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Abstract. To scaleagentechnologie$or widespreadisein opensystemsagents
musthave anunderstandin@f the organizationakontext in which they operate.
In this paperwe focuson the issueof taskvaluationandactionselectionin so-
cially situatedor organizedagents- specificallyon theissueof quantifyingagent
relationshipsaaindrelatingwork motivatedby differentsources.

1 Intr oduction

We believe thatin orderto scale-upagenttechnology{25] for usein openapplication
domainsg.g.,electroniccommerceontheweb,agentamustmodeltheir organizational
relationshipswith otheragentsandreasonaboutthe valueor utility of interactingand
coordinatingwith particularagentsover particularactions.For example,a database
managemeragentownedandoperatedy IBM* might have anextremelycooperatie
relationshipwith aninformationgatheringagentownedby Lotus(Lotusis a subsidiary
of IBM), but an entirely differenttype of relationshipwith a Microsoft information
gatheringagent— the IBM agentmight preferto servicerequestdor the Lotus agent
over the Microsoft agentor it might be willing to cooperatewith the Microsoft agent
if a higherfeeis paidfor its services.The agentsmight even coordinatevia different
protocols;the IBM agentmight hagglewith the Microsoft agentover delivery time
and price whereast might simply satisfythe Lotus requestn shortorderandwith a
nominalor zeroprofit margin. Representingituationssuchastheses oneaspecbf our
currentresearctagendaThe overall objective is to expandthe contextual information
usedby agentgo make controldecisions Spacdimitations precludea full description
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of the modelingor knowledgestructuresunderconsiderationhowever, the structures
specify or partially specify factorssuchas: the (multiple) organizationgo which an
agentbelongs the differentorganizationalroles an agentis likely to performfor the
organization(in a task-centeredenseakin to [19]), the relationshipshetweenagents
within the organizationrandwithout, the importanceof a givenrole to anorganization,
the importanceof a role to the agent,the coordinationprotocolsto usein different
circumstancestc.

Broadeningthe scopeof an agents understandingf the organizationakontext in
whichit operatesffectstheagentcontrolequationin two primaryways.Structual in-
formationaffectsthe scopeof the agentcontrol processFor example,informationthat
specifieswith which agentsa givenagentis likely to interact,with respecto a partic-
ular goal,affectsthe scopeof the agents coordinationdialogue .Structuralinformation
is particularlyimportantin large multi-agentsystemgMAS) becauset helpscontrol
the combinatorics- it may constrainthe distributedsearchspacefor any coordination
episodeln contrastyalueinformation pertainsmainly to representingandreasoning
about,complex agentrelationshipsValueinformationaffectstheway in which agiven
agentevaluatests candidatgasksandactions;informationthatdescribeghe objective
function[37] of an organization andthusthe relative importanceof tasksperformed
for theorganizationfallsinto this category. In this paperwe focusonthevaluesideof
theproblem,i.e.,ontheagentsin contet taskvaluationandselectionprocess.

To groundthe discussiongonsidera simpleexample.Figure 1l shovs anorganized
network of financialinformation agentsin the WARREN [15] style. The network is
a subsetof a larger organizationof agentsthatis populatedby threetypesof agents.
DatabaseManager (D BM) agentsareexpertsin datamaintenancend organization.
Theseagentsmaintainrepositoriesof information,e.g.,D&B reports,ValueLine re-
ports, financial news, etc.,and act asthe interfacebetweena repositoryor digital li-
brary and the restof the network. The repositoriesmay be simple databases;ollec-
tions of databasegr evenentaillower-level databasenanagemenagentswith which
the primary databasenanageiinteracts.Thusthe managess functionsare not simply
to querya single existing databaseinsteadthey conformto the propertiesof ageng,
having multiple goals, multiple waysto achieve the goals,and so forth. Information
Gathering(IG) agentsareexpertsin particulardomains.They know aboutdatabases
(and databasenanagerspertainingto their areaof expertise,or know how to locate
suchdatabasesTheir taskis to plan, gatherinformation, assimilateit, and producea
report,possiblyaccompaniedy a recommendatioto the client abouta particularac-
tion to take basedn the gatherednformation.The IG agent9icturedin thefigureare
both expertsat collectingand assimilatingfinancial news to build investmentprofiles
of differentcompaniesPersonal Agents(P A) interfacedirectly with the humanclient,
perhapsmodelingthe client’'s needsTheseagentsalsodecidewith which information
specialistdo interactto solve a client’s informationneed. P As for a given compaly
may interactwith specialistooutsideof the compary, however, interactionstylesmay
differ, i.e., differentprotocolsmay be used differentfee structuresmay apply, etc. The
edgesn thefiguredenotenteractionsetweeragentsWe will focusontheinteractions
andrelationshipbetweerthe IG expertfor Merrill Lynch,denoted’ Gy, andthe IG
expertfor Schwab,andthe multiple pictured P As.
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Fig. 1. A Network of OrganizednformationAgents

