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Abstract

The dynamics and unpredictability of open environments
posea challengeto agentdevelopment. Agentsoperating
in theseenvironmentsmust be able to adaptprocessingto
theavailableresourcesandthecurrentproblemsolvingcon-
text. The ability to satisficeubiquitously, in all aspectsof
agentproblemsolving, is the key to existing in theseenvi-
ronments. Our work on satisficingagentcontrol problem
solving,i.e.,multi-agentcoordinationandagentscheduling,
servesasthe foundation for our currentfocuson a holistic
approach to satisficingagentcontrol.

Intr oduction
With the advent of opencomputing environments adapt-
ability in softwareapplicationsis critical. Sinceopenenvi-
ronmentsarelesspredictable,applicationsmustbeableto
adapttheirprocessingto theavailableresources(hardware,
software, time, money, databases,etc.) and the different
goalcriteriasetbydifferentclients.In agentbasedsystems,
where software applications are persistent,autonomous,
goal oriented, and function in real-time,this requirement
is doubly important. In this context agentsmustbeableto
reasonabout their local problem solvingactivities, interact
with other agents,plan a course of action, and carry out
theactionsin thefaceof limited resourcesanduncertainty
about actionoutcomesandthe actionsof otheragents,all
in real-time andwithin real resource andcostconstraints.
Furthermore,in dynamic openenvironmentsnew taskscan
be generated by existing or new agentsat any time, thus
anagent’s deliberation mustbe interleavedwith execution
– rescheduling, replanning, andrecoordination with other
agentsis the norm, not the exception. To make matters
even moredifficult the planning andscheduling tasksare
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generally non-trivial, requiring eitherexponentialwork or,
in practice,asophisticatedsolutionschemethatcontrolsthe
algorithmic complexity andmakesagentcontrol a tractable
problem.

Our mostrecentwork in agent control, namelyDesign-
to-Criteria (Wagner, Garvey, & Lesser 1998; 1997a)
scheduling and GPGP (Decker 1995; Prasad& Lesser
1996) multi-agent coordination is directedat addressing
suchagent control issues. We believe that the key to op-
eratingin theseopenenvironmentsis the ability to satis-
fice ubiquitously, anddynamically, to adjustproblemsolv-
ing to thechanging environmentandproblemsolvingcon-
text. Oneview of this idea,thatalsoappears in our work,
is the notion of resource-bounded-reasoning, i.e., solving
a problem in differentamounts of time or with different
allotments of computationalresources,perhaps trading-off
solutionquality and resource consumption. This is clas-
sically illustratedby an anytime (Zilberstein1996) curve
andtypically translatesinto parameterizingthesizeof the
solutionspacethat is searchedduring problem solving(or
the level of abstractionat which problem solving occurs).
However, this view is only partof thepicture. Satisficing,
andtheability to satisfice,is intertwinedwith theability to
approachproblem solvingfromaflexible perspective,to at-
tackproblemsusingdifferent techniquesor usingdifferent
problem solving parametersettings,or consuming differ-
entresourcesor quantities of resources.Flexibility enables
satisficingbehavior. The existenceof choices or alterna-
tives begets the ability to perform differently in different
circumstances– this is why theability to satisficeis impor-
tant. In different circumstances,differentproblemsolving
behaviors areappropriate. Thechoiceof which satisficing
behavior to employ is situationspecific,i.e., dependenton
theproblem solvingcontext at hand. Thesethreeconcepts,
satisficing, flexibility, andsituationspecificityareall inter-
relatedandtheboundarybetweentheseconceptsblur when
they are examined closely. Through our work, we have
come to seeandpartially understandthe relationshipsbe-
tweentheseconcepts andthe importanceof addressingall
of thesenotions whenbuilding agent control systems.Un-
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Figure1: TÆMSTaskStructurefor GatheringAuto PurchaseInformation

derstanding thefull ramificationsof theseconceptsis taking
theproblem onestepfurther. We will returnto this issuein
the architecture section,but clearly satisficingon oneas-
pectof problemsolvingnormally hasdirectconsequences
to otheraspectsof problemsolving,orproblemsolvingthat
occurs downstreamtemporally.

