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ABSTRACT

A classificationof constraintsis proposedthat representsiot
only the individual and negotiated decisionsof multiple agents
asconstraintshut alsothe exceptionsthat canoccurat execution
time. A designof anexceptionmechanisnis thenproposedased
on task-erironmentconstraints.This mechanisms composedf
aninformative anda normative componentTheinformative com-
ponentfunctionsto updatethe beliefsof agentsaboutpossibleex-
ceptionsduringthe negotiationor executionstagef ajoint activ-
ity. The normatve componentpn the otherhand,placesrequire-
mentson the agentto reasonaboutsuchexceptions. The interac-
tion of suchaninformative mechanisnon abatgainingmechanism
is elaboratedn thispaper A simpleadditve modelof futureevents
is assumedo reasonablymodelthis information. Differentagent
bagaining strategjies, characterizeds different attitudestowards
the original constraintsof the local problemgiven this belief, are
thenevaluatedfor a concessiorsolver in analternatingsequential
protocol.

1. INTRODUCTION

The problem of concernis how autonomouscomputa-
tional agents,in a multi-agentsystem(MAS), canreason
andagreeon contractswvhenthereareinsecuritiesnvolved
in both the processe®f negotiating and executinga con-
tract. Thetype of nggotiationof interestfor usis baigaining
betweerabuyerandasellerfor aservice[6]. Bargaining,in
contrastto other cooperatie coordinationmechanismsn-
volvesresolutionof conflicting prefelenceshetweenselfish
agentwherelittle or noinformationis sharedandthereis no
objectively correctsolution[24, 28]. This bamgainingprob-
lem belongsto the classof problemswherethe objectie of
eachagentis to maximizeits profit subjectto somebud-
getarylimits, asubclas®f thegeneraproblemof constraint
satishction. To solwe this type of problemboth operation
researclandAl have proposedtonstrainsolversfor agiven
domainof the constraint(CSPalgorithmsof Al and Inte-
gerProgrammingechnique®f OR for discreteconstraints,
or continuousoptimizationtechniquedor real valuedcon-
straints). In this paperthe local problemof an agentis as-
sumedto be definedin the pre-ngotiationphasewherede-
cisionvariablesdescribinga serviceandtheir preferredsat-

isfactionconstraintareenumeratedThesolutionto thislo-
cal problemis thenviewedasan optimizationproblemcon-
strainedby a multi-dimensionalsystem,ratherthan just a
singleconstrainof a pricebudget. The negotiationproblem
is thenviewedasa distributedconstrainptimizationprob-
lem wherea setof variablesdescribinga serviceareshared
amonga setof agentq27, 1]. However, becausdhereare
dependenciemmongvariablevalueshenthelocal optimiza-
tion processneedsto simultaneouslysatisfy both the local
andinteractionconstraintssincethe joint solutionrequires
the inclusionsof other agents’optimizationchoices. The
solutionto this distributedoptimizationproblemis whatwe
call acontract.Theexecutionproblemin turnis viewedasa
commitmenfproblemwhenagreedo contract(or solutions)
in the negotiationphasesnustbe honored.In this paperwe
motivate the view that commitmentsare also, like domain
and interactionvariables,constraintsover choicesand ac-
tions.

The contrikution of this work are: i) ataxonomyof con-
strainttypes,that canbe instantiatecat the pre-negjotiation,
negotiation and executionstagesof a joint actiity, ii) use
of this taxonomyto modelanintegratedcontractingsystem
that betterdescribeghe mechanismsthe (typesand num-
ber of) constraintshey handleand the stagesof the activ-
ity they operateandiii) a designproposalfor anexception
mechanisnfor selfishagentsthat handletask-enironment
constraintandshow theinteractionof this mechanisnwith
a bamgainingmechanisnwhereagentsform their stratejies
givenbeliefsderivedfrom suchanexceptionmechanism.

The structureof the paperis asfollows. Section2 briefly
motivatesthe rationalesfor the approach.This is followed
by anin-depthenumeratiorof threestagef ajoint activity
in section3. Constrainttypesarethenidentifiedand clas-
sified for eachof thesestagesn section4. An illustrative
exampleis thengivenin section5 to demonstrateoncepts
from the proceedingsections.A preliminarymodelof con-
straintreasoninggivenonly oneinformative componenof
themechanismis thenpresente@ndevaluatedn thepenul-
timate section6. Finally, the conclusionsreachedandthe
futurework areenumerateéh section?.



<. IRAE RATIONALE

Most coordination models only partially solve the
overall problem of how agentsform and execute solu-
tionsGenerally in socialsystemshereis often a chainof
interdependentlecisionsandactions(local and/orsocial)at
every stageof a collaboratie actiity, from preparingto en-
ter negotiation, negotiating,and executingthe agreedsolu-
tion/contractwhereactions/outcomes one stagestrongly
influence/constraithenext. Theapproachakenhereviews
different collaboratve problem solving task as composed
of a numberof differenttypesof constraints(suchas do-
main,interactionrandcommitmentonstraintsgachhandled
by differentsetof mechanism(decision,coordinationand
executionmechanismgespectiely) occurring at different
stagesof a collaboratve activity (pre-neyotiation, negotia-
tion and executionrespectiely). Underthis view different
agentarchitecturesnegotiationand commitmentprotocols
canbe seenasproposaldor mechanismshathandlediffer-
enttypesof constraints.However, they often operateinde-
pendentlyat differentstagesof a collaboratve task. Yet a
satishctorysolutionmustaccountfor all, andnotjust parts,
of this overall coordinationproblem. In this paperwe want
to motivate the position that constraints,and mechanisms
that modelthem, can represent unified modeling frame-
work for the generalproblemof multi-agentcoordination
for not only negotiation ([26, 1]), but also execution. Ef-
forts have beenmadeto make the negotiationandtheexecu-
tion phaseslependentfor example,in SandholmsLeveled
CommitmentProtocolagentseasoraboutdecommiting at
eithernegotiationor executiontime, on the agreedoutcome
at negotiation[20]. Reputationandtrust systemsalso per
form this “interconnection”role throughproviding histori-
cal feedbackinformation to earlier stagesin collaboratie
problemsolvingthatconstrainchoices.