Agent IG 1, is organizationallysituated. The agentbelongsto multiple different
organizationsandit hasdifferentrelationshipswith the otheragents stemmingfrom
the differentorganizationsdifferent organizationalbbjectiveswithin andwithout the
organizationg5], andfrom differentrelationshipswvithin the organizationsFigure2(a)
shaws IG 'S organizationalrelationshipslt is part of the Merrill Lynch corporate
structureandthusshareshis organizatiorwith PA ;1 andP Ay p». It is alsopartof
the setof IG agentsthat specializein financialinformationgatheringand shareghis
in commonwith IGgs. IG 1 alsobelongsto the organizationof financialinforma-
tion agentsandshareghisin commonwith P Ap¢pe-- NOte, we view organizationsas
hierarchicalstructureghat canbe specialized(i.e., subclassed)in this figure, the or-
ganizationsharedoy IG prr, and P Apgner May have the sameroot asthe organization
sharedby IG 1. and IG g, however, the specializationgliffer (in fact, all the agents
aremembersof a root organizationpertainingto financialinformationagents)In ad-
dition to its organizationalpositioning, /G yrr. alsohasdifferentrelationshipswithin
theseorganizationsFigure 2(b) shavs the agents differentrelationshipsThis figure
differs from Figure 2(a) in that IG 1, hasa differentrelationshipwith PA,;;, and
PApro. While PA g, andP Ay 2 arebothmembersof the Merrill Lynch organi-
zation,P A1 representamutualfund managefrom thefundsdivisionand P Ao
represetanindividual broker associatedvith theretail division.

Oneof theissueghatariseavhenexaminingascenaridik e thisis theneedto relate
the differentmotivational factorsthat influenceagentdecisionmaking. For example,
IG prp interactswith PAy 11 andPA .- for cooperatie reasonsin contrast/G sy,
interactswith P Apq¢ner fOr self-interestedeasonspamelyprofit for itself, its division,
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Fig. 2. DifferentRelationshipsComplicateAction Choice



or Merrill Lynch. Agentssituatedin open,social,environmentsinteractwith different
agentsanddifferentorganizationof agentsfor differentreasonsThe ability to relate
thesdlifferentmotivationsis arequisitefor theagentgo actrationally, or approximately
S0, given their social context. Without this ability, how can IG,,;, determinewhich
requestso serviceandin whatorder?Assumingamodelin whichagentsarerationally
boundedtasks/requestarrive dynamically anddeadlinesor servicetimeson requests
are presentthe agentcannotsimply performall the tasks,but mustinsteadselecta
subsetof the tasksto performandthen determinean appropriatesequencen which
to performthem. It is importantto notethat the agentdecisionprocesss contextual.
Sincetheernvironmentis dynamic,andthe stateof problemsolvingchangesvertime,
givena setof tasksfrom which to choosethe choiceof which tasksareappropriates
dependenbn the currentsituation.For instancejf IG s, hasspentthe lastn units of
time problemsolvingfor PA,r;, andnew requestsrom P Ay, andP Ay, arrive,
evenif PAprr1 requestgenerallytake precedencever P A 12 requestgasspecified
by theorganizationaktructure)jt maybeappropriatdor IG s, to servicethe PA 1.0
requesbeforeservicingthe PA ;11 request.

Figure3 shavs IG ;1 ’s candidateactionsatsomepointtime, t. Thetasksarestruc-
turedin a TEMS [16] network, thoughthe sum()function simply specifiesthat ary
numberof the tasksmay be performedin ary order IGj1.’s candidatgasksinclude
servicingrequestsrom PApsr1, PAprr2, andP Aopgner, aswell asdoingalocal-only
task (updatingits sourcemodels).It alsohasthe option of contractingout its update
sourcesaskto IGg. In orderto comparetheseactionsthe agentrequiresa frame-
work that quantifiesandrelatesthe differentmotivationalreasondor performingpar
ticular tasks,aswell asrelatingthe costs/benefitef doing tasksfor others,anddoing
local work, to the costs/benefitaissociatedavith contractingout the local updatetask.
The compleity of the relationshipghat the agenthaswith otheragentsrequiresthis
complex approachto evaluation.The rationalefor keepingthe differentmotivational
concernsseparatas that they represengjuantitiesthat are not interchangeableg.g.,
progresstoward different problem solving objecties, akin to [33]. They are not re-
ducibleat all agentgo someuniform currengy andnot all quantitieshave valueto all
otheragentsFor example doingafavor for someon&annotin turnbeusedto purchase
somethingat the local store.Anotherintuitive example:work doneon one's yard has
nointrinsic valueto a professionapeer unlesssaidpeeris your neighborWith respect
to computationabgents partitioning of concerndik e thesemapsto the balancingof
local work with non-localwork, but alsoto the balancingof work doneto satisfysome
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Fig. 3. IGum1's AbstractedTaskStructure



