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Abstract. To scaleagenttechnologiesfor widespreadusein opensystems,agents
musthave anunderstandingof theorganizationalcontext in which they operate.
In this paperwe focuson the issueof taskvaluationandactionselectionin so-
cially situatedor organizedagents– specificallyontheissueof quantifyingagent
relationshipsandrelatingwork motivatedby differentsources.

1 Intr oduction

We believe that in orderto scale-upagenttechnology[25] for usein openapplication
domains,e.g.,electroniccommerceontheweb,agentsmustmodeltheirorganizational
relationshipswith otheragentsandreasonaboutthevalueor utility of interactingand
coordinatingwith particularagentsover particularactions.For example,a database
managementagentownedandoperatedby IBM1 might haveanextremelycooperative
relationshipwith aninformationgatheringagentownedby Lotus(Lotusis asubsidiary
of IBM), but an entirely different type of relationshipwith a Microsoft information
gatheringagent– the IBM agentmight preferto servicerequestsfor the Lotus agent
over the Microsoft agentor it might be willing to cooperatewith the Microsoft agent
if a higherfee is paid for its services.The agentsmight even coordinatevia different
protocols;the IBM agentmight hagglewith the Microsoft agentover delivery time
andprice whereasit might simply satisfy the Lotus requestin shortorderandwith a
nominalor zeroprofit margin.Representingsituationssuchastheseis oneaspectof our
currentresearchagenda.Theoverall objective is to expandthecontextual information
usedby agentsto make controldecisions.Spacelimitationsprecludea full description
�
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of the modelingor knowledgestructuresunderconsideration,however, the structures
specify, or partially specify factorssuchas: the (multiple) organizationsto which an
agentbelongs,the differentorganizationalrolesan agentis likely to performfor the
organization(in a task-centeredsense,akin to [19]), the relationshipsbetweenagents
within theorganizationandwithout, theimportanceof a givenrole to anorganization,
the importanceof a role to the agent,the coordinationprotocolsto usein different
circumstances,etc.

Broadeningthescopeof anagent’s understandingof theorganizationalcontext in
which it operatesaffectstheagentcontrolequationin two primaryways.Structural in-
formationaffectsthescopeof theagentcontrolprocess.For example,informationthat
specifieswith which agentsa givenagentis likely to interact,with respectto a partic-
ular goal,affectsthescopeof theagent’scoordinationdialogue.Structuralinformation
is particularlyimportantin large multi-agentsystems(MAS) becauseit helpscontrol
thecombinatorics– it mayconstrainthedistributedsearchspacefor any coordination
episode.In contrast,value informationpertainsmainly to representing,andreasoning
about,complex agentrelationships.Valueinformationaffectstheway in whichagiven
agentevaluatesits candidatetasksandactions;informationthatdescribestheobjective
function [37] of an organization,andthusthe relative importanceof tasksperformed
for theorganization,falls into thiscategory. In this paper, we focuson thevaluesideof
theproblem,i.e.,on theagent’s in context taskvaluationandselectionprocess.

To groundthediscussion,considera simpleexample.Figure1 showsanorganized
network of financial information agentsin the WARREN [15] style. The network is
a subsetof a larger organizationof agentsthat is populatedby threetypesof agents.
DatabaseManager ( ����� ) agentsareexpertsin datamaintenanceandorganization.
Theseagentsmaintainrepositoriesof information,e.g.,D&B reports,ValueLine re-
ports,financialnews, etc.,andact as the interfacebetweena repositoryor digital li-
brary and the restof the network. The repositoriesmay be simpledatabases,collec-
tionsof databases,or evenentail lower-level databasemanagementagentswith which
the primary databasemanagerinteracts.Thusthe manager’s functionsarenot simply
to querya singleexisting database,insteadthey conformto the propertiesof agency,
having multiple goals,multiple ways to achieve the goals,andso forth. Information
Gathering( 	�
 ) agentsareexpertsin particulardomains.They know aboutdatabases
(anddatabasemanagers)pertainingto their areaof expertise,or know how to locate
suchdatabases.Their taskis to plan,gatherinformation,assimilateit, andproducea
report,possiblyaccompaniedby a recommendationto theclient abouta particularac-
tion to takebasedon thegatheredinformation.The 	�
 agentspicturedin thefigureare
both expertsat collectingandassimilatingfinancialnews to build investmentprofiles
of differentcompanies.PersonalAgents( ��
 ) interfacedirectly with thehumanclient,
perhapsmodelingtheclient’s needs.Theseagentsalsodecidewith which information
specialiststo interactto solve a client’s informationneed.��
 s for a given company
may interactwith specialistsoutsideof the company, however, interactionstylesmay
differ, i.e.,differentprotocolsmaybeused,differentfeestructuresmayapply, etc.The
edgesin thefiguredenoteinteractionsbetweenagents.Wewill focusontheinteractions
andrelationshipsbetweenthe 	�
 expertfor Merrill Lynch,denoted	�
���� , andthe 	�

expertfor Schwab,andthemultiplepictured ��
 s.
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Fig.1. A Network of OrganizedInformationAgents

