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Abstract

Multi-agentsystemsarea new computationabpproachor solving real world, dynamicand opensystem
problems Problemsareconceptualizedsa collectionof decentralisedutonomousgentghatcollaborate
to reachthe overall solution. Becausef the agentsautonomytheir limited rationality, andthe distributed
natureof mostreal world problems,the key issuein multi-agentsystemresearchs how to modelinter-
actionsbetweenagents.Negotiationmodelshave emegedassuitablecandidatedo solve this interaction
problemdueto their decentraliseaature emphasi®n mutualselectionof anaction,andthe prevalenceof

negotiationin realsocialsystems.

The centralproblemaddresseth this thesisis the designandengineeringdf a negotiationmodelfor
autonomousgentsfor sharingtasksand/orresources.To solve this problema negotiation protocol and
a setof delibemation mehanismsare presentedvhich togethercoordinatethe actionsof a multiple agent

system.

In moredetail, the negotiationprotocol constrainghe actionselectionproblemsolving of the agents
throughthe useof normatie rulesof interaction. Theserulestemporallyorder, accordingto the agents’
roles, communicationutterancesy specifyingboth who can say what, as well as when. Specifically
the presentegrotocolis a repeatedsequentiamodelwhereoffers areiteratively exchanged.Underthis
protocol,agentsareassumedo be fully committedto their utterancesandutterancesre private between
the two agents.The protocolis distributed, symmetric,supportsbi and/ormulti-agentnegotiationaswell
asdistributive andintegrative negotiation.

In additionto coordinatingheagentinteractionghroughnormativerules,asetof mechanismarepre-
sentedthat coordinatethe deliberationprocessof the agentsduring the ongoingnegotiation. Whereaghe
protocolnormatively describeghe orderingsof actions,the mechanismslescribehe possiblesetof agent
stratgiesin usingtheprotocol. Thesestratgiesarecapturedy a negotiationarchitectureghatis composed
of responsie anddeliberatve decisionmechanismsDecisionmakingwith the formermechanisnis based
onalinearcombinationof simplefunctionscalledtactics which manipulatethe utility of deals.Thelatter
mechanismare subdvided into trade-of andissuemanipulationmechanismsThe trade-of mechanism

generateoffers that manipulatethe value, ratherthanthe overall utility, of the offer. The issuemanipu-
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lation mechanisnmaimsto increasehelik elihoodof anagreemenby addingandremoving issuesnto the
negotiationset. Whentakentogetherthesemechanismsepresena continuumof possibledecisionmaking
capabilities:rangingfrom behaioursthatexhibit greaterawarenes®f ervironmentalresourcesndlessto
solutionquality, to behaiioursthatattemptto acquirea givensolutionquality independentlyf theresource
consumption.

The protocol and mechanismsare empirically evaluatedand have beenappliedto real world task
distribution problemsn thedomainsof businesgprocessnanagemerdndtelecommunicatiomanagement.

Themaincontributionandnovelty of this researctare:i) adomainindependentomputationamodel
of negotiationthatagentscanuseto supporta wide variety of decisionmakingstrateies, ii) anempirical
evaluationof the negotiationmodelfor a givenagentarchitecturan a numberof differentnegotiationen-
vironments,andiii) the applicationof the developedmodelto a numberof targetdomains.An increased
strat@y setis needeecausehe developedprotocolis lessrestrictve andlessconstrainedhanthe tradi-
tional onesthussupportingdevelopmenif strat@ic interactionmodelsthatbelongmoreto opensystems.
Furthermorebecaus®f the combinationof thelarge numberof ernvironmentalpossibilitiesandthe sizeof
the setof possiblestratgies,the modelhasbeenempirically investigatedo evaluatethe succes®f strate-
giesin differentenvironments. Theseexperimentshave facilitatedthe developmentof generalguidelines
thatcanbe usedby designersnterestedn developingstrateyic negotiatingagents.The developedmodel
is groundedrom therequirementonsiderationfrom boththe businesgprocessnanagemerdandtelecom-

municationapplicationdomains.lt hasalsobeensuccessfullyappliedto five otherrealworld scenarios.



Chapter 1

Intr oduction

Thetopic of this thesisis interaction, atemporaryor permanentouplingbetweerdeliberatingentitiesin a
distributedsystem.The entitiesof interestin this thesisaredigital andinhabita digital system.Thefocus
of attentionis how to computationallymodelinteractionsamongthesedigital entities. The needfor such
modelsis seenn thecurrentexplosionof auctionportals(AuctionBot,eBay,Amazon,i2, Rodiiguezetal.),
which togethewith standardizedommunicatiorenablinginfrastructuresuchasthe WWW, Javaandthe
KnowledgeQueryManipulationLanguagg KQML, (Nechesetal. 1991,Finin & Fritzson1994)),allow
multiple buyersandsellers,acrossorganizationgbusiness-to-bsiness)aswell asindividuals(customer
to-customenor business-to-customeity enterelectronicinstitutionsandtradewith oneanotherfor goods,
resourcesr servicesin openandrealtime electronionarketplaces.In particular thesubjecbof thisthesiss
anextensionof the currente-commercédechnologyto bi-lateralinteractions/tradingbetweerautonomous
computationalunits called agentsthat represenbuyersand sellers. Specifically this work engineersan
electronicnegotiationframework for interactiondn electroniccommercebetweerautonomousgentghat
bargain for multi-dimensionalgoodscalledservices Herethis computational-basetiadingis referredto
asagentbasecdelectroniccommerceof services.

Electroniccommercas just oneexemplarof a systenthatincorporatesnteractionbetweercomputa-
tional componentsThe problemof modelingsuchinteractionsn a distributedcomputationabystenmwas
first framedwithin the Distributed Artificial Intelligence(DAI) community DAI is concernedvith under
standingand modelingactionandknowledgein a collaboratve and distributed enterpriseconsistingof a
numberof agents(Gasserl991). Distribution of intelligenceamonga setof agentsis seenasnecessary
when(Bond& Gasserl988):

¢ knowledgeor activities areinherentlydistributed (e.gmedicaldiagnosisor traffic control)
¢ thereis a needfor fail-soft degradatiorthroughdistribution of control

o thereis aneedto computesolutionsto large scaleproblemsgivenboundeccomputationatesources
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¢ thereis aneedfor reliability, a distributedsystemcanprovide cross-checkingf solutionsandtrian-

gulationof results
¢ thereis aneedfor theintegrationof existing legag/ systems

e thereis aneedfor expertdevelopmentof separateinitsthroughmodularknowledgeacquisitionand

management

¢ thedesignof a monolithic systemis too problematicandcostly andinsteadthe costsinvolvedin the

developmenbf alarge numberof simplecommunicatingunitsis moreeffective

¢ thereis aneedfor agreateradaptve power by allowing alternatie solutionsto beformedfrom units

which have differentlogical, semanticaltemporalor spatialperspecties
e centralprocessingnaybetoo slowv comparedo enhancedpeedhroughparallelcomputation

Thesebenefitshave beenobsenedin the wide variety of realworld problemsto which DAI solutionshave
beenapplied. Theseinclude: problemsin manugcturing(YAMS (Parunak1987)), processcontrol (elec-
tricity transportationARCHON(Jenningsetal. 1996d),huclearindustry(Wang& Wang1997),spacecraft
control (Schwuttle & Quan1993), (Ingrand,Geogeff, & Rao1992), climate control (Clearwater et al.
1996)),telecommunicatiosystemgfeatureinteraction(Griffeth & Velthuijsen1994),servicemanagement
(Faratinetal. 2000),(Busuoic& Griffits 1994),network managementAdler etal. 1989),(Rac& Geogeff
1990)),air traffic control (Ljungbeig & Lucas1992),traffic andtransportmanagemenf(Burmeistey Had-
dadi,& Matylis 1997),(FischerMuller, & Pischell996)),informationfiltering andgathering(Sycaraetal.
1996),(Chen& Sycaral998),(Etzioni1996),(Liberman1995),(Kautz,Selman& Shahl1997)),electronic
commercg(Chavez & Maes1996), (Krulwich 1996), (DoorenbosEtzioni, & Weld 1997), (Tswvetovatyy
etal. 1997)),businesgprocessnanagemenf(Faratin,Sierra,& Jenningsl998),(Jenningsetal. 2000a),
(Jenningset al. 2000b),(Huhns& Singh1998)), entertainmen{Grand& CIliff 1998),and medicalcare
((Hayes-Rottetal. 1989),(Decker & Li 1998)).

Theseproblemdomainsare suitablefor DAI technology(alsoknown asagenttechnology(Bond &
Gasserl988)) becausehey exhibit one or more of the above features. For example, a manufcturing
processs inherentlyadistributedsystenwhereproductionchains or its componentszanberepresenteds
computationabhgentsvhosecapabilitiesarecapturedusingplans,andwho sharethesecapabilitieshrough
negotiation. Similarly, control systemscandetect,diagnoseandremedyproblemsif controlsubprocesses
aredelggatedto agentghatnot only provide crosscheckingof results but alsoform solutionsto problems
from differentandnovel perspectiesandexhibit gracefuldegradationin caseof node(s)ailure(s).

Althoughdistribution canbebeneficialjt givesriseto thefollowing questionshatneedo beaddressed
(Bond& Gassel988):
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1. How to formulate,representdecomposeandallocatethe problemandhow to synthesighe results

amonga groupof intelligentagents.

2. Sub-problemsnay interactwhich requiresthe agentso communicateandinteract. If interactionis

requiredthenthe problemarisesof how to modelthelanguageandthe protocolof this interaction.

3. how to achieve globalcoherenyg from local processingThatis, how to ensurethatagentsactcoher
ently in makingdecisionsor taking actions,reasoningaboutthe non-localeffectsof local decisions

andavoiding harmfulinteractions.

4. If thereis aneedfor interactionandcoordinationthenhow shouldagentgepresenandreasorabout

theactions plansandknowledgeof otheragents.

5. How areagentsto recognizeandresohe and/orsynthesizalisparatesiew pointson a sub—problem.
Theseconflicts canbe causedeitherby uncertaintyin the world, differentreasoningoroceduresor

limited resources.

6. How to actuallyengineerand constrainpracticalDAI systemahroughthe designof platformsand

methodologies.

Eachof theabove problemsmphasizelifferentfacetsandperspectiesof a DAl system.Thefirst problem
is the centralproblemin DAI andis centerednthe problemthe systemis designedo solve in adistributed
manner In addition,distributedproblemsolversneedcoordination(the third problem),agentcommunica-
tion languagesgthe secondoroblem),andagentreasoningnechanismgfourth andfifth problems).Finally,
thereis a needto engineera distributed systemthatimplementsthe solutionsto the above problems. As

Gassenotesthesolutionsto theseproblemsarenotindependent:

...differentproceduregor communicationandinteractionhave implicationsfor coordination
andcoherenbehaiour. Differentproblemsolvingandtaskdecompositionsnayyield different
interactionor agent-modelingequirementsCoherentcoordinatedehaiour depend®nhow

knowledgedisparitiesareresolhed,which agentresohesthem,etc (Gassef1 991).

Giventhis, it canbe seenthat the coordinationissueis a quintessentiaproblemin DAI (Decker 1995).
To this end, the contribution of this thesisis the developmentof a formal model of agentreasoningthat

attemptdo addresghe coordinationproblem.

1.1 Aims of the Reseach

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

computationalnits, calledagentsthat buy andsell servicesrom oneanotherandoperatein eitheropen
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or closeddistributedsystemgdefinedbelow). Herea coordinationframenork is definedasa collectionof

th reecomponents:

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

interactions
2. the subjectof interactions
3. thedeliberationrmechanisnthatassistsagentsin makingdecisions

Thesecomponentsoughly specifywhento interact,whatto interactoverandhow to interact,respectiely.
The major contribution of this work s a formal model of the third component. This componentwill be
referredto asa wrapperlayerbecausét is seenassupplementingn asocialdomainproblemsolver with
additionalfunctionalitythatthedomainproblemsolverwasnotdesignedor in thefirstplace,.e. to interact.
The wrappercanalsobe thoughtof asa “plug andinteract” moduleof systemghat needto interactwith
othersystems.

The subjectof agentinteractionsare services. Servicescaptureand represenin an abstractway,
similar to methodsin object orientedparadigm(Coad& Yourdon1991), the local capability of agents
in performingtasks. Thereare numerousxamplesof servicesin the realworld which individuals need.
Databasevalidation, financialforecastsmedicaldiagnosisfault predictionarebut a few exampleswhere
the capability of an agentis representeds servicesit can provide to otherswho needit. Services,in
a similar mannerto methods,are reusablefor othertypesof problemsthat requirethe expertiseof that
agent.However, agentdiffer from objectsin thattheir servicescannot beinvokedby a simpleprocedure
call becauseaswill be shavn belaw, they areassumedo be autonomous.Therefore the agentmustbe
persuadedo performits service(s). Accessto servicesin real social systemss gainedthroughvarious
meanssuchaslong termcontractyfor example,companie®ftenhave longtermcontractavith companies
thatprovide fiscalforecastinformation)or corventionsof organizationgfor example,accesto sharecand
public servicessuchasmedicalexpertise,is still determinechot by who canpay most,but on needbasis).

However, thetype of persuasioronsideredn this thesisis negotiation:

Definition 1 a processhywhich a joint decisionis madeby two or mote parties. Thepartiesfirstverbalize
contradictorydemandsndthenmovetowards agreemenby a processof concessiomakingor seach for
new alternativeg(Pruitt 1981).

In summary the aim of this thesisis the developmentof a coordinationframeawork that specifies:i) the
public rulesof behaiour during the negotiation,ii) the serviceswhich agents‘produce” and“consume”
andiii) the deliberationmechanismshatthe agentsuseduring negotiation. This coordinationframewvork

is designedor both closedand opensystems.In this thesis,a closedagentsystem(alsoreferredto asa
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DistributedProblemSolving(DPS)system(Yang& Zhang1995,Durfee& Rosenscheii994))is charac-

terizedby a central designer(sundertakinghefollowing stepsin the systemdesignmethodology:
1. definitionof the globalproblem(s)

2. mappingand assigningsubproblemsand resourcesegither dynamicallyat run-time or statically at

design-timeto agents
3. centralconfiguratiorof all theagentsspecifyingtheiragents behaiour in the courseof interactions
4. usinganagentcommunicatiorlanguageo allow the agentso solve the problemsin stepl

This methodologyis problemcentered(step1); a centraldesignercreatesa fixed and static society of
computationakgents(step2), who interactrepeatedly(exchanginggoals, plansor information) using a
communicationlanguage(step4), to collectively solve a well structuredand objective global problem.
Agentsare often homogeneous architecture Janguagesand reasoning(step3), and are cooperatiely
motivatedto help oneanotherto solve the global problemat hand. This beneolentagentattitudedirectly
follows from the assumptiorin closedsystemghatagentssharea commongoal. Thusagentscooperate
with one anotherbecausehey are aware of the fact that they sharea commongoal. Any conflictsare
subjectve, arising as a consequencef an incompleteor incorrectlocal view of the world, ratherthan
objective contradictoryinterests.

Corversely anopenagentsystem(Hewitt & deJong1984)(alsoreferredto asa Multi-AgentSystem
MAS (Bond & Gasserl988,Durfee & Rosenschein994,Durfee & Lesserl989))is characterizedy a

numberof designeraindertakinghefollowing stepsn the systemdesignmethodology:
1. eitherdefiningthe global problemor allowing the problemto dynamicallyemege
2. nominating/selectingpre-&isting) autonomousigentso enterinteractions
3. configuratingof your agent(s)

4. usinganagentcommunicatiodanguageto allow the agentsto identify conflicting issuesandsolve

problemsin stepl

Openervironmentsare bettercharacterizeésencountes, wherepre-eisting agentscometogetherinfre-
quentlyto solve a problem,tradegoods.or, alternatvely, whereproblemsemegedynamically“on the fly”

in the courseof interactions.This interactioncenteredasopposedo problemcenteredstancemeanghat
theagentsocietyis moredynamic.Agentscancomeandgo. Thereis no globally sharedjoal(s),hencethe

motivationsin interactionsare moreselfish. Thereis alarge degreeof uncertaintyaboutthe otheragents.
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The agentsghemselesare heterogeneouis architecturelanguagesndreasoningproceduresThe prob-
lem structureitself is ill defined,no objectively correctsolution exists and insteadpreferencesre given
moreimportance. Underthesecircumstancesassumptionsaboutthe system(suchas agents,resources,

informationandgoals)arenot only difficult to make, but mayalsooftenbeinvalid.

Thecharacterizationf agentsasselfishlyandautonomouslypursuingmultiple goalshasa numberof
importantimplications. The pursuitof individual goalsis beneficialin thatit decouplesagentsfrom one
another Thus,self interest,asa behaiour guideline,encourageseparatiorbetweerindividual andgroup
problemsolving. Thisis usefulwhenanagentis vulnerableto the maliciousbehaiour of others,or when
thereis a needto reducethe influenceof agentswho have erroneousnformationor deliberationmodels.
Also theassumptiorin MAS thatagentsnayhave multiple, andatleastpartially, conflictinggoalsproduces
socialdilemmasor real conflict, which cannotbe resoled simply by increasinghe awarenes®f anagent
throughinformationexchange Finally, the autonomyassumptiormeanghatagentscancreateandpursue
their own goalsin a self-interestednanner The decisionof whetherto adoptthe goalsof othersis based
on whethertheseadoptedyoalscontribute to changingthe currentworld stateinto a personaldesiredand

motivatedstate.

This thesisaimsto develop a specificationof a coordinationframework (the rules, objectsand de-
liberation component®f interactions)that can operatein both closedand opensystems;usableby both
a closedsystemdesignerto defineeachagents interactioncapabilities(step3 in the closedsystemde-
sign), or, alternatiely, by an opensystemparticipantwho would lik e his/heragentto interactwith other
pre-&isting agents,designedby otherdesignergstep3, in opensystemdesign). Thus,the coordination
framework shouldbe easilyconfigurableandapplicableto differenttypesof systemsThis configurability
is motivatedby the principlesof re-usabilityandflexibility. Re-usabilityis achiezed by i) makingasfew
commitmentgo the agentarchitectureaspossible,i) dissociatingnteractiondecisionsrom the protocol
of interactionsandiii) emphasizinghe notion of services.Flexibility, in turn, is soughtby avoiding un-
reasonabler strongassumptionshatlimit the applicability of the framework to a singledomainor agent
architecture Specifically this requiremenamountgo the designof a framevork thatdoesnot assumehe
agentis unboundedn computationatesource®r information(Bond & Gassel988). Thisis becauseeal
world environmentsareoftencharacterizedy uncertaintyandlimited computationatesourcesvhichneed
to be devotedto solvingthe domainproblemthe agentwasactuallydesignedor in thefirst place.In fact,
interactionis anaddedcostto theagentin notonly computationput alsocommunicationAdditionally, not
only cancommunicatiorbe expensve, but it canalsobe unreliable. Prolongedcommunicatiormay also
causenon-terminalchainsof beliefsandgoalsupdatedecauseasthe lengthof communicatiorincreases
sodoesthe chainof beliefsandgoalsthat supportthe deliberationin the courseof interactiongdHuhns&

Stephend999).
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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& Jenningsl998,Sandholnml999),whereagentsnteractandtradewith oneanother
accordingto normatie rules of an electronicinstitution (Rosenschei& Zlotkin 1994),a computational
negotiationframework is soughthatpermitsindividual agentdesignerso specifynegotiationstrateiesfor
thetradingof servicesfor bothclosedandopensystemsgiventherulesof interactions As will be shown,
auctionsare computationallydifferentto negotiationanda differentframework of negotiatedinteractions
is necessarysections3.1.8,3.2.8). The stanceadoptedn thisthesisis thatthe frameawork shouldformally,

andminimally, represent:
¢ thesetof agentdnvolvedin negotiation
e theconflictobject(s)
¢ thepublicrulesof interaction
o thestratayic resolutiondecisionsavailableto anagent

Note the last aim—specificationof the strat@ic choicesan agenthasin conflict resolution. This relates
to the “configuration” stepin both the openand closedagentsystemdesignmethodology(step3). A

framework, asopposedo a uniquesolution, is soughtthat makes available to agentdesignerdifferent
typesof negotiationdecisionstrategies. In this sensetheframawork is descriptve andthe designeiis free
to“configure”theagentaccordingo someobjective. However, in orderto assisthedesignerthedeveloped

resolutionstratgiesareempirically evaluatedn a numberof ervironmentyseechapters).

1.2 Functional Architecture of the Coordination Framework

The above requirementsre capturedn the functionalarchitectureof the coordinationframework/system

shavnin figure 1.1t Thecoordinationsystemconsistsof:

¢ thecoordinationdeliberationmodule(the coordinationmodel, the servicedescriptionandthe agent
knowledgebasesAM (AcquaintanceModel) & SM (Self Model), definedbelow, in figure 1.1)—

togetherthesemodulesarereferredto asthe negotiationwrapper.
e thecommunicatiorprotocol(agentcommunicatiorprotocol).

The communicatiorfunctionality of the coordinationsystemis supportedoy the interactionenablingin-
frastructurglabelledmiddle-ware(Coulouris,Dollimore, & Kindberg 1994,Brenner Zarnelow, & Wittig

1998)in figure1.1). Thenegotiationwrappers seenasassistinghe domainproblemsolverin interactions.

1Thetermsinteractionandcoordinatiorwill be usedinterchangeablshroughouthethesis.
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Thedomainproblemsolveris informally definedasanautonomougntity thathasknowledge(represented
asthedomaininformationmodelin figure 1.1) aboutthedomainin which it operatesbut thatneedgheas-

sistanceof others(asservices)n solvingits problems.The coordinationarchitecturepasedon ARCHON

Agent negotiation Agent
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Figurel.1: FunctionalSpecificatiorof the InteractionSystem

(Jenningset al. 1996d),is divided into two parts,representinghe serviceprovisioning and serviceexe-
cution phasef agentactvities (shavn asthe division marked by the dottedline in figure 1.1). Service
provisioningis definedasthe processesvolvedin procuringthe necessaryesourcesequiredto perform
an actiity. Serviceexecution,in turn, is definedasthe actualperformanceof the provisionedactivity.
This division expresseshe differencedetweerthe processeswvolvedin provisioningaservicefrom those
involved in its execution. The processesnvolved in provisioning are procuremeniprocessesnvolving
schedulingocal actions,identifying thoseactions/taskshat can not be performedlocally, contactingthe
appropriateserviceprovider(s), followed by negotiatingthe requiredservice. The processeévolved in

serviceexecutionaremorelike managemendctiities involving monitoringthe agreedserviceexecution
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plan (circle marked CommitmenModel in figure 1.1) andinitiating recovery proceduresvhenexecution
hasfailedor is predictedto fail. Thedivision betweerthesetwo typesof processess 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 the serviceprovisioning phase.Therefore the subsequengxpositionwill concentratesolely on

theserviceprovisioningphaseof thelife-cycle.

Figure 1.1 shows two domainproblemsolvers,andtheir associatedlomaininformationmodels(the
boxeslabelled, Domain Problem Solverand Domain Information Model respectiely). The negotiation
wrapperis depictedas an oval thatis connectedo the domain problemsolver. The exposition of the
negotiationwrappemwill concentraten theinternalprocesseandstructureof the agenton theright hand
side(the circle containingthreeboxeslabelledAM & SM, Coorination Model and ServiceDescriptior).
Assumefor now thatthis agentis the client of a service. Only oneagentwill be discussedecauseahe
negotiationdeliberationcomponenbf the wrapperdoesnot make arny assumptionsboutthe architecture
of theotherinteractingagent.Thus,heterogeneousgentsaninter-operate aslong asthey obey therules
of the protocolspecifiedby the Agent CommunicatiorLanguage.In fact, from the perspectie of a very
simpleagent(unableto modelothers),the otheragentcansimply be viewed asa black box (box labelled
with aquestiormark)thatrecevesinputs,in theform of messagesndgeneratesutputsagainin theform
of messages.

Furthermore note that the domainproblemsolver is separatedrom the wrapperlayer by a Service
Descriptionlayer. A servicedescriptionis definedasan enumeratiorof the dimensionsof a service(or
identificationof theissuesnvolvedin the provisioningof a service)andthespecificatiorof preferenceshe
domainproblemsolver hasover eachof theseidentifieddimensions.This descriptionof a serviceis then

“handed”to thewrapperto provision. This designphilosophyis alsosharedy thework of Kraus:

Therearetwo aspectdo the developmentof agentarchitectureswhatis the architectureof
eachagentandhow do they interconnectcoordinatetheir activities andcooperate Thereare
mary approacheso the developmentof a singleagent.... We provide a separatenodulefor
the stratgyic negotiation,andthus,we arewilling to adoptary definition or modelof a single
agent. Our only assumptions thatthe agentscancommunicatevith eachotherandthatour

negotiationmodulecanbe addedo the agentgKraus2000).

Thedomainproblemsolverinitiatesservicerequestsvith thewrappelvia this servicedescriptionayer
(link labelledA) during the services provisioning phase describingthe issuesinvolvedin negotiationas
well asthe domainproblemsolver’s preferencesver theseissues. Successfuhegotiationwith the other

seneragentwill resultin acontracthatis thenpassedackto thedomainproblemsolver from thewrapper
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(link labelledB). During, or previously, to the servicerequest,both the domainproblemsolver and the
coordinationmodulereadandwrite to their informationmodels labelledDomaininformationModel and
AM & SMrespectiely. The AM & SMarethewrappersrepositoriedor knowledgeaboutitself andothers
in its environmentrespectiely (Jenningsetal. 2000b). The SMmaintainsnformationsuchastheservices
it canprovide,theresourcesvailableto performit, andits currentschedulef actwvities. In its acquaintance
model(AM), theagentstoresnformationaboutthe existenceandknown capabilityof otheragents.

Theabove view of provisioningis agent-centricconcentratingpn theinternalsof the agent.However,
therearealsointer-agentprocessesnd structuresnvolved. All interagentcommunicationis physically
routedvia a suite of middleware servicesthat assistdistributed computation(box labelled MiddleWare).
Theseservicespossiblyprovided by otheragentsmayinclude: yellow andwhite pagedirectoryservices,
assistingagentsin locating one another; platformsfor messageouting services(suchas DAIS (DAIS
1984)or ORBIX (orbix 2000));authenticatiorservicessecurityservicesmediationservicesandbrokerage
services(see(Vogel 1996)for a full descriptionof middleware services). The implementedmiddlevare
architecturefor communicationof this researcthasbeena combinationof DAIS (DAIS 1984)andthe
FIPA OpenSourcerouting platforms(FIPA-OS 2000).

Finally, the syntaxandpragmaticof messagearechecledagainsthe normatie rulesof thecommu-
nicationprotocol,storedin the agentcommunicatiodanguagecomponenbf the coordinationsystemand
correctmessagearesentvia the middlewvareto the intendedrecipient. Otherwisean erroris flaggedand
the sendeiis notified of thedivergencerom therulesof the protocol.

Thedetailsof thenegotiationwrapper(the coordinatiormoduleandits associateihformationmodels
andservicedescription) andtheagentcommunicatiodanguagenodulesof thearchitecturearerevisitedin
moredepthin chapterdwo, threeandfour. Whatconstitutesanagents discussechext, prior to anin-depth

discussiorof focusedconceptsuchascoordinationjnteractionandnegotiation.

1.3 Agentsand the Coordination Problem

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

coordinationjts definitions,rationale propertiesandtypes.

1.3.1 Agent Definition

Agents,ratherthana group of agentsarethe kernelof the investigationreportedin this work. Theterm
agent,however, hasbeenthe subjectof muchdebaterecently rangingfrom definitionsthatallow the in-

clusion of almostall possibleobjects,to definitionswhich only permit a very closedsetof possibilities
ascandidatedor ageny (see(Russell& Norvig 1995),(Maes1995),(Hayes-Roth 995), (Wooldridge&

Jenningsl995)for somedefinitions).

In thiswork, anagents definedasacombinatiorof thedomainproblemsolverandthewrapperwhere
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thelattercomponents concernedvith providing interactioncapabilitiesandcommunicatiorknowledgefor
theformer):

agent = domain problem solver + wrapper

Thedomainproblemsolver is assumedo be capableof symbolicallyrepresentingndreasoningaboutits
internalstateutilizing its domainknowledge. Reactve agentgBrooks1991)arethereforeexcludedfrom
this research.The domainproblemsolver is alsoassumedo be autonomous.Statedsimply, autonomy
meanghatthe agentsoperatewithout the directinterventionof humansor others,andthatthey have some
kind of controlovertheiractionsandinternalstate(Castlefranchl995).1n thiswork, autonomyamountgo
thewrapperhaving local controlin selectingits stratgiesin negotiation. Indeed,autonomyis a necessary
conditionfor negotiationsinceagentscannotbe madeor orderedo performtask(s)by otherpeeragents?
Finally, agentsare assumedo be capableof beingboth self or group motivatedwhenmaking deci-
sionsat the interactionphaseof their problemsolving. In this thesisselfishnesss informally definedas
the achiezementof one’s goal(s)independentlyof the other(s)goals. On the otherhand,groupmotivated
decisionaredefinedasachievemenif one's own goal(s),butin amannetthatis helpfulto others’goal(s).
This local andglobal goal motivationalstance®f anagentaregivenmoreconcretedefinitionsin termsof
maximizationof individual and socialwelfarein proceedingchaptersvhen quantitatve modelsof nego-
tiation areintroduced. The choiceof which attitudeto adoptis not hardwiredinto the agentarchitecture,
ratherit is afunctionof theagents ervironment.As wasseenin sectionl.1,themotivationsof agenthave

beenoneof thekey featureghathasbeenusedin orderto differentiateDPSfrom MAS.

1.3.2 The Coordination Problem

In this sectionthe concepiof coordinationis examinedfrom a DAI perspeciie (seechapter3 and(Decker
1995), (Kraus 1997b),(Walton & Krabbe1995)for a more detailedtreatmentfrom otherrelatedfields).
This expositionwill lay the foundationsfor introducing differentmodelsof 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 specific definitions placethe main emphasison the outcomeof

coordinationin creatingcollective actions.For example,BondandGassedefinecoordinatiorto be:

. apropertyof interactionamongsomesetof agentsperformingsomecollective actiity
(Bond& Gasser988).

2Autonomyis often a featureof the organizationalstructureof the society Thus, whereasa peercan not order other peersto
performatask,in a masterslave relationshipordersare permitted,and often practicedin real socialsystemsto ensurecoordinated

actionsthatincur little or nocommunicatioranddeliberationioad (Scott1987).
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This definition is centeredon the outcomeof coordination. However, it is too abstracto be of arny use
operationally For example,the notion of collective actity alludesto the existenceof a sharedgoalto act
collectively, sincefor collective activity agentsmustsharethe goalto collaboratewith oneanotherin the

firstinstancgBratman1990). Suchgoalsareexplicitly includedin definitionsby SinghandMalone:

Theintegrationandharmoniousadjustmenbf individual work efforts towardstheaccomplish-

mentof alargergoal (Singh1994).

Theactof managingnterdependencidsetweeractiities performedo achieveagoal(Malone
& Crowston1990).

Thatis, with theseviews, coordinationis the processof aligning andadjustingagents’actionsto manage
interdependenciesyhere succesdeadsto achieving someglobal system-goal.Although the conceptis

givenamoreconcretedefinitionin termsof both outcome(“goal”) andthe processesvolved,termssuch
as“work efforts” or “integration” or “managementdo not constraindifferentinterpretationsFor example,
whichentityis responsibléor managingheinterdependencies—thedividualsor a centralizectontroller?
Likewise, it is notclearwhatis the objectof “work effort”; anagents goals,plansor desirespr someother
construct?The following two definitionsoffer an alternatve perspectie on coordination,emphasizinga

local, ratherthana central,locusof coordination:

Coordinationtheprocesdy whichanagenteasonsboutits localactionsandthe (anticipated)
actionsof othersto try and ensurethe communityactsin a coherentmanney. .. (Jennings
1996),p.187.

andadditionally a processvhosedomainof operationis the satishctionof prefeences

... asolutionto a coordinationproblemconstitutesan equilibrium, a compromisehatassures
somehav “maximal” attainmentof differentinterestsof all involved individuals (Ossavski
1999).

Theproces®f coordinatioris alsocentralto Jenningsdefinition. However, whereaghepreviousdefi-
nitionswereambiguousbouthow it wasachieved,in this definition,coordinationis actively broughtabout
via local, ratherthan somecentralized explicit reasoningprocessof eachagent. Likewise, Ossavski's
definition emphasizeshe local locus of controlin coordination. However, in additionto this, the “work
effort” is the conflictinginterestsof individualsthatneedto beresohedin coordination.As will beshavn
in later chaptersOssavski's definition belongsto gametheoreticmodelsof coordinationthatemphasize
notionsof solutionsandequilibrium (anemegentpropertythatis coordination).

Finally, whereasall the above definitionsarebasecdon achieving collective actions Huhnsarguesthat
althoughcoordinationis a propertyof collective actions,it is notanall or nothingproperty Ratherit can

exhibit degreesof satisaction:
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... apropertyof the systemof agentsgperformingsomeactvity in a sharedervironment. The
degreeof coordinationis the extentto which they avoid extraneousactivity by reducingre-
sourcecontention,avoiding live-lock and deadlock,and maintainingapplicablesafetycondi-
tions (Huhns& Stephend.999),p.83.

The definition of coordinationis mademorecomplex becausehe perspectie of the definitionneeds
to be unambiguouslydetermined.Generally whenthe systemof agentsis viewed from a behaiouristic
perspectie (by observingthe behaiiour of the systemonly), thenit is difficult to assessvhetheragents
have engagedn coordinatedaction (Jenningsl996). Agentsmay have indeedcoordinatedheir actions,
but the resulting systembehaiour may be incoherent,dueto erroneouganodels,lack of information or
insuflicient resources.Corversely the systemmay exhibit coherentcollective actions,but the agentsdid
notactuallyintendto coordinatetheir actions(see(Searlel990)for adescriptionof theproblem).For these
reasonssomeresearcheri thefield have proposedhata satistctorydefinitionof coordinationcannotbe
basedon behaiourismalone(Castlefranch& Conte1997). Instead a satisictorytheoryof coordination
mustaccountfor and be basedon intentional attitudessuchas beliefs aswell as higher order attitudes
(or pro-attitudespuchasintentionsanddesiresof the agentgDennett1987,Castlefranch& Contel1997,
Wooldridge& Jenningsl995).

In generalthe definitionsall sharethe point that the outcomeof coordinationis coherentcollective
actions.However, thereis no consensusver how, andby whom, coordinationis achieved,nor whatis the

objectof coordination.The proposediefinitionsareinformally summarizeds:

the cooinationproblemconsistsof composindrelating,harmonizingadjusting,integrating)
somecoordination objects(tasks,goals,decisions plans)with respecto somecoorination
process which solvesthe coordinationproblemby composingco-ordinationobjectsin line

with the coordinationdirection(Ossavski 1999).

This view of coordinationwill be usedastheworking definitionthroughouthiswork. Finally, in this
work a distinctionis madebetweenprocesseshat help bring aboutcoordinatedactionandthe processes
thatmaintaincoordination.This distinctionis reflectedn realsocialsystemsvheretheprocessethatbring
about“signing of adeal” areseparatérom processethatmaintain“honouringof deals”(Scott1987). The
work reportedhereis primarily an attemptto addresghe processesecessaryor achiezing coordination,

althoughstructuresareprovidedto assisthe secondstageof coordination.
1.3.2.2 Rationalefor Coordination
Coordinationis neededvhenthereareinterdependencielsetweenagents’actions,betweenlocal actions

andsomeglobal criteriathat needsto be satisfied,or whentherearedifferencesn expertiseor levels of
resourcegBond & Gasserl988,Huhns& Stephend999). Action dependenciefBond & Gasserl988)
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occurwhenthelocal actionsof oneagentdirectly or indirectly have an effect on the actionsand plansof
others.(Jenningsl996)givesthefollowing examplegto illustrateinterdependenchbetweeragents Action
dependenciearisewhenthe local actiities of agentscontribute to the solutionof a larger problem(e.g.
building ahouse)thereis a needto coordinateeachindividual action,sincethelocal decisionof oneagent
directlyimpactsactionsof othercommunitymembersinterdependencida actvities mayalsoarisewhen
thereis contentionfor resource$n problemsolving (e.g.ahammemaybe neededy two agentssimulta-
neouslyto performtheir tasksor a bridgethatmustbe usedby two corvoys of truckstravelingin opposite
directions).Lik ewise,local actionsmay needto satisfysomeglobalcriteria (e.g. the budgetfor building a
housecannotexceed£30000). Furthermorein mary typesof problemsno oneagenthassufficientcompe-
tence resource®r informationto achievesits goal(s)(e.g. successfutliagnosisof a diseasefteninvolves
mary differentsourcef expertise informationandequipment).Generally coordinationin mostof these
contets closely resembles distributed optimizationproblemusedfor orderingindividual tasks,select-
ing who andhow to accomplisithem,aswell astheresourcesieededor their satishction(Decker 1995,
Ossavski 1999). Anotherview is thatthe outcomeof coordinationcanbedividedinto threebasicclasses,
reflectingdecisionsat threelevels: specificationof what goalsor objectivesto achieve (creatingshared
goals);planningof how to achiese them(expressingootentialsetsof tasksto achieve goals);schedulingof

whento performthe actions(taskassignmentsharedschedulesndresourceallocation)(Decker 1995).

In the above cases coordinationfunctionsto inform local activities. Coordinationis an informing
procesdor the typesof problemsthathave concernedhe classicdistributed planningcommunity where
interdependenciesxists amongagents’activities (Durfee 1998, Durfee & Lesser1989, Geogeff 1983,
Corkill & Lesser1983,Durfee,Lesser& Corkill 1988). Thusthesourceof conflictis thelack of knowledge
in producingeffective local actions.In suchcasesgoordinationis usedasa methodof informingindividual
agentof the plansof others whothenintegratetheir partialplansinto a coherenglobalplan. Furthermore,
agentsareassumedo be helpful andthe informing processassistsagentsn cooperatiely synthesizinga

solutionto the givenproblem.

However, agentsmay not always cooperatiely agreeto performa taskwhenasled by otheragents.
They may needcorvincing This is necessaryvhenthe helpful assumptioris droppedandthe objectof
coordinationis the individual preference®f agents. For example,agentsmay no longer sharethe same
goal, andinsteadthey may have goalsthat are mutually exclusive. For example,a buyer wantsto buy a
goodatalow price,whereas sellerwantsto sell ata high price. Alternatively consideithe exampleof two
truckswantingto simultaneouslyrossa bridgethatcanonly supportonetruck crossingatatime. In both
exampleghereareno sharedyoals.In fact,the goalsof the agentsaaremutually exclusive. The goalsof an
individual may alsobe mutually exclusive (e.g. compaly A wantsto increasevagesto satisfyits workers,

but alsowantsto cut down on expenditure).In suchcasesgoordinationmay involve morethaninforming
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othersof plansor goals(onetruck driver cannot simply stateits intentionthatit intendsto usethe bridge
first. It mustcorvincetheotherdriverof this schedule)Indeed,underthenon-cooperatieassumptioreven
thevalidity of informationcannot be taken at facevalue sinceagentsmay be untruthful (Rosenschei

Zlotkin 1994).

In suchcontexts, coordinations needeecaus®f conflictsof interestsin the caseof helpful agents,
coordinatiorresembles distributedoptimizationproblem(optimally orderingtasks,resourcingassigning
andschedulingof tasksto agents).In the caseof selfishagentsa coordinationmechanisnis neededhat
more closely resembles distributed conflict resolutionproblembecauseoptimization of activities and
resourcesnay be an intractableproblemgiven that information may be incorrect(selfishagentsmay be
untruthfulaboutthe informationthey communicate)uncertain(informationis not publicly availablehence
agentshave to make uncertaindecisionsaboutactionsof others)andpartial (no oneagenthasa complete
view of the overall problem). Therefore,optimizationof the overall problembecomesntractable. The
problemthenbecomedow to resole eachindividual’'s preferencein the collective actiity.

Finally, evenif coordinationis notneededactionsareindependenandresourcesreplentiful) it may
still be beneficialif agentscoordinated.For example,informationdiscoveredindependentlyoy oneagent
canbetransmittedo otherswhich canbe usedto reducethe complexity of their searchDeclker 1995). As
will be shavn in section3.2.1, negotiation basedon this assumptiorhasbeenpopularwith the work of

RosencheimndZlotkin.

1.3.2.3 Propertieof Coordination

The propertiespr characteristicspf coordinationarecloselyrelatedto the definition of coordinationfrom

sectionl.3.2.1,andaremeantto capturejn someobjectve way, whatthe systemasawhole shouldexhibit

for it to be consideredcoherent.Operationaldefinitionsof whatis a coherentactionhave yieldedseveral

criteria along measurablebjectives suchas solution quality, efficiengy, clarity and gracefuldegradation
(Bond& Gassel988). Specifically a coordinatedsystemmust(Corkill & Lesserl983):

¢ ensurall thenecessargverall problemsareincludedin theactvities of atleastoneagent—eoverage

e permit interactionsbetweenactvities to be developedand integratedinto an overall solution—

connectivity

e ensurgheaboveobjectvesareachiesedwithin theavailablecomputationahndresourcdimitation—

capability

Malone,in additionto the above, proposeslexibility andefficiencytradeof criteriafor evaluatingthe suc-
cessof coordination(Malone 1990). This criteria can be usedto differentiateone type of systemthat

is highly structuredwith formalizedproceduredor all possibleeventualities to systemshat areloosely
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coupledstructureghatdependon massie amountsf informal communicatiorandmutualadjustmentso
adaptto rapidly changingandcomplex ervironments.

Finally, quantitatve modelsof coordinationspecify propertiesfor both the outcomeandthe process
of coordination. In thesemodels,which will be describedin more detail in chapterthree, satishctory
coordinationshouldbe efficient (eitherin the speedof corvergenceto coordinatedbehaviours or in the
quality of thecoordinatedutcome pr both)andstable(wheretheindividual’s strateyy of interactionis self
enforcinganddeviationsfrom this areirrational (Binmore 1992)). Additionally, the coordinatingprocess
itself shouldnot treatindividualsdifferently. This symmetrictreatmentof agentsis a desirableproperty
becausea coordinationsolution that treatsone agentmore preferentiallythan anotheris unlikely to be
adoptedy theagentwhofaresworse.Furthermoreto maintainthebenefitsof thedistribution (sectionl), it
shouldbedistributed,requiringno centraldecisionmaker (Rosenscheid Zlotkin 1994). Theseproperties

arethenusedasabenchmarko evaluatedifferentcoordinationsolutions(Rosenschei Zlotkin 1994).

1.3.3 Typesof Coordination

Thereare numerousdifferenttypesof coordinationtechniqguegwhereeachtype differsin its rationale,
methodologyandeffects). Therefore for comparisorpurposesyalton andKrabbedefinedthe following
interactiorsetbasedntheinitial context andthejoint andindividualaimsof theconcernegbarties:(Walton
& Krabbe1995)3

¢ Persuasion—Persuasibaginswith theidentificationof a conflictanda mutualadoptionof the goal
to resohe this conflict. The primary motivationof eachagentis to modify the belief of theopponent
while avoiding revision of the agents own beliefs. However, eachagentimplicitly acknavledgesthe

willingnessto modify its own beliefs.

e Inquiry—In inquiry the aim of eachagentis the sharedaim of all agentswhich is to substantiater

derive a proof for aclaim.

¢ Deliberation—Deliberatioris 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 and persuasiondeliberationis a non-cooperatie interactionin that agentsattemptto

reacha planof actionor decisionwhich benefitshemseles.

¢ Negotiation—Theinteractiontype usedfor the problemsaddressedn this researchs negotiation
which, like persuasionbut unlike deliberationjs initiated from a conflict of interests.Furthermore,

similarly to persuasiomegotiationis motivatedby a needto make a dealwhile selfishlymaximizing

30nly therelevant classe®f interactionsareincludedhere.See(Walton & Krabbe1995)for amoreformal treatmenbf theseand

othertypesof interactions.
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personalgoals. However, whereasthe aim of a persuasiordialogueis to reachan agreementjn
negotiationdialogueit is not a necessarygonditionto reacha settlement—othethanagreeingto a
particulardeal. Thusthe beliefsof eachagentmay still remaindiametricallyoppositeat the end of

negotiation. It is in this sensdahatnegotiationis viewedthroughouthis thesis.

The objectof interactions,in this researchpver which agentshave conflictsis calleda service In
service-orientedegotiation,oneagent(theclient) requiresa serviceto be performedon its behalfby some
otheragent(thesener).

A serviceis a solutionto a problem. It is formulatedandassignedo agentavho thenact asexperts
in solvingthattype of problem. Examplesincludediagnosinga fault (performinga task),buying a group
of sharesin the stock market or allocatingbandwidthto transmita video-conferencégaining accesso
aresource).Agentsthatthenrequirethat expertisemustinteract(or negotiate)with agentswho own the
expertise. Thussolutionsto problemsare accessedia a computationakconomy wherethe actiities of
interestaredescribedn termsof the productionandconsumptiorof servicegMullen & Wellman 1995).
Servicegartially capturewhatMalonecallsthe“fundamentalcomponentsf coorination”, theallocation
of scarceresourcesndthe communicatiorof intermediateresults(Malone 1990). In this thesis,a service
is anabstractiorof anagents capabilitiesto performbothtasksandprovide resourcesAs will be shovn
in proceedingsectionsa considerablemumberof modelsof negotiationhave beendevelopedfor eitherthe
problemof taskallocation(for example,the ContractNet Protocol,seesection3.2.3), wherenegotiation
is viewed as connectingand gaining accesgo capabilitiesof other agents(suchas security expertise),
or resourceallocation,wherenggotiationis establishingusagerights to a sharedresourcethat is owned
mutually (suchasa bridge). This dichotomyis principally dueto the procesghat mapsthe givenproblem
into a MAS (this procesawill bereferredto asagentificatior). Generally althoughtasksare assignedo
agentstheassociatedesourcesiecessario performthetaskscaneitherbemutuallyor privatelyowned.In
eithercase agentsnustinteractwith oneanotherandestablishusagerights of tasksaswell asof mutually
or privatelyownedresourcesNote, thatthe choiceof agentification(assignmenof servicesandresources
to achieve theseservices)directly influenceshe coordinationwrapper in termsof coverage connectvity
andcapabilityof the agentgo the problem(seesectionl.3.2.3).For example aninappropriateassignment
of resourcego an agentto performthe servicewill reducethe effectivenessof the negotiationwrapper
This is becauséf theresourceso performa services areprovidedby several otheragentsthenthe agent
thatwantsto provide s to anotheragentmustengagedn a numberof othernegotiationswith providersof
resourcedor s.

To achieve oneof theaimsof this researct{a domainindependennegotiationwrapper)the procesf
agentifyingthe problemmustnot only assignindividual tasksto agentsbut mustalsoassigrntheresources

necessaryo performthe tasks. Thus, ownershipis assignedver both tasksand resourcesand specifies
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therolesof anindividual over a service,specifyingwhetherthe agentis a provider or consumeiof a ser
vice. Accessto theseserviceds thenachiezedthroughtrading/bagainingover the serviceandits multiple
featuressuchasits price, quality, start-time aswell asotherservicefeatures.

Moreover, in service-orientedontexts, negotiationinvolvesdeterminingacontractundercertainterms

andconditions.A contractis informally definedas:

a statemenbf the rights and obligationsof eachparty to a transactionor transactions. A
contract,familiarly ervisaged,s a formal written statemenbf the termsof the transactioror
relationship:a housepurchaser apopstars dealwith arecordcompalty (Bannock Baxter &
Davis 1992).

Thus,agentsegotiatefor servicesdefinedasmulti-dimensionafjoods,andsuccessfuhegotiationresults
in agreements theform of contracts.

As will be shawn in later chaptersthe characterizatiorof objectsof interactionas servicespermits
abstractioranddecouplingof coordinatiorreasonindgrom the problemdomainathand. Thelatterproblem
is handledby the domainexpertwho thenspecifiesthe service(s)it requiresandits preferencesver the
service(s)o thewrapper Contractsjn turn, explicitty modelcommitmentamadeat the endof successful
interactions.

An agents motivationwasa centralclassificatiorcriteriain theabove coordinatiortaxonomy As was
shawvn previously, this attribute hasbeeninstrumentain classifyingDAI approacheandtheir techniques
into closed(DPS)and open(MAS) systemparadigms. Two applicationdomains,one an exampleof a
closedsystemandthe otherof an opensystem,are presentechext. The domainproblemsof thesetwo
applicationshave beeninstrumentain groundingthe researctdirectionof this thesisandhave beenfully

implementedassystemsf multiple interactingagents.

1.4 Exemplar Problem Domains

This sectionpresentdwo applicationdomains businesprocessnanagemenfsectionl.4.1)andtelecom-
municationservicemanagemen(sectionl.4.2),thathave jointly motivatedandgroundedhe designof the
interactionwrapper Thesewo applicationdomainscanbeviewedastypical real-world exemplarsof appli-
cationsthatarewell suitedto anagent-basedpproacHi.e. they exhibit a numberof thefeaturesdescribed
in sectionl). See(Jenningsetal. 2000a),(Jenningset al. 2000b),(JenningsNorman,& Faratin1998),
(Faratin,Sierra,& Jenningsl998),(Sierra,Faratin,& Jenningsl997),(Normanetal. 1996),(Jenningst
al. 1996c¢),(Jenningsetal. 1996b).for publicationsonthebusinesgprocessnanagementADEPT) project
and (Faratin, Sierra,& Jennings2000), (Faratinet al. 1999b),(Faratinet al. 2000), (Sierra,Faratin, &
Jenningsl999)and(Faratinet al. 1999a)for publicationson the telecommunicatiorservicemanagement

project.In additionto theseapplicationdomainsthe developedwrapper:
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1. hasbeendeployed in a EuropeanUnion project (ESPRIT 27064), called CASBA (Competitve
Agentsfor SecureBusinessApplications)(CASBA 2000). CASBA is an e-commercenarketplace
whereagentsbuy andsell items(travel packagegor example,aswell asbusinesgo businessappli-

cations).Herethewrapperhasbeenusedto modelthe decisionmakingfunctionalitiesof the agents.

2. hasbeenusedto demonstratenegotiation within Servicelmpact Analysis and ServicelLevel re-
negotiationwithin Nortel Networks (propertyof Nortel Networks, henceno public documeniexists
for referencing) Serviceimpactnegotiationrelatesto network level negotiationfor the provisioning
of resourcedor the network to recover from the impact of a failure. Agentsrepresentingliffer-
entnodeswithin the network negotiateusingthe wrapperto recover from the network failure. The
wrapperhasalsobeenusedto dynamicallyre-provisiontelecommunicatioservicefailureswith the
affectedcustomerat the servicelevel. Agentsrepresentinghe serviceprovider and effectedcus-
tomersutilize the negotiation wrapperto re-negotiatethe committed ServiceLevel Agreementto

enablea continuedservice.

3. hasbeenincorporatecasa genericcomponeninto the agentframework usedwithin Nortel for de-
velopingmulti-agentsystemsThewrappertechnologywithin the agentframeavork hasbeenusedto

constructa numberof conceptdemonstratorsncluding:

(a) SecurityNegotiation: utilizing the negotiationwrapperto enablethe requiredsecuritylevel to

be establishedetweercalling partiesdependingon theirindividual requirements.

(b) Shufle project(Shufle 2000). Thewrapperis alsointendedo beusedin the Europearnion’s
Fifth Framavork ProjectShufle (An agentbasedapproach to controlling resoucesin UMTS
network$. Theaim of the projectis to usenegotiatingagentsin a resourceconfigurationsys-
temthatdynamicallyallocatesadioandassociatedixed network resourcesn third generation
mobilecommunicatiorsystemsThird generatiormobilesystemsareseenasbeingthetechnol-
ogy to bring the new broadbandservicesbeingdevelopedfor the Internet(andfor broadband
networks in general)to the mobile user However, providing flexible, higher bandwidthser
vicesin a mobile ervironmentleadsto increaseccompleity in resourcecontrol andresource
managemertecaus®f thevariablebandwidthrequirementsf theapplicationsthe new radio
architectureandthe varying demand=on the fixed part of the infrastructure. Suchcomple-
ity requiresthe useof sophisticateccontrol and managementechniques. Negotiating agent

technologyis intendedto be usedto managehis compleity.

Togethertheseseren applicationsof the wrapperto diversedomainsfrom businesgprocesamanagement,
to securitylevelsfor telecommunicatiomanagementp travel ageng, procedurallydemonstrat¢he flex-

ibility andre-usabilityaimsof this research.The expertiseof agents(managemendf sub-processesf a
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businessor managemendf a telecommunicatiomnfrastructureor network security)is boughtandsold as
servicego and by agentsto satisfyeitherindividual goals(for example,buying any commodity suchas
securityexpertisefor personaburposespr somejoint goal (for example,to collectively managethrough
buying and selling of services,sub-processesf a business).In all thesecasesthe negotiationwrapper
canbe “configured” to “connect” a buyerto a sener of a serviceindependentlyof whatis beingbought
andsold. The detailsof how it is configuredare deferreduntil later chaptershut, informally, agentsare
configuredby specifyingtheissuesover which they negotiate,their preferencesver theseissuesandthe
behaiours the designemwantsthe agentsto exhibit in the courseof negotiationin orderto achiese these
preferencesA protocolis thenusedto allow agentso communicateandsolve (or “connect”) eithertheir

individual or their joint problems.

1.4.1 BusinessProcesdManagement—ADEPT

Theinitial scenariads the British Telecom(BT) businesgprocessof providing a quotationfor designinga
network to provide particularservicego a customer(figure 1.2)*. The overall processecevesa customer
servicerequestasits inputandgeneratesasits outputa quotespecifyinghow muchit would costto build a
network to realizethat service. It involvesup to six agenttypes:the salesdepartmentagent,the customer
servicedivisionagentthelegal departmenagentthedesigndivision agentthe surweyor departmenagent,
and the various agentswho provide the out-sourcedserviceof vetting customers. All negotiationsare
centerecbn a multi-attribute object,whereattributesare, for instance price, quality, durationof a service
(see(Jenningsetal. 1996a)andsection2.2.1for moredetails). The processs initiated by the salesagent
which negotiateswith the CSD agent(mainly over time, but alsoover the numberof invocationsandthe
form in which the final resultshouldbe delivered)for the serviceof providing a customemuote. Thefirst
stageof the Provide_Customer_Quote serviceinvolve the CSD agentcapturingthe customers details
andvetting the customerin termsof their creditworthiness. The latter sub-servicas actually performed
by oneof the VC agents.Negotiationis usedto determinewhich VC agentshouldbe selected—thenain
attributesnegotiatedover arethe price of the service the penaltyfor contractviolation, the desiredquality
of the serviceandthe time by which the serviceshouldbe performed. If the customerfails the vetting
procedurethenthe quoteprocesgerminates Assumingthe customeiis satishictory the CSD agentmaps
their requirementsagainsta serviceportfolio. If the requirementsanbe metby a standardoff-the-shelf
portfolio item, thenanimmediatequotecanbe offeredbasedon previousexamples.In the caseof bespole
serviceshowever, theprocesss morecomplex. TheCSDageninegotiateswith theDD agent(overtimeand
quality) for the serviceof designingandcostingthe desirednetwork service.In orderfor the DD agentto

providethis service jt mustnegotiatewith theLD agent(overtime)andperhapsvith theSDagent.TheLD

4The negotiationsbetweerthe agentsaredenotedy arravs (arron headtoward client) andthe serviceinvolvedin the negotiation

is juxtaposedo therespectie arraw.
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agentchecksthedesignto ensurethelegality of theproposedservice(e.g. it isillegalto sendunauthorized
encryptednessageacrosdrance).f thedesiredserviceisillegal, thentheentirequoteprocesgerminates
andthe customelis informed. If therequestederviceis legal, thenthe designphasecanstart. To prepare
anetwork design,it is usuallynecessaryo have a detailedplan of the existing equipmenttthe customers

premises.Sometimessuchplansmight not exist and sometimeshey may be out of date. In eithercase,
the DD agentdeterminesvhetherthe customersite(s)shouldbe sureyed. If sucha surwey is warranted,
the DD agentnegotiateswith the SD agent(over price andtime) for the Survey_Customer_Site service.
On completionof thenetwork designandcosting,the DD agentinformsthe CSDagentwhichinformsthe

customeiof the servicequote.Thebusinesgprocesghenterminates.

1.4.2 TelecommunicationSewice Management

The FIPA Agent CommunicationTechnologiesand Services(FACTS) telecommunicatioomanagement
problemwaspartof the ACTS programmeof the Fourth framework of the EuropearCommunity(FACTS
1998). The problemscenarias basedon the useof negotiationto coordinatehe dynamicprovisioning of
resourcesor a Virtual PrivateNetwork (VPN) usedfor meetingschedulingoy endusers.A VPN refersto
theuseof a public network (suchasthe Internet)in a privatemanner This serviceis providedto the users
by serviceandnetwork providers. The scenarids composeaf anumberof agentghatrepresentheusers,
theserviceprovidersandthe network providers(seefigure 1.3).

Individuals using the systemare representedby useragentsthat are collectively referredto as Personal
CommunicationAgentsor PCAs. PCA agentsare composedf IPCA and RPCAs the Initiating PCA

representshe userwho wantsto initiate the meetingandthe Receving PCAsrepresenthe party/parties
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that are requiredto attendthe meeting. InteractionsbetweenPCAs can be multilateral (involving one
IPCA and multiple RPCA$ and are centeredaroundnegotiation over meetingscheduling. Eachagent
negotiateson behalfof their userandhasthe goal of establishinghe mostappropriateime and security
level (seebelow) for the servicerequestedy the IPCA. The setof issuesover which PCAs negotiate
are:[Service Type, Security, Price, Start_Time, Duration]. Service_Type denoteghe choiceof the
service(e.g.video,audioor mixture of both). Price is the shareof the pricethe agentsshouldpayfor the
service. Start_Time and Duration arethetime the servicewill commencendits length,respectiely.

Security encodeshe privagy of themeetingandis representetly boththe methodof security(e.g.in the
orderof valueto PCAs: Entrust,Verisignor Microsoft) andthe level of the securitymethod(againin the

orderof value: confidentiality integrity andauthentication).

The requirement®f the IPCA andthe RPCAsareconstrainedy whatresourcesreavailableat the
network level. For example,the network may be heavily loadedat the time the serviceis requiredby the
PCAs Sincethenetworkis only visibleto theIPCAthroughthe ServiceProvider Agents(SFAS), thethreads
of IPCA andRPCAsngjgotiationareexecutedin parallelwith negotiationsbetweenPCA andSPAs Note
howeverthattheinteractiondbetween PCA andSFA directly influencethemeetingschedulinghegotiations
betweenlPCA and RPCAs In fact, PCAsagentsoften have to malke trade-of betweenissuesgiven the

constraintatthe network level. For example,in caseof high network loadthe SPA mayoffer PCAsa later
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Start_Time for alonger Duration. Furthermorepnly bilateralnegotiationis assumedetweenlPCA
and SFAs However, eachSPA can make agreementsvith IPCA for servicesand then out-sourcethese
commitmentdy initiating negotiationwith otherSPAs The setof issuesn the nggotiationbetweenPCA
andSPAsis thesameasthatbetweend PCAandRPCAsxceptthereis theadditionalelementParticipants

(thelist of usersrepresentedly RPCAs specifiedo beincludedin therequestedervice).

Either concurrently or after the serviceis provisionedbetweenlPCA and SFA, multiple threadsof
negotiationareinitiated betweerthe SFA andthe Network Provider Agents,NPAs, thatmanageaheinfras-
tructureandlow level aspect®f thelP network. Thesehreadsf interactionaremultilateralsinceeachNPA
managesnly asubsebdf thelP network. Thereforethe SFA mustnegotiatewith anumberof NPAsin order
to securaesourcesor theservicest providesto IPCA. Thesetof issuesn thethreadof negotiationbetween
SPAandNPAsincludes:[Quality-of _Service, Security, Participants, Price, Start Time, Duration)].
HereQuality_of _Service, or QoS, representshe “goodness’of the servicefrom anagents perspectie.
QoS is oftendiscussedsif it werecomposeaf anumberof subissuesuchas,the Bandwidth (capacity
of thelink), thelatency (delayimposedby the network on paclets),the jitter (maximumtime deviation
acceptablaeluring transmission)the availability (percentagef time over which the serviceis required)
andpacketloss (percentag®f total packetslost during lifetime of the provisionedservice).Additionally,
thesubissueghatrepresenthe QoS canchangen thecourseof negotiation. For example negotiationover
QoS maybegin with concernver only the Bandwidth capacityof thelink, but laterincludepacketloss
if the client of a servicerequiresa higherservicequality. Alternatively, subissuesmay be removedfrom
thesetof issueghatdefineQoS. For example the SPA mayremove jitter from thesetof QoS negotiation
issuesvith NPAsif theendusershave agreedo hold avideo-conferencatageographicallycloselocation
(sincejitter will nolongerbeaconcern).

Additionally, theseagentsoperatan a highly dynamicervironment:servicesneedto be updatednewn
onescomeon line, old servicesareremoved and currentlyagreedservicesfail. Customers requirements
may also change:new servicesmay be required,servicesmay be requiredsooneror later thaninitially
anticipatedor higherquality may becomemoreimportant. In all of thesecasesnegotiationis the means
of managinghis compleity. New servicebbecomecandidate®f provisioning,thoseeffectedby thefailed

servicesanbere-provisioned,andserviceconditionscanbe dynamicallyconfiguredor reconfigured.

1.4.3 Characteristics and Assumptionsof Problem Domains

The following negotiation characteristicxan be obsened in the scenariosabose. Thesecharacteristics
form partof therequirementshatneedto be adequatelynodeledandwhich will be usedasa benchmark
for analysisof otherrelatedapproacheso similar problems(chapter3). Moreover, it is believed that

thesecharacteristicare likely to be commonto a wide rangeof service-orientedhegotiationsbetween

autonomousgentsbecausehesefeaturesareidentifiedat a sufficiently abstractevel (suchaspresencer
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absencef timelimits or organizationastructureo beapplicableao mostcomple< andreal-timeinteraction
problems.

The mainfeatureof the above scenariogelatesto the designof openandclosedsystemsmentioned
in sectionl.1. A distributedsystemis eitherformedcentrallyby a designeyor elsecreateddynamically
throughencountersin the above two scenariosthe setof BT agentsn the ADEPT systemandthe SFAs
andNPAsin the FACTS scenariofepresent closedsystem.Theseagentshave beencreatedcentrallyby
designer(saccordingto someMAS designmethodology(see(Jenningstal. 2000b)for the methodology
for creatingADEPT agents) On theotherhand thedesignof, andtheinteractionsbetweenthe VC agents
andthe BT agentsin the ADEPT system,andthe IPCAswith the SPAs, in the FACTS scenariojs nota
centralizedprocess.In facttheseagentscan,anddo, freely enterandleave interactions(for example,in
a dergyulatedtelecommunicationndustry wherecustomerscan chooseamongsta wide rangeof service
providers,SPA agentsareunlikely to encountethe samePCA agents).As will be shovn below, this open
versuscloseddesigndirectly influencesagentinteractionsalonga numberof dimensionsuchas: different
agentarchitectureslanguagesind reasoningoroceduresyarying certaintylevels, autonomy motivations
andconflict types,differentpatternsof temporalpersistang (or the periodanagentis “alive” in a negoti-
ation), anddifferentfrequeng of encounterslt is preciselyfor thesereasonghatno single coordination
mechanisntanbe designedhat solvesthis type of problem. Rather the emphasif this thesisis on a
configurablenegotiationframework.

In moredetail, whatcanbe saidaboutthe two domainsabore are:

e Thereareroles. Individual agentscanbe both clientsandsenersfor differentservicesin different

negotiationcontexts.

¢ Interactionscanbe eitheramongsigroupmemberge.g. the BT agentsor the PCAs)or individuals
from differentorganizationge.g. VC andCSD agents).The organizationof agentshasfour closely

relatedimplications:

— conflict types Theconflictbetweerindividualandsystengoalsdetermineshestyleof interac-
tion. Threetypesof conflictcanbeidentifiedwithin theabove two domains.Somenegotiations
involve entitieswithin the sameorganization(e.g. betweenthe CSDand DD agents)where
agentssharethe goalof the organization Hence thetypesof interactionsaregenerallycooper
ative in nature. Othernegotiationsareinter-organizationaknd purely competitve—irnvolving
self interestedptility maximizingagents(e.g. betweenthe VC agentsandthe CSD agent,or
betweenthe PCA andthe SFA agents). Finally, agentsmay sharethe samesystemgoal but
have differentindividual preferencege.g. the schedulingof meetingsby the PCAsrequires

resolutionof differentpreferencesventhoughindividualsall agreethatthey wantto meet).
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— motivation types Notealsothata singleagentmay enterdifferenttypesof conflict scenarios.
For example the style of negotiationbetweerthe CSDagent(or IPCA) againstDD (or RPCA$
is cooperatie in nature,whereashe CSD (or IPCA) negotiationswith VC (or SFAS) may be

moreselfish.Thereforethe attitudeof theagentss notfixed.

— autonomy: The solutionto problems,especiallyin inter-organizationakontexts, is basedon
mutualselectionof outcomes.Thereforeno singleagenthascontrol over the otherin termsof

the selectionof thefinal choice.

— uncertainty types Somegroupsof agentoftennegotiatewith oneanotheifor thesameservice
(e.g.theCSDandDD agents)whereaothernegotiationsaremoreopenin nature(for example,
thesetof VC agentshangegsrequentlyandhenceghe CSDagentoftennegotiatesvith unknown

agents).

¢ Negotiationscanrangeover a numberof issuede.g. price,durationandstarttime). Eachsuccessful
negotiationrequiresa rangeof suchissuesto be resohedto the satisactionof both parties. Agents
may be requiredto make trade-ofs betweenissuege.g. fastercompletiontime for lower quality) in

orderto cometo anagreemenor dynamicallychangehe setof issuednvolvedin negotiation.

e As the agentsare autonomousthe factorswhich influencetheir negotiation stanceand behaiour
areprivateandnot availableto their opponentgespeciallyin inter-organizationabndopensettings).
Thus, agentsdo not know what utilities their opponentsplace on various outcomes they do not
know whatreasoningmodelsthey emplagy, they do not know their opponents constraintsandthey
do not know whetheran agreements even possibleat the outset(i.e. the participantsmay have

non-intersectingangef acceptability).

¢ Sincenegotiationtakesplacewithin a highly intertwinedweb of activity (the businessprocessor a
video-conferencechedule)time is a critical factor Timingsareimportanton two distinctlevels: (i)
thetime it takesto reachanagreemenmustbe reasonableand(ii) thetime by which the negotiated
servicemustbe executeds importantin mostcasesandcrucialin others.Theformermeanghatthe
agentsshouldnot becoménvolvedin unnecessarilgomplex andtime consumingnegotiations—the
time spentnegotiatingshouldbe reasonablevith respecto the valueof the serviceagreementThe
latter meansthat the agentssometimeshave hard deadlineshy which agreementsnustbein place

(this occursmainly whenmultiple serviceneedto be combinedor closelycoordinated).

e The quantity of a particularresourcehasa stronganddirectinfluenceon the behaiour of agents,
and, moreover, the correctappreciatiorof the remainingresourcess an essentiatharacteristiof

goodnegyotiators. Resource$rom the client’s point of view relatedirectly to the numberof seners
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engagedn the ongoingnegotiation; likewise from the sener’s point of view. Thus,the quantity of

resourcehasa similar effecton theagents’behaiour astime.

Thesefeatures(or characteristicswill be usedasthe basisfor a critical evaluationof relatedap-

proachesandfinally for the designof the negotiationwrapperitself.

1.5 Contributions of the Reseach

Thework reportedhereis a formalizationandengineeringf aninteractionwrapperthatcanbe configured
for useby asocialagentgthat needto interactwith otheragentsn a numberof differentenvironments.lIt
is anengineeringende&or becausehe wrappers coordinationmodelutilizes andintegratesmodelsfrom
artificial intelligenceandeconomicsTechnique$rom thesedisciplineshave beenusedto designa strateyic
negotiation framework in ernvironmentscharacterizedy direct and structuredinteractionsbetweentwo
agentswho have conflictingpreferencesvermultipleissuesandwheretime andcomputatiorarebounded
andinformationis uncertain. The majority of currentmulti-agentsystemshave tendedto modelindirect
interactionsbetweenoneto mary (auctions)or mary to mary (markets),wherethe agentsaresimpleand
theinstitution,asthe mediator controlsand,attimes,specifieghe stratgjiesof interactions.

More specifically this shift in emphasisowardsdirectandstrategic interactiondetweerautonomous

agentshasnecessitated:

e emplgying extantcommunicatiorknowledgesothatagentsanunderstanéndinteractwith therules
of the protocol. This knowledgeis modeledasanagentcommunicationanguagevhich normatively

specifieghe syntax,semanticandpragmaticof possibleutterances.

e developinga novel coordinationarchitecturefor stratgically selectingactionsgiven the normatve
rules of the protocol. The communicationlanguageabove is knowledge“poor”, leaving the deci-
sionsaboutwhento usethe protocolandwhatinformationto transmitto the designer However, the
currentlyavailabledecisionmodelsthatthe designercould useto guidedecisionmakingin suchsit-
uationsoftenmalke unrealisticassumptionsiboutthe agent(suchasperfectinformationor unlimited
computationakesources)In contrastthe developedcoordinationwrapperis basedon the realistic
assumptionshatagentshave limited informationabouttheir world andtheir reasoningcapabilityis
constrainedoy time and computationalimitations. This relaxationof the strongassumptionas

meantthatthe developedmodelonly aimsto computesatisfiableratherthanoptimal,solutions.
The major contributions of this thesis,implementedas a decisionarchitecturewithin the wrapper

are:

1. A morein-depthdescriptionof the ervironmentof multi issuenegotiationthatagentscanuse

for decisionmaking. This descriptiorrepresentsthe negotiationissuestheirimportancetheir
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resenations,the agents preferenceover the issuestime deadlinesand corversationthreads.
Thepresenteanodelincorporatesnorenegotiationconceptghanpreviously proposedystems,

therebyallowing richerreasoningnechanisms.

. Two fully developedand novel offer generationalgorithms, called responsiveand trade-of
mechanismsayhichtogethersearchthe spaceof possiblenegotiationoutcomesAnothernovel,
but asto dateundeveloped mechanisnis theissue-semanipulatiormechanismvhich performs

adifferenttype of search.

Theresponsie mechanisnis the computationallysimplestalgorithm. It generatesffersbased
onthenegotiationcontext suchasthetime remainingin negotiation,the currentresourceusage
levelsin negotiationor thebehaviour of theotheragent. The mechanisngeneratesfferssolely
on thesefactorsandindependentlyof the benefitsthat canbe gainedby both parties. In this

senséat canbeseemsa selfishmechanism.

Thetrade-of andissue-semanipulationalgorithmsarecomputationallymorecomplex andde-
mandrelatively moreinformationaboutthe otheragentin generatingffersthantheresponsie
algorithm. The trade-of algorithmgeneratesynlike the responsie algorithm,offersthathave
the samebenefitto the agentas previously, but that maybe more beneficialto the otheragent
thanthepreviousoffer. Thisdecisionis uncertairbecaus@nagentloesnotknow theevaluation
functionof its opponentFuzzydecisiontechniquesreprovidedthatsupportuncertairdecision
makingduringtrade-of negotiations. Sincethe searchfor mutually morebeneficialoutcomes
is computationallymorecomple thanits responsie algorithmcounterpartthe trade-of algo-
rithm is consideredasa more cooperatie process.This is becausen agentthatimplements
suchanalgorithmwill haveto dedicatemorecomputationatesourceso decisionmakingthan

it would for the correspondingesponsie algorithm.

The issue-semanipulationmodelis also computationallymore complex thanthe responsie
mechanisn(becausef this increasedcomputationatomplexity, this algorithm,togethemwith
the trade-of algorithm,constitutewhatis termedasthe delibetative component®f the wrap-
per). Issue-manipulatiomperateshy dynamically changingthe setof negotiationissuesby
addingand/orremoving issuesat negotiationtime. The modelhasbeendevelopedto escape
negotiationdeadlocksby removing “noisy” issueghatareobstructingthe progresof negotia-
tions,or by addingnew issuesdnto the negotiationthatmayincreasehe benefitto both parties.
Again theseevaluationsareuncertainandare supportedy fuzzy decisionmakingtechniques.
The issue-semanipulationis the leastdevelopedcomponenbf the wrapperarchitectureand,
unlike the responsie andtrade-of algorithms,still requiresthe specificationof an algorithm

giventhe developedformal model.
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In summary all threemechanismsire decentralized.The responsie mechanisnis novel be-
causeit formally modelsa concessiorprotocolbasedon the ervironmentof the agent. This
allows agentsto explicitly reasonabouthow to concedein negotiation. The novelty of the
trade-of mechanismis that, for the first time, it formally modelsthis importantnegotiation
mechanismFurthermorealthoughthe trade-of mechanisms computationallymorecomplec
thanthe responsie mechanismit is nonethelessractable.Finally, the issue-semanipulation
mechanisnformally modelsanothertype of negotiationdecisionmechanisnthat hasto date

notbeenaddresseélsavhere.