joint goal[26,21,13,38] JG,, in contrasto work doneto satisfyjoint goal JGz. The
ideaof this researchs notwholly to partitiondifferentactities, andthe evaluationof
their worth to the agent,but ratherto supportrangesof representation®.g.,tasksand
actionsthat have both self-interestedind cooperatie motivations,or work relatingto
multiple differentjoint goalsheld by multiple agentsrelated at leastpartially, through
differentorganizations.

In the sectionsthat follow we presenta modelfor relating different motivational
factors,and different measure®f progressthat enablesagentsto comparedifferent
typesof actions,and the costsand benefitsof particularcoursesof action.We then
discusgtheissueof interfacingthis modelwith our existing agentcontroltechnologies
andpresenideasabouthow agentswill make decisionshasedon this model.

2 Quantifying and Comparing Motivations

Therearethreedifferentclassef tasksthata socially situatedagent,suchasIGyr.,
mustreasorabout:1) tasksthatareof local concernonly anddo not have directvalue
or repercussions ary non-localcontext; 2) tasksthatotheragentsvishthelocal agent
to perform;and3) tasksthat otheragentamay performfor the local agent.Obviously,
thereare graduationsor tasksthat pertainto more thanone of theseclassesFor ex-
ample,a taskmay producea resultthatis valuablelocally aswell ashaving valueto
anotheragent Additionally, eachtaskmay be performedfor cooperatre reasonsself-
interestedeasonspr rangesof these For example,performinga taskfor anassociate
for anominalfee may pertainto both cooperatie concernsandself-interesteanotiva-
tions. It is importantto notethateven actionsperformedfor cooperatie reasonsactu-
ally have differentmotivations.For example,doing a favor for one's superiorat work
is evaluateddifferently thandoing a favor for a peer which is treateddifferently than
doingafavor for personsinknawvn, andsoforth. In orderto addressheseconcernsye
have developeda modelfor agentactiities that quantifiesthesedifferentmotivational
factorsandenableghelocal agentto comparethe factorsvia a multi-attributed utility
function. Definitions:

Agentsareautonomoudheterogenougersistentcomputingentitiesthathave the abil-

ity to choosewhich taskson which to operateandwhento performthem? Agentsare
alsorationallyboundedresourcédoundedandhave limited knowledgeof otheragents.
Agents:

— Canperformtaskslocally if they have sufficient resources.

— Interactthroughcommunicatiorwith otheragentsto performtasks.For presen-
tation clarity, we will castdiscussiornin termsof two basicinteractionmodels:the
localagentaskingotheragentgo performtasks or thelocalagentperformingtasks
for otheragents.

— Agentsinteractvia multiple differentmediumsof exchangeknown asmotivational
guantities(M @s) that are producedby performingtasks,i.e., a given agenthas

2 Thisis by no meangheonly definitionof ageny [25,28,12,38,31,23,18,44].



PAML2 s 1G mag |PBMENN _
Quantity M L Quantity Quantity
MQML2 MOML 1 My MOS MQotnerMQg MQS o Utility,
= = W Guantty . [ ﬂ H I
MQ$ $ IGS \'Q]s—ln]q; May MAy2  MAg MQgper MAg
(a) Agentsinteractvia DifferentM Qs (b) Utility is Basedon M Q State

Fig.4.Roleof M@ in AgentControl

a setof M@s thatit accumulategand exchangeswith otheragents,asshowvn in
Figure4(a)3

— Not all agentshave the sameM @ set. However, for two agentsto interact,they
must have at leastone M @ in common(or have the meansfor forming an M@
dynamically).

— For eachM Q; belongingto anagentt hasa preferencdunctionor utility curve?,
Uy, , thatdescribests preferencdor a particularquantityof the M @, i.e., VM Q;,
AU, () suchthatUy, (MQ;) — U; whereU; is the utility associatedvith M Q;
andis not directly interchangeablevith U; unlessi = j. Differentagentsmay
have differentpreference$or thesameM Q);.

