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Abstract

Multi-agentsystemsarea new computationalapproachfor solving real world, dynamicandopensystem

problems.Problemsareconceptualizedasa collectionof decentralisedautonomousagentsthatcollaborate

to reachtheoverall solution.Becauseof theagentsautonomy, their limited rationality, andthedistributed

natureof mostreal world problems,the key issuein multi-agentsystemresearchis how to model inter-

actionsbetweenagents.Negotiationmodelshave emergedassuitablecandidatesto solve this interaction

problemdueto theirdecentralisednature,emphasison mutualselectionof anaction,andtheprevalenceof

negotiationin realsocialsystems.

Thecentralproblemaddressedin this thesisis thedesignandengineeringof a negotiationmodelfor

autonomousagentsfor sharingtasksand/orresources.To solve this problema negotiation protocol and

a setof deliberation mechanismsarepresentedwhich togethercoordinatethe actionsof a multiple agent

system.

In moredetail, thenegotiationprotocolconstrainstheactionselectionproblemsolvingof theagents

throughthe useof normative rulesof interaction. Theserulestemporallyorder, accordingto the agents’

roles, communicationutterancesby specifyingboth who can say what, as well as when. Specifically,

the presentedprotocol is a repeated,sequentialmodelwhereoffersareiteratively exchanged.Underthis

protocol,agentsareassumedto be fully committedto their utterancesandutterancesareprivatebetween

the two agents.Theprotocolis distributed,symmetric,supportsbi and/ormulti-agentnegotiationaswell

asdistributiveandintegrativenegotiation.

In additionto coordinatingtheagentinteractionsthroughnormativerules,asetof mechanismsarepre-

sentedthatcoordinatethedeliberationprocessof theagentsduring theongoingnegotiation. Whereasthe

protocolnormatively describestheorderingsof actions,themechanismsdescribethepossiblesetof agent

strategiesin usingtheprotocol.Thesestrategiesarecapturedby anegotiationarchitecturethatis composed

of responsiveanddeliberativedecisionmechanisms.Decisionmakingwith theformermechanismis based

on a linearcombinationof simplefunctionscalledtactics, which manipulatetheutility of deals.Thelatter

mechanismsaresubdivided into trade-off and issuemanipulationmechanisms.The trade-off mechanism

generatesoffers that manipulatethe value,ratherthanthe overall utility, of the offer. The issuemanipu-
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lation mechanismaimsto increasethe likelihoodof anagreementby addingandremoving issuesinto the

negotiationset.Whentakentogether, thesemechanismsrepresentacontinuumof possibledecisionmaking

capabilities:rangingfrom behavioursthatexhibit greaterawarenessof environmentalresourcesandlessto

solutionquality, to behavioursthatattemptto acquireagivensolutionquality independentlyof theresource

consumption.

The protocol and mechanismsare empirically evaluatedand have beenappliedto real world task

distributionproblemsin thedomainsof businessprocessmanagementandtelecommunicationmanagement.

Themaincontributionandnovelty of this researchare:i) adomainindependentcomputationalmodel

of negotiationthatagentscanuseto supporta wide varietyof decisionmakingstrategies,ii) anempirical

evaluationof thenegotiationmodelfor a givenagentarchitecturein a numberof differentnegotiationen-

vironments,andiii) the applicationof the developedmodelto a numberof targetdomains.An increased

strategy setis neededbecausethedevelopedprotocolis lessrestrictive andlessconstrainedthanthetradi-

tionalones,thussupportingdevelopmentof strategic interactionmodelsthatbelongmoreto opensystems.

Furthermore,becauseof thecombinationof thelargenumberof environmentalpossibilitiesandthesizeof

thesetof possiblestrategies,themodelhasbeenempirically investigatedto evaluatethesuccessof strate-

giesin differentenvironments.Theseexperimentshave facilitatedthe developmentof generalguidelines

thatcanbeusedby designersinterestedin developingstrategic negotiatingagents.Thedevelopedmodel

is groundedfrom therequirementconsiderationsfrom boththebusinessprocessmanagementandtelecom-

municationapplicationdomains.It hasalsobeensuccessfullyappliedto fiveotherrealworld scenarios.



Chapter 1

Intr oduction

Thetopic of this thesisis interaction, a temporaryor permanentcouplingbetweendeliberatingentitiesin a

distributedsystem.Theentitiesof interestin this thesisaredigital andinhabita digital system.Thefocus

of attentionis how to computationallymodelinteractionsamongthesedigital entities. Theneedfor such

modelsis seenin thecurrentexplosionof auctionportals(AuctionBot,eBay,Amazon,i2, Rodŕıguezetal.),

which togetherwith standardizedcommunicationenablinginfrastructuressuchastheWWW, Java andthe

KnowledgeQueryManipulationLanguage(KQML, (Necheset al. 1991,Finin & Fritzson1994)),allow

multiple buyersandsellers,acrossorganizations(business-to-business),aswell asindividuals(customer-

to-customeror business-to-customer),to enterelectronicinstitutionsandtradewith oneanotherfor goods,

resourcesorservices,in openandrealtimeelectronicmarketplaces.In particular, thesubjectof thisthesisis

anextensionof thecurrente-commercetechnologyto bi-lateralinteractions/tradingsbetweenautonomous

computationalunits calledagentsthat representbuyersandsellers. Specifically, this work engineersan

electronicnegotiation framework for interactionsin electroniccommercebetweenautonomousagentsthat

bargain for multi-dimensionalgoodscalledservices. Herethis computational-basedtradingis referredto

asagentbasedelectroniccommerceof services.

Electroniccommerceis just oneexemplarof a systemthatincorporatesinteractionbetweencomputa-

tional components.Theproblemof modelingsuchinteractionsin a distributedcomputationalsystemwas

first framedwithin theDistributedArtificial Intelligence(DAI) community. DAI is concernedwith under-

standingandmodelingactionandknowledgein a collaborative anddistributedenterpriseconsistingof a

numberof agents(Gasser1991). Distribution of intelligenceamonga setof agentsis seenasnecessary

when(Bond& Gasser1988):

P knowledgeor activities areinherentlydistributed(e.gmedicaldiagnosisor traffic control)

P thereis a needfor fail-soft degradationthroughdistributionof control

P thereis a needto computesolutionsto largescaleproblemsgivenboundedcomputationalresources
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P thereis a needfor reliability, a distributedsystemcanprovidecross-checkingof solutionsandtrian-

gulationof results

P thereis a needfor theintegrationof existing legacy systems

P thereis a needfor expertdevelopmentof separateunits throughmodularknowledgeacquisitionand

management

P thedesignof a monolithicsystemis too problematicandcostlyandinsteadthecostsinvolvedin the

developmentof a largenumberof simplecommunicatingunitsis moreeffective

P thereis aneedfor agreateradaptivepowerby allowing alternativesolutionsto beformedfrom units

which havedifferentlogical,semantical,temporalor spatialperspectives

P centralprocessingmaybetoo slow comparedto enhancedspeedthroughparallelcomputation

Thesebenefitshavebeenobservedin thewide varietyof realworld problemsto which DAI solutionshave

beenapplied. Theseinclude: problemsin manufacturing(YAMS(Parunak1987)),processcontrol (elec-

tricity transportation,ARCHON(Jenningset al. 1996d),nuclearindustry(Wang& Wang1997),spacecraft

control (Schwuttke & Quan1993), (Ingrand,Georgeff, & Rao1992),climatecontrol (Clearwateret al.

1996)),telecommunicationsystems(featureinteraction(Griffeth& Velthuijsen1994),servicemanagement

(Faratinetal. 2000),(Busuoic& Griffits 1994),network management(Adler etal. 1989),(Rao& Georgeff

1990)),air traffic control(Ljungberg & Lucas1992),traffic andtransportmanagement((Burmeister, Had-

dadi,& Matylis 1997),(Fischer, Mu̇ller, & Pischel1996)),informationfilteringandgathering((Sycaraetal.

1996),(Chen& Sycara1998),(Etzioni1996),(Liberman1995),(Kautz,Selman,& Shah1997)),electronic

commerce((Chavez& Maes1996),(Krulwich 1996),(Doorenbos,Etzioni, & Weld 1997),(Tsvetovatyy

et al. 1997)),businessprocessmanagement((Faratin,Sierra,& Jennings1998),(Jenningset al. 2000a),

(Jenningset al. 2000b),(Huhns& Singh1998)),entertainment(Grand& Cliff 1998),andmedicalcare

((Hayes-Rothetal. 1989),(Decker& Li 1998)).

Theseproblemdomainsaresuitablefor DAI technology(alsoknown asagenttechnology(Bond &

Gasser1988)) becausethey exhibit one or more of the above features. For example,a manufacturing

processis inherentlyadistributedsystemwhereproductionchains,or its components,canberepresentedas

computationalagentswhosecapabilitiesarecapturedusingplans,andwhosharethesecapabilitiesthrough

negotiation. Similarly, controlsystemscandetect,diagnoseandremedyproblemsif controlsubprocesses

aredelegatedto agentsthatnot only providecrosscheckingof results,but alsoform solutionsto problems

from differentandnovel perspectivesandexhibit gracefuldegradationin caseof node(s)failure(s).

Althoughdistributioncanbebeneficial,it givesriseto thefollowingquestionsthatneedto beaddressed

(Bond& Gasser1988):
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1. How to formulate,represent,decomposeandallocatethe problemandhow to synthesisthe results

amonga groupof intelligentagents.

2. Sub-problemsmay interactwhich requirestheagentsto communicateandinteract. If interactionis

requiredthentheproblemarisesof how to modelthelanguageandtheprotocolof this interaction.

3. how to achieveglobalcoherency from local processing.Thatis, how to ensurethatagentsactcoher-

ently in makingdecisionsor takingactions,reasoningaboutthenon-localeffectsof local decisions

andavoidingharmfulinteractions.

4. If thereis aneedfor interactionandcoordination,thenhow shouldagentsrepresentandreasonabout

theactions,plansandknowledgeof otheragents.

5. How areagentsto recognizeandresolve and/orsynthesizedisparateview pointson a sub–problem.

Theseconflictscanbe causedeitherby uncertaintyin the world, differentreasoningproceduresor

limited resources.

6. How to actuallyengineerandconstrainpracticalDAI systemsthroughthe designof platformsand

methodologies.

Eachof theaboveproblemsemphasizedifferentfacetsandperspectivesof aDAI system.Thefirst problem

is thecentralproblemin DAI andis centeredontheproblemthesystemis designedto solve in adistributed

manner. In addition,distributedproblemsolversneedcoordination(thethird problem),agentcommunica-

tion languages(thesecondproblem),andagentreasoningmechanisms(fourthandfifth problems).Finally,

thereis a needto engineera distributedsystemthat implementsthe solutionsto the above problems.As

Gassernotes,thesolutionsto theseproblemsarenot independent:

...differentproceduresfor communicationandinteractionhave implicationsfor coordination

andcoherentbehaviour. Differentproblemsolvingandtaskdecompositionsmayyielddifferent

interactionsoragent-modelingrequirements.Coherent,coordinatedbehaviourdependsonhow

knowledgedisparitiesareresolved,which agentresolvesthem,etc(Gasser1991).

Given this, it canbe seenthat the coordinationissueis a quintessentialproblemin DAI (Decker 1995).

To this end,the contribution of this thesisis the developmentof a formal modelof agentreasoningthat

attemptsto addressthecoordinationproblem.

1.1 Aims of the Research

The centralaim of this thesisis a formal specificationand evaluationof a coordinationframework for

computationalunits,calledagents,thatbuy andsell servicesfrom oneanotherandoperatein eitheropen
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or closeddistributedsystems(definedbelow). Herea coordinationframework is definedasa collectionof

threecomponents:

1. the public rules of behaviour specifyingthe permissibleactionsagentscan take in the courseof

interactions

2. thesubjectof interactions

3. thedeliberationmechanismthatassistsagentsin makingdecisions

Thesecomponentsroughlyspecifywhento interact,whatto interactoverandhow to interact,respectively.

The major contribution of this work s a formal modelof the third component.This componentwill be

referredto asa wrapper layerbecauseit is seenassupplementinganasocialdomainproblemsolver with

additionalfunctionalitythatthedomainproblemsolverwasnotdesignedfor in thefirstplace,i.e. to interact.

Thewrappercanalsobe thoughtof asa “plug andinteract”moduleof systemsthatneedto interactwith

othersystems.

The subjectof agentinteractionsare services. Servicescaptureand representin an abstractway,

similar to methodsin object orientedparadigm(Coad& Yourdon1991), the local capability of agents

in performingtasks. Therearenumerousexamplesof servicesin the real world which individualsneed.

Databasevalidation,financialforecasts,medicaldiagnosis,fault predictionarebut a few exampleswhere

the capability of an agentis representedas servicesit can provide to otherswho needit. Services,in

a similar mannerto methods,are reusablefor other typesof problemsthat requirethe expertiseof that

agent.However, agentsdiffer from objectsin that their servicescannot beinvokedby a simpleprocedure

call because,aswill be shown below, they areassumedto be autonomous.Therefore,the agentmustbe

persuadedto perform its service(s). Accessto servicesin real social systemsis gainedthroughvarious

meanssuchaslong termcontracts(for example,companiesoftenhave long termcontractswith companies

thatprovidefiscalforecastinformation)or conventionsof organizations(for example,accessto sharedand

public servicessuchasmedicalexpertise,is still determinednot by who canpaymost,but on needbasis).

However, thetypeof persuasionconsideredin this thesisis negotiation:

Definition 1 a processbywhich a joint decisionis madeby twoor moreparties.Thepartiesfirstverbalize

contradictorydemandsandthenmovetowardsagreementbya processof concessionmakingor search for

new alternatives(Pruitt 1981).

In summary, the aim of this thesisis the developmentof a coordinationframework that specifies:i) the

public rulesof behaviour during the negotiation,ii) the serviceswhich agents“produce” and“consume”

andiii) thedeliberationmechanismsthat theagentsuseduringnegotiation. This coordinationframework

is designedfor both closedandopensystems.In this thesis,a closedagentsystem(alsoreferredto asa
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DistributedProblemSolving(DPS)system(Yang& Zhang1995,Durfee& Rosenschein1994))is charac-

terizedby a central designer(s)undertakingthefollowing stepsin thesystemdesignmethodology:

1. definitionof theglobalproblem(s)

2. mappingandassigningsubproblemsandresources,eitherdynamicallyat run-timeor staticallyat

design-time,to agents

3. centralconfigurationof all theagents,specifyingtheiragent’sbehaviour in thecourseof interactions

4. usinganagentcommunicationlanguageto allow theagentsto solve theproblemsin step1

This methodologyis problemcentered(step1); a centraldesignercreatesa fixed and static societyof

computationalagents(step2), who interactrepeatedly(exchanginggoals,plansor information)usinga

communicationlanguage(step4), to collectively solve a well structuredand objective global problem.

Agentsare often homogeneousin architecture,languagesand reasoning(step3), and are cooperatively

motivatedto helponeanotherto solve theglobalproblemat hand.This benevolentagentattitudedirectly

follows from the assumptionin closedsystemsthat agentssharea commongoal. Thusagentscooperate

with oneanotherbecausethey are aware of the fact that they sharea commongoal. Any conflicts are

subjective, arising as a consequenceof an incompleteor incorrect local view of the world, ratherthan

objectivecontradictoryinterests.

Conversely, anopenagentsystem(Hewitt & deJong1984)(alsoreferredto asa Multi-AgentSystem,

MAS (Bond & Gasser1988,Durfee& Rosenschein1994,Durfee& Lesser1989)) is characterizedby a

numberof designersundertakingthefollowing stepsin thesystemdesignmethodology:

1. eitherdefiningtheglobalproblemor allowing theproblemto dynamicallyemerge

2. nominating/selecting(pre-existing)autonomousagentsto enterinteractions

3. configuratingof youragent(s)

4. usingan agentcommunicationlanguageto allow the agentsto identify conflicting issuesandsolve

problemsin step1

Openenvironmentsarebettercharacterizedasencounters, wherepre-existing agentscometogetherinfre-

quentlyto solveaproblem,tradegoods,or, alternatively, whereproblemsemergedynamically“on thefly”

in thecourseof interactions.This interactioncentered,asopposedto problemcentered,stancemeansthat

theagentsocietyis moredynamic.Agentscancomeandgo. Thereis noglobally sharedgoal(s),hencethe

motivationsin interactionsaremoreselfish.Thereis a largedegreeof uncertaintyabouttheotheragents.
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Theagentsthemselvesareheterogeneousin architecture,languagesandreasoningprocedures.Theprob-

lem structureitself is ill defined,no objectively correctsolutionexists andinsteadpreferencesaregiven

more importance.Under thesecircumstances,assumptionsaboutthe system(suchasagents,resources,

informationandgoals)arenot only difficult to make,but mayalsooftenbeinvalid.

Thecharacterizationof agentsasselfishlyandautonomouslypursuingmultiplegoalshasa numberof

importantimplications. The pursuitof individual goalsis beneficialin that it decouplesagentsfrom one

another. Thus,self interest,asa behaviour guideline,encouragesseparationbetweenindividual andgroup

problemsolving. This is usefulwhenanagentis vulnerableto themaliciousbehaviour of others,or when

thereis a needto reducethe influenceof agentswho have erroneousinformationor deliberationmodels.

Also theassumptionin MAS thatagentsmayhavemultiple,andatleastpartially, conflictinggoalsproduces

socialdilemmasor realconflict,which cannotberesolvedsimply by increasingtheawarenessof anagent

throughinformationexchange.Finally, theautonomyassumptionmeansthatagentscancreateandpursue

their own goalsin a self-interestedmanner. Thedecisionof whetherto adoptthegoalsof othersis based

on whethertheseadoptedgoalscontributeto changingthecurrentworld stateinto a personaldesiredand

motivatedstate.

This thesisaims to develop a specificationof a coordinationframework (the rules,objectsandde-

liberationcomponentsof interactions)that canoperatein both closedandopensystems;usableby both

a closedsystemdesigner, to defineeachagent’s interactioncapabilities(step3 in the closedsystemde-

sign),or, alternatively, by an opensystemparticipantwho would like his/heragentto interactwith other

pre-existing agents,designedby otherdesigners(step3, in opensystemdesign). Thus,the coordination

framework shouldbeeasilyconfigurableandapplicableto differenttypesof systems.This configurability

is motivatedby theprinciplesof re-usabilityandflexibility . Re-usabilityis achievedby i) makingasfew

commitmentsto theagentarchitectureaspossible,ii) dissociatinginteractiondecisionsfrom theprotocol

of interactionsandiii) emphasizingthe notion of services.Flexibility , in turn, is soughtby avoiding un-

reasonableor strongassumptionsthat limit theapplicabilityof theframework to a singledomainor agent

architecture.Specifically, this requirementamountsto thedesignof a framework thatdoesnot assumethe

agentis unboundedin computationalresourcesor information(Bond& Gasser1988).This is becausereal

world environmentsareoftencharacterizedby uncertaintyandlimited computationalresourceswhichneed

to bedevotedto solvingthedomainproblemtheagentwasactuallydesignedfor in thefirst place.In fact,

interactionis anaddedcostto theagentin notonly computation,but alsocommunication.Additionally, not

only cancommunicationbeexpensive, but it canalsobe unreliable.Prolongedcommunicationmayalso

causenon-terminalchainsof beliefsandgoalsupdatesbecauseasthe lengthof communicationincreases

sodoesthechainof beliefsandgoalsthatsupportthedeliberationin thecourseof interactions(Huhns&

Stephens1999).
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Therefore,the aim is to designand engineera re-usableand flexible computationalcoordination

framework for both openand closeddistributed and multi-agent systems.Like computationalauctions

(Varian1992,Vulkan& Jennings1998,Sandholm1999),whereagentsinteractandtradewith oneanother

accordingto normative rulesof an electronicinstitution (Rosenschein& Zlotkin 1994),a computational

negotiationframework is soughtthatpermitsindividualagentdesignersto specifynegotiationstrategiesfor

thetradingof services,for bothclosedandopensystems,giventherulesof interactions.As will beshown,

auctionsarecomputationallydifferentto negotiationanda differentframework of negotiatedinteractions

is necessary(sections3.1.8,3.2.8).Thestanceadoptedin this thesisis thattheframework shouldformally,

andminimally, represent:

P thesetof agentsinvolvedin negotiation

P theconflictobject(s)

P thepublic rulesof interaction

P thestrategic resolutiondecisionsavailableto anagent

Note the last aim—specificationof the strategic choicesan agenthasin conflict resolution. This relates

to the “configuration” stepin both the openand closedagentsystemdesignmethodology(step3). A

framework, asopposedto a uniquesolution, is soughtthat makesavailable to agentdesignersdifferent

typesof negotiationdecisionstrategies.In this sense,theframework is descriptiveandthedesigneris free

to “configure”theagentaccordingto someobjective. However, in orderto assistthedesigner, thedeveloped

resolutionstrategiesareempiricallyevaluatedin a numberof environments(seechapter5).

1.2 Functional Ar chitecture of the Coordination Framework
The above requirementsarecapturedin the functionalarchitectureof the coordinationframework/system

shown in figure1.1.1 Thecoordinationsystemconsistsof:

P thecoordinationdeliberationmodule(thecoordinationmodel,theservicedescriptionandtheagent

knowledgebasesAM (AcquaintanceModel) & SM (Self Model), definedbelow, in figure 1.1)—

togetherthesemodulesarereferredto asthenegotiationwrapper.

P thecommunicationprotocol(agentcommunicationprotocol).

The communicationfunctionality of the coordinationsystemis supportedby the interactionenablingin-

frastructure(labelledmiddle-ware(Coulouris,Dollimore,& Kindberg 1994,Brenner, Zarnekow, & Wittig

1998)in figure1.1).Thenegotiationwrapperis seenasassistingthedomainproblemsolver in interactions.

1Thetermsinteractionandcoordinationwill beusedinterchangeablythroughoutthethesis.
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Thedomainproblemsolver is informally definedasanautonomousentity thathasknowledge(represented

asthedomaininformationmodelin figure1.1)aboutthedomainin which it operates,but thatneedstheas-

sistanceof others(asservices)in solvingits problems.Thecoordinationarchitecture,basedon ARCHON
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Figure1.1: FunctionalSpecificationof theInteractionSystem

(Jenningset al. 1996d),is divided into two parts,representingthe serviceprovisioning andserviceexe-

cution phasesof agentactivities (shown asthe division markedby the dottedline in figure 1.1). Service

provisioningis definedastheprocessesinvolvedin procuringthenecessaryresourcesrequiredto perform

an activity. Serviceexecution,in turn, is definedas the actualperformanceof the provisionedactivity.

Thisdivisionexpressesthedifferencesbetweentheprocessesinvolvedin provisioningaservicefrom those

involved in its execution. The processesinvolved in provisioning are procurementprocessesinvolving

schedulinglocal actions,identifying thoseactions/tasksthat cannot be performedlocally, contactingthe

appropriateserviceprovider(s), followed by negotiatingthe requiredservice. The processesinvolved in

serviceexecutionaremorelike managementactivities involving monitoringthe agreedserviceexecution
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plan (circle marked CommitmentModel in figure 1.1) andinitiating recovery procedureswhenexecution

hasfailedor is predictedto fail. Thedivision betweenthesetwo typesof processesis informally captured

asthe servicelife-cycle (depictedasthe serviceprovisioning serviceexecutioncycle in figure 1.1). The

servicelife-cycle consistsof firstly provisioningandthenexecutinga service.Anotherepisodeof service

provisioning may be initiated if the currentexecutionfails. The focus of this work is on a negotiation

modelfor theserviceprovisioningphase.Therefore,thesubsequentexpositionwill concentratesolelyon

theserviceprovisioningphaseof thelife-cycle.

Figure1.1 shows two domainproblemsolvers,andtheir associateddomaininformationmodels(the

boxes labelled,Domain ProblemSolverand Domain Information Model respectively). The negotiation

wrapperis depictedas an oval that is connectedto the domainproblemsolver. The exposition of the

negotiationwrapperwill concentrateon theinternalprocessesandstructuresof theagenton theright hand

side(thecircle containingthreeboxeslabelledAM & SM, CoordinationModelandServiceDescription).

Assumefor now that this agentis the client of a service. Only oneagentwill be discussedbecausethe

negotiationdeliberationcomponentof thewrapperdoesnot make any assumptionsaboutthearchitecture

of theotherinteractingagent.Thus,heterogeneousagentscaninter-operate,aslong asthey obey therules

of the protocolspecifiedby the AgentCommunicationLanguage.In fact, from the perspective of a very

simpleagent(unableto modelothers),theotheragentcansimply beviewedasa blackbox (box labelled

with aquestionmark)thatreceivesinputs,in theform of messages,andgeneratesoutputs,againin theform

of messages.

Furthermore,notethat the domainproblemsolver is separatedfrom the wrapperlayer by a Service

Descriptionlayer. A servicedescriptionis definedasan enumerationof the dimensionsof a service(or

identificationof theissuesinvolvedin theprovisioningof aservice)andthespecificationof preferencesthe

domainproblemsolver hasover eachof theseidentifieddimensions.This descriptionof a serviceis then

“handed”to thewrapperto provision. Thisdesignphilosophyis alsosharedby thework of Kraus:

Therearetwo aspectsto the developmentof agentarchitectures:what is the architectureof

eachagentandhow do they interconnect,coordinatetheir activities andcooperate.Thereare

many approachesto thedevelopmentof a singleagent.... We provide a separatemodulefor

thestrategic negotiation,andthus,we arewilling to adoptany definitionor modelof a single

agent.Our only assumptionis that theagentscancommunicatewith eachotherandthatour

negotiationmodulecanbeaddedto theagents(Kraus2000).

Thedomainproblemsolverinitiatesservicerequestswith thewrappervia thisservicedescriptionlayer

(link labelledA) during the service’s provisioningphase,describingthe issuesinvolved in negotiationas

well asthe domainproblemsolver’s preferencesover theseissues.Successfulnegotiationwith the other

serveragentwill resultin acontractthatis thenpassedbackto thedomainproblemsolverfrom thewrapper
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(link labelledB). During, or previously, to the servicerequest,both the domainproblemsolver and the

coordinationmodulereadandwrite to their informationmodels,labelledDomainInformationModeland

AM & SMrespectively. TheAM & SMarethewrapper’s repositoriesfor knowledgeaboutitself andothers

in its environmentrespectively (Jenningset al. 2000b).TheSMmaintainsinformationsuchastheservices

it canprovide,theresourcesavailableto performit, andits currentscheduleof activities. In its acquaintance

model(AM), theagentstoresinformationabouttheexistenceandknown capabilityof otheragents.

Theaboveview of provisioningis agent-centric,concentratingon theinternalsof theagent.However,

therearealsointer-agentprocessesandstructuresinvolved. All inter-agentcommunicationis physically

routedvia a suiteof middlewareservicesthat assistdistributedcomputation(box labelledMiddleWare).

Theseservices,possiblyprovidedby otheragents,mayinclude:yellow andwhite pagedirectoryservices,

assistingagentsin locating one another;platformsfor messagerouting services(suchas DAIS (DAIS

1984)or ORBIX (orbix 2000));authenticationservices;securityservices;mediationservicesandbrokerage

services(see(Vogel 1996) for a full descriptionof middlewareservices).The implementedmiddleware

architecturefor communicationof this researchhasbeena combinationof DAIS (DAIS 1984) and the

FIPA OpenSourceroutingplatforms(FIPA-OS 2000).

Finally, thesyntaxandpragmaticsof messagesarecheckedagainstthenormativerulesof thecommu-

nicationprotocol,storedin theagentcommunicationlanguagecomponentof thecoordinationsystem,and

correctmessagesaresentvia themiddlewareto the intendedrecipient. Otherwiseanerror is flaggedand

thesenderis notifiedof thedivergencefrom therulesof theprotocol.

Thedetailsof thenegotiationwrapper(thecoordinationmoduleandits associatedinformationmodels

andservicedescription),andtheagentcommunicationlanguagemodulesof thearchitecturearerevisitedin

moredepthin chapterstwo, threeandfour. Whatconstitutesanagentis discussednext, prior to anin-depth

discussionof focusedconceptssuchascoordination,interactionandnegotiation.

1.3 Agentsand the Coordination Problem

An agentdefinition is presentedin this sectionfollowed by an in-depthexaminationof the problemof

coordination,its definitions,rationale,propertiesandtypes.

1.3.1 Agent Definition

Agents,ratherthana group of agents,arethe kernelof the investigationreportedin this work. The term

agent,however, hasbeenthe subjectof muchdebaterecently, rangingfrom definitionsthat allow the in-

clusionof almostall possibleobjects,to definitionswhich only permit a very closedsetof possibilities

ascandidatesfor agency (see(Russell& Norvig 1995),(Maes1995),(Hayes-Roth1995),(Wooldridge&

Jennings1995)for somedefinitions).

In thiswork,anagentis definedasacombinationof thedomainproblemsolverandthewrapper(where
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thelattercomponentis concernedwith providing interactioncapabilitiesandcommunicationknowledgefor

theformer):
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Thedomainproblemsolver is assumedto becapableof symbolicallyrepresentingandreasoningaboutits

internalstateutilizing its domainknowledge.Reactive agents(Brooks1991)arethereforeexcludedfrom

this research.The domainproblemsolver is alsoassumedto be autonomous.Statedsimply, autonomy

meansthattheagentsoperatewithout thedirect interventionof humansor others,andthatthey have some

kind of controlovertheiractionsandinternalstate(Castlefranchi1995).In thiswork, autonomyamountsto

thewrapperhaving local control in selectingits strategiesin negotiation. Indeed,autonomyis a necessary

conditionfor negotiationsinceagentscannotbemadeor orderedto performtask(s)by otherpeeragents.2

Finally, agentsareassumedto be capableof beingboth self or groupmotivatedwhenmakingdeci-

sionsat the interactionphaseof their problemsolving. In this thesisselfishnessis informally definedas

theachievementof one’s goal(s)independentlyof theother(s)goals.On theotherhand,groupmotivated

decisionsaredefinedasachievementof one’sown goal(s),but in amannerthatis helpful to others’goal(s).

This local andglobalgoalmotivationalstancesof anagentaregivenmoreconcretedefinitionsin termsof

maximizationof individual andsocialwelfarein proceedingchapterswhenquantitative modelsof nego-

tiation areintroduced.Thechoiceof which attitudeto adoptis not hardwiredinto the agentarchitecture,

ratherit is a functionof theagent’senvironment.As wasseenin section1.1,themotivationsof agentshave

beenoneof thekey featuresthathasbeenusedin orderto differentiateDPSfrom MAS.

1.3.2 The Coordination Problem

In thissection,theconceptof coordinationis examinedfrom a DAI perspective(seechapter3 and(Decker

1995),(Kraus1997b),(Walton & Krabbe1995)for a moredetailedtreatmentfrom otherrelatedfields).

This exposition will lay the foundationsfor introducingdifferentmodelsof coordinationin subsequent

chapters.

1.3.2.1 Definitionsof Coordination

Holt informally definescoordinationas “a kind of dynamicglue that binds taskstogetherinto a larger

meaningfulwhole” (Holt 1988). More specificdefinitionsplacethe main emphasison the outcomeof

coordinationin creatingcollectiveactions.For example,BondandGasserdefinecoordinationto be:

... a propertyof interactionamongsomeset of agentsperformingsomecollective activity

(Bond& Gasser1988).

2Autonomy is often a featureof the organizationalstructureof the society. Thus,whereasa peercannot orderotherpeersto

performa task,in a master-slave relationshipordersarepermitted,andoften practicedin real socialsystems,to ensurecoordinated

actionsthatincur little or nocommunicationanddeliberationload(Scott1987).
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This definition is centeredon the outcomeof coordination. However, it is too abstractto be of any use

operationally. For example,thenotionof collective activity alludesto theexistenceof a sharedgoalto act

collectively, sincefor collective activity agentsmustsharethegoal to collaboratewith oneanotherin the

first instance(Bratman1990).Suchgoalsareexplicitly includedin definitionsby SinghandMalone:

Theintegrationandharmoniousadjustmentof individualwork effortstowardstheaccomplish-

mentof a largergoal(Singh1994).

Theactof managinginterdependenciesbetweenactivitiesperformedto achieveagoal(Malone

& Crowston1990).

That is, with theseviews, coordinationis theprocessof aligningandadjustingagents’actionsto manage

interdependencies,wheresuccessleadsto achieving someglobal system-goal.Although the conceptis

givena moreconcretedefinitionin termsof bothoutcome(“goal”) andtheprocessesinvolved,termssuch

as“work efforts” or “integration”or “management”donotconstraindifferentinterpretations.For example,

whichentity is responsiblefor managingtheinterdependencies—theindividualsor acentralizedcontroller?

Likewise,it is notclearwhatis theobjectof “work effort”; anagent’sgoals,plansor desires,or someother

construct?The following two definitionsoffer an alternative perspective on coordination,emphasizinga

local, ratherthana central,locusof coordination:

Coordination,theprocessbywhichanagentreasonsaboutits localactionsandthe(anticipated)

actionsof othersto try and ensurethe communityacts in a coherentmanner, �H�_� (Jennings

1996),p.187.

andadditionally, a processwhosedomainof operationis thesatisfactionof preferences:

... a solutionto a coordinationproblemconstitutesanequilibrium, a compromisethatassures

somehow “maximal” attainmentof different interestsof all involved individuals (Ossowski

1999).

Theprocessof coordinationis alsocentralto Jennings’definition.However, whereasthepreviousdefi-

nitionswereambiguousabouthow it wasachieved,in thisdefinition,coordinationis actively broughtabout

via local, ratherthansomecentralized,explicit reasoningprocessof eachagent. Likewise, Ossowski’s

definition emphasizesthe local locusof control in coordination.However, in additionto this, the “work

effort” is theconflictinginterestsof individualsthatneedto beresolvedin coordination.As will beshown

in later chapters,Ossowski’s definition belongsto gametheoreticmodelsof coordinationthat emphasize

notionsof solutionsandequilibrium(anemergentpropertythatis coordination).

Finally, whereasall theabovedefinitionsarebasedon achieving collectiveactions,Huhnsarguesthat

althoughcoordinationis a propertyof collective actions,it is not anall or nothingproperty. Ratherit can

exhibit degreesof satisfaction:
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... a propertyof thesystemof agentsperformingsomeactivity in a sharedenvironment.The

degreeof coordinationis the extent to which they avoid extraneousactivity by reducingre-

sourcecontention,avoiding live-lockanddeadlock,andmaintainingapplicablesafetycondi-

tions(Huhns& Stephens1999),p.83.

Thedefinitionof coordinationis mademorecomplex becausetheperspective of thedefinitionneeds

to be unambiguouslydetermined.Generally, whenthe systemof agentsis viewed from a behaviouristic

perspective (by observingthe behaviour of the systemonly), then it is difficult to assesswhetheragents

have engagedin coordinatedaction(Jennings1996). Agentsmay have indeedcoordinatedtheir actions,

but the resultingsystembehaviour may be incoherent,due to erroneousmodels,lack of informationor

insufficient resources.Conversely, the systemmay exhibit coherentcollective actions,but the agentsdid

notactuallyintendto coordinatetheiractions(see(Searle1990)for adescriptionof theproblem).For these

reasons,someresearchersin thefield haveproposedthatasatisfactorydefinitionof coordinationcannotbe

basedon behaviourismalone(Castlefranchi& Conte1997). Instead,a satisfactorytheoryof coordination

must accountfor andbe basedon intentionalattitudessuchas beliefs aswell as higherorder attitudes

(or pro-attitudes)suchasintentionsanddesiresof theagents(Dennett1987,Castlefranchi& Conte1997,

Wooldridge& Jennings1995).

In general,the definitionsall sharethe point that theoutcomeof coordinationis coherent,collective

actions.However, thereis no consensusoverhow, andby whom,coordinationis achieved,nor whatis the

objectof coordination.Theproposeddefinitionsareinformally summarizedas:

thecoordinationproblemconsistsof composing(relating,harmonizing,adjusting,integrating)

somecoordinationobjects(tasks,goals,decisions,plans)with respectto somecoordination

process, which solves the coordinationproblemby composingco-ordinationobjectsin line

with thecoordinationdirection(Ossowski 1999).

This view of coordinationwill beusedastheworking definitionthroughoutthis work. Finally, in this

work a distinctionis madebetweenprocessesthat help bring aboutcoordinatedactionandthe processes

thatmaintaincoordination.Thisdistinctionis reflectedin realsocialsystemswheretheprocessesthatbring

about“signingof adeal”areseparatefrom processesthatmaintain“honouringof deals”(Scott1987).The

work reportedhereis primarily anattemptto addresstheprocessesnecessaryfor achieving coordination,

althoughstructuresareprovidedto assistthesecondstageof coordination.

1.3.2.2 Rationalefor Coordination

Coordinationis neededwhenthereareinterdependenciesbetweenagents’actions,betweenlocal actions

andsomeglobal criteria that needsto be satisfied,or whentherearedifferencesin expertiseor levels of

resources(Bond & Gasser1988,Huhns& Stephens1999). Action dependencies(Bond& Gasser1988)
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occurwhenthe local actionsof oneagentdirectly or indirectly have aneffect on theactionsandplansof

others.(Jennings1996)givesthefollowing examplesto illustrateinterdependency betweenagents.Action

dependenciesarisewhenthe local activities of agentscontribute to the solutionof a larger problem(e.g.

building ahouse),thereis aneedto coordinateeachindividualaction,sincethelocaldecisionof oneagent

directly impactsactionsof othercommunitymembers.Interdependenciesin activitiesmayalsoarisewhen

thereis contentionfor resourcesin problemsolving(e.g.a hammermaybeneededby two agentssimulta-

neouslyto performtheir tasksor a bridgethatmustbeusedby two convoysof truckstraveling in opposite

directions).Likewise,local actionsmayneedto satisfysomeglobalcriteria(e.g. thebudgetfor building a

housecannotexceed̀[�"�+�+�"� ). Furthermore,in many typesof problemsnooneagenthassufficientcompe-

tence,resourcesor informationto achievesits goal(s)(e.g.successfuldiagnosisof a diseaseofteninvolves

many differentsourcesof expertise,informationandequipment).Generally, coordinationin mostof these

contexts closely resemblesa distributedoptimizationproblemusedfor orderingindividual tasks,select-

ing who andhow to accomplishthem,aswell astheresourcesneededfor their satisfaction(Decker 1995,

Ossowski 1999).Anotherview is thattheoutcomeof coordinationcanbedividedinto threebasicclasses,

reflectingdecisionsat threelevels: specificationof what goalsor objectivesto achieve (creatingshared

goals);planningof how to achievethem(expressingpotentialsetsof tasksto achievegoals);schedulingof

whento performtheactions(taskassignment,sharedschedulesandresourceallocation)(Decker1995).

In the above cases,coordinationfunctionsto inform local activities. Coordinationis an informing

processfor the typesof problemsthathave concernedthe classicdistributedplanningcommunity, where

interdependenciesexists amongagents’activities (Durfee 1998,Durfee & Lesser1989,Georgeff 1983,

Corkill & Lesser1983,Durfee,Lesser, & Corkill 1988).Thusthesourceof conflict is thelackof knowledge

in producingeffectivelocalactions.In suchcases,coordinationis usedasamethodof informing individual

agentsof theplansof others,whothenintegratetheirpartialplansinto acoherentglobalplan.Furthermore,

agentsareassumedto behelpful andthe informing processassistsagentsin cooperatively synthesizinga

solutionto thegivenproblem.

However, agentsmaynot alwayscooperatively agreeto performa taskwhenaskedby otheragents.

They may needconvincing. This is necessarywhenthe helpful assumptionis droppedandthe objectof

coordinationis the individual preferencesof agents.For example,agentsmay no longersharethe same

goal, andinsteadthey may have goalsthat aremutually exclusive. For example,a buyer wantsto buy a

goodata low price,whereasasellerwantsto sellatahighprice.Alternatively considertheexampleof two

truckswantingto simultaneouslycrossa bridgethatcanonly supportonetruck crossingat a time. In both

examplesthereareno sharedgoals.In fact,thegoalsof theagentsaremutuallyexclusive. Thegoalsof an

individual mayalsobemutuallyexclusive(e.g.company a wantsto increasewagesto satisfyits workers,

but alsowantsto cut down on expenditure).In suchcases,coordinationmayinvolve morethaninforming
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othersof plansor goals(onetruck driver cannot simply stateits intentionthat it intendsto usethebridge

first. It mustconvincetheotherdriverof thisschedule).Indeed,underthenon-cooperativeassumptioneven

thevalidity of informationcannot be takenat facevaluesinceagentsmaybe untruthful (Rosenschein&

Zlotkin 1994).

In suchcontexts,coordinationis neededbecauseof conflictsof interests.In thecaseof helpfulagents,

coordinationresemblesadistributedoptimizationproblem(optimallyorderingtasks,resourcing,assigning

andschedulingof tasksto agents).In thecaseof selfishagents,a coordinationmechanismis neededthat

more closely resemblesa distributed conflict resolutionproblembecauseoptimizationof activities and

resourcesmay be an intractableproblemgiven that informationmay be incorrect(selfishagentsmay be

untruthfulabouttheinformationthey communicate),uncertain(informationis not publicly availablehence

agentshave to make uncertaindecisionsaboutactionsof others)andpartial (no oneagenthasa complete

view of the overall problem). Therefore,optimizationof the overall problembecomesintractable. The

problemthenbecomeshow to resolveeachindividual’spreferencesin thecollectiveactivity.

Finally, evenif coordinationis notneeded(actionsareindependentandresourcesareplentiful) it may

still bebeneficialif agentscoordinated.For example,informationdiscoveredindependentlyby oneagent

canbetransmittedto otherswhich canbeusedto reducethecomplexity of their search(Decker1995).As

will be shown in section3.2.1,negotiationbasedon this assumptionhasbeenpopularwith the work of

RosencheinandZlotkin.

1.3.2.3 Propertiesof Coordination

Theproperties,or characteristics,of coordinationarecloselyrelatedto thedefinitionof coordinationfrom

section1.3.2.1,andaremeantto capture,in someobjectiveway, whatthesystemasawholeshouldexhibit

for it to beconsideredcoherent.Operationaldefinitionsof what is a coherentactionhave yieldedseveral

criteria alongmeasurableobjectivessuchassolutionquality, efficiency, clarity andgracefuldegradation

(Bond& Gasser1988).Specifically, a coordinatedsystemmust(Corkill & Lesser1983):

P ensureall thenecessaryoverallproblemsareincludedin theactivitiesof at leastoneagent—coverage

P permit interactionsbetweenactivities to be developedand integratedinto an overall solution—

connectivity

P ensuretheaboveobjectivesareachievedwithin theavailablecomputationalandresourcelimitation—

capability

Malone,in additionto theabove,proposesflexibility andefficiencytradeoff criteria for evaluatingthesuc-

cessof coordination(Malone 1990). This criteria can be usedto differentiateone type of systemthat

is highly structured,with formalizedproceduresfor all possibleeventualities,to systemsthat areloosely
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coupledstructuresthatdependon massive amountsof informal communicationandmutualadjustmentsto

adaptto rapidlychangingandcomplex environments.

Finally, quantitative modelsof coordinationspecifypropertiesfor both the outcomeandthe process

of coordination. In thesemodels,which will be describedin more detail in chapterthree,satisfactory

coordinationshouldbe efficient (either in the speedof convergenceto coordinatedbehaviours or in the

qualityof thecoordinatedoutcome,or both)andstable(wheretheindividual’sstrategy of interactionis self

enforcinganddeviationsfrom this areirrational (Binmore1992)). Additionally, the coordinatingprocess

itself shouldnot treat individualsdifferently. This symmetrictreatmentof agentsis a desirableproperty

becausea coordinationsolution that treatsone agentmore preferentiallythan anotheris unlikely to be

adoptedby theagentwhofaresworse.Furthermore,to maintainthebenefitsof thedistribution(section1), it

shouldbedistributed,requiringno centraldecisionmaker (Rosenschein& Zlotkin 1994).Theseproperties

arethenusedasabenchmarkto evaluatedifferentcoordinationsolutions(Rosenschein& Zlotkin 1994).

1.3.3 Typesof Coordination

Therearenumerousdifferent typesof coordinationtechniques(whereeachtype differs in its rationale,

methodologyandeffects). Therefore,for comparisonpurposes,WaltonandKrabbedefinedthefollowing

interactionsetbasedontheinitial context andthejoint andindividualaimsof theconcernedparties:(Walton

& Krabbe1995)3

P Persuasion—Persuasionbeginswith theidentificationof aconflictandamutualadoptionof thegoal

to resolve this conflict. Theprimarymotivationof eachagentis to modify thebelief of theopponent

while avoiding revisionof theagent’sown beliefs.However, eachagentimplicitly acknowledgesthe

willingnessto modify its own beliefs.

P Inquiry—In inquiry theaim of eachagentis thesharedaim of all agents,which is to substantiateor

derivea proof for a claim.

P Deliberation—Deliberationis not initiated from a conflict, but is ratherdirectedfrom a needfor

action. The aim of deliberationis to jointly arrive at a decisionor form a plan of action. Like

negotiation andpersuasion,deliberationis a non-cooperative interactionin that agentsattemptto

reacha planof actionor decisionwhich benefitsthemselves.

P Negotiation—Theinteractiontype usedfor the problemsaddressedin this researchis negotiation

which, like persuasion,but unlike deliberation,is initiatedfrom a conflict of interests.Furthermore,

similarly to persuasion,negotiationis motivatedby aneedto makeadealwhile selfishlymaximizing

3Only therelevantclassesof interactionsareincludedhere.See(Walton& Krabbe1995)for amoreformal treatmentof theseand

othertypesof interactions.
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personalgoals. However, whereasthe aim of a persuasiondialogueis to reachan agreement,in

negotiationdialogueit is not a necessaryconditionto reacha settlement—otherthanagreeingto a

particulardeal. Thusthebeliefsof eachagentmaystill remaindiametricallyoppositeat theendof

negotiation.It is in this sensethatnegotiationis viewedthroughoutthis thesis.

The objectof interactions,in this research,over which agentshave conflicts is calleda service. In

service-orientednegotiation,oneagent(theclient) requiresaserviceto beperformedon its behalfby some

otheragent(theserver).

A serviceis a solutionto a problem. It is formulatedandassignedto agentswho thenactasexperts

in solving that typeof problem.Examplesincludediagnosinga fault (performinga task),buying a group

of sharesin the stockmarket or allocatingbandwidthto transmita video-conference(gainingaccessto

a resource).Agentsthat thenrequirethat expertisemust interact(or negotiate)with agentswho own the

expertise. Thussolutionsto problemsareaccessedvia a computationaleconomy, wherethe activities of

interestaredescribedin termsof theproductionandconsumptionof services(Mullen & Wellman1995).

ServicespartiallycapturewhatMalonecallsthe“fundamentalcomponentsof coordination”, theallocation

of scarceresourcesandthecommunicationof intermediateresults(Malone1990). In this thesis,a service

is anabstractionof anagent’s capabilitiesto performboth tasksandprovide resources.As will beshown

in proceedingsections,a considerablenumberof modelsof negotiationhave beendevelopedfor eitherthe

problemof taskallocation(for example,the ContractNet Protocol,seesection3.2.3),wherenegotiation

is viewed as connectingand gaining accessto capabilitiesof other agents(suchas securityexpertise),

or resourceallocation,wherenegotiation is establishingusagerights to a sharedresourcethat is owned

mutually(suchasa bridge).This dichotomyis principally dueto theprocessthatmapsthegivenproblem

into a MAS (this processwill be referredto asagentification). Generally, althoughtasksareassignedto

agents,theassociatedresourcesnecessaryto performthetaskscaneitherbemutuallyor privatelyowned.In

eithercase,agentsmustinteractwith oneanotherandestablishusagerightsof tasksaswell asof mutually

or privatelyownedresources.Note,thatthechoiceof agentification(assignmentof servicesandresources

to achieve theseservices)directly influencesthecoordinationwrapper, in termsof coverage,connectivity

andcapabilityof theagentsto theproblem(seesection1.3.2.3).For example,aninappropriateassignment

of resourcesto an agentto performthe servicewill reducethe effectivenessof the negotiationwrapper.

This is becauseif theresourcesto performa serviceV areprovidedby severalotheragents,thentheagent

thatwantsto provide V to anotheragentmustengagein a numberof othernegotiationswith providersof

resourcesfor V .
To achieveoneof theaimsof this research(adomainindependentnegotiationwrapper)theprocessof

agentifyingtheproblemmustnot only assignindividual tasksto agents,but mustalsoassigntheresources

necessaryto performthe tasks. Thus,ownershipis assignedover both tasksandresourcesandspecifies
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therolesof an individual over a service,specifyingwhetherthe agentis a provider or consumerof a ser-

vice. Accessto theseservicesis thenachievedthroughtrading/bargainingover theserviceandits multiple

features,suchasits price,quality, start-time,aswell asotherservicefeatures.

Moreover, in service-orientedcontexts,negotiationinvolvesdeterminingacontractundercertainterms

andconditions.A contractis informally definedas:

a statementof the rights and obligationsof eachparty to a transactionor transactions.A

contract,familiarly envisaged,is a formal written statementof thetermsof thetransactionor

relationship:ahousepurchaseor apopstar’sdealwith a recordcompany (Bannock,Baxter, &

Davis 1992).

Thus,agentsnegotiatefor services,definedasmulti-dimensionalgoods,andsuccessfulnegotiationresults

in agreementsin theform of contracts.

As will be shown in later chapters,the characterizationof objectsof interactionasservicespermits

abstractionanddecouplingof coordinationreasoningfrom theproblemdomainathand.Thelatterproblem

is handledby the domainexpert who thenspecifiesthe service(s)it requiresandits preferencesover the

service(s)to thewrapper. Contracts,in turn, explicitly modelcommitmentsmadeat theendof successful

interactions.

An agent’smotivationwasacentralclassificationcriteriain theabovecoordinationtaxonomy. As was

shown previously, this attributehasbeeninstrumentalin classifyingDAI approachesandtheir techniques

into closed(DPS) andopen(MAS) systemparadigms.Two applicationdomains,onean exampleof a

closedsystemandthe otherof an opensystem,arepresentednext. The domainproblemsof thesetwo

applicationshave beeninstrumentalin groundingthe researchdirectionof this thesisandhave beenfully

implementedassystemsof multiple interactingagents.

1.4 Exemplar ProblemDomains
This sectionpresentstwo applicationdomains,businessprocessmanagement(section1.4.1)andtelecom-

municationservicemanagement(section1.4.2),thathave jointly motivatedandgroundedthedesignof the

interactionwrapper. Thesetwo applicationdomainscanbeviewedastypical real-world exemplarsof appli-

cationsthatarewell suitedto anagent-basedapproach(i.e. they exhibit a numberof thefeaturesdescribed

in section1). See(Jenningset al. 2000a),(Jenningset al. 2000b),(Jennings,Norman,& Faratin1998),

(Faratin,Sierra,& Jennings1998),(Sierra,Faratin,& Jennings1997),(Normanet al. 1996),(Jenningset

al. 1996c),(Jenningsetal. 1996b),for publicationson thebusinessprocessmanagement(ADEPT)project

and(Faratin,Sierra,& Jennings2000),(Faratinet al. 1999b),(Faratinet al. 2000),(Sierra,Faratin,&

Jennings1999)and(Faratinet al. 1999a)for publicationson thetelecommunicationservicemanagement

project.In additionto theseapplicationdomains,thedevelopedwrapper:
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1. has beendeployed in a EuropeanUnion project (ESPRIT 27064), called CASBA (Competitive

Agentsfor SecureBusinessApplications)(CASBA 2000). CASBA is an e-commercemarketplace

whereagentsbuy andsell items(travel packagesfor example,aswell asbusinessto businessappli-

cations).Herethewrapperhasbeenusedto modelthedecisionmakingfunctionalitiesof theagents.

2. hasbeenusedto demonstratenegotiation within ServiceImpact Analysis and ServiceLevel re-

negotiationwithin Nortel Networks(propertyof Nortel Networks,henceno public documentexists

for referencing).Serviceimpactnegotiationrelatesto network level negotiationfor theprovisioning

of resourcesfor the network to recover from the impact of a failure. Agentsrepresentingdiffer-

ent nodeswithin thenetwork negotiateusingthe wrapperto recover from the network failure. The

wrapperhasalsobeenusedto dynamicallyre-provision telecommunicationservicefailureswith the

affectedcustomerat the servicelevel. Agentsrepresentingthe serviceprovider andeffectedcus-

tomersutilize the negotiation wrapperto re-negotiatethe committedServiceLevel Agreementto

enableacontinuedservice.

3. hasbeenincorporatedasa genericcomponentinto theagentframework usedwithin Nortel for de-

velopingmulti-agentsystems.Thewrappertechnologywithin theagentframework hasbeenusedto

constructanumberof conceptdemonstrators,including:

(a) SecurityNegotiation: utilizing thenegotiationwrapperto enabletherequiredsecuritylevel to

beestablishedbetweencalling partiesdependingon their individual requirements.

(b) Shuffle project(Shuffle 2000).Thewrapperis alsointendedto beusedin theEuropeanUnion’s

Fifth Framework ProjectShuffle (An agentbasedapproach to controlling resourcesin UMTS

networks). Theaim of theprojectis to usenegotiatingagentsin a resourceconfigurationsys-

temthatdynamicallyallocatesradioandassociatedfixednetwork resourcesin third generation

mobilecommunicationsystems.Third generationmobilesystemsareseenasbeingthetechnol-

ogy to bring the new broadbandservicesbeingdevelopedfor the Internet(andfor broadband

networks in general)to the mobile user. However, providing flexible, higherbandwidthser-

vicesin a mobileenvironmentleadsto increasedcomplexity in resourcecontrol andresource

managementbecauseof thevariablebandwidthrequirementsof theapplications,thenew radio

architectureand the varying demandson the fixed part of the infrastructure.Suchcomplex-

ity requiresthe useof sophisticatedcontrol andmanagementtechniques.Negotiatingagent

technologyis intendedto beusedto managethis complexity.

Togetherthesesevenapplicationsof the wrapperto diversedomainsfrom businessprocessmanagement,

to securitylevelsfor telecommunicationmanagement,to travel agency, procedurallydemonstratetheflex-

ibility andre-usabilityaimsof this research.The expertiseof agents(managementof sub-processesof a
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businessor managementof a telecommunicationinfrastructureor network security)is boughtandsoldas

servicesto andby agents,to satisfyeitherindividual goals(for example,buying any commodity, suchas

securityexpertisefor personalpurposes)or somejoint goal (for example,to collectively manage,through

buying andselling of services,sub-processesof a business).In all thesecases,the negotiationwrapper

canbe “configured” to “connect” a buyer to a server of a serviceindependentlyof what is beingbought

andsold. The detailsof how it is configuredaredeferreduntil later chapters,but, informally, agentsare

configuredby specifyingthe issuesover which they negotiate,their preferencesover theseissues,andthe

behaviours the designerwantsthe agentsto exhibit in the courseof negotiationin orderto achieve these

preferences.A protocolis thenusedto allow agentsto communicateandsolve (or “connect”)eithertheir

individualor their joint problems.

1.4.1 BusinessProcessManagement—ADEPT

The initial scenariois theBritish Telecom(BT) businessprocessof providing a quotationfor designinga

network to provide particularservicesto a customer(figure1.2)4. Theoverall processreceivesa customer

servicerequestasits inputandgeneratesasits outputaquotespecifyinghow muchit wouldcostto build a

network to realizethatservice.It involvesup to six agenttypes:thesalesdepartmentagent,thecustomer

servicedivisionagent,thelegaldepartmentagent,thedesigndivisionagent,thesurveyor departmentagent,

and the variousagentswho provide the out-sourcedserviceof vetting customers.All negotiationsare

centeredon a multi-attributeobject,whereattributesare,for instance,price,quality, durationof a service

(see(Jenningset al. 1996a)andsection2.2.1for moredetails).Theprocessis initiatedby thesalesagent

which negotiateswith the CSD agent(mainly over time, but alsoover the numberof invocationsandthe

form in which thefinal resultshouldbedelivered)for theserviceof providing a customerquote.Thefirst

stagesof the b G I�X"9cR F dfe V � I�S F.G gTe I � F serviceinvolve the CSD agentcapturingthecustomer’s details

andvetting the customerin termsof their credit worthiness.The latter sub-serviceis actuallyperformed

by oneof theVC agents.Negotiationis usedto determinewhich VC agentshouldbeselected—themain

attributesnegotiatedoverarethepriceof theservice,thepenaltyfor contractviolation, thedesiredquality

of the serviceand the time by which the serviceshouldbe performed. If the customerfails the vetting

procedure,thenthequoteprocessterminates.Assumingthecustomeris satisfactory, theCSDagentmaps

their requirementsagainsta serviceportfolio. If the requirementscanbe met by a standardoff-the-shelf

portfolio item,thenanimmediatequotecanbeofferedbasedonpreviousexamples.In thecaseof bespoke

services,however, theprocessismorecomplex. TheCSDagentnegotiateswith theDD agent(overtimeand

quality) for theserviceof designingandcostingthedesirednetwork service.In orderfor theDD agentto

providethisservice,it mustnegotiatewith theLD agent(overtime)andperhapswith theSDagent.TheLD

4Thenegotiationsbetweentheagentsaredenotedby arrows (arrow headtowardclient)andtheserviceinvolvedin thenegotiation

is juxtaposedto therespective arrow.
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Figure1.2: Agentsystemfor BT’s providecustomerquotebusinessprocess

agentchecksthedesignto ensurethelegality of theproposedservice(e.g.it is illegal to sendunauthorized

encryptedmessagesacrossFrance).If thedesiredserviceis illegal,thentheentirequoteprocessterminates

andthecustomeris informed. If therequestedserviceis legal, thenthedesignphasecanstart.To prepare

anetwork design,it is usuallynecessaryto havea detailedplanof theexistingequipmentat thecustomer’s

premises.Sometimessuchplansmight not exist andsometimesthey may be out of date. In eithercase,

theDD agentdetermineswhetherthecustomersite(s)shouldbesurveyed. If sucha survey is warranted,

theDD agentnegotiateswith theSD agent(overpriceandtime) for the � e1G X FHE dfe V � I�S F.G �h9 � F service.

Oncompletionof thenetwork designandcosting,theDD agentinformstheCSDagent,which informsthe

customerof theservicequote.Thebusinessprocessthenterminates.

1.4.2 TelecommunicationServiceManagement

The FIPA Agent CommunicationTechnologiesand Services(FACTS) telecommunicationmanagement

problemwaspartof theACTSprogrammeof theFourthframework of theEuropeanCommunity(FACTS

1998).Theproblemscenariois basedon theuseof negotiationto coordinatethedynamicprovisioningof

resourcesfor a Virtual PrivateNetwork (VPN) usedfor meetingschedulingby endusers.A VPN refersto

theuseof a public network (suchastheInternet)in a privatemanner. This serviceis providedto theusers

by serviceandnetwork providers.Thescenariois composedof anumberof agentsthatrepresenttheusers,

theserviceprovidersandthenetwork providers(seefigure1.3).

Individualsusing the systemare representedby useragentsthat are collectively referredto asPersonal

CommunicationAgentsor PCAs. PCA agentsare composedof IPCA and RPCAs; the Initiating PCA

representsthe userwho wantsto initiate the meetingandthe Receiving PCAsrepresentthe party/parties
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Figure1.3: Nortel Network’sFACTSScenario

that are requiredto attendthe meeting. InteractionsbetweenPCAs can be multilateral (involving one

IPCA and multiple RPCAs) and are centeredaroundnegotiation over meetingscheduling. Eachagent

negotiateson behalfof their userandhasthe goal of establishingthe mostappropriatetime andsecurity

level (seebelow) for the servicerequestedby the IPCA. The set of issuesover which PCAs negotiate

are: Ù � F.G X@9<Ú F Û^E C F !J� F Ú e�G 9 � E !#b G 9cÚ F !)� � �"G � Û 9<S F !#Ü e1GW� � 9cI�;ÞÝ . � F.G X"9cÚ F Û^E C F denotesthechoiceof the

service(e.g.video,audioor mixtureof both). b G 9<Ú F is theshareof thepricetheagentsshouldpayfor the

service. � � �"G � Û 9<S F and Ü e1GW� � 9cI�; arethe time the servicewill commenceandits length,respectively.

� F Ú e�G 9 � E encodestheprivacy of themeetingandis representedby boththemethodof security(e.g. in the

orderof valueto PCAs: Entrust,Verisignor Microsoft) andthe level of thesecuritymethod(againin the

orderof value:confidentiality, integrity andauthentication).

The requirementsof the IPCA andtheRPCAsareconstrainedby what resourcesareavailableat the

network level. For example,the network maybeheavily loadedat the time theserviceis requiredby the

PCAs. Sincethenetwork is only visibleto theIPCA throughtheServiceProviderAgents(SPAs), thethreads

of IPCA andRPCAsnegotiationareexecutedin parallelwith negotiationsbetweenIPCA andSPAs. Note

howeverthattheinteractionsbetweenIPCAandSPA directly influencethemeetingschedulingnegotiations

betweenIPCA andRPCAs. In fact, PCAsagentsoften have to make trade-off betweenissuesgiven the

constraintsat thenetwork level. For example,in casesof highnetwork loadtheSPA mayoffer PCAsa later
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� � �@G � Û 9<S F for a longer Ü e�GW� � 9<I�; . Furthermore,only bilateralnegotiation is assumedbetweenIPCA

andSPAs. However, eachSPA can make agreementswith IPCA for servicesand thenout-sourcethese

commitmentsby initiating negotiationwith otherSPAs. Thesetof issuesin thenegotiationbetweenIPCA

andSPAsis thesameasthatbetweenIPCAandRPCAsexceptthereis theadditionalelementb �"G � 9cÚ�9ßC � ; � V
(thelist of users,representedby RPCAs, specifiedto beincludedin therequestedservice).

Either concurrently, or after the serviceis provisionedbetweenIPCA andSPA, multiple threadsof

negotiationareinitiatedbetweentheSPA andtheNetwork Provider Agents,NPAs, thatmanagetheinfras-

tructureandlow levelaspectsof theIP network. Thesethreadsof interactionaremultilateralsinceeachNPA

managesonly asubsetof theIP network. Therefore,theSPA mustnegotiatewith anumberof NPAsin order

to secureresourcesfor theservicesit providesto IPCA. Thesetof issuesin thethreadof negotiationbetween

SPAandNPAsincludes: Ù g5eÞ� DY9 � E IBà � FHG X@9cÚ F !)� F Ú e�G 9 � E !)b �"G � 9cÚ�9ßC � ; � V"!#b G 9cÚ F !)� � �"G � Û 9<S F !#Ü e1GW� � 9cI�;ÞÝ .
Here g5eÞ� DY9 � E IBà � F.G X"9cÚ F , or g IB� , representsthe“goodness”of theservicefrom anagent’s perspective.
g IB� is oftendiscussedasif it werecomposedof anumberof subissuessuchas,the á � ;âR \ 9cR ��ã (capacity

of the link), the D � � F ;âÚ E (delayimposedby thenetwork on packets),the ä"9 �c� F.G (maximumtime deviation

acceptableduring transmission),the � X � 9<D � UJ9cDY9 � E (percentageof time over which the serviceis required)

and C � Ú_å F � DæIBV.V (percentageof total packetslost during lifetime of theprovisionedservice).Additionally,

thesubissuesthatrepresentthe g IB� canchangein thecourseof negotiation.For example,negotiationover
g IB� maybegin with concernsoveronly the á � ;âR \ 9cR ��ã capacityof thelink, but laterincludeC � Ú_å F � DæIBV.V
if theclient of a servicerequiresa higherservicequality. Alternatively, subissuesmayberemovedfrom

thesetof issuesthatdefineg IB� . For example,theSPA mayremove ä"9 �c� F.G from thesetof g IB� negotiation

issueswith NPAs if theendusershaveagreedto holdavideo-conferenceatageographicallycloselocation

(sinceä"9 �c� FHG will no longerbea concern).

Additionally, theseagentsoperatein ahighly dynamicenvironment:servicesneedto beupdated,new

onescomeon line, old servicesareremovedandcurrentlyagreedservicesfail. Customer’s requirements

may alsochange:new servicesmay be required,servicesmay be requiredsooneror later than initially

anticipatedor higherquality maybecomemoreimportant. In all of thesecases,negotiationis the means

of managingthiscomplexity. New servicesbecomecandidatesof provisioning,thoseeffectedby thefailed

servicescanbere-provisioned,andserviceconditionscanbedynamicallyconfiguredor reconfigured.

1.4.3 Characteristicsand Assumptionsof Problem Domains

The following negotiationcharacteristicscanbe observed in the scenariosabove. Thesecharacteristics

form partof therequirementsthatneedto beadequatelymodeledandwhich will beusedasa benchmark

for analysisof other relatedapproachesto similar problems(chapter3). Moreover, it is believed that

thesecharacteristicsare likely to be commonto a wide rangeof service-orientednegotiationsbetween

autonomousagentsbecausethesefeaturesareidentifiedat a sufficiently abstractlevel (suchaspresenceor
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absenceof timelimits ororganizationalstructure)to beapplicableto mostcomplex andreal-timeinteraction

problems.

Themainfeatureof theabove scenariosrelatesto thedesignof openandclosedsystems,mentioned

in section1.1. A distributedsystemis eitherformedcentrallyby a designer, or elsecreateddynamically

throughencounters.In theabove two scenarios,thesetof BT agentsin theADEPT systemandtheSPAs

andNPAs in theFACTSscenario,representa closedsystem.Theseagentshave beencreatedcentrallyby

designer(s)accordingto someMAS designmethodology(see(Jenningset al. 2000b)for themethodology

for creatingADEPTagents).On theotherhand,thedesignof, andtheinteractionsbetween,theVC agents

andthe BT agentsin the ADEPT system,andthe IPCAswith the SPAs, in the FACTS scenario,is not a

centralizedprocess.In fact theseagentscan,anddo, freely enterandleave interactions(for example,in

a deregulatedtelecommunicationindustrywherecustomerscanchooseamongsta wide rangeof service

providers,SPA agentsareunlikely to encounterthesamePCAagents).As will beshown below, this open

versuscloseddesigndirectly influencesagentinteractionsalonganumberof dimensionssuchas:different

agentarchitectures,languagesandreasoningprocedures,varying certaintylevels,autonomy, motivations

andconflict types,differentpatternsof temporalpersistancy (or theperiodanagentis “alive” in a negoti-

ation),anddifferentfrequency of encounters.It is preciselyfor thesereasonsthatno singlecoordination

mechanismcanbe designedthat solvesthis type of problem. Rather, the emphasisof this thesisis on a

configurablenegotiationframework.

In moredetail,whatcanbesaidaboutthetwo domainsaboveare:

P Thereareroles. Individual agentscanbe bothclientsandserversfor differentservicesin different

negotiationcontexts.

P Interactionscanbe eitheramongstgroupmembers(e.g. the BT agentsor thePCAs)or individuals

from differentorganizations(e.g. VC andCSDagents).Theorganizationof agentshasfour closely

relatedimplications:

– conflict types: Theconflictbetweenindividualandsystemgoalsdeterminesthestyleof interac-

tion. Threetypesof conflictcanbeidentifiedwithin theabovetwo domains.Somenegotiations

involve entitieswithin the sameorganization(e.g. betweenthe CSD andDD agents)where

agentssharethegoalof theorganization.Hence,thetypesof interactionsaregenerallycooper-

ative in nature.Othernegotiationsareinter-organizationalandpurelycompetitive—involving

self interested,utility maximizingagents(e.g. betweenthe VC agentsandthe CSD agent,or

betweenthe PCA andthe SPA agents).Finally, agentsmay sharethe samesystemgoal but

have different individual preferences(e.g. the schedulingof meetingsby the PCAsrequires

resolutionof differentpreferenceseventhoughindividualsall agreethatthey wantto meet).
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– motivation types: Notealsothata singleagentmayenterdifferenttypesof conflict scenarios.

For example,thestyleof negotiationbetweentheCSDagent(or IPCA) againstDD (or RPCAs)

is cooperative in nature,whereasthe CSD (or IPCA) negotiationswith VC (or SPAs) may be

moreselfish.Thereforetheattitudeof theagentsis not fixed.

– autonomy: The solutionto problems,especiallyin inter-organizationalcontexts, is basedon

mutualselectionof outcomes.Thereforeno singleagenthascontrolover theotherin termsof

theselectionof thefinal choice.

– uncertainty types: Somegroupsof agentsoftennegotiatewith oneanotherfor thesameservice

(e.g.theCSDandDD agents),whereasothernegotiationsaremoreopenin nature(for example,

thesetof VC agentschangesfrequentlyandhencetheCSDagentoftennegotiateswith unknown

agents).

P Negotiationscanrangeovera numberof issues(e.g.price,durationandstarttime). Eachsuccessful

negotiationrequiresa rangeof suchissuesto beresolvedto thesatisfactionof bothparties.Agents

mayberequiredto make trade-offs betweenissues(e.g. fastercompletiontime for lower quality) in

orderto cometo anagreementor dynamicallychangethesetof issuesinvolvedin negotiation.

P As the agentsareautonomous,the factorswhich influencetheir negotiationstanceandbehaviour

areprivateandnot availableto their opponents(especiallyin inter-organizationalandopensettings).

Thus, agentsdo not know what utilities their opponentsplaceon variousoutcomes,they do not

know what reasoningmodelsthey employ, they do not know their opponent’s constraintsandthey

do not know whetheran agreementis even possibleat the outset(i.e. the participantsmay have

non-intersectingrangesof acceptability).

P Sincenegotiationtakesplacewithin a highly intertwinedweb of activity (thebusinessprocessor a

video-conferenceschedule),time is a critical factor. Timingsareimportanton two distinct levels: (i)

thetime it takesto reachanagreementmustbereasonable;and(ii) thetime by which thenegotiated

servicemustbeexecutedis importantin mostcasesandcrucial in others.Theformermeansthatthe

agentsshouldnot becomeinvolvedin unnecessarilycomplex andtime consumingnegotiations—the

time spentnegotiatingshouldbereasonablewith respectto thevalueof theserviceagreement.The

latter meansthat the agentssometimeshave harddeadlinesby which agreementsmustbe in place

(this occursmainly whenmultiple servicesneedto becombinedor closelycoordinated).

P The quantityof a particularresourcehasa stronganddirect influenceon the behaviour of agents,

and,moreover, the correctappreciationof the remainingresourcesis an essentialcharacteristicof

goodnegotiators.Resourcesfrom theclient’s point of view relatedirectly to thenumberof servers
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engagedin theongoingnegotiation;likewise from theserver’s point of view. Thus,thequantityof

resourcehasasimilar effecton theagents’behaviour astime.

Thesefeatures(or characteristics)will be usedas the basisfor a critical evaluationof relatedap-

proachesandfinally for thedesignof thenegotiationwrapperitself.

1.5 Contrib utions of the Research
Thework reportedhereis a formalizationandengineeringof aninteractionwrapperthatcanbeconfigured

for useby asocialagentsthatneedto interactwith otheragentsin a numberof differentenvironments.It

is anengineeringendeavor becausethewrapper’s coordinationmodelutilizesandintegratesmodelsfrom

artificial intelligenceandeconomics.Techniquesfrom thesedisciplineshavebeenusedto designastrategic

negotiation framework in environmentscharacterizedby direct and structuredinteractionsbetweentwo

agents,whohaveconflictingpreferencesovermultipleissues,andwheretimeandcomputationarebounded

andinformationis uncertain.The majority of currentmulti-agentsystemshave tendedto model indirect

interactionsbetweenoneto many (auctions)or many to many (markets),wheretheagentsaresimpleand

theinstitution,asthemediator, controlsand,at times,specifiesthestrategiesof interactions.

Morespecifically, thisshift in emphasistowardsdirectandstrategic interactionsbetweenautonomous

agentshasnecessitated:

P employing extantcommunicationknowledgesothatagentscanunderstandandinteractwith therules

of theprotocol.Thisknowledgeis modeledasanagentcommunicationlanguagewhichnormatively

specifiesthesyntax,semanticsandpragmaticsof possibleutterances.

P developinga novel coordinationarchitecturefor strategically selectingactionsgiven the normative

rulesof the protocol. The communicationlanguageabove is knowledge“poor”, leaving the deci-

sionsaboutwhento usetheprotocolandwhatinformationto transmitto thedesigner. However, the

currentlyavailabledecisionmodelsthatthedesignercoulduseto guidedecisionmakingin suchsit-

uationsoftenmakeunrealisticassumptionsabouttheagent(suchasperfectinformationor unlimited

computationalresources).In contrast,the developedcoordinationwrapperis basedon the realistic

assumptionsthatagentshave limited informationabouttheir world andtheir reasoningcapabilityis

constrainedby time andcomputationallimitations. This relaxationof the strongassumptionshas

meantthatthedevelopedmodelonly aimsto computesatisfiable,ratherthanoptimal,solutions.

The major contributionsof this thesis,implementedasa decisionarchitecturewithin the wrapper,

are:

1. A morein-depthdescriptionof the environmentof multi issuenegotiationthatagentscanuse

for decisionmaking.This descriptionrepresents:thenegotiationissues,their importance,their
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reservations,the agent’s preferenceover the issues,time deadlinesandconversationthreads.

Thepresentedmodelincorporatesmorenegotiationconceptsthanpreviouslyproposedsystems,

therebyallowing richerreasoningmechanisms.

2. Two fully developedand novel offer generationalgorithms,called responsiveand trade-off

mechanisms,which togethersearchthespaceof possiblenegotiationoutcomes.Anothernovel,

butasto dateundeveloped,mechanismis theissue-setmanipulationmechanismwhichperforms

a differenttypeof search.

Theresponsivemechanismis thecomputationallysimplestalgorithm.It generatesoffersbased

on thenegotiationcontext suchasthetimeremainingin negotiation,thecurrentresourceusage

levelsin negotiationor thebehaviour of theotheragent.Themechanismgeneratesofferssolely

on thesefactorsandindependentlyof the benefitsthat canbe gainedby both parties. In this

senseit canbeseenasaselfishmechanism.

Thetrade-off andissue-setmanipulationalgorithmsarecomputationallymorecomplex andde-

mandrelatively moreinformationabouttheotheragentin generatingoffersthantheresponsive

algorithm.Thetrade-off algorithmgenerates,unlike theresponsive algorithm,offersthathave

thesamebenefitto the agentaspreviously, but thatmaybemorebeneficialto theotheragent

thanthepreviousoffer. Thisdecisionis uncertainbecauseanagentdoesnotknow theevaluation

functionof its opponent.Fuzzydecisiontechniquesareprovidedthatsupportuncertaindecision

makingduringtrade-off negotiations.Sincethesearchfor mutuallymorebeneficialoutcomes

is computationallymorecomplex thanits responsivealgorithmcounterpart,thetrade-off algo-

rithm is consideredasa morecooperative process.This is becausean agentthat implements

suchanalgorithmwill have to dedicatemorecomputationalresourcesto decisionmakingthan

it would for thecorrespondingresponsivealgorithm.

The issue-setmanipulationmodel is alsocomputationallymorecomplex than the responsive

mechanism(becauseof this increasedcomputationalcomplexity, this algorithm,togetherwith

the trade-off algorithm,constitutewhat is termedasthedeliberativecomponentsof thewrap-

per). Issue-manipulationoperatesby dynamicallychangingthe set of negotiation issuesby

addingand/orremoving issuesat negotiationtime. The modelhasbeendevelopedto escape

negotiationdeadlocksby removing “noisy” issuesthatareobstructingtheprogressof negotia-

tions,or by addingnew issuesinto thenegotiationthatmayincreasethebenefitto bothparties.

Again theseevaluationsareuncertainandaresupportedby fuzzy decisionmakingtechniques.

The issue-setmanipulationis the leastdevelopedcomponentof the wrapperarchitectureand,

unlike the responsive andtrade-off algorithms,still requiresthe specificationof an algorithm

giventhedevelopedformalmodel.
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In summary, all threemechanismsaredecentralized.The responsive mechanismis novel be-

causeit formally modelsa concessionprotocolbasedon the environmentof the agent. This

allows agentsto explicitly reasonabouthow to concedein negotiation. The novelty of the

trade-off mechanismis that, for the first time, it formally modelsthis importantnegotiation

mechanism.Furthermore,althoughthetrade-off mechanismis computationallymorecomplex

thantheresponsive mechanism,it is nonethelesstractable.Finally, the issue-setmanipulation

mechanismformally modelsanothertype of negotiationdecisionmechanismthat hasto date

not beenaddressedelsewhere.

3. A meta-strategy modelthatguidesthedecisionmakingaboutwhichof theavailablenegotiation

algorithmsto use.Giventhattherearethreechoicesof methodstogenerateoffersin negotiation,

anotherlevel of decisionmakingis requiredto makethechoiceaboutwhich techniqueto apply.

Thislevel of decisionmakingis referredto asameta-strategy. Decisionsaboutwhichalgorithm

to usein generatingan offer canbe basedon a numberof internalor external factorsto the

agent,for example,thehistoryof interactions,thetime limits andsoon. An importantdecision

criteriais basedon thefactthattheresponsiveanddeliberativecomponentsof thewrappercan

implementbothselfishor cooperativebehaviours,respectively. Whereasin traditionalDPSthe

attitudeof theagentis hardwiredinto theprotocol,moving towardsopenenvironmentsrequires

decouplingthisstrategic decisionfrom theprotocol.In someenvironmentsit maybebeneficial

to beselfishandfollow theagent’sown goals,whereasin othercasesbeingcooperativeis more

beneficial.This novel way of couplingstrategiesof interactionsto environmentsandgoalsvia

meta-strategies,ratherthan the protocol itself, alsoresultsin a wrapperthat is moredomain

independentthanothertraditionalDPSprotocols.

The requirementthat the wrapperis operationalin both openandclosedenvironmentshasresultedin a

needto develop a coordinationframework that is reusable. Re-usabilityis achieved by separatingthe

wrapperfrom the domainproblemsolver layer of an agentthrougha servicelayer. The domainexpert

can thendevelop domaindependentcodefor the problemat hand,but usethis servicelayer to achieve

effective coordinationwhenproblemsinteractwith otherautonomousentities. Designerscanthenbuild

agentswithoutsignificantexpertisein thedevelopmentof coordinationstrategies.

Furthermore,thedesigneris providedwith not only a coordinationframework, but alsoa preliminary

empiricalevaluationof its components.This evaluationcanbeusedto guidetheselectionof strategiesin

a wide rangeof environments.Suchevaluationis neededbecausethewrapperis only a formal description

of possiblestrategic negotiationbehaviour andthereis no way to predictwhich strategy is bestfor a given

environment.This canonly beachievedby empiricallyevaluatingthedevelopedcoordinationframework

in a numberof environments.
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1.6 Structure of the Thesis
Theremainderof the thesisis structuredasfollows. Therequirementsdefinedin section1.4.3,aswell as

additionalconsiderations,aregivena moredetailedtreatmentin thenext chapter. Theserequirementsare

considered,andintroduced,aselementsthatneedto bemodeledin negotiationwhich thenserve asinputs

into thewrapperlayer. This chapteralsoelaborateson someof theassumptionsmadein themainbodyof

thiswork. Economicallyandcomputationallymotivatedcoordinationmodelsarethenintroducedin chapter

threeandcritically evaluatedfor theirappropriatenessfor theproblemsandrequirementsmentionedabove.

Next, in chapterfour, thedevelopednegotiationmodelis presented,followedby anempiricalevaluationof

its behaviour in anumberof differentenvironmentsin thepenultimatechapter. Finally, chaptersix presents

theconclusionsreachedandoutlinessomepotentialfuturedirectionsof this research.



Chapter 2

Componentsof a NegotiationWrapper

Theaimof thischapteris to definethescopeof theresearchandjustify theworkingassumptions.Thescope

of theresearchis presentedthrougha descriptionof theelementsof interactionthatneedto becapturedin

the negotiationwrapper, aswell asthe dependency relationship(s)betweentheseelements.This analysis

andspecificationis in partgroundedin thetwo applicationdomainsdescribedin thepreviouschapter, and

in partfrom there-usabilityandflexibility requirements.Theactivities involvedin thedesignof a wrapper

aredivided into: i) the identificationof the importantelementsof negotiation that needto be captured,

followedby ii) the formal or informal modelingof the identifiedissues.This chapterexpandson thefirst

phaseof thedesignprocess.Thefollowing chapter(chapter3) is a review of attemptsto modelthem.

The choiceof which negotiation factor(s)to model and which to omit hasa direct impact on the

applicability of the wrapper, in termsof not only the adequacy of the computedsolution, but also the

computabilityof the solution itself. In real world interactions,thereare a large numberof factorsthat

directly influencetheprocessandoutcomeof negotiation,including:

P thesymmetryof agentsin informationandresources.Agentsarein a symmetriccontext whenthey

bothhave thesameinformationandresources(Gibbons1992). Whenthis symmetryis broken,the

relationshipbetweentheagentsis oftenqualitatively transformed(Raiffa 1982)—theagentthathas

moreinformationand/orresourcescanexerta largerinfluenceonthedirectionthefinal outcomewill

take; theagentis saidto havemore“power” (Corfman& Gupta1993).