Agent 	�
���� is organizationallysituated.The agentbelongsto multiple different
organizationsandit hasdifferentrelationshipswith the otheragents,stemmingfrom
the differentorganizations,differentorganizationalobjectiveswithin andwithout the
organizations[5], andfrom differentrelationshipswithin theorganizations.Figure2(a)
shows 	�
 ��� ’s organizationalrelationships.It is part of the Merrill Lynch corporate
structureandthussharesthis organizationwith ��
 ���
$ and ��
 ���&% . It is alsopartof
the setof 	�
 agentsthat specializein financial informationgatheringandsharesthis
in commonwith 	�
(' . 	�
���� alsobelongsto the organizationof financial informa-
tion agentsandsharesthis in commonwith ��
*),+!-/.10 . Note,we view organizationsas
hierarchicalstructuresthat canbe specialized(i.e., subclassed).In this figure, the or-
ganizationsharedby 	�
���� and ��
2),+!-/.10 mayhave thesameroot astheorganization
sharedby 	�
���� and 	�
(' , however, the specializationsdiffer (in fact, all the agents
aremembersof a root organizationpertainingto financial informationagents).In ad-
dition to its organizationalpositioning, 	�
���� alsohasdifferentrelationshipswithin
theseorganizations.Figure2(b) shows the agent’s differentrelationships.This figure
differs from Figure2(a) in that 	�
 ��� hasa differentrelationshipwith ��
 ���
$ and
��
 ���&% . While ��
 ���
$ and ��
 ���&% arebothmembersof theMerrill Lynchorgani-
zation,��
 ���
$ representsamutualfundmanagerfrom thefundsdivisionand ��
 ���&%
represetsanindividualbrokerassociatedwith theretail division.

Oneof theissuesthatariseswhenexaminingascenariolikethis is theneedto relate
the differentmotivational factorsthat influenceagentdecisionmaking.For example,
	�
 ��� interactswith ��
 ���
$ and ��
 ���&% for cooperativereasons.In contrast,	�
 ���
interactswith ��
 )3+!-�.40 for self-interestedreasons,namelyprofit for itself, its division,
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(a) Þ�ßáà*â ’sOrganizationalMemberships
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(b) Þ�ßáà â ’s Inter-agentRelationships

Fig.2. DifferentRelationshipsComplicateAction Choice



or Merrill Lynch.Agentssituatedin open,social,environmentsinteractwith different
agents,anddifferentorganizationsof agents,for differentreasons.Theability to relate
thesedifferentmotivationsis arequisitefor theagentsto actrationally,orapproximately
so, given their social context. Without this ability, how can 	�
 ��� determinewhich
requeststo service,andin whatorder?Assumingamodelin whichagentsarerationally
bounded,tasks/requestsarrive dynamically, anddeadlinesor servicetimeson requests
are present,the agentcannotsimply perform all the tasks,but must insteadselecta
subsetof the tasksto performand thendeterminean appropriatesequencein which
to performthem.It is importantto notethat the agentdecisionprocessis contextual.
Sincetheenvironmentis dynamic,andthestateof problemsolvingchangesover time,
givena setof tasksfrom which to choose,thechoiceof which tasksareappropriateis
dependenton thecurrentsituation.For instance,if 	�
���� hasspentthe last � unitsof
timeproblemsolvingfor ��
 ���
$ , andnew requestsfrom ��
 ��� $ and ��
 ���&% arrive,
evenif ��
 ���
$ requestsgenerallytakeprecedenceover ��
 ���&% requests(asspecified
by theorganizationalstructure),it maybeappropriatefor 	�
���� to servicethe ��
 ���&%
requestbeforeservicingthe ��
 ���
$ request.

Figure3 shows 	�
 ��� ’scandidateactionsatsomepointtime,
�
. Thetasksarestruc-

tured in a TÆMS [16] network, thoughthe sum()function simply specifiesthat any
numberof the tasksmay be performedin any order. 	�
���� ’s candidatetasksinclude
servicingrequestsfrom ��
 ���
$ , ��
 ���&% , and ��
2)3+!-/.10 , aswell asdoinga local-only
task(updatingits sourcemodels).It alsohasthe option of contractingout its update
sourcestask to 	�
(' . In order to comparetheseactionsthe agentrequiresa frame-
work thatquantifiesandrelatesthe differentmotivationalreasonsfor performingpar-
ticular tasks,aswell asrelatingthecosts/benefitsof doing tasksfor others,anddoing
local work, to the costs/benefitsassociatedwith contractingout the local updatetask.
The complexity of the relationshipsthat the agenthaswith otheragentsrequiresthis
complex approachto evaluation.The rationalefor keepingthe differentmotivational
concernsseparateis that they representquantitiesthat are not interchangeable,e.g.,
progresstoward different problemsolving objectives,akin to [33]. They are not re-
ducibleat all agentsto someuniform currency andnot all quantitieshave valueto all
otheragents.For example,doingafavor for someonecannotin turnbeusedto purchase
somethingat the local store.Anotherintuitive example:work doneon one’s yardhas
no intrinsicvalueto aprofessionalpeer, unlesssaidpeeris yourneighbor. With respect
to computationalagents,partitioningof concernslike thesemapsto the balancingof
localwork with non-localwork, but alsoto thebalancingof work doneto satisfysome
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Fig.3. Þ�ß à â ’s AbstractedTaskStructure