— An agents overall utility at arny given momentin time is a function of its differ-
entutilities: Uggent = Y(U;, Uj, Uy, ..), asshown in Figure4(b). We male no
assumptiongboutthe propertiesof (), only thatit enablesagentsto determine
preferencer dominancebetweertwo differentagentstateswith respecto M @s.

— For simplicity of presentationlet us assumehat~() is not a multi-variateutility
function and insteadthat for eachU; thereis an associatedunction w;() ° that
translates\/ () specificutility into the agents generalutility type,i.e.,VU;, Jw;()
suchthatw; (U;) — Uagent. ThusU,gen: maytake theform of Equation1.8

Uagent = zwz(Ul) (1)
i=0

3 If agentsare allowed to contractwith other agentsvia a proxy agent,and the proxy agent
translatesM Qs of onetypeto anotherit is possiblefor the agentso be viewed assharinga
commonM Q. However, this is limited by the availability of M @s of the propertype. If we
ignorethe issueof M @Q quantity the generalissueof reducibility of M @s via proxy canbe
viewedasagraphconnectvity problem.

4 We currentlyview theseascontinuousfunctionsbut areexploring the possibleneedfor step-
wise utility functionsthatdescribe'saving-up” for a potentialfuture event.

® Astutereaderswill notethatw; () couldbe combinedwith Uy, (). We partitiontheseconcerns
to provide separatglacesfor mappingdifferentorganizationalindrelationship-centereth-
fluences.

6 This simplemodelassumeshatall utilities associateavith differentmotivationalquantities
can be mappedto a commondenominatorat the agent.This doesnot meanthat the same
mappingis possibleat all agentsnor do we feel this propertyis necessaryor the model.lt is
intendedo simplify presentatiomndmodelmanipulationat this time.



— Changein agentutility, denotedAU, gent, iS computedhroughchangeso thein-
dividual utilities, U;, U;, etc.Let U; denotetheutility associateavith A/ (); before
the quantity of the M@ changeqe.g.,astheresultof taskperformance)Let U/
denotethe utility associatedvith thechanged\/ () quantity Thechangen overall
utility to theagent,in this simplifiedmodel,is expressedn Equation2.

AUagent = | Z Wi (UZI) - wi(Ui)| (2)

=0

Tasksareabstraction®f the primitive actionsthatthe agentmay carry out. We return
to theissueof abstractiorin Sectiond. Tasks:

— Requiresometime or durationto execute denoted;.

— May have deadlinesdeadline;, for taskperformancebeyond which performance
of saidtaskyieldsno usefulresults (This could alsobe definedvia a functionthat
describes gradualdecreasén utility asdeadline; passes.)

— May have starttimes, start;, for task performancebeforewhich performanceof
saidtaskyields no usefulresults.(This could also be definedvia a function that
describes gradualincreasen utility asstart; approaches.)

— Producesomeguantityof oneor more M @s,calledanMQ productionset(M Q P.S),
andis denotedoy: MQPS; ;.x = {a%,4j,qx, -}, WwhereVi, ¢; > 0. Thesequanti-
tiesarepositiveandreflectthe benefitderivedfrom performingthetask. They may
be the direct outcomeof performingthe task,i.e., someresultproducedoy doing
theactualwork, or they maybe quantitieshatanothermagentis payingfor thework
to beperformedIn this model,thetwo areequialent.

— Tasksmayhave multiple M @ productionsetsihatis agiventaskmayproducedif-
ferentgroupsof M @s. This modelstheideathatagentsmayinteractwith multiple
differentmediums-of-&changeFor instance agent/ G 5,1, may servicea request
for agent/Gs in returnfor somefinancialcompensationor by IGs “calling-in”
a favor, or for somecombinationof these.The multiple M @ productionsetsare
represented M QPS; j, MQPS;m, ..} = {{4,4}, {@, e}, --}. Notethat
MQ, N MQ, may# ¢ asdifferentd/ Q PS setsmayhavecommonmembersTo
simplify presentationye concentraten tasksthathave a single M QPS, though
we returnto theissueof differentA/QPS in Section3.’

— Akin tothe M Q PSS, tasksmayalsoconsumejuantitiesof M @)s. Thespecification
of the M @s consumedyy a taskis called an MQ consumptiorset and denoted
MQCS;;r = {4,454k, .-}, Wherevi, g; > 0. Aswith M QPSs, ataskmay
have multiple M QC'S sets.Consumptiorsetsmodelthe ideaof tasksconsuming
resourcestaskshinderingprogressoward someobjective, andagentscontracting
work outto otheragentsg.g.,payinganotheragentto producesomedesiredresult
or anotheragentaccumulatingavorsor goodwill astheresultof taskperformance.
In contrasto productionsets consumptiorsetsarethenegativesideof performing
aparticulartask.

