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Abstract

The dynamics and unpredctability of open ervironmerts
posea challengeto agentdevelopment. Agentsoperating
in theseervironmentsmustbe able to adaptprocessingo
the availableresourcesndthe currentproblemsolving con-
text. The ability to satisficeubiquitowsly, in all aspectsof

agentproblemsolving, is the key to existing in theseervi-

ronments. Our work on satisficingagentcontrol problem
solving,i.e., multi-agentcoordinationandagentschedling,

senesasthe foundation for our currentfocuson a holistic
approat to satisficingagentcontrol.

Intr oduction

With the adwert of opencompuing environmens adapt-
ability in softwareapplicatiosis critical. Sinceopenervi-
ronmentsarelesspredctable,applications mustbe ableto
adapttheir processingo the availableresourceghardvare,
software, time, money, datalases,etc.) andthe different
goalcriteriasetby differentclients.In agenthasedsystems,
where software applicdions are persistent,autoromots,
goal orientad, and function in real-time, this requiranent
is dowbly impartant. In this context agentamustbe ableto
reasorabou theirlocal prodem solvingactuities, interad
with other agents,plan a couise of action, and carry out
theactionsin thefaceof limited resouresanduncetainty
abou actionoutcanesandthe actionsof otheragentsall
in real-time andwithin real resoure and costconstraits.
Furthemore,in dynamc openernvironmentsnew taskscan
be generatd by existing or new agentsat ary time, thus
anagert's delibergion mustbe interleaved with execttion
—reschedling, replaming, andrecoadinatian with other
agentsis the norm not the exception. To make matters
even more difficult the planring and scheduliig tasksare
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gererally norttrivial, requiing eitherexponentialwork or,
in practiceasophsticatedsolutionschemehatcontiolsthe
algaithmic compexity andmalkesagentcontrd atractable
prablem.

Our mostrecentwork in ager contrd, namelyDesign-
to-Criteia (Wagner Ganey, & Lesser 1998 1997)
schediing and GPGP (Decker 1995 Prasad& Lesser
19%) multi-agent coadination is directedat addessing
suchagen contrd issues. We believe that the key to op-
eratingin theseopenervironmentsis the ability to satis-
fice ubiqutously, anddynamically, to adjustproblem solv-
ing to the changng ernvironmentandpraoblem solvingcon-
text. Oneview of this idea,thatalsoappeas in our work,
is the notion of resouce-boundedreasonig, i.e., solving
a problem in differentamounts of time or with different
allotmerts of compuationalresourcesperhag tradingoff
solution quality and resouce consunption. This is clas-
sically illustratedby an arytime (Zilberstein199%) curve
andtypically translatesnto paraneterizingthe size of the
solutionspacethatis searchedluring prodem solving (or
the level of abstractiorat which prodem solving occus).
However, this view is only partof the picture Satisficing,
andthe ability to satisficejs intertwinedwith the ability to
appoachproblem solvingfrom aflexible persgctive, to at-
tack prodemsusingdifferenttechniqiesor usingdifferent
problem solving paraneter settings,or consunng differ-
entresource®r quariities of resouces. Flexibility enables
satisficingbehaior. The existenceof chdcesor alterna-
tives begets the ability to perform differently in different
circumstances- thisis why theability to satisficeis impor-
tant. In different circumstanes, differentproblem solving
behaviors areapprariate. The choiceof which satisficing
behavior to emplay is situationspecific,i.e., depenénton
theprodem solvingcontet athand Thesethreeconepts,
satisficing flexibility, andsituationspecificityareall inter-
relatedandthebourdarybetweertheseconcetsblur when
they are examined closely Through our work, we have
come to seeand partially undestandthe relationshipsbe-
tweentheseconceps andthe importanceof addresingall
of thesenotiors whenbuilding agen cortrol systems.Un-
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Figurel: TAMS TaskStructurefor GatheringAuto Purchasénformation

derstanihg thefull ramificatiosof thesecone@ptsis taking
theproblen onestepfurther We will returnto thisissuein
the architet¢ure section,but clearly satisficingon one as-
pectof prablem solving normally hasdirectconsegences
to otheraspect®f prablemsolving,or problemsolvingthat
occus downstreantempaally.

