent Y may regardcontractingfor ! small
individual tasksdifferently thana single larger contractthat has !
differentcomponents. It may be possibleto addressthis issueby
simply classifyingthedifferenttaskgroups independently andthen
merging themwhenbeingscheduledby DTC for actualexecution.
This would possiblycreatea larger scheduling problemfor DTC
(and/orcoordination problemfor GPGP),but, it may alsoimprove
theefficiency of agentproblemsolving.Thecaveatis thatif theper-
formanceimprovementsaresignificant,theagentmayhaveselected
a differentcourseof actionat the "�# level (to utilize theavailable
time or resourcesthat werehiddenby the independentview). At
this time, we hesitateto draw any conclusions andintendprimarily
to identify theissue.

5. RELATED WORK
Thereis a large body of relatedwork for eachof the technolo-

giesmentionedin this paper, e.g.,TÆMS,DTC, GPGP, or the "$#
framework. Somereferencesaremadein this paperthoughinter-
estedpartiesshouldconsult papers dedicatedto thesetechnologies
for a morethorough discussion.

With respectto theintegrationof high andlow level control,this
particulartopic is not new to AI or to computerscienceasa whole.
In theAI realm,theideaof combiningreactive controlwith a more
deliberative planningprocessa is very familiar modelto most([12,
1, 10] to cite a few examples).In this modelreactive controlhasa
shorttemporalscopeover which decisionsaremadeandthehigher,
moredeliberative, level operatesover a longertemporalscope.For
instance,thelower level might respondto tacticalissuesor immedi-
atethreatswhereastheupper level might do strategic planning.

This familiar modelis relatedto theresearchexploredin this pa-
per, though,the detailsandspecificissuesaredifferent. Both the
TÆMS/"�# paringandtheclassicreactive/deliberative paringsep-
arateissuesto different levels andgenerally, in complex systems,
thereis someinterplaybetweentheupperlevel andthelower level.
For instance,in thereactive/deliberativeworld, thedeliberativelevel
mightplot acoursefor anunderwaterAUV thatwouldrun theAUV
aground if it werenotfor thereactivelevel recognizing anuncharted
obstacleandresponding accordingly. Therearetwo key differences
betweenthe TÆMS/"$# pairing and the other work in this area.
The first is that the TÆMS/"$# pairing involves the coupling of
technologies that do not necessarilyexamineissuesover different
temporalscopesor issuesof differentlevelsof complexity. In fact,
the "�# andTÆMSlevelsmayactuallyoperateover thesametem-
poral scopeand perform decisionprocesses of equal complexity.
The distinctionbetweenthe levels is that the focusof eachlevel is
different.At thelowerlevel,wehavecomplex controlproblemsolv-
ing over the domainprocess.At the upperlevel, we have complex
control problemsolving over the agent’s organizationalsituation.
Anotherimportantdifferencebetweenthe TÆMS/"$# paringand
thereactive/deliberative modelis thattheTÆMS/"$# pairingmust



addressthe complexity of interactionsthat spanagentsand inter-
actions% that do so only at the TÆMS level. This introducesa new
kind of complexity becauseinteractions,unlike avoiding an obsta-
cle alonga given path,canmake the courseof actionchosenat a
higher level completelyinfeasbile. A harderissuestill is the gray
zonewhereinteractionsmake the higher level reasoningmoreun-
predictable,causedegradation in efficiency, or affect the valuation
processat the higher level so that what appeared desirableat that
level is lesssowhenthedetailsareexamined. This mayoccurdur-
ing the performance of the selectedcourseof action or a priori .
Conceptually this is moreakin to couplingtwo interdependentplan-
nersthancouplinga planneranda rective component.

Anotherbodyof work that is particularlyrelevantto this integra-
tion is Durfee’s control via behavior spaces[9]. In this research,
agentscoordinateby building differentabstractionsof thesameun-
derlying space– wherethe abstractionsareconstructed for a spe-
cific coordinationpurpose. Durfee’s approachto integration is, in
essence, to usethesametechniqueandsameunderlying representa-
tion for all control/coordinationreasoning. This is particularlyclean
andelegant.Our technology differsin thatthedifferentlevelsfocus
on entirely different classesof issuesand usedifferent reasoning
processes. Theintersectionpoint in our problemspaceis thatof the
taskselectionprocessandtheplacingof temporalconstraints.The
analogof Durfee’s work in our work would be to abstractdirectly
from TÆMS to build constructsthat representexactly the desired
featureof the TÆMS taskstructure. This is not possiblewith the
"�# modelbecauseTÆMSand "�# s have very differentfocuses
( "$# s arenot an abstractionof TÆMS). Becauseof thesediffer-
ences,the integration throughbottom-upabstractionprocesspre-
sentedherestill leavesasetof unresolvedcontrolproblems,suchas
coordinationacrossagents,thatmustbeaddressed by iteratingover
the different technologiesor letting the technologiesmessageone
another asneeded to convergeon a feasibleandacceptablesolution
space.

6. CONCLUSION
Wehavepresentedanapproachto integratingdetailedcontrolvia

TÆMS,DTC, andGPGPwith organizationallevel control via the
"�# framework. Theintegrationof thesetechnologiesgivesagents
the ability to reasonabout the situationalcomplexities that arise
whenagentsaredeployed in large-scale,open, environments plus
the ability to performdetailedanalysisof domainproblemsolving
activitiesandto coordinateactivitiesacrossagents.Thepaperiden-
tifiesseveralareasof futurework – oneparticularlydifficult issueis
how to automatethemappingof quality/costattheTÆMSlevel into
the "�# production/consumptionsetsandpreferencecurvesfor use
at theupper level. In theexamplegiven,themappingwasspecified
manually. A similar issueariseswhenusing the "�# framework
to achieve organizationallevel control– we currentlylack a formal
procedure for constructingthe modelsandmappingorganizational
objectivesonto "$# sandutility functionsorpreferencecurves.Full
automationof thesemappingswould requiredeepunderstandingof
the domainsat handandis probablyunrealisticat this time. How-
ever, it would bedesirableto give theagentsystemdesignerhigher-
level toolsfor thesemappingproblems.

The issueof interactionsspanningagents,and the implications
of this to the integrationapproach describedhere,is not fully ex-
ploredin this paper. It is a deepissuein termsof control because
interactionsrepresentan unknown quantityandat somepoint dur-
ing problemsolving,assumptionsmustbemadeandproblemsolv-
ing must move forward on that basis. One issuein particularnot
explored hereis that when interactionsspanagents,the sequenc-
ing of "$# tasksmayimposearbitraryconstraintson coordination
at the lower levels that leadto performance degradation. This is a
casewherea high-level assumptionis madeandwhile intractabil-
ity at the lower levelsmayrefinetheupperlevel, with the two way
interfacedefinedhere,inefficienciesarepossible.In general,were-
garda certainamountof inefficiency asbeingacceptable given the
intractabilityof theproblemspace.
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