" The issueof which MQPS from the candidatesetswill pertainto a given transactioncan
be viewed asan issuefor explicit negotiation betweenagentg20, 7], or asa dynamicagent
choiceproblem[40].
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— All quantitiesg.g.,d;, MQPS, MQC'S, areviewedfrom anexpectedvaluestand-
point. We returnto theissueof uncertaintyin Section5.

To illustrate, Figure5 shavs a single utility curve for a single M (). Assumesome
task, T', producesX amountof M();. The agentreasonsabouttask performance,
and the utility thereof,by comparingthe changein U; associatedvith the change
in MQ); that performingT will produce.If this is the only task being considered,
AUagent = AU;.

Figure6 illustratesthemodel'sapplicatiorto thetaskstructureof IG ysz, picturedin
Figure 3. Thedifferentproblemsolving optionsavailableto IG,, are:1) performing
taskT'’pa,, ., for PApr2; 2) performingtaskT’p 4, .. for PAoiner; 3) performingits
localupdatetask, T ..q:; 4) contractingts localupdatetaskoutto IGg, representeds
Trc,- RecallthatIG s, hasdifferentrelationshipswith PAysr9, PAother, andIGs.
As shownvnin Figure4(a),theagentsdifferentrelationshipgranslataénto differentd Qs
with whichthey interact.IG 1, servicegequestsrom P A, rofor cooperatiereasons
—it is partof IGar1.’sjob descriptiorandit is recordechsaninter-compary transaction
for reportingpurposesThismotivationis expresse@sM Q prr2 IN IGaL'SMQPS. In
contrast/G yr1, hasaverydifferentrelationshipwith IG s—perthetwo agentsM QPSS
setsthey mayinteractvia curreny (M Qg) or viaan M () basedn professionafavors,
classifiedasM @Qs. IG s hasstill anotherrelationshipwith P Aoy andthey interact
via curreny only. To comparethe differentcandidateasks,/G 1, reasonsaboutthe
positive/naggative changesn utility thatresultfrom carryingoutthetasks.For example,
tocomparel’roeais Tpay L, aNdTp4,,,.. (ASSuminghesinglevaluedutility mapping
shavn in Equationl):

1. ForTpa,,,,: 1) Thetaskconsumes local resourcd/g;, e.g.,monthly allotment
of ppp connectiortime. Therefore computethe negative changein Ug; thatwill
resultfrom the performancef T'p4,,,,; 2) computethe positive changen Uxsra
thatis produceddy performingthetaskfor PAxrr» (i.€.,theincreasen M Q arr.2);
3) U;ge’ntsgenaq«io:MLg = w(Uéﬂ) + w(UJI\lLQ)'

2. For Tpa,,,..: 1) computethe negative changein Ug., another(different)local
resourcdhatis consumedy Tp4,,,..; 2) computethe positive changen Uy that
is producedy performingthetaskfor P Aoy, (i-€.,themonetarypaymentfrom
PAother 0IGML); 3) Usgent,eanarivray,,., = @WUra) + w(Us).

3. For TrLecqi: 1) computethe positive changen Ur, producedody the performancef
taSkTLocal; 2) Uligentscena.rio:Local = w(Ui)

4. To selectbetweerthe three,simply choosewhichever hasthe highestgainin util-
ity for theagent.For example,if Ungent,cenamiorocar = Uagentoeenariopag,y,, aNd
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Ungentyeonarionocar = Uagentseenamionirs thenperformthe local action. In other
words,if thegainin utility achiezedby performingTy,..; exceedghe utility pro-
ducedby performingT’p 4,, .., evenwhenconsideringheresourceostof Tp4,, ..,
(notethatUyp, islessthanUg, in Figure6), thenit is preferableto performT i ca;.
Likewisewith Tp4,,,...-

If the agents objective is to simply selectwhich taskto performnext, andtasks
do not have associatedlieadlinesandthe presenandfuture valueof M Qs areequia-
lent, thenit canreasorusingthemaximumexpectedutility principleandselectthetask
at eachpoint thatmaximizesmmediateutility. However, this simplechoose-between-
available-tasksnodeldoesnot mapwell to situationsn which taskshave deadlinespr
even situationswith a temporalcomponentFor example,considerchoosingbetween
Trocar andTrg: if w(U;) > w(Ug) + w(U}) thenperformthetasklocally, oth-
erwise,contractit out. In this casew(Ug), which is the costof having IGs perform
thetaskfor IG 1, mustbe zeroin orderfor IGy,y, to considerallocatingthe taskto
IGg. In orderto properlyassesshe valueof suchan arrangementhe agentsneedto
usethe modelpresentedn this sectionfor comparisonsbut, to addcomponentsuch
asopportunitycostor future valueto the selectior/ decisionprocessWe returnto this
issuein Section5.