joint goal[26,21,13,38] â¤
äã in contrastto work doneto satisfyjoint goal â}
æå . The
ideaof this researchis not wholly to partitiondifferentactivities,andtheevaluationof
their worth to theagent,but ratherto supportrangesof representations,e.g.,tasksand
actionsthathave bothself-interestedandcooperative motivations,or work relatingto
multiple differentjoint goalsheldby multiple agentsrelated,at leastpartially, through
differentorganizations.

In the sectionsthat follow we presenta model for relatingdifferentmotivational
factors,anddifferentmeasuresof progress,that enablesagentsto comparedifferent
typesof actions,and the costsand benefitsof particularcoursesof action.We then
discusstheissueof interfacingthis modelwith our existing agentcontrol technologies
andpresentideasabouthow agentswill makedecisionsbasedon this model.

2 Quantifying and Comparing Moti vations

Therearethreedifferentclassesof tasksthata sociallysituatedagent,suchas 	�
���� ,
mustreasonabout:1) tasksthatareof local concernonly anddo not have directvalue
or repercussionsin any non-localcontext; 2) tasksthatotheragentswishthelocalagent
to perform;and3) tasksthatotheragentsmayperformfor the local agent.Obviously,
therearegraduationsor tasksthat pertainto more thanoneof theseclasses.For ex-
ample,a taskmay producea result that is valuablelocally aswell ashaving valueto
anotheragent.Additionally, eachtaskmaybeperformedfor cooperativereasons,self-
interestedreasons,or rangesof these.For example,performinga taskfor anassociate
for a nominalfeemaypertainto bothcooperativeconcernsandself-interestedmotiva-
tions.It is importantto notethatevenactionsperformedfor cooperative reasonsactu-
ally have differentmotivations.For example,doinga favor for one’s superiorat work
is evaluateddifferently thandoing a favor for a peer, which is treateddifferently than
doinga favor for personsunknown,andsoforth. In orderto addresstheseconcerns,we
have developeda modelfor agentactivities thatquantifiesthesedifferentmotivational
factorsandenablesthe local agentto comparethe factorsvia a multi-attributedutility
function.Definitions:

Agentsareautonomous,heterogenous,persistent,computingentitiesthathavetheabil-
ity to choosewhich taskson which to operate,andwhento performthem.2 Agentsare
alsorationallybounded,resourcebounded,andhavelimited knowledgeof otheragents.
Agents:

– Canperformtaskslocally if they havesufficient resources.
– Interactthroughcommunicationwith other agentsto perform tasks.For presen-

tationclarity, we will castdiscussionin termsof two basicinteractionmodels:the
localagentaskingotheragentsto performtasks,or thelocalagentperformingtasks
for otheragents.

– Agentsinteractvia multipledifferentmediumsof exchangeknown asmotivational
quantities( �èç s) that are producedby performingtasks,i.e., a given agenthas

2 This is by nomeanstheonly definitionof agency [25,28,12,38,31,23,18,44].
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a setof �èç s that it accumulatesandexchangeswith otheragents,asshown in
Figure4(a).3

– Not all agentshave the same�èç set.However, for two agentsto interact,they
musthave at leastone �èç in common(or have the meansfor forming an �èç
dynamically).

– For each�èç�� belongingto anagent,it hasapreferencefunctionor utility curve4,�����
, thatdescribesits preferencefor a particularquantityof the �èç , i.e., �}�èçC���  ������¡{¢

suchthat
�*�£��¡ �èç�� ¢¥¤¦ � � where

� � is theutility associatedwith �èç��
andis not directly interchangeablewith

�,§
unless̈ª©¬« . Dif ferentagentsmay

havedifferentpreferencesfor thesame�èçC� .
– An agent’s overall utility at any given momentin time is a function of its differ-

ent utilities:
�*­¯® .�° +±©³² ¡´� �£� �µ§ � �*¶ �¸·�· ¢ , asshown in Figure4(b). We make no

assumptionsaboutthe propertiesof ² ¡{¢ , only that it enablesagentsto determine
preferenceor dominancebetweentwo differentagentstateswith respectto �èç s.

– For simplicity of presentation,let us assumethat ² ¡t¢ is not a multi-variateutility
function and insteadthat for each

� � thereis an associatedfunction ¹ � ¡t¢ 5 that
translates�èç specificutility into theagent’sgeneralutility type,i.e., � � �£�   ¹º� ¡{¢
suchthat ¹º� ¡´� � ¢»¤¦ �*­¯® .�° + . Thus

��­¯® .�°	+ maytake theform of Equation1.6

� ­¯® .�°	+ ©
°¼
��½¿¾ ¹ �

¡´� � ¢ (1)

3 If agentsare allowed to contractwith other agentsvia a proxy agent,and the proxy agent
translatesfhg s of onetypeto another, it is possiblefor theagentsto beviewedassharinga
common fhg . However, this is limited by theavailability of fÀg s of thepropertype. If we
ignorethe issueof fhg quantity, thegeneralissueof reducibility of fhg s via proxy canbe
viewedasagraphconnectivity problem.