We acknavledge another class of feedback systems,
closelyrelatedto reputatiorandtrustsystemswhichwecall
exceptionsystemghatfunctionto provide feedbaclstatein-
formationto earlierstage®f collaboratve problemsolving.
This information systemcan then be usedstrateically by
agentdo reasoraboutall the stageof a collaboratie prob-
lem solving. This mechanismsnakes dependentthrough
agentsreasoninghotthe executionoutcomeon negotiation
outcomehut ratherthenggotiationoutcome®ninformation
aboutlikelihoodof possiblefuture statesof theworld based
on previous executions? This informationis derived from
the obsened de-commitmentgncountereahot only during
contractexecution,but also contractformation stages.We
male a further restrictionthat de-commitmentsre dueto
unintentionalcausesand broughtaboutthrougha limiting
ervironmentcalledthe task-enironmentconstraintthat oc-
curin negotiation/execution.Thesestagef ajoint activity
aredescribedelow.

1The problemcanalsobe statedasa planningproblemwherecontracts
areviewed equialentto plans[5, 8]

2Thisis motivatedby realworld contractsvhereagentsdo noton priori
basispropose‘unsignable”contractsgiven that certainstatesof the world
is likely to hold.
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Figure 1: ProblemSolving Stages

3. STAGESOF JOINT ACTIVITIES

Any collaboratve activities canbe usefullyclassifiednto
the following three stages: i) pre-interaction: a knowl-
edgeproblem,ii) interaction: gaming problem, iii) post-
interaction: commitmentproblem. Thesestagesarerepre-
sentedfor two agents(agenti and j) in figure 1. Boxes,
ovalsandlinks represenprocessegsvolvedin negotiation,
dataandinformationflow respectiely. Thelocal problem
of the agentis definedin the pre-interactiorphase(or pre-
negotiation when the collaboratve actvity is negotiation).
This stageof the collaboratve actvity canbeinformally de-
fined asthe stagewherethe agent‘gets to know itself and
whatit wants”. More precisely in a serviceorientednego-
tiation this stageof the probleminvolvesagentgbuyersand
sellers)definingthe feasiblesetfrom a setof decisionvari-
ablesgiventhe domainconstraints Thefeasiblesetdefines
whatis possible(or individually rational) beforethe stage
of what is achiezable in interaction(or socially rational)
[2]. Next, becausalecisionsof agentsinteractthenlocally
generatedsolution(s)needto be exchangedetweenthose
agentswhosechoicesexhibit interdependencconstraints.
If the local assignment®f valuesto the decisionproblem
is inconsistentvith ann agentassignmentequirementhen
agentseedto negotiateto solvethis conflictproblem.Once
the problemof finding a globally consistentissignmenhas
beensolved multi-laterally the problemis thentransformed
to ensuringall agentshonourtheir commitmentsat execu-
tion time.

Sectionsbelowv expandon eachof the above stages.

3.1 THE PRE-NEGOTIATION PROBLEM

Thepre-ngotiation,or non-interactve, stageof the prob-
lem of the agentis a knowledgeproblem. At this stagethe
agentattemptgto not only defineits local problem,but may
also attemptto solwe it independentlyof interactionswith
otheragents. A local solutionis locally consistenissign-
mentof valuesto a setof decisionvariablethatsatisfysome
setof constraintsLet j(j € {a,b}) represenanagent.Let
I = {i],...,i} representhe local n dimensionaldeci-



sion variables,or iIssues,of agenty. In a serviceoriented
negotiationwe restrictourselhesto the problemswyhereboth
the set and ontology of the decisionvariablesare shared
amongthe agents. Thatis I® = I°, in both setmembers
andontology Although the assumptiorof a sharedontol-
ogy is not necessaryor the modelit is sufficient to sim-
plify the coordinationproblem. The assumptiorthat deci-
sion variablesare sharedobjectsin negotiationis, on the
otherhand,essentiafor thetypeof negotiationswe consider
whichrequireagentgo reasoraboutasharedsetof decision
variables.This preferencédasedbarmgaining)modelis con-
trastedwith persuasionargumentation24, 11, 15|, or in-
formationbasedmodelsand protocolsof coordinationthat
do notrequirea shareddecisionvariablesets.Furthermore,
letC) = {c,...,c} beasetof I dimensionakonstraints
of agentj for eachissuei.

Thelocal decisionproblemof anagents thendefinedby
thefunction f(X7) thatprefeentially satisfiesa setof con-
straintsC’ of a setof issuesI?. X7 is interpretedasthe
mostpreferredlocal solutionor an assignmenbf valuesto
eachissue(Vi/ € I7) thatis consistentith the setof con-
straintsfor eachvariableC” for agentj. This constrainsat-
isfactionproblemis similar to the constrainedptimization
problemof aneconomicagent.Theproblemof aneconomic
agentis definedby the following steps. First stepinvolves
deriving the feasible(FS), or attainable setfrom the deci-
sion variables. The valuesof the decisionvariablesmust
satisfythe constraintplacedthroughthe existenceof alim-
ited resource. The derived FS canbe either continuousor
discrete. Note, that only technicaland non-preferentiain-
formationis requiredto determineFS. The secondstepis
defininga criteriafunction (profit, cost,etc.) which suitably
reflectsthe preferencesf the agentby associatingqiumbers
to elementsin the feasibleset. Finally, a solutionto this
problemis soughtthatoptimizesthe criteria function (find-
ing thebestpointin the FS) usingsomemathematicatech-
nique (e.g Simplex [3]). Notethatto computeX anagent
is assumedo know two aspectof the problem:i) adeclar
ative aspectof how to representts preferencesver mem-
bersof the FS andii) the proceduralone of how to solve
its local problem(computef usingeithersomeexterior or
interior method[13]) givenFS. Thatis, classicallyit is as-
sumedhatevenbeforeenteringnegotiationsarationalagent
is requiredto know methodsfor generatinghe FS aswell
asbeing ableto computef() (the most preferred)within
somemetric of boundednessThis assumptiorhasimplica-
tionsonthe knowledgecomplexity of theagentbecausehe
proof of completenesandthe soundnessf the solutionto
this problemsis known to be hard, evenin the linear case
[19]. Thereforejn theworstcaseanagenthasto solvethree
hardproblems:alocal, socialandanexecutionoptimization
problem.