3. A meta-stratgy modelthatguidesthedecisionmakingaboutwhich of the availablenegotiation
algorithmsto use.Giventhattherearethreechoicesof methodgo generateffersin negotiation,
anothelevel of decisionmakingis requiredto make the choiceaboutwhichtechniqueto apply.
Thislevel of decisionmakingis referredto asameta-stategy. Decisionsaboutwhichalgorithm
to usein generatingan offer can be basedon a numberof internal or externalfactorsto the
agent for example thehistoryof interactionsthetime limits andsoon. An importantdecision
criteriais basednthefactthattheresponsie anddeliberatve component®f thewrappercan
implementboth selfishor cooperatie behaiiours,respectiely. Whereasn traditionalDPSthe
attitudeof theagentis hardwiredinto the protocol,moving towardsopenervironmentsequires
decouplinghis stratejic decisionfrom the protocol.In someervironmentsit maybebeneficial
to beselfishandfollow theagents own goals,whereasn othercasedeingcooperatieis more
beneficial. This novel way of couplingstratgiesof interactionso ervironmentsandgoalsvia
meta-stratgies, ratherthanthe protocolitself, alsoresultsin a wrapperthat is more domain

independenthanothertraditional DPSprotocaols.

The requirementhat the wrapperis operationalin both openand closedervironmentshasresultedin a
needto develop a coordinationframework that is reusable. Re-usabilityis achieved by separatinghe
wrapperfrom the domainproblemsolver layer of an agentthrougha servicelayer The domainexpert
canthendevelop domaindependentodefor the problemat hand, but usethis servicelayer to achiese
effective coordinationwhen problemsinteractwith otherautonomousntities. Designerscanthenbuild
agentswithout significantexpertisein the developmenbf coordinationstratejies.

Furthermorethe designetis providedwith not only a coordinationframework, but alsoa preliminary
empiricalevaluationof its componentsThis evaluationcanbe usedto guidethe selectionof strateiesin
awide rangeof ervironments.Suchevaluationis needeecausghe wrapperis only a formal description
of possiblestrateic negotiationbehaiour andthereis no way to predictwhich strat@y is bestfor a given
ervironment. This canonly be achieved by empirically evaluatingthe developedcoordinationframenork

in anumberof environments.
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1.6 Structure of the Thesis

The remaindernf the thesisis structuredasfollows. The requirementslefinedin sectionl1.4.3,aswell as
additionalconsiderationsaregiven a moredetailedtreatmenin the next chapter Theserequirementsre
consideredandintroduced aselementghatneedto be modeledin negotiationwhich thensene asinputs
into thewrapperlayer. This chapteralsoelaborate®n someof the assumptionsnadein the mainbody of
thiswork. Economicallyandcomputationallymotivatedcoordinatiormodelsarethenintroducedn chapter
threeandcritically evaluatedfor their appropriatened®r the problemsandrequirementsnentionedabove.
Next, in chapterfour, thedevelopednegotiationmodelis presentedfollowedby anempiricalevaluationof
its behaiiour in anumberof differentervironmentsn the penultimatechapter Finally, chaptersix presents

theconclusiongeachedandoutlinessomepotentialfuture directionsof this research.



Chapter 2

Componentsof a Negotiation Wrapper

Theaim of thischaptelis to definethescopeof theresearctandjustify theworkingassumptionsThescope
of theresearchs presentedhrougha descriptionof the elementsf interactionthatneedto be capturedn
the negotiationwrapper aswell asthe dependeng relationship(shetweentheseelements.This analysis
andspecifications in partgroundedn the two applicationdomainsdescribedn the previouschapterand
in partfrom there-usabilityandflexibility requirementsThe actiitiesinvolvedin the designof awrapper
aredivided into: i) the identificationof the importantelementsof negotiationthat needto be captured,
followedby ii) the formal or informal modelingof the identifiedissues.This chapterexpandson the first
phaseof thedesignprocessThefollowing chapter(chapter3) is areview of attemptso modelthem.

The choice of which negotiation factor(s)to model and which to omit hasa direct impacton the
applicability of the wrapper in termsof not only the adequag of the computedsolution, but also the
computabilityof the solutionitself. In real world interactions,thereare a large numberof factorsthat

directly influencethe processaandoutcomeof negotiation,including:

¢ the symmetryof agentsn informationandresourcesAgentsarein a symmetriccontext whenthey
both have the sameinformationandresourcegGibbons1992). Whenthis symmetryis broken, the
relationshipbetweerthe agentss often qualitatively transformedRaiffa 1982)—theagentthathas
moreinformationand/orresourcesanexertalargerinfluenceonthe directionthefinal outcomewill

take; theagentis saidto have more“power” (Corfman& Guptal993).

o whethertherearehardor softdeadlines As wasdiscussedh the previouschaptertime deadlinesare
importantin a negotiatedsettlementHarddeadlinesepresenabsoluteandinflexible time schedules
by which someactiity mustbe completedby. On the otherhand,the achiesfementof an actvity

within a softdeadlines lessabsoluteandmoreflexible.

¢ theprotocolof interaction.The protocolof theinteractiondefinesthe languageandrulesof interac-

tion betweertheagents Negotiationprotocolswill be expandedonin moredepthin this chapter
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e thestratgiesof interactions.A strat@y is informally definedasanindividually (or locally) chosen
actionof anagentgiventherulesof group(or global)behaiour. It is strategic becaus¢heagentcan
have a numberof choicesof the actionsthatwill resultin the achievementof a goal. This multiple
choicesof actionsleadsto agentshaving preferenceandbehaing strateyically overwhich actionto
take.

¢ the rationality of the agents. The term rationality is informally definedas making appropriatede-
cisions,or “doing theright thing” (Russell& Wefald 1991). Therationality of an agentis defined
with respecto thetype of agentthatis beingdesignedFor example rationality of a cognitive agent
is definedin termsof what actionsarelegitimate given the agents currentbeliefs, desiresandin-
tentions(the so called BDI architecturgBratman1990,Cohené& Levesquel990,Rao& Geogeff
1991). The rationality of an economicagent,on the otherhand,is definedin termsof maximiza-
tion of the agents preferencesmodeledasa utility function, over statesof the world (Kreps1990,
Gibbons1992,Binmore 1992). Agentsin this thesisare economicand therebyabideby the latter

principle of rationality.

e thepossibilityof coalitions.Coalitionrefersto interactiondetweerdifferentgroupsof agent{Sand-
holm 1999),asopposedo “monolithic” agentghatonly representhemselesandnot others(Raiffa
1982).

¢ therisks and uncertainty Uncertaintyarisesbecauseagentsseldomhave full accesgo the entire
information abouttheir world. This lack of informationcanbe dueto either“laziness” (too much
to be known in the world), declaratve ignorance(limited knowledgeof the domain—forexample,
chemicalsciencehasno completetheoryof the science) pr proceduraignorance(consequencesf
effectsof actionsareunknowvn) (Russell& Norvig 1995). Risks,in turn, characterizéhe attitudeof
thedecisionmakerin choicegor whatis calledlotteries(Neumann& Morgernsterri944))between

a sureoutcomeandanexpected(or uncertainjoutcome(Neumann& Morgernsterri944).

Thebenefitof formalizingall theissuesnvolvedin negotiationis thatthe behaiour of the systemis
likely to be morepredictable.However, the objectof consideratiorof this researchs only a subsebf the
aforementionedssuesThis is becausé¢he benefitgainedfrom formalizing all of theissueds offsetby the
computationatlifficultiesthey incur on coordination(for example,theinformationrequiredor theamount
of time it takesto reacha solution). Therefore,the first stageof the designof the negotiation wrapper
(whichissuego model)hasbeenconstrainedy theinclusionandconsideratiorof only the mostimportant
negotiationissues.In the main, thesehave beenderived from the geneial, asopposedo problem/domain
specific, propertiesof the two scenariodescribedpreviously and the configurability requirementf the

wrapperfor usein differenttypesof domains.Theseissuescanbe roughly cateyorizedinto cognitive (or
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informational),affective (or choice)andconatie (or action)(Kiss 1992). The chaptercanalsobe viewed

asadescriptionof thefollowing coordinationcomponent®f figure 1.11
¢ thesetof possibld@nputs(motivations,section2.1.2,issuessection2.2.1,information,section2.2.6),
¢ thesetof possibleoutputs(actionandstratgies,section2.1.3,contractssection2.2.5)

o thesetof possibleernvironmentgthe agentsociety section2.1.1,protocols section2.1.3,time dead-

lines,section2.2.7,boundedationality, section2.2.8,commitmentssection2.2.5)

To definethe scopeof this researchandjustify the working assumptionsthe expositionis structured
alongtwo dimensionsthe characteristicef the societyof agentgsection2.1),andits interactiongsection
2.2). Theformeris adescriptiorof theissuesnvolvedin modelinginteractiondrom a multi-agentperspec-

tive, andthelatteris the setof issuedgnvolvedin modelinginteractionfrom anagent-centriperspectre.

2.1 Characteristics of the Society

Krauspresents classificatiorof coordinationmethodsfor multi agentsystemghatis basedon i) the size
of the society ii) the motivationsof the agentsandiii) the presencer absencef a protocolof interaction
(Kraus1997b). Thesecriteria, andadditionallythe frequeng of interactionsareusedbelowv to definethe
scopeof theresearctandthe underlyingassumptionabouttheagentsociety Thefrequeng of interactions
is animportantcriteriathathelpsto distinguisha closedfrom anopensystemand,aswill beshavn below,

directly influencesotherfactorsin interactiondik e learning,reputationsandtrust.

2.1.1 SocietySize

Oneof theaimsof this researchs to develop a negotiationtechnologyfor directinteractionsamongstwo
agentdqbi-lateralnegotiation),asopposedo large scalesocietiesequiringcoordinationmechanismsuch
asorganizationsmarkets, auctions,voting or socialdecisionschemegsee(Corfman& Guptal1993)for
anoverview of thedifferentdecisionmechanism&om bamaining,socialwelfare,organizationmarketing
andpsychologicabisciplines).Bargainingmodels,definedandexplainedin depthin the next chapterare
in the maindesignedor bi-lateralnegotiations(Gibbons1992)(Nashis anexception(Nash1950)). These
modelsdescribeinteractionsdbetweeneconomicallyrationalagentshat attemptto maximizesomeutility .
Market andauctionmechanismslsomodeleconomicallyrationalagents but areonly adequatdor large
numberof agents(Sandholm1999). Socialdecisionschemede.g. plurality, majority, proportionality),

arealsoinappropriatdor bi-lateralnegotiationsbecause¢hey needto form a decisionbasedn agreements

INote thatnothingwill be mentionedaboutthe middlevare componenbf figure 1.1. Issuesnvolved at this level of coordination
includesynchronicityof themessageandcontrolprotocols(Parunak1999,DAIS 1984,Mowbray& Zahai 1995,0MG 1996)which

themselesaretechnologieshatfacilitate coordination.
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of morethantwo agents(Laughlin 1980, Laughlin & Earley 1982). Coordinationtechniquedor large
groupsmustalso model the possibility of coalition (Kahan& Rapoport1984, Shehory& Kraus 1995,
Sandholm& Lesserl997)anddifferentialpower (Binmore,Shaled,& Sutton1984)amongsmembers.
Sincethefocusof this work is interactionbetweerfew agentspargainingmodelsarethe mostappro-
priate candidatemechanisn{or at least,aswill be shown, its solutioncriteria, protocolsand quantitatve
modelingtools)for building thecoordinatiormodelcomponenbf the negotiationwrappetin figure1.1. As
will beshowvn below, the preferencesf individualsandtherulesof interactionsarecentralin thesemodels.
Althoughthework reportedhereis exclusively on thedesignengineeringandevaluationof the framework
for bi-lateralnegotiation,theframavork hasnonethelesbeendesignedothatits extensionto multi-lateral
negotiationsshouldnotbe problematic.Thisis achiezedvia modulardesignof thenegotiationmechanisms
thatgenerateoffersfor bi-lateralnegotiations.Multi-lateral negotiationis thenachievablethroughconcur
rentreasoningover multiple independenthreads(definedin sectior4.2.3)of bi-lateralnegotiations.Thus,
the stancetakenin this work is thatbi-lateralnegotiationis an appropriatdirst caseassumptionwhich is
extendibleto multi-lateralnegotiations.In fact,aswill beshavnin thenext chapteybi-lateralnegotiationis
ahardemroblemto solve thanmulti-lateralnegotiationwhosesolutioncanbefoundin the form of auction

or marketmechanisms.

2.1.2 SocietyMotivations

Agentsactin orderto achierze somegoal(s). The agentis thensaidto be motivatedto achieve a givenset
of goals(Russell& Norvig 1995). Individual motivationsof agentsto achieve their own goals(or local
goals)directly influenceghe natureand outcomeof negotiationswhenlocal goalsof agentsnteract. The
importanceof anagents motivationis bestillustratedby an abstracigamecalledthe Prisoner’s Dilemma

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

coopente | defect

coopeate 3,3 0,5
defect 50 11

Figure2.1: The Prisoners DilemmaGame

playerrecevesapayof, or utility, thatdetermine$siow good,in somesubjectie way, theoutcomds for the
player This payof is oftentakento meanthedegreeof satishctionof theagents preferencesnodeledasa
utility function. The combinationof individual payofs thendefineshe groupwelfare(alsocalledsocialor

globalwelfare),accordingo somecombinatiorfunction. Therespectie payofs for eachplayerareshavn

2The gameis actuallya demonstratiorf the principle of trust (Raiffa 1982),andhasbeenappliedto alarge classof problemsin

political sciencesbiology, computersciencepsychologyandphilosophy See(Axelrod 1984)for afull description.
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asrow andcolumnentries. If the agentsare cooperatie and caredonly for the equity of the groupthen
they shouldbothchooseo cooperatesincethe sumof theindividual payofs (thegroupwelfare)is greatest
whenthey both cooperatg3 + 3). However, individually the only rationalmove is for anagentto defect,
resultingin higherindividual payofs (5), but alower groupwelfare(5 + 0 or 0 + 5). Hencethedilemma.

Thus, motivationis animportantelementof agentdesignthat stronglyaffectsthe outcomesf nego-
tiation. This pointwasdiscussedn the previous chapterin the descriptionof the differencesetweerDPS
andMAS. Thisdistinctionis alsoacknavledgedin the socialscienceswhereanagents attitudeis afunc-
tion of whetherit belongsto anorganizationor not. Agentsin anorganizationexist to performa function
thatis externally formedandcontrolled. Agentsnot belongingto any organizationgprimary, asopposed
to, institutionalagents(Faris 1953)),0n the otherhand,are moreself motivatedandarenot centrallycon-
trolled. Thusadifferentorganizationabktatusn turn motivatesthe attitudeof anagenttowardsinteractions.
Membersof anorganizatioraremorelik ely to be concernecboutthe benefitof the groupchoicethantheir
own preferencesCorversely anagentparticipatingin negotiationandnot belongingto anorganizationis
morelik ely to placegreateemphasion its own preferences.

As will beshovn in moredetailin the next chapteytherearetwo choicesof bamgainingmodelsthat
individually modeldifferenttypesof agentmotivations.Thedecisionsaandprocessesvolvedin negotiation
when an agents preferencesare important(i.e. self motivated) are bettermodeledby non-cooperatie
bamgainingmodels. On the otherhand,agentsthat careaboutequity (or welfare) of the othersare better

modeledusingcooperatie bargainingmodels.

2.1.3 Protocols: Normative Rulesand Languages

ComputationahgentgequireorderedandstructurednteractiongBond & Gasset1988). Suchstructuring
is neededbecausen the absenceof ary normatie rulesof public behaiour, interactiondeadto chaotic
dynamicswhereagentsansendmessagethatcannotbe understooar the messagés inappropriategiven
the history of the currentinteraction. The term “normative” statesprescriptve rulesof behaiiour (Rosen-
schein& Zlotkin 1994)(what oughtto be), asopposedo descriptve obsenation of behaiour (whatis).
Throughoutthis work, the term “protocol” refersto thesehigh level normative rulesof public behaiour.
The protocol of interaction(alsoreferredto asthe “resolution protocol”) must specify three aspectsof

public behaiour:
¢ thepermissiblecontentof interactionsthe objectsagentsxchangewith oneanother
¢ thepermissibleprocesof interactionswhenandhow to exchangehe above objectsof exchange.
¢ thelanguageof interactionjthelanguageo usein exchanges.

The choiceof a protocoldirectly influencesthe uncertaintiesnvolvedin negotiation (section2.2.6)

and the quality of the outcome. Quality of an outcomeis definedin more depthin section2.2.3, but
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generallyit refersto the degreeof satishction of either or both agents’aspirationlevels. Also shown,
in later sections,is the relationshipof how quality of an outcomeis directly effectedby the contentof
negotiation when more than one goal needsto be resohed. In particular differentresolutionprotocols
canbe usedto differentially specifyrulesof interactiongto reachsettlementsFor example,in multi-issue
negotiations(also calledintegrative negotiations(Raiffa 1982))the protocolmustspecifywhetheragents
cangenerateffersover “packages’of issuespr alternatiely over sub-package®r reacha settlemenbn
the mostimportantissuefirst, thentry andresole otherissuesone by one (Raiffa 1982). Thesedifferent
possibilities,eachimplementedy a differentprotocol,have a directinfluenceon the outcomequality. For
example considei-lateralnegotiationovertwo issuesln anissueby issueresolutionprotocol,depending
on the stratgyies of both agents(seesection2.2.4for a definition of stratgjies),oneagentmay gain very
little in negotiationon bothissues.However, in a packagaesolutionprotocol,a losson thefirstissueand

asimultaneougainon the secondmayresultin a betteroutcomefor thatagent.

Furthermorethereis a needto constrainthe procesof negotiation,otherwiseagentamayfail to syn-
chronizetheir utterancesdispatchingandreceving utterancesandomly For example,rulesmustspecify
who mustbegin the negotiationround (aswill be shawvn in section2.2.5who startsfirst againdirectly in-
fluencesthe outcomeof negotiation),whethernegotiationis a turn taking, sequentiablternatinground of
offers andcounteroffers, or whetherthe resolutionmechanisms a mediatedone-shosimultaneouffer
whosemid point of intersectionis chosenby a third party asthe final settlementpr a one-shotake it or
leave it (divide the pie or ultimatumgame(Gibbons1992))from oneagentto another The quality of the
solution,itself possiblyafunctionof the coststo reachthesolutionandthe numberof roundsin negotiation,
andthe benefitsgainedeitherindividually or collectively, is directly dependenbn the chosenprotocol of
interaction. For example,if the quality of a solutionis a function of the numberof messagesxchanged
betweenagentsthenclearly a single-shotprotocolis more “efficient” thanthe sequentiaiteratedproto-
col. As will be shawn in the next chapter the majority of gametheory modelsattemptto achieve speed
of resolutionby constrainingagents'choicesof strategjiesthroughthe designof negotiationprotocolsthat,

althoughthey canbeiterative, are,nonethelesssingle-sho{or instant)whenagentsactrationally.

In additionto normatiely specifyingthe permissiblecontentand processof interactions,a protocol
must specify the language of the interaction. The languageof interactionis a model of the syntaxand
semantic®f utteranceshatagentscanmake duringtheirinteractiongFinin & Fritzson1994). The syntax
of the agentcommunicatiodanguaggunctionsto distinguishmessagebasedon grammaticaforms, and
adherencéo this syntaxassistcomprehensionf messageslhesemantic®f utterancespntheotherhand,
distinguishesnessagebasedon their intrinsic meaning which canbeinforming, querying,requestingor
ordering(Cohen& Perraultl979,Wernerl989).Furthermorethereis aneedio mapthetermsandconcepts

of theindividual agentsnto a sharedepresentatiofor acommonontology(Gruber1994,Huhns& Singh
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1997,Guha& Lenat1990))for successfutoordinatiorandcommunication.

All of thesedesignchoicescanbe dictatedby the designer(sjor a closedsystem.However, in more
openervironmentshereis possiblya needfor a pre-neyotiationphasevhereagentscometo mutualagree-
mentsovernotonly therulesandlanguageof interactionsbut also,aswill beshovn below in section2.2.2,

the setof issueghatneedto beresohed (or the contentof negotiation)andtheir resolutionprotocol.

2.1.4 Frequencyof Interactions

When agentsinteract with one anothey they do so either anorymously (as drivers on a highway)
or their identity must be known (as dealersin a stock exchange). The issue of identity is particu-
larly importantif interactionsare repeated. The possibility of repetition of encounterdirectly influ-
encesthe type of modelsthat can be usedfor modeling interactions. A model may be sensitve to
whetheragentsmeetagainor not. For example, in repeatednteractions,modelsare neededthat can
capturean agents ability to learn others’ stratgies and/or their preferenceqZeng & Sycara1997,
Bui, Kieronska,& VenkatesH 996). Furthermorejn repeatednteractionsyeputationdbecomemportant.
KrepsandWilson have shovn thatearlyin theinteractionhistory, agentsattemptto acquirea reputationof
being“tough” or “benevolent” (Kreps& Wilson 1982). They demonstratethis “reputationeffect” where
agentstake actionsthat appearindividually costly but yield a reputationthatis beneficiallater Milgrom
and Robertidentified information uncertaintyand repeatedactionswith the possibility of observingpast
behaioursasthetwo factorsthatleadto the emegenceof areputation(Milgrom & Roberts1982).
Although repeatednteractionis a realistic possibility, especiallyin closedsystemsthe negotiation
modeldevelopedin this work is for single encounteiinteractions. This is for two main reasons.Firstly,
the numberof issuesinvolved in the modelingof interactionsis alreadylarge. Therefore,asa first case
assumptiona model of neggotiationis soughtthat adequatelydescribesand predictsthe core elements
of negotiation. Onceachiesed, this assumptioncan then be relaxed and the developedmodel updated
(possiblywith multi-agentlearningalgorithms,to accountfor repeatednteractions).Secondly although
possible,interactionsin opensystemsare unlikely to be repeated.Agentshave anincentie to enterand
leave differentelectroniccommunitieswith evolving degreeof servicegprovidedby eachcommunity® For

theseatwo reasonsthe simplifying assumptionthatinteractionsareisolatedis made.

2.2 Characteristics of Interactions

Having definedthe characteristicef the agentsociety this sectionpresentghe setof issuesinvolvedin

modelinginteractionfrom anagent-centriperspecitie.

3For example,althoughcorvenient,it is not necessaryor anindividual to buy weekly groceriesfrom the samestoreall thetime.
Betteroffers, the possibility of Internetshoppingandotherfactorsmay give sufiicientincentve to the consumeto breakthe routine

of goingto the samestoreandbuy productsirom variedvendors.
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2.2.1 Object of Negotiation—Issues

The designof the wrappermustfirstly include what agentsexchangewith one anotherin the courseof
negotiations—thats, the content,or object,of communication.In classicaDPS,negotiationobjectsmay
beplans,goalsor information. In otherexplicit coordinationmodels theseobjectsmaybe otherhigh level
constructssuchasintentions,argumentsor, justifications(Kraus, Nirkhe, & Sycaral998,Parsons Sierra,
& Jenningsl998). However, sinceagentsin this work are viewed asbuyersand sellersof servicesthe
objectsof negotiationare offers and counteroffers over a setof serviceissues. Issuesrepresentarious
dimensionf a serviceproductionor consumption.Servicesarerepresenteds multi-dimensionalyoods,
since complex servicesin the real world are seldomadequatelydescribedin termsof a single feature.
Pricingis onemethodof describinggoodsusinga singleissue. However, althoughusefulfor describing
commoditiesa decisionmakeris presenteavith arandomchoicein thefaceof two or moreequallypriced
services.Otherdimensionsof a goodmustbe providedto the decisionmaler in orderto differentiatethe
goodsandbettersupportallocationdecisionsof the good(seesection3.2.9for agumentsagainstpricing).
For example,a bankingserviceis not just definedin termsof the interestratesit offers, but alsoits loan
schemesand/orrepaymenimethods. Likewise, accesdo a sharedresource suchas parallel computers,
may be describedn termsof featuressuchasjob waiting length,speedor memorylimits. Issuesherefore
describdeaturesof a domain,which maybe qualitative in nature(e.g.repaymenschemesdr quantitatie
(e.g.waiting lengthof the que)with discreteor continuousdlomainvaluesrespectiely.
Generallyspeakingjssuesarerarely viewed as equallyimportant For example,a bankingservice
provider may deemthe interestrate moreimportantthanthe repaymenschemeor memoryusagemay be
moreimportantthan CPU usageon a parallel computer Issuesalso have reservationvaluesassociated
with them. For example,thereis a maximumamountof memorya usermay be permittedto utilize on
a parallel computer Corversely thereis a minimum interestrate that the institution will not consider
economicallyviable for a lendingpolicy. Generally for autonomousgentstheseresenation valuescan
be viewed asconstraintsassociateavith the issuesthattypically representhe limitations placedon?* the
resourcesieededo producea service togethemwith their usageschedulge.g. quality, numberor volume
deliverytime); theinformationrequiredfor executinga serviceandtheinformationproducedasthe output
at the endof the serviceexecution;the penaltyfor decommitingfrom an agreedcontract;or the price of
a service. Issues,jmportancelevels and resenation valuesare highly domaintyped (domainspecificin
nature) reflectingdimensionof the problemat the level of the domainproblemsolving. Therefore these
factorsareviewedasinputs(originatingfrom thedomainproblemsolver) into the coordinationmodel.
Onceformulatedtheseassuestheirrelatveimportanceandtheir satishctionconstraintsnustberepre-

sentedo the negotiationwrapperby thedomainproblemsolver. Thetaskof thewrapperis theninformally

4This s a possiblesetof constraintbecauséssuesnayvary in differentdomains.
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definedasthe goalto achieve the satishctionof the issuesgiventheir constraintspr the maximizationof
somesatishctionfunctionwheninteractingwith otheragentsor serviceprovisioning. More formally, the

decisionproblemP of the negotiationwrapperis describedy thetuple:
P = {I,C,Criteria) (2.1)

wherel isthesetof negotiationissues( is theirassociatedonstraintandCriteria is asetof cost/benefit
functionsfor eachissuethat the wrappermust minimize/maximizerespectiely. Negotiation, then, is
viewed as a processof settling disputesover eachof the issuesin the set 7 whenthe satishctionof an
agents goalinteractnegatively with the satishctionof the others’goals.As mentionedearlier, goalsinter-
actbecausehefulfillment of onegoalhasa negative effect on thefulfilment of anotheragents goal,dueto
exclusive goal statedesiredby two or moreagentge.g.abuyerwantsto buy a serviceatalow priceanda

sellerwantsto sellatahigh price).

2.2.2 IssueSetldentification and Modification

Theabove discussiorassumedhatagentsharedthe samegoalsetl, andthatconflictresolutionarisesdue
to a conflict of preference®ver goals. However, beforegoal satishction cancommenceagentshave to

identify which goalsareactuallyin conflict:

...thesg(coordinationtechniquespresuppos¢hat the agentsalreadyknow whatthey are“ar-

guing” about,andwhat remainsto be doneis to settlethe “argument”. It is my contention
that, in mary domains,a substantiapart of the negotiationeffort is involvedin figuring out
whatneeddo besettled.As our computationabgentsareincreasinglyappliedin dynamically
evolving worlds (like on the Internet),capabilitiesfor identifying who needsto negotiateand
overwhat, ratherthanhaving thesepredefinedy the systemdevelopersor userswill cometo

thefore (Durfee1998).

Therefore,in additionto resolvingconflicting goals(section2.1.3),the resolutionprotocolmustgenerate
a unified and mutually agreedupon setof issuesfor the agentsto negotiateover in the first place. This
requirementanbe capturedby a protocolthatincludesa pre-negyotiationphase whereagentsenumerate,
discussandselectwhich of their goalsarein conflict andneedto be resohed. Furthermoresincein an
opensystemthe spaceof possibleconcernsanevolve continuouslythe negotiationprotocolmustspecify
whetherthis mutuallyagreediponsetof issueds staticor canbeaddedo or deletedhroughouthenegoti-
ationphase For example theinclusionof issuednto the nggotiationsetis often permittedandfunctionsas
a“side-paymentalteringthe dynamicsof the negotiation(Binmore& Dasguptal989). Lik ewise, “noisy”
issuesmay be removed eitherbecausehey jeopardizesuccessfuhegotiations,thus helping escapdocal

minimain the neggotiationdynamics,or becausé negotiating over the root causesof numepusdisagree-
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mentansometimese more cost-efectivethannegotiatingover ead individual disegreemensepaately’
(Durfee1998).

2.2.3 Solution Quality

The quality of anoutcomemeasuresiow goodthe outcomeis from the perspectie of eithertheindividual
or the society(individual and joint welfare respectiely). Consideratiorof the quality of the wrappers
output(a contractto thedomainproblemsolver) mustbe consideredn the wrapperdesignprocesgor two
reasons.

Firstly, aswasdiscussedn section2.1.2,the motivationsof the domainproblemsolver canbe either
self or group interested(selfishand benevolent respectiely), correspondingo increasingthe individual
or the groups’quality of the final outcomerespectiely. This motivationalstancecanthenbe usedby the
wrapperasadecisioncriteriaabouthow to behavein negotiation. For example,in the contect of aminimum
taskload andplentiful computationalesourcesthe domainproblemsolver may prefersolutionsfrom the
wrappetthatincreaseshesatisaictionof all partiesinvolvedin negotiation(the problemsolveris motivated
by joint welfare). Alternatively, undertime pressuresr wherethereis alargetaskload,a domainproblem
solver may be satisfiedwith a lower individual solution quality (the problemsolver is motivatedby task
completion). Therefore,a notion of solution quality is neededhat objectively measureshe outcomeof
negotiationsfrom both a local individual perspectie and a global social perspectre. As will be shovn
later, the quality of a solutionis closelylinkedto theboundednessf anagent(seesection2.2.8).

Anotherjustificationfor having a measuref solutionquality, independentlpf the motivationsof the
domainproblemsolver, is thatthe joint welfare canbe increasedlirectly asa consequencef describing
servicesn amulti-dimensionaimanner Quantitatve models(seechapterthree)oftendistinguishbetween
zero-sumandnon-zerocsumgamegGibbons1992)(or distributive andintegrative negotiationsrespectiely
(Raiffa 1982)). Zero-sumgamesaredefinedasgameswherethe additionof the individual payofs for an
outcomesumto zero. More formally. Let I bethesetof n agents.Let S be the spaceof joint strateies,
S =51,...,5, (for example,defect,defecttratgiesin the Prisoners dilemmadescribedn section2.1.2),
eachagentchoosingrom afinite setof individual strat@iesS; = o1, - - -, 04 (20ain the strateyy choices
aredefect,coopentein the Prisoners dilemma). Let P be a setof payof functions P; for eachplayeri,
eachof whichis of theform P; : S — IR (the prisonsentencesssuedn the Prisoners dilemmadescribed

section2.1.2). Thena zero-sungameis definedas:

Vo € S.) Pi(o) =0

i=1
wherethe payofs alwayssumto zero. Poler is a classicexampleof a zero-sumgamebecausavhatever

money is won by oneagentis necessarilyost by the others.It follows thatin atwo playerzero-sumgame
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theinterestf theagentsarein conflictandselfinterestechgentswill attemptto maximizetheir minimum
payof (maximincriteriaof rationality—aplayertakesanactionandtheopponenteactswith its bestaction,
which dueto the natureof the zero-sumgame,resultsin the minimum outcomefor the player (Binmore
1992)).

Therearealsoconstanisumgameswherethe agents’payofs alwayssumto a fixed constant (Bin-
more1992).1t canbeshavn thatary constant-sungamecanbe changednto anequivalentzero-sungame
by simply subtractinghe constant from all of oneof the player’s payofs (Binmore1992).

In non-constansumgames(or integrative bagaining),on the otherhand,the interestsof the agents

arenottotally antagonisticA non-constansumgameis definedas:

do,0 € S.ZP,-(U) # ZP,-(UI)

=1 =1

whereat leastone stratgy combinationis betterfrom the view point of the group. This allows agentsto
searchfor mutuallymoresatistctoryoutcomegcalled“win-win” bamaining(Raiffa1982)).In integrative
negotiationinvolving anumberof issuest is nolongertruethatif onepartygetsmoretheothernecessarily
hasto getless;they bothcangetmore (Raiffa 1982).

Therefore someobjective measure(spf the quality of outcomesansene asabenchmarkn (empiri-
cally) analyzingthe performancef the developednegotiationreasoningnechanism(s)giventhattheoret-
ically multi-issuenegotiationsshouldresultin betterglobal outcomeshanpurely conflicting singleissue

negotiations.

2.2.4 Decisions Actions, Strategiesand Rationality

Giventhedesiredgoal state thewrappers coordinationrmoduleis thenfacedwith thetaskof how to trans-
form the currentworld stateto the goal state,in suchaway asto not only satisfy eitherfully or partially,
its own goal(s), but perhapsalso the goal(s)of othersinvolved in the interactions. This task can either
be viewed as problemsolving or decisionmaking(Laughlin 1980). This distinction expresses division
betweencoordinationtasksthat involve the constructionof resolutionalternatvesthat are demonstrably
correctandtasksthatinvolve decisionmakingwhenno objectively correctanswerexistsandtheresolution
procese&mphasizetheselectiorof alternatvesbasednanagents preferencesProblemsolvingcoordina-
tion tasksarebettermodeledusinganargumentatiorbasednechanisnfWalton & Krabbel1995),requiring
explicit communicatiorof high level objectslik e justifications,argumentsandbeliefs (seesection2.2.1),
whereargumentsandjustificationssene to modify others’beliefs (recall the taxonomyof differenttypes
of coordinationtechniquessuchaspersuasionargumentatiorand negotiation,basedon their differential
rationale methodologyandeffects). Decisionmakingcoordinatiortasks ontheotherhand,arebettermod-

eledby a ngyotiationmechanismyherethe objectsof communicatiorarepreferences/demandser goals.
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Thetaskof the negotiationwrapperin this body of work is decisionmaking sinceno objectively correct
answerexists, andthe objectof coordinationis an agents goalsandits preferencesver thesegoals. As
will beshowvnin thenext chapteythis decisionproblemhasasolutionin bamgainingmodelsof gametheory
wherethe problemreducego representingreferenceelationshipsquantitatvely as utilities, that satisfy
(ratherthancausg the preferencegNeumann& Morgernsterri944). Rationalbehaiour thenconsistsof
actingasthoughto maximizethis utility function.

Furthermoredueto the privacy of informationandthe uncertaintiesnvolvedin negotiation(seesec-
tion 2.2.6),the conflictresolutionprotocolis likely to beiterative, involving morethanoneroundof nego-
tiations. If agentshadperfectinformationandunlimitedcomputationatapabilitiesthenaresolutioncould
bearrivedatimmediately(Kraus1997a).However, resolutionmaynotbeimmediaten uncertairandcom-
putationallyboundecernvironmentgKraus1997a). Thusagentsarefacedwith a problemof constructinga
sequencef actions(calledastrategy). Thenotionof astratgy is closelytied to the protocolof interaction,
wherestratg@iesaretakento meanthe individual, private,andcentrallyuncontrolledusageof permissible
actionsavailable given the protocolrules of interaction. The decisionproblemis further complicatedby
strictconstraint®nthedecisionmechanismsuchascomputationabr informationallimitations. This latter
pointis describedn moredetailin section2.2.8. In this sub-sectiorthe conceptof actionsandstratgies
aredescribedn moredetail.

The taskof a coordinationwrapperis the formulation of individual actionsfor the agentthroughout
thenegotiationandthe specificatiorof how to combinethesendividual actionsin the courseof negotiation
into a coherentstratgy that achiesesthe goal of resolvingthe conflict, while respecting) the normative
rulesof the protocolandii) theboundechatureof thedomainproblemsolver.

In negotiation,actionscanberoughlydividedinto evaluatoryandoffer generatiordecisioncategories.

Specifically duringnegotiationthe coordinatiormoduleof thewrappemustmake thefollowing decisions:
1. whatis therangeof acceptablagreements?
2. whatinitial offersshouldbe sentout?
3. whatcounteroffersshouldbegenerated?
4. whenshouldnegotiationbeabandoned?
5. whenis anagreementeached?

Thefirst point representshe setof possibleoutcomesdeterminingindividually acceptabldor indi-
vidually rational)settlement®f the conflict over theissues.Note thatthesesettlementegionsareclosely
linkedto the notion of partialandcompletefulfillment of goals,representedsutility values.This rangeof

possibleagreementss formally representeéh section3.1.4. An importantassumptionn this work is that
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this setof acceptableagreementss independenbf the existenceof outsideoptions,a centralassumption
of non-cooperatie gametheoryalso(seechaptetthree).An agentis saidto have anoutsideoptionif in the
courseof nggotiationwith oneagentt hasalreadyestablishedpossiblyatentative,agreemenivith another
agent. The processand outcomeof negotiationis directly influencedwhenagentshave outsideoptions,
giving greaterpower to thosewith morevaluableoutsideoptionsbecausehey canlegitimatelythreaterto
leave negotiations(Corfman& Guptal993).However, ratherthanmodelingtheinfluenceof anagentover
decisiongits power), throughouthis work the rangeof acceptablegreements boundedo zeroutility at
theminimum(the conflictoutcomgZlotkin & Rosencheil992)). Thus,all negotiationdecisionsaremade
with respecto a failure referencepoint (no fulfilment) specifiedby this conflict outcomethat determines
agents’payofsin caseof failureto reacharesolution.

Giventherangeof acceptablagreementandtheinformationhistoryof interaction the chainof deci-
sionsbetweerpointstwo to five above thenconstitutesan agents strategyy. The setof resolutionstratejies

availablecanbe classifiednto the following stratejies®

¢ log-rolling: whereeachagentslightly relaxesits constraintgPruitt 1981). This strateyy is alsooften

referredto asa concessiorstratgy (Pruitt 1981).

e bridging: involving the developmenibf acompletelynew solutionthatsatisfiesonly the mostimpor-

tantconstraintgPruitt 1981).
¢ unlinking: involving overlookingweakinteractionsamongconstraintgPruitt 1981).

e pursuinggoalsindependentlywhereeachagentpursuests goal(s)withouttakinginto consideration
the goal(s)of others(Sycaral 987).

e anti-planning wherean agentforms a plan to preventanotheragentfrom fulfilling its goal(s)or
preventsothersfrom interferingwith its own plans(Schank& Abelson1977). An agentpersuading

anotheragentto abandorits goalsis anexampleof oneanti-planningstrateyy.

The above is not an exhaustie list of stratgjiesthatanagentcanfollow throughoutnegotiation, but
ratherenumerates setof likely coursesof actionsopento anagent. Furtherresolutionstratgiescanbe
composedy combiningindividual stratgiesinto whatwill bereferredto asmeta-stategy, in responseo
the intrinsic or extrinsic conditionsof an agent. For example,dueto the lack of animmediatedeadline
or the percevedimportanceof the given goal, the negotiationwrappermay selecta courseof actionthat
implementsan anti-planningstrateyy. However, in the courseof negotiationthe chosenstratgyy maylead

to adeadlockandnecessitata changeof stratgy to alog-rolling stratgy. Thus,thewrapperis requiredto

SNote that the presentedstrateyy list is for iterative protocols. Thereare a whole wealth of stratgjies accordingto the type of

protocol(Binmore1992).
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notonly initiate a stratey, but alsomonitorand,if requiredreassests applicability, giventhattheagents’

tasksandgoalsmay changen the courseof negotiation.

2.2.5 Commitments
Onceaconflicthasbeenresohed,it is desirableio ensuregheseresolutionsarekeptby all parties.Commit-
mentsfunctionto provide this stability of resolutions Commitmentsareinextricably linkedto thenotion of
trustanddifferentcoordinationmechanismsnodeltrust differently For example,in cooperatie domains
agentamplicitly trustoneanotheysinceit is commonknowledgethatagentsshareacommongoalandper
sonalpreferencesanbe overridden.Non-cooperatie modelsof negotiation,on the otherhand,implicitly
modeltrustthrougha notion of equilibrium (seenext chapter) specifyinga stratgy for eachagentwhere
deviation from thesestratgjiesis individually irrational. Hence trustis self enforcing.

Theproblemof trustis nicely shavn in the simplegameshavn in figure 2.2 by Raiffa. This gamealso
demonstratetherole of commitmentsn morequantitatve modelsof negotiation(Raiffa 1982). Thegame

is anabstractiorof CampDavid negotiationsbetweerisraelandEgypt.

PayOffs
Mrs. Shee Mr. Hee

Up

1 1
U
p Mr. Hee

Down

-1 2
Mrs. Shee
Down 0 0

Figure2.2: CommitmentGame

Therearetwo playersMrs. SheeandMr. Heg playing a gamethat consistsof an alternatingoffer
protocolbetweenthe two players. The permissiblemovesin this gameareup or downandMrs. Shees
giventhe controlto move first. Thenit is theturn of Mr. Heeto move eitherup or down. Therespectie
payofs of eachplayerare shavn on the right handside of the figure. Supposdhe gameis playedonly
once, the playersare fully informed of the rules of the gameand the outcomescores,and thereis no

communicationMrs. Sheemight think asfollows. “If | choosedownthenwe bothget0.8 If | chooseup,

6This line of reasoningassumeshatagentcanmake inter-personapayof comparisonanassumptiorthatwill be returnedto in

thenext chapter
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thenhewill certainlychoosedown sincehewould ratherget2 thanl. Henceif | chooseupI’ll get-1. I'm
betteroff choosingdown(maximizingtheminimumloss,or maximin,stratgy). It is too badwe cannottalk
to eachotherandagreethatwe bothshouldchooseup’. Now assuméhatthe playerscancommunicatebut
thatnow theagreementarenon-binding,or noncommittal. Thegamemightthenbe playedasfollows. Mr.
Heemightsay “it doesnt make sensdor youto choosedown If we bothchooseupthenwe’ll get1”. She
mightrespond:“True. But how do | know thatyou won't switchto downlateron, whenl have committed
to up?”. Her problemis whethershecantrusthim. His intentionsmayindeedbe to commithimselfto up,
now, but later on, dueto someunforeseerevent, he may be forcedto choosedownwhenshehaschosen
up.” After explaining her fearsof his switch shethenproposego Mr. Heethat“I'm goingto choosethe
downalternatve, unlessyou cantake somebinding actionnow to reducethat payof of 2 unitsto a value
belowv 1" (calledfreedisposalby economists(Binmore1992)).

The dynamicsof the gamearealteredif the gameis repeatedaninfinite numberof times. Shewould
thenknow thatif his responseo herchoiceof up wasdown thenin the next stageshewill choosedown®
This outcomealso underlinesthe importanceof repeatednteractions,describedin section2.1.4. This

simplegameshaws the centralrole commitmentgplay in joint activity. As Lessemotes:

Theability to appropriatelboundtheintentionsof agentsandto createandsufiiciently guaran-
teethecommitmentof agentdo accomplistcertaintasksis atthe heartof efficient, organized
behaiour (Lesser1998)

Commitmentsin DAI, areviewedaspledgeso undertale a certaincourseof action(Jenningsl996).
In classicalistributedplanning,it providesa certaindegreeof predictabilityto theagentssothatthey can
takethefuture coursef actionsof othersinto accountwhenthereareinterdependenciesgsourceconflicts
or globalconstraints.

When proposalsare fully binding, agentscannotretracta proposalonceit hasmadeit. Therefore
agentsneedto make surethey “look” beforethey “leap” (Durfee 1998). However, commitmentsanalso
betemporallyboundedanddifferentcoordinatiormechanismsarebasedn differenttime scalesvherethe
commitmentamay be valid. For example,organizationsa coordinationmechanismmodelcommitments
via the notion of roles which arestaticandlong term (Carley & Gasser1999). Whenagentsagreeto play
arole within anorganizationthey committhemselesto complywith the behaiour thattherole andtheir

relationshipsmply (Ossavski 1999). On the otherhand,in the multi-agentplanning paradigm,agents

"This examplenicely shaws the role of turn taking in negotiation, sinceclearly the personthat movesfirst is at a disadantage.
Thisis anotherissuewhich a protocolof interactionmusttake into account.

8However, the gameis complicatedn casesvherethereis a finite numberof iterationsandboth playersknow this number This
canleadto backward inductionreasoningesultingin playingdown The discussiorof this pointis a divergence,but detailsof the

gamecanbefoundin theactualexampleby Raiffa (Raiffa 1982),p. 199.
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committo behae in accordanceavith the generategoint planof future actionsandinteractions However,
sinceplanscanchangedueto unforeseemventsoccurringin adynamicervironment,successfuéxecution
of a multi-agentplan cannot be a priori assumed.Insteadagentsmustre-planand commitmentsmust
be managed.In suchcontets, commitmentscanbe managedhrougha notion of corventions(Jennings
1993)whichi) constrainthe conditionsunderwhich commitmentshouldbereassesseaindii) specifythe
associate@ctionsthat shouldbe undertalen. Corversely a negotiationmechanisnfor coordinationcan
be basedboth on shortor long term commitmentsyherethe procesgdynamicallygeneratesommitments
betweeragents.In caseof failures,commitmentscanbe re-ngyotiated;thuseitheramendinghe original

commitmentor generatinga nev commitment.

Commitmentsandtheir temporalvalidity, becomeincreasinglyimportantin casesf selfishagents.
Commitmentsin such caseshave beenmodeledquantitatively (from gametheory) by conditioningthe
commitmentto a contract(calledcontingencycontracts(Sandholml1999)) on the probabilisticallyknown
future events—thats, the obligationsof the contractare madecontingenton future events(Raiffa 1982).
If this approachis adoptedthen Sandholmidentifiestwo issuesthat needto be addressedor modeling
commitmentsfor automatedand selfishagents(Sandholm1999). Firstly, contingeng contractsmay be
goodfor asmallnumberof events,but theremaybe a potentiallycombinatoriakexplosionin the numberof
eventsin realworld problemshatneedto beconditionedon. It is oftenpracticallyimpossibleto enumerate
all possiblerelevantfutureeventsin advance.Secondlytheverificationof theoccurrencef aneventamong
selfishagentds problematic becauseventsmay only be obsenableby a singleagentwhich may have an
incentiveto lie. Thus,to beviable,acontingeng contractneedsamechanismo correctlydetectandverify

eventsthatis not manipulablecomplicatedor costly.

2.2.6 Information

An essentiatomponenbf any decisionrmakingis information. Informationis informally definedasknowl-
edgeaboutall thosefactors,bothintrinsic andextrinsic to the decisionmaker, which affectsthe ability of
anindividualto make choicedn ary givensituation(Young1975). Thesefactorscorrespondo thecontents
of the Self and Acquaintancecomponent®f the wrapperin figure 1.1 respectiely. As mentionedearlier
in mostDPSsystemsegotiationprotocolsareusedto inform agentsof the plansandgoalsof otheragents.
Indeed,if agentsheld completeknowledgeof the goals,actionsandinteractionsof otheragentshenco-
ordinationwould not be neededremoving the problemmentionedn sectionl), sinceagentsvould know
exactly the currentandfuture stateof otheragents.However, the perfectknowledgeassumptioris often
invalid in realworld contexts. This meansit is necessaryo include mechanismsvithin the wrapperfor
handlingsourcesf uncertaintyover the plans,goalsandactionsof otheragentsduring interactions.The

aim of this sectionis to elaborateon the sourcesandsolutionsto the uncertaintyproblemin coordination.
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2.2.6.1 Uncertaintyandincompletelnformation

The availability of informationinvolving choicesamongalternatvesis centralto an individual’s choice.
However, in nggotiationtheavailability of informationaboutthepotentialchoicesof otheragentsintroduces
afurtherdegreeof compleity into anindividual’s decisionmakingprocess.The mostimportantsourceof
uncertaintyin negotiationis thebeliefsof theotheragent(s)and,aswill beshavn below, theseuncertainties
directly influencethe processesnd outcomesof interactions. If an agentis economicallyrational, as
modeledin this thesisthenthe goal of the agentis to maximizeits utility. Whatis uncertainis how (what
strat@y) agent(stake to achieve their goal.

A conditionfor coherencef a multi-agentsystemandconflict avoidanceis reasoningaboutthe non-
local effectsof local decisiongseesectionl.3). However, if thebehaiour betweertwo membermnf agroup
involving a choiceof actionis contingenonthatindividual's estimate®f theactions(or choices)f others
in thegroup,thentheactionsof eachof therelevantothersarebasecn a similar estimateof the behaiour

of groupmemberstherthanitself. Thisis referredto asstrateic interaction(Sl). As Rapoportnotes:

stratgyic behaiour will occur whenever two or more individuals all find that the outcome

associatedvith their choicesarepartially controlledby eachother(RapoportL964).

Most rational decisionmaking modelshave often ignoredthe issueof uncertaintyby assumingperfect
information(Young1975). The modelsthereforeassumehe ervironmentof thedecisionmalker is fixed or
elsetreatit asif it werefixed. The ervironmentof a decisionmaler is fixed by assuminghat eitherthe
valuesthatdescribeheervironmentalvariablesarefixed(e.g. sunry 365daysor a probability distribution)
or by appealingo thelaw of largenumberge.qg.if therearealargenumberof individualsinvolvedin agiven
activity, suchasthe economytheneachindividual is perceved asinsignificant(Young1975)). However,
whereaghe conceptof informationis reasonabhstraightforvardin choicesituationsinvolving a decision
makingenvironmentwhichis fixed,or canbetreatedassuch,the concepitself becomesambiguousunder

conditionsof stratgic interactionsandconsequentlyiegotiation,sincenegotiationis strateic itself.

2.2.6.2 SingleAgentinformationRequirements—Fixd Environment
Evenif no strateic interactionsoccur, the rational decisionmodelsidentify the following information

requirementsor a decisionmaker (Young1975)?
1. asetof alternatve outcomes
2. asetof preferencesver outcomes

3. anattitudetowardsrisk

9Much of thefollowing expositionis classicgametheorybasicsandthereadeiis referredto text bookssuchas(Gibbons1992)for

amorein-depthexpositionof the concepts.
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4. asetof mechanism$or uncertaintymanagement

Thefirst requirementamountso the problemof identifying the decisionmaker’s context by specifyinga
rangeof distinctalternatveswhich the individual mustchoosefrom. Normally this is solvedin deductie
modelsby assumingthat theseoutcomesare given on an a priori basis(Gibbons1992). However, this
assumptiodeadsto two furtherdifficulties. Firstly, in somecontexts the setof alternatve outcomesanbe
infinitely large. For example,therecanbe aninfinite division of a cake, or adollar, or ary divisible good.
This problemis addresseth moredepthin section2.2.8. Secondlythe assumptiorabstractsway all the
problemsassociatedvith shifts (by addingor removing alternaties)in the rangeof alternatives,a context
thatis realizablef agentsarepermittedto alterthe setof issuesnvolvedin negotiation,therebymodifying
thepossiblesetof outcomes.

The secondrequirements that the decisionmaker mustalsohave a completeknowledgeof its own
preferenceorderingsor utility function. Thatis, theindividual mustbe ableto createa confidencaanking
of all thealternatvesin its ervironmentin termsof its preference Furthermoreijt is assumedhatif each
alternatve representa certainoutcomethedecisionmaker needgo: i) only specifyits preferencerdering
in ordinaltermsandii) thesepreferenceorderingaretransitve and consistenpver time (Gibbons1992).
However, the presenceof uncertaintymakesit impossibleto characterizalecisionsperfectly Therefore,
the decisionmaker needsnformationaboutthe probabilitiesassociatedvith variousoutcomesn orderto
make a rationalchoice. Thusthe decisionmaker describests ernvironmentin termsof fixed probabilities
andthereforespecifiedts preferencerderingsin cardinalterms.

Finally, in caseswvhereit is not possibleto calculatethe probabilitiesin ordinal or cardinalterms,the
decisionmalker requiresknowledgeof sometechnique(sfor handlinguncertainty However, problemsof
this kind aredifficult to dealwith whenthe phenomenareintrinsically non-iteratve because¢he decision
maker cannoteven attemptto calculateprobabilitiesin termsof empiricalfrequenciegYoung1975). A
possiblesolutionis to assumehat the individual makes subjectiveprobabilities. Subjectve probabilities
is a distribution that characterizeand agents degree of belief (Russell& Norvig 1995). However, this
abstractsway the questionof how individualsobtainspecificvaluesfor subjectve probabilitiesespecially
with respecto eventsthatarenon-iteratve. One-of encounterbetweeragentsn anopensystemarelik ely

to benon-iteratve, whereagentaneet,interactanddisappear

2.2.6.3 DyadInformationRequirements—Dynamignvironment

The problemof dealingwith andmanagingnformationis extensive even whenthe ervironmentis fixed.
However, the introductionof strateic interactionsexpandsthe setof informationrequirementsgor a deci-
sionmaler (section2.2.6.2)to includeinformationdescribingthe probablechoicesof others.This, in turn,
introducesadditionalproblemsfor anagentin i) identifying othersuponwhosechoiceits own choicesare

contingentandii) acquiringinformationaboutthe probablebehaiour of theseindividuals.
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Onesolutionto the latter problemis to remove stratgic interactionsaltogetheby forming confident
expectationghroughacquiringinformation (Young1975). For example,an agentmay confidentlyexpect
(the derivation of which will be explainedbelow) thatthe otheragentwill call backwhentheir call was
cut off, sothereis no needto call. Thenwhena decisionmaker discoversits choicesareinterdependent,
it should, at best,acquiresufiicient information aboutthe relevant other(s)to form accuratepredictions
of their choices,or, at least,form confidentexpectationsconcerningtheir probablebehaiour. Thenthe
decisionmaler’s choiceproblembecomes gameagainstnature(Young1975). Complicationscausedy
strat@ic interactionswould no longer exist sincethe choicesof other(s)would no longerbe contingent
on its choices. Thusthe agentwould be ableto treatits decisionmakingervironmentasif it werefixed.
However, thisis only logically possible sincethe conceptf stratajic interactionmeanshy definition, that
the choicesof otherswill dependon the choicesof the decisionmaler. To eliminatestratayic interactions,

thedecisionmaker is assumedo requireto know:
1. therangeof alternatvesavailableto others
2. their preferencerderingsover thesealternatves

3. the probability distribution affecting the otherindividual’'s choicesandattributableto naturerather

thanthe presencef strategic interactions

4. others’reactionto, andtechniquedor, copingwith strateic interactionssincethey arefacingthe

samepredictionproblems

Furthermorejt is assumedhatthe decisionmaler knows the identity of the othersandthatthey are
rational. However, in opendigital systemsanindividual is fortunateif it canidentify othersyetaloneknow
pointsoneto four above (Cranor& Resnick2000).Evenif rationaldecisionmodelscancopewith thefirst
threepointsabove,theproblemstill remainghatotherindividual's effortsto copewith stratayic interactions
will be contingenton the behaiour of other(s)whoseefforts in turn dependon the first individual. This
is commonlyreferredto asthe out guessingegressproblemandits occurrencenakesthe procedureof
forming accuratepredictionsor confidentexpectationsmpossible(Luce & Raiffa1957).10

However, decisionmakersare capableof makingchoicesunderconditionsof stratgjic interactionsin
therealworld—wheneera decisionmaker doesmake a choicehe automaticallyeliminatesor reduceghe
stratgyic aspectof interaction(Young1975). Thereforejn designinga negotiationwrapper onecanlook
for modelswhich accuratelyexplain andpredictthe actualproblemsolving processemvolvedin strateic

decisionmakingsincereal socialsystemsave developedsolutionsto the SI problem.

101n fact, if onedecisionmaler is irrational, by ignoring the factthatits choicesare dependenon other(s)(i.e behaesin avery
stylizedfashion),thenthereexists a chancethata rationalindividual canaccuratelypredictthe irrational individual’s behaiour and

henceescapingut-guessingegress(Young1975).
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Thereareseveralmethoddor handlingstrateyic interactiongn therealworld thatcanbeimplemented
by acomputationaprotocol. Onesuchmechanisnis to make the decisionof all the participantssequential
ratherthansimultaneougor independenandthe encounteis restrictedto a singlemove (Gibbons1992)).
Sequentialnteractiongpermitagentso evaluatetheir beliefs, givenan obsenation. Sl canalsobe elimi-
natedor reducedy formulatingsubjectve estimate®f theprobablechoicesof other(s).If successfulthen
theagentfixesits decisionmakingernvironmentandthe Sl problemis removed. However, the formulation
of subjectve estimatesaisestwo otherproblems.Firstly, asmentionedabove, in somecontextsit may be
inappropriateo assignprobabilitiesto outcomeghatareinfinitely large, suchasdivision of a dollar. Sec-
ondly, formulationof subjectve probabilitiesleadsto “silent out-guessing(Young1975). A designerof a
negotiatingagentmayuseany numberof heuristicsin makingtheseestimatesbut theresultwill behighly
subjectve becausehey will be basedon guessesboutthe probablechoicesof others,whosechoicewiill,
in turn, dependon guessesboutthe probablechoicesof the first. Therefore the processof formulating

subjectve estimateswill involve somesilentout-guessing.

Uncertaintyin decisionmaking canalsobe handledby attemptsto manipulatethe decisionmaking
environment(Young1975). More specifically the choicesof othersaremademorepredictableby gaining
asmuchinfluenceor leverageover their behaiiour aspossible(Pruitt 1981). Undercompletecontrol, the
behaiour of othersis predictableso the problemof Sl disappears.An agentcan gain control of others
eitherthrougha pre-specifiedbrganizationaltructureor via variousmanipulationtactics(suchaslying)
in the information othersutilize in their decisionmaking processe¢Rosenschei& Zlotkin 1994). The
effectivenes®f thelattertactics, however, musttake into accounthatothersmayalsobe usingsuchtactics
in manipulatingthe agents informationset. Sl canalsobe overcomethroughorganizationaltypologies
that have formal structuresand communicationchannels. Simon quotesan illustrative example which
demonstratethe role of organizationsn decisionmaking: It is not reasonableo allow the production
departmentnd the marketing departmenin the widget companyto male independengestimatef next
year's demandor widgetsif the productiondepartments to male the widgetsthat the market department
is to sell. In mattes like this, and also mattess of productdesign,it maybe prefemblethat all therelevant
department®perateonthe samebodyof assumptionsvenif....theuncertaintieanightjustify quitea range
of differentassumptionsln facinguncertainty standadizationandcoordination,achievedthroughagreed-

uponassumptionandspecificationsinaybe more effectivethan prediction(Simon1996).

Thereforeuncertaintyis absorbedy the organizationaktructurethroughcoordination. In the work
reportedhere the protocolof interactionis for bi-lateralnegotiation,wherethereis no organizationaktruc-
ture. Furthermore the protocol treatseachagentsymmetrically meaningthat no one agenthasdirect
control over another Thereforeno oneagentcancontrol, or hasmore power over, the other(s),thereby

influencingtheir decisionmaking.
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Sl canalsoberesohedby transforminga givenrelationshipqualitatively (Young1975). Thatis, some
third partycanstratagically interveneby imposinga settlemenbf theissues.Judicialandgovernmentaén-
forcementmechanismaretwo examplesin therealworld wherethe settlements throughtheintervention
of athird partywhoimposests will ontheparticipantgatherthanasettlemenbasedntheactuities of the
individualsthemseles. Undertheseconditions,sofar astheindividualsareconcernedthereis no longer
ary Sl. However, the mechanismis no longernegotiationsincenegotiationordinarily refersto the settle-
mentof the situationinvolving Sl throughthe actiities of the original participantshemseles. Situations
involving interdependentiecisionmaking canbe partially transformedasabove, but without producing
a determinatesolutionfor the issues.Arbitration andfacilitation are suchmechanismswherenegotiation
interactswith suchtransformingprocedure$Cross1969).

Alternatively, an agentengagedn S| may attemptto acquireadditionalinformationaboutthe other
agent(s).Although not directly solving the S| problem(becausehe choicesof other(s)will still depend
on choicesof the agentno matterhow mucheffort is directedtowardscomputingprobablebehaiours),
this proceduramay helpin the formulationof subjectve estimate®r the selectionof specificstratgiesin
the negotiation. In additionto this feedforward (predictionof the future throughexpectationformationto
dealwith uncertainfuture events),an agentcanalsousefeedbacko correctfor unexpectedor incorrectly
predictedactionsof other(s). Therefore,adaptive decisionmaking canremainstableeven throughlarge
fluctuationsin the ervironmentthrougha feedbackcontrol.

Finally, notethatthe choiceof an uncertaintyhandlingmethod,implementedby a protocol,alsodi-
rectlyinfluenceghesolutionquality (section2.2.3)andtheefficiency of theprotocol.For example,asingle
move sequentiaprotocolmayresultin loweringthe quality of outcomega singlemove preventssearctfor
“win-win” outcomes)but may be moreefficientin termsof speed.Corversely aniteratedsequentiapro-
tocol may resultin betteroutcomesbut at the expenseof lower efficiency. A designerof a negotiation
protocolmustthereforebe aware of thesetradeofs betweersolutionquality, the efficiency of the protocol

andtheamountof informationit assumesgentshave aboutoneanotherin reachingagreements.

2.2.7 Time

As notedin the previous chapter(section1.4.3)time is a significantfactorin decisionmaking!! Indeed,
time is animportantfeatureof all complex anddistributedsystemgBond & Gasset1988).ClassicAl the-
oriesarelimited in modelingsuchsystemsecausehey emphasizeaot only singleagentsput alsostatic
andatempoal ervironmentswheretheonly sourceof changevastheagentoperatingn apredictableand
staticervironment(Russell& Norvig 1995). However, complex systemsare characterizedby interacting

subcomponentsperatingin realtime anddynamicervironments.Thus,theoriesareneededhatnot only

1whenthe United Statesnegotiatedwith the North Vietnameseoward the closeof the VietnamWar, the two sidesmetin Paris.

Thefirst move in the negotiationwastaken by the Vietnamesethey leaseda housefor atwo yearperiod(Raiffa 1982).
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modelmulti-agentsput alsotheir operationin dynamicandtempoal ervironments.
Time affectsthe procesof negotiationin two ways. Firstly, decisionprocesseareaffectedquantita-

tively by time:

....thepassagef time hasa costin termsof bothdollarsandthe sacrificeof utility which stems
from the postponementf consumptionandit will be preciselythis costwhich motivatesthe
wholebamgainingprocesslif it did not matterwhenpartiesagreedit would not matterwhether
they agreedatall (Cross1969).

Therefore time manipulateghe preference®f the agentsthroughtheir attitudesto time-dependent
costs.Secondlytime alsoinfluenceshe qualitativenatureof interactionshy constrainingandlimiting the
computationabnd communicationatesourcesieededor interaction. Sinceinterdependenactiities are
temporallysequencedfor examplethe designprocessf BT), activities of individualsareoften subjectto
soft or hardtime limits thatdirectly influencethe rationality of anagent.Rationality or the ability to “do
theright thing” (seesection2.2.8),requirescomputatiorand communicatiorresourcesHowever, if time
limits mustbe metfor joint actiities thenconflictsmustbe resohed andagreementseachedwithin these
time limits. Thismustbeachiezedwith limited computationahndcommunicationmesourcesagentsio not
have infinite time to reachagreementsThus,the presenc®f differenttime limits requiresbothsimpleand
communicatiely lessexpensve coordinationdecisionmechanismsand more complex mechanismghat
take moretime andmaybe morecostlyin communication As will beshavn in thenext chapteytheissue
of time hasbeencentralto formal gametheoreticmodelsof negotiation, that specify optimal behaiour,

instantlyattainableby agents.

2.2.8 BoundedRationality

Anothersourceof uncertaintyin decisionmakingrelatesto thelocal compleity of computation.In chess,
for example thesizeof the statespaceof the game(movesby bothplayers)is 351%° (Marsland& Schaefer
1990). Hence thereis no time to computethe exactsequencesf actions.Instead onehasto guesgmake
uncertaindecisionslandactbeforebeingcertainof which actionto take. This trade-of betweeraccurayg
andtime costsis alsoreflectedin negotiationdecisionswhereagentsaretime boundedand mechanisms
areneededhatrespecthis constraint.Theaim, thereforejs to producegood ratherthanoptimalsolutions.
The compleity of computationis shavn in the ADEPT negotiationscenariofor the DD agent,the
client of the survey_customersite service,over two issues,(price and quantity). Associatedwith each
issueis theresenationvalueof thatissue representinghe constraintfor anissues value. Let thesereser
vationsbe representeasthe pair [min, maz]—][1, 20] and[2, 10] for price and quantity respectiely.'?

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

12Conceptsuchasresenationvaluesandutility aregivenaformal semanticsn proceedinghapters.
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contract. The decisionproblemof anagentis thento generatea contractthat maximizesthe utility of the

contract.The ervironmentof this decisionproblemis representedsa utility state-spacproblemin figure

1.0 _| ___» Concession
____  Trade-off

— Boulware [P

Utility

0.0

Figure2.3: SearchStateSpace

2.3. Theinitial statemaybe the contractoffer (1.0, 10.0), correspondingo maximal satishction of the
agents preferencesor utility of 1.0. This is one possiblestartingoffer becausean agentcan offer ary
contractwith differentutility valuesaccordingto its stratey. The final statein figure 2.3 canbe ary of
thestateghatcorrespondo wherenggotiationhasterminatedsuccessfullyor unsuccessfullynotshovnin

figure 2.3 becausehefinal stateis mutually selectedy thetwo agents).

Agentstraversethe graphof the state-spacesingthe state-spaceperators (actions). Operatorscan
be: i) concedeon utility (shovn asdashedarrows in figure 2.3), ii) to demandexactly the samecontract
correspondindo the sameutility state(calledboulwareandshavn asthe dash-dot-doarrows), or alterna-
tively, iii) demandthe sameutility but of a contractthatis differentto the previously offeredone (shavn
assolid arronsin figure2.3). A pathis thenary sequencef actions(concessiomr demand)eadingfrom
onestateto another The pathcostis the costof maving from onestateto anotherandthe goal-testis the
evaluationto determinewhetherthe agentis at the goal stateor not. The goal stateis an agreementhat
maximizeseithertheindividual or the grouputility accordingo theagents motivations(seesection2.1.2).

Giventhis problem(definedby theinitial state,operatorspaths path-costindgoal-test) searchalgorithms
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canthenbedesignedhatselecta sequencef actionsthatleadto a desiredstate.

However, a searchalgorithmfor the above contractnegotiationhasto operatewith two sourcesof un-
certainty Firstly, the clienthasmissinginformationaboutwhatthe sener (SD) agentwill offer. Therefore
it cannotformulatea certainsequencef actionsin the possiblestate-spaceln fact, the clientis unavare
whetheran agreements even possible sincethe information aboutthe overlap of resenation valuesbe-
tweenthe client andthe sener is not publicly known. In additionto this, sinceprice andquantity are
continuousvariables the rangeof possiblevaluesfor eachissueis infinite. This uncertaintyover the over-
lap of the resenation valuesandthe continuousvaluednatureof the issuesmeanshatthe solutionto the
negotiationmaylie atary depth. Likewise, the breadthof the state-spacaddsto searchcomplexity. The
branchingactor(thenumberof sibling statefrom a parentstate)in generals infinitely large. This combi-
nationof i) theinfinite depthof the state-spacei) thebranchingfactorasthe numberof issueds scaledup
from two andiii) the presencef time deadlinesn negotiationleadsto computationalincertaintiesabout
whatis the beststratgy. Gametheoryattemptgo solve this searchproblemby assumingagentsareratio-
nal (thusallowing pruningof segmentsof the searchiree,suchasalpha-betaruningusedin parlorgames
(Knuth & Moore 1975))and supplementinghis assumptiorwith protocolsthat: i) constraininteractions
(for example,a sequentialpneroundprotocolcanreducethe depthof the searchreeto onelevel deep),i)
supplythe agentswith additionalknowledgeso asto betterdirectthe searchpr iii) eliminatethe needfor
searchon behalfof the agentaltogethery publically supplyingall the agentswith the informationabout

which stratgjiesareoptimal.

Computation,in general,functionsto reachdecisionsthat are betterthan no computation(suchas
randomnesspr thatresultin successfubutcomes.However, differentcomputationshave differentcosts,
aswell asdifferentlik elihoodsof resultingin successfubutcomesThus,in additionto developingsearch
algorithmsthereis alsoa needfor reasoningaboutcomputation(meta-reasonin{Russell& Wefald 1991)).
RussellandWefald call this meta-level rationality (or P;)—the capacityto optimally selecthecombination
of actionand computationas opposedo perfectrationality (or P;)—the capacityto generatesuccessful
behaiour given availableinformation (Russell& Wefald 1991). The evaluationof which searchshould
be implementedcanthenbe delggatedto a meta-level reasonemwhosedecisionscan be basedon factors
suchastheopponents percevedstratayy, theon-line costof communicationtheoff-line costof thesearch
algorithm (or its path cost), the structureof the problemor the optimality of the searchmechanismn
termsof completenes§finding an agreementvhenoneexists), the time andspace(measuredis memory
requirementsgompleity of the searchmechanismand the solution optimality of the mechanismwhen
morethanoneagreemenis feasible. The combinationof this evaluationfunctionanda descriptionof the
permissiblemechanisnstatetransitionscanthenbe usedby a meta-level reasoneto selectamongsthe

availablesetof mechanisms.
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2.3 Summary

Thekey issuedn thedesignof a negotiationwrapperarchitecturavereinformally identifiedin this chapter
Thesdssuegelateto how thesizeof asociety(section2.1.1) themotivation(section2.1.2)andthefrequen-
ciesof theencountergsection2.1.4)of theindividual agentsconstrairthe choiceof modelsof negotiation.
Also discussedvastherelationshipbetweerthenormatverules,thecontentandthelanguageequirements
of anagentcommunicatiorprotocol(section2.1.3)andthe computationatonsiderationsf how thechoice
of this protocolinfluencesthe quality of final outcome(section2.2.3),the levels of uncertaintiegsection
2.2.6)andthecommitmentsnade(section2.2.5). Thenatureandtherole of theobject,or issuespf negoti-
ationwerealsooutlined(section2.2.1)aswerethe problemsof theiridentificationandmodification(section
2.2.2). Thedecisionmakingof the individual agentwasthenpresentedsection2.2.4)andshavn to be a
highly uncertainactiity, requiringvariousuncertaintymanagementethodologiessupportedy different
protocols(section2.2.6). Decisionmakingwasalsoshowvn to occurundertime restrictions(section2.2.7)
andlimited computationatapabilityof the decisionmaker (section2.2.8).

Theadoptedoositionin this researcloverthesekey issueds to developadecisionarchitecturdor the

negotiationwrapperthat:

e supportsone-of bi-lateralnegotiations. Many-to-mary, mary-to-few andone-to-maw negotiations
have beensuccessfullymodeledthroughmarket, voting and auctionmechanisms.Computational
modelsof bi-lateralnegotiationlag behind.As a simplifying assumptionagentaareassumedo meet

only once.

e supportshoth selfishandbeneolenttypesof attitudescorrespondingo maximizationof individual

andglobalwelfare(or solutionquality) respectiely.

¢ supportshe requirement®f aniteratedandsequentialntegrative negotiationprotocol. This proto-
col is chosenbecausénformationis assumedo be private and negotiationover “packages’trans-
formsfully conflictinggamesnto partially conflictingones,whereagentscansearchor betterjoint
outcomeqincreasedylobal solutionquality). Furthermorethe wrapperdecisionarchitecturemust

supportthe permissiblemodificationof the “package”duringthe courseof negotiation.

e supportsawide rangeof negotiationstratgjiesgiventhatagentsarenot only undertime, information
and computationatonstraintsput they have differentmotivations. Thesestrat@iesareintroduced
as medanismsand function to direct the agents’negotiationdecisionmaking. One mechanisma
depth-firsistrateyy (seefigure2.3),is formally presentedsresponsivenedanism(seechaptethree),
wherethe depthvisited is a function of concessiomate, which itself is a function of the resources
left in negotiation,the time limits in negotiationandthe behaiour of the otheragents.Othermore

comple searchstratgjies(not shawvn in the figure 2.3) implementa combinationof depth-firstand
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breadth-firsistrat@ies. This mechanismcalledthe trade-of metanism searchegor contractshat
have the sameutility asa given statenode,but which may lie at differentdepthsor breadth=of the
utility state-spaceThus,thetrade-of mechanisntanexploreothernodes’siblings,asopposedo the
siblingsof the givennodealone.Finally, amechanismgalledtheissue-semanipulationmedanism
is alsoprovidedthatre-formulateghe problemby changinghebranchingactorthroughtheaddition
or retractionof issuesn the negotiation. As will be shavn later, eachmechanisnalsoimplementsa

differentgoal-tesfunctionthatevaluatesvhethera goalstatehasbeenreachedr not.

e supportsfull and shortterm committedcontracts The contractsare re-negyotiable. The contracts
may also function as representationfor other commitmenthonoring coordinationmodelsduring
the serviceexecutionlife cycle (seecommitmentmodelin figure 1.1). Thus,the choiceof whether
to initiate re-negotiationor enactotherrecovery processess directedby the commitmentmodel,
is left to the domainproblemsolver (possiblemodelsof which choiceto make may be basedon
a decisiontheoreticcostbenefitanalysisof re-neyotiation versusthe executionof somemodel of
commitment). The contractrepresentatiomlso supportsboth commitmentfailure recovery during

the serviceexecutionandserviceprovisioningphases.