4 We currentlyview theseascontinuousfunctionsbut areexploring thepossibleneedfor step-
wiseutility functionsthatdescribe“saving-up” for a potentialfutureevent.

5 Astutereaderswill notethat ÁÃÂ�ÄkÅ couldbecombinedwith Æ�Ç � ÄkÅ . We partitiontheseconcerns
to provide separateplacesfor mappingdifferentorganizationalandrelationship-centeredin-
fluences.

6 This simplemodelassumesthatall utilities associatedwith differentmotivationalquantities
can be mappedto a commondenominatorat the agent.This doesnot meanthat the same
mappingis possibleat all agents,nor do we feel this propertyis necessaryfor themodel.It is
intendedto simplify presentationandmodelmanipulationat this time.



– Changein agentutility, denotedÈ ��­�® .£° + , is computedthroughchangesto the in-
dividualutilities,

� �£� �,§ , etc.Let
� � denotetheutility associatedwith �èçC� before

the quantityof the �èç changes(e.g.,asthe resultof taskperformance).Let
�ÊÉ�

denotetheutility associatedwith thechanged�èç quantity. Thechangein overall
utility to theagent,in thissimplifiedmodel,is expressedin Equation2.

È � ­�® .£° + ©ÌË
°¼
��½¿¾ ¹ �

¡´� É� ¢ºÍ ¹ � ¡´� � ¢ Ë (2)

Tasksareabstractionsof theprimitive actionsthat theagentmaycarryout.We return
to theissueof abstractionin Section4. Tasks:

– Requiresometimeor durationto execute,denotedÎÏ� .
– May have deadlines,ÎÑÐÓÒEÎÏÔÕ¨¶�ÃÐ � , for taskperformancebeyondwhich performance

of saidtaskyieldsno usefulresults.(This couldalsobedefinedvia a functionthat
describesagradualdecreasein utility as ÎÏÐÓÒEÎÑÔk¨6�ÃÐ � passes.)

– May have start times, Ö � ÒÏ× � � , for taskperformancebeforewhich performanceof
said taskyields no useful results.(This could alsobe definedvia a function that
describesagradualincreasein utility as Ö � ÒÏ× � � approaches.)

– Producesomequantityof oneormore �èç s,calledanMQproductionset( �èç���Ø ),
andis denotedby: �èç���Ø¿�kÙ § Ù ¶ ©ÛÚÝÜÞ���ßÜ § �ßÜ ¶ �Þ·�·
à , where�á¨â�,ÜÞ�äãæå . Thesequanti-
tiesarepositiveandreflectthebenefitderivedfrom performingthetask.They may
be the directoutcomeof performingthe task,i.e., someresultproducedby doing
theactualwork, or they maybequantitiesthatanotheragentis payingfor thework
to beperformed.In this model,thetwo areequivalent.

– Tasksmayhavemultiple �èç productionsets;thatis agiventaskmayproducedif-
ferentgroupsof �èç s.Thismodelstheideathatagentsmayinteractwith multiple
differentmediums-of-exchange.For instance,agent	�
 ��� mayservicea request
for agent 	�
 ' in returnfor somefinancialcompensation,or by 	�
 ' “calling-in”
a favor, or for somecombinationof these.The multiple �èç productionsetsare
represented:Ún�èç���Ø �ÕÙ § � �èç���Øáç Ù è �X·�·
àé©êÚ±ÚÝÜ � �ßÜ § àÑ�ëÚÝÜÞç��ßÜ è àÏ�ì·�·�à . Note that
�èçCí±î �èçCï may ð©òñ asdifferent �èç���Ø setsmayhavecommonmembers.To
simplify presentation,we concentrateon tasksthathave a single �èç���Ø , though
we returnto theissueof different �èç���Ø in Section3.7

– Akin to the �èç���Ø , tasksmayalsoconsumequantitiesof �èç s.Thespecification
of the �èç s consumedby a task is called an MQ consumptionset and denoted
�èç�óCØ¿�kÙ § Ù ¶ ©ôÚÓÜÞ���ßÜ § �âÜ ¶ �õ·�·�à , where �á¨â�öÜÞ�Êãéå . As with �èç���Ø s, a taskmay
have multiple �èç�óCØ sets.Consumptionsetsmodelthe ideaof tasksconsuming
resources,taskshinderingprogresstowardsomeobjective,andagentscontracting
work out to otheragents,e.g.,payinganotheragentto producesomedesiredresult
or anotheragentaccumulatingfavorsor goodwill astheresultof taskperformance.
In contrastto productionsets,consumptionsetsarethenegativesideof performing
a particulartask.

7 The issueof which fÀgX÷Xø from the candidatesetswill pertainto a given transactioncan
be viewed asan issuefor explicit negotiationbetweenagents[20,7], or asa dynamicagent
choiceproblem[40].