3.2 THE NEGOTIATION PROBLEM

Onceagentshave “in mind” a consisteniassignmenbf
valuesto eachof their local decisionvariables,they enter
the next stageof a collaboratve actvity which is negotia-

tion or the moaificationandcheckingor consisteng of the
joint setof constraints.The negotiationproblemis a gam-
ing problem,where conflicting preferencegor interaction
constraintsmake theachiezementof mutuallyagreedsetof
valuesfor avariabledifficult to achiese, oftenin the caseof
little or noinformationrevelation[6].

In orderto achieve conflict resolutionary coordination
mechanismmustspecifythe following componentsA pro-
tocol, or rules of interaction,that coordinatethe agentsat
eitherasociallevel (synchronicityof messagefor example)
and/orsociallevel (protocolsthatforcetheselectiorof aso-
lution that satisfiessomecriteria) [17]. Giventhis protocol
of interactionthe othercomponenbf a coordinationmech-
anismis the agents’stratey set. Dependingon the given
protocolanagents strategy canbespecifiedasthe preferred
choicesof theindividual in how to: i) generatesolutionsto
the local/globalproblem(the generatotin figure 1) andii)
how to evaluateproposalsgiventhe protocolof interaction
(theevaluatorin figure 1).

3.3 THE EXECUTION PROBLEM

Theexecutionproblemis essentiallya commitmentprob-
lem, where mutually agreedto contractmustbe honored.
However, in the realworld this is seldomthe case. In fact
agreementsre often violated due to uncertainties.In the
realworld the numberof sourcef theseuncertaintiecan
bevastandfor thisreasorcontractsaresaidto beincomplete
[2]. However, we classifyuncertaintiesnto:

e arrival of unanticipatedex-postbettersolutions—here
the agentis motivated to decommitits intention to
honorthe solutionand/or

e occurrencef unanticipatedailures—herdghe agentis
still boundto theintentionto honorthe solution,but is
incapableto do so, dueto for examplecommunication
and/orresourcdailureetc.

Insecuritiesof the first type are viewed as future events
which will result in agentsdecommitingtheir solution.
Sandholms leveled-commitmentvork belongsto this class
[20]. It allows agentsthe flexibility for future negotiation
asin the caseof no commitmentgby droppingtheir current
commitments)put guaranteeagentssomelevel of security
asin thetotal commitmentcase.Our interestlies in thein-
securitiesrepresentedby the secondclassand how agents
canbeassistedo anticipatereasoraboutandrecover from
unforeseersolutionexecutionfailures(or exception)during
the solution formation period (during negotiation). In the
realworld therearetwo possiblestratgiesfor handlingex-
ceptions.Oneis reactve whereagentsactwhenerrorsoccur
atnegotiationor executionphase®f acollaboratve actiity.
Thealternatveis pro-actve,whereagentgeasorwith infor-
mation(at boththe negotiationandexecutionphasespabout
thelik elihoodof failuresat the pre-neyotiationand negotia-
tion phasesasopposedo whenthefailuresactuallyhappen.
In section6.2 we proposean exceptionmechanismwhose
normative components specifiedby enforcingthe agentdo



adopttnelatterexceptionnandiingstrat@y withoutspeciry-
ing how or whatthis stratey is. If negotiationis seenasa
constrainedsearchthenthis normative componenmodifies
the negotiation mechanisnby requiring agentsto perform
searchfor notonly reachingagreementat negotiationtime
but alsofor handlingexceptionsduring the pre-neotiation
and negotiation phasegfor negotiation and execution ex-
ceptionsrespectiely). Agentsarerequiredto reasonover
thetask-enironmentconstraintsatboththe pre-negotiation
and negotiation phasesjn additionto the alreadyexisting
domainandinteractionconstraintgespectiely. Part of this
deliberationcanbe coordinationpoliciestheagentswill un-
dertale giventhetypesandprobability of constraintoccur
ring. In factthisis line with the commoninterpretatiorof a
contract—aprotocolfor actionsgivencertainlik elihoodsof
future eventsholding.

Onceformed,eitherobjectively (centrally)or subjectvely
(locally), theagentanustthenreasorover notonly overthe
domainproblem (the contentof the contract)but alsothe
interactionconstraintsas well asthe exceptionrelatedin-
formation. Reasonings viewed asa constraintsatisfiction
problem.Sectionbelow detailsthe setof decisiongnvolved
asdifferentsystemof constraints.

4. TYPES AND SOURCESOF CONSTRAINTS

Decisionmakingandexecutionat all threephase®f the
problemsolving arelimited by one or moredifferenttypes
of constraintghathave differentoriginsandproperties We
classify constraintsinto: i) domainconstraints—occurring
duringdecisionmaking,ii) uncontollable task-ewironment
constraints—occurringluring decisionenacting,iii) con-
trollable task-ewironment constraints—occurringduring
decision enacting, iv) interaction constraints—occurring
duringdecisionrmakingandv) groupconstraints—occurring
duringbothdecisionmakingandenacting

Eachconstraintypesareelaboratean below.

4.1 DOMAIN CONSTRAINTS

Domain constraintsare local/enda@enousrestrictionson
the local decision making, defined at the pre-interaction
stageof a collaboratve problemsolving. Theseconstraints
areconstraintsiot over actionsbut ratherdecisions For ex-
ample,the first problemof anaeroplaneengineengineeliis
to choosea setof valuesfor a systemof variablesthat de-
scribethe characteristicef the engine,suchasits weight,
its height. A minimal unaryconstraints the domain,or the
resenationvalue, of eachnegotiationissue,representeds
rv] € [min, max]]. Anotherunaryconstraintmay be the
relativeimportancepr theweight,of anissuerelative to the
otherissuesdenotedasw! € [0, 1], theweightof issuei for
agentj restrictedto valueswithin theintenal of 0,1. An-
other possibleconstraintare the binary/narydependencies
betweerthe decisionvariables.