Againstthis backgroundthe aim of this researchs to instantiatetheseselectedssuesandassociated
simplification assumptionsnto a practical negotiation framework that successfullysolvesthe problems
of the two target domains. Moreover, this framevork shouldbe configurableso that it can be evolved
into otherdomainswith a minimal amountof effort. The assumptionsmethodologyandsolutionsof the
researchreportedherearecomparechext in thefollowing chaptemwith gametheoreticbamgainingmodels

of negotiationandselecteccomputationamodelsof theissueddentifiedin this chapter



Chapter 3

RelatedWork

In the previous chaptera setof importantcognitive (informational), affective (choice)and conative (ac-
tion) issuesinvolved in negotiation were identified and emphasized.The secondphaseof the wrapper
designis the modeling of theseissues. To this end, this chaptercritically reviews candidatemodelsof
theseissuesjn particularanalyzingtheir applicationadequag andassumptionsfor the taskof modeling
the wrappersystem. The contentof this chapterwill be concernedwvith modelsof negotiation utilized
by the wrapper(coordinationmoduleandthe associatednformation models,figure 1.1). This emphasis
on the negotiation,ratherthanthe communicationaspectof coordinationis because¢he communication
aspechbf this researchs not novel. Communicatiorprotocolsuchasthe KnowledgeQueryandManipu-
lation Languagg KQML) andthe Foundationfor Intelligent PhysicalAgents(FIPA (FIPA97 1997))agent
communicatiodanguaggACL) have beenproposedastwo solutionsto theagentcommunicatiorproblem.
KQML is alanguageanda protocolfor exchangingnformation(Nechestal. 1991,Finin & Fritzson1994,
Huhns& Stephend999)andFIPA ACL is also,like KQML, alanguagehatallows agentdo communicate
betweerthemselesusingmessagegcommunicatie acts). However, whereaghe semanticof the KQML
performatveswere describednformally by naturallanguagedescriptionsthe FIPA ACL wasdesigned
to carry a clearersemantics.The communicatiorprotocol of this thesisis simply a setof primitivesand
associatedulesfor theirusage.

The subjectof negotiatedcoordinationhasreceved anin-depthtreatmentfrom a numberof diverse
fields,suchassocialwelfaretheory(Arrow 1950),socialpsychology(Pruitt 1981),economicgseesection
3.1belaw), marketing (Curry, Menasco& vanArk 1991),organizationatheory(Carley & Gasserl999),
operationresearchi{Shehory& Kraus1995),andmorerecentlyDAI (seesection3.2 below). However, for
thereasongresentedn the previouschapteronly decentralizeanodelswill bereviewedhere.

Furthermore sincethe concernof this work is negotiationfor two agentsasopposedo large scale

societies,coordinationmodelssuchas market mechanisms, voting and auctionsare excludedfrom the

1Furthermore sinceservicesin this work are unique (as opposedo beingan unrestrictechumberof commodities)and are not
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review process(see(Sandholm1999)for a comprehensie review of thesemechanisms).The classof
coordinatiormodelsof particularinterestin this work arebamainingmodelswhich arederivedfrom Game
Theory Gametheoreticmodelsof baigainingarediscussedn section3.1, followedby DAI extensionsof
thesemodelsfor computationasystemsin section3.2. Finally, the overalladequag of bothapproachets

discussedhn section3.3.

3.1 GameTheoretic Models of Bargaining

The centralfocusof economicmodelsis the rationalallocationof scarceresourceghroughcoordination
mechanismsuchas marketsor bagaining (Binmore & Dasguptal989). The classof modelswhich are
of directrelevanceto this researctarethe micro economicmodelsof GameTheory(asopposedo macro
modelswhich model perfectcompetition(Gibbons1992))which replacethe coordinationmechanismnof
the market by individual bargainingin imperfectcompetitionsituationssuchasbilateralmonopoliegone
seller(monopoly)andonebuyer (monopso)) andoligopolies(few large suppliers(Bannock,Baxter, &
Davis 1992)).

The aims(section3.1.1)andrepresentatie key conceptsof gametheory(sections3.1.2,3.1.33.1.4,
3.1.5,3.1.6and3.1.8)arediscussedh thesectiondelown, beforeagenerabiscussiorof thetheoryof games
is presentedDueto the enormityof the discipline,only the underlyingassumptionsf the classicmodels
arediscussedndevaluatec® A concreteandhighly relevant,modelis thenpresentedn section3.1.7to
illustratesomeof the specificsof this approachWith theexceptionof this casestudy little attemptis made
to coveractualsolutionsfor givenproblemssincethe objectof theanalysigs to determinghe adequayg of

theunderlyingassumptionsf themodels.

3.1.1 Aims of GameTheory

In gametheoryanagentis viewed asanindividual, a firm or somemorecomple organization.A gameis
informally definedastherulesof anencountebetweermplayers who have stratgjiesandassociategayofs
(seesection3.1.5for aformal treatmenbf games) For example therulesof driving specifydriversof the
cars(the players)anda choiceof actionsopento the agentg(to drive on theleft or right hand-side).An
agentthenformulatesits strategy givenits beliefsor knowledgeof the otheragents action. The selected
stratgyiesresultin payofs. For example the gamesvherebothagentdrive ontheleft or onedrivesonthe
left andthe otheron theright handsideof theroadwill resultin payofs of no crashandcrashrespectiely.
Giventheserules,the objectof gametheoryis to analyzewhat arethe players’bestchoices—eitheboth

drive on the left or both on the right handside. As will be showvn formally below, the elementf agame

infinitely indivisible, the generakequilibrium of market mechanismsannotbe used(Varian1992,Kreps1990).
2An explanationof standardgametheory termsand conceptscan be found in ary of the classictext bookssuchasthe highly

entertaining Binmore1992)or (Gibbons1992),both of which arereferenceaxtensvely in this chapter
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are players, actions,information, strategies, payofs, outcomesand equilibria. The players,actionsand
the outcomesarethencollectively calledthe rules of the game A playerthenselectsa strategyy with the

availableinformationat handgiventherulesof the game.The selectedstrateyy thenresultsin a payof.

Themotivationof anagent(or collectionof agents)s reductionistin nature.An agentis anoptimizer
of somefunction, be it geneticprosperityor maximizationof profit (Binmore 1990). The aim of game
theory modelsis to provide a generalexplanationof databasedon a setof assumptions.Concernecby
the prediction, explanationand designof economicsystems,gametheory modelsare motivatedby the
necessityto demonstratéhat a complex systemcanbe describedand predictedwithout recourseo some
hiddenvariableor indivisible hand (Binmore 1990)? Its practitionersasserthatthe modelsdo not claim
thatthisis thewaytheworld is or mustbe, but ratherthe modelsdescribenow theworld couldbe (Binmore
1990). It is this emphasisoon informed designof systemg(ratherthan heuristicapproacheso modeling
interactionswhich hasattractedecentinterestin designingcomputationasystemsasedn gametheoretic
models(Binmore& Vulkan1997,Zlotkin & Rosencheirl992,Rosenscheid Zlotkin 1994,Rosenchein
& Genesereth985,Zlotkin & Rosencheii996,Sandholml996,Vulkan& Jennings998,2000,Kraus&
Lehmann1995,Kraus,Wilkenfeld,& Zlotkin 1995,Shehory& Kraus1995,Ephrati& Rosenscheii994,
Ito & Yano01995).

The methodologicaktanceof classicgametheoryis essentiallytestingthe internallogic of the eco-
nomicmodelsthrough“mind experiments'usingfactualandcounterfactualcasesandsimply ignoringthe
realizability or realismof the hypothesisthereis no needto verify or refutea theory’s conclusionsaslong

asit is logically consisten{Binmore& Dasgupt&l989).

3.1.2 GameTheory VersusSocialChoice Theory

Gametheory (strictly speaking,cooperatie gametheory seesection3.1.3)is closely relatedto social
choicetheory(Arrow 1950),(Guillbaud 1966),(Rosenchei& Genesereti985),(GeneserethGinsbeg,

& Rosencheir1986). However, gametheoryis concernedvith:

¢ the benefitof the individual rather than the group: Social choicetheory specifieshow the group
shouldbehae sothatits actionsare consistentwith somepostulateof rationality. In gametheory,
on the otherhand,therationality principle is imposedon the individual, not the group. Thus,social
choicetheoryseekgo determinghe expectedgrouputility function,whereaggametheoryseekdirst

to determingheindividual benefitsfor eachalternatve, beforedeterminingthe group’s benefit.

3AdamSmithbelieved thatindividualsin asocietypursuedheir own goalsandthegreatesbenefitto thesocietycamefrom people
beingfreeto do so. Eachindividual was*led by an indivisible handto promotean endwhich wasno part of his intention” (Smith
1776).
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e modelingthe conflictpoint The conflict point playsa centralrole in gametheory It occurswhere
playerscan either break-of negotiationandreceie the conflict benefitor continueto reacha deal
whosebenefitis relative to this conflict point. Consequentlythe notionof threatsbecomesnimpor-
tantconcepthatneed€o bemodeled A conflictoutcomes notneededor atheorythatis concerned
with how agroupshouldbehae asasingleunit. Anotherimportantconsequencef theconflict point
is thatit (togetherwith the assumptiorthat agents’cardinalutilities really representrdinal prefer
encesthusmakingit possibleto transformlocal utilities—the so-calledinvarianceassumptiorsee
(Nash1950))eliminatesthe needto malke interpersonatomparisorof benefits.Interpersonatom-
parisonof benefitanformally meanghatagentsanreasoraboutother’s benefits—forexample,“for
agreementd | will receve a benefitof X andthe otheragentwill receve the benefitY™. In social
choicetheory a singlegroupdecisionrequiresan exogenousspecificatiorof the relative weightsof
eachindividual,implying theneedfor interpersonatomparisoramongagentgHarsatyi 19671968).

Therefore socialchoicemodelsrequiremoreinformation.

In thisthesistheimportanceof theindividual'srationalityis, like gametheorymodels givenprimary status
becauseagentsare assumedo be selfish. However, and againsimilar to gametheory models,decision
mechanism$iave beendevelopedthat also considerthe group’s welfare, but only whenthe individual’s

welfarefor a givenoutcomehasbeendetermined.

3.1.3 Cooperative VersusNon-Cooperative Models

Coordinationin gametheory can be analyzedfrom two perspecties. One perspectie assumeghat the
playersof a gamemistrustoneanotherandtry to maximizetheir own benefitirrespectve of others(recall
the Prisoners Dilemmagame,section2.1.2). Corversely the otherperspectie assumeshat the agents
make binding agreementso coordinatetheir stratgies. Theseperspectiesareknown asnon-cooperatie
and cooperatie gamesrespectrely. In cooperatie gamesthereis a possibility of pre-playnegotiations
whereajoint courseof actionis agreedn for theensuinggame.As will beshown later, this pre-neyotiation
communicatiorphaseeliminatesthe problemthat occurswhenmultiple stratgjiesareall the beststrateyy
to use referredto asmultiple equilibriain cooperatre gameqGibbons1992). Nashsuggestedin whathas
becometo bereferredto asthe Nashprogram (Nash1951)),that the analysisof the gameshouldstartby
embeddinghe original pre-negyotiationgamewithin a largergamein which the possiblenegotiationsteps
appealasformal movesin theexpandedyame.

The mostsuitablecoordinationmodelon which to have the designof the negotiationwrapperis the
non-cooperatie model. This is for two main reasons.Firstly, thereis no pre-negyotiationcommunication
in the problemdomainsof this research Secondlyandmoreimportantly cooperatie modelsconcentrate

on the outcomesof negotiation. Becauseof this they are unableto: i) model the negotiation process
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andii) predictthe time of agreementsinsteadthey concentraten the desiredpropertiesof the outcome
alternatves. However, sincethe agentdn this researcthave to operateundertime constraintsthey needa
modelof the processof negotiation.

Despiteits deficienciescooperatie gametheoryis neverthelesseneficialto this researctbecause
it hasproduceda numberof outcomecriteria that formalize the quality of the outcome. Thesecriteria
can be usedto evaluatethe optimality of the designedsearchmechanisms.Optimality in thesemodels
is describedn termsof equity (how good an outcomeis in its distribution of benefitsand lossesto the
group)andefiiciency(if thereis anothergroup outcomethatan individual memberwould preferover the
currentone). Sandholnstateghatthe problemof negotiationcanbe computationallywiewedastwo related
optimizationproblems;oneis how to optimizelocal decisionsandthe otheris how to optimize a global
criteria (Sandholml1996). Socialwelfare,andgametheorieshave both produceda numberof solutionsto
this tradeof problem(calledthe impossibilityproblem(Arrow 1950))which canbe usedto evaluatethe
performanceof the wrapper(seesection2.2.3). However, for the reasongivenin section3.1.2,welfare
theorymodelsarelessappropriateéhangametheoreticmodelssincethe goal of this researchs thedesign
of awrappercoordinationrmechanisnfor theindividual agentsratherthanthegroup.

Finally, aswill be seenbelovr, computationaimodelsof negotiationin MAS are groundedin both
cooperatve and non-cooperatie bamgaining models. Therefore both typesof bargainingmodelswill be

reviewedfirst to assistreview of the computationamodels.

3.1.4 The Theory of Cooperative Games

Cooperatie modelsarealsoknown asaxiomatictheories whereaxiomsreflectthe desirablepropertieof
solutions(Gibbons1992). A solutionin gametheoryis generallytaken to meanagents’'stratgiesarein
equilibrium; oneagents strateyy is the bestresponsedo the other’s stratgies,andvice versa(seesection
3.1.5for a formal definition). Then, outcomesratherthanthe processesthat satisfy theseaxiomsare
sought.Non-cooperatie theoriesarealsoknown asstrategic bargainingtheoriessincein non-cooperatie
modelsthe bamgainingsituationis modeledasa gameandthe outcomeis basedon ananalysisof which of
theplayers’stratgjiesarein equilibrium.
TheNashbamainingsolutionis the mostpopularsolutionconcepin cooperatie models(Nash1950).
In the problemsconsideredtherearetwo agentswho have to negotiatean outcomeo € O, whereO is
the setof possibleoutcomeslf they reachanagreementthenthey eachreceve a payof dictatedby their
utility functiondefinedasU; : O — IR,i € [1,2]. A utility functionU representshe preferenceelation>
of anagentoverthesetof outcomeg) (Binmore1992).If they fail to reacha deal,they receve theconflict
payof, U;(oconfiict). The setof possibleoutcomesandthe conflict point ¢ (payofs (0, 0)) is shovn in
figure 3.1. The spaceof feasibleoutcomeg(call this B) is boundedby the Pareto Optimal line (Debreu
1959). Formally, paretooptimality is definedfor a baigaininggame(B, ¢) (the pairsformedby the setof



3.1. GameTheoreticModelsof Bargaining 73

feasibleoutcomesandthe conflict point) asfollows. Supposeherearetwo outcomes andd suchthatthey
bothbelongto the feasibleset,b € B,d € B. If U;(d) > U;(b), for i = [1, 2], thenthe negotiatorsnever
agreeon b whenever anotheravailable outcomed is betterfor at leastoneof the agents.This is formally
representedsa functionthatgiventhe gamedefinedby the pair B andc doesnot selecth—f (B, ¢) # b.
Notetheassumptiomhere thatagentamustbeableto know andbeableto communicateéhatd is betterthan
b. Oneimplicationof paretooptimality is thata dealshouldalwaysbereachedincec is not paretooptimal.
Paretooptimality is a usefulevaluationcriteria of differentnegotiationoutcomesecauset takesa global
perspeciie of the efficiencyof the mechanisnin termsof globalgood (seeargumentin section3.1.3).In
theremainingpartof this section two measuresf equityof outcomeswill bereviewed.

The outcomeregion B is boundedecausé¢he paretooptimalline representsutcomeghatdominate
all possiblefeasibleoutcomegqi.e. outcomeson the paretooptimalline arethe best). However, agentscan
negotiateon an alteredoutcomesetin a numberof ways. Firstly, more solution pointsin areaB canbe
representebly extendingpure stratgjiesto mixedstratgies. Assumeagents: andb have choicesf actions,
81,82 andty, to respectiely. A purestratgy is thenpairingssuchas (s1,t1),(s1,t2),(s2,t1),(s2, t2)—
a pure strat@y is the action of one player given the other’s action ( (Neumann& Morgernsterni944),
(Binmore1992),p. 175). A mixedstrateyy, onthe otherhand,is achiezedby alottery, wherestratgjiesare
selectedrom a probability distribution. In the exampleabove this meanghatagenta, for example,plays
strat@y s; ands» with a probabilityof say0.3 and0.7 respectiely, giventhatb hasplayedt; for example.
Giventhatstratgiescanbe specifiedwith a certainprobability, the setof outcomess now expandedrom
theoriginal purestratgyy case. Anotherway of changingthe setB is to allow agentgo changeheir payof
valuesbeforethegamestarts(i.e. “burnsomemoney” — freedisposal section2.2.5). Alternatively, agents
may be permittedto signtypesof contractshatspecifysometransferof utility from oneagentto another
after the game(“side payments"—usef pure stratgjiesfollowed by transferof 0.5 utility, for example,
from agentl to agent2). Thesethreechoicescanhelpagentdo expandthe setof agreementshich arenot
presenin theoriginal representationf the problem.

Giventhe above solutionpoints,payofs andstratgiesthe key questionof cooperatie gametheories
is “whatwill rationalagenthoose”—whavon NeumanmndMorgensterriermedthefeasiblebargaining
set(Neumann& Morgernsternl944). A bagainingsetis individually rational and pareto optimal An
agreemenis individually rationalif it assignsachagenta utility thatis at leastaslarge asan agentcan
guarantedor itself from the conflict outcomec—if o >= ¢. They arguedthatthe outcomewasindetermi-
nate,sinceary pointon theparetooptimalline is asgoodasanother Thatis all thatcanbe said.

Theaim of othercooperatie theoriespnthe otherhand,is to specifyaxiomsthatleadto theselection

of asinglepoint on the paretooptimalline, giventhe baigainingproblem(B, c).* Threepopularsolutions

4The procesof how to actuallyreachthis pointis of no concernto cooperatie gametheorists.
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Figure3.1: Outcomespacdor apair of negotiatingagents.

are: NashSolution(Nash 1950), RefeenceOutcome (Raiffa 1982) (Gupta& Livine 1988) and Kalai-

Smoodinsky, (Kalai & Smorodinsly 1975). The latter solution conceptis not expandedon heresince
the wrapperevaluationis adequatelyachieved via the first two solution concepts(referredto (Kalai &

Smorodinsly 1975)for an exposition). The Nashsolutionis basedon four axiomsthat mustbe satisfied
(Nash1950):

e Invarianceunder affine transformation Thatis, the particularchosenscaleof the utility function
oughtnot changethe outcome only the numbersassociatedvith the outcomes.This axiomis used
to preventthe needto malke interpersonatomparisonsn utility, sincenegotiatorsmaywantor need
to transformtheir utility functions.For example,if oneagenthas£20 in thebank,andevaluateghe
dealthatgivesit £z ashaving a utility 20 + z, while anotheragentevaluatessucha dealashaving

z, it shouldnotinfluencethe Nashsolution. Thatis, a changeof origin doesnot affect the solution.

o SymmetryAlso known astheanorymity axiom. This stateonly theutilities associateavith feasible
outcomesandthe conflict outcomedeterminghefinal outcome.No otherinformationis requiredto

selectanoutcome andswitchingthelabelsof agentsdoesnot affectthe outcomes.

¢ Independencef irrelevant outcomes It statesthatif someoutcomes areremoved, but o* is not,

theno* is still the solution.

¢ Paretoefficiency As mentionedabove, this axiom stateghe maximumamountof utility thatcanbe
reachedNote,thisis the maximumattainableamountandnot a completeaspirationachiezementby
both parties(point referredto asutopiain figure 3.1 becauseary gainsby oneagentabove this line
resultin alossto anotherandthereforewill notbe selectedIndeed,utopiacannotbethemaximum

of thegainsbecausef this conflict of interest—ones gainis theothersloss.
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Theuniquesolutionthatsatisfieghe above axiomsis the Nashsolution definedas:
o* = argmoax[Ul(o) — U1(0)][U2(0) — Ux(c)] (3.1)

This correspondso the pointsthat maximizethe productof individual utilities for a deal, relative to the
conflictpayof ¢ (Nash1950)°> Whenindividual utilities calibrateanagents preferencesver certainalter
natives,or whatis calleda valuefunction,asopposedo anagents preferencesver uncertainalternatves
(see(Raiffa 1982), (Luce & Raiffa 1957) for an accountof risk-lessand risky utility functionsrespec-
tively), the multiplicative form of the Nashsolutionrepresentshe concernfor equity—theproductof the
value gainsis maximizedmore for more equalindividual gains. Thusif eachagentagreesto the four
axiomsabove, theneachis motivatedby proportionatecoopeation (MacCrimmon& Messick1976).Con-
sequentlybothshouldchooseheNashsolutionastheoutcome However, if only oneagentis notmotivated
by this proportionatecooperatiorprinciple thenthe the choiceof thetwo agentss notthe Nashsolution.

The Nashsolution is the most popular solution point to the bamgaining problem. The otheris the
refelencepoint. This is alsoobsenedin experimentabamgainingproblemswherea prominentoutcomeis
usedby negotiatorsto anchora pointin the setof outcomesB (Raiffa 1982). The negotiatorscanthenuse
this anchoragé referencepoint aspoint of improvementto thefinal point (Raiffa 1982). This point canbe
usedeitherasacommonlyagreedn starting-pointacrediblefinal point, or simply afocal point(Schelling
1960), (Roth 1985). In multi-issueneggotiations,the mid point of eachissueof both agents’resenation
cansene assucha referencepoint, from which negotiatorsmay attemptto jointly improve (Pruitt 1981),
(Raiffa 1982). For example,if the price of a servicebeingdiscussedetweentwo agentsis between£0
(free)and .£40 (the buyerpreferringvaluestowards0 andthe sellerpreferringpricescloserto 40), thenthe
referencepointis £20 for theissueprice.

Guptaand Livne’s solutionformally represents referencepoint by replacingthe conflict point as
an outcomewhich both partiesshouldattemptto improve jointly (Gupta& Livine 1988). The solution
proposedy GuptaandLivneis apointthatlies ontheparetooptimalline andconnectshis referencepoint
with the maximumachievementof eachparty’s aspirationlevels (utopia, seefigure 3.1). This reference
outcomehasbeenshown to be appropriatefor concessiormodels(log-rolling (Wilson 1969), (Coleman
1973), (Raiffa 1982)) of integrative multi-issuenegotiations(Gupta 1989), making it a highly relevant
evaluationcriteriaof thewrapper

Thereare otherproposedsolutionpointsin the spaceof possibleoutcomesB which will not be dis-
cussedere(see(Corfman& Guptal993)). Thechoiceof whichsolutionconcepto choosdor determining

anoutcomehasitself beenproblematic becausehey areall basedn a setof simpleandplausibleaxioms

SThis is referredto asthe regular Nashbargainingsolution. A genealized Nashbagainingsolutionalsoexists andthis models

the“bargainingpowers” of bothagents See(Binmore1992),pagel81for propertiesof this solution.
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(see(Dammel986)for postulateshatprovide somesolutionto thisindeterminag problem).Indeed prob-
lemsarise(empirically supportedn socialpsychologyfindings(Roth 1995))if eachagentis motivatedby
adifferentsolutionconcept socialmotive. Thus,if designer®f differentagentsaremotivatedby different
social motives, thena difficulty arisesover which solution conceptto usein axiomaticallyresolvingthe
conflict. Designerswould have to agreea priori on a solution conceptandthe agentswould needto be
boundto this solution conceptindependentlyof their ervironment. As will be shovn below, this is the
approactadoptedoy somecomputationamodelsof negotiationusingprinciplesof mechanisndesign(see
section3.1.8).

Furthermoreijt is interestingto notethat the cognitive (motivational)factorsof agentsareimplicitly
embeddedvithin the solutionconcept. Thusa pair of agentswho selectthe Nashsolutionare motivated
by the principle of proportionatecoopeation. Alternatively, selectionof the referencepoint asa tentatve
solutionto be improved uponindicatesthe motivation of agentsto mutually searchfor betteroutcomes.
The assumptionin the work reportedhereis that the social motivationsof agentsshould be explicitly
representedand reasoningover which social motive to choosefrom is a dynamicfunction of the task-
environmentof the agent,changingdependingon its computationalcommunicationabr taskload. The

reasorfor this choiceis bestillustratedby thefollowing quote:

... thedistinctionbetweerself-interesteqcompetitive) agentshataretrying to optimizetheir
own local performanceandcooperatie (beneolent)agentshataretrying to optimizeoverall
systemperformancds importantbut not an overriding factorin the designof coordination
mechanismdor complex agentsocietiesthat operatein openervironments. In fact, | feel
agentgthat populatesuchsocietieswill useperformancecriteriathat combineboth local and
nonlocalperspectiesandthattheseperformanceriteria,in termsof thebalanceébetweerocal
andnonlocalperformancebjectives,will changebasedon emepging conditions. Thus,| see
this distinctionbetweerself-interestecnd cooperatie agentsblurring in the next generation
of largeandcomplex multi-agentsystems.The basisof this view is thatagentghatoperatan
thesecomplex societiesand openervironmentswill have to copewith a tremendousmount
of uncertainty dueto limited computationaland communicationaresourcesabouthow to
bestperformtheir local actiities . . . Thesefactorswill leadto self-interestedgentdehaing
in more cooperatie ways so thatthey canacquireusefulinformationfrom otheragentsand
help other agentsin ways which will eventuallyimprove their local performance. In turn,
cooperatye agentswill behae in more self-interestedvaysgiven the costsof understanding
the moreglobal ramificationsof their actions,asa way of optimizing overall performanceof
thesociety (Lesser1998)

As will be shavn later, non-cooperatie modelsare more appropriatefor the computationamodelingof
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the negotiationprocess Nonethelessthe axiomaticmodelsprovide a setof usefultools for analyzingthe
performancef thewrapper Cooperatie bagainingmodelsleadto furtherdifficultiesbecausehey do not
considerthe computationatlifficultiesinvolvedin the computatiorof someof theabove solutionconcepts.
Thesecomputationatifficulties arediscussedbelow in the casef negotiationover a singleandmultiple
issuesFigure3.2a) representthe paretooptimalline andNashbargainingsolutioninvolving only asingle
issue(distributive bargaining). Whenonly oneissueis involved,all thepossibleoutcomedie onthepareto-
optimalline—thefeasibleset. Furthermorebecaus®f the conflictinglinearvaluefunctionsof eachagent,
the sumof eachoutcomeis 1 (called zen-sumgames(Gibbons1992))® The point that maximizesthe
productof theindividual utilities (the Nashbargainingsolution)is easilycomputedasthe mid point (and

mostequitable)of both agents'valuefunction (i.e (0.5,0.5)). The situationis mademore complex when
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Figure3.2: Outcomespacedfor a pair of negotiatingagentdor linearvaluefunctionanda) singleissueand

b) multipleissues.

multiple issuesareinvolved. This is importantfor the typesof domainsconsideredn this researctwhere
negotiationis over multi-dimensionakervices.Dueto multiple issuesgachhaving a differentimportance
level andlinearvaluefunction,the outcomesaretransformedo a non-constansumgame(wherethe sum
of the individual valuesfor an outcomedoesnot necessarilyaddup to 1). It is preciselyfor this reason
that agentscan look for “win-win” outcomes,mproving on the outcome. The pareto-optimaline for

integrative bargainingis showvn in figure3.2b. Theonly pointsonthisline wherethe sumsof theindividual

valuesaddto 1 is atthe point of connectiorto the 2z andy axis. Differentpointsalongthe pareto-optimal

line thendo not necessarilyaddto 1 anddo not necessarilyhave the sameaddition! More importantly

6The preferencesf agentsin the work reportedhereare modeledasa linear additive value function for eachnegotiationissue.
Thedetailsof thefunctionandits behaiour aredeferreduntil the next chapter

"Note, the agumentis true for a pair of perfectlyopposinglinear utility functions. Theintroductionof non-linearitychangeshe
cardinalityof valuesalongthe pareto-optimaline, meaningthatthe sumof theindividual utilities thatlie ontheline donotaddupto
1.
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outcomesof negotiation cannow lie below the pareto-optimaline becauseagentsmay attachdifferent
importanceweightingsto eachof theissues.Thus,an agentwho placesa lower importanceon oneissue
thananotherbut possiblymoreonyetanotheiissue canresultin outcomeshatlie below the pareto-optimal
line. Comparethisto the distributive baigainingcase wherethe outcomeof a negotiationhadto beonthe
pareto-optimaline (dueto the conflicting linear valuefunctionsandthe importanceweightingof value1,
the sumof individual valueshasto addto 1). Furthermorethe Nashbaigainingsolutionis no longerat
(0.5,0.5), becausehe pareto-optimaline hasmovedfrom the constansumline to anotherpoint. Indeed

(0.5,0.5) cannow beviewedasthefocal point.

Therearea numberof computationalmplicationsin integrative bargaining. Specifically whereaghe
maximizationof the sumof theindividual valuesis computationallystraightforward,the sameis nottrue of
thecomputatiorinvolving themaximizationof the productof the utilities (or theNashbarmainingsolution).
The Nashbamainingsolutionis inadequaten casesof multiple issuesbecauseéts computationbecomes
intractablein the presencef multiple issueresenation valuesand weights. The maximizationproblem
thenbecomegnaximizationof a quadraticfunction with restrictions(the resenation valuesof anissue),
wherethe solutionto the quadraticfunction may violate the restrictions.It is a quadratigproblembecause

theindividual utilities of agentsarelinear:

max (Z wiUf(o)) (Z whUs (0))
i=1 i=1

Numericmethods suchasactive sets canhandlesuchproblems(Luenbeger1973). However, with this

methodasthenumberof issuesncreaseshensodoesthecompleity of thecomputatiorinvolvedin solving

thequadraticproblem. Therefore active setshecomeunlikely candidatesor computingthe Nashsolution

for bargainingproblemsinvolving largenumberof issues.

To summarizein this sectionthetheoryandassumptionsf cooperatre gameswerebriefly reviewed.
It wasshawn thatalthoughimpracticalfor modelingthe processesf negotiation,cooperatie gametheory
hasnonethelesproducedi) aformal definitionof the possiblespacef outcomesandhow this spacecanbe
representedndtransformedandii) a numberof globalevaluationcriteria(suchaspareto-optimalityNash,
referenceandGupta-Livne solutions),a numberof which will be usedin the empiricalevaluationphaseof
thisresearchFinally, thelastsectiondiscussedhe effect of bargainingproblemsinvolving morethanone
issueon: i) someof the global measuresindii) the computationsnvolvedin finding a solution. Implicit
in the above argumentswas the availability of informationin making social decisions. For example,to
computethereferencepoint, or outcomeghatactuallylie on the pareto-optimaline, agentshave to know
the utilities the otheragentplaceson all the setof outcomes.The treatmenbf informationin gametheory

is discussedn the next section.
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3.1.5 Completelnformation Games
Thetheoryof completeinformationis not directly relevantto the researchreportedhere. In this research
it is assumedhatinformationis privatein interactions.Nonethelessthe theoryof completeinformation
is reviewed herebecauset formally representsomeimportantconceptgsuchasNashequilibrium) and
assumption®f gametheory (suchas the rationality and commonknowledge of agents). Furthermore,
the expositionwill provide a framework for betterunderstandings numberof computationaimodelsof
negotiation, reviewed in section3.2, which are a naturalextensionof completeinformation cooperatre
games.

von NeumanrandMorgensterriNeumanr& Morgernsterri944)classifiedgamesnto gamesf com-
pleteandincompleteinformation® In gamesof completeinformationthe playersareassumedo know all

therelevantinformation—thais, they have knowledgeof:

1. Therulesof thegame Therules,or the protocolof interaction,area specificatiorof whenanagent
may act, the actionsavailable at thesepermissiblegimesandthe informationconcerninghe history
of thegameuntil the currentdecisionpoint. A playerthenformulatesa strategy for the game given

therules.

2. Theplayers of the game A playeris specifiedby: a) their preferencesrepresentedspayofs or a
utility function. Theutility functionsaredefinedon thesetof possibleoutcomef thegame.b) their
beliefs: formally representethy a subjectie probability distribution over a setof possiblestatesof
theworld. It is thecombinationof the choserstratgiesandthe statesof the world which determine

the outcomeof the game.Statesf theworld areattributedto chancemoves.
More formally, agameis describedn normalform as:

Definition 2 The normal form representatiorof an n-player gamespecifieshe player’s strategy spaces

Si, ..., Sy, andtheir payof functionsuy , ...u,,. Thegameis thendenotedoy G = (Si, ..., Sn; U1, -.-tp)

Gametheorythenpredictsa uniquesolutionto the game(suchasthe Nashbargainingsolution)asto what
eachagentwill choose However, in orderfor this predictionto betrue, it is necessaryor eachagentto be
willing to choosethe strateyy predictedby thetheory Thus,the predictedstratey for eachagentmustbe
theagents bestresponseo the predictedstratgiesof the otheragents Rationalityis thentheadherencé¢o
this self-enfocing property(becauseo singleagentwantsto deviate from its predictedstratayy), while at
the sametime maximizingits expectedutility .

In agameof completeinformation,all the abose arecommorknowled@ (Aumann1976). Theimpli-

cationis that not only doeseachagentknow it, but alsothat eachagentknows that eachagentknows it,

8Gamewf incompleteinformationarealsoreferredto as“asymmetricinformation” in the gametheoryliterature(Gibbons1992).



Chapter3. RelatedWork 80

thateachagentknows thateachagentknows thateachagentknows it, andsoon ad infinitum (Mertensé&
Zamir 1985).In additionto this,in agameof completenformationtheinformationneednotbeperfect For
example chesss agameof perfectinformation,wherefor eachdecisionnodeeachagentalwaysknowsthe
completehistory of the game.Corversely in a gamelike poker an agenthasimperfectinformationabout
the history of the gamethusfar; a playerdoesnot know what cardsotherplayershold whenat a decision
node.

Although the playershave commonknowledgeaboutthe stateof the world, their subjectve beliefs
aboutwhatstrateyy the otherplayeris following aredeterminedy the analysisof the game.The question
of whichanalysigs theappropriateneis itself problematiqBinmore& Dasguptal 986).1n particular the
infinite regressproblemmeanghatall stratgjiesappearquallyreasonabléLuce & Raiffa 1957). Infinite
regressiorallows reasoningdf thekind, “if | believe thathebelieves,thatl believe, that hebelieves,etc’ ,
which, in turn, makesall possiblestratgiescandidategor selection.To overcomethesedifficulties, three

additionalrequirementsiepresentinghe natureof rationality, areneeded:

e C) A rationalplayerquantifiesall uncertaintiesisinga subjectve probability distribution. The player
thenmaximizesdts utility giventhis distribution. Thusthe subjective probability distributionis com-

monknowledgeto all theotherplayers.

e d) All rationalplayersare computationallyequivalent. Thusif oneplayeris given the sameinfor-
mation as anothey thenit canduplicateits reasoningprocess. This doesnot meanthat an agent
knows everything(is omniscient)rather theagents infinitely capableof introspectingotheragents

reasoning.

¢ ¢) Rationality of playersis commonknowledge. In gametheory rationality requiresthat an agent
maximizesits utility and eachagentwill necessarilyselectan equilibrium stratgy whenchoosing

independenthandprivately.

The implicationsof assumptiongl) ande) arethatit is commonknowledgethat the playersare rational
(whatis referredto asconsultingthe samegametheorybook which containsall the commonlyheld as-
sumptionssuchasthe rationality and beliefs of agentsas corventions(Binmore 1992), p. 484). Taken
together it is possibleto shav that assumptions) to e) sanctionary choiceof pair of stratgieswhich
arenotin equilibrium. In economicsan equilibriumis definedto occurwhenthe actionsof anagentare
consistenfgiven the actionsof others(Gibbons1992). Thereare numerousequilibria conceptsn game
theory eachstricterin sanctioningpossiblestratgies, but the mostpopularoneis the Nashequilibrium?

Thisis formally definedas:

9Not to be confusedwith Nashbaigainingsolutionwhich wasdefinedin section3.1.4.
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Definition 3 In the n-playernormal-formgameG = (S1, ..., Sp;u1, ...uy), the strategies(sg, ..., sk) are
a Nashequilibrium if, for eac playeri, s} is playeri’s bestresponseo the strategiesspecifiedfor the
n — 1 otherplayess, (s, ..., s7_1, 871, 53)"

* * * % * * * * *
Ui(ST5 e v 381 1585 >Siqp1sw->5n) > Wi(8T5-- 185 _1,8is8741,-++15p)

for eadh feasiblestrategy s; € S;. Thatis, s} maximizes:
Srneasx Wi(8T -+ -3 87_15S8iySi415-++15n)

Assumptione) enablegplan recognitionwhich, in turn, supportsassumptiord) andwithout it anagentis

incapableof predictingotheragents behaiour. The assumptiorstatesthatall agentsarerationalin that:
a) they are utility maximizersandb) they will independentlychoosean equilibrium stratgyy. Underas-
sumptiond), arationalagentcanonly model(or predict)the behaiour of anotherrationalagent.However,

if assumptiore) is violated,in thatan agentchoosesa non-equilibriumstratgy (andhencebehaesirra-

tionally by deviating from the Nashequilibrium)thentherationalagentcannolongerpredictthebehaiour

of theirrationalonebecause@f theviolation of assumptiord). However, therationalagentcanderive more
utility (by deviating from Nashequilibrium)if it canmodelthis irrationality on the partof the otheragent

(usinganotherassumptionsayd*). As LuceandRaiffa(Luce& Raiffa1957),have argued:

Evenif we weretemptedat first to call a Nashnon-conformistirrational”, we would have to
admitthat his opponentmight be “irrational” in which caseit would be “rational” for him to

be“irrational”.

Therefore,if the rationality assumptionsincludedto solve the infinite regressproblem,areviolated,then
the outcomeof interactionis indeterminatesinceary non-Nashpair of stratgiescanbe chosen However,

the knowledgethat agentsare all perfectlyrational, or the assumptioron the part of the agentthat other
agentsarealsorational(consulthesamegametheorybook),doessubstantiallyeducethedecisionproblem
of the agentto oneof selectingthe strateyy thatis known to bein equilibriumindependentlyf whatthe
otheragentdoes. As will be seenin section3.2, a similar notion of perfectrationality is alsodeveloped
in computationamodelsof negotiationwhereagentdesignersareprovidedwith negotiationprotocolsthat
have known equilibriumstrateies. Thisfactis publicly known anddeviationfromit is irrational. Therefore,

anagentdesignercandesignhis/heragentto behae independentlypf the other's choices.

3.1.6 Gamesof Incomplete Information

The argumentsabore concentrate@dn modelsof completeinformationwhich are suitablefor gamedike

chess.However, in real environmentsagentsseldomknow asmuchasthe abore modelsassume Whatis
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alsorequiredare modelsof decisionmakingwith uncertaintyover both the rulesof the gameaswell as
the preferenceandbeliefsof others.Suchmodelsarehighly relevantto the domainof this researchpnce
again,becausef the privagy of informationassumption.

Harsaryi developeda modelwhich representsptimal behaiour giventhe factthatan agenthasin-
completeinformationaboutits world (Harsaryi 1955). Sinceuncertaintieover therulesof agamecanbe
expresse@suncertaintie®verthepayofs, assumptiorb) is themostfundamentahssumptionwhich needs
to berelaxed. If assumptiorb) is relaxed, thenthe agentsareno longercertainasto the type of the other
players.To know anagentstypeis to have completeknowledgeof its preferenceandbeliefs. Eachagent
thenonly knows for certainits own type andits uncertaintie®f the otheragents type maybe expresseds
aprobability distribution over the setcontainingall possibletypes.

Giventhe above, an agents uncertaintyover the typesof othersis modeledby introducinga chance
move at thefirst stepof the gamewherenatureselectsthe type of the playerof the ensuinggamewith a
probability distribution which is commonknowledgeto all players. Then, beforethe gamebegins, each
agentupdatedts belief aboutthe type of all others,givenit hasbeenchosenusingBayesrule. Thein-
troductionof the move by natureat the first stepcornvertsthe gameof incompleteinformationto a game
of imperfectinformation, whereat somepoint in the gamethe playerwith the move doesnot know the
completehistory of thegamethusfar.

In essenceyncertaintyis dealtwith by assuminghatthe agentshave a certainlimitation on the form
of their utility functions. Thus, thereexists a known setof all possibleutility functions. Eachagentis
then assigneda type basedon which of thoseutility functionsit is currently using. Otheragentsthen
updatetheir beliefsaboutthetype of othersby acquiringinformationin the proces®f interaction. Thenthe
choiceproblemreducedo a point thatis fundamentallythe sameasa gameagainstnature(for example,
probability thatit will raintomorrow, giventhatit is sunry today)asin atraditionalsingle-agentecision

makingsituation.

3.1.7 Non-Cooperative Games

Non-cooperatie modelsare also known as strategic bargaining theories wherethe bargainingsituation
is modeledasa game,andthe outcomeis basedon an analysisof which of the players’stratgiesarein
equilibrium. This type of modelwasfirst motivatedby Harsaryi (Harsatyi 1956),but is bestrepresented
throughthe SequentialAlternating Protocol (SAP) ((Rubinstein1982), (Rubinstein1985b), (Osborne&
Rubinsteinl1990)). The SAR unlike the cooperatie models, modelsthe processof negotiation,oneof the
requirement®f the problemdomainsof this research.The completeinformationversionof the gameis
describedirst, followed by theincompleteinformationone.

Therearetwo playersl and2, whosetaskis to divide $1, andreceve the sharethey eachagreeto. If

they fail to agreethey gettheconflict payof of $0. Thebamainingprocesss normatiely specifiedby the
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sequentiablternatingprotocolwhereplayer1 makesaninitial offer of its sharefor the dollar at stage0.
Player2 immediatelyacceptr rejectstheoffer. If theoffer is rejectedthenplayer2 makesa counteroffer
atT = 1. Thisprocesss repeatedintil eitherasuccessfusettlements reachedr elsebothplayersreceve
the conflict payof. In casesof successfubutcomesthe payof to player1(player2) is computedasthe
shareof thedollar agreedatstaget, modifiedby adiscountfactor 6} (67). Thediscountfactorrepresentthe
incentive to reachanagreemenearlyands;, 62 < 1. Thusin roundonethedollaris worth 1, in roundtwo
it sworth g, in roundthreeit is worth 62, andsoon. A strat@y is thena specificatiorof the proposal/reply
ateachstageof thegameasa functionof the historyto thatpoint.

Sincethe dollar is an infinitely divisible good, ary division of the dollar is a Nashequilibrium. A
strongerequilibrium solutionwasintroducedby Rubinsteinto solve theindeterminag problem,calledthe
subgameperfectequilibrium (Rubinstein1982). Subgameperfectequilibrium sanctionscommitmentgo
contingent coursesof actionthatwould resultin lower payof to a playerif the contingeng did actually
arise. For example,a threatby player1 to walk off from negotiationif it did not receve 90 centsof the
dollaris not credible,becauseéf player2 did offer 10 it would not bein theinterestof playerl to enforce
the threat. Thus subgameperfectequilibria effectively prunesthe searchtree on the assumptiorthat the
otheragentis rational(seesection2.2.8).

In the above modelthe subgame-perfeatquilibrium is uniqueand agreementsre immediatewith
playerl receving share(1 — d2)/(1 — 8102), while player2 recevesthesharel — ((1 — d2)/(1 — §142)).
Thusthe moreimpatientanagent(thelargerthevalueof §), the smallerthefinal payof.

For example,considera finite versionof the divide the dollar gamewith 6; = d» = 0.9. Table3.3
shaws the offer’s maximalclaim thatareacceptabléo the otheragent. Assumethatin the lastround(T)
agent2 would accept$0. However, in thenext to lastround,2 cankeep0.1, becauseét knows this is how
much1 will loseif it waitstill the next round(1 — 6; * 1). This reasoningcontinuesbackwardsandthe

procesgerminatesvhenthetime limits of thegamehasbeenreached.

Round| 1'sshae | 2'sshawe | Offerer

T-3 0.819 0.181 2
T-2 0.91 0.09 1
T-1 0.9 0.1 2
T 1 0 1

Figure3.3: Maximal acceptablelaimsof anoffererfor afinite game

Problemsoccurswhentheprotocolpermitsaninfinite roundsof baigainingandnon-discountedffers.
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Under suchcircumstancesry splits of the dollar is Nashequilibrium. However, as mentionedabove,
Rubinsteinshaved that for aninfinite gamewhereoffers are discountedhena solutiondoesexist andit
is reachablavithin thefirst stepof the protocol. The proofis asfollows. Let the maximumandminimum
agentl cangetin ary roundbe denotedas 4; anda; respectrely. Corversely let B, andb, denotethe
maximumandminimumagent2 cangetin ary roundrespectiely. Theproof consistof shaving A; = a4
and B, = bs. If agentl makesthefirst offer thenthe maximumit canclaim of thedollar hasto satisfythe

inequality:
A1 <1 —beds (3.2)

Thatis, the maximumagentl canclaim on its turn for agent2 to be indifferentbetweenacceptingand
refusingis what remainsof the dollar oncethe discountedminimum of agent2 hasbeenallocatedto 2.

Corversely theminimumagentl canclaimonits turn hasto satisfytheinequality:
ai Z 1-— B262 (33)

To seethis, supposd offers2 anoffer thatviolatesthisinequality z < 1 — Bads. Letz < y < 1 — Bada.
Thensincel —y > Byd», ademandf y by 1 attime 0 will beacceptedy 2, becauséf 2 refuseg thenthe
maximum2 cangetin the next time stepis Bsd, whichis lessthan1 — y. Thus2 getsmoreby accepting
1 — y attime 0 thanwaiting until the next round. It follows thatit cannot be optimalfor 1 to demandan
offer z whichwill berejectedvhenanotherdemandy existswhichwill beacceptedittime 0. Thislogicis
usedto shav agreementarereachednstantly

Two further inequalitiesarethen neededo computethe final shareeachagentreceves. Thesein-
equalitiesarederived by exchangingthe rolesof the agentsgiving the requirement®f the maximumand

minimumdemandgB» andb, respectiely) of agent2 as:

Bz S 1-— a151 (34)

by >1— A16¢ (3.5)
Substituting3.5for b, in 3.2 gives:
A; <1 —bg0s <1 —062(1 — A101) =1 — 02 + A16105
Therefore
A < 11__75(1532 (3.6)
Similarly, by substituting3.4 for B in 3.3we get:

a1 >1—DBybfy >1— 52(1 — a151) =1—09 +a16102
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Therefore

S 1— 6
oz 1—51(52

(3.7)

Thereforesincea; and A; arethe minimumandmaximumdemand®f agentl, thena; < A;. Thus3.6

and3.7 andthe correspondingnequalitiesfor B, andb, imply that:

The above modelnot only addressesomeof the key issuesdentifiedin chaptertwo (the protocolof
interaction time, stratgjies,commitmentsandcosts) but it alsohasthe desirablepropertythatagreements
areimmediate.However, the SAP’s adequag is wealenedfor applicationto the problemsof this domain
becausdhereare possibilitiesof inefficient delaysand deadlocksvheninformationis incomplete.In the
SAR the problemof incompleteinformationin a servicemarketwould be addressety specifyinga seller
anda buyertype (seesection3.1.6),wherethe sellers type representshe lowestprice valuefor which the
selleris willing to sell a service,andthe buyer’s type representshe 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). Thesedistributionsare commonknowledge. Uncertaintiescantheneitherbe two sided
(Fudenbeg & Tirole 1983),(Perry1986)or one-sidedCramton1991),(Admati & Perry1987).

As a consequencef theseuncertaintieghereis no subgame-perfeatquilibrium. The analysisis
insteadmadeusing the strongerequilibrium conceptof sequentialequilibria (Rubinstein1982), where
in additionto specifyinga stratgy, eachuncertainplayer’s belief mustbe specifiedgiven every possible
history. Then,a sequentiakquilibriumis a setof stratgyiesandbeliefssuchthatfor every possiblehistory
eachplayers stratgy is optimumgiventhe other’s stratgyy andits beliefsaboutother's valuation. Beliefs
aremadeconsistenby using Bayesrules. Sinceagentsareboundto the protocolof communicatiorthat
permitsonly the transmissiorof offers and counteroffers, the processof learningother’s typesthrough
Bayesrule typically requiresmultiple stagesjeadingto delaysin reachingagreementsHowever, if the
otheragents behaviour is off the equilibrium path,thenBayesianupdatingis not possiblesincetheseoff
equilibrium pathsare assignedzero probability. This may resultin incentvesfor agentsto deviate from
theequilibriumto increasehe numberof possibleoutcomesQOut of equilibriumbehaiour cannotberuled
outin gamesof both sideduncertaintyand a sequentiahlternatingprotocol (this problemis solvablefor
one-sideduncertaintyand a protocol wherethe uninformedagentmakesall the offers and the informed
agenteitheracceptor rejectsoffers(Vincent1989)).

In additionto the above propertiestheresultsfrom non-cooperatie modelsof the negotiationprocess

are highly sensitve to the particularassumptionsnadeaboutthe bargaining procesqSutton1986). For
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example two-sidedversuone-sidedincertainty((Fudenbeg & Tirole 1983)and(Sobel& Takahashi983)
respectiely), finite horizonversusnfinite horizontime limits ((Fudenbeg & Tirole 1983)and(Rubinstein
1985ayespectiely), possibilityof strateyic delays/Admati& Perry1987),differentbaigainingcosts(Perry
1986),differentoffer patterngalternatingversusuninformedplayermakesall the offers(Rubinsteinl985a)
and (Cramton1991) respectiely), all resultin a differentprocessof baigaining. For example,the SAP

protocolcanbe alteredto allow stratgyic delayswherethe playersareallowedto make offersat ary time

aftersomeminimumtime betweerpffershaspassedThisleadsto agentsstrateyically delayingtheir offers

whichis interpretedasa signalof the positionof the delayingagent/Admati & Perry1987).Consequently
differentoutcomesareselected.

In summarythe SAPis amoreoperationaprotocolfor computationapurposeshancooperatie game
theoreticmodelsof negotiation. Not only doesit modelthe protocolof interaction,but it alsoincludesthe
time of reachingagreementsstratgiesandcommitmentsn interaction. However, small variationsin this
protocol,andnon-cooperatie modelsin general (Binmore1992)pagel96)resultin theprotocolselecting
differentoutcomesNonethelessaswill beshovnin section3.2.2,the SAP hasbeenusefully extendedby

Krausto solve a numberof computationaproblems.

3.1.8 MechanismDesign

In additionto its explanatorypurposesgametheory modelsare usedfor the designandimplementation
of organizationsor of an actiity within an organization,wherethe participantsdo not sharethe same
goalshut thereexist opportunitiefor mutualcooperatioraswell asreal conflict (see(Marschak& Radner
1972)for a theory of the teamwho sharea commongoal). Previous sectionshave concentratean two
differentperspectiesof how to modelinteractionsbetweenagents. The aim of this sectionis to discuss
how suchmodelscanbe usedto designandimplementnteractingsystemsan actiity highly relevantto
computationabystemg? Indeed,the bestexampleof mechanisndesignis the varioustypesof auctions
thatexist on the Internet. Additionally, aswill be shovn in section3.2, mechanisndesignhasalsobeen
heavily usedto designcomputationahegotiationprotocolsthathave certainusefulfeatures Thereforethis
sectionwill briefly introducethekey conceptghatwill assistin laterexposition.

The problemof designingandimplementingactiitiesis referredto asthe “implementationproblem”
or medanismdesignwherethe designers preferrednegotiatedoutcome(in termsof somecriteriasuchas
socialor individual welfare)is derivablefrom a given specificationof the rulesof the game(see(Rosen-
schein& Zlotkin 1994)). It is calleda mechanisnbecauseavhatis beingdesigneds not a specificgame

(concretautilities), but a“game form” (utility types).In generalthe aim of mechanisntesignis to create

10\Mechanismdesigncanbe thoughtof the problemof designa systemthatimplementsa gametheorytext book, containingthe
assumptionandimplicationsof thetheory For example,amechanisnis designeduchthattheplayersin thatmechanisntommonly

know whatthe mostrationalstratey is.
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asocietyof agentavho areengagedn a cooperatie venturefor mutualgains.Rules,laws andregulations
(or protocols)areusedto definea gamewhich specifieghe feasiblesetof negotiatedsolutionsandelim-
inateindividuals’ feasiblesetof actions. As will be shovn in section3.2.1, mechanisndesignhasbeen
centralto computationamodelsof negotiationin MAS, by constructinggamesvhoseequilibriahave some
centrallydesiredproperties(s).However, sincethe computationamodelsof coordinationin MAS come

from mechanisndesign the principlesaredescribedn this section.

The problemof mechanisndesignis formulatedin game-theoretidermsas the principle agent(s)
problem(Binmore 1990). The mostpopularapplicationof the principle-agenproblemis auctions(see
(Sandholml999)),wherethe principleis a sellerof somegoodandthe agent(sanbeoneor morebuyers.
The problemthenis reformulatedasoneof devising a selling mechanisnthat satisfiessomefeaturessuch
asefficiengy andindividual rationality (seesection3.1.4), giventhat the seller doesnot knowthe reser
vation valuesof the buyers. Becauséhe principle cannotobsene the hiddenresenations,the problemis
sometimegalledhiddentype borrowing from Harsaryi’ stheoryof incompleteinformation(section3.1.6).
11 This lack of knowledgeis addressedby devising incentiveschemeshat reward the agentsthat submit

bidsthatareattheir trueresenationvalues.

In summarythe principle attemptgo inducethe agentgo behae in a certainmannerusinga mech-
anismM. However, the principle doesnot know the typesof agentsbut it is commonknowledgehow
chanceselectsthe agentsfor eachbuying role. The principle’s choiceof M thensenesasa rule of the
game(@. The agents actionsin G thendeterminean outcomeo. Giventhatthe agentsarerational,then
the principle will be offereda choiceof outcomeo in G thatis Nashequilibrium. This o is thensaidto
beimplementabldor the principle—it cangeto if it wantsit by selectingmechanism\/. The decisionof
whetheror not an outcomeis implementablds simplified throughanotherprinciple calledthe revelation
principle (Binmore 1992). If a mechanisrmasksan agentwhatits typeis, thenit is a direct mechanism.
Thenbasedonthe declaredype the mechanisngeneratesomeoutcome.lf the agentsarenot askedwhat
their typeis, thenmechanisnis calledindirect Therevelationprinciple thenstateshat whatever canbe
donewith anindirectmechanisntanalsobe donewith a directmechanisn{calledincentive compatible).
Thusary socialfunctionimplementedy anindirectmechanisntanalsobe implementedy a directone

whereagentshave anincentive to declaretheir truetypes.
This simple principle that “if somethingcan be done thenit can be doneby just askingpeopleto

reveal their true characteristics” (Binmore 1992)is usefulin designingoptimal mechanisms—talecide

what outcomesare implementableijt is only necessaryo consideroutcomeshat are implementableby

11The Principle-agenproblemis studiedunderthe subjectof moral hazads (Binmore1992),becausehe principleis takinga risk
if it relieson the moralsof agent(s¥o carry out whatthey committedto in a contract.In the literature,moralhazardsarealsocalled

hiddenactionandadveseselectionproblems(Binmore1992).
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a direct mechanism.As will be shavn in section3.2.1,a numberof MAS have usedtheseprinciplesof

mechanisnmdesignfor the designof computationamodelsof hegotiation.

3.1.9 An Evaluation of GameTheory

Gametheory hasproved usefulin modelingsocial phenomenan disciplinessuchas economics politi-
cal theory evolutionarytheory moral philosophy socialpsychologyandsociology The reasondor this
succesdave beenits (Castlefranchi& Conte1997): i) conceptualizatiorof a synthetic,meaningfuland
formal prototypicalcontext asgameswhich areopento experimentalanalysis;i) its ability to predictand
explain thesegamesn a mannemwhich doesnot rely on post-hocexplanation,but ratherusesformal and
soundnotions;andiii) identificationandconceptualizationf a hostof socialproblemssuchasfree-riding,
cheating,reciprocation coalition formation, reputationand emegenceof norms. The first two contriku-
tionsarehighly relevantto the researchreportedherebecausehe formal elementsof gametheorypermit
unambiguousnodelingof the decisionmakinginvolvedin negotiation. In additionto providing a“model-
ing language’the theoryprovidesformal conceptssuchasNashsolution, pareto-optimalityandreference
pointthatcanbeusedto empirically evaluatethe developedcomponent®f the negotiationwrapper

In additionto the above, the impactof gametheorywithin DAI hasbeento (Castlefranchi& Conte
1997): iv) challengethe benevolenceassumptioraswell asnotionsof commonproblem,socialgoaland
global utility; v) demonstratehat cooperationcanemege from local utilities; andvi) quantify the costs
andbenefitsassociatedvith actions(e.gcommunicationexchangeandformationof groupsascoalition).
This emphasi®f gametheoreticmodelson local preferencesnakesthemhighly appropriatdor modeling
the type of tasksfacedby the wrapper(section2.2.4). Recallthat the task of the negotiationwrapperin
this body of work is decisionmakingsinceno objectively correctanswerexists (taskswherean objectively
correctanswerexistsaretermedproblemsolving (Laughlin1980)). In decisionmakingtasks the objectof
coordinationis anagents goalsandits preferencesverthesegoals.

However, gametheorymodelshave generateadonsiderablelebateasto their efficacy andthetheory’s
usefulnessn guiding the designof an agent(Castlefranchi& Conte1997,Fishturn 1981, Simon 1996,
Zeng& Sycaral997,Binmore1990). An adequatevaluationof gametheory dueto the enormityof the
discipline,is beyondthescopeof thisthesis.Therefore pnly afew selectproblemsrelevantto thisresearch
arepresentedbelow.

Thegreatestriticism of gametheoryfrom theperspectie of the objectivesof thisthesisis its rational-
ity assumptionthati) beliefsarecommonrknowledge andii) individualsareoptimizersandcomputationally

unbounded.

e Thefirst assumptioris appropriatefor gamessuchas chesswherethe choicesof the individuals,

andtheir interactions arewritten into the rulesof the game. Playersmotivationsare alsocommon
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knowledge—eaclprefersto win. However, in the realworld thereis no rule book which describes
how individualsactuallyacquirebeliefs. The assumptiongre basedon an “ideal” world in which
beliefsdeducedationally from a commonprior canbe commonknowledge. Yet, the world is not

“ideal"—thereareimperfectionsn ourknowledge.

The assumptiorthatindividualsare optimizershasalsobeencritically challenged.The questionof

whatis optimal,in gametheorymodels,is independenof actualhumanbehaiour—the questionis

reformulatedrom oneof how do peopleactuallybehareto how shouldpeoplebehae giventhateach
individual wereto maximizehis utility. Cognitively inspiredmodelersanddesignerstatethatgame
theoryonly modelsa subsebf the cognitive makeupof anagent.In particular economicrationality
is nota modelof rationalityin geneml but only oneof alarge subsef humangoals(Castlefranchi
& Conte1997). The subjectve expectedutility model(Neumann& Morgernsternl944)rulesout

decisionsandbehaiourswhich maybe perfectlyrationalbut which areeconomicallyirrational. For

example to perseerein aninvestmenivhich hasalower utility thananothelinvestmen{sunkcosts)
maybesubjectvely rationalif theagentdesiesto avoid publicadmissiorof failure. Cognitive scien-
tistsclaim thatgametheorydoesnot considerthe entiresetof anagents goalswhenformulatingthe

criteria of rationalbehaiour. This obsenationis supporteddy the factthe theoryis experimentally
unsupportedRoth 1995).

Relatedto theabove point, is the concernthatthe theoryis oneof behaiourismandthatit excludes
from the modelsary deliberatve intervention. The theorymodelsthe actionsof an agentgivenits

information set, whereasa satishictory theory of cooperatiorrequiresthe modelingof the agents
cognition, especiallyits goals,motivationsandintentionsratherthanthe knowledgeonly. Further

more,thetheoryis silentwith regardsto the contentof preferencesheirlegitimacy, their natureand
their socialdesirability (Fishkurn 1981).

In addition,mostof themodelsdescribedboreassumgerfectcomputationatationality(assumption
d in section3.1.5). Underthis assumptionno computationis requiredto find mutually acceptable
solutionswithin the feasiblerange.Furthermorethis spaceof possibledealsis assumedo be fully
known by the agentsasarethe potentialoutcomevalues.Generally thetheoryis silentwith respect
to the actualcomputationatationality of the agentgSimon1996). To know a solutionexistsis not
to know whatthe solutionis. Chessds a classicexampleof this point. The gamehasa solution—a
stratgyy for white or blackwhichis eitherawin or adraw, but the searchis computationallycomplex.
Gametheorymodelsare of type P; (the capacityto generatesuccessfubehaiour given available
information), whereasa more satishctory model of rationality may be of type P (the capacityto

optimally selectthe combinationof actionand computationas opposedo perfectrationality—see
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section2.2.8). The perfectrationality of all agents,althoughusefulin designing,predictingand

proving propertieof asystemjs not altogethewsefulin systemdesignsinceit:

— doesnotexist (physicalmechanism$aketimeto processnformationandselectactions).Hence
the behaviour of real agentscannotimmediatelyreflectchangesn the ervironmentand will

generallybe sub-optimalSimon1982)

— doesnotprovidefor theanalysisof theinternaldesignof anagent,oneperfectlyrationalagents
asgoodasanother Thereforewhatis requiredaredifferentagentarchitectureshatimplement
different searchmechanismscapableof heuristically exploring a set of possibleoutcomes

underbothlimited informationandcomputatiorassumptions.
In particular asSandholmmotes,

future work shouldfocuson developingmethodswherethe costof search(deliberation)
for solutionsis explicit, andit is decision-theoreticallyradedoff againstthe bagaining
gainsthat the searchprovides. This becomesparticularly importantas the bagaining
techniquesrescaledup to combinatorialproblemswith a multi-dimensionahegotiation

spaceasopposedo combinatoriallysimpleonedik e splitting thedollar (Sandholn1.999).

e Thetheoryis aclosedsystem.It hasfailedto generatea generaimodelgoverningrationalchoicein
interdependensituations(Zeng & Sycaral997). Instead the discipline hasproduceda numberof
highly specializednodelsapplicableto specifictypesof inter-dependentiecisionmaking(e.g. the

von Neumann-Mogensterrsolutionto two-person) As Binmorenotes:

...conclusiongof non-cooperatie models)only applyto onespecificgame.If the details
of therulesarechangedlightly, theconclusionseachedeednolongerbevalid (Binmore
1992),p. 196.

Classicalgametheoristsclaim that the modelsare prescriptve and consequentlycannotinvalidatethem-
selhesif they wereuniversallyadoptedby all players(if all agentsconsultedthe samegametheorytext
book—if otheragentglay accordingo thetheory's prescriptionthenthebehaiour prescribedo theagent
is alreadyoptimal). However, eventhoughthe internallogics of the modelsmay be true, the modelsstill
remaina poordescriptionof theworld.

Othergametheoristshave addressedomeof the above criticismsby replacingprescriptve (or educ-
tive) modelsof rationality, basedon omniscientunboundediecisionmakers, by descriptive (or evolutive
modelswhich arebasedon myopically simpleagentgSmith 1982), (Axelrod 1984),(Binmore 1990), (Ito

& Yano1995). The theoryhasalsobeencriticized for its characterizatiorof individuals aslogical and
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rationalagents Rationaltheories(or whatBinmorecalls eductivemodels(Binmore1990))areinappropri-
atefor the equilibriumexistenceandselectionproblems.The former problemappearsn gameswvherethe
determinatiorof equilibriais problematicand,corversely thelatter problemoccursfor typesof gameghat
have multiple equilibria (Gibbons1992). Somegametheoristsclaim thatthe indeterminayg of deciding
which stratgjiesarein equilibriais the resultof assuminghat the procesghat brings aboutequilibrium
is a logical andrational processratherthana “myopic tatonnenment{or blind groping) processsimilar
to evolutionarymechanismgBinmore 1990). For suchtheorists rationalbehaviour is itself the subjectof
selectiorandonethathassurvivedafterlesssuccessfubneshave beeneliminated.In humansthe process
that bringsaboutequilibriumis very comple, emplogying coordinationmechanismsuchasthinking and
signaling(Binmore 1990). However, althoughcomplex, rationalbehaviour doesexhibit imperfectionsdue
to its assuminganinfinite capabilityto reason(perfectlyrational). Therefore|t is a mistale to take it for

grantedthatdecisionmakersareperfectlyrational?> andasBinmorenotes(Binmore& Dasguptal986):

...themostimportantequilibratingmechanismsasin animalbiology, arethosewhich operate
throughthe short-sightedand mechanicahdjustmenof stratgiesin the indefinitely repeated

play of agame.

Thereexistsavastliteratureontheequilibriaselectiorproblemwhichis beyondthe scopeof thediscussion
here(seg(Gibbons1992)for anintroductionto theproblem).It is generallyacceptedhatif theequilibrating
mechanisnis a rationaland consciougprocesghenthe choiceof which equilibriato selectis determined
by negotiationamongthe playersof that game(Nash1951). Corversely if rationalbehaiour hasbeen
madeby unthinkingevolutionaryforcesthenthe selectionproblembecomes meaninglesgroblemsince
thechoiceof theactualequilibriumobsenedis dueto randomfluctuationsin the equilibratingprocess.

The individual is merely a stratgy which is subjectedto survival criteriain a populationof other
stratgyies. Theproblemsassociatedvith the prescriptve modelsareeliminatedby replacingtheagentswith
simple stimulus-responsmachines—thdeliefs, motivationsand abilities of the agentsareno longeran
issueandtheequilibratingmechanismss nolongerthereasoningrocesf theagentdut anevolutionary
processlnderthis methodologyationalityitselfis acandidatdor change However, thesolutionis bought
atacost. Descriptve modelsmayaddresshe above problemsbut they maybetoo specificby assumingar
too muchthatcanbejustified,aswell asgeneratinglynamicsystemghataretoo complex to analyze.

An additionalproblemraisedis thelevel of complexity of theagentsn thegeneratediescriptve mod-
els. For example,evensinglecelledorganismscanlearnfrom their experience.Thereforeary descriptve
modelmusttake into consideratiomot only thelearningaspecbf theagentbut alsothelevel of compleity

of the learninginvolved (for example,shouldagentsbe modeledaslearnersof other’s learningprocess).

12Evenprofessionakconomistsannot bereliedonto behase rationallyin the simplestof bagaininggamegGuth, Schmittbeger,

& Schwarze1982).
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Learningruleshave beensuggeste@sa possiblestrateyy candidatg Smith 1982),(Axelrod 1984)andthe
criteria of how complex theselearningrules are delggatedto the principle of boundedrationality, since
increasinghe compleity of anindividual incurscosts(searchandmanagementyvhich, in turn, imposes
a constrainton the modelsof theindividual. This boundedationalitywill constrainthe complexity of the
agent.

As wasmentionedat the beginning of this section,the approachadoptedn this work is to adoptthe
formal gametheoreticconstructsuchasprotocols,outcomesytilities, andstratgies(representedompu-
tationally as permissiblestate-spacéransitions terminal statesgiven pathsfrom aninitial state,traversal
stratgyies, stateutilities and pathselectionstratayy, respectiely in searchalgorithmterminology),aswell
assolutionconceptsuchaspareto-optimalityNashbamgainingsolutionandreferencepoint. However, for
computationabndinformationalreasonsthe assumptiorthatrationality is selectionof outcomeghatare
optimum(lie onthe Paretooptimalline) is relaxed. Agentsoperatén dynamicanduncertainervironments,
where,atbest,eventheidentity of the otheragentss uncertain)et alonethe assumptiorthatthereis com-
monknowledgeof theprior distribution of others’types.Thecombinatiorof uncertaintyandcomputational
boundednessf physicalsystemsyesultsin a sub-optimalheuristicsearchthat may not be ableto select
feasibleoutcomeson the pareto-optimaline. Under suchcontexts, thereis a tradeof betweensolution
quality andthe computationabndinformationalrequirements—theptimality of the searchoutcomewiill
beafunctionof the certaintylevelsandthe computationakfforts.

The computationabnddomainspecificityproblemsof gametheoryhave alsobeenoneof the central
concernof DAI modelsof neggotiation. To this end,a numberof key representatie computationamodels

from this paradigmarediscussedn thefollowing section.

3.2 Computational Models of Negotiation

This sectionis a descriptionof the classof modelswhich this researchs primarily concernedvith, namely
computationabhgentsthat usenegotiationto further coordination.Sectionsbelow describein moredetail
modelsfrom a mainly MAS perspectie (with the exceptionof the ContractNet Protocol,section3.2.3,
which belongsto the Cooperatie Distributed ProblemSolving paradigm).The presentedvork below can
be viewed asproposaldor the designof negotiationprotocolsthatareprogressiely lessrestrictve on the

agentsaandwhereinteractionsoecomemoredirect.

3.2.1 Domain Theory of Negotiation

Theapplicationof mechanisntesign(seesection3.1.8above)to differenttypesof computationalomains
hasbeencentralto the work of Rosencheirand Zlotkin, (Rosenschei& Zlotkin 1994). The mainidea
behindthis body of work is that protocolsof interactioncan be designedhat are self-enforcingand that

have certaindesirablepropertiedor differentdomains.Thesegropertiesanthenbeusedby agentdesigners
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asastandardf interaction.The assumptionsf this body of work areasfollows:

1. ExpectedUtility Maximizers: individual decisionsarerationalonly if they maximizethe expected

utility of anagent.

2. One-off Negotiation: Agents’currentactionsarenotdependentn futureencountersThisindepen-

denceof historieson the currentencounteis commonknowledge.

3. Inter-agentComparisonof Utility: Agents,orthedesignersf agentshaveameansf transforming

others’utility into acommonutility.

4. Symmetric Abilities: All agentsare capableof performingthe samesetof actions. Also, the cost
associateavith eachactionis independenof theagentcarryingoutthe action. Costsarespecifiedas

apartof theagents utility function.
5. Binding Commitments: Designerslesigntheir agentso keepall their commitments.

6. No Explicit Utility Transfer: Agentscannotexplicitly transferutility betweenoneanother—there

is nosidepayment(section3.1.4).Utility is howevertransferredmplicitly asagreements.

Basedon theseassumptionshe authorsusethe principlesof mechanisndesignto constructprotocolsof

interaction:

We are interestedin social engineeringfor machines. We want to understandhe kinds of
negotiation protocols,and punitive and incentve mechanismsthat would causeindividual
designergo build machinesthat actin particularways. Sincewe assumethat the agents’
designerarebasicallyinterestedn their own goals we wantto find interactiontechniqueshat
are“stable”, thatmake it worthwhile for the agentdesignemot to have his machinegdeviate
from thetargetbehaiour (Rosenschei& Zlotkin 1994),p. 4-5.

Thefunctionof a protocolis the specificatiorof the setof possibledealsagentanmake togethemith the
sequencesf permissibleoffersandcounteroffers. Propertieof protocolsarethenanalyzedsoasto guide
agentdesigners'decisionsaboutwhich protocolto usefor differentdomains. The propertiesthe authors

suggestre(notethe similarity with the axiomsof Nashbargainingsolution,section3.1.4):

1. efficiency: agreementshouldbe eitherPareto-Optimalor globally optimal. The latteris achieved

whenthe sumof theagents'utilities is maximized.

2. stability: noagenthasanincentiveto deviatefrom the stratgyy specifiedby the protocol—the strat-
egy that agentsadoptcan be proposedas part of the interaction ervironmentdesign” (Rosenschein
& Zlotkin 1994),p. 21.
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Figure3.4: ThreeOutcomesThatMaximize the Sumof the Utilities.

3. simplicity: relatedto thetwo pointsabove is the propertythatthe protocolshouldmake low com-
putationaland communicationdemandson the agent. If a protocolis simple, then fewer system
resourcesreusedup by the nggotiation. Hencesimplicity increasegfficiengy. Similarly, simplicity
is achievedwhena protocolis stable sincethe agentdoesnot needto spenda significantamountof
resourcen thinking aboutthe optimal stratgy. The optimal behaiour hasbeenpublicly provided

by the protocolandthe bestthing theagentcando is to carry out this optimalsuggestion.
4. distrib uted: theprotocolis notcentralized.

5. symmetric: theprotocolshouldnotfavor oneagentoveranother Symmetryimpliesthattheoutcome

of the nggotiationwill notbe affectedif anagentwasreplacedy anotherof exactly the sametype.

Theefficiency propertyof a protocolrelatesto the socialwelfarefunctionthatit implementshereit is the
sum of the agents'utilities. Requiringthatthe sum of the utilities be maximizedreduceshe numberof
possibleoutcomesandrulesout mary socialbehaiours. However, Arrow’s impossibility theoryremains
(section3.1.3)—earenthoughsomeoutcomesareruledout, therearestill multiple outcomegshatmaximize
thesocialwelfare(equity),but eachagentprefersadifferentsocialoutcomgefficiency). Thisis represented
in figure 3.4, whereeachof the threehypotheticalpointsmaximizethe sumof theindividual utilities. The
point shawvn by the utility vector(0.3,0.9) is preferredby player2, sinceit givesmoreweightto player
2. Corversely the point at utility vector(0.9,0.3) is preferredby player1, sinceit givesmoreweightto
playerl. Thereforeeachagentprefersa differentoutcome.Negotiation,then,is definedasreading an
agreemenbverthedivisionof thegrouputility. TheregularNashbamainingsolution(section3.1.4)is used

to solve thisfairnessproblem resultingin theselectiorof point (0.6, 0.6). 12 If thereis morethanoneNash

B3Note thesedifferentsolutionpointson this efficient line (suchas (0.3, 0.9) or (0.9, 0.3)) canbe selectedisingthe genealized

Nashbaigainingsolutionwhich modelsthe power, or weight, of the negotiators(Binmore1992).