P whethertherearehardor softdeadlines.As wasdiscussedin thepreviouschapter, timedeadlinesare

importantin anegotiatedsettlement.Harddeadlinesrepresentabsoluteandinflexible timeschedules

by which someactivity mustbe completedby. On the otherhand,the achievementof an activity

within a soft deadlineis lessabsoluteandmoreflexible.

P theprotocolof interaction.Theprotocolof theinteractiondefinesthelanguageandrulesof interac-

tion betweentheagents.Negotiationprotocolswill beexpandedon in moredepthin thischapter.
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P thestrategiesof interactions.A strategy is informally definedasan individually (or locally) chosen

actionof anagentgiventherulesof group(or global)behaviour. It is strategic becausetheagentcan

have a numberof choicesof theactionsthatwill resultin theachievementof a goal. This multiple

choicesof actionsleadsto agentshaving preferencesandbehaving strategically overwhichactionto

take.

P the rationality of the agents.The term rationality is informally definedasmakingappropriatede-

cisions,or “doing the right thing” (Russell& Wefald 1991). The rationality of an agentis defined

with respectto thetypeof agentthatis beingdesigned.For example,rationalityof a cognitiveagent

is definedin termsof what actionsare legitimategiven the agent’s currentbeliefs,desiresandin-

tentions(the socalledBDI architecture(Bratman1990,Cohen& Levesque1990,Rao& Georgeff

1991). The rationality of an economicagent,on the otherhand,is definedin termsof maximiza-

tion of the agent’s preferences,modeledasa utility function,over statesof theworld (Kreps1990,

Gibbons1992,Binmore1992). Agentsin this thesisareeconomicandtherebyabideby the latter

principleof rationality.

P thepossibilityof coalitions.Coalitionrefersto interactionsbetweendifferentgroupsof agents(Sand-

holm 1999),asopposedto “monolithic” agentsthatonly representthemselvesandnotothers(Raiffa

1982).

P the risks anduncertainty. Uncertaintyarisesbecauseagentsseldomhave full accessto the entire

informationabouttheir world. This lack of informationcanbe dueto either“laziness”(too much

to be known in the world), declarative ignorance(limited knowledgeof the domain—forexample,

chemicalsciencehasno completetheoryof thescience),or proceduralignorance(consequencesof

effectsof actionsareunknown) (Russell& Norvig 1995).Risks,in turn,characterizetheattitudeof

thedecisionmaker in choices(or whatis calledlotteries(Neumann& Morgernstern1944))between

a sureoutcomeandanexpected(or uncertain)outcome(Neumann& Morgernstern1944).

Thebenefitof formalizingall the issuesinvolvedin negotiationis that thebehaviour of thesystemis

likely to bemorepredictable.However, theobjectof considerationof this researchis only a subsetof the

aforementionedissues.This is becausethebenefitgainedfrom formalizingall of theissuesis offsetby the

computationaldifficultiesthey incur on coordination(for example,theinformationrequiredor theamount

of time it takes to reacha solution). Therefore,the first stageof the designof the negotiationwrapper

(which issuesto model)hasbeenconstrainedby theinclusionandconsiderationof only themostimportant

negotiationissues.In themain, thesehave beenderivedfrom thegeneral, asopposedto problem/domain

specific,propertiesof the two scenariosdescribedpreviously and the configurability requirementof the

wrapperfor usein differenttypesof domains.Theseissuescanberoughlycategorizedinto cognitive (or
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informational),affective (or choice)andconative (or action)(Kiss 1992). Thechaptercanalsobeviewed

asadescriptionof thefollowing coordinationcomponentsof figure1.1:1

P thesetof possibleinputs(motivations,section2.1.2,issues,section2.2.1,information,section2.2.6),

P thesetof possibleoutputs(actionandstrategies,section2.1.3,contracts,section2.2.5)

P thesetof possibleenvironments(theagentsociety, section2.1.1,protocols,section2.1.3,timedead-

lines,section2.2.7,boundedrationality, section2.2.8,commitments,section2.2.5)

To definethescopeof this researchandjustify theworking assumptions,theexpositionis structured

alongtwo dimensions;thecharacteristicsof thesocietyof agents(section2.1),andits interactions(section

2.2).Theformeris adescriptionof theissuesinvolvedin modelinginteractionsfrom amulti-agentperspec-

tive,andthelatteris thesetof issuesinvolvedin modelinginteractionfrom anagent-centricperspective.

2.1 Characteristicsof the Society

Krauspresentsa classificationof coordinationmethodsfor multi agentsystemsthat is basedon i) thesize

of thesociety, ii) themotivationsof theagentsandiii) thepresenceor absenceof a protocolof interaction

(Kraus1997b).Thesecriteria,andadditionallythefrequency of interactions,areusedbelow to definethe

scopeof theresearchandtheunderlyingassumptionsabouttheagentsociety. Thefrequency of interactions

is animportantcriteriathathelpsto distinguishaclosedfrom anopensystem,and,aswill beshown below,

directly influencesotherfactorsin interactionslike learning,reputationsandtrust.

2.1.1 SocietySize

Oneof theaimsof this researchis to developa negotiationtechnologyfor direct interactionsamongsttwo

agents(bi-lateralnegotiation),asopposedto largescalesocietiesrequiringcoordinationmechanismssuch

asorganizations,markets,auctions,voting or socialdecisionschemes(see(Corfman& Gupta1993)for

anoverview of thedifferentdecisionmechanismsfrom bargaining,socialwelfare,organization,marketing

andpsychologicaldisciplines).Bargainingmodels,definedandexplainedin depthin thenext chapter, are

in themaindesignedfor bi-lateralnegotiations(Gibbons1992)(Nashis anexception(Nash1950)).These

modelsdescribeinteractionsbetweeneconomicallyrationalagentsthatattemptto maximizesomeutility.

Market andauctionmechanismsalsomodeleconomicallyrationalagents,but areonly adequatefor large

numberof agents(Sandholm1999). Socialdecisionschemes(e.g. plurality, majority, proportionality),

arealsoinappropriatefor bi-lateralnegotiationsbecausethey needto form a decisionbasedon agreements

1Notethatnothingwill bementionedaboutthemiddlewarecomponentof figure1.1. Issuesinvolvedat this level of coordination

includesynchronicityof themessagesandcontrolprotocols(Parunak1999,DAIS 1984,Mowbray& Zahavi 1995,OMG 1996)which

themselvesaretechnologiesthatfacilitate coordination.
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of more than two agents(Laughlin 1980,Laughlin & Earley 1982). Coordinationtechniquesfor large

groupsmust also model the possibility of coalition (Kahan& Rapoport1984,Shehory& Kraus 1995,

Sandholm& Lesser1997)anddifferentialpower (Binmore,Shaked,& Sutton1984)amongstmembers.

Sincethefocusof this work is interactionbetweenfew agents,bargainingmodelsarethemostappro-

priatecandidatemechanism(or at least,aswill be shown, its solutioncriteria,protocolsandquantitative

modelingtools)for building thecoordinationmodelcomponentof thenegotiationwrapperin figure1.1.As

will beshown below, thepreferencesof individualsandtherulesof interactionsarecentralin thesemodels.

Althoughthework reportedhereis exclusively on thedesign,engineeringandevaluationof theframework

for bi-lateralnegotiation,theframework hasnonethelessbeendesignedsothatits extensionto multi-lateral

negotiationsshouldnotbeproblematic.This is achievedvia modulardesignof thenegotiationmechanisms

thatgenerateoffersfor bi-lateralnegotiations.Multi-lateral negotiationis thenachievablethroughconcur-

rentreasoningovermultiple independentthreads(definedin section4.2.3)of bi-lateralnegotiations.Thus,

thestancetaken in this work is thatbi-lateralnegotiationis anappropriatefirst caseassumption,which is

extendibleto multi-lateralnegotiations.In fact,aswill beshown in thenext chapter, bi-lateralnegotiationis

aharderproblemto solve thanmulti-lateralnegotiationwhosesolutioncanbefoundin theform of auction

or marketmechanisms.

2.1.2 SocietyMoti vations

Agentsact in orderto achieve somegoal(s).Theagentis thensaidto bemotivatedto achieve a givenset

of goals(Russell& Norvig 1995). Individual motivationsof agentsto achieve their own goals(or local

goals)directly influencesthenatureandoutcomeof negotiationswhenlocal goalsof agentsinteract.The

importanceof anagent’s motivation is bestillustratedby anabstractgamecalledthePrisoner’s Dilemma

(figure2.1).2 Therearetwo playersin this gameandeachhasa choiceof defectingor cooperating.Each

cooperate defect

cooperate 3,3 0,5

defect 5,0 1,1

Figure2.1: ThePrisoner’sDilemmaGame

playerreceivesapayoff, or utility, thatdetermineshow good,in somesubjectiveway, theoutcomeis for the

player. Thispayoff is oftentakento meanthedegreeof satisfactionof theagent’spreferences,modeledasa

utility function.Thecombinationof individualpayoffs thendefinesthegroupwelfare(alsocalledsocialor

globalwelfare),accordingto somecombinationfunction.Therespectivepayoffs for eachplayerareshown

2Thegameis actuallya demonstrationof theprincipleof trust (Raiffa 1982),andhasbeenappliedto a largeclassof problemsin

political sciences,biology, computerscience,psychologyandphilosophy. See(Axelrod1984)for a full description.
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asrow andcolumnentries. If the agentsarecooperative andcaredonly for the equity of the groupthen

they shouldbothchooseto cooperate,sincethesumof theindividualpayoffs (thegroupwelfare)is greatest

whenthey bothcooperate( � Z � ). However, individually theonly rationalmove is for anagentto defect,

resultingin higherindividual payoffs ( N ), but a lowergroupwelfare( N Z � or � Z N ). Hencethedilemma.

Thus,motivation is an importantelementof agentdesignthatstronglyaffectstheoutcomesof nego-

tiation. This point wasdiscussedin thepreviouschapterin thedescriptionof thedifferencesbetweenDPS

andMAS. This distinctionis alsoacknowledgedin thesocialsciences,whereanagent’sattitudeis a func-

tion of whetherit belongsto anorganizationor not. Agentsin anorganizationexist to performa function

that is externally formedandcontrolled. Agentsnot belongingto any organizations(primary, asopposed

to, institutionalagents(Faris1953)),on theotherhand,aremoreself motivatedandarenot centrallycon-

trolled. Thusadifferentorganizationalstatusin turnmotivatestheattitudeof anagenttowardsinteractions.

Membersof anorganizationaremorelikely to beconcernedaboutthebenefitof thegroupchoicethantheir

own preferences.Conversely, anagentparticipatingin negotiationandnot belongingto anorganizationis

morelikely to placegreateremphasison its own preferences.

As will beshown in moredetail in thenext chapter, therearetwo choicesof bargainingmodelsthat

individuallymodeldifferenttypesof agentmotivations.Thedecisionsandprocessesinvolvedin negotiation

when an agent’s preferencesare important(i.e. self motivated)are bettermodeledby non-cooperative

bargainingmodels. On the otherhand,agentsthat careaboutequity (or welfare)of the othersarebetter

modeledusingcooperativebargainingmodels.

2.1.3 Protocols:NormativeRulesand Languages

Computationalagentsrequireorderedandstructuredinteractions(Bond& Gasser1988).Suchstructuring

is neededbecausein the absenceof any normative rulesof public behaviour, interactionsleadto chaotic

dynamicswhereagentscansendmessagesthatcannotbeunderstoodor themessageis inappropriategiven

thehistoryof thecurrentinteraction.Theterm“normative” statesprescriptive rulesof behaviour (Rosen-

schein& Zlotkin 1994)(what oughtto be),asopposedto descriptive observationof behaviour (what is).

Throughoutthis work, the term “protocol” refersto thesehigh level normative rulesof public behaviour.

The protocol of interaction(also referredto as the “resolution protocol”) must specify threeaspectsof

publicbehaviour:

P thepermissiblecontentof interactions;theobjectsagentsexchangewith oneanother.

P thepermissibleprocessof interactions;whenandhow to exchangetheaboveobjectsof exchange.

P thelanguageof interaction;thelanguageto usein exchanges.

The choiceof a protocoldirectly influencesthe uncertaintiesinvolved in negotiation(section2.2.6)

and the quality of the outcome. Quality of an outcomeis definedin more depth in section2.2.3, but
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generallyit refersto the degreeof satisfaction of either or both agents’aspirationlevels. Also shown,

in later sections,is the relationshipof how quality of an outcomeis directly effectedby the contentof

negotiationwhenmore thanone goal needsto be resolved. In particular, different resolutionprotocols

canbeusedto differentiallyspecifyrulesof interactionsto reachsettlements.For example,in multi-issue

negotiations(alsocalled integrativenegotiations(Raiffa 1982))the protocolmustspecifywhetheragents

cangenerateoffersover “packages”of issues,or alternatively over sub-packages,or reacha settlementon

themostimportantissuefirst, thentry andresolve otherissuesoneby one(Raiffa 1982). Thesedifferent

possibilities,eachimplementedby a differentprotocol,havea directinfluenceon theoutcomequality. For

example,considerbi-lateralnegotiationovertwo issues.In anissueby issueresolutionprotocol,depending

on the strategiesof bothagents(seesection2.2.4for a definition of strategies),oneagentmay gain very

little in negotiationon bothissues.However, in a packageresolutionprotocol,a losson thefirst issueand

asimultaneousgainon thesecondmayresultin a betteroutcomefor thatagent.

Furthermore,thereis a needto constraintheprocessof negotiation,otherwiseagentsmayfail to syn-

chronizetheir utterances,dispatchingandreceiving utterancesrandomly. For example,rulesmustspecify

who mustbegin thenegotiationround(aswill beshown in section2.2.5who startsfirst againdirectly in-

fluencestheoutcomeof negotiation),whethernegotiationis a turn taking,sequentialalternatingroundof

offersandcounter-offers,or whetherthe resolutionmechanismis a mediatedone-shotsimultaneousoffer

whosemid point of intersectionis chosenby a third partyasthe final settlement,or a one-shottake it or

leave it (divide thepie or ultimatumgame(Gibbons1992))from oneagentto another. Thequality of the

solution,itself possiblyafunctionof thecoststo reachthesolutionandthenumberof roundsin negotiation,

andthebenefitsgainedeitherindividually or collectively, is directly dependenton thechosenprotocolof

interaction. For example,if the quality of a solutionis a function of the numberof messagesexchanged

betweenagents,thenclearly a single-shotprotocol is more“efficient” thanthe sequentialiteratedproto-

col. As will be shown in the next chapter, the majority of gametheorymodelsattemptto achieve speed

of resolutionby constrainingagents’choicesof strategiesthroughthedesignof negotiationprotocolsthat,

althoughthey canbeiterative,are,nonetheless,single-shot(or instant)whenagentsactrationally.

In additionto normatively specifyingthe permissiblecontentandprocessof interactions,a protocol

mustspecify the language of the interaction. The languageof interactionis a modelof the syntaxand

semanticsof utterancesthatagentscanmakeduringtheir interactions(Finin & Fritzson1994).Thesyntax

of theagentcommunicationlanguagefunctionsto distinguishmessagesbasedon grammaticalforms,and

adherenceto thissyntaxassistscomprehensionof messages.Thesemanticsof utterances,ontheotherhand,

distinguishesmessagesbasedon their intrinsic meaning,which canbe informing, querying,requestingor

ordering(Cohen& Perrault1979,Werner1989).Furthermore,thereis aneedto mapthetermsandconcepts

of theindividualagentsinto a sharedrepresentation(or acommonontology(Gruber1994,Huhns& Singh
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1997,Guha& Lenat1990))for successfulcoordinationandcommunication.

All of thesedesignchoicescanbedictatedby thedesigner(s)for a closedsystem.However, in more

openenvironmentsthereis possiblyaneedfor apre-negotiationphasewhereagentscometo mutualagree-

mentsovernotonly therulesandlanguageof interactions,but also,aswill beshown below in section2.2.2,

thesetof issuesthatneedto beresolved(or thecontentof negotiation)andtheir resolutionprotocol.

2.1.4 Frequencyof Interactions

When agentsinteract with one another, they do so either anonymously (as drivers on a highway)

or their identity must be known (as dealersin a stock exchange). The issueof identity is particu-

larly important if interactionsare repeated. The possibility of repetition of encountersdirectly influ-

encesthe type of models that can be usedfor modeling interactions. A model may be sensitive to

whetheragentsmeetagainor not. For example, in repeatedinteractions,modelsare neededthat can

capturean agent’s ability to learn others’ strategies and/or their preferences(Zeng & Sycara1997,

Bui, Kieronska,& Venkatesh1996).Furthermore,in repeatedinteractions,reputationsbecomeimportant.

KrepsandWilsonhaveshown thatearlyin theinteractionhistory, agentsattemptto acquirea reputationof

being“tough” or “benevolent” (Kreps& Wilson 1982). They demonstratedthis “reputationeffect” where

agentstake actionsthat appearindividually costly but yield a reputationthat is beneficiallater. Milgrom

andRobertidentifiedinformationuncertaintyandrepeatedactionswith the possibility of observingpast

behavioursasthetwo factorsthatleadto theemergenceof a reputation(Milgrom & Roberts1982).

Although repeatedinteractionis a realisticpossibility, especiallyin closedsystems,the negotiation

modeldevelopedin this work is for singleencounterinteractions.This is for two main reasons.Firstly,

the numberof issuesinvolved in the modelingof interactionsis alreadylarge. Therefore,asa first case

assumption,a model of negotiation is soughtthat adequatelydescribesand predictsthe core elements

of negotiation. Onceachieved, this assumptioncan then be relaxed and the developedmodel updated

(possiblywith multi-agentlearningalgorithms,to accountfor repeatedinteractions).Secondly, although

possible,interactionsin opensystemsareunlikely to be repeated.Agentshave an incentive to enterand

leavedifferentelectroniccommunitieswith evolving degreeof servicesprovidedby eachcommunity.3 For

thesetwo reasons,thesimplifying assumptionthatinteractionsareisolatedis made.

2.2 Characteristicsof Interactions

Having definedthe characteristicsof the agentsociety, this sectionpresentsthe setof issuesinvolved in

modelinginteractionfrom anagent-centricperspective.

3For example,althoughconvenient,it is not necessaryfor anindividual to buy weeklygroceriesfrom thesamestoreall thetime.

Betteroffers, thepossibilityof Internetshoppingandotherfactorsmaygive sufficient incentive to theconsumerto breaktheroutine

of goingto thesamestoreandbuy productsfrom variedvendors.
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2.2.1 Object of Negotiation—Issues

The designof the wrappermustfirstly includewhat agentsexchangewith oneanotherin the courseof

negotiations—thatis, thecontent,or object,of communication.In classicalDPS,negotiationobjectsmay

beplans,goalsor information.In otherexplicit coordinationmodels,theseobjectsmaybeotherhigh level

constructssuchasintentions,argumentsor, justifications(Kraus,Nirkhe, & Sycara1998,Parsons,Sierra,

& Jennings1998). However, sinceagentsin this work areviewed asbuyersandsellersof services,the

objectsof negotiationareoffers andcounteroffers over a setof serviceissues. Issuesrepresentvarious

dimensionsof a serviceproductionor consumption.Servicesarerepresentedasmulti-dimensionalgoods,

sincecomplex servicesin the real world are seldomadequatelydescribedin termsof a single feature.

Pricing is onemethodof describinggoodsusinga singleissue. However, althoughusefulfor describing

commodities,adecisionmaker is presentedwith a randomchoicein thefaceof two or moreequallypriced

services.Otherdimensionsof a goodmustbeprovidedto thedecisionmaker in orderto differentiatethe

goodsandbettersupportallocationdecisionsof thegood(seesection3.2.9for argumentsagainstpricing).

For example,a bankingserviceis not just definedin termsof the interestratesit offers,but alsoits loan

schemesand/orrepaymentmethods. Likewise, accessto a sharedresource,suchasparallel computers,

maybedescribedin termsof featuressuchasjob waiting length,speedor memorylimits. Issuestherefore

describefeaturesof a domain,which maybequalitative in nature(e.g.repaymentschemes)or quantitative

(e.g.waiting lengthof theque)with discreteor continuousdomainvaluesrespectively.

Generallyspeaking,issuesarerarely viewed asequally important. For example,a bankingservice

provider maydeemthe interestratemoreimportantthantherepaymentschemeor memoryusagemaybe

more importantthanCPU usageon a parallel computer. Issuesalsohave reservationvaluesassociated

with them. For example,thereis a maximumamountof memorya usermay be permittedto utilize on

a parallel computer. Conversely, thereis a minimum interestrate that the institution will not consider

economicallyviable for a lendingpolicy. Generally, for autonomousagents,thesereservationvaluescan

beviewedasconstraintsassociatedwith the issuesthat typically representthe limitationsplacedon:4 the

resourcesneededto producea service,togetherwith their usageschedule(e.g.quality, numberor volume,

deliverytime); theinformationrequiredfor executinga serviceandtheinformationproducedastheoutput

at the endof the serviceexecution;the penaltyfor decommitingfrom an agreedcontract;or the price of

a service. Issues,importancelevels andreservation valuesarehighly domaintyped(domainspecificin

nature),reflectingdimensionsof theproblemat the level of thedomainproblemsolving. Therefore,these

factorsareviewedasinputs(originatingfrom thedomainproblemsolver) into thecoordinationmodel.

Onceformulated,theseissues,theirrelativeimportanceandtheirsatisfactionconstraintsmustberepre-

sentedto thenegotiationwrapperby thedomainproblemsolver. Thetaskof thewrapperis theninformally

4This is apossiblesetof constraintsbecauseissuesmayvary in differentdomains.
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definedasthegoal to achieve thesatisfactionof the issues,giventheir constraints,or themaximizationof

somesatisfactionfunctionwheninteractingwith otheragentsfor serviceprovisioning. More formally, the

decisionproblem b of thenegotiationwrapperis describedby thetuple:

bç�6è�é1! d ! dfG 9 � F.G 9 ��ê (2.1)

whereé is thesetof negotiationissues,d is theirassociatedconstraintsand dfG 9 � F.G 9 � is asetof cost/benefit

functions for eachissuethat the wrappermust minimize/maximizerespectively. Negotiation, then, is

viewed asa processof settlingdisputesover eachof the issuesin the set é whenthe satisfactionof an

agent’sgoal interactnegatively with thesatisfactionof theothers’goals.As mentionedearlier, goalsinter-

actbecausethefulfillment of onegoalhasanegativeeffecton thefulfilment of anotheragent’sgoal,dueto

exclusivegoalstatedesiredby two or moreagents(e.g.a buyerwantsto buy a serviceat a low priceanda

sellerwantsto sell at a highprice).

2.2.2 IssueSetIdentification and Modification

Theabovediscussionassumedthatagentssharedthesamegoalset é , andthatconflict resolutionarisesdue

to a conflict of preferencesover goals. However, beforegoal satisfactioncancommence,agentshave to

identify which goalsareactuallyin conflict:

...these(coordinationtechniques)presupposethat theagentsalreadyknow what they are“ar-

guing” about,andwhat remainsto be doneis to settlethe “argument”. It is my contention

that, in many domains,a substantialpart of the negotiationeffort is involved in figuring out

whatneedsto besettled.As our computationalagentsareincreasinglyappliedin dynamically

evolving worlds (like on the Internet),capabilitiesfor identifying who needsto negotiateand

overwhat,ratherthanhaving thesepredefinedby thesystemdevelopersor users,will cometo

thefore (Durfee1998).

Therefore,in additionto resolvingconflictinggoals(section2.1.3),the resolutionprotocolmustgenerate

a unified andmutually agreeduponsetof issuesfor the agentsto negotiateover in the first place. This

requirementcanbecapturedby a protocolthat includesa pre-negotiationphase,whereagentsenumerate,

discussandselectwhich of their goalsare in conflict andneedto be resolved. Furthermore,sincein an

opensystemthespaceof possibleconcernscanevolvecontinuously, thenegotiationprotocolmustspecify

whetherthismutuallyagreeduponsetof issuesis staticor canbeaddedto or deletedthroughoutthenegoti-

ationphase.For example,theinclusionof issuesinto thenegotiationsetis oftenpermittedandfunctionsas

a “side-payment”alteringthedynamicsof thenegotiation(Binmore& Dasgupta1989).Likewise,“noisy”

issuesmay be removed eitherbecausethey jeopardizesuccessfulnegotiations,thushelpingescapelocal

minima in the negotiationdynamics,or because“negotiatingover the root causesof numerousdisagree-
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mentscansometimesbemorecost-effectivethannegotiatingovereach individualdisagreementseparately”

(Durfee1998).

2.2.3 Solution Quality

Thequality of anoutcomemeasureshow goodtheoutcomeis from theperspectiveof eithertheindividual

or the society(individual and joint welfare respectively). Considerationof the quality of the wrapper’s

output(acontractto thedomainproblemsolver)mustbeconsideredin thewrapperdesignprocessfor two

reasons.

Firstly, aswasdiscussedin section2.1.2,themotivationsof thedomainproblemsolver canbeeither

self or group interested(selfishandbenevolent respectively), correspondingto increasingthe individual

or thegroups’quality of thefinal outcomerespectively. This motivationalstancecanthenbeusedby the

wrapperasadecisioncriteriaabouthow to behavein negotiation.For example,in thecontext of aminimum

taskloadandplentiful computationalresources,thedomainproblemsolver mayprefersolutionsfrom the

wrapperthatincreasesthesatisfactionof all partiesinvolvedin negotiation(theproblemsolver is motivated

by joint welfare).Alternatively, undertimepressuresor wherethereis a largetaskload,adomainproblem

solver may be satisfiedwith a lower individual solutionquality (the problemsolver is motivatedby task

completion). Therefore,a notion of solutionquality is neededthat objectively measuresthe outcomeof

negotiationsfrom both a local individual perspective anda global socialperspective. As will be shown

later, thequalityof a solutionis closelylinkedto theboundednessof anagent(seesection2.2.8).

Anotherjustificationfor having a measureof solutionquality, independentlyof themotivationsof the

domainproblemsolver, is that the joint welfarecanbe increaseddirectly asa consequenceof describing

servicesin a multi-dimensionalmanner. Quantitativemodels(seechapterthree)oftendistinguishbetween

zero-sumandnon-zerosumgames(Gibbons1992)(or distributiveandintegrativenegotiationsrespectively

(Raiffa 1982)). Zero-sumgamesaredefinedasgameswheretheadditionof the individual payoffs for an

outcomesumto zero. More formally. Let é be thesetof ; agents.Let � be thespaceof joint strategies,

�ë�ì�îí�!_�H�_�H!)�ðï (for example,defect,defectstrategiesin thePrisoner’sdilemmadescribedin section2.1.2),

eachagentchoosingfrom afinite setof individualstrategies � � ��ñ � íW!H�_�_�H!#ñ � 
 (again,thestrategy choices

aredefect,cooperate in the Prisoner’s dilemma). Let b bea setof payoff functions b � for eachplayer 9 ,
eachof which is of theform b �óò �]ôõé ö (theprisonsentencesissuedin thePrisoner’sdilemmadescribed

section2.1.2).Thena zero-sumgameis definedas:

÷ ñ��=�ø�
ïù
�7ú í b

� � ñ � ���

wherethe payoffs alwayssumto zero. Poker is a classicexampleof a zero-sumgamebecausewhatever

money is won by oneagentis necessarilylost by theothers.It follows thatin a two playerzero-sumgame
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theinterestsof theagentsarein conflictandself interestedagentswill attemptto maximizetheirminimum

payoff (maximincriteriaof rationality—aplayertakesanactionandtheopponentreactswith its bestaction,

which dueto the natureof the zero-sumgame,resultsin the minimum outcomefor the player(Binmore

1992)).

Therearealsoconstantsumgameswheretheagents’payoffs alwayssumto a fixedconstantÚ (Bin-

more1992).It canbeshown thatany constant-sumgamecanbechangedinto anequivalentzero-sumgame

by simplysubtractingtheconstantÚ from all of oneof theplayer’spayoffs (Binmore1992).

In non-constantsumgames(or integrative bargaining),on theotherhand,the interestsof the agents

arenot totally antagonistic.A non-constantsumgameis definedas:

û ñÞ!#ñðüh�ý�h�
ïù
�4ú í b

� � ñ �fþ�
ïù
�4ú í b

� � ñðü �

whereat leastonestrategy combinationis betterfrom the view point of the group. This allows agentsto

searchfor mutuallymoresatisfactoryoutcomes(called“win-win” bargaining(Raiffa1982)).In integrative

negotiationinvolving anumberof issuesit is no longertruethatif onepartygetsmoretheothernecessarily

hasto getless;they bothcangetmore(Raiffa1982).

Therefore,someobjectivemeasure(s)of thequalityof outcomescanserveasabenchmarkin (empiri-

cally) analyzingtheperformanceof thedevelopednegotiationreasoningmechanism(s),giventhattheoret-

ically multi-issuenegotiationsshouldresultin betterglobaloutcomesthanpurely conflictingsingleissue

negotiations.

2.2.4 Decisions,Actions, Strategiesand Rationality

Giventhedesiredgoalstate,thewrapper’scoordinationmoduleis thenfacedwith thetaskof how to trans-

form thecurrentworld stateto thegoalstate,in sucha way asto not only satisfy, eitherfully or partially,

its own goal(s),but perhapsalso the goal(s)of othersinvolved in the interactions. This taskcaneither

be viewed asproblemsolvingor decisionmaking(Laughlin 1980). This distinctionexpressesa division

betweencoordinationtasksthat involve the constructionof resolutionalternativesthat aredemonstrably

correctandtasksthatinvolvedecisionmakingwhennoobjectively correctanswerexistsandtheresolution

processemphasizestheselectionof alternativesbasedonanagent’spreferences.Problemsolvingcoordina-

tion tasksarebettermodeledusinganargumentationbasedmechanism(Walton& Krabbe1995),requiring

explicit communicationof high level objectslike justifications,argumentsandbeliefs(seesection2.2.1),

whereargumentsandjustificationsserve to modify others’beliefs(recall the taxonomyof differenttypes

of coordinationtechniques,suchaspersuasion,argumentationandnegotiation,basedon their differential

rationale,methodologyandeffects).Decisionmakingcoordinationtasks,ontheotherhand,arebettermod-

eledby anegotiationmechanism,wheretheobjectsof communicationarepreferences/demandsovergoals.



2.2. Characteristicsof Interactions 53

The taskof the negotiationwrapperin this body of work is decisionmakingsinceno objectively correct

answerexists,andthe objectof coordinationis an agent’s goalsandits preferencesover thesegoals. As

will beshown in thenext chapter, thisdecisionproblemhasasolutionin bargainingmodelsof gametheory,

wherethe problemreducesto representingpreferencerelationshipsquantitatively asutilities, that satisfy

(ratherthancause) thepreferences(Neumann& Morgernstern1944). Rationalbehaviour thenconsistsof

actingasthoughto maximizethis utility function.

Furthermore,dueto theprivacy of informationandtheuncertaintiesinvolvedin negotiation(seesec-

tion 2.2.6),theconflict resolutionprotocolis likely to beiterative, involving morethanoneroundof nego-

tiations.If agentshadperfectinformationandunlimitedcomputationalcapabilities,thenaresolutioncould

bearrivedat immediately(Kraus1997a).However, resolutionmaynotbeimmediatein uncertainandcom-

putationallyboundedenvironments(Kraus1997a).Thusagentsarefacedwith a problemof constructinga

sequenceof actions(calledastrategy). Thenotionof astrategy is closelytiedto theprotocolof interaction,

wherestrategiesaretakento meantheindividual,private,andcentrallyuncontrolled,usageof permissible

actionsavailablegiven the protocolrulesof interaction. The decisionproblemis further complicatedby

strictconstraintsonthedecisionmechanismssuchascomputationalor informationallimitations.This latter

point is describedin moredetail in section2.2.8. In this sub-sectiontheconceptof actionsandstrategies

aredescribedin moredetail.

The taskof a coordinationwrapperis the formulationof individual actionsfor the agentthroughout

thenegotiationandthespecificationof how to combinetheseindividualactionsin thecourseof negotiation

into a coherentstrategy that achievesthe goal of resolvingthe conflict, while respectingi) the normative

rulesof theprotocolandii) theboundednatureof thedomainproblemsolver.

In negotiation,actionscanberoughlydividedinto evaluatoryandoffer generationdecisioncategories.

Specifically, duringnegotiationthecoordinationmoduleof thewrappermustmakethefollowing decisions:

1. whatis therangeof acceptableagreements?

2. whatinitial offersshouldbesentout?

3. whatcounteroffersshouldbegenerated?

4. whenshouldnegotiationbeabandoned?

5. whenis anagreementreached?

The first point representsthe setof possibleoutcomes,determiningindividually acceptable(or indi-

vidually rational)settlementsof theconflict over the issues.Notethat thesesettlementregionsareclosely

linkedto thenotionof partialandcompletefulfillment of goals,representedasutility values.This rangeof

possibleagreementsis formally representedin section3.1.4.An importantassumptionin this work is that
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this setof acceptableagreementsis independentof the existenceof outsideoptions,a centralassumption

of non-cooperativegametheoryalso(seechapterthree).An agentis saidto haveanoutsideoptionif in the

courseof negotiationwith oneagentit hasalreadyestablished,possiblya tentative,agreementwith another

agent. The processandoutcomeof negotiationis directly influencedwhenagentshave outsideoptions,

giving greaterpower to thosewith morevaluableoutsideoptionsbecausethey canlegitimatelythreatento

leavenegotiations(Corfman& Gupta1993).However, ratherthanmodelingtheinfluenceof anagentover

decisions(its power), throughoutthiswork therangeof acceptableagreementsis boundedto zeroutility at

theminimum(theconflictoutcome(Zlotkin & Rosenchein1992)).Thus,all negotiationdecisionsaremade

with respectto a failure referencepoint (no fulfilment) specifiedby this conflict outcomethatdetermines

agents’payoffs in casesof failureto reacharesolution.

Giventherangeof acceptableagreementsandtheinformationhistoryof interaction,thechainof deci-

sionsbetweenpointstwo to five above thenconstitutesanagent’s strategy. Thesetof resolutionstrategies

availablecanbeclassifiedinto thefollowing strategies:5

P log-rolling: whereeachagentslightly relaxesits constraints(Pruitt 1981).This strategy is alsooften

referredto asa concessionstrategy (Pruitt 1981).

P bridging: involving thedevelopmentof acompletelynew solutionthatsatisfiesonly themostimpor-

tantconstraints(Pruitt 1981).

P unlinking: involving overlookingweakinteractionsamongconstraints(Pruitt 1981).

P pursuinggoalsindependently: whereeachagentpursuesits goal(s)without takinginto consideration

thegoal(s)of others(Sycara1987).

P anti-planning: wherean agentforms a plan to prevent anotheragentfrom fulfilling its goal(s)or

preventsothersfrom interferingwith its own plans(Schank& Abelson1977).An agentpersuading

anotheragentto abandonits goalsis anexampleof oneanti-planningstrategy.

Theabove is not an exhaustive list of strategiesthatanagentcanfollow throughoutnegotiation,but

ratherenumeratesa setof likely coursesof actionsopento an agent.Furtherresolutionstrategiescanbe

composedby combiningindividual strategiesinto whatwill bereferredto asmeta-strategy, in responseto

the intrinsic or extrinsic conditionsof an agent. For example,due to the lack of an immediatedeadline

or the perceived importanceof the givengoal, the negotiationwrappermay selecta courseof actionthat

implementsananti-planningstrategy. However, in thecourseof negotiationthechosenstrategy may lead

to adeadlockandnecessitateachangeof strategy to a log-rolling strategy. Thus,thewrapperis requiredto

5Note that the presentedstrategy list is for iterative protocols. Therearea whole wealthof strategies accordingto the type of

protocol(Binmore1992).
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notonly initiateastrategy, but alsomonitorand,if required,reassessits applicability, giventhattheagents’

tasksandgoalsmaychangein thecourseof negotiation.

2.2.5 Commitments

Onceaconflicthasbeenresolved,it is desirableto ensuretheseresolutionsarekeptby all parties.Commit-

mentsfunctionto providethisstabilityof resolutions.Commitmentsareinextricably linkedto thenotionof

trustanddifferentcoordinationmechanismsmodeltrustdifferently. For example,in cooperative domains

agentsimplicitly trustoneanother, sinceit is commonknowledgethatagentsshareacommongoalandper-

sonalpreferencescanbeoverridden.Non-cooperativemodelsof negotiation,on theotherhand,implicitly

modeltrust througha notionof equilibrium (seenext chapter),specifyinga strategy for eachagentwhere

deviation from thesestrategiesis individually irrational.Hence,trustis self enforcing.

Theproblemof trustis nicelyshown in thesimplegameshown in figure2.2by Raiffa. Thisgamealso

demonstratestheroleof commitmentsin morequantitativemodelsof negotiation(Raiffa1982).Thegame

is anabstractionof CampDavid negotiationsbetweenIsraelandEgypt.

Mrs. Shee

Mr. Hee

PayOffs
Mrs. Shee Mr. Hee

1 1

2-1

0 0

Up

Down

Up

Down

Figure2.2: CommitmentGame

Therearetwo playersMrs. SheeandMr. Hee, playing a gamethat consistsof an alternatingoffer

protocolbetweenthe two players.The permissiblemovesin this gameareup or downandMrs. Sheeis

giventhecontrol to move first. Thenit is the turn of Mr. Heeto move eitherup or down. Therespective

payoffs of eachplayerareshown on the right handsideof the figure. Supposethe gameis playedonly

once, the playersare fully informed of the rules of the gameand the outcomescores,and thereis no

communication.Mrs. Sheemight think asfollows. “If I choosedownthenwe bothget0.6 If I chooseup,

6This line of reasoningassumesthatagentscanmake inter-personalpayoff comparison,anassumptionthatwill bereturnedto in

thenext chapter.
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thenhewill certainlychoosedown, sincehewould ratherget2 than1. Henceif I chooseup I’ ll get-1. I’m

betteroff choosingdown(maximizingtheminimumloss,or maximin,strategy). It is toobadwecannottalk

to eachotherandagreethatwebothshouldchooseup”. Now assumethattheplayerscancommunicate,but

thatnow theagreementsarenon-binding,or noncommittal.Thegamemight thenbeplayedasfollows.Mr.

Heemightsay, “it doesn’t makesensefor you to choosedown. If webothchooseup thenwe’ll get1”. She

might respond:“True. But how do I know thatyou won’t switchto downlateron,whenI have committed

to up?”. Her problemis whethershecantrusthim. His intentionsmayindeedbeto commithimself to up,

now, but lateron, dueto someunforeseenevent,he may be forcedto choosedownwhenshehaschosen

up.7 After explainingher fearsof his switchshethenproposesto Mr. Heethat “I’m going to choosethe

downalternative, unlessyou cantake somebindingactionnow to reducethatpayoff of 2 units to a value

below 1” (calledfreedisposalby economists,(Binmore1992)).

Thedynamicsof thegamearealteredif thegameis repeatedaninfinite numberof times.Shewould

thenknow that if his responseto herchoiceof up wasdown, thenin thenext stageshewill choosedown.8

This outcomealso underlinesthe importanceof repeatedinteractions,describedin section2.1.4. This

simplegameshowsthecentralrole commitmentsplay in joint activity. As Lessernotes:

Theability to appropriatelyboundtheintentionsof agentsandto createandsufficientlyguaran-

teethecommitmentsof agentsto accomplishcertaintasksis at theheartof efficient,organized

behaviour (Lesser1998)

Commitments,in DAI, areviewedaspledgesto undertakea certaincourseof action(Jennings1996).

In classicaldistributedplanning,it providesacertaindegreeof predictabilityto theagents,sothatthey can

takethefuturecoursesof actionsof othersinto accountwhenthereareinterdependencies,resourceconflicts

or globalconstraints.

Whenproposalsare fully binding, agentscannotretracta proposalonceit hasmadeit. Therefore

agentsneedto make surethey “look” beforethey “leap” (Durfee1998). However, commitmentscanalso

betemporallyboundedanddifferentcoordinationmechanismsarebasedondifferenttimescaleswherethe

commitmentsmaybevalid. For example,organizations,a coordinationmechanism,modelcommitments

via thenotionof roles, which arestaticandlong term(Carley & Gasser1999).Whenagentsagreeto play

a role within anorganizationthey commit themselvesto complywith thebehaviour that therole andtheir

relationshipsimply (Ossowski 1999). On the otherhand,in the multi-agentplanningparadigm,agents

7This examplenicely shows the role of turn taking in negotiation,sinceclearly the personthat movesfirst is at a disadvantage.

This is anotherissuewhichaprotocolof interactionmusttake into account.

8However, thegameis complicatedin caseswherethereis a finite numberof iterationsandbothplayersknow this number. This

canleadto backward inductionreasoningresultingin playingdown. Thediscussionof this point is a divergence,but detailsof the

gamecanbefoundin theactualexampleby Raiffa (Raiffa 1982),p. 199.
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commit to behave in accordancewith thegeneratedjoint planof futureactionsandinteractions.However,

sinceplanscanchange,dueto unforeseeneventsoccurringin adynamicenvironment,successfulexecution

of a multi-agentplan cannot be a priori assumed.Insteadagentsmust re-planandcommitmentsmust

be managed.In suchcontexts, commitmentscanbe managedthrougha notion of conventions(Jennings

1993)which i) constraintheconditionsunderwhich commitmentsshouldbereassessedandii) specifythe

associatedactionsthat shouldbe undertaken. Conversely, a negotiationmechanismfor coordinationcan

bebasedbothon shortor long termcommitments,wheretheprocessdynamicallygeneratescommitments

betweenagents.In casesof failures,commitmentscanbere-negotiated;thuseitheramendingtheoriginal

commitmentor generatinga new commitment.

Commitments,andtheir temporalvalidity, becomeincreasinglyimportantin casesof selfishagents.

Commitmentsin suchcaseshave beenmodeledquantitatively (from gametheory) by conditioningthe

commitmentto a contract(calledcontingencycontracts(Sandholm1999))on theprobabilisticallyknown

futureevents—thatis, theobligationsof thecontractaremadecontingenton future events(Raiffa 1982).

If this approachis adopted,thenSandholmidentifiestwo issuesthat needto be addressedfor modeling

commitmentsfor automatedandselfishagents(Sandholm1999). Firstly, contingency contractsmay be

goodfor asmallnumberof events,but theremaybeapotentiallycombinatorialexplosionin thenumberof

eventsin realworld problemsthatneedto beconditionedon. It is oftenpracticallyimpossibleto enumerate

all possiblerelevantfutureeventsin advance.Secondly, theverificationof theoccurrenceof aneventamong

selfishagentsis problematic,becauseeventsmayonly beobservableby a singleagentwhich mayhave an

incentiveto lie. Thus,to beviable,acontingency contractneedsamechanismto correctlydetectandverify

eventsthatis not manipulable,complicatedor costly.

2.2.6 Inf ormation

An essentialcomponentof any decisionmakingis information.Informationis informally definedasknowl-

edgeaboutall thosefactors,both intrinsic andextrinsic to thedecisionmaker, which affectstheability of

anindividualto makechoicesin any givensituation(Young1975).Thesefactorscorrespondto thecontents

of theSelf andAcquaintancecomponentsof thewrapperin figure1.1 respectively. As mentionedearlier,

in mostDPSsystemsnegotiationprotocolsareusedto inform agentsof theplansandgoalsof otheragents.

Indeed,if agentsheld completeknowledgeof the goals,actionsandinteractionsof otheragentsthenco-

ordinationwould not beneeded(removing theproblemmentionedin section1), sinceagentswould know

exactly the currentandfuture stateof otheragents.However, the perfectknowledgeassumptionis often

invalid in real world contexts. This meansit is necessaryto includemechanismswithin the wrapperfor

handlingsourcesof uncertaintyover theplans,goalsandactionsof otheragentsduring interactions.The

aimof this sectionis to elaborateon thesourcesandsolutionsto theuncertaintyproblemin coordination.
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2.2.6.1 UncertaintyandIncompleteInformation

The availability of information involving choicesamongalternativesis centralto an individual’s choice.

However, in negotiationtheavailability of informationaboutthepotentialchoicesof otheragentsintroduces

a furtherdegreeof complexity into anindividual’sdecisionmakingprocess.Themostimportantsourceof

uncertaintyin negotiationis thebeliefsof theotheragent(s),and,aswill beshownbelow, theseuncertainties

directly influencethe processesand outcomesof interactions. If an agentis economicallyrational, as

modeledin this thesis,thenthegoalof theagentis to maximizeits utility. What is uncertainis how (what

strategy) agent(s)take to achievetheir goal.

A conditionfor coherenceof a multi-agentsystemandconflict avoidanceis reasoningaboutthenon-

localeffectsof localdecisions(seesection1.3).However, if thebehaviour betweentwo memberof agroup

involving achoiceof actionis contingenton thatindividual’sestimatesof theactions(or choices)of others

in thegroup,thentheactionsof eachof therelevantothersarebasedona similarestimateof thebehaviour

of groupmembersotherthanitself. This is referredto asstrategic interaction(SI). As Rapoportnotes:

strategic behaviour will occur whenever two or more individuals all find that the outcome

associatedwith their choicesarepartiallycontrolledby eachother(Rapoport1964).

Most rational decisionmaking modelshave often ignoredthe issueof uncertaintyby assumingperfect

information(Young1975).Themodelsthereforeassumetheenvironmentof thedecisionmaker is fixedor

elsetreat it asif it werefixed. The environmentof a decisionmaker is fixed by assumingthateitherthe

valuesthatdescribetheenvironmentalvariablesarefixed(e.g.sunny 365daysor aprobabilitydistribution)

orbyappealingto thelaw of largenumbers(e.g.if therearealargenumberof individualsinvolvedin agiven

activity, suchastheeconomy, theneachindividual is perceivedasinsignificant(Young1975)). However,

whereastheconceptof informationis reasonablystraightforwardin choicesituationsinvolving a decision

makingenvironmentwhich is fixed,or canbetreatedassuch,theconceptitself becomesambiguousunder

conditionsof strategic interactionsandconsequentlynegotiation,sincenegotiationis strategic itself.

2.2.6.2 SingleAgentInformationRequirements—FixedEnvironment

Even if no strategic interactionsoccur, the rational decisionmodelsidentify the following information

requirementsfor adecisionmaker (Young1975):9

1. a setof alternativeoutcomes

2. a setof preferencesoveroutcomes

3. anattitudetowardsrisk

9Muchof thefollowing expositionis classicgametheorybasicsandthereaderis referredto text bookssuchas(Gibbons1992)for

amorein-depthexpositionof theconcepts.
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4. a setof mechanismsfor uncertaintymanagement

Thefirst requirementamountsto the problemof identifying the decisionmaker’s context by specifyinga

rangeof distinctalternativeswhich theindividual mustchoosefrom. Normally this is solvedin deductive

modelsby assumingthat theseoutcomesaregiven on an a priori basis(Gibbons1992). However, this

assumptionleadsto two furtherdifficulties.Firstly, in somecontexts thesetof alternativeoutcomescanbe

infinitely large. For example,therecanbeaninfinite division of a cake, or a dollar, or any divisible good.

This problemis addressedin moredepthin section2.2.8. Secondly, theassumptionabstractsaway all the

problemsassociatedwith shifts(by addingor removing alternatives)in therangeof alternatives,a context

thatis realizableif agentsarepermittedto alterthesetof issuesinvolvedin negotiation,therebymodifying

thepossiblesetof outcomes.

The secondrequirementis that the decisionmaker mustalsohave a completeknowledgeof its own

preferenceorderingsor utility function. That is, theindividualmustbeableto createa confidenceranking

of all thealternativesin its environmentin termsof its preference.Furthermore,it is assumedthat if each

alternativerepresentsacertainoutcome,thedecisionmakerneedsto: i) only specifyits preferenceordering

in ordinal termsandii) thesepreferenceorderingaretransitive andconsistentover time (Gibbons1992).

However, the presenceof uncertaintymakesit impossibleto characterizedecisionsperfectly. Therefore,

thedecisionmaker needsinformationabouttheprobabilitiesassociatedwith variousoutcomesin orderto

make a rationalchoice. Thusthe decisionmaker describesits environmentin termsof fixedprobabilities

andthereforespecifiesits preferenceorderingsin cardinalterms.

Finally, in caseswhereit is not possibleto calculatetheprobabilitiesin ordinalor cardinalterms,the

decisionmaker requiresknowledgeof sometechnique(s)for handlinguncertainty. However, problemsof

this kind aredifficult to dealwith whenthephenomenaareintrinsically non-iterativebecausethedecision

maker cannoteven attemptto calculateprobabilitiesin termsof empirical frequencies(Young1975). A

possiblesolutionis to assumethat the individual makessubjectiveprobabilities. Subjective probabilities

is a distribution that characterizeandagent’s degreeof belief (Russell& Norvig 1995). However, this

abstractsaway thequestionof how individualsobtainspecificvaluesfor subjectiveprobabilitiesespecially

with respectto eventsthatarenon-iterative.One-off encountersbetweenagentsin anopensystemarelikely

to benon-iterative,whereagentsmeet,interactanddisappear.

2.2.6.3 DyadInformationRequirements—DynamicEnvironment

Theproblemof dealingwith andmanaginginformationis extensive evenwhenthe environmentis fixed.

However, theintroductionof strategic interactionsexpandsthesetof informationrequirementsfor a deci-

sionmaker (section2.2.6.2)to includeinformationdescribingtheprobablechoicesof others.This, in turn,

introducesadditionalproblemsfor anagentin i) identifying othersuponwhosechoiceits own choicesare

contingentandii) acquiringinformationabouttheprobablebehaviour of theseindividuals.
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Onesolutionto the latterproblemis to remove strategic interactionsaltogetherby forming confident

expectationsthroughacquiringinformation(Young1975). For example,anagentmayconfidentlyexpect

(the derivation of which will be explainedbelow) that the otheragentwill call backwhentheir call was

cut off, so thereis no needto call. Thenwhena decisionmaker discoversits choicesareinterdependent,

it should,at best,acquiresufficient informationaboutthe relevant other(s)to form accuratepredictions

of their choices,or, at least,form confidentexpectationsconcerningtheir probablebehaviour. Thenthe

decisionmaker’s choiceproblembecomesa gameagainstnature(Young1975). Complicationscausedby

strategic interactionswould no longerexist sincethe choicesof other(s)would no longerbe contingent

on its choices.Thustheagentwould beableto treatits decisionmakingenvironmentasif it werefixed.

However, this is only logically possible,sincetheconceptof strategic interactionmeans,by definition,that

thechoicesof otherswill dependon thechoicesof thedecisionmaker. To eliminatestrategic interactions,

thedecisionmaker is assumedto requireto know:

1. therangeof alternativesavailableto others

2. their preferenceorderingsover thesealternatives

3. the probability distribution affecting the other individual’s choicesandattributableto naturerather

thanthepresenceof strategic interactions

4. others’ reactionto, andtechniquesfor, copingwith strategic interactionssincethey are facingthe

samepredictionproblems

Furthermore,it is assumedthat thedecisionmaker knows the identity of theothersandthat they are

rational.However, in opendigital systemsanindividual is fortunateif it canidentify othersyetaloneknow

pointsoneto four above(Cranor& Resnick2000).Evenif rationaldecisionmodelscancopewith thefirst

threepointsabove,theproblemstill remainsthatotherindividual’seffortsto copewith strategic interactions

will be contingenton the behaviour of other(s)whoseefforts in turn dependon the first individual. This

is commonlyreferredto asthe out guessingregressproblemandits occurrencemakesthe proceduresof

formingaccuratepredictionsor confidentexpectationsimpossible(Luce& Raiffa1957).10

However, decisionmakersarecapableof makingchoicesunderconditionsof strategic interactionsin

therealworld—whenevera decisionmakerdoesmake a choiceheautomaticallyeliminatesor reducesthe

strategic aspectsof interaction(Young1975).Therefore,in designinga negotiationwrapper, onecanlook

for modelswhich accuratelyexplainandpredicttheactualproblemsolvingprocessesinvolvedin strategic

decisionmakingsincerealsocialsystemshavedevelopedsolutionsto theSI problem.

10In fact, if onedecisionmaker is irrational,by ignoring the fact that its choicesaredependenton other(s)(i.e behavesin a very

stylizedfashion),thenthereexistsa chancethata rationalindividual canaccuratelypredictthe irrational individual’s behaviour and

henceescapingout-guessingregress(Young1975).
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Thereareseveralmethodsfor handlingstrategic interactionsin therealworld thatcanbeimplemented

by acomputationalprotocol.Onesuchmechanismis to make thedecisionof all theparticipantssequential

ratherthansimultaneous(or independentandtheencounteris restrictedto a singlemove(Gibbons1992)).

Sequentialinteractionspermitagentsto evaluatetheir beliefs,givenanobservation. SI canalsobeelimi-

natedor reducedby formulatingsubjectiveestimatesof theprobablechoicesof other(s).If successful,then

theagentfixesits decisionmakingenvironmentandtheSI problemis removed. However, theformulation

of subjective estimatesraisestwo otherproblems.Firstly, asmentionedabove, in somecontexts it maybe

inappropriateto assignprobabilitiesto outcomesthatareinfinitely large,suchasdivision of a dollar. Sec-

ondly, formulationof subjectiveprobabilitiesleadsto “silent out-guessing”(Young1975).A designerof a

negotiatingagentmayuseany numberof heuristicsin makingtheseestimates,but theresultwill behighly

subjective becausethey will bebasedon guessesabouttheprobablechoicesof others,whosechoicewill,

in turn, dependon guessesaboutthe probablechoicesof the first. Therefore,the processof formulating

subjectiveestimateswill involvesomesilentout-guessing.

Uncertaintyin decisionmakingcanalsobe handledby attemptsto manipulatethe decisionmaking

environment(Young1975).More specifically, thechoicesof othersaremademorepredictableby gaining

asmuchinfluenceor leverageover their behaviour aspossible(Pruitt 1981). Undercompletecontrol, the

behaviour of othersis predictableso the problemof SI disappears.An agentcangain control of others

eitherthrougha pre-specifiedorganizationalstructureor via variousmanipulationtactics(suchas lying)

in the informationothersutilize in their decisionmakingprocesses(Rosenschein& Zlotkin 1994). The

effectivenessof thelattertactics,however, musttakeinto accountthatothersmayalsobeusingsuchtactics

in manipulatingthe agent’s informationset. SI canalsobe overcomethroughorganizationaltypologies

that have formal structuresand communicationchannels. Simon quotesan illustrative examplewhich

demonstratesthe role of organizationsin decisionmaking: It is not reasonableto allow the production

departmentand the marketing departmentin the widget companyto make independentestimatesof next

year’sdemandfor widgetsif theproductiondepartmentis to make thewidgetsthat themarket department

is to sell. In matters like this,andalsomatters of productdesign,it maybepreferablethat all therelevant

departmentsoperateonthesamebodyof assumptionsevenif....theuncertaintiesmightjustifyquitea range

of differentassumptions.In facinguncertainty, standardizationandcoordination,achievedthroughagreed-

uponassumptionsandspecifications,maybemoreeffectivethanprediction(Simon1996).

Thereforeuncertaintyis absorbedby the organizationalstructurethroughcoordination. In the work

reportedhere,theprotocolof interactionis for bi-lateralnegotiation,wherethereis noorganizationalstruc-

ture. Furthermore,the protocol treatseachagentsymmetrically, meaningthat no one agenthasdirect

control over another. Thereforeno oneagentcancontrol, or hasmorepower over, the other(s),thereby

influencingtheir decisionmaking.
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SI canalsoberesolvedby transformingagivenrelationshipqualitatively (Young1975).Thatis, some

third partycanstrategically interveneby imposingasettlementof theissues.Judicialandgovernmentalen-

forcementmechanismsaretwo examplesin therealworld wherethesettlementis throughtheintervention

of athird partywhoimposesits will ontheparticipantsratherthanasettlementbasedontheactivitiesof the

individualsthemselves.Undertheseconditions,sofar asthe individualsareconcerned,thereis no longer

any SI. However, the mechanismis no longernegotiationsincenegotiationordinarily refersto the settle-

mentof thesituationinvolving SI throughtheactivities of theoriginal participantsthemselves.Situations

involving interdependentdecisionmakingcanbe partially transformed,asabove, but without producing

a determinatesolutionfor the issues.Arbitration andfacilitationaresuchmechanisms,wherenegotiation

interactswith suchtransformingprocedures(Cross1969).

Alternatively, an agentengagedin SI may attemptto acquireadditionalinformationaboutthe other

agent(s).Although not directly solving the SI problem(becausethe choicesof other(s)will still depend

on choicesof the agentno matterhow mucheffort is directedtowardscomputingprobablebehaviours),

this proceduremayhelp in theformulationof subjective estimatesor theselectionof specificstrategiesin

thenegotiation. In additionto this feedforward(predictionof thefuture throughexpectationformationto

dealwith uncertainfutureevents),anagentcanalsousefeedbackto correctfor unexpectedor incorrectly

predictedactionsof other(s). Therefore,adaptive decisionmakingcanremainstableeven throughlarge

fluctuationsin theenvironmentthrougha feedbackcontrol.

Finally, notethat the choiceof an uncertaintyhandlingmethod,implementedby a protocol,alsodi-

rectly influencesthesolutionquality(section2.2.3)andtheefficiency of theprotocol.For example,asingle

movesequentialprotocolmayresultin loweringthequalityof outcomes(asinglemovepreventssearchfor

“win-win” outcomes),but maybemoreefficient in termsof speed.Conversely, aniteratedsequentialpro-

tocol may result in betteroutcomes,but at the expenseof lower efficiency. A designerof a negotiation

protocolmustthereforebeawareof thesetradeoffs betweensolutionquality, theefficiency of theprotocol

andtheamountof informationit assumesagentshaveaboutoneanotherin reachingagreements.

2.2.7 Time

As notedin thepreviouschapter(section1.4.3)time is a significantfactorin decisionmaking.11 Indeed,

time is animportantfeatureof all complex anddistributedsystems(Bond& Gasser1988).ClassicAI the-

oriesarelimited in modelingsuchsystemsbecausethey emphasizednot only singleagents,but alsostatic

andatemporal environments,wheretheonly sourceof changewastheagent,operatingin apredictableand

staticenvironment(Russell& Norvig 1995). However, complex systemsarecharacterizedby interacting

subcomponents,operatingin realtime anddynamicenvironments.Thus,theoriesareneededthatnot only

11WhentheUnitedStatesnegotiatedwith theNorth Vietnamesetoward thecloseof theVietnamWar, the two sidesmet in Paris.

Thefirst move in thenegotiationwastakenby theVietnamese:they leasedahousefor a two yearperiod(Raiffa 1982).
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modelmulti-agents,but alsotheir operationin dynamicandtemporal environments.

Time affectstheprocessof negotiationin two ways.Firstly, decisionprocessesareaffectedquantita-

tivelyby time:

....thepassageof timehasacostin termsof bothdollarsandthesacrificeof utility whichstems

from thepostponementof consumption,andit will bepreciselythis costwhich motivatesthe

wholebargainingprocess.If it did notmatterwhenpartiesagreed,it wouldnotmatterwhether

they agreedat all (Cross1969).

Therefore,time manipulatesthe preferencesof the agentsthroughtheir attitudesto time-dependent

costs.Secondly, time alsoinfluencesthequalitativenatureof interactions,by constrainingandlimiting the

computationalandcommunicationalresourcesneededfor interaction.Sinceinterdependentactivities are

temporallysequenced(for examplethedesignprocessof BT), activities of individualsareoftensubjectto

soft or hardtime limits thatdirectly influencetherationalityof anagent.Rationality, or theability to “do

theright thing” (seesection2.2.8),requirescomputationandcommunicationresources.However, if time

limits mustbemetfor joint activities thenconflictsmustberesolvedandagreementsreachedwithin these

time limits. Thismustbeachievedwith limited computationalandcommunicationresources;agentsdonot

have infinite time to reachagreements.Thus,thepresenceof differenttime limits requiresbothsimpleand

communicatively lessexpensive coordinationdecisionmechanisms,and morecomplex mechanismsthat

take moretime andmaybemorecostlyin communication.As will beshown in thenext chapter, theissue

of time hasbeencentralto formal gametheoreticmodelsof negotiation,that specifyoptimal behaviour,

instantlyattainableby agents.

2.2.8 BoundedRationality

Anothersourceof uncertaintyin decisionmakingrelatesto thelocal complexity of computation.In chess,

for example,thesizeof thestatespaceof thegame(movesby bothplayers)is �"N ícÿ)ÿ (Marsland& Schaeffer

1990).Hence,thereis no time to computetheexactsequencesof actions.Instead,onehasto guess(make

uncertaindecisions)andactbeforebeingcertainof which actionto take. This trade-off betweenaccuracy

andtime costsis alsoreflectedin negotiationdecisions,whereagentsaretime boundedandmechanisms

areneededthatrespectthisconstraint.Theaim,therefore,is to producegood, ratherthanoptimalsolutions.

The complexity of computationis shown in the ADEPT negotiationscenario,for the DD agent,the

client of the survey customersite service,over two issues,(C G 9<Ú F and � e�� ; � 9 � E ). Associatedwith each

issueis thereservationvalueof that issue,representingtheconstraintfor anissue’s value.Let thesereser-

vationsbe representedasthe pair Ù S 9<;ø!�S �@? Ý — Ù4 +!J$B�BÝ and Ù $,!H H�WÝ for C G 9cÚ F and � e�� ; � 9 � E respectively.12

Finally, offers over the pair of issues(or contracts)areevaluatedin termsof utility to the client of the

12Conceptssuchasreservationvaluesandutility aregivena formal semanticsin proceedingchapters.
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contract.Thedecisionproblemof anagentis thento generatea contractthatmaximizestheutility of the

contract.Theenvironmentof this decisionproblemis representedasa utility state-spaceproblemin figure

(1.1,9.9) (1.1,10.0) (1.0,9.9)

(1.0,10.0)

(1.1,9.7)(1.2,9.7)

(1.1,9.8)(1.2,9.9)(1.2,9.8)

(1.2,9.8)

Concession1.0

0.0

U
til

ity

Boulware

Trade−off

Figure2.3: SearchStateSpace

2.3. The initial statemaybe the contractoffer
�  +� ��!H H��� � � , correspondingto maximalsatisfactionof the

agent’s preferences,or utility of  +� � . This is onepossiblestartingoffer becausean agentcanoffer any

contractwith differentutility valuesaccordingto its strategy. The final statein figure 2.3 canbe any of

thestatesthatcorrespondto wherenegotiationhasterminatedsuccessfullyor unsuccessfully(notshown in

figure2.3becausethefinal stateis mutuallyselectedby thetwo agents).

Agentstraversethegraphof thestate-spaceusingthe state-spaceoperators (actions).Operatorscan

be: i) concedeon utility (shown asdashedarrows in figure2.3), ii) to demandexactly the samecontract

correspondingto thesameutility state(calledboulwareandshown asthedash-dot-dotarrows),or alterna-

tively, iii) demandthesameutility but of a contractthat is differentto the previously offeredone(shown

assolid arrows in figure2.3). A path is thenany sequenceof actions(concessionor demand)leadingfrom

onestateto another. Thepathcostis thecostof moving from onestateto anotherandthegoal-testis the

evaluationto determinewhetherthe agentis at the goal stateor not. The goal stateis an agreementthat

maximizeseithertheindividualor thegrouputility accordingto theagent’smotivations(seesection2.1.2).

Giventhisproblem(definedby theinitial state,operators,paths,path-costandgoal-test),searchalgorithms
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canthenbedesignedthatselectasequenceof actionsthatleadto a desiredstate.

However, a searchalgorithmfor theabovecontractnegotiationhasto operatewith two sourcesof un-

certainty. Firstly, theclient hasmissinginformationaboutwhattheserver (SD) agentwill offer. Therefore

it cannotformulatea certainsequenceof actionsin thepossiblestate-space.In fact, theclient is unaware

whetheran agreementis even possible,sincethe informationaboutthe overlapof reservationvaluesbe-

tweenthe client andthe server is not publicly known. In additionto this, since C G 9cÚ F and � eÞ� ; � 9 � E are

continuousvariables,therangeof possiblevaluesfor eachissueis infinite. This uncertaintyover theover-

lap of thereservationvaluesandthecontinuousvaluednatureof the issuesmeansthat thesolutionto the

negotiationmay lie at any depth.Likewise,thebreadthof thestate-spaceaddsto searchcomplexity. The

branchingfactor(thenumberof siblingstatesfrom aparentstate)in generalis infinitely large.Thiscombi-

nationof i) theinfinite depthof thestate-space,ii) thebranchingfactorasthenumberof issuesis scaledup

from two andiii) thepresenceof time deadlinesin negotiationleadsto computationaluncertaintiesabout

whatis thebeststrategy. Gametheoryattemptsto solve this searchproblemby assumingagentsareratio-

nal (thusallowing pruningof segmentsof thesearchtree,suchasalpha-betapruningusedin parlorgames

(Knuth & Moore 1975))andsupplementingthis assumptionwith protocolsthat: i) constraininteractions

(for example,asequential,oneroundprotocolcanreducethedepthof thesearchtreeto onelevel deep),ii)

supplytheagentswith additionalknowledgesoasto betterdirect thesearch,or iii) eliminatetheneedfor

searchon behalfof theagentaltogetherby publically supplyingall theagentswith the informationabout

which strategiesareoptimal.

Computation,in general,functionsto reachdecisionsthat are betterthanno computation(suchas

randomness)or that result in successfuloutcomes.However, differentcomputationshave differentcosts,

aswell asdifferentlikelihoodsof resultingin successfuloutcomes.Thus,in additionto developingsearch

algorithmsthereis alsoaneedfor reasoningaboutcomputation(meta-reasoning(Russell& Wefald1991)).

RussellandWefaldcall thismeta-level rationality(or b�� )—thecapacityto optimallyselectthecombination

of actionandcomputationasopposedto perfectrationality (or b í )—the capacityto generatesuccessful

behaviour given available information(Russell& Wefald 1991). The evaluationof which searchshould

be implementedcanthenbe delegatedto a meta-level reasonerwhosedecisionscanbe basedon factors

suchastheopponent’sperceivedstrategy, theon-linecostof communication,theoff-line costof thesearch

algorithm (or its path cost), the structureof the problemor the optimality of the searchmechanismin

termsof completeness(finding an agreementwhenoneexists), the time andspace(measuredasmemory

requirements)complexity of the searchmechanism,and the solutionoptimality of the mechanismwhen

morethanoneagreementis feasible.Thecombinationof this evaluationfunctionanda descriptionof the

permissiblemechanismstatetransitionscanthenbe usedby a meta-level reasonerto selectamongstthe

availablesetof mechanisms.
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2.3 Summary
Thekey issuesin thedesignof anegotiationwrapperarchitecturewereinformally identifiedin thischapter.

Theseissuesrelateto how thesizeof asociety(section2.1.1),themotivation(section2.1.2)andthefrequen-

ciesof theencounters(section2.1.4)of theindividualagentsconstrainthechoiceof modelsof negotiation.

Also discussedwastherelationshipbetweenthenormativerules,thecontentandthelanguagerequirements

of anagentcommunicationprotocol(section2.1.3)andthecomputationalconsiderationsof how thechoice

of this protocolinfluencesthequality of final outcome(section2.2.3),the levelsof uncertainties(section

2.2.6)andthecommitmentsmade(section2.2.5).Thenatureandtheroleof theobject,or issues,of negoti-

ationwerealsooutlined(section2.2.1)asweretheproblemsof theiridentificationandmodification(section

2.2.2). Thedecisionmakingof the individual agentwasthenpresented(section2.2.4)andshown to bea

highly uncertainactivity, requiringvariousuncertaintymanagementmethodologies,supportedby different

protocols(section2.2.6).Decisionmakingwasalsoshown to occurundertime restrictions(section2.2.7)

andlimited computationalcapabilityof thedecisionmaker (section2.2.8).

Theadoptedpositionin this researchover thesekey issuesis to developadecisionarchitecturefor the

negotiationwrapperthat:

P supportsone-off bi-lateralnegotiations.Many-to-many, many-to-few andone-to-many negotiations

have beensuccessfullymodeledthroughmarket, voting andauctionmechanisms.Computational

modelsof bi-lateralnegotiationlagbehind.As asimplifying assumption,agentsareassumedto meet

only once.

P supportsbothselfishandbenevolenttypesof attitudescorrespondingto maximizationof individual

andglobalwelfare(or solutionquality) respectively.

P supportstherequirementsof an iteratedandsequentialintegrative negotiationprotocol. This proto-

col is chosenbecauseinformationis assumedto be privateandnegotiationover “packages”trans-

formsfully conflictinggamesinto partially conflictingones,whereagentscansearchfor betterjoint

outcomes(increasedglobal solutionquality). Furthermore,the wrapperdecisionarchitecturemust

supportthepermissiblemodificationof the“package”duringthecourseof negotiation.

P supportsawiderangeof negotiationstrategiesgiventhatagentsarenotonly undertime, information

andcomputationalconstraints,but they have differentmotivations. Thesestrategiesareintroduced

asmechanismsandfunction to direct the agents’negotiationdecisionmaking. Onemechanism,a

depth-firststrategy(seefigure2.3),is formallypresentedasresponsivemechanism(seechapterthree),

wherethe depthvisited is a function of concessionrate,which itself is a function of the resources

left in negotiation,the time limits in negotiationandthebehaviour of theotheragents.Othermore

complex searchstrategies(not shown in the figure2.3) implementa combinationof depth-firstand
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breadth-firststrategies. This mechanism,calledthe trade-off mechanism, searchesfor contractsthat

have the sameutility asa givenstatenode,but which may lie at differentdepthsor breadthsof the

utility state-space.Thus,thetrade-off mechanismcanexploreothernodes’siblings,asopposedto the

siblingsof thegivennodealone.Finally, amechanism,calledthe issue-setmanipulationmechanism,

is alsoprovidedthatre-formulatestheproblemby changingthebranchingfactorthroughtheaddition

or retractionof issuesin thenegotiation.As will beshown later, eachmechanismalsoimplementsa

differentgoal-testfunctionthatevaluateswhethera goalstatehasbeenreachedor not.

P supportsfull andshort term committedcontracts. The contractsare re-negotiable. The contracts

may also function as representationsfor other commitmenthonoringcoordinationmodelsduring

theserviceexecutionlife cycle (seecommitmentmodelin figure1.1). Thus,thechoiceof whether

to initiate re-negotiationor enactother recovery processesasdirectedby the commitmentmodel,

is left to the domainproblemsolver (possiblemodelsof which choiceto make may be basedon

a decisiontheoreticcostbenefitanalysisof re-negotiationversusthe executionof somemodelof

commitment). The contractrepresentationalsosupportsboth commitmentfailure recovery during

theserviceexecutionandserviceprovisioningphases.

Againstthis background,theaim of this researchis to instantiatetheseselectedissuesandassociated

simplification assumptionsinto a practicalnegotiation framework that successfullysolves the problems

of the two target domains. Moreover, this framework shouldbe configurableso that it can be evolved

into otherdomainswith a minimal amountof effort. Theassumptions,methodologyandsolutionsof the

researchreportedherearecomparednext in thefollowing chapterwith gametheoreticbargainingmodels

of negotiationandselectedcomputationalmodelsof theissuesidentifiedin this chapter.
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RelatedWork

In the previous chaptera setof importantcognitive (informational),affective (choice)andconative (ac-

tion) issuesinvolved in negotiation were identified and emphasized.The secondphaseof the wrapper

designis the modelingof theseissues. To this end, this chaptercritically reviews candidatemodelsof

theseissues,in particularanalyzingtheir applicationadequacy andassumptions,for the taskof modeling

the wrappersystem. The contentof this chapterwill be concernedwith modelsof negotiationutilized

by the wrapper(coordinationmoduleandthe associatedinformationmodels,figure 1.1). This emphasis

on thenegotiation,ratherthanthecommunication,aspectsof coordinationis becausethe communication

aspectof this researchis not novel. CommunicationprotocolsuchastheKnowledgeQueryandManipu-

lation Language(KQML) andtheFoundationfor IntelligentPhysicalAgents(FIPA (FIPA97 1997))agent

communicationlanguage(ACL) havebeenproposedastwo solutionsto theagentcommunicationproblem.

KQML is a languageandaprotocolfor exchanginginformation(Nechesetal. 1991,Finin & Fritzson1994,

Huhns& Stephens1999)andFIPA ACL is also,likeKQML, a languagethatallowsagentsto communicate

betweenthemselvesusingmessages(communicativeacts).However, whereasthesemanticsof theKQML

performativeswere describedinformally by naturallanguagedescriptions,the FIPA ACL wasdesigned

to carry a clearersemantics.The communicationprotocolof this thesisis simply a setof primitivesand

associatedrulesfor theirusage.

The subjectof negotiatedcoordinationhasreceivedan in-depthtreatmentfrom a numberof diverse

fields,suchassocialwelfaretheory(Arrow 1950),socialpsychology(Pruitt1981),economics(seesection

3.1 below), marketing(Curry, Menasco,& vanArk 1991),organizationaltheory(Carley & Gasser1999),

operationresearch(Shehory& Kraus1995),andmorerecentlyDAI (seesection3.2below). However, for

thereasonspresentedin thepreviouschapter, only decentralizedmodelswill bereviewedhere.

Furthermore,sincethe concernof this work is negotiationfor two agents,asopposedto large scale

societies,coordinationmodelssuchasmarket mechanisms,1 voting andauctionsareexcludedfrom the

1Furthermore,sinceservicesin this work areunique(asopposedto beingan unrestrictednumberof commodities)andarenot
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review process(see(Sandholm1999) for a comprehensive review of thesemechanisms).The classof

coordinationmodelsof particularinterestin thiswork arebargainingmodelswhicharederivedfrom Game

Theory. Gametheoreticmodelsof bargainingarediscussedin section3.1, followedby DAI extensionsof

thesemodelsfor computationalsystems,in section3.2. Finally, theoveralladequacy of bothapproachesis

discussedin section3.3.

3.1 GameTheoretic Modelsof Bargaining

The centralfocusof economicmodelsis the rationalallocationof scarceresourcesthroughcoordination

mechanismssuchasmarketsor bargaining(Binmore& Dasgupta1989). The classof modelswhich are

of direct relevanceto this researcharethemicro economicmodelsof GameTheory(asopposedto macro

modelswhich modelperfectcompetition(Gibbons1992))which replacethe coordinationmechanismof

themarket by individual bargainingin imperfectcompetitionsituationssuchasbilateralmonopolies(one

seller(monopoly)andonebuyer (monopsony)) andoligopolies(few largesuppliers(Bannock,Baxter, &

Davis 1992)).

Theaims(section3.1.1)andrepresentative key conceptsof gametheory(sections3.1.2,3.1.3,3.1.4,

3.1.5,3.1.6and3.1.8)arediscussedin thesectionsbelow, beforeageneraldiscussionof thetheoryof games

is presented.Dueto theenormityof thediscipline,only theunderlyingassumptionsof theclassicmodels

arediscussedandevaluated.2 A concrete,andhighly relevant,modelis thenpresentedin section3.1.7to

illustratesomeof thespecificsof thisapproach.With theexceptionof thiscasestudy, little attemptis made

to coveractualsolutionsfor givenproblemssincetheobjectof theanalysisis to determinetheadequacy of

theunderlyingassumptionsof themodels.

3.1.1 Aims of GameTheory

In gametheoryanagentis viewedasanindividual,a firm or somemorecomplex organization.A gameis

informally definedastherulesof anencounterbetweenplayers,whohavestrategiesandassociatedpayoffs

(seesection3.1.5for a formal treatmentof games).For example,therulesof driving specifydriversof the

cars(the players)anda choiceof actionsopento the agents(to drive on the left or right hand-side).An

agentthenformulatesits strategy given its beliefsor knowledgeof theotheragent’s action. Theselected

strategiesresultin payoffs. For example,thegameswherebothagentsdriveon theleft or onedriveson the

left andtheotheron theright handsideof theroadwill resultin payoffs of nocrashandcrashrespectively.

Giventheserules,theobjectof gametheoryis to analyzewhataretheplayers’bestchoices—eitherboth

drive on the left or bothon theright handside. As will beshown formally below, theelementsof a game

infinitely indivisible, thegeneralequilibriumof market mechanismscannotbeused(Varian1992,Kreps1990).

2An explanationof standardgametheory termsandconceptscanbe found in any of the classictext bookssuchasthe highly

entertaining(Binmore1992)or (Gibbons1992),bothof whicharereferencedextensively in this chapter.
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areplayers, actions,information,strategies,payoffs, outcomesandequilibria. The players,actionsand

the outcomesarethencollectively calledthe rules of the game. A playerthenselectsa strategy with the

availableinformationat handgiventherulesof thegame.Theselectedstrategy thenresultsin a payoff.

Themotivationof anagent(or collectionof agents)is reductionistin nature.An agentis anoptimizer

of somefunction, be it geneticprosperityor maximizationof profit (Binmore1990). The aim of game

theorymodelsis to provide a generalexplanationof databasedon a setof assumptions.Concernedby

the prediction,explanationand designof economicsystems,gametheory modelsare motivatedby the

necessityto demonstratethata complex systemcanbe describedandpredictedwithout recourseto some

hiddenvariableor indivisiblehand(Binmore1990).3 Its practitionersassertthat themodelsdo not claim

thatthis is thewaytheworld is or mustbe,but ratherthemodelsdescribehow theworld couldbe(Binmore

1990). It is this emphasison informeddesignof systems(ratherthanheuristicapproachesto modeling

interactions)whichhasattractedrecentinterestin designingcomputationalsystemsbasedongametheoretic

models(Binmore& Vulkan1997,Zlotkin & Rosenchein1992,Rosenschein& Zlotkin 1994,Rosenchein

& Genesereth1985,Zlotkin & Rosenchein1996,Sandholm1996,Vulkan& Jennings1998,2000,Kraus&

Lehmann1995,Kraus,Wilkenfeld,& Zlotkin 1995,Shehory& Kraus1995,Ephrati& Rosenschein1994,

Ito & Yano1995).

Themethodologicalstanceof classicgametheoryis essentiallytestingthe internallogic of the eco-

nomicmodelsthrough“mind experiments”usingfactualandcounter-factualcasesandsimply ignoringthe

realizabilityor realismof thehypothesis;thereis no needto verify or refutea theory’sconclusionsaslong

asit is logically consistent(Binmore& Dasgupta1989).

3.1.2 GameTheory VersusSocialChoiceTheory

Gametheory (strictly speaking,cooperative gametheory, seesection3.1.3) is closely relatedto social

choicetheory(Arrow 1950),(Guillbaud1966),(Rosenchein& Genesereth1985),(Genesereth,Ginsberg,

& Rosenchein1986).However, gametheoryis concernedwith:

P the benefitof the individual rather than the group: Social choicetheory specifieshow the group

shouldbehave so that its actionsareconsistentwith somepostulateof rationality. In gametheory,

on theotherhand,therationalityprinciple is imposedon the individual, not thegroup. Thus,social

choicetheoryseeksto determinetheexpectedgrouputility function,whereasgametheoryseeksfirst

to determinetheindividualbenefitsfor eachalternative,beforedeterminingthegroup’sbenefit.

3AdamSmithbelievedthatindividualsin asocietypursuedtheirown goalsandthegreatestbenefitto thesocietycamefrom people

beingfree to do so. Eachindividual was“led by an indivisiblehandto promotean endwhich wasno part of his intention” (Smith

1776).
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P modelingthe conflictpoint: The conflict point playsa centralrole in gametheory. It occurswhere

playerscaneitherbreak-off negotiationandreceive the conflict benefitor continueto reacha deal

whosebenefitis relative to thisconflictpoint. Consequently, thenotionof threatsbecomesanimpor-

tantconceptthatneedsto bemodeled.A conflictoutcomeis notneededfor atheorythatis concerned

with how agroupshouldbehaveasasingleunit. Anotherimportantconsequenceof theconflictpoint

is that it (togetherwith theassumptionthatagents’cardinalutilities really representordinalprefer-

ences,thusmakingit possibleto transformlocal utilities—theso-calledinvarianceassumptionsee

(Nash1950))eliminatestheneedto make interpersonalcomparisonof benefits.Interpersonalcom-

parisonof benefitsinformally meansthatagentscanreasonaboutother’sbenefits—forexample,“for

agreementa I will receive a benefitof � andtheotheragentwill receive thebenefit � ”. In social

choicetheory, a singlegroupdecisionrequiresanexogenousspecificationof therelative weightsof

eachindividual,implying theneedfor interpersonalcomparisonamongagents(Harsanyi 19671968).

Therefore,socialchoicemodelsrequiremoreinformation.

In this thesistheimportanceof theindividual’srationalityis, likegametheorymodels,givenprimarystatus

becauseagentsareassumedto be selfish. However, andagainsimilar to gametheorymodels,decision

mechanismshave beendevelopedthat alsoconsiderthe group’s welfare,but only whenthe individual’s

welfarefor a givenoutcomehasbeendetermined.