Uncontrollable task-ewironment, controllable task-
ervironment,interactionandgroupconstraintspn the other
hand,areconstraintshatareexogenouslydefined.

4.2 TASK-ENVIR ONMENT CONSTRAINTS

Theinformationprovidedby the exceptionmechanisnis
basedon a model of what we call task-erironmentcon-
straint. Theseconstraintsare the set of ervironmentcon-
straintsencounteredy an agentduring sometask execu-
tion. Thetaskmay bethe procesof negotiationitself dur-
ing the nggotiationphasepr elsethe executionof theagree-
mentattheexecutionphaseof thecollaboratve actiity. We
distinguish betweenuncontrollableand controllable task-
ervironmentconstraintdo make explicit the differencebe-
tweenervironmentalconstraintavherethe locusof control
of the eventsis not the agentandconstraintsvherelocusof
controlof theeventsis one,otheror bothof thedyador some
otherparty. Thisdistinction,specificallythelatter, is impor-
tantwhenmodelingroles,responsibilitie@ndcommitments
in aMAS.

Uncontrollable task-ewironment constraintsis the set
of ernvironmentalconstraintghat are presentwheneer the
agentactsin the world, independentlyof the presence/
absenceof other agents Uncontrollabletask-enironment
constraintsarenaturalrestrictionson actionsandaremani-
festedduringeithertheinteraction(communicatioractions)
or the post-interactiorphase(executionactions). For ex-
ample,somerandomexternalevents(representedsa ran-
dom shockthat is beyond the control of the agentor ary
otheragent,e.g. anearthquak) mayinterferewith andim-
pedewith theactionsinvolvedin the procesf agreeingon
the planedesign(negotiation) or the making of the engine
whenthe artifact engineercomesto actually make the en-
gine(execution).Corversely controllabletask-enironment
constraintss thesetof constraintghatarepresentvhenaer
the agentactsin the world in the presenceof other agents
and,like uncontrollablgask-erironmentconstraintanoc-
cur at eitherthe nggotiationor executionphasesFor exam-
ple,communicatiorinks mightfail betweeranengineanda
wing engineeyor alternatvely their messagesiightbemis-
representedyr they maylack asharedntology In addition
to thesecommunicationconstraintsoccurringat the nego-
tiation phasethe jointly agreedsolution when executedat
thepost-ngotiationphasecanbe subjectto furthererviron-
mentalconstraintsResourcesecessaryo make theengine
maybelatein arriving, or areof thewrongspecificationgor
flow exceptions).Sharedresourcege.g. constructiortools,
cranesgtc.) may bewrongly allocatedto / beingover used
by otheragentgshareexception),etc. Theimportantpoint
to noteis thatthe agent(sthemselesarethelocusof con-
trol of this type of constraintand not somerandomshock
thatcannotbe controlled. Centralto this obsenationis the
notion that preventionof exceptionsis the responsibilityof
theagentperformingarole andis modeledascommitments
whereagentsarecommittedto ensuringthatexceptiondoes
not occur[21, 10, 23]. Control of suchunwantedevents
is achievedin a distributedway by eitheragentgaking ap-
propriateactionsin responseo sucheventsor elseensuring
to honourtheir agreedcommitmentat executionphase.In
eithercase the exceptionmechanisnprovidescontingeng
information over classeof likely exceptions. Agentsare



then normatvely requiredto reasonaboutavoidance,de-
tectionandresolutionprotocols. In sucha framework, the
normative componenbdf the exceptionmechanisnrequires
agentsto negotiate over the adoptionof task-ewironment
constraintaspartof theiragreements.

4.3. INTERACTION CONSTRAINTS

Corversely interaction constraints are prefeence or
requirement constraints that are present whenerer an
agentinteract with other agents. We dissociateinterac-
tion constraintsfrom (uncontrollable/ controllable)task-
ervironmentalkonstraintgo distinguishbetweerconstraints
that are due to (un)controllableexogenousevents(uncon-
trollable / controllabletask-environmentalconstraintsyer-
susconstraintson local choicewhoseorigin is the prefer
enceof otheragentginteractionconstraints)Indeed thisis
consistentwith the view that negotiationis a socialmech-
anismthat achieves constraintsatisactionin a distributed
manner Additional mechanismgésuchasreputationor trust
systems)can be provided that regulatesthe initial conflict
level of the negotiation mechanism. An implicit assump-
tion hereis thatinteractionconstraintsare alwayspresent,
hencewhy a coordinationmechanisnis almostalwaysre-
quiredwhenever thereare interactions(with the exception
of when conflicts are removed at compile time, e.g social
laws, [22]). The variablesof the mechanismare thenthe
type of coordination(negotiation, persuasionargumenta-
tion, social laws) andthe level of the conflict (moderated
by othermechanisms)A contritution of thiswork is to ad-
dressthe needfor explicit reasoningover task-enironment
constraintinformationin a similar way a negotiationmech-
anismattemptsto solve a distribute interactionconstraint
problem. The approachadopteds to modify a negotiation
mechanisniy includingor combiningdecisionmakingover
task-ewironmentconstraintsvith the decisionmakingover
theinteractionconstraints.

4.4, GROUP CONSTRAINTS

Finally, in a social systemthe local actions/decisionsf
anagentcanbeconstrainedotonly by otherindividuals,or
likelihoodof events/outcomebeingtrue, but alsoby some
collectively negotiated/imposediorm. Suchnormscanbe
usedto normatively specify: i) the acceptablenembersof
the FS (shawn in figure 1 asthe directededgeconnecting
the group constraintgo the FS), and/orii) the processesf
the negotiation and execution. Governmentrules and reg-
ulationsand organizationaktandardsind practicesare ex-
amplesof suchgroup constraints.Note, that whereasn a
socialsystenthe“adoption” of socialandgroupconstraints
is (more or less)an individual's choice, the samecannot
generallybe saidfor individualtask-ewironmentor domain
constraintssince an agentcannotnegotiate with “mother
nature”over the termsand the ervironmentof its local or
problemexecution. The implication of this obsenation is
that dependingon the ervironmentof an agentthe solu-
tion setfor problemghataccountor bothdomainandtask-
ernvironmentconstraintsrelik ely to be smallerin sizethan
solutionsthatignorethe lattertype of constraint.