3.2. ComputationaModelsof Negotiation 95

solution(recallthatthe Nashbargainingsolutionmaximizesthe productof the deal)thenthe protocolwill

selectthedealthatmaximizeshe sumandtheproductof the utilities. Finally, if thereis morethanonedeal
thatmaximizesthe productandthe sumof the utilities, thenthe protocolrandomlyselectsonedeal. The
authorsthenconcernthemseleswith theclassof protocolsthatsatisfytheseefficiency criteria. They refer
to this type of protocolasProductMaximizingMedanismsor PMMs—or the Nashbargainingsolution. *4

Thestability propertyof the protocolis its ability to selectandmaintainequilibriumstrateies. Thisis
a highly advantageougropertyfor opensocietiesvheremaliciousagentscanenterwith their own strate-
giesandattemptto extractthe bestdealfor themseles(whateconomistgall extractingthe entiresurplus
from the interactiongBinmore 1992)). However, if stratgjiesare stablethenthey arethe bestresponses
irrespectve of the privatestratgyiesof othersandthe protocolis immuneto attack(Smith 1982).

The simplicity propertyis derived directly from the revelation principle introducedin section3.1.8.
Stratgjies are simple becausé®MM protocolsare direct, giving agentdesignershe incentive to declare
their utility types(seeincentive compatibilityin section3.1.8).

Giventhis setof properties,an agentdesigneris thentold that for domainD: protocol Prl is dis-
tributed, symmetric,stable,simplebut inefficient; and Pr2 is distributed, symmetricandstable,but more
efficientandcomplex. Thenovelty of theapproacthis this domaintheoryof negotiation,which canbeused
for classifyinginteractiontypesandassistinglesignerso chooseheappropriateegotiationprotocols.The

domainsthey suggestre:

e TaskOriented Domains(TOD): Agentsin TOD attemptto achievetheirtaskswhichdonotinteract
with otheragents'tasks. However, benefitscanbe gainedby all partiesundercertaintaskredistri-
bution patterns. Theseareinherently cooperatre domains,whereagentsattemptto find mutually

beneficiaktaskdistributions.

¢ StateOriented Domains(SOD): SODrepresentslassicAl problemdomainswhereagentsattempt
to movetheworld from aninitial stateto agoalstate.In comparisorio TOD, realconflictis possible
in SOD becausehe agentshave differentgoalsandtheremay be no single goal statethat mutually

satisfiesall theagents.

e Worth Oriented Domains(WOD): In WOD agentsanexpressa desirabilityscale,or worth func-
tion, to potentialoutcomes.In both TOD and SOD agentscan only wholly satisfy their goals(in
TOD a goalis completionof tasks,in SOD a goal is a statean agentwishesto reach);they cannot
relaxtheir initial goalsto reachanagreementin WOD, however, a continuousworth function (as
opposedo the binaryfunctionsof TOD andSOD) allows agentgo compromiseon their goals,and

evenincreasehe overall efficiency of theagreementdNegotiationis thencooperatie.

14A mechanismin theirterms,is boththe protocolandthe strateyy.
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Overall,agentcancompromiseandreachdealsover how muchwork they do (TOD), whichfinal statethey
reach(SOD), aswell ashow muchworth they extractfrom the deals.In the typesof problemsconsidered
in thisresearchagentsdo have conflictinggoalsandconflict resolutionis assumedo be a concessiomver
demandsindeed,someof the mostinterestingresultsfrom integrative bargainingcomefrom the ability of

agentgo concedeand/ormake demandon goals.

3.2.1.1 Evaluationof DomainTheory

Thework of RosencheimndZlotkin hasbeenpioneeringn its contributiontowardsthe designof protocols
of negotiationfor MAS. In additionto being the first to apply cooperatie gametheoreticmodelsand
mechanisndesignto computationabhgentsthe domaintheoryof negotiationhasbeenparticularlyuseful
in guiding the designof differentnegotiation protocolsfor differentdomains. However, in adoptingthe
Nashsolution and principlesof mechanisndesignthe approachinherits the criticisms raisedin section
3.1.9.

More specifically a domaintheory of neggotiationis a steptowardsdevelopinga generaltheory of
negotiation(oneof thecriticismsoutlinedabove in section3.1.9),but, like mostgametheoreticmodels at
thecostof makingfurtherassumptionthatareunrealistic.For example thefourth assumptiorabove states
thatagentshave the sameability. This allows the modelingof symmetricinteractionsvherenegotiationis
seenasthe optimal sharingor swappingof a setof tasks(in TOD), or the desiredfinal stateg(in SOD) or
worth (in WOD). Worth in WOD is sharedimplicitly whenan agent“a greesto do more work in a joint
planthatachievesbothagents’goals,heincreaseghe utility of thesecondagent” (Rosenschei& Zlotkin
1994),pagel50. However, in thedomainsof interestof thisresearchagentslo nothave symmetricabilities
andthey cannottradeoff worth with tasks. In fact, agentsinteractand negotiatefor serviceswhich they
themselescannotperformin thefirst place.Negotiationthenis not aboutswapping,but ratherdelegating
tasksto otheragentgo perform. Theworth of agoalcanno longerbetradedoff againstasks.

Theremayalsobecircumstances/henthe socialfunction (or the global utility) cannotbe maximized
dueto notonly the uncertaintyandcomputationaboundednessf agentsput alsothe structureof the prob-
lem domain. One possibleway to increasethe global utility function (but not maximizeit, againdueto
privagy of informationor computationalimitations of agents)s to searchfor “win-win” outcomesn in-
tegrative bamgaining,involving morethanonenegotiationissue asopposedo distributive bagainingover,
for example,tasks,statesor worth only. As mentionedearlier realworld problemsare seldomdescribed
with preferencesver a singleissue.Furthermorejn the domainstargetedby this researchagentscannot
exchangetasks. Thesetwo pointstaken togethermeanthat the protocolsdevelopedby Rosencheirand
Zlotkin areinappropriatdor the problemaddressedh this thesis—theglobalmaximizationof utility by the
PMM protocoldepend®n the exchangeof tasks statesor worths. Thereis a needfor othersearchmecha-

nismsthatsolve problemsthatdo notjustinvolve exchangeandthatattemptto increasethe socialwelfare.
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For theabovereasonsthe generalityof thedomaintheoryis restrictedo domainghatarecharacterizethy
thetradingof the goals(or tasks statesor worth).

Furthermorethe assumptionshatthe costof anactionis independenof the agentthat carriesit out
andthateachagenthassufficientresourceso potentiallyhandleall of thetasksof all agentsareunrealistic.
Theseassumptiongreclearlyviolatedin realworld problemssuchasscheduling'seesection3.2.4below
for anin-depthdiscussionwhereagentsare endaved with differenttasks,resourcesndcoststo achieve
them. The implicationsand consequencesf asymmetryfor a generaldomaintheoryarethemselesre-
searchguestionsandonesthatthe authorsdo not address.The modelingof costandits assymetrimature
hasbeenoneof the centralcontributionsof thework of Sandholm(section3.2.4).

Finally, theauthorsuseprinciplesfrom mechanisndesignto transformdirectto indirectinteractions,
in a similar mannetto auctions.Thedeclaratiorof preferencesr ary informationto a principle (eitheran
auctioneer the protocol) achievessomedesirablepropertiessuchasefficiency, simplicity andstability,
therebyaddressinghe boundedationality problemof agentssinceagentsdon’t needto out-guessothers’
strat@ies or engagein costly deliberationsfor stratgy selection. Thus agentdesignersknow what the
optimal stratayy is for a given domainandthey programsuchbehaioursinto their agents. In this way,
the protocolis restrictve; agentsarefree to chooseary stratay they wish, but the beststratayy is public
knowledgeand deviationsfrom it areirrational. However, mechanisndesignis ineffective if agents,or
their designersfail to agreeto declaretheir typesto a protocol designer Incentve mechanismsanbe
constructedo implementa direct mechanisnonly after the designes haveagreedto reveal their types
This is in effect a pre-ngyotiationnegotiationamongthe designers.The theoryis not applicableif there
areno suchagreementdetweenthe designershemseles. Interactionsthereforeneedto be direct, and
mechanismareneededhatassistagentdn thedirectinteractionswith oneanothemwhentheir preferences
areprivateknowledge. The authorsdo not assessheimplicationson the behaiour of protocolswhenthe
assumptiorthatagentsor their designerscancompareotheragents utilities (assumptiorthree)is violated.

Agentsmayrefuseto revealtheir utilities.

3.2.2 Non-Cooperative Computational Negotiation

A numberof key principlesfrom mechanismdesign(section3.1.8) and non-cooperatie models (sec-
tion 3.1.7) for problemsthat involve time and resourcerestrictionsin worth oriented domainshave
beencentralto the work of Kraus; see (Kraus 1997b, 2000) for an overvien of this body of work
and (Kraus & Wilkenfeld 1995, 1993, Kraus, Wilkenfeld, & Zlotkin 1995, Kraus & Lehmann1995,
Kraus 1997a)for detailsof the models. In this body of work, stratgic modelsof negotiationhave been
appliedto bilateralandmulti-lateralnegotiations singleandmultiple encounterscompleteandincomplete
informationin negotiations,aswell asthe impactof time on the utility of deals. The contribution of this

body of work is its ability to:
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e provide the agentwith domaindependentitility functionsthat take into consideratiorthe passage
of time andthe costsof negotiation. In the work describedn the previous section, “the sourceof
the utility function or the preferencesf the agents,..., wasrarely discussedlIt wasassumedhat
eachagentknows its utility function (and hassomeknowledgeof its opponentsiutility function).
However, a designerof anautomatedagentis requiredto provide the agentwith a utility functionor
apreferenceelation. Without doingso, formal modelscannotbe usedfor automateagents’(Kraus
2000).

e modelpower relationships.In the typesof problemsconsideredy Kraus,in the procesof negoti-
ation oneagentcangain while anotherosesutility. Therefore,“the strongeragentmay be ableto
“force” the otheragentto reachanagreemenivhichis bestfor it, amongthe dealsthatarepossible”
(Kraus2000).

e modelsstrictly conflicting preferenceswhereagents’preferencesre diametrically opposite. For
example,“if two agentsneedthe sameresourceat the sametime, and eachwould like to useit as

muchaspossiblethentheir preferencesreconflicting” (Kraus2000).

¢ tacklethe computationaproblemsof “developinglow compleity techniquedor searchingor ap-

propriatestrategies” (Kraus1997b),p. 84.

In more detail, Rubinsteins stratgic sequentialalternatingmodel (section3.1.7) hasbeenmodified to
provide a unified solutionto both taskandresourceallocationproblems. Thesemodificationsincludethe
modelingof: i) thewaytimeinfluenceshepreferencesf agentsiji) thediscrete asopposedo continuous,
outcomesandiii) the possibilitythatbothagentscanopt out of the negotiationaswell astheir preferences
for doingso. Themodelis evaluatedby theamountof time it takesto reachdeals aswell asthe efficiency,
15 simplicity andstability of thedeals.

Agents’preferencesverthetime of theoutcomeareachievedby building time-dependentreferences
into theirutility functions.Moreover, Krausarguesthatwhereasormaltheoriesall acknavliedgetheimpor-
tanceof a utility function,noneof the actuallyprovide arny suchfunction. This makesthemunoperational;
adesignerof anautomatedgentis requiredto provide the agentwith a utility functionor a preferencee-
lationship.Theactualutility functionis likely to bedomaindependenthut Krausidentifiesthreecateyories
(Kraus2000):

1. Fixed loses/gainger time unit: Ut(o,t) = U%(0, 0) + t.C;, whereo is anoutcomet is thecurrent

timein negotiation,O is thesetof possibleof outcomesandC; is thecost/gairto agent;. Eachagent

I5Efficiendy in this work is viewed not in termsof pareto-optimality Rathey in resourceallocationproblemsan efficient outcome

is onewheretheresources notin useonly whenno agentin thegroupneedsheresource.
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hasa utility functionthatcarriesa costgainor loss,dueto delays,for eachperiodof negotiation®
Costsmay be communicatiorioad, negotiationcosts resourcestoragecostsor taskexecutioncosts,

andgainscanbethe usageof theresourcewvhichis the subjectof negotiation.

2. Time constantdiscountrate: U(o,t) = §:U%(0,0), where0 < §; < 1. Similarto the SAPwhere

eachagenthasa fixedtime discountratethatmodifiesthe utility of anoutcome.

3. Finite-horizon modelswith fixed losseger time unit: Ut(o,t) = Ui(o,0).(1 —t/ ]/\\7) —t.C for
t S]/\\I,C € R, wherej/\\f is a finite numberof stepsin negotiation. Lik e the previous case thereis
a constanigain or lossover time during the negotiationprocess.However, the utility functionalso
guantifiesthe gainsafter the endof the negotiation,whenthe outcomeof the negotiationis valid for

]/\\7 periodsandat eachtime stepafterthe endof negotiationtheagentscangainUt (o, O).

It is thesepreferencesvertime, togethemwith agentshaving the optionto opt out, that motivatethemto-
wardsreachingdeals.However, sincetime playsnoimportantrolein theagents utility modelsdescribedn
thedomaintheoryof negotiation,presentedn the previoussection new stratgiesareprovided. Stratgies
are,like classicstratgies,ary functionthatmapsthe history of the negotiationto a next move, specifying
whatthe agenthasto do next. At eachturn of anagentto respond a stratgy specifies) which offer to
make, andii) whetherto accepor rejectanoffer or alternatvely opt out of negotiation. It is this evaluation
componenbf the stratey thatis differentfrom the stratgiespresentedn the previoussectionwheretime
is takeninto account.

Giventhe possiblesetof outcomesandthe agents'utility functions,an agents stratayy is thenana-
lyzed usingsubgameperfectequilibrium (for gamesof perfectinformation)andsequentiakquilibria (for
gamef incompleteinformation)assolutions(seesection3.1.7)thatary agentwill necessarilywelectf it
wasrational. Giventhis propertyof thenon-cooperatiemodel,a mechanisnfor therulesof thealternating
sequentiaprotocol)is designedhatis incentive compatiblewith selectingthe subgameperfectequilib-
rium strat@y for gamesof perfectinformationandsequentiakquilibria stratgy for gamesof incomplete
information.

Anothermajor contribution of this body of work is animplementatiorthat addressethe issueof the
compleity involvedin having to computestrateyies, ratherthanhaving the equilibrium strateyy publicly
known (Lemel1995):

Thedrawbackof thegametheoryapproachs thatfinding equilibriumstratejiesis notmechan-
ical (computational)anagentmustsomehev make a guesghatsomestratgly combinationis

in equilibrium beforeit testsit andthereis no generalway to make the initial guess(Kraus
1997a)p. 48.

16Therangeof theseutility functionsarenotin theintenal [0, 1].
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TheimplementatiorsolutionKrausproposess to storestratayiesin librariesrepresentedsAND/OR trees
wherethe internalnodesconsistof conditions(suchasthe possibility of opting out of negotiation,the cost
of negotiation,thetime left in negotiationor the numberof negotiators)andthe stratgiesarestoredin the
leavesof thetree. Thesestratgies,in turn, consistof compiledfunctionswith variables someof which are
alreadyinstantiatedduringthe searchin thetree,andothersof which areinstantiatedduring the execution

of thefunction.

3.2.2.1 Evaluationof the Non-cooperatie ComputationaNegotiationModel

Oneof the key driving forcesof agreementén the work of Krausis the time and cost consideratiorin
negotiation. The agents decisionproblemis formulatedas the selectionof an offer that maximizesthe
utility giventhetimeandcostsinvolved. However, althoughuseful,nomodelof time or costconsiderationis
provided. Evenif suchmodelswereprovided,they arelikely to bedomaindependenteflectingtheconcerns
of thedomain.Furthermore’building” into theagents'utility functionsadditionaldeliberationfactorscan
resultin functionsthatareover complicatedanddifficult to designandanalyze.This taskis noteasyfor an
agentdesignewhois notanexpertin utility theory Insteadwhatis requiredfor aflexible andconfigurable
negotiation wrapperare utility functionsthat are domainindependent. To achieve this, simpler utility
functionsaresoughtthatevaluatethe worth of the offer independentlypf thetime andcostconsiderations.
Theseconsiderationsandindeedary otherenvironmentalconsideration(s3uchthe behaiour of the other
agent,are delgyatedto otheragents deliberationmechanisms.Thesemechanismshen generateoffers,
eachpossiblyhaving a differentworth to the agent basedon a numberof ervironmentalconsiderationsin
this mannera singlegenericutility functioncanbe providedto the designeiinsidethe negotiationwrapper
who canthenaddadditionalmechanismé a modularfashionwithout affectingthe utility function.

Finally, in thisthesisonly the protocolof the SAPis usedio modelthe procesof negotiation,because
theassumptionthatagents’consultthesamegametheorybook” (seesection3.1.5)is notavalid assumption
andalsobecausesmall variationsin the parametersf the SAP (broughtaboutby makingdifferentsetof

assumptionsleadto indeterminag of equilibriumstratgiesandinefficientdelays(seesection3.1.7).

3.2.3 The Contract Net Protocol

The contractnet protocol (CNP) is a classicexampleof a DPS system(cooperatie solution synthesis
througha decentralizedlooselycoupledcollectionof problemsolvers—seesectionl.3) usedfor the task
distribution phaseof cooperatie problemsolving (Smith1980). Thereforejt doesnot belongto the class
of quantitatve modelsof bamgaining, althoughits operationclosely resembles market-like mechanism.
The protocolfocuseson the traditional problemof how to resole disparateviewpointsin taskallocation
problemsin a simulateddistributedsensometwork for acousticinterpretation.Nonethelessi is included

herebecausei) it wastraditionally the first negotiationprotocolin DAI, ii) it modelscontractsandiii) its
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extensionby Sandholm(section3.2.4)bringsit into the classof quantitatve modelsof negotiation.

TheCNPwasmotivatedby the problemthatdistribution by its very naturerequiressupplyingproblem
solverswith only a limited local view of the problem. However this conflictswith the desireto achiere
global effects(solutionto a problem). Therefore,coordinatedactivity within the systemcannotbe guar
anteed.To overcomethis problem,the CNP solutionwasderived asa mechanisnthat extendsacrossthe
network nodesandthat canbe usedasthe foundationfor cooperationand organization. Cooperationis
designednto the systenthrougha communicatiorprotocolwhichfacilitatesandorganizecommunication
amongentitiesand a problemsolving protocolwhich organizesthe group of problemsolver’s actiities.
Thetwo protocolsbring aboutform andcontentrespectiely; how to communicateandwhatto solve. The
discussiorbelow will centermainly aroundthe problemsolving protocolbecausat is the mostrelevant
modelfor thedecisionprocessemvolvedin the negotiationwrapper

The CNP consistsof a collection of nodes,referredto as contract net, whereeachnodein the net
may take on the role of a manajer, responsibldor monitoringthe executionand processinghe resultof
atask,or a contractor, responsibldor the actualexecutionof the task. Rolescanbe adopteddynamically
by all nodesat runtime, thereforenodesare not a priori tied to ary particularcontrol hierarchy The
negotiationprocesss theninitiated by the generatiorof a new taskby a node. Thatnodeannounceshe
newly generatedaskusinga taskannouncemenmnessageandbecomeshe managerof thattask. Other
nodesin the network evaluatetheir level of interestin the announcedaskwith respecto their specialized
resourcege.g. hardware). If the taskis of sufficient interest,a nodethen submitsa bid which indicates
the executioncapabilitiesof the bidder The managemay receve severalbidsfor a singletaskandit then
selectsoneor moreof the bids (basedon theinformationregardingthe executioncapabilitiesdisclosedn
the bid). The selectedhodesthenassumeaesponsibilityfor the executionof the taskand eachis called
a contractorfor thattask. The contractormay needto subdvide the taskinto sub-tasksand becomethe
managerfor thesetasks. The managemay also terminatecontractsand the contractorcan inform its
managenf eitherthepartialor completedstateof its task(s).

Sandholmcompareghe CNP to a directedgovernmentcontractingscheme where“each party is
allowed to male one bid for each announcemenit receives,and the bids of the other parties are not
revealedto it. Thenegyotiationsare directedin the sensethat an announcemenis not sentto all other
agents—onlyo likely contractees”(Sandholml996).

Thedescriptionabove, althoughsimplistic,hasa numberof importantcontributions. Firstly, commit-
mentsareexplicitly representedscontracts—aontractis anexplicit agreemenbetweemodes.Further
more,comparedo the gametheoreticalmodelsof section3.1 the processof negotiationis alsoexplicitly

representech theprotocol:

...establishinga contractis a processf mutual selection. Available contractorsvaluatetask
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announcementantil they find one of interest;the managerghen evaluatethe bids received
from potentialcontractor@&ndselectheonesthey determinghemostappropriateBoth parties
to the agreemenhave evaluatedthe informationsuppliedby the otheranda mutualselection
hasbeenmade(Smith 1980).

In summarythe CNP framework providesa mechanisnfor coordinatedbehaviour thatis symmetric(that
is boththecaller, or managerandtherespondenthecontractorhave aselectiorto make) 1’ through:i) the
conceptof negotiationasa mechanisnfor interaction,ii) a commonlanguagesharedby all nodesandiii)

theannouncement-bidveardsequencef messagewhich offerssomesupportfor cooperatiorsincedueto

incompleteknowledge themessagegive anodeanunderstandingf who elsehastherelevantinformation.

3.2.3.1 Evaluationof the CNP

The CNP providesa coordinationarchitecturewhich is distributedandaddressea numberof factorsde-
scribedin chaptertwo. It hasbeenappliedto job dispatchingamongmachineswithin a manufcturing
plant(Parunak1987),allocationof computationajobsamongprocessor anetwork (Maloneetal. 1988)
(wherethe choiceof processois basedn expectedcompletiontime), andto distributedmeetingschedul-
ing (Sen1994). However, the protocolhasa numberof limitations which are borneout of the fact that
it belongsto CPSsystem. In particular cooperationis an integral part of the protocol. Therecannotbe
ary conflict betweenthe agentgo startthe CNP. Furthermorejn non-cooperatie domainsthe searchfor

acceptablesolutionsmay be more elaboratehantwo messages—igotiation, especiallyin uncertainand
openervironmentsjs aniterative procesof searcHor possibleagreementsn additionto this,the CNPis

atheoryof the systemarchitectureandis silentwith respecto the agentarchitecture.This latter problem

wasaddressetly thework of Sandholmdescribechext.

3.2.4 The Contracting and Coalition Model of Negotiation

A decisiontheoreticagentarchitecturdor the CNPthatsolvessomeof thelimitationsof the CNPwaspro-
posedby Sandholm.Additionally, he developeda gametheoreticnegotiationmechanisnthatnormatively
andquantitatvely solvesthe computationadifficulties of gametheory(the problemof bounded-ationality

of selfishagents) Sandholnmotesthat:

... thetraditionalCNPis not anoff-the-shelfmaturetechnologythatcanbe appliedto different
domainsasis. The protocolreally includesan enormousnumbersof designalternatves. ...
For example,previouswork onthe CNP hasnot addressetherisk attitudeof anagenttoward
beingcommittecdto actiitiesit maynotbeableto honor, or thehonoringof which mayturnout

to beunbeneficial Additionally, in previousCNPimplementationstaskshave beennegotiated

17Symmetricautonomyof bothparties(or bi-directionalselectiorof callerandrespondentyvasfirstmodeledn PUP6(Lenat1975)

which viewed selectionasa discussiorbetweerthe callerandpotentialrespondents.
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oneatatime. Thisis insufficient, if theeffort of carryingoutataskdepend®nthecarryingout
of othertasks. The framawork is extendedto handletaskinteractionsamongothermethods,
by clusteringtasksinto setsto be negotiatedover asatomic bargainingitems. ... . Finally,
the questionof local deliberationschedulingn the negotiationshasnotbeendiscussedarlier,
.... Thehypothesids thatdistributedcontractingcanbe developedinto an efficient—in terms
of resultsand computationalcompleity—interactionmechanismgor self-interestecagents

whoserationalityis boundedy limited computationafresourcegSandholnl996),p. 67—68.

From this, it can be seenthat commitmentsto, and the efficiency of contractsgiven the computational
boundednessf agentsarethe main concernf thework. Thetype of problemconsideredor negotiation
is the distribution of agents’tasks. However, taskscan be achieved by otheragentsand eachagenthas
assymetricosts(compareo thework of RosencheirandZlotkin, section3.2.1,whereanagents taskset
could alsobe performedby otheragents. However, costsare not assumedo be symmetric). Given that
agentshave differing costsandare capableof performingothers’tasks,a taskreallocationmechanisni®
canbe prescribedhatis beneficialto all agentghroughcostsavings.

Concretedomainsthat influencedthe designof, Sandholms negotiation mechanismwere the dis-
tributedvehiclerouting problem,the productionplanningand schedulingproblemin manufcturing,and
meetingscheduling(Sandholml996). The secondscenarids expandecbelow to betterillustrate not only
the contritutionsanddrawbacksof this quantitatve line of work, but alsothe limitations of the symmetric
costassumptionmadeby RosencheimndZlotkin’s domaintheory(section3.2.1).

In themanugcturingproductionplanningandschedulingproblem,anagenthasa setof tasks(suchas
manufcturingoperationsandsetupoperationsanda setof resourcegsuchasmachinespeopleandstorage
area). The problemthenis the scheduling(planningthe assignmenbf tasksto resourcedor giventime
windows) for the executionof the taskson the resourcesThe problemstructurehasmary costfunctions
(e.g.minimizationof latenes®f jobsor completiontime). Thesecostfunctions,alsoreferredtio asobjective
functionsby Sandholmaresubjectto constraintsuchasthe orderin which taskscanfeasiblybe executed
ortheresourcecapacity Thecombinatiorof the objective functionsandthe constraintsiefineaconstrained
optimizationproblem. Furthermore differentmanugcturingenterprisecan handlethe sameoperations.
Thereforetherearepotentialsavingsthatcanbeachie/edby negotiation. Anotherfeatureof theconsidered
domainsis thatdifferententerprisesnay behare cooperatiely or selfishly

In summarythefeaturesof the problemsconsideredre:

e problemsare combinatoriallydifficult. The solution costsand feasibility of the task distribution

problemslimit the rationality of agents,sincethey cannotlocally computethe costsand benefits

18|n this subsectionmechanisnis interchangeablyeferredto asprotocoland (reallocation)lgorithm.
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associateavith delegatingor acceptingasksto otheragentsexactly.

¢ theasymmetriccostsamongagentdor handlingothers’tasksoftenmakesit beneficial(individually

rational)to reallocatedasksamongagents.

¢ individual membergcompaniesn the caseof manufcturingor centersin the caseof vehicledis-
tribution routing) can form virtual enterprisesby joining togetherand cooperatiely, althoughthe
intentionof eachindividualis selfish,taking careof productionor delivery tasksmoreeconomically

thanif performedndividually.

e agentsanbeselfishor cooperatrein taskallocation.Cooperatie agentsattemptto maximizesocial
welfare, measuredas the sum of the agentutilities. They are willing to accepttask distribution
allocationsthat lower their individual utility but increasehe utility of the group. Selfishagentson
the otherhand,wantto maximizetheir own profit without regardsfor otherdistribution centersor

manufcturingcompaniesnvolvedin thevirtual enterprise.

Thesecondeatureis whereSandholms work divergesfrom thatof standardyametheory Thisis because
his notion of individual rationality is differentfrom the gametheory conceptof individual rationality as
maximizationof payof. For Sandholmanagentmayrejectanindividually rationalcontractif it believes
it will be betteroff waiting for a morebeneficialcontractthat cannotbe acceptedf theformer contractis
acceptedLik ewise,anagentmayaccepta nonindividually rationalcontractin “anticipation of a synegic
later contract that will male thecombinationbeneficial” (Sandholnml999),p. 237.

Giventhesefeatures Sandholnpresents negotiationmodelthataddressethreeareasof negotiation:
contracting, coalition formationandcontractexecution In contractingnegotiations(referredto asthe con-
tractingprotocol),agentsteratively reallocatdasksamongsthemselesto reacha globally moredesirable
solution. Whereasn contractingall the agentswork in onelarge coalition, in coalition formationgame
theoreticnormative modelsare usedto analyzethe stability of coalitionsof agentg(the so called“virtual
enterprises’) wheretaskallocationandproblemsolving are“pooled to occur centrally within eadh coali-
tion”. Finally, in contractexecutionan exchangemechanisnis developedthat solvesthe problemsthat
occurin honoringtask executionin ervironmentswhereagentsmay “vanish easily and the connection
betweerthe agentandthereal world party it representds oftenhard to detect”. In this thesisnegotiation
is in the main betweentwo agentsthuscoalitionsof large numbersof agentsarenot possible.Therefore,
the coalition protocolis not relevantto the researchreportedhere. Lik ewise, in this researchthe problem
of contractexecutionis not addressedAll thatis saidis thatthereare executionmonitoringprotocols(or
a commitmentmodel (commitmentnodelin figure 1.1, sectionl1.2)) that can be addedto the serviceex-

ecutionphaseof the servicelife cycle, thatassistdn the executionphase.Coordinationmechanismsre
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soughtfor only the serviceprovisioning phase.Althoughit is acknavledgedthat negotiationcanbe suc-
cessfullyappliedto serviceexecution,the objectof this thesisis focusedon the provisioning phase.For
thesereasonspnly the contractingcontribution of the work is detailedbelow.

Contractingnegotiation,developedasthe TransporCooperatiomet(TRACONET(Sandholnml996)),
addressethe CNP problemmentionedearlier; namelyhow to formally modelannouncingpidding and
awardingdecisiongnvolvedin the contractingof tasks(Sandholnml996,1993). Thesedecisionsarebased
entirely on mamginal costsfor performinga task. Marginal costsareformally presentedelow, but infor-
mally they representhe differencebetweerthetotal costof having to performanotheragents taskaswell
asagents own taskandthe setof agents own tasks.Agentspay oneanotherto performtasks.Becausale-
cisionsarebasedpurelyon themaminal costs(definednext) analysisasopposedo the CNPwhereagents
freelyperformthetasksof others}this pricing mechanisngeneralizeshe CNPto work for bothcooperatie
andselfishagents.

Sandholndefineshetaskallocationproblemasfollows (Sandholnil999),p. 234. Thetaskallocation
problemis definedby a setof TasksT, a setof agentsA, a costfunctionc; : 27 — IR U {oo} (or
the costagent: incursby handlinga subsetof tasks)andthe initial allocationof tasksamongthe agents
(T, T, whereUie AT;™ = T, andT/™ N T;™* = @ for all i # j. Giventhis definition, the
decisionschemegor computingoffersareasfollows. Whenanagentmakesanannouncemerfor atask;it
triesto buy someotheragents capabilityto performatask.In announcinganagentspecifiegthemaximum
priceit is willing to payfor its task(s)to be carriedout. Call this p*™"eun¢e \Whenagentsnake a bid for
anannouncedask,theagentdry andsell their servicesatabid price, utteredin abid. Call this p*. Given
anannouncemerdanda bid, arewardis thena contractbetweerntwo agent,detailsof which aredescribed

belown. Then,anagent; will make anannouncement:

announce rTemove (Tannounce|T.)
) 2

p =q

wherecfemeve (Tannounce|T,) js agent’s mamginal costfor removing thetasksetZ'*""°¥<¢ from all of its
tasksT;:
C;('emo'ue (TannouncelTi) — Ci (Tz) _ Ci (Tz m Tannounce)

wherec;(T;) is the costof optimally achiering all the tasksT for agenti andT; = T ", Sandholm
suggestsheuseof approximatiorschemesor computinge; ¢move (Tennounce| T,y sinceit is intractablefor
mosttypesof problems.

Whenanannouncemeritasbeenrecevedby anagentanagentsendsoutabid, p?i, if themaximum
announcegbrice p*mnounce js higherthanthe pricethatthetaskwill incurontheagento performit. Bidder
Jj bidsaccordingo:

pbid — c;'zdd(Tannounce|Tj)
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wherec‘;dd(Ta"""“"“ |T;) is agentj’s maminal costfor addingthetasksetT'*""°unc¢ to all of its current
tasksT}:

c(;dd(Tannounce|Tj) =¢; (Tj U Tannounce) —cj (Tj)

Again, maginal costsare computedusing an approximationmethod. Finally, the avarding price, p*2r?
is computedusinga new tasksetof the announcerTi'. This is becausé¢hetasksetof i mayhave changed

within thewindow of announcinghetasksandwaiting to receve all bids. p2*27 is computedas:

award __ ,remove (Tannounce |TI)
(3

p =¢

If p2werd is greatetthanthe lowestbid, the taskis avardedto the leastexpensie bid and“by corvention”
thecontracttakesplaceby the avarderpayingthe bidderthe price (p%® + paward) /2.

The protocol(or, asSandholnrefersto it, the algorithm)is asfollows. Initially eachagentcomputes
asolutionto thetasksin its own taskset(referredto asthelocal optimizationproblem). Then,eachagent
canpotentiallynegotiatewith otheragentgo take on someof its taskor, alternatvely, take on someof their
tasksfor a price. Note, thatagentsan Sandholmsé work areallowedto make sidepaymentdor thetaskal-
locationproblemthroughpaymentswhereador agentdn RosencheimndZlotkin’swork no side-payment
is allowed. Negotiationis thenthe exchangeof tasksetsthatareprofitable(i.e. atalower cost—referredo
asindividually rational). The taskredistrikution protocolis thenaniterative exchangemechanisnthatin-
creasesheglobalutility of agentsy traversinga sequencef taskallocationconfigurationamongagents.
At every stepof the iteration,an agentcomputesa feasiblesolutionfor the tasksit hasbeenallocated(a
feasiblesolution consistsof an agentassigningresourcedor the tasksallocated). The task re-allocation
procedurdas areal-time,anytime hill-climbing algorithm. It is real-timebecauset eachiterationa price
equilibrium hasto be reachedn the task setexchangesheforethe next iteration—aftereachcontractis
madethe exchangeof tasksand paymentsaremadeimmediately It is arytime because¢he algorithmcan
be terminatedat any point in time anda solutionis available thatis both individually rationalto all the
agentsandis globally betterthanthe initial solutionif eachagentcarriedout its tasksindividually. It is
hill-climbing becauset eachiterationa global solutioncloserto the optimumis reachedin a distributed
manner).In comparisonthe PMM protocolsof RubinsteirandZlotkin arenot arytime. Agentsfirst reveal
their costsfor all possibletaskdistributions. Thenthe PMM selectghe allocationthatmaximizesthe sum
of the utilities andassigngayofs accordingto the Nashbargainingsolution. This is not anytime because
all taskallocationshave to be evaluatedbefore any agreemenis reached.

Contractsin a contractingprotocolare given searchoperatorsemanticdy Sandholm.Thatis, if the
taskreallocation(or contracting)protocolis interpretedasa global hill-climbing algorithm,thencontracts
canbe interpretedasits searchoperators. The searchfor a global optimumis also mademore efficient

by supplyingthe contractingprotocol with differentcontracttypes. Ratherthan negotiating over single
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tasks,oneat atime, Sandholmshaws thata hill-climbing algorithmcanreachan optimaltaskallocation,
in a finite numberof stepswhenagentscombineclustering swapandmulti-agent contractsinto a single
contractcalledan OCSM-contact O contractsare over a singletask (asin the original CNP) andthey
areshawn to leadthereallocationalgorithminto local minima— wherecontractsareindividually rational
(agentsarebetteroff with thecontract) but arenotglobally optimum.In clustercontractsC contractsaset
of tasksis contractedrom oneagentto anotheywhereasn Scontractsa pair of agentswaptasks.Finally,
in multi-agentM contractstasksareexchangedetweemmultiple agents.It is alsoshovn thatwhenused
individually, or in pairsor threesthesecontracttypesareinsufficientfor the maximizationof globalutility.

However, wheneachindividual contracttypeis appliedsimultaneouslycalled OCSM-contact) they:

¢ allow the algorithmto hill-climb from a task-allocationto ary othertask allocationwith a single

contract

e bring aboutthe existenceof a sequenceath from an individually rational OCSM-contracto the

optimalone.

¢ allow the algorithmto reachthe optimal allocationin afinite numberof contractsfor any sequence
of contracts Thisresultmeanghati) no centralprocessors requiredto selectthe contractsequence
andii) agentsanacceptany OCSM-contracthatis individually rational,andneednotwait for more

profitablecontracts.
¢ thealgorithmneednot backtracksincetherearenolocal minima.

Thesepropertiesare achiezed becausavith OCSM-contractghereare no local minima, sincethe global
optimumcanbereachedvith asinglecontract.

Theabove contractingprotocolhasbeenextendedo handlepartialcommitmentcontractSandholm
1996,2000). Informally, partial commitmentsepresententatve, asopposedo absolute agreement$o
performthe agreedtask(s)(seesection2.2.5). The contractingprotocol describedabove consistsof, like
the CNR a singleroundannouncemenbid and award becausall offersarefully binding. An iterative
contractingprotocol,calledthe leveledcommitmentprotocol,is alsopresentedlUnderthis protocol,com-
mitmentsare not fixed and are themseles madea negotiationitem. This new protocolallows unilateral
decommitmenat anypointin time asopposedo conditioningthe contracton possiblefuture events,asis
donein contingeny contractyseesection2.2.5). Agentsnegotiateover decommitmenpenaltiespnefor
eachagent,andif anagentwantsto decommitthenit doesso throughthe paymentof the decommitment
penaltyspecifiedn theagreedcontract.It is alsoshavn thatselfishrationalagentsarereluctantto decom-
mit becausehereareno incentivesto do so. Thereforeiit is to the bestinterestof even selfishagentsto

honourtheir commitments.
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Thecomputationaboundednessf agentds givenatreatmenin theanalysisandempiricalevaluation
of methoddor decreasinghelocal computationatosts. Sandholmdentifiesthreecateyoriesof tradeofs
which in somecontets areguaranteedo reducethe costof computation.Firstly, agentscantradeof the
complity of mamginal costcomputationgdiscussedabove) againstthe monetaryrisk. Thatis, agents
canusedifferentcostapproximationschemedo make bids and awardswhile their previous bids are still
pending.It is showvn that someapproximationschemedower computationatostswhereasthersdo not.
Alternatively, agentscantradeof obtainingmoreprecisemaiginal costestimationgandsase computation)
againstbeing ableto participatein multiple negotiationssimultaneously However, it is shovn that this
tradeof only works in somecontets. Finally, agentscanreducetheir computationatostsby trading off

sendingmessagesarly on againstwaiting for moreincomingoffers.

3.2.4.1 Evaluationof the ContractingandCoalition Model of Negotiation

The contractingprotocolpresentedby Sandholncomputationalljmodelsthe processof negotiation,rather
thananalyzingthe optimal outcomes.This computationamodelthus supportshe designandimplemen-
tation of autonomousegotiatingagents.The negotiationmodeldiffersalongseveraldimensiondrom the
oneproposedy RosencheimndZlotkin in thattheir protocolresultedn negotiationreachinganoutcome
in asingleroundandassumedi) agentswereableto optimally computetheir decisionproblemswithout
ary costs,ii) therewere no side-paymentsiji) negotiationwas bi-lateralinvolving only two agentsand
iv) the costsand capabilitiesof agentswere symmetric. Sandholms contractingprotocol, on the other
hand,is iterative andbecause@f the compleities of the problemshe assumesigentscannotcomputetheir
local optimizationproblemexactly. Furthermore side-paymentsre allowed (throughpaymentfor task
re-allocation). Negotiationis also extendedfrom bi-lateralto multi-lateral interactions,in a market-like
context, whereagentduy andselltasksfrom oneanother Finally, differentagentsarrydifferentcostsand
capabilitiesthereforethe symmetricassumptiorhasbeendropped.

However, the developedcontractingprotocolcanonly operategivenan existing configurationof task
allocations.Indeed hill-climbing is the procesof ascendinggomeobjective functiononcea configumation
of taskshasalreadybeenreaded Thus,the contractingprotocolof Sandholmcanbe usedto re-allocate
alreadyexisting taskconfigurationsut not to allocate or configure tasksin thefirst instance.

The CNPis furtherextendedn theleveledcommitmentprotocolby allowing iterationin interactions.
In the problemdomainsof this thesis, it is this the iterative exchangeof offers and counteroffers, due
to informationaluncertaintyandthe natureof preferencesthat clearly markinteractions.Sinceiterations
areboth communicatiely andcomputationallycostly thennot only do agentsneedmechanismso reason
aboutthe costandbenefitof continuednegotiation,but the designof aninteractionprotocolmusttake this
addedcompleity into consideration.

In additionto an interactionprotocol, Sandholmprovidesa formal model of the decisionsinvolved
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in agentsannouncing bidding and awarding tasks. This extendsthe original CNP with a formal agent
architecture.However, aswas shovn in someof the target problemdomainsof this thesis(sectionl.4),
negotiationdecisionsarericher thanjust consideration®f costsalone. A richer agentarchitecturds re-
quiredthatformally accountdor moredecisionfactorssuchasthetime limits of negotiation(similarto the
work of Kraussection3.2.2)or the behaiour of the otheragentgespeciallyin ervironmentswherethere
areuncertaintiesn thewhatanagentknows aboutthe other(s)).

The combinationof contracttypesinto OCSM-contractgwhereagentsanallocatetasksvia combin-
ing theallocationof asingletask,a setof tasks swaptasksor sharetaskswith otheragents)helpsagentgo
escapdocal minimaandreachthe global optimumre-allocationin a numberof steps.However, although
tractablgfor smallnumberof tasksandagentsthehill-climbing algorithmmaytake alargeandimpractical
numberof contractiterationsfor large numberof tasksandagents.!® Furthermorealthoughrepresenting
OCSM-contractss tractableas the scaleof the problemincreasesthe sameis not true for searchinga

contractthatincreaseshe socialwelfare(Sandholml999). As the scaleof thetasksetincreases:

... the evaluationof just onecontractrequireseachcontractparty to computethe costof han-
dling its currenttask andthe tasksallocatedto it via the contract. With suchlarge problem
instancespnecannotexpectto reachthe globaloptimumin practice.Instead the contracting
shouldoccuraslong asthereis time, andthenhave a solutionready:the anytime characteof

this contractingschemebecomesnoreimportant(Sandholmi999),p., 237.

Theinability to escapdocal minimain negotiationis acknavledgedin this thesis(detectecasdeadlocksn
acontractsutility dynamics).However, in thisthesis,agentsiegotiateoveratomicservicespr O-contacts
Thisis becaus®f theagentificatiorprocesshatassignservicego agentgsectionl.1). Theremayonly be
asingleserviceprovider for the typesof problemsconsideredn this research{e.g. cost_and_design ser
vice providedby agentD D in the ADEPT scenariosectionl.4.1),excludingthe possibilityof M-contracts
Likewise,anagentmay not be capableof performinganotheragents'tasks(e.g. a useragent|PCA agent,
cannotperformthetasks/servicesf atelecommunicatioserviceprovideragentS P A, sectionl.4.2).This
excludesthepossibility of swapsin contractqS-contactg. Finally, sinceead serviceis usuallyperformed
by a uniqueagent,differenttaskscannotbe clusteredand assignedo a single agent(excluding the pos-
sibility of C-contracty. For example,the service Provide_Customer_Quote is performedby a single
autonomousgentwho is the only agentthat hasnecessarglomainexpertiseand resourcego solve the
problem(s).For thesereasonsa decisionmechanisnis requiredthathelpsescapdocal minimain thetask
allocationalgorithm.No analysiss providedasto the computationaimplicationsof the contractingproto-

col whenthe problemdomainis scaledup, notin termsof the numberof tasks but in termsof the number

19sandholnfoundthatthe TRACONET algorithmtook “multiple hours of negotiationon five Unix madines” for alarge-scalaeal
world distributedvehiclerouting problem(Sandholml993).
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of issuednvolvedin integrative bargaining(whenagentsnegotiatenot just over the price of atask/service
but alsoits quality and delivery time). Multiple issuenegotiationis animportantfeatureof the typesof

problemdomainsof this thesis.

3.2.5 The PersuaderSystem

The PERSIADER systemwasdevelopedto modeladwersarialconflict resolutionin the domainof labour
relationswhich canbemulti-agentmulti issue andsingleor repeateahegotiationencounter§Sycaral 987).

The systemusesboth case-baseteasoning CBR) and multi-attribute utility theory(MAUT) for conflict

resolutionproblems(Sycaral987,1989). PERSWADER is differentto the CNPin thatnegotiationis mod-

eledasanincrementamodificationof solutionparts(ratherthancompositionof partial solutions)through
proposalsandcounterproposals.The model,with its iterative nature,is usedto narrav the differencebe-

tweenthe partiesinvolved, takesinto consideratiorchangingernvironments,and modelssocialreasoning
(by modelingotherparties’beliefs)aswell asbelief modificationof parties.

Thesystenrepresentandreasonsaboutthreetypesof agentsaacompary, theunionandthemediator
Thelatteragentstaskis to engagen parallelnegotiationswith the partieswhenconflictsarise.Specifically
the mediatorgeneratesn initial compromisewhich both the union andthe compalry evaluatefrom their
own perspeciie. If theinitial solutionis acceptabléo bothpartiesthentheprocesss terminated Otherwise
themediatorstaskis transformednto consideringvhetherto changehe proposalor whetherto attemptto
changehebelief of the disagreeingartiesusingpersuasie agumentatior(asdefinedin sectionl.3.3).

In this context, negotiationis viewedasaniterative processincethe partiesenteringnegotiationhave
disparategoals. This “distance”in their goalsis iteratively reducedo zero. To do this, agentsmusthave
thecapacityto predictandevaluatewhethemew proposalsio actuallynarrov the difference Furthermore,
agentcommunicationis directedtowardsthosepartsof the proposalwhich are acceptableor unaccept-
ablewhich implies thatagentsmustbe ableto evaluatetheir plansand possiblymodify or constructnen
onesbasedon this feedback.In additionto this deliberatve componenbf negotiation,agentsmustalso
bereactve sincethe world changesonstantly Thatis, the expectedgoalsandbehaiours of otheragents
may change(throughirrationality for example—note the mechanismsre designedto handleirrational
behaviour, unlike gametheoreticmodels).Finally, sincenegotiationis viewedasa narraving of the differ-
encedetweergoalsandsinceagentsareunwilling to give up their own goals thenthey mustbe cornvinced

to do so. Thereforenggotiationrequirespersuasie argumentation.

3.2.5.1 Evaluationof the PERSIADER System

The PERSWADER systemmodelsboth the iterative processof negotiation and the multi-issuenatureof
interactions.Therefore thesetwo featuresof the systemcapturesomeof the problemrequirement®f this

thesis. However, mediationis unsuitablefor the problemdomainsof this researctsinceneggotiationis a
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mutualselectionof outcomesFurthermorein the problemdomainsof this researchit is not necessaryor
the agentsto have similar beliefsat the end of negotiation. For example,inter-organizationabgentamay
have diametricallyopposecdbeliefsat the end of negotiationover the price of a service;the motivation of
theVet. Customemgentss to maximizepricewhile the CustomerServiceDivisionagentseekgo minimize
price andalthoughthey may settleon anagreedorice, their goalshave not changed.Thereforepersuasion
(operatingover beliefs)is nota necessargonditionfor coordinationin this problemdomain.

In this andsectionsabore, coordinationmodelswere presentedhat successiely modeledthe nature
of interactiongn opensystemswhereprotocolsof interactionsarelessnormative andmoredescriptive and
informal. The next threesectionsreviews otherDAI modelsof negotiationthat, althoughmoredescriptve

in nature have nonethelesdesignfeatureghatarerelevantto the problemandthe approactof this thesis.

3.2.6 Constraint DirectedNegotiation

ConstraintDirected Negotiation (CDN (Sathi& Fox 1989))is an algorithmthat belongsto the classof
negotiationmodelsthatrepresenthe decisionmakingin negotiationasa constraintsatishctionprocesslt
wasdevelopedby SathiandFox for the problemof resourcee-allocationandis the precursoiof the model
presentedh the next sub-sectiorby BarbuceanuandLo. Resourceaeallocationpr theadjustmenbf initial
resourcesijs performedthroughthe buying and selling of resourcedbetweenagents. The authorshave
appliedCDN to the real world problemof workstationrequirementsvithin an engineeringorganization
(Sathi& Fox 1989). There,resourceareworkstationsusedby eachgroupwithin the organizationandas
projectschangesodotherequirementsf thegroups.Thereforetheinitial allocationsof theresourcedave
to be adjustedo reflectthe new requirements.

The centralconcernof CDN is not so muchwith the communicationprotocol, but ratherwith the
decisions,or the resolutionmechanismsinvolved that provide the contentof communication. That is,
“what is communicatedaboutan agents bamgaining position and how their positionsare to be changed
overtime”. Themechanisnthe authorssuggests the constraintdirectednegotiationwherethe constraints
representagents’objectvestogethemith their utilities. Constraintsareusedfor bothoffer genertionand
offer evaluation At the conflict point the agentsthennegotiateeitherby modifying the currentsolutions
or the constraintsuntil a compromises reached.“Thus joint solutionsare genertedthrougha process
of negotiation, which configuesor reconfiguesindividual offerings” (Sathi& Fox 1989),p. 166. The
authorsarguethat becausen the problemof resourcereallocationthereare mary dependencieamongst
the constraintsof mary agents(closely resemblingthe distributed planningproblem),then a theory that
only modelshow constraintsaffectindividual offers,suchasgametheory is inadequatée.g. undermarket
mechanism&n agenta sellsresourceS; to agentb for £12 andagentc sellsto agenta resourceSs for
£20). Whatis requiredis a theorythatcanmodelmultiple constraintghat are conditionaluponmultiple

offers(e.g.agenta offersresourceS; to agenth if agente allows accesso a overresourceSs). Theauthors
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claimthatin thelattercasethereis a needfor morecooperatie mediatordrivennegotiation. They propose

adistributedconstraintmechanismo solve this type of cooperatie problems.

In CDN the negotiationprocesss seemasa directedsearchin the problemspace The problemstateis
definedfirst, followed by an evaluationof statesandfinally generatiorof new solutionstates.Agentscan
malke eithersimpletransactionsnvolving the selling andbuying of a resourcefrom onegroupto another
Alternatively, agentcanmake cascadesvolving openor closedchainsof buying andsellingbetweertwo
or moregroups.The problemstateis thendefinedasa setof transactionsndcascadethatareformedby

pairingbuy andsell bidsfor resources.

Theseproblemstatesare thenevaluatedusing constraints.The authorselaborateon the contentsof
constraintstheir classificatiorhierarchyanda methodologyor evaluatingthem. Thecontentof constraints
arerepresentedsattributesof aresourcewhereeachresourceas describedisa setof attribute-valuepairs.
The requirement(spf agentsthen placerestrictionson the attribute value. Theserestrictionsare then
classifiedinto threeconstrainttypes(see(Sathi& Fox 1989),p. 169). The evaluationof offersinvolves
firstly giving eachconstraint,or restrictionon values,animportanceanda utility functionthatrepresents
preferencesgentshave aboutthe offeredtransactiorover the given constraint. Furthermorethe utilities
arethresholdedo representninimal acceptabilitycondition. Offeredattribute valuesbelow this threshold
are consideredh violation of the constraint. Furthermore,n the resourcereallocationproblemmost of
the constraintsare qualitative in nature. For example,an agentmay own a Unix box and may requirea
Mac insteadfor a project. The agentmay specifythe buy andsell bids as conditional,one of their three
classification®f constraintypes,meaningthatthe Unix box s sold by theagentunlessthe agentreceves
a bid for the Mac. Therefore the utility functionsrepresenthe ordinal preferencesf the agents.Finally,
an offer is evaluatedover the total setof constraintshy combiningthe individual utilities of all the sub-
constraints.The combinationpolicy they usearethe eliminationby aspectsandlexicographicsemi-order
(Tversky 1969,Payne1976,Svensonl1979,Johnson& Payne1985). Agentsthenusethesestratgjiesto
identify their favorite alternatves. The elimination by aspectssombinationstratey works by comparing
the utility of eachconstraintwith the correspondingutilities on otherconstraints.Offers with the lowest
utilities on ary constraintareeliminatedfrom theconsiderationThis procescontinuesuntil only oneoffer
remains. This strat@y is particularlywell suitedfor qualitative constraints.Lexicographicsemi-orderis
similar to eliminationby aspects However the methodof eliminationis different. It works by examining
eachconstrainof anoffer andeliminatingthoseoffersthathave alower valuethana dominantalternatve.
The strat@y is appliedby usingthe eliminationprocessoperationon first the mostimportantconstraint,

followedby lessimportantconstraints.

Giventhe overall utility of the offer, derived from usingthe eliminationby aspectsandlexicographic

semi-orderstratgies, an agentevaluatesthe offer as: i) acceptablgthe offer is above the thresholdon
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all constraintsbut is not better(or whatthey call dominate)every other offer, ii) dominant(the offer is
abovethethresholdon all constraintdut is better(or whatthey call dominate)thanevery otheroffer or iii)
unacceptabléheoffer is belov athresholdof atleastoneconstrain).

Constraintsaare alsousedto generatesolutionstates Offers aregeneratedia satishctionandrelax-
ationof constraint&indarebasednasetof qualitative operatorsvhich aremotivatedby humannegotiation

problemsolving (Pruitt 1981). The operatorspr searchstratgies,are:

e compositionbridging)—compositioroccurswhenanew optionis developedoby combiningtogether
two existing alternatveswhich satisfy both parties’ mostimportantconstraint. Sometimesn such

casedothpartiesreceie all they wereseekingdueto discovery of agoodcomposition.

¢ reconfiguration(unlinking)—whengood compositionagreementsre not available,one or both of
the agentsmustmake selectve changesn their offer. As the authorsstate“r econfiguation is the
processof regrouping the bundle of negotiatedgoods”. For example, consideran agentm who
requiresaUnix boxrunningLaTeX Version3.14159(Web2C7.3.1). Assumethatagentn is offering
a Unix box but with FrameMalerv.5.01asthe only word processingool. The Unix boxis therefore

reconfiguredy n to satisfym's requirementst a costto n.

e relaxation(log-rolling)—is definedaswhenanagentignoresa specificconstrainbnanunacceptable
alternatve. For example,if negotiationinvolvesfive issues{iy, i2, 43,14, 5} betweenwo agentsa
andb, andif a values{i4,is} morethanb whoin turnvalues{i;, 2,43} more,thena protocolcan
beagreedhata concede®n, andpossiblyviolatesthe constraintof, {i,i2,i3} andb concede®n
{i4,15} whereconsiderabléenefitscanbe gainedby both parties. As the authorsstate“relaxation
providesanapproximateechniqueor selectingransaction®r cascadethatperformthebestonthe

mostimportantconstraintdor eachindividual”.

Typically, agoodsolutionis foundthatmaximizeshe numberof bidssatisfiedoy composingandreconfig-

uring bidsiteratively andnot on simplepair-wise exchanges.

3.2.6.1 Evaluationof the ConstraintDirectedNegotiation

TheCDN is novelin themanneiit integratesnformalmodelsof neggotiation,inspiredby humannegotiation
problemsolving, with Al techniques. The work presentedn this thesisclosely resembleghe CDN in
mary respects. The conflict resolutionmechanismof CDN is relevant to the problem domainsof this
thesis.Thealgorithmemphasizeheimportanceof preferencesf agentsover multiple constraintsexplicit
representationf stratgiesassearchoperatorstime deadlinesandprivagy of informationin negotiation.
For this reasornthe CDN shareanary featureswith the developedcoordinationframenork. The decision

mechanismsf bothsystemsarepresentedsevaluatoryandoffer generatiorprocesses.
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However, both the evaluatoryand the generationmechanismf CDN do not model someof the
requirementf the domainsof this thesis. In CDN the constraintsare qualitative in nature,whereasn
the domainsof this thesisconstraints representeas limitations on issue-alue pairsthat are exchanged
betweeragentscanbebothquantitatve andqualitative. Thereforesvaluatoryutility functionsarerequired
thatmodelpreference®f agentsfor both typesof constraints.The possibility of offers that containboth
gualitatve andquantitatve issuesneanghatanevaluationutility functionis requiredthatcanrepresenthe
combinedpreference®f anagentover the constraintsandis likely to include,becausef the quantitatve
issuesarithmeticoperationdo consolidatehe resultof eachindividual utility, ratherthaneliminationby
aspecbr lexicographicsemi-ordestratgies. Furthermoretheaccurag of thetwo presented¢onsolidation
stratayiesis highly dependentn thedistribution of theimportancesgentsplaceon constraintsthe further
aparttheimportance®f two agentson a constraintthenthe combinationof the two strateiesis sufficient
to identify theagreemenset(Johnsor& Paynel985). Furthermoresometimest may be usefulto model
the preference®f agentsas a whole for a setof offers. Complicationswith the two chosenstratgies
ariseif suchpoliciesneedto consolidatehe preferencescrossagents(Johnsor& Payne1985). Simple
guantitatve additive modelsarebettersuitedfor suchtasks(Corfman& Guptal993).

Furthermorethe CDN reconfiguratiorand relaxationsearchoperatorssuit the problemsof this do-
main. Reconfigurationthe procesof regroupingthe bundleof negotiatedgoods,is applicablevhenissues
areaddedandremoved during negotiation. Lik ewise, violation of constraintsn orderto searchfor other
typesof agreementss reflectedin the needfor agentsto make trade-ofs, lowering the acceptabilitycon-
straintof oneissueandsimultaneouslyncreasinghe acceptancéevel of anotherissue. Composition the
searchfor alternatvesby combiningtogetheitwo existing alternatveswhich satisfyboth parties’'mostim-
portantconstraint,is not a featureof the problemdomainsof this researcthecauseagentsdo not know,
andareassumedo be unwilling to provide, constraintimportanceinformationto otheragentsnecessary
for composition.However, althoughrelevantthe authorsdo not provide any formal specificatiorof the al-
gorithmsthatimplementthesesearctoperatorsThereforenotonly arethey inspiredby informal theories,
but they cannot be operationalizedlueto a lack of any formal models. One of the contributions of this

thesisis theformal modelingandempiricalanalysisof threealgorithmsthatimplementconstrainedsearch.

3.2.7 The Constraint Optimization and Conversational Exchange
Negotiation Engine
Optimizationmethodsmulti-attribute utility theory(MAUT (Keeng & Raiffa1976,Luce& Raiffal1957))

andcorversationamodelsareintegratednto asingle“NegotiationEngine”(NE) ((Barbuceanw& Lo 2000)

20, The NE modelsmore adequatelythanthe CDN, the multi-issuenatureof negotiation,agents'goals

20This work complementsoth the CDN algorithm (section3.2.6) and the PERSIADER (section3.2.5) andwas initiated from

criticismsraisedagainsthe solefocusof auctiontechnologyon price of the commodity(Guttman& Maes1998,DoorenbosEtzioni,
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andpreferencesgoal modificationaswell asthe communicatie elementf negotiation. In addition,the
enginesharesa commondesignphilosophyasthe coordinationframevork designof this thesis. It works
by describingthe local decisionproblemsof agentsasa multi-attribute decisionproblemand formulated
asconstrainedptimization. Then,this constrainedptimizationproblemsolver is usedby eachlocal do-

main problemsolver to find bestsolutionsfrom their local perspecties. The bestsolutionfoundis then
communicatedisinga corversationinteractiontechnology If the receved offer is not acceptablethena
constrainedelaxationprotocolis usedto generatehe next available bestsolution. Thus,the aim of the
NE is to integrateboth the local reasoneandtheinteractionsystem.Thelatteris partof the corversation
technologythatincludes(Barbuceanw& Fox 1997):i) corversationplans ii) conversationrules iii) actual
conversationsandiv) situationrules Corversationplansdescribeboth how an agentactslocally, and,
interactswith otheragentsby meansof communicatioractions. Corversationrules in turn, specifythe
permissiblestateg(including the initial andfinal states)f the corversationplans. The executionstateof

the corversationis maintainedn actual corversations Finally, situationrules assistan agentwith deci-
sionsaboutwhich corversationdo instantiate.The corversationplans corversationrulesandthe actual
conversationscorversationrcomponent®f the NE canbe usedfor normative communicatiormodelsof the
ACL componenbf the coordinationframework (figure 1.1) of this research Situationrules aresimilar to

the servicedescriptionlanguage (SDL) developedin the ADEPT projectfor specifyingthe local service
executionplansof eachagent(Jenningstal. 2000a).Furthersimilaritieslie with the designphilosophyof

the corversatiortechnology It canbe usedfor notonly representingindexecutinga structuredpatternof

agentinteraction,but alsoasa “scripting language”.The NE providesAPI-s, usingits corversationabnd
reasonindanguaggdescribedbelow), for the local reasoneto constructboth modelsof the situationand
goalsandreasonaboutinteractionswith otheragents.TheseAPI-s canbe seenasinterfaceshetweerthe

wrapperandthelocal problemsolver andtheagentandthe ACL in figure 1.1. For example thelocal prob-

lem solver caninteractwith the wrapperusingthe servicedescriptionlanguageandthe wrapperinteracts
with otheragentsvia the ACL interface.

The MAUT andconstraintoptimizationelementf thereasoninggomponenbdf the NE arediscussed
next. In NE anagentbehaesto achieve its goals. Goalscanbe: eithercomposedcontainingother(sub)
goals)or atomic (immediatelyexecutable);either contmwollable (goal is underthe control of the agent)or
non-contollable (partof the agents plan, but agenthasto obtainthe commitmentof the agentcontrolling
thesegoalsfor their achievement);either“on” (is achieved)or “off” (is not achieved). Agentsthenattach
preferencer utilities, towardstheachievementor non-achieementof thesegoals. Thusagentsareutility
maximizers. Utilities not only modelthe preferenceof an agent,but also, asthe authorsclaim, quantify

theinfluenceshetweeragentavheretheutility of non-controllablegoaldescribesn “someway” the power

& Weld 1997).
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thatthe otheragenthason the agentneedingthe goal. The final elementof the languageof the decision

modelis theagentroles Rolesdescribethe goalsanagentcontrolsandthe goalsit needsandfunctionto

form a stratayic coalitionformation,choosingwho to involve whenneedingto achiere a certaintask.
Giventhis languageof decisionmaking(goals,utilities androles),the decisionproblemof anagent,

P, is formulatedasa constraintoptimizationproblem:
P = (G, C,U,criterion)

whereG = {gi,...,9n} iS anetwork of n goals,C = {¢,...,cp} is asetof constraintsof the form
on(g;),of f(gx) or animplicationon bothsidesof which thereareconjunctionsof on-off constraints{/ =
{(91,Uon(91), Uoss(g1)s---5(91, Uon(91), Uoss(g1) } is autility list consistingof a setof goalswith either
associatedn/off utilities and criterion € {maz,min} which is eithera maximizationor minimization
optimizationcriterion. The overall utility of the labeledgoal network G, Util(L,G), is computedasthe
sum of the “on” labeledgoals, plus sum of the “off” labeledgoals(called the additive scoringmodel
(Keeng & Raiffa1976)),whereL : G — {on, off} is a functionthatmapseachgoalin the goalnetwork
with eitheran“on” or “off” label. Thus,solutionP is alabelingL suchthatUtil(L, G) is eithermaximized
or minimized,accordingto the criterion.

Theauthorghenshaw thattheabove labelingproblemP thatmaximized(minimizes)utility is equi-
alent to the satisfiability (MAXSAT) problemin optimization (Barbuceanu& Lo 2000), p.241. Two
optimization algorithmsare provided within the NE that operateover the samerepresentatiorof the
goal network to solve this optimization problem of an agent. One is a stochasticsearchbasedalgo-
rithm that is incompleteand not guaranteedo find a solution, but performswell on large scaleprob-
lemsbothin termsof time andits ability to actuallyfind a solution(Selman,Levesque& Mitchell 1992,
Jiang,Kautz, & Selman1995)and anotherthe branchand boundsearchalgorithmthatis completeand
guaranteedo find the optimal solution (Mitten 1970). The latter algorithm operateshy maintainingthe
utility of the currentbestsolution.If theutility of anotherexploredpartialsolutiondoesnotexceedthe util-
ity of the currentbestsolutionthenthatpartial solutionis droppedandanotherpartial solutionis explored.
The decisionmechanisnsuppliedin the NE alsoallows for the integrationof the two algorithms,using,
for example,arandomsearcHirst for a numberof runsandthenusingthe bestsolutionfrom therandom
searchasaboundconstraininghe branchandboundalgorithmto find a bettersolution.

The reasoningoroceduresre extendedby a multi-attribute utility theoreticlanguagewithin the NE
that supportoptimizationof searchfor utilities over multiple issues.Specifically agentssharea setof ne-
gotiationissuespr whatthe authorscall the attributesof negotiation,definedas A = {ay,...,a,}. The
domainof anattributea;, D,;, isaninterval I, k], wherel andh areintegersor reals describingherangeof
valuesthattheattribute cantake. Agentstheninteractby exchangingmulti-attribute specificationsThe as-

sumptionmadeis thattheagentsshareboththeattributelist andthedomainof eachattribute. Furthermore,
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A's goals: ¢

Figure3.5: ExemplarUtility of anAttributea;.

for eachattribute a; thereis a utility functionU,, : D,, — [0, 1] andagentshave opposinginterestsover
eachissue expressedisdifferentdirectionsover the maximizationU,, for eachagent. Anotherimportant
assumptiortheauthoramake is thatutility functionof anagenthastheform shovnin figure 3.5, wherethe
domainof the attributescanbe decomposeihto a setof disjoint sub-intenalsthatcoverthe entiredomain,
suchthat on eachsub-intenal the utility is constant.Figure 3.5 shavs an exampleof an attribute whose
domainvaluesbetweeni0 andil, for example,have the sameutility to the agent(representedsthe hori-
zontalutility line). It follows thatfewer sub-intenals, at the extremewherethereis only onesub-intenal
correspondingo equalutility acrossall domainvaluesof the attribute (the agentvaluesall solutionsof the
issueequally), thenthe easierthe resolutionof thatissue. Thenfor eachsub-interal [i;, i;+1] anatomic
goal gf“ is createdwhich is on iff the valueof a; is in theinterval [i1,4;41). Furthermorethe authors
assumehat althoughagentshave differentvaluationsover differentrangesof an attribute’s domain,they
nonetheleshave further acceptabilityconstraintsaboutwhat attribute valuesare acceptabldthresholded
utilities of CDN performthe samefunction 3.2.6). For example,in figure 3.5 only valuesbetweeris, i4)
may be acceptabldo an agent. Giventhe above a MAUT problemof the NE is thenthe assignmenbf
on-of labelsto the goalsof the problemthat satisfythe limits of all of the attributes’ domainsaswell as
their acceptabilityconstraints. This solutionthe authorscall the deal Also, an optimal solutionis one
thathasmaximumuitility for theagent.A dealacceptableo bothagentss onewherefor eachattribute a;
the acceptablesetof valuesfor the two agentshave a non-emptyintersection.An exampleof sucha deal
is shaovn in figure 3.5. Assumetherearetwo agentsA and B. Furtherassumehatfigure 3.5 shavs the
utility for valuesof attributea; for agentA. Now assumehat|is, i4] is the setof acceptablevaluesfor A
(this utility is the resultof A having goal g®—on(g?)) and[ji1, jo] is the setof acceptablesaluesfor B.
Then[is, j2] is the non-emptyintersectiorfor attribute a;. This intersectionsolutionrepresents possible

agreemenbetweerthe agentshpecaus@achsolutioncontainsrangesof valuesacceptabldéo eachagent.
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The sequencesf local decisionmakingandcommunicatiorof the offersareasfollows. At thefirst
time stepeachagentrepresentts problemasa MAUT problem,definingattributes,goals,constraintsand
utilities. Theneachagentspecifiesits acceptablesolutionwhich definesthe interval of acceptablezalues
for eachof theissues.After definingthe problemthe first bestsolutionis computedby solving the initial
problemusingthe branchandboundalgorithm. The branchandboundalgorithmcansupporta concession
protocolby searchindor lower utility solutions.Lower utility solutionsaregeneratedby over-constraining
theproblem,achievedby negatingthe previousbestsolutionandthenaddingthis new constrainto thegoal
network. The bestsolutionis communicatedo the otheragentat the endof eachiterationof thealgorithm.
If the proposedsolutionis acceptabléo the otheragentthenthe procesgerminatesuccessfully Alterna-
tively, the otheragentmay communicatehe factthatit cannot find any more new solutionsto the part.
Whenboth of the agentscannot searchfor any new solutions thennegotiationterminatesunsuccessfully
Otherwise the agentthatcangenerateew solutionscontinueso generateandproposethem. Finally, the
offereddealby theotheragents checledfor intersectiorwith theagents own lastoffer. Negotiationtermi-
natessuccessfullyif suchanintersectiorexists,otherwisethe agentsearche$or othersolutionsto propose
andthe processcontinues. The processeendswhena mutually acceptablelealhasbeenfound or elseno

moresolutionsexists.

3.2.7.1 Evaluationof the ConstraintOptimizationand CorversationaExchangeNego-
tiation Engine
The NE is closelyrelatedto the work reportedhereandmodelsmary of the featuresandrequirement®f
the problemdomainsof this thesis. It modelsboththe communicatioraspectf interaction(throughthe
conversatiortechnology)andcomplex localdecisionrmechanismsandaformalgoalnetwork representation
languagethataccounfor someof therequirementsf thisthesissuchas:i) multipleissuesi) constraintof
agentoverthesdssuesii) conflictingpreferencesf agentsandiv) aconcessioprotocolthatis guaranteed
to find a solutionif oneexists. Furthermorethis protocolis interleavredwith a stochastisearchalgorithm
thatis scalableo large problemsandassistshe concessiomrotocolwith new searchocations.Thesetwo
searctprotocolsaswell astheircombinationyepresentswo stratgiesagentanuseto reachagreements.
However, the concessiomprotocolis guaranteedo find a solutionbecausef the assumptiorthat the
agentssharethe samedomainspecificatiorof the attribute (or issueintenval). Giventhattheinterval value
of agentsareexactlythesameandit is only theacceptabilityconstraintghatdiffer, thenit naturallyfollows
thata solutionmustexist. Althoughthis assumptions usefulfor systemanalysisanapproachalsoadopted
in the evaluationphaseof this thesis|it is nonethelesa strongassumptiorthatis not applicableto thetype
of problemdomainsof this thesis. Agentsdo not necessarilysharethe sameintervals over eachandall of
theissuesdn negotiation.Indeed negotiationcanfail whenthereexistsno suchintersection.

Furthermoreno formal modelof how utility theoryis usedto modelpower of agentsor how rolescan
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beusedto form strateic coalitions.In additionto this,andmoreimportantly it is notclear andtheauthors
donotmalke ary referencdo thefact,thatthe developednegotiation,like the CDN above, protocolmodels
interactionsamongstcooperatie agentsonly. This canbe seenin the corversationalprotocol described
above whereagentstruthfully reveal thatthey cannot generateary more solutions. The assumptiorof
truthful revelationis strongespeciallyamongopensystemagentghatmaybe selfishandhave incentvesto

lie abouttheir negotiationpositionsin orderto maximizetheir own welfare.

3.2.8 Multi-dimensional Sewice Negotiationasan English Auction

Vulcanand Jenningshave appliedthe principlesof mechanisndesignto model (as an English auction,
see(Binmore 1992)), the one-to-mamg servicenegotiation betweenthe CSD andthe VC agentsfor the
Vet_Customer servicein the ADEPT scenarioVulkan & Jenningsl998). The Englishauctionhasbeen
modified to handleservicenegotiation over multi-dimensionalprivate value objects? Servicesare de-
scribedby the tuple (p, 3), wherep is the price of the serviceands arethe additionalissuesof a service.
A servicebuyer’s preferencesre thendefinedby a linear utility functionu;(3) — p, thatincreasewith
increasingquality of the service. p is the price of the serviceandis restrictedto a maximumvalue. A
servicesellers preferenceson the otherhand,aredefinedby the costfunction¢,(3) + p. The preferences
of thebuyersandsellersof servicesarealsoconflicting, meaningthatthe preferencesf both agentsover
eachissuemovein the oppositedirections.

In additionto a serviceclient (or whatthey call a serviceseeler) initiating the auction,the authors
proposea pre-auctiorprotocol (aswell asincentive conditionsandthe requiredauctionknowledgefor an
agentto initiate an auction)wherethe serviceproviders can hold an auctionamongstthemseles. The
winner of the auctionthen approacheshe service-seedr with a “take-it-or-leave-it” offer. Analysisis
provided, in termsof dominantstratgies?? thatresultin outcomeghat are efficient (increasethe sumof
theindividual utilities andarefast). Agentsthenneedstore,asknowledge,only thesedominantstrateies
(hencejndividually rational)of theresultingprotocol.

However, modelinga part of the ADEPT businessprocessas an English auctionhasa numberof
limitations. Firstly, an Englishauctionmodelsone-to-map interactionswherea singleauctioneeror a
servicebuyer here)interactswith a numberof buyers(or a serviceseller)?® Becauseit is an open-cry
auction, all the valuationsof agentsare publicly “heard”. This may be regardedas undesirableby, for

instancea Vet Customerorganizationwho doesnot, for competitatve reasonsyantto revealits valuation

21A private value objectis an object, or a servicein this case whoseworth dependssolely on an agents own preferences See
(Binmore1992)for anexplanationof othervaluetypeauctions.

22A dominantstratgy is a strat@y thatyields an expectedpayof which is higherthanotherstratgieswhatever the behaiour of
otheragentsandthe stateof theworld. Note thatusingdominantstratgieseliminatesthe needfor agentgo conditiontheir stratgies
onbeliefs.