Before delving into the detailsof our satisficingagert
contrd work, let us ground further discussionin a high-
level ovewview of the moceling frameavork usedin these
researclprojects.Our researcHocuseson a classof com-
putatioral taskstructuresvheretherearetypically multiple
goalsand multiple differert actionsfor performing a par
ticular task,whereeachactionhasdifferent statisticalper
formancecharateristics,and the outcones of actionsare
highly uncertan. We model theseprablem solving activ-
ities usingthe TAEMS (Decler 19%) doman-independen
hierartical task modelirg framenork. In TAEMS, primi-
tive actions,called methods are modeledstatistically via
discreteprohability distributionsin threedimensiors, qual-
ity, cost, and duration. Quality is a delibeately abstract
doman-independen coneptthatdescrilesthecontritution
of a particuar actionto the overall prodem solving objec-
tive. Durationdescribeghe amouwnt of time thata method
will take to execue. Costdescribeghe financialor oppor-
tunity costinheret in perfaming the action modeledby
themethdl. It is noaccidenthatprodem solvingactvities
aremodeledin thesefour (uncetainty via the probability
distributions) dimensios. Satisficingsystemsnustoperate
in multiple dimensios to addresshe multi-dimensionality
of the environmerts in which they exist. Problemsolving
issuesarenottypically limited to time, otheritemsarealso
important, e.g., resouces, financial costs,robustnessand
precision Theability to adaptprobdemsolvingfor different
multi-dimensionalsetsof goal criteria, amenale to future
extensia, is critical.

Returningto TAEMS,aswith mosthierarclical represen-
tationsthe highdevel taskis achieved by achiezing some
combnation of its subtasks.Accordngly, sincedifferent
method have differentqudity, cost,duration,andcertainty
trade-dfs, differentsolutiors andpartialsolutionsalsohave
different charateristicsanddifferen trade-dfs. Hard and
soft interadions betweerntasks,calledNLEs (nortlocal ef-

fects),arealsorepresetedin TAEMS andthe effectsof the
interadionsarereasond aboutstatisticallyduiing schedi+

ing and coodination TAEMS modelsare the grounding

elemen and medium of excharge for Design-toCriteria
(Wagner Garwey, & Lesserl997a;1997b) and Design-te

Time (Garwey & Lesserl995 schedulig, andand multi-

agen (Declker 19%) coadinationresearchandare beirg

usedin Cooperatie-InformationGatherilg (Lesseret al.

1997), collaboative distributed design(Decker & Lesser
199%), distributed situationassessmeniCaner & Lesser
19%), and surviveale systems(Vincert etal. 199§ re-

searclprojects.

A simplifiedexampe of a TAMStaskstructurefor gath
ering auto purchaseinformation via the Web is shovn in
Figure 1. The oval nodes are tasksandthe squarenodes
are methals. The top-level taskis to GatherPuchase-
Data-m-Nissan-Makna and it hastwo subtasksGather
Reviews and Find-Invoice-Pice-Data The top-level task
accunulatesquality accoding to the sumall() quality ac-
cumuation function(gaf)! soboth of its subtasksnustbe
performedto satisfy the objectve. The GatherReviews
taskhastwo method, query Edmurd’s-Reviews andquely
Herawl’s-Test-Drives. Thesemethals are governedby a
sum() gaf thus the power-set of the methodsminus the
empy setmay be perfamedto achieve the tasks,i.e., Ed-
murd’s may be queried Herauds may be quefed, or both
maybequeied. TheFind4nvoice-Price-Datdaskhasthree
subtaskstwo of typemethal andoneof typetask,governel
by the max()gafwhichis analogusto anOR relationship
Note the deconpositionof the obtaininvoice via AutoSite
taskinto two method, onethat locatesthe URL andone
thatissuesthe query The enableNLE betweerthe URL
finding methal andthe quely methal, in conjurction with
the low qudity associatedvith the URL finding method
indicae thatfindingthe URL is necessarfor taskachieve-
mert but thatit contibutesverylittle to achiezing thetask
relative to the methodthat actually obtainsthe pricing re-
pott.