3.1.3 CooperativeVersusNon-CooperativeModels

Coordinationin gametheorycanbe analyzedfrom two perspectives. Oneperspective assumesthat the

playersof a gamemistrustoneanotherandtry to maximizetheir own benefitirrespective of others(recall

the Prisoner’s Dilemmagame,section2.1.2). Conversely, the otherperspective assumesthat the agents

make bindingagreementsto coordinatetheir strategies. Theseperspectivesareknown asnon-cooperative

andcooperative gamesrespectively. In cooperative gamesthereis a possibility of pre-playnegotiations

whereajoint courseof actionis agreedonfor theensuinggame.As will beshown later, thispre-negotiation

communicationphaseeliminatestheproblemthatoccurswhenmultiple strategiesareall thebeststrategy

to use,referredto asmultipleequilibriain cooperativegames(Gibbons1992).Nashsuggested(in whathas

becometo bereferredto astheNashprogram (Nash1951)),that theanalysisof thegameshouldstartby

embeddingtheoriginal pre-negotiationgamewithin a largergamein which thepossiblenegotiationsteps

appearasformalmovesin theexpandedgame.

Themostsuitablecoordinationmodelon which to have the designof the negotiationwrapperis the

non-cooperativemodel. This is for two main reasons.Firstly, thereis no pre-negotiationcommunication

in theproblemdomainsof this research.Secondly, andmoreimportantly, cooperativemodelsconcentrate

on the outcomesof negotiation. Becauseof this they are unableto: i) model the negotiation process
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andii) predictthe time of agreements.Insteadthey concentrateon the desiredpropertiesof the outcome

alternatives.However, sincetheagentsin this researchhave to operateundertime constraints,they needa

modelof theprocessof negotiation.

Despiteits deficiencies,cooperative gametheory is neverthelessbeneficialto this researchbecause

it hasproduceda numberof outcomecriteria that formalize the quality of the outcome. Thesecriteria

canbe usedto evaluatethe optimality of the designedsearchmechanisms.Optimality in thesemodels

is describedin termsof equity (how goodan outcomeis in its distribution of benefitsand lossesto the

group)andefficiency(if thereis anothergroupoutcomethatan individual memberwould preferover the

currentone).Sandholmstatesthattheproblemof negotiationcanbecomputationallyviewedastwo related

optimizationproblems;oneis how to optimizelocal decisionsandthe otheris how to optimizea global

criteria(Sandholm1996). Socialwelfare,andgametheorieshave bothproduceda numberof solutionsto

this tradeoff problem(calledthe impossibilityproblem(Arrow 1950))which canbe usedto evaluatethe

performanceof the wrapper(seesection2.2.3). However, for the reasonsgiven in section3.1.2,welfare

theorymodelsarelessappropriatethangametheoreticmodelssincethegoalof this researchis thedesign

of awrappercoordinationmechanismfor the individual agents,ratherthanthegroup.

Finally, as will be seenbelow, computationalmodelsof negotiation in MAS are groundedin both

cooperative andnon-cooperative bargainingmodels. Therefore,both typesof bargainingmodelswill be

reviewedfirst to assistreview of thecomputationalmodels.

3.1.4 The Theory of Cooperative Games

Cooperativemodelsarealsoknown asaxiomatictheories, whereaxiomsreflectthedesirablepropertiesof

solutions(Gibbons1992). A solutionin gametheoryis generallytaken to meanagents’strategiesarein

equilibrium; oneagent’s strategy is the bestresponseto the other’s strategies,andvice versa(seesection

3.1.5 for a formal definition). Then, outcomes,ratherthan the processes,that satisfy theseaxiomsare

sought.Non-cooperativetheoriesarealsoknown asstrategic bargainingtheoriessincein non-cooperative

modelsthebargainingsituationis modeledasa gameandtheoutcomeis basedon ananalysisof which of

theplayers’strategiesarein equilibrium.

TheNashbargainingsolutionis themostpopularsolutionconceptin cooperativemodels(Nash1950).

In the problemsconsidered,therearetwo agentswho have to negotiatean outcomeI]��� , where � is

thesetof possibleoutcomes.If they reachanagreement,thenthey eachreceive a payoff dictatedby their

utility functiondefinedas � �hò �çô é ö !#9ó� Ùw "!)$WÝ . A utility function � representsthepreferencerelation �
of anagentoverthesetof outcomes� (Binmore1992).If they fail to reachadeal,they receivetheconflict

payoff, � � � I 0
	 ï��� � 0 M � . The setof possibleoutcomesandthe conflict point Ú (payoffs
� ��!)� � ) is shown in

figure 3.1. The spaceof feasibleoutcomes(call this á ) is boundedby the Pareto Optimal line (Debreu

1959). Formally, paretooptimality is definedfor a bargaininggame
� á !)Ú � (thepairsformedby thesetof
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feasibleoutcomesandtheconflictpoint)asfollows. Supposetherearetwo outcomesU and R suchthatthey

bothbelongto thefeasibleset, U �ëá !)R=� á . If � � � R ��� � � � U � , for 92� Ù4 +!)$WÝ , thenthenegotiatorsnever

agreeon U whenever anotheravailableoutcomeR is betterfor at leastoneof the agents.This is formally

representedasa functionthatgiventhegamedefinedby thepair á and Ú doesnot selectU — à � á !#Ú � þ�6U .
Notetheassumptionhere,thatagentsmustbeableto know andbeableto communicatethat R is betterthan

U . Oneimplicationof paretooptimality is thatadealshouldalwaysbereachedsinceÚ is notparetooptimal.

Paretooptimality is a usefulevaluationcriteriaof differentnegotiationoutcomesbecauseit takesa global

perspective of theefficiencyof themechanismin termsof globalgood(seeargumentin section3.1.3). In

theremainingpartof this section,two measuresof equityof outcomeswill bereviewed.

Theoutcomeregion á is boundedbecausetheparetooptimalline representsoutcomesthatdominate

all possiblefeasibleoutcomes(i.e. outcomeson theparetooptimal line arethebest).However, agentscan

negotiateon an alteredoutcomeset in a numberof ways. Firstly, moresolutionpointsin area á canbe

representedby extendingpurestrategiesto mixedstrategies.Assumeagents� and U havechoicesof actions,

VWí�!JV�� and
� í�! � � respectively. A purestrategy is thenpairingssuchas

� VWíB! � í � , � VWíB! � � � , � V��+! � í � , � V��"! � � � —
a pure strategy is the action of oneplayer given the other’s action ( (Neumann& Morgernstern1944),

(Binmore1992),p. 175).A mixedstrategy, on theotherhand,is achievedby a lottery, wherestrategiesare

selectedfrom a probabilitydistribution. In theexampleabove this meansthatagent� , for example,plays

strategy V í and V � with aprobabilityof say ��� � and ����� respectively, giventhat U hasplayed
� í for example.

Giventhatstrategiescanbespecifiedwith a certainprobability, thesetof outcomesis now expandedfrom

theoriginalpurestrategy case.Anotherwayof changingtheset á is to allow agentsto changetheir payoff

valuesbeforethegamestarts(i.e. “burnsomemoney” — freedisposal, section2.2.5).Alternatively, agents

maybepermittedto signtypesof contractsthatspecifysometransferof utility from oneagentto another

after the game(“side payments”—useof purestrategiesfollowed by transferof �/� N utility, for example,

from agent to agent$ ). Thesethreechoicescanhelpagentsto expandthesetof agreementswhicharenot

presentin theoriginal representationof theproblem.

Giventheabovesolutionpoints,payoffs andstrategiesthekey questionof cooperativegametheories

is “what will rationalagentschoose”—whatvonNeumannandMorgensterntermedthefeasiblebargaining

set (Neumann& Morgernstern1944). A bargainingset is individually rational andpareto optimal. An

agreementis individually rationalif it assignseachagenta utility that is at leastaslargeasan agentcan

guaranteefor itself from theconflict outcomeÚ —if I � �AÚ . They arguedthattheoutcomewasindetermi-

nate,sinceany point on theparetooptimalline is asgoodasanother. Thatis all thatcanbesaid.

Theaimof othercooperativetheories,on theotherhand,is to specifyaxiomsthatleadto theselection

of a singlepoint on theparetooptimalline, giventhebargainingproblem
� á !#Ú � .4 Threepopularsolutions

4Theprocessof how to actuallyreachthispoint is of noconcernto cooperative gametheorists.
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Figure3.1: Outcomespacefor apair of negotiatingagents.

are: NashSolution(Nash1950), ReferenceOutcome, (Raiffa 1982) (Gupta& Livine 1988) andKalai-

Smorodinsky, (Kalai & Smorodinsky 1975). The latter solution conceptis not expandedon heresince

the wrapperevaluationis adequatelyachieved via the first two solution concepts(referredto (Kalai &

Smorodinsky 1975)for an exposition). The Nashsolutionis basedon four axiomsthatmustbe satisfied

(Nash1950):

P Invarianceunderaffine transformation. That is, the particularchosenscaleof the utility function

oughtnot changetheoutcome,only thenumbersassociatedwith theoutcomes.This axiomis used

to preventtheneedto make interpersonalcomparisonsin utility, sincenegotiatorsmaywantor need

to transformtheir utility functions.For example,if oneagenthas `^$B� in thebank,andevaluatesthe

dealthatgivesit ` ? ashaving a utility $B� Z ? , while anotheragentevaluatessucha dealashaving
? , it shouldnot influencetheNashsolution.Thatis, a changeof origin doesnot affect thesolution.

P Symmetry. Also known astheanonymity axiom.Thisstatesonly theutilities associatedwith feasible

outcomesandtheconflict outcomedeterminethefinal outcome.No otherinformationis requiredto

selectanoutcome,andswitchingthelabelsof agentsdoesnot affect theoutcomes.

P Independenceof irrelevant outcomes. It statesthat if someoutcomesI areremoved,but I�� is not,

then I�� is still thesolution.

P Paretoefficiency. As mentionedabove, this axiomstatesthemaximumamountof utility thatcanbe

reached.Note,this is themaximumattainableamountandnot a completeaspirationachievementby

bothparties(point referredto asutopia in figure3.1 becauseany gainsby oneagentabove this line

resultin a lossto anotherandthereforewill not beselected.Indeed,utopiacannot bethemaximum

of thegainsbecauseof thisconflict of interest—one’sgainis theother’s loss.



3.1. GameTheoreticModelsof Bargaining 75

Theuniquesolutionthatsatisfiestheaboveaxiomsis theNashsolution, definedas:

I � �������������	 Ù �óí � I �"! �óí � Ú � Ý<Ù ��� � I �"! ��� � Ú � Ý (3.1)

This correspondsto the pointsthat maximizethe productof individual utilities for a deal,relative to the

conflictpayoff Ú (Nash1950).5 Whenindividualutilities calibrateanagent’spreferencesovercertainalter-

natives,or what is calleda valuefunction,asopposedto anagent’spreferencesoveruncertainalternatives

(see(Raiffa 1982), (Luce & Raiffa 1957) for an accountof risk-lessand risky utility functionsrespec-

tively), themultiplicative form of theNashsolutionrepresentstheconcernfor equity—theproductof the

valuegainsis maximizedmore for more equal individual gains. Thus if eachagentagreesto the four

axiomsabove,theneachis motivatedby proportionatecooperation(MacCrimmon& Messick1976).Con-

sequently, bothshouldchoosetheNashsolutionastheoutcome.However, if only oneagentis notmotivated

by thisproportionatecooperationprinciplethenthethechoiceof thetwo agentsis not theNashsolution.

The Nashsolution is the most popularsolution point to the bargainingproblem. The other is the

referencepoint. This is alsoobservedin experimentalbargainingproblemswherea prominentoutcomeis

usedby negotiatorsto anchora point in thesetof outcomesá (Raiffa1982).Thenegotiatorscanthenuse

this anchorage/ referencepoint aspoint of improvementto thefinal point (Raiffa1982).Thispoint canbe

usedeitherasacommonlyagreedonstarting-point,acrediblefinal point,or simplyafocalpoint (Schelling

1960), (Roth 1985). In multi-issuenegotiations,the mid point of eachissueof both agents’reservation

canserve assucha referencepoint, from which negotiatorsmayattemptto jointly improve (Pruitt 1981),

(Raiffa 1982). For example,if the price of a servicebeingdiscussedbetweentwo agentsis betweeǹ[�
(free)and ` O"� (thebuyerpreferringvaluestowards� andthesellerpreferringpricescloserto O"� ), thenthe

referencepoint is `[$+� for theissueprice.

GuptaandLivne’s solution formally representsa referencepoint by replacingthe conflict point as

an outcomewhich both partiesshouldattemptto improve jointly (Gupta& Livine 1988). The solution

proposedby GuptaandLivneis apoint thatliesontheparetooptimalline andconnectsthis referencepoint

with the maximumachievementof eachparty’s aspirationlevels (utopia,seefigure 3.1). This reference

outcomehasbeenshown to be appropriatefor concessionmodels(log-rolling (Wilson 1969),(Coleman

1973), (Raiffa 1982)) of integrative multi-issuenegotiations(Gupta1989), making it a highly relevant

evaluationcriteriaof thewrapper.

Thereareotherproposedsolutionpointsin thespaceof possibleoutcomesá which will not bedis-

cussedhere(see(Corfman& Gupta1993)).Thechoiceof whichsolutionconceptto choosefor determining

anoutcomehasitself beenproblematic,becausethey areall basedon a setof simpleandplausibleaxioms

5This is referredto asthe regular Nashbargainingsolution. A generalizedNashbargainingsolutionalsoexists andthis models

the“bargainingpowers” of bothagents.See(Binmore1992),page181for propertiesof this solution.
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(see(Damme1986)for postulatesthatprovidesomesolutionto this indeterminacy problem).Indeed,prob-

lemsarise(empiricallysupportedin socialpsychologyfindings(Roth1995))if eachagentis motivatedby

adifferentsolutionconcept/ socialmotive. Thus,if designersof differentagentsaremotivatedby different

socialmotives,thena difficulty arisesover which solutionconceptto usein axiomaticallyresolvingthe

conflict. Designerswould have to agreea priori on a solutionconceptandthe agentswould needto be

boundto this solutionconceptindependentlyof their environment. As will be shown below, this is the

approachadoptedby somecomputationalmodelsof negotiationusingprinciplesof mechanismdesign(see

section3.1.8).

Furthermore,it is interestingto notethat thecognitive (motivational)factorsof agentsareimplicitly

embeddedwithin the solutionconcept.Thusa pair of agentswho selectthe Nashsolutionaremotivated

by theprincipleof proportionatecooperation. Alternatively, selectionof thereferencepoint asa tentative

solutionto be improveduponindicatesthe motivation of agentsto mutually searchfor betteroutcomes.

The assumptionin the work reportedhere is that the social motivationsof agentsshouldbe explicitly

represented,and reasoningover which social motive to choosefrom is a dynamicfunction of the task-

environmentof the agent,changingdependingon its computational,communicationalor taskload. The

reasonfor this choiceis bestillustratedby thefollowing quote:

... thedistinctionbetweenself-interested(competitive)agentsthataretrying to optimizetheir

own local performanceandcooperative(benevolent)agentsthataretrying to optimizeoverall

systemperformanceis importantbut not an overriding factor in the designof coordination

mechanismsfor complex agentsocietiesthat operatein openenvironments. In fact, I feel

agentsthatpopulatesuchsocietieswill useperformancecriteria that combineboth local and

nonlocalperspectivesandthattheseperformancecriteria,in termsof thebalancebetweenlocal

andnonlocalperformanceobjectives,will changebasedon emerging conditions.Thus,I see

this distinctionbetweenself-interestedandcooperative agentsblurring in thenext generation

of largeandcomplex multi-agentsystems.Thebasisof this view is thatagentsthatoperatein

thesecomplex societiesandopenenvironmentswill have to copewith a tremendousamount

of uncertainty, due to limited computationaland communicationalresources,abouthow to

bestperformtheir local activities �_�_� Thesefactorswill leadto self-interestedagentsbehaving

in morecooperative waysso that they canacquireuseful informationfrom otheragentsand

help other agentsin ways which will eventually improve their local performance. In turn,

cooperative agentswill behave in moreself-interestedwaysgiven the costsof understanding

the moreglobal ramificationsof their actions,asa way of optimizingoverall performanceof

thesociety. (Lesser1998)

As will be shown later, non-cooperative modelsaremoreappropriatefor the computationalmodelingof
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thenegotiationprocess. Nonetheless,theaxiomaticmodelsprovide a setof usefultools for analyzingthe

performanceof thewrapper. Cooperativebargainingmodelsleadto furtherdifficultiesbecausethey do not

considerthecomputationaldifficultiesinvolvedin thecomputationof someof theabovesolutionconcepts.

Thesecomputationaldifficultiesarediscussedbelow in thecasesof negotiationover a singleandmultiple

issues.Figure3.2a) representstheparetooptimalline andNashbargainingsolutioninvolving only asingle

issue(distributivebargaining).Whenonly oneissueis involved,all thepossibleoutcomeslie onthepareto-

optimalline—thefeasibleset.Furthermore,becauseof theconflictinglinearvaluefunctionsof eachagent,

the sumof eachoutcomeis  (calledzero-sumgames(Gibbons1992)).6 The point that maximizesthe

productof the individual utilities (theNashbargainingsolution)is easilycomputedasthemid point (and

mostequitable)of bothagents’valuefunction(i.e
� ���%N,!#�/� N � ). Thesituationis mademorecomplex when
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Figure3.2: Outcomespacefor a pair of negotiatingagentsfor linearvaluefunctionanda) singleissueand

b) multiple issues.

multiple issuesareinvolved. This is importantfor thetypesof domainsconsideredin this researchwhere

negotiationis over multi-dimensionalservices.Dueto multiple issues,eachhaving a differentimportance

level andlinearvaluefunction,theoutcomesaretransformedto a non-constantsumgame(wherethesum

of the individual valuesfor an outcomedoesnot necessarilyaddup to  ). It is preciselyfor this reason

that agentscan look for “win-win” outcomes,improving on the outcome. The pareto-optimalline for

integrativebargainingis shown in figure3.2b. Theonly pointsonthis line wherethesumsof theindividual

valuesaddto  is at thepoint of connectionto the ? and E axis. Differentpointsalongthepareto-optimal

line thendo not necessarilyaddto  anddo not necessarilyhave the sameaddition.7 More importantly,

6The preferencesof agentsin the work reportedherearemodeledasa linear additive valuefunction for eachnegotiationissue.

Thedetailsof thefunctionandits behaviour aredeferreduntil thenext chapter.

7Note,theargumentis truefor a pair of perfectlyopposinglinearutility functions.Theintroductionof non-linearitychangesthe

cardinalityof valuesalongthepareto-optimalline, meaningthatthesumof theindividual utilities thatlie on theline donotaddup to

1.
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outcomesof negotiationcannow lie below the pareto-optimalline becauseagentsmay attachdifferent

importanceweightingsto eachof the issues.Thus,an agentwho placesa lower importanceon oneissue

thananother, but possiblymoreonyetanotherissue,canresultin outcomesthatlie below thepareto-optimal

line. Comparethis to thedistributivebargainingcase,wheretheoutcomeof a negotiationhad to beon the

pareto-optimalline (dueto theconflicting linearvaluefunctionsandtheimportanceweightingof value  ,
the sumof individual valueshasto addto  ). Furthermore,the Nashbargainingsolutionis no longerat
� ���%N,!#�/� N � , becausethepareto-optimalline hasmovedfrom theconstantsumline to anotherpoint. Indeed
� ���%N,!#�/� N � cannow beviewedasthefocalpoint.

Therearea numberof computationalimplicationsin integrativebargaining.Specifically, whereasthe

maximizationof thesumof theindividualvaluesis computationallystraightforward,thesameis not trueof

thecomputationinvolving themaximizationof theproductof theutilities (or theNashbargainingsolution).

The Nashbargainingsolutionis inadequatein casesof multiple issuesbecauseits computationbecomes

intractablein the presenceof multiple issuereservation valuesandweights. The maximizationproblem

thenbecomesmaximizationof a quadraticfunction with restrictions(the reservationvaluesof an issue),

wherethesolutionto thequadraticfunctionmayviolatetherestrictions.It is a quadraticproblembecause

theindividualutilities of agentsarelinear:

����� # ù
�7ú í

\ �í � �í � I �%$ # ù
�7ú í

\ �� � �� � I �%$
Numericmethods,suchasactivesets, canhandlesuchproblems(Luenberger1973). However, with this

methodasthenumberof issuesincreasesthensodoesthecomplexity of thecomputationinvolvedin solving

thequadraticproblem.Therefore,active setsbecomeunlikely candidatesfor computingtheNashsolution

for bargainingproblemsinvolving largenumberof issues.

To summarize,in thissectionthetheoryandassumptionsof cooperativegameswerebriefly reviewed.

It wasshown thatalthoughimpracticalfor modelingtheprocessesof negotiation,cooperativegametheory

hasnonethelessproduced:i) aformaldefinitionof thepossiblespaceof outcomesandhow thisspacecanbe

representedandtransformedandii) anumberof globalevaluationcriteria(suchaspareto-optimality, Nash,

referenceandGupta-Livnesolutions),a numberof which will beusedin theempiricalevaluationphaseof

this research.Finally, thelastsectiondiscussedtheeffect of bargainingproblemsinvolving morethanone

issueon: i) someof theglobalmeasuresandii) thecomputationsinvolvedin finding a solution. Implicit

in the above argumentswas the availability of information in makingsocialdecisions.For example,to

computethereferencepoint,or outcomesthatactuallylie on thepareto-optimalline, agentshave to know

theutilities theotheragentplaceson all thesetof outcomes.Thetreatmentof informationin gametheory

is discussedin thenext section.
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3.1.5 CompleteInf ormation Games

The theoryof completeinformationis not directly relevant to the researchreportedhere. In this research

it is assumedthat informationis privatein interactions.Nonetheless,the theoryof completeinformation

is reviewedherebecauseit formally representssomeimportantconcepts(suchasNashequilibrium) and

assumptionsof gametheory (suchas the rationality and commonknowledgeof agents). Furthermore,

the expositionwill provide a framework for betterunderstandinga numberof computationalmodelsof

negotiation, reviewed in section3.2, which area naturalextensionof completeinformationcooperative

games.

vonNeumannandMorgenstern(Neumann& Morgernstern1944)classifiedgamesinto gamesof com-

pleteandincompleteinformation.8 In gamesof completeinformationtheplayersareassumedto know all

therelevantinformation—thatis, they haveknowledgeof:

1. Therulesof thegame: Therules,or theprotocolof interaction,area specificationof whenanagent

mayact, theactionsavailableat thesepermissibletimesandthe informationconcerningthehistory

of thegameuntil thecurrentdecisionpoint. A playerthenformulatesa strategy for thegame,given

therules.

2. Theplayers of the game: A playeris specifiedby: a) their preferences:representedaspayoffs or a

utility function.Theutility functionsaredefinedonthesetof possibleoutcomesof thegame.b) their

beliefs: formally representedby a subjective probabilitydistribution over a setof possiblestatesof

theworld. It is thecombinationof thechosenstrategiesandthestatesof theworld which determine

theoutcomeof thegame.Statesof theworld areattributedto chancemoves.

More formally, a gameis describedin normalform as:

Definition 2 Thenormal form representationof an ; -player gamespecifiesthe player’s strategy spaces

� íW!_�7�4�7!)�âï andtheir payoff functionse íW!_�7�4� e ï . Thegameis thendenotedby & � � � íB!_�7�4�7!)�âï(' e í.!_�7�4� e ï �
Gametheorythenpredictsa uniquesolutionto thegame(suchastheNashbargainingsolution)asto what

eachagentwill choose.However, in orderfor this predictionto betrue,it is necessaryfor eachagentto be

willing to choosethestrategy predictedby thetheory. Thus,thepredictedstrategy for eachagentmustbe

theagent’sbestresponseto thepredictedstrategiesof theotheragents.Rationalityis thentheadherenceto

this self-enforcing property(becauseno singleagentwantsto deviatefrom its predictedstrategy), while at

thesametime maximizingits expectedutility.

In a gameof completeinformation,all theabovearecommonknowledge (Aumann1976).Theimpli-

cationis thatnot only doeseachagentknow it, but alsothat eachagentknows that eachagentknows it,

8Gamesof incompleteinformationarealsoreferredto as“asymmetricinformation” in thegametheoryliterature(Gibbons1992).



Chapter3. RelatedWork 80

thateachagentknows thateachagentknows thateachagentknows it, andsoon ad infinitum (Mertens&

Zamir1985).In additionto this,in agameof completeinformationtheinformationneednotbeperfect. For

example,chessis agameof perfectinformation,wherefor eachdecisionnodeeachagentalwaysknowsthe

completehistoryof thegame.Conversely, in a gamelike poker anagenthasimperfectinformationabout

thehistoryof thegamethusfar; a playerdoesnot know whatcardsotherplayershold whenat a decision

node.

Although the playershave commonknowledgeaboutthe stateof the world, their subjective beliefs

aboutwhatstrategy theotherplayeris following aredeterminedby theanalysisof thegame.Thequestion

of whichanalysisis theappropriateoneis itself problematic(Binmore& Dasgupta1986).In particular, the

infinite regressproblemmeansthatall strategiesappearequallyreasonable(Luce& Raiffa 1957). Infinite

regressionallows reasoningof thekind, “if I believe, that hebelieves,that I believe, that hebelieves,etc.” ,

which, in turn, makesall possiblestrategiescandidatesfor selection.To overcomethesedifficulties,three

additionalrequirements,representingthenatureof rationality, areneeded:

P c) A rationalplayerquantifiesall uncertaintiesusingasubjectiveprobabilitydistribution. Theplayer

thenmaximizesits utility giventhis distribution. Thusthesubjectiveprobabilitydistribution is com-

monknowledgeto all theotherplayers.

P d) All rationalplayersarecomputationallyequivalent. Thusif oneplayer is given the sameinfor-

mation as another, then it can duplicateits reasoningprocess. This doesnot meanthat an agent

knowseverything(is omniscient);rather, theagentis infinitely capableof introspectingotheragent’s

reasoning.

P e) Rationalityof playersis commonknowledge. In gametheory, rationality requiresthat an agent

maximizesits utility and eachagentwill necessarilyselectan equilibrium strategy whenchoosing

independentlyandprivately.

The implicationsof assumptionsd) ande) arethat it is commonknowledgethat the playersarerational

(what is referredto asconsultingthe samegametheorybook which containsall the commonlyheld as-

sumptionssuchas the rationality andbeliefsof agentsasconventions(Binmore1992),p. 484). Taken

together, it is possibleto show that assumptionsa) to e) sanctionany choiceof pair of strategieswhich

arenot in equilibrium. In economics,anequilibriumis definedto occurwhentheactionsof anagentare

consistentgiven the actionsof others(Gibbons1992). Therearenumerousequilibria conceptsin game

theory, eachstricterin sanctioningpossiblestrategies,but themostpopularoneis theNashequilibrium.9

This is formally definedas:

9Not to beconfusedwith Nashbargainingsolutionwhichwasdefinedin section3.1.4.
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Definition 3 In then-playernormal-formgame& � � � í !_�7�4�7!)� ï ' e í !_�7�7� e ï � , thestrategies
� V��í !_�7�4�7!)V��ï � are

a Nashequilibrium if, for each player 9 , V��� is player 9
)7V bestresponseto the strategiesspecifiedfor the

; !  otherplayers,
� V*�í !_�7�7�4!JV*��,+ í !)V���.- í !H�4�7�7!)V��ï � :

e � � V �í !_�H�_�_!JV ��/+ í !)V �� !)V ��.- í !H�_�H� !)V �ï �10 e � � V �í !_�_�H� !)V ��,+ í !)V � !JV ��2- í !_�H�_� !JV �ï �
for each feasiblestrategy V � �ý� � . Thatis, V �� maximizes:

���3��
4658734 e � � V �í !H�_�H�_!)V ��,+ í !)V � !JV ��2- í !_�H�_�_!JV �ï �
Assumptione) enablesplan recognitionwhich, in turn, supportsassumptiond) andwithout it anagentis

incapableof predictingotheragent’s behaviour. Theassumptionstatesthatall agentsarerationalin that:

a) they areutility maximizersandb) they will independentlychoosean equilibrium strategy. Underas-

sumptiond), a rationalagentcanonly model(or predict)thebehaviour of anotherrationalagent.However,

if assumptione) is violated,in thatan agentchoosesa non-equilibriumstrategy (andhencebehavesirra-

tionally by deviatingfrom theNashequilibrium)thentherationalagentcannolongerpredictthebehaviour

of theirrationalonebecauseof theviolationof assumptiond). However, therationalagentcanderivemore

utility (by deviating from Nashequilibrium) if it canmodelthis irrationality on thepartof theotheragent

(usinganotherassumption,say R9� ). As LuceandRaiffa (Luce& Raiffa1957),haveargued:

Evenif we weretemptedat first to call a Nashnon-conformist“irrational”, we would have to

admit thathis opponentmight be “irrational” in which caseit would be“rational” for him to

be“irrational”.

Therefore,if the rationalityassumptions,includedto solve the infinite regressproblem,areviolated,then

theoutcomeof interactionis indeterminatesinceany non-Nashpair of strategiescanbechosen.However,

the knowledgethat agentsareall perfectlyrational,or the assumptionon the part of the agentthat other

agentsarealsorational(consultthesamegametheorybook),doessubstantiallyreducethedecisionproblem

of the agentto oneof selectingthe strategy that is known to be in equilibrium independentlyof what the

otheragentdoes. As will be seenin section3.2, a similar notion of perfectrationality is alsodeveloped

in computationalmodelsof negotiationwhereagentdesignersareprovidedwith negotiationprotocolsthat

haveknownequilibriumstrategies.Thisfactispublicly knownanddeviationfrom it is irrational.Therefore,

anagentdesignercandesignhis/heragentto behave independentlyof theother’schoices.

3.1.6 Gamesof Incomplete Inf ormation

The argumentsabove concentratedon modelsof completeinformationwhich aresuitablefor gameslike

chess.However, in realenvironmentsagentsseldomknow asmuchastheabove modelsassume.What is
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alsorequiredaremodelsof decisionmakingwith uncertaintyover both the rulesof the gameaswell as

thepreferencesandbeliefsof others.Suchmodelsarehighly relevantto thedomainof this research,once

again,becauseof theprivacy of informationassumption.

Harsanyi developeda modelwhich representsoptimalbehaviour given the fact thatan agenthasin-

completeinformationaboutits world (Harsanyi 1955).Sinceuncertaintiesover therulesof a gamecanbe

expressedasuncertaintiesoverthepayoffs,assumptionb) is themostfundamentalassumptionwhichneeds

to berelaxed. If assumptionb) is relaxed,thentheagentsareno longercertainasto the typeof theother

players.To know anagent’s typeis to havecompleteknowledgeof its preferencesandbeliefs.Eachagent

thenonly knowsfor certainits own typeandits uncertaintiesof theotheragent’s typemaybeexpressedas

aprobabilitydistributionover thesetcontainingall possibletypes.

Given theabove, an agent’s uncertaintyover the typesof othersis modeledby introducinga chance

move at the first stepof the gamewherenatureselectsthe type of the playerof the ensuinggamewith a

probability distribution which is commonknowledgeto all players. Then,beforethe gamebegins, each

agentupdatesits belief aboutthe type of all others,given it hasbeenchosenusingBayesrule. The in-

troductionof the move by natureat the first stepconvertsthe gameof incompleteinformationto a game

of imperfectinformation,whereat somepoint in the gamethe playerwith the move doesnot know the

completehistoryof thegamethusfar.

In essence,uncertaintyis dealtwith by assumingthat theagentshave a certainlimitation on theform

of their utility functions. Thus, thereexists a known setof all possibleutility functions. Eachagentis

then assigneda type basedon which of thoseutility functionsit is currently using. Other agentsthen

updatetheirbeliefsaboutthetypeof othersby acquiringinformationin theprocessof interaction.Thenthe

choiceproblemreducesto a point that is fundamentallythe sameasa gameagainstnature(for example,

probability that it will rain tomorrow, giventhat it is sunny today)asin a traditionalsingle-agentdecision

makingsituation.

3.1.7 Non-CooperativeGames

Non-cooperative modelsarealsoknown asstrategic bargaining theories, wherethe bargainingsituation

is modeledasa game,andthe outcomeis basedon an analysisof which of the players’strategiesarein

equilibrium. This typeof modelwasfirst motivatedby Harsanyi (Harsanyi 1956),but is bestrepresented

throughthe SequentialAlternatingProtocol (SAP)((Rubinstein1982), (Rubinstein1985b),(Osborne&

Rubinstein1990)).TheSAP, unlike thecooperativemodels,modelstheprocessof negotiation,oneof the

requirementsof the problemdomainsof this research.The completeinformationversionof the gameis

describedfirst, followedby theincompleteinformationone.

Therearetwo players  and $ , whosetaskis to divide :, , andreceive thesharethey eachagreeto. If

they fail to agree,they gettheconflict payoff of :W� . Thebargainingprocessis normatively specifiedby the
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sequentialalternatingprotocolwhereplayer  makesan initial offer of its sharefor the dollar at stage� .
Player$ immediatelyacceptsor rejectstheoffer. If theoffer is rejected,thenplayer $ makesacounter-offer

at Û �  . Thisprocessis repeateduntil eitherasuccessfulsettlementis reachedor elsebothplayersreceive

the conflict payoff. In casesof successfuloutcomes,the payoff to player  (player $ ) is computedasthe

shareof thedollaragreedatstage
�
, modifiedby adiscountfactor ; íM ( ; �M ). Thediscountfactorrepresentsthe

incentiveto reachanagreementearlyand ; íM , ; �M=<  . Thusin roundonethedollar is worth  , in roundtwo

it s worth ; , in roundthreeit is worth ; � , andsoon. A strategy is thena specificationof theproposal/reply

at eachstageof thegameasa functionof thehistoryto thatpoint.

Sincethe dollar is an infinitely divisible good,any division of the dollar is a Nashequilibrium. A

strongerequilibriumsolutionwasintroducedby Rubinsteinto solve theindeterminacy problem,calledthe

subgameperfectequilibrium (Rubinstein1982). Subgameperfectequilibrium sanctionscommitmentsto

contingentcoursesof actionthat would result in lower payoff to a playerif the contingency did actually

arise. For example,a threatby player  to walk off from negotiationif it did not receive *"� centsof the

dollar is not credible,becauseif player $ did offer  H� it would not bein theinterestof player  to enforce

the threat. Thussubgameperfectequilibria effectively prunesthe searchtreeon the assumptionthat the

otheragentis rational(seesection2.2.8).

In the above model the subgame-perfectequilibrium is uniqueandagreementsare immediatewith

player  receiving share
�  ! ;>� ��?��  ! ;.í@;�� � , while player $ receivestheshare ! ���  ! ;>� �A?,�  ! ;�í@;>� ��� .

Thusthemoreimpatientanagent(thelargerthevalueof ; ), thesmallerthefinal payoff.

For example,considera finite versionof the divide the dollar gamewith ; í �B; � � �/� * . Table3.3

shows theoffer’s maximalclaim thatareacceptableto theotheragent.Assumethat in the last round( Û )

agent$ would accept:W� . However, in thenext to last round, $ cankeep �/�4 , becauseit knows this is how

much  will loseif it waits till the next round(  ! ; íDC  ). This reasoningcontinuesbackwardsandthe

processterminateswhenthetime limits of thegamehasbeenreached.

Round 1’sshare 2’sshare Offerer
...

...
...

...

T-3 �/� (/ H* �/�4 .(� 2

T-2 �/� */ �/� �"* 1

T-1 ��� * ���7 2

T  � 1

Figure3.3: Maximal acceptableclaimsof anoffererfor a finite game

Problemsoccurswhentheprotocolpermitsaninfinite roundsof bargainingandnon-discountedoffers.



Chapter3. RelatedWork 84

Under suchcircumstancesany splits of the dollar is Nashequilibrium. However, as mentionedabove,

Rubinsteinshowed that for an infinite gamewhereoffersarediscountedthena solutiondoesexist andit

is reachablewithin thefirst stepof theprotocol. Theproof is asfollows. Let themaximumandminimum

agent  canget in any roundbe denotedas a5í and � í respectively. Conversely, let áE� and U@� denotethe

maximumandminimumagent$ cangetin any roundrespectively. Theproofconsistsof showing afí[� � í
and áF���:U@� . If agent  makesthefirst offer thenthemaximumit canclaimof thedollar hasto satisfythe

inequality:

a íFG  ! U � ; � (3.2)

That is, the maximumagent  canclaim on its turn for agent $ to be indifferentbetweenacceptingand

refusingis what remainsof the dollar oncethe discountedminimum of agent $ hasbeenallocatedto $ .
Conversely, theminimumagent canclaim on its turnhasto satisfytheinequality:

� í 0  ! á � ; � (3.3)

To seethis,suppose offers $ anoffer thatviolatesthis inequality, ? <  ! á � ; � . Let ? < E <  ! á � ; � .

Thensince  ! E � áF��;>� , ademandof E by  at time � will beacceptedby $ , becauseif $ refusesE thenthe

maximum $ canget in thenext time stepis áF�>;>� which is lessthan  ! E . Thus $ getsmoreby accepting

 ! E at time � thanwaiting until thenext round. It follows that it cannot beoptimal for  to demandan

offer ? whichwill berejectedwhenanotherdemandE existswhichwill beacceptedat time � . This logic is

usedto show agreementsarereachedinstantly.

Two further inequalitiesare thenneededto computethe final shareeachagentreceives. Thesein-

equalitiesarederivedby exchangingtherolesof theagents,giving therequirementsof themaximumand

minimumdemands( á � and U � respectively) of agent$ as:

áF� G  ! � í@;.í (3.4)

U � 0  ! a í ; í (3.5)

Substituting3.5 for U � in 3.2gives:

afí G  ! U@�H;>� G  ! ;>� �  ! afí@;�í � �> ! ;�� Z afí@;�íH;��
Therefore

a íEG  ! ;>�
 ! ; í ; � (3.6)

Similarly, by substituting3.4 for áF� in 3.3we get:

� í 0  ! á � ; � 0  ! ; � �  ! � í ; í � �  ! ; � Z]� í ; í ; �
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Therefore

� í 0  ! ;>�
 ! ; í ; � (3.7)

Therefore,since � í and a í aretheminimumandmaximumdemandsof agent  , then � íIG a í . Thus3.6

and3.7andthecorrespondinginequalitiesfor á � and U � imply that:

� í[��afí[�  ! ;>�
 ! ; í ; � U@�^�ìáF� �  ! ;��

 ! ; í ; �
Theabove modelnot only addressessomeof thekey issuesidentifiedin chaptertwo (theprotocolof

interaction,time,strategies,commitmentsandcosts),but it alsohasthedesirablepropertythatagreements

areimmediate.However, theSAP’s adequacy is weakenedfor applicationto theproblemsof this domain

becausetherearepossibilitiesof inefficient delaysanddeadlockswheninformationis incomplete.In the

SAP, theproblemof incompleteinformationin a servicemarketwould beaddressedby specifyinga seller

anda buyertype(seesection3.1.6),wheretheseller’s typerepresentsthelowestpricevaluefor which the

seller is willing to sell a service,and the buyer’s type representsthe highestprice the buyer is prepared

to pay for the service. Eachagentis certainaboutits type and the uncertaintyover the other’s type is

representedby eithera continuousdistribution or discreteprobabilities(e.g. a buyer with a high or low

price valuation). Thesedistributionsarecommonknowledge. Uncertaintiescantheneitherbe two sided

(Fudenberg & Tirole 1983),(Perry1986)or one-sided(Cramton1991),(Admati & Perry1987).

As a consequenceof theseuncertaintiesthereis no subgame-perfectequilibrium. The analysisis

insteadmadeusing the strongerequilibrium conceptof sequentialequilibria (Rubinstein1982), where

in additionto specifyinga strategy, eachuncertainplayer’s belief mustbe specifiedgivenevery possible

history. Then,a sequentialequilibriumis a setof strategiesandbeliefssuchthat for every possiblehistory

eachplayer’s strategy is optimumgiventheother’s strategy andits beliefsaboutother’s valuation.Beliefs

aremadeconsistentby usingBayesrules. Sinceagentsareboundto the protocolof communicationthat

permitsonly the transmissionof offers andcounteroffers, the processof learningother’s typesthrough

Bayesrule typically requiresmultiple stages,leadingto delaysin reachingagreements.However, if the

otheragent’s behaviour is off theequilibriumpath,thenBayesianupdatingis not possiblesincetheseoff

equilibrium pathsareassignedzeroprobability. This may result in incentivesfor agentsto deviate from

theequilibriumto increasethenumberof possibleoutcomes.Outof equilibriumbehaviour cannotberuled

out in gamesof both sideduncertaintyanda sequentialalternatingprotocol(this problemis solvablefor

one-sideduncertaintyanda protocolwherethe uninformedagentmakesall the offers and the informed

agenteitheracceptsor rejectsoffers(Vincent1989)).

In additionto theaboveproperties,theresultsfrom non-cooperativemodelsof thenegotiationprocess

arehighly sensitive to the particularassumptionsmadeaboutthe bargainingprocess(Sutton1986). For
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example,two-sidedversusone-sideduncertainty((Fudenberg& Tirole1983)and(Sobel& Takahashi1983)

respectively), finite horizonversusinfinite horizontime limits ((Fudenberg & Tirole 1983)and(Rubinstein

1985a)respectively),possibilityof strategicdelays(Admati& Perry1987),differentbargainingcosts(Perry

1986),differentoffer patterns(alternatingversusuninformedplayermakesall theoffers(Rubinstein1985a)

and(Cramton1991)respectively), all result in a differentprocessof bargaining. For example,the SAP

protocolcanbealteredto allow strategic delayswheretheplayersareallowed to make offersat any time

aftersomeminimumtimebetweenoffershaspassed.This leadsto agentsstrategically delayingtheiroffers

which is interpretedasasignalof thepositionof thedelayingagent(Admati& Perry1987).Consequently,

differentoutcomesareselected.

In summarytheSAPis amoreoperationalprotocolfor computationalpurposesthancooperativegame

theoreticmodelsof negotiation.Not only doesit modeltheprotocolof interaction,but it alsoincludesthe

time of reachingagreements,strategiesandcommitmentsin interaction.However, smallvariationsin this

protocol,andnon-cooperativemodelsin general((Binmore1992)page196)resultin theprotocolselecting

differentoutcomes.Nonetheless,aswill beshown in section3.2.2,theSAPhasbeenusefullyextendedby

Krausto solvea numberof computationalproblems.

3.1.8 MechanismDesign

In additionto its explanatorypurposes,gametheorymodelsareusedfor the designandimplementation

of organizations,or of an activity within an organization,wherethe participantsdo not sharethe same

goalsbut thereexist opportunitiesfor mutualcooperationaswell asrealconflict (see(Marschak& Radner

1972)for a theoryof the teamwho sharea commongoal). Previous sectionshave concentratedon two

differentperspectivesof how to model interactionsbetweenagents.The aim of this sectionis to discuss

how suchmodelscanbe usedto designand implementinteractingsystems,an activity highly relevant to

computationalsystems.10 Indeed,the bestexampleof mechanismdesignis the varioustypesof auctions

thatexist on the Internet. Additionally, aswill be shown in section3.2, mechanismdesignhasalsobeen

heavily usedto designcomputationalnegotiationprotocolsthathavecertainusefulfeatures.Therefore,this

sectionwill briefly introducethekey conceptsthatwill assistin laterexposition.

Theproblemof designingandimplementingactivities is referredto asthe“implementationproblem”

or mechanismdesignwherethedesigner’spreferrednegotiatedoutcome(in termsof somecriteriasuchas

socialor individual welfare)is derivablefrom a givenspecificationof the rulesof thegame(see(Rosen-

schein& Zlotkin 1994)). It is calleda mechanismbecausewhat is beingdesignedis not a specificgame

(concreteutilities), but a “game form” (utility types).In general,theaim of mechanismdesignis to create

10Mechanismdesigncanbe thoughtof the problemof designa systemthat implementsa gametheorytext book, containingthe

assumptionsandimplicationsof thetheory. For example,amechanismis designedsuchthattheplayersin thatmechanismcommonly

know whatthemostrationalstrategy is.
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a societyof agentswho areengagedin a cooperativeventurefor mutualgains.Rules,lawsandregulations

(or protocols)areusedto definea gamewhich specifiesthe feasiblesetof negotiatedsolutionsandelim-

inateindividuals’ feasiblesetof actions. As will be shown in section3.2.1,mechanismdesignhasbeen

centralto computationalmodelsof negotiationin MAS, by constructinggameswhoseequilibriahavesome

centrallydesiredproperties(s).However, sincethe computationalmodelsof coordinationin MAS come

from mechanismdesign,theprinciplesaredescribedin this section.

The problemof mechanismdesignis formulatedin game-theoretictermsas the principle agent(s)

problem(Binmore1990). The mostpopularapplicationof the principle-agentproblemis auctions(see

(Sandholm1999)),wheretheprincipleis asellerof somegoodandtheagent(s)canbeoneor morebuyers.

Theproblemthenis reformulatedasoneof devising a sellingmechanismthatsatisfiessomefeaturessuch

asefficiency andindividual rationality (seesection3.1.4),giventhat the seller doesnot knowthe reser-

vationvaluesof the buyers. Becausethe principlecannotobserve the hiddenreservations,theproblemis

sometimescalledhiddentype, borrowing from Harsanyi’s theoryof incompleteinformation(section3.1.6).

11 This lack of knowledgeis addressedby devising incentiveschemesthat reward the agentsthat submit

bidsthatareat their truereservationvalues.

In summary, theprincipleattemptsto inducetheagentsto behave in a certainmannerusinga mech-

anism 8 . However, the principle doesnot know the typesof agents,but it is commonknowledgehow

chanceselectsthe agentsfor eachbuying role. The principle’s choiceof 8 thenservesasa rule of the

game& . The agent’s actionsin & thendeterminean outcomeI . Given that the agentsarerational,then

the principle will be offereda choiceof outcomeI in & that is Nashequilibrium. This I is thensaidto

be implementablefor theprinciple—it canget I if it wantsit by selectingmechanism8 . Thedecisionof

whetheror not an outcomeis implementableis simplified throughanotherprinciple calledthe revelation

principle (Binmore1992). If a mechanismasksan agentwhat its type is, thenit is a direct mechanism.

Thenbasedon thedeclaredtypethemechanismgeneratessomeoutcome.If theagentsarenot askedwhat

their type is, thenmechanismis called indirect. The revelationprinciple thenstatesthatwhatever canbe

donewith anindirectmechanismcanalsobedonewith a directmechanism(calledincentive compatible).

Thusany socialfunction implementedby an indirectmechanismcanalsobe implementedby a directone

whereagentshaveanincentive to declaretheir truetypes.

This simpleprinciple that “if somethingcan be done, then it can be doneby just askingpeopleto

reveal their true characteristics” (Binmore1992) is useful in designingoptimal mechanisms—todecide

what outcomesare implementable,it is only necessaryto consideroutcomesthat are implementableby

11ThePrinciple-agentproblemis studiedunderthesubjectof moral hazards(Binmore1992),becausetheprincipleis takinga risk

if it relieson themoralsof agent(s)to carryout whatthey committedto in a contract.In the literature,moralhazardsarealsocalled

hiddenactionandadverseselectionproblems(Binmore1992).
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a direct mechanism.As will be shown in section3.2.1,a numberof MAS have usedtheseprinciplesof

mechanismdesignfor thedesignof computationalmodelsof negotiation.

3.1.9 An Evaluation of GameTheory

Gametheoryhasproved useful in modelingsocial phenomenain disciplinessuchaseconomics,politi-

cal theory, evolutionarytheory, moral philosophy, socialpsychologyandsociology. The reasonsfor this

successhave beenits (Castlefranchi& Conte1997): i) conceptualizationof a synthetic,meaningfuland

formal prototypicalcontext asgameswhich areopento experimentalanalysis;ii) its ability to predictand

explain thesegamesin a mannerwhich doesnot rely on post-hocexplanation,but ratherusesformal and

soundnotions;andiii) identificationandconceptualizationof ahostof socialproblemssuchasfree-riding,

cheating,reciprocation,coalition formation,reputationandemergenceof norms. The first two contribu-

tionsarehighly relevant to the researchreportedherebecausetheformal elementsof gametheorypermit

unambiguousmodelingof thedecisionmakinginvolvedin negotiation.In additionto providing a “model-

ing language”thetheoryprovidesformal conceptssuchasNashsolution,pareto-optimalityandreference

point thatcanbeusedto empiricallyevaluatethedevelopedcomponentsof thenegotiationwrapper.

In additionto the above, the impactof gametheorywithin DAI hasbeento (Castlefranchi& Conte

1997): iv) challengethebenevolenceassumptionaswell asnotionsof commonproblem,socialgoaland

global utility; v) demonstratethat cooperationcanemerge from local utilities; andvi) quantify the costs

andbenefitsassociatedwith actions(e.gcommunication,exchangeandformationof groupsascoalition).

This emphasisof gametheoreticmodelson local preferencesmakesthemhighly appropriatefor modeling

the type of tasksfacedby the wrapper(section2.2.4). Recall that the taskof the negotiationwrapperin

thisbodyof work is decisionmakingsincenoobjectively correctanswerexists(taskswhereanobjectively

correctanswerexistsaretermedproblemsolving(Laughlin1980)).In decisionmakingtasks,theobjectof

coordinationis anagent’sgoalsandits preferencesover thesegoals.

However, gametheorymodelshavegeneratedconsiderabledebateasto theirefficacy andthetheory’s

usefulnessin guiding the designof an agent(Castlefranchi& Conte1997,Fishburn 1981,Simon1996,

Zeng& Sycara1997,Binmore1990). An adequateevaluationof gametheory, dueto theenormityof the

discipline,is beyondthescopeof this thesis.Therefore,only a few selectproblemsrelevantto this research

arepresentedbelow.

Thegreatestcriticismof gametheoryfrom theperspectiveof theobjectivesof this thesisis its rational-

ity assumptionthati) beliefsarecommonknowledge,andii) individualsareoptimizersandcomputationally

unbounded.

P The first assumptionis appropriatefor gamessuchaschesswherethe choicesof the individuals,

andtheir interactions,arewritten into the rulesof the game.Playersmotivationsarealsocommon



3.1. GameTheoreticModelsof Bargaining 89

knowledge—eachprefersto win. However, in the realworld thereis no rule bookwhich describes

how individualsactuallyacquirebeliefs. The assumptionsarebasedon an “ideal” world in which

beliefsdeducedrationally from a commonprior canbe commonknowledge. Yet, the world is not

“ideal”—thereareimperfectionsin ourknowledge.

P Theassumptionthat individualsareoptimizershasalsobeencritically challenged.Thequestionof

what is optimal, in gametheorymodels,is independentof actualhumanbehaviour—thequestionis

reformulatedfrom oneof how dopeopleactuallybehaveto how shouldpeoplebehavegiventhateach

individual wereto maximizehis utility. Cognitively inspiredmodelersanddesignersstatethatgame

theoryonly modelsa subsetof thecognitivemakeupof anagent.In particular, economicrationality

is not a modelof rationality in general but only oneof a largesubsetof humangoals(Castlefranchi

& Conte1997). The subjective expectedutility model(Neumann& Morgernstern1944)rulesout

decisionsandbehaviourswhich maybeperfectlyrationalbut which areeconomicallyirrational.For

example,to perseverein aninvestmentwhichhasa lowerutility thananotherinvestment(sunkcosts)

maybesubjectively rationalif theagentdesiresto avoid publicadmissionof failure.Cognitivescien-

tistsclaim thatgametheorydoesnotconsidertheentiresetof anagent’sgoalswhenformulatingthe

criteriaof rationalbehaviour. This observationis supportedby thefact thetheoryis experimentally

unsupported(Roth1995).

P Relatedto theabovepoint, is theconcernthat thetheoryis oneof behaviourismandthat it excludes

from the modelsany deliberative intervention. The theorymodelsthe actionsof an agentgiven its

informationset,whereasa satisfactory theoryof cooperationrequiresthe modelingof the agent’s

cognition,especiallyits goals,motivationsandintentionsratherthanthe knowledgeonly. Further-

more,thetheoryis silentwith regardsto thecontentsof preferences,their legitimacy, theirnatureand

their socialdesirability(Fishburn1981).

P In addition,mostof themodelsdescribedaboveassumeperfectcomputationalrationality(assumption

d in section3.1.5). Underthis assumption,no computationis requiredto find mutually acceptable

solutionswithin thefeasiblerange.Furthermore,this spaceof possibledealsis assumedto befully

known by theagents,asarethepotentialoutcomevalues.Generally, thetheoryis silentwith respect

to theactualcomputationalrationalityof theagents(Simon1996). To know a solutionexists is not

to know what thesolution is. Chessis a classicexampleof this point. Thegamehasa solution—a

strategy for whiteor blackwhichis eitherawin or adraw, but thesearchis computationallycomplex.

Gametheorymodelsareof type bøí (the capacityto generatesuccessfulbehaviour given available

information),whereasa moresatisfactorymodelof rationality may be of type bJ� (the capacityto

optimally selectthe combinationof actionandcomputationasopposedto perfectrationality—see
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section2.2.8). The perfectrationality of all agents,althoughuseful in designing,predictingand

proving propertiesof asystem,is not altogetherusefulin systemdesignsinceit:

– doesnotexist (physicalmechanismstaketimeto processinformationandselectactions).Hence

the behaviour of real agentscannotimmediatelyreflectchangesin the environmentandwill

generallybesub-optimal(Simon1982)

– doesnotprovidefor theanalysisof theinternaldesignof anagent;oneperfectlyrationalagentis

asgoodasanother. Therefore,whatis requiredaredifferentagentarchitecturesthatimplement

different searchmechanisms,capableof heuristicallyexploring a set of possibleoutcomes,

underbothlimited informationandcomputationassumptions.

In particular, asSandholmnotes,

futurework shouldfocuson developingmethodswherethe costof search(deliberation)

for solutionsis explicit, andit is decision-theoreticallytradedoff againstthe bargaining

gainsthat the searchprovides. This becomesparticularly importantas the bargaining

techniquesarescaledup to combinatorialproblemswith a multi-dimensionalnegotiation

spaceasopposedto combinatoriallysimpleoneslikesplittingthedollar(Sandholm1999).

P Thetheoryis a closedsystem.It hasfailedto generatea generalmodelgoverningrationalchoicein

interdependentsituations(Zeng& Sycara1997). Instead,the disciplinehasproduceda numberof

highly specializedmodelsapplicableto specifictypesof inter-dependentdecisionmaking(e.g. the

von Neumann-Morgensternsolutionto two-person).As Binmorenotes:

...conclusions(of non-cooperativemodels)only applyto onespecificgame.If thedetails

of therulesarechangedslightly, theconclusionsreachedneednolongerbevalid (Binmore

1992),p. 196.

Classicalgametheoristsclaim that the modelsareprescriptive andconsequentlycannotinvalidatethem-

selvesif they wereuniversallyadoptedby all players(if all agentsconsultedthe samegametheorytext

book—if otheragentsplayaccordingto thetheory’sprescriptionthenthebehaviour prescribedto theagent

is alreadyoptimal). However, even thoughthe internallogics of themodelsmaybe true, the modelsstill

remaina poordescriptionof theworld.

Othergametheoristshave addressedsomeof theabovecriticismsby replacingprescriptive (or educ-

tive) modelsof rationality, basedon omniscientunboundeddecisionmakers,by descriptive (or evolutive)

modelswhich arebasedon myopicallysimpleagents(Smith1982),(Axelrod1984),(Binmore1990),(Ito

& Yano1995). The theoryhasalsobeencriticized for its characterizationof individualsas logical and
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rationalagents.Rationaltheories(or whatBinmorecallseductivemodels(Binmore1990))areinappropri-

atefor theequilibriumexistenceandselectionproblems.Theformerproblemappearsin gameswherethe

determinationof equilibriais problematicand,conversely, thelatterproblemoccursfor typesof gamesthat

have multiple equilibria (Gibbons1992). Somegametheoristsclaim that the indeterminacy of deciding

which strategiesare in equilibria is the resultof assumingthat the processthat bringsaboutequilibrium

is a logical andrationalprocess,ratherthana “myopic tâtonnenment”(or blind groping)process,similar

to evolutionarymechanisms(Binmore1990). For suchtheorists,rationalbehaviour is itself thesubjectof

selectionandonethathassurvivedafterlesssuccessfuloneshavebeeneliminated.In humans,theprocess

thatbringsaboutequilibrium is very complex, employing coordinationmechanismssuchasthinking and

signaling(Binmore1990).However, althoughcomplex, rationalbehaviour doesexhibit imperfectionsdue

to its assumingan infinite capabilityto reason(perfectlyrational). Therefore,it is a mistake to take it for

grantedthatdecisionmakersareperfectlyrational12 andasBinmorenotes(Binmore& Dasgupta1986):

...themostimportantequilibratingmechanisms,asin animalbiology, arethosewhich operate

throughtheshort-sightedandmechanicaladjustmentof strategiesin the indefinitely repeated

play of a game.

Thereexistsavastliteratureontheequilibriaselectionproblemwhichis beyondthescopeof thediscussion

here(see(Gibbons1992)for anintroductionto theproblem).It isgenerallyacceptedthatif theequilibrating

mechanismis a rationalandconsciousprocessthenthechoiceof which equilibria to selectis determined

by negotiationamongthe playersof that game(Nash1951). Conversely, if rationalbehaviour hasbeen

madeby unthinkingevolutionaryforcesthentheselectionproblembecomesa meaninglessproblemsince

thechoiceof theactualequilibriumobservedis dueto randomfluctuationsin theequilibratingprocess.

The individual is merely a strategy which is subjectedto survival criteria in a populationof other

strategies.Theproblemsassociatedwith theprescriptivemodelsareeliminatedby replacingtheagentswith

simplestimulus-responsemachines—thebeliefs,motivationsandabilities of the agentsareno longeran

issueandtheequilibratingmechanismsis no longerthereasoningprocessof theagentsbut anevolutionary

process.Underthismethodologyrationalityitself is acandidatefor change.However, thesolutionis bought

atacost.Descriptivemodelsmayaddresstheaboveproblemsbut they maybetoospecificby assumingfar

too muchthatcanbejustified,aswell asgeneratingdynamicsystemsthataretoo complex to analyze.

An additionalproblemraisedis thelevel of complexity of theagentsin thegenerateddescriptivemod-

els. For example,evensinglecelledorganismscanlearnfrom their experience.Thereforeany descriptive

modelmusttakeinto considerationnotonly thelearningaspectof theagentbut alsothelevel of complexity

of the learninginvolved(for example,shouldagentsbe modeledaslearnersof other’s learningprocess).

12Evenprofessionaleconomistscannotbereliedon to behave rationallyin thesimplestof bargaininggames(Guth,Schmittberger,

& Schwarze1982).
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Learningruleshave beensuggestedasa possiblestrategy candidate(Smith1982),(Axelrod1984)andthe

criteria of how complex theselearningrulesaredelegatedto the principle of boundedrationality, since

increasingthecomplexity of an individual incurscosts(searchandmanagement)which, in turn, imposes

a constrainton themodelsof theindividual. This boundedrationalitywill constrainthecomplexity of the

agent.

As wasmentionedat thebeginningof this section,theapproachadoptedin this work is to adoptthe

formal gametheoreticconstructssuchasprotocols,outcomes,utilities, andstrategies(representedcompu-

tationallyaspermissiblestate-spacetransitions,terminalstatesgiven pathsfrom an initial state,traversal

strategies,stateutilities andpathselectionstrategy, respectively in searchalgorithmterminology),aswell

assolutionconceptssuchaspareto-optimality, Nashbargainingsolutionandreferencepoint. However, for

computationalandinformationalreasons,theassumptionthat rationality is selectionof outcomesthatare

optimum(lie ontheParetooptimalline) is relaxed.Agentsoperatein dynamicanduncertainenvironments,

where,atbest,eventheidentity of theotheragentsis uncertain,let alonetheassumptionthatthereis com-

monknowledgeof theprior distributionof others’types.Thecombinationof uncertaintyandcomputational

boundednessof physicalsystems,resultsin a sub-optimalheuristicsearchthat may not be ableto select

feasibleoutcomeson the pareto-optimalline. Undersuchcontexts, thereis a tradeoff betweensolution

quality andthecomputationalandinformationalrequirements—theoptimality of thesearchoutcomewill

bea functionof thecertaintylevelsandthecomputationalefforts.

Thecomputationalanddomainspecificityproblemsof gametheoryhave alsobeenoneof thecentral

concernsof DAI modelsof negotiation.To this end,a numberof key representativecomputationalmodels

from this paradigmarediscussedin thefollowing section.

3.2 Computational Models of Negotiation

Thissectionis adescriptionof theclassof modelswhich this researchis primarily concernedwith, namely

computationalagentsthatusenegotiationto furthercoordination.Sectionsbelow describein moredetail

modelsfrom a mainly MAS perspective (with the exceptionof the ContractNet Protocol,section3.2.3,

which belongsto theCooperativeDistributedProblemSolvingparadigm).Thepresentedwork below can

beviewedasproposalsfor thedesignof negotiationprotocolsthatareprogressively lessrestrictive on the

agentsandwhereinteractionsbecomemoredirect.

3.2.1 Domain Theory of Negotiation

Theapplicationof mechanismdesign(seesection3.1.8above)to differenttypesof computationaldomains

hasbeencentralto the work of RosencheinandZlotkin, (Rosenschein& Zlotkin 1994). The main idea

behindthis body of work is that protocolsof interactioncanbe designedthat areself-enforcingandthat

havecertaindesirablepropertiesfor differentdomains.Thesepropertiescanthenbeusedbyagentdesigners
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asastandardof interaction.Theassumptionsof this bodyof work areasfollows:

1. ExpectedUtility Maximizers: individual decisionsarerationalonly if they maximizetheexpected

utility of anagent.

2. One-off Negotiation: Agents’currentactionsarenotdependentonfutureencounters.This indepen-

denceof historieson thecurrentencounteris commonknowledge.

3. Inter -agentComparisonof Utility: Agents,or thedesignersof agents,haveameansof transforming

others’utility into acommonutility.

4. Symmetric Abilities: All agentsarecapableof performingthe samesetof actions.Also, the cost

associatedwith eachactionis independentof theagentcarryingout theaction.Costsarespecifiedas

a partof theagent’sutility function.

5. Binding Commitments: Designersdesigntheir agentsto keepall their commitments.

6. No Explicit Utility Transfer: Agentscannotexplicitly transferutility betweenoneanother—there

is nosidepayment(section3.1.4).Utility is however transferredimplicitly asagreements.

Basedon theseassumptionsthe authorsusetheprinciplesof mechanismdesignto constructprotocolsof

interaction:

We are interestedin social engineeringfor machines. We want to understandthe kinds of

negotiation protocols,and punitive and incentive mechanisms,that would causeindividual

designersto build machinesthat act in particularways. Sincewe assumethat the agents’

designersarebasicallyinterestedin theirown goals,wewantto find interactiontechniquesthat

are“stable”, thatmake it worthwhile for theagentdesignernot to have his machinesdeviate

from thetargetbehaviour (Rosenschein& Zlotkin 1994),p. 4–5.

Thefunctionof aprotocolis thespecificationof thesetof possibledealsagentscanmaketogetherwith the

sequencesof permissibleoffersandcounter-offers.Propertiesof protocolsarethenanalyzedsoasto guide

agentdesigners’decisionsaboutwhich protocolto usefor differentdomains.The propertiesthe authors

suggestare(notethesimilarity with theaxiomsof Nashbargainingsolution,section3.1.4):

1. efficiency: agreementsshouldbe eitherPareto-Optimalor globally optimal. The latter is achieved

whenthesumof theagents’utilities is maximized.

2. stability: noagenthasanincentiveto deviatefrom thestrategy specifiedby theprotocol—“the strat-

egy that agentsadoptcanbeproposedaspart of the interactionenvironmentdesign” (Rosenschein

& Zlotkin 1994),p. 21.
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Figure3.4: ThreeOutcomesThatMaximizetheSumof theUtilities.

3. simplicity: relatedto the two pointsabove is the propertythat the protocolshouldmake low com-

putationaland communicationdemandson the agent. If a protocol is simple, then fewer system

resourcesareusedup by thenegotiation.Hencesimplicity increasesefficiency. Similarly, simplicity

is achievedwhena protocolis stable,sincetheagentdoesnot needto spenda significantamountof

resourcein thinking aboutthe optimal strategy. The optimalbehaviour hasbeenpublicly provided

by theprotocolandthebestthing theagentcando is to carryout this optimalsuggestion.

4. distrib uted: theprotocolis not centralized.

5. symmetric: theprotocolshouldnotfavoroneagentoveranother. Symmetryimpliesthattheoutcome

of thenegotiationwill notbeaffectedif anagentwasreplacedby anotherof exactly thesametype.

Theefficiency propertyof a protocolrelatesto thesocialwelfarefunctionthat it implements,hereit is the

sumof the agents’utilities. Requiringthat the sumof the utilities be maximizedreducesthe numberof

possibleoutcomesandrulesout many socialbehaviours. However, Arrow’s impossibility theoryremains

(section3.1.3)—eventhoughsomeoutcomesareruledout, therearestill multiple outcomesthatmaximize

thesocialwelfare(equity),but eachagentprefersadifferentsocialoutcome(efficiency). Thisis represented

in figure3.4,whereeachof thethreehypotheticalpointsmaximizethesumof theindividual utilities. The

point shown by the utility vector Kæ��� L�!)��� M8N is preferredby player $ , sinceit givesmoreweight to player

$ . Conversely, the point at utility vector K��/� M/!#�/� LON is preferredby player  , sinceit givesmoreweight to

player  . Therefore,eachagentprefersa differentoutcome.Negotiation,then,is definedasreaching an

agreementoverthedivisionof thegrouputility. TheregularNashbargainingsolution(section3.1.4)is used

to solvethis fairnessproblem,resultingin theselectionof point Kæ��� P�!)��� P8N . 13 If thereis morethanoneNash

13Note thesedifferentsolutionpointson this efficient line (suchas Q.R�S T�UVR�S WHX or Q.R�S W�UVR�S THX ) canbeselectedusingthegeneralized

Nashbargainingsolutionwhichmodelsthepower, or weight,of thenegotiators(Binmore1992).
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solution(recall thattheNashbargainingsolutionmaximizestheproductof thedeal)thentheprotocolwill

selectthedealthatmaximizesthesumandtheproductof theutilities. Finally, if thereis morethanonedeal

thatmaximizestheproductandthesumof theutilities, thentheprotocolrandomlyselectsonedeal. The

authorsthenconcernthemselveswith theclassof protocolsthatsatisfytheseefficiency criteria.They refer

to this typeof protocolasProductMaximizingMechanismsor PMMs—or theNashbargainingsolution.14

Thestabilitypropertyof theprotocolis its ability to selectandmaintainequilibriumstrategies.This is

a highly advantageouspropertyfor opensocietieswheremaliciousagentscanenterwith their own strate-

giesandattemptto extractthebestdealfor themselves(whateconomistscall extractingtheentiresurplus

from the interactions(Binmore1992)). However, if strategiesarestablethenthey arethe bestresponses

irrespectiveof theprivatestrategiesof othersandtheprotocolis immuneto attack(Smith1982).

The simplicity propertyis derived directly from the revelationprinciple introducedin section3.1.8.

StrategiesaresimplebecausePMM protocolsaredirect, giving agentdesignersthe incentive to declare

their utility types(seeincentivecompatibilityin section3.1.8).

Given this setof properties,an agentdesigneris thentold that for domain Y : protocol Z�[O\ is dis-

tributed,symmetric,stable,simplebut inefficient; and Z�[3] is distributed,symmetricandstable,but more

efficientandcomplex. Thenovelty of theapproachis thisdomaintheoryof negotiation,whichcanbeused

for classifyinginteractiontypesandassistingdesignersto choosetheappropriatenegotiationprotocols.The

domainsthey suggestare:^ TaskOriented Domains(TOD): Agentsin TODattemptto achievetheir tasks,whichdonotinteract

with otheragents’tasks.However, benefitscanbe gainedby all partiesundercertaintaskredistri-

bution patterns.Theseare inherentlycooperative domains,whereagentsattemptto find mutually

beneficialtaskdistributions.^ StateOriented Domains(SOD): SODrepresentsclassicAI problemdomains,whereagentsattempt

to movetheworld from aninitial stateto agoalstate.In comparisonto TOD, realconflict is possible

in SODbecausetheagentshave differentgoalsandtheremaybeno singlegoal statethatmutually

satisfiesall theagents.^ Worth Oriented Domains(WOD): In WOD agentscanexpressa desirabilityscale,or worth func-

tion, to potentialoutcomes.In both TOD andSOD agentscanonly wholly satisfy their goals(in

TOD a goal is completionof tasks,in SODa goal is a statean agentwishesto reach);they cannot

relax their initial goalsto reachan agreement.In WOD, however, a continuousworth function (as

opposedto thebinaryfunctionsof TOD andSOD)allows agentsto compromiseon their goals,and

evenincreasetheoverallefficiency of theagreements.Negotiationis thencooperative.

14A mechanism,in their terms,is boththeprotocolandthestrategy.
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Overall,agentscancompromiseandreachdealsoverhow muchwork they do(TOD),whichfinal statethey

reach(SOD),aswell ashow muchworth they extract from thedeals.In thetypesof problemsconsidered

in this research,agentsdo haveconflictinggoalsandconflict resolutionis assumedto beaconcessionover

demands.Indeed,someof themostinterestingresultsfrom integrativebargainingcomefrom theability of

agentsto concedeand/ormakedemandon goals.

3.2.1.1 Evaluationof DomainTheory

Thework of RosencheinandZlotkin hasbeenpioneeringin its contributiontowardsthedesignof protocols

of negotiation for MAS. In addition to being the first to apply cooperative gametheoreticmodelsand

mechanismdesignto computationalagents,thedomaintheoryof negotiationhasbeenparticularlyuseful

in guiding the designof differentnegotiationprotocolsfor differentdomains. However, in adoptingthe

Nashsolution andprinciplesof mechanismdesignthe approachinherits the criticisms raisedin section

3.1.9.

More specifically, a domaintheoryof negotiation is a steptowardsdevelopinga generaltheoryof

negotiation(oneof thecriticismsoutlinedabove in section3.1.9),but, like mostgametheoreticmodels,at

thecostof makingfurtherassumptionsthatareunrealistic.For example,thefourthassumptionabovestates

thatagentshave thesameability. This allows themodelingof symmetricinteractionswherenegotiationis

seenastheoptimalsharingor swappingof a setof tasks(in TOD), or thedesiredfinal states(in SOD)or

worth (in WOD). Worth in WOD is sharedimplicitly whenan agent“a greesto do more work in a joint

plan thatachievesbothagents’goals,heincreasestheutility of thesecondagent” (Rosenschein& Zlotkin

1994),page150.However, in thedomainsof interestof thisresearch,agentsdonothavesymmetricabilities

andthey cannottradeoff worth with tasks. In fact, agentsinteractandnegotiatefor serviceswhich they

themselvescannotperformin thefirst place.Negotiationthenis not aboutswapping,but ratherdelegating

tasksto otheragentsto perform.Theworth of agoalcanno longerbetradedoff againsttasks.

Theremayalsobecircumstanceswhenthesocialfunction(or theglobalutility) cannotbemaximized

dueto notonly theuncertaintyandcomputationalboundednessof agents,but alsothestructureof theprob-

lem domain. Onepossibleway to increasethe global utility function (but not maximizeit, againdueto

privacy of informationor computationallimitationsof agents)is to searchfor “win-win” outcomesin in-

tegrativebargaining,involving morethanonenegotiationissue,asopposedto distributivebargainingover,

for example,tasks,statesor worth only. As mentionedearlier, realworld problemsareseldomdescribed

with preferencesover a singleissue.Furthermore,in thedomainstargetedby this research,agentscannot

exchangetasks. Thesetwo points taken togethermeanthat the protocolsdevelopedby Rosencheinand

Zlotkin areinappropriatefor theproblemaddressedin this thesis—theglobalmaximizationof utility by the

PMM protocoldependson theexchangeof tasks,statesor worths.Thereis a needfor othersearchmecha-

nismsthatsolveproblemsthatdo not just involveexchangeandthatattemptto increasethesocialwelfare.



3.2. ComputationalModelsof Negotiation 97

For theabovereasons,thegeneralityof thedomaintheoryis restrictedto domainsthatarecharacterizedby

thetradingof thegoals(or tasks,statesor worth).

Furthermore,theassumptionsthat thecostof anactionis independentof theagentthatcarriesit out

andthateachagenthassufficient resourcesto potentiallyhandleall of thetasksof all agentsareunrealistic.

Theseassumptionsareclearlyviolatedin realworld problemssuchasscheduling(seesection3.2.4below

for an in-depthdiscussion)whereagentsareendowedwith differenttasks,resourcesandcoststo achieve

them. The implicationsandconsequencesof asymmetryfor a generaldomaintheoryarethemselvesre-

searchquestionsandonesthat theauthorsdo not address.Themodelingof costandits assymetricnature

hasbeenoneof thecentralcontributionsof thework of Sandholm(section3.2.4).

Finally, theauthorsuseprinciplesfrom mechanismdesignto transformdirectto indirectinteractions,

in a similar mannerto auctions.Thedeclarationof preferencesor any informationto a principle(eitheran

auctioneeror the protocol)achievessomedesirablepropertiessuchasefficiency, simplicity andstability,

therebyaddressingtheboundedrationalityproblemof agentssinceagentsdon’t needto out-guessothers’

strategies or engagein costly deliberationsfor strategy selection. Thus agentdesignersknow what the

optimal strategy is for a given domainandthey programsuchbehaviours into their agents.In this way,

the protocolis restrictive; agentsarefree to chooseany strategy they wish, but thebeststrategy is public

knowledgeanddeviationsfrom it are irrational. However, mechanismdesignis ineffective if agents,or

their designers,fail to agreeto declaretheir typesto a protocoldesigner. Incentive mechanismscanbe

constructedto implementa direct mechanismonly after the designers haveagreedto reveal their types.

This is in effect a pre-negotiationnegotiationamongthe designers.The theoryis not applicableif there

areno suchagreementsbetweenthe designersthemselves. Interactionsthereforeneedto be direct, and

mechanismsareneededthatassistagentsin thedirectinteractionswith oneanotherwhentheir preferences

areprivateknowledge.Theauthorsdo not assessthe implicationson thebehaviour of protocolswhenthe

assumptionthatagents,or theirdesigners,cancompareotheragent’sutilities (assumptionthree)is violated.

Agentsmayrefuseto revealtheir utilities.

3.2.2 Non-CooperativeComputational Negotiation

A numberof key principles from mechanismdesign(section3.1.8) and non-cooperative models(sec-

tion 3.1.7) for problemsthat involve time and resourcerestrictionsin worth oriented domainshave

beencentral to the work of Kraus; see (Kraus 1997b, 2000) for an overview of this body of work

and (Kraus & Wilkenfeld 1995, 1993, Kraus, Wilkenfeld, & Zlotkin 1995, Kraus & Lehmann1995,

Kraus1997a)for detailsof the models. In this body of work, strategic modelsof negotiationhave been

appliedto bilateralandmulti-lateralnegotiations,singleandmultipleencounters,completeandincomplete

informationin negotiations,aswell asthe impactof time on the utility of deals.Thecontribution of this

bodyof work is its ability to:
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^ provide the agentwith domaindependentutility functionsthat take into considerationthe passage

of time andthe costsof negotiation. In the work describedin the previous section,“the sourceof

the utility function or the preferencesof the agents,. . . , wasrarelydiscussed.It wasassumedthat

eachagentknows its utility function (andhassomeknowledgeof its opponents’utility function).

However, a designerof anautomatedagentis requiredto provide theagentwith a utility functionor

a preferencerelation.Without doingso,formalmodelscannotbeusedfor automatedagents”(Kraus

2000).^ modelpower relationships.In thetypesof problemsconsideredby Kraus,in theprocessof negoti-

ation oneagentcangain while anotherlosesutility. Therefore,“the strongeragentmay be ableto

“force” theotheragentto reachanagreementwhich is bestfor it, amongthedealsthatarepossible”

(Kraus2000).^ modelsstrictly conflicting preferences,whereagents’preferencesarediametricallyopposite. For

example,“if two agentsneedthe sameresourceat the sametime, andeachwould like to useit as

muchaspossible,thentheir preferencesareconflicting” (Kraus2000).^ tacklethe computationalproblemsof “developinglow complexity techniquesfor searchingfor ap-

propriatestrategies” (Kraus1997b),p. 84.

In more detail, Rubinstein’s strategic sequentialalternatingmodel (section3.1.7) hasbeenmodified to

provide a unifiedsolutionto both taskandresourceallocationproblems.Thesemodificationsincludethe

modelingof: i) theway timeinfluencesthepreferencesof agents,ii) thediscrete,asopposedto continuous,

outcomes,andiii) thepossibilitythatbothagentscanopt out of thenegotiationaswell astheir preferences

for doingso.Themodelis evaluatedby theamountof time it takesto reachdeals,aswell astheefficiency,

15 simplicity andstability of thedeals.

Agents’preferencesoverthetimeof theoutcomeareachievedby building time-dependentpreferences

into theirutility functions.Moreover, Krausarguesthatwhereasformaltheoriesall acknowledgetheimpor-

tanceof a utility function,noneof theactuallyprovideany suchfunction.This makesthemunoperational;

a designerof anautomatedagentis requiredto provide theagentwith a utility functionor a preferencere-

lationship.Theactualutility functionis likely to bedomaindependent,but Krausidentifiesthreecategories

(Kraus2000):

1. Fixed loses/gainsper time unit: _�`AK,acb�deNgfh_i`�KjacbAkiNmlnd@o p ` , wherea is anoutcome,d is thecurrent

timein negotiation, k is thesetof possibleof outcomes,and p ` is thecost/gainto agentq . Eachagent

15Efficiency in this work is viewednot in termsof pareto-optimality. Rather, in resourceallocationproblemsanefficient outcome

is onewheretheresourceis not in useonly whennoagentin thegroupneedstheresource.
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hasa utility function thatcarriesa costgainor loss,dueto delays,for eachperiodof negotiation.16

Costsmaybecommunicationload,negotiationcosts,resourcestoragecostsor taskexecutioncosts,

andgainscanbetheusageof theresourcewhich is thesubjectof negotiation.

2. Time constantdiscount rate: _�`�KjacbedeN1fhr*s` _�`AK,acbtkiN , where u�vwr ` vx\ . Similar to theSAPwhere

eachagenthasa fixedtime discountratethatmodifiestheutility of anoutcome.

3. Finite-horizon modelswith fixed lossesper time unit: _�`eKjacbedeNDfy_�`eKjacbAkiNHo.Ke\Ez{d�|�}~ N�z{d@o p ford���}~ bAp���� , where }~ is a finite numberof stepsin negotiation. Like the previouscase,thereis

a constantgain or lossover time during the negotiationprocess.However, the utility functionalso

quantifiesthegainsafter theendof thenegotiation,whentheoutcomeof thenegotiationis valid for}~ periodsandateachtime stepaftertheendof negotiationtheagentscangain _�`AK,acbtkiN .
It is thesepreferencesover time, togetherwith agentshaving theoption to opt out, thatmotivatethemto-

wardsreachingdeals.However, sincetimeplaysno importantrole in theagent’sutility modelsdescribedin

thedomaintheoryof negotiation,presentedin theprevioussection,new strategiesareprovided.Strategies

are,like classicstrategies,any functionthatmapsthehistoryof thenegotiationto a next move,specifying

what the agenthasto do next. At eachturn of an agentto respond,a strategy specifiesi) which offer to

make,andii) whetherto acceptor rejectanoffer or alternatively opt outof negotiation.It is thisevaluation

componentof thestrategy that is differentfrom thestrategiespresentedin theprevioussectionwheretime

is takeninto account.

Given the possiblesetof outcomesandthe agents’utility functions,an agent’s strategy is thenana-

lyzedusingsubgameperfectequilibrium(for gamesof perfectinformation)andsequentialequilibria (for

gamesof incompleteinformation)assolutions(seesection3.1.7)thatany agentwill necessarilyselectif it

wasrational.Giventhispropertyof thenon-cooperativemodel,amechanism(or therulesof thealternating

sequentialprotocol) is designedthat is incentive compatiblewith selectingthe subgameperfectequilib-

rium strategy for gamesof perfectinformationandsequentialequilibriastrategy for gamesof incomplete

information.

Anothermajorcontribution of this bodyof work is an implementationthataddressesthe issueof the

complexity involvedin having to computestrategies,ratherthanhaving theequilibrium strategy publicly

known (Lemel1995):

Thedrawbackof thegametheoryapproachis thatfindingequilibriumstrategiesis notmechan-

ical (computational):anagentmustsomehow make a guessthatsomestrategy combinationis

in equilibrium beforeit testsit andthereis no generalway to make the initial guess(Kraus

1997a),p. 48.

16Therangeof theseutility functionsarenot in theinterval � R�Ue�
� .
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TheimplementationsolutionKrausproposesis to storestrategiesin librariesrepresentedasAND/OR trees

wheretheinternalnodesconsistof conditions(suchasthepossibilityof optingout of negotiation,thecost

of negotiation,thetime left in negotiationor thenumberof negotiators)andthestrategiesarestoredin the

leavesof thetree.Thesestrategies,in turn,consistof compiledfunctionswith variables,someof whichare

alreadyinstantiatedduringthesearchin thetree,andothersof which areinstantiatedduringtheexecution

of thefunction.