23Note thatthe principlesandresultsof mechanisndesignstill applyin-spiteof thereversalof labels.
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to otherVetCustomesserviceproviders.Insteadt maypreferto enteramore“private”dialoguein theform
of one-to-oneneggotiations.Thepublicrevelationof valuationdgn anEnglishauctionalsoleadsto possibility
of collusionsbetweenauctionbuyers,resultingin lower revenuefor the auctionee(Rasmuseri989). The
examplebelow from (Sandholm1996) and (Rasmuseri989)illustratesthesecollusionpossibilities. Let
buyeragenti have avaluationof 20 andall therestof buyershave avaluationof 18 for the serviceon offer.
Furtherassumehatthebidderscolludeby agreeinghat: will bid 6 andall therestbid 5. If oneof theother
buyersexceedss theni canobsene this andwill go ashigh as20 andthe cheatewill not gainanything
from breakingthe coalition. Therefore,collusionsare self enforcingin an English auction. Although
collusionsin an openervironmentaretechnicallydifficult to electronicallyimplement,sinceagentswill
have to identify oneanotherandagreeto form a coalition, they arenonethelespossibleandhardto detect
electronically This is especiallytrue in virtual worlds whereit is relatively inexpensve to createvirtual
identities.Furthermorethe auctioneeitself canprofit from collusions by placingagentsepresentingf in

theauction,who thenstimulatethe market by unfairly raisingthe bids.

In spiteof thesetechnicaldifficulties electronicauctionhouseshave providedthetechnologicafoun-
dationsof the recentrise in electroniccommercefor business-to-bsiness,business-to-customerasnd
customeito-customemapplications(eBay, AuctionBot, i2, Amazon,FishMarlet). However, auctions,al-
though popular are also qualitatvely problematic. Technically an auctionis profitable for the auc-
tioneerin 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-customer business-to-bsinessypesof electroniccommerceapplications(Guttman&
Maes 1998). Furthermore,someauctions(suchas the English auction) may requirea critical number
of biddersbeforethey can commence. Coupledwith the communicationlatenciesinvolved, bidders,
or agentsrepresentinghem, may have to make bids over several days. This problemis exacerbated
when a buyer’s bid is not the winning bid, requiring the bidder to restartthe 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 betweenbusinessesnd their customersor other businesses.Paying exclusive at-
tentionto price alsohidesfrom the consumeimportantinformationaboutthe addedvalueof a goodby a
seller, resultingin anundifferentiatedcandhomogeneousepresentationf sellers(Guttman& Maes1998,
DoorenbosEtzioni, & Weld 1997).
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3.2.9 KasbahElectronic Agent Mark etplace

For someof the reasonsabove, ngyotiation technologyhasbeenproposedas an alternatve solution to
auctionsasthenext generatiorof e-commerc@roducty Guttman& Maes1998).Below, onerepresentatie
e-commercaegotiationsolution,calledKasbah(Chavez& Maes1996),is briefly reviewed. Kasbahdepart
from normative gametheoreticapproacheto negotiation,hences lessformal, sometimeseuristic,adhoc
andareuser asopposedo protocol,centered.

Kasbahis a multi agentsystemapplicationfor electroniccommercgCharez & Maes1996). It is an
electronicagentmarketplacewhereagentsnegotiateto buy and sell goodsand serviceson behalfof the

user ThemotivationbehindKasbahis to assistusersin electronicshopping:

by providing agentswhich canautonomoushnegotiateand make the “best possibledeal” on
theusersbehalf(Charez& Maes1996).

Thesystemitselfis ahostedvebsitewhereusersvisit to buy andsell goods.Userscreatebuying or selling
agentswvhichinteractin a marketplace. The marketplacetself providesa commonlanguagefor the agents
aswell asayellow pagesservice.Theagentsaresimple,in that“they donotuseanyAl or madinelearning
techniques”, sharenocommongoal,have diametricallyoppositeaimsandareautonomou¢Charez& Maes
1996). However, motivatedby acceptancéy the user the systemis designedo allow the userto have a
certaindegreeof controloverthe agents.Thesellinguser for example,candefinethe goal of the agentby
specifying:i) the desireddateto selltheitem by, ii) the desiredprice,andiii) the lowestacceptablerice.
Thereverseis truefor thebuyer Theseparametersglefineanagents goalandthe achievementof this goal
is modeledheuristicallyasthe stratayy to begin offering theitem atthedesiredpriceandif it is notaccepted
thenthe sellingagentlowersthe price. The priceis iteratively reducedwith the constrainthatthe priceis
atthelowestacceptablgrice whenthe desireddateis reached®. How the agentdecreasesyr increasesn
thecaseof abuyer, its offer is modeledasoneof linear, quadraticor cubicdecayfunctions.
Kasbhahaddressesomeof the issueanentionedn chaptertwo andis anattemptto actuallyengineer
arealworld application.The systemmodelstime, actionsandstrategyiesinvolvedin negotiation. However,
the systemfails to properlyaddresgheissuesof commitmentsanduncertaintymentionedn the previous
chapter Theboundedatureof agentds omittedfrom the modelby developingvery simpleagentswhich
incur minimal computationatosts.Themajority of the computationallydemandingasksarenot delegated
to the agent,but ratherremainat the userlevel. Thereforethe agentsare only semi-autonomoussince
Kasbahonly modelsa subsebf the decisionmakingwhich s involvedin negotiation—theusermakesthe
otherdecisions Furthermorethe decisionghataredelegatedio theagentgcalledstrategiesin Kasbah)are

severely limited to only threeand eventheir selectionis not autonomousbut again,is madeby the user

24Thereverseis truefor the buyeragent
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Also no formal accountor analysisis givenof whatexactly is the “bestpossibledeal” or the lik elihood of
outcomegyivenstratgiesof agents.

The problemof introducingmultiple issuesnto a negotiationis alsonot addresset Kasbah.Scaling
the problemto multi-dimensionakcalesinfluencesnot only the computationatomplexities of the search
for solutions but alsoraiseghe problemof therepresentatioof preferencesiNegotiationsearctalgorithms
areneededvhosedomainis constrainedby the specificatiorof users preferencesveramulti-dimensional
space. Theseconstraintscan be restrictionsover the contentor the processof negotiation. Contentcon-
straintsspecify preference®ver the typesof outcomespreferredby a user Theseconstraintscan either
be hardconstraintssuchas”l amwilling to paybetween£20 and £40 for a service” or soft constraints,
suchas“quality of a serviceis moreimportantthanits price”. Thereforejn multi-issuenegotiationamore
sophisticatednethodologyis requiredto captureand represenusers preferenceswhich are ultimately
delggatedto the agentswho interactwith one anotheron behalfof the user Constraintson the process
of neggotiation, on the other hand,specify the preferenceof a useraboutthe style of negotiationsuchas
the concessiomate. Kashahagentscanonly concedeon offers. With multi-issuenegotiationagentscan
alsospendtime searchingor win-win outcomes. Thereforethe agent,or the user hasmore choicesof
behaiours whenmulti-issuesare considered.Furthermorejn Kasbahthe usermakesthe choiceof con-
cessiorrate. This contrastswith the prescriptve gametheoreticmodelsof negotiationwherethe decision
makingof the agentsare normatiely boundedo rationalchoicesthatareknown to be optimal decisions.
Kasbahbelongsmoreto thedescriptive modelsof choicewhoseaim is to describenow individual actually
do, ratherthanshould,behae. Thesemodelsrangefrom behaioural negotiationheuristics(Pruitt 1981,
Fischer& Ury 1981,Kraus & Lehmannl1995)that provide guidelinesfor negotiation decisionmaking,
to modelsthat describedecisionsasevolving in responseo the negotiationernvironment(Binmore 1990,
Matos,Sierra,& Jenningsl998,0liver 1994).

3.3 Assessmenbf RelatedWork

Featuref the computationaimodelscoveredin this chapteraresummarizedn figure 3.6 alongsomeof
theimportantdimensionsdentifiedin the previouschapter
It canbe seenfrom thetablethatthe problemof bi-lateralnegotationhasrecievedlittle attentionfrom the
computationatommunity Furthermorelittle or no work hasaddressethe problemof repeategrotocols,
reasoningboutuncertaintie®r commitmentsiuring negotiation.

The protocolof this thesisneedso bedesignedor highly structurednteractionsbetweertwo agents
only. Thereforegametheoreticmodelsareanappropriateeandidatdor theproblemof coordination.These
modelsarenotonly analyticallyuseful,but they alsohave severaldesirablgroperties However, therearea

numberof criticismsof thesemodelswith regardsto therequirementsf thetargetdomainsof thisresearch
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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
Cooperatie(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-of & iterative iterative iterative
Encounters one-of one-of one-of one-of one-of one-of one-of one-of one-of one-of
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
Time Limits No Yes No No Yes Yes No No Yes Yes
AgentsBounded No No No Yes No No No No No Yes

Figure3.6: ComparisorMatrix of ComputationaModelsof Negotiation

(section3.1.9). In additionto thesecriticisms, the operationaimappingof gametheory modelsinto DAI
environmentsntroducedurtherdifficulties. As Krausnotes,in orderto applythesemodelsadesignemust

(Kraus1997hb):

¢ chooseastratgic bamgainingmodel

mapthe applicationproblemto the chosermodel’s nomenclature

identify equilibriumstratejies

developsimplesearchtechniquedor appropriatestratgies

provide utility functions

Although choosinga strateic bargainingmodelandmappingit to an applicationmay not be too difficult,
gametheoryrequiresthat all the agreementde known in advancebefore equilibrium strategies can be
proven. The theory’s basicassumptionglso meanthat mostgametheoreticmodelsdo not considerthe
computationahndcommunicatiorcomplexitieswhichareimportantin practicalapplications Furthermore,
multiple issuesarenotadequatelyepresenteth gametheoreticmodels.

Informal modelssuchasCDN andKasbahpnthe otherhand,arebeneficialin thatthereis no needto
build modelsof interactionsfrom scratch—theralreadyexists a large body of researchwhich hasdevel-
opedover a numberof yearsin otherdisciplinessuchasbehaioral andsocialsciencesHowever, informal
modelshave adifferentsetof limitations. Again,asKrausnotes applyinginformal modelsto DAl problems

canbedonein two ways(Kraus1997hb)
e developheuristicsfor cooperatiorbasedn informal models(e.g. (Kraus& Lehmannl1995))or

¢ apply informal modelsto DAI problemsafter formalizing the models(for examplethroughlogics
(Kraus,Nirkhe, & Sycaral998))
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However, thereis a needfor evaluationtechniquesuchassimulationsor empiricalanalysisin bothcases
above sinceinformal modelsdo not formally analyzethe behaiour of the system(unlike gametheoretic
models).

Theaim of this chaptethasbeento show thatthe generarequirement®f thetargetdomainstogether
with theneedfor developingaflexible decisionmechanisnhave meanthatthe negotiationwrappercannot
be adequatelymodeledusing normative gametheoreticmodels. Instead theserequirementdiave meant
adoptinga more descriptve approactthat provide decisionheuristics. However, an agentis cast(having
preferencesand described(a utility maximizer)andanalyzed(in termsof Nash, pareto-optimalityand
referencesolutions)in the nomenoculturef gametheory but their decisionmakingarebasedon informal
and descriptve models. Therefore,becausef the limitations of informal modelsmentionedabove, the
developedmodelis empirically evaluatedo discover propertiesof the wrapper(seechapters).

Whenviewedoperationallythe developedcoordinationframenork (the protocol,servicesandtherea-
soningmodels seefigure 1.1) is normatve in thatthe agentis requiredto adoptthe protocolof interaction
specifiecby thecommunicatiodanguagebut is freeto adoptary decisionstratey (or any implementation
of the wrapper)to executewithin the protocol. This meanghata gametheoreticagentcaninteractwith a
heuristicrule basedagentusingthe framework. They differ in what decisionschemeshey useto imple-
mentthe negotiationwrapper However, for evaluationpurposes descriptie approachs adoptedwhere

theinteractionprotocolanda setof stratgyiesis imposedontheagent.



Chapter 4

A Sewice-Oriented Negotiation Model

A formal accountof the developedcoordinationframenork is the subjectof this chapter This formaliza-
tion specifiegwo protocolsof interaction(section4.1) andthreenegotiationdecisionmakingmechanisms
(section4.2). This formalizationis intendedto modelthe importantissuesidentifiedin chaptertwo and
addresseshe criticisms of the relatedapproacheslescribedn chapterthree. The context in which the

service-orientedhegotiationstake placehasalreadybeendescribedn thefirst chapter(sectionl.4).

4.1 Interaction Protocols

A protocol of interactionis requiredbecausesub-problemsnteractduring domainproblemsolving and
agentghereforehave to communicateandinteract(sectionl.3). A protocolof interactioncanalsoreduce
the uncertaintiednvolved in strat@ic interactions(section2.2.6.3). Thus protocolsof interactionassist
agentdn their problemsolving. The computationgnvolvedin suchproblemsolving canusefully be cate-
gorizedinto on-lineandoff-line. Off-line computationsrethe processesvolvedin thelocal deliberation
phaseof whatto offer andare presentedn section4.3. On-line computationspn the otherhand,arethe
processefvolvedin the communicatiorof the deliberatedffer itself. The on-line computationsaswell
asthe knowledgerequiredfor computationarediscussedn this section.Therearetwo protocols:onefor
negotiationproperandthe otherfor issuemanipulation. Two protocolsare neededbecauseahe language
andrulesof interactiondiffer whenagentsareexchangingcontractsduring negotiationto whenthey com-
municateaboutwhich issuesshouldbe includedor retractedrom the currentsetof issuesin negotiation.

Theneggotiationprotocolis describedirst.

4.1.1 The Negotiation Protocol

Thedesignof the protocolof interactionhasbeenmotivatedby the normative modelsof coordinationsuch
asgametheory(seechapter3).! Agents’interactionsareconstrainedy therulesof a normative structure

which specifiegheir interactiongndependentiof their roles. Theinteractionis modeledasanalternating

INotethata normrefersto prescriptve rulesof the game(in the gametheoreticsense).
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Pre-negotiation

newset(b,a,S
newset(a,b,S)

Initial State

Final State

withdraw(b,a)
withdraw(a,b)

O

Figure4.1: The NegotiationProtocol.

sequencef offersandcounteroffers(sections3.1.7,3.2.3)which terminateswith eithera commitmenty
bothpartiesto a mutuallyagreedsolutionor elseterminatesinsuccessfullyThe protocol(figure4.1) starts
with adialogueto establisitheconditionsfor thenegotiation. Theseconditionsaremutuallysatisfiedn this
pre-ngyotiationphaseandmustspecifythesetof initial issueg{seesection2.2.2)aswell asasharedneaning
of the not only theseissuesbut alsothe meaningof the corversationtermsof the ensuinginteraction(the
primitivesshavn in figures4.1 and4.2). Additionally, duringthis pre-neyotiationphaseagentanay agree
onwhichrolewill begintheneggotiation,actingastheinitiator of the protocol,while the otherrole becomes
therespondeto therole whoinitiated the negotiation?

Then,theagentwho wasselectedo make thefirst offer proceed$o make thefirst offer for contracty
(transitionfrom statel to state2 or 3—theor transition,representingvho startsthe negotiation,is showvn
in figure4.1asthearcjoining thetwo possibleproposalgjivenstatel). Notetheprotocolis for integrative
negotiation,whereagentmegotiateover packagesiatherthanindividual issues After that, theresponding
agentcan make a counteroffer (seesection4.4) or a trade-of (seesection4.5.2) (moving to state2 or
3 dependingon who was the initiator). The initiating agentcanin turn make a newv counteroffer or a
new trade-of (goingbackto state2 or 3). Sincetheinformationmodelsof the otheragent(ssuchasthe
resenationvaluestheweightsandpreferencesf eachissue)arenot publicly known, offersmaybeoutside
the mutualzoneof agreementAdditionally, eventhoughoffers may be within a zoneof agreementthey

may nonethelesfail to meetthe currentaspirationademandof the otheragent.For example,if an(seller)

2In casef noagreemertheconflictmayberesohedthroughrandomlyselectingvhichwhichrolewill betheinitiator andwhich

role will betheresponder
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agentis demandinga price over £20 for a service, with price resenationvaluesof [10, 30], andthe other
(buyer) agenthasoffered £15, thenalthoughthe offer is within the resenation valuesof the seller the
buyer's offer failsto meetthe currentaspirationaheedof theseller Therefore agentanayiteratebetween
state® and3, takingturnsto offer new contractsin eitherof thesewo statespneof theagentsmayaccept
thelastoffer madeby the opponeni{moving to state4) or withdraw from the negotiation(moving to state
5). Agentsalwayswithdraw from the negotiationprocesavhenthe negotiationdeadlinehasbeenreached.

While in state2 or 3, agentsmay startan ellucidatorydialogueto establisha new setof issuesto
negotiateover (seesection5.2.3for moredetails). This transitionto the issuemanipulationsub-protocol
is representeth figure 4.1 by the primitive newsetto the issueprotocol. The executionof the negotiation
protocolis resumedwhen either the agentshave agreedto a new setof issues(representedh figure 4.1
by the acceptprimitive from the issuesub-protocolback to the negotiation protocol where negotiation
resumesvith a new setof issue)or elsewhenthenagentshave failedto cometo anagreementver a new
setof issues(representedh figure 4.1 by the withdraw primitive from the issuesub-protocobackto the
negotiationprotocolwherenegotiationresumeswith the sameissuesetasbefore).

This negotiation protocolis a naturalextensionof the contractnet protocol (section3.2.3) permit-
ting iteratedoffer and counteroffer generatiorand permitting the modificationof the setof issuesunder

negotiation. The presencef time deadlineguaranteeterminationof the protocol.

4.1.2 IssueProtocol

As mentionedin section2.2.2,agentsmay not sharethe samegoal setat the outsetof negotiation. Al-
ternatively, agentsmay identify anissuethatthey both agreeon in the courseof negotiation. Corversely
theremaybe a needto introducea new issue(s).Therefore thereis a needfor a protocolthatnormatiely
specifieshow the setof issuesn negotiationcanbeamended.

Theprotocolfor establishinganew setof negotiatingissuegfigure4.2)is isomorphicdo thenegotiation
protocoldescribedn figure 4.1, with the exceptionthatthe meaningof the primitivesandthe contentof
this protocol(a new setof issues)redifferentto the negotiationprotocolof figure 4.1. Additionally, the
choiceof theinitiator of this sub-protocois stratgically determinedby the agentwho wishesto initiate
this sub-protocolwhile executingthe negotiation protocol. The pre-negotiation phaseis omitted (since
the currentsetof issueshasalreadybeenagreed).The objectof negotiation,contractg, is replacedby a
new setof issuesS, andprimitivesproposeandtrade-of arereplacedvy newset—a requestfor a new set
of issuesto beincludedin to the negotiation. Eachnegotiatingagentcan starta dialogueover a new set
of issuesS wherethe numbersreflectthe samestateasthe main negotiation protocol. Thus, if agenta
startstheissuemanipulationdialoguewith the utterancenewset(a, b, S) while in state3 in the negotiation
protocol,in figure4.1,thenthisresultsin thetransitionfrom state3 to state2 in the subissue-manipulation

protocolin figure4.2). Eachagentcantheneitherproposea new set(transitionfrom state3 to 2, or 2 to 3,
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dependingon who startedthedialogue),acceptheother's proposedset(stated) or withdrav andcontinue

with the original set(state5). An aaents strataical choiceof theprotocolusaads canturedn thewrapper

newset(b,a,s)

newset(a,b,S)

Figure4.2: ThelssueManipulationProtocol.

deliberationarchitecturgsectiond.3). However, beforethe deliberationarchitecturds formally specified,
first the meaningandrulesof communicatiorareinformally presentedn the next section followedby the

basicbuilding blocksof theformalization(sectior4.2).

4.1.2.1 Normative Rulesof the Protocol
Communicatioramongtheagentausingthe protocolfollows a setof normatve rulesrepresentedssimple
if-then rules. The contentof the messagessedin theagentcommunicatiodanguaggACL, showvn in fig-
ure 1.1, sectionl.2)is shavn in figure 4.3 and consistsof: oneof alimited numberof primitive message
types,theidentity of thesendemlndtherecipient(bothagentidentifiers),andtheserviceconcernedhrough
the setof negotiationissueghatdescribehetermsandconditionsof serviceproductionandconsumption.
Additional information,andnot shawvn in figure 4.3, may be included(suchasthe message&umber)that
facilitatescorversationmanagementHowever, figure 4.3 depictsthe main requirement®f the communi-
cationprotocol.
The first three primitives (can-do, not-capableand capablg are usedin the pre-ngjotiation stateof the
protocol. They provide “connection” capabilities,functioningto initiate negotiationfor a servicethatis
actuallyprovidedby a sellerandis requiredby a buyer. Notethatin this researctihe performatve can-do
meansapableof asopposedo it is permittedto.
Theagentdhenentermnegotiationproperandusetheremainingcommunicatiorprimitivesto provision

services.The next four primitivesare messagethat agentsutter whenusingthe negotiationprotocolde-
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Action Content Semantics Context

can-do(a,b,s) Empty Sendemr asksif therecipientb is, in principle,ableto provide the services. Messageanbe sentby ary agentat pre-ngjotiationphase.

not-capablda,b,s) Empty. ainformsb thatit is not capableof s. Usedby a only in responseo a can-doactionat pre-ngotiation
phase.

capablgab,s) Empty. ainformsb that,in principle, it is capableof s. Usedby a only in responseo a can-doactionat pre-ngjotiation
phase.

proposea,b,¢) A single contractin- a proposego b thatb performsserviceunderthe conditionsspecifiedin contractby Usedonly in responseo either an action of type proposeor

formationobject.

¢ andcommunicateshat the contractunderthe termsof ¢ hasa lower utility to a
thanthe previousofferedcontractunderpreviouscontracterms.

trade-of or startof initial state

trade-of (a,b,¢)

A single contractin-

formationobject.

a proposeso b thatb performsserviceunderthe conditions¢ describedn the con-
tractthatis on the table and communicateshat the contractunderthe terms¢ has

equalutility to a thanthe previous offeredcontractwith theterms.

Usedonly in responseo either an action of type proposeor

trade-of.

accepi(a,b,¢) Empty. aacceptgo performingtheserviceunderthecontractg thatis onthetable. Usedonly in responseto either an action of type proposeor
trade-of.

withdraw (a,b) Empty. awishesto terminatethe negotiation. Usedonly in responseo either an action of type proposeor
trade-of.

newset(a,b,S) A single contractin- aproposedo b thatb performsserviceundera new setof conditionssS . Usedonly in responseo eitheranactionof type proposetrade-

formationobject. off or newset
accepi(ab,S) Empty. aacceptiegotiationdialogueover the serviceundera new contractconditionsS . Usedonly in responséo anactionof type newset.
withdraw (a,b) Empty. a rejectsa newsetof serviceconditionsand resumesegotiation dialogueover the Usedonly in responséo anactionof type newset.

serviceunderthe old contractconditions.

Figure4.3: The Communicatie Rules

scribedin figure4.1,andthelastthreearemessagebelongingto theissuemanipulatiorprotocoldescribed
in figure4.2. Themeaningof eachof theseprimitivesis describedn the columnentitledsemanticsRules,
in turn, representedscontextsin figure4.3, specifythe usageof theabove primitiveswhich all agentsmust
adhereo duringnegotiation.

Thebuilding blocksof the formalizationareintroducecdnext.

4.2 A Bilateral Negotiation Model

This sectionpresentghe developedmodelfor representingagents’knowledgeaboutservices.This model
includes: i) the setof negotiationissues their resenation valuesandimportancesaswell asthe domain
problemsolver'spreferencesvereachissue(sectiord.2.1),ii) therolesagentcanadoptin service-oriented
negotiation(sectior4.2.2),andiii) thethreadof offersandcounteroffersexchangedn negotiation(section
4.2.3).Therole of this modelis to supportthe decisionmakingfunctionalitiesof thewrapperduringmulti-

attribute bilateralnegotiation.

4.2.1 Issues,Resewvations, Weightsand Scores

The aim of this sectionis to formally representssues. This representationvill sene asa datastructure
duringthe negotiationprocess An informal exampleof multi-issuenegotiationis presentedirst, followed
by aformaltreatment.

The objectaboutwhich agentsnegotiateis referredto asa contract (¢ in figure 4.1). Contractsrep-
resentthe bid (or offer) on the table during negotiation and the final contractat the end of a successful

negotiation. The contractstructureis derived almostexactly from the typesof legal contractwhich are
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oftenusedto regulatecurrentbusinesdransactiongJenningstal. 2000a).

Figure 4.4 is a samplecontractfrom the BT businessprocessmanagementdomain(sectionl.4.1).
The contractcontainsboth an identificationand a negotiation part. The identificationpartis showvn in
figure 4.4 by the slotsservicename contractid, Serveragentandclientagent Thesefeaturesunctionto
uniguelyidentify the contractundernegotiation. The negotiationpartis representetly the remainingslots
anddescribethe actualissuesagentsnegotiateover. Note thatthe ary ambiguity over both the meaning
andthevalueof boththeidentificationandthe negotiationissuess assumedo have beenresohedat pre-
negotiation phaseof interaction. For example, it is assumedhat both agentsknow the meaningof the
contractattribute price andalsohave acommonvalue (dollarsfor example). The attributesof this sample

contractaredescribechext.

Theservicenameis the serviceto which theagreementefersandcontract.id is the contracts unique
identifier (coveringthe casewherethereare multiple agreement$or the sameservice). Serveragentand
clientagentrepresenthe agentsvho arepartyto the agreementDelivery. typeidentifiestheway in which
theserviceis to be provisioned—servicesanbeprovisionedin two differentmodesdependingntheclient
agents intendedpatternof usageandthe sener agents schedulingcapabilities:(i) one-of: the serviceis
provisionedeachandevery time it is neededandthe agreementovers preciselyone invocation;(ii) on-
demandtheservicecanbeinvokedby theclientonanas-needebasiswithin a giventime frame(subjecto
somemaximumvolumemeasurement)lhe contracts schedulingnformationis usedfor serviceexecution
and management-dluration representshe maximumtime the sener cantake to finish the service,and
start timeandend.timerepresenthetime duringwhich theagreemenis valid. In this casetheagreement
specifieghatagentCSDcaninvoke agentDD to costanddesigna customenetwork wheneverit is required
betweer09:00and18:00andeachserviceexecutionshouldtake nomorethan320minutes.Theagreement
alsocontainsconstraintsuchasthevolumeof invocationspermissiblebetweerthe startandendtimes,the
pricepaidperinvocation,andthe penaltythe senerincursfor everyviolation. Thepenaltymechanismin a
similar mannetto theleveledcommitmentprotocolof Sandholm(section3.2.4),modelscommitmentgsee
section2.2.5).client.info specifiegheinformationtheclientmustprovideto theseneratserviceinvocation
(in this caseCSD must provide the customerprofile) and reporting policy specifiesthe information the

senerreturnsuponcompletion.

Theseissuesare formally specifiednext. Leti (i € {a,b}) representhe negotiating agentsand j
(j € {1,...,n}) theissuesundernegotiation. The setof issuesin real world negotiationsis assumedo
befinite. Let D% = [min’, maxz?] betheintervals of valuesfor quantitativeissue; acceptabléy agent
i. Valuesfor qualitativeissues,n turn, are definedover a fully ordereddomain— D;'- = {q1,---,qn)-
However, becausgualitative issuesdo not have interval valuesthey cannotbehandledn asimilar fashion

to quantitatve issues.Thesolutionto this problemis to redefinemin ormaz$ of aqualitatveissueasthe
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ContractName Instantiatedvalues
servicename: cost& _designcustomemetwork
contractid: al001
sener.agent: DD
clientagent: CsD
contractdelivery._type: on-demand
duration:(minutes) 320
starttime (GMT): 9:00
endtime (GMT): 18:00
volume(perinvocation): 35
price: (percosting) 35
penalty(perlateness): 30
clientinfo: customerprofile
reportingpolicy: customerquote

131

Figure4.4: SampleContract

maximumandminimumscoreof theissue.Thenotionof ascoreis introducedoelow, but ascoreinformally

meanghe utility of theissues value. The expositionof the modelonly concentratesn quantitatieissues.
The extensionof the currentmodelthatformally modelsqualitative issuescanbe foundin (Matos, Sierra,
& Jenningsl998).

Heretheformalismis restrictedto consideringssuedor which negotiationamountgo determininga
valuebetweeranagents defineddelimitedrange.EachagemhasascoringfunctionV;' : D; — [0, 1] that
givesthe scoreagent; assigngo avalueof issuej in therangeof its acceptablevalues.For corvenience,
scoresarekeptin theintenval [0, 1].

Thenext elemenbf themodelof anissueis therelative importancehatanagentassigngo eachissue
undernegotiation.wj- is theimportanceof issuej for agenti. Theweightsof agentsarenormalized,.e.
Zlﬁjﬁn w;'- = 1, for all i in {a, b}. With theseelementsn place,it is now possibleto definean agents
scoringfunctior® for acontract—thatis, for avaluez = (21, ..., z,,) in themulti-dimensionaspacedefined
by theissues'valueranges:

Vi)=Y wiVi(z;) (4.1)
1<j<n

Theadditive scoringsystemis, for simplicity, a functionV;* thateitherincrease®r decreasemono-

3Non-linearapproaches modelingutility couldbe usedif necessarywithout affecting the basicideasof themodel.
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tonically. The additive scoringfunctionis a modelof how anagentcanconsolidatdéndividual preferences
over eachissueinto a single preference.The advantagef this model,in comparisorto eliminationby
aspectandlexicographicsemi-ordemodels werediscussedn section3.2.6. In additionto these|f both
negotiatorsuse suchan additive scoringfunction, Raiffa shaved it is possibleto computethe optimum
valueof z (see(Raiffa1982),p.164).Furthermoretheindividual utility functionsthatareconsolidatedy
the additive scoringsystemneedto be ra/ersible(denotedast‘l) becauseaswill be shavn in section
4.5.2 thetrade-of mechanismrequiresa mappingbackfrom a scoreof anissueto its value.

As anillustrationof the above modelconsidethefollowing example.Let the setof negotiationissues

for aseneragenta consisbof {price, volume}—thepricerequiredo providetheserviceandthenumberof

serviceinstancesttainableoy a. In additionto this, leta havethefollowing valuegiming,.;.., maz,.;..] =
[10,20] and [ming ;,me> MAZE 1ume] = [1,5]. Also assumes views the price asmoreimportantthanthe

volumeby assigninga higherweightto price,where(ws,.;.., W, um.) = (0.8,0.2). Finally, let thevalue

of anoffer z, for anissuej, V;*(z;), bemodeledasa linearfunction:

Tprice —MING

a (:L' R ) _— price
] Tice ) — a — o s-a
price \""P MaTy, ;e ~MIN e
. a
Ve (;U ) =1 — _Frolume TMUWMyoiyme
volume \Yvolume maz? —min?

volume

Now considertwo contracts{11, 5) and(15, 2), offeredby aclientb to thesenera. Giventheabove

volume

parameteréor a, the valuefor thefirst offeredpriceby b is (11 — 10/20 — 10) = 0.1, while the valuefor
thefirst requestedrolumeis (1 — (5 — 1/5 — 1) = 0. Thetotal valuefor the offeredcontractis the sum
of theweightedvaluesfor eachindividualissue(namely 0.8*0.1+0.2*0=0.@®). By the samereasoningthe
value of the secondcontractfrom b is 0.55. Sincethe rationalactionis to maximizeutility, a prefersthe

seconccontractofferedby b.

4.2.2 Agentsand Roles

In service-orientedhegotiations,agentscanundertale two possiblerolesthatare,in principle,in conflict.
Hence for notationalcorveniencawo subset®f agentsaredistinguished', Agents = ClientsUServers.
Romanlettersareusedto representaigentsg, ¢y, ¢z, . . . Will standfor clients, s, sy, s2, ... for senersand
a,ai,b,d,e,... for non-specifiagents.

In generalclientsand senershave opposinginterestse.g. a client wantsa low price for a service,
whereaghe potentialsenersattemptto obtainthe highestprice. High quality is desiredby clients, but
not by seners,andsoon. Note thatrolescarry information. Thus,whereasan agentmay not know the
exact type of the other agent(its preferences)it canreasonablyassumehe direction of changeof the

preference®f the other accordingto its role. For example,increasingoffers for the value of price are

4The subsetsarenot disjoint; anagentcanparticipateasa clientin onenegotiationandasa serviceprovider in another
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valuedlessby a buyer and more by a seller Therefore,in the spaceof negotiation values,negotiators
represenbpposingforcesin eachoneof the dimensionsin consequencehe scoringfunctionsverify that
givena client c anda sener s negotiating valuesfor issuej, thenif z; > y; then(Vyi(z;) > Vi(y))

iff V?(z;) < V{(y;)). However, in a smallnumberof caseghe clientsandserviceprovidersmay have
a mutualinterestfor a negotiationissue. For example,Raiffa citesa case(Raiffa 1982,pg. 133-147)in

which the PoliceOfficersUnion andthe City Hall realize,in the courseof their negotiations thatthey both
want the police commissionefired. Having recognizedhis mutualinterest,they quickly agreethat this
courseof actionshouldbe selected.Thus,in generalwherethereis a mutualinterest,the variablewill be
assignedneof its extremevalues. Hence thesevariablescanbe removed from the negotiationset. For

instancethe actof firing the police commissionecanberemovedfrom the setof issuesundernegotiation

andassignedheextremevalue“done”.

4.2.3 lteration of Offers: Threads

Oncethe agentshave determinedhe setof variablesover which they will negotiate(possiblyusingthe
issue-manipulatioprotocol, section4.1.2),the negotiationprocesshetweentwo agents(a,b € Agents)
consistsof an alternatesuccessiorof offers and counteroffers of valuesfor thesevariables(figure 4.1).
This continuesuntil anoffer or counteroffer is acceptedy the othersideor oneof the partnergerminates
negotiation(e.g. becauseahe time deadlineis reachedvithout an agreemenbeingin place). Negotiation
canbeinitiated by clientsor seners.

Thevectorof valuesproposedy agenta to agentb attimet is representedsz? ., andthevaluefor
issuej proposedrom a to b attime ¢ by z* _,[j]. For corveniencethe modelassumeshatthereexists
acommonglobaltime (the calendaitime) representetby a linearly orderedsetof instants namelyT'ime,
andareliablecommunicatiormediumintroducingno delaysin messagéransmissior{sotransmissiorand
receptiortimesareidentical). Thecommontime assumptioris nottoo strongin applicationdomainswvhere

offer andcounteroffersfrequenciearenot high.

Definition 4 A Negotiation Thread betweeragentsa, b € Agents, attimet,, € Time, notedX',,, is

anyfinite sequencef lengthn of theform (2%, x>, 2% ...y witht,,ts--- < t,, whee:

1. t;41 > t;, thesequencés orderedovertime,

2. For each issuej, zi_,,[j] € D% whee D¢ = [min?,maz?] for quantitativeissuesz;t) [j] €

D;? withi = 1,3,5,..., and optionally the last elementof the sequences one of the particles

{accept, withdraw}.

A negotiationthreadis active at timet,, if last(X "

o) ¢ {accept, withdraw}, wheelast() is afunction

returningthelastelementn a sequence.
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An offer is assumedo be valid (thatis, the agentthat utteredit is committed)until a counteroffer
is receied. If the responsdime is relevant, it canbeincludedin the setof issuesundernegotiation. For
notationalsimplicity, it is assumedhatt; correspondgo the initial time value,thatis t; = 0. In other

words,thereis alocal time for eachnegotiationthread thatstartswith the utteranceof thefirst offer.

4.3 Responsve and Deliberative Mechanisms

The negotiation and issueprotocols,describedn section4.1, do not prescribean agents behaiour; an
agentis freeto instantiateary valid traversalpathaccordingto its stratey. In the next sectionthewrapper
decisionarchitecturas presentedwhich onceinstantiatey a negotiatingagentdesignerassistanagent
in performingoff-line computationsmboutthe decisiongnvolvedin negotiation.

As mentionedin section2.2.4,agentsneedto addresghe following evaluatoryand offer generation
decisionproblems:whatinitial offersshouldbesentout?,whatis therangeof acceptablegreements¥hat
counteroffers shouldbe generatedAvhen shouldnegotiationbe abandonedand whenis an agreement
reachedhesedecisionproblemsareformally addresseth this chaptetby developinga genericmodelof
negotiationfor thewrapper

The offer generationrcomponentgor whatis referredto asthe mechanismspf the architectureare

distinguishedrom oneanothemy thefollowing properties:
1. thecomputationahndinformationalcostthe mechanisnincursontheagent
2. the socialbenefitof the mechanisnfor the communityof agentsthatarenegotiating

Thefirst propertyis afeaturewhichdistinguisheshiswork from mary of thegametheorymodels.The
provisioningof a serviceis arealtime processThusservicesarerequiredwithin tight schedulingvindows
anda negotiationmechanisnmustrespectheagentstime limits. Furthermorenegotiationis only asingle
elementof the agents deliberations. Other agentmodulesneeddeliberationresources. Therefore,the
negotiationwrappermustnot consumeoo muchof the agents resourcesAgentsarealsoinformationally,
aswell as,computationallybounded.

Thesecondoropertyrelatesto the concernfor the designof a mechanisnthatachiezessomemeasure
of social(or global) welfarefrom local processing.Using theseproperties differentmechanismganbe
distinguishedhatareconcernedvith the individual utility of the outcomeswithout concernfor the social
welfare,andonesthatproduceoutcomeghatarebothindividually andjointly preferredby the agents.For
example,if adealis requiredvery soonthennegotiationbetweerthe I/ PC A andS P A agentss drivenby
concerrfor adealthatis perhapsiot sociallyoptimalbut onethatis agreeabléy bothagents Ontheother
hand,for reason®f globalgoodnesgor socialwelfare)of the system|f thereis time to negotiatethenthe

samenegotiationbetweerthe I PC A anda SP A mayinvolve bothagentssearchindor dealsthatarenot
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only individually rational,but may alsobe beneficialto the otheragent.Additionally, in comparisorto the

formersearchthelattersearchs likely to be morecomputationabndinformationallycostly.
Giventhesepropertiesthreemechanism$iave beendeveloped,namelyresponsie, trade-of andis-

suemanipulationmechanismswhich differentially implementtheseproperties. Figure 4.5 describeshe

executionmodel of the agents reasoningduring negotiation. Given the negotiationdeadline(t?, ), the

max

v

accept

Xa=b responsive i
— Responsive | e wnhdra;/y
offer(a,b, X 3~ p)
t1 .
X a-=b ¢ offer(a,b, X 3w p)
— ¢
‘ X g-=b accept trade-off(a,b, X 3 = )

) Meta [ E— [
Tradeoff = trade-off - withdraw - Stategy | meta-strategy newset(a,b.{S})
trade-off(a,b, x a— b)

withdraw
t accept
X b-=a

(S} ) accept
Issue-man .
— Issue man——— =1 —=  withdraw

newset(a,b,{S})

Figure4.5: FunctionalView of the AgentArchitecture.

opponentlastoffer (z}_, ) andthe agents lastoffer (x’;jb) theresponsie andtrade-of mechanismsi-
multaneouslycomputea new offer (xfl'_w) while the issuemanipulationmechanisnmay generatea nen
setof negotiationissues.The mechanisns evaluatorycomponen(7esponsive  [trade—off 'pissue—man jp
figure4.5) thenmakesthe decisionto eitheraccept(accept) or reject(withdraw) the opponentslastoffer
zt_, ., or offer the opponenta new contract(z%_,) in the caseof responsie and trade-of mechanisms
or a new setof issues({S}) in the caseof issue-manipulationThe final choiceof which mechanisns
suggestiono offer is handledby the meta-stratgy module(section4.7). The processefvolvedin each

mechanisnaredescribechext.

4.4 The Responsve Mechanism

Responsie mechanismgenerat®ffersandcounteroffersthroughlinearcombination®f simplefunctions,
calledtactics Tacticsgeneratean offer, or counteroffer, for a singlecomponenbf the negotiationobject

(or issue)using a single criterion (time, resourcer the behaiour of other agents). Thesecriteria are
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motivatedby an agents computationabndinformationalboundednessi-or example,the time limits and
theresourcesisedn negotiationsofar, directly constrairthegranularityof thesearcHor anoutcome With
increasingime limits or on-linecosts,anagentmay preferdealsof lower scorethanonesthatarehigherin
scorebut whichmaybeunattainablgiventhetime andresourceconstrainsLik ewise,uncertaintyof others
canin thesimplestway be handledby reproducingpther's behaviour (Axelrod1984).A moresophisticated
uncertaintyhandlingmethodologyis presentedater, but thereproductiorof others’behaiour hasprovento
be a highly successfulandcomputationallysimple,interactionstrateyy (Axelrod 1984). Differentweights
in the linear combinationallow the varyingimportanceof the criteriato be modeled. For example,when
determiningthe valuesof anissue,it mayinitially be moreimportantto take into accounthe otheragents
behaiour thantheremainingtime. In which case thetacticsthatemphasiz¢he behaiour of otheragents
will begivengreatemprecedencéhanthetacticswhich basetheir valueon theamountof time remaining.
However, agentsneedto monitor and be responsie to their changingervironment. 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 the other's behaiiour asthetime by which anagreemenmustbein placeapproaches.
This modifying behaiour is referredto asa strategy andit denoteshe way in which an agentchanges
theweightsof the differenttacticsovertime. Thus,stratgiescombinetacticsdependingon the history of
negotiationsandthe internalreasoningnodelof the agentsandnegotiationthreadsnfluenceoneanother

by meansof stratgjies(seesectiond.4.3).

4.4.1 Evaluation Decisions

Whenagenta recevesanoffer from agenth attimet, z¢_, , (representedsy in figure4.5),it hasto ratethe
offer usingits scoringfunction. If thevalueof V' (z!_, ) is greateithanthevalueof thecounteroffer agent
a is readyto sendatthetime ¢’ whenthe evaluationis performedthatis $Z’—>b with t' > ¢ (' > y in figure
4.5),thenagenta acceptsOtherwisethe counteroffer is submittedby themechanisnio the meta-stratgy

componentExpressinghis conceptmoreformally:

Definition 5 Givenan agenta andits associatedcoringfunctionV'?, a's inter pretation (I) at timet' of

anofferz¢_,  sentattimet < ¢, is definedas:

withdraw(a,b) Ift' > 12,
Igesponswe (tlaxi—m) = accept(a, b, xi—m) If Va(mi—m) 2 V“(.Z'g_)b)

offer(a, b,z ,,)  otherwise

whee zt_,, is the contract that agenta would offer to b at the time of the interpretationand t2,,, is a

constanthat representghe time by which a musthavecompleteahe negotiation.
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The resultof Iresponsive(y! gzt | ) is one of the primitives specifiedin the negotiation protocol (figure
4.1section4.1.1). The primitive offer is usedto extendthe currentnegotiationthreadbetweerthe agents
with a new offer mfl'_w (¢ in figure 4.1). The primitivesaccept andwithdraw terminatethe negotiation.
The evaluationfunction can also be viewed as representinghe goal-testfunction of section2.2.8 that
evaluateswvhethera goal statehasbeenreachecdr not (anagreemenin the form of cross-wer in offers).
This interpretationformulationalsoallows modelingof the factthat a contractunacceptabléodaycanbe

acceptedomorronv merelyby thefactthattime haspassed.

4.4.2 Offer Generation Decisions—HBctics

In orderto preparea counteroffer, a:fl'ﬂb, agenta usesa setof simplefunctionscalledtactics thatgenerate

new valuesfor eachvariablein the negotiationset. Thefollowing familiesof tacticshave beendeveloped:

1. Time dependent If anagenthasa time deadlineby which an agreemenmustbe in place,these
tacticsmodelthefactthattheagentis likely to concedamorerapidly asthedeadlineapproachesThe
shapeof the curve of concessiona functiondependingon time, is what differentiategacticsin this

set.

2. Resource dependent Thesetacticsmodelthe pressuran reachingan agreementhat the limited
resources—e.g.emainingbandwidthto be allocated money, or any other—andthe ervironment—
e.g numberof clients, numberof seners or economicparameters—imposepon the agents be-
haviour. Thefunctionsin this setaresimilar to the time dependentunctionsexceptthatthe domain

of thefunctionis the quantityof resourcesvailableinsteadof the remainingtime.

3. Behaviour dependentor Imitati ve. In situationsin which the agentis not undera greatdeal of
pressurgo reachan agreementit may chooseto useimitative tacticsto protectitself from being
exploited by otheragents.n this case the counteroffer depend®n the behaiour of the negotiation
opponent.Anotherfunction of this tactic family is to provide default behaiiours whenthereis un-
certaintyaboutwhat actionto take (seesection2.2.6). The imitation of others’behaiour canthus
sene asadefaultactionwhenanagentis uncertainaboutwhatto do next. Thetacticsin this family
differ in which aspecbf their opponents behaiour they imitate andto what degreethe opponents

behaviour is imitated.

This set of tacticsis motivatedby the domaincharacteristicof mary typesof problemsmentionedin
sectionl.4.3,wherethetime andresource®f anagentandthe behaiour of otheragentsarekey features.
Unlike themodelsof chapterthree thesetacticsexplicitly motivaterationaledor concessionsr demands,
basedon a numberof ervironmentalandbehaioural characteristicsThey determinehow to computethe

value of anissue(price, volume,duration,quality, ...), by consideringa singlecriterion (time, resources,
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...). Thesetof valuesfor the negotiationissuearethenthe rangeof the functionandthe singlecriterionis
its domain.

Giventhatagentgnaywantto considemorethanonecriterionto computethevaluefor asingleissue,
the generatiorof counterproposalss modeledasa weightedcombinationof differenttacticscoveringthe
setof criteria. Thevaluessocomputedor the differentissueswill betheelementf thecounterproposal.
5 Forinstancejf anagentwantsto counterproposetakinginto accounttwo criteria: the remainingtime
andthe previous behaviour of the opponentjt canselecttwo tactics: onefrom the time dependentamily
andonefrom theimitative family. Both of thesetacticswill suggest valueto countemproposeor theissue
undernegotiation. Theactualvaluewhichis counterproposedwvill betheweightedcombinatiorof thetwo
independenthgeneratedalues.

To illustrate thesepoints considerthe following example. Given anissuej, for which a valueis
undernegotiation,an agenta’s initial offer correspondso a valuein the issues acceptableegion, (i.e in
[min§, maz$]). Forinstanceif a's rangeis [£0, £20] for thepricep to payfor agood,thenit maystartthe
negotiationprocesdy offeringthesener £10 —whatinitial offer shouldbechosers somethingheagent
canlearnby experience The sener, agenth, with range[£17, £35] maythenmalke aninitial counteroffer
of £25. With thesetwo initial valuesthe stratgy of agenta may consistof usinga (singlecriterion)time
dependentactic which might make a reasonablyarge concessiorandsuggest£ 15 sinceit doesnot have
muchtime in which to reachan agreementAgentb, on the otherhand,may choseto usetwo criteriato
computeits counterproposal—e gtime dependentactic (which might suggest smallconcessiorto £24
sinceit hasa longtime until the deadline)andan imitative tactic (which might suggest valueof £20 to
mirror the £5 shift of theopponent)If agenth ratesthetime dependenbehaviour threetimesasimportant
astheimitative behaviour, thenthevalueof the counterofferwill be (0.75 x 24) 4+ (0.25 % 20) = £23. This
procesontinuesuntil the agentsconverge on a mutually acceptablesolution. The origin, andsubsequent
evolution of theserelative weightingsmay be the resultof expertdomainknowledge,experiencederived
from previous negotiationcasespr conditionalon otherfactors.

It shouldbe notedthatnot all tacticscanbe appliedat all instants.For instance a tacticthatimitates
thebehaiour of anopponents only applicablevhentheopponenhasshavnits behaiour sufiiciently. For

thisreasonthefollowing descriptiorof thetacticspaysparticularattentionto their applicabilityconditions.

4.4.2.1 Time Dependentactics

In thesetactics, the predominantfactor usedto decidewhich valueto offer next is time, t. Thusthese
tacticsconsistof varying the acceptancealuefor the issuedependingon the remainingnegotiationtime
(animportantrequirementn the target problemdomains—sectiori.4.3), modeledas the above defined

constantt?

mazx"*

The initial offer is modeledasbeinga point in the interval of valuesof the issueunder

Svaluesfor differentissuesmay be computedoy differentweightedcombinationsf tactics.
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negotiation.Hence agentsefinea constants} thatwhenmultiplied by thesizeof theinterval, determines
thevalueof issuej to beofferedin thefirst proposaby agenta.

The value to be utteredby agenta to agentb for issuej is modeledas the offer at time ¢, with
0 <t < th,4., by afunctionag dependingontime asthefollowing expressiorshaws:
ming + af (t)(maz; — ming) If V# is decreasing
ming + (1 — af(t))(maz§ —ming) If V2 isincreasing
A wide rangeof time dependenfunctionscanbe definedsimply by varying the way in which a;(t) is
computed.However, functionsmustensurethat0 < af(t) < 1, a$(0) = x% andaj(tg,,,) = 1. Thatis,
the offer will alwaysbe betweerthe valuerange,atthe beginningit will give x§ asaresultandwhenthe
time deadlineis reachedhe tacticwill suggesto offer the resenationvalué®. Two familiesof functions
with thisintendedbehaviour aredistinguishedpolynomialandexponential(naturally otherscouldalsobe
defined). Both familiesare parameterizedby a value3 € IR* thatdetermineghe corvexity degree(see
Figure4.6)of thecurve. Thesawo familiesof functionswerechoserbecausef thevery differentwaythey
modelconcessionFor the samelarge valueof 3, the polynomialfunctionconcedegasteratthe beginning
thanthe exponentialone,thenthey behae similarly. For a smallvalueof 3, the exponentiafunctionwaits

longerthanthe polynomialonebeforeit startsconceding:

min(t,te, o)\~
9+ (1 - wg)(P )y

maw

e Polynomial: af(t) = &

; a
(l_mln(at,tmam))ﬁ In k3

e Exponential: af(t) = e Thas

In comparisorto Kasbah(section3.2.9)that only modelsthreeoffer generatiorfunctions,thesefamilies
of functionsrepresenaninfinite numberof possibletactics,onefor eachvalueof 3. However, to better
understandheir behaiour they areclassified dependingon the valueof 3, into two extremesetsshowing

clearlydifferentpatternsof behaiour. Othersetsin betweerthesetwo couldalsobe defined:

1. Boulware ’ tactics [(Raiffa 1982),pg. 48]. Eitherexponentialor polynomialfunctionswith 8 < 1.
This tactic maintainsthe offered value until the time is almostexhaustedwhereuponit concedes

up to the resenation valué. The behaiour of this family of tacticswith respectto 3 is easily

6Thereseration valuefor issuej of agenta representshe valuethatgivesthe smallesiscorefor function 4% Thefunction Vi

depend=n the resenation value for agenta andissuej—the range[min?,maz;]. If v is monotonicallyincreasingthenthe

reserationvalueis ming; if it is decreasinghereserationvalueis maz§.

"LemuelBoulwarewasa vice-presidenof the GeneraElectricCompay, who rarelymadeconcession# wagenegotiations.His
strat@y wasto startwith whathe deemedo be a fair openingbid andheldfirm throughouthe negotiations.

8Besideshe patternof concessiorhatthesefunctionsmodel,Boulware negotiationtacticspresumehattheintenal of valuesfor
negotiationis narrav. Hence whenthedeadlineis reachedanda(t%, ,..) = 1, theoffer generateds not substantiallydifferentfrom

mazx

theinitial one.
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Figure 4.6: Polynomial (left) and Exponential(right) Functionsfor the Computationof «(t). Time is

PresentedsRelativeto t2

max"

(1=minthas) y6 1, k2

understoodaking into accountthatlimg_, o+ e thas = k% andlimg_,o+ £ + (1 —

in(ttyan) V5 —

R (pmes) 3 = .
TheBoulwaretacticscanbeselectedasa techniqueo handleuncertainty(seesection2.2.6.2);when
others’preferencesireunknownn, thenonepossiblestratay is to remainfirm anddemandhe same

throughouthe negotiation.

2. Conceder [(Pruitt 1981), pg. 20]. Either exponential or polynomial functions with 5 >
1. The agentquickly goesto its resenation value. For similar reasonsas before, we have
min(t,t

(1_ t

a
. mam))ﬂ In k¢ min(t,t“
limg 40 € haz

. 1
=1 and11m5_,+oo lﬁ? + (]_ — H?)(Twmm))g =1.

Resource-dependetdcticsare similar to the time dependenbnes. Indeed,time dependentacticscan
be seenas a type of resourcedependentactic in which the sole resourceconsidereds time. Whereas
time vanishesconstantlyup to its end, other resourcesnay have different patternsof usage. Time and
resourcedependentacticsare alsosimilar in thatthey are both an attemptto modelboundedrationality
(seesection2.2.8),in thatthey attemptto generatesuccessfubutcomegiventheavailableinformationand
computationatesourcesResourcalependentacticsaremodeledn the sameway astime dependentnes;
thatis, by usingthe samefunctions,but by either: i) makingthe valueof ¢2, ... dynamicor ii) makingthe

functiona dependon anestimationof theamountof a particularresource.

4.4.2.2 DynamicDeadlineTactics

Thedynamicvalueof t2, .. representsheuristicaboutthequantityof resourceshatarein theervironment.
Thescarcettheresourcethe moreurgentthe needfor anagreementln thetargetapplicationdomainsthe
mostimportantresourcego modelis the numberof agentsegotiatingwith agivenagentandhow impatient
they areto reachagreements.On one hand, the greaterthe numberof agentswho are negotiating with
agenta for a particularservices, the lower the pressureon a to reachan agreementvith ary specific

individual. While onthe otherhand thelongerthe negotiationthread the greatethe pressuren a to come
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to an agreement.Hence,representinghe setof agentsnegotiatingwith agenta attime ¢t as: N%(t) =

{i| X}, is actve}, thedynamictime deadlinefor agenta is definedas:

$ra

o NP

tror = W' =7

maw_p’ ElXt |

$>a

where u?® representshe time agenta considersreasonabldo negotiatewith a single agentand | X7, ,
representshe length of the currentthreadbetweeni anda. Notice thatthe numberof agentsis in the
numeratoyso quantityof time is directly proportionalto it, andaveragedengthof negotiationthreadis in

thedenominatorsoquantityof time is inverselyproportionalto it.

4.4.2.3 ResourceestimationTactics

The resourceestimationtactics generatecounteroffers dependingon how a particularresources being

consumed.Resourcesould be monegy beingtransferredamongagentsthe numberof agentsinterested
in a particularnegotiation,andalso, in a similar way asbefore,time. The requiredbehaiour is for the

agentto becomeprogressiely more conciliatory asthe quantity of resourcediminishes. The limit when

the quantity of the resourceapproachesil is to concedeaup to the resenationvaluefor the issue(sjunder
negotiation.Whenthereis plenty of resourcea moreBoulwarebehaiour is to be expected Formally, this

canbemodeledby having a differentcomputatiorfor thefunctiona:

— - “(t
Oé?(t) — Ii;-l + (1 _ n?)e resource®(t)

wherethefunctionresource®(t) measureshe quantityof the resourceattime ¢ for agenta. Examplesof

functionsare:

o resource®(t) = |N%(t)|

e resource®(t) = u“%

ia

o resource®(t) = min(0,t — t%,,.)

In thefirst example,the numberof negotiatingagentss the resource Thatis, the moreagentsnegotiating
thelesspressuréo make concessionsThesecondexamplemodelstime asaresourcen asimilarway asin
the previoussection.Themoreagentsthelesspressureandthelongerthe negotiationsthe morepressure.
Finally, thelastcasealsomodelstime asaresourcebut in this casethe quantityof resourcedecreasem a

linearfashionwith respecto time.

4.4.2.4 Behaiour Dependentactics

This family of tacticscomputethe next offer basedon the previous attitude of the negotiationopponent.

Thesetacticshave provedimportantin co-operatie problem-solvingnegotiationsettings(Axelrod 1984),
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andsoareusefulin asubsebdf theproblemcontexts (seeSectionl.4.3).Lik e Boulwaretactics theseactics

canalsobeselectedor asatechniquéor handlinguncertainty However, whereaBoulwaretacticshandle

the uncertaintyof strateic interactionby ignoring the behaiour of the opponentthesetacticscondition

their actionson theobsenedbehaiour of the other(s).

The main differencebetweerthe tacticsin this family is in the type of imitation they perform. One

family imitates proportionally anotherin absoluteterms, and the last one computesthe averageof the

proportionsn anumberof previousoffers. Hence givenanegotiationthread

th_2s _tn_2541 _tn_2s542 th—2o tn-1 _t,
{"‘7$b—>a DRI > Yb—a 2t b—)a’xa—>b7'xb—>a}

with § > 1, thefollowing familiesof tacticsaredistinguished:

1. Relative Tit-For-Tat: The agentreproducesin percentageerms,the behaiour thatits opponent

performedd > 1 stepsago. Theconditionof applicability of thistacticis n > 26.

tn_267 -

|2 . T ¥ .

el = mm(max(itn”j;‘;“[ . x5y [7], ming), max$)
b—a

. Random Absolute Tit-For-Tat: The sameasbeforebut in absoluteterms. This meansthatif the
otheragentdecreasetfts offer by £2, thenthe next responseshouldbe increasedy the same.£2.
Moreover, acomponents addedwvhich modifiesthatbehaiour by increasingor decreasingdepend-
ing onthe valueof parameteg) the valueof the answerby arandomamount.This randomelement
is introducedto enablethe agentgo escapdrom aloop of non-impraving contractoffers,or alocal
minimain thesocialwelfarefunction(meaninghatthe contractdeingexchangedave thesameutil-
ity to bothagents).M is themaximumamountby whichanagentcanchangets imitative behaviour.

The conditionof applicabilityis againn > 26.

tn . . tn— . tn— . tn— . .
x4 5] = min(maz(z 3, [5] + (2,752 1] — 2,522 [5]) + (=1)°R(M), ming), max})
where

0 If Visdecreasing
S =
1 If V2 isincreasing

andR(M) is afunctionthatgenerates randomvaluein theinterval [0, M].
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3. AveragedTit-For-Tat: The agentcomputeghe averageof percentagesf changesn a window of
sizey > 1 of its opponentsistory whendeterminingits new offer. When~ = 1 the behaiour is
similar to the relative Tit-For-Tat tacticwith 6 = 1. The conditionof applicability for this tacticis

n > 27y.

tn—2y

- )
a:fl"j; | = min(max(%[[?]]mf;;; [7], min}), maz$)
b—a

Differenttit-for-tat tacticsweredesignedo empirically evaluate,similar to the tournamengamesof

Axelrod (Axelrod 1984),therelative successf differentmannersn reproducingoehaviour of others.

4.4.3 Strategic Reasoning—Strategies

Theaim of agenta’s negotiationstratey is to determinghe bestcourseof action(seesection2.2.4)which
will resultin anagreemenon a contractz while keepingV * ashigh aspossible.However, maximization
of thescoringfunction (ataskof thewrapper)mustconsiderchangesn theagents ervironment. This task-
ervironmentcouplingis neededecausen agents behaiour shouldchangeasthe ervironmentchanges
(hencethe nameresponsie for the mechanism).In practicalterms,this equategdo how to preparea new

counteroffer, takinginto consideratiora numberof ever changingfactors.

In themodel,anagenthasarepresentationf its mentalstatecontaininginformationaboutits beliefs,
its knowledgeof the environment(for example,time or resources)andary otherattitudes(desiresgoals,
obligationsor intentions)the agentdesigneiconsidersappropriaté. The mentalstateof agenta attimet is

notedas M St. Thesetof all possiblementalstatesfor agenta is denotedas M S,,.

Whenagenta recevesan offer from agentb, it becomeghe last elementin the currentnegotiation
threadbetweenthe agents.If the offer is unsatisctory agenta generates counteroffer. As discussed
earlier differentcombinationsof tacticscanbe usedto generatecounteroffers for particularissues. An
agents stratgyy determinesvhich combinationof tacticsshouldbe usedat ary oneinstant(this concepts

similarto the conceptof mixedstratgjiesin gametheoreticmodels(Gibbons1992)).

Definition 6 Givena negotiation thread betweenagentsa and b at time t,,, X".,, over domainD =

a<b?
Dy x ---x D,, with last(Xt"

I y) =z, ., andafinite setof m tactics® T = {r;|7; : MSa = D}icpi,m),

a weighted counter proposal z'"*!, is a linear combinationof the tactics given by a matrix of weights

tng1
Fa—)b

9Thereis no prescriptionof a particularmentalstate,but ratherthis work aimstowardsan architecturallyneutraldescriptionto
ensuremaximumgeneralityfor themodel.

10This definition usesthe naturalextensionof tacticsto the multi-dimensionabkpaceof issues'values.
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Y11 M2 ..o Yim

phee Y21 Y22 oo 2m
a—b

7p1 7p2 .. 7pm

definedn thefollowing way:

2 th i) = (Chgy + T (M S +)) i,

a—b a—b

where(T*(MSe" )i, j] = (r:(M S ")) (5], vi: € [0, 1] andfor all issuesj, v =1
The weightedcounterproposalextendsthe currentnegotiationthreadasfollows (e is the sequence
concatenatiomperation):

tnt1 _ yritn tnt1
Xa<—>b - Xa<—>b ®To b

Many-party negotiationsare modeledby meansof a setof interactingnegotiationthreads. The way this
is doneis by makinga negotiationthreadinfluencethe selectionof which matrix I is to be usedin other

negotiationthreads.Thus,

Definition 7 Givena, b € Agents, a Negotiation Strategy for agenta is anyfunction f sud that, given

a’'s mentalstateat time t,,, M Si», and a matrix of weightsat time ¢,,, [in

oL p geneatesa new matrix of

weightsfor timet,, 1, i.e.

Ftn-)-l — f(Ft"

a—b a—b?

MStn) 4.2)

A simplisticexampleof the applicationof the modelwould beto have amatrix T" built up of 0sand1sand

having T't+! =1t

arsp = Lo for all t. This would correspondo usinga fixedsingletacticfor eachissueat every

instantin thenegotiation. Consideranotherexampleof whenaweightedcombinationasopposedo binary
andstaticweighting, could be useful. The exampleinvolvesnegotiationbetweerthe VC' (Vet Customer
agentyandthe C'S D (CustomeiServiceDepartmentgent)for the Vet_Customer service takenfrom the
ADEPT application(sectionl.4.1). For simplicity assumehatthereis only a singleissue the price of the
service.Furtherassumehatbothagentsarecurrentlyunderno time pressurego reachanagreementGiven
theseconditionsthenbothagentamaybegin negotiationby assigningavalueof 1 to theBoulwaretacticand
0to all others.However, afterthe exchangeof a numberof offersandanincreasan time pressurdo reach
a deal,one (or both) of the agent(s)may begin to reducethe weighting of the Boulwaretactic and begin
to placehigherweighting on the Concedettactic (believing that concessiommay resultin an agreement

beingreachedsoonerratherthanlaterin the negotiation). This exampleinformally shavs the usefulnessf
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strat@iesin modelinga smootftransitionfrom abehaiour basednasingletactic(e.g. Boulware,because
theagenthasplenty of time to reachanagreement)o anotherone(e.g. Concederbecausdime is running
out). Smoothnesss obtainedby changingthe weightsaffectingthetacticsprogressiely (e.g.from 1to 0
andfrom Oto 1 in theexample).Thecurrentmodelhasbeenextendedo includethe evolution of stratejies
(Matos,Sierra,& Jenningsl998).

4.4.4 Functional Architecture of the Responsve Mechanism

The above modelis a genericdescriptionof the component®of the responsie mechanism.lt is generic
becauseherecanbe an infinite numberof tactics(andtheir correspondingstratgjies)—themodel does
not committo ary particularagentarchitectureby specifyingthatan agents decisionmechanisnshould
be describedhrough NV tacticsandtheir correspondingtratgies. However, for practicalpurposesagent
architecturesreneededhatcommitto a concretanstantiation andfollow from, this genericmodel. A re-
sponsveagentarchitecturénasbeendevelopedto empiricallyevaluatethebehaviour of differenttacticsand
stratgies(describedn the next chapter) andwhich canbe usedastheresponsie mechanisncomponent
of thenggotiationwrappershavn in figure1.1.

The overall architectureof this responsie mechanismis shawvn in figure 4.7. The boxes labeled
Expo/Ply, resouce andtit-4-tat representhetime, resourceandbehaiour dependentacticsrespectiely.
Theunfilled ovalsrepresentheinput parameterito boththetacticsand,possibly the stratgyy. Thelatter
inputsarethe possiblesetof inputsbecausen the formal modelnothingis said aboutthe actualmental
stateof theagent.The outputof eachtactic (the offer suggestedy eachtactic,representedsz; ;, .., T} 4
for the contracioffer suggestethy thetime, resourceandbehaiour dependentacticsrespectiely) is repre-
sentedasfilled ovals. Theagents stratgly thenmodifiestheweightsattachedo eachtactic(representely
boxedovals, labeledw;q, w,q andwyg, for weightsof the time, resourceandbehaiour dependentactics
respectiely). Thefinal offer, filled oval labeledz’, is thencomputedasthe summatiorof individual offers
from the tactics,after beingmodified by their strat@y selectedwveights,representedsthe x+ operation.
Thevalueof this final offer, representeasfilled oval labeledV ('), is computedasthe linear sumof all
theissues weightedvalues,representedy the box +w; * V' (z}). Theresponsie mechanisnwasdevel-
opedasa setof simplefunctionsthat solvesthe decisionmaking problemsof an agentgivenits limited
informationandcomputationatapabilities.The decisionmechanisnof the wrapperwasthenextendedoy
two morecomplex (deliberatve) mechanismspamelyanissuetrade-of mechanisn{section4.5.2)andan

issuemanipulationrmechanisnisectior4.6). Thesedeliberatve mechanismsrediscussechext.

4.5 The Trade-off Mechanism

The responsie mechanisnimplementsaniteratedsearchfor a contractwith a valuethatis acceptabléo

both parties. The mechanisntanbe usedto modeliterative concessiorover the scoreof the contractby
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+WItV(X'i)

resource x_rd

tit-4-tat @

Figure4.7: FunctionalView of theResponsie MechanismsOvalsdepictsdatastructuresboxesprocesses,

andarrows, flow of information

anagent(basedn anumberof ervironmentafactors suchasthedeadlineor theamountof computational
resourcesised),until a point of intersection(or whatwill be referredto asa crossover of offers) occurs
betweenthe value of the offered contractandwhat the agentis aboutto offer. Although this mechanism
proved usefulin a numberof real-world applications(FIPA97 1997, Jenningset al. 2000a),crossover
evaluationis inefficient in thatit fails to find joint gains,reachingoutcomesghatlie closerto the pareto-
optimalline (Gibbons1992).In particular the mechanisntannotdiscriminatebetweercontractghathave
differentscoredor theissuesput which have the sameoverall score(Corfman& Guptal993). Therefore,
possiblgoint gainsaremissed.To improve the efficiencyof the outcome while respectingheinformation
and computationakonstraintsa trade-of mechanismhasbeendesignedhat searchedor potentialjoint
gains. Theinterpretationcomponenbf this mechanisnis describedirst in section4.5.1followed by the

offer generatiormechanisnin sectiorn4.5.2.

4.5.1 Trade-off MechanismEvaluation

Theevaluationof a contractfrom thetrade-of mechanisnperspectie involves:
withdraw(a, b) Ift >t ..

120N b0l 0) = accept(a,b,ah ) V(L) 2 Ve@lT))

trade-of(a, b,z _,,) otherwise
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wherethe contentof the primitive trade-of (mg_ﬂ) or ¢ in figure4.1) is computedby the functiongivenin
equatiord.4. Notethesimilarity betweerthetrade-of andresponsie mechanisnfsectiord.4.1)evaluation
function. In bothinterpretationsnegotiationterminatesunsuccessfullyor the samereasonwhenthe end
time of the negotiation hasbeenreached. However, the interpretationfunctionsdo differ. Negotiation
terminatesuccessfullyin the responsie mechanisnwhenthe value of the offered contractis higherthan
theonetheagentis aboutto sendout (z*'). Negotiationterminatesuccessfullyn thetrade-of mechanism
whenthevalueof theofferedcontractis higherthanthe previousoffer of theagent(zf—1). Thisis because,
aswill be shavn, the trade-of mechanisncanonly hill-climb (in utility landscape)n the direction of
higherutility for the agentperformingthetrade-of. Therefore the offeredcontract,from the otheragent,
hasto have a lower utility to the agentperformingthe trade-of. Likewise, ary mechanismmustrespect
the time deadlinesof neggotiation. As will be shavn in this section,the real differencebetweenthe two
interpretationgrethe mechanism@volvedin generatinghe primitivesoffer andtrade-of.

In spiteof thesimilaritiesbetweerresponsieandtrade-of interpretationgandaswill beshovn below
in sectiord.6.1)the evaluationcomponent®f eachmechanisnarefunctionally separate@fom oneanother
(seefigure4.5). This separatiorof concerndetweertheinterpretatiorcomponentf eachmechanisnand
its respectie offer generatiorcomponentllows differentialandmodularreasoningnterpretatiorpolicies

to beadoptedor eachmechanisnaccordingto therequirementsf theagentdesigner

4.5.2 Trade-off MechanismOffer Generation

In theresponsiemechanismagentgproposea seriesof contractshathave diminishingscoreto themseles.
However, in choosingto malke a trade-of negotiationactionan agentis seekingto find a contractthathas
thesamescoreasits previousproposalput whichis moreacceptabléo (hashigherscorefor) its negotiation
opponentThereforewhenanagentmplementsatrade-of mechanisnit beharesasthoughit is motivated
to searchfor typesof outcomeghatincreasgoint gains. The next sectionpresentghe developedsolution
to theproblemof how to reasorabout‘more acceptabletontractgyiventhe uncertaintyof the opponents

preferences.

4.5.2.1 FuzzySimilarity

The computationinvolvedin makinga trade-of overissuesn negotiationis likely to be morecostlythan
the simpleresponsie mechanismslescribedabove. However, anagentmay be cooperatiely motivatedto
increasdhejoint gainsover anoutcomegiventhe costsinvolved. For example two agentsanengagen a
moreelaboratesearchof the spaceof possibleoutcomesf oneor bothareundernotime pressure$o reach
anagreemensoon. Furthermorethe trade-of mechanisnmustselecta contractthatincreaseghe likely
scoreof the opponentgiventhat the agentdoesnot knowits prefelences This meanghatthe agent(call

this a) in negotiationwith anotheragent(call this b) mustbe providedwith a mechanisnio:
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1. selectasubsebf contractsall of which have the sameutility asa’s previousoffer x

2. selectfrom this subseta contract(z') thatagenta believes(representetly the predicateB*) is most

preferableby b over x

Thatis, B*(V,(z') > Vy(x)) andV,(z) = V,(2'). It thereforefollows from the combinationof this belief
andthe fact that agenta believesthe propositionB*(V, (z') + Vi (2') > V,(x) + Vip(x)) (2’ increases
thejoint utility). The problembeingaddresseth this sectionis how to modelthe agents uncertainbelief
(predicateB?) in the secondstepof the mechanisns operation.A numberof alternatveswereconsidered
(section2.2.6)andthe solutionsfrom gametheory(section3.1.6)enumeratethe variouspossiblechoices
in modelinguncertaintiesComputingconditionalprobabilitiesandformulatingsubjectve expectedutility
appearsa reasonablenethodologyfor handlingthe uncertaintiesnvolved. However, asnotedin section
2.2.6,the approachis problematic. Firstly, assigningprior probabilitiesis practicallyimpossiblefor the
typesof problemsaddressethiere(wheretherecanbe aninfinitely large setof outcomesandthe outcome
setitself canchangedynamicallyin the courseof negotiationthroughtheinclusionandretractionof issues).
Evenif assigningprior probabilitieswaspracticallyachievablefor interactionghatarerepeateq¢henceper
mitting the useof probability updatemechanismsuchasBayesrule (Russell& Norvig 1995)),the same
is nottruefor encountersn anopensystem—theprior probabilitiesmay simply bewrong, exacerbatedby
the one-of natureof encounterspreventingthe updateof prior distribution. Secondlyasmentionedpre-
viously, theformulationof decisionsbasen subjectie expectedutility introduceghesilentout-guessing
problem—theagentdesigners choiceof probabilitiesis basedon guessesboutthe probablechoicesof
otherswhosechoicein turnis dependentnthe guessesaboutthe probablechoicesof thefirst.