! Qafsdefinehow a giventaskis achiesed throughits subtasks
or methods The sumall() gaf meanghatall of the subtasksnust
be performedandthatthe task’s quality is a sumof the qualities
achieved by its subtask.
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TAEMS mockls several important task featuresthat fa-
cilitate a satisficingapprachto problemsolving The ex-
istenceof alternatve waysto perform tasksgives TAEMS
based prablem solvers (schedlers, coordiration algo-
rithms) optionsabouthow to achieve tasks. Anothe fea-
ture of the mocel that suppots satisficingis the statistical
characterationsof primitive actiors. Thedifferent statisti-
cal chaacteristicof alternatve waysto achieve tasksgives
us the ability to explore differentpossiblesolution paths,
and considerthe differert trade-ofs of eachpath,to find
onethat bestsatisficesto meetthe curren prodem solv-
ing context. This is the TAEMS schedulingproblem. For
agiven taskstructue anda givenprodem solving cortext,
find away (in real-time)to achieve the high level taskthat
is in keepingwith thecontext andtheclient’'s resoure con-
straints. We will discussour Design-teCriteria satisficing
schedulig work in moredetaillaterin thepaper Modeling
taskinteractiors or non-loccal-efects is also an important
featureof TAEMS. Explicit representatiorof boththe qual-
ity of interactiors andthe quantifiedramificatiors of inter
actionsprovides TAEMS clientswith informationthat can
be usedto deternine the relative importanceof working to
resole interactions. From a schedling perspectie, this
meangeasonin@boutthebenefitwof leveragng taskinter
actionsrelative to otherconstrints andto alternatie ways
of achieving the overall task.Froma coordnationperspec-
tive, agentscanreasonabou the berefits of coodinating
interactiors with otheragents/ersusthe costsof suchcoor
dination Wewill returnto theissueof coordnationshotly.
Learnirg is alsoimplicit in TAEMS. The prabability distri-
butionsassociatedvith primitive actionscanbe learneda
prion or berefinedover timevialearning Domainindegen-
denceis alsoanimportan featureof TAEMS. The experse
of customdesigring agentcompnentds servingto inhibit
widespreadagentdevelopment; moving toward a flexible
andadapabledomain indepenlentagentcontiol systemis
critical for thefuture of agen systemsAs we discussn the
architectue section,integraing domainindependentagen
contrd compaentsis oneof our primary neartemm objec-

tives.

In our work, agentsgererally exist in a multi-agenten-
vironmentandeachagentconsistof threeprimarycompo
nerts: adomainprodemsolver, aschedulethatdeternines
whichdomainactionsto periormandin whatsequene,and
a coomination modue that coordnatesinteradions with
othea agents. A high-level view of thesethreecompmpnents
is shavn in Figure2. In thesesystemsthe donmain prob
lemsolverdescribe dormain prodem solvingoptionsin the
TAMS language and emits the generatedask structures
alorg with goal criteria that specifiesthe desiredquality;
cost,duration andcertainy of apaththroughthetaskstruc-
turethatachievesthe high-level task. The schedler inputs
thetaskstructurs andgoalcriteriaandcorstructsa sched-
ule customdesignedo achiese the taskwhile adheing to
the criteria specifiedoy the prodem solver. The coodina-
tionmoduleworksin corjunctionwith theschedterto han-
dle interactions with otheragentsby giving andreceving
commitmentsto perfom work at certaintimes. Theimpor-
tanceof the non{ocal interactiors is weighedagainstiocal
prablem solving concens during schedling; theresulting
schedie is returnal to the prokdem solver for execuion.
Theschedle is anndatedwith performane envelgpesand
moritoring points define when reschedling is necessary
dueto unexpected(or unprobabie) execttion results. Note
that eachagen hasits own local schedulerand local co-
ordination modue — agentsare autonanous and thereis
no centralizedocalewhereall schedling or coordnation
takesplace. Agentscanbelave in a moreaggreate fash-
ion, but this is through the useof organizatio ratherthan
fixedcentralizeccontrd.