ù,úõûõüõý þ ý ÿ��

��� � � � � ���

	�
���
�� � � ���

��� � � � � ���

�
�������

 "!#"$

Fig.5. MotivationalQuantitiesandUtility

– All quantities,e.g., Î � , �èç���Ø , �èç�óCØ , areviewedfrom anexpectedvaluestand-
point.We returnto theissueof uncertaintyin Section5.

To illustrate,Figure5 shows a singleutility curve for a single �èç . Assumesome
task, % , produces& amountof �èç � . The agentreasonsabout task performance,
and the utility thereof,by comparingthe changein

� � associatedwith the change
in �èç � that performing % will produce.If this is the only task being considered,
È � ­¯® .�° + © È � � .

Figure6 illustratesthemodel’sapplicationto thetaskstructureof 	�
���� picturedin
Figure3. Thedifferentproblemsolvingoptionsavailableto 	�
 ��� are:1) performing
task %('*)*+-,�. for ��
 ���&% ; 2) performingtask %�'/)*021436587 for ��
 )3+!-/.10 ; 3) performingits
localupdatetask,% �:9<; ­ ç ; 4) contractingits localupdatetaskout to 	�
 ' , representedas%�=6>@? . Recallthat 	�
 ��� hasdifferentrelationshipswith ��
 ���&% , ��
 )3+!-/.10 , and 	�
 ' .
As shown in Figure4(a),theagents’differentrelationshipstranslateinto different �èç s
with whichthey interact.	�
���� servicesrequestsfrom ��
 ���&% for cooperativereasons
– it is partof 	�
���� ’s job descriptionandit is recordedasaninter-company transaction
for reportingpurposes.Thismotivationisexpressedas �èç����&% in 	�
���� ’s �èç���Ø . In
contrast,	�
���� hasaverydifferentrelationshipwith 	�
(' – perthetwoagents’�èç���Ø
sets,they mayinteractvia currency ( �èçBA ) or via an �èç basedonprofessionalfavors,
classifiedas �èç(' . 	�
���� hasstill anotherrelationshipwith ��
*),+!-/.10 andthey interact
via currency only. To comparethe differentcandidatetasks,	�
���� reasonsaboutthe
positive/negativechangesin utility thatresultfrom carryingout thetasks.For example,
to compare% �:9<; ­ ç , %('*)*+-,�. , and %�'/)*021436587 (assumingthesinglevaluedutility mapping
shown in Equation1):

1. For % '*) +-,�. : 1) Thetaskconsumesa local resource
�DC $ , e.g.,monthlyallotment

of pppconnectiontime. Therefore,computethe negative changein
�EC $ thatwill

resultfrom theperformanceof % '*) +F,�. ; 2) computethepositive changein
� ����%

thatis producedby performingthetaskfor ��
 ���&% (i.e.,theincreasein �èç ����% );
3)
� É­¯® .�°	+8GIH 58JLKM7 �ONQP +-,�. © ¹ ¡t� ÉC $ ¢SR ¹ ¡´� É���&% ¢ .

2. For % '*)*0T1U365I7 : 1) computethe negative changein
�DC % , another(different) local

resourcethat is consumedby % '*)*0T1U365I7 ; 2) computethepositivechangein
� A that

is producedby performingthetaskfor ��
*),+!-/.10 (i.e., themonetarypaymentfrom
��
2)3+!-�.40 to 	�
���� ); 3)

� É­¯® .�° +8GVH 5IJ�KM7 �UNMP WYX 0T143<5I7 © ¹ ¡´� ÉC % ¢ZR ¹ ¡´� ÉA ¢ .
3. For %}�:9<; ­ ç : 1) computethepositivechangein

� � producedby theperformanceof
task %}�:9[; ­ ç ; 2)

� É­�® .£° + GIH 58JLKM7 �ONQP , N H KQ\ © ¹ ¡t� É� ¢ .
4. To selectbetweenthethree,simply choosewhichever hasthehighestgain in util-

ity for theagent.For example,if
��­¯® .�°	+ GIH 58JLKM7 �ONQP , N H KQ\ ã ��­¯® .�°	+ GIH 58JLKM7 �ONQP WYX 0T1U365I7 and
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Fig.6. ComparingDifferentCandidateTasks

��­¯® .�°	+ GIH 58JLKM7 �ONQP , N H KQ\ ã ��­¯® .�° + GVH 5IJ�KQ7 �ONQP +-,�. then perform the local action. In other
words,if thegainin utility achievedby performing %}�:9<; ­ ç exceedstheutility pro-
ducedby performing%('*)*+-,�. , evenwhenconsideringtheresourcecostof %('*)*+-,�.
(notethat

� ÉC $ is lessthan
� C $ in Figure6), thenit is preferableto perform % �:9<; ­ ç .