Before delving into the detailsof our satisficingagent
control work, let us ground further discussionin a high-
level overview of the modeling framework usedin these
researchprojects.Our researchfocuseson a classof com-
putational taskstructureswheretherearetypically multiple
goalsandmultiple different actionsfor performing a par-
ticular task,whereeachactionhasdifferent statisticalper-
formancecharacteristics,andthe outcomesof actionsare
highly uncertain. We model theseproblem solving activ-
ities usingthe TÆMS(Decker 1995) domain-independent
hierarchical taskmodeling framework. In TÆMS, primi-
tive actions,calledmethods, aremodeledstatisticallyvia
discreteprobability distributions in threedimensions,qual-
ity, cost, and duration. Quality is a deliberately abstract
domain-independent conceptthatdescribesthecontribution
of a particular actionto theoverall problem solvingobjec-
tive. Durationdescribestheamount of time thata method
will take to execute. Costdescribesthefinancialor oppor-
tunity cost inherent in performing the actionmodeledby
themethod. It is noaccidentthatproblemsolvingactivities
aremodeledin thesefour (uncertainty via the probability
distributions)dimensions. Satisficingsystemsmustoperate
in multipledimensions to addressthemulti-dimensionality
of the environments in which they exist. Problemsolving
issuesarenot typically limited to time,otheritemsarealso
important, e.g.,resources,financialcosts,robustness,and
precision. Theability to adaptproblemsolvingfor different
multi-dimensionalsetsof goal criteria,amenable to future
extension, is critical.

Returningto TÆMS,aswith mosthierarchical represen-
tationsthe high-level task is achieved by achieving some
combination of its subtasks.Accordingly, sincedifferent
methodshavedifferentquality, cost,duration,andcertainty
trade-offs,differentsolutionsandpartialsolutionsalsohave
different characteristicsanddifferent trade-offs. Hardand
soft interactionsbetweentasks,calledNLEs(non-local ef-

fects),arealsorepresentedin TÆMSandtheeffectsof the
interactionsarereasoned aboutstatisticallyduring schedul-
ing and coordination. TÆMS modelsare the grounding
element and medium of exchange for Design-to-Criteria
(Wagner, Garvey, & Lesser1997a; 1997b) andDesign-to-
Time (Garvey & Lesser1995) scheduling, andandmulti-
agent (Decker 1995) coordinationresearch,andarebeing
usedin Cooperative-Information-Gathering (Lesseret al.
1997), collaborative distributed design(Decker & Lesser
1995), distributed situationassessment(Carver & Lesser
1995), andsurviveable systems(Vincent et al. 1998) re-
searchprojects.

A simplifiedexample of aTÆMStaskstructurefor gath-
ering autopurchaseinformationvia the Web is shown in
Figure 1. The oval nodes are tasksand the squarenodes
are methods. The top-level task is to Gather-Purchase-
Data-on-Nissan-Maxima and it has two subtasksGather-
Reviews andFind-Invoice-Price-Data. The top-level task
accumulatesquality according to the sumall() quality ac-
cumulation function(qaf)

´
sobothof its subtasksmustbe

performed to satisfy the objective. The Gather-Reviews
taskhastwo methods,queryEdmund’s-Reviewsandquery
Heraud’s-Test-Drives. Thesemethods are governedby a
sum() qaf thus the power-set of the methodsminus the
empty setmaybeperformedto achieve the tasks,i.e., Ed-
mund’s maybequeried, Heraud’s maybequeried, or both
maybequeried. TheFind-Invoice-Price-Datataskhasthree
subtasks,twoof typemethodandoneof typetask,governed
by themax()qafwhich is analogousto anOR relationship.
Notethedecompositionof theobtaininvoicevia AutoSite
task into two methods, onethat locatesthe URL andone
that issuesthequery. TheenablesNLE betweentheURL
finding method andthequery method, in conjunction with
the low quality associatedwith the URL finding method,
indicate thatfindingtheURL is necessaryfor taskachieve-
ment but that it contributesvery little to achieving thetask
relative to the methodthat actuallyobtainsthe pricing re-
port.