In this sectionwe have presenteé modelfor comparingasksthataremotivatedby
differentfactors.The modelcansupportcomparisorbetweertasksthatareperformed
for otheragentdn returnfor financialgainto tasksthatareperformedfor otheragents
for cooperatie reasonsVia the differentpreferencesor the differentquantitiesagent
control canbe modulatedandagentscanreasoraboutmixturesof differenttasktypes
anddifferentmotivations.For example,asociallysituatedagentcanreasoraboutdoing
work in exchangefor money aswell asprogressoward organizationabbjectivesor the
accumulatiorof goodwill, favors,andothernon-curreng exchangesTheuseof statein
themodelalsofacilitatescontextually dependenbehaviors or adjustmentso behaiors
over time. Agent a performingcooperatie work with a closely allied agent,3, for
instancemayneedo balancehiswork with cooperatrework with othersovertime. As
«a accumulategoodwill (representedsone M Q) with 3, its preferencenayshiftto the
accumulatiorof other M @)s. The useof utility for this applicationis flexible andvery
generalthoughto effectively usethe modelwe mustaddres$iown to meaningfullyplan



andreasorwith themodelandhow to integrateit into existing agentcontroltechnology
We returnto thesessuesn Sections4 and>5.

3 Incorporating Organizational Structur e and Influence

The M @) modelenableghe directcomparisorof work motivatedby variety of differ-
entsourcesandit supportsangesof these The modelalsosupportgheintegrationof
certainclasse®f organizationallyderivedinfluenceandstructure For instanceprgani-
zationalrelationshipsanbe associatedvith particularM @)s, i.e., agentselongingto
a particularorganizationandinteractingfor a particularorganizationalgoal cantrack
their contributionsandjoint progresqeitherby communicatioror by obsenation)to-
wardthegoalusingan M @ explicitly for thatpurpose Usingthe samemeansagents
canreasombouttheir progresdoward multiple differentgoalsheld by differentorga-
nizations.

The selectionof different M QPS and M QC'S is anotherplacewhereorganiza-
tional structureintegrateswith the model. Organizationamay have relationshipswith
eachotherandthis canbe mappednto the selectionof M Qs in particularM QPS /
MQCS sets.For instance|f organizationa relatedto organizationg in sucha way
thatmembersf o arewilling to coordinaten a cooperatie fashion,thoughto alim-
ited extent, with membersof 8, agentsbelongingto « canexchangeM @, aswell as
MQ@Qqp. Thenotionof “limited extent” in the previoussentencegointsto anothemplace
whereorganizationaktructuremapsinto the M @-centricmodel; the preferencdunc-
tionsor utility curvesof the agentreflectthe relative importanceof particulartypesof
problemsolving actiities to the agent.For example,a type of problemsolvingthatis
very importantto theagentwill have a steeputility curverelative to its otherconcerns;
thisapproactalsopertaingo powerrelationshipsetweeragentsOrganizationalnflu-
encesandrelationshipganalsobemappedo ~, or to thew functionsusedin theutility
mappingof Equationl.

Organizationastructurémposednthecomputatioralsocomesnto playin theini-
tial assignmenof ¢;’s (quantitiesof M @)s) to agentsNotethatsincework is produced
over time, the systemis not a zeio sumgame but insteadis a growing economy The
initial allocationof M @s to agentspredisposeshe systemto initialize in a particular
way and biasesthe flow of the distributed computation,asin [33]. Agentcommuni-
cationalsohasrolesin this model.Negotiation[20, 30,7] betweenagentscanbe used
to selectwhich M @s, from a setof candidateM QPS /| MQCS, will be usedfor a
given exchangeor producedby a given task execution.Negotiation canalso be used
to determinethe “price” (in M (@Qs) or quantity that a particulartransactiorwill pro-
duce.Auctionsor othermarketmechanism$43,9, 6] canbeintegratedwith themodel
throughthis avenue.