Likewisewith %('*) 0T1U365I7 .
If the agent’s objective is to simply selectwhich task to performnext, and tasks

do not haveassociateddeadlines,andthepresentandfuturevalueof �èç sareequiva-
lent,thenit canreasonusingthemaximumexpectedutility principleandselectthetask
at eachpoint thatmaximizesimmediateutility. However, this simplechoose-between-
available-tasksmodeldoesnot mapwell to situationsin which taskshavedeadlines,or
even situationswith a temporalcomponent.For example,considerchoosingbetween% �ñ9[; ­ ç and %(=6>Ù? : if ¹ ¡´� É� ¢ ã ¹ ¡´� É' ¢òR ¹ ¡´� É� ¢ thenperformthe tasklocally, oth-
erwise,contractit out. In this case,¹ ¡t� É' ¢ , which is the costof having 	�
 ' perform
thetaskfor 	�
 ��� , mustbezeroin orderfor 	�
 ��� to considerallocatingthe taskto
	�
 ' . In orderto properlyassessthevalueof suchanarrangement,theagentsneedto
usethemodelpresentedin this sectionfor comparisons,but, to addcomponentssuch
asopportunitycostor future valueto theselection/ decisionprocess.We returnto this
issuein Section5.

In thissectionwehavepresentedamodelfor comparingtasksthataremotivatedby
differentfactors.Themodelcansupportcomparisonbetweentasksthatareperformed
for otheragentsin returnfor financialgainto tasksthatareperformedfor otheragents
for cooperativereasons.Via thedifferentpreferencesfor thedifferentquantities,agent
controlcanbemodulatedandagentscanreasonaboutmixturesof differenttasktypes
anddifferentmotivations.For example,asociallysituatedagentcanreasonaboutdoing
work in exchangefor money aswell asprogresstowardorganizationalobjectivesor the
accumulationof goodwill, favors,andothernon-currency exchanges.Theuseof statein
themodelalsofacilitatescontextually dependentbehaviorsor adjustmentsto behaviors
over time. Agent ó performingcooperative work with a closely allied agent, ô , for
instance,mayneedtobalancethisworkwith cooperativework with othersovertime.Asó accumulatesgoodwill (representedasone �èç ) with ô , its preferencemayshift to the
accumulationof other �èç s.Theuseof utility for this applicationis flexible andvery
general,thoughto effectively usethemodelwemustaddresshow to meaningfullyplan



andreasonwith themodelandhow to integrateit into existingagentcontroltechnology.
We returnto theseissuesin Sections4 and5.

3 Incorporating OrganizationalStructure and Influence
The �èç modelenablesthedirectcomparisonof work motivatedby varietyof differ-
entsources,andit supportsrangesof these.Themodelalsosupportstheintegrationof
certainclassesof organizationallyderivedinfluenceandstructure.For instance,organi-
zationalrelationshipscanbeassociatedwith particular �èç s, i.e., agentsbelongingto
a particularorganizationandinteractingfor a particularorganizationalgoal cantrack
their contributionsandjoint progress(eitherby communicationor by observation)to-
wardthegoalusingan �èç explicitly for thatpurpose.Usingthesamemeans,agents
canreasonabouttheir progresstowardmultiple differentgoalsheldby differentorga-
nizations.

The selectionof different �èç���Ø and �èç±óCØ is anotherplacewhereorganiza-
tional structureintegrateswith the model.Organizationsmay have relationshipswith
eachotherandthis canbe mappedinto the selectionof �èç s in particular �èç���Ø /
�èç�óCØ sets.For instance,if organizationó relatedto organizationô in sucha way
thatmembersof ó arewilling to coordinatein a cooperative fashion,thoughto a lim-
ited extent,with membersof ô , agentsbelongingto ó canexchange�èç¤ã aswell as
�èçäã å . Thenotionof “limited extent” in theprevioussentencepointsto anotherplace
whereorganizationalstructuremapsinto the �èç -centricmodel;thepreferencefunc-
tionsor utility curvesof theagentreflecttherelative importanceof particulartypesof
problemsolvingactivities to theagent.For example,a typeof problemsolvingthat is
very importantto theagentwill havea steeputility curverelative to its otherconcerns;
thisapproachalsopertainsto powerrelationshipsbetweenagents.Organizationalinflu-
encesandrelationshipscanalsobemappedto ² , or to the ¹ functionsusedin theutility
mappingof Equation1.

Organizationalstructureimposedonthecomputationalsocomesinto playin theini-
tial assignmentof ÜÞ� ’s (quantitiesof �èç s) to agents.Notethatsincework is produced
over time, the systemis not a zero sumgame, but insteadis a growing economy. The
initial allocationof �èç s to agentspredisposesthe systemto initialize in a particular
way andbiasesthe flow of the distributedcomputation,as in [33]. Agent communi-
cationalsohasrolesin this model.Negotiation[20,30,7] betweenagentscanbeused
to selectwhich �èç s, from a setof candidate�èç���Ø / �èç�óCØ , will be usedfor a
given exchangeor producedby a given taskexecution.Negotiationcanalsobe used
to determinethe “price” (in �èç s) or quantity that a particulartransactionwill pro-
duce.Auctionsor othermarketmechanisms[43,9,6] canbeintegratedwith themodel
throughthis avenue.