Overall, soclalsystemsexnibit a hierarcnyor constraints
from different sources,ranging from the domain to ex-
traneouslyoccurring or imposedconstraintson local be-
haviour/decisions.We will call agentsthat reasorwith ei-
therthedomain task-erironment,nteractionor groupcon-
straintsasasocial responsie, socialandsocietalagentse-
spectvely. Thus,an asocialenginedesignemay have “in
mind” an ideal designthat satisfiesonly the local domain
constraintf its problem. Conflictsthen,in this contet, is
whenthe currentdecisionvariablesolutionsareinconsistent
with otheragents’currentchoices.On the otherhand,a so-
cial enginedesignemayhave“in mind” anidealdesignthat
satisfieshoth the domainconstraintsand the constraintsof
otheragentsencounteredn previous designcycles. In this
contet conflictsarisewhenthecurrentdecisionvariableso-
lutions areinconsistenwith otheragents’current, andnot
previous,choices.Onehypothesiss thatsocialagentscom-
paredto asocialagentsare expectedto spendesstime co-
ordinatingtheir choicesvhenthefrequeng of changen the
dynamicsof the systemis low.

5. CONSTRAINTS & REASONING: AN
ILLUSTRA TIVE EXAMPLE

As anillustrative exampleof the conceptsabove consider
two agentsa and b, negotiating over two issuesz andy.
An offer is representedby a pair of z,y valuesas (z,y).
Assumethatthe local problemof agenta is definedby the
minimizationof asimplelinearobjectivefunctionz —y, that
satisfiesa conjunctionof lineararithmeticconstraintsMore
precisely(in normalform):

minimizez — y
suchthatl < X < 3,
0<Y,

2Y - X <3 @

Corversely assumefor simplicity that the agentb hasthe
samesetof constraintdut its local problemis to maximize
ratherthanminimize,theobjectivefunctionz—y. Thefeasi-
ble setof outcomesthatsatisfyeachagentsconstraintsand
the optimal solutionsare shown in figure 2. The dashlines
acrosshe polygonof the feasiblesetrepresenthe contours
of the objectve function for differentvalues. The arrows
representhe direction that maximizesthe objective func-
tion.

Assumethe rules of the interactionsis basedon Rubin-
stein’s alternatingsequentialprotocol [18], whereagenta
offersalocally generatediealat time t'. At the next time
stept? agentb caneitheracceptor rejectthe offer of a. If
b rejectsthenit cancounterproposeanotherocally gener
atedoffer. Assumegiventhis protocol,thata’sonly rational
stratgy in the presencef no otherinformationis to offer a
first deal that maximizesits objective function basedonly
on its domainconstaints (given by equationin 1) at time
t = 1. Thisis shavn asthe uniquevalue X'. Call this
evaluationof a concreteoffer, X¢, attime ¢ by an agent;



Figure 2: The FeasibleSetand Optimal Outcomesfor Agent a
(left) andAgentb (right).

the aspirationlevel @;. Furtherassumethat b also offers
adealthatmaximizesits objective function X2 basedonly
on its domainconstraints.Agenta now hasa choicebased
ontheinformationjustreceved,andreasonsaboutwhatto
offer next. Whereasagenta's lastoffer (X!) satisfiedonly
its domainconstraintsnow a hasto reasonaboutnot only
its local domainconstraintsbut alsothe new constrainthat
b's offer is not acceptabldo a giventhe currentconstraint
setrepresentedy its aspirationlevel ©¢, (givenby 1). That
is, a mustincludethis new interactionconstraininto its de-
liberationsif a dealis to be reached.The choicesof thea
essentiallyamountgo solvingthe sameproblemasgivenin
equationl but with different(interactions)constraintsets.
Figure2 shows two differentstratgies[6]. Onestratay is
to lower its aspiratiorievel andoffer X3 (aconcessiosince
the valueof the objective functionis now lower) 3 Assume
thatit is alsorejectedby b. The otherstratgy of a canbe
to againsolve the sameoptimizationproblembut with a dif-
ferentconstraintsetthat doesnot effectthe level of the ob-
jectivefunction(maintainthe sameaspirationlevel). X* are
two suchsolutionsfrom the setof all possiblesolutionsthat
lie on the sameoptimizationcontouras X (see[6] for de-
tails of thealgorithmfor this type of reasoning) A solution
to the interactive problemis reachedvhenthe contoursof
eachpartyarein contactwith oneanother In generaldiffer-
entaspirationlevelsrepresentifferentdemand®on the sat-
isfactionlevels of objective function (or pointsalongwhat
is calledtheiso-cunes[2]).

Deliberationover task-ewironmentand/or group/social
normsconstraintgs, in asimilarmanneio theabove,equi-
alentto solvingthe optimizationproblembut with different
systemof constraints.For example,groupnormsmay nor-
matively specifythatoffersoverz cannotexceed (z < 2).
Alternatively, a's previous interactionswith b hasresulted
in dealsdistributednearpairsof values(2, 1). Alternatively,
this knowledgecanalsobe providedby atrustedthird party
in case®f lack of any previousinteractionsWhereagjroup
normsnormativelydelimit portionsof the FS,anagents not
restrictedin how it deliberatesover the information about
likely exceptionsoccurringat executiontime. Furthermore,
if negotiationis viewed asa searchprocessover the space

3In factatt = 2 agenta caneither“hold firm” or concedesince X ! is
thesinglesolutionto theproblem.

of thepossibleoutcomespecifiemy the Fsthenconstrain-
ing partsof this setat the pre-negjotiationtime is equivalent
to consisteng checking,wherethe delimited areasare not
visited during negotiationgiventhelik elihoodof anexcep-
tion. However, this choiceof the FSsizeis a stratgy of the
agentsandis contingenbntheexceptionprobabilities.How
agentdefinetheirlocal constraints their choice.