3.2.2.1 Evaluationof theNon-cooperativeComputationalNegotiationModel

Oneof the key driving forcesof agreementsin the work of Kraus is the time andcostconsiderationin

negotiation. The agent’s decisionproblemis formulatedas the selectionof an offer that maximizesthe

utility giventhetimeandcostsinvolved.However, althoughuseful,nomodelof timeorcostconsiderationis

provided.Evenif suchmodelswereprovided,they arelikely tobedomaindependentreflectingtheconcerns

of thedomain.Furthermore,“building” into theagents’utility functionsadditionaldeliberationfactorscan

resultin functionsthatareovercomplicatedanddifficult to designandanalyze.This taskis noteasyfor an

agentdesignerwhois notanexpertin utility theory. Instead,whatis requiredfor aflexible andconfigurable

negotiation wrapperare utility functions that are domain independent.To achieve this, simpler utility

functionsaresoughtthatevaluatetheworth of theoffer independentlyof thetime andcostconsiderations.

Theseconsiderations,andindeedany otherenvironmentalconsideration(s)suchthebehaviour of theother

agent,aredelegatedto otheragent’s deliberationmechanisms.Thesemechanismsthengenerateoffers,

eachpossiblyhaving a differentworth to theagent,basedona numberof environmentalconsiderations.In

this mannera singlegenericutility functioncanbeprovidedto thedesignerinsidethenegotiationwrapper

who canthenaddadditionalmechanismsin a modularfashionwithoutaffectingtheutility function.

Finally, in this thesisonly theprotocolof theSAPis usedto modeltheprocessof negotiation,because

theassumptionthatagents“consultthesamegametheorybook” (seesection3.1.5)isnotavalid assumption

andalsobecausesmall variationsin theparametersof theSAP(broughtaboutby makingdifferentsetof

assumptions)leadto indeterminacy of equilibriumstrategiesandinefficientdelays(seesection3.1.7).

3.2.3 The Contract Net Protocol

The contractnet protocol (CNP) is a classicexampleof a DPS system(cooperative solution synthesis

througha decentralized,looselycoupledcollectionof problemsolvers—seesection1.3) usedfor thetask

distribution phaseof cooperativeproblemsolving(Smith1980). Therefore,it doesnot belongto theclass

of quantitative modelsof bargaining,althoughits operationcloselyresemblesa market-like mechanism.

The protocolfocuseson the traditionalproblemof how to resolve disparateviewpointsin taskallocation

problemsin a simulateddistributedsensornetwork for acousticinterpretation.Nonetheless,it is included

herebecause:i) it wastraditionally thefirst negotiationprotocolin DAI, ii) it modelscontractsandiii) its
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extensionby Sandholm(section3.2.4)bringsit into theclassof quantitativemodelsof negotiation.

TheCNPwasmotivatedby theproblemthatdistributionby its verynaturerequiressupplyingproblem

solverswith only a limited local view of the problem. However this conflictswith the desireto achieve

global effects(solutionto a problem). Therefore,coordinatedactivity within the systemcannotbe guar-

anteed.To overcomethis problem,theCNPsolutionwasderivedasa mechanismthatextendsacrossthe

network nodesandthat canbe usedas the foundationfor cooperationandorganization. Cooperationis

designedinto thesystemthroughacommunicationprotocolwhichfacilitatesandorganizescommunication

amongentitiesand a problemsolving protocolwhich organizesthe groupof problemsolver’s activities.

Thetwo protocolsbring aboutform andcontentrespectively; how to communicateandwhatto solve. The

discussionbelow will centermainly aroundthe problemsolving protocolbecauseit is the mostrelevant

modelfor thedecisionprocessesinvolvedin thenegotiationwrapper.

The CNP consistsof a collectionof nodes,referredto ascontract net, whereeachnodein the net

may take on therole of a manager, responsiblefor monitoringthe executionandprocessingthe resultof

a task,or a contractor, responsiblefor theactualexecutionof thetask. Rolescanbeadopteddynamically

by all nodesat runtime, thereforenodesare not a priori tied to any particularcontrol hierarchy. The

negotiationprocessis theninitiated by the generationof a new taskby a node. That nodeannouncesthe

newly generatedtaskusinga taskannouncementmessageandbecomesthe managerof that task. Other

nodesin thenetwork evaluatetheir level of interestin theannouncedtaskwith respectto their specialized

resources(e.g. hardware). If the taskis of sufficient interest,a nodethensubmitsa bid which indicates

theexecutioncapabilitiesof thebidder. Themanagermayreceive severalbidsfor a singletaskandit then

selectsoneor moreof thebids(basedon theinformationregardingtheexecutioncapabilitiesdisclosedin

the bid). The selectednodesthenassumeresponsibilityfor the executionof the taskandeachis called

a contractorfor that task. The contractormay needto subdivide the task into sub-tasksandbecomethe

managerfor thesetasks. The managermay also terminatecontractsand the contractorcan inform its

managerof eitherthepartialor completedstateof its task(s).

Sandholmcomparesthe CNP to a directedgovernmentcontractingscheme,where “each party is

allowed to make one bid for each announcementit receives,and the bids of the other parties are not

revealedto it. Thenegotiationsare directedin the sensethat an announcementis not sentto all other

agents—onlyto likely contractees”(Sandholm1996).

Thedescriptionabove,althoughsimplistic,hasa numberof importantcontributions.Firstly, commit-

mentsareexplicitly representedascontracts—acontractis anexplicit agreementbetweennodes.Further-

more,comparedto thegametheoreticalmodelsof section3.1 theprocessof negotiationis alsoexplicitly

representedin theprotocol:

...establishinga contractis a processof mutualselection.Availablecontractorsevaluatetask
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announcementsuntil they find oneof interest;the managersthenevaluatethe bids received

from potentialcontractorsandselecttheonesthey determinethemostappropriate.Bothparties

to theagreementhave evaluatedthe informationsuppliedby theotheranda mutualselection

hasbeenmade(Smith1980).

In summary, theCNPframework providesa mechanismfor coordinatedbehaviour that is symmetric(that

is boththecaller, or manager, andtherespondent,thecontractor, haveaselectionto make)17 through:i) the

conceptof negotiationasa mechanismfor interaction,ii) a commonlanguagesharedby all nodesandiii)

theannouncement-bid-awardsequenceof messageswhichofferssomesupportfor cooperationsincedueto

incompleteknowledge,themessagesgiveanodeanunderstandingof whoelsehastherelevantinformation.

3.2.3.1 Evaluationof theCNP

TheCNP providesa coordinationarchitecturewhich is distributedandaddressesa numberof factorsde-

scribedin chaptertwo. It hasbeenappliedto job dispatchingamongmachineswithin a manufacturing

plant(Parunak1987),allocationof computationaljobsamongprocessorsin anetwork (Maloneetal. 1988)

(wherethechoiceof processoris basedon expectedcompletiontime), andto distributedmeetingschedul-

ing (Sen1994). However, the protocolhasa numberof limitations which areborneout of the fact that

it belongsto CPSsystem. In particular, cooperationis an integral part of the protocol. Therecannotbe

any conflict betweentheagentsto starttheCNP. Furthermore,in non-cooperativedomainsthesearchfor

acceptablesolutionsmay be moreelaboratethantwo messages—negotiation,especiallyin uncertainand

openenvironments,is aniterativeprocessof searchfor possibleagreements.In additionto this, theCNPis

a theoryof thesystemarchitectureandis silentwith respectto theagentarchitecture.This latterproblem

wasaddressedby thework of Sandholm,describednext.

3.2.4 The Contracting and Coalition Model of Negotiation

A decisiontheoreticagentarchitecturefor theCNPthatsolvessomeof thelimitationsof theCNPwaspro-

posedby Sandholm.Additionally, hedevelopeda gametheoreticnegotiationmechanismthatnormatively

andquantitatively solvesthecomputationaldifficultiesof gametheory(theproblemof boundedrationality

of selfishagents).Sandholmnotesthat:

... thetraditionalCNPis notanoff-the-shelfmaturetechnologythatcanbeappliedto different

domainsasis. The protocolreally includesan enormousnumbersof designalternatives. ...

For example,previouswork on theCNPhasnot addressedtherisk attitudeof anagenttoward

beingcommittedto activitiesit maynotbeableto honor, or thehonoringof whichmayturnout

to beunbeneficial.Additionally, in previousCNPimplementations,taskshavebeennegotiated

17Symmetricautonomyof bothparties(or bi-directionalselectionof callerandrespondent)wasfirst modeledin PUP6(Lenat1975)

whichviewedselectionasadiscussionbetweenthecallerandpotentialrespondents.
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oneatatime. Thisis insufficient,if theeffort of carryingoutataskdependsonthecarryingout

of othertasks.Theframework is extendedto handletaskinteractions,amongothermethods,

by clusteringtasksinto setsto be negotiatedover asatomicbargainingitems. ... . Finally,

thequestionof localdeliberationschedulingin thenegotiationshasnotbeendiscussedearlier,

.... Thehypothesisis thatdistributedcontractingcanbedevelopedinto anefficient—in terms

of resultsand computationalcomplexity—interactionmechanismsfor self-interestedagents

whoserationalityis boundedby limited computationalresources(Sandholm1996),p. 67–68.

From this, it can be seenthat commitmentsto, and the efficiency of contractsgiven the computational

boundednessof agentsarethemainconcernsof thework. Thetypeof problemconsideredfor negotiation

is the distribution of agents’tasks. However, taskscanbe achieved by otheragentsandeachagenthas

assymetriccosts(compareto thework of RosencheinandZlotkin, section3.2.1,whereanagent’s taskset

could alsobe performedby otheragents.However, costsarenot assumedto be symmetric). Given that

agentshave differing costsandarecapableof performingothers’tasks,a taskreallocationmechanism18

canbeprescribedthatis beneficialto all agentsthroughcostsavings.

Concretedomainsthat influencedthe designof, Sandholm’s negotiation mechanismwere the dis-

tributedvehiclerouting problem,the productionplanningandschedulingproblemin manufacturing,and

meetingscheduling(Sandholm1996). Thesecondscenariois expandedbelow to betterillustratenot only

thecontributionsanddrawbacksof this quantitative line of work, but alsothelimitationsof thesymmetric

costassumptionmadeby RosencheinandZlotkin’sdomaintheory(section3.2.1).

In themanufacturingproductionplanningandschedulingproblem,anagenthasasetof tasks(suchas

manufacturingoperationsandsetupoperations)andasetof resources(suchasmachines,peopleandstorage

area). The problemthenis the scheduling(planningthe assignmentof tasksto resourcesfor given time

windows) for theexecutionof the taskson the resources.Theproblemstructurehasmany costfunctions

(e.g.minimizationof latenessof jobsor completiontime). Thesecostfunctions,alsoreferredto asobjective

functionsby Sandholm,aresubjectto constraintssuchastheorderin which taskscanfeasiblybeexecuted

or theresourcecapacity. Thecombinationof theobjectivefunctionsandtheconstraintsdefineaconstrained

optimizationproblem. Furthermore,differentmanufacturingenterprisescanhandlethe sameoperations.

Therefore,therearepotentialsavingsthatcanbeachievedby negotiation.Anotherfeatureof theconsidered

domainsis thatdifferententerprisesmaybehavecooperatively or selfishly.

In summary, thefeaturesof theproblemsconsideredare:^ problemsare combinatoriallydifficult. The solution costsand feasibility of the task distribution

problemslimit the rationality of agents,sincethey cannotlocally computethe costsand benefits

18In this subsection,mechanismis interchangeablyreferredto asprotocoland(reallocation)algorithm.
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associatedwith delegatingor acceptingtasksto otheragentsexactly.^ theasymmetriccostsamongagentsfor handlingothers’tasksoftenmakesit beneficial(individually

rational)to reallocatetasksamongagents.^ individual members(companiesin the caseof manufacturingor centersin the caseof vehicledis-

tribution routing) can form virtual enterprisesby joining togetherandcooperatively, althoughthe

intentionof eachindividual is selfish,takingcareof productionor delivery tasksmoreeconomically

thanif performedindividually.^ agentscanbeselfishor cooperativein taskallocation.Cooperativeagentsattemptto maximizesocial

welfare, measuredas the sum of the agentutilities. They are willing to accepttask distribution

allocationsthat lower their individual utility but increasetheutility of thegroup. Selfishagents,on

the otherhand,want to maximizetheir own profit without regardsfor otherdistribution centersor

manufacturingcompaniesinvolvedin thevirtual enterprise.

Thesecondfeatureis whereSandholm’swork divergesfrom thatof standardgametheory. This is because

his notion of individual rationality is different from the gametheoryconceptof individual rationality as

maximizationof payoff. For Sandholm,anagentmayrejectan individually rationalcontractif it believes

it will bebetteroff waiting for a morebeneficialcontractthatcannotbeacceptedif theformercontractis

accepted.Likewise,anagentmayaccepta nonindividually rationalcontractin “anticipation of a synergic

later contract thatwill make thecombinationbeneficial” (Sandholm1999),p. 237.

Giventhesefeatures,Sandholmpresentsanegotiationmodelthataddressesthreeareasof negotiation:

contracting, coalition formationandcontractexecution. In contractingnegotiations(referredto asthecon-

tractingprotocol),agentsiteratively reallocatetasksamongstthemselvesto reachagloballymoredesirable

solution. Whereasin contractingall the agentswork in onelarge coalition, in coalition formationgame

theoreticnormative modelsareusedto analyzethestability of coalitionsof agents(thesocalled“virtual

enterprises”) wheretaskallocationandproblemsolvingare“pooled to occurcentrally within each coali-

tion” . Finally, in contractexecutionan exchangemechanismis developedthat solvesthe problemsthat

occur in honoringtaskexecutionin environmentswhereagentsmay “vanish easily, and the connection

betweentheagentandthereal world party it representsis oftenhard to detect”. In this thesisnegotiation

is in themainbetweentwo agents,thuscoalitionsof largenumbersof agentsarenot possible.Therefore,

thecoalitionprotocolis not relevant to the researchreportedhere.Likewise, in this researchtheproblem

of contractexecutionis not addressed.All that is saidis that thereareexecutionmonitoringprotocols(or

a commitmentmodel(commitmentmodelin figure 1.1, section1.2)) that canbe addedto the serviceex-

ecutionphaseof the servicelife cycle, that assistsin the executionphase.Coordinationmechanismsare
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soughtfor only the serviceprovisioningphase.Although it is acknowledgedthatnegotiationcanbe suc-

cessfullyappliedto serviceexecution,the objectof this thesisis focusedon the provisioningphase.For

thesereasons,only thecontractingcontributionof thework is detailedbelow.

Contractingnegotiation,developedastheTransportCooperationNet(TRACONET(Sandholm1996)),

addressesthe CNP problemmentionedearlier; namelyhow to formally modelannouncing,bidding and

awardingdecisionsinvolvedin thecontractingof tasks(Sandholm1996,1993).Thesedecisionsarebased

entirelyon marginal costsfor performinga task. Marginal costsareformally presentedbelow, but infor-

mally they representthedifferencebetweenthetotal costof having to performanotheragent’s taskaswell

asagent’sown taskandthesetof agent’sown tasks.Agentspayoneanotherto performtasks.Becausede-

cisionsarebasedpurelyon themarginalcosts(definednext) analysis(asopposedto theCNPwhereagents

freelyperformthetasksof others)thispricingmechanismgeneralizestheCNPto work for bothcooperative

andselfishagents.

Sandholmdefinesthetaskallocationproblemasfollows(Sandholm1999),p. 234.Thetaskallocation

problemis definedby a set of Tasks � , a set of agents� , a cost function � `n� ]������ ���w���w� (or

the costagentq incursby handlinga subsetof tasks)andthe initial allocationof tasksamongthe agents� ��`2��`�s` b>o�o>o�be��`.�3`2s� ����� , where � `,� � ��`.�3`�s` f�� , and �E`2�3`2s`   ��`.�3`2s¡ f£¢ for all qI¤f�¥ . Giventhis definition, the

decisionschemesfor computingoffersareasfollows. Whenanagentmakesanannouncementfor a task,it

triesto buy someotheragent’scapabilityto performatask.In announcing,anagentspecifiesthemaximum

price it is willing to payfor its task(s)to becarriedout. Call this ¦c§ �3��¨�©��8ª
« . Whenagentsmake a bid for

anannouncedtask,theagentstry andsell theirservicesatabid price,utteredin abid. Call this ¦c¬V`® . Given

anannouncementanda bid, a rewardis thena contractbetweentwo agent,detailsof which aredescribed

below. Then,anagentq will makeanannouncementif:

¦ § �3��¨�©*��ª
« f��H¯ «
°±¨�²H«` K/� § �3��¨�©��8ª
«�³ � ` N
where� ¯ «%°D¨�²H«` K,�E§ �3��¨�©*��ª
« ³ � ` N is agentq
´.µ marginalcostfor removing thetaskset �F§ �3��¨�©*��ª
« from all of its

tasks� ` : � ¯ «
°±¨�²H«` K/� § �3��¨�©��8ª
« ³ � ` N¶fh� ` K/� ` N�z{� ` K/� `   � § ����¨e©*��ª
« N
where � ` K/� ` N is the cost of optimally achieving all the tasks � for agent q and � ` f·��`.�3`�s` . Sandholm

suggeststheuseof approximationschemesfor computing� ¯ «%°D¨�²H«` K,� § �3��¨�©*��ª
« ³ � ` N , sinceit is intractablefor

mosttypesof problems.

Whenanannouncementhasbeenreceivedby anagent,anagentsendsoutabid, ¦9¬V`. , if themaximum

announcedprice ¦ § ����¨e©*��ª
« is higherthanthepricethatthetaskwill incurontheagentto performit. Bidder¥ bidsaccordingto: ¦ ¬V`® fh� § @` K/� § �3��¨�©��8ª
« ³ � ¡ N
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where � § @¡ K/� § �3��¨�©*��ª
« ³ � ¡ N is agent¥ ´ µ marginalcostfor addingthetaskset � § �3�8¨e©*��ª
« to all of its current

tasks� ¡ : � § @¡ K,� § �3�8¨e©*��ª
« ³ � ¡ N¸fw� ¡ K,� ¡ �¹� § �3�8¨e©*��ª
« N�zº� ¡ K/� ¡ N
Again, marginal costsarecomputedusinganapproximationmethod.Finally, theawardingprice, ¦ §@»¼§ ¯ 
is computedusinga new tasksetof theannouncer, ��½` . This is becausethetasksetof q mayhave changed

within thewindow of announcingthetasksandwaiting to receiveall bids. ¦ §@»¼§ ¯  is computedas:

¦ §@»¼§ ¯  fh� ¯ «
°±¨e²H«` K,� § �3�8¨e©*��ª
« ³ � ½` N
If ¦ §@»¼§ ¯  is greaterthanthelowestbid, thetaskis awardedto theleastexpensivebid and“by convention”

thecontracttakesplaceby theawarderpayingthebiddertheprice K/¦ ¬V`. l�¦c§H»¼§ ¯  N�|�] .

Theprotocol(or, asSandholmrefersto it, thealgorithm)is asfollows. Initially eachagentcomputes

a solutionto thetasksin its own taskset(referredto asthelocal optimizationproblem).Then,eachagent

canpotentiallynegotiatewith otheragentsto takeonsomeof its taskor, alternatively, takeonsomeof their

tasksfor a price. Note,thatagentsin Sandholm’swork areallowedto make sidepaymentsfor thetaskal-

locationproblemthroughpayments,whereasfor agentsin RosencheinandZlotkin’swork noside-payment

is allowed.Negotiationis thentheexchangeof tasksetsthatareprofitable(i.e. at a lowercost—referredto

asindividually rational). Thetaskredistribution protocolis thenaniterative exchangemechanismthat in-

creasestheglobalutility of agentsby traversingasequenceof taskallocationconfigurationsamongagents.

At every stepof the iteration,an agentcomputesa feasiblesolutionfor the tasksit hasbeenallocated(a

feasiblesolutionconsistsof an agentassigningresourcesfor the tasksallocated). The taskre-allocation

procedureis a real-time,anytime hill-climbing algorithm. It is real-timebecauseat eachiterationa price

equilibrium hasto be reachedin the tasksetexchangesbeforethe next iteration—aftereachcontractis

madetheexchangeof tasksandpaymentsaremadeimmediately. It is anytime becausethealgorithmcan

be terminatedat any point in time anda solution is available that is both individually rational to all the

agentsandis globally betterthanthe initial solutionif eachagentcarriedout its tasksindividually. It is

hill-climbing becauseat eachiterationa globalsolutioncloserto theoptimumis reached(in a distributed

manner).In comparison,thePMM protocolsof RubinsteinandZlotkin arenot anytime. Agentsfirst reveal

their costsfor all possibletaskdistributions.ThenthePMM selectstheallocationthatmaximizesthesum

of theutilities andassignspayoffs accordingto theNashbargainingsolution.This is not anytime because

all taskallocationshaveto beevaluatedbeforeany agreementis reached.

Contractsin a contractingprotocolaregivensearchoperatorsemanticsby Sandholm.That is, if the

taskreallocation(or contracting)protocolis interpretedasa globalhill-climbing algorithm,thencontracts

canbe interpretedas its searchoperators.The searchfor a global optimumis alsomademoreefficient

by supplyingthe contractingprotocol with differentcontracttypes. Ratherthannegotiatingover single



3.2. ComputationalModelsof Negotiation 107

tasks,oneat a time, Sandholmshows thata hill-climbing algorithmcanreachanoptimal taskallocation,

in a finite numberof steps,whenagentscombineclustering, swapandmulti-agentcontractsinto a single

contractcalledan OCSM-contract. O contractsareover a single task(as in the original CNP) andthey

areshown to leadthereallocationalgorithminto local minima— wherecontractsareindividually rational

(agentsarebetteroff with thecontract),but arenotgloballyoptimum.In clustercontracts,C contracts,aset

of tasksis contractedfrom oneagentto another, whereasin Scontractsapairof agentsswaptasks.Finally,

in multi-agentM contracts,tasksareexchangedbetweenmultiple agents.It is alsoshown thatwhenused

individually, or in pairsor threes,thesecontracttypesareinsufficient for themaximizationof globalutility.

However, wheneachindividual contracttypeis appliedsimultaneously(calledOCSM-contract) they:^ allow the algorithm to hill-climb from a task-allocationto any other task allocationwith a single

contract^ bring aboutthe existenceof a sequencepath from an individually rational OCSM-contractto the

optimalone.^ allow thealgorithmto reachtheoptimalallocationin a finite numberof contracts,for anysequence

of contracts. This resultmeansthati) no centralprocessoris requiredto selectthecontractsequence

andii) agentscanacceptany OCSM-contractthatis individually rational,andneednotwait for more

profitablecontracts.^ thealgorithmneednot backtrack,sincethereareno localminima.

Thesepropertiesareachieved becausewith OCSM-contractsthereareno local minima, sincethe global

optimumcanbereachedwith asinglecontract.

Theabovecontractingprotocolhasbeenextendedto handlepartialcommitmentcontracts(Sandholm

1996,2000). Informally, partial commitmentsrepresenttentative, asopposedto absolute,agreementsto

performthe agreedtask(s)(seesection2.2.5). The contractingprotocoldescribedabove consistsof, like

the CNP, a singleroundannouncement,bid andaward becauseall offers are fully binding. An iterative

contractingprotocol,calledtheleveledcommitmentprotocol,is alsopresented.Underthis protocol,com-

mitmentsarenot fixed andarethemselvesmadea negotiationitem. This new protocolallows unilateral

decommitmentat anypoint in time, asopposedto conditioningthecontracton possiblefutureevents,asis

donein contingency contracts(seesection2.2.5). Agentsnegotiateover decommitmentpenalties,onefor

eachagent,andif anagentwantsto decommitthenit doesso throughthepaymentof thedecommitment

penaltyspecifiedin theagreedcontract.It is alsoshown thatselfishrationalagentsarereluctantto decom-

mit becausethereareno incentivesto do so. Therefore,it is to the bestinterestof evenselfishagentsto

honourtheir commitments.
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Thecomputationalboundednessof agentsis givenatreatmentin theanalysisandempiricalevaluation

of methodsfor decreasingthe local computationalcosts.Sandholmidentifiesthreecategoriesof tradeoffs

which in somecontexts areguaranteedto reducethe costof computation.Firstly, agentscantradeoff the

complexity of marginal cost computations(discussedabove) againstthe monetaryrisk. That is, agents

canusedifferentcostapproximationschemesto make bids andawardswhile their previousbids arestill

pending.It is shown thatsomeapproximationschemeslower computationalcostswhereasothersdo not.

Alternatively, agentscantradeoff obtainingmoreprecisemarginalcostestimations(andsavecomputation)

againstbeingable to participatein multiple negotiationssimultaneously. However, it is shown that this

tradeoff only works in somecontexts. Finally, agentscanreducetheir computationalcostsby tradingoff

sendingmessagesearlyon againstwaiting for moreincomingoffers.

3.2.4.1 Evaluationof theContractingandCoalitionModelof Negotiation

Thecontractingprotocolpresentedby Sandholmcomputationallymodelstheprocessof negotiation,rather

thananalyzingtheoptimaloutcomes.This computationalmodelthussupportsthedesignandimplemen-

tationof autonomousnegotiatingagents.Thenegotiationmodeldiffersalongseveraldimensionsfrom the

oneproposedby RosencheinandZlotkin in thattheir protocolresultedin negotiationreachinganoutcome

in a singleroundandassumed:i) agentswereableto optimally computetheir decisionproblemswithout

any costs,ii) therewereno side-payments,iii) negotiationwasbi-lateral involving only two agents,and

iv) the costsand capabilitiesof agentswere symmetric. Sandholm’s contractingprotocol, on the other

hand,is iterative andbecauseof thecomplexitiesof theproblemsheassumesagentscannotcomputetheir

local optimizationproblemexactly. Furthermore,side-paymentsareallowed (throughpaymentfor task

re-allocation). Negotiation is alsoextendedfrom bi-lateral to multi-lateral interactions,in a market-like

context, whereagentsbuy andsell tasksfrom oneanother. Finally, differentagentscarrydifferentcostsand

capabilities,thereforethesymmetricassumptionhasbeendropped.

However, thedevelopedcontractingprotocolcanonly operategivenanexisting configurationof task

allocations.Indeed,hill-climbing is theprocessof ascendingsomeobjective functiononcea configuration

of taskshasalreadybeenreached. Thus,thecontractingprotocolof Sandholmcanbeusedto re-allocate

alreadyexisting taskconfigurationsbut not to allocate, or configure,tasksin thefirst instance.

TheCNPis furtherextendedin theleveledcommitmentprotocolby allowing iterationin interactions.

In the problemdomainsof this thesis,it is this the iterative exchangeof offers andcounter-offers, due

to informationaluncertaintyandthenatureof preferences,thatclearlymark interactions.Sinceiterations

arebothcommunicatively andcomputationallycostly, thennot only do agentsneedmechanismsto reason

aboutthecostandbenefitof continuednegotiation,but thedesignof aninteractionprotocolmusttake this

addedcomplexity into consideration.

In additionto an interactionprotocol,Sandholmprovidesa formal modelof the decisionsinvolved



3.2. ComputationalModelsof Negotiation 109

in agentsannouncing,bidding andawarding tasks. This extendsthe original CNP with a formal agent

architecture.However, aswasshown in someof the target problemdomainsof this thesis(section1.4),

negotiationdecisionsarericher thanjust considerationsof costsalone. A richer agentarchitectureis re-

quiredthatformally accountsfor moredecisionfactorssuchasthetime limits of negotiation(similar to the

work of Kraussection3.2.2)or thebehaviour of theotheragents(especiallyin environmentswherethere

areuncertaintiesin thewhatanagentknowsabouttheother(s)).

Thecombinationof contracttypesinto OCSM-contracts(whereagentscanallocatetasksvia combin-

ing theallocationof asingletask,asetof tasks,swaptasksor sharetaskswith otheragents),helpsagentsto

escapelocal minimaandreachtheglobaloptimumre-allocationin a numberof steps.However, although

tractablefor smallnumbersof tasksandagents,thehill-climbing algorithmmaytakealargeandimpractical

numberof contractiterationsfor largenumberof tasksandagents.19 Furthermore,althoughrepresenting

OCSM-contractsis tractableas the scaleof the problemincreases,the sameis not true for searchinga

contractthatincreasesthesocialwelfare(Sandholm1999).As thescaleof thetasksetincreases:

... theevaluationof just onecontractrequireseachcontractparty to computethecostof han-

dling its currenttaskandthe tasksallocatedto it via the contract. With suchlarge problem

instances,onecannotexpectto reachtheglobaloptimumin practice.Instead,thecontracting

shouldoccuraslong asthereis time,andthenhave a solutionready:theanytime characterof

this contractingschemebecomesmoreimportant(Sandholm1999),p.,237.

Theinability to escapelocalminimain negotiationis acknowledgedin this thesis(detectedasdeadlocksin

acontract’sutility dynamics).However, in thisthesis,agentsnegotiateoveratomicservices,or O-contracts.

This is becauseof theagentificationprocessthatassignsservicesto agents(section1.1).Theremayonly be

a singleserviceprovider for thetypesof problemsconsideredin this research(e.g. �Ha3µ�d ¾O¿¼À ÀOÁ�µ>qVÂc¿ ser-

viceprovidedby agentYÃY in theADEPTscenario,section1.4.1),excludingthepossibilityof M-contracts.

Likewise,anagentmaynot becapableof performinganotheragents’tasks(e.g.a useragent,IPCA agent,

cannotperformthetasks/servicesof a telecommunicationserviceprovideragentÄ�Zi� , section1.4.2).This

excludesthepossibilityof swapsin contracts(S-contracts). Finally, sinceeach serviceis usuallyperformed

by a uniqueagent,differenttaskscannotbe clusteredandassignedto a singleagent(excluding the pos-

sibility of C-contracts). For example,the service Z�[*a*ÅOq
À8Á pFÆÇµ�d%a*ÈÉÁ�[ Ê�Æ(a*d%Á is performedby a single

autonomousagentwho is the only agentthat hasnecessarydomainexpertiseandresourcesto solve the

problem(s).For thesereasons,a decisionmechanismis requiredthathelpsescapelocalminimain thetask

allocationalgorithm.No analysisis providedasto thecomputationalimplicationsof thecontractingproto-

col whentheproblemdomainis scaledup,not in termsof thenumberof tasks,but in termsof thenumber

19SandholmfoundthattheTRACONETalgorithmtook “multiple hoursof negotiationonfiveUnix machines” for a large-scalereal

world distributedvehicleroutingproblem(Sandholm1993).
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of issuesinvolvedin integrative bargaining(whenagentsnegotiatenot just over thepriceof a task/service

but alsoits quality anddelivery time). Multiple issuenegotiationis an importantfeatureof the typesof

problemdomainsof this thesis.

3.2.5 The PersuaderSystem

ThePERSUADER systemwasdevelopedto modeladversarialconflict resolutionin thedomainof labour

relationswhichcanbemulti-agent,multi issue,andsingleor repeatednegotiationencounters(Sycara1987).

The systemusesboth case-basedreasoning(CBR) andmulti-attributeutility theory(MAUT) for conflict

resolutionproblems(Sycara1987,1989).PERSUADER is differentto theCNPin thatnegotiationis mod-

eledasanincrementalmodificationof solutionparts(ratherthancompositionof partialsolutions)through

proposalsandcounter-proposals.Themodel,with its iterative nature,is usedto narrow thedifferencebe-

tweenthe partiesinvolved, takesinto considerationchangingenvironments,andmodelssocialreasoning

(by modelingotherparties’beliefs)aswell asbeliefmodificationof parties.

Thesystemrepresentsandreasonsaboutthreetypesof agents:acompany, theunionandthemediator.

Thelatteragent’staskis to engagein parallelnegotiationswith thepartieswhenconflictsarise.Specifically,

the mediatorgeneratesan initial compromisewhich both the union andthe company evaluatefrom their

own perspective. If theinitial solutionis acceptableto bothpartiesthentheprocessis terminated.Otherwise

themediator’staskis transformedinto consideringwhetherto changetheproposalor whetherto attemptto

changethebelief of thedisagreeingpartiesusingpersuasiveargumentation(asdefinedin section1.3.3).

In thiscontext, negotiationis viewedasaniterativeprocesssincethepartiesenteringnegotiationhave

disparategoals. This “distance”in their goalsis iteratively reducedto zero. To do this, agentsmusthave

thecapacityto predictandevaluatewhethernew proposalsdoactuallynarrow thedifference.Furthermore,

agentcommunicationis directedtowardsthosepartsof the proposalwhich areacceptableor unaccept-

ablewhich implies thatagentsmustbe ableto evaluatetheir plansandpossiblymodify or constructnew

onesbasedon this feedback.In additionto this deliberative componentof negotiation,agentsmustalso

bereactive sincetheworld changesconstantly. That is, theexpectedgoalsandbehavioursof otheragents

may change(throughirrationality for example—note,the mechanismsaredesignedto handleirrational

behaviour, unlikegametheoreticmodels).Finally, sincenegotiationis viewedasa narrowing of thediffer-

encesbetweengoalsandsinceagentsareunwilling to giveuptheirown goals,thenthey mustbeconvinced

to do so.Thereforenegotiationrequirespersuasiveargumentation.

3.2.5.1 Evaluationof thePERSUADER System

The PERSUADER systemmodelsboth the iterative processof negotiationandthe multi-issuenatureof

interactions.Therefore,thesetwo featuresof thesystemcapturesomeof theproblemrequirementsof this

thesis. However, mediationis unsuitablefor the problemdomainsof this researchsincenegotiationis a
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mutualselectionof outcomes.Furthermore,in theproblemdomainsof this research,it is not necessaryfor

the agentsto have similar beliefsat the endof negotiation. For example,inter-organizationalagentsmay

have diametricallyopposedbeliefsat theendof negotiationover thepriceof a service;themotivationof

theVet Customeragentsis to maximizepricewhile theCustomerServiceDivisionagentseeksto minimize

priceandalthoughthey maysettleon anagreedprice,their goalshave not changed.Thereforepersuasion

(operatingoverbeliefs)is not a necessaryconditionfor coordinationin this problemdomain.

In this andsectionsabove,coordinationmodelswerepresentedthatsuccessively modeledthenature

of interactionsin opensystems,whereprotocolsof interactionsarelessnormativeandmoredescriptiveand

informal. Thenext threesectionsreviewsotherDAI modelsof negotiationthat,althoughmoredescriptive

in nature,havenonethelessdesignfeaturesthatarerelevantto theproblemandtheapproachof this thesis.

3.2.6 Constraint Dir ectedNegotiation

ConstraintDirectedNegotiation(CDN (Sathi& Fox 1989)) is an algorithmthat belongsto the classof

negotiationmodelsthatrepresentthedecisionmakingin negotiationasa constraintsatisfactionprocess.It

wasdevelopedby SathiandFox for theproblemof resourcere-allocationandis theprecursorof themodel

presentedin thenext sub-sectionby BarbuceanuandLo. Resourcereallocation,or theadjustmentof initial

resources,is performedthroughthe buying and selling of resourcesbetweenagents. The authorshave

appliedCDN to the real world problemof workstationrequirementswithin an engineeringorganization

(Sathi& Fox 1989). There,resourcesareworkstationsusedby eachgroupwithin theorganizationandas

projectschangesodotherequirementsof thegroups.Therefore,theinitial allocationsof theresourceshave

to beadjustedto reflectthenew requirements.

The centralconcernof CDN is not so muchwith the communicationprotocol, but ratherwith the

decisions,or the resolutionmechanisms,involved that provide the contentof communication. That is,

“what is communicatedaboutan agent’s bargainingpositionandhow their positionsare to be changed

over time”. Themechanismtheauthorssuggestis theconstraintdirectednegotiationwheretheconstraints

representsagents’objectivestogetherwith theirutilities. Constraintsareusedfor bothoffer generationand

offer evaluation. At the conflict point the agentsthennegotiateeitherby modifying the currentsolutions

or the constraintsuntil a compromiseis reached.“Thus joint solutionsare generatedthrougha process

of negotiation, which configuresor reconfiguresindividual offerings” (Sathi& Fox 1989),p. 166. The

authorsarguethat becausein the problemof resourcereallocationtherearemany dependenciesamongst

the constraintsof many agents(closely resemblingthe distributedplanningproblem),thena theory that

only modelshow constraintsaffect individualoffers,suchasgametheory, is inadequate(e.g.undermarket

mechanismsan agent ¾ sellsresourceÄÌË to agent Í for Î�\*] andagent � sellsto agent ¾ resourceÄÇÏ forÎÐ]3u ). What is requiredis a theorythatcanmodelmultiple constraintsthatareconditionaluponmultiple

offers(e.g.agent¾ offersresourceÄ Ë to agentÍ if agent� allowsaccessto ¾ overresourceÄ Ï ). Theauthors
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claim thatin thelattercasethereis aneedfor morecooperativemediator-drivennegotiation.They propose

adistributedconstraintmechanismto solve this typeof cooperativeproblems.

In CDN thenegotiationprocessis seenasadirectedsearchin theproblemspace.Theproblemstateis

definedfirst, followedby anevaluationof statesandfinally generationof new solutionstates.Agentscan

make eithersimpletransactionsinvolving thesellingandbuying of a resourcefrom onegroupto another.

Alternatively, agentscanmakecascadesinvolving openor closedchainsof buyingandsellingbetweentwo

or moregroups.Theproblemstateis thendefinedasa setof transactionsandcascadesthatareformedby

pairingbuy andsell bidsfor resources.

Theseproblemstatesarethenevaluatedusingconstraints.The authorselaborateon the contentsof

constraints,theirclassificationhierarchyandamethodologyfor evaluatingthem.Thecontentof constraints

arerepresentedasattributesof a resource,whereeachresourceis describedasasetof attribute-valuepairs.

The requirement(s)of agentsthen placerestrictionson the attribute value. Theserestrictionsare then

classifiedinto threeconstrainttypes(see(Sathi& Fox 1989),p. 169). The evaluationof offers involves

firstly giving eachconstraint,or restrictionon values,an importanceanda utility function that represents

preferencesagentshave aboutthe offeredtransactionover the givenconstraint.Furthermore,the utilities

arethresholdedto representminimal acceptabilitycondition.Offeredattributevaluesbelow this threshold

areconsidereda violation of the constraint. Furthermore,in the resourcereallocationproblemmost of

the constraintsarequalitative in nature. For example,an agentmay own a Unix box andmay requirea

Mac insteadfor a project. The agentmay specifythe buy andsell bids asconditional,oneof their three

classificationsof constrainttypes,meaningthattheUnix box is soldby theagentunlesstheagentreceives

a bid for theMac. Therefore,theutility functionsrepresenttheordinalpreferencesof theagents.Finally,

an offer is evaluatedover the total setof constraintsby combiningthe individual utilities of all the sub-

constraints.Thecombinationpolicy they usearetheeliminationby aspectsandlexicographicsemi-order

(Tversky 1969,Payne1976,Svenson1979,Johnson& Payne1985). Agentsthenusethesestrategiesto

identify their favorite alternatives. The eliminationby aspectscombinationstrategy works by comparing

the utility of eachconstraintwith the correspondingutilities on otherconstraints.Offers with the lowest

utilities onany constraintareeliminatedfrom theconsideration.Thisprocesscontinuesuntil only oneoffer

remains.This strategy is particularlywell suitedfor qualitative constraints.Lexicographicsemi-orderis

similar to eliminationby aspects.However themethodof eliminationis different. It worksby examining

eachconstraintof anoffer andeliminatingthoseoffersthathavea lowervaluethanadominantalternative.

Thestrategy is appliedby usingtheeliminationprocessoperationson first themostimportantconstraint,

followedby lessimportantconstraints.

Giventheoverall utility of theoffer, derivedfrom usingtheeliminationby aspectsandlexicographic

semi-orderstrategies,an agentevaluatesthe offer as: i) acceptable(the offer is above the thresholdon
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all constraintsbut is not better(or what they call dominate)every otheroffer, ii) dominant(the offer is

abovethethresholdonall constraintsbut is better(or whatthey call dominate)thaneveryotheroffer or iii)

unacceptable(theoffer is below a thresholdof at leastoneconstrain).

Constraintsarealsousedto generatesolutionstates. Offersaregeneratedvia satisfactionandrelax-

ationof constraintsandarebasedonasetof qualitativeoperatorswhicharemotivatedby humannegotiation

problemsolving(Pruitt 1981).Theoperators,or searchstrategies,are:^ composition(bridging)—compositionoccurswhenanew optionis developedby combiningtogether

two existing alternativeswhich satisfyboth parties’most importantconstraint.Sometimesin such

casesbothpartiesreceiveall they wereseekingdueto discoveryof agoodcomposition.^ reconfiguration(unlinking)—whengoodcompositionagreementsarenot available,oneor both of

the agentsmustmake selective changesin their offer. As the authorsstate“r econfiguration is the

processof regrouping the bundle of negotiatedgoods”. For example,consideran agent È who

requiresaUnix boxrunningLaTeX Version3.14159(Web2C7.3.1).Assumethatagent¿ is offering

a Unix boxbut with FrameMakerv.5.01astheonly word processingtool. TheUnix box is therefore

reconfiguredby ¿ to satisfy È ´ µ requirementsat acostto ¿ .^ relaxation(log-rolling)—isdefinedaswhenanagentignoresaspecificconstraintonanunacceptable

alternative. For example,if negotiationinvolvesfive issues��q Ë beq
Ñ3b�q Ï beq6Ò3b�q
Ó�� betweentwo agents¾
and Í , andif ¾ values ��qVÒ8beq
Ó�� morethan Í who in turn values ��q Ë b�q6Ñ�beq Ï � more,thena protocolcan

beagreedthat ¾ concedeson,andpossiblyviolatestheconstraintsof, ��q Ë beq
Ñ�beq Ï � and Í concedeson��q6Ò�b�q6Ó3� whereconsiderablebenefitscanbegainedby bothparties.As the authorsstate“relaxation

providesanapproximatetechniquefor selectingtransactionsor cascadesthatperformthebeston the

mostimportantconstraintsfor eachindividual”.

Typically, agoodsolutionis foundthatmaximizesthenumberof bidssatisfiedby composingandreconfig-

uringbidsiteratively andnot onsimplepair-wiseexchanges.

3.2.6.1 Evaluationof theConstraintDirectedNegotiation

TheCDN is novel in themannerit integratesinformalmodelsof negotiation,inspiredby humannegotiation

problemsolving, with AI techniques.The work presentedin this thesisclosely resemblesthe CDN in

many respects.The conflict resolutionmechanismof CDN is relevant to the problemdomainsof this

thesis.Thealgorithmemphasizetheimportanceof preferencesof agentsovermultipleconstraints,explicit

representationof strategiesassearchoperators,time deadlinesandprivacy of informationin negotiation.

For this reasonthe CDN sharesmany featureswith the developedcoordinationframework. Thedecision

mechanismsof bothsystemsarepresentedasevaluatoryandoffer generationprocesses.
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However, both the evaluatoryand the generationmechanismsof CDN do not model someof the

requirementsof the domainsof this thesis. In CDN the constraintsarequalitative in nature,whereasin

the domainsof this thesisconstraints,representedas limitations on issue-valuepairs that areexchanged

betweenagents,canbebothquantitativeandqualitative. Thereforeevaluatoryutility functionsarerequired

thatmodelpreferencesof agentsfor both typesof constraints.The possibilityof offers that containboth

qualitativeandquantitativeissuesmeansthatanevaluationutility functionis requiredthatcanrepresentthe

combinedpreferencesof anagentover theconstraintsandis likely to include,becauseof thequantitative

issues,arithmeticoperationsto consolidatethe resultof eachindividual utility, ratherthaneliminationby

aspector lexicographicsemi-orderstrategies.Furthermore,theaccuracy of thetwo presentedconsolidation

strategiesis highly dependenton thedistributionof theimportancesagentsplaceonconstraints;thefurther

aparttheimportancesof two agentson a constraint,thenthecombinationof thetwo strategiesis sufficient

to identify theagreementset(Johnson& Payne1985).Furthermore,sometimesit maybeusefulto model

the preferencesof agentsas a whole for a set of offers. Complicationswith the two chosenstrategies

ariseif suchpoliciesneedto consolidatethe preferencesacrossagents(Johnson& Payne1985). Simple

quantitativeadditivemodelsarebettersuitedfor suchtasks(Corfman& Gupta1993).

Furthermore,the CDN reconfigurationandrelaxationsearchoperatorssuit the problemsof this do-

main.Reconfiguration,theprocessof regroupingthebundleof negotiatedgoods,is applicablewhenissues

areaddedandremovedduringnegotiation. Likewise,violation of constraintsin orderto searchfor other

typesof agreementsis reflectedin theneedfor agentsto make trade-offs, lowering theacceptabilitycon-

straintof oneissueandsimultaneouslyincreasingtheacceptancelevel of anotherissue.Composition,the

searchfor alternativesby combiningtogethertwo existingalternativeswhichsatisfybothparties’mostim-

portantconstraint,is not a featureof the problemdomainsof this researchbecauseagentsdo not know,

andareassumedto be unwilling to provide, constraintimportanceinformationto otheragentsnecessary

for composition.However, althoughrelevanttheauthorsdo not provide any formal specificationof theal-

gorithmsthatimplementthesesearchoperators.Therefore,not only arethey inspiredby informal theories,

but they cannot be operationalizeddueto a lack of any formal models. Oneof the contributionsof this

thesisis theformalmodelingandempiricalanalysisof threealgorithmsthatimplementconstrainedsearch.

3.2.7 The Constraint Optimization and ConversationalExchange

NegotiationEngine

Optimizationmethods,multi-attributeutility theory(MAUT (Keeney & Raiffa1976,Luce& Raiffa1957))

andconversationalmodelsareintegratedinto asingle“NegotiationEngine”(NE) ((Barbuceanu& Lo 2000)

20). The NE modelsmoreadequately, thanthe CDN, the multi-issuenatureof negotiation,agents’goals

20This work complementsboth the CDN algorithm(section3.2.6)andthe PERSUADER (section3.2.5)andwas initiated from

criticismsraisedagainstthesolefocusof auctiontechnologyonpriceof thecommodity(Guttman& Maes1998,Doorenbos,Etzioni,
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andpreferences,goalmodificationaswell asthecommunicative elementsof negotiation. In addition,the

enginesharesa commondesignphilosophyasthecoordinationframework designof this thesis.It works

by describingthe local decisionproblemsof agentsasa multi-attributedecisionproblemandformulated

asconstrainedoptimization.Then,this constrainedoptimizationproblemsolver is usedby eachlocal do-

main problemsolver to find bestsolutionsfrom their local perspectives. The bestsolutionfound is then

communicatedusinga conversationinteractiontechnology. If the receivedoffer is not acceptable,thena

constrainedrelaxationprotocol is usedto generatethe next availablebestsolution. Thus,the aim of the

NE is to integrateboththe local reasonerandthe interactionsystem.Thelatter is partof theconversation

technologythatincludes(Barbuceanu& Fox 1997):i) conversationplans, ii) conversationrules, iii) actual

conversationsand iv) situation rules. Conversationplansdescribeboth how an agentacts locally, and,

interactswith otheragentsby meansof communicationactions. Conversationrules, in turn, specify the

permissiblestates(including the initial andfinal states)of the conversationplans. The executionstateof

the conversationis maintainedin actual conversations. Finally, situationrules assistan agentwith deci-

sionsaboutwhich conversationsto instantiate.Theconversationplans, conversationrulesandtheactual

conversationsconversationcomponentsof theNE canbeusedfor normativecommunicationmodelsof the

ACL componentof thecoordinationframework (figure1.1) of this research.Situationrulesaresimilar to

the servicedescriptionlanguage (SDL) developedin the ADEPT project for specifyingthe local service

executionplansof eachagent(Jenningsetal. 2000a).Furthersimilaritieslie with thedesignphilosophyof

theconversationtechnology. It canbeusedfor not only representingandexecutingastructuredpatternsof

agentinteraction,but alsoasa “scripting language”.TheNE providesAPI-s, usingits conversationaland

reasoninglanguage(describedbelow), for the local reasonerto constructbothmodelsof thesituationand

goalsandreasonaboutinteractionswith otheragents.TheseAPI-s canbeseenasinterfacesbetweenthe

wrapperandthelocalproblemsolverandtheagentandtheACL in figure1.1.For example,thelocalprob-

lem solver caninteractwith thewrapperusingtheservicedescriptionlanguageandthewrapperinteracts

with otheragentsvia theACL interface.

TheMAUT andconstraintoptimizationelementsof thereasoningcomponentof theNE arediscussed

next. In NE anagentbehavesto achieve its goals.Goalscanbe: eithercomposed(containingother(sub)

goals)or atomic(immediatelyexecutable);eithercontrollable (goal is underthe control of the agent)or

non-controllable (partof theagent’s plan,but agenthasto obtainthecommitmentof theagentcontrolling

thesegoalsfor their achievement);either“on” (is achieved)or “of f ” (is not achieved). Agentsthenattach

preferences,or utilities, towardstheachievementor non-achievementof thesegoals.Thusagentsareutility

maximizers.Utilities not only modelthe preferenceof an agent,but also,asthe authorsclaim, quantify

theinfluencesbetweenagentswheretheutility of non-controllablegoaldescribesin “someway” thepower

& Weld1997).
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that the otheragenthason the agentneedingthe goal. The final elementof the languageof the decision

modelis theagentroles. Rolesdescribethegoalsanagentcontrolsandthegoalsit needsandfunction to

form a strategic coalitionformation,choosingwho to involvewhenneedingto achievea certaintask.

Giventhis languageof decisionmaking(goals,utilities androles),thedecisionproblemof anagent,Z , is formulatedasa constraintoptimizationproblem:Zyf �jÔ bApFbt_±b criterion�
where

Ô fÕ�>Â ` b>o�o>o>beÂ � � is a network of ¿ goals, pÕfÖ��� ` b>o>o�oHb�� � � is a setof constraintsof the forma*¿¶K/Â ¡ N , a3×Ç×"K/Â8Ø�N or animplicationon bothsidesof which thereareconjunctionsof on-off constraints,_yf�cKÙÂ Ë b@_ ¨�� KÙÂ Ë NHbt_ ¨�Ú*Ú KÙÂ Ë NHb>o�o>o>b�KÙÂ3Û
b@_ ¨�� KÙÂ3Û,N@b@_ ¨AÚ*Ú K/Â3Û,Nt� is a utility list consistingof a setof goalswith either

associatedon/off utilities andcriterion �£��ÈÉ¾OÜJbeÈÉqV¿"� which is eithera maximizationor minimization

optimizationcriterion. The overall utility of the labeledgoalnetwork
Ô

, _Fd
q
Ý�K,ÞÐb Ô N , is computedasthe

sum of the “on” labeledgoals,plus sum of the “off ” labeledgoals(called the additive scoringmodel

(Keeney & Raiffa 1976)),where Þ � Ô �ß��a*¿�b off � is a functionthatmapseachgoal in thegoalnetwork

with eitheran“on” or “of f ” label. Thus,solution Z is alabeling Þ suchthat _Fd
q
Ý�K,ÞÐb Ô N is eithermaximized

or minimized,accordingto thecriterion.

Theauthorsthenshow thattheabovelabelingproblemZ thatmaximized(minimizes)utility is equiv-

alent to the satisfiability (MAXSAT) problem in optimization (Barbuceanu& Lo 2000), p.241. Two

optimization algorithmsare provided within the NE that operateover the samerepresentationof the

goal network to solve this optimization problem of an agent. One is a stochasticsearchbasedalgo-

rithm that is incompleteand not guaranteedto find a solution, but performswell on large scaleprob-

lemsboth in termsof time andits ability to actuallyfind a solution(Selman,Levesque,& Mitchell 1992,

Jiang,Kautz, & Selman1995)andanotherthe branchandboundsearchalgorithmthat is completeand

guaranteedto find the optimal solution(Mitten 1970). The latter algorithmoperatesby maintainingthe

utility of thecurrentbestsolution.If theutility of anotherexploredpartialsolutiondoesnotexceedtheutil-

ity of thecurrentbestsolutionthenthatpartialsolutionis droppedandanotherpartialsolutionis explored.

The decisionmechanismsuppliedin the NE alsoallows for the integrationof the two algorithms,using,

for example,a randomsearchfirst for a numberof runsandthenusingthebestsolutionfrom therandom

searchasaboundconstrainingthebranchandboundalgorithmto find a bettersolution.

The reasoningproceduresareextendedby a multi-attribute utility theoreticlanguagewithin the NE

thatsupportoptimizationof searchfor utilities over multiple issues.Specifically, agentssharea setof ne-

gotiationissues,or what theauthorscall the attributesof negotiation,definedas �àf���¾áË�b�o>o>o�b�¾ � � . The

domainof anattribute ¾ ` , Y §@â , is aninterval ã Ý%btä9å , whereÝ and ä areintegersor reals,describingtherangeof

valuesthattheattributecantake. Agentstheninteractby exchangingmulti-attributespecifications.Theas-

sumptionmadeis thattheagentsshareboththeattributelist andthedomainof eachattribute.Furthermore,
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Figure3.5: ExemplarUtility of anAttribute ¾ ` .
for eachattribute ¾ ` thereis a utility function _ § â � Y § â �æã uçb>\Hå andagentshave opposinginterestsover

eachissue,expressedasdifferentdirectionsover themaximization_ §@â for eachagent.Anotherimportant

assumptiontheauthorsmake is thatutility functionof anagenthastheform shown in figure3.5,wherethe

domainof theattributescanbedecomposedinto asetof disjointsub-intervalsthatcover theentiredomain,

suchthat on eachsub-interval the utility is constant.Figure3.5 shows an exampleof an attribute whose

domainvaluesbetweenq
u and qt\ , for example,have thesameutility to theagent(representedasthehori-

zontalutility line). It follows that fewer sub-intervals,at theextremewherethereis only onesub-interval

correspondingto equalutility acrossall domainvaluesof theattribute(theagentvaluesall solutionsof the

issueequally),thenthe easierthe resolutionof that issue. Thenfor eachsub-interval ã q6Û
beq6Û�è Ë å an atomic

goal Â Û§@â is createdwhich is on if f the valueof ¾ ` is in the interval ã q Ë beq6Û�è Ë N . Furthermore,the authors

assumethatalthoughagentshave differentvaluationsover differentrangesof an attribute’s domain,they

nonethelesshave further acceptabilityconstraintsaboutwhat attribute valuesareacceptable(thresholded

utilities of CDN performthesamefunction3.2.6). For example,in figure3.5 only valuesbetweenã q
Ï�beq Ò å
may be acceptableto an agent. Given the above a MAUT problemof the NE is thenthe assignmentof

on-off labelsto the goalsof the problemthat satisfythe limits of all of the attributes’ domainsaswell as

their acceptabilityconstraints.This solution the authorscall the deal. Also, an optimal solution is one

thathasmaximumutility for theagent.A dealacceptableto bothagentsis onewherefor eachattribute ¾ `
theacceptablesetof valuesfor thetwo agentshave a non-emptyintersection.An exampleof sucha deal

is shown in figure 3.5. Assumetherearetwo agents� and é . Furtherassumethat figure 3.5 shows the

utility for valuesof attribute ¾ ` for agent� . Now assumethat ã q
Ï3b�q Ò å is thesetof acceptablevaluesfor �
(this utility is the resultof � having goal Â Ï — a*¿¶KÙÂ Ï N ) and ã ¥*Ë�bV¥ Ñ å is the setof acceptablevaluesfor é .

Then ã q6Ï�bV¥ Ñ å is thenon-emptyintersectionfor attribute ¾ ` . This intersectionsolutionrepresentsa possible

agreementbetweentheagents,becauseeachsolutioncontainsrangesof valuesacceptableto eachagent.
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Thesequencesof local decisionmakingandcommunicationof theoffersareasfollows. At thefirst

time stepeachagentrepresentsits problemasa MAUT problem,definingattributes,goals,constraintsand

utilities. Theneachagentspecifiesits acceptablesolutionwhich definesthe interval of acceptablevalues

for eachof the issues.After definingtheproblemthefirst bestsolutionis computedby solvingthe initial

problemusingthebranchandboundalgorithm.Thebranchandboundalgorithmcansupporta concession

protocolby searchingfor lowerutility solutions.Lowerutility solutionsaregeneratedby over-constraining

theproblem,achievedby negatingthepreviousbestsolutionandthenaddingthisnew constraintto thegoal

network. Thebestsolutionis communicatedto theotheragentat theendof eachiterationof thealgorithm.

If theproposedsolutionis acceptableto theotheragentthentheprocessterminatessuccessfully. Alterna-

tively, the otheragentmay communicatethe fact that it cannot find any morenew solutionsto the part.

Whenbothof theagentscannot searchfor any new solutions,thennegotiationterminatesunsuccessfully.

Otherwise,theagentthatcangeneratenew solutionscontinuesto generateandproposethem.Finally, the

offereddealby theotheragentis checkedfor intersectionwith theagent’sown lastoffer. Negotiationtermi-

natessuccessfullyif suchanintersectionexists,otherwisetheagentsearchesfor othersolutionsto propose

andthe processcontinues.The processendswhena mutually acceptabledealhasbeenfound or elseno

moresolutionsexists.

3.2.7.1 Evaluationof theConstraintOptimizationandConversationalExchangeNego-

tiation Engine

TheNE is closelyrelatedto thework reportedhereandmodelsmany of the featuresandrequirementsof

theproblemdomainsof this thesis.It modelsboth thecommunicationaspectsof interaction(throughthe

conversationtechnology)andcomplex localdecisionmechanisms,andaformalgoalnetwork representation

language,thataccountfor someof therequirementsof thisthesissuchas:i) multipleissuesii) constraintsof

agentsovertheseissuesiii) conflictingpreferencesof agentsandiv) aconcessionprotocolthatis guaranteed

to find a solutionif oneexists. Furthermore,this protocolis interleavedwith a stochasticsearchalgorithm

thatis scalableto largeproblemsandassiststheconcessionprotocolwith new searchlocations.Thesetwo

searchprotocols,aswell astheircombination,representstwo strategiesagentscanuseto reachagreements.

However, theconcessionprotocolis guaranteedto find a solutionbecauseof theassumptionthat the

agentssharethesamedomainspecificationof theattribute(or issueinterval). Giventhattheinterval value

of agentsareexactlythesame,andit is only theacceptabilityconstraintsthatdiffer, thenit naturallyfollows

thatasolutionmustexist. Althoughthisassumptionis usefulfor systemanalysis,anapproachalsoadopted

in theevaluationphaseof this thesis,it is nonethelessa strongassumptionthatis not applicableto thetype

of problemdomainsof this thesis.Agentsdo not necessarilysharethesameintervalsover eachandall of

theissuesin negotiation.Indeed,negotiationcan fail whenthereexistsno suchintersection.

Furthermore,noformalmodelof how utility theoryis usedto modelpowerof agentsor how rolescan
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beusedto form strategic coalitions.In additionto this,andmoreimportantly, it is notclear, andtheauthors

donot makeany referenceto thefact,thatthedevelopednegotiation,like theCDN above,protocolmodels

interactionsamongstcooperative agentsonly. This canbe seenin the conversationalprotocoldescribed

above whereagentstruthfully reveal that they cannot generateany moresolutions. The assumptionof

truthful revelationis strongespeciallyamongopensystemagentsthatmaybeselfishandhaveincentivesto

lie abouttheir negotiationpositionsin orderto maximizetheir own welfare.

3.2.8 Multi-dimensional ServiceNegotiation asan English Auction

VulcanandJenningshave appliedthe principlesof mechanismdesignto model (asan Englishauction,

see(Binmore 1992)), the one-to-many servicenegotiationbetweenthe CSD and the VC agentsfor theê Á�d pFÆÇµ�d%a*ÈÉÁ�[ servicein theADEPT scenario(Vulkan& Jennings1998).TheEnglishauctionhasbeen

modified to handleservicenegotiationover multi-dimensionalprivatevalue objects.21 Servicesare de-

scribedby the tuple K�ëÌb µ�N , whereë is thepriceof theserviceand µ aretheadditionalissuesof a service.

A servicebuyer’s preferencesarethendefinedby a linear utility function Æ ¬ K µ�N±zìë , that increaseswith

increasingquality of the service. ë is the price of the serviceand is restrictedto a maximumvalue. A

serviceseller’s preferences,on theotherhand,aredefinedby thecostfunction �>í*K µ�NÌlnë . Thepreferences

of thebuyersandsellersof servicesarealsoconflicting,meaningthat thepreferencesof bothagentsover

eachissue,move in theoppositedirections.

In additionto a serviceclient (or what they call a serviceseeker) initiating the auction,the authors

proposea pre-auctionprotocol(aswell asincentive conditionsandtherequiredauctionknowledgefor an

agentto initiate an auction)wherethe serviceproviderscan hold an auctionamongstthemselves. The

winner of the auctionthen approachesthe service-seeker with a “take-it-or-leave-it” offer. Analysis is

provided, in termsof dominantstrategies22 that result in outcomesthatareefficient (increasethe sumof

theindividual utilities andarefast). Agentsthenneedstore,asknowledge,only thesedominantstrategies

(hence,individually rational)of theresultingprotocol.

However, modelinga part of the ADEPT businessprocessas an English auctionhasa numberof

limitations. Firstly, an Englishauctionmodelsone-to-many interactions,wherea singleauctioneer(or a

servicebuyer here)interactswith a numberof buyers(or a serviceseller).23 Becauseit is an open-cry

auction,all the valuationsof agentsare publicly “heard”. This may be regardedas undesirableby, for

instance,a Vet Customerorganizationwho doesnot, for competitativereasons,wantto revealits valuation

21A private valueobject is an object,or a servicein this case,whoseworth dependssolely on an agent’s own preferences.See

(Binmore1992)for anexplanationof othervaluetypeauctions.

22A dominantstrategy is a strategy thatyieldsanexpectedpayoff which is higherthanotherstrategieswhatever thebehaviour of

otheragentsandthestateof theworld. Notethatusingdominantstrategieseliminatestheneedfor agentsto conditiontheir strategies

onbeliefs.

23Notethattheprinciplesandresultsof mechanismdesignstill applyin-spiteof thereversalof labels.
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to otherVetCustomerserviceproviders.Insteadit maypreferto enteramore“private”dialoguein theform

of one-to-onenegotiations.Thepublicrevelationof valuationsin anEnglishauctionalsoleadsto possibility

of collusionsbetweenauctionbuyers,resultingin lower revenuefor theauctioneer(Rasmusen1989).The

examplebelow from (Sandholm1996)and(Rasmusen1989) illustratesthesecollusionpossibilities. Let

buyeragentq haveavaluationof ]3u andall therestof buyershaveavaluationof \�î for theserviceonoffer.

Furtherassumethatthebidderscolludeby agreeingthat q will bid P andall therestbid ï . If oneof theother

buyersexceedsï then q canobserve this andwill go ashigh as ]�u andthe cheaterwill not gainanything

from breakingthe coalition. Therefore,collusionsare self enforcingin an English auction. Although

collusionsin an openenvironmentaretechnicallydifficult to electronicallyimplement,sinceagentswill

have to identify oneanotherandagreeto form a coalition,they arenonethelesspossibleandhardto detect

electronically. This is especiallytrue in virtual worlds whereit is relatively inexpensive to createvirtual

identities.Furthermore,theauctioneeritself canprofit from collusions,by placingagentsrepresentingit in

theauction,who thenstimulatethemarketby unfairly raisingthebids.

In spiteof thesetechnicaldifficultieselectronicauctionhouseshave providedthetechnologicalfoun-

dationsof the recent rise in electroniccommercefor business-to-business,business-to-customersand

customer-to-customerapplications(eBay,AuctionBot, i2, Amazon,FishMarket). However, auctions,al-

though popular, are also qualitatively problematic. Technically an auction is profitable for the auc-

tioneer in the short term becauseof the winner’s curse (Binmore 1992) which is where the winning

bid for a good occursabove the good’s market price. Therefore,in the long term a buyer is likely

to be dissatisfiedwith paying for a good above its market valuation. This is more likely to be true

for business-to-customeror business-to-businesstypesof electroniccommerceapplications(Guttman&

Maes1998). Furthermore,someauctions(suchas the English auction)may requirea critical number

of biddersbefore they can commence. Coupledwith the communicationlatenciesinvolved, bidders,

or agentsrepresentingthem, may have to make bids over several days. This problem is exacerbated

when a buyer’s bid is not the winning bid, requiring the bidder to restart the whole processof bid-

ding onceagain. Apart from technicallimitations, auctions“pit” the buyer againstthe seller and they

tend to focus solely on the price of a good. Auctions are generallyviewed as hostile exchangeenvi-

ronment,where the buyers are pitted againstthe sellers,where neither party considersthe long term

relationshipsand the benefitsthat may actually increaseprofit for both. This type of relationshipis

more likely to occur betweenbusinessesand their customersor other businesses.Paying exclusive at-

tentionto pricealsohidesfrom theconsumerimportantinformationabouttheaddedvalueof a goodby a

seller, resultingin anundifferentiatedandhomogeneousrepresentationof sellers(Guttman& Maes1998,

Doorenbos,Etzioni,& Weld 1997).
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3.2.9 KasbahElectronic Agent Mark etplace

For someof the reasonsabove, negotiation technologyhasbeenproposedas an alternative solution to

auctionsasthenext generationof e-commerceproducts(Guttman& Maes1998).Below, onerepresentative

e-commercenegotiationsolution,calledKasbah(Chavez& Maes1996),is briefly reviewed.Kasbahdepart

from normativegametheoreticapproachesto negotiation,henceis lessformal,sometimesheuristic,adhoc

andareuser, asopposedto protocol,centered.

Kasbahis a multi agentsystemapplicationfor electroniccommerce(Chavez& Maes1996). It is an

electronicagentmarketplacewhereagentsnegotiateto buy andsell goodsandserviceson behalfof the

user. ThemotivationbehindKasbahis to assistusersin electronicshopping:

by providing agentswhich canautonomouslynegotiateandmake the“bestpossibledeal” on

theuser’sbehalf(Chavez& Maes1996).

Thesystemitself is ahostedwebsitewhereusersvisit to buy andsellgoods.Userscreatebuyingor selling

agentswhich interactin a marketplace.Themarketplaceitself providesa commonlanguagefor theagents

aswell asayellow pagesservice.Theagentsaresimple,in that“theydonotuseanyAI or machinelearning

techniques”, sharenocommongoal,havediametricallyoppositeaimsandareautonomous(Chavez& Maes

1996). However, motivatedby acceptanceby the user, the systemis designedto allow the userto have a

certaindegreeof controlover theagents.Thesellinguser, for example,candefinethegoalof theagentby

specifying:i) thedesireddateto sell the item by, ii) thedesiredprice,andiii) thelowestacceptableprice.

Thereverseis truefor thebuyer. Theseparametersdefineanagent’sgoalandtheachievementof this goal

is modeledheuristicallyasthestrategy to begin offeringtheitematthedesiredpriceandif it is notaccepted

thenthesellingagentlowerstheprice. Theprice is iteratively reducedwith theconstraintthat theprice is

at thelowestacceptablepricewhenthedesireddateis reached24. How theagentdecreases,or increasesin

thecaseof abuyer, its offer is modeledasoneof linear, quadraticor cubicdecayfunctions.

Kasbahaddressessomeof the issuesmentionedin chaptertwo andis anattemptto actuallyengineer

a realworld application.Thesystemmodelstime,actionsandstrategiesinvolvedin negotiation.However,

thesystemfails to properlyaddressthe issuesof commitmentsanduncertaintymentionedin theprevious

chapter. Theboundednatureof agentsis omittedfrom themodelby developingverysimpleagents,which

incurminimalcomputationalcosts.Themajorityof thecomputationallydemandingtasksarenotdelegated

to the agent,but ratherremainat the userlevel. Thereforethe agentsareonly semi-autonomous,since

Kasbahonly modelsa subsetof thedecisionmakingwhich is involvedin negotiation—theusermakesthe

otherdecisions.Furthermore,thedecisionsthataredelegatedto theagents(calledstrategiesin Kasbah)are

severely limited to only threeandeven their selectionis not autonomous,but again,is madeby the user.

24Thereverseis truefor thebuyeragent
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Also no formal accountor analysisis givenof whatexactly is the“bestpossibledeal” or thelikelihoodof

outcomesgivenstrategiesof agents.

Theproblemof introducingmultiple issuesinto anegotiationis alsonotaddressedin Kasbah.Scaling

theproblemto multi-dimensionalscalesinfluencesnot only thecomputationalcomplexities of thesearch

for solutions,but alsoraisestheproblemof therepresentationof preferences.Negotiationsearchalgorithms

areneededwhosedomainis constrainedby thespecificationof user’spreferencesoveramulti-dimensional

space.Theseconstraintscanbe restrictionsover the contentor the processof negotiation. Contentcon-

straintsspecifypreferencesover the typesof outcomespreferredby a user. Theseconstraintscaneither

behardconstraints,suchas“I amwilling to paybetweenÎÐ]�u and ÎDð8u for a service” or soft constraints,

suchas“quality of a serviceis more importantthanits price” . Therefore,in multi-issuenegotiationamore

sophisticatedmethodologyis requiredto captureand representuser’s preferences,which areultimately

delegatedto the agentswho interactwith oneanotheron behalfof the user. Constraintson the process

of negotiation,on the otherhand,specify the preferenceof a useraboutthe style of negotiationsuchas

the concessionrate. Kasbahagentscanonly concedeon offers. With multi-issuenegotiationagentscan

alsospendtime searchingfor win-win outcomes.Thereforethe agent,or the user, hasmorechoicesof

behaviours whenmulti-issuesareconsidered.Furthermore,in Kasbahthe usermakesthe choiceof con-

cessionrate. This contrastswith theprescriptive gametheoreticmodelsof negotiationwherethedecision

makingof theagentsarenormatively boundedto rationalchoicesthatareknown to beoptimaldecisions.

Kasbahbelongsmoreto thedescriptivemodelsof choicewhoseaim is to describehow individualactually

do, ratherthanshould,behave. Thesemodelsrangefrom behavioural negotiationheuristics(Pruitt 1981,

Fischer& Ury 1981,Kraus& Lehmann1995) that provide guidelinesfor negotiationdecisionmaking,

to modelsthat describedecisionsasevolving in responseto the negotiationenvironment(Binmore1990,

Matos,Sierra,& Jennings1998,Oliver1994).

3.3 Assessmentof RelatedWork

Featuresof thecomputationalmodelscoveredin this chapteraresummarizedin figure3.6 alongsomeof

theimportantdimensionsidentifiedin thepreviouschapter.

It canbeseenfrom thetablethat theproblemof bi-lateralnegotationhasrecievedlittle attentionfrom the

computationalcommunity. Furthermore,little or no work hasaddressedtheproblemof repeatedprotocols,

reasoningaboutuncertaintiesor commitmentsduringnegotiation.

Theprotocolof this thesisneedsto bedesignedfor highly structuredinteractionsbetweentwo agents

only. Therefore,gametheoreticmodelsareanappropriatecandidatefor theproblemof coordination.These

modelsarenotonly analyticallyuseful,but they alsohaveseveraldesirableproperties.However, therearea

numberof criticismsof thesemodelswith regardsto therequirementsof thetargetdomainsof this research
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DomainTheory Kraus CNP Sandholm Persuader CDN NE Multi-issueAuction Kasbah Wrapper

Numberof Agents N N N N N N N N 2 2

Symmetriccapabilities Yes No No Yes No No No No No No

Cooperative(C)/ Selfish(S) C & S S C S& C S& C C C S S C & S

Protocol one-shot one-shot one-shot iterative iterative iterative iterative one-off & iterative iterative iterative

Encounters one-off one-off one-off one-off one-off one-off one-off one-off one-off one-off

Numberof Issues 1 1 1 1 N N N N 1 N

Commitment No No No Yes No No No No No No

Uncertainty No Yes No Yes No No No No No Yes

TimeLimits No Yes No No Yes Yes No No Yes Yes

AgentsBounded No No No Yes No No No No No Yes

Figure3.6: ComparisonMatrix of ComputationalModelsof Negotiation

(section3.1.9). In additionto thesecriticisms,the operationalmappingof gametheorymodelsinto DAI

environmentsintroducesfurtherdifficulties.As Krausnotes,in orderto applythesemodelsadesignermust

(Kraus1997b):^ chooseastrategic bargainingmodel^ maptheapplicationproblemto thechosenmodel’snomenclature^ identify equilibriumstrategies^ developsimplesearchtechniquesfor appropriatestrategies^ provideutility functions

Althoughchoosinga strategic bargainingmodelandmappingit to anapplicationmaynot betoo difficult,

gametheory requiresthat all the agreementsbe known in advancebeforeequilibrium strategiescan be

proven. The theory’s basicassumptionsalsomeanthat mostgametheoreticmodelsdo not considerthe

computationalandcommunicationcomplexitieswhichareimportantin practicalapplications.Furthermore,

multiple issuesarenotadequatelyrepresentedin gametheoreticmodels.

InformalmodelssuchasCDN andKasbah,on theotherhand,arebeneficialin thatthereis no needto

build modelsof interactionsfrom scratch—therealreadyexistsa largebodyof researchwhich hasdevel-

opedoveranumberof yearsin otherdisciplinessuchasbehavioral andsocialsciences.However, informal

modelshaveadifferentsetof limitations.Again,asKrausnotes,applyinginformalmodelsto DAI problems

canbedonein two ways(Kraus1997b)^ developheuristicsfor cooperationbasedon informalmodels(e.g.(Kraus& Lehmann1995))or^ apply informal modelsto DAI problemsafter formalizing the models(for examplethroughlogics

(Kraus,Nirkhe,& Sycara1998))
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However, thereis a needfor evaluationtechniquessuchassimulationsor empiricalanalysisin bothcases

above sinceinformal modelsdo not formally analyzethe behaviour of the system(unlike gametheoretic

models).

Theaim of this chapterhasbeento show thatthegeneralrequirementsof thetargetdomainstogether

with theneedfor developingaflexible decisionmechanismhavemeantthatthenegotiationwrappercannot

be adequatelymodeledusingnormative gametheoreticmodels. Instead,theserequirementshave meant

adoptinga moredescriptive approachthatprovide decisionheuristics.However, an agentis cast(having

preferences)anddescribed(a utility maximizer)andanalyzed(in termsof Nash,pareto-optimalityand

referencesolutions)in thenomenocultureof gametheory, but their decisionmakingarebasedon informal

anddescriptive models. Therefore,becauseof the limitations of informal modelsmentionedabove, the

developedmodelis empiricallyevaluatedto discoverpropertiesof thewrapper(seechapter5).

Whenviewedoperationallythedevelopedcoordinationframework (theprotocol,servicesandtherea-

soningmodels,seefigure1.1) is normative in thattheagentis requiredto adopttheprotocolof interaction

specifiedby thecommunicationlanguage,but is freeto adoptany decisionstrategy (or any implementation

of thewrapper)to executewithin theprotocol. This meansthata gametheoreticagentcaninteractwith a

heuristicrule basedagentusingthe framework. They differ in what decisionschemesthey useto imple-

mentthenegotiationwrapper. However, for evaluationpurposesa descriptive approachis adopted,where

theinteractionprotocolanda setof strategiesis imposedon theagent.



Chapter 4

A Service-Oriented NegotiationModel

A formal accountof thedevelopedcoordinationframework is thesubjectof this chapter. This formaliza-

tion specifiestwo protocolsof interaction(section4.1)andthreenegotiationdecisionmakingmechanisms

(section4.2). This formalizationis intendedto model the importantissuesidentifiedin chaptertwo and

addressesthe criticisms of the relatedapproachesdescribedin chapterthree. The context in which the

service-orientednegotiationstakeplacehasalreadybeendescribedin thefirst chapter(section1.4).

4.1 Interaction Protocols
A protocolof interactionis requiredbecausesub-problemsinteractduring domainproblemsolving and

agentsthereforehave to communicateandinteract(section1.3). A protocolof interactioncanalsoreduce

the uncertaintiesinvolved in strategic interactions(section2.2.6.3). Thusprotocolsof interactionassist

agentsin their problemsolving. Thecomputationsinvolvedin suchproblemsolvingcanusefullybecate-

gorizedinto on-lineandoff-line. Off-line computationsaretheprocessesinvolvedin thelocal deliberation

phaseof what to offer andarepresentedin section4.3. On-linecomputations,on the otherhand,arethe

processesinvolvedin thecommunicationof thedeliberatedoffer itself. Theon-linecomputations,aswell

astheknowledgerequiredfor computation,arediscussedin this section.Therearetwo protocols:onefor

negotiationproperandthe otherfor issuemanipulation.Two protocolsareneededbecausethe language

andrulesof interactionsdiffer whenagentsareexchangingcontractsduringnegotiationto whenthey com-

municateaboutwhich issuesshouldbe includedor retractedfrom thecurrentsetof issuesin negotiation.

Thenegotiationprotocolis describedfirst.

4.1.1 The NegotiationProtocol

Thedesignof theprotocolof interactionhasbeenmotivatedby thenormativemodelsof coordinationsuch

asgametheory(seechapter3).1 Agents’ interactionsareconstrainedby therulesof a normativestructure

which specifiestheir interactionsindependentlyof their roles.Theinteractionis modeledasanalternating

1Notethatanormrefersto prescriptive rulesof thegame(in thegametheoreticsense).
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Figure4.1: TheNegotiationProtocol.

sequenceof offersandcounter-offers(sections3.1.7,3.2.3)which terminateswith eithera commitmentby

bothpartiesto amutuallyagreedsolutionor elseterminatesunsuccessfully. Theprotocol(figure4.1)starts

with adialogueto establishtheconditionsfor thenegotiation.Theseconditionsaremutuallysatisfiedin this

pre-negotiationphaseandmustspecifythesetof initial issues(seesection2.2.2)aswell asasharedmeaning

of thenot only theseissuesbut alsothemeaningof theconversationtermsof theensuinginteraction(the

primitivesshown in figures4.1 and4.2). Additionally, duringthis pre-negotiationphaseagentsmayagree

onwhichrolewill begin thenegotiation,actingastheinitiator of theprotocol,while theotherrolebecomes

theresponderto therole who initiatedthenegotiation.2

Then,theagentwho wasselectedto makethefirst offer proceedsto make thefirst offer for contractÒ
(transitionfrom state1 to state2 or 3—theor transition,representingwho startsthenegotiation,is shown

in figure4.1asthearcjoining thetwo possibleproposalsgivenstate1). Notetheprotocolis for integrative

negotiation,whereagentsnegotiateoverpackages,ratherthanindividual issues.After that,theresponding

agentcanmake a counter-offer (seesection4.4) or a trade-off (seesection4.5.2) (moving to state2 or

3 dependingon who was the initiator). The initiating agentcan in turn make a new counter-offer or a

new trade-off (goingbackto state2 or 3). Sincethe informationmodelsof theotheragent(s)(suchasthe

reservationvalues,theweightsandpreferencesof eachissue)arenotpublicly known,offersmaybeoutside

themutualzoneof agreement.Additionally, eventhoughoffersmaybewithin a zoneof agreement,they

maynonethelessfail to meetthecurrentaspirationaldemandof theotheragent.For example,if an(seller)

2In casesof noagreementtheconflictmayberesolvedthroughrandomlyselectingwhichwhichrolewill betheinitiator andwhich

role will betheresponder.
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agentis demandinga priceover ÎÐ]�u for a service,with pricereservationvaluesof ã2\�uábAL�u3å , andtheother

(buyer) agenthasoffered Î�\*ï , thenalthoughthe offer is within the reservation valuesof the seller, the

buyer’soffer fails to meetthecurrentaspirationalneedsof theseller. Therefore,agentsmayiteratebetween

states2 and3, takingturnsto offer new contracts.In eitherof thesetwo states,oneof theagentsmayaccept

thelastoffer madeby theopponent(moving to state4) or withdraw from thenegotiation(moving to state

5). Agentsalwayswithdraw from thenegotiationprocesswhenthenegotiationdeadlinehasbeenreached.

While in state2 or 3, agentsmay start an ellucidatorydialogueto establisha new setof issuesto

negotiateover (seesection5.2.3for moredetails). This transitionto the issuemanipulationsub-protocol

is representedin figure4.1 by theprimitive newsetto the issueprotocol. Theexecutionof thenegotiation

protocol is resumedwheneither the agentshave agreedto a new setof issues(representedin figure 4.1

by the acceptprimitive from the issuesub-protocolback to the negotiation protocol wherenegotiation

resumeswith a new setof issue)or elsewhenthenagentshave failedto cometo anagreementover a new

setof issues(representedin figure 4.1 by the withdraw primitive from the issuesub-protocolbackto the

negotiationprotocolwherenegotiationresumeswith thesameissuesetasbefore).

This negotiationprotocol is a naturalextensionof the contractnet protocol (section3.2.3) permit-

ting iteratedoffer andcounter-offer generationandpermittingthe modificationof the setof issuesunder

negotiation.Thepresenceof timedeadlinesguaranteesterminationof theprotocol.