4 Integration with DetailedAgent Control

The �èç modelis deliberatelyabstractto simplify control reasoningat themeso-level
of agentcontrol[34]8, i.e.,thecomputationalorganizationallevel ratherthanthemicro-
level.While it couldbeuseddirectlyatthemicro-levelof agentcontrol,theagentwould

8 Wearecurrentlyexploring therelationshipbetweenthemeso-level andthesocial-level [24].



beunableto reasonaboutawideclassof issuesthatareimportantfor sociallysituated,
resourcebounded,agents.Themodellacksfeaturessuchasexplicit representationand
quantificationof interactions9 betweentasksand a detailedview of the actionsthat
may be usedto carry out the tasks.We generallysubscribeto a modelwhereagents
have alternative ways to performtasks(or achieve goals),and that part of the agent
controlproblemis to evaluatethedifferentpossiblewaysto performa task,takinginto
considerationthe differenttrade-offs or performancecharacteristics,andto selectone
or more from the setof alternatives.Additionally, detailedandcomplex interactions
betweenagentactivities, suchaschainsof interactions,motivatedetailedcoordination
betweenagents.This detailed,quantitative, temporal,constraintandinteractionbased
view of the world is embodiedby researchin TÆMS [17], Design-to-Criteria(DTC)
[41,39] agentscheduling,andGPGP[16] agentcoordination.

Theexistenceof suchsophisticated,quantitative,machineryfor agentcontrolbegs
the questionof why the �èç -centeredmodel is necessary. The detailedtechnologies
arewell suitedto representationandcontrolataparticularlevel of detail(micro-level).
However, TÆMSis designedto representaquantifiedview of theproblemsolvingpro-
cessof an agent– it doesnot lend itself to organizationallevel issuesin its current
form. EnhancingTÆMS for organizationallevel applicationmaybe possible,though
becausetheclassof issuesis inherentlydifferentat theorganizationallevel, webelieve
a new structurecoupledwith a new reasoningprocessis appropriate.The integration
of theorganizationallycentered�èç framework with thedetailedtoolsis akin to other
recentwork in integratingprocess-programcontrollers[27] andopeningthe detailed
toolsfor usewith BDI problemsolvers[8, 35] andothers[42,29]. Thegeneralview is
thatthehigher-level componentsareresponsiblefor influencingtheselectionof candi-
datetasksfor theagent,while thedetailedtools(GPGP/DTC)reasonaboutsatisficing,
real-time,detailed,temporalcontrolor implementationof theselectedtasksandgoals.
Spaceprecludesa detaileddiscussion,moreinformationis availablein [39].

5 Conclusionand Future Dir ections

The modelpresentedhereis currentlyunderdevelopmentandintegration.Recentex-
tensions[39] includetheadditionof multiplealternativeperformanceprofilesfor �èç
tasksandsupportfor anapproximate�èç schedulingprocess.Theschedulingprocess
[39] includesfacetsthatfactor-in thefuturevalueof �èç s,temporalissues,andoppor-
tunity costs.The potentialimportanceof future valueis illustratedin tit-for-tat agent
coordination[36] andothercooperative games[32]. Opportunitycostplaysa role in
taskselection,aswell astheevaluationof long-termcontracts[30] andnegotiation[20,
7] over the terms(time and �èç±Ö ) of saidcontracts.Reasoningaboutdecommitment
penaltiesor costs[1] alsofactorsinto themodelat this level.

Regardlessof the underlyingschedulingtechnology, the modelstandson its own
meritsasa way to quantify andrelateheretounrelatedconcernslike cooperative and
self-interestedmotivationalfactors.Usingthemodel,agentscanreasonaboutdifferent

9 However, we areconsideringcertainclassesof interactionmodelingat this level; the issueis
expressivenessversustractability.



concernslike self-interest,favors,altruismandsocialwelfare[14]10. The modelalso
framestheproblemof balancingthesedifferentmotivations,aswell asbalancingwork
betweendifferentorganizationalentities,the individual andthe community[24], and
balancingdifferentagentrelationships.It is importantto note,however, thatthemodel
requiresdetailedinformationabouttasks,organizationalgoals, �èç�Ö , and the utility
functionsof eachindividualagent.Certainclassesof this informationcouldbelearned
thoughin thegeneralcasethis fallson thedesigner(s)of themulti-agentsystem.Obvi-
ously, designprinciplesthatguidesucha processaredesirable.