Design-to-Criteria Scheduling

The scheduleiis the heartof satisficingagentcontiol. An
agen equigpedwith a Design-teCriteriascheduleis able
to adjustits prablem solving activities to meetchangsin
resouice requrementsandto reasorabou the trade-dfs of
differentcourse®f action. Thecentralobjectivein Design-
to-Criteiia schedling is to copewith thecomhnatorial ex-
plosian of possibilitieswhile reasoimg abouta particdar
setof client goal criteria and the trade-dfs presentedy
differentsolutionsand partial solutiors. In otherwords,
schedler clientapplicatimsor usersspecifythedesigncri-
teriaandthe scheduledesignsa schedulao bestmeetthe
criteria, if possiblegiventhe taskmodel. Figure 3 shavs
a setof satisficingschedles producedby the Design-te
Criteriaschedulerfor the sampletaskstructure(Figure1),
usingfour different setsof designcriteria. ScheduleA is
corstructedfor a client interestedn a fast, free, solution
with ary nonzeroquality. ScheduleB suitsa consevative
clientwhois interestedorimaiily in certaintyabou quality
achizement.Schedle Cis desigrdfor aclientwhowants
high quality information, is willing to wait a long time for
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Figure3: Four Satisfichg Schedules

an answer andis only willing to spend$5 on the search.
Schedie D is meetsthe criteria of a client who wantsthe
highest possiblequality, is willing to spend$10, andwants
thegatheeddatain 15 minutesor less.

Thefundamentapremiseof our scheduliig work is that
the goadnessof a particular solutionis entirely depeneént
onaparticular client'scomple objedivesandthatdifferert
client’s havevarying objectives.Thusthe schedulilg pro-
cessmustnot only considerthe attribute tradeeoffs of dif-
ferentsolutiors, but mustalsodo sodynamically Further
more, the schedling proessmustbe efficient — becase
of the inheent uncerténty in the domairs, whereactions
may fail or have unexpectedresults,schedulilg actities
areinterleaved with planring andexecuion. Thussched-
ulerinefficiendesaremultiplied marny timesduring a prob-
lem solvinginstance.

In geneal the upperbourd on the nunber of possi-
ble schedles for a task structure containirg m meth-
odsis 31, ()i! andthe w(2™) ando(m™) comhina-
toricsof ourschedulilg problemprecludgsusingexhaustive
searchtechniaqiesfor finding optimd schedulesDesign-to-
Criteriacopeswith theseexplosive comhnatoricsby satis-
ficing with respecto the god criteriaandwith respecto
searchinghesolutionspace This satisficingdualismtrans-
latesinto four different technigiesthat Design-teCriteria
usesto reducethe searchspaceand make the schedling
prodemtractable:

Criteria- Dir ectedFocusing The client’s goal criteria is
not simply usedto selectthe “best” schedie for execu-
tion, but is alsoleveragedto focus all processingactivi-
tieson producingsolutionsandpartial solutiors thatare
mostlikely to meetthe trade-ofs and limits/threshold
definedby thecriteria.

Approximation Schedie appraimatiors, calledalterna-
tives are usedto provide an inexpensve, but coarse,
overview of theschedulesolutionspace.

Heuristic DecisionMaking The actionordeing schedul-
ing problem also suffers from large comhinatorics. We
copewith this compleity usinga group of heuisticsfor
actionordeing. The heuristicstake into consideation
task interactios, deadlires, resourceconstraints,com-

mitmerts madewith otheragens andsoforth.

Heuristic Err or Correction The use of appioximatian
and heuistic decisionmakinghasa price — it is possi-
ble to createschedlesthatdo notachieve the high-level
task,or, achieve it poolty. A seconday setof improve-
men heuisticsactasa safetynetto catchtheerrasthat
maybecorrectake.