Thereforea solutionis soughtthatis simpleandapplicableto typesof problemspresentn bothclosed
andopensystems.The heuristicemployedin this thesisis not to directly modelthe likely choiceof the
other, but rather to selectthe contractthatis most“similar” or “closeto” to the opponents last proposal
(sincethis may be moreacceptablao the opponent).Thatis, the heuristicmodelsthe domainandnot the
otheragent. The agentcanthenusethis domainmodelto inducethe possibledefault preferencesf the
other For example,if the sellerhasdemanded paymentof £20 for a servicethena client of the service
canheuristicallyassumehatthe sellerwill preferanoffer of £18 to £10 becauseheformeris closer or
moresimilar, thanthelatterto theinitial demandoy the seller

Theconcepbf fuzzy similarity canbeusedto computesimilarity (Zadeh1971). Thisshiftin emphasis
from the probablechoicesof othersto the closenessf two contractameanghatary theorythatmakesthe
sameontologicalcommitmentsaslogic (suchasprobability theory wherefactsare eithertrue or notand
probabilitiesrepresenthe degreeof belief) is inappropriate.However, when modelingconceptssuchas
closenesstallnessor heavinessa differentlogic is requiredthat modelsthe degreeof truth—a sentencés

“sort of” true. Most peoplewould hesitateto saywhetherthe sentencéCarlesis tall” is true or not, but
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would morelikely say“sort of”. Note,this is notanuncertaintyaboutthe externalworld (we aresurehow
tall Carlesis), ratherit is a statemengaboutthe vaguenessr uncertaintyover the linguistic term“tallness”
or similarity/membershipf a classprototype.However, animportantpoint to noteis thatthe useof fuzzy
similarity and probability are not exclusive. Indeed,the agentcanusethe heuristicof fuzzy similarity to
derivetheprior probabilitiesof theother'schoicefrom thedomainandthenupdatetheseprior probabilities
in the courseof interactionsusingBayesrule. Thus,fuzzy similarity canbe usedto “bootstrap”decision
mechanismshatoperateon the basisof choicedistributions.

The next sectiondescribesn more detail the notion of similarity and the developedalgorithm for

performingsuchtrade-ofs.

4.5.2.2 Trade-ofs: A FormalModel

An agentwill decideto make a trade-of actionwhenit doesnot wish to decreaséts aspirationallevel

(denoted)) for a givenservice-orienteaegotiation. Thus,the agentfirst needso generatesome/allof the

potentialcontractdor whichit receivesthe scoreof §. Technically it needgo generateontractghatlie on

theiso-value(or indifference)urve for § (Raiffa 1982). An iso-valuecorrespond#o fixing oneof the x or

y valuesin thepair (z, y) in figure3.1andthenselectinganiso-valueamountgo consideringnly contracts
onthatline. Becausell thesepotentialcontracthave the samevaluefor theagentit is indifferentamongst
them. Giventhis fact, the aim of the trade-of mechanisnis to find the contracton this line thatis most
preferable(andhenceacceptablejo the negotiationopponeni(sincethis maximizesthe joint gain). More

formally, aniso-cuneis definedas:

Definition 8 Givenan aspirational scoringvalue#, theiso-curvesetat level 8 for agenta is definedas:
i50,(8) = {z | V*(z) = 0} (4.3)

Fromthis set,theagenteeddo selectthe contracthatmaximizeghejoint gain. A trade-of is thendefined

as:

Definition 9 Givenan offer, z, fromagenta to b, anda subsequentounteroffer, y, fromagentb to a, with

0 = V°(z), atrade-of for agenta with respecto y is definedas:

trade-of (z,y) = arg max ){Sim(z7y)} (4.4)

z2€1504(0
wherethe similarity, Sim, betweertwo contractds definedasa weightedcombinationof the similarity of

theissues:

Definition 10 Thesimilarity betweeniwo contractsz andy over thesetof issues] is definedas:

Sim(z,y) = Y w}Sim;(z;,y;) (4.5)

jeJ
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with 37, ; wj = 1 andSim; beingthe similarity function for issuej. Theseweightsmay represent
the level of importancethe agentbelievesthe opponentplaceson issues. For example,an oil compaty
negotiator, in negotiationwith an ecologist,may safelyassumehatthe pollution risks areweightedmore
importantlyby anecologistthanthe oil productioncostswhenreasoningaboutwhatdealto offer.
Following theresultsfrom (Valverdel985),asimilarity functionthatsatisfiesheaxiomsof reflexivity,
symmetry andt-norm transitvity canalways be definedas a conjunction(modeled,for instance asthe
minimum) of appropriatduzzy equivalencerelationsinducedby a setof criteriafunctionsh;. In fuzzy set
theory t-norm, or triangularnorms, play a centralrole by providing genericmodelsfor intersectionand
unionoperation®nfuzzy sets(Pedrycz& Comide1998).A criteriafunctionis afunctionthatmapsvalues
from a givendomaininto valuesin [0, 1]. Correspondinglythe similarity betweerntwo valuesfor issuej,

Sim;j(x;,y;) is definedas:

Definition 11 Givena domainof valuesD;, the similarity betweertwo valuesz;, y; € D; is:

Simj(zj,y;) = N\ (hiz;) & hi(y;)) (4.6)
1<i<m
where{hy, ..., h,, } isasetof comparisorcriteriawith h; : Dj- — [0, 1] and+ is anequivalenceoperator

Concretecriteriafunctionsaregivenin section5.4.1.3and1— | h(z;) — h(y;) | is usedastheequivalence
operatof(sincethis is a straightfornardmeasuref the absolutedistancebetweerntwo points).

Considerthe exampleof coloursin orderto illustrate the modelingof similarity in a given domain.
Dcotours = {yellow,violet, magenta, green, cyan,red, ...}. In orderto modelhow ‘similar’ two given
coloursare, different perceptve criteria can be considered. For instance thereare ‘warm’ coloursand
‘cold’ colours. With respectto this criterion, yellow and orange are more similar that yellow andviolet.
Relatedo the‘'warmnessbf colours,Newton (Newton 1972)establishedh 1666theproportionalityfactors
betweencoloursthat determinewhich shouldbe the size of paintedsurfacesin orderto be in perceptual
equilibrium. For instanceyellow hasluminosity 9 andviolet luminosity 3. This meanghatif we painttwo
squarespnein yellow andonein violet, their surfaceshave to bein relationl to 3 in orderfor the result
to bein ‘equilibrium’, thatis, the yellow squaremustbe onethird of the violet squarein size. Another
relevantperceptuatriterion of coloursis their visibility. Therearevariousphysiologicalcharacteristicef
the humanvisualfield, distribution of conesandrods,thatensuresomecoloursarebetterpercevedwhen
moving away thanothers(Marr 1982). Greenis the colour with the worstvisibility andyellow andcyan
arethosewith the bestvisibility. Othercriterialike memoryor dynamicityhave alsobeenstudied. These
criteriacanthenbeusedto modelthe colourexampleas(functionsarepresentedxtensively assetsof pairs
(input, output)):

hy = {(yellow, 0.9), (violet,0.1), (magenta,0.1), green, 0.3), (cyan,0.2), (red,0.7),...}
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hi = {(yellow,0.9), (violet,0.3), (magenta, 0.6), green, 0.6), (cyan, 0.4), (red,0.8), ...}

hy = {(yellow, 1), (violet,0.5), (magenta, 0.4), green,0.1), (cyan, 1), (red,0.2), ...}

whereh;, h; andh, arethecomparisorfunctionscorrespondingo temperaturgwarmis 1, coldis 0), lumi-
nosity (maximumis 1, minimumO0) andvisibility (againmaximumis 1 andminimumO) respectrely. With

thesefunctionsandusingmin asconjunction thefollowing canbe obtainedhroughsimplearithmetic:

Simcolour(yellowa green) =
min(1— | hy(yellow) — hy(green) |,1— | hi(yellow) — hy(green) |,1— | h, (yellow) — h,(green) |)
=min(0.4,0.7,0.1) = 0.1

or,
Simeorour (cyan, violet) = min(0.9,0.9,0.5) = 0.5

4.5.2.3 TheTrade-of Algorithm

The trade-of algorithmperformsan iteratedhill-climbing searchin a landscapef subsewf the possible
contracts.The searchproceedsy successiely generatingcontractsthatlie closerto theiso-cune (repre-
sentingthe agents aspiratiorlevel), followed by the selectionof the contractthatmaximizesthe similarity
to the opponents last offering. The algorithmterminatesvhenthe last selectedcontractlies on the iso-

curve.

Figure4.8: Schemaf thetrade-of algorithmwith N = 3 andS = 3.
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Thealgorithm,shavn schematicallyn figure4.8, startsat the contracty, the opponentslastoffer, and
movestowardstheiso-cune (the solid line markediso-curvein figure 4.8) associateavith theagents last
offer, z. Thisapproacto theiso-cune containingcontractz is performedsequentiallyin S steps(threein
figure 4.8). Eachstepstartsby randomlygeneratingV new contracts(three,onefilled andtwo patterned
ovalsin figure 4.8) that have a utility E greaterthanthe contractselectedn the last stepy’ (or y° = y
if it is the first step). N is referredto asthe numberof children. Eachnew contracty’*! so generated
satisfiesv(y/+1) = v(y?) + E, andthey all have the sameutility to the agent(shavn asthe dottedline
connectinaall thechildrenat eachstep).Fromthe generateahildrencontractsthe onethatmaximizesthe
similarity with respecto the opponents contracty is selectedshovn asthefilled oval thatbecomeshe
parentof the next setof childrenin figure 4.8). E is computedasthe overall differencebetweerthe value
of z andy divided by the numberof steps.Thatis, £ = M The overall effect of the algorithmis
to sequentiallyexplore a subsetf the possiblespaceof contractsandselectfor the next stepthe onethat

maximizesthe similarity with respecto the otheragents contractoffer.

Presentedbelow is the algorithmresponsibldor generatinga new randomcontract. This algorithm
will thusbeinvoked N timesat eachstepin orderto computethe besttrade-of contract(giving SN calls
in total). The algorithmgenerateghildrenby splitting the stepgainin utility, £, randomlyamongthe set

of issuesundernegotiation.

This algorithm shows only the computationgnvolved in making a single step, of size E in figure 4.8,
towardsthe iso-cune specifiedby z. It functionsasfollows. Firstly, the maximumutility that canbe
gainedfor eachissueis computedasthe differencebetweenthe full aspirationof the agents preferences
andthe utility of the contractthatis being modifiedy (line 1). Note, at the first stepof the algorithm
iterationy will betheopponentsofferedcontract.In subsequeriterationsthe contractwill beasibiling of
y. Eachweightedndividual utility gainis thensummedo determinghe overallweightedamountof utility
thatcanbegained(line 2). Next, becausehe “consumption”of this utility gainhasarandomelement(line
5), a degreeof toleranceis setto allow for a degreeof flexibility for the processegstepsbetweenlines
4 and7) that may “overstep”the iso-cune (line 3). The processof consumptiornof the available utility
(computedn line 2) begins by allowing eachissueto consumea randomamount(line 5) between0 and
thelimits computedn line 1. Thestoreof thetotalamountconsumedy eachissueE,, is thenupdatedas
the additionof the old storeanda linearweightedsumof eachof theindividually consumedutilities (line
6). The total amountthat canbe consumeds thenrecomputedjiven the newly consumedamount(line
7). If theamountconsumeds lessthanthetotal amountE the processof consumptiorcontinuesuntil the
maximum(E or the stepsizein figure 4.8) is reached.The utility gainof eachissueis thennormalizedto
1 oncetheissueshave consumedill of the steputility gain E (line 8). Finally, the utility gainedby each

issueis remappedo actualvaluesthatcorrespondo the new utility (line 9).
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inputs:y7; I* laststepbestcontract.y® = y */
E; [* steputility increase/
v(); * valuescoringfunction*/
output:yit+!; [* child of y7 */
begin
1) E;:=1- v(y{); /* computethe maximumutility gainforeachissue*/
(2) Emas =Y wiEj; /* computethetotal maximumutility gain*/
(3) §=0.01E,,,; [* computethe averagenumberof iterations*/
if (Emaz > E + 0) then
begin
4) k:=0;E, :=0; /* initialize numberof stepsandultility gaincounterst/
while (E, < E) do
k:=k+1,;
(5) r¥ .= random(0, E;); * randomizeutility gainfor eachissue*/
(6) En:=E,+ Y, wirk; I* updateutility gainedin iterationk */
(7 E;:=E; —r}; I* computepotentialutility gainfor next iteration*/
endwhile
(8) E;:= (E;“:l rf) Z; /* normalizethe gains*/
Q) ytti=ot (v,-(y{ )+ E,) ; /* computevaluefor eachissuein new contract*/
end

end

elseraise error

Figure4.9: The Trade-Of Algorithm

153
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4.5.2.4 Algorithmic Compleity

Whenanalysinghe compleity of thetrade-of algorithmthefirst thing to noteis thatit includesacall to a
randomnumbereneratomsidethemainloop (step5). Thishasadirectimpactonthenumberof iterations,
andhenceon thetime the algorithmwill take. Assumingthe randomnumbergeneratois probabilisticin
nature,a ‘big-O’ analysisof the compleity cannotbe made(Aho, Hopcroft, & Ullman 1985). However,

whatcanbe computeds an“averagecase”assuminghattherandomgeneratois perfect.

Let n be the numberof negotiationissues.Stepsl, 5, 6, 7, 8, and9 all needa time which is O(n)
(1 < i < n). Thetime usedby thealgorithmwill be proportionalthento the numberof iterations k, of the
while loop, multiplied by the costof eachiteration(which, assaid,is O(n)). Thatis, it will beproportional
to kn. Thepossiblemagnitudeof k is derivednext. Thewhile loopwill terminatewhenE,, becomebigger
thanE. It is known thatbeforeenteringtheloopfor thefirsttime E,0, = >, wiE; andE,,., > E+6. E,
is the weightedadditionof the portionsr¥ generatedy eachiteration. On average andassumingperfect

randomnumbergenerationat every iteration E,, will be incrementedoy half of eachissues maximum

potentialutility gaingivento therandomgeneratorthatis, 3 -, % Thus,in thefirstiteration,thealgorithm

will consumehalfof Eqp,i.€. B, =0+, w; b; whichis % In theseconda half of theremaining

amountthatis ahalf of Zzee je. Ema= |n generalthealgorithmconsumes?ze= at stepk andleaves

% for the next step. Thatis, E,, atstepk is E,, = E, 0 — Egl,:m. The averagevaluefor k£ canthen

be computedasa function of the differencebetweenkE,,,, and E. Giventhatthe algorithmstopswhen

E, > E, ha/e Epop — Zze= > E, thatis, Epee — E > Zme=. Thestepbeforehad Zeeg > E0p — E.

Emag
Emaz—E"

ez A policy to decidewhich valueto assignto § could beto fix its valueas

Takingthis latterinequality it is easyto seethatk < 1 + log

As E,,.. — E > § is consideredo

Em
[

apercentagef E,,,,. Forinstancemakingé a1% of E,,,, would meanthatk < 1 + logmﬁ’"ﬁ, that

betrue,thenk < 1 + log

isk <14 1log100 < 8; eightiterationson average.Summarizingjf ¢ is fixedasa percentage of E,, .,
it canbe seethatthe averagenumberof iterationsis k = 1 + log%. Thus,on averagethetotal time of the
algorithmis proportionalto (1 + log%)n.

Thus,the averagetime the algorithmtakesto completeis linearwith respecto the numberof issues
in thenggotiation. This linearity is a desirablepropertyof the algorithmconsideringoneof theaimsof this
researcthasbeento developdecisionmechanismshatrespecthe computationalimitations of theagents.
Thetrade-of mechanisntangrow in compleity, althoughonly linearly, with growing numberof issues.
However, an agentcanreasonexplicitly aboutthe time costsof engagingin trade-of negotiation given
knowledgeof the above analysisthatthe complexity grows linearly with the numberof issues.Therefore,
ascompleity growsthenagentscanreasoraboutwhatcourseof actionto take. For example,if duringthe
negotiationthe numberof issueggrowsto suchanextentthatthetrade-of computatiorbecomesoo costly,

thenanagentwantingto implementatrade-of mayusetheissue-manipulatiomechanisnto remose some
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issues.Thisreduceghe costsinvolvedin thetrade-of deliberation.Generallythe compleity levelsof the
trade-of algorithmcanbeusedastriggersfor initiating issue-manipulatiomechanisnthatmayhelpreduce
the compleity of the trade-of algorithm. This decisioncanbe madeby the meta-stratgy componenbf

theagentarchitecturgsection4.7).

4.6 The lssueSetManipulation Mechanism

The otherdeliberationmechanisnis the issuesetmanipulation.Onemotivation behindthe designof this
mechanismhasbeenthe needto escapehe problemof local minimain the socialwelfarefunction. This
canbeachieredthroughrestructuringhe problem.Recallthatalocal minimain the socialwelfarefunction
refersto the negotiation context wherethe utility of the exchangedcontractsis the sameasthe previous
step—theagentsare exchangingthe samecontracts hencethe joint utility of the possibledealgiventhe
exchangedontract,or the socialwelfarefunction,is constant.

At othertimesit is not the needto escapdocal minimathat motivatesmodificationof theissuesin-
volved in negotiation, but ratheragentspreference®ver dimensionsof servicesthat can be substituted
remavedor addedto. Notethatwhereaghetrade-of mechanisnoperatesverthe complementargimen-
sionsof a service the issue-setmanipulationoperateover the dimensionof a servicethataremodifiable
(Topkis 1988). For example,in the telecommunicatiorscenario(section1.4.2), agentsnegotiate over a
staticsetof issues,nformally definedascoreissues.However, the negotiationbetweenSPAs and NPAs
additionallyconsistof offersover non-coreissues For example,a SFA may begin QoS negotiationwith a
NPA specifyingonly Bandwidth. However, subsequentlilPA maydecideto includeinto the QoS negoti-
ationapacketloss issuewith ahighvalueif SFA hasdemande@ high capacityBandwidth. Alternatively,
SFA maydecideto remove the Bandwidth issuefrom the QoS negotiationwith NPA if IPCA haschanged
its demandrom ahigh quality videoserviceto astandardaudioservice.Similarly, asshavn in theexample
of agreementverthefiring of the policecommissioneby boththepoliceoffice unionandcity hall (section

4.2.2),issuescanalsoberemoredwhenagentsagreeto their resolution.

4.6.1 IssueManipulation Evaluation

Theevaluationof a contractfrom the perspectie of theissuemanipulationmechanisnis definedas:

withdraw(a, b) Ift >t ..

: _manioul ,
WS TANPEG o)) = < aceept(a,baf,) 1 VO(SLL,) > VO(SL,)
newseta, b, S) otherwise

wherethe contentof the primitive newset(S in figure4.2)is computedoy thefunctionsgivenin equations
4.7 thatexpandor equationst.8 and4.9 thatreducethe setof negotiationissuegsection4.6.2). Note the

similarity betweenthis evaluationandthe responsie (section4.4.1) and trade-of mechanisns (section



Chapted. A Service-OrientedlegotiationModel 156

4.5.1) evaluationfunctions. It terminatessuccessfullyif the utility of the new setof issues(and their

correspondingalues)is greatetthanthe newsetthe agentis aboutto offer.

4.6.2 IssueSetManipulation: A Formal Model

Negotiation processesre directedand centeredaroundthe resolutionof conflictsover a setof issuesJ.
This setmay consistof oneor moreissuegdistributedandintegrative baigainingrespectrely). For sim-
plification, the ontology of the setof possiblenegotiationissues,J, is assumedo be sharedknowledge
amongsthe agents.It is further assumedhat agentshegin negotiationwith a pre-specifiecsetof “core”
issues Jeore C J, andpossiblyothermutually agreechon-coresetmembers,J—c°m¢ C J. Alterationsto
Jeore arenot permittedsincesomefeaturessuchasthe Price of servicesare mandatory However, ele-
mentsof J~¢°"¢ canbe altereddynamically Agentscanaddor remove issuesinto J~°°"¢ asthey search
for new possibleandupto now unconsideredsolutions.

If Jt is the setof issuesbeingusedattime ¢t (whereJ! = {j1,...,j5n}), J — Jt is the setof issues
not beingusedattime ¢, andz®_,, = (z[j1],...,z[jn]) is a’s currentoffer to b attime ¢, thenissueset
manipulationis definedthroughtwo operatorsadd andremove.

Theadd operatorassistghe agentin selectinganissuej’ from J — Jt, andanassociatedaluez[;'],

thatgivesthe highestscoreto theagent.
Definition 12 Thebestissueto addto thesetJ? is definedas:

dd(Jt) = ve(zt j 4.7
add(J") = arg max, { max, V*(a" e ali} 4.7

whele e standsfor concatenation.

An issues scoreevaluationis alsousedto definethe remove operatorin a similar fashion. This operator

assistgheagentin selectingthe bestissueto remove from the currentnegotiationset.J?.
Definition 13 Thebestissueto remasefromtheset.Jt (froma's perspective)js definedas:

remove(J') = arg  max {V%(x)} (4.8)
jieJt_JC()‘I‘E

withz = (2[j1], ..., 2 [ji—1], 2 [Jit1], t[jn])

The remove operatorcan also be definedin termsof the aforementionedsimilarity function (section
4.5.2.2). This type of similarity-basedremove operatorselectsfrom two given offers z, from agenta
to b, andy, from agentb to a, which issueto remove in orderto maximizethe similarity betweernz andy.
Therefore comparedo the previousremove operatorthis mechanisntanbe considerecasmorecooper

ative:
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Definition 14 Thebestissueto remorefroma’s perspectivdromtheset.Jt is definedas:

remove(J') = arg  max {sim(2',y")} (4.9)
jieJt_Jco're

withz' = (2[jr]; - -, 2ljia], 2l ls - - 2lin]), @andy’ = (y[ials - - yliial, yliinl, - - ylinl)

It is not possibleto definea similarity-basedidd operatorsincetheintroductionof anissuedoesnot permit
anagentto make comparisonsvith the opponent lastoffer (simply becausehereis no valueofferedover
thatissue).

Anothercomputationalrequiremenbf thesemechanismss the needfor anagentto dynamicallyre-
computetheissueweights. The re-computatiorof weightsis definedby first specifyingthe importanceof
theaddedssue,l;, with respecto theaveragemportanceof otherissuesThatis, theweightthenew issue
shouldhave in the setof issueswith respectio the weight of the otherissues—I; = w;/(3_;c; wi/n),

wheren is thenew numberof issues.Then:

Definition 15 Theweightof addedissueyj, w;, is definedas:
L
(n - 1) + Ij
U),: = (]. - ’LUj)U)z' Vi € {7:1,. ,zn},z #7J

wj; =

wherew; is theimportanceof theissuej, n is thenew numberof issuesyw; is theold weightfor issue; and
w} is its new weightaftertheinclusionof issuej. Thuscomputatiorof w} attemptgo “fit" in the weights
of otherissueswithin the“spaceleft over” whenthe new issuehasbeenincluded.

Re-computatiorof weightswhenanissueis removedin turn is definedsimply asre-normalizingthe

remainingweights:

Definition 16 Theweightof theremainingissues after anissuej hasbeenremovedis definedas:

1

w! =
1—1Uj

k3

Wi

Agentsdeliberateover how to combinetheseadd andremove operatorsn amannetthatmaximizessome
measuresuchasthe contractscore.However, a searctof thetreeof possibleoperatorgo find theoptimum
setof issuesmay be computationallyexpensve becausehe size of the searchtree cangrow to combi-
natorially large sizes. This problemis not addressedh this thesisandis postponedor future work by
implementingarytime algorithmsthat producecloserto optimal searchresultswhen given increasingly
moretime, but nonethelesproduce,possibly sub-optimal,resultswhenthey are stoppedanytime (Aho,
Hopcroft, & Ullman 1985). Thengiventhesealgorithmsandthe negotiationtime limits it is possibleto
computea, possiblysub-optimal solutionthatincreasesomemeasuresuchasthe contractscoreor social

welfare.
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4.7 The Meta Strategy Mechanism

Thefactthattherearethreepotentialchoicesof mechanismso usefor generatingaproposabosesanother
decisionproblemfor the agent,namelywhich to use. This decisionis referredto asthe meta-stategy of
the agentsincethe procesdnvolvesmakingdecisionsaboutwhich of the decisionsshouldbe selectedor
the generatiorof the proposal. Recallthe algumentfrom section2.2.8for the needto develop not only
computationallytractablesearchalgorithmsthat cantraverseproblemstate-spacethat may be deepwith
wide branchingfactors(figure 2.3) andcanoperateunderstrict time limits, but alsothe needfor reasoning
mechanismaboutthesalifferentalgorithms.This metareasonings neededecauseachalgorithmcarries
differentcostsandbenefits.

Anotherrole of ametastratayy in negotiation,apartfrom acostandbenefitanalysisof eachmechanism
in a given ervironment,can be describedhroughan examplethat shows different“negotiation dances”
(Raiffa 1982)implementedy the responsie andtrade-of mechanismgfigure 4.10). Issuemanipulation
dynamicsarenotrepresentedincethe behaiour of this mechanismis to alterthe spaceof possibledeals.

Thefilled ovalsarethe valuesof the offeredcontractsfrom agentl to agent2 from agentl’s perspectie,

A) Responsive Mechanism B) Trade-Off Mechanism C) Meta Strategy
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Figure4.10: NegotiationDances.

andtheunfilled ovalsrepresenthe corverse thevalueof the offeredcontractsrom agent2 to agentl from
agent?’s perspectie. Thefilled oval at (0.5, 0.5) representshereferencepoint (section3.1.4).
Figure4.10A represent®nehypotheticalexecutiontracewhereboth agentsgeneratecontractswith
the responsie mechanism.Eachoffer haslower utility for the agentwho makesthe offer, but relatively
moreutility for the other(movementtowardstherefeencepoint). This processcontinuesuntil the second
conditionof theresponsie evaluationfunction(sectior4.4.1)of oneof theagentds satisfied V*(z!_, ) >
Ve(zt_,,))—referredto asthecross-werin utilities earlier Theresponsie mechanisntanselectifferent

outcomeshasedon the rate of concessioradoptedfor eachissue(the angleof approachto the refeence
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pointin figure 4.10A). Althoughin figure 4.10A this final outcomeis hypotheticallyrepresente@sthe
refelencepoint, it will be concretelyshavn in the next chapterthatthis is not necessarilythe caseif each
agentassignsa differentrate of concessioraccordingto the weight of the issuesinvolved—responsie

mechanismsanalsoreachbetterdealsthanrefeence

Figure 4.10 B representanotherhypotheticalexecutiontracewhereboth agentsnow generatecon-
tractswith thetrade-of mechanismNow eachoffer hasthe sameutility for theagentwho makesthe offer,
but relatively moreutility for the other(movementtowardsthe pareto-optimalline). Thetrade-of mecha-
nismsearche$or outcomeghatareof the sameutility to theagentbut which mayresultin a higherutility
for the opponent. This is schematicallyshovn in figure 4.10asa line of approachdirectedtowardsthe
pareto-optimaline. Onceagain,thisis a simplificationfor purpose®f the exposition—anoffer generated
by agentl mayindeedhave decreasingtility to agent2 (arrov moving awayfrom the pareto-optimaline)

if the similarity functionbeinguseddoesnot correctlyinducethe preferencesf the otheragent.

A metastratgy (figure 4.10 C) is thenonethat combineseither“dance” towardsan outcome. One
rationalefor theuseof ameta-stratgy mentionedaboveis reasoningboutthe costsandbenefitof different
searchmechanismsHowever, an additionalrationale,obsenablefrom the exampleshown in figure 4.10
B, is to escaperom the local minima of the social welfare function. If the social welfare function is
takento bethe pareto-optimaline, which maximizesthe sumof theindividual utilities, then, becausef
the privagy of information(animportantfeatureof mary domains,sectionl.4.3),agentscannot make an
interpersonatomparisorof individual utilities in orderto computewhethertheir offers do indeedlie on,
or are approachingthe paretooptimal line which measureshe global goodnes®f offers!! Given that
the position of offers with respectto the pareto-optimaline cannot be comparedand the fact that the
evaluationfunction of the trade-of mechanisn{section4.5.1)only terminatesvhenthe time runsout or
thereis a cross-@er of utilities, thenthe agentsentera loop of exchangingthe samecontractwith one
another Thatis they remainin alocal minima. A solutionis thereforeneededo escapehis local minima.
Figure 4.10 C shows one suchsolutionwherethe local minima is escapedy both agentsswitchingto
a responsie mechanismand concedingutility. This concessiommay; as shown in figure 4.10C, indeed
satisfythe secondconditionof thetrade-of evaluationfunctionwhereofferscross-werin utilities (thereby
terminatingthe negotiationprocess) Alternatively, agentamay resumeamplementinga trade-of algorithm
until sucha cross-weris eventuallyreachedr time limits arepassedAlternatively, the meta-stratgy may
changehe problemstate-spacby implementingtheissue-manipulatiomechanisnwhich changeshe set

of possibleoutcomeghroughaddingor removing issue(s).

1Indeed,anothemprotocolmaybeto allow oneagentto exchangepointsonits iso-cune andlet the otheragentselectthe onethat
maximizesits utility (Raiffa 1982). However, this protocolassumesgentswill not only reveal their preferenceshut will alsodo so

honestly(assumptionsvhich arenot madein this thesis).
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Theabove exampleshowns how differentcombination®f mechanismdyy eitherbothor theindividual
agents|eadsto differentfinal outcomesFor instanceametastratgy which continuouslyswitchesetween
responsie andtrade-of mechanismsreatesa contractscoretracethatis similarto anever decreasingtep
function. Corversely a metastratayy that only permitsthe responsie mechanisnto generatecontracts
resultsin a contractscoretracewhich may (dependingon the parameter®f the responsie mechanism)
decreasén a linear fashion. Note, that at the first time stepin its negotiation an agentmustchoosethe
responsie mechanism.It then hasa choice of other mechanismsn the courseof negotiation. This is
because¢hetrade-of mechanisnmusthave a previouscontractto computetheiso-contracturve.

In generaltheevaluationof which searchshouldbeimplementeds delegyatedto a meta-level reasoner
whosedecisionscan be basedon factorssuchas the opponents perceved stratayy, the on-line cost of
communicationthe off-line costof the searchalgorithm (or its pathcost), the structureof the problemor
the optimality of the searchmechanismin termsof completenesginding an agreementwhenoneexists),
the time and spacecompleity of the searchmechanismand the solution optimality of the mechanism
whenmorethanoneagreemenis feasible. A formal treatmentof a meta-stratgy is postponedor future
work. However, the contritutionsof this work with respectio the meta-stratgy arethe identificationof
the computationalole andrationaleof meta-stratgiesin the dynamicsof negotiationprocessethat often
involve uncertaintieandcomputationaboundedness-urthermoretherole andeffect of candidatemeta-

stratgyiesarealsoempiricallyanalyzedn the next chapter

4.8 Summary

A formal decisionarchitectureof the wrapperframenork andtwo protocolsof interactionsverepresented
in this chapter The decisionarchitectureis basedon threemechanismsresponsie, trade-of andissue
setmanipulation. The rationalefor their designwasprovidedin termsof computationaljnformationand
motivational statesof an agent. The responsie mechanisnis computationallysimple andrequiresonly
minimal informationaboutthe stateof the otheragent. An agentthatimplementsa responste stratey is
motivatedby pressingervironmentalneedgo terminatenegotiationandreachanagreementhathaslower
socialwelfareor joint utility. Corversely deliberatve mechanismgtrade-of andissuesetmanipulation)
may increasehe socialwelfare—hencen agentthatimplementsa deliberationmechanisnis saidto be
motivatedby concernfor socialwelfare. However, thesemechanismsre computationallymore complex
andtheir operationgequiremoreinformationabouttheir opponent.

The next chapterempirically analyseghe behaiour of a numberof concreteagentarchitectureshat
directly follow from the presentedjenericmodel. The aim of theseexperimentds to testthe behaiour of
theresponsie andtrade-of mechanism# a numberof differentervironments.Empirical analysisof the

issuesetmanipulatiormechanisnis deferredto futurework, sincealgorithmsmustfirst be designed.



Chapter 5

Empirical Evaluation

This chapteris a descriptionof the evaluationphaseof the research. The modelpresentedn the previous
chaptedefinesandformalizesarangeof negotiationbehaiiourswhich canbeimplementedy thewrapper
However, which of thesebehaiourswill be successfuin which negotiationcontexts cannotbe predicted
from the theoreticalmodel alone. This is because:a) the developedmodel only specifiesa negotiation
framework thatcanbe “tuned” to the needsof a negotiatingagentdesignerb) therearea large numberof
interrelatedvariableswithin thewrapperanda broadrangeof situationsthatneedto be consideredandc)
somepartsof themodelareheuristicin nature(for example a meta-stratgy thatengage trade-of mech-
anismalwaysuntil alocal minimumin the socialwelfarefunctionis detecteds a decisionheuristicwhose
efficagy acrosdifferenttypesof environmentannotbedeterminedhpriori; seesection3.3). Thedesigner
who usesthe wrappemeedsadditionalinformationaboutthe interactionprofiles of the component®f the
wrapperandit is the“tuning” of theseprofileswhich producegheresults.Thereforethe approactadopted
in this researcthasbeento empirically evaluaterepresentatie component®f the wrapperwith the final
aim of determininghe mostsuccessfubehaioursin varioustypesof situations.Theexperimentseported
hereare exploratory studies(Cohen1995). In suchstudies,geneial hypothesisare formedthat statethe
underlyingintuitions aboutcausalfactors. Experimentsarethenconductedoy creatinga simulation“lab-
oratory” that generateslata,the obsenation of which eithersupportsor refutesthesegeneralhypothesis.
Manipulationstudies,on the otherhand,are more specificandinvestigatethe systemvia detailedcausal
hypothesis.As Cohennotes,exploratory experimentshelp us to “find needlesn the haysta&, wheieas
manipulationexperimentgut the needlesunderthe microscope andtell uswhetherthey are needlesand
whetherthey are sharp” (Cohen1995),p.6.

5.1 The Experiment Set

Threesetsof experimentsarereportedin this chapter One setrelatesto the empirical evaluationof the

responsie mechanisnof the wrapper(sections5.3, and 5.4), otherto the trade-of mechanisn(section
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5.5) andfinal oneto the meta-stratgy mechanisni{section5.6). For the reasonutlinedin section4.8,
the issue-manipulatiomechanisnis currently excludedfrom the analysis. The responsie experiments
aredividedinto two complementangections.In thefirst section(section5.3) theinvestigationis focused
ondeterminingthe behaiour andinter-dependenciesf theresponsie model’s basicconstituenelements,
namelytacticaldecisionmaking. This analysiswill thenlay the foundationfor subsequengxperimental
work reportedin section5.4 which investigatesstrateyic decisionmaking. Throughoutthis chapterthe
formerexperimentswill bereferredto aseithernon-stategic or pure-stiategy experimentsecausédactics
areassigned binaryweightvaluefor ;; of either0 or 1, andthis valueis staticthroughouthe negotiation
thread. Alternatively, the latter experimentswill be referredto asstrategic, sincethe tactics’ weightscan
beassignedry valuein theinterval [0, 1]. Strateyic experimentsarefurthersubdiidedinto static strategy
and dynamicstrategy experimentsfor experimentswherethe weight of a tactic is staticthroughoutthe
negotiationor dynamicallymodifiedin the courseof negotiation,respectiely. Section5.5 reportson the
experimentalprocedureand outcomesof the empirical evaluationof the trade-of mechanism. Finally,

section5.6 detailsthe empiricalevaluationof the metastratey mechanism.

Beforethis, however, the next sectiondiscusseshefoundationalprinciplesof the designof the exper

iments.

5.2 Experimental DesignPrinciples

A negotiationcontect caninvolve mary issuesand partieswith differentagentaspirationlevels andtime
limits. To handlethis environmentalcompleity experimentaldesignconsiderationtogethemvith anumber
of simplifying assumptionsarenecessaryor empiricalanalysisof the negotiationmodelthatis embedded
in sucha complex ervironment. Experimentaddesignprinciplesdefineandcateyorizethe variablesof the

“laboratory”. Thesedesignprinciplesareexpandecbn in this section.

Experimentalvariablescaneitherbeindependenbr dependen(Cohen1995). Independentariables
aredefinedasthosevariablesvhosevaluesareunderthe control of the experimenterDependenvariables,
in turn, aredefinedasthosevariableswhosevaluesarenot underthe control of the experimenter Instead,
thevaluesof theseareobsenedby the experimentemsmeasurement§ hetypeof eitherof thesevariables
mustbe one of the following: i) categorical, ii) ordinal or iii) interval (Cohen1995). With cateyorical
variables,the measuremenffor dependentariables)or assignmenprocess(for independenvariables)
designates cateyorylabelto thevariable.For example the cateyoricaldependentariableoutcome canbe
assigned value Accept or Withdraw aftermakinga measuremeniOrdinalvariableson the otherhand,
canberanked, but the distancebetweenthesepointsaremeaninglessFor example,the time deadlineof
negotiationfor theexperimentst?, ..., is designedasanordinalindependenvariablewhich canbeassigned

valuedong, medium andshort term. Distancedetweerordinalscalesaremeaninglessit cannotbesaid
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that the differencebetweeniong and short is equalto medium). Finally, with interval (or ratio) scales
boththe distancedetweervariablepointsand the ratios betweendatasetsare meaningful. For example,
distancesn the amountof utility a mechanisnprocuresfor anagentcanbe comparechotonly in asingle

trial but alsoacrosdrials. A conditionfor ratio scaleparameterss thatthe zeropointis known.

Variablescanalsobetransformedy mappingfrom onescaleinto another Mappinginformationfrom
onescaleinto anotherenables) analysisof thetypesof environmentsandii) statisticaloperationghatwere
previously inaccessiblg¢seedescriptionbelov for examples).Transformatiorof scaleis usefulbecauset
canbeusedasadataabstractiortool sinceit allowsanalysisof groups or types of ervironmentgatherthan
individual, concreteervironments.For example,transformatiorof negotiationdeadlinesfrom aninterval
scaleinto aranked ordinal scaleis anabstractiortool thatignoresthe actualdifferenceswithin andacross
thegroupsof variabledong, medium andshort termdeadlinesandinsteademphasizethedifferencesn
rankings. Membersthat have a long term negotiationdeadlinehave valuesfor t,,,, thatarehigherthan

short termmembersNothingis saidabouttheir magnitudes.

5.3 Non-StrategicExperiments

The aim of this setof experimentsis to investigatethe behaiour of individual tactics(non-stratgic) for
decisionmakingin a numberof ervironments. A knowledgeof how individually different pure tactics
behae in differenternvironmentscanthenbe capturedas decisionguidelinesfor the responsie stratejic

decisionmakingcomponentbf thewrapper

Theexperimentsnvolve selectinga particulartactic,generatinga rangeof randomervironmentsthen
allowing the agentto negotiateusingthe chosentactic againstan opponentvho employs a rangeof other
tactics. Variousexperimentalmeasureselatedto the negotiationsarethenrecorded.In particular section
5.3.1definesthe experimentalervironmentsandthetactics,section5.3.3describeghe experimentaimea-
suressections.3.2defineghe experimentaproceduresections.3.4describesheexperimentahypotheses

anddiscussesheresults,andfinally section5.3.4.4summarizesheresultsandconclusiongeached.

5.3.1 Experimental IndependentVariables

The experimentalindependenvariablesare discussedn this section. In pure-stratgy experimentsjnde-
pendentariablesaredefinedin termsof i) ervironmentsof negotiation(section5.3.1.1)andii) thetactics
availablefor decisionmaking(section5.3.1.2). The completesetof independentariabless shavn in fig-
ure5.1. Theassignmenof valuesto independenvariablesis underthe control of the experimentemwho
is constrainedby limiting the complexity of analysis. The variablescaledenoteghe type of the variable
(either categorical or interval), variablerangedenotesthe setof possiblevaluesavailable which canbe

assignedo thevariableandvariabletransformatiordenoteghe mappingfrom onescaleto another



Chapter5. Empirical Evaluation 164

Variable Name Variable Scale Variable Ranges Variable Transformation

Agent catgyorical {2, 0} cateyorical={ playeropponen}
{J} categorical {1, 0} cateorical={ price}
w;’ cateyorical [0, 1] cateyorical=1
r® interval [0, 1] ordinal={ high,low}

[min;.l, maa:;-z] interval [[0, oo], [0, oo]] ordinal={ full-overlap,no-gerlap}
te aw interval [1, oo] ordinal={large,lov}
Tactics cateyorical {time, resource, behaviour} ordinal={ boulware,lineaconcedeimpatient,steadpatient,relatietitfortat,randomtitforat,averagetitforta}

Figure5.1: PureStratgly ExperimentalndependenYariables

5.3.1.1 Ervironments

Environments,in theseexperiments,are characterizedy the numberof agentsthey contain,the issues
which arebeingdiscussedthe deadlinesy whenagreementsustbe reachedandthe expectationf the
agentsSincethereareinfinitely mary potentialervironmentginfinite numberof agentsandissues)select-
ing a representatie andfinite subsetf ervironmentsis necessaryo find a meansof assessingnagents
negotiationperformance.To this end, experimentsare conductedbetweenonly two agentscategorically
labelledasclient andserver, negotiatingover only a singleissue price. Thelastsimplificationis relaxed
in the next setof experimentsvhereagentaegotiateover anumberof issues Sincethereis only oneissue,
its weight(w$) canonly beassignedhevalueof 1. Thepositionof theinitial offer ontheresenationvalues
(k?, section4.4.2.1)is transformedrom aninterval independentariableto an ordinal scaleof high and
low initial offers(seesection5.3.4.3for detailsof thetransformation).

The negotiationinterval, [min$, maz{], is alsoaninterval valuedindependenvariablewhosescale
is infinite. To overcomethis problem,an agents resenation valuesare transformedo an ordinal scale
whoseactualscaleis computedasfollows. The differencebetweenthe agents minimum and maximum
values,for price, is computedusingtwo variables:§* (the lengthof the reserationinterval for anagent
a) and® (the degreeof intersectiorbetweenthe resenationintervals of the two agents;rangingbetween
0 for full overlapand0.99 for virtually no overlap). In this casefor eachervironment,the independent
variableminy,.;.. is assignedzalue10 (ming,.;.. = 10), @ is setto 0 (® = 0), §* is randomlyselected
betweenthe rangesof {10,30} for both agents,andthe negotiation intervals are computedas maz® =
min® + 6°;min® = 6°® + min®; max® = min® + 6°. Note, thesevaluesfor computingthe interval
lengthsof the interval value are chosenarbitrarily becausehe scoringfunction of the offers modelsthe
ordinalandnotthe cardinalrelationshipsbetweertheresenationvaluest

The independenvariablet? ., which assignghe negotiationdeadlineof the experimentsfor each

mazx’

agent,s transformedrom theinterval to anordinal scaleof short andlong termdeadlinesThis transfor

INote the sener's minimumreseration valueis never lower thanthe client's minimum. This is becauselegeneratenegotiations
in which offersareimmediatelyacceptedrenotinteresting.This methodof generatingeseration valuesalsomeans dealis always

possiblesincethereis alwayssomedegreeof overlap.
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Tactic Family TacticName Abbreviation Tactic Ranges Description
Time-dependent Boulware B BeE {0.01,0.2}
Time-dependent Linear L B =1.0 Increasedateof approacfio
- reserationasf3 increases
Time-dependent Conceder C B € {20.0,40.0} ! B
Resource-dependent Impatient M p=1n=1
D ingateof e
Resource-dependent Steady ST r € {1,5},n=1 ecreasingateot approactto
y reserationasp increases
Resource-dependent Patient PA p € {5,10},n=1 ! Bl
Behaviour-dependent Relativetit for tat RE §=1 Percentagénmitation of lasttwo offers
Behaviour-dependent Randontit for tat RA §=1me {1,3} Fluctuatingabsoluté@mitation of lasttwo offers
Behaviour-dependent | Averagetit for tat AV =2 Averageimitation of lastfour offers

Figure5.2: ExperimentallacticKey

mationfacilitatesthe analysisof outcomesn groupsof deadlinesjgnoring the differenceswithin a group
andemphasizinghe differencesacrossthe groups. The grouplong termdeadliness definedassamples
within the valuesof 30 — 60 ticks of a discreteclock. Short termdeadlinesaredefinedassampleswithin

values2 — 10 ticks of adiscreteclock.

Given this situation, the experimentalervironmentis uniquely definedby the following variables:

max?

c s C 4.8 i C c ]
[tmaz7 tmaz7 K™, K7, mznpm’cw maxpricw mlnprz’cm pm'ce]'

5.3.1.2 Tactics

The secondsimplificationinvolves selectinga finite rangeof tactics,sincethe modelallows for an infi-
nite set(e.gtherangeof § is infinite which meansthereareinfinitely mary time dependentactics). For
analyticaltractability, the tacticsare divided into nine groups(seefigure 5.2); threeeachfrom the time,
resourceandbehaiour dependentamilies. An equalnumberfor eachfamily is chosento ensurethe re-
sultsarenot skewed by having moreencountersvith a particulartype of tactic. Thethreemembersof the
time-dependenftamily are chosento correspondo behaioursthatconceden time in a boulware, linear
andconcedefashion. Thesecategoriesof behaiours arechosensincethey represenextremebehaiours
(boulware andconceder) aswell asanin-betweencontrol rate (linear) which concededinearly. These
catgyoriesof time-dependertacticscorrespondo thetransformatiorof interval valuesfor 3 into the ordi-
nal scale0.01 — 0.2 for the boulware category, 1.0 for thelinear category and20 — 40 for the conceder
catggory. The threemembersof the resource-dependefamily are also chosenthat correspondo a de-
creasingateof concessiommstherateof resourcesisedincreasesThesecateyoriesof resource-dependent
tacticscorrespondo the transformatiorof interval valuesfor y into the ordinal scalel for the impatient
catgory, {1, 5} for the steady catgoryand{5, 10} for thepatient category. Finally, thethreemembersf
the behaiour-dependentamily arealsochoserto correspondo the differenttypesof imitation according

to thegivensub-family parameters.
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5.3.2 Experimental Procedure

Theexperimentaprocedureconsistof samplingeachtacticgroupfor everyervironmentsincethe subject
of interestis the behaviour of tacticfamiliesratherthansingle,concretetactics. For eachervironmentey,
k indexesthe ervironmentstwo matricesaredefinedto representhe outcomesf theclient, gamet*, and
the sener, games*, whenplaying particulartactics. The client’s tacticsareindexedby the rows i andthe
sener’sby thecolumnsj, sogamet* i, j] is theoutcomeof theclientwhenplayingtactici agains&asener
playingtactic j. Eachtacticplaysagainstall othertacticsin eachervironment,hencel <i,j <9.

To producestatisticallymeaningfulresults,the experimentalmeasureslescribedelov areaveraged
overanumberof ervironmentsandsummedagainstll othertacticsfor eachagent. Thereforethis analysis
is basedon the performanceof a tactic family acrossall othertactic families. The precisesetof erviron-
mentsis sampledirom the parameterspecifiedin section5.3.1andthe numberof ervironmentsusedis
200. Thisensureghatthe probability of the sampledneandeviating by morethan0.01 from thetruemean

is lessthan0.05. Theexperimentsverewrittenin Sicstus3.7.Prologandranon SunOg.5Unix machines.

5.3.3 Experimental DependentVariables

To evaluatethe effectivenesof the tactics,the following measuresre consideredvhich calibrate:i) the
intrinsic benefitof thetacticfamily to anagent(section5.3.3.1);ii) the costadjustedenefitwhich moder
atesthe intrinsic benefitwith somemeasureof the costinvolvedin achieving that benefit(section5.3.3.2)

andiii) theperformancef theintrinsic utility relative to acontrolcondition(section5.3.3.3).

5.3.3.1 Intrinsic AgentUtility

Theintrinsic benefitis modeledastheagents utility for thenegotiationsfinal outcomejn a givenerviron-
ment,independentlyof the time taken andthe resourcegonsumedRussell& Wefald 1991). This utility,

Ugk, is calculatedor eachagentfor a pricez usingalinearscoringfunction?
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If nodealis madein a particularnegotiation,thenthe value zero (the conflict point, seesection3.1.4)is
assignedo bothU¢* andUg*. However, by definingthe utilities in this mannemo distinctioncanbe made
betweendealsmadeat resenationsand no deals. Thereforein certainexperimentsthe intrinsic utility is
only computedor casesn which dealsaremade.

The outcomeof the nggotiations,aspresentedn the previous subsectionis representeth the matrix
gamet*. Hencetheutility for aclientc whennegotiatingusingatactici agains@sener s usingtacticj in

environmentey, is US* (gamet*[i, §]).

2Thesimplicity of this utility functionis acknavledged but theintentionhereis to investigatethe propertiesof the modelandnot

theutility functionsperse. Therole of theutility functionis evaluatedin section5.5
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5.3.3.2 CostAdjustedBenefit

In additionto knowing the intrinsic utility of a tacticto anagent,the relationshipbetweenan outcomes
utility andthe costsinvolvedin achieving it is alsousefulinformationin makingstrateic or meta-stratgic
decisionsaboutthe costsof a givenmechanisn{seeargumentin section4.7). Thetype of costconsidered
in theseexperimentsis on-line, asopposedo off-line cost, becausahe former are more machineor re-
sourcandependenthanthelatter For example,calculatingthe off-line computationatostof amechanism
may requirecalibrationof performancewith respecto memoryusage speedandtime which is machine
architecturedependentOn-linecosts,ontheotherhand,arenotdependenbn thearchitectureof theagent,
but rathertheloadthe agents reasoningprocesglaceson the communicationnfrastructure.

The costadjustedbenefit(B) of tacticpairsi andj in ervironmentey, is definedasfollows:
B:*li,j] = Ug*[i, ] — C¢*[i, )

To definethe on-line costfunction, C, thenotionof a systenis introduced A systemjn theseexperiments,
is a setof resourceshatcanbe usedby the agentsduring their negotiations. The usageof theseresources
is subjectto atax 7 which is levied on eachmessageommunicatedetweenthe agents. Therefore the

greaterthecommunicatiorbetweerthe agentsthe greaterthe costto theagents So:
Cerli, j] = C3*[i, j] = tanh(|Xe, o5, * T)

where|X,, ;| is thelengthof the threadat the end of negotiationbetweena client usingtactici anda
senerusingtacticj, tanh is anincreasingunctionthatmapstherealnumbersnto [0, 1] and7 determines
the rate of changeof tanh(). 7 is sampledbetweenthe rangesof [0.001,0.1]. In short,the greaterthe
taxationsystem the more costly the communicatiorandthe quicker the rate at which the costrisesto an
agentfor eachmessage.

Thesystenutility, ontheotherhand,is coarselydefinedasthetotalnumberof messagem negotiation

which indirectly measurethe communicatioroadthetacticsincur atthe agentevel.

5.3.3.3 ExperimentalControls

The control conditionsfor theseexperimentsare basedon the argumentsfrom cooperatie gametheory
presentedn section3.1.4. The outcomeattainedby a pair of tacticfamiliesis comparedwith the regular
Nashsolution (equation3.1 andfigure 3.2 A, section3.1.4),implementedoy a protocolin which agents
declaretheir true resenation prices(an incentive compatibleanddirect protocol,section3.1.8)at the first
stepof negotiationandthensharethe overlapin the declaredresenation values. This choiceis both fair
(i.e. is Nash)andparetooptimal(in thatthe outcomes beneficiato bothagentsandary deviationresultsin
anincreasen utility for oneatthe costof a decreasén utility to the other). For example,considera client

8
ma'rprz'ce]

agentc andaseneragents having priceresenationvaluesmin¢ max?t,.;..] and[min?

price’ price price’
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respectiely andmazS,..., > min’

price price*

The controloutcomeQ for a givenervironmentey, is thendefined
as:

S S
+ MMy ice
2

Applying the definitionsof utility presenteearlier the utility of the controlgame, Ug* (O¢*), for agenta

c
O+ = mamprice

canthenbecomputed Giventhis, the comparatie performancef agentausingtheresponsie mechanism
of thewrappemwith respecto theoneshotprotocol,is definedasthedifferencebetweertheintrinsic agent

utility andthe utility theagentwould have receivedin the controlprotocol:
Gaingt[i, j] = Ug* (gamegt[i, j]) — U (OF)

5.3.4 Hypothesesand Results

The experimentsconsiderechererelateto two main component®f the negotiationmodel: i) the amount
of time availableto make anagreementt?, ... andii) therelative valueof theinitial offer, k*. Thesetwo

factorsarechoserbecauséhe parametersvhich influencethe behaviour of thetactics(with the exception
of resource-dependetdcticsfor N numberof agentslaredependentn the availabletime limits andthe
initial offers,ratherthanthenumberof agentsthenumberof issuestheirweightsor theirresenationvalues
(notethatthesevariablesareconstanin theseexperiments).

To testtheeffectsof varyingdeadlineon agreementgheexperimentsareclassifiednto ervironments
wherethetime to reachanagreemenis large (section5.3.4.1)andthosewhereit is small(section5.3.4.2).
Likewise for initial offers; thereare ervironmentsin which the initial offer is nearthe minimum of the
agentsresenationvaluesandthosewhereit is nearthe maximum(section5.3.4.3).Theresenationvalues
arecomputedasdescribedn section5.3.1with ¢ = 6° = 30 and® = 0 (referto figure 5.2 for thekey to
the experimentakactics). Eachabbreviationis further postfixed by the agentsrole (e.gBC andBS denote

aclientandasener playingtactic B respectiely).

5.3.4.1 Long TermDeadlines

Thehypotheseaboutthe effect of longtermdeadlinesare:

Hypothesis 1: In ervironmentswheie there is plenty of time for negotiation, tactics which
slowly approach their reservationvalueswill gain higherintrinsic utilities than thosewhich

havea quidker rate of approach. However, they will male fewer deals.

Hypothesis2: Theutility to the systemwill be high whentactics havelong deadlinessince
large numbes of offers will be exchanged. Consequentlythere will be a large differencebe-

tweena deal’sintrinsic and costadjustedutilities.

Concretevaluesneedto be provided for the experimentalvariablesto evaluatethesehypotheses.n this

case,an environmentwith long term deadlinesis definedasonein which the valuesof ¢, andt®

mazx max
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Figure5.3: Averagentrinsic Utilities andDealsMadefor Pure-Stratgy Experimentsn Long TermDead-
lines: A) Averagelntrinsic Utility For Both DealsAnd No Deals,B)Averagelntrinsic Utility For Deals
Only, C) Percentagef DealsMade,D) Averagelntrinsic Utility For Both DealsandNo Dealsfor Increas-

ing Valuesof 3.

are sampledwithin thirty and sixty ticks of a discreteclock. Notethatt¢, . > t5 .. andté

max mar mazr

< e
are permitted. Sincehigh valuesof k* over-constrainthe true behaiour of tactics,the valueof « is set
to 0.1 for bothagents.In eachervironment,the orderof who beginsthe negotiationprocesss randomly
selected. Consideringhypothesidl first. It waspredictedthatatacticwhich approachesesenationsatthe
slowestrate(i.e a Boulware)shouldattainthe bestdeals.However, from figure 5.3.Atheobsenationis that
the mostsuccessfutacticsareLinear, Patientand Steady Thesetacticsare characterizedy the factthat
they concedeat a steadyrate throughoutthe negotiationprocess.The next mostsuccessfugrouparethe

behaiour dependentactics. Note, theseimitative tacticsnever do betterthanothertactics;the bestthey

S3Theinitiator of abid is randomlychoserbecauseén earlierexperimentsit wasfound thatthe agentwhich opensthe negotiation
fairsbetter irrespectie of whethertheagentis aclientor asener. Thisis becaus¢heagentwho beginsthenegotiationroundreaches
O‘che

(dis)adantagef the openingbid.

= 1 befoe the otheragent,hencederving more intrinsic utility. Seesection2.2.5for further agumentsconcerningthe
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do is gainequalutility to the besttactic (Axelrod 1984). The worst performingtacticsare Concedetand

Impatient,bothof which rapidly approacttheirresenationvalues.

The obsenationthat Boulwaretacticsmake significantlyfewer dealsthanall the othertacticfamilies
(figure 5.3.C) helps explain Boulware's unexpectedlypoor performance. Taking this into account,the
averageintrinsic utility for only thosecasedn which dealsare made(figure 5.3.B) was examined. This

shavs thatwhenBoulwaresdo make deals they doindeedreceive a highindividual utility (aspredicted).

It is hypothesizedhat the reasonwhy Boulware tactics perform poorly is causedby the imitating
responsesf the behaiiour dependentactics,therebyeffectively increasinghe numbersof Boulwaresin
the population.To testthis, thefinal averageintrinsic utility for dealsonly of Boulwaretacticsis compared
across:i) all othertacticsandii) all othertacticsapart from behaiour dependentactics. It is found that

thesucces®f Boulwaretacticsincreasedy 10%in thelattercase.

Fromtheseobsenations,it canbe concludedhatthe initial hypothesisdioesnot hold becausef the
compositionof the tactic population. It is predictedthatin an ervironmentin which thereis plenty of
time to reacha deal,Boulwareshouldrank higherthantacticsthatapproachedesenation valuesquickly.
However, for Boulwaresto prospelin the experimentakervironment,they shouldadoptavaluefor 3 which

is betweerD.7and1.0(figure5.3.D).

Moving onto the secondhypothesis. Figure 5.4.A confirmsthe resultsfor the first part of this hy-
pothesisithe tactic thatusesthe mostsystemresourcds Boulwareandtheleastis Conceder In addition,
althoughBoulwaretacticshave higherintrinsic agentutilities thanconciliatorytactics(ConcedeandIm-
patient) whenthethe costof communications takeninto consideratiorthe corverseis true (figuresb.4.B).
Thisaccordswith theintuitionsin the secondartof hypothesi®. The costadjustedutilities of theremain-
ing tacticsareapproximatelysimilar. Thereasorfor thisis thatcostadjustedbenefit,whichis the product
of theintrinsic utility andafunctionof thenumberof exchangednessagess sensitve to largefluctuations

in the productandassignssimilar utilities to non-extremevalues.

Finally, it canbe obsenedthatthe comparisorof the tacticswith respecto the controlsfollows the
samebroad patternas the intrinsic agentutility (figure 5.4.C). Steadily concedingtype tactics (Linear,
Steadyand Patient)on averageperformbetterthanthe controls,the conciliatorytypes(Concedemndim-
patient)performworse. This is to be expected sincethe closerthetactic’s selecteddealto the dealwhich
is the mid-pointof theresenationintersection(intrinsic utility of 0.5—becausef the completeoverlapof
theresenationvalues) the closerto zerothe differentialbetweertheintrinsic utility andthe control utility
becomesAs canbe seerfrom figure5.3.A, the only tacticswhich approaclor exceedan averageintrinsic

utility of 0.5arethosewhich concedeat a steadyrate.
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Figure5.4: AverageNon-Intrinsic Utilities and Control Utilities for Pure-Stratgy Experimentsin Long

TermDeadlinesA) AverageSystemUtility, B)AverageCostAdjustedUtility, C) Comparisons$o Control.

5.3.4.2 ShortTermDeadlines

Changingthe ervironmentalsettingcanradically alter the successfulnessf a particularfamily of tactics.
Therefore anexperimentis carriedout to investigatehe behaiour of tacticsin casesvheredeadlinesare

short.For this casethe hypothesesare:

Hypothesis3: Whenthere is a shorttime frameto negotiate tacticswhich quickly approac

their reservationvalueswill make more deals.

Hypothesis4: Sincedeadlinesare short, the numberof messgesexchangedto read a deal

will besmall. Consequentlyhe systemnutility will below.

In thiscontext, shorttermdeadlinesireobtainedoy samplingvaluesfor t¢, . andt?, ... betweertwo andten
ticks of a discreteclock. Theremaindeiof the experimentaketupis asbefore.Figure5.5 shavstheresults
obtainedfor theseexperimentsThefirst obsenationis thatfor mosttactics,the overallintrinsic utility, the

systemutility andthe numberof dealsmade(figures5.5 A, C andB respectiely) aresignificantlylower
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thanthe respectie measuregor the long deadlineexperiments.A lower systemultility is expectedsince
fewermessagesanbeexchangedn theallocatedime. NotethatsinceConcedeandimpatientarequick to
reachagreementgheir utilization of systenresourcess independentf thetime constraintsAlso, because
fewermessageareexchangedtheagentgaylesstaxand,consequentlyjkeepagreatempercentagef their
derivedintrinsic utility (figure5.5.D). Thesefindingsareall in line with the predictionsin hypothesidour.
However, theothermeasuresequirefurtheranalysis.

With longtermdeadlinesiosttactics,apartfrom Boulware, make dealsapproximately90% to 95% of
thetime, whereaswith shorttermdeadlineonly Concedemakesarything lik e thisnumber Thisreduction
is eitherbecausehetacticsareinsensitve to changesn their ervironment(e.gresourcalependentactics)
or becauséhey have aslow rateof approactio resenationvalues(e.gBoulware). Time insensitvity means

the othertacticsfail to make mary dealswheninteractingwith thesetactics. Becausehe length of the
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threadis independentf the deadline the resourcaedependentacticscannotdistinguishbetweernshortand
long term deadlines.This claim is supportedby the obsenation that Impatientgainsequialentintrinsic

utility independentlyf deadlinegfigure5.5A). Furthermoreresourcedependentacticsaredifferentiated
with respecto p, the amountof time an agentconsiderseasonabldor negotiation. If anagentdoesnot

reasoraboutdeadlineganderroneoushassumeavaluefor p whichis closeto or abovet,, .., thenit will be

unsuccessfuh ervironmentswheredeadlinesareimportant. The relatively low intrinsic utility of Patient
andSteady(ranked 9th and 7th respectiely—figure5.5A) supportghis claim. Whenthe deadlineis long,

resourcedependentacticswith ¢ > 1 gainlargeintrinsic utility becausehey approachresenationvalues
in a steadyway. However, the samebehaiour in shortterm deadliness lesssuccessful. The imitative

tacticsalsoexhibit areductionin averageintrinsic utility. Thisis to be expectedsincethesetacticsimitate

therelatively largerrateof concessiomf othertactics(especialljtime dependentactics)whenthedeadline
is shorter

Hypothesisthreeis supportedoy the relative reductionsin intrinsic utility for Boulware, Steadyand
Patient and by the comparatie increasefor Concederand Impatient. Whereasin long term deadlines,
Boulware, Steadyand Patientranked higherthanthe conciliatorytactics,the reverseis true for shortterm
casesWith shorttermdeadlinestacticsthatquickly approacttheir reserationvaluesgain higherintrinsic
utility thanthosewhich areslower.

Again, it is obsenred that the dominanttactic is one which concedesat a steadyrate (i.e Linear),
suggestinghatthe besttactic,independentf time deadlinesis onethatapproachesesenationvaluesin a
consistenfashion.Thebehaiour dependentacticsalsogainrelatively high utilities in bothcasesranking
third and fourth for shortand long term deadlinesrespectiely. Thus, whereasmosttacticshave large
fluctuationsin rankingsacrosservironments the behaiour dependentamily maintainsa stableposition,
indicatingits generalrobustnessaindusefulnessn a wide rangeof contects. This is becauseahesetactics

stick firm to avoid exploitationandreciprocateconcession.

5.3.4.3 Initial Offers

In theformal model,anagentsresenationvaluesareprivate. Thismeanso otheragenthasany knowledge
of wherein the rangeof acceptablealuesan opponenteginsits bidding processnor whereit is likely
to end. Given this constraint,an agentmustdecidewherein its resenation rangesit shouldbegin its
negotiationoffers. Thatis, whatshouldbe the valueof 2 in the faceof this uncertainty?To helpanswer

this questionthe following hypothesiss formed:*

Hypothesis5: Whenthe deadlinefor agreementss notshort,makinginitial offerswhich have

valuesnear the maximumof U2 . leadsto dealswhich havehigherintrinsic agent utilities

price

4Note: U*

H C
orice increasesaindU!

price decreasewith |ncrea5|ng:)r|ce0ffers.



Chapter5. Empirical Evaluation 174

A B
1.0 1.0
08 |- - 0.8 H -
z 2z
So6- [ - 2 06H 7
2 2
= £
® °
g 04 €04 - -
8 3
2 2
0.2 H 0.2 H -
H oo LTI CCT Y T
8833882888228 828¢8¢¢ 8833883288288 8248¢¢%
Tactics Tactics
c D
50 50

N
o
I
|

40 - m

w
S
[
|
w
<]
I

|

N
o
I
|

Average System Utility
Average System Utility

N
)
I
|

o 5
[
cc{ ]
cs{ |
mel ]
ms{ ]
Y
1
= s
e/
N

0 i A L N
Tactics Tactics

Figure5.6: Averagelntrinsic And SystemUtilities For Pure-Stratgy ExperimentsWith Low And High
Initial Offers: A) Averagelntrinsic Utility For k* € {0.01,0.2}, B) Averagelntrinsic Utility for x°* €
{0.8,0.99}, C) AverageSystemUtility For x* € {0.01,0.2} andD) AverageSystemUtility For k* €
{0.8,0.99}. k¢ = 0.1 For All Cases.

thaninitial offers near the minimumof U7.;... In otherwords, a serverthat starts bidding
closeto maz;,,.. is more likely to endup with dealsthat havea higher utility thana server
whostartsbiddingcloseto min? Thecorverseis true for theclient.

price*

To testthis hypothesisbothagentsareallowedto have reasonablyong deadlinest¢, . = t:

mazr mazx

= 60, and
k¢ is madea constaniat 0.1 (i.e the clientis cautiousin its first offer). Therefore the singleindependent
variableis k*, which is sampledbetweenthe values[0.01, 0.2] for high initial price offersand[0.8,0.99]
for low initial offers. All otherervironmentalvariablesarechosenasin previous experiments.Figure5.6
confirmsthe predictionthata sener which begins bidding at valuesnearthe maximumof U;,.,.. (figure

5.6.A) hasahigheraverageintrinsic utility thana senerthatbeginsbiddingatvaluesnearthe minimumof
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Uprice (figure5.6.B). Moreover, if x* is closeto ¢ (the client startshidding at low valuesandthe sener
begins with high offers), then both agentsgain equivalentutility in mostcasesand take mary roundsof
negotiationsbeforeadealis found (figure5.6.C).Thisis becaus¢hetacticsbegin their negotiationat some
distancefrom the pointin the negotiationspacewherebids have valueswhich have a mutually acceptable
level.

Corversely if k% is not closeto ¢ (boththe client and sener startbidding at low values),thenthe
client benefitssubstantiallymore thanthe sener. This is becausehe initial offers of the serner arenow
immediatelywithin the acceptancdevel of the client (confirmedby the numberof messagesxchanged
beforeadealis reachedfigure5.6.D)). Thus,theclient gainsrelatively moreutility thana sener, sincethe
initial offersof bothagentsarelow anddealsaremadeatlow values® Theinfluenceof x onthe behaiour
of tacticscanbe further explainedfrom the obsenationsshawn in figure5.7. k* is usedby all tacticsfor
generatingheinitial offer but, for expositionpurposespnly theresultswith respecto the Boulwaretactic
family arediscussedsincethis offersthegreatestlifferencen behaiour). Whenk? is low, Boulwareshave
alower percentag®f dealsrelative to othertactics(figure5.7.A). Corversely whenk?* is high, Boulware
almostequalsall othertacticsin the percentagef dealsthey make (figure 5.7.B). This is becauset low
valuesof #, the shapeof theacceptancéevel for Boulwareis almosta stepfunction,whereasvhenx? is
highit is a straightline nearto or atmin®. Thusa sener playinga Boulwaretactic makesa smallnumber

of high utility dealswhenthe acceptancéevelstendtowardsbeinga stepfunction (comparefigures5.7.A

SWhenks# is distinctly differentfrom x¢ thereis little differentiationamongintrinsic utilities. This is why k¢ = 0.1 for both

agentsn sectionss.3.4.1and5.3.4.2.
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and5.6.A), but makeslarger numberof lower utility dealswhenthe acceptancéevel is almosta straight
line (figures5.7.Band5.6.B). Therefore asthe valueof « increasesthelikelihoodof a dealincreasesbut

theutility of thedealdecreases.

5.3.4.4 Summaryof Non-Stratgic Experiments

It hasbeenformally shovn elsavherethatagentsareguaranteedo convergeon a solutionin a numberof
very constrainedituations(e.g. whentwo agentamplementa time-dependentactic, thenthe negotiation
over anissueis guaranteedo corvergeif thereis anoverlapin thejoint resenationvaluesof thatissues)
usingthe tacticalcomponenbf the wrappers responsie mechanisni(Sierra,Faratin, & Jenningsl997).
Theaim of the sectionsabove wasto extendtheseresultsempirically andto evaluatethe non-stratgic part
of the responsie mechanisnof the wrapperin a wider rangeof circumstancesTo this end,a numberof
basichypothesesveredefinedaboutnegotiationusingthetacticalcomponenbf thewrapper In particular
with respecto tacticsthe following werediscovered: (i) irrespectve of shortor long termdeadlinesit is
bestto bealineartypetactic,otherwiseanimitative tactic; (i) tacticsmustberesponsieto changesn their
ervironment;and(iii) thereis atradeof betweerthe numberof dealsmadeandthe utility gainedwhichis
regulatedby theinitial offers.

Theaforementionedesultsconfirmed(andrebutted!) anumberof basicpredictionsaboutnegotiation

usingthetacticalcomponenbf thewrapper Next, theanalysiss extendedo strateic interactions.

5.4 Strategic Experiments

The aim of the previous experimentswvasto investigatethe effectsof non-stratgic decisionmaking. The
aims of the experimentsin this subsectionare to empirically explore the causalrelationshipsbetween
strategic decisionmaking on the dynamicsand outcomesof negotiation. The overall aim is to empiri-
cally evaluatethe postulatethat consideratiorof a numberof ervironmentalfactorsand changesf these
considerationgor dynamicstrateies),leadto betternegotiation outcomeghan consideringa numberof
ernvironmentaloutcomesbut not changingthis initial consideratior(static stratejies). In additionto this,
it is postulatecthat static strateyies, in turn, leadsto betternegotiation outcomesthan consideringonly
oneervironmentalfactor (pure strateies). As will be shavn below, betteroutcomesare definedasones
that maximize the joint utility of outcomes(a global measure). Therefore,from a global perspecitie,
dynamic strategies > static strategies = pure strategies, where- is shouldbe readasthe “bet-
ter” operato® Furthermorethe objective of the experimentis to show thatchangingof stratgiesper seis
more beneficialthannon-adjustmentTherefore the objective is not to analyzethe behaviour of different

typesof f() givenin equatiord.2,but rathertherelative performancef a singlestratgic decisionmaking

6Note,strictly speakingnly thedynamicstratgiesarestratgiesasdefinedn sectiord.4.3. However, for terminologicakimplicity

throughouthis chapterstaticconsideratiorof oneor anumberof environmentalfactorswill bereferredto asstratgjies.
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Strategyic Experiments

Variable Name

Variable Scale

Variable Ranges

Variable Transformation

Agent catgyorical {2, 0} catgyorical={ playeropponen}
{J} cateyorical {1, 00} catgyorical={ price,qualitytime, penalty}
w;?‘ interval [0, 1] cateorical={[0.1,0.5,0.25,0.15],[0.5,0.1,0.05,0.3p]
[m'in]a- s mam?‘] interval [[0, =], [0, oo]] ordinal={ perfect,partia}
te aw interval [1, co] ordinal={ large,lov }
Tactics cateorical {time, resource, behaviour} catgyorical={ boulware,lineaconcedetitfortat}
sim;‘u], interval [0, 1] cateyorical={ perfect,partial imperfect,uncertain,market
h}? cataorical {1, 00}
€5 interval [0, 0.5] value=0.1
~ interval [0, 1] cateorical={ tough lineaxconcedetitfortat}

Figure5.8: Stratgy ExperimentalndependenYariables

comparedo anon-stratgic decisionmaking.

The methodologyof the experimentsis similar to previous experiments—ealuationof a numberof
hypothesesn varioustypesof ernvironmentsas opposedio concretecases. To this end, sections5.4.1
introducethedataabstractioomethodologyandstatisticamethodsiecessarfor definitionof environments.
Section5.4.2thendefinegheexperimentaimeasuressections.4.3detailstheexperimentaproceduresnd,

finally, section5.4.4presentshe hypotheseandthediscussiorof results.

5.4.1 Experimental IndependentVariables

This sectionintroducesthe set of experimentalindependenvariablesfor the stratgjic experimentsthat
are underthe control of the experimenter Like the non-stratgic experiments,the set of experimental
independentariablescollectively definethe ernvironmentof negotiation (section5.4.1.1)andthe tactics
availablefor decisionmaking(section5.4.1.2). However, in the experimentseportedin this sectionthere
is anadditionalsetof variablesthe stratgy variablegsection5.4.1.3) which definetheavailablestrateies
in negotiation. Theseexperimentalindependenvariablesare introducedin figure 5.8. As before, the
assignmenof valuesto thesevariabless underthe control of the experimentemwhosemain objectveis to
choosevaluesfor thesevariableghatlowerthe compleity of theanalysis.Note,in generakhroughouthe
experimentgheactualconcretevaluesof theindependentariablesmeanvery little in themseles. It is the
relativerelationshipof anindependentariables valuewith respecto othersthatis important. Therefore,
throughoutthe following expositionthe actualvaluesof independenvariablesare no longerjustified and

their valuesshouldbeinterpretedn comparisorto otherdependentariablevalues.