4.1.2 IssueProtocol

As mentionedin section2.2.2,agentsmay not sharethe samegoal setat the outsetof negotiation. Al-

ternatively, agentsmay identify an issuethat they bothagreeon in thecourseof negotiation. Conversely,

theremaybea needto introducea new issue(s).Therefore,thereis a needfor a protocolthatnormatively

specifieshow thesetof issuesin negotiationcanbeamended.

Theprotocolfor establishinganew setof negotiatingissues(figure4.2)is isomorphicto thenegotiation

protocoldescribedin figure 4.1, with the exceptionthat the meaningof the primitivesandthe contentof

this protocol(a new setof issues)aredifferentto thenegotiationprotocolof figure4.1. Additionally, the

choiceof the initiator of this sub-protocolis strategically determinedby the agentwho wishesto initiate

this sub-protocolwhile executingthe negotiation protocol. The pre-negotiationphaseis omitted (since

the currentsetof issueshasalreadybeenagreed).The objectof negotiation,contract Ò , is replacedby a

new setof issuesÄ , andprimitivesproposeandtrade-off arereplacedby newset—a requestfor a new set

of issuesto be includedin to the negotiation. Eachnegotiatingagentcanstarta dialogueover a new set

of issuesS wherethe numbersreflect the samestateas the main negotiationprotocol. Thus, if agent ¾
startstheissuemanipulationdialoguewith theutterance¿¼ÁÔÓEµ�Á�dHK,¾ btÍ*bAÄ¶N while in state3 in thenegotiation

protocol,in figure4.1,thenthis resultsin thetransitionfrom state3 to state2 in thesubissue-manipulation

protocolin figure4.2). Eachagentcantheneitherproposea new set(transitionfrom state3 to 2, or 2 to 3,
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dependingon who startedthedialogue),accepttheother’sproposedset(state4) or withdraw andcontinue

with theoriginalset(state5). An agent’sstrategicalchoiceof theprotocolusageis capturedin thewrapper
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Figure4.2: TheIssueManipulationProtocol.

deliberationarchitecture(section4.3). However, beforethedeliberationarchitectureis formally specified,

first themeaningandrulesof communicationareinformally presentedin thenext section,followedby the

basicbuilding blocksof theformalization(section4.2).

4.1.2.1 NormativeRulesof theProtocol

Communicationamongtheagentsusingtheprotocolfollowsasetof normativerulesrepresentedassimple

if-then rules.Thecontentof themessagesusedin theagentcommunicationlanguage(ACL, shown in fig-

ure1.1, section1.2) is shown in figure4.3 andconsistsof: oneof a limited numberof primitive message

types,theidentityof thesenderandtherecipient(bothagentidentifiers),andtheserviceconcernedthrough

thesetof negotiationissuesthatdescribethetermsandconditionsof serviceproductionandconsumption.

Additional information,andnot shown in figure4.3, maybe included(suchasthemessagenumber)that

facilitatesconversationmanagement.However, figure4.3 depictsthemainrequirementsof thecommuni-

cationprotocol.

The first threeprimitives(can-do,not-capableandcapable) are usedin the pre-negotiationstateof the

protocol. They provide “connection”capabilities,functioningto initiate negotiationfor a servicethat is

actuallyprovidedby a sellerandis requiredby a buyer. Notethat in this researchtheperformativecan-do

meanscapableof asopposedto it is permittedto.

Theagentsthenenternegotiationproperandusetheremainingcommunicationprimitivesto provision

services.The next four primitivesaremessagesthatagentsutter whenusingthe negotiationprotocolde-
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Action Content Semantics Context

can-do(a,b,s) Empty Sendera asksif therecipientb is, in principle,ableto provide theservices. Messagecanbesentby any agentatpre-negotiationphase.

not-capable(a,b,s) Empty. a informsb thatit is notcapableof s. Usedby a only in responseto a can-doactionat pre-negotiation

phase.

capable(a,b,s) Empty. a informsb that,in principle,it is capableof s. Usedby a only in responseto a can-doactionat pre-negotiation

phase.

propose(a,b, ) ) A singlecontractin-

formationobject.

a proposesto b thatb performsserviceundertheconditionsspecifiedin contractby) andcommunicatesthat the contractunderthe termsof ) hasa lower utility to a

thanthepreviousofferedcontractunderpreviouscontractterms.

Usedonly in responseto either an action of type proposeor

trade-off or startof initial state

trade-off (a,b, ) ) A singlecontractin-

formationobject.

a proposesto b thatb performsserviceundertheconditions ) describedin thecon-

tract that is on the tableandcommunicatesthat the contractunderthe terms ) has

equalutility to a thanthepreviousofferedcontractwith theterms.

Usedonly in responseto either an action of type proposeor

trade-off.

accept(a,b, ) ) Empty. a acceptsto performingtheserviceunderthecontract) thatis on thetable. Usedonly in responseto either an action of type proposeor

trade-off.

withdraw (a,b) Empty. a wishesto terminatethenegotiation. Usedonly in responseto either an action of type proposeor

trade-off.

newset(a,b, * ) A singlecontractin-

formationobject.

a proposesto b thatb performsserviceundera new setof conditions * . Usedonly in responseto eitheranactionof typepropose,trade-

off or newset

accept(a,b, * ) Empty. a acceptsnegotiationdialogueover theserviceundera new contractconditions * . Usedonly in responseto anactionof typenewset.

withdraw (a,b) Empty. a rejectsa newsetof serviceconditionsand resumesnegotiation dialogueover the

serviceundertheold contractconditions.

Usedonly in responseto anactionof typenewset.

Figure4.3: TheCommunicativeRules

scribedin figure4.1,andthelastthreearemessagesbelongingto theissuemanipulationprotocoldescribed

in figure4.2.Themeaningof eachof theseprimitivesis describedin thecolumnentitledsemantics.Rules,

in turn,representedascontextsin figure4.3,specifytheusageof theaboveprimitiveswhichall agentsmust

adhereto duringnegotiation.

Thebuilding blocksof theformalizationareintroducednext.

4.2 A Bilateral NegotiationModel

This sectionpresentsthedevelopedmodelfor representingagents’knowledgeaboutservices.This model

includes: i) the setof negotiationissues,their reservation valuesandimportancesaswell asthe domain

problemsolver’spreferencesovereachissue(section4.2.1),ii) therolesagentscanadoptin service-oriented

negotiation(section4.2.2),andiii) thethreadof offersandcounter-offersexchangedin negotiation(section

4.2.3).Theroleof thismodelis to supportthedecisionmakingfunctionalitiesof thewrapperduringmulti-

attributebilateralnegotiation.

4.2.1 Issues,Reservations,Weightsand Scores

The aim of this sectionis to formally representissues.This representationwill serve asa datastructure

duringthenegotiationprocess.An informal exampleof multi-issuenegotiationis presentedfirst, followed

by a formal treatment.

Theobjectaboutwhich agentsnegotiateis referredto asa contract ( Ò in figure4.1). Contractsrep-

resentthe bid (or offer) on the tableduring negotiationand the final contractat the endof a successful

negotiation. The contractstructureis derived almostexactly from the typesof legal contractwhich are
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oftenusedto regulatecurrentbusinesstransactions(Jenningset al. 2000a).

Figure4.4 is a samplecontractfrom the BT businessprocessmanagementdomain(section1.4.1).

The contractcontainsboth an identificationand a negotiationpart. The identificationpart is shown in

figure4.4by theslotsservicename, contract id, Serveragentandclient agent. Thesefeaturesfunctionto

uniquelyidentify thecontractundernegotiation.Thenegotiationpartis representedby theremainingslots

anddescribethe actualissuesagentsnegotiateover. Note that the any ambiguityover both the meaning

andthevalueof boththeidentificationandthenegotiationissuesis assumedto have beenresolvedat pre-

negotiationphaseof interaction. For example,it is assumedthat both agentsknow the meaningof the

contractattributeprice andalsohave a commonvalue(dollarsfor example).Theattributesof this sample

contractaredescribednext.

Theservicenameis theserviceto which theagreementrefersandcontract id is thecontract’sunique

identifier (coveringthe casewheretherearemultiple agreementsfor thesameservice).Serveragentand

client agentrepresenttheagentswhoarepartyto theagreement.Delivery typeidentifiestheway in which

theserviceis to beprovisioned—servicescanbeprovisionedin two differentmodesdependingontheclient

agent’s intendedpatternof usageandtheserver agent’s schedulingcapabilities:(i) one-off: theserviceis

provisionedeachandevery time it is neededandthe agreementcoverspreciselyoneinvocation;(ii) on-

demand:theservicecanbeinvokedby theclientonanas-neededbasiswithin agiventimeframe(subjectto

somemaximumvolumemeasurement).Thecontract’sschedulinginformationis usedfor serviceexecution

andmanagement—duration representsthe maximumtime the server can take to finish the service,and

start timeandend timerepresentthetime duringwhich theagreementis valid. In this case,theagreement

specifiesthatagentCSDcaninvokeagentDD to costanddesignacustomernetwork wheneverit is required

between09:00and18:00andeachserviceexecutionshouldtakenomorethan320minutes.Theagreement

alsocontainsconstraintssuchasthevolumeof invocationspermissiblebetweenthestartandendtimes,the

pricepaidperinvocation,andthepenaltytheserver incursfor everyviolation. Thepenaltymechanism,in a

similarmannerto theleveledcommitmentprotocolof Sandholm(section3.2.4),modelscommitments(see

section2.2.5).client info specifiestheinformationtheclientmustprovideto theserveratserviceinvocation

(in this caseCSD mustprovide the customerprofile) and reporting policy specifiesthe information the

server returnsuponcompletion.

Theseissuesare formally specifiednext. Let q ( q¹� ��¾ bAÍ�� ) representthe negotiatingagentsand ¥
(¥ ���O\�b>o.o.o2b�¿"� ) the issuesundernegotiation. The setof issuesin real world negotiationsis assumedto

be finite. Let YÃ`¡ f ã ÈÉq6¿¼`¡ beÈ ¾8Ü `¡ å be the intervalsof valuesfor quantitativeissue¥ acceptableby agentq . Valuesfor qualitative issues,in turn, aredefinedover a fully ordereddomain— YÃ`¡ f �,+ Ë�b>o�o>o>b + � � .
However, becausequalitative issuesdonothaveinterval valuesthey cannotbehandledin asimilar fashion

to quantitativeissues.Thesolutionto thisproblemis to redefineÈÉq6¿ §¡ or È ¾8Ü §¡ of aqualitativeissueasthe
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ContractName InstantiatedValues

servicename: cost& designcustomernetwork

contractid: a1001

server agent: DD

client agent: CSD

contractdelivery type: on-demand

duration:(minutes) 320

start time (GMT): 9:00

end time(GMT): 18:00

volume(perinvocation): 35

price: (percosting) 35

penalty(perlateness): 30

client info: customerprofile

reportingpolicy: customerquote

Figure4.4: SampleContract

maximumandminimumscoreof theissue.Thenotionof ascoreis introducedbelow, but ascoreinformally

meanstheutility of theissue’svalue.Theexpositionof themodelonly concentrateson quantitative issues.

Theextensionof thecurrentmodelthat formally modelsqualitative issuescanbefoundin (Matos,Sierra,

& Jennings1998).

Heretheformalismis restrictedto consideringissuesfor which negotiationamountsto determininga

valuebetweenanagent’sdefineddelimitedrange.Eachagenthasa scoringfunction
ê `¡ � Y `¡ � ã uáb�\Hå that

givesthescoreagentq assignsto a valueof issue¥ in therangeof its acceptablevalues.For convenience,

scoresarekeptin theinterval ã uçb>\>å .
Thenext elementof themodelof anissueis therelative importancethatanagentassignsto eachissue

undernegotiation. Ó `¡ is the importanceof issue¥ for agentq . Theweightsof agentsarenormalized,i.e.- Ë/. ¡ . � Ó�`¡ f�\ , for all q in ��¾ bAÍ�� . With theseelementsin place,it is now possibleto defineanagent’s

scoringfunction3 for acontract—thatis, for avalue Ü¹f�K,Ü(Ë3b>o.o2o.beÜ � N in themulti-dimensionalspacedefined

by theissues’valueranges: ê ` K,Ü Ngf 0Ë/. ¡ . � Ó `¡ ê `¡ K/Ü ¡ N (4.1)

Theadditive scoringsystemis, for simplicity, a function
ê §¡ thateitherincreasesor decreasesmono-

3Non-linearapproachesto modelingutility couldbeusedif necessary, without affectingthebasicideasof themodel.
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tonically. Theadditive scoringfunctionis a modelof how anagentcanconsolidateindividual preferences

over eachissueinto a singlepreference.The advantagesof this model, in comparisonto eliminationby

aspectsandlexicographicsemi-ordermodels,werediscussedin section3.2.6. In additionto these,if both

negotiatorsusesuchan additive scoringfunction, Raiffa showed it is possibleto computethe optimum

valueof Ü (see(Raiffa 1982),p.164).Furthermore,theindividualutility functionsthatareconsolidatedby

the additive scoringsystemneedto be reversible(denotedas
ê21 Ë¡ ) because,aswill be shown in section

4.5.2,thetrade-off mechanismrequiresamappingbackfrom a scoreof anissueto its value.

As anillustrationof theabovemodelconsiderthefollowing example.Let thesetof negotiationissues

for aserveragent¾ consistof �Aëç[*q
�HÁObeÅca�Ý/Æ ÈÉÁ8� —thepricerequiredto providetheserviceandthenumberof

serviceinstancesattainableby ¾ . In additionto this,let ¾ havethefollowing valuesã ÈÉqV¿ §3 ¯ `.ª
« b�ÈÉ¾OÜ §3 ¯ `®ª
« åÇfã2\�uçbA]3u3å and ã È¹q6¿ §²H¨ Û ©*°±« beÈ ¾OÜ §²H¨ Û ©*°D« å"fàã2\�btï*å . Also assume¾ views thepriceasmoreimportantthanthe

volumeby assigninga higherweightto price,where K�Ó §3 ¯ `®ª
« b Ó §²H¨ Û ©*°±« N±f Kjuáo îáb�uço ]8N . Finally, let thevalue

of anoffer Ü , for anissue¥ ,
ê §¡ K/Ü ¡ N , bemodeledasa linearfunction:ê §3 ¯ `.ª
« K/Ü 3 ¯ `.ª
« N¶f 465%7 â98,: 1 °D`2�<;5�7 â�8,:° § 4 ;5�7 â�8#: 1 °1`.� ;5�7 â98,:ê §²H¨ Û ©*°±« K,Ü ²H¨ Û ©*°D« N¶fy\±z 4>=�?A@ BDC : 1 °D`.�E;=�?A@ BDC :° § 4 ;=�?A@ BDC : 1 °1`.� ;=�?A@ BDC :

Now considertwo contracts,K%\�\8bAï8N and Ke\�ïábA]�N , offeredby a client Í to theserver ¾ . Giventheabove

parametersfor ¾ , thevaluefor thefirst offeredpriceby Í is K%\�\�zw\�uO|�]3uFz \�uON1f uço2\ , while thevaluefor

thefirst requestedvolumeis K%\FzhKVï z�\�|3ï�zh\�NEf u . The total valuefor theofferedcontractis thesum

of theweightedvaluesfor eachindividual issue(namely, 0.8*0.1+0.2*0=0.08). By thesamereasoning,the

valueof the secondcontractfrom Í is 0.55. Sincethe rationalactionis to maximizeutility, ¾ prefersthe

secondcontractofferedby Í .
4.2.2 Agentsand Roles

In service-orientednegotiations,agentscanundertake two possiblerolesthatare,in principle, in conflict.

Hence,for notationalconveniencetwo subsetsof agentsaredistinguished4, �±Â9Á�¿Çdeµ�f�p�Ý/q
Á�¿Çdeµ9�ÐÄ�Á�[*ÅOÁ�[3µ .

Romanlettersareusedto representagents;��b���Ë*b�� Ñ b>o�o>o will standfor clients, µ8bAµ�Ë*btµ Ñ b>o�o>o for serversand¾ b�¾áË�bAÍ*bAÀçbAÁ8b�o>o�o for non-specificagents.

In general,clientsandservershave opposinginterests,e.g. a client wantsa low price for a service,

whereasthe potentialserversattemptto obtain the highestprice. High quality is desiredby clients,but

not by servers,andso on. Note that rolescarry information. Thus,whereasan agentmay not know the

exact type of the other agent(its preferences),it can reasonablyassumethe directionof changeof the

preferencesof the other, accordingto its role. For example,increasingoffers for the valueof price are

4Thesubsetsarenot disjoint; anagentcanparticipateasaclient in onenegotiationandasaserviceprovider in another.
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valuedlessby a buyer and more by a seller. Therefore,in the spaceof negotiationvalues,negotiators

representopposingforcesin eachoneof thedimensions.In consequence,thescoringfunctionsverify that

given a client � anda server µ negotiatingvaluesfor issue ¥ , then if Ü ¡GFIH�¡ then (
ê ª¡ K/Ü ¡ N F ê ª¡ K H*¡ N

if f
ê í¡ K,Ü ¡ N=� ê í¡ K H*¡ N ). However, in a small numberof casesthe clientsandserviceprovidersmay have

a mutual interestfor a negotiationissue. For example,Raiffa citesa case(Raiffa 1982,pg. 133–147)in

which thePoliceOfficersUnionandtheCity Hall realize,in thecourseof their negotiations,thatthey both

want the police commissionerfired. Having recognizedthis mutual interest,they quickly agreethat this

courseof actionshouldbeselected.Thus,in general,wherethereis a mutualinterest,thevariablewill be

assignedoneof its extremevalues.Hence,thesevariablescanbe removedfrom the negotiationset. For

instance,theactof firing thepolicecommissionercanberemovedfrom thesetof issuesundernegotiation

andassignedtheextremevalue“done”.

4.2.3 Iteration of Offers: Threads

Oncethe agentshave determinedthe setof variablesover which they will negotiate(possiblyusing the

issue-manipulationprotocol,section4.1.2),the negotiationprocessbetweentwo agentsK,¾ bAÍ¹�w�±Â9Á�¿Çdeµ*N
consistsof an alternatesuccessionof offers andcounteroffers of valuesfor thesevariables(figure 4.1).

This continuesuntil anoffer or counteroffer is acceptedby theothersideor oneof thepartnersterminates

negotiation(e.g. becausethe time deadlineis reachedwithout anagreementbeingin place). Negotiation

canbeinitiatedby clientsor servers.

Thevectorof valuesproposedby agent¾ to agentÍ at time d is representedas Üçs§KJ ¬ andthevaluefor

issue¥ proposedfrom ¾ to Í at time d by Üms§6J ¬ ã ¥3å . For convenience,the modelassumesthat thereexists

a commonglobal time (thecalendartime) representedby a linearly orderedsetof instants,namely �Ðq6ÈÉÁ ,

andareliablecommunicationmediumintroducingnodelaysin messagetransmission(sotransmissionand

receptiontimesareidentical).Thecommontimeassumptionis not toostrongin applicationdomainswhere

offer andcounteroffersfrequenciesarenot high.

Definition 4 A Negotiation Thr eadbetweenagents ¾ bAÍ=� �±Â9Á�¿Çdeµ , at time d � ���Ðq6È Á , noted L s�M§KN ¬ , is

anyfinitesequenceof length ¿ of theform K/Ü s#O§KJ ¬ beÜ s�P¬ J § beÜ s�Q§KJ ¬ b>o>o�o�N with d�Ë�bed ÑSRTRKR � d � , where:

1. d ` è ËVU d ` , thesequenceis orderedover time,

2. For each issue ¥ , Üm`§KJ ¬ ã ¥�å���Y §¡ , where Y §¡ fÖã È¹q6¿ §¡ b�ÈÉ¾OÜ §¡ å for quantitativeissues,Ü ` è Ë¬ J § ã ¥3å �Y ¬¡ with qnf \�bALábtï9b>o�o>o , and optionally the last elementof the sequenceis one of the particles��¾c�H�HÁAëçd@b ÓÐq6deäçÀ8[�¾ Ói� .

A negotiationthreadis activeat time d � if Ýj¾cµ�dHK,L s M§KN ¬ NI|�º��¾c�H�HÁAëmd@b�ÓÐq6deämÀ�[�¾ Ói� , where Ýj¾cµ�dHKVN is a function

returningthelastelementin a sequence.



Chapter4. A Service-OrientedNegotiationModel 134

An offer is assumedto be valid (that is, the agentthat utteredit is committed)until a counteroffer

is received. If the responsetime is relevant, it canbe includedin thesetof issuesundernegotiation. For

notationalsimplicity, it is assumedthat d�Ë correspondsto the initial time value,that is d�ËÉf u . In other

words,thereis a local time for eachnegotiationthread,thatstartswith theutteranceof thefirst offer.

4.3 Responsiveand Deliberative Mechanisms

The negotiationand issueprotocols,describedin section4.1, do not prescribean agent’s behaviour; an

agentis freeto instantiateany valid traversalpathaccordingto its strategy. In thenext sectionthewrapper

decisionarchitectureis presented,which onceinstantiatedby a negotiatingagentdesigner, assistsanagent

in performingoff-line computationsaboutthedecisionsinvolvedin negotiation.

As mentionedin section2.2.4,agentsneedto addressthe following evaluatoryandoffer generation

decisionproblems:whatinitial offersshouldbesentout?,whatis therangeof acceptableagreements?,what

counteroffers shouldbe generated?,whenshouldnegotiationbe abandoned?andwhenis an agreement

reached?Thesedecisionproblemsareformally addressedin this chapterby developinga genericmodelof

negotiationfor thewrapper.

The offer generationcomponents(or what is referredto asthe mechanisms)of the architectureare

distinguishedfrom oneanotherby thefollowing properties:

1. thecomputationalandinformationalcostthemechanismincurson theagent

2. thesocialbenefitof themechanismfor thecommunityof agentsthatarenegotiating

Thefirst propertyis afeaturewhichdistinguishesthiswork from many of thegametheorymodels.The

provisioningof aserviceis arealtimeprocess.Thusservicesarerequiredwithin tight schedulingwindows

andanegotiationmechanismmustrespecttheagent’s time limits. Furthermore,negotiationis only asingle

elementof the agent’s deliberations. Other agentmodulesneeddeliberationresources.Therefore,the

negotiationwrappermustnot consumetoo muchof theagent’s resources.Agentsarealsoinformationally,

aswell as,computationallybounded.

Thesecondpropertyrelatesto theconcernfor thedesignof a mechanismthatachievessomemeasure

of social(or global) welfarefrom local processing.Using theseproperties,differentmechanismscanbe

distinguishedthatareconcernedwith the individual utility of theoutcomeswithout concernfor thesocial

welfare,andonesthatproduceoutcomesthatarebothindividually andjointly preferredby theagents.For

example,if a dealis requiredvery soonthennegotiationbetweenthe �OZ p�� and Ä�Zi� agentsis drivenby

concernfor adealthatis perhapsnotsociallyoptimalbut onethatis agreeableby bothagents.Ontheother

hand,for reasonsof globalgoodness(or socialwelfare)of thesystem,if thereis time to negotiatethenthe

samenegotiationbetweenthe �OZ p�� anda Ä¶Zi� mayinvolve bothagentssearchingfor dealsthatarenot



4.4. TheResponsiveMechanism 135

only individually rational,but mayalsobebeneficialto theotheragent.Additionally, in comparisonto the

formersearch,thelattersearchis likely to bemorecomputationalandinformationallycostly.

Giventheseproperties,threemechanismshave beendeveloped,namelyresponsive, trade-off andis-

suemanipulationmechanisms,which differentially implementtheseproperties.Figure4.5 describesthe

executionmodelof the agent’s reasoningduring negotiation. Given the negotiationdeadline( d §° § 4 ), the
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Figure4.5: FunctionalView of theAgentArchitecture.

opponent’s lastoffer ( Ü s ¬ J�§ ) andtheagent’s lastoffer ( Ü s 1 Ë§6J ¬ ) theresponsiveandtrade-off mechanismssi-

multaneouslycomputea new offer ( Üçs/½§6J ¬ ) while the issuemanipulationmechanismmay generatea new

setof negotiationissues.Themechanism’sevaluatorycomponent( � ¯ « í 3 ¨�� í `.²H«�bA��s ¯ § @« 1 ¨�Ú*Úáb��O` í%í ©*« 1 ° § � in

figure4.5) thenmakesthedecisionto eitheraccept( ¾c�H�HÁAëçd ) or reject( Ó�qVdeämÀ8[*¾ Ó ) theopponent’s lastofferÜms¬ J�§ , or offer the opponenta new contract( Üçs/½§KJ ¬ ) in the caseof responsive and trade-off mechanisms

or a new setof issues( ��Ä1� ) in the caseof issue-manipulation.The final choiceof which mechanism’s

suggestionto offer is handledby the meta-strategy module(section4.7). Theprocessesinvolved in each

mechanismaredescribednext.

4.4 The ResponsiveMechanism

Responsivemechanismsgenerateoffersandcounteroffersthroughlinearcombinationsof simplefunctions,

calledtactics. Tacticsgenerateanoffer, or counteroffer, for a singlecomponentof thenegotiationobject

(or issue)usinga single criterion (time, resourcesor the behaviour of other agents). Thesecriteria are
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motivatedby an agent’s computationalandinformationalboundedness.For example,the time limits and

theresourcesusedin negotiationsofar, directlyconstrainthegranularityof thesearchfor anoutcome.With

increasingtime limits or on-linecosts,anagentmaypreferdealsof lowerscorethanonesthatarehigherin

scorebut whichmaybeunattainablegiventhetimeandresourceconstrains.Likewise,uncertaintyof others

canin thesimplestwaybehandledby reproducingother’sbehaviour (Axelrod1984).A moresophisticated

uncertaintyhandlingmethodologyis presentedlater, but thereproductionof others’behaviour hasprovento

bea highly successful,andcomputationallysimple,interactionstrategy (Axelrod1984).Differentweights

in the linearcombinationallow the varying importanceof thecriteria to bemodeled.For example,when

determiningthevaluesof anissue,it mayinitially bemoreimportantto take into accounttheotheragent’s

behaviour thantheremainingtime. In which case,thetacticsthatemphasizethebehaviour of otheragents

will begivengreaterprecedencethanthetacticswhich basetheir valueon theamountof time remaining.

However, agentsneedto monitor and be responsive to their changingenvironment. Therefore,to

achieve flexibility in negotiation, the agentsmay wish to changetheir ratingsof the importanceof the

differentcriteria over time. For example,remainingtime may becomecorrespondinglymore important

thantheimitation of theother’sbehaviour asthetimeby which anagreementmustbein placeapproaches.

This modifying behaviour is referredto asa strategy andit denotesthe way in which an agentchanges

theweightsof thedifferenttacticsover time. Thus,strategiescombinetacticsdependingon thehistoryof

negotiationsandtheinternalreasoningmodelof theagents,andnegotiationthreadsinfluenceoneanother

by meansof strategies(seesection4.4.3).

4.4.1 Evaluation Decisions

Whenagent¾ receivesanoffer from agentÍ at time d , Üms¬ J�§ (representedas H in figure4.5),it hasto ratethe

offer usingits scoringfunction. If thevalueof
ê § K/Üms¬ J�§ N is greaterthanthevalueof thecounteroffer agent¾ is readyto sendat thetime d%´ whentheevaluationis performed,thatis Ü s/½§6J ¬ with d%´WU d ( Ü ´WU H in figure

4.5),thenagent¾ accepts.Otherwise,thecounteroffer is submittedby themechanismto themeta-strategy

component.Expressingthis conceptmoreformally:

Definition 5 Givenan agent ¾ andits associatedscoringfunction
ê § , ¾ ´ µ interpretation ( � ) at time d ´ of

an offer Üms¬ J�§ sentat time d¸v d ´ , is definedas:

�8¯ « í 3 ¨�� í `.²H«§ K/d ´ b�Ü s ¬ J § N¶f
XYYYZ YYY[ ÓÐq6deäçÀ8[�¾ Ó�K,¾ bAÍ>N If d ´ U d §° § 4¾c�H�HÁAëçdHKj¾mbtÍ*beÜms¬ J § N If

ê § K/Üçs¬ J § N F ê § K/Üçs/½§KJ ¬ N
offer K,¾ bAÍ�beÜçs/½§KJ ¬ N a*deäçÁ�[çÓÐq%µ�Á

where Üçs/½§6J ¬ is the contract that agent ¾ would offer to Í at the time of the interpretationand d §° § 4 is a

constantthat representsthetimebywhich ¾ musthavecompletedthenegotiation.
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The result of � ¯ « í 3 ¨�� í `.²H«§ K/d ´ b�Üçs¬ J § N is one of the primitivesspecifiedin the negotiation protocol (figure

4.1 section4.1.1). Theprimitive offer is usedto extendthecurrentnegotiationthreadbetweentheagents

with a new offer Üms/½§6J ¬ ( Ò in figure4.1). Theprimitives ¾c�H�>Á�ëmd and ÓÐq6deäçÀ8[�¾ Ó terminatethe negotiation.

The evaluationfunction can also be viewed as representingthe goal-testfunction of section2.2.8 that

evaluateswhethera goalstatehasbeenreachedor not (anagreementin the form of cross-over in offers).

This interpretationformulationalsoallows modelingof thefact thata contractunacceptabletodaycanbe

acceptedtomorrow merelyby thefactthattimehaspassed.

4.4.2 Offer GenerationDecisions—Tactics

In orderto prepareacounter-offer, Üçs/½§6J ¬ , agent¾ usesasetof simplefunctionscalledtactics, thatgenerate

new valuesfor eachvariablein thenegotiationset.Thefollowing familiesof tacticshavebeendeveloped:

1. Time dependent. If an agenthasa time deadlineby which an agreementmustbe in place,these

tacticsmodelthefactthattheagentis likely to concedemorerapidlyasthedeadlineapproaches.The

shapeof thecurve of concession,a functiondependingon time, is whatdifferentiatestacticsin this

set.

2. Resource dependent. Thesetacticsmodel the pressurein reachingan agreementthat the limited

resources—e.g.remainingbandwidthto beallocated,money, or any other—andtheenvironment—

e.g numberof clients, numberof servers or economicparameters—imposeupon the agent’s be-

haviour. Thefunctionsin this setaresimilar to thetime dependentfunctionsexceptthat thedomain

of thefunctionis thequantityof resourcesavailableinsteadof theremainingtime.

3. Behaviour dependentor Imitati ve. In situationsin which the agentis not undera greatdealof

pressureto reachan agreement,it may chooseto useimitative tacticsto protectitself from being

exploitedby otheragents.In this case,thecounteroffer dependson thebehaviour of thenegotiation

opponent.Anotherfunction of this tactic family is to provide default behaviourswhenthereis un-

certaintyaboutwhat actionto take (seesection2.2.6). The imitation of others’behaviour canthus

serve asa default actionwhenanagentis uncertainaboutwhatto do next. Thetacticsin this family

differ in which aspectof their opponent’s behaviour they imitateandto whatdegreetheopponent’s

behaviour is imitated.

This set of tactics is motivatedby the domaincharacteristicsof many typesof problemsmentionedin

section1.4.3,wherethetime andresourcesof anagentandthebehaviour of otheragentsarekey features.

Unlike themodelsof chapterthree,thesetacticsexplicitly motivaterationalesfor concessionsor demands,

basedon a numberof environmentalandbehavioural characteristics.They determinehow to computethe

valueof an issue(price, volume,duration,quality, ...), by consideringa singlecriterion (time, resources,
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...). Thesetof valuesfor thenegotiationissuearethentherangeof thefunctionandthesinglecriterionis

its domain.

Giventhatagentsmaywantto considermorethanonecriterionto computethevaluefor asingleissue,

thegenerationof counterproposalsis modeledasa weightedcombinationof differenttacticscoveringthe

setof criteria.Thevaluessocomputedfor thedifferentissueswill betheelementsof thecounterproposal.

5 For instance,if an agentwantsto counter-proposetaking into accounttwo criteria: the remainingtime

andthepreviousbehaviour of theopponent,it canselecttwo tactics:onefrom thetime dependentfamily

andonefrom theimitativefamily. Bothof thesetacticswill suggestavalueto counterproposefor theissue

undernegotiation.Theactualvaluewhich is counterproposedwill betheweightedcombinationof thetwo

independentlygeneratedvalues.

To illustrate thesepoints considerthe following example. Given an issue ¥ , for which a value is

undernegotiation,an agent¾ ’s initial offer correspondsto a valuein the issue’s acceptableregion, (i.e inã È¹q6¿ §¡ beÈ ¾OÜ §¡ å/N . For instance,if ¾ ´ µ rangeis ã�Î±uçb>ÎÐ]3u*å for theprice ë to payfor agood,thenit maystartthe

negotiationprocessby offeringtheserver Î�\�u —whatinitial offer shouldbechosenis somethingtheagent

canlearnby experience.Theserver, agentÍ , with rangeã2Î�\]\Ob�Î±L8ï�å maythenmakeaninitial counter-offer

of ÎÐ]8ï . With thesetwo initial values,thestrategy of agent¾ mayconsistof usinga (singlecriterion)time

dependenttacticwhich might make a reasonablylargeconcessionandsuggestÎ�\�ï sinceit doesnot have

muchtime in which to reachan agreement.Agent Í , on the otherhand,may choseto usetwo criteria to

computeits counterproposal—e.ga time dependenttactic(whichmight suggestasmallconcessionto ÎÐ]3ð
sinceit hasa long time until thedeadline)andan imitative tactic (which might suggesta valueof ÎÐ]3u to

mirror the ÎÐï shift of theopponent).If agentÍ ratesthetimedependentbehaviour threetimesasimportant

astheimitativebehaviour, thenthevalueof thecounter-offerwill be Kjuáo�\3ï_^"]3ðONál�K,uáo ]�ï_^"]�u8N¼f�ÎÐ]3L . This

processcontinuesuntil theagentsconvergeon a mutuallyacceptablesolution.Theorigin, andsubsequent

evolution of theserelative weightingsmay be the resultof expert domainknowledge,experiencederived

from previousnegotiationcases,or conditionalonotherfactors.

It shouldbenotedthatnot all tacticscanbeappliedat all instants.For instance,a tactic that imitates

thebehaviourof anopponentis only applicablewhentheopponenthasshown its behaviour sufficiently. For

thisreason,thefollowing descriptionof thetacticspaysparticularattentionto theirapplicabilityconditions.

4.4.2.1 TimeDependentTactics

In thesetactics,the predominantfactorusedto decidewhich value to offer next is time, d . Thus these

tacticsconsistof varying the acceptancevaluefor the issuedependingon the remainingnegotiationtime

(an importantrequirementin the target problemdomains—section1.4.3),modeledas the above defined

constantd §° § 4 . The initial offer is modeledasbeinga point in the interval of valuesof the issueunder

5Valuesfor differentissuesmaybecomputedby differentweightedcombinationsof tactics.
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negotiation.Hence,agentsdefinea constant̀ §¡ thatwhenmultipliedby thesizeof theinterval, determines

thevalueof issue¥ to beofferedin thefirst proposalby agent¾ .

The value to be utteredby agent ¾ to agent Í for issue ¥ is modeledas the offer at time d , withu � d¸� d §° § 4 , by a function a §¡ dependingon timeasthefollowing expressionshows:

Ü s §KJ ¬ ã ¥�åÇf XZ [ ÈÉqV¿ §¡ lba §¡ K,deNHK/È ¾OÜ §¡ z{È¹q6¿ §¡ N If
ê §¡ is decreasingÈÉqV¿ §¡ l�Ke\Ðzca §¡ K,deNeNHK,ÈÉ¾OÜ §¡ zìÈÉq6¿ §¡ N If
ê §¡ is increasing

A wide rangeof time dependentfunctionscanbe definedsimply by varying the way in which a §¡ K/deN is

computed.However, functionsmustensurethat uÉ�da §¡ K/deNF�£\ , a §¡ K,uONDfe` §¡ and a §¡ K,d §° § 4 NÐfà\ . That is,

theoffer will alwaysbebetweenthevaluerange,at thebeginningit will give ` §¡ asa resultandwhenthe

time deadlineis reachedthe tacticwill suggestto offer the reservationvalue6. Two familiesof functions

with this intendedbehaviour aredistinguished:polynomialandexponential(naturally, otherscouldalsobe

defined).Both familiesareparameterizedby a value fy� � � è that determinesthe convexity degree(see

Figure4.6)of thecurve. Thesetwo familiesof functionswerechosenbecauseof theverydifferentwaythey

modelconcession.For thesamelargevalueof f , thepolynomialfunctionconcedesfasterat thebeginning

thantheexponentialone,thenthey behavesimilarly. For a smallvalueof f , theexponentialfunctionwaits

longerthanthepolynomialonebeforeit startsconceding:^ Polynomial: a §¡ K/deN¸fg` §¡ lhK%\±zh` §¡ NHK °D`.�ji�sAk s,;C ;�lKms ;C ;�l N On^ Exponential: a §¡ K/deNgfhÁ i Ë 1 C â M]o!p,q p ;C ;�lTrp ;C ;�l m nts utv ;w
In comparisonto Kasbah(section3.2.9)thatonly modelsthreeoffer generationfunctions,thesefamilies

of functionsrepresentan infinite numberof possibletactics,onefor eachvalueof f . However, to better

understandtheir behaviour they areclassified,dependingon thevalueof f , into two extremesetsshowing

clearlydifferentpatternsof behaviour. Othersetsin betweenthesetwo couldalsobedefined:

1. Boulware 7 tactics [(Raiffa 1982),pg. 48]. Eitherexponentialor polynomialfunctionswith f vx\ .

This tactic maintainsthe offeredvalueuntil the time is almostexhausted,whereuponit concedes

up to the reservation value8. The behaviour of this family of tacticswith respectto f is easily

6Thereservationvaluefor issuex of agenty representsthevaluethatgivesthesmallestscorefor function z_{| . Thefunction z}{|
dependson the reservation value for agent y and issuex —the range � ~��9��{| U,~�yK��{| � . If z}{| is monotonicallyincreasing,thenthe

reservationvalueis ~��9��{| ; if it is decreasingthereservationvalueis ~�y6��{| .

7LemuelBoulwarewasavice-presidentof theGeneralElectricCompany, whorarelymadeconcessionsin wagenegotiations.His

strategy wasto startwith whathedeemedto bea fair openingbid andheldfirm throughoutthenegotiations.

8Besidesthepatternof concessionthatthesefunctionsmodel,Boulwarenegotiationtacticspresumethattheinterval of valuesfor

negotiationis narrow. Hence,whenthedeadlineis reachedand � Q�� {� {D� Xt�{� , theoffer generatedis not substantiallydifferentfrom

theinitial one.
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Figure 4.6: Polynomial (left) and Exponential(right) Functionsfor the Computationof aþý�ÿ�� . Time is

PresentedasRelative to ÿ §° § 4 .
understoodtaking into accountthat ������� J
	�� Á i Ë 1� â M>o!p,q p ; ;�l>rp ; ;�l � nts utv ;��� ` §� and ������� J�	�� ` §��� ý����` §� �Ký °���� i��Ak �,; ;�l �� ; ;�l � On � ` §� .
TheBoulwaretacticscanbeselectedasa techniqueto handleuncertainty(seesection2.2.6.2);when

others’preferencesareunknown, thenonepossiblestrategy is to remainfirm anddemandthesame

throughoutthenegotiation.

2. Conceder [(Pruitt 1981), pg. 20]. Either exponential or polynomial functions with f U� . The agent quickly goes to its reservation value. For similar reasonsas before, we have����� � J
 "! Á i Ë 1� â M>o!p,q p ; ;�l rp ; ;�l � nts utv ;�
� � and ����� � J
 "! ` §�#� ý��$�h` §� �Ký °����ji��Ak �,; ;�l �� ; ;�l � On � � .
Resource-dependenttacticsare similar to the time dependentones. Indeed,time dependenttacticscan

be seenas a type of resourcedependenttactic in which the sole resourceconsideredis time. Whereas

time vanishesconstantlyup to its end,other resourcesmay have differentpatternsof usage. Time and

resourcedependenttacticsarealsosimilar in that they areboth an attemptto modelboundedrationality

(seesection2.2.8),in thatthey attemptto generatesuccessfuloutcomesgiventheavailableinformationand

computationalresources.Resourcedependenttacticsaremodeledin thesamewayastimedependentones;

that is, by usingthesamefunctions,but by either: i) makingthevalueof ÿ §° § 4 dynamicor ii) makingthe

function a dependon anestimationof theamountof a particularresource.

4.4.2.2 DynamicDeadlineTactics

Thedynamicvalueof ÿ §° § 4 representsaheuristicaboutthequantityof resourcesthatarein theenvironment.

Thescarcertheresource,themoreurgenttheneedfor anagreement.In thetargetapplicationdomains,the

mostimportantresourceto modelis thenumberof agentsnegotiatingwith agivenagentandhow impatient

they are to reachagreements.On onehand,the greaterthe numberof agentswho arenegotiatingwith

agent ¾ for a particularservice µ , the lower the pressureon ¾ to reachan agreementwith any specific

individual. While on theotherhand,thelongerthenegotiationthread,thegreaterthepressureon ¾ to come



4.4. TheResponsiveMechanism 141

to an agreement.Hence,representingthe setof agentsnegotiatingwith agent ¾ at time ÿ as: % § ý,ÿ�� �&(' ³ L)�� N�§ is active* , thedynamictimedeadlinefor agent¾ is definedas:

ÿ §° § 4 �,+ § ³ % § ý�ÿ�� ³ Ñ- � ³ L �� N § ³
where

+ § representsthe time agent ¾ considersreasonableto negotiatewith a singleagentand ³ L-�� N § ³
representsthe lengthof the currentthreadbetween

'
and ¾ . Notice that the numberof agentsis in the

numerator, soquantityof time is directly proportionalto it, andaveragedlengthof negotiationthreadis in

thedenominator, soquantityof time is inverselyproportionalto it.

4.4.2.3 ResourceEstimationTactics

The resourceestimationtacticsgeneratecounter-offers dependingon how a particularresourceis being

consumed.Resourcescould be money being transferredamongagents,the numberof agentsinterested

in a particularnegotiation,andalso, in a similar way asbefore,time. The requiredbehaviour is for the

agentto becomeprogressively moreconciliatoryasthe quantityof resourcediminishes.The limit when

thequantityof the resourceapproachesnil is to concedeup to thereservationvaluefor the issue(s)under

negotiation.Whenthereis plentyof resource,a moreBoulwarebehaviour is to beexpected.Formally, this

canbemodeledby having adifferentcomputationfor thefunction a :

a §� ý�ÿ�� � ` §� � ý��.�h` §� �%Á 1 ¯ « í ¨�© ¯ ª
«(;]i�� �
wherethefunction /�Á�µ(0*Æ1/32HÁ § ý�ÿ�� measuresthequantityof theresourceat time ÿ for agent¾ . Examplesof

functionsare:4 /*Á�µ(0*Æ5/62>Á § ý�ÿ�� � ³ % § ý,ÿ�� ³4 /*Á�µ(0*Æ5/62>Á § ý�ÿ�� �,+ §87 9 ;Ti�� � 7 P: â 7 ; pâ�< ; 74 /*Á�µ(0*Æ5/62>Á § ý�ÿ�� � ����= ý?>A@�ÿB� ÿ §° § 4 �
In thefirst example,thenumberof negotiatingagentsis theresource.Thatis, themoreagentsnegotiating

thelesspressureto makeconcessions.Thesecondexamplemodelstimeasaresourcein asimilarwayasin

theprevioussection.Themoreagents,thelesspressure,andthelongerthenegotiationsthemorepressure.

Finally, thelastcasealsomodelstime asa resource,but in this casethequantityof resourcedecreasesin a

linearfashionwith respectto time.

4.4.2.4 Behaviour DependentTactics

This family of tacticscomputethe next offer basedon the previous attitudeof the negotiationopponent.

Thesetacticshave provedimportantin co-operativeproblem-solvingnegotiationsettings(Axelrod1984),
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andsoareusefulin asubsetof theproblemcontexts(seeSection1.4.3).LikeBoulwaretactics,thesetactics

canalsobeselectedfor asa techniquefor handlinguncertainty. However, whereasBoulwaretacticshandle

the uncertaintyof strategic interactionby ignoring the behaviour of the opponent,thesetacticscondition

their actionson theobservedbehaviour of theother(s).

The main differencebetweenthe tacticsin this family is in the type of imitation they perform. One

family imitatesproportionally, anotherin absoluteterms,and the last one computesthe averageof the

proportionsin anumberof previousoffers.Hence,givenanegotiationthread

&DCECFC @�Ü � MHG PJI¬ J § @eÜ � MHG PJI � O§KJ ¬ @eÜ � M3G PKI � P¬ J § @ CFCEC @eÜ ��M3G P¬ J�§ @�Ü ��MHG O§6J ¬ @eÜ � M¬ J�§ *
with L F � , thefollowing familiesof tacticsaredistinguished:

1. Relative Tit-For-Tat: The agentreproduces,in percentageterms,the behaviour that its opponent

performedL F � stepsago.Theconditionof applicabilityof this tacticis ¿ U,MHL .
Ü � M � O§6J ¬ ã N3å � È ' ¿_ý/È ¾8Ü ý Ü � M3G PKI¬ J�§ ã N3åÜ � M3G PKI � P¬ J�§ ã N�å Ü � M3G O§6J ¬ ã N�åJ@�È ' ¿ §� �O@�ÈÉ¾OÜ §� �

2. Random Absolute Tit-For-Tat: The sameasbeforebut in absoluteterms. This meansthat if the

otheragentdecreasesits offer by Î.M , thenthe next responseshouldbe increasedby the same Î$M .
Moreover, acomponentis addedwhichmodifiesthatbehaviour by increasingor decreasing(depend-

ing on thevalueof parameterµ ) thevalueof theanswerby a randomamount.This randomelement

is introducedto enabletheagentsto escapefrom a loop of non-improving contractoffers,or a local

minimain thesocialwelfarefunction(meaningthatthecontractsbeingexchangedhavethesameutil-

ity to bothagents).P is themaximumamountby whichanagentcanchangeits imitativebehaviour.

Theconditionof applicabilityis again¿ UQMHL .
Ü � M � O§KJ ¬ ã N�å � È ' ¿_ý,ÈÉ¾OÜ ý,Ü � MHG O§6J ¬ ã N3å � ý,Ü ��M3G PKI¬ J § ã N�åR�{Ü ��MHG PJI � P¬ J § ã N�åS� � ý��
�(� í�T ý?PU�O@�È ' ¿ §� �V@eÈ ¾8Ü §� �

where

µ � XZ [ > If
ê §� is decreasing� If
ê §� is increasing

and T ý?PU� is a functionthatgeneratesa randomvaluein theinterval ã >R@WP�å .
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3. AveragedTit-For-Tat: Theagentcomputestheaverageof percentagesof changesin a window of

size X F � of its opponentshistorywhendeterminingits new offer. When X � � the behaviour is

similar to the relative Tit-For-Tat tacticwith L � � . Theconditionof applicability for this tactic is¿ U,M6X .

Ü ��M � O§6J ¬ ã N�å � È ' ¿_ý,ÈÉ¾OÜ ý Ü � MHG PZY¬ J § ã N�åÜ ��M¬ J § ã N�å Ü ��M3G O§6J ¬ ã N�åK@eÈ ' ¿ §� �V@eÈ ¾OÜ §� �
Differenttit-for-tat tacticsweredesignedto empiricallyevaluate,similar to thetournamentgamesof

Axelrod(Axelrod1984),therelativesuccessof differentmannersin reproducingbehaviour of others.

4.4.3 StrategicReasoning—Strategies

Theaimof agent¾ ’snegotiationstrategy is to determinethebestcourseof action(seesection2.2.4)which

will resultin anagreementon a contractÜ while keeping
ê § ashigh aspossible.However, maximization

of thescoringfunction(ataskof thewrapper)mustconsiderchangesin theagent’senvironment.This task-

environmentcouplingis neededbecausean agent’s behaviour shouldchangeasthe environmentchanges

(hencethe nameresponsive for themechanism).In practicalterms,this equatesto how to preparea new

counteroffer, takinginto considerationa numberof everchangingfactors.

In themodel,anagenthasa representationof its mentalstatecontaininginformationaboutits beliefs,

its knowledgeof theenvironment(for example,time or resources),andany otherattitudes(desires,goals,

obligationsor intentions)theagentdesignerconsidersappropriate9. Thementalstateof agent¾ at time ÿ is

notedas PyÄ[�§ . Thesetof all possiblementalstatesfor agent¾ is denotedas PyÄ § .

Whenagent ¾ receivesan offer from agent Í , it becomesthe last elementin the currentnegotiation

threadbetweenthe agents.If the offer is unsatisfactory, agent ¾ generatesa counteroffer. As discussed

earlier, differentcombinationsof tacticscanbe usedto generatecounteroffers for particularissues.An

agent’s strategy determineswhich combinationof tacticsshouldbeusedat any oneinstant(this conceptis

similar to theconceptof mixedstrategiesin gametheoreticmodels(Gibbons1992)).

Definition 6 Given a negotiation thread betweenagents \ and ] at time ÿ � , L � M^ N ¬ , over domain _ �
_a`cb RTRKR b�_ 3 , with d?\feTÿ6ý,L � M^ N ¬ � �hg � M¬ J ^ , anda finitesetof i tactics10 j ^ � &Ek �Wl k �nm PUo ^�p _rq �Zsut ` k v�w ,
a weighted counter proposal,

g ��M � O^ J ¬ , is a linear combinationof the tacticsgivenby a matrix of weightsx ��M � O^ J ¬
9Thereis no prescriptionof a particularmentalstate,but ratherthis work aimstowardsan architecturallyneutraldescriptionto

ensuremaximumgeneralityfor themodel.

10This definitionusesthenaturalextensionof tacticsto themulti-dimensionalspaceof issues’values.
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x ��M � O^ J ¬ �
yzzzzzz{
XR`|`}XA`�~ CFCEC XA` vXu~�`}Xf~W~ CFCEC Xf~ v

...
...

...
...X 3 `�X 3 ~ CFCEC X 3 v

�F�������
definedin thefollowingway:

g � M � O^ J ¬D� N�� � ý x � M � O^ J ¬ ^ j ^ ýJPUo � M � O^ ��� � ND@KNH�
where ý j ^ ýJPUo � M � O^ ��� � ' @KNH� � ý k � ýJPUo � M � O^ �|� � NH� , X � �n� � >A@F�F� andfor all issuesN , - v��� ` X � � � � .

The weightedcounterproposalextendsthe currentnegotiationthreadasfollows ( 4 is the sequence

concatenationoperation): L � M � O^ N ¬ � L ��M^ N ¬ 4 g � M � O^ J ¬
Many-party negotiationsaremodeledby meansof a setof interactingnegotiationthreads.The way this

is doneis by makinga negotiationthreadinfluencetheselectionof which matrix
x

is to beusedin other

negotiationthreads.Thus,

Definition 7 Given \5@�] ���$�u�(� ÿ�e , a Negotiation Strategy for agent \ is anyfunction � such that, given\ ’s mentalstateat time ÿ � , PUo �S�^ , anda matrix of weightsat time ÿ � , x �S�^V� ¬ , generatesa new matrix of

weightsfor time ÿ �  ` , i.e.

x � � �f�^V� ¬ � �}ý x �S�^V� ¬ @WPUo � �^ � (4.2)

A simplisticexampleof theapplicationof themodelwould beto havea matrix
x

built up of > sand � sand

having
x �  `^V� ¬ � x � ^V� ¬ for all ÿ . This would correspondto usinga fixedsingletacticfor eachissueat every

instantin thenegotiation.Consideranotherexampleof whenaweightedcombination,asopposedto binary

andstaticweighting,could be useful. The exampleinvolvesnegotiationbetweenthe ��� (Vet Customer

agent)andthe �
on_ (CustomerServiceDepartmentagent)for the � � ÿ �#��eTÿ�06i � / service,takenfrom the

ADEPT application(section1.4.1).For simplicity assumethat thereis only a singleissue,thepriceof the

service.Furtherassumethatbothagentsarecurrentlyunderno timepressureto reachanagreement.Given

theseconditionsthenbothagentsmaybeginnegotiationby assigningavalueof 1 to theBoulwaretacticand

0 to all others.However, aftertheexchangeof a numberof offersandanincreasein timepressureto reach

a deal,one(or both) of the agent(s)may begin to reducethe weightingof the Boulwaretactic andbegin

to placehigherweightingon the Concedertactic (believing that concessionmay result in an agreement

beingreachedsoonerratherthanlaterin thenegotiation).Thisexampleinformally showstheusefulnessof
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strategiesin modelingasmoothtransitionfrom abehaviour basedonasingletactic(e.g.Boulware,because

theagenthasplentyof time to reachanagreement)to anotherone(e.g.Conceder, becausetime is running

out). Smoothnessis obtainedby changingtheweightsaffectingthetacticsprogressively (e.g. from 1 to 0

andfrom 0 to 1 in theexample).Thecurrentmodelhasbeenextendedto includetheevolutionof strategies

(Matos,Sierra,& Jennings1998).

4.4.4 Functional Ar chitecture of the ResponsiveMechanism

The above model is a genericdescriptionof the componentsof the responsive mechanism.It is generic

becausetherecanbe an infinite numberof tactics(and their correspondingstrategies)—themodeldoes

not commit to any particularagentarchitectureby specifyingthatan agent’s decisionmechanismshould

be describedthrough % tacticsandtheir correspondingstrategies. However, for practicalpurposesagent

architecturesareneededthatcommitto aconcreteinstantiation,andfollow from, thisgenericmodel.A re-

sponsiveagentarchitecturehasbeendevelopedto empiricallyevaluatethebehaviour of differenttacticsand

strategies(describedin thenext chapter),andwhich canbeusedastheresponsive mechanismcomponent

of thenegotiationwrappershown in figure1.1.

The overall architectureof this responsive mechanismis shown in figure 4.7. The boxes labeled

Expo/Poly, resourceandtit-4-tat representthetime, resourceandbehaviour dependenttacticsrespectively.

Theunfilled ovalsrepresenttheinput parametersinto boththetacticsand,possibly, thestrategy. Thelatter

inputsarethe possiblesetof inputsbecausein the formal modelnothingis saidaboutthe actualmental

stateof theagent.Theoutputof eachtactic(theoffer suggestedby eachtactic,representedas
g1��Z� @ g1�� � @ g1� ¬K�

for thecontractoffer suggestedby thetime,resourceandbehaviour dependenttacticsrespectively) is repre-

sentedasfilled ovals.Theagent’sstrategy thenmodifiestheweightsattachedto eachtactic(representedby

boxedovals, labeled� �Z� @�� � � and � ¬K� , for weightsof the time, resourceandbehaviour dependenttactics

respectively). Thefinal offer, filled oval labeled
g1�

, is thencomputedasthesummationof individualoffers

from the tactics,afterbeingmodifiedby their strategy selectedweights,representedasthe � � operation.

Thevalueof this final offer, representedasfilled oval labeled� ý g5� � , is computedasthe linearsumof all

the issue’s weightedvalues,representedby the box � � � ��� ý g �� � . The responsive mechanismwasdevel-

opedasa setof simplefunctionsthat solvesthe decisionmakingproblemsof an agentgiven its limited

informationandcomputationalcapabilities.Thedecisionmechanismof thewrapperwasthenextendedby

two morecomplex (deliberative)mechanisms,namelyanissuetrade-off mechanism(section4.5.2)andan

issuemanipulationmechanism(section4.6). Thesedeliberativemechanismsarediscussednext.

4.5 The Trade-off Mechanism

Theresponsive mechanismimplementsan iteratedsearchfor a contractwith a valuethat is acceptableto

bothparties.The mechanismcanbe usedto modeliterative concessionover the scoreof the contractby
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Figure4.7: FunctionalView of theResponsiveMechanisms.Ovalsdepictsdatastructures,boxesprocesses,

andarrows,flow of information

anagent(basedonanumberof environmentalfactors,suchasthedeadlineor theamountof computational

resourcesused),until a point of intersection(or what will be referredto asa crossover of offers)occurs

betweenthe valueof the offeredcontractandwhat the agentis aboutto offer. Although this mechanism

proved useful in a numberof real-world applications(FIPA97 1997,Jenningset al. 2000a),crossover

evaluationis inefficient in that it fails to find joint gains,reachingoutcomesthat lie closerto the pareto-

optimalline (Gibbons1992).In particular, themechanismcannotdiscriminatebetweencontractsthathave

differentscoresfor theissues,but which have thesameoverall score(Corfman& Gupta1993).Therefore,

possiblejoint gainsaremissed.To improvetheefficiencyof theoutcome,while respectingtheinformation

andcomputationalconstraints,a trade-off mechanismhasbeendesignedthat searchesfor potentialjoint

gains. The interpretationcomponentof this mechanismis describedfirst in section4.5.1followedby the

offer generationmechanismin section4.5.2.

4.5.1 Trade-off MechanismEvaluation

Theevaluationof a contractfrom thetrade-off mechanismperspective involves:

� trade-off^ ý�ÿO@ g � ¬ ��^ � ������  ���¡
� ' ÿ�¢1£�/3\¤� ý?\1@�]V� If ÿ�¥ ÿ ^v ^O¦\f2V2 �W§ ÿ6ýZ\5@W]6@ g � ¬ ��^ � If � ^ ý g � ¬ ��^ ��¨©� ^ ý g �Kª `^V� ¬ �
trade-off ýZ\5@W]3@ g �S«^F� ¬ ��0]ÿ�¢ � /6� ' e �
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wherethecontentof theprimitive trade-off (
g �S«^V� ¬ or ¬ in figure4.1) is computedby thefunctiongivenin

equation4.4.Notethesimilarity betweenthetrade-off andresponsivemechanism(section4.4.1)evaluation

function. In both interpretations,negotiationterminatesunsuccessfullyfor thesamereason;whentheend

time of the negotiationhasbeenreached. However, the interpretationfunctionsdo differ. Negotiation

terminatessuccessfullyin theresponsive mechanismwhenthevalueof theofferedcontractis higherthan

theonetheagentis aboutto sendout (
g �S« ). Negotiationterminatessuccessfullyin thetrade-off mechanism

whenthevalueof theofferedcontractis higherthanthepreviousoffer of theagent(
g �Kª ` ). This is because,

as will be shown, the trade-off mechanismcan only hill-climb (in utility landscape)in the direction of

higherutility for theagentperformingthetrade-off. Therefore,theofferedcontract,from theotheragent,

hasto have a lower utility to the agentperformingthe trade-off. Likewise, any mechanismmustrespect

the time deadlinesof negotiation. As will be shown in this section,the real differencebetweenthe two

interpretationsarethemechanismsinvolvedin generatingtheprimitivesoffer andtrade-off.

In spiteof thesimilaritiesbetweenresponsiveandtrade-off interpretations(andaswill beshownbelow

in section4.6.1)theevaluationcomponentsof eachmechanismarefunctionallyseparatedfrom oneanother

(seefigure4.5). This separationof concernsbetweentheinterpretationcomponentof eachmechanismand

its respectiveoffer generationcomponentallows differentialandmodularreasoninginterpretationpolicies

to beadoptedfor eachmechanismaccordingto therequirementsof theagentdesigner.

4.5.2 Trade-off MechanismOffer Generation

In theresponsivemechanism,agentsproposeaseriesof contractsthathavediminishingscoreto themselves.

However, in choosingto make a trade-off negotiationactionanagentis seekingto find a contractthathas

thesamescoreasits previousproposal,but whichis moreacceptableto (hashigherscorefor) its negotiation

opponent.Therefore,whenanagentimplementsa trade-off mechanismit behavesasthoughit is motivated

to searchfor typesof outcomesthat increasejoint gains.Thenext sectionpresentsthedevelopedsolution

to theproblemof how to reasonabout“more acceptable”contractsgiventheuncertaintyof theopponent’s

preferences.

4.5.2.1 FuzzySimilarity

Thecomputationinvolvedin makinga trade-off over issuesin negotiationis likely to bemorecostly than

thesimpleresponsivemechanismsdescribedabove. However, anagentmaybecooperatively motivatedto

increasethejoint gainsoveranoutcomegiventhecostsinvolved.For example,two agentscanengagein a

moreelaboratesearchof thespaceof possibleoutcomesif oneor bothareunderno timepressuresto reach

anagreementsoon. Furthermore,the trade-off mechanismmustselecta contractthat increasesthe likely

scoreof theopponent,giventhat theagentdoesnot knowits preferences. This meansthat theagent(call

this \ ) in negotiationwith anotheragent(call this ] ) mustbeprovidedwith a mechanismto:
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1. selecta subsetof contractsall of which havethesameutility as \ � e previousoffer
g

2. selectfrom this subseta contract(
g5�

) thatagent\ believes(representedby thepredicate ^ ) is most

preferableby ] over
g

Thatis,  ^ ý?� ¬ ý g5� �.¥h� ¬ ý g ��� and � ^ ý g � � � ^ ý g5� � . It thereforefollows from thecombinationof this belief

and the fact that agent \ believesthe proposition  ^ ý?� ^ ý g � � � � ¬ ý g � �r¥®� ^ ý g � � � ¬ ý g ��� (
g �

increases

thejoint utility). Theproblembeingaddressedin this sectionis how to modeltheagent’s uncertainbelief

(predicate ^ ) in thesecondstepof themechanism’soperation.A numberof alternativeswereconsidered

(section2.2.6)andthesolutionsfrom gametheory(section3.1.6)enumeratesthevariouspossiblechoices

in modelinguncertainties.Computingconditionalprobabilitiesandformulatingsubjectiveexpectedutility

appearsa reasonablemethodologyfor handlingthe uncertaintiesinvolved. However, asnotedin section

2.2.6, the approachis problematic. Firstly, assigningprior probabilitiesis practically impossiblefor the

typesof problemsaddressedhere(wheretherecanbeaninfinitely largesetof outcomesandtheoutcome

setitself canchangedynamicallyin thecourseof negotiationthroughtheinclusionandretractionof issues).

Evenif assigningprior probabilitieswaspracticallyachievablefor interactionsthatarerepeated(henceper-

mitting theuseof probabilityupdatemechanismssuchasBayesrule (Russell& Norvig 1995)),thesame

is not truefor encountersin anopensystem—theprior probabilitiesmaysimply bewrong,exacerbatedby

theone-off natureof encounters,preventingtheupdateof prior distribution. Secondly, asmentionedpre-

viously, theformulationof decisionsbasedonsubjectiveexpectedutility introducesthesilentout-guessing

problem—theagentdesigner’s choiceof probabilitiesis basedon guessesaboutthe probablechoicesof

others,whosechoicein turn is dependenton theguessesabouttheprobablechoicesof thefirst.

Thereforeasolutionis soughtthatis simpleandapplicableto typesof problemspresentin bothclosed

andopensystems.The heuristicemployed in this thesisis not to directly modelthe likely choiceof the

other, but rather, to selectthe contractthat is most“similar” or “close to” to the opponent’s last proposal

(sincethis maybemoreacceptableto theopponent).That is, theheuristicmodelsthedomainandnot the

otheragent. The agentcanthenusethis domainmodelto inducethe possibledefault preferencesof the

other. For example,if thesellerhasdemandeda paymentof ¯.M�> for a servicethena client of theservice

canheuristicallyassumethat thesellerwill preferanoffer of ¯#�(° to ¯��E> becausetheformer is closer, or

moresimilar, thanthelatterto theinitial demandby theseller.

Theconceptof fuzzysimilarity canbeusedto computesimilarity (Zadeh1971).Thisshift in emphasis

from theprobablechoicesof othersto theclosenessof two contractsmeansthatany theorythatmakesthe

sameontologicalcommitmentsaslogic (suchasprobability theory, wherefactsareeithertrueor not and

probabilitiesrepresentthe degreeof belief) is inappropriate.However, whenmodelingconceptssuchas

closeness,tallnessor heavinessa differentlogic is requiredthatmodelsthedegreeof truth—a sentenceis

“sort of” true. Most peoplewould hesitateto saywhetherthe sentence“Carlesis tall” is true or not, but



4.5. TheTrade-off Mechanism 149

would morelikely say“sort of”. Note,this is not anuncertaintyabouttheexternalworld (wearesurehow

tall Carlesis), ratherit is a statementaboutthevaguenessor uncertaintyover thelinguistic term“tallness”

or similarity/membershipof a classprototype.However, animportantpoint to noteis that theuseof fuzzy

similarity andprobability arenot exclusive. Indeed,the agentcanusethe heuristicof fuzzy similarity to

derivetheprior probabilitiesof theother’schoicesfrom thedomainandthenupdatetheseprior probabilities

in the courseof interactionsusingBayesrule. Thus,fuzzy similarity canbeusedto “bootstrap”decision

mechanismsthatoperateon thebasisof choicedistributions.

The next sectiondescribesin more detail the notion of similarity and the developedalgorithm for

performingsuchtrade-offs.

4.5.2.2 Trade-offs: A FormalModel

An agentwill decideto make a trade-off actionwhen it doesnot wish to decreaseits aspirationallevel

(denoted± ) for a givenservice-orientednegotiation.Thus,theagentfirst needsto generatesome/allof the

potentialcontractsfor which it receivesthescoreof ± . Technically, it needsto generatecontractsthatlie on

theiso-value(or indifference)curve for ± (Raiffa1982).An iso-valuecorrespondsto fixing oneof the
g

or² valuesin thepair ý g @ ² � in figure3.1andthenselectinganiso-valueamountsto consideringonly contracts

onthatline. Becauseall thesepotentialcontractshavethesamevaluefor theagent,it is indifferentamongst

them. Given this fact, the aim of the trade-off mechanismis to find the contracton this line that is most

preferable(andhenceacceptable)to thenegotiationopponent(sincethis maximizesthe joint gain). More

formally, aniso-curveis definedas:

Definition 8 Givenan aspirational scoringvalue ± , theiso-curvesetat level ± for agent \ is definedas:' e(0 ^ ýS±¤� � & g l � ^ ý g � � ±uq (4.3)

Fromthisset,theagentneedsto selectthecontractthatmaximizesthejoint gain.A trade-off is thendefined

as:

Definition 9 Givenanoffer,
g
, fromagent \ to ] , anda subsequentcounteroffer, ² , fromagent ] to \ , with± � � ^ ý g � , a trade-off for agent \ with respectto ² is definedas:

trade-off ^ ý g @ ² � �h³�´|µ·¶¸³3¹º s��¼»%¨W½(¾�¿ � & o ' i ý?ÀR@ ² �Oq (4.4)

wherethesimilarity, o ' i , betweentwo contractsis definedasa weightedcombinationof thesimilarity of

theissues:

Definition 10 Thesimilarity betweentwo contracts
g

and ² over thesetof issuesÁ is definedas:

o ' icý g @ ² � �ÃÂ� sDÄ � ^� o ' i � ý g � @ ² � � (4.5)
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with Å � sDÄ � ^� � � and o ' i � being the similarity function for issue N . Theseweightsmay represent

the level of importancethe agentbelievesthe opponentplaceson issues.For example,an oil company

negotiator, in negotiationwith anecologist,maysafelyassumethat thepollution risksareweightedmore

importantlyby anecologistthantheoil productioncostswhenreasoningaboutwhatdealto offer.

Following theresultsfrom (Valverde1985),asimilarity functionthatsatisfiestheaxiomsof reflexivity,

symmetry, andt-norm transitivity canalwaysbe definedasa conjunction(modeled,for instance,as the

minimum)of appropriatefuzzy equivalencerelationsinducedby a setof criteriafunctions ¢ � . In fuzzy set

theory, t-norm, or triangularnorms,play a centralrole by providing genericmodelsfor intersectionand

unionoperationsonfuzzysets(Pedrycz& Comide1998).A criteriafunctionis a functionthatmapsvalues

from a givendomaininto valuesin � >A@E�V� . Correspondingly, thesimilarity betweentwo valuesfor issueN ,o ' i � ý g � @ ² � � is definedas:

Definition 11 Givena domainof values_ � , thesimilarity betweentwo values
g � @ ² � � _ � is:

o ' i � ý g � @ ² � � � Æ`OÇ � Ç v ý?¢ � ý g � �nÈÉ¢ � ý ² � �|� (4.6)

where
& ¢ ` @ CECFC @�¢ v q is asetof comparisoncriteriawith ¢ � m _a�� p � >A@E�V� and È is anequivalenceoperator.

Concretecriteriafunctionsaregivenin section5.4.1.3and ��� l ¢ ý g � �[�Ê¢ ý ² � � l is usedastheequivalence

operator(sincethis is a straightforwardmeasureof theabsolutedistancebetweentwo points).

Considerthe exampleof coloursin orderto illustratethe modelingof similarity in a given domain._ ª
¨�Ë2¨e© � » � & ² � d?dZ06��@|Ì ' 03d � ÿO@|iÍ\ �u�(� ÿ�\1@ � / �6�(� @|2 ² \ � @�/ � £1@ CFCEC q . In orderto modelhow ‘similar’ two given

coloursare, different perceptive criteria can be considered.For instance,thereare ‘warm’ coloursand

‘cold’ colours. With respectto this criterion, yellow andorange aremoresimilar that yellow andviolet.

Relatedto the‘warmness’of colours,Newton(Newton1972)establishedin 1666theproportionalityfactors

betweencoloursthat determinewhich shouldbe the sizeof paintedsurfacesin orderto be in perceptual

equilibrium.For instance,yellow hasluminosity9 andviolet luminosity3. Thismeansthatif wepainttwo

squares,onein yellow andonein violet, their surfaceshave to be in relation1 to 3 in orderfor the result

to be in ‘equilibrium’, that is, the yellow squaremustbe onethird of the violet squarein size. Another

relevantperceptualcriterionof coloursis their visibility. Therearevariousphysiologicalcharacteristicsof

thehumanvisualfield, distribution of conesandrods,thatensuresomecoloursarebetterperceivedwhen

moving away thanothers(Marr 1982). Greenis the colour with theworst visibility andyellow andcyan

arethosewith thebestvisibility. Othercriteria like memoryor dynamicityhave alsobeenstudied.These

criteriacanthenbeusedto modelthecolourexampleas(functionsarepresentedextensively assetsof pairs

(input,output)):

¢ � � & ý ² � d?dZ06��@W> C Î �O@>ýSÌ ' 03d � ÿO@|> C �6�O@TýZiÍ\ �u�(� ÿ�\1@W> C �(�V@ � / �6�(� @|> C Ï �O@Tý?2 ² \ � @|> C MH�V@TýS/ � £1@|> CÑÐ �V@ CECFC q
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¢ Ë � & ý ² � dZd?06��@|> C Î �O@TýZÌ ' 03d � ÿO@W> C Ï �V@TýSir\ �f�(� ÿ�\5@|> C Ò �O@ � / �6�(� @|> C Ò �V@TýZ2 ² \ � @W> C Ó �O@>ýS/ � £R@W> C °D�O@ CFCEC q¢1Ô � & ý ² � d?dZ06��@E�(�O@>ýSÌ ' 03d � ÿO@|> C Õ �O@TýZiÍ\ �u�(� ÿ�\1@W> C Ó �V@ � / �6�(� @|> C �(�O@Tý?2 ² \ � @F�(�V@TýZ/ � £1@|> C MD�O@ CECFC q
where¢ � @W¢ Ë and ¢ Ô arethecomparisonfunctionscorrespondingto temperature(warmis 1, cold is 0), lumi-

nosity(maximumis 1, minimum0) andvisibility (againmaximumis 1 andminimum0) respectively. With

thesefunctionsandusing i ' � asconjunction,thefollowing canbeobtainedthroughsimplearithmetic:

o ' i ª
¨�Ë.¨e© � ý ² � d?dZ06��@ � / �6�(� � �i ' � ý��D� l ¢ � ý ² � dZd?06�Ö�×��¢ � ý � / �(�(� � l @F�D� l ¢ Ë ý ² � dZd?06�Ö�×�Ê¢ Ë ý � / �6�(� � l @E��� l ¢ Ô ý ² � d?dZ06�Ö�×�Ê¢ Ô ý � / �6�(� � l �� i ' � ýZ> C Ó @W> CÑÐ @W> C �(� � > C �
or,

o ' i ª
¨�Ë2¨�© � ýZ2 ² \ � @|Ì ' 03d � ÿ�� � i ' � ýZ> C Î @|> C Î @W> CØÕ � � > C Õ
4.5.2.3 TheTrade-off Algorithm

The trade-off algorithmperformsan iteratedhill-climbing searchin a landscapeof subsetof the possible

contracts.Thesearchproceedsby successively generatingcontractsthat lie closerto theiso-curve (repre-

sentingtheagent’saspirationlevel), followedby theselectionof thecontractthatmaximizesthesimilarity

to the opponent’s last offering. The algorithmterminateswhenthe last selectedcontractlies on the iso-

curve.

E

iso-curve

step 3

step 2

step 1ÙnÙnÙÙnÙnÙÙnÙnÙÙnÙnÙÚnÚÚnÚÚnÚÚnÚ
ÛnÛnÛÛnÛnÛÛnÛnÛÛnÛnÛÜnÜÜnÜÜnÜÜnÜ
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Figure4.8: Schemaof thetrade-off algorithmwith ëíì Ï and oÊì Ï .
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Thealgorithm,shown schematicallyin figure4.8,startsat thecontract² , theopponent’slastoffer, and

movestowardstheiso-curve (thesolid line marked iso-curvein figure4.8)associatedwith theagent’s last

offer,
g
. Thisapproachto theiso-curvecontainingcontract

g
is performedsequentiallyin o steps(threein

figure4.8). Eachstepstartsby randomlygeneratingë new contracts(three,onefilled andtwo patterned

ovals in figure 4.8) that have a utility î greaterthanthe contractselectedin the last step ²Dï (or ²fð ì ²
if it is the first step). ë is referredto asthe numberof children. Eachnew contract ² ï|ñ ` so generated

satisfiesÌóò ²Dï|ñ `Eô ìõÌóò ²Dï ônö î , andthey all have the sameutility to the agent(shown asthe dottedline

connectingall thechildrenateachstep).Fromthegeneratedchildrencontracts,theonethatmaximizesthe

similarity with respectto the opponent’s contract² is selected(shown asthe filled oval thatbecomesthe

parentof thenext setof childrenin figure4.8). î is computedastheoverall differencebetweenthevalue

of
g

and ² dividedby thenumberof steps.That is, îõì Ô ¾ ¦(÷ ª Ô ¾�ø ÷ù . Theoverall effect of thealgorithmis

to sequentiallyexplorea subsetof thepossiblespaceof contractsandselectfor thenext steptheonethat

maximizesthesimilarity with respectto theotheragent’scontractoffer.

Presentedbelow is the algorithmresponsiblefor generatinga new randomcontract. This algorithm

will thusbeinvoked ë timesat eachstepin orderto computethebesttrade-off contract(giving oúë calls

in total). Thealgorithmgenerateschildrenby splitting thestepgainin utility, î , randomlyamongtheset

of issuesundernegotiation.

This algorithm shows only the computationsinvolved in making a single step,of size î in figure 4.8,

towardsthe iso-curve specifiedby
g
. It functionsas follows. Firstly, the maximumutility that can be

gainedfor eachissueis computedasthe differencebetweenthe full aspirationof the agent’s preferences

and the utility of the contractthat is being modified ² (line 1). Note, at the first stepof the algorithm

iteration ² will betheopponent’sofferedcontract.In subsequentiterationsthecontractwill beasibiling of² . Eachweightedindividualutility gainis thensummedto determinetheoverallweightedamountof utility

thatcanbegained(line 2). Next, becausethe“consumption”of thisutility gainhasa randomelement(line

5), a degreeof toleranceis set to allow for a degreeof flexibility for the processes(stepsbetweenlines

4 and7) that may “overstep”the iso-curve (line 3). The processof consumptionof the availableutility

(computedin line 2) beginsby allowing eachissueto consumea randomamount(line 5) between0 and

thelimits computedin line 1. Thestoreof thetotal amountconsumedby eachissueî.û is thenupdatedas

theadditionof theold storeanda linearweightedsumof eachof theindividually consumedutilities (line

6). The total amountthat canbe consumedis thenrecomputedgiven the newly consumedamount(line

7). If theamountconsumedis lessthanthetotal amountî theprocessof consumptioncontinuesuntil the

maximum( î or thestepsizein figure4.8) is reached.Theutility gainof eachissueis thennormalizedto

1 oncethe issueshave consumedall of thesteputility gain î (line 8). Finally, theutility gainedby each

issueis remappedto actualvaluesthatcorrespondto thenew utility (line 9).
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inputs: ²�ïHü /* laststepbestcontract.²fð ì ² */î ; /* steputility increase*/Ì5ò ô ; /* valuescoringfunction*/

output: ² ï|ñ ` ; /* child of ² ï */

begin

(1) î�ý m ìUþ$ÿ Ìóò ² ïý ô ü /* computethemaximumutility gainforeachissue*/

(2) î v ^O¦ m ì Å ��ý î�ý ü /* computethetotalmaximumutility gain*/

(3)
� ì���� �Aþ(î v ^O¦ /* computetheaveragenumberof iterations*/

if ò?î v ^O¦ ¥Qî ö � ô then

begin

(4) � m ì�� ü î û m ì�� ü /* initialize numberof stepsandutility gaincounters*/

while ò?î.û	� î ô do

� m ì
� ö þ ü
(5) ��ý m ì��3\ � £��6i�ò���� î�ý ô ü /* randomizeutility gainfor eachissue*/

(6) î.û m ì,î.û ö Å ý ��ý���ý ü /* updateutility gainedin iteration � */

(7) î�ý m ì î�ý�ÿ���ý ü /* computepotentialutility gainfor next iteration*/

endwhile

(8) î ý m ì � Å �ï � ` � ïý����� � ü /* normalizethegains*/

(9) ² ï|ñ `ý m ìhÌ ª `ý � ÌHý|ò ² ïý ôBö î.ý � ü /* computevaluefor eachissuein new contract*/

end

else�3\���e �$� �������
end

Figure4.9: TheTrade-Off Algorithm
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4.5.2.4 Algorithmic Complexity

Whenanalysingthecomplexity of thetrade-off algorithmthefirst thing to noteis thatit includesacall to a

randomnumbergeneratorinsidethemainloop(step5). Thishasadirectimpactonthenumberof iterations,

andhenceon thetime thealgorithmwill take. Assumingtherandomnumbergeneratoris probabilisticin

nature,a ‘big-O’ analysisof thecomplexity cannotbemade(Aho, Hopcroft,& Ullman 1985). However,

whatcanbecomputedis an“averagecase”assumingthattherandomgeneratoris perfect.

Let � be the numberof negotiationissues.Steps1, 5, 6, 7, 8, and9 all needa time which is � ò � ô
( þ�� �!� � ). Thetimeusedby thealgorithmwill beproportionalthento thenumberof iterations,� , of the

while loop,multipliedby thecostof eachiteration(which,assaid,is � ò � ô ). Thatis, it will beproportional

to � � . Thepossiblemagnitudeof � is derivednext. Thewhile loopwill terminatewhen î û becomesbigger

than î . It is known thatbeforeenteringtheloopfor thefirst time î v ^O¦ ì Å ý#" ý î ý and î v ^O¦ ¥©î ö � . î û
is theweightedadditionof theportions �#�ý generatedby eachiteration. On average,andassumingperfect

randomnumbergeneration,at every iteration î û will be incrementedby half of eachissue’s maximum

potentialutility gaingivento therandomgenerator, thatis, Å ý �%$~ . Thus,in thefirst iteration,thealgorithm

will consumeahalf of î v ^O¦ , i.e. î.û ì
� ö Å ý#" ý �&$~ whichis �(' ½*)~ . In thesecond,ahalf of theremaining

amount,that is a half of �+' ½*)~ , i.e. �+' ½*), . In general,thealgorithmconsumes�(' ½*)~.- at step � andleaves

� ' ½/)~.- for the next step. That is, î�û at step � is î.ûÊì î v ^V¦ ÿ � ' ½*)~0- . The averagevaluefor � canthen

be computedasa function of the differencebetweenî v ^O¦ and î . Given that the algorithmstopswhenî û ¥©î , have î v ^O¦ ÿ � ' ½*)~ - ¥,î , thatis, î v ^O¦ ÿÊî ¥ � ' ½*)~ - . Thestepbeforehad � ' ½*)~ -21 � ¥©î v ^V¦ ÿ î .

Takingthis latterinequality, it is easyto seethat �	� þ ö d�� � � ' ½*)�+' ½/)6ª � . As î v ^O¦ ÿ�î ¥ � is consideredto

betrue, then ��� þ ö d�� � �+' ½/)3 . A policy to decidewhich valueto assignto
�

couldbe to fix its valueas

a percentageof î v ^O¦ . For instance,making
�

a þ�4 of î v ^O¦ would meanthat �5�8þ ö d�� � �(' ½*)ð76 ð ` � ' ½/) , that

is �8�Uþ ö d�� � þ9���:�h° ; eight iterationson average.Summarizing,if
�

is fixedasa percentage; of î v ^O¦ ,
it canbeseethat theaveragenumberof iterationsis �rì þ ö d�� � ` ª . Thus,on averagethetotal time of the

algorithmis proportionalto ò�þ ö d�� � ` ª ô � .