Designto-Criteriathus copeswith computationalcom-
plexity by usingtheclientgoalcriteriato focus processing
reasomg with schedie apprximationsratherthancom-
pleteschedles, andusinga heuristic,ratherthan exhais-
tive, scheduliig apprach. This methoalogy is effective
becasgeseveral aspectof the scheduliig prodem aresoft
andamenale to a satisficingapprach. For examge, por-
tions of the client goal specification(Wagner Ganey, &
Lesser1997) express soft client objectives or soft con-
straints. Solutionsoften do not needto meetabsolutere-
quirementbecauselientscannd know a priori whattypes
of solutionsarepossibldor agiventaskstructuredueto the
combinatorics. Similarly, soft taskinteractiors alsorepte-
sentsoft constraintshat can be relaxed, i.e., they canbe
leveragedor notdeendingonthesituation.Finally, thoudch
theTAEMSschedling prodemis more comgex thanmary
traditional schedulingprablemsbecausef its represeta-
tion of multiple apprachedor taskachiezement,it is also
mote flexible. If we view theschedling activity asasearch
processtypically thereis a neighlorhood of solutionsthat
will meetthe client’s goal criteriaandthe lack of exhats-
tive searchj.e., searchby focusedproessingandappiox-
imation doesnot necessitateschedling failure. Several
illustratiors of Designto-Criteriaat work, andmorealgo-
rithmic details,canbefoundin (Wagner Ganey, & Lesser
198).

GPGP Multi-Agent Coordination

Satisficingin the GPGP (genealized partial global plan-
ning) multi-agent coordnationwork to datetakesa differ-
entfrom thansatisficingin Design-to-Criteia schedling.
In coadination flexibility with respectto computational
resouicesis derived from a moduarized coodination ap-
proachthatenabledifferentmodiles,with differentover-



headcosts,to be apgied indepeently from oneanother
Whenresourcesare tight, only the mostrudimenary co-
ordimation is used. Whenresourcesrelessscarceor the
benefitof coodinating outweidhs the cost of the coodi-
nationoverhead agentoodinateover “optional” interac-
tionslike softinteractimsin TEMS. The GPGPmodular
izedcoordnationappioachfacilitiesarangeof cost/beefit
optiorsfor ary problemsolvingepisodeasdifferent subsets
of coodinationmoduesmaybeapplied.

All coodination modules in GPGPcoordnate through
theuseof commitmentghatis interagen contiactsto per
form certaintasksby certaintimes.Commitmers aremade
through the coordnation mechanismsand consideed by
the schedulemwhenthe local courseof actionis decided.
GPGPdefinesthe following coordiration mechaisms (for
theformd detailssee(Decler 19%)):

Share Non-Locd Views This most basic coodination
mechaism handlegheexchame of local views between
agentsandthedetectiornof taskinteractiors.

Communicate Results Thiscoadinationmechanisnman-
dles commuicating the resultsof methal execuion to
otheragentsat various levels of detail and coverageas
definedby differentcommuricationpolicies.

Avoid Redundancy This mechaism dealswith detected
redurdang by comnitting anagentatrancdmto execute
theredurdantmethodin question.

Handle Hard Task Relationships - The enablesNLE
picturedin Figure 1 dendes a hard task relatiorship.
This coodinationmectanismdealswith suchhard non-
optioral, taskinteractionsby committingthe predeces-
sorsof the enabledo perfam thetaskby a certaindead-
line.

Handle Soft Task Relationships Soft task interactiors,
unlike hardinteractimslike enablesareoptional. When
employed,this coodinationmechamsmattemptgo form
commitrrentsonthe predeessor®f thesoftinteractiors
to perfom themethalsin questiorby a certaindeadline.

As menticmed above, the GPGP coordnation module
moduates local contrd by placing constrais, commit-
ments,on thelocal schedier. The commitmentsgererally
fall into threecategories: 1) deadlirecommitrrentsarecon-
tractsto perfom work by acertaindeadling2) earlieststart
time comnitmentsareagreenentsto hold-off on perfom-
ing certaintasksuntil a certaintime haspassedand3) do
commitrrentsareagrementgo perfam certaintaskswith-
outa particulartime constrant.