µ
Qafsdefinehow a giventaskis achievedthroughits subtasks

or methods. Thesum all() qaf meansthatall of thesubtasksmust
be performedandthat the task’s quality is a sumof the qualities
achievedby its subtasks.
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Figure2: Key AgentComponents

TÆMS models several important task featuresthat fa-
cilitate a satisficingapproachto problemsolving. Theex-
istenceof alternative waysto perform tasksgivesTÆMS
based problem solvers (schedulers, coordination algo-
rithms) optionsabouthow to achieve tasks. Another fea-
ture of the model that supports satisficingis the statistical
characterizationsof primitiveactions. Thedifferent statisti-
calcharacteristicsof alternativewaysto achievetasksgives
us the ability to explore differentpossiblesolutionpaths,
andconsiderthe different trade-offs of eachpath, to find
one that bestsatisficesto meetthe current problem solv-
ing context. This is the TÆMS schedulingproblem. For
a given taskstructure anda givenproblem solvingcontext,
find a way (in real-time)to achieve thehigh level taskthat
is in keepingwith thecontext andtheclient’s resourcecon-
straints.We will discussour Design-to-Criteriasatisficing
scheduling work in moredetaillaterin thepaper. Modeling
task interactions or non-local-effects is also an important
featureof TÆMS.Explicit representationof boththequal-
ity of interactions andthequantifiedramifications of inter-
actionsprovidesTÆMS clientswith informationthat can
beusedto determine therelative importanceof working to
resolve interactions. From a scheduling perspective, this
meansreasoningaboutthebenefitsof leveraging taskinter-
actionsrelative to otherconstraints andto alternative ways
of achieving theoverall task.Fromacoordinationperspec-
tive, agentscanreasonabout the benefits of coordinating
interactionswith otheragentsversusthecostsof suchcoor-
dination. Wewill returnto theissueof coordinationshortly.
Learning is alsoimplicit in TÆMS.Theprobability distri-
butionsassociatedwith primitive actionscanbe learneda
priori orberefinedover timevia learning. Domainindepen-
denceis alsoanimportant featureof TÆMS.Theexpense
of customdesigning agentcomponentsis servingto inhibit
widespreadagentdevelopment; moving toward a flexible
andadaptabledomain independentagentcontrol systemis
critical for thefutureof agent systems.As wediscussin the
architecture section,integrating domainindependentagent
control componentsis oneof our primary near-term objec-

tives.
In our work, agentsgenerally exist in a multi-agenten-

vironmentandeachagentconsistsof threeprimarycompo-
nents: adomainproblemsolver, ascheduler thatdetermines
whichdomainactionstoperformandin whatsequence,and
a coordination module that coordinatesinteractions with
other agents. A high-level view of thesethreecomponents
is shown in Figure2. In thesesystems,the domain prob-
lemsolverdescribesdomainproblemsolvingoptionsin the
TÆMS languageand emits the generatedtask structures
along with goal criteria that specifiesthe desiredquality,
cost,duration, andcertainty of apaththroughthetaskstruc-
turethatachievesthehigh-level task.Thescheduler inputs
thetaskstructures andgoalcriteriaandconstructsa sched-
ule customdesignedto achieve the taskwhile adhering to
thecriteriaspecifiedby theproblem solver. Thecoordina-
tionmoduleworksin conjunctionwith thescheduler tohan-
dle interactions with otheragentsby giving andreceiving
commitmentsto perform work atcertaintimes.Theimpor-
tanceof thenon-local interactions is weighedagainstlocal
problemsolvingconcernsduring scheduling; theresulting
schedule is returned to the problem solver for execution.
Theschedule is annotatedwith performance envelopesand
monitoring points definewhen rescheduling is necessary
dueto unexpected(or unprobable) execution results.Note
that eachagent hasits own local schedulerand local co-
ordination module – agentsare autonomousand there is
no centralizedlocalewhereall scheduling or coordination
takesplace. Agentscanbehave in a moreaggregatefash-
ion, but this is through the useof organization ratherthan
fixedcentralizedcontrol.