Thus,theaveragetime thealgorithmtakesto completeis linearwith respectto thenumberof issues

in thenegotiation.This linearity is adesirablepropertyof thealgorithmconsideringoneof theaimsof this

researchhasbeento developdecisionmechanismsthatrespectthecomputationallimitationsof theagents.

Thetrade-off mechanismcangrow in complexity, althoughonly linearly, with growing numberof issues.

However, an agentcan reasonexplicitly aboutthe time costsof engagingin trade-off negotiationgiven

knowledgeof theabove analysisthat thecomplexity grows linearly with thenumberof issues.Therefore,

ascomplexity growsthenagentscanreasonaboutwhatcourseof actionto take. For example,if duringthe

negotiationthenumberof issuesgrowsto suchanextentthatthetrade-off computationbecomestoocostly,

thenanagentwantingto implementa trade-off mayusetheissue-manipulationmechanismto removesome
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issues.This reducesthecostsinvolvedin thetrade-off deliberation.Generally, thecomplexity levelsof the

trade-off algorithmcanbeusedastriggersfor initiating issue-manipulationmechanismthatmayhelpreduce

the complexity of the trade-off algorithm. This decisioncanbe madeby the meta-strategy componentof

theagentarchitecture(section4.7).

4.6 The IssueSetManipulation Mechanism

Theotherdeliberationmechanismis the issuesetmanipulation.Onemotivationbehindthedesignof this

mechanismhasbeenthe needto escapethe problemof local minima in the socialwelfarefunction. This

canbeachievedthroughrestructuringtheproblem.Recallthata localminimain thesocialwelfarefunction

refersto the negotiationcontext wherethe utility of the exchangedcontractsis the sameasthe previous

step—theagentsareexchangingthe samecontracts,hencethe joint utility of the possibledealgiven the

exchangedcontract,or thesocialwelfarefunction,is constant.

At othertimesit is not the needto escapelocal minima thatmotivatesmodificationof the issuesin-

volved in negotiation,but ratheragentspreferencesover dimensionsof servicesthat canbe substituted,

removedor addedto. Notethatwhereasthetrade-off mechanismoperatesover thecomplementarydimen-

sionsof a service,the issue-setmanipulationoperatesover thedimensionsof a servicethataremodifiable

(Topkis 1988). For example,in the telecommunicationscenario(section1.4.2),agentsnegotiateover a

staticsetof issues,informally definedascoreissues.However, the negotiationbetweenSPAs andNPAs

additionallyconsistsof offersovernon-coreissues.For example,a SPA maybegin <=�Ho negotiationwith a

NPA specifyingonly �\ � £D�>� £@?�¢ . However, subsequentlyNPA maydecideto includeinto the <=�Ho negoti-

ationa § \A;7� � ?�d��He6e issuewith ahighvalueif SPA hasdemandedahighcapacity�\ � £��B�K£�?�¢ . Alternatively,

SPA maydecideto removethe �\ � £��B�K£�?�¢ issuefrom the <C�Ho negotiationwith NPA if IPCAhaschanged

its demandfrom ahighqualityvideoserviceto astandardaudioservice.Similarly, asshown in theexample

of agreementoverthefiring of thepolicecommissionerby boththepoliceofficeunionandcity hall (section

4.2.2),issuescanalsoberemovedwhenagentsagreeto their resolution.

4.6.1 IssueManipulation Evaluation

Theevaluationof a contractfrom theperspectiveof theissuemanipulationmechanismis definedas:

� issue-manipulateD òE?2�/F�G ¬ �CD ô ì ����  ���¡
�>�H?�¢1£@�#I¤��ò�I(��] ô If ? ¥J? DKLDO¦
IA;M; �W§ ?Vò�I(�W]��/F G ¬ �CD ô If � D ò�N G¬ �CD ô ¨Q� D òON G «DV� ¬ ô
newsetò�I(��]��0N ô ��?�¢ � �6�>�QP �

wherethecontentof theprimitivenewset( N in figure4.2) is computedby thefunctionsgivenin equations

4.7 thatexpandor equations4.8 and4.9 that reducethesetof negotiationissues(section4.6.2). Note the

similarity betweenthis evaluationand the responsive (section4.4.1)and trade-off mechanism’s (section
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4.5.1) evaluationfunctions. It terminatessuccessfullyif the utility of the new set of issues(and their

correspondingvalues)is greaterthanthenewsettheagentis aboutto offer.

4.6.2 IssueSetManipulation: A Formal Model

Negotiationprocessesaredirectedandcenteredaroundthe resolutionof conflictsover a setof issuesÁ .

This setmayconsistof oneor moreissues(distributedandintegrative bargainingrespectively). For sim-

plification, the ontologyof the setof possiblenegotiation issues,Á , is assumedto be sharedknowledge

amongstthe agents.It is further assumedthat agentsbegin negotiationwith a pre-specifiedsetof “core”

issues,ÁÌªSR � «=T Á , andpossiblyothermutuallyagreednon-coresetmembers,Á%U9ªSR � «=T Á . AlterationstoÁÌªSR � « arenot permittedsincesomefeaturessuchasthe V����H; � of servicesaremandatory. However, ele-

mentsof ÁWU9ªSR � « canbe altereddynamically. Agentscanaddor remove issuesinto Á%U9ªSR � « asthey search

for new possible,andup to now unconsidered,solutions.

If Á G is the setof issuesbeingusedat time ? (where Á G ìYX.Z#[��9�7�9�M�OZ(û+\ ), Á)ÿ Á G is thesetof issues

not beingusedat time ? , and F G DV� ¬ ì òEF � Z#[��H�7�9�7�9�*F � Z(ûf� ô is I � P currentoffer to ] at time ? , thenissueset

manipulationis definedthroughtwo operators:If£¤£ and � �9] �6Ì � .
The I¤£¤£ operatorassiststheagentin selectinganissueZ � from ÁrÿQÁ G , andanassociatedvalue F � Z � � ,

thatgivesthehighestscoreto theagent.

Definition 12 Thebestissueto addto theset Á G is definedas:

If£D£5ò Á G ô ì ³H´Wµ ¶¸³3¹ïM^ ÄfªóÄ@_ X ¶¸³3¹¦@` ïQab^@c $d � D ò�F G%e F � Z�� ô \ (4.7)

where e standsfor concatenation.

An issue’s scoreevaluationis alsousedto definethe � ��] �6Ì � operatorin a similar fashion.This operator

assiststheagentin selectingthebestissueto removefrom thecurrentnegotiationset Á G .
Definition 13 Thebestissueto removefromtheset Á G (from I � P perspective),is definedas:

� ��] �6Ì � ò Á G ô ì ³H´Wµ ¶¸³H¹ï $ ^ Ä_�ªóÄ@f�gOhHi X6� D òEF ô \ (4.8)

with F ì òEF G � Z#[W�H�7�9�7�7�/F G � Z(ý ª [W�H�*F G � Z(ý ñ [��H�*F G � Z(û¤� ô
The � ��] �6Ì � operatorcan also be definedin termsof the aforementionedsimilarity function (section

4.5.2.2). This type of similarity-based� ��] �6Ì � operatorselectsfrom two given offers F , from agent I
to ] , and ² , from agent] to I , which issueto remove in orderto maximizethesimilarity betweenF and ² .
Therefore,comparedto theprevious � ��] �6Ì � operator, this mechanismcanbeconsideredasmorecooper-

ative:
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Definition 14 Thebestissueto removefrom I � P perspectivefromtheset Á G is definedas:

� ��] �6Ì � ò Á G ô ì ³H´Wµ ¶¸³H¹ï $ ^ Ä_�ªóÄ@f�gOhHi X�P9� ] ò�F � � ² � ô \ (4.9)

with F � ì8ò�F � Z�[O�H�7�7�9�7�/F � ZEý ª [O�H�*F � Z(ý ñ [O�H�7�9�7�M�/F � Z(ûf� ô , and ² � ì ò ² � Z�[��O�9�7�9�7� ² � Z(ý ª [W�H� ² � Z(ý ñ [O�O�9�7�7�9� ² � ZEû¤� ô
It is notpossibleto defineasimilarity-basedI¤£¤£ operatorsincetheintroductionof anissuedoesnotpermit

anagentto makecomparisonswith theopponent’s lastoffer (simplybecausethereis novalueofferedover

thatissue).

Anothercomputationalrequirementof thesemechanismsis theneedfor anagentto dynamicallyre-

computetheissueweights.There-computationof weightsis definedby first specifyingtheimportanceof

theaddedissue,
� ï , with respectto theaverageimportanceof otherissues.Thatis, theweightthenew issue

shouldhave in the setof issueswith respectto the weight of the otherissues—
� ï ì � ïj ò Å ý ^ Ä ��ý j � ô ,

where� is thenew numberof issues.Then:

Definition 15 Theweightof addedissueZ , � ï , is definedas:

� ï ì � ïò � ÿ þ ô ö � ï� �ý ì ò�þ$ÿ � ï ô � ýlk � � X�� [ �7�9�7�M�/� û \��*�>mìJZ
where� ï is theimportanceof theissueZ , � is thenew numberof issues,��ý is theold weightfor issue� and� �ý is its new weightafter theinclusionof issueZ . Thuscomputationof � �ý attemptsto “fit” in theweights

of otherissueswithin the“spaceleft over” whenthenew issuehasbeenincluded.

Re-computationof weightswhenanissueis removedin turn is definedsimply asre-normalizingthe

remainingweights:

Definition 16 Theweightof theremainingissues� after an issueZ hasbeenremovedis definedas:

� �ý ì þþ$ÿ � ï � ý
Agentsdeliberateoverhow to combinetheseIf£D£ and � ��] �6Ì � operatorsin a mannerthatmaximizessome

measuresuchasthecontractscore.However, asearchof thetreeof possibleoperatorsto find theoptimum

setof issuesmay be computationallyexpensive becausethe sizeof the searchtreecan grow to combi-

natorially large sizes. This problemis not addressedin this thesisand is postponedfor future work by

implementinganytime algorithmsthat producecloserto optimal searchresultswhengiven increasingly

more time, but nonethelessproduce,possiblysub-optimal,resultswhenthey arestoppedanytime (Aho,

Hopcroft, & Ullman 1985). Thengiven thesealgorithmsandthe negotiationtime limits it is possibleto

computea,possiblysub-optimal,solutionthat increasessomemeasuresuchasthecontractscoreor social

welfare.
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4.7 The Meta Strategy Mechanism

Thefactthattherearethreepotentialchoicesof mechanismsto usefor generatingaproposalposesanother

decisionproblemfor the agent,namelywhich to use. This decisionis referredto asthe meta-strategy of

theagentsincetheprocessinvolvesmakingdecisionsaboutwhich of thedecisionsshouldbeselectedfor

the generationof the proposal. Recall the argumentfrom section2.2.8 for the needto develop not only

computationallytractablesearchalgorithmsthat cantraverseproblemstate-spacesthatmaybe deepwith

wide branchingfactors(figure2.3)andcanoperateunderstrict time limits, but alsotheneedfor reasoning

mechanismsaboutthesedifferentalgorithms.Thismetareasoningis neededbecauseeachalgorithmcarries

differentcostsandbenefits.

Anotherroleof ametastrategy in negotiation,apartfromacostandbenefitanalysisof eachmechanism

in a given environment,canbe describedthroughan examplethat shows different “negotiationdances”

(Raiffa 1982)implementedby the responsive andtrade-off mechanisms(figure4.10). Issuemanipulation

dynamicsarenot representedsincethebehaviour of this mechanismis to alterthespaceof possibledeals.

Thefilled ovalsarethevaluesof theofferedcontractsfrom agent1 to agent2 from agent1’s perspective,
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Figure4.10:NegotiationDances.

andtheunfilledovalsrepresenttheconverse,thevalueof theofferedcontractsfrom agent2 to agent1 from

agent2’sperspective. Thefilled oval at ò���� Õ �0��� Õ ô representsthereferencepoint (section3.1.4).

Figure4.10A representsonehypotheticalexecutiontracewherebothagentsgeneratecontractswith

the responsive mechanism.Eachoffer haslower utility for the agentwho makesthe offer, but relatively

moreutility for theother(movementtowardsthereferencepoint). This processcontinuesuntil thesecond

conditionof theresponsiveevaluationfunction(section4.4.1)of oneof theagentsis satisfied( � D òEF G ¬ �nD ô ¨� D òEF G «DF� ¬ ô )—referredto asthecross-overin utilities earlier. Theresponsivemechanismcanselectdifferent

outcomesbasedon the rateof concessionadoptedfor eachissue(the angleof approachto the reference
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point in figure 4.10A). Although in figure 4.10A this final outcomeis hypotheticallyrepresentedasthe

referencepoint, it will beconcretelyshown in thenext chapterthat this is not necessarilythecaseif each

agentassignsa different rate of concessionaccordingto the weight of the issuesinvolved—responsive

mechanismscanalsoreachbetterdealsthanreference.

Figure4.10B representsanotherhypotheticalexecutiontracewhereboth agentsnow generatecon-

tractswith thetrade-off mechanism.Now eachoffer hasthesameutility for theagentwhomakestheoffer,

but relatively moreutility for theother(movementtowardsthepareto-optimalline). Thetrade-off mecha-

nismsearchesfor outcomesthatareof thesameutility to theagent,but which mayresultin ahigherutility

for the opponent.This is schematicallyshown in figure 4.10 asa line of approachdirectedtowardsthe

pareto-optimalline. Onceagain,this is a simplificationfor purposesof theexposition—anoffer generated

by agent1 mayindeedhavedecreasingutility to agent2 (arrow moving awayfrom thepareto-optimalline)

if thesimilarity functionbeinguseddoesnot correctlyinducethepreferencesof theotheragent.

A metastrategy (figure 4.10C) is thenonethat combineseither“dance” towardsan outcome.One

rationalefor theuseof ameta-strategymentionedaboveis reasoningaboutthecostsandbenefitsof different

searchmechanisms.However, anadditionalrationale,observablefrom theexampleshown in figure4.10

B, is to escapefrom the local minima of the social welfare function. If the social welfare function is

taken to be the pareto-optimalline, which maximizesthe sumof the individual utilities, then,becauseof

theprivacy of information(an importantfeatureof many domains,section1.4.3),agentscannot make an

interpersonalcomparisonof individual utilities in orderto computewhethertheir offersdo indeedlie on,

or areapproaching,the paretooptimal line which measuresthe global goodnessof offers.11 Given that

the position of offers with respectto the pareto-optimalline can not be comparedand the fact that the

evaluationfunctionof the trade-off mechanism(section4.5.1)only terminateswhenthe time runsout or

thereis a cross-over of utilities, then the agentsentera loop of exchangingthe samecontractwith one

another. That is they remainin a local minima. A solutionis thereforeneededto escapethis local minima.

Figure 4.10 C shows one suchsolution wherethe local minima is escapedby both agentsswitching to

a responsive mechanismandconcedingutility. This concessionmay, asshown in figure 4.10C, indeed

satisfythesecondconditionof thetrade-off evaluationfunctionwhereofferscross-over in utilities (thereby

terminatingthenegotiationprocess).Alternatively, agentsmayresumeimplementinga trade-off algorithm

until suchacross-over is eventuallyreachedor time limits arepassed.Alternatively, themeta-strategy may

changetheproblemstate-spaceby implementingtheissue-manipulationmechanismwhichchangestheset

of possibleoutcomesthroughaddingor removing issue(s).

11Indeed,anotherprotocolmaybeto allow oneagentto exchangepointson its iso-curve andlet theotheragentselecttheonethat

maximizesits utility (Raiffa 1982). However, this protocolassumesagentswill not only reveal their preferences,but will alsodo so

honestly(assumptionswhicharenot madein this thesis).
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Theaboveexampleshowshow differentcombinationsof mechanisms,by eitherbothor theindividual

agents,leadsto differentfinal outcomes.For instance,ametastrategy whichcontinuouslyswitchesbetween

responsiveandtrade-off mechanismscreatesacontractscoretracethatis similar to aneverdecreasingstep

function. Conversely, a metastrategy that only permitsthe responsive mechanismto generatecontracts

resultsin a contractscoretracewhich may (dependingon the parametersof the responsive mechanism)

decreasein a linear fashion. Note, that at the first time stepin its negotiationan agentmustchoosethe

responsive mechanism.It then hasa choiceof other mechanismsin the courseof negotiation. This is

becausethetrade-off mechanismmusthavea previouscontractto computetheiso-contractcurve.

In general,theevaluationof whichsearchshouldbeimplementedis delegatedto ameta-level reasoner

whosedecisionscan be basedon factorssuchas the opponent’s perceived strategy, the on-line cost of

communication,theoff-line costof thesearchalgorithm(or its pathcost),thestructureof theproblemor

theoptimality of thesearchmechanismin termsof completeness(finding anagreementwhenoneexists),

the time andspacecomplexity of the searchmechanism,and the solution optimality of the mechanism

whenmorethanoneagreementis feasible.A formal treatmentof a meta-strategy is postponedfor future

work. However, the contributionsof this work with respectto the meta-strategy arethe identificationof

thecomputationalrole andrationaleof meta-strategiesin thedynamicsof negotiationprocessesthatoften

involveuncertaintiesandcomputationalboundedness.Furthermore,therole andeffect of candidatemeta-

strategiesarealsoempiricallyanalyzedin thenext chapter.

4.8 Summary
A formal decisionarchitectureof thewrapperframework andtwo protocolsof interactionswerepresented

in this chapter. The decisionarchitectureis basedon threemechanisms:responsive, trade-off and issue

setmanipulation.The rationalefor their designwasprovidedin termsof computational,informationand

motivationalstatesof an agent. The responsive mechanismis computationallysimpleandrequiresonly

minimal informationaboutthestateof theotheragent.An agentthat implementsa responsive strategy is

motivatedby pressingenvironmentalneedsto terminatenegotiationandreachanagreementthathaslower

socialwelfareor joint utility. Conversely, deliberative mechanisms(trade-off andissuesetmanipulation)

may increasethe socialwelfare—hencean agentthat implementsa deliberationmechanismis saidto be

motivatedby concernfor socialwelfare. However, thesemechanismsarecomputationallymorecomplex

andtheiroperationsrequiremoreinformationabouttheir opponent.

Thenext chapterempiricallyanalysesthebehaviour of a numberof concreteagentarchitecturesthat

directly follow from thepresentedgenericmodel.Theaim of theseexperimentsis to testthebehaviour of

theresponsive andtrade-off mechanismsin a numberof differentenvironments.Empiricalanalysisof the

issuesetmanipulationmechanismis deferredto futurework, sincealgorithmsmustfirst bedesigned.



Chapter 5

Empirical Evaluation

This chapteris a descriptionof theevaluationphaseof theresearch.Themodelpresentedin theprevious

chapterdefinesandformalizesarangeof negotiationbehaviourswhichcanbeimplementedby thewrapper.

However, which of thesebehaviourswill besuccessfulin which negotiationcontexts cannotbepredicted

from the theoreticalmodelalone. This is because:a) the developedmodelonly specifiesa negotiation

framework thatcanbe“tuned” to theneedsof a negotiatingagentdesigner, b) therearea largenumberof

interrelatedvariableswithin thewrapperanda broadrangeof situationsthatneedto beconsidered,andc)

somepartsof themodelareheuristicin nature(for example,ameta-strategy thatengagesin trade-off mech-

anismalwaysuntil a localminimumin thesocialwelfarefunctionis detectedis a decisionheuristicwhose

efficacy acrossdifferenttypesof environmentscannotbedeterminedapriori; seesection3.3).Thedesigner

who usesthewrapperneedsadditionalinformationabouttheinteractionprofilesof thecomponentsof the

wrapperandit is the“tuning” of theseprofileswhichproducestheresults.Thereforetheapproachadopted

in this researchhasbeento empirically evaluaterepresentative componentsof the wrapperwith the final

aimof determiningthemostsuccessfulbehavioursin varioustypesof situations.Theexperimentsreported

hereareexploratorystudies(Cohen1995). In suchstudies,general hypothesisareformedthat statethe

underlyingintuitionsaboutcausalfactors.Experimentsarethenconductedby creatinga simulation“lab-

oratory” thatgeneratesdata,the observationof which eithersupportsor refutesthesegeneralhypothesis.

Manipulationstudies,on the otherhand,aremorespecificandinvestigatethe systemvia detailedcausal

hypothesis.As Cohennotes,exploratoryexperimentshelp us to “find needlesin the haystack, whereas

manipulationexperimentsput theneedlesunderthemicroscope, and tell uswhetherthey are needlesand

whetherthey aresharp” (Cohen1995),p.6.

5.1 The Experiment Set

Threesetsof experimentsarereportedin this chapter. Onesetrelatesto the empiricalevaluationof the

responsive mechanismof the wrapper(sections5.3, and5.4), other to the trade-off mechanism(section
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5.5) andfinal oneto the meta-strategy mechanism(section5.6). For the reasonsoutlinedin section4.8,

the issue-manipulationmechanismis currentlyexcludedfrom the analysis. The responsive experiments

aredivided into two complementarysections.In thefirst section(section5.3) the investigationis focused

ondeterminingthebehaviour andinter-dependenciesof theresponsivemodel’sbasicconstituentelements,

namelytacticaldecisionmaking. This analysiswill thenlay the foundationfor subsequentexperimental

work reportedin section5.4 which investigatesstrategic decisionmaking. Throughoutthis chapterthe

formerexperimentswill bereferredto aseithernon-strategic or pure-strategy experimentsbecausetactics

areassignedabinaryweightvaluefor ofý ï of either � or þ , andthisvalueis staticthroughoutthenegotiation

thread.Alternatively, the latterexperimentswill be referredto asstrategic, sincethe tactics’weightscan

beassignedany valuein theinterval p ���Fþ7q . Strategic experimentsarefurthersubdividedinto staticstrategy

anddynamicstrategy experiments,for experimentswherethe weight of a tactic is static throughoutthe

negotiationor dynamicallymodifiedin the courseof negotiation,respectively. Section5.5 reportson the

experimentalprocedureand outcomesof the empirical evaluationof the trade-off mechanism.Finally,

section5.6detailstheempiricalevaluationof themetastrategy mechanism.

Beforethis,however, thenext sectiondiscussesthefoundationalprinciplesof thedesignof theexper-

iments.

5.2 Experimental DesignPrinciples

A negotiationcontext caninvolve many issuesandpartieswith differentagentaspirationlevels andtime

limits. To handlethisenvironmentalcomplexity experimentaldesignconsideration,togetherwith anumber

of simplifying assumptions,arenecessaryfor empiricalanalysisof thenegotiationmodelthatis embedded

in sucha complex environment.Experimentaldesignprinciplesdefineandcategorizethevariablesof the

“laboratory”. Thesedesignprinciplesareexpandedon in this section.

Experimentalvariablescaneitherbe independentor dependent(Cohen1995). Independentvariables

aredefinedasthosevariableswhosevaluesareunderthecontrolof theexperimenter. Dependentvariables,

in turn, aredefinedasthosevariableswhosevaluesarenot underthecontrolof theexperimenter. Instead,

thevaluesof theseareobservedby theexperimenterasmeasurements.Thetypeof eitherof thesevariables

must be oneof the following: i) categorical, ii) ordinal or iii) interval (Cohen1995). With categorical

variables,the measurement(for dependentvariables)or assignmentprocess(for independentvariables)

designatesacategorylabelto thevariable.For example,thecategoricaldependentvariable�6�r?Q;7� ]	s canbe

assigneda value tu;M; sW§ ? or vw�H?�¢R£��#ID� aftermakinga measurement.Ordinalvariables,on theotherhand,

canberanked,but thedistancesbetweenthesepointsaremeaningless.For example,thetime deadlineof

negotiationfor theexperiments,? DKLDO¦ , is designedasanordinalindependentvariablewhichcanbeassigned

valuesx���y+z , ]	s £��K� ] and P6¢�����? term.Distancesbetweenordinalscalesaremeaningless(it cannotbesaid
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that the differencebetweenx���y+z and P6¢�����? is equalto ]{s £��K� ] ). Finally, with interval (or ratio) scales

both thedistancesbetweenvariablepointsand the ratiosbetweendatasetsaremeaningful.For example,

distancesin theamountof utility a mechanismprocuresfor anagentcanbecomparednot only in a single

trial but alsoacrosstrials. A conditionfor ratioscaleparametersis thatthezeropoint is known.

Variablescanalsobetransformedby mappingfrom onescaleinto another. Mappinginformationfrom

onescaleinto anotherenablesi) analysisof thetypesof environmentsandii) statisticaloperationsthatwere

previously inaccessible(seedescriptionbelow for examples).Transformationof scaleis usefulbecauseit

canbeusedasadataabstractiontool sinceit allowsanalysisof groups, or types, of environmentsratherthan

individual, concreteenvironments.For example,transformationof negotiationdeadlinesfrom an interval

scaleinto a rankedordinalscaleis anabstractiontool that ignorestheactualdifferenceswithin andacross

thegroupsof variablesx���y+z , ]	s £��K� ] and P6¢�����? termdeadlinesandinsteademphasizesthedifferencesin

rankings. Membersthat have a x���y+z term negotiationdeadlinehave valuesfor ? KLDO¦ thatarehigherthan

P6¢r����? termmembers.Nothingis saidabouttheirmagnitudes.

5.3 Non-StrategicExperiments

The aim of this setof experimentsis to investigatethe behaviour of individual tactics(non-strategic) for

decisionmaking in a numberof environments. A knowledgeof how individually differentpure tactics

behave in differentenvironmentscanthenbe capturedasdecisionguidelinesfor the responsive strategic

decisionmakingcomponentof thewrapper.

Theexperimentsinvolveselectingaparticulartactic,generatingarangeof randomenvironments,then

allowing theagentto negotiateusingthechosentacticagainstanopponentwho employs a rangeof other

tactics.Variousexperimentalmeasuresrelatedto thenegotiationsarethenrecorded.In particular, section

5.3.1definestheexperimentalenvironmentsandthetactics,section5.3.3describestheexperimentalmea-

sures,section5.3.2definestheexperimentalprocedure,section5.3.4describestheexperimentalhypotheses

anddiscussestheresults,andfinally section5.3.4.4summarizestheresultsandconclusionsreached.

5.3.1 Experimental IndependentVariables

Theexperimentalindependentvariablesarediscussedin this section. In pure-strategy experiments,inde-

pendentvariablesaredefinedin termsof i) environmentsof negotiation(section5.3.1.1)andii) thetactics

availablefor decisionmaking(section5.3.1.2).Thecompletesetof independentvariablesis shown in fig-

ure 5.1. The assignmentof valuesto independentvariablesis underthe control of the experimenterwho

is constrainedby limiting the complexity of analysis.The variablescaledenotesthe type of the variable

(either categorical or interval), variablerangedenotesthe set of possiblevaluesavailablewhich can be

assignedto thevariableandvariabletransformationdenotesthemappingfrom onescaleto another.
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Variable Name Variable Scale Variable Ranges Variable Transformation|~} i��9_ categorical �S�Q����� categorical=� player,opponent��Q�M� categorical �*�H����� categorical=� price�� ½d categorical � �*�O�E� categorical=�� ½ interval � �*�O�E� ordinal=� high,low �� 'W$ ���d � ' � ) �d � interval � � �*�������H� �*����� � ordinal=� full-overlap,no-overlap�_��' � ) interval � �H����� ordinal=� large,low �� � fE_ $ f�� categorical � _ $�' i � hSiO���O�2hSf�i ��� iO� �*� $ �O�2h � ordinal=� boulware,linear,conceder,impatient,steady,patient,relativetitfortat,randomtitfortat,averagetitfortat�
Figure5.1: PureStrategy ExperimentalIndependentVariables

5.3.1.1 Environments

Environments,in theseexperiments,are characterizedby the numberof agentsthey contain,the issues

which arebeingdiscussed,thedeadlinesby whenagreementsmustbereachedandtheexpectationsof the

agents.Sincethereareinfinitely many potentialenvironments(infinite numberof agentsandissues),select-

ing a representative andfinite subsetof environmentsis necessaryto find a meansof assessinganagent’s

negotiationperformance.To this end,experimentsareconductedbetweenonly two agents,categorically

labelledas ;Mx�� s y�? and P s ��� s � , negotiatingoveronly a singleissue,price. Thelastsimplificationis relaxed

in thenext setof experimentswhereagentsnegotiateoveranumberof issues.Sincethereis only oneissue,

its weight( � Dï ) canonly beassignedthevalueof þ . Thepositionof theinitial offer onthereservationvalues

( � D , section4.4.2.1)is transformedfrom an interval independentvariableto an ordinal scaleof high and

low initial offers(seesection5.3.4.3for detailsof thetransformation).

The negotiationinterval, p ] �Hy Dï � ] I~F Dï q , is alsoan interval valuedindependentvariablewhosescale

is infinite. To overcomethis problem,an agent’s reservation valuesare transformedto an ordinal scale

whoseactualscaleis computedasfollows. The differencebetweenthe agent’s minimum andmaximum

values,for price, is computedusingtwo variables: � D (the lengthof the reservation interval for an agent

I ) and   (thedegreeof intersectionbetweenthe reservation intervalsof the two agents;rangingbetween

� for full overlapand ��� ¡@¡ for virtually no overlap). In this case,for eachenvironment,the independent

variable ] �HyÌª¢7£ ý ª
« is assignedvalue þ9� ( ] �HyÌª¢7£ ý ª
« ìíþ9� ),   is setto � (   ì¤� ), � D is randomlyselected

betweenthe rangesof X¤þ9���0¥@��\ for both agents,and the negotiation intervals arecomputedas ] I~F ªrì
] �Hy ª ö � ª ü ] �Hy%¦Íì§� ª   ö ] �Hy ª ü ] I~F(¦�ì ] �Hy%¦ ö �~¦ . Note, thesevaluesfor computingthe interval

lengthsof the interval valuearechosenarbitrarily becausethe scoringfunction of the offers modelsthe

ordinalandnot thecardinalrelationshipsbetweenthereservationvalues.1

The independentvariable ? DKLD2¨ , which assignsthe negotiationdeadlineof the experimentsfor each

agent,is transformedfrom theinterval to anordinalscaleof P�©r����? and x���y+z termdeadlines.This transfor-

1Notetheserver’s minimumreservation valueis never lower thantheclient’s minimum. This is becausedegeneratenegotiations

in whichoffersareimmediatelyacceptedarenot interesting.Thismethodof generatingreservationvaluesalsomeansadealis always

possiblesincethereis alwayssomedegreeof overlap.
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TacticFamily TacticName Abbreviation TacticRanges Description

Time-dependent Boulware B ª�«��H�*¬ �H�S���*¬ �S�
Time-dependent Linear L ª�>�H¬ � Increasedrateof approachto

Time-dependent Conceder C ª!«��H�O�*¬ �*�¯®O�*¬ �H� reservationas ª increases

Resource-dependent Impatient IM °�L� , n >�
Resource-dependent Steady ST °�«��Q�H�E±S� , n L� Decreasingrateof approachto

Resource-dependent Patient PA °!«��H±*�����S� , n ²� reservationas ° increases

Behaviour-dependent Relative tit for tat RE ³�L� Percentageimitationof lasttwo offers

Behaviour-dependent Randomtit for tat RA ³´>� m «��*�H�EµS� Fluctuatingabsoluteimitationof lasttwo offers

Behaviour-dependent Averagetit for tat AV ¶&²� Averageimitation of lastfour offers

Figure5.2: ExperimentalTacticKey

mationfacilitatestheanalysisof outcomesin groupsof deadlines,ignoringthedifferenceswithin a group

andemphasizingthe differencesacrossthe groups.Thegroup x���y+z termdeadlinesis definedassamples

within thevaluesof ¥@��ÿ¸·@� ticks of a discreteclock. N!©r����? termdeadlinesaredefinedassampleswithin

values¹#ÿQþ9� ticks of a discreteclock.

Given this situation, the experimentalenvironmentis uniquely definedby the following variables:

p ?eªKLD2¨ �/? ¦K²DM¨ �0� ª9�0� ¦ � ] �OyÌª¢7£ ý ª
« � ] I~F(ª¢M£ ý ª
« � ] �Hy ¦¢M£ ý ª
« � ] I�F ¦¢7£ ý ª
« q .
5.3.1.2 Tactics

The secondsimplification involvesselectinga finite rangeof tactics,sincethe modelallows for an infi-

nite set(e.gthe rangeof º is infinite which meansthereareinfinitely many time dependenttactics). For

analyticaltractability, the tacticsaredivided into nine groups(seefigure 5.2); threeeachfrom the time,

resourceandbehaviour dependentfamilies. An equalnumberfor eachfamily is chosento ensurethe re-

sultsarenot skewedby having moreencounterswith a particulartypeof tactic. Thethreemembersof the

time-dependentfamily arechosento correspondto behaviours that concedein time in a boulware,linear

andconcederfashion.Thesecategoriesof behavioursarechosensincethey representextremebehaviours

( ]2��»+xE�BI~� s and ;M��yW; s�¼�s � ) aswell asan in-betweencontrol rate( xE�Hy s I~� ) which concedeslinearly. These

categoriesof time-dependenttacticscorrespondto thetransformationof interval valuesfor º into theordi-

nal scale��� �Aþ$ÿ½���¾¹ for the ]2��»+xE�uI�� s category, þ�� � for the x��Hy s I~� category and ¹@�
ÿ Ó � for the ;7��yW; s�¼�s �
category. The threemembersof the resource-dependentfamily arealsochosenthat correspondto a de-

creasingrateof concessionastherateof resourcesusedincreases.Thesecategoriesof resource-dependent

tacticscorrespondto thetransformationof interval valuesfor ¿ into theordinalscale þ for the � ]ÁÀ I~?S� s y�?
category, XDþ��0Â´\ for the P9? s I ¼@Ã categoryand X�Â��Fþ9��\ for the À I~?S� s y�? category. Finally, thethreemembersof

thebehaviour-dependentfamily arealsochosento correspondto thedifferenttypesof imitation according

to thegivensub-family parameters.
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5.3.2 Experimental Procedure

Theexperimentalprocedureconsistsof samplingeachtacticgroupfor everyenvironmentsincethesubject

of interestis thebehaviour of tacticfamiliesratherthansingle,concretetactics.For eachenvironment s#� ,� indexestheenvironments,two matricesaredefinedto representtheoutcomesof theclient, z´I ]	s « -ª , and

theserver, z´I ]{s « -¦ , whenplayingparticulartactics.Theclient’s tacticsareindexedby therows � andthe

server’sby thecolumnsZ , so z´I ]	s « -ª p �0�HZ@q is theoutcomeof theclientwhenplayingtactic � againstaserver

playingtactic Z . Eachtacticplaysagainstall othertacticsin eachenvironment,henceþ=�J�.�OZÄ� ¡ .
To producestatisticallymeaningfulresults,theexperimentalmeasuresdescribedbelow areaveraged

overanumberof environmentsandsummedagainstall othertacticsfor eachagent.Thereforethisanalysis

is basedon theperformanceof a tactic family acrossall othertactic families. Theprecisesetof environ-

mentsis sampledfrom the parametersspecifiedin section5.3.1andthe numberof environmentsusedis

200.Thisensuresthattheprobabilityof thesampledmeandeviatingby morethan ��� �Rþ from thetruemean

is lessthan ��� �~Â . Theexperimentswerewrittenin Sicstus3.7.1PrologandranonSunOs4.5Unix machines.

5.3.3 Experimental DependentVariables

To evaluatethe effectivenessof the tactics,the following measuresareconsideredwhich calibrate:i) the

intrinsic benefitof thetacticfamily to anagent(section5.3.3.1);ii) thecostadjustedbenefitwhich moder-

atesthe intrinsic benefitwith somemeasureof thecostinvolvedin achieving thatbenefit(section5.3.3.2)

andiii) theperformanceof theintrinsic utility relative to acontrolcondition(section5.3.3.3).

5.3.3.1 IntrinsicAgentUtility

Theintrinsicbenefitis modeledastheagent’sutility for thenegotiation’sfinal outcome,in agivenenviron-

ment,independentlyof thetime takenandtheresourcesconsumed(Russell& Wefald 1991). This utility,Å « -D , is calculatedfor eachagentfor a price F usinga linearscoringfunction:2

Å « -ª òEF ô ì KLD2¨ fÆ h $ f�i2Ç ¨KLD2¨ fÆ h $ f�i Ç K ý�û fÆ h $ f�i Å « -¦ òEF ô ì ¨ Ç K ý�û �Æ h $ f�iK²DM¨ �Æ h $ f�i Ç K ý�û �Æ h $ f�i
If no dealis madein a particularnegotiation,thenthe valuezero(the conflict point, seesection3.1.4)is

assignedto both
Å « -ª and

Å « -¦ . However, by definingtheutilities in thismannernodistinctioncanbemade

betweendealsmadeat reservationsandno deals. Thereforein certainexperimentsthe intrinsic utility is

only computedfor casesin which dealsaremade.

Theoutcomeof thenegotiations,aspresentedin theprevioussubsection,is representedin thematrix

z´I ]	s « -D . Hencetheutility for aclient ; whennegotiatingusinga tactic � againstaserver P usingtactic Z in

environments�� is
Å « -ª òEzAI ]{s « -ª p �.�HZq ô .

2Thesimplicity of thisutility functionis acknowledged,but theintentionhereis to investigatethepropertiesof themodelandnot

theutility functionsperse.Theroleof theutility functionis evaluatedin section5.5
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5.3.3.2 CostAdjustedBenefit

In additionto knowing the intrinsic utility of a tactic to an agent,the relationshipbetweenan outcome’s

utility andthecostsinvolvedin achieving it is alsousefulinformationin makingstrategic or meta-strategic

decisionsaboutthecostsof a givenmechanism(seeargumentin section4.7). Thetypeof costconsidered

in theseexperimentsis on-line, asopposedto off-line cost,becausethe former aremoremachineor re-

sourceindependentthanthelatter. For example,calculatingtheoff-line computationalcostof amechanism

may requirecalibrationof performancewith respectto memoryusage,speedandtime which is machine

architecturedependent.On-linecosts,ontheotherhand,arenotdependentonthearchitectureof theagent,

but rathertheloadtheagent’s reasoningprocessplaceson thecommunicationinfrastructure.

Thecostadjustedbenefit( È ) of tacticpairs � andZ in environments�� is definedasfollows:

È « -D p �.�OZ@q5ì Å « -D p �.�OZ@qRÿ¸É « -D p �.�OZ@q
To definetheon-linecostfunction, É , thenotionof asystemis introduced.A system,in theseexperiments,

is a setof resourcesthatcanbeusedby theagentsduringtheir negotiations.Theusageof theseresources

is subjectto a tax Ê which is levied on eachmessagecommunicatedbetweenthe agents.Therefore,the

greaterthecommunicationbetweentheagents,thegreaterthecostto theagents.So:

É « -ª p �.�OZ@q5ìËÉ « -¦ p �0�HZ@qóì�Ì.ÍÎ�ÏBò/Ð Ñ ª $�Ò ¦ d Ð9ÓÔÊ ô
where Ð Ñ ª $�Ò ¦ d Ð is the lengthof the threadat the endof negotiationbetweena client usingtactic � anda

serverusingtactic Z , Ì0Í@Î�Ï is anincreasingfunctionthatmapstherealnumbersinto p ���Fþ7q and Ê determines

the rateof changeof Ì0Í@Î�Ï"ò ô . Ê is sampledbetweenthe rangesof p ��� �@�Rþ@�/����þ7q . In short, the greaterthe

taxationsystem,the morecostly thecommunicationandthe quicker the rateat which thecostrisesto an

agentfor eachmessage.

Thesystemutility, ontheotherhand,is coarselydefinedasthetotalnumberof messagesin negotiation

which indirectlymeasuresthecommunicationloadthetacticsincur at theagentlevel.

5.3.3.3 ExperimentalControls

The control conditionsfor theseexperimentsarebasedon the argumentsfrom cooperative gametheory,

presentedin section3.1.4. Theoutcomeattainedby a pair of tactic familiesis comparedwith the regular

Nashsolution(equation3.1 andfigure 3.2 A, section3.1.4), implementedby a protocol in which agents

declaretheir truereservationprices(an incentive compatibleanddirectprotocol,section3.1.8)at thefirst

stepof negotiationandthensharethe overlapin the declaredreservationvalues.This choiceis both fair

(i.e. is Nash)andparetooptimal(in thattheoutcomeis beneficialto bothagentsandany deviationresultsin

anincreasein utility for oneat thecostof a decreasein utility to theother).For example,considera client

agent; andaserveragentP having pricereservationvaluesp ] �OyÌª¢7£ ý ª
« � ] I~F(ª¢M£ ý ª
« q and p ] �Hy ¦¢7£ ý ª
« � ] I~F ¦¢7£ ý ª
« q
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respectively and ] I�F(ª¢7£ ý ª
«uÕ ] �Hy ¦¢M£ ý ª
« . ThecontroloutcomeÖ for a givenenvironments#� is thendefined

as:

Ö « - ì ] I~F(ª¢M£ ý ª
« ö ] �Oy ¦¢7£ ý ª
«¹
Applying thedefinitionsof utility presentedearlier, theutility of thecontrolgame,

Å « -D òOÖI« - ô , for agentI
canthenbecomputed.Giventhis, thecomparativeperformanceof agentsusingtheresponsivemechanism

of thewrapperwith respectto theoneshotprotocol,is definedasthedifferencebetweentheintrinsicagent

utility andtheutility theagentwouldhavereceivedin thecontrolprotocol:

× I~�Oy « -D p �.�OZ@qóì Å « -D òEzAI ]{s « -D p �.�HZq ô ÿ Å « -D òHÖ « - ô
5.3.4 Hypothesesand Results

Theexperimentsconsideredhererelateto two main componentsof the negotiationmodel: i) the amount

of time availableto make anagreement,? DKLD2¨ andii) the relative valueof the initial offer, � D . Thesetwo

factorsarechosenbecausetheparameterswhich influencethebehaviour of thetactics(with theexception

of resource-dependenttacticsfor ë numberof agents)aredependenton theavailabletime limits andthe

initial offers,ratherthanthenumberof agents,thenumberof issues,theirweightsor theirreservationvalues

(notethatthesevariablesareconstantin theseexperiments).

To testtheeffectsof varyingdeadlinesonagreements,theexperimentsareclassifiedinto environments

wherethetime to reachanagreementis large(section5.3.4.1)andthosewhereit is small(section5.3.4.2).

Likewise for initial offers; thereareenvironmentsin which the initial offer is nearthe minimum of the

agent’s reservationvaluesandthosewhereit is nearthemaximum(section5.3.4.3).Thereservationvalues

arecomputedasdescribedin section5.3.1with �8ª$ì�� ¦ ìË¥@� and  ,ìË� (referto figure5.2 for thekey to

theexperimentaltactics).Eachabbreviation is furtherpostfixedby theagent’s role (e.gBC andBS denote

aclient anda serverplayingtacticB respectively).

5.3.4.1 Long TermDeadlines

Thehypothesesabouttheeffectof long termdeadlinesare:

Hypothesis 1: In environmentswhere there is plenty of time for negotiation, tactics which

slowly approach their reservationvalueswill gain higher intrinsic utilities than thosewhich

havea quicker rateof approach. However, they will make fewerdeals.

Hypothesis2: Theutility to the systemwill be high whentacticshavelong deadlinessince

large numbers of offers will beexchanged. Consequently, there will bea large differencebe-

tweena deal’s intrinsic andcostadjustedutilities.

Concretevaluesneedto be provided for the experimentalvariablesto evaluatethesehypotheses.In this

case,an environmentwith long term deadlinesis definedasone in which the valuesof ?eªKLD2¨ and ? ¦KLD2¨
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Figure5.3: AverageIntrinsic Utilities andDealsMadefor Pure-Strategy Experimentsin LongTermDead-

lines: A) AverageIntrinsic Utility For Both DealsAnd No Deals,B)AverageIntrinsic Utility For Deals

Only, C) Percentageof DealsMade,D) AverageIntrinsicUtility For BothDealsandNo Dealsfor Increas-

ing Valuesof º .

aresampledwithin thirty andsixty ticks of a discreteclock. Note that ?eªK²DM¨ Õ ? ¦KLD2¨ and ?eªKLD2¨ �å? ¦KLD2¨
arepermitted. Sincehigh valuesof � D over-constrainthe true behaviour of tactics,the valueof � is set

to ����þ for bothagents.In eachenvironment,theorderof who begins the negotiationprocessis randomly

selected.3 Consideringhypothesis1 first. It waspredictedthata tacticwhichapproachesreservationsat the

slowestrate(i.e aBoulware)shouldattainthebestdeals.However, from figure5.3.Atheobservationis that

themostsuccessfultacticsareLinear, PatientandSteady. Thesetacticsarecharacterizedby the fact that

they concedeat a steadyratethroughoutthe negotiationprocess.Thenext mostsuccessfulgrouparethe

behaviour dependenttactics. Note, theseimitative tacticsnever do betterthanothertactics;the bestthey

3Theinitiator of a bid is randomlychosenbecausein earlierexperimentsit wasfoundthat theagentwhich opensthenegotiation

fairsbetter, irrespective of whethertheagentis aclientor aserver. This is becausetheagentwhobeginsthenegotiationroundreachesæAçè2éQê�ëHìÁíïî before the otheragent,hencederiving more intrinsic utility. Seesection2.2.5 for further argumentsconcerningthe

(dis)advantagesof theopeningbid.
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do is gainequalutility to the besttactic (Axelrod1984). Theworst performingtacticsareConcederand

Impatient,bothof which rapidlyapproachtheir reservationvalues.

TheobservationthatBoulwaretacticsmake significantlyfewer dealsthanall theothertactic families

(figure 5.3.C) helpsexplain Boulware’s unexpectedlypoor performance. Taking this into account,the

averageintrinsic utility for only thosecasesin which dealsaremade(figure 5.3.B) wasexamined. This

shows thatwhenBoulwaresdo makedeals,they do indeedreceivea high individualutility (aspredicted).

It is hypothesizedthat the reasonwhy Boulware tacticsperform poorly is causedby the imitating

responsesof thebehaviour dependenttactics,therebyeffectively increasingthe numbersof Boulwaresin

thepopulation.To testthis, thefinal averageintrinsic utility for dealsonly of Boulwaretacticsis compared

across:i) all othertacticsandii) all othertacticsapart from behaviour dependenttactics. It is found that

thesuccessof Boulwaretacticsincreasedby 10%in thelattercase.

Fromtheseobservations,it canbeconcludedthat the initial hypothesisdoesnot hold becauseof the

compositionof the tactic population. It is predictedthat in an environmentin which thereis plenty of

time to reacha deal,Boulwareshouldrankhigherthantacticsthatapproachedreservationvaluesquickly.

However, for Boulwaresto prosperin theexperimentalenvironment,they shouldadoptavaluefor º which

is between0.7and1.0(figure5.3.D).

Moving onto the secondhypothesis.Figure5.4.A confirmsthe resultsfor the first part of this hy-

pothesis;thetactic thatusesthemostsystemresourceis Boulwareandthe leastis Conceder. In addition,

althoughBoulwaretacticshave higherintrinsic agentutilities thanconciliatorytactics(ConcederandIm-

patient),whenthethecostof communicationis takeninto considerationtheconverseis true(figures5.4.B).

Thisaccordswith theintuitionsin thesecondpartof hypothesis2. Thecostadjustedutilities of theremain-

ing tacticsareapproximatelysimilar. Thereasonfor this is thatcostadjustedbenefit,which is theproduct

of theintrinsicutility andafunctionof thenumberof exchangedmessages,is sensitiveto largefluctuations

in theproductandassignssimilarutilities to non-extremevalues.

Finally, it canbe observedthat thecomparisonof the tacticswith respectto thecontrolsfollows the

samebroadpatternas the intrinsic agentutility (figure 5.4.C). Steadilyconcedingtype tactics(Linear,

SteadyandPatient)on averageperformbetterthanthecontrols,theconciliatorytypes(ConcederandIm-

patient)performworse.This is to beexpected,sincethecloserthetactic’s selecteddealto thedealwhich

is themid-pointof thereservationintersection(intrinsic utility of 0.5—becauseof thecompleteoverlapof

thereservationvalues),thecloserto zerothedifferentialbetweentheintrinsic utility andthecontrolutility

becomes.As canbeseenfrom figure5.3.A, theonly tacticswhich approachor exceedanaverageintrinsic

utility of 0.5arethosewhichconcedeat asteadyrate.
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Figure5.4: AverageNon-IntrinsicUtilities andControl Utilities for Pure-Strategy Experimentsin Long

TermDeadlines:A) AverageSystemUtility , B)AverageCostAdjustedUtility , C) Comparisonsto Control.

5.3.4.2 ShortTermDeadlines

Changingtheenvironmentalsettingcanradicallyalter thesuccessfulnessof a particularfamily of tactics.

Therefore,anexperimentis carriedout to investigatethebehaviour of tacticsin caseswheredeadlinesare

short.For this case,thehypothesesare:

Hypothesis3: Whenthere is a short timeframeto negotiate, tacticswhich quickly approach

their reservationvalueswill makemoredeals.

Hypothesis4: Sincedeadlinesare short, thenumberof messagesexchangedto reach a deal

will besmall.Consequentlythesystemutility will below.

In thiscontext, shorttermdeadlinesareobtainedbysamplingvaluesfor õeªöL÷2¨ and õ ¦öL÷2¨ betweentwo andten

ticksof a discreteclock. Theremainderof theexperimentalsetupis asbefore.Figure5.5shows theresults

obtainedfor theseexperiments.Thefirst observationis thatfor mosttactics,theoverall intrinsicutility, the

systemutility andthe numberof dealsmade(figures5.5 A, C andB respectively) aresignificantlylower
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Figure5.5: ComparativeDataFor Intrinsic,SystemandCost-AdjustedUtilities And DealsMadeFor Pure-

Strategy Experimentsin Long And Short Term Deadlines. A) AverageIntrinsic Utility , B) Percentage

Numberof DealsC) AverageSystemUtility , D) AverageCostAdjustedUtility .

thanthe respective measuresfor the long deadlineexperiments.A lower systemutility is expectedsince

fewermessagescanbeexchangedin theallocatedtime. NotethatsinceConcederandImpatientarequickto

reachagreements,theirutilizationof systemresourcesis independentof thetimeconstraints.Also,because

fewermessagesareexchanged,theagentspaylesstaxand,consequently, keepagreaterpercentageof their

derivedintrinsic utility (figure5.5.D).Thesefindingsareall in line with thepredictionsin hypothesisfour.

However, theothermeasuresrequirefurtheranalysis.

With longtermdeadlines,mosttactics,apartfrom Boulware,makedealsapproximately¡�ý~þ to ¡~Â�þ of

thetime,whereaswith shorttermdeadlinesonly Concedermakesanythinglikethisnumber. Thisreduction

is eitherbecausethetacticsareinsensitive to changesin their environment(e.gresourcedependenttactics)

or becausethey haveaslow rateof approachto reservationvalues(e.gBoulware).Timeinsensitivity means

the other tacticsfail to make many dealswhen interactingwith thesetactics. Becausethe lengthof the
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threadis independentof thedeadline,theresourcedependenttacticscannotdistinguishbetweenshortand

long term deadlines.This claim is supportedby the observation that Impatientgainsequivalentintrinsic

utility independentlyof deadlines(figure5.5A). Furthermore,resourcedependenttacticsaredifferentiated

with respectto ¿ , the amountof time an agentconsidersreasonablefor negotiation. If an agentdoesnot

reasonaboutdeadlinesanderroneouslyassumesavaluefor ¿ whichis closeto or above õ ö²÷M¨ , thenit will be

unsuccessfulin environmentswheredeadlinesareimportant.Therelatively low intrinsic utility of Patient

andSteady(ranked9th and7th respectively—figure5.5A) supportsthis claim. Whenthedeadlineis long,

resourcedependenttacticswith ¿Jÿ�� gainlargeintrinsic utility becausethey approachreservationvalues

in a steadyway. However, the samebehaviour in short term deadlinesis lesssuccessful.The imitative

tacticsalsoexhibit a reductionin averageintrinsic utility. This is to beexpectedsincethesetacticsimitate

therelatively largerrateof concessionof othertactics(especiallytimedependenttactics)whenthedeadline

is shorter.

Hypothesisthreeis supportedby the relative reductionsin intrinsic utility for Boulware,Steadyand

Patient and by the comparative increasefor Concederand Impatient. Whereasin long term deadlines,

Boulware,SteadyandPatientrankedhigherthantheconciliatorytactics,thereverseis true for shortterm

cases.With shorttermdeadlines,tacticsthatquickly approachtheir reservationvaluesgainhigherintrinsic

utility thanthosewhichareslower.

Again, it is observed that the dominanttactic is one which concedesat a steadyrate (i.e Linear),

suggestingthatthebesttactic,independentof timedeadlines,is onethatapproachesreservationvaluesin a

consistentfashion.Thebehaviour dependenttacticsalsogainrelatively highutilities in bothcases,ranking

third and fourth for short and long term deadlinesrespectively. Thus, whereasmost tacticshave large

fluctuationsin rankingsacrossenvironments,the behaviour dependentfamily maintainsa stableposition,

indicatingits generalrobustnessandusefulnessin a wide rangeof contexts. This is becausethesetactics

stickfirm to avoid exploitationandreciprocateconcession.

5.3.4.3 Initial Offers

In theformalmodel,anagent’sreservationvaluesareprivate.Thismeansnootheragenthasany knowledge

of wherein the rangeof acceptablevaluesan opponentbegins its bidding process,nor whereit is likely

to end. Given this constraint,an agentmust decidewherein its reservation rangesit shouldbegin its

negotiationoffers. That is, whatshouldbethevalueof � ÷ in thefaceof this uncertainty?To helpanswer

this question,thefollowing hypothesisis formed:4

Hypothesis5: Whenthedeadlinefor agreementsis notshort,makinginitial offerswhich have

valuesnear the maximumof
Å ÷¢7£�� ª
« leadsto dealswhich havehigher intrinsic agent utilities

4Note: ���è2éQê�ëHì increasesand � ëè.é*ê�ëHì decreaseswith increasingpriceoffers.
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Figure5.6: AverageIntrinsic And SystemUtilities For Pure-Strategy ExperimentsWith Low And High

Initial Offers: A) AverageIntrinsic Utility For �r¦�
��ý�� ý����/ý�� ¹�� , B) AverageIntrinsic Utility for �(¦�
��ý�� ���/ý�� ¡�¡�� , C) AverageSystemUtility For � ¦ 
���ý�� ý����/ý��¾¹�� andD) AverageSystemUtility For � ¦ 
��ý�� ���/ý�� ¡�¡�� . � ª�� ý���� For All Cases.

than initial offers near the minimumof
Å ÷¢7£�� ª
« . In other words, a serverthat startsbidding

closeto ��� � ¦¢M£�� ª
« is more likely to endup with dealsthat havea higherutility thana server

whostartsbiddingcloseto �"!$# ¦¢7£�� ª
« . Theconverseis true for theclient.

To testthishypothesis,bothagentsareallowedto havereasonablylongdeadlines,õeªöL÷2¨ � õ ¦ö²÷M¨ � ·@ý , and

� ª is madea constantat 0.1 (i.e the client is cautiousin its first offer). Therefore,thesingleindependent

variableis � ¦ , which is sampledbetweenthe values % ý�� ý��&�/ý�� ¹(' for high initial priceoffersand % ý�� ���0ý�� ¡@¡)'
for low initial offers. All otherenvironmentalvariablesarechosenasin previousexperiments.Figure5.6

confirmsthe predictionthat a server which begins bidding at valuesnearthe maximumof
Å ¦¢7£�� ª
« (figure

5.6.A)hasahigheraverageintrinsicutility thanaserver thatbeginsbiddingatvaluesneartheminimumof
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Figure 5.7: Percentageof SuccessfulDealsFor Low andHigh Initial Offers: When � ª � ý��3� And A)

�(¦4
���ý�� ý��&�0ý��¾¹�� , B) �(¦4
5��ý�� ���/ý�� ¡@¡�� .
Å ¦¢M£�� ª
« (figure5.6.B).Moreover, if � ¦ is closeto � ª (theclient startsbiddingat low valuesandthe server

begins with high offers), thenboth agentsgain equivalentutility in mostcasesandtake many roundsof

negotiationsbeforeadealis found(figure5.6.C).This is becausethetacticsbegin theirnegotiationatsome

distancefrom thepoint in thenegotiationspacewherebidshave valueswhich have a mutuallyacceptable

level.

Conversely, if � ¦ is not closeto � ª (both the client andserver startbidding at low values),thenthe

client benefitssubstantiallymorethanthe server. This is becausethe initial offers of the server arenow

immediatelywithin the acceptancelevel of the client (confirmedby the numberof messagesexchanged

beforeadealis reached(figure5.6.D)).Thus,theclientgainsrelatively moreutility thanaserver, sincethe

initial offersof bothagentsarelow anddealsaremadeat low values.5 Theinfluenceof � on thebehaviour

of tacticscanbe furtherexplainedfrom theobservationsshown in figure5.7. � ÷ is usedby all tacticsfor

generatingtheinitial offer but, for expositionpurposes,only theresultswith respectto theBoulwaretactic

family arediscussed(sincethisoffersthegreatestdifferencein behaviour). When � ¦ is low, Boulwareshave

a lower percentageof dealsrelative to othertactics(figure5.7.A). Conversely, when � ¦ is high, Boulware

almostequalsall othertacticsin the percentageof dealsthey make (figure 5.7.B).This is becauseat low

valuesof � ¦ , theshapeof theacceptancelevel for Boulwareis almosta stepfunction,whereaswhen � ¦ is

high it is a straightline nearto or at ��!$# ¦ . Thusa server playinga Boulwaretacticmakesa smallnumber

of high utility dealswhentheacceptancelevelstendtowardsbeinga stepfunction(comparefigures5.7.A

5When 6 � is distinctly different from 6 ë thereis little differentiationamongintrinsic utilities. This is why 6 ç í87:9¾î for both

agentsin sections5.3.4.1and5.3.4.2.
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and5.6.A), but makeslargernumberof lower utility dealswhenthe acceptancelevel is almosta straight

line (figures5.7.Band5.6.B).Therefore,asthevalueof � increases,thelikelihoodof a dealincreases,but

theutility of thedealdecreases.

5.3.4.4 Summaryof Non-Strategic Experiments

It hasbeenformally shown elsewherethatagentsareguaranteedto convergeon a solutionin a numberof

very constrainedsituations(e.g. whentwo agentsimplementa time-dependenttactic,thenthenegotiation

over an issueis guaranteedto convergeif thereis anoverlapin the joint reservationvaluesof that issues)

usingthe tacticalcomponentof the wrapper’s responsive mechanism(Sierra,Faratin,& Jennings1997).

Theaim of thesectionsabovewasto extendtheseresultsempiricallyandto evaluatethenon-strategic part

of the responsive mechanismof thewrapperin a wider rangeof circumstances.To this end,a numberof

basichypothesesweredefinedaboutnegotiationusingthetacticalcomponentof thewrapper. In particular,

with respectto tacticsthe following werediscovered:(i) irrespective of shortor long termdeadlines,it is

bestto bealineartypetactic,otherwiseanimitativetactic;(ii) tacticsmustberesponsiveto changesin their

environment;and(iii) thereis a tradeoff betweenthenumberof dealsmadeandtheutility gainedwhich is

regulatedby theinitial offers.

Theaforementionedresultsconfirmed(andrebutted!)anumberof basicpredictionsaboutnegotiation

usingthetacticalcomponentof thewrapper. Next, theanalysisis extendedto strategic interactions.

5.4 StrategicExperiments

Theaim of thepreviousexperimentswasto investigatetheeffectsof non-strategic decisionmaking. The

aims of the experimentsin this subsectionare to empirically explore the causalrelationshipsbetween

strategic decisionmakingon the dynamicsand outcomesof negotiation. The overall aim is to empiri-

cally evaluatethepostulatethatconsiderationof a numberof environmentalfactorsandchangesof these

considerations(or dynamicstrategies),leadto betternegotiationoutcomesthanconsideringa numberof

environmentaloutcomesbut not changingthis initial consideration(staticstrategies). In additionto this,

it is postulatedthat static strategies, in turn, leadsto betternegotiationoutcomesthanconsideringonly

oneenvironmentalfactor(purestrategies). As will be shown below, betteroutcomesaredefinedasones

that maximize the joint utility of outcomes(a global measure). Therefore,from a global perspective,;�< #=����!?>A@CB?D(� BFEHG !?E(@JIK@HBF��B?!?>4@HB?D(� BFECG�!?E(@LINMPOPD(EQ@HB?DR� BFEHG�!$E(@ , where I is shouldbe readas the “bet-

ter” operator.6 Furthermore,theobjectiveof theexperimentis to show thatchangingof strategiesper seis

morebeneficialthannon-adjustment.Therefore,theobjective is not to analyzethebehaviour of different

typesof SUTWV givenin equation4.2,but rathertherelativeperformanceof a singlestrategic decisionmaking

6Note,strictlyspeakingonly thedynamicstrategiesarestrategiesasdefinedin section4.4.3.However, for terminologicalsimplicity

throughoutthis chapterstaticconsiderationof oneor anumberof environmentalfactorswill bereferredto asstrategies.
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Variable Name Variable Scale Variable Ranges Variable TransformationX Y?Z\[H]
categorical ^?_F`badc categorical=̂ player,opponentc^fegc categorical ^fh$`badc categorical=̂ price,quality,time,penaltyc��ij interval � �f`bh¯� categorical=̂ [0.1,0.5,0.25,0.15],[0.5,0.1,0.05,0.35]c� kml [ ij `nk ifo ij � interval � � �f`\a��p`O� �f`ba�� � ordinal=̂ perfect,partialc] ik ifo interval � h$`ba�� ordinal=̂ large,low cq i�r ] l rbs categorical ^ ] l3k Z `ut Z sbvWw t r Z `bx ZWy ifz l vWw tFc categorical=̂ boulware,linear,conceder,titfortat cs l{k i� j interval � �f`bh¯� categorical=̂ perfect,partial,imperfect,uncertain,marketcy ij categorical ^fh$`badc| j interval � �F`��f} ~�� value=0.1� interval � �f`bh¯� categorical=̂ tough,linear,conceder,titfortat c

Figure5.8: Strategy ExperimentalIndependentVariables

comparedto a non-strategic decisionmaking.

The methodologyof the experimentsis similar to previousexperiments—evaluationof a numberof

hypothesesin various typesof environmentsas opposedto concretecases. To this end, sections5.4.1

introducethedataabstractionmethodologyandstatisticalmethodsnecessaryfor definitionof environments.

Section5.4.2thendefinestheexperimentalmeasures,section5.4.3detailstheexperimentalproceduresand,

finally, section5.4.4presentsthehypothesesandthediscussionof results.

5.4.1 Experimental IndependentVariables

This sectionintroducesthe set of experimentalindependentvariablesfor the strategic experimentsthat

are underthe control of the experimenter. Like the non-strategic experiments,the set of experimental

independentvariablescollectively definethe environmentof negotiation(section5.4.1.1)andthe tactics

availablefor decisionmaking(section5.4.1.2).However, in theexperimentsreportedin this sectionthere

is anadditionalsetof variables,thestrategy variables(section5.4.1.3),whichdefinetheavailablestrategies

in negotiation. Theseexperimentalindependentvariablesare introducedin figure 5.8. As before, the

assignmentof valuesto thesevariablesis underthecontrolof theexperimenterwhosemainobjective is to

choosevaluesfor thesevariablesthatlower thecomplexity of theanalysis.Note,in generalthroughoutthe

experimentstheactualconcretevaluesof theindependentvariablesmeanvery little in themselves.It is the

relativerelationshipof anindependentvariable’s valuewith respectto othersthat is important.Therefore,

throughoutthe following expositiontheactualvaluesof independentvariablesareno longerjustifiedand

their valuesshouldbeinterpretedin comparisonto otherdependentvariablevalues.

5.4.1.1 Environments

In theseexperiments,like thepreviouspure-strategy experiments,anenvironmentis definedby thenumber

of agents,thenumberof issuesinvolvedin negotiation,thedeadlinesto reachasettlementandtheaspiration

levelsof agents.In theseexperimentsnegotiationsareconductedbetweenonly two agents,categorically

labelledasMP�b� < E:D and ��M&M��R#=E:#�B . However, in thepure-strategyexperimentsagentsnegotiateovermultiple

quantitative issues��M�DR!?>gE ���RO����u!$B < �fB?!$��E �bMPE:#=���uB < � . Thesetof negotiationissuesis expandedfrom oneto
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foursoasto facilitateacomparativeanalysiswith theresultsof thetrade-off mechanismexperiments(which

requiresaminimumof two issues,section5.5).Thisanalysisis alsorestrictedtoquantitativeissues,because

thebehaviour of boththeresponsiveandtrade-off mechanismsarelesssmoothwith qualitativeissues.This,

in turn, masksthe underlyingbehaviour of the model. For example,concessionover qualitative issues

producesscoringfunctionoutputsthatare“bumpy”, containingdiscretepoints(sincequalitative issuesare

naturallydiscretevaluedobjects).Likewise,thetrade-off of aqualitativeissuewith aquantitativeoneoften

producesa transferof scorefrom oneissueto anotherwhich mayrequirethe introductionof anauxiliary

issueinto thetrade-off considerationto accommodatethecorrectscorethatneedsto betransferedin trade-

off. For example,considera client of a servicenegotiatingovera quantitative issueMPD:!?>gE anda qualitative

issue >g�(�b�ROPD . Let the reservation valuesof the issueM�DR!?>gE be %3�9ý����@ý(' , with scorevaluerangesbetween% ý��H� ] , dictatedby a continuouslydecreasingscoringfunction for increasingvaluesover M�DR!?>gE . Let the

reservation valuesof >g�(�\�RO�D be % D(E ; ���g�uO�E��fG D(ERE:#�' with an associatedscoreof % ý�� ���0ý�� ���/ý��3�C' respectively.

Let thepreviousoffer of theagentaboutto make a trade-off offer be % �@ý��FG�D(EREH#�' . Furtherassumethat the

iso-valueis setat � � ý�� � (section4.5.2.2),meaningthata scoreof ý�� � mustbere-distributedamongthe

two issues.Onesuchre-distributionmaybeto decreasethescoreon theissueM�DR!?>gE by ý��3� (thustheagent

shouldoffer lessthan �@ý for thenext offer over MPDR!$>CE ) andincreasethescoreon >g�(�b�ROPD by ý���� . However, an

increaseof ý���� to thescoreof >g�(�\�RO�D will mapto anofferof betweenG�D(E:E:# and�g�uO�E , whichisnotpermitted.

Anotherissuemayhaveto beintroducedto accommodatethis residuescore.Alternatively, thelossin score

over M�DR!?>gE canbecomputedgiventhegainsthatcanbeobtainedfrom >g�(�\�RO�D . However, this lastsolutionis

notsatisfactorysinceit giveshigherprecedenceto qualitativeissues,andfailsin caseswhereoffersstraddle,

or arecloseto, thereservationvalues.Again,thismasksthebehaviour of themechanismsandsincetheaim

of theexperimentsis to analyzetheunderlyingmechanisms,agentsnegotiateoverquantitative issuesonly.

The other independentvariablesareas follows. The importancelevel for eachnegotiation issueis

assignedconcretevalues ��ý��3���/ý������0ý����&���/ý����:��� for the MP�b� < E:D and ��ý������/ý��3���/ý�� ý ���/ý�� � ��� for the ��M�MP�R#=E:#�B .
Theseweightsarechosenbecausethey allow comparative analysisof resultswith trade-off mechanisms,

sincethey permitoperationof thelattermechanism.For practicalpurposes,similar to pure-strategy exper-

iments,the issues’interval valuesareconvertedfrom an interval to an ordinal scalewhich specifiesboth

the lengthof the interval for eachissueandthe degreeof overlapbetweenthe respective interval values

for eachissue(seesection5.3.1for a morein-depthdiscussionof themethodologyfor computinginterval

values).The typeof intervalsconsideredin theseexperimentsarethosewherethe lengthsof the interval

valuesareequalandperfectlyoverlappingfor eachissuefor both agentsandareassignedthe following

values:Again,similar to pure-strategy experiments,thelengthof theinterval valuefor eachissueis chosen

arbitrarily becausethe scoreof the offers modelsthe ordinal andnot the cardinalrelationshipsbetween

theinterval values.Furthermore,to simplify theoverallproblemandreducethecomplexity of analysis,the
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��!$#��C� � ª
« � �9ý��f�������C� � ª
« � �ý�"!$#m�f� ÷��{�{�u� � ������� ���f� ÷��{�3�u� � �@ý��!$# �u��ö « � �@ý������ � �u��ö « � �ý��!$# � «F� ÷��p�u� � ���f��� � � «?� ÷��{�u� � �9ý (5.1)

sameintervalvaluesareassignedto bothagents(henceaperfectoverlapin interval values).Theimplication

of thisdesignare:i) thatin bi-lateralnegotiationsbetweenagentsthatbothusea linearscoringfunctionthe

referencepoint (or themostequitableoutcome)is exactlyat themid pointof anissue’s interval value,with

a scoreof exactly ý�� � for eachagentandii) a dealalwaysexists. Note, that theactualconcretevaluesfor

theintervalsareinsignificantandany valuesthatobey theperfectoverlaprequirementwill suffice. If oneor

bothagentsimplementanon-linearscoringfunctionthenthismid pointmust“shift” alongtheutility scale.

Fixed interval valueswith perfectoverlappermitsanalysisof resultswith respectto a known reference

point. Samplinginterval valuesandthe degreeof overlapleadsto a morecomplicatedanalysisof results

becausethelocationof thereferencepoint canonly beascertainedonanaveragebasis.

TheindependentvariableB ÷öL÷�� , is assignedthesamevaluesasthepreviouspure-strategy experiments.

Thegroup �b�R#�G termdeadlinesis definedassampleswithin thevaluesof �@ýQ�L�@ý ticks of adiscreteclock.

Shorttermdeadlinesaredefinedassampleswithin ���8�9ý ticks of a discreteclock.

5.4.1.2 Tactics

Theotherindependentvariablesthataresubjectto transformationaretheresponsive tactics.To reducethe

complexity of theanalysistask,experimentsareconductedusingonly thetime-dependentandbehaviour-

dependenttactics(sincetime is a resourceandtime-dependentfamiliesmodeltime sufficiently). Thepa-

rametersof thesetacticsarerandomlysampled.The samethreemembersof the time-dependentfamily

arechosenasfor thepure-strategy experiments(figure5.2); thesecorrespondto behavioursthatconcedein

time in a boulware,linearandconcederfashion.Again, to reducethecomplexity of theexperiments,only

the relative-titfortat sub-family (section4.4.2.4)is chosento representbehaviour-dependenttactics. This

category is definedasthetransformationof interval valuesfor � into concretevalueof � . Thatis, relatively

mimickingevery lastoffer of theotheragents.Whenthelengthof thenegotiationthreadis below � (i.e in-

sufficientoffershavebeenexchangedbetweentheagents)thetitfortat defaultbehaviour is to bea >C�R#=>gE ; E:D
with a � valuethat is sampledwithin valuesof %3�&� ý������ ý(' —a concedertactic that is moreconcederthana

linear, but within certainlimits of concession.A concretetactic is chosenfor eachnegotiationexperiment

by samplingwithin therangeof thespecifiedordinalscaleof thattactic.
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5.4.1.3 Strategies

In theseexperimentsanagent’sstrategy amountsto i) theinitial assignmentof relative importanceweights

for all issues(or computingthe matrix �=� , seesection4.4.3) given the four experimentalcategoriesof

tactics  ¡
¢�(���RO��u£¤� D(E ���u!$#=ER� D(��>g�R#=>CE ; E:D(� titfortat � , andii) the modificationof this initial consideration.

An elementof the � matrix is indexedby ¥ �p¦ , theweightof tactic § for anissue! . A row of the � matrix is

indexedby ¥ � , thetacticsweightarray for anissue! . Therelativedifferencesin theassignmentsof values

to eachof ¥ �p¦ in the ¥ � arraydefinestheagent’s strategy for an issuein negotiation. For continencethese

strategiesarelabelledasfollows. Givenasetof tactics§¨
5�H ©� , astrategy for theissue! in negotiationcan

beoneof thefollowing:ª tough:where§ � ���RO��u£¤� D(E and ¥ ��¦ is assignedahigherweightingthanothertactics « , §�¬� «ª linear: where§ � �u!$#=ER� D and ¥ �p¦ is assigneda higherweightingthanothertactics « , §¬� «ª conceder:where§ � >g�R#=>gE ; E:D and ¥ �p¦ is assignedahigherweightingthanothertactics « , §¬� «ª titfortat: where§ � titfortat and ¥ ��¦ is assignedahigherweightingthanothertactics « , §�¬� «
As a simplification,thesamestrategy is appliedto all issues. That is, the ¥ � arraysfor all the issues

arethesame.For examplethe � matrix:

M�DR!?>gE�RO����u!$B <B?!W��EM�EH#=���\B <

®¯¯¯¯¯¯¯¯¯°
±�²)³�´pµd¶(·�¸ ´p¹nº�¸�¶)· »�²)º�»�¸�¼&¸C· ½W¹n½ ¾g²)·�½$¶)½� ý ý ý� ý ý ý� ý ý ý� ý ý ý

¿{ÀÀÀÀÀÀÀÀÀÁ
specifiesastrategy thatassignstheboulwaretacticthehighestweightfor all issues. Again, this simplifica-

tion is intendedasa measureto reducesthe total numberof freeexperimentalvariablesandhencereduce

thecomplexity of analysis.Therefore,theexpositionwill bedescribedwith referenceto asingleissueonly

( ¥ � array). Applicationof the samestrategy to eachissuethroughoutthenegotiationcanserve asa base-

casefor future experimentsthat aremorecomplicatedandwhoseanalysisis mademoreaccessiblefrom

thebase-caseresults.Notealso,that thestrategy label is derivedfrom the highestweightedtactic,not to

beconfusedby thetacticitself. Thus,a ¥ � arraywith a valueof % ý���Â��/ý����&�0ý����&�0ý����g' denotesa toughstrategy.

Conversely, a ¥ � arraywith a valueof % ý��3���/ý���Â��/ý����&�0ý����g' denotesa linearstrategy, andsoon. Sincetheaim

of theseexperimentsis to evaluatethedifferencesbetweennon-strategic andstrategic decisionmaking,the

agents’strategiesareevaluatedin threeclassesof experiments:
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ª purestrategiesª mixed1strategiesª mixed2strategies

Thedifferencesbetweentheclassesof experimentsaredefinedby i) themagnitudeof theinitial �m� matrix

andii) the presenceor absenceof change in this initial � � matrix. A purestrategy simply consistsof the

assignmentof binaryvaluesfor ¥ �p¦ to theavailabletacticset.For example,for eachissuea pureandtough

strategist in theexperimentconsistsof assignmentto thetacticset �R���RO��u£¤� D(E ���\!W#=ER� D(��>C�R#=>gE ; E:D(� titfortat �
the ¥ � array values %3�&�0ý��/ý��/ý)' which doesnot changethroughoutthe negotiation. Likewise, a pure and

concederstrategist in theexperimentwouldconsistof ¥ � assignment% ý��0ý��H�&�/ý)' to all issueswhich doesnot

changethroughoutthenegotiation.Therefore,purestrategiesarethesameasthebaseexperimentswherean

agent’sstrategy consistsof astaticassignmentof value � to oneof theavailabletacticindependentvariables

correspondingto thedesiredstrategy.

A mixed1strategy, on theotherhand,consistsof theassignmentto thesametacticsetof continuous,

as opposedto binary, ¥ �p¦ valueswhich also do not changethroughoutthe negotiation. For example,a

value of % ý�� ���/ý�� ý��&���/ý�� ý&�����0ý�� ý&�&�(' for all issuesin � denotesa mixed1 tough strategist. Thus, whereas

purestrategiesmodeltheuseof a single tactic in generatingan offer, mixedstrategiesusea combination

of tacticsto generateoffers (seesection4.4.3). Unlike purestrategies,because¥ �p¦ is an interval valued

variable,with theconstraintthat ¥ �p¦ 
Ã% ý��H�g' and Ä ¦gÅ&Æ ¥ ��¦ � �&� ý for all ! , therecanbeaninfinite number

of valuesof ¥ ��¦ that implementthe given strategy. However, the valueof ¥ �p¦ hasto obey an additional

constraintthatits valueis within therange % ý�� �����0ý�� Ç(' . This constraintrestrictstherangeof possiblevalues

of ¥ ��¦ for a givenstrategy to be below a pure-strategy (henceý�� Ç andnot �&� ý ) andabove the level where

the tactic hasequalweightingwith the other tactics(sincetherearefour tactics,the lower boundof the

constraintis ý����&� ). For example,a ¥ � arrayvalueof % ý�� ���/ý�� ý&�����0ý�� ý&�&���/ý�� ý��&�R' specifiesa toughermixed1

strategist thana comparative ¥ � valueof % ý������0ý����H�����/ý��3�:�&���/ý����H���R' . In theformercase,the ���RO��u£¤� D(E tactic

hasmoreof aninput into thedecisionof thenext offer generationthantheothertactics,whereasin thelatter

casetheothertacticshave relatively moreof aninput in thedecisionmaking.Thusa tactic’s influenceon

thefinal decisioncanrangefrom no influenceto fully dictatingthedecision(thecasefor a purestrategy).

Therefore,to investigatedifferent initial magnitudesof ¥ �p¦ , the degreeof a tactic’s magnitude/decision

strengthis madeanindependentvariable È ��¦ , definedasthe initial strengthof the ¥���p¦ of issue! for tactic§ at time ý . Assignmentsof initial valuesfor eachÈ �p¦ (for eachissueandeachtactic) thendefine �=� , the

initial strategy of anagentat time ý for all issues.

A mixed2 and tough strategist is similar to a mixed1 strategy, but now the initial �m� array is dy-

namicallymodified throughoutthe negotiation. For example,a toughmixed1strategy for an issuemay
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correspondto the ¥��� arrayvalueof % ý�� ���/ý�� ý&�����0ý�� ý&�&���/ý�� ý��)�(' (theagentconsidersthetime factorto beim-

portantanddoesnot changethis consideration).However, theseinitial valuesof the ¥��� arrayaresubject

to change throughoutthenegotiationin thecaseof mixed2experiments.Thusmixed2strategiesmodelnot

only thecombinationof tacticsfor generatinganoffer (sameasmixed1strategies),but alsothe transition

in thiscombinationduringthecourseof negotiation(seesection4.4.3).This transitionis formally specified

asthe SUTWV function(equation4.2)thatmaps� � [ to � � [:É h , whereB � denotesthecurrenttime. However, like

interval valuedvariables,therecanbeaninfinite numberof suchmappings.In thecaseof theseexperiments

themodificationof theinitial �m� for all issues! is dictatedby thefollowing policy (equation5.2)basedon

thenotionof similarity (seeequation4.6):

If ý�� ÇËÊ8@H!$��T\�m� < VÌÊÍ�&� ý then !$#=>�D(ER��@:E Tu¥ �\Î ¬$Ï � �{ÐW÷ � « ��ÑËV
If ý��pÂÒÊ8@H!$��T\�m� < VÌÊ�ý�� Ç then !$#=>�D(ER��@HE�Tu¥ �\Î �u�{�\Ó Ï � ��÷�� ��ÑÔV
If ý�� �ÔÊ8@H!$��T\�m� < VÌÊ�ý��pÂ then !$#=>�D(ER��@:E�Tn¥ �\Î �{� �8« ÷ ����ÑÔV
If ý�� ýËÊ8@H!$��T\�m� < VÌÊ�ý�� � then !$#=>�D(ER��@HE�Tu¥ �\Î ª?Ïf�8ª
«FÕ@« �)��ÑÔV

(5.2)

where � and
<

are the agent’s andthe opponent’s last offer respectively, and @H!$��T\�m� < V is the similarity

betweenthetwo contracts.Therecanbeany numberof modificationpolicies,but rule5.2is chosenbecause

it is simpleandeasilyadjustablefor experimentalpurposes(throughmodificationof eithertheconditions

of the rule or the actionof the rule). Furthermore,sincethe objective of the experimentis to show that

changingof strategiesperseis morebeneficialthannon-adjustment,any reasonablerulewhichimplements

amodificationof � wouldsuffice.