5.4.1.1 Ervironments

In theseaxperimentslik e the previous pure-stratgy experimentsanervironmentis definedoby thenumber
of agentsthenumberof issuesnvolvedin negotiation,thedeadlinego reacha settlementindtheaspiration
levels of agents.In theseexperimentsnegotiationsare conductedbetweenonly two agentscategorically
labelledasplayer andopponent. However, in the pure-stratgy experimentsagentsegotiateover multiple

quantitatve issues{price, quality, time, penalty}. The setof negotiationissuess expandedrom oneto
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four soastofacilitateacomparatieanalysisvith theresultsof thetrade-of mechanisnexperimentgwhich
requiresaminimumof two issuessections.5). Thisanalysids alsorestrictedo quantitatveissuesbecause
thebehaiour of boththeresponsie andtrade-of mechanismarelesssmoothwith qualitatveissues.This,
in turn, masksthe underlyingbehaiour of the model. For example, concessiorover qualitative issues
producesscoringfunctionoutputsthatare*bumpy”, containingdiscretepoints(sincequalitative issuesare
naturallydiscretevaluedobjects).Lik ewise,thetrade-of of aqualitative issuewith a quantitatve oneoften
producesa transferof scorefrom oneissueto anothemwhich may requirethe introductionof anauxiliary
issueinto thetrade-of consideratiorito accommodatéhe correctscorethatneedgo betransferedn trade-
off. For example,considera client of a servicenegotiatingover a quantitatve issueprice anda qualitatve
issuecolour. Let the resenation valuesof the issueprice be[10,20], with scorevaluerangesbetween
[0,1] , dictatedby a continuouslydecreasingscoringfunction for increasingvaluesover price. Let the
resenation valuesof colour be [red, blue, green] with an associatedcoreof [0.8,0.4,0.1] respectiely.
Let the previous offer of the agentaboutto malke a trade-of offer be [20, green]. Furtherassumehatthe
iso-valueis setat§ = 0.3 (section4.5.2.2),meaningthata scoreof 0.3 mustbe re-distributedamongthe
two issues.Onesuchre-distribution maybeto decreas¢he scoreontheissueprice by 0.1 (thustheagent
shouldoffer lessthan20 for the next offer over price) andincreasahescoreon colour by 0.2. However, an
increasef 0.2 tothescoreof colour will mapto anoffer of betweenyreen andblue, whichis notpermitted.
Anotherissuemayhaveto beintroducedo accommodatéhis residuescore.Alternatively, thelossin score
over price canbecomputedjiventhegainsthatcanbe obtainedrom colour. However, this lastsolutionis
notsatishictorysinceit giveshigherprecedenceo qualitatveissuesandfailsin casesvhereoffersstraddle,
or arecloseto, theresenationvalues.Again, thismaskshebehaiour of themechanismandsincetheaim

of theexperimentss to analyzethe underlyingmechanismsagentsegotiateover quantitatve issuesonly.

The otherindependentariablesare asfollows. The importancelevel for eachnegotiationissueis
assignedtoncretevalues{0.1,0.5,0.25,0.15} for the player and{0.5,0.1,0.05, 0.35} for the opponent.
Theseweightsare chosernbecausehey allow comparatie analysisof resultswith trade-of mechanisms,
sincethey permitoperationof the lattermechanismFor practicalpurposessimilar to pure-stratgy exper
iments,the issues’interval valuesare corvertedfrom aninterval to an ordinal scalewhich specifiesboth
the lengthof the interval for eachissueandthe degreeof overlapbetweernthe respectie interval values
for eachissue(seesection5.3.1for amorein-depthdiscussiorof the methodologyfor computinginterval
values). The type of intervals consideredn theseexperimentsarethosewherethe lengthsof theinterval
valuesare equaland perfectly overlappingfor eachissuefor both agentsand are assignedhe following
values:Again, similar to pure-stratgy experimentsthelengthof theinterval valuefor eachissueis chosen
arbitrarily becausehe scoreof the offers modelsthe ordinal and not the cardinalrelationshipsbetween

theinterval values.Furthermoreto simplify the overall problemandreducethe compleity of analysisthe
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MiNprice = 10, MaZprice = 20
minqualz’ty = 57maxquality =30
MiNgime = 20, Maxime = 50

minpenalty = lamaxpenalty =10 (51)

samadnterval valuesareassignedo bothagentghenceaperfectoverlapin interval values).Theimplication
of thisdesignare:i) thatin bi-lateralnegotiationsbetweeragentghatbothusealinearscoringfunctionthe
refelencepoint (or themostequitableoutcome)is exactly at the mid point of anissues interval value,with
a scoreof exactly 0.5 for eachagentandii) a dealalwaysexists. Note, thatthe actualconcretevaluesfor
theintervalsareinsignificantandary valuesthatobey the perfectoverlaprequirementvill suffice. If oneor
bothagentimplementa non-linearscoringfunctionthenthis mid point must“shift” alongthe utility scale.
Fixed interval valueswith perfectoverlap permitsanalysisof resultswith respectto a known reference
point. Samplinginterval valuesandthe degreeof overlapleadsto a more complicatedanalysisof results

because¢helocationof thereferenceoint canonly beascertaine@n anaveragebasis.

Theindependenvariablet?, .., is assignedhe samevaluesasthe previouspure-stratgy experiments.

Thegrouplong termdeadliness definedassampleswithin thevaluesof 30 — 60 ticks of a discreteclock.

Shorttermdeadlinesaredefinedassampleswithin 2 — 10 ticks of a discreteclock.

5.4.1.2 Tactics

The otherindependentariableghataresubjectto transformatiorarethe responsie tactics. To reducethe
compleity of the analysistask,experimentsare conductedusingonly the time-dependerand behaviour-
dependentactics(sincetime is a resourceandtime-dependenfiamilies modeltime sufficiently). The pa-
rametersof thesetacticsarerandomlysampled. The samethreemembersof the time-dependentamily
arechoserasfor the pure-stratgy experimentgqfigure5.2); thesecorrespondo behaioursthatconcedean
time in aboulware,linearandconcedefashion.Again, to reducethe complexity of the experimentspnly
the relative-titfortat sub-family (section4.4.2.4)is chosento represenbehaiour-dependentactics. This
catgyory is definedasthe transformatiorof interval valuesfor ¢ into concretevalueof 1. Thatis, relatively
mimicking every lastoffer of the otheragents Whenthe lengthof the negotiationthreadis below § (i.e in-
sufficientoffershave beenexchangeetweerthe agents}hetitfortat defaultbehaiour is to beaconceder
with a § valuethatis sampledwithin valuesof [1.0, 3.0]—a concedetactic thatis moreconcedethana
linear, but within certainlimits of concessionA concretedacticis choserfor eachnegotiationexperiment

by samplingwithin therangeof the specifiedordinal scaleof thattactic.
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5.4.1.3 Stratgies

In theseexperimentsanagents stratgyy amountdo i) theinitial assignmenof relative importancewveights
for all issues(or computingthe matrix I'Y, seesection4.4.3) given the four experimentalcategories of
tacticsT € {boulware, linear, conceder, titfortat}, andii) the modificationof this initial consideration.
An elementof theI" matrix is indexedby v;;, theweightof tacticj for anissuei. A row of theI’ matrixis
indexedby ~;, thetacticsweightarray for anissuei. Therelativedifferencesn theassignmentsf values
to eachof ~;; in the~y; arraydefinesthe agents stratgyy for anissuein negotiation. For continencethese
stratgjiesarelabelledasfollows. Givenasetof tacticsj € {T'}, astratey for theissuei in negotiationcan

be oneof thefollowing:
e tough:wherej = boulware and~;; is assignedhigherweightingthanothertacticsk, j # k
o linear:wherej = linear andv;; is assigned higherweightingthanothertacticsk, j # &
e concederwherej = conceder andvy;; is assignedihigherweightingthanothertacticsk, j # &
o titfortat: where;j = titfortat and-y;; is assignedhigherweightingthanothertacticsk, j # k&

As a simplification,the samestrategy is appliedto all issues Thatis, they; arraysfor all theissues

arethesame.For exampletheI matrix:

[ boulware linear conceder titfortat ]
price 1 0 0 0
quality 0 0 0
time 1 0 0 0
penalty 1 0 0 0 |

specifiesa strat@y thatassignghe boulwaretacticthe highestweightfor all issues Again, this simplifica-
tion is intendedasa measurdo reduceghe total numberof free experimentalvariablesandhencereduce
thecompleity of analysis.Thereforetheexpositionwill bedescribedvith referenceo a singleissueonly
(v; array). Application of the samestratay to eachissuethroughoutthe negotiationcansene asa base-
casefor future experimentsthat are more complicatedand whoseanalysisis mademore accessibldrom
the base-caseesults. Note also, thatthe strategy label is derived from the highestweightedtactic, not to
beconfusedy thetacticitself. Thus,a~; arraywith avalueof [0.7,0.1,0.1,0.1] denotesa toughstratayy.
Corversely a+y; arraywith avalueof [0.1,0.7,0.1,0.1] denotesa linear stratgy, andsoon. Sincetheaim
of theseexperimentss to evaluatethe differencedetweemon-stratgic andstratgic decisionmaking,the

agents’stratgiesareevaluatedn threeclasse®f experiments:
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e purestrat@ies
e mixedlstratgies
e mixed2stratgies

Thedifferencesetweerthe classesf experimentsaredefinedby i) the magnitudeof theinitial T'® matrix
andii) the presenceor absencef change in this initial T° matrix. A purestrateyy simply consistsof the
assignmenof binaryvaluesfor +;; to theavailabletactic set. For example for eachissuea pureandtough
stratgyistin the experimentconsistf assignmento thetactic set{boulware, linear, conceder, titfortat}

the ~; arrayvalues[l1, 0,0, 0] which doesnot changethroughoutthe negotiation. Likewise, a pure and
concedestrat@istin the experimentwould consistof ; assignmenfo, 0, 1, 0] to all issueswvhich doesnot
changehroughouthenegotiation. Therefore purestratgyiesarethesameasthebaseexperimentavherean
agentsstratgyy consistf a staticassignmenof valuel to oneof theavailabletacticindependentariables
correspondingo thedesiredstrateyy.

A mixed1strat@y, on the otherhand,consistof the assignmento the sametactic setof continuous,
asopposedo binary, v;; valueswhich also do not changethroughoutthe negotiation. For example,a
value of [0.8,0.066,0.066,0.066] for all issuesin I" denotesa mixed1 tough stratgist. Thus, whereas
purestratgiesmodelthe useof a singletacticin generatingan offer, mixed strat@iesusea combination
of tacticsto generateoffers (seesection4.4.3). Unlike pure stratgies, becausey;; is aninterval valued
variable,with the constrainthat~y;; € [0,1] and3_,.rvi; = 1.0 for all 4, therecanbe aninfinite number
of valuesof ~;; thatimplementthe given stratgy. However, the value of +;; hasto obey an additional
constrainthatits valueis within therange[0.25, 0.9]. This constraintrestrictsthe rangeof possiblevalues
of v;; for a given stratgy to be below a pure-stratgy (hence0.9 andnot 1.0) andabove the level where
the tactic hasequalweightingwith the othertactics(sincethereare four tactics,the lower boundof the
constraintis 0.25). For example,a~y; arrayvalueof [0.8,0.066,0.066, 0.066] specifiesa toughermixedl
stratgyistthana comparatie +; valueof [0.5,0.166,0.166, 0.166]. In the formercase the boulware tactic
hasmoreof aninputinto thedecisionof thenext offer generationthanthe othertactics,whereasn thelatter
casethe othertacticshave relatively moreof aninputin the decisionmaking. Thusatactic’s influenceon
thefinal decisioncanrangefrom no influenceto fully dictatingthe decision(the casefor a purestratey).
Therefore,to investigatedifferentinitial magnitudesof ;;, the degreeof a tactic’s magnitude/decision
strengthis madeanindependenvariable(;;, definedasthe initial strengthof they?j of issues for tactic
j attime 0. Assignmentf initial valuesfor each(2;; (for eachissueandeachtactic) thendefineI?, the
initial stratey of anagentattime 0 for all issues.

A mixed2 and tough strat@ist is similar to a mixed1 stratgy, but now the initial T° arrayis dy-

namically modified throughoutthe negotiation. For example,a tough mixed1 strateyy for anissuemay
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correspondo the~? arrayvalueof [0.8,0.066, 0.066, 0.066] (the agentconsiderghetime factorto beim-
portantand doesnot changethis consideration).However, theseinitial valuesof the~? arrayare subject
to change throughouthenegotiationin the caseof mixed2experiments.Thusmixed2stratgiesmodelnot
only the combinationof tacticsfor generatingan offer (sameasmixed1stratejies),but alsothetransition
in thiscombinationduringthe courseof negotiation(seesectiond.4.3). This transitionis formally specified
asthe f() function(equatior4.2)thatmapsI™~ to I't=+1, wheret,, denoteshecurrenttime. However, like
interval valuedvariablestherecanbeaninfinite numberof suchmappingsin the caseof theseexperiments
the modificationof theinitial T'° for all issuegi is dictatedby the following policy (equation5.2) basedon

thenotionof similarity (seeequatiord4.6):

If 0.9 < sim(z,y) < 1.0 thenincrease(7; poviware, )
<

.9 thenincrease(Yitit fortat, A)

If 0.4 < sim(zx,y

IN

(z,y) <1

If 0.7 < sim(z,y) <0
(z,y) < 0.7 thenincrease(Viinear, A)
(2,9) <0

If 0.0 < sim(z,y) <

4 thenincrease(V; conceders A)

(5.2)

wherez andy arethe agents andthe opponents last offer respectiely, and sim(z,y) is the similarity
betweerthetwo contracts Therecanbeary numberof modificationpolicies,but rule 5.2is choserbecause
it is simpleandeasilyadjustabl€or experimentalpurposegthroughmodificationof eitherthe conditions
of the rule or the action of the rule). Furthermore sincethe objective of the experimentis to shav that
changingof stratgiesper seis morebeneficiathannon-adjustmentary reasonableule whichimplements
amaodificationof I would sufiice.

Themodificationrule encodegheheuristicthatif theagentbelievesthatthetwo contractse andy are
very closethenit shouldadopta moreboulware stratgy (sincelarge changesby beingconcederfor ex-
ample,maymovethepointof crossover of offersto positionswheredealsarelessbeneficial).Ontheother
hand,if thetwo contractsr andy arebelievedto be dissimilarthena conceder stratgy shouldbe adopted
sincemovementsn concessionsayleadto theapproachingf thezoneof crossoverof offers. In between
thesetwo extremesalinear andtitfortat stratgy shouldbe adopted.Sincefor moststrateyies(especially
with long term deadlines}heinitial offersin negotiationareunlikely to be nearthe crossover of anissue
interval (recalltheresultsin section5.3.4.3) the overall effect of therule s to initiate a rateof concession
to thecrosswer andthenbegin to lower this rateascrossaer is approachedHowever, the consequencef
rule 5.2is to changehestratey of theagentindependentlyo a new state makingthe behaviour of mixed2
stratgiesanexperimentalariablethatcannotbe manipulatedTo overcomehis problem,anothewariable
(A) is addedthatmodifiesthebehaviour of therule underthecontrolof theexperimenterTheeffectof A is

to regulatetheamountexisting stratgieschangg(i.e. it is aform of “resistance’to change) Thus,whereas
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theinitial magnitudeof the T matrix completelydefinesmixed1stratagjies, mixed2stratgiesaredefined
by boththeinitial magnitudeof T'° andthe dependenvariableA, which specifiethe percentagef change
permittedto theinitial T° matrix by rule 5.2. For example,a toughstratgy for anissuei canbe definedas
) = [0.8,0.066,0.066,0.066] in mixed1lexperiments.The samestrategy in mixed2experimentss then
definedasacombinationof theinitial 4{ array [0.8, 0.066, 0.066, 0.066] andthe degreeto which thistough
strat@y is allowedto bechangedy rule 5.2. Thedegreeof modificationis givenin percentileform, where
the given;; is increasedby the specifiedpercentile. The amountincreaseds removed equally from all
othertactics,sincey_ ;. vi; = 1.0 (section4.4.3). Thusa A valueof 80% over would specifya tougher
mixed2negotiatorthanavalueof 5%, becaus@80% changemodifiesto agreaterextenttheinitial valueof
thetoughstrateyy (0.8) thana 5% changelt shouldbenotedthathighernumbersfor A resultin dynamics
of changan I' thatquickly reachthe statewherethey arepurestrateayies.

Theweightsusedfor thesimilarity computatiorfor thepreconditiorof theupdaterule (sz‘mfvj infigure
5.8,equationd.5andsectiond.5.2.2)are[0.25, 0.25, 0.25, 0.25], reflectingtheagents uncertaintyaboutthe
otheragents'issueimportanceevaluation(seesection5.5 for anexplanationof otherchoices).Thechoice
of criteriafunction (h{ in figure 5.8)is likewiseinfinite. The discriminatorypower—the magnitudeof the
differencebetweertheinputandoutput—ofthe criteriafunction (equationd.6) is setsothatit exhibitstwo
properties Firstly, thatit hasmorediscriminationwithin theissues’interval values(ascomparedo values
outsidethisrange),sinceall of the negotiationwill take placein this region. Thus,maximaldiscrimination
shouldbe betweeranissues min andmaz values.This interval valuerequirements parameterizetly the
independentariablee. Whene is low, thefunctionshouldbemaximallydiscriminativefor valueswithin the
issues interval limits (mutatismutandiswhene is high). Secondly differentdiscriminatorypower within
theinterval rangeis alsodesiredto supportdifferentsimilarity measuresor differentissueqfor generality
andextensionof thesefunctionsto trade-of experiments).For example,for oneissueit may be desirable
to have maximal discriminationat the centerof the interval values,whereasfor anotherissuemaximal
discriminationmay be desiredat the extremesof the interval values. This requirements parameterized
usingthevariablea. Whena is high, morediscriminationis placedtowardsthe maximumof the interval

values(mutatismutandiswhenit is low). Thefollowing functionsatisfieghesetwo requirements:

2|z —min|| z—min

T — min max — min

h(z) = %atan [( T 1) tan(w(% - e))] +3 (5.3)

Figure 5.9 shaws the effect of varying e. Thusthe discriminationpower of the function decreasesvith
increasingvaluesof e. In theseexperiments,in orderto be quite discriminatory ¢ is fixedat 0.1 for all
issues.For all issuesp valuesarefixedto be equal:aPrice = qauality — gtime — gpenalty — 1 spasto

have linear criteriafunctions(h'!s), having equaldiscriminationpower acrossheissues interval values.e
1



Chapter5. Empirical Evaluation 184

0.9

closeness
o o o o
[6;] (2] ~ [ee]

o
~

—— Epsilon=0.1
03 —— Epsilon=0.2
Epsilon=0.3
0.2 —— Espilon=0.4
Epsilon=0.5

0.11

0
0 5 10 15 20 25 30

issue interval

Figure5.9: CriteriaFunctionsFor An IssueMin = 10, Max = 20

anda aremadeconstanto reducethe numberof free variablesn the experiments However, normally the

settingof valuesfor e anda reflectsthe agents domainknowledge.

The valuesfor the v; arrayusedfor the stratgy of eachissuefor eachexperimentclassareshavn in
figures5.11,5.12,5.13and5.14, correspondingo benchmarkincreased?;; for the opponent, increased
;; for the player anddecreased);; for boththe opponent andthe player respectiely. Recallthatan
increasdor decreasein theinitial valuesof anissuei stratey for tacticj attime0 (7%) acrossxperiments
is denotedhsanincreasé€or decreaseii €);;. Notealsothatthetoprow of eachexperimentlassdenoteshe
stratgyiesof the player andthe bottomrow of eachexperimentclassdenoteshe stratayy of the opponent.
Thebenchmarlexperimentsareincludedto establisre comparisorcriteriaontheeffectof increasingeither
the opponent’s or the player's '7%! or, corversely decreasindoth agents %‘?j levels, on the dependent
variables.Following the sameindexing corventionasbefore,A;; is thevaluetactic j canbe changedor

issuei. FurthermoreA; arraysand-y; arraysareidenticalfor eachissuelprice, quality, time, penalty].

It may be useful for the forthcomingdiscussionof resultsto imagine different tactics as different
forcesthat attemptto “move” the scoreof the contractto a mutually acceptableoint, the contractscore
at the crossover of offers. Figure 5.10 presentghis analogyschematicallyfor oneissue(for example
price). Imaginethe agentis a client. Thereforelower pricesarepreferredto higherprices. A boulware
tacticthereforeattemptgo generatericesthataredistributedcloseto the minimum,whereason the other

extremea concedetactic generateprice offers thatreachthe maximumaquicker. Othertacticsgenerate
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Figure5.10: Analogy of TacticsAs Forces.

offerson this minimum maximumcontinuum.A pure-stratgy canthenbe envisagedasa mechanisnthat
views a singleforce to reachthe focal point. A mixedlstratey, on the otherhand,canbe ervisagedas
consideringa combinationof forcesto reachthis corvergencepoint. This is shown in figure 5.10asthe
resultanforce, the dottedline labeledmixed Theexactcombinatiormixture (wheretheresultantine lies)
is controlledby Q;. A mixed2stratgy canthenbe ervisagedasa resultantforce thatnot only considersa
combinatiorof forces,but alsomodifiesthe considerationasthe ervironmentchangesNotethattherecan
be aninfinite numberof mixed1resultantforces(mixtures)in betweenthe toughandconcedestratgies,
correspondindo infinite valuesfor 2;. However, whereasa mixed1lis a concreteselectionandadherence
to only one of theseinfinite possibilities,a mixed2 stratgy alsopermitsthe “movement”of the resultant
(thediagonalline in figure5.10)alongthetough-concedeaxis (controlledby theindependentariableA).
Figure5.11shows valuesfor the experimentalindependenvariable; arraythatareusedasa benchmark
for the other experimentswhich manipulate2; (the magnitudeof the initial strateyy, or 47) for anissue
i. For pure experiments the stratgies are simply assignedhe value of 1.0 for the appropriatestratey
for both the player andthe opponent. In mixedlexperimentalclassesthe value of the dominanttactic
({tough, linear, conceder, titfortat}) is assigneda value proportionallyhigher (threetimes) thanthe rest
of theothertactics.Again, it is theordinal,ratherthancardinal relationshipgbetweerthevariableshatis of
interest.Thevalueof thedominanttacticis computedo bein therange[0.25, 0.9] (asdiscussedn section
5.4.1). Sincethe valuesof theindependenvariablesshavn in figure 5.11form the evaluationbenchmark
for theexperimentghatmanipulatef;;, the~;; for mixedlof thedominanttactic is setto 0.5 (within the
constrain{0.25, 0.9]).

The remaining~y; array for the othertacticsis simply computedas the distribution of the residue

weightsaccordingo thepolicy (1 — ~;;)/3. This policy is choserbecausehe aim of the experimentss to
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evaluatetherelative andnottheabsolutaifferencesn +; array Mixed2stratgies,asmentionedabove,are
definedin termsof the two independenvariables:initial -; arrayandthe percentaggermissiblechange
of thisvalueA; by theweightupdaterule 5.2. Theinitial y;; for the dominanttactic of the stratgy is set
at 0.625 andthe valuesof A; arrayare, respectiely, setto [5,25, 50,40] for boulware, linear, conceder
andtitfortat stratgjies. Thesevaluesreflectthe relative persistencef theinitial +; arrayin the courseof
negotiation. Thatis, for all issuesat eachstepin negotiation,a toughstratey permitsonly a’5% changeo
Yboulware, @linearpermitsrelatvely morechangeso v;ineqr, cONcedemostof all, andtitfortat in between
linearandconcedestratgies. Thevalueof 7% for mixed2experimentds higherthanmixedlexperiments
(0.625 and0.5, respectiely). A highervaluefor %‘-’j is chosenbecauséhe updaterule (especiallyin the
caseof concedestrat@ies)canreducey?j too quickly to belov mixed1llevels,therebymakingit difficult
to discriminatethe resultsof mixedlandmixed2experiments.Thusthestratgy in the mixed2experiment
classess definedthroughthe magnitudeof theinitial y?j andtherelativepermissiblechangego thisvalue

throughA;;.

Note that the stratgies of both the player andthe opponent are constantandthe samefor all the
experimentatlassedn thebenchmarlexperiments Generallyresultsaresoughtfor typesof ervironments.
Therefore,y;; shouldideally have beenstatisticallysampled allowing evaluationof contexts wherew;; is
not fixed. However, this methodologyis not adoptedbecauseone of the aims of the experimentsis to
investigatethe effect of Q; (or the strengthof the stratgyy) on the dependentariables. To investigate
the effect of 2;, the ~;; distribution would have to be divided into bin sizesover the interval [0.25, 0.9]
(correspondingo the constraintabove). Collectingvaluesof ;; into small bin sizesandthenstatistically
samplingeachbin sizewould have resultedin distributionsof +;; with similar valuessincethe bin sizeis

significantlysmall.

The independentwariablesshavn in figures5.12 and 5.13 shav the experimentalvariableswhere
the isomorphismbetweenthe player and opponent benchmarkstratgiesis broken. Togetherwith the
independenvariablesshown in figure 5.14,theseervironmentsdirectly evaluatethe effect of varying ;.
Thesevariablesare assignedhesevaluesto investigatethe effect of either the opponent or the player
increasingthe value of ; respectiely. Note that sincepure stratgjies are binary valuedvariablesthey
cannotbeincludedin Q; experiments.Thus,in figure5.12the player dependentariablesareunmodified
from the benchmarlexperimentsshown in figure 5.11. However, the valuesof v;; andA;; areincreased
for the opponent. ~;; of the dominanttacticis increasedrom 0.5 to 0.8 (©2;; = 0.3). Theimplication of
this changds thatthe opponent in this environmentis muchmoretough,linear, concedeor titfortat in its
stratgjies. Likewise, the valueof A;; is relatively higherthanthe benchmarkcase resultingin strategies
thatallow rule 5.2 to morefreely modify ;; accordingto the distanceto crosswer in offers. Figure5.13

shavsthe cornverseof 5.12,wherethedependentariablesfor theopponent arethe sameasthebenchmark
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ExperimenClass 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 A=5 A=25 A=50 A=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]
A=5 A=25 A=50 A=40
Figure5.11: BenchmarlStratgy Experiments
ExperimenClass 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 A=5 A=25 A=50 A=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]
A=10 A=40 A=100 A=80

Figure5.12: player With BenchmarkStratgly And opponent With Increased;;

ExperimenClass

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 A=10 A=40 A=100 A=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]
A=5 A=25 A=50 A=40

Figure5.13: opponent With BenchmarlkStratgly And player With Increased;;

ExperimenClass

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 A=5 A=5 A=5 A=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]

A=5 A=5 A=5 A=5

Figure5.14: StratgiesFor Both AgentsDecreasedl;;




Chapter5. Empirical Evaluation 188

Variable Name | Variable Scale| Variable Rangs
cycles interval [1, tmaz)
Ve (outcome) interval [0,1]
Ve(reference) value 0.5
Ve (pareto) interval [0,1]

Figure5.15: ExperimentaDependenVariables

casein figure5.11andit is theplayer thathasincreasednagnitudeof strateyy.

Finally, the effect of varying Q; for boththe player andthe opponent from the benchmarks shovn
in figure 5.14. v;; is decreasedrom 0.5 to 0.3 resultingin stratgiesthat, althoughthey arestill defined
as stratgies, have nonetheless lower influenceon the final decision. This allows othertacticsto have
relatively more strength(than the benchmarkcase)in the final decision. Likewise, A;; for the mixed2
experimentclassis uniformly loweredto a5% level for all strat@ies,resultingin anenvironmentwherethe

~; arrayis modifiedsmoothlyacrossall strateies.

5.4.2 Experimental Measures

The previoussectiondescribedheindependentariablesthatcanbe manipulatedy the experimenteland
their effectsobsenedon the dependentariables Figure5.15showvs the experimentadependentariables,
onecalibratingthe processof negotiation(cycles), andthreeothersfor measuringhe outcomeof negotia-

tion. Eachdependentariablearedescribedn moredepthin the sectionshelow.

5.4.2.1 Communication

A muchsimplerform of on-linecost,comparedo the pure-stratgy experimentsjs definedoby theindepen-
dentvariableCycles. Cycles calibrateghe total numberof messagesxchangedn the courseof a single
negotiationrun of the experiment(or the communicatiormessagéoada strat@y placeson anagent).This
simpleform of on-linecostis usedto disassociatéhecostsfrom theintrinsic utility of thestratey (method-
ology of the pure-stratgy experimentskothatthe agentcanmake decisionsaboutthe communicatiorcost
of the stratgy, ratherthantheresultingcost-adjusteditility. The statisticsusedfor C'ycles aresimply the

averagenumberof messageaexchangedor a stratgy pairingacrossall experimentakuns.

5.4.2.2 Intrinsic Utility

Outcome is the categyorical variablethat measureghe final outcomeof negotiationin termsof success
(Accept) or failure (Withdraw). Givenan outcomethe intrinsic utility of a deal, V*(outcome), is the

individual agentutility of the deal. The form of the utility functionis the sameasthe onegivenin pure-
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strat@y experimentgeportedn section5.3.3.1,definedasthelinearscoringfunction:

V@) = D wiVi(as)

1<j<n
wherez is the outcomen is the total numberof issuesandthe valueof theindividual issuej to agenta,
Vi (z;), is computedas:

a
mazj—z;

a_ inad
V-a(.'L’ ) _ maz§ —ming
J o\ zj—ming

if decreasing
gt — s if increasing

whereincreasing and decreasing refer to the direction of changein scoreas the value of thatissue
increaseskFor example,increasingheprice of the servicedecreasethe scorefor a client, but increased

for aseller Like Cycles, the statisticsfor V(z) aresimply the averageutility of the dealwhenusinga

stratgyy acrossall experimentakuns.

5.4.2.3 ExperimentalControls

The analysisof the obsened averageutility datadistribution will be madewith respecto threereference
points: i) the constant-suntine (seesection2.2.3),ii) thereferencepoint andiii) the pareto-optimaline.
Seefigure3.1for anexplanationof eachof thesepoints.Recallfrom section2.2.3thatthesignificanceof the
constant-surfine is thatoutcomeghatlie onthisline resultin individualagentutility whosejoint scoreadds
upto 1.0—thatis VP'2¥r (outcome) + VoPPoment (outcome) = 1.0. Thisline is usedasa controlbecause
outcomeghatlie onit represendistributive baigainingsituationsandcorversely integrative bargainingfor
the outcomedhatlie aboveit. Indeed,in negotiationover a singleissue(distributive negotiation)the sum
of utilities of an outcomehasto be equalto 1 whenthe scoringfunctionsof both agentsare linear—an
outcomewith a utility of 0.8 for one agentdetermineshe maximumthe otheragentcanreceve for this
outcomes 0.2. In fact,for singleissuenegotiationsthe constant-sunline is the pareto-optimaline—there
is no otherdealthat both agentspreferwithout one agentbeingworseoff. It is by introducingmultiple
issueghatthe sumof individual utilities canbedifferentto 1.0. Thereforethe stratgyiescouldbe evaluated
with respecto theintegrative anddistributedbaigainingdimension.However, aswill be shavn below, the
experimentakhoiceto assigrthesame™ matrixto eachissueresultsin theresponsie mechanisnselecting,
at best,outcomeghatlie on the constant-suniine, and, at worst, outcomeshatlie below this line. The
constant-suntine is included,togethemwith the pareto-optimaline, for comparatie analysisof theresults
obtainedwith thetrade-of mechanismNote, for multi-issueanddifferentially weightedissuesputcomes
canlie below the constant-suntine, representingutcomesvhosejoint utility is lowerthan1.0.
Outcomeghatlie on the constant-suniine represenbne setof possibledistributionsof utilities, or
waysof “dividing theutility pie”. Theseoutcomesrenotequitablgrecallthatequitables definedasequal
distribution of utilities)—a utility distribution of (0.8,0.2) and(0.1,0.9) both equivalently maximizethe

sum of the individual utilities, but the first outcomeis more favorablefor the first agentandthe second
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outcomeis more favorablefor the secondagent. As mentionedin section3.1.4, the Nashpoint is an
equitableoutcome computedasthe dealthat maximizedthe productof thefinal utilities (seefigure 3.1).
However, recall the algumentpresentedn section3.1.4 againstthe use of the Nashsolution for multi-
dimensionahegotiation—whereasomputationof the Nashsolutionis straightforvardfor distributive (or
singleissue)negotiations(indeed the Nashsolutionwasthe control measureén the previous non-stratgic
experiments) the sameis not true for integrative negotiationsinvolving differentimportancelevels and
intervalsfor eachissue.For thesereasonsthe Nashsolutioncontroloutcomes replacedwith thereference
outcome simply computedastheintersectiorat the mid point of eachagentsinterval valuefor all issues.
Unlessstatedotherwise the referencepoint for a pair of linear scoringfunctionsis specifiedasthe utility
coordinatepoint (0.5, 0.5) andis constanin the experimentecauseheinterval valuesof agentsoverlap
perfectlyanddo notchange.

The Pareto-optimalmeasurds includedfor comparatie analysisof dataacrossthe responsie and
trade-of experiments. Pareto-optimality(V ¢(pareto)) is computedas the outcomethat maximizedthe
sumof the deals.Five pareto-optimabutcomesarecomputedanda line thatjoinedthe utility valuepoints
of thesefive dealsis usedasa controlline of the closenessf the experimentabutcometo a pareto-optimal
outcome(see(Raiffa1982),pp.163-165) Thefirst paretooptimaldealis simply avalueof 1 for theplayer
andO for the opponent, (1,0). The secondis the corverse(0,1). The third paretooptimal outcomeis
computeddy selectingthe valuesfor eachissuez; in negotiationthatmaximizesthe combinedvalueof all

theissuedor bothagents:

Z(wplayer % V(mglayer)) + Z(w;)pponent % V(Z_qpponent))

J J

wherew; is the weightof issuej. Thefourth paretooptimal outcomeis computedby selectingthe values
for eachissuewhich maximizesplayer utility plushalf the opponent utility. This givesthe opponent less
weight:

Z(w;)layer % V(wglayer)) +05 Z(qupponent % V(x;pponent))

Thefinal paretooptimal contractis computedy selectinghe valuesfor eachissuethatmaximizesplayer

utility plustwicetheopponent utility. This givesthe opponent moreweight:

Z(wplayer % V(:L.;)layer)) +2 Z(w;pponent % V(:L_t?pponent))

J J

Thepareto-optimaline, in turn, is indicatedin thefiguresof resultsasthesolid line thatconnectshesefive
points.

Whereappropriate statisticalaveragesand standarddeviation of averagesacrossstratgieswill be
given,respectrely, to representhe centerof the densityandthe variationof a groupof outcomedistribu-

tions with respecto the referencepoint. For example,four differentstratgiesthatresultin a sumtotal
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utility averageof 0.5 anda standarddeviation of 0.0 identify a distribution of differentstratey outcomes
which lie exactly on the referencepoint. Variationsin the averageghenindicatethe distanceof the final
averageoutcomefrom thereferenceandthe standardieviation measureshe degreeof variationof the av-
eragedrom thereferencepoint. Averagesandstandardieviationsof agroupof stratgieswill bepresented
only for the opponent sincethedistribution of outcomedor the player is simply oneminusthe averageof

thedistribution of the opponent.

5.4.3 Experimental Procedure

The experimentalprocedureconsistsof gamesbetweeneachpairing of player and opponent stratgies
(tough,linear, concedettitfortat) for eachof the (2 settingsn figures5.11,5.12,5.13and5.14andfor each
of theexperimeniclassegpure,mixed1,mixed2).This procedurds shavn algorithmicallyin figure5.16.

Two stratgjiesare pairedto begin negotiationby selectinginitial 2; levelsfor all issuesfor boththe
player andopponent for eachtype of experimentgline 12). A gamethenconsistsof playingthe player
strat@y againstthe opponent stratgy N times(line 13). On eachrun first, Byouiware> Beconceders Blinear
T eontrots2 @Nddsis rorear (Wherefirst is theagenthatproposeshefirst contractandl contrors2 IS @arandom
samplingof +;;, describednorebelow) aresampledor eachagent(lines8, 9, 10and11). N is setat 300
runswhich meanghatthe probability of the sampledneandeviating by morethan0.01 from thetruemean
is lessthan0.05. At the endof eachrun, the depedentariablesV ?/2¥¢" (outcome), V °PPo™e™ (outcome)
andcycles aremeasuredlines 14, 15and16). After N runs,theavergesfor all the dependentariables
arecomputedlines18—-22).Notethedifferencen theanalysidbetweerthesesxperimentsandthe previous
pure-stratgy experimentsreportedin section5.3. In the latter setof experimentsthe analysiswasat the
collectivelevel, wherethe final averagemeasureof dependenvariable(suchas utility) of a stratgyy was
summedandaveragedacrossall otherstratgies. However, the analyticalunit of this setof experimentss
theaverageof dependenvariablemeasurdor a pair, ratherthana collectionof stratgies.

For the mixedlexperimentaklasstherearetwo additionalopponent strategjiesfor eachof theplayer
stratgies, correspondingo the controls(line 10). The player in the mixed1 experimentalclassplays
not only againstthe opponent stratey, but alsoa controll opponent (Wherethe opponents stratgy is
simply the~; array[0.25,0.25,0.25, 0.25] for all issuesandall tactics)anda control2 opponent (which
corresponddo a randomsamplingof I'). Controll is includedto evaluatethe performanceof various
mixed1stratg@iesagainsiastratgy thatbehaeslinearly acrosall tacticsetsandthusreflectsanopponent
thatis uncertainaboutwhich stratgy to choose NotethattheI" matrix of Controll is almostthe sameas
theT matrix of bothagentsn experimentsvhere? is decreasetinearly for bothagentgmixedistrateies
in figure5.14). Thereforethesecontrolsareonly significantin otherexperimentak?; levels. Control2, on
theotherhand,is includedto evaluatethe performancef stratgiesagainstarandombenchmarkControls

arenotpossiblefor the pureexperimentaklasssincethevaluesof v;; arebinary. Mix ed2stratgiesdo not
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Q; := {[0.5,0.5],[0.5,0.8], [0.8, 0.5], [0.3, 0.3]};

player

strategy := {tough, linear, conceder, tit fortat};

strategy®PPomemt
class := {pure, miredl, mized2};

N;

k:=| class |ym :=| Q |;p :=| strategyP'®¥*" |;0 :=| strategy

l:=0;n:=0;4:=0;7 :=0;r:=0; N := 300
begin

(1) reference := argmax,{VPV (z) x VOPPOment (1)1

(2) pareto := argmazx,{VPY (z) + VOPPOrent ()1

(3) while(l < k)dol:=1+1;

= {tough, linear, conceder, tit fortat};

[* numberof changesn magnitudeof stratey */
[* players strategyy */

[* opponens stratgy */

[* classe®f experimentst/

/* numberof experimentakuns*/

opponent|,
)

4) while(n < m)don :=n+ 1,

(5) while(i < p) doi : =14+ 1;

(6) while(j < o)doj:=j+1;

(7 while(r < N)dor :=r+1;

®) eNVptayer = sample(t2I2Le, GUlater | griaver | guiover splover .
© MUopanent 1= sample(t202ment, GEPPenent, gommonnt, gopponens, gopponent)
(10) controly = [0.25,0.25,0.25, 0.25]; controls := random(0,1);

(11) first := random(player, opponent);

12) pairsy; = (strategyfl“yer, strategy;-ppo"ent);

(13) (thread};, outcomei;) := play(pairsy;, first,envpiayer, EMVopponent, controli, controls);
(14) Vigplay” = yplaver (outcome;);

(15) Vigowcnem 1= VOPPOre™ (outcomel; );

(16) cyclesi; = length(thread];);

a7 endwhile

(18) Ef;ayer =N ‘/vi?PlayE'r /N

(19) i;_ngaponent =N V,-?oppc"em

(20) Mii = Ei\le cyclesi; /N;

(21) endwhile

(22) endwhile

(23) endwhile

(24) endwhile

end

Figure5.16: ExperimentaProcedureilgorithm
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pure | mixedl| mixed2

pure .

mixedl °

mixed2 °

Figure5.17: ExperimentalClassExecutionOrder

encounteary othercontrolstratgieseithersincetheaim of theseexperimentds to shav thatmodification
of stratgjiesperseis betterthannon-modification.Thus,the bestonecanachieve is interactionshetween
a mixed2 stratgyy and a highly stylized negotiator (mixed1and pure stratgjiesin theseexperiments),as
opposedo arandomor anothempurposefuimixed2strategist.

The experimentsare also restrictedto gamesbhetweensimilar experimentalclass(seefigure 5.17).
Thusstratgiesareevaluatedor casesvhenboththeplayer andtheopponent arepure,mixedlor mixed2
strat@ists. Encounterdbetween for example,a pure player and a mixed1or a mixed2 opponent (and
vice-versajareexcludedbecause¢he generatedlatasetin the lattercasewould beverylarge. In theformer
casethenumberof generatedatapointsis 224 (numberof player strat@y «+ numberof opponent stratgy
x numberof Q; experiments=(4x4 x4) + (4% 6 x4) 4+ (4 x4 x4))). In thelattercasethegeneratedataset
is of size736makingtheanalysiscomplex. The experimentsverewrittenin Sicstus3.7.Prologandranon
HP Unix parallelmachinesat the Centrede Supercomputadide Catalurya CESCA(Barcelona) utilising
four CPUs,7MB of memoryandlasted1112.41seconds.

5.4.4 Hypothesesand Results

The experimentahypothesesindresultsarepresentedn this section.Becausehe aim of the experiments
is to investigatethe benefitsof dynamicstratejic decisionmakingover staticand pure stratgjies(andnot
necessariljthe causalrelationshipbetweena given stratgy type and a combinationof any numberof
dependentariables),resultsare presentedind discussedor eachexperimentalclass(pure, mixedland
mixed2)andtheir effectson the individual dependentariables:i) thefinal averageutilities for outcomes,
i) the communicationoad andiii) the numberof successfubutcomes.Thusthe aim is not so muchan
analysisof the effects of, for example,a pure-stratgy on the final averageutility of an outcomeand its
relationshipwith the communicatiorcosts,but ratherthe differentialeffects of pure, mixedlandmixed2
strat@ieson a single dependenvariable,in this example,the final averageoutcome. Note, that all the
hypothesedor the effects of stratgyieson final averageutilities will be quantitatvely representedsthe
relationshipbetweenthe expectedoutcomeutilities andi) the referencepoint representinghe maximum
joint gainthatis alsoequitableandii) the constant-sunine outcomegepresentingnaximumjoint utility

thatmaynotbeequitable.
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Before presentinghe individual hypothesesnd resultsa side-efect, obsenablein all of the forth-
comingdata,is identified,directly resultingfrom the choiceof assigninghe samey; arrayto all theissues.
For example,a toughstrateyy specifiesa toughstratey for all the issuesin negotiation. The obsenation
from all the datais that the bestjoint outcomeary combinationof stratayies,in either pure, mixedl1or
mixed2experimentaklassescanattainis a contractscoreat the mid point of the crossover of the agents’
interval values(or the referencepoint), independentiyof the pairing of stratgies. This is so for the fol-
lowing reason.The independent/ariable[min;, maarg] of both agentshasbeendesignedo be perfectly
overlapping,for all the issueSprice, quality, time, penalty]. The weightsof the player andopponent
for eachof theissuesare[0.1,0.5,0.25,0.15] and[0.5,0.1, 0.05, 0.35], respectiely. Theseweightsmean
thatthe player views quality to be the mostimportantissue,followed by time, followed by penaltyand
finally, leastimportantissue,price. The opponent, on the otherhand,views price asthe mostimportant,
followed by the penalty followed by the quality andfinally time. Giventheseinterval values,importance
weightsandthe linear scoringfunction of section4.2.1,the valueof the referencepoint[15,17.5, 35, 5.5]

(mid point of eachissue section5.4.1.1)for the player is computedas:
(0.1x0.5) + (0.5%0.5) + (0.25% 0.5) + (0.15% 0.5) = 0.5

It is trivial to shawv that the samescore(0.5) will resultfor the opponent for the samereferencepoint
[15,17.5,35,5.5]. Now considermnothercontract, X, in the spaceof possibledeals [18, 20, 35, 5.5]. This

contractwill be morebeneficialto bothagentspecause:
VPlaver(X') = (0.1 % 0.2) + (0.5 % 0.6) + (0.25 % 0.5) + (0.15 % 0.5) = 0.52

yorponent 'y — (0.5 % 0.8) + (0.1 x 0.4) + (0.05 % 0.5) + (0.35 x 0.5) = 0.64

Thusincreasingthe valuesfor the issuesprice and quality from the referencecontractvaluesto the X'
contractvalueis more beneficialto both agents(i.e moving north-easterlyin the directionof the pareto-
optimal line). However, in theseexperimentsthe responsie mechanisiris a concessiorprotocolwhich
cannot supportincreasedn utility scoreswhereagentsbegin the negotiationfrom the referencepoint and
thenmove towardsmorepareto-optimaktontracts.Furthermoreagentsareassumedo be unavareof one
anothersinterval values makingthe computatiorof thereferencecontract([15, 17.5, 35, 5.5]) impossible.
Oneway agentanreachX ', or better is to selectoneoutcomefrom the spaceof possibleoutcomesNext
the agentsassigna differentT" matrix to eachissue. In this examplethis meangthatthe player concedes
mote on the price andlesson quality of a service.Corversely the opponent canconcedemoreon quality
thanon price. The combinationof thesetwo I' matricesneandifferentconcessiomateson differentissues
in sucha way asto reachX', or better However, this policy of makingstrateic decisions(assigningy;

arraysfor eachissue)dependenbn the weight of anissue(for example,a moreimportantissuewill be
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A B

OOoA +toxonme Yy + X% oA

tough v.s tough
[] tough v.s linear
O H A + * u ‘ v » tough v.s conceder
/\ tough v.s titfortat
tough v.s controll
(O tough v.s tough tough v.s control2
[ tough v.s linear linear v. tough
tough v.s conceder H-linar v. linear
i lingar v.s conceder
a :iljnigl: \\jz :g{g;at B linear v.s titfortat

) ) linear v.s controll
linear v.s linear [l linear v.s control2

linear v.s conceder W conceder v.s tough
H- linear v.s titfortat conceder v.s linear

conceder v.s tough conceder v.s conceder|
Pk conceder v.s linear W conceder v.s titfortat

conceder v.s conceder| P> conceder v control1
M conceder v.s titfortat conceder v.s control2
@ titfortat v.s tough X titortat v.5 tough

titfortat v.s linear P titfortat v.s linear

titfortat v.s conceder
titfortat v.s titfortat
reference

titfortat v.s conceder

titfortat v.s titfortat
) titfortat v.s control1

fitfortat v.s control2
K] reference

Figure5.18: A) Key For PureandMix ed2 Strateyy Pairings. First Entry of Label SpecifiesThe opponent
Stratgy And The SecondTheplayer. B) Key For Mixed1Strateyy Pairings. First Entry of Label Specifies
Theopponent Stratggy And The SecondThe player.

assigned highery;; valueto boularetactic)is notadoptedn the experimentdbecauseaswasmentioned
in section5.4.1.3,0f the needto control the numberof free experimentalindependenvariables. Indeed,
theseexperimentsare viewed as base-casstratagyic experimentswhich form the basisfor the designof

future stratgyic experiments.

5.4.4.1 Pure-Stratgy Utility Results

The effectsof a pure-stratgy on the setof dependenvariableshasalreadybeendiscussedn section5.3.
However, the methodologyof analysisis different(seesection5.4.3) hencethe experimentsarerepeated
herein thesenew ervironmentsfor comparatie reasons.

Theexpectatiorfor theresultsof theseexperimentsaresummerisedby thefollowing hypothesis:

Hypothesis7: Pairings of two pure strategiesthat approad their interval valueslessquickly
will resultin final avelage outcomeghat are lower in joint utility than pure strategy pairs

whele at leastonestrategy approadcestheinterval faster

The hypothesisstateghe intuition thatanencountebetweenfor example,two toughstrategieswill result
in agrouputility thatis worsethanwhenatleastoneof the strat@iesconcedegsinceconcessiorncreases
the other’s shareof the utility). For the discussiorof averageutility resultsseefigure5.18A for the key of

eachstrateyy pairfor theaverageutility datafor pureandmixed2experimentsandfigure5.18B for mixed1
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Figure5.19: Comparatie Final Joint AverageUtility For PureStrateies. A) Averagelntrinsic Utility For
ShortTermDeadline,B) Averagelntrinsic Utility For Long TermDeadline.

experimentgwhichincludethetwo controlconditions).

Figures5.19 A andB show the obsened averageoutcomeutilities for the player (xz axis) andthe
opponent (y axis) of the pure-stratgy benchmarkexperimentswith the independentariablesshavn in
figure5.11.

The first obsenationis that the agumentin section5.4.4 (that becausehe ~; arraysfor eachissue
arethe samethe responsie mechanisntannot do betterthan outcomedying on the constant-suntine)
is supportedoy the obsenationsof outcomeutilities in both shortterm andlong term ervironments.No
stratgy pair doessignificantlybetterthanthereferencepoint, by moving northeasterlytowardsthe pareto-
optimalline, independenthf thetime limits.

Hypothesis? is alsosupportedyy the obseneddatain figure5.19. Thedatain figure5.19,A is clus-
teredinto roughlyfour groups. Thefirst group(shavn asgroupl), arethe bestoutcomesin thatthey are
closesto thereferencepoint, thusresultingin a moreequaldistribution of final utilities. groupl members
arethestrat@y pairings(linear, linear), (conceder, conceder) (titfortat titfortat), (linear, titfortat), and
(titfortat, linear). Thesestrat@iescorrespondo the caseswhereboth agentsadopta concessionarap-

proachto the crossover of theinterval values.The group’s total meanandstandarddeviation is 0.485 and
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0.04 respectiely (recallthatoutcomeswith aperfectcoincidencewith thereferenceointwill haveamean
andstandardieviationof 0.5 and0.0 respectiely). Theobsenedstandardeviation of groupl statistically

representshetightestclusterof theseoutcomesaroundthereferencepointin figure5.19,A.

Thenext two groupsof outcomesgroup2 andgroup3, alsolie on, or closeto, the constant-suntine,
but the distribution of individual outcomesds lessuniform comparedo groupl. group2 membersarethe
strat@y pairings(tough, conceder), (linear, conceder), (titfortat, conceder), whichlie onthenorthwest
sectorof the outcomegrid (resultingin highervaluedoutcomedor the opponent, sinceonly the player is
concedein all their strateyies). Corversely mirroring group2 outcomess group3, whosemembersrethe
strat@y pairings(conceder, tough), (conceder,linear), (conceder.titfortat). Theselie onthe southeast
sectorof the outcomegrid resultingin highervaluedoutcomedor the player, sinceopponent is conceder

in all its stratgies.

Finally, group4 is theclusteringof outcomeghatdo notlie ontheconstant-surline (southwestsector
of theoutcomegrid) andoccurwith thestratey pairings(tough, tough), (tough, linear), (tough, titfortat),
(titfortat, tough) and(linear, tough). group4 outcomesrethe worstoutcomesecausehey resultin fi-
naljoint averageutilities thatarelower thanall otheroutcomesThesefour groupsof obsenationssupport
hypothesist —in groupsl, 2 and3 thereis at leastonestratgy thatapproachedgs interval fasterthanthe

others.However, in group4 bothareeithertough or imitateatoughstratey or arelinear.

Roughlyfour groupsareonceagainobsenedwhentheernvironmentis changedrom shorttermto long
termdeadlinesfigure’5.19,B. However, thistime therearelessmembersn groupd—(tough, linear) and
thecorversemember(linear, tough) now belongto group2 andgroup3 respectiely. Thisfurthersupports
the statedhypothesissince group4 is now purely composedof tough stratgjies. However, althougha
strat@y thatapproacheds interval valueslowly doesindividually badly, collectively(similar methodology
asthe previous tactic experiments,when the resultsare averagedacrossall other stratgjies) thereis an
increasan final averageutility. Resultsshow that, for example,a tough player stratgy gainsanaverage
of 5% of utility whenutilities areaveragedacrossll otherstratgiesin longtermdeadlineslt is interesting
to notethatthe performancef atough stratgistis loweredwhenmoretime is givenfor negotiationwhen
encounteringa titfortat strateist. Statisticallythe total averageof outlying datadecreasedrom 0.247 to
0.182 with a standarddeviation of 0.067. This resultis explainedby the fact that the titfortat strateyy
is a conceder until it canbegin to imitate other's responses.Therefore,undershortterm deadlineshe
stratgy concedeghencemovescloserto constant-suntine), whereasn longertermdeadlinest hasmore
opportunityto imitate the other’s stratgy (tough in this considerationandas suchbecomesough too
(hencea dealis only possiblyreachedn thelastfew momentsof negotiation). This pusheghe outcomes
further away from the constant-sunline. In general,for all the experimentsdescribedoelov noticeable

effects of time limits on stratgjies are more obsenable for datathat calibratethe process(the costsof
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communicationpndlessontheoutcomenf negotiation.Note,thisis notto beconfusedvith theobsenation
of the previous pure-stratgy experimentswheretherewas a significantdifferenceacrossdeadlines. As
wasshown in theresultsof group4 in long termdeadlinesthe collectivefinal averageutility of a strateyy
whensummedandaveragedacrossall otherstratgies(methodologyof thepure-stratgy experimentspoes
increase However, the analyticalunit of theseexperimentsareaveragejoint utilities for a pair, ratherthan

acollectionof stratgjies.

5.4.4.2 MixedlStratgy Utility Results

The expectationdor theresultsof theseexperimentsaaresummerisedby the following hypotheses:

Hypothesis 8: A weightingpolicy that allows all tactics an input into the decisionmaking
resultsin a larger numberof outcomesghat are closerto beingequitable than onethat only

consides a singletactic.

Hypothesis9: Themore equalthis weightingof ead of thetacticsfor bothagents:i) themore
equitablethefinal outcomeandii) the fewer the numberof outcomeghat lie off the constant-
sumline. Thatis, variation of tactic weightingsby either party resultsin lessfair outcomes

and more outcomeshat lie off the constant-suntine.

Hypothesis3 statesthe intuition thatin decisionmakinga combinationof tactics(a mixed1 stratey) is
betterthanasingletactic(pure-stratgy). Theargumenis asfollows. In thegivensetof tactics(or “forces”),
boulware, linear, conceder andtitfortat, two (linear andconceder) concedeat differentrates(possibly
three, titfortat giventhe otheris a conceder or linear) and one (possiblytwo—titfortat encounteringa
boulware) doesso at a relatively much slower rate. Therefore,if equity, or somefair joint utility, is
requiredthen,aswasshavn in the resultsof the previous section,only encounterdetweena few pairsof
pure concessionargtratgyieswill achiere this expectation.Indeed,overall, encounterdetweenall of the
purestratgieswill leadto outcomeutilities thathave a distribution within the spaceof possibledealsthat
is more variablesincethe outcomeshetweenagentswill be basedon individual tactics. For example,a
pairing of toughandtoughpure-stratgieswill resultin a final joint utility thatis significantlydifferentto
a pairing of concederconcedelpure-stratgies. Variability in the final averageutilities is to be expected
(sincesomepurestratgieswill reachthe referencepoint, but encounterbetweerotherswill not). Onthe
otherhand,encountergn mixedlstrat@iesareexpectedto be comparatiely lessvaried,sincethey areno
longerbetweenuniquetactics,but a combinationof tactics. For example,to reacha fair solutionanagent
in mixedlexperimentdoesnothaveto “wait to meet”anagentwhois adoptinga pureconceder or linear
strat@y; conceder andlinear purestratgiesarepresentto somedegree,in all mixedlstratgiesof the

otheragents.



5.4. Strategyjic Experiments 199

Theexpectationover the effectsof this relative weightingof a tacticcomparedo the othertactics(§2)
is givenin hypothesi®. This hypothesiscaptureghe expectationthatthe moreequalthe weightingof all
the tacticsby both agents(a resultantforce that lies equally betweenthe tough and concedetactics, by
both agents)thenthe morelikely the final outcomeis to be an equitableone. This is expectedbecause
whenthe distribution of tactic weightsare lessvaried by both agentsthenwhenthesetwo agentsmeet
the boulware, titfortat componenf their stratgy pairs are moreresistanto concession.However, this
resistancés compensatetbr by the conceder, linear, titfortat componentsvhich approachthe crossover
of offersata quicker rate. Derivablefrom this argumentis the expectationthatinequalityin the weight of
tactics,by eitherparty, shouldresultin morevariationof outcomessimilar to pure stratgies—departure
from anequalweightingof tactics, by eitherparty, shouldresultin outcomeghatresemblanorecloselythe
resultsfrom pure-stratgies. Variationin theseexperimentswill be quantifiedwith respecto thereference

pointandthe departureof outcomedrom the constant-suntine.

Figure5.20shaws thefinal averageagentutilities for mixed1strategiesin shorttermdeadlines.Fig-
ure5.20A representshe obsenedfinal averageutility outcomedor thebenchmarlplayer andopponent
independentariables(figure 5.11). Comparedo the pure-stratgy resultsof figure5.19,two patternscan
be obsenedfrom the collecteddatathatsupporthypothesis8. Firstly, the centerof the distribution of out-
comesis closerto the referenceoutcome. Statisticallythe centerof the distribution of pointslying on or
closeto the constant-sunfine is of a highervalueof 0.479 with a lower standarddeviation of 0.0077 as
comparedo a standarddeviation of 0.25 for the pointsin the pure experiments.Almost all the pointslie
on the constant-sunine—comparedo pure stratejies, the numberandmagnitudeof pointslying off the
constant-suniine is muchlower (thereare no longerary groupsof outcomes). Specifically the largest
magnitude‘breakavay” is for encounterdetweena tough player anda tough opponent. Other previ-
ouslybreakavay outcomeg(tough, titfortat), (titfortat, tough) and(linear, tough)) aremuchcloserto the
constant-surnfine andthereferencegointthantheresultsobsenedfor pureexperimentsThereforejn such
anervironment,a combinationof tactics(hypothesis) doesindeedappeatbetterthanusinga singletactic
in generatingpffersin responsie mechanismsThusagentsdo not have to wait to “meet” a concessionary

strat@y to reachfair dealssinceall strat@ieshave somedegreeof concessiofincorporatedn them.

Hypothesis9 is testedby changingthe ervironmentfrom a benchmarkplayer andopponent to an
opponent with a higherQ value (figure 5.20B, asspecifiedby the independentariablesof figure5.12).
Two patternsareobsenablein the collecteddata. Firstly, the centerof the distribution movesaway from
referencepointtowardsthe playerin the southeasterlydirection(this increaseof the distribution variation
alongthe constant-sunaxis will be referredto as“elasticity” of datapoints). The overall directionof the
obsenredshift is towardshigherutilities for the player. Statisticallythis correspondetb thetotal average

of pointslying on or closeto constant-suniine value of 0.436 with a standarddeviation of 0.11. Thus



Chapter5. Empirical Evaluation 200

A B
1.0 1.0
0.9 0.9
0.8 0.8
’g 4 4
g o7 071
S 06 0.6
1 > 1
§os 2y -
D 0.4 x-7‘ 0.4 5 x
3 03] 0.3 B ) 4
o 7] O ] *
0.2 0.2
0.1 0.1

o —
0.0 01 02 03 04 05 06 07 08 09 1.0 00 01 02 03 04 05 06 07 08 09 10

C D
1.0 1.0
09| 09|
08| 08|
= ]
$ 0.7 0.7
é 0.6 0.6
2 054 1 g 0.5 ¢
St o f s
D 0.4 L 0.4
5] 1
3 034 03]
0.2 Ox * 0.2
0.1 0.1

00— 00—
00 01 02 03 04 05 0.6 07 0.8 09 10 00 01 02 03 04 05 06 0.7 08 09 10
score(player) score(player)

Figure5.20: Comparatie AverageUtility For Mixed1Stratgiesin ShortTermDeadlines.A) Benchmark

B) Oppositionincreased};, C) Playerincreased?; D) Both Decreased);.

the outcomeghatlie on the constant-suntine areof relatively highervalueto the player. This patternis
expectedfrom hypothesi® sincewith higherQ valuesthe opponent is moreconcessionarjor conceder
strat@yies (linear, conceder, tit fortat). This meansthat a shift shouldoccur away from the opponent
referencepointandtowardsthe player.

The secondobsenationis thatthe changein the ervironment(increased?, for the opponent) pro-
ducesmorebreakavay final outcomeutilities from the constant-suntine thanthe benchmarlexperiments.
Furthermorethe obsenationcloselyresembleshe outcomedistribution of pure-stratgy experimentssup-
portingthe secondpart of hypothesi®—unequalweightingsof tacticsby eitheragentresultin moreout-
comesthatlie off the constant-sunine. Again, like the pureexperimentshe breakavay pointsconsistof
encounterbetweeratough opponent andatough, linear or titfortat player.

Hypothesis9 is given symmetricsupportwhenthe player hasa higherQ valueandthe opponent is
specifiedby the benchmarkvalues. This ervironmentis describedoy the independentariablesin figure
5.13. Resultsare shown in figure 5.20 C, the corverseof 5.20 B. Onceagain,thereis an elasticity of
datapoints,but in an oppositemannerto the previous ervironment. However, therelatve movementsare

moretowardsthe opponent this time (opponent statisticalaveragefor outcomedying on or closeto the
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Figure5.21: Comparatie Final Joint AverageUtility For Mixed1 Stratgiesin Long Term Deadlines.A)

BenchmarkB) Oppositionincreasedl;, C) Playerincreased?; D) Both Decreased;.

constant-sunfine increasedrom 0.436 to 0.51 with a standarddeviation of 0.109). As before,the only

breakavay pointsareencountergnvolving atough player.

Hypothesi®D is positively supportedvhenbothagents'ernvironmentsarechangedrom thebenchmark
ernvironmentto onewherethevalueof Q; is decrease(from thebenchmarkevel) to alevel whereall other
tacticshave moreof aninputin decisionmaking (independenvariablesshavn in figure 5.14). Thefinal
outcomesacrossall stratgiesalmostcornvergeto the referencepoint (figure 5.20 D), correspondindo a
total final joint averageutility of 0.497 with a standarddeviation of 0.015, the loweststandarddeviation
in theresultsthusfar. Thus,the more equalthe weightingof all tactics,by both agentsthe morecloser
thefinal agreemenis to the mid-pointof the intervals. This is becausesometacticsfunctionto reachthe
minimum of theinterval values(conceder, linear), whereaothersfunctionto remainat the maximumof

interval values(tough, tit f ortat). Theresultantpositionreacheds the mid-pointof theinterval.

Overall, the resultsimply the causalrelationshipthati) a combinationof tacticsoutperformspure
stratgiesandii) a nearequalcombinationof the possiblesetof tacticsby both agentsresultsin better

socialoutcomegfigure5.20,D)thana differentialcombinationpolicy of tactics(figure5.20,A, B, C).
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Figure5.21shows the samesetof experimentalervironmentsasfigure 5.20,but now the deadlineto
reachanagreemenis extendedrom ashortto alongerterm. For thebenchmarlcasegheoutcomegurther
supporthypothesis8 and9. The resultsare now moreevenly distributedalongthe constant-suntine and
with lessbreakaggwith the exceptionof (tough, tough) encountersjhanshorttermdeadlinegsummed
total averageof 0.51 with a standarddeviation of 0.096). The implicationsof this obsenation are that:
i) whengiven enoughtime to negotiate, the stratgies are almostuniquely distinguishedby the solution
pointthey reach(hencea moreevendistribution of outcomesyndii) the sumof thesedealsareall almost
1.0. Whereadn pure-stratgy experimentsan increasein time deadline(figure 5.19 A and B) doesnot
significantlyincreasehe sumof thejoint outcomegresultingin outcomeshatlie below the constant-sum

line), the samechangean the ervironmentresultsin betterjoint outcomes.

The sameelasticitypatternis obsenedaspreviously wheneitherthe opponent or the player negoti-
ateswith higher{) values shown statisticallyby anincreasen averageutility for theopponent from 0.414
(standardleviationof 0.079) to 0.50 (standardieviation of 0.13) betweerfigures5.21B andC respectiely.
Onceagain theoutlying outcomesareencounterdetweerstratgiesthatareslower to reachthe crossover

point of offers.

Finally, onceagainthe bestoutcomesare obsenedwhenboth agents’ervironmentarechangedrom
thebenchmarlervironmentto onewherethevalueof Q2 is decrease{from thebenchmarkevel). Again,the
final outcomesacrossll stratgiesalmostall corvergeto thereferencepoint (figure5.21D), corresponding
to atotalfinal joint averageutility of 0.499 with astandardieviationof 0.017. Thesecombinedbsenations
shavn in figures5.20D and5.21D imply thatoutcomescannotbe distinguishedvhenboth agentsadopt
an almostequalweighting of possibletactics(low valuesof Q for stratgy magnitudes).This meansthat
outcomesareindependendf the stratgiesthe agentsselect(a collapseof all pointson to the referencg
Thisis becausaill stratgiesin this environmentaredefinedasanalmostequalweightingof tactics,where
the differencebetweenthe weightingsfor eachstratayy is insignificant. Henceall stratgjies are almost
equalwith smallvariations(shavn in the databy the magnitudeof the standarddeviation of the results).
The expectationfor this resultis statedin hypothesis8; in this ervironmentthe point of the crosswer
betweerthe offersis reachedy almostequallycombiningthe suggestionsf all tactics. Thuswhereaghe
boulware tactic may suggestlifferentoffers, its input is approximatelyonly onequarteror, at maximum,
athird of thefinal decision([0.23, 0.3], seefigure 5.14). On the otherhand,the concessionarjacticsmay
suggestoncessiomatesthat arevery differentto a boulware tactic, but nonethelesthey arealsoonly a
quarteror a third part of the final decision. The overall effect of the stratgyiesin this ervironmentis an
equalintegrationof the suggestion®f differenttacticsinto a singleconcessionmate. In so doing, eachof
theindividual differencedetweertacticsareignoredandanen combinedconcessiomateis computed As

will be shawn later, this hypothesisthatin this ervironmentstratgiesintegratedifferentconcessiomates
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into a singleconcessionaryate,is supportedy analmostconstantcommunicatiodoadacrossall strateyy

pairingsshown in figure5.26.

5.4.4.3 Mixed2Stratgy Utility Results

The expectatiorfor theresultsof theseexperimentsaaresummerisedby thefollowing hypothesis:

Hypothesis10: Modificationof a strategy during the courseof negotiationwill resultin higher

valuedandfairer socialoutcomeshannon-modification.

This hypothesisstatesthat the combinationof i) consideringa numberof tacticsin decisionmakingand
i) modifying this considerationshouldresultin outcomeghatmaximizethe equityjoint utility of theout-
come.Thisis expectedbecausehe updaterule shouldchangehe weightsof eachtacticin suchaway asto
reachthe crossoverin the contractscoreaccordingto how closethe offersareto oneanother Thus,atthe
beginningof negotiationit is expectedhatoffersaredissimilar Thedegreeof dissimilarityin turndepends
on the startingpositionof the resultantshovn in figure 5.10 (or theinitial I' matrix). However, the resul-
tantis incrementallyadjustedaccordingo rule 5.2 whoseactionsaredependentn theevolving similarity
betweerpffers)towardsthetoughendof thespectrum(Q2) by bothagentsasoffershecomemoresimilarto
oneanother This processontinuesuntil offerscorverge. Thus,if bothagentsareimplementingule 5.2for
updateof weightsandtheir interval valuesareperfectlyoverlappingthenfinal outcomesshouldbe closer
to thereferencepoint thanmixedlstratgies. The obsenedfinal joint averageutility outcomesareshovn
in figure 5.22for dynamicstratgjies(mixed2)in shorttermdeadlines.The overall obsenationfor all the
Q variations(independentariablesshovn in figures5.11,5.12,5.13,5.14)is thatall of the outcomesare
distributedon the constant-sunfine with no breakavay points. Theaverageof theutility distributionsalong
the constant-suniine arenow 0.50, 0.489, 0.533 and0.488 for benchmarkppposition, player andboth
decreasefl levelsrespectiely, with standardieviationsof 0.0866,0.123,0.10 and0.035 respectiely. The
sameaveragedor mixedlstratgieswere0.479, 0.384, 0.436 and0.497 for benchmarkepposition, player
andbothdecreasefl levelsrespectiely. The combinedobsenationsthatthereareno outlying breakavay
outcomeghenceall outcomesaremaximized)andthereis anincreasedinal joint averageutility distribu-
tion aroundthe referencepoint (hencehigherequitableoutcomes)givessupportto hypothesislO. Thus,
changingstratgiesin shorttime deadlinegesultsin betterjoint outcomeghana mixed1stratey. For ex-
ample,atough mixedlstrategy throughouthe negotiationresultsin breakavay points,but changingfrom
beingconcessionarto atoughtype stratejy resultedn bettersocialoutcomes.

Finally, figure 5.23shaws theresultsfor the samesetof environmentsbut for longerterm deadlines.
Onceagainthereareno breakavay outcomeswith averagedistributionsalongthe constant-suntine values
of 0.509,0.448,0.557 and 0.499 for benchmark opposition, player increased? andboth decreased?
levelsrespectiely, with standardleviationsof 0.04, 0.082,0.089 and0.0012. Theinterestingpointto note
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Figure5.22: Comparatie Final Joint AverageUtility For Mixed2 Strateyiesin ShortTerm Deadlines.A)
BenchmarkB) Opponentith 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 0.499 andstandardieviationsof 0.0012,
the lowestin the experiments). Thusin ervironmentswhereboth agentsweight their tacticsuniformly
(figure 5.23 D) thefinal outcomeis independenbf theindividual stratgies. This resultis expectedfrom
the combinationof hypothesi® of mixedlstratgiesandthe behaiour of the updaterule. Thatis, when
bothagentsnveighteachtacticalmostequally thentheinitial concessiomateto the crossover of valuesis
computedasthecombinatiorof bothconcessionargndnon-concessionatgctics,into auniqueconcession
ratethatis theresultantof the combination.This initial concessiomateis thenupdatedby therule givenin
equatiorb.2independentiypf thetypeof stratey, selectinga convergencepolicy to the crossover of offers

whichis dependentf the context (the similarity) of negotiation.

5.4.4.4 Pure-Stratgy CostResults

In thissectionthehypotheseandobsenationsoverthedependentariablecycles arepresentedor thepure
stratgyies. Recallthat, unlike the previous pure-stratgy experimentseportedn section5.3, the analytical

unit of theseexperimentds averagecostfor a pair of stratgjies,ratherthanacollectionof stratgies.
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Figure5.23: Comparatie Final Joint AverageUtility for Mixed2 Stratgiesin High Time Deadlines.A)

BenchmarkB) Oppositionincreasedl;, C) Playerincreased?; D) Both Decreased;.

Thedependentariablecycles directly measureshe communicatiorioad a strat@y incursduringthe
negotiation. The resultsfor mixed1and mixed2 stratgjies are presentedn the two subsequensections.
Due to legendspacerestrictions,the stratgy labelson the z axis have beenabbreviatedto b,1, ¢, t for
tough, linear, conceder andtitfortat strateies.

The intuitions and expectationsaboutthe communicatiorload of a pure strateyy are capturecby the

following hypothesis:

Hypothesis11: Pure strategiesthat concedecompaatively lessslowly will resultin corre-

spondinglyhighercommunicatiorcosts.

This hypothesids simply basedon the fact that sometactics(boulware or titfortat whenit encounters
boulware) approachthe minimum of the interval valueslessslowly, therebyprolongingthe negotiation
thread. The supportfor hypothesisl1 is givenin the obsened resultsof figure 5.24 A andB, shaving
the obsened communicatiorioad for differentpure-stratgy pairingsin shortandlong termdeadlinege-
spectvely. The first supportfor the hypothesiss deducedrom the inverseobsenation that encounters

betweerary stratgly anda conceder resultin fewer exchange®f offersthanothercombinationsindepen-
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Figure5.24: CommunicatiorioadsFor PureStratgies.A) ShortTermDeadlineB) Long TermDeadlines.

dently of the ervironment. Furthermoremore offers are exchangedn longerterm deadlines.However,
whereasn mostpairingsthe amountof communicationincreasesvith increasingtime limits, encounters
with aconceder resultin almostconstantommunicatiorioad. Thatis, encountersvith a conceder result
in the samenumberof offer exchangesndependentlyof thetime limits. Finally, positive confirmationof
hypothesisl1 is obtainedwith the obsenationthatthe highestnumberof offersexchangeds betweerthe
tough andtitfortat pairings,the samepairingsin thefinal joint averageutility obseneddatathatexhibited
breakavay patternsfrom the constant-suniine (figure 5.19). Taken together theseresultsindicatethat
encounterbetweerpurestratgiesthathave a slower rateof approactto theinterval valuesnot only result

in poorersocialoutcomesbut alsoincur a high communicatioroverhead.

5.4.4.5 MixedlStratgy CostResults

The intuitions and expectationsaboutthe communicationoad of a mixed1 stratgjiesare capturedoy the

following hypothesis:

Hypothesis12: In thegenel case a strategy that combinegacticswill resultin anincreased
numberof nggotiationrounds.Specificallythe amountof communicatiorusedis a functionof

theamountof mixture involvedbetweertacticsthat read intervalsslowly or rapidly.

Theabore hypothesiss basedntheexpectationthatwhenonly asingletacticis selectedor generatiorof

offers(apure-stratgy) then,asconfirmedn theprevioussectionthosetacticsthathave aslowerconcession
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rateto theinterval valueswill resultin a highernumberof offer exchangesHowever, whentacticswith a
differentconcessiomateto the interval valuesarecombinedthenthe numberof exchangewill generally
be greaterthanthe purestratgyy case.A highernumberof exchangesareexpectedbecauseoncessionary
tacticsare now combined,to somedegree,with less concessionaryacticslike boulware andtitfortat.
Therefore sinceeachstratgy hasan elementof lessconcessionarpehaiour thenmore communication
is to be expected. This is a generalhypothesissincethe specificnumberof offers exchangedlependn
the “amountof this mixture” (or I' matrix) policy of the strateyy. The overall expectationis that fewer
exchangesof offers are likely when both agents‘move” the resultantforce (figure 5.10) of their tactic

combinationfrom a boulware tacticto a conceder tactic.