GPGP achieves flexibility through a modularized ap-
proad to coordnation. The questionthenbecaneswhich
combhbnationsof mechamsmsaremosteffedive. Empiricd
analysis(Decker 19%) hasshavn thatno singlecoordna-
tion mechaism, or setsof mecharsms, is mosteffective
for all situations.Instead asshowvn in PrassadindLesser

(Prasad® Lesserl99%), coordnationis bestviewed asa
situationspecificactiity; which setof mecharmsmsis most
effective is dependenton the typesof tasksin questionand
the overheadcostsof communications. In different ervi-

romments differentmeclanismsaremosteffective.

The Future: A Holistic SatisficingAgent
Ar chitecture

Both GPGPand Design-to-Criteia are ableto adaptpro-
cessingo a given situation. GPGPusesa moduarizedap-
proachto provide differentdegrees of coodination, each
with its own overheadcostsandbenefitsto problem solv-
ing. Designto-Criteriausesa satisficingmethoalogy to
cortrol thecombnatoricsandto prodwce schedulsin real-
time. This illustratesan importan point; satisficingcan
take mary forms, e.g., perfaming lesssearch(Design-te
Criteria), or usinglesscontect to make decisiors (GPGP),
or working from default assumptios (situation specific
GPGP).In fact, theimplementationof GPGPis itself anil-
lustrationof satisficingby sacrificingcontext. GPGPforms
commitmentsbetweenagentsthroudh a one-shb mecta-
nismwheretwo agentsform anagreementabou taskper
formanceindeendetly of the otheragentsn the system.
This mectanismreduceghe ovetheadrequred for coord-
nationat the experse of makirg the commitmaents without
uncerstandig more of the group cortext. In contast, if
the comnitmentforming contet is broadnedto includea
groupof prablemsolvingagentsto supprt amulti-stepne-
gotiatin processtheoverheadof comnitmentformulation
will increasebut sowill theamount of informationusedto
make commitmaent decisiors.

In additionto meetingdeadines, Design-toCriteriaalso
builds customscheduledo suit a particularclient’s multi-
dimersional goal criteria. This latter Design-toCriteria
featue representonenext stepin the evolution of GPGP
andour multi-agent coodinationwork. Currently thouch
GPGP provides a modularized toolbox of coordnation
mectanisms,it does not reasonabou which mectanisms
to useto meeta particlar client’'s needs(or goal criteria).
Thework in learningwhich coordnationalgoithmsto use
in particdar situationsis a stepin the right directian, but
this work also doesnot addressmeetingdynamic multi-
dimersionalgod criteria. Like Design-toCriteria, GPGP
mustbeableto adapiits processingqutomaticallyto agiven
problemsolvingcontet andresouce constrants.

DespiteDesign-toCriteria’s strenghs, neithe aspectof
our agentcontrd work is complete. Neither systemac-
cowntsfor theactualcostof thecontiol problemsolvingac-
tivity. In otherwords,thoudh theschedier copeswith hard
combinatoricsto produceschedies in interactve time, it
does not accoun for the resourcecostsof the scheduliig
processitself, i.e., Design-toCriteriais fast,but it doesnt
reasorabou thetime requirel to find a goodscheduleand



accoun for this time, andadjustits activities accordngly.
Throughthefocusingmechanisnit canadjustits own prab-
lem solving to different resourcerequiements,but right
now, thefocusis definedby theclientor hardvired defauts.

Theright appoachfor coodinationandschedulingand
overall agen contrd, is to accoun for the boththe contrd
anddomain prodemsolvingcoststo reasorabou resource
allocatiors and the cost/begfits of suchallocatiors, and
to contiol the agentaccordngly. The benefitsof spendhg
time doing further coordnationor morerefinedschedling
versustime spentproblemsolving mustall be compaed
andreasoed about. This metaanalysis(Russell& Wefald
1997 appr@achto agentcontrd in conjurctionwith thesat-
isficingabilitiesof Design-toCriteriaandGPGRwill result
in agentsheingableto satisficeall actvities andadaptto a
wide rangeof dynanic prodem solvingernvironments.