4 Integration with Detailed Agent Control

The M @) modelis deliberatelyabstracto simplify controlreasoningatthe meselevel
of agentcontrol[34]8, i.e.,thecomputationabrganizationalevel ratherthanthe micro-
level. While it couldbeuseddirectly atthemicro-level of agentcontrol,theagentwould

8 We arecurrentlyexploring the relationshipbetweerthe meso-leel andthe social-level [24].



be unableto reasoraboutawide classof issueghatareimportantfor socially situated,
resourcebhoundedagentsThemodellacksfeaturesuchasexplicit representatioand
quantificationof interactioné betweentasksand a detailedview of the actionsthat
may be usedto carry out the tasks.We generallysubscribeto a modelwhereagents
have alternatve waysto performtasks(or achiere goals),andthat part of the agent
controlproblemis to evaluatethe differentpossiblewaysto performatask,takinginto

consideratiorthe differenttrade-ofs or performancecharacteristicsandto selectone
or more from the setof alternatves. Additionally, detailedand complex interactions
betweeragentactvities, suchaschainsof interactionsmotivatedetailedcoordination
betweenagentsThis detailed,quantitatve, temporal,constraintandinteractionbased
view of the world is embodiedby researchin TAEMS[17], Design-to-Criteria DTC)

[41,39] agentschedulingandGPGP[16] agentcoordination.

The existenceof suchsophisticatedguantitatve, machineryfor agentcontrolbegs
the questionof why the M Q-centeredmodelis necessaryThe detailedtechnologies
arewell suitedto representatioandcontrolat a particularlevel of detail (micro-level).
However, TAEMSis designedo represena quantifiedview of theproblemsolvingpro-
cessof an agent— it doesnot lend itself to organizationallevel issuesin its current
form. EnhancingT £EMS for organizationalevel applicationmay be possible though
becausehe classof issuess inherentlydifferentatthe organizationalevel, we believe
a new structurecoupledwith a new reasoningprocesss appropriate The integration
of the organizationallycenteredV/ () framework with the detailedtoolsis akin to other
recentwork in integrating process-programontrollers[27] and openingthe detailed
toolsfor usewith BDI problemsolvers[8, 35] andothers[42,29]. The generaliew is
thatthe higherlevel componentsreresponsibldor influencingthe selectionof candi-
datetasksfor theagentwhile the detailedtools (GPGP/DTC)easomaboutsatisficing,
real-time,detailed temporalcontrol or implementatiorof the selectedasksandgoals.
Spaceprecludesa detaileddiscussionmoreinformationis availablein [39].

5 Conclusionand Futur e Dir ections

The modelpresentedhereis currently underdevelopmentandintegration. Recentex-
tensiond39] includethe additionof multiple alternativeperformanceprofilesfor M @)
tasksandsupportfor anapproximateM () schedulingorocessThe schedulingorocess
[39] includesfacetghatfactorin thefuturevalueof M @s,temporalissuesandoppor
tunity costs.The potentialimportanceof future valueis illustratedin tit-for-tat agent
coordination[36] and other cooperatie gameg[32]. Opportunitycostplaysa role in
taskselectionaswell asthe evaluationof long-termcontractd30] andnegotiation[20,
7] over the terms(time and M () s) of saidcontractsReasoningaboutdecommitment
penaltiesor costs[1] alsofactorsinto the modelat this level.

Regardlessof the underlyingschedulingtechnology the model standson its own
meritsasa way to quantify andrelateheretounrelatedconcerndik e cooperatie and
self-interestednotivationalfactors.Usingthe model,agentscanreasoraboutdifferent

® However, we areconsideringcertainclasse®f interactionmodelingat this level; theissueis
expressieness/ersugractability



concerndik e self-interestfavors, altruismand social welfare [14]'°. The modelalso
framesthe problemof balancingthesedifferentmotivations,aswell asbalancingwvork
betweendifferentorganizationakentities, the individual andthe community[24], and
balancingdifferentagentrelationshipslt is importantto note,however, thatthe model
requiresdetailedinformation abouttasks,organizationalgoals, M @) s, and the utility

functionsof eachindividual agent.Certainclasse®f thisinformationcouldbelearned
thoughin thegenerakasethis falls onthedesigner(spf the multi-agentsystem Obvi-

ously, designprinciplesthatguidesucha processaredesirable.