In summarydeliberationoverdomain,interactionnorms
andexceptionsis modeledasa systemof constraints.Rea-
soningis then a repeatedoptimization of a progressiely
smallerFS# Varied solution setsare specifiedby specify-
ing differentaspiratiorlevelsof anobjective functionwhich
in turn represensatishction of differentsetof constraints.
The specificationof differentlevels of objective functionis
interpretedasnegotiationreasoningndis equivalentto goal
programmingechniqueg12].

Finally, theimportanceof the role of aninteractionpro-
tocol in the reasoningis highlightedwhen the alternating
sequentialprotocol is comparedwith others. For exam-
ple, interactionconstraintsare not explicitly partof the op-
timization problemwhen agentsmake dealsusing a one-
shotsimultaneougrotocol. Agentscanreasoraboutothers
choicegthe problemof infinite regress)ut incentve mech-
anismssuchasVickrey auctionprotocolsattemptto induce
agentdo revealtheir trueresenationstherebyobviating the
needto performsearch.

6. THE INSECURITY PROBLEM

In this sectionwe want to investigatehow the informa-
tive partof the exceptionmechanisntanbeintegratedin to
the local agentreasoningduring the pre-neotiationphase
of the joint problemsolving. The normative componenof
the mechanismduring the pre and negotiation phasesare
deferredto future work. Specifically in this sectionwe as-
sumea simpleadditve modelof exceptionsandconcentrate
on developingandtestingdifferentagentstrateyies.

6.1 A BARGAINING MODEL

The exceptionmechanisnis describedor a concretene-
gotiationmechanism The detailsof this negotiationmech-
anismis asfollows. Negotiationis restrictedto bi-lateral
interactionsconductecbetweentwo agentsa andb, over a
setof issuesl. Agentsexchangea singleoffer at eachtime
stepof negotiation. Offers over all issuesare denotedby
X. X minimally hasto satisfythe domainof all issues We
call this the resenationvalue,whereVz! € [min!, maz!]
and xz € IR. Agentsareassumedo offer contractsthat
respectheir true constrainthenceincentve mechanismss
assumedinnecessarniscretedomainconstraintdogether
with other non-domainconstraintssuchastime limits are
reportedin [14, 7, 6]. Offers are evaluatediocally usinga
utility function that captureshow well an offer X satisfies

“Note, the solution of the original problemmay be basedon exterior
algorithmssuchas the Simplex [3]. However, subsequenbptimization,
althoughalsopossiblybasedn exterior method canbeinterpretedasinte-
rior methodq25] sincethe solutionsoughtis insidethe original constraint
set.



the resenation domainconstraint. A simplitying assump-
tion madeis that utility of satishction of a contractis the
linear combinationof the satishction of the constraintsof
eachissue.Conflictsarewhenthesatisfctionof oneagents
constraintss neggatively correlatedwith the satishction of
the otheragents constraints. Offers are generatedocally
andstratayically via differentsolver/ mechanismsNegotia-
tion deliberationinvolvesgeneratiormechanismshatoper
ategivenbothaharddomainconstrainisuchastheresenra-
tion value)andinteractionconstraints Mechanismsanbe
basednthesuccessie modificationof theacceptanctevel
thatarerelaxed(asoftconstraintor alternatvely simultane-
ously demandingandrelaxingindividual acceptancéevels
of decisionvariablesthat producethe sameoverall accep-
tancelevel for an offer. For exploratory purposeswe as-
sumethe first—a concessiorgeneratiormechanisnmwhere
therateof satishctionof all domainconstraintoversucces-
siveoffersis constantlyreduced/rela@dat somerate(se€6]
for choicesof othergeneratiormechanisms)Thisis repre-
sentedaslower utility valuesfor successie offers. Finally,
thengyotiationdeliberationexecutioncycleis assumedo be
regulatedby the normative rulesof analternatingsequential
protocol (describedabore in section5) wheresingle offers
are generatedand evaluatedlocally and communicatedo
theotherparty.

6.2 EXCEPTION KNOWLEDGE

The generalapproachis to designan exceptionmecha-
nism,implementecndexecutedoy sometrustecthird party;
that transformsthe decisionproblemof an agentfrom un-
certaindecisionsinto risky decisionchoices. Uncertainty
andrisks are informally definedas the lack of ary infor-
mationto condition decisionson and somedistribution of
information,typically a probability distribution, for basisof
decisionmakingrespectiely. This informative component
of the mechanisnprovidesnot only the types(or classes)
of possiblecontractexceptionsthat canoccurat execution
time, but alsotheirassociate@robabilities.In additionto an
informative componentthe exceptionmechanismincludes
a normatve componenthat enforcesa protocol of excep-
tion reasoningaseddn threeadditionalexceptionhandling
stagegexceptionanticipation avoidance detectiorandres-
olution[10, 4]).

We proposethat deliberationover exceptioncanbe rep-
resentedismodificationof the domainconstraintgherethe
resenationvaluesotduringthenegotiation,but ratherdur-
ing thepre-ngotiationphase Theeffect of this deliberation
is to selectvely modify, conditionedon the probability of
exceptions,the original FS for an issue(derived from the
original setof resenationconstraintandreferredto asC?)
beforethe negotiation phase. For example,if the problem
of abuying agentis describecasthe maximizationof profit
subjectto someinitial monetaryconstraintsthengiventhe
knowledgethata failure of a dealis possiblethenanagent
may bewilling to paylessof this initial endavmentfor the
risky eventand anothermay be preparedo pay more. In

5This is referredto aszero-sungamesn thetheoryof gameg?2].