Themodificationruleencodestheheuristicthatif theagentbelievesthatthetwo contracts� and
<

are

very closethenit shouldadopta more ���RO��u£¤� D(E strategy (sincelargechanges,by beingconceder, for ex-

ample,maymovethepointof crossoverof offersto positionswheredealsarelessbeneficial).Ontheother

hand,if thetwo contracts� and
<

arebelievedto bedissimilarthena >g�R#=>gE ; EHD strategy shouldbeadopted

sincemovementsin concessionsmayleadto theapproachingof thezonesof crossoverof offers.In between

thesetwo extremes,a �u!$#=ER��D andtitfortat strategy shouldbeadopted.Sincefor moststrategies(especially

with long termdeadlines)the initial offers in negotiationareunlikely to benearthecrossover of anissue

interval (recall theresultsin section5.3.4.3),theoverall effect of therule is to initiate a rateof concession

to thecrossoverandthenbegin to lower this rateascrossover is approached.However, theconsequenceof

rule5.2is to changethestrategy of theagentindependentlyto anew state,makingthebehaviour of mixed2

strategiesanexperimentalvariablethatcannotbemanipulated.To overcomethisproblem,anothervariable

( Ñ ) is addedthatmodifiesthebehaviour of theruleunderthecontrolof theexperimenter. Theeffectof Ñ is

to regulatetheamountexistingstrategieschange(i.e. it is a form of “resistance”to change).Thus,whereas
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the initial magnitudeof the �=� matrix completelydefinesmixed1strategies,mixed2strategiesaredefined

by boththeinitial magnitudeof �=� andthedependentvariableÑ , whichspecifiesthepercentageof change

permittedto theinitial �m� matrix by rule 5.2.For example,a toughstrategy for anissue! canbedefinedas¥��� � % ý�� ���0ý�� ý&�����/ý�� ý��&���/ý�� ý&���R' in mixed1experiments.Thesamestrategy in mixed2experimentsis then

definedasacombinationof theinitial ¥��� array, % ý�� ���0ý�� ý&�����/ý�� ý��&���/ý�� ý&���(' andthedegreeto which this tough

strategy is allowedto bechangedby rule5.2.Thedegreeof modificationis givenin percentileform, where

the given ¥ ��¦ is increasedby the specifiedpercentile.The amountincreasedis removedequallyfrom all

othertactics,since ÄÖ¦gÅ&Æ ¥ �p¦ � �&� ý (section4.4.3). Thusa Ñ valueof �@ýAþ over would specifya tougher

mixed2negotiatorthanavalueof �~þ , becausea �@ýAþ changemodifiesto agreaterextenttheinitial valueof

thetoughstrategy ( ý�� � ) thana �~þ change.It shouldbenotedthathighernumbersfor Ñ resultin dynamics

of changein � thatquickly reachthestatewherethey arepurestrategies.

Theweightsusedfor thesimilarity computationfor thepreconditionof theupdaterule( @H!$� ÷Ð j in figure

5.8,equation4.5andsection4.5.2.2)are % ý�� �����0ý����&���0ý����&���/ý����&�(' , reflectingtheagent’suncertaintyaboutthe

otheragents’issueimportanceevaluation(seesection5.5 for anexplanationof otherchoices).Thechoice

of criteria function( × ÷¦ in figure5.8) is likewiseinfinite. Thediscriminatorypower—themagnitudeof the

differencebetweentheinputandoutput—ofthecriteriafunction(equation4.6) is setsothatit exhibits two

properties.Firstly, thatit hasmorediscriminationwithin theissues’interval values(ascomparedto values

outsidethis range),sinceall of thenegotiationwill takeplacein this region. Thus,maximaldiscrimination

shouldbebetweenanissue’s �"!$# and ��� � values.This interval valuerequirementis parameterizedby the

independentvariableØ . WhenØ is low, thefunctionshouldbemaximallydiscriminativefor valueswithin the

issue’s interval limits (mutatismutandiswhen Ø is high). Secondly, differentdiscriminatorypower within

theinterval rangeis alsodesired,to supportdifferentsimilarity measuresfor differentissues(for generality

andextensionof thesefunctionsto trade-off experiments).For example,for oneissueit maybedesirable

to have maximal discriminationat the centerof the interval values,whereasfor anotherissuemaximal

discriminationmay be desiredat the extremesof the interval values. This requirementis parameterized

usingthevariable Ù . When Ù is high, morediscriminationis placedtowardsthemaximumof the interval

values(mutatismutandiswhenit is low). Thefollowing functionsatisfiesthesetwo requirements:

×mT\��V � �Ú � ÛF� #ÖÜ(Ý �¨ÞR�ß�5��!$#�Þ�à���"!$# áááá
�à�5��!$#�����¨����!W#¨áááá

â �8�CãäÛF� #åT Ú T �� ��Ø�VfV?æèç Ú � (5.3)

Figure5.9 shows the effect of varying Ø . Thus the discriminationpower of the function decreaseswith

increasingvaluesof Ø . In theseexperiments,in order to be quite discriminatory, Ø is fixed at ý��3� for all

issues.For all issues,Ù valuesarefixedto beequal: Ù �C� � ª
« � Ù �f� ÷��{�{�u� � Ù �u��ö « � Ù � «?é ÷��p�u� � � , soasto

have linearcriteria functions TW×�ê� @RV , having equaldiscriminationpower acrosstheissue’s interval values. Ø
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Figure5.9: CriteriaFunctionsFor An IssueïÍ!$# � �9ý���ïð� � � �@ý
and Ù aremadeconstantto reducethenumberof freevariablesin theexperiments.However, normallythe

settingof valuesfor Ø and Ù reflectstheagent’sdomainknowledge.

Thevaluesfor the ¥ � arrayusedfor thestrategy of eachissuefor eachexperimentclassareshown in

figures5.11,5.12,5.13and5.14,correspondingto benchmark,increasedÈ �p¦ for the ��M&M��R#=EH#�Û , increasedÈ �p¦ for the M��\� < E:D anddecreasedÈ �p¦ for both the ��M�MP�R#=E:#�Û andthe MP�b� < E:D respectively. Recall that an

increase(or decrease)in theinitial valuesof anissue! strategy for tactic § attime ý ( ¥���p¦ ) acrossexperiments

isdenotedasanincrease(ordecrease)in È �p¦ . Notealsothatthetoprow of eachexperimentclassdenotesthe

strategiesof the MP�b� < E:D andthebottomrow of eachexperimentclassdenotesthestrategy of the ��M�MP�R#=E:#�Û .
Thebenchmarkexperimentsareincludedto establishacomparisoncriteriaontheeffectof increasingeither

the ��M&M��R#=E:#�ÛFê�@ or the MP�b� < E:D(ê3@©¥���p¦ , or, conversely, decreasingboth agent’s ¥���p¦ levels, on the dependent

variables.Following thesameindexing conventionasbefore, Ñ ��¦ is thevaluetactic § canbechangedfor

issue! . Furthermore,Ñ � arraysand ¥ � arraysareidenticalfor eachissue % M�DR!?>gE ���RO����u!$Û < �fÛ?!$��E��bMPE:#=���uÛ < ' .
It may be useful for the forthcomingdiscussionof resultsto imaginedifferent tacticsas different

forcesthat attemptto “move” the scoreof the contractto a mutually acceptablepoint, the contractscore

at the crossover of offers. Figure 5.10 presentsthis analogyschematically, for one issue(for exampleMPD:!?>gE ). Imaginethe agentis a client. Thereforelower pricesarepreferredto higherprices. A ���RO��u£¤� D(E
tacticthereforeattemptsto generatepricesthataredistributedcloseto theminimum,whereason theother

extremea concedertactic generatesprice offers that reachthe maximumquicker. Other tacticsgenerate
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Figure5.10:Analogyof TacticsAs Forces.

offerson this minimummaximumcontinuum.A pure-strategy canthenbeenvisagedasa mechanismthat

views a singleforce to reachthe focal point. A mixed1strategy, on the otherhand,canbe envisagedas

consideringa combinationof forcesto reachthis convergencepoint. This is shown in figure 5.10asthe

resultantforce,thedottedline labeledmixed. Theexactcombinationmixture(wheretheresultantline lies)

is controlledby È � . A mixed2strategy canthenbeenvisagedasa resultantforcethatnot only considersa

combinationof forces,but alsomodifiestheconsiderationsastheenvironmentchanges.Notethattherecan

bean infinite numberof mixed1resultantforces(mixtures)in betweenthetoughandconcederstrategies,

correspondingto infinite valuesfor È � . However, whereasa mixed1is a concreteselectionandadherence

to only oneof theseinfinite possibilities,a mixed2strategy alsopermitsthe “movement”of the resultant

(thediagonalline in figure5.10)alongthetough-concederaxis(controlledby theindependentvariableÑ ).

Figure5.11shows valuesfor theexperimentalindependentvariable¥ � arraythatareusedasa benchmark

for the otherexperimentswhich manipulateÈ � (the magnitudeof the initial strategy, or ¥��� ) for an issue! . For pureexperiments,the strategiesaresimply assignedthe valueof �&� ý for the appropriatestrategy

for both the M��\� < E:D andthe ��M�MP�R#=E:#�Û . In mixed1experimentalclasses,the valueof the dominanttactic

( �HÛF�ROPG�×m���\!$#=E:� D(��>g�R#=>gE ; E:D(� titfortat � ) is assigneda valueproportionallyhigher(threetimes)thanthe rest

of theothertactics.Again, it is theordinal,ratherthancardinal,relationshipbetweenthevariablesthatis of

interest.Thevalueof thedominanttacticis computedto bein therange % ý�� �����0ý�� Ç(' (asdiscussedin section

5.4.1). Sincethevaluesof the independentvariablesshown in figure5.11form theevaluationbenchmark

for theexperimentsthatmanipulateÈ �p¦ , the ¥ �p¦ for mixed1of thedominanttactic § is setto ý�� � (within the

constraint% ý�� �����0ý�� Ç(' ).
The remaining ¥ � array for the other tactics is simply computedas the distribution of the residue

weightsaccordingto thepolicy Tf�Ì�ñ¥ �p¦ V�ò)� . Thispolicy is chosenbecausetheaimof theexperimentsis to
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evaluatetherelativeandnottheabsolutedifferencesin ¥ � array. Mixed2strategies,asmentionedabove,are

definedin termsof the two independentvariables:initial ¥ � arrayandthe percentagepermissiblechange

of this value Ñ � by theweightupdaterule 5.2. Theinitial ¥ �p¦ for thedominanttacticof thestrategy is set

at ý�� ����� andthe valuesof Ñ � arrayare, respectively, set to % �����������ý�����ý)' for boulware, linear, conceder

andtitfortat strategies. Thesevaluesreflectthe relative persistenceof the initial ¥ � arrayin the courseof

negotiation.Thatis, for all issues,ateachstepin negotiation,a toughstrategy permitsonly a ��þ changeto¥ ¬$Ï � �{ÐW÷ � « , a linearpermitsrelatively morechangesto ¥ �{� é�« ÷ � , concedermostof all, andtitfortat in between

linearandconcederstrategies.Thevalueof ¥���p¦ for mixed2experimentsis higherthanmixed1experiments

( ý�� ����� and ý���� , respectively). A highervaluefor ¥���p¦ is chosenbecausethe updaterule (especiallyin the

caseof concederstrategies)canreduce¥���p¦ too quickly to below mixed1levels,therebymakingit difficult

to discriminatetheresultsof mixed1andmixed2experiments.Thusthestrategy in themixed2experiment

classesis definedthroughthemagnitudeof theinitial ¥���p¦ andtherelativepermissiblechangesto thisvalue

through Ñ ��¦ .
Note that the strategiesof both the M��\� < E:D and the ��M&M��R#=EH#�Û areconstantand the samefor all the

experimentalclassesin thebenchmarkexperiments.Generally, resultsaresoughtfor typesof environments.

Therefore,¥ �p¦ shouldideally have beenstatisticallysampled,allowing evaluationof contexts where ¥ �p¦ is

not fixed. However, this methodologyis not adoptedbecauseoneof the aims of the experimentsis to

investigatethe effect of È � (or the strengthof the strategy) on the dependentvariables. To investigate

the effect of È � , the ¥ �p¦ distribution would have to be divided into bin sizesover the interval % ý����&���/ý�� Ç)'
(correspondingto theconstraintabove). Collectingvaluesof ¥ �p¦ into smallbin sizesandthenstatistically

samplingeachbin sizewould have resultedin distributionsof ¥ ��¦ with similar valuessincethebin sizeis

significantlysmall.

The independentvariablesshown in figures5.12 and 5.13 show the experimentalvariableswhere

the isomorphismbetweenthe MP�b� < E:D and ��M&M��R#=EH#�Û benchmarkstrategies is broken. Togetherwith the

independentvariablesshown in figure5.14,theseenvironmentsdirectly evaluatetheeffect of varying È � .
Thesevariablesareassignedthesevaluesto investigatethe effect of either the ��M&M��R#=EH#�Û or the MP�b� < E:D
increasingthe valueof È � respectively. Note that sincepurestrategiesarebinary valuedvariablesthey

cannotbeincludedin È � experiments.Thus,in figure5.12the MP�b� < E:D dependentvariablesareunmodified

from thebenchmarkexperimentsshown in figure5.11. However, the valuesof ¥ �p¦ and Ñ �p¦ areincreased

for the ��M�MP�R#=E:#�Û . ¥ �p¦ of thedominanttactic is increasedfrom ý���� to ý�� � ( È ��¦ � ý�� � ). Theimplicationof

this changeis thatthe ��M&M��R#=EH#�Û in this environmentis muchmoretough,linear, concederor titfortat in its

strategies. Likewise, thevalueof Ñ ��¦ is relatively higherthanthebenchmarkcase,resultingin strategies

thatallow rule 5.2 to morefreely modify ¥ �p¦ accordingto thedistanceto crossover in offers. Figure5.13

showstheconverseof 5.12,wherethedependentvariablesfor the ��M&M��R#=E:#�Û arethesameasthebenchmark
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ExperimentClass tough linear conceder titfortat

pure [1,0,0,0] [0,1,0,0] [0,0,1,0] [0,0,0,1]

[1,0,0,0] [0,1,0,0] [0,0,1,0] [0,0,0,1]

mixed1 [0.5,0.166,0.166,0.166] [0.166,0.5,0.166,0.166] [0.166,0.166,0.5,0.166] [0.166,0.166,0.166,0.5]

[0.5,0.166,0.166,0.166] [0.166,0.5,0.166,0.166] [0.166,0.166,0.5,0.166] [0.166,0.166,0.166,0.5]

[0.625,0.125,0.125,0.125] [0.125,0.625,0.125,0.125] [0.125,0.125,0.625,0.125] [0.125,0.125,0.125,0.625]

mixed2 ó =5 ó =25 ó =50 ó =40

[0.625,0.125,0.125,0.125] [0.125,0.625,0.125,0.125] [0.125,0.125,0.625,0.125] [0.125,0.125,0.125,0.625]ó =5 ó =25 ó =50 ó =40

Figure5.11:BenchmarkStrategy Experiments

ExperimentClass tough linear conceder titfortat

mixed1 [0.5,0.166,0.166,0.166] [0.166,0.5,0.166,0.166] [0.166,0.166,0.5,0.166] [0.166,0.166,0.166,0.5]

[0.8,0.06,0.06,0.06] [0.06,0.8,0.06,0.06] [0.06,0.06,0.8,0.06] [0.06,0.06,0.06,0.8]

[0.625,0.125,0.125,0.125] [0.125,0.625,0.125,0.125] [0.125,0.125,0.625,0.125] [0.125,0.125,0.125,0.625]

mixed2 ó =5 ó =25 ó =50 ó =40

[0.8,0.066,0.066,0.066] [0.066,0.8,0.066,0.066] [0.066,0.066,0.8,0.066] [0.066,0.066,0.066,0.8]ó =10 ó =40 ó =100 ó =80

Figure5.12: M��\� < EHD With BenchmarkStrategy And ��M�MP�R#=E:#�Û With IncreasedÈ ��¦

ExperimentClass tough linear conceder titfortat

mixed1 [0.8,0.06,0.06,0.06] [0.06,0.8,0.06,0.06] [0.06,0.06,0.8,0.06] [0.06,0.06,0.06,0.8]

[0.5,0.166,0.166,0.166] [0.166,0.5,0.166,0.166] [0.166,0.166,0.5,0.166] [0.166,0.166,0.166,0.5]

[0.8,0.066,0.066,0.066] [0.066,0.8,0.066,0.066] [0.066,0.066,0.8,0.066] [0.066,0.066,0.066,0.8]

mixed2 ó =10 ó =40 ó =100 ó =80

[0.625,0.125,0.125,0.125] [0.125,0.625,0.125,0.125] [0.125,0.125,0.625,0.125] [0.125,0.125,0.125,0.625]ó =5 ó =25 ó =50 ó =40

Figure5.13: ��M�MP�R#=E:#�Û With BenchmarkStrategy And M��\� < EHD With IncreasedÈ ��¦

ExperimentClass tough linear conceder titfortat

mixed1 [0.3,0.23,0.23,0.23] [0.23,0.3,0.23,0.23] [0.23,0.23,0.3,0.23] [0.23,0.23,0.23,0.3]

[0.3,0.23,0.23,0.23] [0.23,0.3,0.23,0.23] [0.23,0.23,0.3,0.23] [0.23,0.23,0.23,0.3]

[0.3,0.23,0.23,0.23] [0.23,0.3,0.23,0.23] [0.23,0.23,0.3,0.23] [0.23,0.23,0.23,0.3]

mixed2 ó =5 ó =5 ó =5 ó =5

[0.3,0.23,0.23,0.23] [0.23,0.3,0.23,0.23] [0.23,0.23,0.3,0.23] [0.23,0.23,0.23,0.3]ó =5 ó =5 ó =5 ó =5

Figure5.14:StrategiesFor BothAgentsDecreasedÈ �p¦
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VariableName VariableScale VariableRanges> < >g�\E(@ interval %{���fÛ öL÷�� 'ô ÷ T\�RO�ÛF>g�R��E(V interval % ý��H�g'ô ÷ T\DRE(S�E:D(E:#=>gE(V value ý�� �ô ÷ TpMP� D(E:ÛF�)V interval % ý��H�g'
Figure5.15:ExperimentalDependentVariables

casein figure5.11andit is the M��\� < EHD thathasincreasedmagnitudeof strategy.

Finally, theeffect of varying È � for both the MP�b� < E:D andthe ��M&M��R#=EH#�Û from thebenchmarkis shown

in figure 5.14. ¥ �p¦ is decreasedfrom ý�� � to ý�� � resultingin strategiesthat,althoughthey arestill defined

asstrategies,have nonethelessa lower influenceon the final decision. This allows other tacticsto have

relatively more strength(than the benchmarkcase)in the final decision. Likewise, Ñ ��¦ for the mixed2

experimentclassis uniformly loweredto a ��þ level for all strategies,resultingin anenvironmentwherethe¥ � arrayis modifiedsmoothlyacrossall strategies.

5.4.2 Experimental Measures

Theprevioussectiondescribedtheindependentvariablesthatcanbemanipulatedby theexperimenterand

theireffectsobservedon thedependentvariables.Figure5.15shows theexperimentaldependentvariables,

onecalibratingtheprocessof negotiation( > < >C�\E(@ ), andthreeothersfor measuringtheoutcomeof negotia-

tion. Eachdependentvariablearedescribedin moredepthin thesectionsbelow.

5.4.2.1 Communication

A muchsimplerform of on-linecost,comparedto thepure-strategyexperiments,is definedby theindepen-

dentvariable õ < >g�\E(@ . õ < >g�bER@ calibratesthetotal numberof messagesexchangedin thecourseof a single

negotiationrunof theexperiment(or thecommunicationmessageloada strategy placeson anagent).This

simpleform of on-linecostis usedto disassociatethecostsfrom theintrinsicutility of thestrategy (method-

ologyof thepure-strategy experiments)sothattheagentcanmakedecisionsaboutthecommunicationcost

of thestrategy, ratherthantheresultingcost-adjustedutility. Thestatisticsusedfor õ < >C�\E(@ aresimply the

averagenumberof messagesexchangedfor astrategy pairingacrossall experimentalruns.

5.4.2.2 IntrinsicUtilityö O�ÛF>g�R��E is the categorical variablethat measuresthe final outcomeof negotiation in termsof success

( ÷¤>g>CE�MPÛ ) or failure ( øÍ!$Ûf× ; D(� £ ). Given an outcomethe intrinsic utility of a deal,
ô ÷ T\�RO�ÛF>g�R��ERV , is the

individual agentutility of the deal. The form of the utility function is the sameasthe onegiven in pure-
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strategy experimentsreportedin section5.3.3.1,definedasthelinearscoringfunction:ô ÷ Tu��V � ùú�û ¦ û é £ ÷¦ ô ÷¦ Tu� ¦ V
where � is theoutcome,# is thetotal numberof issues,andthevalueof the individual issue§ to agent� ,ô ÷¦ Tu� ¦ V , is computedas: ô ÷¦ Tu� ¦ V �ýüþ ÿ öL÷�� ij�� � jöL÷�� ij � öÌ� é ij if decreasing� j � öÌ� é ijöL÷�� ij � öÌ� é ij if increasing

where !$#=>�D(ER��@C!$#�G and
; ER>�D(ER��@C!$#�G refer to the direction of changein scoreas the value of that issue

increases.For example,increasingthe MPD:!?>gE of theservicedecreasesthescorefor a client,but increasesit

for a seller. Like õ < >g�\E(@ , the statisticsfor
ô ÷ Tu��V aresimply the averageutility of the dealwhenusinga

strategy acrossall experimentalruns.

5.4.2.3 ExperimentalControls

Theanalysisof theobservedaverageutility datadistribution will bemadewith respectto threereference

points: i) the constant-sumline (seesection2.2.3),ii) the referencepoint andiii) thepareto-optimalline.

Seefigure3.1for anexplanationof eachof thesepoints.Recallfrom section2.2.3thatthesignificanceof the

constant-sumline is thatoutcomesthatlie onthisline resultin individualagentutility whosejoint scoreadds

up to �&� ý —thatis
ô � ��÷�� « � T\�RO�ÛF>g�R��ERV=ç ô Ï ��� Ïfé�«Fé � T\�RO�ÛF>g�R��ERV � ��� ý . This line is usedasa controlbecause

outcomesthatlie on it representdistributivebargainingsituationsandconversely, integrativebargainingfor

theoutcomesthat lie above it. Indeed,in negotiationover a singleissue(distributive negotiation)thesum

of utilities of an outcomehas to be equalto � whenthe scoringfunctionsof both agentsare linear—an

outcomewith a utility of ý�� � for oneagentdeterminesthe maximumthe otheragentcanreceive for this

outcomeis ý�� � . In fact,for singleissuenegotiationstheconstant-sumline is thepareto-optimalline—there

is no otherdeal that both agentspreferwithout oneagentbeingworseoff. It is by introducingmultiple

issuesthatthesumof individualutilities canbedifferentto �&� ý . Thereforethestrategiescouldbeevaluated

with respectto theintegrativeanddistributedbargainingdimension.However, aswill beshown below, the

experimentalchoiceto assignthesame� matrixto eachissueresultsin theresponsivemechanismselecting,

at best,outcomesthat lie on the constant-sumline, and,at worst, outcomesthat lie below this line. The

constant-sumline is included,togetherwith thepareto-optimalline, for comparativeanalysisof theresults

obtainedwith thetrade-off mechanism.Note,for multi-issueanddifferentiallyweightedissues,outcomes

canlie below theconstant-sumline, representingoutcomeswhosejoint utility is lower than ��� ý .
Outcomesthat lie on the constant-sumline representonesetof possibledistributionsof utilities, or

waysof “dividing theutility pie”. Theseoutcomesarenotequitable(recallthatequitableis definedasequal

distribution of utilities)—a utility distribution of T�ý�� ���/ý�� ��V and T�ý����&�0ý�� Ç�V both equivalentlymaximizethe

sumof the individual utilities, but the first outcomeis more favorablefor the first agentand the second
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outcomeis more favorablefor the secondagent. As mentionedin section3.1.4, the Nashpoint is an

equitableoutcome,computedasthe dealthatmaximizedtheproductof thefinal utilities (seefigure3.1).

However, recall the argumentpresentedin section3.1.4againstthe useof the Nashsolution for multi-

dimensionalnegotiation—whereascomputationof theNashsolutionis straightforwardfor distributive (or

singleissue)negotiations(indeed,theNashsolutionwasthecontrolmeasurein thepreviousnon-strategic

experiments),the sameis not true for integrative negotiationsinvolving different importancelevels and

intervalsfor eachissue.For thesereasons,theNashsolutioncontroloutcomeis replacedwith thereference

outcome,simply computedastheintersectionat themid point of eachagent’s interval valuefor all issues.

Unlessstatedotherwise,thereferencepoint for a pair of linearscoringfunctionsis specifiedastheutility

coordinatepoint T�ý������/ý�� ��V andis constantin theexperimentsbecausetheinterval valuesof agentsoverlap

perfectlyanddo not change.

The Pareto-optimalmeasureis includedfor comparative analysisof dataacrossthe responsive and

trade-off experiments. Pareto-optimality(
ô ÷ TpMP� D(E:ÛF�)V ) is computedas the outcomethat maximizedthe

sumof thedeals.Fivepareto-optimaloutcomesarecomputedanda line thatjoinedtheutility valuepoints

of thesefivedealsis usedasacontrolline of theclosenessof theexperimentaloutcometo apareto-optimal

outcome(see(Raiffa1982),pp.163–165).Thefirst paretooptimaldealis simplyavalueof � for the MP�b� < E:D
and ý for the ��M&M��R#=EH#�Û , Tf�&�0ý�V . The secondis the converse T�ý��C�RV . The third paretooptimal outcomeis

computedby selectingthevaluesfor eachissue� ¦ in negotiationthatmaximizesthecombinedvalueof all

theissuesfor bothagents:ù T\£ � ��÷�� « �¦ � ô T\� � ��÷�� « �¦ V�Vmç ù T\£ Ï ��� Ï�é�«?é �¦ � ô Tu� Ï ��� Ïfé�«Fé �¦ VfV
where £ ¦ is theweightof issue§ . Thefourth paretooptimaloutcomeis computedby selectingthevalues

for eachissuewhichmaximizesMP�\� < E:D utility plushalf the ��M&M��R#=EH#�Û utility. Thisgivesthe ��M�MP�R#=E:#�Û less

weight: ù T\£ � ��÷�� « �¦ � ô T\� � ��÷�� « �¦ V�Vmç½ý�� � ù T\£ Ï ��� Ï�é�«?é �¦ � ô Tu� Ï ��� Ïfé�«Fé �¦ VfV
Thefinal paretooptimalcontractis computedby selectingthevaluesfor eachissuethatmaximizesMP�b� < E:D
utility plustwicethe ��M�MP�R#=E:#�Û utility. Thisgivesthe ��M&MP�R#=E:#�Û moreweight:ù Tu£ � ��÷�� « �¦ � ô Tu� � ��÷g� « �¦ VfVmçÖ� ù Tu£ Ï ��� Ïfé8«?é �¦ � ô T\� Ï ��� Ï�é�«?é �¦ V�V
Thepareto-optimalline, in turn,is indicatedin thefiguresof resultsasthesolid line thatconnectsthesefive

points.

Whereappropriate,statisticalaveragesandstandarddeviation of averagesacrossstrategieswill be

given,respectively, to representthecenterof thedensityandthevariationof a groupof outcomedistribu-

tions with respectto the referencepoint. For example,four differentstrategiesthat result in a sumtotal
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utility averageof ý�� � anda standarddeviation of ý�� ý identify a distribution of differentstrategy outcomes

which lie exactly on the referencepoint. Variationsin the averagesthenindicatethe distanceof the final

averageoutcomefrom thereferenceandthestandarddeviation measuresthedegreeof variationof theav-

eragesfrom thereferencepoint. Averagesandstandarddeviationsof agroupof strategieswill bepresented

only for the ��M�MP�R#=E:#�Û sincethedistributionof outcomesfor the MP�b� < E:D is simplyoneminustheaverageof

thedistributionof the ��M�MP�R#=E:#�Û .
5.4.3 Experimental Procedure

The experimentalprocedureconsistsof gamesbetweeneachpairing of MP�b� < E:D and ��M�MP�R#=E:#�Û strategies

(tough,linear, conceder, titfortat) for eachof the È settingsin figures5.11,5.12,5.13and5.14andfor each

of theexperimentclasses(pure,mixed1,mixed2).This procedureis shown algorithmicallyin figure5.16.

Two strategiesarepairedto begin negotiationby selectinginitial È � levels for all issuesfor both theM��\� < EHD and ��M�MP�R#=E:#�Û for eachtypeof experiments(line 12). A gamethenconsistsof playingthe MP�b� < E:D
strategy againstthe ��M�MP�R#=E:#�Û strategy

�
times(line 13). On eachrun S�!$D)@HÛ��f� ¬$Ï � �{ÐW÷ � « �f� ª?Ï�é�ª
«FÕ@« �(�f� �{� é8« ÷ � ,� ª?Ïfé � � Ï ����� and � �u�3�\Ó Ï � ��÷�� (whereS�!$D)@CÛ is theagentthatproposesthefirst contractand � ª?Ï�é � � Ï ����� is arandom

samplingof ¥ �p¦ , describedmorebelow) aresampledfor eachagent(lines8, 9, 10 and11).
�

is setat 300

runswhichmeansthattheprobabilityof thesampledmeandeviatingby morethan ý�� ý�� from thetruemean

is lessthan ý�� ý � . At theendof eachrun, thedepedentvariables
ô � ��÷�� « � Tb�ROPÛF>g�R��E(V , ô Ï ��� Ïfé�«Fé � T\�RO�ÛF>g�R��ERV

and > < >g�\E(@ aremeasured(lines14, 15 and16). After
�

runs,theaveragesfor all thedependentvariables

arecomputed(lines18–22).Notethedifferencein theanalysisbetweentheseexperimentsandtheprevious

pure-strategy experimentsreportedin section5.3. In the latter setof experimentsthe analysiswasat the

collectivelevel, wherethe final averagemeasureof dependentvariable(suchasutility) of a strategy was

summedandaveragedacrossall otherstrategies.However, theanalyticalunit of this setof experimentsis

theaverageof dependentvariablemeasurefor a pair, ratherthanacollectionof strategies.

For themixed1experimentalclasstherearetwo additional��M�MP�R#=E:#�Û strategiesfor eachof the MP�b� < E:D
strategies, correspondingto the controls(line 10). The MP�\� < E:D in the mixed1experimentalclassplays

not only againstthe ��M�MP�R#=E:#�Û strategy, but alsoa >g�R#�Û?D(�(�F�©��M&M��R#=EH#�Û (wherethe opponent’s strategy is

simply the ¥ � array % ý����&���/ý�� �����/ý�� �����0ý����&�R' for all issuesandall tactics)anda >g�R#�Û?D(�(�W�Ò��M�MP�R#=E:#�Û (which

correspondsto a randomsamplingof � ). õQ�R#�Û?D(�(�f� is includedto evaluatethe performanceof various

mixed1strategiesagainstastrategy thatbehaveslinearlyacrossall tacticsetsandthusreflectsan ��M�MP�R#=E:#�Û
thatis uncertainaboutwhich strategy to choose.Notethatthe � matrix of õQ�R#�Û?D(�(�F� is almostthesameas

the � matrixof bothagentsin experimentswhereÈ is decreasedlinearly for bothagents(mixed1strategies

in figure5.14).Therefore,thesecontrolsareonly significantin otherexperimentalÈ � levels. õQ�R#�Û?D(�(�W� , on

theotherhand,is includedto evaluatetheperformanceof strategiesagainsta randombenchmark.Controls

arenot possiblefor thepureexperimentalclasssincethevaluesof ¥ �p¦ arebinary. Mixed2strategiesdo not
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�
	�� ���� ��� ������� ������� ��� ������� ������� ��� ������� ������� ��� ������� ��� �"!
/* numberof changesin magnitudeof strategy */

#�$&%�'�$&(*)�+�,*- .0/*132 � 4� $&5�67)�8 ��9;:�< (0'�% �&= 5 <>= (0?�(�% � $ : $�@75A%�$&'�$ �"!
/* player’s strategy */

#�$&%�'�$&(*)�+�B ,C, BCD 1 DFE � G� $&5�67)�8 �H9�:I< (0'�% ��= 5 <J= (�?�(0% � $ : $H@75�%�$&'�$ �"!
/* opponent’s strategy */=*9 'K#�# � ���L 6M%A( �&NO:�P (0?MQ �3NO:�P (0?�R �"!
/* classesof experiments*/S

; /* numberof experimentalruns*/T � VUAW�9 'K#�# U !HNX� VU��4U ! LY� VU #�$3%A'�$�(*)�+ ,*- .0/*1&2 UZ! 5 � VU #�$&%�'�$�(*)�+ B ,�, BCD 1 DAE U !
9[� ���!�<\� ]��!H:^� ���!I_`� a��! % � ���! S � a�F�A��!
begin

(1) %A(A@M(0%A( <>W ( �  '�%�) N ' Pcb"��d ,*- .0/*132Fe PJf>g
d B ,C, BCD 1 DFE e PcfH��!
(2)

L '�%A(0$35 �  '�%�) N ' PMbF��d ,*- .0/*132Fe PJf>hid B ,�, BCD 1 DAE e PJfH�"!
(3) while(

9[j T
) do

9k� a9�h Q !
(4) while(

<ljiN
) do

<l� ]<`h Q !
(5) while(

:^jlL
) do

:�� m:Mh Q !
(6) while(

_Vj 5 ) do
_`� i_nh Q !

(7) while( % j S
) do % �  % h Q !

(8) ( <>o ,*- .0/*1&2 �  #0' NpLc9 ( e $ ,*- .0/*1&2q . b �&r ,0- .*/*1&2s BCt -ZuM.02H1 �&r ,0- .0/�1&2v BCD v 1xw�1&2 �3r ,*- .0/*1&2- 	 D 13.02 ��y ,*- .0/*132E 	 E z*B 2 E . E f�!
(9) ( <>o B ,�, BCD 1 DAE �  #*' N{LM9 ( e $ B ,�, BCD 1 DAEq . b �&r B ,C, BCD 1 DFEs BCt -ZuM.02H1 ��r B ,C, BCD 1 DFEv BCD v 13w�1&2 �3r B ,C, BCD 1 DFE- 	 D 13.02 �&y B ,C, BCD 1 DFEE 	 E z*B 2 E . E f�!
(10)

W 5 < $&%�5 9�|}� ~� ��� R ������� R ���C��� R ������� R ����!CW 5 < $&%�5 9;���  %A' < ?�5 N e ��� Q f�!
(11) @ : %"#�$ �  %A' < ?�5 N e Lc9 '�+�(0% � 5 LFL 5 < ( < $ f�!
(12)

L ' : %"# 2	 � �  e #�$3%A'�$�(*)�+ ,*- .0/*1&2	 � #�$&%�'�$�(*)�+ B ,�, BCD 1 DAE� f�!
(13) e $�87%A(0'�? 2	 � � 5�67$ W 5 N ( 2	 � f
� �Lc9 '�+ e L ' : %"# 2	 � � @ : %F#�$ � ( <Jo ,0- .0/�1&2 � ( <Jo B ,C, BCD 1 DFE �HW 5 < $3%A5 9I|��HW 5 < $3%A5 9��0f�!
(14)

d 2&��� iH� Z t	 � � ad ,*- .0/*1&2Ae 5A67$ W 5 N ( 2	 � f�!
(15)

d 2 v �H� v [HZb[C]	 � � �d B ,C, B�D 1 DFE e 5A6K$ W 5 N ( 2	 � f�!
(16)

W + W*9 (A#02	 � � ]9 ( < )�$&8 e $�8K%F(0'�?�2	 � f�!
(17) endwhile

(18)
o ,0- .*/*1&2	 � � 4�a�2*� � | d 2 ��� iH� Z t	 � � S !

(19)
o B ,�, BCD 1 DAE	 � � 4�a�2*� � | d 2 v �H� v [HZb[C]	 � � S !

(20)
W + W*9 (A# 	 � �  � �2*� � | W + W�9 (�# 2	 � � S !

(21) endwhile

(22) endwhile

(23) endwhile

(24) endwhile

end

Figure5.16:ExperimentalProcedureAlgorithm
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pure mixed1 mixed2

pure �
mixed1 �
mixed2 �

Figure5.17:ExperimentalClassExecutionOrder

encounterany othercontrolstrategieseithersincetheaimof theseexperimentsis to show thatmodification

of strategiesperseis betterthannon-modification.Thus,thebestonecanachieve is interactionsbetween

a mixed2strategy anda highly stylizednegotiator (mixed1andpurestrategiesin theseexperiments),as

opposedto a randomor anotherpurposefulmixed2strategist.

The experimentsare also restrictedto gamesbetweensimilar experimentalclass(seefigure 5.17).

Thusstrategiesareevaluatedfor caseswhenboththe MP�I� < E:D andthe ��M�MP�"�=EF��Û arepure,mixed1or mixed2

strategists. Encountersbetween,for example,a pure M��I� < E:D anda mixed1or a mixed2 ��M&M��"�=EF��Û (and

vice-versa)areexcludedbecausethegenerateddatasetin thelattercasewouldbevery large. In theformer

case,thenumberof generateddatapointsis 224(numberof M��I� < E:D strategy � numberof ��M�MP�"�=EF��Û strategy
� numberof È�� experiments=TfT\� � � � � V�çJT\� � � � � V�ç Tu� � � � ��VfV ). In thelattercasethegenerateddataset

is of size736makingtheanalysiscomplex. Theexperimentswerewrittenin Sicstus3.7.1Prologandranon

HP Unix parallelmachinesat theCentredeSupercomputació deCatalunya CESCA(Barcelona),utilising

four CPUs,7MB of memoryandlasted1112.41seconds.

5.4.4 Hypothesesand Results

Theexperimentalhypothesesandresultsarepresentedin this section.Becausetheaim of theexperiments

is to investigatethebenefitsof dynamicstrategic decisionmakingover staticandpurestrategies(andnot

necessarilythe causalrelationshipbetweena given strategy type and a combinationof any numberof

dependentvariables),resultsarepresentedanddiscussedfor eachexperimentalclass(pure,mixed1and

mixed2)andtheir effectson theindividual dependentvariables:i) thefinal averageutilities for outcomes,

ii) the communicationload andiii) the numberof successfuloutcomes.Thusthe aim is not so muchan

analysisof the effectsof, for example,a pure-strategy on the final averageutility of an outcomeand its

relationshipwith the communicationcosts,but ratherthe differentialeffectsof pure,mixed1andmixed2

strategieson a singledependentvariable,in this example,the final averageoutcome. Note, that all the

hypothesesfor the effectsof strategieson final averageutilities will be quantitatively representedas the

relationshipbetweenthe expectedoutcomeutilities andi) the referencepoint representingthe maximum

joint gainthat is alsoequitableandii) theconstant-sumline outcomesrepresentingmaximumjoint utility

thatmaynot beequitable.
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Beforepresentingthe individual hypothesesandresultsa side-effect, observablein all of the forth-

comingdata,is identified,directly resultingfrom thechoiceof assigningthesame¥c� arrayto all theissues.

For example,a toughstrategy specifiesa toughstrategy for all the issuesin negotiation. Theobservation

from all the datais that the bestjoint outcomeany combinationof strategies, in eitherpure,mixed1or

mixed2experimentalclasses,canattainis a contractscoreat themid point of thecrossoverof theagents’

interval values(or the referencepoint), independentlyof the pairing of strategies. This is so for the fol-

lowing reason.The independentvariable � ���&���¦c� ���7�k�¦�� of bothagentshasbeendesignedto be perfectly

overlapping,for all the issues� MPDF�?>gE � �RO[�����$Û < � Û��&��E � MPEF�^���uÛ < ]. The weightsof the MP�x� < E:D and ��M�MP�"�=EF��Û
for eachof the issuesare � �J�;� � �J��� � �>� ��� � �J�;�:� � and � �>� � � �>��� � �J� ��� � �>� � � � , respectively. Theseweightsmean

that the M��I� < EHD views quality to be the most importantissue,followed by time, followed by penaltyand

finally, leastimportantissue,price. The ��M&M��"�=EF��Û , on theotherhand,views priceasthemostimportant,

followedby thepenalty, followedby thequality andfinally time. Giventheseinterval values,importance

weightsandthe linearscoringfunctionof section4.2.1,thevalueof thereferencepoint ���R� � �(ÂM��� � ��� � �c��� �
(mid point of eachissue,section5.4.1.1)for the MP�I� < E:D is computedas:TI�>��� � �>� ��V=ç Tx�J��� � �J���&V�ç TI�J���&� � �>� ��V�ç Tx�J�;�:� � �J���&V
���J���
It is trivial to show that the samescore( �J��� ) will result for the ��M�MP�"�=EF��Û for the samereferencepoint

���:� � �RÂc� � � � � � �J� � � . Now consideranothercontract,�i� , in thespaceof possibledeals,���F  � ��� � ��� � �c��� � . This

contractwill bemorebeneficialto bothagents,because:ô � � � � « � TI� � V}��TI�>��� � �>� ��V=ç Tx�J��� � �J� ��V�ç Tx�J���&� � �>� ��V=ç Tx�J�;�:� � �J���&V
���J���&�ô Ï ��� Ï�é�«?é � T�� � V¡� TI�>� � � �>�   V�ç Tx�J�;� � �J� � V=ç TI�J� ��� � �>� ��V=ç Tx�J� ��� � �J���&V¡���J� �)�
Thus increasingthe valuesfor the issuesprice andquality from the referencecontractvaluesto the �¢�
contractvalueis morebeneficialto both agents(i.e moving north-easterlyin the directionof the pareto-

optimal line). However, in theseexperimentsthe responsive mechanismis a concessionprotocolwhich

cannot supportincreasein utility scoreswhereagentsbegin thenegotiationfrom thereferencepoint and

thenmove towardsmorepareto-optimalcontracts.Furthermore,agentsareassumedto beunawareof one

another’s interval values,makingthecomputationof thereferencecontract( ���R� � �RÂM��� � ��� � �c��� � ) impossible.

Onewayagentscanreach�i� , or better, is to selectoneoutcomefrom thespaceof possibleoutcomes.Next

the agentsassigna different � matrix to eachissue. In this examplethis meansthat the MP�x� < E:D concedes

more on thepriceandlesson quality of a service.Conversely, the ��M&M��"�=EA��Û canconcedemoreon quality

thanonprice.Thecombinationof thesetwo � matricesmeansdifferentconcessionratesondifferentissues

in sucha way asto reach�i� , or better. However, this policy of makingstrategic decisions(assigning¥ �
arraysfor eachissue)dependenton the weight of an issue(for example,a moreimportantissuewill be
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A B

 tough v.s tough
 tough v.s linear
 tough v.s conceder
 tough v.s titfortat
 linear v.s tough
 linear v.s linear
 linear v.s conceder
 linear v.s titfortat
 conceder v.s tough
 conceder v.s linear
 conceder v.s conceder
 conceder v.s titfortat
 titfortat v.s tough
 titfortat v.s linear
 titfortat v.s conceder
 titfortat v.s titfortat
 reference

 tough v.s tough
 tough v.s linear
tough v.s conceder
 tough v.s titfortat
 tough v.s control1
 tough v.s control2
 linear v.s tough
 linear v.s linear
 linear v.s conceder
 linear v.s titfortat
 linear v.s control1
 linear v.s control2
 conceder v.s tough
 conceder v.s linear
 conceder v.s conceder
 conceder v.s titfortat
 conceder v.s control1
 conceder v.s control2
 titfortat v.s tough
 titfortat v.s linear
 titfortat v.s conceder
 titfortat v.s titfortat
 titfortat v.s control1
 titfortat v.s control2
 reference

Figure5.18: A) Key For PureandMixed2Strategy Pairings.First Entry of LabelSpecifiesThe ��M�MP�"�=EF��Û
Strategy And TheSecondThe M��I� < E:D . B) Key For Mixed1Strategy Pairings.FirstEntryof LabelSpecifies

The ��M�MP�"�=EF��Û Strategy And TheSecondThe MP�x� < E:D .
assignedahigher ¥ � ¦ valueto boulwaretactic)is notadoptedin theexperimentsbecause,aswasmentioned

in section5.4.1.3,of the needto control the numberof free experimentalindependentvariables.Indeed,

theseexperimentsareviewed asbase-casestrategic experimentswhich form the basisfor the designof

futurestrategic experiments.

5.4.4.1 Pure-Strategy Utility Results

Theeffectsof a pure-strategy on thesetof dependentvariableshasalreadybeendiscussedin section5.3.

However, the methodologyof analysisis different(seesection5.4.3)hencethe experimentsarerepeated

herein thesenew environmentsfor comparativereasons.

Theexpectationfor theresultsof theseexperimentsaresummerisedby thefollowing hypothesis:

Hypothesis7: Pairings of two pure strategiesthat approach their interval valueslessquickly

will result in final average outcomesthat are lower in joint utility than pure strategy pairs

where at leastonestrategyapproachestheinterval faster.

Thehypothesisstatestheintuition thatanencounterbetween,for example,two toughstrategieswill result

in agrouputility thatis worsethanwhenat leastoneof thestrategiesconcedes(sinceconcessionincreases

theother’sshareof theutility). For thediscussionof averageutility resultsseefigure5.18A for thekey of

eachstrategy pair for theaverageutility datafor pureandmixed2experimentsandfigure5.18B for mixed1
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Figure5.19: ComparativeFinal JointAverageUtility For PureStrategies.A) AverageIntrinsic Utility For

ShortTermDeadline,B) AverageIntrinsicUtility For LongTermDeadline.

experiments(which includethetwo controlconditions).

Figures5.19 A andB show the observed averageoutcomeutilities for the M��I� < EHD ( � axis) and the��M�MP�"�=EF��Û (
<

axis) of the pure-strategy benchmarkexperimentswith the independentvariablesshown in

figure5.11.

The first observation is that the argumentin section5.4.4(that becausethe ¥c� arraysfor eachissue

arethe samethe responsive mechanismcannot do betterthanoutcomeslying on the constant-sumline)

is supportedby the observationsof outcomeutilities in both shortterm andlong term environments.No

strategy pairdoessignificantlybetterthanthereferencepoint,by moving northeasterlytowardsthepareto-

optimalline, independentlyof thetime limits.

HypothesisÂ is alsosupportedby theobserveddatain figure5.19.Thedatain figure5.19,A is clus-

teredinto roughlyfour groups.Thefirst group(shown as G�D(�RO�M¥� ), arethebestoutcomes,in that they are

closestto thereferencepoint, thusresultingin a moreequaldistributionof final utilities. G�DR�RO M�� members

arethestrategy pairings Tb���&�=E"��D � ���&�=E"� D(V , T\>g�"�=>gE ; E:D � >g�"�=>gE ; E:D(VÌT titfortat,titfortat V , T\�I�&�=EF� D � titfortat V , andT titfortat � ���&�=E"� D(V . Thesestrategiescorrespondto the caseswhereboth agentsadopta concessionaryap-

proachto thecrossoverof theinterval values.Thegroup’s total meanandstandarddeviation is �J� �K �� and
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�>� �&� respectively (recallthatoutcomeswith aperfectcoincidencewith thereferencepointwill haveamean

andstandarddeviationof �J��� and �J� � respectively). Theobservedstandarddeviationof G D(�RO M�� statistically

representsthetightestclusterof theseoutcomesaroundthereferencepoint in figure5.19,A.

Thenext two groupsof outcomes,group2 andgroup3, alsolie on,or closeto, theconstant-sumline,

but thedistribution of individual outcomesis lessuniform comparedto G�D(�RO�M¥� . G D(�RO M�� membersarethe

strategy pairings TuÛF�ROPG�× � >g�"�=>gE ; E:D)V , Tb���&�=E"� D � >g�"�=>gE ; E:D(V , T titfortat � >C�"�=>gE ; E:D)V , which lie on thenorthwest

sectorof theoutcomegrid (resultingin highervaluedoutcomesfor the ��M&M��"�=EA��Û , sinceonly the MP�I� < E:D is

concederin all theirstrategies).Conversely, mirroring G D(�RO M�� outcomesis G D(�RO MP� , whosemembersarethe

strategy pairings Tb>g�"�=>gE ; EHD � ÛF�RO�G�×�V , T\>g�"�=>CE ; E:D � �I�3�=E"� D)V , T\>C�"�=>gE ; E:D � titfortat V . Theselie on thesoutheast

sectorof theoutcomegrid resultingin highervaluedoutcomesfor the M��I� < E:D , since��M&M��"�=EA��Û is conceder

in all its strategies.

Finally, G�D(�RO�MP� is theclusteringof outcomesthatdonotlie ontheconstant-sumline (southwestsector

of theoutcomegrid)andoccurwith thestrategypairingsTuÛF�ROPG�× � ÛF�ROPG�×PV � TuÛF�ROPG�× � ���&�=E"��D)V � TuÛF�ROPG�× � titfortatV �T titfortat � ÛF�RO�G�×�V and T\�I�&�=EF� D � ÛF�RO�G�×PV . G D(�RO M�� outcomesaretheworstoutcomesbecausethey resultin fi-

nal joint averageutilities thatarelower thanall otheroutcomes.Thesefour groupsof observationssupport

hypothesisÂ —in groups � � � and � thereis at leastonestrategy thatapproachesits interval fasterthanthe

others.However, in G D(�RO M�� bothareeither ÛF�ROPG�× or imitatea toughstrategy or arelinear.

Roughlyfour groupsareonceagainobservedwhentheenvironmentis changedfrom shorttermto long

termdeadlines,figure5.19,B. However, this time therearelessmembersin G�D(�RO�MP� — TuÛF�ROPG�× � �I�3�=E"� D)V and

theconversememberT\�I�3�=E"� D � ÛF�ROPG�×PV now belongto G D(�RO M�� andG D(�RO MP� respectively. Thisfurthersupports

the statedhypothesissince G�D(�RO�MP� is now purely composedof tough strategies. However, althougha

strategy thatapproachesits interval valueslowly doesindividuallybadly, collectively(similarmethodology

as the previous tactic experiments,when the resultsare averagedacrossall other strategies) thereis an

increasein final averageutility. Resultsshow that,for example,a ÛF�ROPG�×©MP�I� < E:D strategy gainsanaverage

of �K¦ of utility whenutilities areaveragedacrossall otherstrategiesin longtermdeadlines.It is interesting

to notethattheperformanceof a ÛF�ROPG�× strategist is loweredwhenmoretime is givenfor negotiationwhen

encounteringa titfortat strategist. Statisticallythe total averageof outlying datadecreasedfrom �J���(��Â to

�>���F �� with a standarddeviation of �J� �&��Â . This result is explainedby the fact that the titfortat strategy

is a >C�"�=>gE ; E:D until it canbegin to imitate other’s responses.Therefore,undershort term deadlinesthe

strategy concedes(hencemovescloserto constant-sumline), whereasin longertermdeadlinesit hasmore

opportunityto imitate the other’s strategy ( ÛF�RO�G�× in this consideration)andassuchbecomesÛF�ROPG�× too

(hencea dealis only possiblyreachedin the last few momentsof negotiation). This pushestheoutcomes

further away from the constant-sumline. In general,for all the experimentsdescribedbelow noticeable

effects of time limits on strategies are more observable for datathat calibratethe process(the costsof
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communication)andlessontheoutcomeof negotiation.Note,thisisnotto beconfusedwith theobservation

of the previous pure-strategy experimentswheretherewasa significantdifferenceacrossdeadlines.As

wasshown in theresultsof G�D(�RO�MP� in long termdeadlines,thecollectivefinal averageutility of a strategy

whensummedandaveragedacrossall otherstrategies(methodologyof thepure-strategyexperiments)does

increase.However, theanalyticalunit of theseexperimentsareaveragejoint utilities for a pair, ratherthan

acollectionof strategies.

5.4.4.2 Mixed1Strategy Utility Results

Theexpectationsfor theresultsof theseexperimentsaresummerisedby thefollowing hypotheses:

Hypothesis8: A weightingpolicy that allows all tactics an input into the decisionmaking

resultsin a larger numberof outcomesthat are closerto beingequitable, thanonethat only

considersa singletactic.

Hypothesis9: Themoreequalthisweightingof each of thetacticsfor bothagents:i) themore

equitablethefinal outcomeandii) thefewer thenumberof outcomesthat lie off theconstant-

sumline. That is, variation of tactic weightingsby either party resultsin lessfair outcomes

andmoreoutcomesthat lie off theconstant-sumline.

Hypothesis8 statesthe intuition that in decisionmakinga combinationof tactics(a mixed1strategy) is

betterthanasingletactic(pure-strategy). Theargumentis asfollows. In thegivensetof tactics(or “forces”),§0¨"©kª�« �K¬� � ª �&�^F�7¬ ��® ¨ � ® "¯KF¬ andtitfortat, two (
ª �&�^"�7¬ and ® ¨ � ® "¯7A¬ ) concedeat differentrates(possibly

three,titfortat given the other is a ® ¨ � ® F¯7F¬ or
ª �3�^"�7¬ ) andone(possiblytwo—titfortat encounteringa§0¨"©kª�« �K¬� ) doesso at a relatively much slower rate. Therefore,if equity, or somefair joint utility, is

requiredthen,aswasshown in theresultsof theprevioussection,only encountersbetweena few pairsof

pure concessionarystrategieswill achieve this expectation.Indeed,overall, encountersbetweenall of the

purestrategieswill leadto outcomeutilities thathave a distribution within thespaceof possibledealsthat

is morevariablesincethe outcomesbetweenagentswill be basedon individual tactics. For example,a

pairingof toughandtoughpure-strategieswill resultin a final joint utility that is significantlydifferentto

a pairing of conceder, concederpure-strategies. Variability in the final averageutilities is to be expected

(sincesomepurestrategieswill reachthereferencepoint, but encountersbetweenotherswill not). On the

otherhand,encountersin mixed1strategiesareexpectedto becomparatively lessvaried,sincethey areno

longerbetweenuniquetactics,but a combinationof tactics.For example,to reacha fair solutionanagent

in mixed1experimentsdoesnothaveto “wait to meet”anagentwhois adoptingapure ® ¨ � ® "¯KF¬ or
ª �&�^F�7¬

strategy; ® ¨ � ® "¯KF¬ and
ª �&�^"�K¬ purestrategiesarepresent,to somedegree,in all mixed1strategiesof the

otheragents.
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Theexpectationover theeffectsof this relativeweightingof a tacticcomparedto theothertactics( È )

is givenin hypothesis9. This hypothesiscapturestheexpectationthat themoreequaltheweightingof all

the tacticsby both agents(a resultantforce that lies equallybetweenthe toughandconcedertactics,by

both agents)thenthe more likely the final outcomeis to be an equitableone. This is expectedbecause

whenthe distribution of tactic weightsare lessvariedby both agents,thenwhen thesetwo agentsmeet

the
§0¨"©kª�« �7¬� � titfortat componentof their strategy pairsaremoreresistantto concession.However, this

resistanceis compensatedfor by the ® ¨ � ® "¯7F¬ � ª �&�^"�7¬ � titfortat componentswhich approachthecrossover

of offersat a quicker rate.Derivablefrom this argumentis theexpectationthat inequalityin theweightof

tactics,by eitherparty, shouldresult in morevariationof outcomes,similar to purestrategies—departure

from anequalweightingof tactics,by eitherparty, shouldresultin outcomesthatresemblemorecloselythe

resultsfrom pure-strategies.Variationin theseexperimentswill bequantifiedwith respectto thereference

pointandthedepartureof outcomesfrom theconstant-sumline.

Figure5.20shows thefinal averageagentutilities for mixed1strategiesin shorttermdeadlines.Fig-

ure5.20A representstheobservedfinal averageutility outcomesfor thebenchmark° ª �7±MF¬ and
¨ °K° ¨ �^F��Û

independentvariables(figure5.11). Comparedto thepure-strategy resultsof figure5.19,two patternscan

beobservedfrom thecollecteddatathatsupporthypothesis8. Firstly, thecenterof thedistribution of out-

comesis closerto the referenceoutcome.Statisticallythe centerof the distribution of pointslying on or

closeto the constant-sumline is of a highervalueof �J� ²�Â)Ç with a lower standarddeviation of �J� ��� Â�Â as

comparedto a standarddeviation of �J�Z³�´ for thepointsin thepureexperiments.Almost all thepointslie

on theconstant-sumline—comparedto purestrategies,thenumberandmagnitudeof pointslying off the

constant-sumline is much lower (thereareno longerany groupsof outcomes).Specifically, the largest

magnitude“breakaway” is for encountersbetweena Û ¨"©¶µ ×·° ª �7±MF¬ anda Û ¨"©¶µ × ¨ °K° ¨ �^F��Û . Otherprevi-

ouslybreakawayoutcomes( ¸uÛ ¨"©¶µ × � titfortat ¹ � ¸ titfortat � Û ¨"©¶µ ×¶¹ and ¸ ª �&�^"�K¬ � Û ¨"©>µ ×[¹ ) aremuchcloserto the

constant-sumline andthereferencepoint thantheresultsobservedfor pureexperiments.Therefore,in such

anenvironment,acombinationof tactics(hypothesis8) doesindeedappearbetterthanusingasingletactic

in generatingoffersin responsivemechanisms.Thusagentsdo not have to wait to “meet” a concessionary

strategy to reachfair dealssinceall strategieshavesomedegreeof concessionincorporatedin them.

Hypothesis9 is testedby changingthe environmentfrom a benchmark° ª �7±MF¬ and
¨ °�° ¨ �^A��Û to an¨ °K° ¨ �^F��Û with a higher È value(figure5.20B, asspecifiedby the independentvariablesof figure5.12).

Two patternsareobservablein the collecteddata. Firstly, the centerof thedistribution movesaway from

referencepoint towardstheplayerin thesoutheasterlydirection(this increaseof thedistribution variation

alongtheconstant-sumaxiswill be referredto as“elasticity” of datapoints). Theoverall directionof the

observedshift is towardshigherutilities for the ° ª �K±cF¬ . Statisticallythis correspondedto thetotal average

of points lying on or closeto constant-sumline valueof �J� ²KºK» with a standarddeviation of �>���K� . Thus
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Figure5.20: ComparativeAverageUtility For Mixed1Strategiesin ShortTermDeadlines.A) Benchmark

B) OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

theoutcomesthat lie on theconstant-sumline areof relatively highervalueto the ° ª �7±cF¬ . This patternis

expectedfrom hypothesis9 sincewith higher ¿ valuesthe
¨ °K° ¨ �^F��Û is moreconcessionaryfor conceder

strategies (
ª �3�^"�7¬ ��® ¨ � ® "¯KF¬ � Û��$ÛCÁ ¨ ¬RÛH� Û ). This meansthat a shift shouldoccuraway from the

¨ °K° ¨ �^F��Û
referencepoint andtowardsthe ° ª �7±MF¬ .

The secondobservation is that the changein the environment(increased¿ À for the
¨ °�° ¨ �^A��Û ) pro-

ducesmorebreakawayfinal outcomeutilities from theconstant-sumline thanthebenchmarkexperiments.

Furthermore,theobservationcloselyresemblestheoutcomedistributionof pure-strategyexperiments,sup-

portingthesecondpartof hypothesis9—unequalweightingsof tacticsby eitheragentresultin moreout-

comesthat lie off theconstant-sumline. Again, like thepureexperimentsthebreakawaypointsconsistof

encountersbetweena Û ¨"©¶µcÂ·¨ °�° ¨ �^F��Û anda Û ¨"©¶µJÂ
,
ª �3�^"�7¬ or titfortat ° ª �K±cF¬ .

Hypothesis9 is givensymmetricsupportwhenthe ° ª �7±MF¬ hasa higher ¿ valueandthe
¨ °�° ¨ �^F��Û is

specifiedby the benchmarkvalues.This environmentis describedby the independentvariablesin figure

5.13. Resultsare shown in figure 5.20 C, the converseof 5.20 B. Onceagain,thereis an elasticity of

datapoints,but in anoppositemannerto thepreviousenvironment.However, therelative movementsare

moretowardsthe
¨ °�° ¨ �^A�ÄÃ this time (

¨ °�° ¨ �^A�ÄÃ statisticalaveragefor outcomeslying on or closeto the
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Figure5.21: Comparative Final JointAverageUtility For Mixed1Strategiesin Long TermDeadlines.A)

BenchmarkB) OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

constant-sumline increasedfrom �J� ²KºK» to �>� ´J� with a standarddeviation of �>���F��Å ). As before,the only

breakawaypointsareencountersinvolving a Ã ¨"©¶µJÂ ° ª �7±cA¬ .

Hypothesis9 is positively supportedwhenbothagents’environmentsarechangedfrom thebenchmark

environmentto onewherethevalueof ¿nÀ is decreased(from thebenchmarklevel) to a level whereall other

tacticshave moreof an input in decisionmaking(independentvariablesshown in figure5.14). The final

outcomesacrossall strategiesalmostconvergeto the referencepoint (figure 5.20D), correspondingto a

total final joint averageutility of �>� ²7Å7Æ with a standarddeviation of �>� �>�F´ , the loweststandarddeviation

in the resultsthusfar. Thus,the moreequalthe weightingof all tactics,by both agents,the morecloser

thefinal agreementis to themid-pointof the intervals. This is becausesometacticsfunction to reachthe

minimumof theinterval values( ® ¨ � ® "¯KF¬ � ª �&�^F�7¬ ), whereasothersfunctionto remainat themaximumof

interval values( Ã ¨"©¶µJÂ � Ã��3ÃCÁ ¨ ¬"ÃH�7Ã ). Theresultantpositionreachedis themid-pointof theinterval.

Overall, the resultsimply the causalrelationshipthat i) a combinationof tacticsoutperformspure

strategiesand ii) a nearequalcombinationof the possiblesetof tacticsby both agentsresultsin better

socialoutcomes(figure5.20,D)thana differentialcombinationpolicy of tactics(figure5.20,A, B, C).
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Figure5.21shows thesamesetof experimentalenvironmentsasfigure5.20,but now thedeadlineto

reachanagreementis extendedfrom ashortto alongerterm.For thebenchmarkcasestheoutcomesfurther

supporthypothesis8 and9. The resultsarenow moreevenly distributedalongtheconstant-sumline and

with lessbreakage(with theexceptionof ¸�Ã ¨"©¶µJÂ � Ã ¨"©>µJÂ ¹ encounters)thanshorttermdeadlines(summed

total averageof �J�Z´c� with a standarddeviation of �>� �KÅ�» ). The implicationsof this observation are that:

i) whengiven enoughtime to negotiate,the strategiesarealmostuniquelydistinguishedby the solution

point they reach(hencea moreevendistribution of outcomes)andii) thesumof thesedealsareall almost

�K� � . Whereasin pure-strategy experimentsan increasein time deadline(figure 5.19 A andB) doesnot

significantlyincreasethesumof thejoint outcomes(resultingin outcomesthatlie below theconstant-sum

line), thesamechangein theenvironmentresultsin betterjoint outcomes.

Thesameelasticitypatternis observedaspreviously wheneitherthe
¨ °�° ¨ �^A�ÄÃ or the ° ª �K±cF¬ negoti-

ateswith higher ¿ values,shown statisticallyby anincreasein averageutility for the
¨ °K° ¨ �^F�ÄÃ from �J� ²>�A²

(standarddeviationof �J� �7Æ�Å ) to �J�Z´�� (standarddeviationof �>���Fº ) betweenfigures5.21B andC respectively.

Onceagain,theoutlyingoutcomesareencountersbetweenstrategiesthatareslower to reachthecrossover

pointof offers.

Finally, onceagainthebestoutcomesareobservedwhenbothagents’environmentarechangedfrom

thebenchmarkenvironmentto onewherethevalueof ¿ is decreased(fromthebenchmarklevel). Again,the

final outcomesacrossall strategiesalmostall convergeto thereferencepoint (figure5.21D), corresponding

to atotalfinal joint averageutility of �J� ²KÅKÅ with astandarddeviationof �J� �J��Æ . Thesecombinedobservations

shown in figures5.20D and5.21D imply thatoutcomescannotbedistinguishedwhenbothagentsadopt

analmostequalweightingof possibletactics(low valuesof ¿ for strategy magnitudes).This meansthat

outcomesareindependentof thestrategiesthe agentsselect(a collapseof all pointson to the reference).

This is becauseall strategiesin this environmentaredefinedasanalmostequalweightingof tactics,where

the differencebetweenthe weightingsfor eachstrategy is insignificant. Henceall strategiesarealmost

equalwith small variations(shown in the databy the magnitudeof the standarddeviation of the results).

The expectationfor this result is statedin hypothesis8; in this environmentthe point of the crossover

betweentheoffersis reachedby almostequallycombiningthesuggestionsof all tactics.Thuswhereasthe§0¨"©kª�« �K¬� tacticmaysuggestdifferentoffers,its input is approximatelyonly onequarteror, at maximum,

a third of thefinal decision( � �>� ³�º � �>� º � , seefigure5.14). On theotherhand,theconcessionarytacticsmay

suggestconcessionratesthatarevery differentto a
§0¨"©kª�« �7¬� tactic,but nonethelessthey arealsoonly a

quarteror a third part of the final decision. The overall effect of the strategiesin this environmentis an

equal integrationof thesuggestionsof differenttacticsinto a singleconcessionrate. In sodoing,eachof

theindividualdifferencesbetweentacticsareignoredandanew combinedconcessionrateis computed.As

will beshown later, this hypothesis,that in this environmentstrategiesintegratedifferentconcessionrates
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into asingleconcessionaryrate,is supportedby analmostconstantcommunicationloadacrossall strategy

pairingsshown in figure5.26.

5.4.4.3 Mixed2Strategy Utility Results

Theexpectationfor theresultsof theseexperimentsaresummerisedby thefollowing hypothesis:

Hypothesis10: Modificationof a strategyduringthecourseof negotiationwill resultin higher

valuedandfairer socialoutcomesthannon-modification.

This hypothesisstatesthat the combinationof i) consideringa numberof tacticsin decisionmakingand

ii) modifying this consideration,shouldresultin outcomesthatmaximizetheequityjoint utility of theout-

come.This is expectedbecausetheupdateruleshouldchangetheweightsof eachtacticin suchawayasto

reachthecrossover in thecontractscoreaccordingto how closetheoffersareto oneanother. Thus,at the

beginningof negotiationit is expectedthatoffersaredissimilar. Thedegreeof dissimilarityin turndepends

on thestartingpositionof the resultantshown in figure5.10(or the initial Ç matrix). However, the resul-

tantis incrementallyadjusted(accordingto rule5.2whoseactionsaredependenton theevolving similarity

betweenoffers)towardsthetoughendof thespectrum( ¿ ) by bothagentsasoffersbecomemoresimilar to

oneanother. Thisprocesscontinuesuntil offersconverge.Thus,if bothagentsareimplementingrule5.2for

updateof weightsandtheir interval valuesareperfectlyoverlapping,thenfinal outcomesshouldbecloser

to thereferencepoint thanmixed1strategies. Theobservedfinal joint averageutility outcomesareshown

in figure5.22for dynamicstrategies(mixed2)in shorttermdeadlines.Theoverall observationfor all the

¿ variations(independentvariablesshown in figures5.11,5.12,5.13,5.14)is thatall of theoutcomesare

distributedontheconstant-sumline with nobreakawaypoints.Theaverageof theutility distributionsalong

the constant-sumline arenow �J�Z´�� � �J� ²K KÅ � �J�Z´�º�º and �>� ²7 �  for benchmark,̈ °�° ¨�È �&Ã�� ¨ � � ° ª �7±cA¬ andboth

decreased¿ levelsrespectively, with standarddeviationsof �J� �� �»K» � �J�;�F³�º � �>���F� and �J� ��º7´ respectively. The

sameaveragesfor mixed1strategieswere�J� ²MÆ�Å � �>� ºK �² � �J� ²KºK» and �J� ²KÅ7Æ for benchmark,
¨ °�° ¨�È �&Ã�� ¨ � � ° ª �7±cA¬

andbothdecreased¿ levelsrespectively. Thecombinedobservationsthatthereareno outlying breakaway

outcomes(henceall outcomesaremaximized)andthereis anincreasedfinal joint averageutility distribu-

tion aroundthe referencepoint (hencehigherequitableoutcomes)givessupportto hypothesis10. Thus,

changingstrategiesin shorttime deadlinesresultsin betterjoint outcomesthana mixed1strategy. For ex-

ample,a Ã ¨"©>µJÂ
mixed1strategy throughoutthenegotiationresultsin breakawaypoints,but changingfrom

beingconcessionaryto a toughtypestrategy resultedin bettersocialoutcomes.

Finally, figure5.23shows theresultsfor thesamesetof environmentsbut for longertermdeadlines.

Onceagaintherearenobreakawayoutcomeswith averagedistributionsalongtheconstant-sumline values

of �J�Z´��KÅ � �J� ²�²K  � �>� ´K´KÆ and �J� ²KÅKÅ for benchmark,̈ °K° ¨�È �&Ã�� ¨ � � ° ª �7±MF¬ increased¿ andboth decreased¿
levelsrespectively, with standarddeviationsof �>� ��² � �>� �K K³ � �J� �� KÅ and �>� �K�J�"³ . Theinterestingpoint to note
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Figure5.22: Comparative Final JointAverageUtility For Mixed2Strategiesin ShortTermDeadlines.A)

Benchmark,B) OpponentWith Increased¿ , C) PlayerWith Increased¿ , D) Both With Decreased¿ .

is that when all tacticsare weightedalmostequally by both agents(figure 5.23 D), the final outcomes

convergedexactly to thereferencepoint (averagedistribution of �J� ²KÅKÅ andstandarddeviationsof �J� ���J�"³ ,

the lowest in the experiments). Thus in environmentswhereboth agentsweight their tacticsuniformly

(figure5.23D) thefinal outcomeis independentof the individual strategies. This result is expectedfrom

thecombinationof hypothesis9 of mixed1strategiesandthebehaviour of theupdaterule. That is, when

bothagentsweighteachtacticalmostequally, thentheinitial concessionrateto thecrossoverof valuesis

computedasthecombinationof bothconcessionaryandnon-concessionarytactics,into auniqueconcession

ratethatis theresultantof thecombination.This initial concessionrateis thenupdatedby therule givenin

equation5.2independentlyof thetypeof strategy, selectingaconvergencepolicy to thecrossoverof offers

which is dependentof thecontext (thesimilarity) of negotiation.

5.4.4.4 Pure-Strategy CostResults

In thissectionthehypothesesandobservationsoverthedependentvariable® ± ® ª  È
arepresentedfor thepure

strategies.Recallthat,unlike thepreviouspure-strategy experimentsreportedin section5.3, theanalytical

unit of theseexperimentsis averagecostfor apair of strategies,ratherthana collectionof strategies.
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Figure5.23: Comparative Final Joint AverageUtility for Mixed2Strategiesin High Time Deadlines.A)

BenchmarkB) OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

Thedependentvariable® ± ® ª  È
directly measuresthecommunicationloada strategy incursduringthe

negotiation. The resultsfor mixed1andmixed2strategiesarepresentedin the two subsequentsections.

Due to legendspacerestrictions,the strategy labelson the � axis have beenabbreviated to
§ � ª ��®�� Ã for

Ã ¨"©¶µcÂ � ª �&�^F�7¬ ��® ¨ � ® "¯KF¬ andtitfortat strategies.

The intuitionsandexpectationsaboutthecommunicationloadof a purestrategy arecapturedby the

following hypothesis:

Hypothesis11: Pure strategies that concedecomparatively lessslowly will result in corre-

spondinglyhighercommunicationcosts.

This hypothesisis simply basedon the fact that sometactics(
§0¨"©kª�« �7¬� or titfortat whenit encountersa§0¨"©kª�« �K¬� ) approachthe minimum of the interval valueslessslowly, therebyprolongingthe negotiation

thread. The supportfor hypothesis11 is given in the observed resultsof figure 5.24 A andB, showing

theobservedcommunicationloadfor differentpure-strategy pairingsin shortandlong termdeadlinesre-

spectively. The first supportfor the hypothesisis deducedfrom the inverseobservation that encounters

betweenany strategy anda ® ¨ � ® "¯KF¬ resultin fewerexchangesof offersthanothercombinations,indepen-
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Figure5.24:CommunicationLoadsFor PureStrategies.A) ShortTermDeadlinesB) LongTermDeadlines.

dently of the environment. Furthermore,moreoffers areexchangedin longer term deadlines.However,

whereasin mostpairingsthe amountof communicationincreaseswith increasingtime limits, encounters

with a ® ¨ � ® "¯KF¬ resultin almostconstantcommunicationload. Thatis, encounterswith a ® ¨ � ® F¯7F¬ result

in thesamenumberof offer exchangesindependentlyof thetime limits. Finally, positive confirmationof

hypothesis11 is obtainedwith theobservationthat thehighestnumberof offersexchangedis betweenthe

Ã ¨"©¶µcÂ
andtitfortat pairings,thesamepairingsin thefinal joint averageutility observeddatathatexhibited

breakaway patternsfrom the constant-sumline (figure 5.19). Taken together, theseresultsindicatethat

encountersbetweenpurestrategiesthathaveaslower rateof approachto theinterval valuesnot only result

in poorersocialoutcomes,but alsoincura highcommunicationoverhead.

5.4.4.5 Mixed1Strategy CostResults

The intuitionsandexpectationsaboutthe communicationloadof a mixed1strategiesarecapturedby the

following hypothesis:

Hypothesis12: In thegeneral case, a strategythatcombinestacticswill resultin an increased

numberof negotiationrounds.Specifically, theamountof communicationusedis a functionof

theamountof mixture involvedbetweentacticsthat reach intervalsslowlyor rapidly.

Theabovehypothesisis basedon theexpectationthatwhenonly asingletacticis selectedfor generationof

offers(apure-strategy) then,asconfirmedin theprevioussection,thosetacticsthathaveaslowerconcession
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rateto theinterval valueswill resultin a highernumberof offer exchanges.However, whentacticswith a

differentconcessionrateto the interval valuesarecombined,thenthenumberof exchangeswill generally

begreaterthanthepurestrategy case.A highernumberof exchangesareexpectedbecauseconcessionary

tacticsare now combined,to somedegree,with lessconcessionarytactics like
§�¨"©[ªI« �7¬" and titfortat.

Therefore,sinceeachstrategy hasan elementof lessconcessionarybehaviour thenmorecommunication

is to be expected.This is a generalhypothesissincethe specificnumberof offersexchangeddependson

the “amountof this mixture” (or Ç matrix) policy of the strategy. The overall expectationis that fewer

exchangesof offers are likely when both agents“move” the resultantforce (figure 5.10) of their tactic

combinationfrom a
§0¨"©kª�« �K¬� tacticto a ® ¨ � ® "¯7F¬ tactic.

Figure5.25A, B, C andD show theobservedresultsfor thecommunicationloadof pairingsof mixed1

strategy typesin short term deadlines(for benchmark,̈ °�° ¨�È �3Ã�� ¨ � � ° ª �7±cF¬ increased¿nÀ levels andboth

decreased¿nÀ levels respectively). Hypothesis12 is not supportedin shortterm deadlines.The observed

datasuggests,similarly to ° © ¬� strategies,thatin shorttermdeadlinesvirtually all theencountersbetween

all thedifferenttypesof strategiestake the samenumberof cyclesto complete.This is alsoobservedfor

���&�¶"¯7³ experiments(seefigure5.27A, B, C andD) which aredescribedin thenext section.This resultis

dueto thesmallwindow of opportunityconstrainingthetimewithin whichstrategiesmustreachadeal(this

sub-hypothesisis supportedby the observation that in comparatively longerterm deadlinesstrategiesare

differentiated,seefigure5.26). Becausethis “window” is smallall strategiesusealmostall of the limited

time to searchfor deals.A shortterm deadlineis definedas ³·Ï��A� ticks of a discreteclock. Therefore,

strategieshave on average² ticks of a clock to reacha deal. As shown in figure5.25,nearlyall strategies

“consume”this available time. Therefore,a betterdifferentiatorof strategies in short term deadlinesis

not thecommunicationloadof thestrategies,but ratherthenumberof dealsreachedor their utilities, or a

combinationof both.Thisresultis carriedoverto otherstrategies,wherein shorttermdeadlinesthenumber

of ® ± ® ª  È
in negotiation is independentof not only the pairingsof the strategieswithin a given type of

strategy (pure,mixed1or mixed2),but alsoacrossdifferenttypesof strategies.Therefore,communication

load cannot be usedasa decisioncriteria in short term deadlines.The agentmay rely insteadon other

relevantcriteriasuchastheintrinsic utility of theoutcomeor thenumberof successfuldealsreached.For

example,if theutility of dealsis usedasadecisioncriteriafor whichstrategy to selectthen,asshown by the

resultsin figure5.22,a mixed2strategy canleadto bettersocialoutcomes.A significanteffect of strategy

pairingsonthecommunicationloadisobservedin patternsof datafor longertermdeadlinesfor bothmixed1

andmixed2experimenttypes(figures5.26and5.28respectively). Theclaimthatthenumberof exchanges

in a mixed1strategy will generally begreaterthanthepure-strategy caseis supportedby anincreasedtotal

averagenumberof cyclesacrossall strategies.Quantitatively, thetotal averagenumberof cyclesacrossall

strategiesare �"Æc���F  for purestrategies(figure5.24B) and ³K³c�Z´�  for benchmarkmixed1strategies(figure
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Figure5.25: CommunicationLoadsFor Mixed1Strategies in ShortTerm Deadlines.A) BenchmarkB)

OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ

5.26 A). Hypothesis12 is further supportedby the observationswhen the
¨ °K° ¨ �^F�ÄÃ (or converselythe

° ª �7±cA¬ ) hada higher ¿ À level thanthe benchmarkenvironment(figure 5.26B andC respectively). This

environmentteststhe propositionthat the specificnumberof offers exchangeddependson the “amount

of mixture” involved (or Ç matrix) policy of the strategy. Comparedto the benchmarkcase,increasing
Ô �ZÕ (moving towardsa Ô �ZÕ array distribution that resemblesmore closely the pure-strategy Ô �ÖÕ ), causes

tacticsthatapproachtheir interval quickly (or slowly) to decrease(or increase)thecommunicationloads.

For example,increasingthe Ô �ÖÕ of a ® ¨ � ® "¯7A¬ tactic from the benchmarkcaseresultsin a lower number

of exchangesin negotiation(figure 5.26B). Conversely, increasingthe Ô �ÖÕ of a
§�¨"©[ªI« �7¬" tactic from the

benchmarkcaseresultsin anincreasednumberof exchangesin negotiation(figure5.26B). Notealsothat

thelatterencountersarethegroupof pairingsthatexhibitedbreakaway from theconstant-sumline (figure

5.21B).

Theresultsof mutualanduniform integrationof concessionarytacticswith lessconcessionarytactics

by bothagentsin longtermdeadlineenvironmentsis shown in figure5.26D. Theexpectationthatthecom-

municationloadof mixed1strategiesspecificallydependsontheamountof “mixture” of tacticsis positively

supportedin figure5.26D, whereanequalcombinationof concessionaryandnon-concessionarytacticsre-
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Figure5.26: CommunicationLoadsFor Mixed1Strategies in Long Term Deadlines.A) BenchmarkB)

OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

sult in an increasein communicationcostsof concedertype strategiesanda decreasein communication

costsof tougherstrategies.

5.4.4.6 Mixed2Strategy CostResults

The intuitions andexpectationsaboutthe communicationload of mixed2strategiesare capturedby the

following hypothesis:

Hypothesis13: In thegeneral case, dynamicallychangingstrategiesin thecourseof negotia-

tion, according to somesubjectivefunction,will resultin fewer negotiationroundsthanstatic

strategies.

Hypothesis13 hasessentiallythesameform ashypothesis12. However, thedifferencein thepredictionis

thatin thegeneralcaseamixed2strategy will resultin fewerexchangesof offers.Thatis, in thetypesof en-

vironmentsconsideredin theseexperiments,themodificationof the Ç matrix accordingto somesubjective

function(heretheperceivedclosenessbetweenofferedcontracts)shouldresultin fewerexchangesof offers

sincetheinterval valuesof agentsareperfectlyoverlapping.If theinterval valuesareperfectlyoverlapping

andagentsbegin theiroffersat themaximumof their interval values,thensubsequentoffersshouldquickly
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Figure5.27: CommunicationLoadsFor Mixed2Strategies in ShortTerm Deadlines.A) BenchmarkB)

OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

becomemoresimilar whenat leastoneagentmakesa concession.Offersbecomesimilar quickly because

the updaterule 5.2 giveshigherweightingsto concessionarytacticswhenoffers arenot closeto onean-

other. In essencetheupdaterulemodifiesthebehaviour of eachstrategy with anothertactic(concessionary

or retaliatory)accordingto theperceivedclosenessof offers. If distancesbetweencontractsarelargethena

tacticthatconcedesis givenhigherimportance.As theoffersapproachoneanotherthesimilarity between

offersincreases,resultingin a higherweightingfor
§0¨"©[ªI« �7¬� tactics.Theoverall effect of thesetwo rates

of approachis to quickly approachthemid-pointof the intervals,followedby a slower rateof concession

until acrossoverof offersoccurs.In amixed1strategy, ontheotherhand,therateof approachto mid-point

is constant.For example,a toughstrategy in mixed1consistsof approachingthe interval at a ratethat is

constantandslow. Thisshouldnaturallyresultin moreexchangesof offersthananequivalenttoughmixed2

strategy whosebehaviour is to concedeinitially (becausecontractsaredissimilar—rule 5.2), but become

toughasoffersbecomemoresimilar.