While the M@ modelis relatedto researchin social welfare, utility, and choice
[22,14,4,7], the modeldiffersin its useof a local, state-basedcontextual), view of
thelargerorganizationaissuesin the M ) framework, agentseasoraboutthe utility
of particularactionsbasedon their local view of organizationalobjectives expressed
via M @s andutility functions.Inherentin the framework arethe assumptionshat: 1)
agenthaveimperfectknowledgeof theproblemsolvingtakingplaceatotheragents?)
theutility functionof a givenagentcannotgenerallybe sharedandcomputedby other
agentsbecausét is dependenbn the agents problemsolving state!! 3) globally ap-
propriatebehaior canbe approximatedhroughlocal reasoningn the spirit of [10]. In
this latter case the precisionof the approximatioris dependenbn the degreeto which
agentscancommunicater observeproblemsolving toward organizationabbjecties.
Distinctionsmade thereis arelationshipbetweerthemodelandresearchin socialwel-
fare,utility, andchoice.ln a sense M (s might be usedto approximateandimplement
socialutility functionsin multi-agentsystemspopulatedby complex problemsolvers.
It mightalsobereasonabléo combinethetechnologie®nline, whereformal views of
socialutility areusedto determinelM () allocationsand M @ utility functions,or where
socialutility is usedin the organizationablesignphaseo weightorganizationabbjec-
tivesfor the M @ level. Therearealsoimportantempiricallessonghatcanbelearned
from thelargebody of researchn socialutility andsocialwelfare.

The model also relatesto otherrecentwork in the multi-agentcommunity such
asagentsinteractingvia obligations[2], or notionsof socialcommitment[11], but it
differsin its quantificationof differentconcernsandits dynamic,contetual, relative,
evaluation of these.The model resemblesMarCon [33] as the different degrees-of-
satishctionaffordedby the M @ modelis relatedto MarCon's constraintoptimization
approachandMarContoo dealswith utilities/motivationsthatcannotalwaysbe com-
mingled. MarCon, however, views constraintsas agentsassigningparticularrolesto
particularagentsandtheissueof which tasksto performdo notenterinto the problem
space.

10 All mappedo differentM Qs or groupsof M Qs. However, theissueof how to specifysystem-
wide goal criteria, or organizational-leel goals,that characterizeacceptableangesof these
mustalsobeaddressetb employ M Qsto conceptdik e socialwelfarein ameaningfufashion.

11 To sharesucha function requiresfull exchangeof the agents knowledge structuresand
its objectves andthat the receving agentengagen the same(generally)exponentialplan-
ning/schedulingomputatiorthatthe sendingagentusesto decideonits courseof action(and
thatthereceverthusdoesthis for every agentwith whichit interacts)In otherwords,we take
the view thatthe computationof the utility thata differentagentassociatesvith a particular
taskis not generallyfeasiblein comple real-timeresource-boundeproblemsolving agents
(therearealsoobviousissuef privacy andheterogeneity).



Evaluationof the M () framewvork hastwo facets:modelingandscheduling Eval-
uatingthe schedulingof M @s is straightforward. Thoughnot generallytractable the
spaceof possibleM () scheduleganbe producedexhaustvely andthe outputof any
approximateM () schedulingorocessanbedirectly comparedo theprovably optimal
solution. Evaluatingthe modelingaspectsof the M ) frameavork is more subjectve.
The questionghat mustbe answeredare 1) doesthe modelexpressdesiredsituations,
2) doesreasoningvith the modelenablethe agentto actappropriatelygiventhe situa-
tion describedn themodel.If weassumaeno calculationerrorsin computingutilities for
M (@ taskscasetwo reducego caseone.Therealquestionis whetheror notthe model
mapswell to the situationsfor which it was designedBecauseof the model's some-
whatuniqueintegrationof local controlcombinedwith temporalconstraintandutility,
it is difficult to comparet directly to otherwork in socialchoice.We arecurrentlyex-
perimentingwith the representationatrengthof the model.Preliminaryresultscanbe
foundin [39].

Many other researchguestionsremain. Aside from the obvious (and deliberate)
lack of prescriptve semanticsor the model, one of the outstandingssuesis how to
bestleveragethe model from a decisionmaking standpoint,.e., how to incorporate
the modelinto a high-level decisionprocessthat canthenbe integratedwith the rest
of our agentcontroltechnologyasdiscussedn Sectiond. Anotherobviousquestionis
how to translateorganizationaboalsandobjectivesinto M @ allocations assignments
of MQCS/MQPS, andlocal agentutility curves.Currently, this processs beingex-
ploredby hand,thoughanautomatedrganizationatlesignprocesg3] is a future pos-
sibility oncetheissuesarebetterunderstoodin termsof limitations,the primaryissue
is therelative “youth” of the M ) framework. While thelocal, state-basediew appears
appropriatefor certainclassesof agentcontrol, it hasyet to be employedin a wide
rangeof projectsandsituations.
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