elthercasetne efrect of this kKnowledgecanbe modeleddy
dynamicmodificationof the domainconstraintgthe reser
vationvalues)whichin turn affect the shapeandsizeof the
FS.Thepreferencef which stratgy to executeis saidto be
theattitudeof theagentgiventhe availableinformation.We
modelthis attitudeby dynamicmodificationof the domain
resenation constraintfor eachissues for anagentj by the
following decisionrule:

[mind, (maz] — (maz? —minl)od)] If U! is decreasing
[(min] + (maz] —minl)al),maz]] If U] isincreasing

wherea? € [0,1] in the above constraintmodificationrule
is definedas:

max(P — Pnin), 0)) ﬁ_J) @

i (
az mzn(l’ ( Pmaz - szn
where P, P,,,;,, and P,,,., representhe current,minimum
andmaximumbelieved probabilitiesof failure respectiely.
Normally P,,,;, and P,,,, arerestrictedto values0 and1
respectiely. The attitudeof agenta towardsthis belief is
modeledby 8! € R* for all issuesj. Whenp! < 1, o]
approachegd fastestwhen P tendstowards1. Corversely
whenpj! > 1, o] approacheg fasteswhen P is low and
remainsatanasymptoteor increasingvaluesof P. Finally,
whenp! = 1 o] approaches linearly with increasingval-
uesfor P. Theresultof thedecisionrule s to shrinkthe FS
by an amountproportionalto «; thatitself is regulatedby
B!. Note thatthe lower the valueof 3/ the closerto mod-
ified resenation domainto the original reseration C? for
mostvaluesof P. Sincea utility functionranksthe FS as
a function of the resenation valuesthenincreasingvalues
for 8] meansthe limits of the utility function are defined
overasmallerdomainbecause¢he decisionrule reduceghe
FS morewith increasingvaluesfor 3}. Hencethe chances
of otheragents’offers being “within” the domainof issue
Jj is reducedwith increasingvaluesof 3] (becauseFsS is
smaller). Therefore,lower valuesfor 3! encodeshe atti-
tude of agentj whois willing to “spendmoreof its initial
budget” on issue; for a deal,eventhoughtherearehigher
risks. This risk attitudefor anissueis likely to be adopted
if it is compensatefbr by higherreturnsfor anotherissue
k # i. Thatis, agentsdefinethe trade-of limits of their
local optimizationproblemgiven the probability of failure
duringthe pre-ngotiation.

Four pointsrequirementioning. Firstly, for simplicity P
is assumedo bedefinedby alinearcombinatiorof the prob-
ability of all exceptionclasses:

n
P= Zwepe

wherew, andp, aretheimportanceof theindividualexcep-
tion casee andtheprobabilityof its occurrenceespectiely.
Secondlynothingis saidaboutwho computesP. Onepos-
siblemodelof P canbebasedn objective empiricalobser
vationsby sometrustedthird party[4]. Alternatively, agents



cantorm theirown subjectve estimationft £. [hiraly, the

costsandbenefityon bothlocal andsocialbenefitsyandthe

incentive mechanismgor local adoptionof an objectvely

formed P is not addressedere. We want to investigate
a model of failure deliberationgiven someprobability dis-

tribution. Finally, to handlethe combinatorialproblem of

enumeratingll possibleaxceptionswe restrictoursehesto

a finite setof exceptionsthat are domainindependentand

agentorientednegotiationor executionexceptiond4].

6.3 EXPERIMENTS AND RESULTS

The abose model of exceptionattitude was empirically
evaluatedo determinaheeffect of exceptionknowledgeon
thebamainingbehaviour of agentsThe

Resultsof exceptiondeliberationarepresentedn figures
3, 4 and 5 for symmetricinteractionbetweentwo agents
with valuesof 8 = 5,8 = 1.0 and3 = 0.5 respectiely
for all issues. The assymetricattitudesis shown in figure
6. Final agreedcontractare representedy the solid cir-
cle for valuesof P incrementedn stepsof 0.2 from 0.0 to
0.6. The solid line connectingthe two axis representshe
pareto-optimaline [2]. Paretooptimality is definedin the
following manner Supposeherearetwo outcomesx and
y suchthatthey bothbelongto thefeasibleset,x,y € F'S.
If Ul (y) > U/(x), for botha andb, but y is strictly pre-
ferredfor atleastoneagentU? (y) > U/ (x) for j € {a, b},
thenthe outcomex is not paretooptimal. This is formally
representedsa functionthatgiventhe gamedefinedby the
pair F'S andx. doesnot selectx—i.e., f(F'S,x.) # x.
Pareto-optimalityis ameasuref thelimits of efficiengy that
canbe reachedn negotiation. Efficiency is definedasthe
maximizationof the additionof individual utilities. There-
gion below the efficient frontier is the set of contractsX
exchangedetweertheagents.

The symmetricresultsarediscussedirst. Theimportant
pointto noteis thattheactualoutcomesareafunctionof the
solver/generatiomechanismtheevaluatorandtheprotocol
of interaction.Therefore differentexecutiontracesarepos-
sibleif we implementeda differentsolver. For instancethe
concessiorsolver/mechanisntannotfind a contractwhen
botha andb have attitudesdefinedby 3¢ = 1 andg? = 1
to P = 0.6 (figure4). However, anothersolver mayfind a
contract.Theconcessiosolver dependentesultsshav that
the lower the valueof the pair (3%, %), the higherthe like-
lihood of anagreementvith higherjoint utilities. In other
words,morecontractarereachablendthesocialwelfareis
increasednoreif the productof theC¢ andC? changesess
with increasingP. Corversely fewer contractsare reach-
ableif the reverseis true. However, the interestingpoint
aboutthe datasetis insteadthe input into the solver, de-
finedby theregion boundedby the pareto-optimaline. The
resultsshowv that over-constrainingthe solver changeshe
curvilinearshapeof thepareto-optimaline to astraightline.
The implication of this resultis that over constrainingthe
FSresultsin morecompetitive (or distributed) negotiations
as opposedto “win-win” (or integrative) negotiations. In
the latter caseeachof the distributed solvers can simulta-

neousanapossidblymutually, satistytheir local constraints.
However, this is not possiblein the former case[6]. The
argumentis asfollows. Whenthe pareto-optimaline is de-
scribedby a straightline thenthe agents’payofs are per
fectly negatively correlated.Then,a contractthatincreases
theutility of oneagentdecreasetheutility of theother This
is referredto asdistributive bargaining[16]. Hereall the
possibleoutcomedie on or below the pareto-optimaline.
Furthermore,assuminglinear conflicting utility functions
for the negotiation participants,the sum of eachoutcome
is1 (i.e.,it is azeo-sumgame[9]).