While the �èç model is relatedto researchin social welfare,utility, andchoice
[22,14,4,7], the modeldiffers in its useof a local, state-based(contextual), view of
thelargerorganizationalissues.In the �èç framework, agentsreasonabouttheutility
of particularactionsbasedon their local view of organizationalobjectivesexpressed
via �èç s andutility functions.Inherentin theframework aretheassumptionsthat:1)
agentshaveimperfectknowledgeof theproblemsolvingtakingplaceatotheragents;2)
theutility functionof a givenagentcannotgenerallybesharedandcomputedby other
agentsbecauseit is dependenton the agent’s problemsolving state;11 3) globally ap-
propriatebehavior canbeapproximatedthroughlocal reasoningin thespirit of [10]. In
this lattercase,theprecisionof theapproximationis dependenton thedegreeto which
agentscancommunicateor observeproblemsolvingtowardorganizationalobjectives.
Distinctionsmade,thereis arelationshipbetweenthemodelandresearchin socialwel-
fare,utility, andchoice.In a sense,�èç smight beusedto approximateandimplement
socialutility functionsin multi-agentsystemspopulatedby complex problemsolvers.
It might alsobereasonableto combinethetechnologiesonline,whereformal views of
socialutility areusedto determine�èç allocationsand �èç utility functions,or where
socialutility is usedin theorganizationaldesignphaseto weightorganizationalobjec-
tivesfor the �èç level. Therearealsoimportantempiricallessonsthatcanbe learned
from thelargebodyof researchin socialutility andsocialwelfare.

The model also relatesto other recentwork in the multi-agentcommunity, such
asagentsinteractingvia obligations[2], or notionsof socialcommitment[11], but it
differs in its quantificationof differentconcernsandits dynamic,contextual, relative,
evaluationof these.The model resemblesMarCon [33] as the different degrees-of-
satisfactionaffordedby the �èç modelis relatedto MarCon’s constraintoptimization
approach,andMarContoo dealswith utilities/motivationsthatcannotalwaysbecom-
mingled.MarCon,however, views constraintsasagents,assigningparticularrolesto
particularagents,andtheissueof which tasksto performdo notenterinto theproblem
space.

10 All mappedto different fÀg sor groupsof fÀg s.However, theissueof how to specifysystem-
wide goal criteria,or organizational-level goals,that characterizeacceptablerangesof these
mustalsobeaddressedtoemploy fhg sto conceptslikesocialwelfarein ameaningfulfashion.

11 To sharesuch a function requiresfull exchangeof the agent’s knowledge structuresand
its objectivesand that the receiving agentengagein the same(generally)exponentialplan-
ning/schedulingcomputationthatthesendingagentusesto decideon its courseof action(and
thatthereceiver thusdoesthis for everyagentwith which it interacts).In otherwords,wetake
theview that thecomputationof theutility thata differentagentassociateswith a particular
taskis not generallyfeasiblein complex real-timeresource-boundedproblemsolvingagents
(therearealsoobviousissuesof privacy andheterogeneity).



Evaluationof the �èç framework hastwo facets:modelingandscheduling.Eval-
uatingthe schedulingof �èç s is straightforward.Thoughnot generallytractable,the
spaceof possible�èç schedulescanbe producedexhaustively andthe outputof any
approximate�èç schedulingprocesscanbedirectlycomparedto theprovablyoptimal
solution.Evaluatingthe modelingaspectsof the �èç framework is moresubjective.
Thequestionsthatmustbeansweredare1) doesthemodelexpressdesiredsituations,
2) doesreasoningwith themodelenabletheagentto actappropriatelygiventhesitua-
tion describedin themodel.If weassumenocalculationerrorsin computingutilities for
�èç tasks,casetwo reducesto caseone.Therealquestionis whetheror not themodel
mapswell to the situationsfor which it wasdesigned.Becauseof the model’s some-
whatuniqueintegrationof localcontrolcombinedwith temporalconstraintsandutility,
it is difficult to compareit directly to otherwork in socialchoice.We arecurrentlyex-
perimentingwith therepresentationalstrengthof themodel.Preliminaryresultscanbe
foundin [39].

Many other researchquestionsremain.Aside from the obvious (and deliberate)
lack of prescriptive semanticsfor the model,oneof the outstandingissuesis how to
bestleveragethe model from a decisionmaking standpoint,i.e., how to incorporate
the model into a high-level decisionprocessthat canthenbe integratedwith the rest
of our agentcontrol technologyasdiscussedin Section4. Anotherobviousquestionis
how to translateorganizationalgoalsandobjectivesinto �èç allocations,assignments
of �èç�óCØ/õ_�èç���Ø , andlocal agentutility curves.Currently, this processis beingex-
ploredby hand,thoughanautomatedorganizationaldesignprocess[3] is a futurepos-
sibility oncetheissuesarebetterunderstood.In termsof limitations,theprimaryissue
is therelative“youth” of the �èç framework.While thelocal,state-basedview appears
appropriatefor certainclassesof agentcontrol, it hasyet to be employed in a wide
rangeof projectsandsituations.
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In N.R. JenningsandY. Lesṕerance,editors,IntelligentAgentsVI — Proc.of theSixthIntl.
WorkshoponAgentTheories,Architectures,andLanguages(ATAL-99), LectureNotesin AI.
Springer-Verlag,Berlin, 2000. In this volume.

5. JonathanBoswell. SocialandBusinessEnterprises. GeorgeAllen & Unwin Ltd., London,
England,1976.

6. CraigBoutlier, Yoav Shoham,andMichaelP. Wellman.EconomicPrinciplesof Multi-Agent
Systems.Artificial Intelligence, 1-2(1-6),1997.

7. Sviatoslav Brainov. The role andthe impactof preferenceson multiagentinteraction. In
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