Theobservationsandexplanationof theresultsfor theshorttermdeadlineenvironment(figure5.27)

have alreadybeendescribedin the sectionabove. Figure5.28 shows the final observed communication

resultsfor the mixed2strategieswith long term deadlines.The comparative datafor benchmarkcasesof
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Figure5.28: CommunicationLoadsFor Mixed2Strategiesin Long Term Deadlines. A) BenchmarkB)

OppositionIncreased¿nÀ , C) PlayerIncreased¿nÀ D) BothDecreased¿nÀ .

mixed1andmixed2(figures5.26A and5.28A, respectively) supportshypothesis13. For example,a tough

mixed2strategy engagesin lesscommunicationthanan equivalenttoughmixed1strategy. In general, a

mixed2strategy reachesanoutcomein fewer roundsof negotiation. Statisticallythefinal sumaverageof

communicationcycles for all benchmarkmixed1strategies(the generalcase)is ³K³c�ÖÆ�´ , comparedto the

final sum averageof �A»>� º for the benchmarkmixed2strategies. This patternis also repeatedfor cases

when ¿nÀ of either the
¨ °K° ¨ �^F�ÄÃ or the ° ª �7±cF¬ is increased,figures5.28 B andC respectively. Finally,

thereis no significantobserveddifferencein communicationusagebetweenmixed1andmixed2strategies

whenbothagentsweightthetacticssmoothlyandalmostequally(figures5.26D and5.28D respectively).

This result, in combinationwith othersshown in figure 5.28 A, B andC, suggeststhat whentacticsare

mixedequivalently, offersarecloserto themid-pointof thecrossover (supportedby thefinal joint utility

observationsin figure5.23A, B, C andD, wherethefinal outcomesarevery closeto thereferencepoint).

Hencetheupdaterule modifiesall strategiesslowly (a
§0¨"©[ªI« �7¬� tactic)until crossover is achieved. This

suggestthat deliberationover which combinationof tacticsto usewill result in bettersocial outcomes

(figure5.23A, B, C andD) thana staticpolicy, andthis canbeachievedat thesamecommunicationcost.
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5.4.4.7 Summaryof Strategic ExperimentResults

Theaboveresultsfor thethreeexperimentalclassesconfirmtheinitial propositionof theexperiments—that

¯K±M�^�K��� ® È Ã�¬��7ÃH µ �� È�ßàÈ ÃH�KÃ�� ® È Ã�¬��7ÃH µ �� È�ß ° © ¬� È Ã�¬��7ÃH µ �� È
, for the experimentaldependentvariables

intrinsic utility andcycles.

The utility resultsshow that decisionmakingusingpurestrategies,whenviewed from a global per-

spective(theequityor maximizationof joint utilities representedby thereferencepoint),resultsin themost

variablesetof utility outcomes.However, whentacticsaremixed, but constant(mixed1strategy), there

aresignificantly lower variationsin final averageutilities. Furthermore,a moreequalweightingby both

agentsresultsin final outcomesthatmostincreasethemaximizationof equitableoutcomes.In sum,asthe

mixtureof tacticsis mademoreequalby bothagents,thenthecloserthefinal outcomegetsto thereference

point. Finally, changingthis initial consideration(mixed2strategy) resultsin thehighestmaximizationof

equitableoutcomes.

Onceagainthevariability of thecommunicationloadof thestrategy is highestin thepurecase.This

canbe seenby the fact that concederpurestrategiesresult in lesscommunicationload and,conversely,

a toughstrategy resultsin relatively morecommunication.In the caseof mixed1strategies,on the other

hand,this variability in communicationacrossstrategiesbecomesdependenton theamountof mixtureof

thetactics.Thustheresultsshow thatwhenanagentplaceshigherweightingon concessionarytactics,the

communicationloadis minimal (alsoindependentlyof time limits). Conversely, almostall of thecommu-

nicationresourceis usedby agentswhenthey placemoreweightonthelessconcessionarytactics.Medium

communicationload,andlessvariability acrossstrategies,is observedwhenbothagentsweighteachtactic

equally. Finally, adynamicstrategy accordingto thepolicy thattheconcessiontacticbegivenmoreweight

whenoffersarenot similar to oneanother, resultsin theleastoverall communicationresourceusage.

Overall theimplicationsof theseresults,from theperspectiveof configuringanagent,usingthewrap-

perwith thecurrentsetof availabletactics,is thattheagentdesignershouldexpectthefollowing:

á Pure-strategieshave the largesteffect on the interactions.Specifically, if an agentis configuredto

interactwith a pure-strategy thenvariability shouldbe expectedin: i) the final utility of outcomes,

with only afew combinationsof pure-strategiesresultingin bettersocialoutcomes,andii) theoverall

communicationcosts.

á If anagentis configuredto interactwith a mixedandstaticstrategy thenthedesignershouldexpect:

i) lessvariability in thefinal utility of outcomeswith relatively morepairingsof mixedstrategiesre-

sultingin bettersocialoutcomes,but ii) with ahigheroverallcommunicationcostthanpure-strategies

becauseconcessionaryandnon-concessionarytacticsarenow mixed(therebyincreasingtheoverall

communicationcost).
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á If anagentis configuredto interactwith amixedanddynamicstrategy (givenby theupdaterule 5.2)

thenthedesignershouldexpect: i) theleastvariability in thefinal utility of outcomeswith relatively

morepairingsof mixedstrategiesresultingin bettersocialoutcomesthanpureor staticstrategiesand

ii) an invariant,andalmostaverage,overall communicationcostwhencomparedwith pureor static

strategies.

5.5 Trade-off Experiments

The previous two sectionsempirically investigatedthe behaviour of the responsive mechanism.In this

sectionthetrade-off componentof thewrapperis empiricallyevaluated.Theaimof theseexperimentsis to

evaluatethekernelof thetrade-off algorithm(presentedin section4.5.2.3)by investigatingits parameters

in generatinga single offer. Thereforetheseexperimentsare intendedto discover the behaviour of the

algorithmandassistnegotiatingagentdesignersby providing guidelinesaboutthepossibleoutputsof the

algorithmgiventheinputsthatneedto besuppliedby thedesigner. This input is theinformationanagent

hasaboutthe otheragentand it needsto be provided by the designerasknowledgein the acquaintance

model (AM) componentof the wrapper, shown in figure 1.1. Theseexperimentswill be referredto as

single-offer experiments.

The next section,in turn, reportson the experimentsthat evaluatethe processof negotiationwhen

agentsusea combinationof, throughtheuseof meta-strategies,trade-off andresponsivemechanisms.The

processof bothagentssolelymakingtrade-offs cannot beinvestigatedbecausenegotiationwill alwaysbe

unsuccessful.Making trade-offs meansoffershave non-diminishingscores,hencecrossover of offers,a

conditionfor acceptinganoffer, cannotoccur. Thereforethedesignerof anagentis providedwith ahigher

level interactionanalysisof thebehaviour of thetrade-off mechanismwhenit interactswith a combination

of othermechanisms.Theselatterexperimentsarereferredto asthemeta-strategyexperiments.

Whereastheaimof thesingle-offer experimentsis to investigatethekernelof thetrade-off algorithm,

in themeta-strategy experimentsthesubjectof theinvestigationis thedynamicsof thetrade-off algorithm

wheninteractingwith othermechanisms.

5.5.1 Experimental IndependentVariables

Theexperimentalindependentvariablesarereportedin thissection.Both thesingleoffer andmeta-strategy

experimentsshareacommonsetof independentvariables,therefore,to avoid repetitionin thenext section,

thesetof sharedindependentvariablesis presentedin section5.5.1.1below. Next theindependentvariables

uniqueto thesingle-offer experimentsarepresentedin section5.5.1.2.
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5.5.1.1 ExperimentalIndependentVariablesfor Both Single-Offer

andMeta-Strategy Experiments

The negotiationenvironmentis left unalteredfrom the dependentvariablesdescribedin the strategy ex-

periments(figure 5.8) in order to assistthe comparisonof the resultsbetweenthe trade-off and meta-

strategy experimentswith the responsive experiments,presentedearlier in section5.4.4. Briefly, the en-

vironment in the single-offer and meta-strategy experimentsconsistsof bi-lateral negotiationsbetween

agentscategorically labelledas ° ªIâ ±cF¬ and
¨ °�° ¨"ã  ã Ã , who negotiateover multiple quantitative issuesä °>¬"å ® 7æ�ç ©kâMª å&Ã�±kæCÃ�å&è�7æx°¶ ã^âMª Ã�±7é . The interval valuesfor theseissuesareperfectlyoverlapping(seeequa-

tion 5.1). The ° ªxâ ±cF¬ assigns
ä êJë;ì æ ê>ë ´Jæ ê>ë ³K´cæ ê>ë�ì ´"é and the

¨ °K° ¨"ã  ã Ã assigns
ä êJë ´cæ êJë;ì æ êJë ê ´cæ êJë ºK´�é as the

importanceof theseissues.

Theotherinputvariablesof thetrade-off algorithmarethediscriminatorypowerandthemagnitudeof

thedifferencebetweentheinputandoutputof thecriteriafunction(equation4.6).Thecriteriafunctionused

(equation5.3) is the sameasthe onepresentedfor the responsive Ç updaterule 5.2. Like the responsive

experiments,í is alsofixedat
ê>ë�ì

for all issuesin orderto bequitediscriminatory. Also, different î values

arefixedto beequalfor all issues,îÄï�ð�ñ;ò «ôó îöõH÷�ø*ù�ñ À�ú ó î À ñ;û «üó îÄï «?é ø0ù À�ú ó ì
, soasto have linearcriteria

functions ¸ Â êñ È ¹ , having equaldiscriminationpoweracrosstheissue’s interval values.

5.5.1.2 Single-Offer ExperimentalIndependentVariables

Theindependentvariablesthatarespecificto thesingle-offer experimentsare:

1. the numberof childrengeneratedat eachstepin hill-climbing to the iso-curve ( ý in the trade-off

algorithm,section4.5.2.3)

2. thenumberof stepstakento reachtheiso-curve( þ in thetrade-off algorithm,section4.5.2.3)

3. theinformationthatis availableto anagentregardingtheimportance(or weight)theopponentplaces

on eachissuein computingthecontract’svalue(equation4.5)and

4. the
¨ °K° ¨"ã  ã ÃFê È and° ªIâ ±cF¬Rê È lastoffers( ÿ and ± in equation4.4).

Valuesfor thefirst andsecondvariablescontroltheamountof searchperformedby thetrade-off algorithm.

Experimentsarerun wherethenumberof childrenareselectedfrom theset �"´cæ ìAêKê æ�³ ê�ê��
. Thenumberof

stepsto theiso-curveis selectedfrom theset � ì æ�² ê��
. Theconcretenumbersfor boththenumberof children

andthenumberof stepsto theiso-curve individually signify very little. However, thesignificanceof these

valuesis the relative relationshipbetweenthem. Thusmorecomputationis involved whenthe trade-off

algorithmgenerates³ êKê
ratherthan ´ childrenat eachiteration,or whenit takesa larger numberof steps

to theiso-curve. Theexpectation,aswill beshown below, is thatmorecomputationshouldresultin better

outcomes.



5.5. Trade-off Experiments 215

The third independentvariableattemptsto calibratethe relationshipbetweenthe performanceof the

trade-off algorithm(in particular, how similarity is computed)givenanagent’s subjective estimatesof the

likely importanceweightingsof theotheragent.This subjective estimationover others’weightsis stored

as information in the AM componentof the wrapper. Thus, to computewhethertwo offers aresimilar,

anagenthasto make somesubjective,andpossiblyincorrect,decisionabouthow theotherviews the im-

portanceof an issue. Specifically, in single-offer experimentsan agentcan have either perfect,partial,

imperfector uncertaininformationon how the otheragentweightsthe issuesthat areinput into its simi-

larity function (equation4.5). Theagentchosento performthesingle-offer tradeoff is the ° ªxâ ±cF¬ . Then,

in experimentswith perfectinformation,the algorithm,in computingsimilarity, is given the
¨ °�° ¨"ã  ã ÃFê È

weightsfor differentissues(i.e.
ä êJë ´cæ êJë;ì æ êJë ê ´cæ êJë ºK´�é , cardinallycorrectinformation). Partial information

gamesarewherethe algorithmis given the correctorderof importancebut not the actualissueweights

(i.e.
ä êJë ÆMæ ê>ë ê ÅJæ êJë êJì æ êJë ³"é , ordinallycorrectinformation).Imperfectgamesrepresentthesituationwherethe

algorithmis given incorrectinformationaboutthe other’s weights(i.e.
ä ê>ë�ì æ ê>ë ³Jæ êJë ´cæ êJë ³"é , incorrectinfor-

mation).Finally, uncertaininformationgamesrepresentcaseswherethealgorithmis givenundifferentiated

weightsfor eachissue,in this case
ä êJë ³�´Jæ êJë ³�´Jæ ê>ë ³K´cæ ê>ë ³K´"é . Theoutputof the trade-off algorithmcanthen

beassessedwhensuppliedwith differenttypesof information.

Thefinal independentvariablesin theseexperimentsaretheinputcontractsÿ and ± (seeequation4.4)

representingthe ° ªIâ ±cF¬Rê È andthe
¨ °K° ¨"ã  ã ÃFê È lastoffer respectively. Giventheinterval valuesin equation

5.8, contractÿ is setto
ä�ì ´cæ*³��Jæ*³�´Jæ���é and ± to

ä�ì �Jæ ìAê æC²7´Jæ�º�é . Giveneachagent’s weightsandtheir linear

scoringfunction(describedin section5.4.2.2),theagent’svaluationof thesetwo contractsare:

� ï�ù�ø ú « ð ¸�ÿk¹ ó ê>ë �KºK´Jæ � ï�ù�ø ú « ð ¸�±J¹ ó êJë;ì Å7´
�	� ï*ï � é�«?é À ¸Iÿ[¹ ó êJë º�²�²¶æ �
� ï*ï � é�«?é À ¸�±J¹ ó ê>ë �

meaningthatnegotiationcancontinuesincethereis nocrossoverof offersyet,eachagentstill preferstheir

own offer over theother’s latestoffer.

5.5.2 Experimental Procedure

The experimentalprocedureconsistsof inputting two contracts,representingÿ and ± , into the algorithm

underdifferentcombinationof theotherthreeindependentvariables(numberof children,numberof steps

to theiso-curveandtheinformationlevels)andobservingtheutility executiontraceof thealgorithmfor an

offer from the ° ªIâ ±cA¬ to the
¨ °�° ¨"ã  ã Ã . All input contracts( ÿ and ± ) aresubjectto thegeneralconstraint

that
� ï�ù�ø ú « ð ¸�±J¹�� � ï�ù�ø ú « ð ¸�ÿk¹ and

� � ï*ï � é8«?é À ¸�ÿk¹� � � ï*ï � é8«?é À ¸�±J¹ . This ensurestrade-off is possibleby

ruling outall thosecontractsthatarealreadyof ahighervalueto eitherparty. A controlsetis alsogenerated

by choosingthepreferredchild randomlyat eachstepapproachingthe iso-curve (asopposedto usingthe

similarity criteria).
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5.5.3 Hypothesesand Results

Thehypothesisin a single-offer experimentis givenin termsof the input andoutputof thetrade-off algo-

rithm. Theinput is thesetof importanceweightsof theotheragent(perfect,partial,imperfectandrandom)

andthe outputis a contractthathasthe samescoreto the agent,but someotherscoreto the otheragent.

Specifically, thehypothesisis:

Hypothesis15: Thegreatertheexplorationof thespaceof possibledeals,thebettertheoutput

of thealgorithmfromtheperspectiveof theotheragent.

Furthermore, thequality of thealgorithm’soutput(thescore of thecontract to the ������� ã��Fã Ã )
is directlydependenton thequalityof informationinput—thebettertheinformation,thebetter

theoutcomequality.

The hypothesissimply statesthe intuition that a more refinedsearchof the possiblespaceof contracts

shouldresultin selectingandoffering a contractthathasmorevalueto theotheragent.Furthermore,this

searchshouldbedirectly affectedby the informationthealgorithmhasabouttheother’s issueimportance

rankings.

Figure5.29 andthe top row of figure 5.30show the resultsof varying, underdifferent information

inputs,thenumberof childrengeneratedin single-offer experimentswhenthenumberof stepsto the iso-

curve is setto � ê . Thebottomrow of figure5.30representsthecasewherethe numberof childrenis set

to
ìAê�ê

, but thetrade-off algorithmcomputestheiso-contractin a singlestep.Thedot-dashline represents

the executiontraceof the randomcontrol, the solid line emanatingfrom � the similarity basedtrade-off

executiontrace,andtheline joining � ê æ ì�� to � ì æ ê�� thepareto-optimalline. Theoutputof thealgorithm, ÿ�� ,
is shown in figures5.29and5.30asanunfilledcircleandsquarefor thealgorithmthatselectsthenext child

in eachstepbasedon similarity or randomcriteriarespectively.

Threemajorpatternsareobservedthatdirectly andindirectly supporthypothesis15. Direct support

is givenby thefirst observationthatwhenmoving to the iso-curve if thespaceof possiblecontractsis not

exploredsufficiently, � children(figure5.29top row) or
ì

step(figure5.30bottomrow), thenthegainsof

the ������� ã��Fã Ã areat bestinsignificantandat worstnegative. More specifically, only whenthe ��� â � ��� has

perfectinformationaboutthe ������� ã��Fã Ã ’s evaluationsandthetrade-off mechanismoperatesin 1 stepwith

100childrenwill themechanismimprovetheoffer (from the ����� � ã��Fã Ã ’s perspective) (figure5.30E). The

next bestcontractfor the ������� ã��Fã Ã is whenit hasthesamevalueas ÿ (figure5.29A). All othercontracts

generatedby the � � â � �!� whennot fully exploring the searchspace(figures5.29B,C,D and5.30F) have

lowervalueto the ����� � ã��Fã Ã than ÿ .

However, the ������� ã��Fã Ã ’s benefit increasesas the algorithm performsmore search(from � to " êKê
childrenin 40 steps—figure5.29top row [5 children],bottomrow [100 children],andfigure5.30top row
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Figure5.29:Tradeoff Algorithm Experiment:Datafor � Childrenin � ê Steps(FirstRow) and
ìFê�ê

Children

in � ê Steps(SecondRow). A) & E) PerfectInformation,B) & F) ImperfectInformation,C) & G) Partial

Information,D) & H) UncertainInformation.

[200children]).Thus,generatingmorechildrendoesindeedincreasetheutility of theopponent.However,

the datasuggeststhereis a point above which generationof morechildrendoesnot increasethe utility

of the opponent. This is observed in the lack of any significantdifferencebetweenperfectand partial

informationoutcomeswithin eitherthe
ìAêKê

and " ê�ê
children(40 steps)resultcategories(comparefigures

5.29E, F, G andH with 5.30A, B, C andD). Furthermore,the expectation,asstatedby hypothesis15,

thatthemoreaccuratetheinformationabouttheweightsof the ������� ã��Fã+*
are,thebetterthecontractscore

for the ������� ã��Fã+*
is supportedby theobservationthattheutility to the ����� � ã��Fã+*

is indeedincreasedwhen

thealgorithmis increasinglysuppliedwith morecorrectinformationaboutthe ������� ã��Fã+* ê È weights(seen

asincreasingutility) from incompleteto uncertaininformationclasses.However, thehypothesisis rebutted

for perfectandpartialinformationcases(compare5.29E with G or 5.30A with C). This lackof significant

differencesbetweencontractsselectedunderperfectandpartial informationconditionsindicatesthat the

algorithmrequiresonly partial orderinginformation,ratherthanperfectlycardinalorderings,in order to

computeoutcomesthatarebetterfor the ������� ã��Fã+*
. This is becausetheabsolutedifferencesin magnitude

betweentheperfectandpartial informationclassesis small (
ä ê>ë �Jæ ê>ë�ì æ êJë ê �Jæ ê>ë , �"éKÏ ä êJë ÆMæ ê>ë ê ÅJæ êJë êJì æ êJë ""é óä êJë "cæ êJë êJì æ êJë ê �¶æ êJë;ì ��é ), resultingin input variablesthat arenot significantlydifferent. The chosenvalue
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Figure5.30:DataFor " ê�ê
Childrenin � ê Steps(First Row), and

ìAêKê
Childrenin

ì
Step(SecondRow). A)

& E) PerfectInformationB) & F) ImperfectInformation,C) & G) Partial Information,D) & H) Uncertain

Information.

for thepartialweightestimationcannot bemadesignificantlydifferentfrom theperfectweightestimation

valuesbecausetheactualvaluesof thepartialestimatesareconstrainedbothat theupperandlower limits

by theperfectanduncertainweightestimationvalues.

Positivesupportabouttherelationshipbetweenthequalityof theinputandtheresultantoutputis given

in thefinal observationthat,for all environmentsandvariablecombinations,imperfectinformation(figure

5.29B andF, andfigure5.30B andF) resultsin significantlypooreroutcomesfor the ������� ã��Fã+*
thanall

the other informationclasses.This is only to be expectedsincethe searchis directedtowardserroneous

directionswhentheinformationsuppliedabouttheotheragentis incorrect.

Note, in nearlyall cases,thesimilarity basedtrade-off out performsthepolicy of randomlyselecting

achild for thenext steptowardstheiso-curve. However thispatterndoesnothold for thecasesof reaching

theiso-curvein onestepunderpartialanduncertaininformationenvironments(figure5.30G andH). Given

anoffer is generatedin 1 step,this is dueto chance,ratherthanrandomnessbeinga betterstrategy in this

type of environment(supportedby the consistentlypoor performanceof the randomselectionstrategy in

theexperimentswherethenumberof stepsto theiso-curveis setto 40,figure5.29C, D, G andH, and5.30

C andD).
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In summary, theseresultsindicatethatunlessagentsknow, at leastpartially, theimportancetheother

agentattachesto an issue,thenthe bestpolicy for computingtrade-offs is to assignuncertainweightings

to all issues.Theseweightingscanthenbeupdatedby somelearningrule towardspartialor perfectinfor-

mationmodels,sincea) informationmodelsareprivateandb) erroneouspredictionscanresult in poorer

outcomes.Furthermore,engagingin trade-off negotiation,particularlywith a high searchfactorby both

parties,resultsin higherjoint gains.

5.6 Meta-StrategyExperiments
The aim of theseexperimentsis to empirically evaluatethe influenceof meta-strategiesthat individually

useor combinea trade-off mechanismanda responsivemechanismon:

1. thedynamicsof negotiation(section5.6.2.1)and

2. theoutcome(section5.6.2.2)of negotiation

Recall from section4.7 that a responsive mechanismimplementsa depth-firststrategy in the negotiation

state-space(figure2.3),wherethedepthvisited is a functionof concessionrate,which itself is a function

of the resourcesleft in negotiation, the time limits in negotiationand the behaviour of the otheragents.

Conversely, thetrade-off mechanismcanexploreotherparentnodes’siblings,asopposedto thesiblingsof

a child nodealone. A meta-strategy is thenonethat combineseithersearchstrategy towardsanoutcome

(seefigure4.10).Theaimof theseexperimentsis to empiricallycapturetheoutcomeanddynamicpatterns

of the wrapperwhena combinationof mechanismsareusedfor interactions.Thesepatternscanthenbe

usedto form decisionruleswhichagentdesignerscanuseto guidethemin theselectionof meta-strategies.

Two typesof experimentsarereportedbelow. Theaim of thefirst classof experimentsis to analyze

theprocessof differentmeta-strategy decisionmaking(namelysection5.6.1.1).Therefore,theexecution

traceof thedifferentmeta-strategiesareobservedfor a singlerun of anexperiment.Consequentlyonly a

singleoutcomeis observed. Theaim of thesecondsetof experiments,similar to thestrategy experiments

reportedin section5.4,is to analyzetheeffectof differentmeta-strategydecisionmakingmodelsonthefinal

averagedjoint utilities acrossa numberof differentenvironments5.6.1.2. Theseobservedfinal averaged

utilities canthenbeusedto deducegeneralstatementsaboutthemeta-strategy experimentsratherthantheir

behaviour in a singlerun. Again this informationis ausefulguidelinefor agentdesignersbecauseit canbe

usedto assessthegeneralbehaviour of thegivenmeta-strategy set.

5.6.1 Meta-StrategyExperimental Variables

Theenvironmentof theseexperimentsis equivalentto theprevioussingle-offerexperiments.Briefly, theen-

vironmentconsistsof bi-lateralnegotiationsbetweenagentscategoricallylabelledas� � â � ��� and ������� ã��Fã+*
,

who negotiateover multiple quantitative issues
ä � � å/. � æ�ç10 â ��å * �kæ * å&è � æ2� �Fã^â � * �7é . The interval valuesfor
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theseissuesareperfectlyoverlapping(seeequation5.1). The ��� â � ��� assigns
ä êJë;ì æ êJë �cæ ê>ë "��cæ êJë;ì �"é andthe

������� ã��Fã+*
assigns

ä êJë �cæ ê>ë�ì æ ê>ë ê �cæ ê>ë , �"é astheimportanceof theseissues.

In additionto thevariationsin thetypesof environments,new variablesareneededthatdefinemeta-

strategies. Thefirst offer of bothagentsis generatedusingthe responsive mechanism,sincethe trade-off

mechanismrequiresat leastone offer from the opponent. After that, an agentfacesa choiceof which

mechanismto select. Sincetherecanbe an infinite numberof metastrategies(asmany asthe potential

sequencesof choicesbetweenresponsiveandtrade-off typesof counter-proposals),themetastrategiescon-

sideredin theseexperimentsarelimited to the set � �3�"È � � ã�È å54 � æ È è â��1* æ È���� å â �Cæ ��â7ã�6 �"è �
. A responsive

meta-strategy simplyselectstheresponsivemechanismfor generatinganoffer throughoutnegotiation.This

is includedto comparethe trade-off mechanismagainstanagentthatalwaysconcedeson utility. Thepa-

rametersof the responsive mechanismareset to produceconcessionbehaviours, sincebeingresponsive

often involvesconcessionsin the light of environmentalneeds(e.g. time, resourcesandbehaviours). A

smartstrategy consistsof deploying a trade-off mechanismuntil theagentobservesa deadlockin theaver-

ageclosenessof offersbetweenbothagents,asmeasuredby thesimilarity function. That is, thedistance

betweentheoffersis not reducing.Underthesecircumstances,thevalueof thepreviouslyofferedcontract,
� ø ��ÿ � , is reducedby a predeterminedandarbitraryamount,here

êJë ê � , therebylowering the input value

of 7 into the trade-off mechanism.This valueis chosenasa concessionratethat is relatively lower than

the concessionrateof the responsive mechanisms.Thus,a concessionin smartmeta-strategy is a more

“cautious” concessionthanits responsive counterpart.A serialstrategy involvesalternatingbetweenthe

trade-off andresponsivemechanisms.Finally, therandommeta-strategy randomlyselectsbetweenthetwo

mechanismsandfunctionsasthecontrolmeta-strategy.

5.6.1.1 ProcessOrientedExperimentalIndependentVariables

Theaim of theprocessorientedmeta-strategy experimentsis to investigatethedynamics,or a singleexe-

cutiontrace,of differentmeta-strategies.Therefore,thesamplingof independentvariablesis meaningless

sincetheprocessis observedfor only oneexecutiontrace.Thusthe independentvariablesfor responsive

andtrade-off mechanisms,aswell astheassociatedtime limits, areconstant.

In theseexperimentsthe parametersof the responsive mechanismare set as follows. The tacticsä 8 �109�;: â��3� æ���å ã��"â�� æ�.<� ã . ��6���� æ titfortaté areset to
ä ê>ë �Jæ ì æ=�cæ ì é for both agents.Thesevaluesreflectrepre-

sentative membersof eachtacticclass.For example,thevalueof > for a
8 �109�;: â��3�

tacticcanrangefrom

valuesof
ê

(beingvery tough)to
ì�ë ê

(beingalmostconceder).Therefore,the valueof
êJë � representsan

averagetoughtactic. Thereis only onememberof eachof ��å ã��"â��
andtitfortat tacticsandthelimits of the

.<� ã . ��6���� tacticaretakento bebetween
ì�ë ê

(leastconceder)to
ìAê

(themost).

The otherelementof the responsive mechanism,the strategy, is setasfollows. Agent strategiesare

of type mixed2(section5.4). The initial valueof the weightingof the tactics( Ç matrix correspondingto
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the initial strategy) is setto
ä ê>ë Æcæ êJë;ì æ êJë;ì æ êJë;ì é for bothagents.Therefore,bothagentsinitially placemore

weighting on the boulware tactic. A mutual tough initial strategy is chosenbecause,as will be shown

below, agentsin subsequentiterationsof negotiationmodify this initial strategy by a policy thatplacesless

weight on the boulwaretactic andmoreon the concedertactic. Therefore,to prevent a fastapproachto

the interval values(large movementtowards
ê

alongthe x axis of the scorefor the � � â � ��� , for example,

in figure5.23),andhencequick agreements,the initial strategy is madeto betough,therebyallowing the

trade-off mechanismto operate(athigherutility values—operatingat 7 valuestowards
ìKë ê

alongthex axis

of thescorefor the ��� â � ��� , for example,in figure5.23).

The modificationpolicy is simply slowly increasingthe importanceof the .<� ã . �16���� tactic as the

threadof negotiation increases.Note, this policy is different to the onereportedin the previous section

(section5.4) that concededor remainedfirm accordingto the similarity betweenoffers. The policy is

that at eachiterationthe weightingof the .<� ã . �16���� tactic is increasedby
,�ê�?

and,correspondingly, the

weightsof theothertacticsareuniformly lowered.Thus,bothagentsbegin negotiationastoughstrategist,

but end up placing increasingimportanceon the .<� ã . ��6���� tactics. Therefore,the modificationpolicy

is chosenindependentlyof the others’offers and is dependenton the lengthof the thread. This policy

is chosenbecausethe overall requiredbehaviour of the responsive mechanismis concessionary, because

the combinationof a concessionarymechanismanda trade-off mechanism,througha meta-strategy, can

equallyimplementthesimilarity basedstrategy modificationpolicy. Thechosenpolicy will alwaysconcede

becausethethreadof thenegotiationalwaysincreases.

Theparametersof thetrade-off mechanismaresetasfollows. Theexplorationfactorof thetrade-off

experiment,definedby the two independentvariablesnumberof childrenandnumberof stepsto the iso-

curve, aremadea constantat
ìAêKê

childrenand � ê
stepsrespectively. The suppliedsimilarity weightsto

thetrade-off algorithmof eachagentaresetto be
ä êJë "��Jæ êJë "��Jæ ê>ë "��cæ ê>ë "��"é (correspondingto uncertaintyof

theothers’issueweightings).Thesevaluesarechosenbasedon thepreviousobservationsin thetrade-off

experiments(section5.5) that sucha weight selectionresultsin significantutility increasesfor the other

agent(seetheresultsshown in figure5.29). Finally, thetime limit of thebothagentsis setto " ê ticks of a

discreteclock.

5.6.1.2 OutcomeOrientedExperimentalVariables

Theaim of thepreviousexperimentsis to calibratethedynamicsof negotiationwhenagentsinteractwith

oneanotherusing eitherone or both of the developedresponsive and trade-off mechanismsin a single

typeof environment.This knowledgeis usefulfor developinganunderstandingof theprocessesinvolved

in eachof the mechanisms,but is less informative about the behaviour of a meta-strategy in different

typesof environments. Theseexperimentsaim to provide suchan analysisby, in a similar fashionto

thepreviousstrategy experiments(section5.4), shifting the focusof attentionto theoutcome, ratherthan
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theprocess,of negotiationin typesof environments.However, onceagain,in orderto control thenumber

of free independentvariablesthat canbe sampled,andallow somecomparisonwith the process-oriented

experimentsabove,thevariablesof the ������� ã��Fã+*
arechosento havethesamevaluesastheprocess-oriented

experiments(section5.6.1.1)andthevariablesof the ��� â � ��� aresampled.

More specifically, theparametersof the responsive mechanismareasfollows. Thesameupdaterule

is usedasfor the process-centeredexperiments.However, the parametersof the tacticsarenow sampled

for the ��� â � ��� . The > parameterof the
8 �10 �@: â��1�

tactic is sampledwithin the interval
ä êJë êJì æ ê>ë "�é (more

boulwarethanpreviousprocess-orientedexperiments).The ��å ã��"â��
andtitfortat tacticscannot besampled

(sincethesetacticscan only take on a value of
ì�ë ê

). A .<� ã . �16��!� tactic is sampledwithin the intervalä " ê æA� ê é (more concederthan previous process-orientedexperiments). Therefore,whereasthe previous

process-orientedexperimentsevaluatethe averagerepresentativesof a tactic class,in theseexperiments

moreextremetacticmembersareevaluatedfor completenessby choosinga ��� â � ��� thatis more
8 �109�;: â��3�

or .<� ã . ��6���� .
In turn, theparametersof thetrade-off mechanismareasfollows. Theexplorationfactor, definedby

thetwo independentvariablesnumberof childrenandnumberof stepsto theiso-curve,is onceagainmade

a constantat
ìFê�ê

childrenand � ê stepsrespectively, for the ����� � ã��Aã+* . However, the numberof children

generatedat eachstepin the trade-off algorithm for the � � â � �!� is now sampledbetweenthe rangesofä�ìAêKê æ=" ê�ê é andthe exact numberof stepschosenis within the range
ä � ê æ=� ê é . Thesevaluesarechosenso

that,on average,the ��� â � ��� is madeto performmoreof anelaboratedsearchof thespaceof thepossible

outcomes.Finally, thetime limit of the ������� ã��Fã+*
is setto " ê andsampledwithin therangesof

ä ,�ê æ�B ê é for

the ��� â � ��� . Highertimelimits andagreaterexplorationratearechosenfor the � � â � �!� to allow thetrade-off

mechanismto searchfor betterdeals.

Thenumberof environmentalsamplingsis setto 400.Thisensuresthattheprobabilityof thesampled

meandeviating by morethan
ê>ë ê>ì

from the truemeanis lessthan
ê>ë ê � . Theexperimentswerewritten in

Sicstus3.7.1Prologandranon HP Unix parallelmachinesat theCenterdeSupercomputaciodeCatalunya

CESCAutilizing four CPUs,9MB of memoryandlasted1954seconds.

5.6.2 Hypothesesand Results

Finally, theexpectationsandobservedresultsof theprocessandoutcomesof meta-strategy experimentsare

presentedin thefollowing two subsections.

5.6.2.1 Meta-Strategy ProcessHypothesesandResults

Hypothesis16: Themore the spaceof possibledealsis explored jointly, the betterthe joint

outcome. However, higher joint utilities are gainedat theexpenseof greatercommunication

betweentheagents.
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The hypothesisessentiallystatesthe expectationthat a pair of smartmeta-strategies shouldselectfinal

outcomesthathaveahigherjoint valuethanothertypesof meta-strategies.Thisis expectedbecauseasmart

meta-strategy is essentiallyatrade-off strategy thatonlyconcedesasmallamount(
ê>ë ê � in thiscase)whena

deadlockis detected.All otherexperimentalmeta-strategieshaveanelementof concessioninvolvedin them

(sincethevariablesof theresponsive mechanismhave beenchosento behave in a concessionaryfashion).

Thusany meta-strategy thatselectsa responsivemechanismin thecourseof negotiation(all pairsof meta-

strategies except [smart,smart]) shouldresult in joint utility executiontracesthat “move” southwesterly,

awayfrom thepareto-optimalline. Furthermore,meta-strategiesthatengagemorein searchfor higherjoint

utilities andlesson concessionsshouldresult in highercommunicationloads. This latter expectationis

basedon theintuition thataresponsivemechanismgeneratescontractsthatsuccessively approachthepoint

of crossover in offersfasterthanthetrade-off mechanism.Henceit is to beexpectedthata meta-strategy

thatselectstheresponsivemechanismshouldreachacceptabledealsquicker thanonethatis smart.

Figure5.31presentsthedatafor themeta-strategyexperimentsinvestigatingtheprocessof mechanism

selection.Individualoffersbetweenthe��� â � ��� andthe ����� � ã��Fã+*
aredepictedascirclesandsquaresrespec-

tively. Thesequencesof offersarejoinedby a solid line for the � � â � ��� anda dottedline for the ������� ã��Fã+*
.

Thefinal agreementis depictedastheoffer wherethecircle andsquaremeet.Thecommunicationloadis

simply theadditionof thenumbersof circlesandthesquares.

Theobservedrankordering,in figure5.31,acrossmeta-strategy pairingsover thesummedjoint utility

gainedfor thefinal outcomedirectly supportshypothesis16. Thehighestjoint gain is achievedin negoti-

ationsbetweentwo
È è â��1*

meta-strategies. In this case,the final outcomeis closerto the pareto-optimal

line thanany othermeta-strategy pairing, implying that sucha pairing of meta-strategiesresultsin out-

comesthat aremostbeneficialto both parties. The remainingrankingsfor � � â � �!� æ=����� � ã��Aã+* pairingsof

meta-strategiesarethen [smart,serial],[serial,serial],[smart,random],[smart,responsive], [serial,responsive], [ran-

dom,responsive], [random,random]with respective joint gainsof
ì�ë "KÆcæ ìKë�ì �Jæ ìKë�ì ��B>æ ì�ë;ì�ì æ ì�ë ê Æ�Bcæ ì�ë ê BJæ ê>ë Å�Å . In

general,thehigherjoint utilities occurwhenat leastoneof theagentsis
È è â���*

. The
��â7ã�6 �"è metastrate-

gists,asexpected,performworst.

Hypothesis16 is furthersupportedby theobservationof thenumberof messagesexchangedbetween

agentsusingdifferentmeta-strategies(recall that in theseexperimentsthenumberof messagesexchanged

betweenagentsis simply theadditionof theindividualmessagesexchangedin figure5.31).This indirectly

measuresthecommunicationloada meta-strategy placeson theagents.As predictedby hypothesis16, the

observedpatternis almostthereversefor the joint valueoutcomesabove; with a [smart,smart]pairing in-

curringthehighestcommunicationcost(reachingadealat19rounds(recallthatthetimelimits allowedare

" ê ticks of a discreteclock, followedby [random,random],[smart,responsive], [smart,random],[smart,serial](14

rounds),[serial,serial](13rounds),and[serial,responsive] (12rounds).Thisobservationsupportstheintuition
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Figure5.31: Dynamicsof NegotiationProcessfor MetaStrategies,PairsDenotedasMeta-Strategy of the

� � â � �!� , Meta-Strategy of the ����� � ã��Fã+*
: A) smartv. smart,B) smartv.serial,C) smartv. randomD) smart

v. responsive,E) serialv. serial,F) serialv. responsive,G) randomv. random,H) randomv. responsive.

thathigherjoint utilities aregainedthroughgreatersearch,which, in turn, involvesmorecommunication

betweentheagents.

5.6.2.2 Meta-Strategy OutcomesHypothesesandResults

Thehypothesisfor theseexperimentsis thesameastheprocess-orientedexperiments,namely:

Hypothesis 17: On average, the more the spaceof possibledeals is explored jointly, the

betterthejoint outcome. However, onaveragehigherjoint utilities aregainedthroughgreater

communicationbetweentheagents.

That is, the aim of theseexperimentsis to show that in the long run, or on averageand independently

of the type of environment,betterexplorationof the spaceof possibledealsshouldresult in higher joint

outcomes.Theexpectationof theoutcome-orientedexperimentsis no differentthantheexperimentsthat

did not involvesamplingthetypesof environments.In theaveragecase,thosemeta-strategiesthatinvolve

moresearchwill resultin betteroutcomes,but at thecostof increasedcommunication.

Figure5.32supportstheexpectationover thejoint utility partof thehypothesis.Thekey to themeta-

strategy pairing is amendedwith the total summedaverageof the joint utility the pairing achieved. As
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Figure5.32:Final AverageUtility Outcomesfor MetaStrategiesPairings.

expected,pairingsof a meta-strategy thatcomputecounter-offersusingtheresponsive mechanismleadto

theworst joint outcomes(joint utility of
ìKë ê

, theoutcomelying on theconstant-sumline—seesupporting

datain strategic experiments,section5.4). Only moderatejoint gainsabove
ì�ë ê

areachieved when the

meta-strategy of oneof theagentsis not purelya responsiveone([smart,responsive]: joint utility outcomes

of
ì�ë;ì " , [serial,responsive]: joint utility outcomesof

ìKë ê � , [responsive,random]:joint utility outcomesofìKë ê B ). At theotherextreme,joint utility of outcomesis bestmaximized(outcomeslying closerto thepareto-

optimal line), asexpected,whenagentsusea smartmeta-strategy. More specifically, the bestoutcomeis

achieved for a [smart,smart]meta-strategy with joint utilities of
ì�ë ��" . In betweenthesetwo extremeslie

the outcomesthatare,in the main,dueto the interactionswith oneagentwhosemeta-strategy is serially

switchingbetweena trade-off anda responsivemechanism(theinterval of joint utility outcomesof
ìKë�ì � toìKë "�� ).

Onceagain,the meta-strategiesthat result in higher joint outcomes,aspredictedby hypothesis17,

are achieved at the expenseof higher communicationcosts (figure 5.33). The meta-strategy pairing

[smart,smart]resultsin anaveragenumberof communicationroundsof
ì!JJë ��� (note,theproximity of this

to thetime limit of the ����� � ã��Fã+*
, whosedeadlineis fixedat " ê ticks of a clock). Conversely, interactions

betweentwo responsive meta-strategiesresultedin poorerjoint outcomes(figure 5.32),but at a relatively

lowercommunicationcost(
ìAêJë;ì B ).
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Figure5.33:Final JointAverageNumberof Cyclesfor MetaStrategiesPairings.

In summary, the resultsfrom the singleexecutiontraceof the trade-off algorithm(section5.5) and

the meta-strategy experiments(section5.6) indicatethat a betterexplorationof the spaceof the possible

set of outcomesleadsto agreementsthat are higher in joint gains. Furthermore,this increasedsearch

resultsin: i) higher joint outcomeson eachiteration of the algorithm (section5.5), acrossa single run

in a uniqueenvironment(section5.6.2.1)or acrossmultiple environments(section5.6.2.2)andii) higher

communicationcosts.

5.7 Summary

In thischapter, threecomponentsof thedevelopednegotiationwrapper(theresponsive,trade-off andmeta-

strategy mechanisms)wereempiricallyevaluatedby conductingaseriesof exploratoryexperiments.These

experimentswereconductedto: i) testtheintuitionsabouttheunderlyingcausalrelationshipsbetweenboth

themodel’skey variablesandtheagent’senvironmentandii) providesomeguidelinesfor how thewrapper

canbe “tuned” by a designerof a negotiatingagent.However, manipulationexperimentsareneededthat

testmoreconcretecausalhypothesisandresultin betterdatamodels.Nonetheless,theexploratoryexperi-

mentsreportedin this chapterhelp“tune” someof theparametersof themechanismsthroughexploration

of a subsetof the spaceof possiblevariableranges,throughdifferentcombinationof agentarchitectures

andenvironments. The experimentalagentarchitectures,or the choiceof which decisionmechanismto
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usefor decisionmaking, was restrictedto responsive (tactics/pure,static strategic/mixed1anddynamic

strategic/mixed2),trade-off anda numberof differentmeta-strategiesthat selecteddifferentcombination

of mechanisms.The experimentalenvironmentswerein turn motivatedby someof the featuresandre-

quirementsof thetwo targetdomainsidentifiedin section1.4.3suchsuchtime limits, certaintylevelsand

numberof issues.

Hypothesisone to eight summarizethe expectationsof outcomesand the processesof negotiation

whensimpletactic(pure)agentarchitecturesinteractin shortor long termdeadlines.In theseexperiments

theexpectationthattacticswhichreachreservationvaluesmoreslowly will performbetterwasrebutted.In

fact, it wasfound that the successof a tactic is a functionof not only the compositionof the population,

but alsoappropriatenessof the tacticsto respondto changesin the environment. Indeed,tacticsthat ap-

proachedthereservationvaluesof anissuemoreslowly (moreBoulware)did makehighvaluedealsbut this

benefitwasreduceddueto thelower numberof successfuldealsmadeaswell asthecommunicationcosts

involved,speciallywhenthe populationincludesimitative tacticsthat “magnify” the toughnessprofile of

thepopulation.In fact,thebesttacticsweretheonesthatlinearlyapproachedtheir reservationvalues.Also

confirmedwastheexpectationthatsuchsimpleagents,whichconsideronly asingleenvironmentalcriteria,

will result in morevarieddistribution of outcomesaroundthe mostequitableoutcomepoint (hypothesis

seven). In fact,simpleagentarchitecturesperformbest(maximizetheir joint utilities) only in encounters

betweentwo purestrategiesthatgive higherweightingto tacticsthatapproachthereservationof an issue

in a linearfashion.

Hypothesiseightto fourteen,on theotherhand,summarizetheexpectationsof outcomesandthepro-

cessesof negotiationwhenmorecomplex (staticstrategies/mixed1anddynamicstrategies/mixed2)agent

architecturesinteractedin shortor long termdeadlines.Theexpectationin this setof experimentswasthat

if themixing betweendifferenttacticsof bothagentsis more“smooth” (or themoreequalthecontribution

of eachindividual tactic to thecomputationof a new overall concessionrate),and if themethodof com-

putationof thenew concessionrateis performedintelligently accordingto someobjective function(such

asthesimilarity betweentheexchangedcontracts),thenthemoreequitablethefinal outcomefor bothpar-

ties. Indeed,variationsby eitherpartyfrom theseparametersettingsresultsin distributionof outcomesthat

althoughmaybelocally moreequitablearelessjointly equitable.

Hypothesisfifteen capturedthe expectationsof outcomesandthe processesof negotiationwhenan

agentimplementeda trade-off algorithmin long term deadlines(a morecomplex agentarchitecturethan

the responsive mechanism).The aim of this experimentwasto evaluatewhethera relationshipexistsbe-

tweenthecomplexity of thesearchof thespaceof possibledealsandthequality of theoutcome(from the

perspectiveof theopponent)andif sowhetherthis relationshipis affectedby theuncertaintiesinvolvedin

trade-off negotiation. Indeed,resultsconfirmedthe expectationsof sucha relationshipwherea morere-
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finedsearchof thepossiblespaceof contractsdid resultedin selectingandofferingacontractthathadmore

valueto theotheragent.Furthermore,thissearchwasdirectlyaffectedby theinformationthealgorithmhad

abouttheother’s issueimportancerankingswherebetterinformation(lessuncertainties)resultedin better

contractsto beselected.

Finally, theexpectationthateitheron a singlecase(hypothesissixteen)or theaveragecase(hypoth-

esisseventeen)the mostequitableoutcomesshouldbe reachedwhenboth agentsintelligently searchthe

spaceof possiblecontractsusingboththeresponsiveandthetrade-off mechanism(themostcomplex agent

architecture)accordingto someobjective function.This objective function(thesimilarity function)imple-

mentedthe meta-strategy anddirectedthe negotiationsearchby selectingthe trade-off mechanismwhen

theobjective functionwasbeingmaximizedandtheresponsive mechanismwhenthe local minimaof the

objectivefunctionwasreached.Theseexpectationswereconfirmedby theobservationswhereit wasfound

thata pair of smartmeta-strategiesreacheddealscloserto thepareto-optimalline thancombinationof any

othernon-intelligentcombinationof meta-strategies.

Theimplicationsof theseresultsfor thedesignerof thenegotiatingagentis deferredto section6.2.1.



Chapter 6

Conclusionsand Futur e Work

Theconclusionsandthedirectionsfor futurework, derivedin themainfrom theidentifiedweaknesses,are

jointly presentedin thisfinal chapter. However, thework reportedhereis reviewedfirst.

6.1 Review of the Thesis

This thesishaspresenteda solution for the problemof coordinationamongtwo autonomousagentsthat

needto interactwith oneanother. The solutionaddressestwo setsof requirementsidentifiedin the first

chapter: i) the requirementsof the actualproblemthat the coordinationsystemshouldachieve (section

1.4.3)andii) therequirementsthatarisein designingof acoordinationsystem(section1.1).

Thefirst requirementhasbeenhow to coordinatedomainproblemsolversthatneedtheservicesof one

anotherin their local problemsolving. This interactionproblemwasdefinedfor eachindividual agentas

thetuple Q óSR@T æ=U{æ�U � å *V��� å â�W (equation2.1). T is thesetof issuesthatdescribefeaturesof a service. U
describestheconstraintsof eachof thesefeatures(suchasits importancelevel, its reservationvaluesandan

agent’s preferencesover thevaluesit cantake, aswell asotherenvironmentalconstraintssuchasthetime

andresourcesavailablefor negotiation). U � å *V��� å â is thendefinedin termsof the principle of individual

rationality. The rationalityprincipleadoptedin this thesiswasthemaximizationof someutility function.

The agentinteractionproblemwasthendefinedasthe mutualandstrategic selectionof valuesfor T that

respectU andsatisfy U � å *V��� å â for eachparty given the normative protocolof interaction. Furthermore,

this solution hasto be mutually derived without knowledgeof others’ setsof constraintsandalso with

limited computationalresources.For this reason,thesatisfaction,ratherthantheoptimization,of U � å *V�!� å â
is consideredto besufficient. Conflictswerethendefinedaswhenthelocalcriteriaof eachagentnegatively

interact.Theproposedsolutionto thisconstrainedsearchhasbeento designacoordinationframework that

consistsof: i) a protocolthatassiststheagentsin thecommunication(or on-line)phaseof their interaction

problemsolvingandii) a setof mechanismsthatassiststheagentsin their deliberation(or off-line) phase

of their interactionproblemsolving.Agentsthenusethesetwo componentsof thecoordinationframework
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to solve their interactionproblemby representingand iteratively reasoningand exchangingoffers over

servicesasissue-valuepairs. Thenovelty of the researchreportedhereis in thedeliberationmechanisms

for multi-dimensionalconflicts.Multi-dimensionalinteractionsrequirereasoningovera largersetof agent

constraintscomparedto singledimension.Thesenovel aspectsweredrivenby the requirementsoutlined

in section1.4.3whereit wasshown that the target problemdomainsof this research,andthe real world

in general,aremulti-dimensionalin nature. Likewise, eachof the dimensionshave constraintsattached

to themandagentsneedto reasonabouttheseconstraintsexplicitly. For instance,somedimensionsof a

problemaremoreimportantthanothersanda searchfor a solutionis often basedon suchrelationships.

For example,the log-rolling strategy (Pruitt 1981)searchesfor new solutionsby violating theconstraints

of the leastimportantissuesandfurtherconstrainingtheconstraintsof moreimportantissues.Themulti-

dimensionalnatureof theinteractionalsoindirectly leadsto therequirementthatagentsareableto combine

their preferencesover eachof the individual dimensions.Thus,agentsrequirea modelthat supportsthe

consolidationof preferencesovereachissueinto asinglepreference.

The main contribution of this thesisis the developeddeliberationcomponent. Threemechanisms

werepresentedthat,giventheproblemspecification(the issues,their constraintsandcriteria),searchin a

distributedandautonomousfashion(importantdomainrequirements,section1.4.3)for individually accept-

ableassignmentof valuesto eachdimensionof negotiation. Whenindividual assignmentsarein conflict,

detectedby a setof evaluationfunctions,thenagentsuseoneor moreof the decisionoptionsto resolve

them. The first mechanismpresentedwasthe responsive mechanismwhich implementsvariousdegrees

of concession(from no concessionto full concession)accordingto theagent’s currentenvironment.This

mechanismwasdesignedto modelconcessionarybehavioursaccordingto how muchnegotiationtime and

resourceswere available (both requirementsmentionedin section1.4.3). Additionally, the mechanism

modelsdecisionsbasedon thebehaviouralprofileof theotheragent,anotherimportantfeatureof thetarget

domains.The concessionmechanismis computationallysimple(involving the executionof simplefunc-

tions, called tactics,andthe assignmentandmodificationof importanceweightsto eachtactic, calleda

strategy). Furthermore,it requiresa minimal amountof informationaboutthechoicesof theother(s);de-

cisionsareconditionedon theenvironmentof theagentandminimally (throughthe behaviour-dependent

tactics)on thechoicesof theother(s).Indeed,theonly assumptionmadeabouttheother(s)is thatconflicts

arisebecausethe otheragenthasan opposingpreferenceorderingover increasingdomainvaluesfor all

issues.This informationis inferredby therolesagentsplay in interaction(e.g.asellerprefershigherprices

to loweronesandfor abuyerthereverseis true).Thusthemechanismis basedon therealisticassumptions

that: i) theagentis not omniscientand/orii) superlogical. Rather, anagent’s knowledgeaboutthechoices

of theother(s)is highly limited andits reasoningcapabilitiesarebounded.Thesefeaturesof themechanism

werefactoredinto thedesignprocessfor theflexibility requirementof thewrapper(seebelow).
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The other novel decisioncomponentsof the coordinationframework are the trade-off and issue-

manipulationmechanisms(sincethey arecomputationallymorecomplex thantheresponsivemechanism).

Thetrade-off mechanismwasdevelopedto modelcooperativereasoningoverconflicts,definedasinterac-

tionswhereat leastoneof theagentsis motivatedby the intentionto increasethesocialwelfarefunction

(globally rationaloutcomesthat aim to make both agentsbetteroff), but achievesthe currentaspiration

level over its preferences(i.e. is locally rational,satisfyingthelocalcriteriaspecifiedovereachissue).This

contrastswith theresponsivemechanismthatmodelsmoreselfishreasoning,definedasinteractionswhere

agentsarenot interestedin increasingthe socialwelfarefunction, but ratheronly in satisfyingtheir own

preferences.Theresponsiveandtrade-off mechanismsjointly addresstherequirement,identifiedin section

1.4.3,for differenttypesof motivationsoverconflict. Theissue-manipulationmechanism,in turn,wasde-

velopedto not only assistagentsin escapinglocal minimain thesearchof thesocialwelfarefunction,but

alsobecausethenatureof theproblemnaturallyinvolvesmodificationof thesetof negotiationissuesat run

timedueto dynamicallychangingdomainrequirements(section1.4.2).

Boththetrade-off andissue-manipulationmechanismsareanovelwayof agentsindividuallysearching

the spaceof possibledeals.However, in comparisonto the responsive mechanism,suchsearchesrequire

moreinformationto besuppliedabouttheotheragentandinvolvemoredeliberationabouttheotheragent’s

preferences.A fuzzy similarity technologyhasbeendevelopedto handletheserequirements.Althougha

formalmodelof theissue-manipulationmechanismwasdeveloped,its implementationby analgorithmand

theanalysisof thealgorithm’s resultingcomputationalcomplexity is deferredto futurework. However, a

novel trade-off algorithmwasdevelopedthatimplementsa fuzzysimilarity basedtrade-off negotiationand

its complexity wasshownto belinearlyproportionalto thenumberof issues.Thiscomputationaltractability

is a desirablepropertythat fits with the key assumptionof this work that the agentsarecomputationally

bounded.Theuseof fuzzysimilarity alsosatisfiestheflexibility objectivewith regardsto theinformational

requirementof theagent,becausethetechniqueis usedto modeltheuncertaintyof anagent’sbeliefsover

thepreferencesof theotheragents’asfuzzy relationshipsbetweenvaluesof thedomain,andnot theother

agents’actualpreferences.This meansthat the agentsdo not have to make interpersonalcomparisonsof

preferenceswhenmakingtrade-offs, a taskthatrequiresfull knowledgeof theotheragent’spreferences.

When taken together, eachof the mechanismsaddressesa subsetof the requirementsidentified in

section1.4.3.For example,theresponsivemechanismcanimplementaselfishattitudein interactions,but is

inappropriatefor searchingthesolutionspaceof possibleoutcomesin amorecooperativemanner. However,

whereasthetrade-off mechanismis capableof performingsucha search,it is computationallymorecostly

thanthe responsive mechanisms.Given this, what is requiredis meta-reasoningaboutthe varioustrade

offs involved in the useof eachmechanismfor the generationof offers. This metareasoningcan then

be usedby an agentto addressthe changingrequirementsof the agentsaccordingly. Thus, the meta-
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strategy may selectthe trade-off mechanismfor generatingservicecontractsto agentsthat belongto the

sameorganization,but selecttheresponsivemechanismwith a low concessionratefor servicenegotiations

with agentsthat are from differentorganizations.Thus reasoningover different featuresof interactions

(cooperative versusselfishinteractions,computationallysimplev.s morecomplex search,long v.s short

term negotiation deadlinesand low or high domainresourcelevels, which collectively form the set of

requirementsenumeratedin section1.4.3) can be modeledthrougha temporallychangingcombination

of mechanismsas meta-strategies. A metalevel deliberationmechanismwas informally presentedthat

implementssuchoffer generationstrategiesover theavailablemechanismchoices.

Thedevelopedwrapperincorporatingtheresponsive,trade-off andmeta-strategymechanismswasthen

empiricallyevaluatedin a numberof differentenvironments.Evaluationwasneededto: i) developandtest

exploratoryhypothesesaboutthecausalrelationshipbetweenthelargenumberof mechanismsvariablesand

theagent’senvironment,ii) assistthedesignerof anegotiatingagentin “tuning” of theframework for given

environmentsandiii) to validatethe efficacy of the heuristicaspectsof the model(for example,a meta-

strategy thatalwaysinvolvesthetrade-off mechanismuntil alocalminimumin thesocialwelfarefunctionis

detectedis adecisionheuristicwhoseefficacy acrossdifferenttypesof environmentscannotbedetermined

a priori). For thesereasons,the wrapperwas empirically evaluatedacrossa numberof environments.

In experimentsinvolving interactionsamongtwo agentsbothusingthe responsive mechanismthe largest

variability in the resultswereobserved if purestrategiesarechosento generateoffers. The bestresults

wereobtainedfor strategic agentsthat modeledthe generationof offers asa combinationof tacticsand

modified this combinationconsiderationin the courseof negotiation. The intuitions aboutthe trade-off

mechanism,or a meta-strategy that frequentlyselectsthe trade-off mechanism,werealsoconfirmed.The

trade-off mechanismexperimentsfoundthattheimplementationof suchstrategiesdoesindeedincreasethe

socialwelfarefunction in morethanonetypeof environment,but at an increasein communicationcosts,

signifying that the searchtakeslonger to convergeon a mutually acceptabledeal. Dealsaremademore

quickly if theresponsivemechanismis used,but thesocialwelfarefunctionis poorconsideringthathigher

joint utilities canbegainedthroughthemulti-dimensionalnatureof theproblem.

In addition to satisfyingthe requirementsof the target domains,the developednegotiationwrapper

alsoaddressesmany of thedesideratathatwereidentifiedin thedesignof a coordinationsystem(section

1.1). The designrequirementswere introducedas the configurability requirementor the reusabilityand

flexibility of thedevelopedcoordinationframework for useacrossbothopenandcloseddistributedsystems.

Theflexibility of thedevelopedcoordinationframework hasalreadybeendiscussedabove. Reusabilityhas

alsobeenfactoredinto theframework designby:

X makingas few commitmentsto the domainproblemsolvers’ architectureaspossible. Interaction

problemsolving is separatedfrom local domainproblemsolvingby functionallyseparatingthene-
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gotiationwrapperfrom the local domainexpert. Thusthe wrappercanbe seenasproviding social

knowledgeto the local asocialdomainproblemsolver. The interfacebetweenthesetwo modules

supportslow level informationabouttherequirementsof thedomainproblemsolver(theservice(s)it

requires,thecoreandauxiliary featuresof theservice(s),its constraintsandsatisfactioncriteriaover

eachof thesefeatures).Thewrapperdoesnot havecontroloveror accessto any of theoperationsof

thedomainproblemsolver.

X designingbothcooperative andselfishdecisionmakingmechanismsinto the agent’s decisionmak-

ing architecture.In DPSsystemsagentsareassumedto be cooperatively motivatedin interaction.

Conversely, in MAS agentsareassumedto beselfishlymotivatedin interactions.Therefore,in both

approachesa singleagentattitudeis hardwiredinto thedecisionmakingarchitecture.However, the

interactionattitudeof anagentoughtto bea functionof its environment.For example,aswasseen

in thetargetdomainsof this thesis,thesameagentcanentertwo differenttypesof interactionswhere

oneis cooperatively motivatedandtheotheris moreselfish.Thereforetheagent(morecorrectly, the

agentdesigner)needsto besuppliedwith bothtypesof decisionmakingfacilities.

X emphasizingthe notion of services. Servicesare, like objectsin the object-orientedparadigm,a

representationof the capabilitiesof the local domainproblemsolver in providing problemsolving

expertise.Thus,likeobjects,servicesarereusableacrossdifferentproblemsolvingepisodes.

This configurabilityof thecoordinationframework hasbeenguidedby therequirementto designa library

of differentnegotiationdecisionmakingstrategieswhich the agentdesignercanthenimplementin their

agents.Thedesigneris freeto configurehis/heragentfor interactionaccordingto theirprevailingobjectives

(suchasstrategiesfor increasingthesocialwelfarefunctionor for achievementof local objectives). This

descriptivedesignapproachcontrastswith theprescriptivemodelsof gametheorywherethemostrational

strategyof agameis analyzedandprescribedto theagent.In thelattercase,however, it wasshown thatsuch

modelsoftenmakeunrealisticassumptions.Therefore,theapproachtakenin thisthesishasbeento describe

andempiricallyanalyzethepossiblesetof behaviours thatcanarisewhenmorerealisticassumptionsare

adopted.The designerof an agentis thenfree to choosea strategy that bestsuitshis/herproblem. This

configurabilityclaim hasbeenprocedurallydemonstratedin thesuccessfulapplicationof thecoordination

framework to sevendifferentapplicationdomains,rangingfrom businessprocessmanagementto electronic

commerce.

6.2 Discussion

Coordinationhasbeenidentifiedasoneof the mostcentralproblemsin DAI (section1). For this reason

theresearch,includingthework reportedhere,hasproduceda largenumberof proposalsfor coordination
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protocols.Thecoordinationproblemwasinformally introducedasaprocessthatconsistsof composing(re-

lating, harmonizing, adjusting, integrating)somecoordinationobjects(tasks,goals,decisions,plans)with

respectto somecoordinationprocess,which solvesthecoordinationproblemby composingco-ordination

objectsin line with the coordination direction (Ossowski 1999). This generalview of coordinationwas

given a moreconcreteinterpretationthroughdevelopmentof the negotiationwrapper. The composition

processis achieved locally by eachagentthroughimplementingone,or a combination,of the proposed

mechanisms.Agentsthenusethesemechanisms,togetherwith a communicationprotocol,to composeand

exchangemulti-issuecontracts(thecoordinationobjects)thatincreaseseitherthelocalor globalutility (the

coordinationdirection).

6.2.1 Guidelinesfor the NegotiatingAgent Designer

The empirical evaluationof the mechanismsalso resultedin a numberof findings that can be usedto

formulategeneralguidelinesfor agentdesignerswishing to usethe negotiationwrapper. The aim of the

experimentswas the exploration of a subsetof the spaceof possiblevariableranges,throughdifferent

combinationof agentarchitecturesandenvironments.Recall that an agentarchitectureis a particularin-

stantiationof theagentthat follows from themodeldescribedin chapterfour. Thusgiventhenegotiation

modelan agentdesignercandesigna very simplenegotiatingagentwherethe meta-strategy selectsonly

onemechanism.For example,thethedesignermaychooseonly theresponsivemechanismfor thedesign

of his/heragent.Furthersimplificationcanbe madewhenthe designerchoosesa responsive mechanism

that is composedof a singletactic. Thesechoicesresultin anagentthat requiresno meta-strategic (since

the responsive mechanismis alwaysselected)or strategic decisions(no YZ� � , or purestrategy, sincethere

exists only a singletactic). Sucha simpleagentis bestrepresentedby a Kasbahagent. As this example

shows,anagentdesignersis thenfreeto composeincreasinglymorecomplex agentsby choosingdifferent

meta-strategies,tactic setsor strategic updatefunctions. Additional complexities arisewhennegotiation

environmentsarealsotakenin considerations.

Thereforethe aim of the experimentsreportedin this chapterwas to evaluatewhich architecture-

environment(s)leadsto (un)successfuloutcomes. If two agentdesignersaremotivatedby someglobal

systemevaluationcriteria,suchasthesumof the joint utilities (maximizedby thepareto-optimalline) or

thereferencepoint,thenthefollowingguidelinescanbederivedfrom theobservationsin theseexperiments.

X An agentdesignerwho implementsasimpleagentarchitecture(responsiveandpurestrategy) should

expectinteractionsthatprolongthepossibilitiesof joint gains.This is becausesimpleagentsmayfail

to respondappropriatelyto changesin their environment.This conclusionwasindirectly confirmed

by theunexpectedsuccessof lineartactics.

X A more complex agentarchitecture(responsive and strategic) was thenevaluatedin a numberof
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differentenvironments. It was found that the outcomes,both in termsof utilities andcosts,for a

strategic andresponsiveagentis a functionof:

– thecompositionof theresponsiveagentarchitecture—thenumberandtypesof tactics

– theinitial parametersof eachindividualandjoint architecture

– andthejoint localmodificationof theseparametersby bothagents

The first guidelinestatesthe agentdesignershouldbe aware that the type and numberof tactics

of a responsive agentaffects the outcomeandprocessof negotiation. Thusa tactic setshouldbe

selectedthatadequatelyrepresentsa rangeof desiredbehaviours.For example,a tacticsetof mainly

Boulwareswill resultin toughnegotiatorindependentlyof strategic decisions.Conversely, anagent’s

behaviour will be concessionaryif the domainof operationsof the strategic reasoneris a tactic set

with >\[ ì
(correspondingto tacticsthat quickly reachtheir reservationvalues). Therefore,to be

responsive in differentenvironmentsanagentrequiresappropriatesetof tactics.

An agentdesignerusingthedevelopedmodelmustalsosettheinitial valuesof thestrategic reasoner.

Theinitial valueof weightsof thetacticsetcorrespondsto aslightly morecomplex agentwhoreasons

abouta numberof environmentalfactorsby computinga new concessionrate. It wasshown that

bettersocialoutcomesfollow whenboth agentsengagein computinga new concessionratebased

on a numberof environmentalfactors. In fact bettersocialoutcomesshouldbe expectedif agent

designerscanjointly agreeon thesamesetof tacticsandstrategy for their initial settings.

However, mostequitableoutcomesshouldbe expectedwith even morecomplex agentsasshown

whenaresponsiveagentinteractedwith anotherresponsiveagentandbothcomputeanew concession

rate,givena setof environmentalfactors,according to someobjectivefunction. An agentdesigner

who selectsa strategy similar to a fixed (mixed1)strategy for his/heragentshouldexpectan undi-

rectedsearchfor a solution. However, bestsocialoutcomesfollow whenagentsengagein directed

searchaccordingto someobjective function (in this casethe closenessbetweensuccessive offers).

That is intelligentadjustment(or search),ratherthanconstantadherenceto thesameenvironmental

considerations,shouldresultin bettersocialoutcomes.

X For morecomplex agentarchitecturesthatinvolvetrade-off negotiation,thetaskof theagentdesigner

is transformedfrom specifying“tunings” that affect local problemsolving to “tunings” that affect

theproblemsolvingof theotheragent.Thatis, theproblemof theagentdesignerusingthetrade-off

mechanismis to representinformationabouttheotheragent(asbeliefsin theAM). It wasempirically

shown thatthisuncertaintyis bestaddressedif thedesignerdoesnotattemptto guesstheinformation

of the otheragent(unlesscompletelysure),but ratherassignsan uncertaintyto the agent’s belief
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aboutthe other agent(note the similarity with the argumentof strategic interactionspresentedin

chaptertwo). Indeed,althoughnot shown, betterresultsshouldbeexpectedif this uncertainbelief is

sequentiallyupdatedin thecourseof negotiation(learningimplementedasBayesianupdating).

X If time andcomputationareresourcefulor thereis a needfor increasingthe socialwelfareof the

outcomes,thena morecomplex agentarchitecturesthat involve strategically selectingbetweenthe

responsive andtrade-off mechanismsshouldbeexpectedto performbetter. In particular, bestsocial

outcomesshouldbe expectedif the searchfor a solution is intelligently directedby an objective

functionthatselectsthetrade-off mechanismwhentheobjectivefunctionis beingmaximizedandthe

responsivemechanismwhenthelocalminimaof theobjectivefunctionarereached.Thatis, themore

intelligentthemeta-reasoningaboutwhichmechanismto select,themorethesocialwelfarefunction

is maximized.

6.2.2 Limitations of the Curr ent Work

The contribution of this thesishasbeena proposalfor a computationalmodel of decisionmaking for

negotiatingagentthathasbeenempiricallyevaluated.However, this proposalonly modelsa subsetof the

issuesidentifiedin chaptertwo. Much morework is requiredto develop richer interactionprotocolsthat

adequatelymodelamoreelaborateconceptof coordinationthatis applicableto awidersetof problems.In

particular, thefollowing limitationsneedto beaddressed:

X developmentof anissue-manipulationalgorithm

X thecurrentnegotiationmodeldoesnot handlequalitative issues

X bettermodelsof otheragentsareneeded

X thecurrentbi-lateralprotocolis inadequatein capturinginter-dependenciesamongcomplex activities

6.3 Futur e Work
The proposalsfor future work arederived from the limitations of the work presentedabove andis based

on addressingsomeof the additional issuesidentified in chaptertwo. In particular, the future work is

categorizedinto extensionsto the:

X decisionmakinglevel

X interactionprotocollevel

X evaluationlevel and

X applicationlevel
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6.3.1 Extensionsof DecisionMaking

The decisionmakingfunctionality of the negotiationwrapperadequatelymodelsindividual agents’deci-

sionchoicesoveractionsandstrategiesgiventheinformation,timeandcomputationalconstraintsinvolved.

However, threefuturedirectionsof researchstill needto beaddressed:i) developinganissue-setmanipu-

lationalgorithm,ii) modelingof qualitative issuesandiii) a methodologyfor modelingotheragents.

Althougha formalmodelof how thesetof negotiationissuescanbemanipulated,no algorithmshave

beendeveloped.This is clearlyanimportantdirectionof futureresearch.Furthermore,thepresentedmodel

hasconcentratedonresolutionof quantitativeissueswheremovementsalongtheutility functionof anissue

is continuous.However, all mechanismsneedto be extendedto dealwith the introductionof qualitative

issuesthathave anassociatednon-continuousutility function. Somework hasalreadybeencarriedout to

extendtheresponsivemechanismto handlenon-continuousdomainfor qualitative issues(Matos,Sierra,&

Jennings1998).However, thetrade-off or issue-manipulationmechanismsstill needto beextended.

Therearetwo choicesof approachthat addressthe currentweaknessesin modelingof otheragent.

On theonehand,mechanismscanbedevelopedwithin thenegotiationwrapperitself thatassisttheagent

in modelingthe other(s),given the currentsingleshot,sequentialalternatingprotocolof interaction. Al-

ternatively, thecurrentdecisionmechanismscouldbesuppliedwith analternative interactionprotocolthat

allows theagentsto learnanddevelopa modelof oneanother. Which of theseapproachesto handlingun-

certaintyof theothers’is bestis seenasanempiricalquestionthatneedsto betestedfor givenenvironments

andtypesof problems.

If thefirst approachis adopted,thenoneproposalfor modelingothersis to developothertypesof util-

ity functionsthatmodelanagent’s attitudetowardsrisks (risk taker, neutralor aversive (Binmore1992)).

Althoughnot directlymodelingotheragents’decisions,a utility functionthattakesinto accountanagent’s

attitudetowardsuncertainevents,givena sureevent,doesindirectly modelother(s)by modelingthe ex-

pectedutility anagentwill gaingiventheuncertaintyof others’choices.Althoughthisapproachhasweak-

nesses,identifiedin chaptertwo, it is a reasonablechoiceof anextensionbecause:i) themodificationsto

theproposedmodelto handlethisadditionareminimal, requiringthedesignof utility functionsthatmodel

agent’spreferencesin risky environmentsandii) to beaBayesianagent,or to computetheexpectedutility

of a deal,requiressupplyingagentswith ana priori probabilitydistribution of thelikely outcomes.Recall

that the sourceof thesea priori distributionshasbeena criticism leveledagainstthe Bayesianapproach.

However, similarity measures,modelingtheproblemdomainandnot anagent,canbeusedasthea priori

distribution in suchcases.

6.3.2 Extensionsof the Protocol

In somesituations,however, the initial a priori distribution may simply be wrong. The solution to this

problemis closely relatedto the secondapproachproposedabove to bettermodel the otheragent—that
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is the currentdecisionmechanismscanbe suppliedwith an alternative interactionprotocolthat supports

learning. Then if interactionsare repeated,a Bayesianagentcan updatethe similarity induceda priori

distributionsgiventheevidenceit gainsfrom interaction.

Thecurrentlyproposedsetof mechanismscanalsobeappendedby othermechanismsto betterhandle

the uncertaintyof others’actions,even if the first choiceis not adopted;i.e. the decisionmechanismsof

the wrapperarekeptwithout any alterations.In particular, what is neededis to appendto the currentset

of decisionmechanismslearningalgorithm(s)thatassisttheagentin better“tuning” eachof thewrapper’s

decisionmechanismparameters.For instance,learningalgorithmscanbeusedin theresponsivemechanism

to modify not only parametersof the individual tactics(e.g. > or ] of the time-dependentandbehavior-

dependenttacticsrespectively), but alsotheagent’sstrategy ( YZ� � thatmodifiesthe ^ matrix,section4.4.3).

Likewise,learningalgorithmscanbeusefulin approximatingvaluesfor theweightstheotheragent(s)place

on eachof the issues( �3_ �
). Suchknowledgeis usefulfor the operationof all of the mechanisms.1 For

instance,aswasempirically shown in the trade-off experiments(section5.5.3)betterapproximationsof

others’weightsresultsin an increasein the socialwelfarefunction. A betterknowledgeof otheragents’

attachedimportanceto eachissueis highly relevantinformationin makingtrade-offs. This informationcan

alsobeusefullyutilized in theissue-setmanipulationmechanismfor makingdecisionsaboutwhich issues

to addor remove. Finally, learningalgorithmscanbe appliedat the meta-strategy level to conditionthe

selectionof themostappropriatemechanismto thehistoryof previousinteractions.For example,thetrade-

off mechanismmay have resultedin highersuccessfrequenciesthanothermechanismsin the courseof

previousinteractionsbetweentwo givenagents.More sophisticatedlearningcaninvolveanagentlearning

which mechanismto selectfrom therelationshipbetweenthefeaturesof thecurrentinteractionwith those

of previous interactionswith other agent(s). The extensionof the currentmodelwith suchCase-Based

reasoninglearningalgorithms(Kolodner1993)is naturalbecausethedevelopedsimilarity technologycan

beusedto modelsuchrelationshipsbetweenthepresentandthepastcases.

However, asnotedin section2.1.4,thereplacementof a single-shotwith a repeatedinteractionproto-

col hasa numberof significantconsequenceson theagentarchitecture.Althoughagentscanbenefitfrom

learningin a repeatedinteractionprotocol,additionalmechanismsmustalsobe designedto supportrea-

soningin suchenvironments.Repeatedinteractionshavebeenextensively studiedin gametheory(Axelrod

1984)dueto their role in resolvingmultiple equilibria problemsthroughthe developmentof systemsof

conventions.Thus,if a gamehasmultiple equilibriaandif agentsinteractrepeatedly, thenthey candecide

on a singleequilibria asa convention(driving on the left or right is an exampleof sucha convention).

An exampleof how agents’reasoningchangesin a repeatedgamewasbriefly introducedin section2.2.5.

1This knowledge,againalthoughpossiblyincorrect,cannonethelessberevisedandupdatedin subsequentinteractionsgiven the

outcomeof thepastinteractions.
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There,it wasshown that thedynamicsof negotiationalteredin repeatedgames.In particular, thestability

of Mrs Shee’s strategy of action(up) dependedon herobservationof Mr. Hee’s strategy choice.Thus,an

agent’scurrentchoiceis dependentonthefuturechoicesof others.Agentsmustthereforereasonaboutthis

type of actioncontingency given the reputationof other(s)andhow muchthe agentcantrust themfrom

their commitmenthistory.

Anotherextensionto the protocol is also necessarynot only when the frequency of interactionsis

considered,but alsowhenthesizeof theagentsocietyis consideredanimportantfactorto model(section

2.1.1). The size of the societybecomesimportantwhen the typesof problemsconsideredare not just

restrictedto the resolutionof conflicting preferencesbetweenonly two parties,but, rather, extendsto a

numberof agentsperformingdistributedproblemsolvingin agroup.As it stands,theproposedcoordination

framework is inappropriatefor the latter typesof problems. In order to solve this type of problem,the

coordinationframework needsto bemodifiedsothatmultipleagentscanexchangenotoffersoverservices,

but plans,goalsor othermeta-attitudessuchasintentions(Dennett1987). Theevaluatorycomponentsof

the decisionmechanismscanthenbe usedto evaluateplans,goalsor intentionsfrom a local perspective.

However, plan, goal or intention generationmechanismswould needto be designedto generateoffers

over plan, goal or intention alternatives. New mechanismsare thereforeneededbecausethe input into

thecurrentsetof mechanismsneedsto bechangedfrom an issue(togetherwith its associatedreservation

values,weightsandpreferences)to a higher level structuressuchasplans,goalsor intentionswhich are

composeddifferentlyandexhibit differentpropertiesto issues.Therefore,otherreasoningmechanismsare

requiredthatgenerateoffersoverhigherlevel representations.

Multi-lateral negotiationsalsoopenup the possibility of extendingthe wrapperto modelcoalitions

wherea collectionof agentsform a groupto performor achieve a commonobjective (Kahan& Rapoport

1984,Sandholm& Lesser1997,Shehory& Kraus1995).For example,buyersin a marketeconomyoften

form large coalitionsto reducesellers’prices. The problemthen is how to modify or adaptthe current

wrapperso that agentscanreasonaboutcoalitions. Onesuchsolutionmay be to allow agentsto form a

groupusingsomecoalition forming algorithm(coalition formationhasbeenextensively studiedin game

theory (Kahan& Rapoport1984, Binmore 1985,Sandholm& Lesser1997,Shehory& Kraus 1995)).

Thenthereasoningabouttheinteractionsbetweentheagentrepresentingthecoalitionandtheotheragents

(one-to-many interactions)canbedirectedby thewrapperdecisionmechanisms.However, thesuggestion

hereis to increasethe socialwelfarefunction of the coalition by supplyingwithin the wrapperadaptive

algorithmsthatassistthe representative agentto dynamicallymodify thereservationvaluesof eachof the

issuesgiven multiple offers from a numberof other agents. The suggestionis that the wrappercan be

usedto reasonnot abouthow to form a coalition, but how to behave on behalf of the coalition. Note

alsothat this functionality canbe appliedin normalone-to-many servicenegotiations.Work is currently
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underwayto investigatemulti-lateralprotocolsandnegotiationdecisionstrategiesfor designof anexchange

systemwhere ý numberof sellersengagein parallelnegotiationswith a singlebuyerfor theprocurement

of a service.Decisionfunctionsarecurrentlybeingdevelopedthatgenerateoffersbasedon simultaneous

considerationof many threadsof negotiation.

6.3.3 Extensionsto the Evaluation Work

Thepenultimateproposalfor futurework is to furtherevaluatethedevelopedcoordinationframework. Al-

thoughthewrapperhasbeenempiricallytestedin anumberof environments,thisevaluationhasnonetheless

beencarriedoutwithin alimited environment(e.g.interactionsareonly amongstagentsthatadoptthesame

wrapperarchitecture).Thus,theobservedresultsareonly valid for two agentsthatutilize a wrapperarchi-

tecture.Althoughcontrol measureswereincludedandthe resultswerecomparedto optimal solutions,it

would be interestingto performcomparative evaluationof the performanceof anagentutilizing anagent

architecturederived from the proposednegotiationmodel andone that utilizes someother architecture.

This comparativestudycanthenbeusedto benchmarktheperformancestandardof differentarchitectures

with respectto the optimal solutions.Onepossibility of performingsucha comparative evaluationis the

submissionof thearchitecture(or its outputasastrategy) to marketcompetitionssuchastheTradingAgent

Competitionheldat ICMAS 2000(TAC 2000)wheretradingagentsbid to buy andsell goods,in orderto

maximizea givenobjective basedon thegoodsboughtandsoldandthe pricesof theexchanges.In such

cases,the coordinationframework canthenbe usedasa “laboratory” to testwhich of the possiblesetof

strategiesarelikely to performthebestin thecompetition.

6.3.4 Extensionsto Other Application Domains

Finally, anotherline of futurework is to extendtheapplicationof thecoordinationframework to othertypes

of problems.Theconfigurabilityrequirementhasbeenoneof thecentraldesignconcernsof theframework.

As wasshown in thefirst chapter, its applicationto sevendifferentdomainshasprocedurallydemonstrated

theconfigurabilityclaim. However, furtherevaluationof this claim is required.Specifically, bettermetrics

arerequiredthattesttheapplicabilityof theframework to differentdomains.Indeed,suchanevaluationis

intendedto becarriedout in a futureapplicationof theframework atTheCenterfor CoordinationSciences

at MIT. The aim of this project is to usethe developedcoordinationframework for systemrecovery in

caseswhenexceptionsoccur, suchasthefailureof a singleagent,corruptedor invalid informationwithin

thesystemor erroneousexecutionschedules.In suchcasesagentscanenternegotiationto eitherprevent

predictedfuture failuresor recover from failuresthathave occurred(Dellarocas& Klein 2000). Because

exceptionscanoccuracrossmany differenttypesof domainsthendomainproblemsolversrequiresocial

interactionsto recoverfrom suchfailures.Thustheconfigurabilityof theframework (aswell asthebenefits

of negotiatingagenttechnologyin comparisonto traditionalmethods)canbeevaluatedmoreobjectively.
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