Design-to-Criteria Scheduling

Thescheduleris theheartof satisficingagentcontrol. An
agent equippedwith a Design-to-Criteriascheduleris able
to adjustits problem solving activities to meetchangesin
resourcerequirementsandto reasonabout thetrade-offs of
differentcoursesof action.Thecentralobjectivein Design-
to-Criteria scheduling is to copewith thecombinatorialex-
plosion of possibilitieswhile reasoning abouta particular
set of client goal criteria and the trade-offs presentedby
differentsolutionsand partial solutions. In other words,
scheduler clientapplicationsor usersspecifythedesigncri-
teriaandtheschedulerdesignsa scheduleto bestmeetthe
criteria, if possiblegiven the taskmodel. Figure3 shows
a set of satisficingschedules producedby the Design-to-
Criteriascheduler, for thesampletaskstructure(Figure1),
usingfour different setsof designcriteria. ScheduleA is
constructedfor a client interestedin a fast, free, solution
with any non-zeroquality. ScheduleB suitsa conservative
client who is interestedprimarily in certaintyabout quality
achievement.Schedule C is designedfor aclientwhowants
high quality information, is willing to wait a long time for
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Figure3: Four Satisficing Schedules

an answer, andis only willing to spend$5 on the search.
Schedule D is meetsthecriteriaof a client who wantsthe
highest possiblequality, is willing to spend$10, andwants
thegathereddatain 15minutesor less.

Thefundamentalpremiseof our scheduling work is that
thegoodnessof a particular solutionis entirely dependent
onaparticular client’scomplexobjectivesandthatdifferent
client’s havevaryingobjectives.Thusthescheduling pro-
cessmustnot only considerthe attribute trade-offs of dif-
ferentsolutions, but mustalsodo sodynamically. Further-
more, the scheduling processmust be efficient – because
of the inherent uncertainty in the domains, whereactions
may fail or have unexpectedresults,scheduling activities
areinterleaved with planning andexecution. Thussched-
uler inefficienciesaremultipliedmany timesduring aprob-
lemsolvinginstance.

In general the upper-bound on the number of possi-
ble schedules for a task structurecontaining � meth-
ods is

���������� � � �y¡�¢
and the £¥¤§¦ �©¨

and ª�¤
� �«¨
combina-

toricsof ourschedulingproblemprecludesusingexhaustive
searchtechniquesfor finding optimal schedules.Design-to-
Criteriacopeswith theseexplosive combinatoricsby satis-
ficing with respectto the goal criteria andwith respectto
searchingthesolutionspace.Thissatisficingdualismtrans-
latesinto four different techniquesthat Design-to-Criteria
usesto reducethe searchspaceandmake the scheduling
problemtractable:

Criteria- Dir ectedFocusing The client’s goal criteria is
not simply usedto selectthe“best” schedule for execu-
tion, but is alsoleveragedto focus all processingactivi-
tieson producingsolutionsandpartialsolutions thatare
most likely to meetthe trade-offs andlimits/thresholds
definedby thecriteria.

Approximation Schedule approximations, calledalterna-
tives, are usedto provide an inexpensive, but coarse,
overview of theschedulesolutionspace.

Heuristic DecisionMaking The actionordering schedul-
ing problem alsosuffers from large combinatorics. We
copewith thiscomplexity usinga groupof heuristicsfor
actionordering. The heuristicstake into consideration
task interactions, deadlines, resourceconstraints,com-

mitments madewith otheragents andsoforth.

Heuristic Err or Corr ection The use of approximation
andheuristic decisionmakinghasa price – it is possi-
ble to createschedulesthatdonotachieve thehigh-level
task,or, achieve it poorly. A secondary setof improve-
ment heuristicsactasa safetynetto catchtheerrors that
maybecorrectable.