However, thisis anoversimplificationof the prodem. It
is importar to notethattheissueis notto simply determine
aresourceallocationto contiol anddomain prokdem solv-
ing, butto grappe with thedownstreanramificatiors of the
allocatiors and satisficingbehaiors employed or consid-
ered.Controlprodem solvinganddormain problemsolving
areinterdgendenactiities. Considera casewheretimeis
allocatecbetweeradoman prodemsolverandaschedler,
andthedomainprablemsolverfaithfuly describegts prob-
lemsolvingoptiorsin aTAMStaskstructureandthenasks
thescheduleto determinea courseof action. If thesched-
uler satisficesto meetits time resourcecorstraint, it will
do so by exploring a smallerpart of the schedulesolution
space.One possibleoutcame of this is thatthe scheduler
will fail to geneate a very goad solutionandwill instead
geneateandreturnamedioce solution Thedomainprob-
lem solver will thenexecue the schedie andobtainlower
quality resultsthanit mighthave if lesstime hadbeenallo-
catedto domainproblemsolvingandmoretime hadbeen
allocatedto schedulig. In this exanple, the downstream
effectof contol satisficingwasnotgeneréing agoodresult
in thetime alloted. In othercasesthe ramificatiors range
from theintroduwction of addtional uncertaity to beingun-
ableto find ary solution becauseone of the compaments
wasover constraird.

Thepreviousexampe is castin termsof time allocatiors,
but asmenticmedearlier satisficingcanbein mary dimen-
sionslike precision robustnessandcost,andit canbein
termsof multiple dimensims simultaneosly. Thisis what
motivated our recern work in multi-dimensionalgoal crite-
ria for Design-toCriteria schedulig (Wagner Ganey, &
Lesserl997). But eventhatwork needsto be pushedo
anotter level — satisficingto meeta particularsetof multi-
dimensimal goal criteria is only part of the prablem. In
most problem solving situations,thereare actually multi-
ple setsof goal criteria, i.e., thereis no single evaluation
function. Considera casewherea client tells the scheduler

to producea schedle thatwill achiese the taskwhile min-

imizing time andincurring no cost. If, for the given task
structue, stayingwithin theseconstraihs meansgeneat-

ing a very poor result, the client may want to modify the
corstraintsand ask for anotter schedie, rathe than exe-

cutethe schedulghatwasreturred for the first setof goal
criteria. Agentcontiol commpnents,andthe holistic agent
cortrol mechanismimustreasoraboutmultiple setsof goal
criteria, or provide a meansfor negotiation or iterative re-

finement to geneate a setof criteriathatis suitedfor the
problemsolvingcontet andthetaskat hand.

Giventhe compex issuessurrainding theissueof satis-
ficing, our goal of a satisficingdomainindepementagent
cortrol architectue seemsquite ambitiots. The satisfic-
ing cohesiomeededor this architectue will require that
all compmentshave the ability to metaanalyetheir prob-
lem solving activities andto estimatethe local (asevery-
thing is intertwined) costs/beniés of resourceallocatians.
From the schedling and coodination perspetive, this is
an achievable objective. For the domain problemsoler,
meetirg this requrementis applicationdepenént. How-
ever, to the extert thatthe domainprodem solver canenu-
merde its prodem solving optionsasa TAEMS taskstruc-
ture,the schedier canthenreasoraboutthe domain prob
lem solver's activities explicitly. In fact,we may move to-
wardrepresentig all majorcontiol anddomainactiitiesin
TAEMS taskstructuresandeven estimatingand modelirg
(via nles)the downstreaminteractiors of resoure alloca-
tions, andanalying it usingthe Design-teCriteria sched-
uler. If thisappoachis usedwe mustthenalsoaccount for
thetime requred to perfom the meta-aalysis. However,
for certainclasse®f taskstructuregheschedling analysis
timeis highly predictatte. For large prodem solvingtasks,
we alsoplanto explore changng the prodem solvinghoti-
zon the distancebetweenthe current poirt in time anda
point atwhichallocationswill bereexamined.

Satisficing, flexibility, and multi-dimensionaltradeoff
behavior, arecritical for agens in complex dynamic open
ervironments. Our future work is centeredon a holistic,
domainindepenlent,ager contrd architectue desigredto
achieve thesegoals.lIt is our hopethatwith thearchitectue
agen developerswill be ablewrap or embedtheir doman
problem solvers and createsatisficingand flexible multi-
agen systems.
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