On the other hand, when the pareto-optimaline is de-
scribedby a curvilinearline thenthe sumof the individual
utilities for a contractdoesnot necessariladdupto 1. That
is, in this non-zeo-sumgameit is possibleto find contracts
in which someof theconstraint®n someissuesresatisfied
more (higher utilities) and othersare satisfiedless (lower
utility). Furthermorethis increasemay benefitone or both
of thenegotiationparticipantsimultaneouslyNow theonly
pointson this line wherethe sumsof theindividual values
addto 1 is at the point of connectiorwith the z andy axis.
Differentpointsalongthe line thendo not necessarilysum
to 1 and do not necessarilyhave the sameaddition. This
contrastswith the distributive bargaining casewherethere
is no scopefor improving onescorewithout decreasinghe
scoreof thenegotiationopponentDistributive baigainingis
generallya featureof competitatve interactionsvhenonly
asingleconstraintis beingoptimized(suchasthe price of a
good). In integrative bamgaining, on the other hand, better
social outcomesare achievable when multiple constraints
are being optimized simultaneoushby all solvers. There-
fore theseresultssuggesthatthe strateyy of over constrain-
ing eachof themulti-dimensionatonstraintsesultsin opti-
mizationproblemof asingleconstraintvhosesatisfctionis
perfectlynegatively correlatedvith the other’s optimization
problem.

Theobsenedresultsfor theassymetricasearepresented
in figure 6 for (3* = 0.5,4° = 1). Assymetriccasesare
interestingsincethe assumptiorthat agentshave the same
stratgy and the samebelief is strongwhereagentsareun-
likely to adoptthe samestratgiesin interactions.In these
studieswe keepthe latter assumptiorbut relax the former.
Resultsshav thatnegotiationsbetweermore“cautious”(in-
creasing?) with aless“cautious” agentresultsin reaching
more contractsfor higher exceptionprobabilities. For ex-
ample,at P = 0.4 the spaceof possiblesolutionsis much
larger when an agentwith 5 = 1 negotiateswith another
with a8 = 0.5 (figure 6) thanwhenthe sameagentnegoti-
atesinteractswith asymmetrictype(figure4). Theseresults
imply thatthepossibilityof contractsrepresentedy theFsS,
is afunction of the interactve attitudesof theagents.Here,
for example theresultsshow thatinteractionswith lesscau-
tiousagentgesultsin finding contractghatthe agentwould
not have committedto if in interactionswith anothertype.
Thereforeassymetrieappeato affectthedynamicsof con-
tracting.

In summary the resultssuggesthatif high valuesof g
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areto beinterpretedasbeing pruaent” (or cautious),then
the outcomesreachedare not good, if the metric of good-
nesss maximizatiorof a socialwelfare function However,

anothermetric of goodnessnaybeneededo align the ob-

senedresultswith the commonintuition thatto be prudent
whentherearerisksis good. This is a subjectof futurere-

searchwherea goodnesdunction is soughtthat quantifies
the contributions of cautiousnessf agentsin signingcon-
tractsgiventhe likelihoodof failure. In suchcontext over-

constraininghesolvermayincreasehesocialwelfarefunc-

tion.

7. CONCLUSIONS AND FUTURE WORK

We have presented taxonomyof how deliberatiorat dif-
ferentstagesof a joint problemsolving canbe represented
asadistributedsatishctionof a systenof constraintsA de-
sign and a rationalefor an exceptionmechanismvas also
presented. This mechanismis composedof an informa-
tive componentusedto updatethe local beliefs of agents,
andanormative componenthatenforcegeasoningver ex-
ceptionduring negotiation. A simple negotiation problem,
viewed asthe linear optimizationof a systemof issuecon-
strains(representedsintegeror realvaluedarithmeticcon-
straints)wasthenusedto evaluatedifferentagentstrateies
differentially conditionedon the informative componenbf
the exceptionmechanism. It was shovn that information
provided by the exceptionmechanisncan be stratgically
usedto prunesubjectvely believed unreachableontracts.
We found that the size of the social welfare possibilities,
measuredisthe sumof individual utilities, increasesn in-
teractionswith stratejies that did not over constraintheir
local optimizationproblemwith increasingexceptionprob-
abilities.

The main focusof future work is further developingthe
informative and normatve componentsof the exception
mechanisms.In particular more sophisticatednodels of
exceptioneventsis requiredto supportmore flexible rea-
soningover contractfailures. Furthermorethe assumption
madethat agentswillingly adoptedthe exceptioninforma-
tion is not strictly true in real socialsystems.The problem
of how thegroupcomesto adoptthe objectively derivedin-
formationalsoneedso be addressedDifferentbeliefsare
hypothesizedb leadto differentoutcomesOnepossibleso-
lution to this problemis to appendthe informative compo-
nentof the exceptionmechanisnwith anescrav (or insur
ance)componenthatenforcegpenaltiesontheagentsavhen
contractdail. Thisincentive mechanisnthenindirectly mo-
tivatesthe agentso adoptbeliefsfrom the objectively esti-
matedprobabilities. In additionto this the normative com-
ponentof themechanisnmeedso befurtherdeveloped.The
normative componenis seenasincludinga numberof ad-
ditional negotiation and executionconstraintsin to the set
of negotiationissues.Thesessuesdescribinghe exception
detection,avoidanceand resolutionmechanismsare then
usedasadditionalconstraintdor agentgo negotiateexcep-
tion detection avoidanceandresolutionprotocolsthat min-
imizesthelossof theagreedcontracts.
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