Design-to-Criteria thuscopeswith computationalcom-
plexity by usingtheclientgoalcriteriato focus processing,
reasoning with schedule approximationsratherthancom-
pleteschedules, andusinga heuristic,ratherthanexhaus-
tive, scheduling approach. This methodology is effective
becauseseveralaspectsof thescheduling problem aresoft
andamenable to a satisficingapproach. For example, por-
tions of the client goal specification(Wagner, Garvey, &
Lesser1997a) express soft client objectives or soft con-
straints. Solutionsoften do not needto meetabsolutere-
quirementsbecauseclientscannot know apriori whattypes
of solutionsarepossiblefor agiventaskstructuredueto the
combinatorics.Similarly, soft taskinteractions alsorepre-
sentsoft constraintsthat canbe relaxed, i.e., they canbe
leveragedor notdependingonthesituation.Finally, though
theTÆMSscheduling problemis morecomplex thanmany
traditional schedulingproblemsbecauseof its representa-
tion of multiple approachesfor taskachievement,it is also
moreflexible. If weview thescheduling activity asasearch
process,typically thereis a neighborhood of solutionsthat
will meetthe client’s goal criteriaandthe lack of exhaus-
tive search,i.e., searchby focusedprocessingandapprox-
imation, doesnot necessitatescheduling failure. Several
illustrations of Design-to-Criteriaat work, andmorealgo-
rithmic details,canbefound in (Wagner, Garvey, & Lesser
1998).

GPGP Multi-Agent Coordination
Satisficingin the GPGP(generalized partial global plan-
ning) multi-agent coordinationwork to datetakesa differ-
ent from thansatisficingin Design-to-Criteria scheduling.
In coordination, flexibility with respectto computational
resourcesis derived from a modularizedcoordinationap-
proachthatenablesdifferentmodules,with differentover-



headcosts,to be applied independently from oneanother.
When¬ resourcesare tight, only the most rudimentary co-
ordination is used. Whenresourcesarelessscarce,or the
benefitof coordinating outweighs the cost of the coordi-
nationoverhead,agentscoordinateover “optional” interac-
tions like soft interactions in TÆMS.TheGPGPmodular-
izedcoordinationapproachfacilitiesa rangeof cost/benefit
optionsfor any problemsolvingepisodeasdifferent subsets
of coordinationmodulesmaybeapplied.

All coordinationmodules in GPGPcoordinate through
theuseof commitments, thatis inter-agent contractsto per-
formcertaintasksby certaintimes.Commitmentsaremade
through the coordination mechanismsand considered by
the schedulerwhenthe local courseof action is decided.
GPGPdefinesthefollowing coordinationmechanisms(for
theformal detailssee(Decker 1995)):

ShareNon-Local Views This most basic coordination
mechanismhandlestheexchangeof localviewsbetween
agentsandthedetectionof taskinteractions.

CommunicateResults Thiscoordinationmechanismhan-
dlescommunicatingthe resultsof method execution to
otheragents,at various levels of detail andcoverageas
definedby differentcommunicationpolicies.

Avoid Redundancy This mechanism dealswith detected
redundancy by committing anagentatrandomtoexecute
theredundantmethodin question.

Handle Hard Task Relationships - The enablesNLE
pictured in Figure 1 denotes a hard task relationship.
Thiscoordinationmechanismdealswith suchhard, non-
optional, task interactionsby committing the predeces-
sorsof theenablesto perform thetaskby a certaindead-
line.

Handle Soft Task Relationships Soft task interactions,
unlikehardinteractionslikeenables, areoptional. When
employed,thiscoordinationmechanismattemptsto form
commitmentsonthepredecessorsof thesoft interactions
to perform themethodsin questionby acertaindeadline.

As mentioned above, the GPGPcoordination module
modulates local control by placing constraints, commit-
ments,on thelocal scheduler. Thecommitmentsgenerally
fall into threecategories:1)deadlinecommitmentsarecon-
tractstoperformworkbyacertaindeadline, 2)earlieststart
timecommitmentsareagreementsto hold-off on perform-
ing certaintasksuntil a certaintime haspassed,and3) do
commitmentsareagreementsto perform certaintaskswith-
outaparticulartime constraint.

GPGP achieves flexibility through a modularized ap-
proach to coordination. Thequestionthenbecomeswhich
combinationsof mechanismsaremosteffective. Empirical
analysis(Decker 1995) hasshown thatno singlecoordina-
tion mechanism, or setsof mechanisms, is mosteffective
for all situations.Instead, asshown in PrassadandLesser

(Prasad& Lesser1996), coordination is bestviewed asa
situationspecificactivity; whichsetof mechanismsis most
effective is dependenton thetypesof tasksin questionand
the overheadcostsof communications. In different envi-
ronments,differentmechanismsaremosteffective.

The Futur e: A Holistic SatisficingAgent
Ar chitecture

Both GPGPandDesign-to-Criteria areable to adaptpro-
cessingto a given situation.GPGPusesa modularizedap-
proach to provide differentdegrees of coordination,each
with its own overheadcostsandbenefitsto problem solv-
ing. Design-to-Criteriausesa satisficingmethodology to
control thecombinatoricsandto produceschedules in real-
time. This illustratesan important point; satisficingcan
take many forms,e.g.,performing lesssearch(Design-to-
Criteria),or usinglesscontext to make decisions (GPGP),
or working from default assumptions (situation specific
GPGP).In fact,theimplementationof GPGPis itself anil-
lustrationof satisficingby sacrificingcontext. GPGPforms
commitmentsbetweenagentsthrough a one-shot mecha-
nismwheretwo agentsform anagreementabout taskper-
formanceindependently of theotheragentsin the system.
This mechanismreducestheoverheadrequired for coordi-
nationat theexpenseof making thecommitmentswithout
understanding more of the group context. In contrast, if
thecommitmentforming context is broadenedto includea
groupof problemsolvingagents,to supportamulti-stepne-
gotiation process,theoverheadof commitmentformulation
will increasebut sowill theamount of informationusedto
make commitment decisions.

In additionto meetingdeadlines,Design-to-Criteriaalso
builds customschedulesto suit a particularclient’s multi-
dimensional goal criteria. This latter Design-to-Criteria
feature representsonenext stepin the evolution of GPGP
andour multi-agent coordinationwork. Currently, though
GPGP provides a modularized toolbox of coordination
mechanisms,it does not reasonabout which mechanisms
to useto meeta particular client’s needs(or goalcriteria).
Thework in learningwhichcoordinationalgorithmsto use
in particular situationsis a stepin the right direction, but
this work also doesnot addressmeetingdynamic multi-
dimensionalgoal criteria. Like Design-to-Criteria, GPGP
mustbeabletoadaptits processingautomaticallyto agiven
problemsolvingcontext andresourceconstraints.

DespiteDesign-to-Criteria’s strengths, neither aspectof
our agentcontrol work is complete. Neither systemac-
countsfor theactualcostof thecontrol problemsolvingac-
tivity. In otherwords,though thescheduler copeswith hard
combinatoricsto produceschedules in interactive time, it
does not account for the resourcecostsof the scheduling
processitself, i.e., Design-to-Criteria is fast,but it doesn’t
reasonabout thetime required to find a goodscheduleand



account for this time, andadjustits activities accordingly.
Thro­ ughthefocusingmechanismit canadjustits ownprob-
lem solving to different resourcerequirements,but right
now, thefocusis definedby theclientorhardwireddefaults.

Theright approachfor coordinationandscheduling, and
overall agent control, is to account for theboththecontrol
anddomainproblemsolvingcosts,to reasonabout resource
allocations and the cost/benefits of suchallocations, and
to control theagentaccordingly. Thebenefitsof spending
time doing further coordinationor morerefinedscheduling
versustime spentproblemsolving must all be compared
andreasonedabout.This metaanalysis(Russell& Wefald
1991) approachto agentcontrol in conjunctionwith thesat-
isficingabilitiesof Design-to-CriteriaandGPGP, will result
in agentsbeingableto satisficeall activities andadaptto a
wide rangeof dynamic problemsolvingenvironments.

However, this is anoversimplificationof theproblem. It
is important to notethattheissueis notto simplydetermine
a resourceallocationto control anddomain problem solv-
ing,but to grapple with thedownstreamramificationsof the
allocations andsatisficingbehaviors employed or consid-
ered.Controlproblemsolvinganddomainproblemsolving
areinterdependent activities. Consideracasewheretimeis
allocatedbetweenadomain problemsolverandascheduler,
andthedomainproblemsolverfaithfully describesits prob-
lemsolvingoptionsin aTÆMStaskstructureandthenasks
theschedulerto determinea courseof action.If thesched-
uler satisfices,to meetits time resourceconstraint, it will
do so by exploring a smallerpartof the schedulesolution
space.Onepossibleoutcome of this is that the scheduler
will fail to generatea very good solutionandwill instead
generateandreturnamediocre solution. Thedomainprob-
lem solver will thenexecute theschedule andobtainlower
quality resultsthanit mighthave if lesstimehadbeenallo-
catedto domainproblemsolvingandmoretime hadbeen
allocatedto scheduling. In this example, the downstream
effectof control satisficingwasnotgenerating agoodresult
in the time alloted. In othercases,the ramifications range
from theintroductionof additional uncertainty to beingun-
able to find any solutionbecauseone of the components
wasover constrained.

Thepreviousexample is castin termsof timeallocations,
but asmentionedearlier, satisficingcanbein many dimen-
sionslike precision, robustness,andcost,andit canbe in
termsof multiple dimensionssimultaneously. This is what
motivatedour recent work in multi-dimensionalgoalcrite-
ria for Design-to-Criteria scheduling (Wagner, Garvey, &
Lesser1997a). But even that work needsto be pushedto
another level – satisficingto meeta particularsetof multi-
dimensional goal criteria is only part of the problem. In
mostproblem solving situations,thereareactuallymulti-
ple setsof goal criteria, i.e., thereis no singleevaluation
function. Considera casewherea client tells thescheduler

to producea schedule thatwill achieve thetaskwhile min-
imizing time andincurring no cost. If, for the given task
structure, stayingwithin theseconstraints meansgenerat-
ing a very poor result, the client may want to modify the
constraintsandask for another schedule, rather thanexe-
cutetheschedulethatwasreturnedfor thefirst setof goal
criteria. Agentcontrol components,andthe holistic agent
control mechanism,mustreasonaboutmultiplesetsof goal
criteria,or provide a meansfor negotiationor iterative re-
finement to generatea setof criteria that is suitedfor the
problemsolvingcontext andthetaskat hand.

Giventhecomplex issuessurrounding theissueof satis-
ficing, our goal of a satisficingdomain-independentagent
control architecture seemsquite ambitious. The satisfic-
ing cohesionneededfor this architecture will require that
all componentshave theability to metaanalyzetheir prob-
lem solving activities andto estimatethe local (asevery-
thing is intertwined)costs/benefits of resourceallocations.
From the scheduling andcoordinationperspective, this is
an achievable objective. For the domain problemsolver,
meeting this requirementis applicationdependent. How-
ever, to theextent thatthedomainproblem solvercanenu-
merate its problem solvingoptionsasa TÆMStaskstruc-
ture,thescheduler canthenreasonaboutthedomain prob-
lem solver’s activities explicitly. In fact,we maymove to-
wardrepresenting all majorcontrol anddomainactivitiesin
TÆMStaskstructures,andevenestimatingandmodeling
(via nles) the downstreaminteractions of resource alloca-
tions,andanalyzing it usingthe Design-to-Criteriasched-
uler. If thisapproachis used,wemustthenalsoaccount for
the time required to perform the meta-analysis. However,
for certainclassesof taskstructuresthescheduling analysis
time is highly predictable. For largeproblemsolvingtasks,
wealsoplanto explore changing theproblemsolvinghori-
zon, the distancebetweenthe current point in time anda
point at whichallocationswill bereexamined.

Satisficing,flexibility, and multi-dimensionaltrade-off
behavior, arecritical for agents in complex dynamic open
environments. Our future work is centeredon a holistic,
domain independent,agent control architecturedesignedto
achievethesegoals.It is ourhopethatwith thearchitecture
agent developerswill beablewrapor embedtheir domain
problem solvers and createsatisficingand flexible multi-
agent systems.
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