Figure5.25A, B, C andD shaw theobsenedresultsfor thecommunicatiodoadof pairingsof mixed1
stratgy typesin shortterm deadlinegfor benchmarkppposition, player increased?; levels andboth
decreased); levelsrespectiely). Hypothesisl?2 is not supportedn shortterm deadlines.The obsened
datasuggestssimilarly to pure stratgies,thatin shorttermdeadlinesvirtually all the encounterdetween
all the differenttypesof stratgjiestake the samenumberof cyclesto complete.This is alsoobsenedfor
mized2 experimentgseefigure5.27A, B, C andD) which aredescribedn the next section.This resultis
dueto thesmallwindow of opportunityconstraininghetime within which stratgyiesmustreachadeal(this
sub-hypothesiss supportecby the obsenationthatin comparatrely longerterm deadlinesstratgjiesare
differentiated seefigure 5.26). Becausehis “window” is smallall stratgiesusealmostall of thelimited
time to searchfor deals. A shorttermdeadlineis definedas2 — 10 ticks of a discreteclock. Therefore,
stratgyieshave on average4 ticks of a clock to reacha deal. As shavn in figure 5.25,nearlyall stratgjies
“consume”this availabletime. Therefore,a betterdifferentiatorof stratgiesin shortterm deadliness
not the communicatioroad of the stratgies,but ratherthe numberof dealsreachecr their utilities, or a
combinatiorof both. Thisresultis carriedoverto otherstratgies,wherein shorttermdeadlineshenumber
of eycles in negotiationis independenbf not only the pairingsof the stratgieswithin a given type of
strat@y (pure,mixedlor mixed2),but alsoacrosdifferenttypesof stratgies. Therefore communication
load cannot be usedas a decisioncriteriain shortterm deadlines.The agentmay rely insteadon other
relevantcriteriasuchastheintrinsic utility of the outcomeor the numberof successfutiealsreached For
example,if theutility of dealsis usedasadecisioncriteriafor which strateyy to selecthen,asshavn by the
resultsin figure 5.22,a mixed2strat@y canleadto bettersocialoutcomesA significanteffect of stratgy
pairingsonthecommunicatiodoadis obsenedin patternsof datafor longertermdeadlinegor bothmixed1
andmixed2experimenttypes(figuress.26and5.28respectrely). Theclaimthatthe numberof exchanges
in amixedlstratgy will geneally begreaterthanthe pure-stratgy caseis supportedy anincreasedotal
averagenumberof cyclesacrossall stratgies. Quantitatvely, thetotal averagenumberof cyclesacrossall

stratgiesare 17.18 for purestratgies(figure 5.24B) and22.58 for benchmarkmixedlstrateies(figure



Chapter5. Empirical Evaluation

208

A B
40.07 40.0 7
36.0 36.0
32.0 32.0
[%2] | ]
2 280 28.0
g ] ]
O 2407 24.0
- ] ]
© 2001 20.0
(9] 4 ]
£ 160 16.0
=} ] ]
Z 1209 12,0
8.0 8.0
el | et 111
co MRt o I i
gEBBE§£=Q=§§gUSSE<§e=B= gﬁgﬁgg£=s=§§gsgsgge=e=
C D
40.0 40.0 7
36.0 36.0
32.0 32.0
[} ] ]
@ 2807 28.0
[] 4 ]
3 240 24.0]
= ki ]
© 20,01 2007
2 1607 160
§ ] ]
> 1209 12.04
8.0; 8-05
4.0{| I 409
oo I by b S i 1
gsgs§§£=s=§ggags§<§ezez g335§§£=22§§g636§§8385

Figure 5.25: Communication_LoadsFor Mixed1 Strategjiesin Short Term Deadlines.A) BenchmarkB)

Oppositionincreasedl;, C) Playerincreased?; D) Both Decreased};

5.26 A). Hypothesisl2 is further supportedby the obsenationswhenthe opponent (or corverselythe
player) hada higher(2; level thanthe benchmarkervironment(figure 5.26 B and C respectiely). This
ervironmentteststhe propositionthat the specificnumberof offers exchangeddependson the “amount
of mixture” involved (or I' matrix) policy of the stratgyy. Comparedo the benchmarkcase,increasing
vi; (moving towardsa ;; array distribution that resemblesnore closely the pure-stratgy ;;), causes
tacticsthatapproacttheir interval quickly (or slowly) to decreaséor increasethe communicatiorioads.
For example,increasingthe v;; of a conceder tactic from the benchmarlkcaseresultsin a lower number
of exchangesn negotiation(figure 5.26 B). Corversely increasinghe v;; of a boulware tactic from the
benchmarlcaseresultsin anincreasedumberof exchangesn negotiation(figure 5.26 B). Note alsothat
thelatterencountersrethe groupof pairingsthatexhibited breakavay from the constant-suntine (figure
5.21B).

Theresultsof mutualanduniform integrationof concessionartacticswith lessconcessionartactics
by bothagentdn longtermdeadlineervironmentss shavn in figure5.26D. Theexpectatiorthatthecom-
municationoadof mixed1stratgiesspecificallydepend®ntheamountof “mixture” of tacticsis positively

supportedn figure5.26D, whereanequalcombinationof concessionargndnon-concessionamacticsre-
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Figure5.26: CommunicationLoadsFor Mixed1 Stratgiesin Long Term Deadlines. A) BenchmarkB)

Oppositionincreased;, C) Playerincreased?; D) Both Decreased;.

sultin anincreasen communicationcostsof concedetype stratgyiesand a decreasén communication

costsof tougherstratgies.

5.4.4.6 Mixed2Stratgly CostResults
The intuitions and expectationsaboutthe communicationload of mixed?2 stratgjies are capturedby the

following hypothesis:

Hypothesis13: In thegenerl case dynamicallychangingstrategiesin the courseof negotia-
tion, accoiding to somesubjectivefunction,will resultin fewer negotiation roundsthan static

strategies.

Hypothesisl3 hasessentialljthe sameform ashypothesisl2. However, the differencein the predictionis
thatin thegeneraktasea mixed2strategy will resultin fewerexchange®f offers. Thatis, in thetypesof en-
vironmentsconsideredn theseexperimentsthe modificationof theT" matrix accordingto somesubjectve
function(herethepercevedclosenesbetweerpfferedcontractshouldresultin fewer exchange®f offers
sincetheinterval valuesof agentsareperfectlyoverlapping.If theinterval valuesareperfectlyoverlapping

andagentsgyin their offersatthe maximumof theirinterval values thensubsequentffersshouldquickly
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Figure5.27: Communication_LoadsFor Mixed?2 Stratejiesin Short Term Deadlines.A) BenchmarkB)

Oppositionincreased;, C) Playerincreased?; D) Both Decreased;.

becomemoresimilar whenat leastoneagentmakesa concessionOffers becomesimilar quickly because
the updaterule 5.2 giveshigherweightingsto concessionaryacticswhen offers are not closeto onean-
other In essencéhe updaterule modifiesthe behaviour of eachstrateyy with anotheitactic (concessionary
or retaliatory)accordingo the percevedclosenessf offers. If distancedbetweercontractarelargethena
tacticthatconcedess givenhigherimportance As the offersapproactoneanotherthe similarity between
offersincreasestesultingin a higherweightingfor boulware tactics. The overall effect of thesetwo rates
of approactis to quickly approactthe mid-pointof theintervals, followed by a slower rateof concession
until acrossover of offersoccurs.In amixedlstrat@y, ontheotherhand therateof approactio mid-point
is constant.For example,a toughstratgy in mixedlconsistsof approachingheinterval at a ratethatis
constanandslow. Thisshouldnaturallyresultin moreexchange®f offersthananequivalenttoughmixed?2
strat@y whosebehaiour is to conceddnitially (becauseontractsaredissimilar—rule 5.2), but become
toughasoffersbecomemoresimilar.

The obsenationsandexplanationof the resultsfor the shortterm deadlineernvironment(figure 5.27)
have alreadybeendescribedn the sectionabove. Figure5.28 shaws the final obserned communication

resultsfor the mixed2 stratgjieswith long term deadlines.The comparatie datafor benchmarkcasesof
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Figure5.28: CommunicatiorLoadsFor Mixed2 Stratgiesin Long Term Deadlines. A) BenchmarkB)

Oppositionincreased;, C) Playerincreased?; D) Both Decreased;.

mixedlandmixed2(figures5.26A and5.28A, respectiely) supportshypothesisl 3. For example,atough
mixed2 stratgy engagesn lesscommunicatiorthan an equivalenttough mixedlstrategy. In geneal, a
mixed2stratgy reachesan outcomein fewer roundsof negotiation. Statisticallythe final sumaverageof
communicatiorcyclesfor all benchmarkmixedl stratgies (the generalcase)is 22.75, comparedo the
final sum averageof 16.3 for the benchmarkmixed?2 stratgjies. This patternis also repeatedor cases
when ), of eitherthe opponent or the player is increasedfigures5.28 B and C respectiely. Finally,
thereis no significantobseneddifferencein communicatiorusagebetweermixedlandmixed2stratgies
whenbothagentsveightthe tacticssmoothlyandalmostequally (figures5.26 D and5.28D respectiely).
This result,in combinationwith othersshawvn in figure 5.28 A, B and C, suggestghatwhentacticsare
mixed equivalently, offersarecloserto the mid-pointof the crossover (supporteddy thefinal joint utility
obsenationsin figure5.23A, B, C andD, wherethefinal outcomesarevery closeto the referencepoint).
Hencethe updaterule modifiesall stratgjiesslowly (a boulware tactic) until crossoveris achieved. This
suggestthat deliberationover which combinationof tacticsto usewill resultin bettersocial outcomes

(figure5.23A, B, C andD) thana staticpolicy, andthis canbe achievedat the samecommunicatiorcost.
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5.4.4.7 Summaryof Stratgjic ExperimentResults

Theaboveresultsfor thethreeexperimentaklassegonfirmtheinitial propositionof theexperiments—that
dynamic strategies > static strategies > pure strategies, for the experimentaldependenvariables
intrinsic utility andcycles.

The utility resultsshav that decisionmakingusing pure stratgjies, whenviewed from a global per
spectve (theequityor maximizationof joint utilities representetly thereferencepoint), resultsin themost
variablesetof utility outcomes.However, whentacticsare mixed, but constant(mixedl stratgy), there
aresignificantly lower variationsin final averageutilities. Furthermorea more equalweighting by both
agentgesultsin final outcomeghat mostincreasehe maximizationof equitableoutcomeslin sum,asthe
mixture of tacticsis mademoreequalby bothagentsthenthe closerthefinal outcomegetsto thereference
point. Finally, changingthis initial consideratior{mixed2stratayy) resultsin the highestmaximizationof
equitableoutcomes.

Onceagainthe variability of the communicatioroad of the strateyy is highestin the purecase.This
canbe seenby the fact that concedelpure stratgiesresultin lesscommunicationoad and, corversely
atoughstratey resultsin relatively more communication.In the caseof mixedlstratgies,on the other
hand,this variability in communicatioracrossstratgiesbecomeglependenbn the amountof mixture of
thetactics. Thustheresultsshav thatwhenanagentplaceshigherweightingon concessionartactics,the
communicatiodoadis minimal (alsoindependenthof time limits). Corversely almostall of the commu-
nicationresources usedby agentsvhenthey placemoreweightonthelessconcessionartactics.Medium
communicationoad,andlessvariability acrossstratgies,is obsenedwhenboth agentsaveighteachtactic
equally Finally, adynamicstratey accordingo thepolicy thatthe concessionactic begivenmoreweight
whenoffersarenot similarto oneanotheyresultsin theleastoverall communicatiomesourcausage.

Overalltheimplicationsof theseresults from theperspectie of configuringanagentusingthewrap-

perwith thecurrentsetof availabletactics,is thatthe agentdesigneishouldexpectthe following:

e Pure-stratgieshave the largesteffect on the interactions. Specifically if anagentis configuredto
interactwith a pure-stratgy thenvariability shouldbe expectedin: i) thefinal utility of outcomes,
with only afew combinationf pure-stratgiesresultingin bettersocialoutcomesandii) theoverall

communicatiorcosts.

¢ If anagentis configuredto interactwith a mixedandstaticstratgy thenthe designershouldexpect:
i) lessvariability in thefinal utility of outcomeswith relatively morepairingsof mixedstratgiesre-
sultingin bettersocialoutcomesbutii) with ahigheroverallcommunicatiorcostthanpure-stratgies
becauseoncessionargndnon-concessionangacticsarenow mixed (therebyincreasinghe overall

communicatiorcost).



5.5. Trade-of Experiments 213

e |f anagentis configuredo interactwith amixedanddynamicstratey (givenby theupdaterule 5.2)
thenthe designershouldexpect:i) theleastvariability in thefinal utility of outcomeswith relatively
morepairingsof mixedstratgjiesresultingin bettersocialoutcomegshanpureor staticstratgyiesand
i) aninvariant,andalmostaverage overall communicatiorcostwhencomparedvith pureor static

strateies.

5.5 Trade-off Experiments

The previous two sectionsempirically investigatedthe behaviour of the responsie mechanism.In this
sectionthetrade-of componentf thewrapperis empirically evaluated.The aim of theseexperimentss to
evaluatethe kernelof the trade-of algorithm(presentedn section4.5.2.3)by investigatingts parametes
in generatinga single offer. Thereforetheseexperimentsare intendedto discover the behaiour of the
algorithmandassistnegotiatingagentdesignersy providing guidelinesaboutthe possibleoutputsof the
algorithmgiventheinputsthatneedto be suppliedby the designer This inputis the informationanagent
hasaboutthe otheragentandit needsto be provided by the designeras knowledgein the acquaintance
model (AM) componentof the wrapper shovn in figure 1.1. Theseexperimentswill be referredto as

single-ofer experiments.

The next section,in turn, reportson the experimentsthat evaluatethe processof negotiationwhen
agentausea combinationof, throughthe useof meta-stratgies,trade-of andresponsie mechanismsThe
procesf bothagentssolely makingtrade-ofs cannot be investigateecauseegotiationwill alwaysbe
unsuccessfulMaking trade-ofs meansoffers have non-diminishingscores hencecrossover of offers, a
conditionfor acceptinganoffer, cannotoccur Thereforethe designeof anagentis providedwith ahigher
level interactionanalysisof the behaiour of the trade-of mechanisnwhenit interactswith acombination

of othermechanismsTheselatterexperimentsarereferredto asthe meta-stategy experiments.

Whereaghe aim of the single-ofer experimentss to investigatehe kernelof thetrade-of algorithm,
in the meta-stratgy experimentghe subjectof theinvestigationis the dynamicsof the trade-of algorithm

wheninteractingwith othermechanisms.

5.5.1 Experimental IndependentVariables

Theexperimentaindependentariablesarereportedn this section.Boththesingleoffer andmeta-stratgy
experimentsharea commonsetof independentariablesthereforeto avoid repetitionin thenext section,
thesetof sharedndependentariabless presentedh section5.5.1.1belov. Next theindependentariables

unigueto thesingle-ofer experimentsarepresentedn section5.5.1.2.
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5.5.1.1 ExperimentalndependenYariablesfor Both Single-Ofer
andMeta-Stratgy Experiments

The nggotiationervironmentis left unalteredfrom the dependenvariablesdescribedn the stratey ex-

periments(figure 5.8) in order to assistthe comparisonof the resultsbetweenthe trade-of and meta-
strat@y experimentswith the responsie experiments presentedearlierin section5.4.4. Briefly, the en-
vironmentin the single-ofer and meta-stratgy experimentsconsistsof bi-lateral negotiationsbetween
agentscategorically labelled as player and opponent, who negotiate over multiple quantitatve issues
[price, quality, time, penalty]. Theinterval valuesfor theseissuesare perfectly overlapping(seeequa-
tion 5.1). The player assigng0.1,0.5,0.25,0.15] andthe opponent assigng0.5,0.1,0.05,0.35] asthe
importanceof theseissues.

Theotherinputvariablesof thetrade-of algorithmarethe discriminatorypower andthe magnitudeof
thedifferencebetweertheinputandoutputof thecriteriafunction(equatiom.6). Thecriteriafunctionused
(equation5.3) is the sameasthe one presentedor the responsieT" updaterule 5.2. Like the responsie
experimentse is alsofixedat0.1 for all issuesn orderto be quite discriminatory Also, differenta values
arefixedto be equalfor all issuespPrice = qauality — gtime — gpenalty — 1 goasto have linearcriteria

functions(h}s), having equaldiscriminationpower acrossheissues interval values.

5.5.1.2 Single-Ofer ExperimentalndependenYariables

Theindependentariablesthatarespecificto the single-ofer experimentsare:

1. the numberof childrengeneratedit eachstepin hill-climbing to the iso-cune (IV in the trade-of
algorithm,section4.5.2.3)

2. thenumberof stepstakento reachtheiso-cune (S in thetrade-of algorithm,section4.5.2.3)

3. theinformationthatis availableto anagentregardingtheimportancegor weight)theopponenplaces

on eachissuein computingthe contracts value(equatiord.5)and
4. theopponent's andplayer's lastoffers(z andy in equatiord.4).

Valuesfor thefirst andsecondvariablescontroltheamountof searchperformedby thetrade-of algorithm.
Experimentsarerun wherethe numberof childrenareselectedrom the set{5, 100, 200}. The numberof

stepgo theiso-cuneis selectedrom theset{1, 40}. Theconcretenumbergor boththenumberof children
andthe numberof stepsto theiso-cune individually signify very little. However, the significanceof these
valuesis the relative relationshipbetweenthem. Thus more computationis involved whenthe trade-of

algorithmgenerate200 ratherthan5 childrenat eachiteration,or whenit takesa larger numberof steps
to theiso-cune. The expectationaswill be shavn below, is thatmorecomputatiorshouldresultin better

outcomes.
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Thethird independenvariableattemptsto calibratethe relationshipbetweenthe performancef the
trade-of algorithm(in particular how similarity is computed)givenan agents subjectve estimatef the
likely importanceweightingsof the otheragent. This subjectve estimationover others'weightsis stored
asinformationin the AM componentof the wrapper Thus, to computewhethertwo offers are similar,
anagenthasto make somesubjective, andpossiblyincorrect,decisionabouthow the otherviews theim-
portanceof anissue. Specifically in single-ofer experimentsan agentcan have either perfect, partial,
imperfector uncertaininformationon how the otheragentweightsthe issuesthat areinput into its simi-
larity function (equatior4.5). The agentchosento performthe single-ofer tradeof is the player. Then,
in experimentswith perfectinformation, the algorithm,in computingsimilarity, is giventhe opponent’s
weightsfor differentissueg(i.e. [0.5,0.1,0.05,0.35], cardinally correctinformation). Partial information
gamesare wherethe algorithmis giventhe correctorder of importancebut not the actualissueweights
(i.e.[0.7,0.09,0.01,0.2], ordinally correctinformation).Imperfectgamesepresenthe situationwherethe
algorithmis givenincorrectinformationaboutthe other’s weights(i.e. [0.1,0.2,0.5, 0.2], incorrectinfor-
mation).Finally, uncertainnformationgamegepresentasesvherethealgorithmis givenundifferentiated
weightsfor eachissue,in this case[0.25,0.25, 0.25, 0.25]. The outputof the trade-of algorithmcanthen
beassessedhensuppliedwith differenttypesof information.

Thefinal independentariablesin theseexperimentsaretheinput contractse andy (seeequatioré.4)
representinghe player's andthe opponent’s lastoffer respectiely. Giventheinterval valuesin equation
5.8, contractz is setto [15, 28, 25, 8] andy to [18, 10,45, 3]. Giveneachagents weightsandtheir linear

scoringfunction (describedn section5.4.2.2) theagents valuationof thesetwo contractsare:
yPlaver () = 0.835, VPIOVer (3) = 0.195

Vopponent (.’I}') — 0344, Vopponent (y) =0.8

meaningthatnegotiationcancontinuesincethereis no crossover of offersyet, eachagentstill preferstheir

own offer overthe other’s latestoffer.

5.5.2 Experimental Procedure

The experimentalprocedureconsistsof inputting two contracts representing: andy, into the algorithm
underdifferentcombinationof the otherthreeindependentariables(numberof children,numberof steps
to theiso-cune andtheinformationlevels)andobservingheutility executiontraceof thealgorithmfor an
offer from the player to the opponent. All input contractyxz andy) aresubjectto the generalconstraint
that VPlaver(y) < Vplaver(g) and Vorponent () < Y/opponent(y)  This ensuredrade-of is possibleby
ruling outall thosecontractghatarealreadyof ahighervalueto eitherparty. A controlsetis alsogenerated
by choosingthe preferredchild randomlyat eachstepapproachinghe iso-cune (asopposedo usingthe

similarity criteria).
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5.5.3 Hypothesesand Results

The hypothesisn a single-ofer experimentis givenin termsof theinput andoutputof thetrade-of algo-
rithm. Theinputis thesetof importancewveightsof the otheragent(perfect,partial,imperfectandrandom)
andthe outputis a contractthat hasthe samescoreto the agent,but someotherscoreto the otheragent.

Specifically the hypothesiss:

Hypothesis15: Thegreatertheexploration of thespaceof possibledeals thebetterthe output

of thealgorithmfromthe perspectiveof the otheragent.

Furthermoe, the quality of the algorithm’s output(the scole of the contract to the opponent)
is directlydependentn the quality of informationinput—thebettertheinformation,the better

the outcomeguality.

The hypothesissimply statesthe intuition that a more refined searchof the possiblespaceof contracts
shouldresultin selectingandoffering a contractthathasmorevalueto the otheragent. Furthermorethis
searchshouldbe directly affectedby the informationthe algorithmhasaboutthe othersissueimportance
rankings.

Figure 5.29 andthe top row of figure 5.30 show the resultsof varying, underdifferentinformation
inputs,the numberof childrengeneratedn single-ofer experimentswhenthe numberof stepsto theiso-
curveis setto 40. Thebottomrow of figure 5.30representshe casewherethe numberof childrenis set
to 100, but thetrade-of algorithmcomputegheiso-contracin a singlestep. The dot-dasHine represents
the executiontraceof the randomcontrol, the solid line emanatingrom y the similarity basedtrade-of
executiontrace,andtheline joining (0, 1) to (1, 0) the pareto-optimaline. The outputof thealgorithm,z,
is shavnin figures5.29and5.30asanunfilled circle andsquarefor thealgorithmthatselectghenext child
in eachstepbasecdbn similarity or randomcriteriarespectiely.

Threemajor patternsare obsenedthat directly andindirectly supporthypothesisl5. Direct support
is given by thefirst obsenationthatwhenmoving to theiso-cuneif the spaceof possiblecontractss not
exploredsuficiently, 5 children(figure 5.29top row) or 1 step(figure 5.30bottomrow), thenthe gainsof
the opponent areat bestinsignificantandat worst negative. More specifically only whenthe player has
perfectinformationaboutthe opponent’s evaluationsandthe trade-of mechanisnoperatesn 1 stepwith
100childrenwill themechanismmprove the offer (from the opponent’s perspectie) (figure5.30E). The
next bestcontractfor the opponent is whenit hasthe samevalueasz (figure5.29A). All othercontracts
generatedy the player whennot fully exploring the searchspace(figures5.29B,C,D and5.30F) have
lower valueto the opponent thanz.

However, the opponent’s benefitincreasesas the algorithm performsmore search(from 5 to 200

childrenin 40 steps—figureés.29top row [5 children],bottomrow [100 children],andfigure’5.30top row
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Figure5.29: Tradeof Algorithm Experiment:Datafor 5 Childrenin 40 StepgFirstRow) and100 Children
in 40 Steps(SecondRaw). A) & E) Perfectinformation,B) & F) Imperfectinformation,C) & G) Partial

Information,D) & H) Uncertaininformation.

[200 children]). Thus,generatingnorechildrendoesindeedincreasehe utility of the opponentHowever,

the datasuggestghereis a point above which generationof more children doesnot increasethe utility

of the opponent. This is obsered in the lack of ary significantdifferencebetweenperfectand partial
informationoutcomeswithin eitherthe 100 and200 children (40 steps)resultcategories(comparefigures
5.29E, F, G andH with 5.30A, B, C andD). Furthermorethe expectation,as statedby hypothesisl5,
thatthe moreaccurateheinformationaboutthe weightsof the opponent are,the betterthe contractscore
for the opponent is supportedy the obsenationthatthe utility to the opponent is indeedincreasedvhen
the algorithmis increasinglysuppliedwith morecorrectinformationaboutthe opponent’'s weights(seen
asincreasingutility) from incompleteto uncertainnformationclassesHowever, the hypothesiss retutted
for perfectandpartialinformationcasegcompares.29E with G or 5.30A with C). Thislack of significant
differencesetweencontractsselectedunderperfectand partial information conditionsindicatesthat the
algorithmrequiresonly partial orderinginformation, ratherthan perfectly cardinalorderings,in orderto

computeoutcomeghatarebetterfor the opponent. Thisis becausehe absolutedifferencesn magnitude
betweerthe perfectandpartialinformationclassess small ([0.5,0.1,0.05,0.35] — [0.7,0.09,0.01,0.2] =

[0.2,0.01,0.04,0.15]), resultingin input variablesthat are not significantly different. The chosenvalue



value(opponent)

value(opponent)

1.0

0.9 1
0.8 1
0.7 4
0.6 1
0.5 4
0.4 +
0.3 1
0.2 4
0.1 1

0.0
0.

1.0

0.9 4

0.8 1

0.7

0.6 4

0.5+

0.4 4

0.3 4

0.2 4

0.1+

0.0

0.0

Chapter5. Empirical Evaluation

218

1.0

0.9 1

0.8 4

0.7 4

0.6 4

0.5 4

0.4 4

0.3 4

0.2 4

0.1 4

0.0

1.0

0.9 1

0.8

0.7 4

0.6

0.5 4

0.4 -

0.3 1

0.2 4

0.1 1

0.2 0.4 0.6

0.8

0.0 0.2

1.0

0.4

0.6

0.8

0.0
0.0

<

®y

@ nash
—-similarity
>k random

0.94
0.8 ®
0.74
0.6
0.5+
0.4
0.3+
0.2

0.1 4

0.

-+

1.0

0.9 -

0.8 4

0.7 4

0.6

0.5 -

0.4 4

0.3 4

0.2 4

0.1+

*

0.2 0.4 0.6

0.8

value(player)

o
0.0 0.2

0.4

0.6

0.8

value(player)

0.0

0.0

0.8
value(player)

.0
0.0

.2 0.8
value(player)

1.0
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Information.

for the partialweightestimationcannot be madesignificantlydifferentfrom the perfectweightestimation
valuesbecausehe actualvaluesof the partial estimatesre constrainedoth at the upperandlower limits
by the perfectanduncertainveightestimatiorvalues.

Positive supporiabouttherelationshigbetweerthequality of theinputandtheresultanbutputis given
in the final obsenationthat,for all environmentsandvariablecombinationsimperfectinformation(figure
5.29B andF, andfigure 5.30B andF) resultsin significantlypooreroutcomedor the opponent thanall
the otherinformationclasses.This is only to be expectedsincethe searchis directedtowardserroneous
directionswhentheinformationsuppliedaboutthe otheragentis incorrect.

Note, in nearlyall casesthe similarity basedrade-of out performsthe policy of randomlyselecting
achild for the next steptowardstheiso-cune. However this patterndoesnot hold for the casef reaching
theiso-cunein onestepunderpartialanduncertairinformationenvironmentdfigure5.30G andH). Given
anoffer is generatedn 1 step,this is dueto chanceyatherthanrandomnesbeinga betterstratgy in this
type of ervironment(supportedoy the consistentlypoor performanceof the randomselectionstrateyy in
theexperimentsvherethenumberof stepsto theiso-cuneis setto 40, figure5.29C, D, G andH, and5.30
C andD).
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In summarytheseresultsindicatethatunlessagentsknow, atleastpartially, theimportancethe other
agentattachego anissue,thenthe bestpolicy for computingtrade-ofs is to assignuncertainweightings
to all issues.Theseweightingscanthenbe updatedby somelearningrule towardspartial or perfectinfor-
mationmodels,sincea) informationmodelsare privateandb) erroneougpredictionscanresultin poorer
outcomes.Furthermoregngagingn trade-of negotiation, particularlywith a high searchfactorby both

partiesresultsin higherjoint gains.

5.6 Meta-Strategy Experiments

The aim of theseexperimentsis to empirically evaluatethe influenceof meta-stratgiesthat individually

useor combineatrade-of mechanismandaresponsie mechanisnon;
1. thedynamicsof negotiation(section5.6.2.1)and
2. theoutcome(section5.6.2.2)of negotiation

Recallfrom section4.7 that a responsie mechanisnmimplementsa depth-firststratgy in the negotiation
state-spac€figure 2.3), wherethe depthvisitedis a function of concessiomate, which itself is a function
of the resourcedeft in negotiation, the time limits in negotiationand the behaiour of the otheragents.
Corverselythetrade-of mechanisntanexplore otherparentnodes’siblings,asopposedo the siblingsof
achild nodealone. A meta-stratgy is thenonethat combineseithersearchstrategyy towardsan outcome
(seefigure4.10). Theaim of theseexperimentss to empirically capturethe outcomeanddynamicpatterns
of the wrapperwhena combinationof mechanismsre usedfor interactions. Thesepatternscanthenbe
usedto form decisionruleswhich agentdesignerganuseto guidethemin the selectionof meta-stratgies.
Two typesof experimentsarereportedbelon. The aim of thefirst classof experimentss to analyze
the processof differentmeta-stratgy decisionmaking (namelysection5.6.1.1). Therefore the execution
traceof the differentmeta-stratgiesareobsenedfor a singlerun of an experiment.Consequentlynly a
singleoutcomeis obsenred. The aim of the secondsetof experimentssimilar to the strategy experiments
reportedn sectionb.4,is to analyzetheeffectof differentmeta-stratgy decisiormakingmodelsonthefinal
averagedoint utilities acrossa numberof differentervironments5.6.1.2. Theseobsenedfinal averaged
utilities canthenbeusedto deducegeneraktatementaboutthe meta-stratgy experimentgatherthantheir
behaiourin asinglerun. Againthis informationis a usefulguidelinefor agentdesignerdecausé canbe

usedto assesshegenerabehaiour of the givenmeta-stratgy set.

5.6.1 Meta-Strategy Experimental Variables

Theernvironmentof theseexperimentss equivalentto the previoussingle-ofer experimentsBriefly, theen-
vironmentconsistf bi-lateralnegotiationshetweeragentcatagorically labelledasplayer andopponent,

who negotiate over multiple quantitative issues|price, quality, time, penalty]. The interval valuesfor
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theseissuesareperfectlyoverlapping(seeequation5.1). The player assigng0.1,0.5,0.25,0.15] andthe
opponent assigng0.5,0.1,0.05, 0.35) astheimportanceof thesdssues.

In additionto the variationsin the typesof ervironments hew variablesareneededhatdefinemeta-
stratgyies. Thefirst offer of both agentsis generatedisingthe responsie mechanismsincethe trade-of
mechanisnrequiresat leastone offer from the opponent. After that, an agentfacesa choice of which
mechanismto select. Sincetherecanbe an infinite numberof metastratgies (asmary asthe potential
sequencesf choicesdbetweerresponsie andtrade-of typesof counterproposals)the metastrategiescon-
sideredin theseexperimentsarelimited to the set{responsive, smart, serial,random}. A responsie
meta-stratgy simply selectgheresponsie mechanisnior generatinganoffer throughoumnegotiation. This
is includedto comparethe trade-of mechanisnmagainstan agentthatalwaysconceden utility. The pa-
rametersof the responsie mechanismare setto produceconcessiorbehaiours, sincebeing responsie
ofteninvolvesconcessioni the light of ervironmentalneeds(e.g. time, resourceandbehaiours). A
smartstrategyy consistof deploying atrade-of mechanisnuntil theagentobsenesa deadlockin theaver-
ageclosenes®f offers betweerboth agents asmeasuredy the similarity function. Thatis, the distance
betweerthe offersis not reducing.Underthesecircumstanceghe valueof the previously offeredcontract,
Ve (z), is reducedby a predeterminednd arbitraryamount,here0.05, therebylowering the input value
of 8 into the trade-of mechanism.This valueis chosenasa concessionatethatis relatively lower than
the concessiomate of the responsie mechanisms.Thus,a concessiorin smartmeta-stratgy is a more
“cautious” concessiorthanits responsie counterpart.A serial stratgy involvesalternatingbetweenthe
trade-of andresponsie mechanismskinally, therandommeta-stratgy randomlyselectsbetweerthetwo

mechanismandfunctionsasthe controlmeta-stratgy.

5.6.1.1 Proces®rientedExperimentalndependenYariables

Theaim of the procesorientedmeta-stratgy experimentss to investigatethe dynamics,or a singleexe-
cutiontrace,of differentmeta-stratgies. Therefore the samplingof independentariablesis meaningless
sincethe processs obsenedfor only oneexecutiontrace. Thusthe independenvariablesfor responsie
andtrade-of mechanismsaswell astheassociatedime limits, areconstant.

In theseexperimentsthe parameterof the responsie mechanismare set as follows. The tactics
[boulware, linear, conceder, titfortat] aresetto [0.5,1, 5,1] for both agents. Thesevaluesreflectrepre-
sentatve memberof eachtactic class.For example,thevalueof g for a boulware tactic canrangefrom
valuesof 0 (beingvery tough)to 1.0 (beingalmostconceder).Therefore the value of 0.5 representan
averagetoughtactic. Thereis only onememberof eachof linear andtitfortat tacticsandthelimits of the
conceder tacticaretakento bebetweernl.0 (leastconceder}o 10 (the most).

The otherelementof the responsie mechanismthe strateyy, is setasfollows. Agentstratgiesare

of type mixed2(section5.4). Theinitial valueof the weighting of the tactics(I" matrix correspondingo
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theinitial stratgy) is setto [0.7,0.1,0.1,0.1] for both agents.Therefore both agentsnitially placemore
weighting on the boularetactic. A mutualtoughinitial strat@y is chosenbecauseaswill be shavn
below, agentdn subsequenterationsof negotiationmodify thisinitial stratey by a policy thatplacedess
weight on the boulwaretactic and more on the concedettactic. Therefore,to preventa fastapproacho
the interval values(large movementtowards0 alongthe x axis of the scorefor the player, for example,
in figure 5.23),andhencequick agreementghe initial stratgy is madeto betough,therebyallowing the
trade-of mechanismo operatgat higherutility values—operatingt valuestowardsl.0 alongthex axis
of thescorefor the player, for example,in figure5.23).

The modification policy is simply slowly increasingthe importanceof the conceder tactic asthe
threadof negotiationincreases.Note, this policy is differentto the onereportedin the previous section
(section5.4) that concededor remainedfirm accordingto the similarity betweenoffers. The policy is
that at eachiterationthe weighting of the conceder tacticis increasedy 30% and,correspondinglythe
weightsof the othertacticsareuniformly lowered. Thus,bothagentsegin negotiationastoughstrateyist,
but end up placing increasingimportanceon the conceder tactics. Therefore,the modification policy
is chosenindependentlyof the others’ offers andis dependenbn the length of the thread. This policy
is chosenbecausehe overall requiredbehaiour of the responsie mechanisnis concessionarybecause
the combinationof a concessionarynechanismanda trade-of mechanismthrougha meta-stratgy, can
equallyimplementthesimilarity basedstratgyy modificationpolicy. Thechoserpolicy will alwaysconcede
because¢he threadof the negotiationalwaysincreases.

The parametersf the trade-of mechanisnaresetasfollows. The explorationfactorof the trade-of
experiment,definedby the two independentariablesnumberof childrenand numberof stepsto theiso-
curve, aremadea constantat 100 childrenand40 stepsrespectiely. The suppliedsimilarity weightsto
thetrade-of algorithmof eachagentaresetto be[0.25,0.25, 0.25, 0.25] (correspondindo uncertaintyof
the others’issueweightings). Thesevaluesare choserbasedon the previous obsenationsin the trade-of
experiments(section5.5) that sucha weight selectionresultsin significantutility increasedor the other
agent(seetheresultsshavn in figure 5.29). Finally, thetime limit of the both agentds setto 20 ticks of a

discreteclock.

5.6.1.2 OutcomeOrientedExperimentalariables

Theaim of the previous experimentss to calibratethe dynamicsof negotiationwhenagentdnteractwith
one anotherusing either one or both of the developedresponsie and trade-of mechanismsn a single
type of environment. This knowledgeis usefulfor developinganunderstandingf the processesvolved
in eachof the mechanismshut is lessinformative aboutthe behaiour of a meta-stratgy in different
typesof environments. Theseexperimentsaim to provide suchan analysisby, in a similar fashionto

the previous stratey experimentgsection5.4), shifting the focusof attentionto the outcome ratherthan
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the processpf negotiationin typesof ervironments.However, onceagain,in orderto controlthe number
of free independenvariablesthat canbe sampledandallow somecomparisorwith the process-oriented
experimentsabove, thevariablesof theopponent arechoserto havethesamevaluesastheprocess-oriented
experimentgsection5.6.1.1)andthe variablesof the player aresampled.

More specifically the parameter®sf the responsie mechanismareasfollows. The sameupdaterule
is usedasfor the process-centeregkperiments.However, the parameter®f the tacticsarenow sampled
for the player. The g parameteof the boulware tacticis sampledwithin the interval [0.01,0.2] (more
boulwarethanpreviousprocess-orienteexperiments).Thelinear andtitfortat tacticscannotbe sampled
(sincethesetacticscan only take on a value of 1.0). A conceder tactic is sampledwithin the intenal
[20,40] (more concederthan previous process-ariente@xperiments). Therefore,whereasthe previous
process-orientedxperimentsevaluatethe averagerepresentaties of a tactic class,in theseexperiments
moreextremetactic membersareevaluatedfor completenesby choosinga player thatis moreboulware
or conceder.

In turn, the parametersf the trade-of mechanisnmareasfollows. The explorationfactor definedby
thetwo independentariablesnumberof childrenandnumberof stepsto theiso-cune,is onceagainmade
a constantat 100 childrenand40 stepsrespectiely, for the opponent. However, the numberof children
generatedat eachstepin the trade-of algorithmfor the player is now sampledbetweenthe rangesof
[100, 200] andthe exact numberof stepschosenis within the range[40, 80]. Thesevaluesare chosenso
that, on average the player is madeto performmoreof an elaboratedsearchof the spaceof the possible
outcomeskFinally, thetime limit of the opponent is setto 20 andsampledwithin the rangeof [30, 60] for
theplayer. Highertime limits anda greaterexplorationratearechoserfor theplayer to allow thetrade-of
mechanismo searchor betterdeals.

Thenumberof environmentalsamplingds setto 400. This ensureghatthe probability of thesampled
meandeviating by morethan0.01 from the true meanis lessthan0.05. The experimentsverewritten in
Sicstus3.7.Prologandranon HP Unix parallelmachinesat the Centerde Supercomputacide Catalutya
CESCAutilizing four CPUs,9MB of memoryandlasted1954seconds.

5.6.2 Hypothesesand Results
Finally, the expectationandobsenedresultsof the processandoutcomef meta-stratgy experimentsare
presentedh thefollowing two subsections.

5.6.2.1 Meta-Stratgy Proces$lypothesesndResults

Hypothesis16: Themore the spaceof possibledealsis exploredjointly, the betterthe joint
outcome However, higherjoint utilities are gainedat the expenseof greatercommunication

betweertheagents.
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The hypothesisessentiallystatesthe expectationthat a pair of smartmeta-stratgies should selectfinal
outcomeghathave a higherjoint valuethanothertypesof meta-stratgies. Thisis expectecbecaus@asmart
meta-stratgy is essentiallyatrade-of strategyy thatonly concedesismallamount(0.05 in this casewhena
deadlocks detectedAll otherexperimentameta-stratgieshave anelemenbf concessioimvolvedin them
(sincethevariablesof the responsie mechanisimhave beenchoserto behae in a concessionaryashion).
Thusary meta-stratgy thatselectsaresponsie mechanismn the courseof negotiation(all pairsof meta-
stratgyies except[smart,smarf] shouldresultin joint utility executiontracesthat “move” southwesterly
away from thepareto-optimaline. Furthermoremeta-stratgiesthatengagemorein searctfor higherjoint
utilities andlesson concessionshouldresultin highercommunicatiorioads. This latter expectationis
basedntheintuition thataresponsie mechanisnyeneratesontractshatsuccessiely approactthe point
of crossover in offersfasterthanthetrade-of mechanismHenceit is to be expectedthata meta-stratgy

thatselectgheresponsie mechanisnshouldreachacceptablelealsquicker thanonethatis smart.

Figure5.31presentshedatafor the meta-stratgy experimentsnvestigatingheprocesof mechanism
selectionIndividual offersbetweertheplayer andtheopponent aredepictedascirclesandsquaresespec-
tively. Thesequencesf offersarejoinedby a solid line for the player anda dottedline for the opponent.
Thefinal agreemenis depictedasthe offer wherethe circle andsquaremeet. The communicatiorloadis

simply the additionof the number=of circlesandthe squares.

Theobsenedrankordering,in figure5.31,acrosaneta-stratgy pairingsover thesummedoint utility
gainedfor the final outcomedirectly supportshypothesisl6. The highestjoint gainis achiezedin negoti-
ationsbetweentwo smart meta-stratgies. In this case the final outcomeis closerto the pareto-optimal
line thanary other meta-stratgy pairing, implying that sucha pairing of meta-stratgiesresultsin out-
comesthat are mostbeneficialto both parties. The remainingrankingsfor player, opponent pairingsof
meta-stratgiesare then[smart,serial] [serial,serial],[smart,random][smart,response], [serial,response], [ran-
dom,response], [random,randomvith respectie joint gainsof 1.27,1.18,1.146,1.11,1.076, 1.06,0.99. In
generalthehigherjoint utilities occurwhenat leastoneof the agentss smart. Therandom metastrate-

gists,asexpected performworst.

Hypothesisl6 is further supportedy the obsenationof the numberof messageexchangedetween
agentausingdifferentmeta-stratgies(recall thatin theseexperimentsthe numberof messageexchanged
betweeragentds simply theadditionof theindividual messageexchangedn figure5.31). Thisindirectly
measureshe communicatiorioad a meta-stratgy placeson theagents As predictedby hypothesidl 6, the
obsened patternis almostthe reversefor thejoint valueoutcomesabove; with a [smart,smartpairingin-
curringthehighestcommunicatiorcost(reachingadealat 19 rounds(recallthatthetime limits allowedare
20 ticks of a discreteclock, followed by [random,random]jsmart,response], [smart,random][smart,serial{ 14

rounds) [serial,serial](13 rounds),and[serial,response] (12 rounds).This obsenationsupportgheintuition
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Figure5.31: Dynamicsof NegotiationProcesgor Meta Strateies, Pairs Denotedas Meta-Stratgy of the
player, Meta-Stratgy of theopponent: A) smartv. smart,B) smartv.serial,C) smartv. randombD) smart

V. responsie, E) serialv. serial,F) serialv. responsie, G) randomv. random,H) randomv. responsie.

that higherjoint utilities aregainedthroughgreatersearchwhich, in turn, involvesmore communication

betweertheagents.

5.6.2.2 Meta-Stratgy OutcomedHypothesesndResults

Thehypothesidor theseexperimentss the sameasthe process-orienteexperimentspamely:

Hypothesis 17: On average, the more the spaceof possibledealsis explored jointly, the
betterthejoint outcome However, on average higherjoint utilities are gainedthroughgreater

communicatiorbetweertheagents.

That s, the aim of theseexperimentsis to shav thatin the long run, or on averageand independently
of the type of ervironment,betterexplorationof the spaceof possibledealsshouldresultin higherjoint
outcomes.The expectationof the outcome-oriente@xperimentss no differentthanthe experimentsthat
did notinvolve samplingthetypesof ervironments.In the averagecase thosemeta-stratgiesthatinvolve
moresearchwill resultin betteroutcomeshut atthe costof increasecommunication.
Figure5.32supportshe expectationover thejoint utility partof the hypothesisThekey to the meta-

stratgyy pairing is amendedwith the total summedaverageof the joint utility the pairing achieved. As
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expected pairingsof a meta-stratgy that computecounteroffersusingthe responsie mechanisnieadto

theworstjoint outcomegjoint utility of 1.0, the outcomelying on the constant-sunline—seesupporting
datain stratgic experiments,section5.4). Only moderatgoint gainsabove 1.0 are achieved whenthe

meta-stratgy of oneof theagentds not purelyaresponsie one([smart,response]: joint utility outcomes
of 1.12, [serial,responsk]: joint utility outcomesof 1.08, [responsie,random]:joint utility outcomesof

1.06). At theotherextreme joint utility of outcomess bestmaximizedoutcomedying closerto the pareto-
optimalline), asexpected whenagentsusea smartmeta-stratgy. More specifically the bestoutcomeis

achieved for a [smart,smartmeta-stratgy with joint utilities of 1.42. In betweenthesetwo extremeslie

the outcomeghatare,in the main, dueto the interactionswith oneagentwhosemeta-stratgy is serially
switchingbetweeratrade-of andaresponsie mechanisn{theinterval of joint utility outcomeof 1.15 to

1.24).

Onceagain,the meta-stratgiesthat resultin higherjoint outcomesas predictedby hypothesisl?,
are achieved at the expenseof higher communicationcosts (figure 5.33). The meta-stratgy pairing
[smart,smartfesultsin an averagenumberof communicatiorroundsof 19.48 (note,the proximity of this
to thetime limit of the opponent, whosedeadlineis fixed at 20 ticks of a clock). Corversely interactions
betweentwo responsie meta-stratgiesresultedin poorerjoint outcomegfigure 5.32),but at a relatively

lower communicatiorcost(10.16).
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In summary the resultsfrom the single executiontraceof the trade-of algorithm (section5.5) and
the meta-stratgy experiments(section5.6) indicatethat a betterexplorationof the spaceof the possible
setof outcomesleadsto agreementshat are higherin joint gains. Furthermore this increasedsearch
resultsin: i) higherjoint outcomeson eachiteration of the algorithm (section5.5), acrossa single run
in auniqueervironment(section5.6.2.1)or acrossmultiple environments(section5.6.2.2)andii) higher

communicatiorcosts.

5.7 Summary

In this chapteythreecomponentsf the developednegotiationwrapper(theresponsie, trade-of andmeta-
stratggy mechanismsyvereempiricallyevaluatedby conductinga seriesof exploratoryexperiments.These
experimentsvereconductedo: i) testtheintuitionsaboutthe underlyingcausarelationshipdetweerboth
themodelskey variablesandthe agents ervironmentandii) provide someguidelinesfor how thewrapper
canbe “tuned” by a designerof a negotiatingagent. However, manipulationexperimentsare neededhat
testmoreconcretecausahypothesisandresultin betterdatamodels.Nonethelessthe exploratoryexperi-
mentsreportedin this chapterhelp“tune” someof the parametersf the mechanismshroughexploration
of a subsetof the spaceof possiblevariablerangesthroughdifferentcombinationof agentarchitectures

and ervironments. The experimentalagentarchitecturespr the choiceof which decisionmechanisnto
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usefor decisionmaking, was restrictedto responsie (tactics/pure static stratgjic/mixed1 and dynamic
stratgic/mixed?2),trade-of anda numberof differentmeta-stratgiesthat selecteddifferentcombination
of mechanisms.The experimentalenvironmentswerein turn motivatedby someof the featuresandre-
quirementsf the two targetdomainsidentifiedin sectionl.4.3suchsuchtime limits, certaintylevelsand

numberof issues.

Hypothesisone to eight summarizethe expectationsof outcomesand the processe®f negotiation
whensimpletactic (pure)agentarchitecturesnteractin shortor long termdeadlinesln theseexperiments
theexpectatiorthattacticswhichreachresenationvaluesmoreslowly will performbetterwasrehlutted.In
fact, it wasfound thatthe succes®f atacticis a function of not only the compositionof the population,
but alsoappropriatenessf the tacticsto respondto changesn the ervironment. Indeed,tacticsthat ap-
proachedheresenationvaluesof anissuemoreslowly (moreBoulware)did make high valuedealsbut this
benefitwasreduceddueto the lower numberof successfutlealsmadeaswell asthe communicatiorcosts
involved, speciallywhenthe populationincludesimitative tacticsthat “magnify” the toughnesgprofile of
thepopulation.In fact,thebesttacticswerethe onesthatlinearly approachetheirresenationvalues.Also
confirmedwastheexpectatiorthatsuchsimpleagentswhich consideronly a singleenvironmentakriteria,
will resultin morevarieddistribution of outcomesaroundthe mostequitableoutcomepoint (hypothesis
seven). In fact, simpleagentarchitectureperformbest(maximizetheir joint utilities) only in encounters
betweentwo purestratgiesthat give higherweightingto tacticsthat approachthe resenation of anissue

in alinearfashion.

Hypothesisightto fourteen,on the otherhand,summarizehe expectationof outcomesandthe pro-
cesse®f negotiationwhenmore comple (staticstratgies/mixed1land dynamicstratgies/mixed2)agent
architecturesnteractedn shortor long termdeadlinesThe expectationin this setof experimentsvasthat
if themixing betweendifferenttacticsof bothagentss more“smooth” (or the moreequalthe contribution
of eachindividual tactic to the computationof a new overall concessiomate),and if the methodof com-
putationof the new concessionateis performedintelligently accordingto someobjective function (such
asthe similarity betweerthe exchangedontracts)thenthe moreequitablethefinal outcomefor both par
ties. Indeed yvariationsby eitherpartyfrom theseparametesettingsresultsin distribution of outcomeghat

althoughmaybelocally moreequitablearelessjointly equitable.

Hypothesisfifteen capturedthe expectationsof outcomesandthe processe®f negotiationwhenan
agentimplementeda trade-of algorithmin long term deadlinega more complex agentarchitecturehan
the responsie mechanism).The aim of this experimentwasto evaluatewhethera relationshipexists be-
tweenthe compleity of the searcthof the spaceof possibledealsandthe quality of the outcome(from the
perspectie of the opponentiandif sowhetherthis relationshipis affectedby the uncertaintiesnvolvedin

trade-of negotiation. Indeed,resultsconfirmedthe expectationsof sucha relationshipwherea morere-
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finedsearchof the possiblespaceof contractglid resultedn selectingandoffering a contracthathadmore
valueto theotheragent.Furthermorethis searctwasdirectly affectedby theinformationthealgorithmhad
aboutthe others issueimportancerankingswherebetterinformation(lessuncertaintiesyesultedin better
contractgo beselected.

Finally, the expectationthat eitheron a single case(hypothesissixteen)or the averagecase(hypoth-
esisseventeen}he mostequitableoutcomesshouldbe reachedvhenboth agentsintelligently searchthe
spaceof possiblecontractausingboththeresponsie andthe trade-of mechanisnfthe mostcomplex agent
architecturepccordingto someobjective function. This objective function (the similarity function)imple-
mentedthe meta-stratgy anddirectedthe negotiationsearchby selectingthe trade-of mechanisnwhen
the objective function wasbeingmaximizedandthe responsie mechanismwhenthe local minimaof the
objectivefunctionwasreachedTheseexpectationsvereconfirmedby the obsenationswhereit wasfound
thata pair of smartmeta-stratgiesreachedlealscloserto the pareto-optimaline thancombinationof any
othernon-intelligentcombinationof meta-stratgies.

Theimplicationsof theseresultsfor the designeof the negotiatingagents deferredo section6.2.1.



Chapter 6

Conclusionsand Futur e Work

Theconclusionsaandthedirectionsfor futurework, derivedin the mainfrom theidentifiedweaknessesre

jointly presentedh thisfinal chapter However, thework reportedhereis reviewedfirst.

6.1 Review of the Thesis

This thesishaspresentedh solutionfor the problemof coordinationamongtwo autonomousagentsthat
needto interactwith one another The solutionaddresseswo setsof requirementsdentifiedin the first
chapter:i) the requirementof the actualproblemthat the coordinationsystemshouldachieve (section
1.4.3)andii) therequirementshatarisein designingof a coordinationsystem(sectionl.1).

Thefirst requiremenhasbeenhow to coordinatelomainproblemsolversthatneedthe servicesof one
anotherin their local problemsolving. This interactionproblemwasdefinedfor eachindividual agentas
thetuple P = (I, C, Criteria) (equation2.1). I is the setof issuesthatdescribefeaturesof a service.C
describesheconstraintof eachof thesefeaturegsuchasits importancdevel, its resenationvaluesandan
agents preferencesverthevaluesit cantake, aswell asotherervironmentalconstraintssuchasthetime
andresourcesvailablefor negotiation). Criteria is thendefinedin termsof the principle of individual
rationality. The rationality principle adoptedn this thesiswasthe maximizationof someutility function.
The agentinteractionproblemwasthen definedasthe mutualand strateyic selectionof valuesfor I that
respectC andsatisfy Criteria for eachparty giventhe normate protocol of interaction. Furthermore,
this solution hasto be mutually derived without knowledge of others’ setsof constraintsand also with
limited computationatesourcesFor thisreasonthe satishction,ratherthanthe optimization,of Criteria
is consideredo besuficient. Conflictswerethendefinedaswhenthelocal criteriaof eachagentegatively
interact. The proposedsolutionto this constrainedearchhasbeento designa coordinatiorframenork that
consistof: i) aprotocolthatassistgshe agentdn thecommunicatior(or on-line) phaseof theirinteraction
problemsolvingandii) a setof mechanismshatassistdhe agentsn their deliberation(or off-line) phase

of theirinteractionproblemsolving. Agentsthenusethesetwo component®f the coordinationframewvork
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to solve their interactionproblemby representingand iteratively reasoningand exchangingoffers over
servicesasissue-aluepairs. The novelty of theresearchreportedhereis in the deliberationmechanisms
for multi-dimensionatonflicts. Multi-dimensionalinteractionsrequirereasoningver a larger setof agent
constraintcomparedo single dimension. Thesenovel aspectaveredriven by the requirement®utlined
in section1.4.3whereit wasshavn thatthe target problemdomainsof this researchandthe real world
in general,are multi-dimensionalin nature. Likewise, eachof the dimensionshave constraintsattached
to themandagentsneedto reasonabouttheseconstraintsexplicitly. For instance somedimensionof a
problemare moreimportantthanothersanda searchfor a solutionis often basedon suchrelationships.
For example,the log-rolling strateyy (Pruitt 1981)searche$or new solutionsby violating the constraints
of the leastimportantissuesandfurther constraininghe constraintoof moreimportantissues.The multi-
dimensionahatureof theinteractionalsoindirectly leadsto therequirementhatagentsareableto combine
their preferencesver eachof the individual dimensions.Thus, agentsrequirea modelthat supportsthe

consolidatiorof preferencesver eachissueinto a singlepreference.

The main contribution of this thesisis the developeddeliberationcomponent. Three mechanisms
werepresentedhat, given the problemspecification(the issuestheir constraintsandcriteria), searchin a
distributedandautonomousashion(importantdomainrequirementssectionl.4.3)for individually accept-
ableassignmenbf valuesto eachdimensionof negotiation. Whenindividual assignmentsrein conflict,
detectedby a setof evaluationfunctions,thenagentsuseone or more of the decisionoptionsto resohe
them. The first mechanisnpresentedvasthe responsie mechanismwhich implementsvariousdegrees
of concessior{from no concessioro full concessionaccordingto the agents currentervironment. This
mechanisnwasdesignedo modelconcessionarpehaioursaccordingto how muchnegotiationtime and
resourceswvere available (both requirementanentionedin section1.4.3). Additionally, the mechanism
modelsdecisionsdasedn the behaioural profile of the otheragent,anotheimportantfeatureof thetarget
domains. The concessiommechanisnis computationallysimple (involving the executionof simplefunc-
tions, calledtactics,andthe assignmenand modificationof importanceweightsto eachtactic, calleda
stratgy). Furthermoreijt requiresa minimal amountof informationaboutthe choicesof the other(s);de-
cisionsareconditionedon the ervironmentof the agentand minimally (throughthe behaiour-dependent
tactics)onthe choicesof the other(s).Indeed the only assumptionmadeaboutthe other(s)is thatconflicts
arisebecausehe otheragenthasan opposingpreferenceorderingover increasingdomainvaluesfor all
issues.Thisinformationis inferredby therolesagentlayin interaction(e.g.asellerprefershigherprices
to lower onesandfor abuyerthereverseis true). Thusthe mechanisnis basedn therealisticassumptions
that: i) theagentis not omniscientand/orii) superogical. Ratheranagents knowledgeaboutthe choices
of theother(s)is highly limited andits reasoningapabilitiesarebounded Thesefeatureof themechanism

werefactorednto the designprocesdor theflexibility requiremenbf thewrapper(seebelow).



6.1. Review of the Thesis 231

The other novel decisioncomponentof the coordinationframevork are the trade-of and issue-
manipulationmechanismgsincethey arecomputationallymorecomplec thantheresponsie mechanism).
Thetrade-of mechanisnwasdevelopedto modelcooperatie reasoningover conflicts,definedasinterac-
tionswhereat leastone of the agentss motivatedby theintentionto increasethe socialwelfarefunction
(globally rational outcomeghat aim to make both agentsbetteroff), but achievesthe currentaspiration
level overits preferencesi.e. is locally rational,satisfyingthelocal criteriaspecifiedover eachissue).This
contrastswith theresponsie mechanisnthatmodelsmoreselfishreasoninggdefinedasinteractionsvhere
agentsare not interestedn increasingthe socialwelfarefunction, but ratheronly in satisfyingtheir own
preferencesTheresponsie andtrade-of mechanismgointly addressherequirementidentifiedin section
1.4.3,for differenttypesof motivationsover conflict. Theissue-manipulatiomechanismin turn, wasde-
velopedto not only assistagentsn escapingocal minimain the searchof the socialwelfarefunction, but
alsobecausehe natureof the problemnaturallyinvolvesmodificationof the setof negotiationissuesatrun

time dueto dynamicallychangingdomainrequirementgsectionl.4.2).

Boththetrade-of andissue-manipulatiomechanismareanovel way of agentsndividually searching
the spaceof possibledeals. However, in comparisorto the responsie mechanismsuchsearchesequire
moreinformationto besuppliedaboutthe otheragentandinvolve moredeliberatioraboutthe otheragents
preferencesA fuzzy similarity technologyhasbeendevelopedto handletheserequirements Althougha
formal modelof theissue-manipulatiomechanisnwasdeveloped ts implementatiorby analgorithmand
the analysisof the algorithm’s resultingcomputationabompleity is deferredto future work. However, a
novel trade-of algorithmwasdevelopedthatimplementsafuzzy similarity basedrade-of negotiationand
its compleity wasshavn to belinearly proportionako thenumberof issues This computationalractability
is a desirablepropertythatfits with the key assumptiorof this work that the agentsare computationally
bounded.Theuseof fuzzy similarity alsosatisfiegheflexibility objective with regardsto theinformational
requiremenbdf the agent,becausehetechniquds usedto modelthe uncertaintyof anagents beliefsover
the preference®f the otheragents’asfuzzy relationshipetweenvaluesof the domain,andnot the other
agents’actualpreferencesThis meanghatthe agentsdo not have to make interpersonatomparison®f

preferencesvhenmakingtrade-ofs, ataskthatrequiresfull knowledgeof the otheragents preferences.

Whentaken together eachof the mechanismaddresses subsetof the requirementsdentifiedin
sectionl.4.3.For example theresponsie mechanisntanimplementaselfishattitudein interactionsputis
inappropriatdor searchinghesolutionspaceof possibleoutcomesn amorecooperatie manner However,
whereaghetrade-of mechanisnis capableof performingsucha searchijt is computationallymorecostly
thanthe responsie mechanisms.Given this, whatis requiredis meta-reasoningboutthe varioustrade
offs involved in the useof eachmechanisnfor the generationof offers. This metareasoningcanthen

be usedby an agentto addresshe changingrequirementof the agentsaccordingly Thus, the meta-
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stratgy may selectthe trade-of mechanisnfor generatingservicecontractsto agentsthat belongto the

sameorganization put selecttheresponsfe mechanisnwith alow concessiomatefor servicenegotiations
with agentsthat are from differentorganizations. Thus reasoningover differentfeaturesof interactions
(cooperatie versusselfishinteractions,computationallysimple v.s more complex searchlong v.s short
term negotiation deadlinesand low or high domainresourcelevels, which collectively form the set of

requirementsenumeratedn section1.4.3) can be modeledthrougha temporally changingcombination
of mechanismsas meta-stratgies. A metalevel deliberationmechanismwas informally presentedhat
implementssuchoffer generatiorstratgiesoverthe availablemechanisnthoices.

Thedevelopedwrapperincorporatingheresponsie, trade-of andmeta-stratgy mechanismsgasthen
empirically evaluatedn a numberof differentervironments Evaluationwasneededo: i) developandtest
exploratoryhypotheseaboutthecausatelationshipbetweerthelargenumberof mechanismsariablesand
theagentservironment,ii) assisthedesignef anegotiatingagentn “tuning” of theframework for given
ernvironmentsandiii) to validatethe efficacy of the heuristicaspectf the model (for example,a meta-
stratgyy thatalwaysinvolvesthetrade-of mechanisnuntil alocal minimumin thesocialwelfarefunctionis
detecteds adecisionheuristicwhoseefficacy acrosdifferenttypesof ervironmentscannotbedetermined
a priori). For thesereasonsthe wrapperwas empirically evaluatedacrossa numberof ernvironments.
In experimentsnvolving interactionsamongtwo agentsboth usingthe responsie mechanisnthe largest
variability in the resultswere obsened if pure strat@iesare chosento generateoffers. The bestresults
were obtainedfor stratgic agentsthat modeledthe generatiorof offers asa combinationof tacticsand
modified this combinationconsideratiorin the courseof negotiation. The intuitions aboutthe trade-of
mechanismpr a meta-stratgy thatfrequentlyselectsthe trade-of mechanismyverealsoconfirmed. The
trade-of mechanisnmexperimentfoundthattheimplementatiorof suchstratgiesdoesindeedincreasehe
socialwelfarefunctionin morethanonetype of ervironment,but at anincreasdn communicatiorcosts,
signifying that the searchtakeslongerto corverge on a mutually acceptablaleal. Dealsare mademore
quickly if theresponsie mechanisnis used but the socialwelfarefunctionis poorconsideringhathigher
joint utilities canbe gainedthroughthe multi-dimensionahatureof the problem.

In additionto satisfyingthe requirement®f the target domains,the developednegotiationwrapper
alsoaddressemary of the desideratahatwereidentifiedin the designof a coordinationsystem(section
1.1). The designrequirementsvere introducedas the configurability requirementr the reusabilityand
flexibility of thedevelopedcoordinationframenork for useacrosdothopenandcloseddistributedsystems.
Theflexibility of thedevelopedcoordinationframewnork hasalreadybeendiscusse@bove. Reusabilityhas

alsobeenfactorednto the framework designby:

e making asfew commitmentsto the domainproblemsolvers’ architectureas possible. Interaction

problemsolvingis separatedrom local domainproblemsolving by functionally separatinghe ne-
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gotiationwrapperfrom the local domainexpert. Thusthe wrappercanbe seenasproviding social
knowledgeto the local asocialdomainproblemsolver. The interfacebetweenthesetwo modules
supportdow level informationabouttherequirementsf thedomainproblemsolver (theservice(s)t
requiresthecoreandauxiliary featuresof the service(s)jts constraintandsatisfctioncriteriaover
eachof thesefeatures).Thewrapperdoesnot have controlover or accesso ary of the operationof

thedomainproblemsolver.

e designingboth cooperatie and selfishdecisionmakingmechanisménto the agents decisionmak-
ing architecture.ln DPS systemsagentsare assumedo be cooperatiely motivatedin interaction.
Corverselyin MAS agentsaareassumedo be selfishlymotivatedin interactions.Thereforejn both
approachesa singleagentattitudeis hardwiredinto the decisionmakingarchitecture However, the
interactionattitudeof anagentoughtto be a function of its ervironment. For example,aswasseen
in thetargetdomainof this thesis the sameagentcanentertwo differenttypesof interactionsvhere
oneis cooperatiely motivatedandthe otheris moreselfish. Thereforethe agent(morecorrectly, the

agentdesignerheedgo besuppliedwith bothtypesof decisionmakingfacilities.

e emphasizinghe notion of services. Servicesare, like objectsin the object-orientedparadigm,a
representatiomf the capabilitiesof the local domainproblemsolver in providing problemsolving

expertise.Thus,like objects servicesarereusableacrosdifferentproblemsolving episodes.

This configurability of the coordinationframenvork hasbeenguidedby the requiremento designallibrary
of differentnegotiation decisionmaking stratgieswhich the agentdesignercanthenimplementin their
agentsThedesigneis freeto configurehis/heragentfor interactionaccordingo their prevailing objectves
(suchasstrateyiesfor increasingthe socialwelfarefunction or for achievementof local objecties). This
descriptive designapproacktontrastsvith the prescriptve modelsof gametheorywherethe mostrational
strat@y of agameis analyzedandprescribedo theagent.In thelattercase however, it wasshonvn thatsuch
modelsoftenmake unrealisticassumptionsThereforetheapproachakenin thisthesishasbeento describe
andempirically analyzethe possiblesetof behaioursthat canarisewhenmorerealisticassumptionsre
adopted. The designerof an agentis thenfree to choosea strateyy that bestsuits his/herproblem. This
configurabilityclaim hasbeenprocedurallydemonstrateéh the successfuapplicationof the coordination
framework to sevendifferentapplicationdomainsyangingfrom businesgprocessnanagemertb electronic

commerce.

6.2 Discussion

Coordinationhasbeenidentified asone of the mostcentralproblemsin DAI (sectionl). For this reason

theresearchincluding the work reportedhere ,hasproduceda large numberof proposaldor coordination
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protocols.Thecoordinatiorproblemwasinformally introducedasa processhatconsistf composindre-
lating, harmonizing adjusting integrating) somecoordination objects(tasks,goals,decisionsplans)with
respecto somecoordination processwhich solvesthe coordination problemby composingco-ordination
objectsin line with the coorination direction (Ossavski 1999). This generalview of coordinationwas
given a more concreteinterpretationthrough developmentof the negotiationwrapper The composition
procesdss achieved locally by eachagentthroughimplementingone, or a combination,of the proposed
mechanismsAgentsthenusethesemechanismsogethemwith a communicatiorprotocol,to composeand
exchangemulti-issuecontractqthe coordinationobjects)hatincreasegitherthelocal or globalutility (the

coordinatiordirection).

6.2.1 Guidelinesfor the Negotiating Agent Designer

The empirical evaluationof the mechanismalso resultedin a numberof findings that can be usedto
formulategeneralguidelinesfor agentdesignersvishing to usethe negotiationwrapper The aim of the
experimentswas the exploration of a subsetof the spaceof possiblevariableranges,throughdifferent
combinationof agentarchitecturesandenvironments.Recallthat an agentarchitecturds a particularin-
stantiationof the agentthat follows from the modeldescribedn chapterfour. Thusgiventhe negotiation
modelan agentdesignercandesigna very simple negotiatingagentwherethe meta-stratgy selectsonly
onemechanismFor example,thethe designemay chooseonly the responsie mechanisnfor the design
of his/heragent. Furthersimplification canbe madewhenthe designerchooses responsre mechanism
thatis composef a singletactic. Thesechoicesresultin anagentthatrequiresno meta-stratgic (since
the responsie mechanisnis always selected)r stratgyic decisions(no f(), or purestrat@y, sincethere
exists only a singletactic). Sucha simpleagentis bestrepresentedby a Kasbahagent. As this example
shaws, anagentdesignerss thenfreeto composéncreasinglymorecomplex agentdy choosingdifferent
meta-stratgies, tactic setsor stratgic updatefunctions. Additional complexities arisewhen negotiation
ervironmentsarealsotakenin considerations.

Thereforethe aim of the experimentsreportedin this chapterwasto evaluatewhich architecture-
environment(s)leadsto (un)successfubutcomes. If two agentdesignersare motivatedby someglobal
systemevaluationcriteria, suchasthe sumof the joint utilities (maximizedby the pareto-optimaline) or

thereferencegoint, thenthefollowing guidelinescanbederivedfrom theobsenationsin thesesxperiments.

¢ An agentdesignemwho implementsasimpleagentarchitecturgresponsie andpurestrateyy) should
expectinteractionghatprolongthe possibilitiesof joint gains.Thisis becaussimpleagentanayfail
to respondappropriatelyto changesn their environment. This conclusionwasindirectly confirmed

by the unexpectedsucces®f lineartactics.

e A more comple agentarchitecture(responsie and stratgjic) was then evaluatedin a numberof
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differentervironments. It wasfound that the outcomespoth in termsof utilities and costs,for a

stratgyic andresponsie agentis a functionof:

— thecompositionof the responsie agentarchitecture—th@umberandtypesof tactics
— theinitial parametersf eachindividual andjoint architecture

— andthejoint local modificationof theseparameterdy bothagents

The first guideline statesthe agentdesignershould be aware that the type and numberof tactics
of a responsre agentaffects the outcomeand processof negotiation. Thus a tactic setshouldbe
selectedhatadequatelyepresentarangeof desiredoehaviours. For example,atacticsetof mainly
Boulwareswill resultin toughnegotiatorindependentlyf stratgic decisionsCorversely anagents
behaiour will be concessionarif the domainof operationf the stratgjic reasoneis a tactic set
with 8 > 1 (correspondindo tacticsthat quickly reachtheir resenation values). Therefore to be

responsiein differentervironmentsanagentrequiresappropriatesetof tactics.

An agentdesigneusingthe developedmodelmustalsosettheinitial valuesof the strategyic reasoner
Theinitial valueof weightsof thetacticsetcorrespondso aslightly morecomplex agentwhoreasons
abouta numberof ervironmentalfactorsby computinga new concessiorrate. It wasshawn that

bettersocialoutcomesfollow whenboth agentsengagen computinga new concessiomrate based
on a numberof ernvironmentalfactors. In fact bettersocial outcomesshouldbe expectedif agent

designerganjointly agreeon the samesetof tacticsandstrateyy for theirinitial settings.

However, mostequitableoutcomesshouldbe expectedwith even more complex agentsas shovn
whenaresponsieagentinteractedvith anotheresponsieagentandbothcomputeanew concession
rate,givena setof ervironmentalfactors,accoiding to someobjectivefunction An agentdesigner
who selectsa stratgy similar to a fixed (mixed1)stratey for his/heragentshouldexpectan undi-
rectedsearchfor a solution. However, bestsocial outcomedollow whenagentsengagen directed
searchaccordingto someobjective function (in this casethe closenesdetweensuccessie offers).
Thatis intelligentadjustmentor search)ratherthanconstantidherenceo the sameernvironmental

considerationsshouldresultin bettersocialoutcomes.

For morecomplex agentarchitectureshatinvolvetrade-of negotiation thetaskof theagentdesigner
is transformedrom specifying“tunings” that affect local problemsolving to “tunings” that affect
the problemsolving of the otheragent.Thatis, the problemof theagentdesignetusingthe trade-of
mechanisnis to represeninformationaboutthe otheragent(asbeliefsin theAM). It wasempirically
shavn thatthis uncertaintyis bestaddressed thedesigneidoesnotattemptto guesgheinformation

of the otheragent(unlesscompletelysure), but ratherassignsan uncertaintyto the agents belief
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aboutthe other agent(note the similarity with the argumentof stratgic interactionspresentedn
chaptertwo). Indeed althoughnot shawvn, betterresultsshouldbe expectedf this uncertainbeliefis

sequentiallyupdatedn the courseof negotiation(learningimplementedasBayesiarupdating).

¢ If time and computationare resourcefulor thereis a needfor increasingthe social welfare of the
outcomesthena more complex agentarchitectureshat involve stratgically selectingbetweenthe
responsie andtrade-of mechanismshouldbe expectedto performbetter In particular bestsocial
outcomesshould be expectedif the searchfor a solutionis intelligently directedby an objective
functionthatselectghetrade-of mechanisnwhentheobjectivefunctionis beingmaximizedandthe
responsie mechanisnwhenthelocal minimaof the objectvefunctionarereachedThatis, themore
intelligentthe meta-reasoningboutwhich mechanisnto selectthe morethe socialwelfarefunction

is maximized.

6.2.2 Limitations of the Curr ent Work

The contribution of this thesishasbeena proposalfor a computationaimodel of decisionmaking for
negotiatingagentthathasbeenempirically evaluated.However, this proposalonly modelsa subsef the
issuesdentifiedin chaptertwo. Much morework is requiredto developricher interactionprotocolsthat
adequatelynodela moreelaborateconcepof coordinatiorthatis applicableto awider setof problems.In

particular thefollowing limitationsneedto beaddressed:
¢ developmenif anissue-manipulatioalgorithm
¢ thecurrentnegotiationmodeldoesnot handlequalitative issues
e bettermodelsof otheragentsareneeded

e thecurrentbi-lateralprotocolis inadequatén capturinginter-dependencieamongcomplex activities

6.3 Future Work

The proposaldor future work arederived from the limitations of the work presentedbove andis based
on addressingsomeof the additionalissuesidentified in chaptertwo. In particular the future work is

catgyorizedinto extensiongo the:
¢ decisionmakinglevel
e interactionprotocollevel
¢ evaluationlevel and

e applicationlevel
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6.3.1 Extensionsof DecisionMaking

The decisionmaking functionality of the negotiationwrapperadequatelymodelsindividual agents’deci-
sionchoicesoveractionsandstratgiesgiventheinformation,time andcomputationatonstraintsnvolved.
However, threefuture directionsof researctstill needto be addressedi) developinganissue-semanipu-
lation algorithm,ii) modelingof qualitatve issuesandiii) a methodologyfor modelingotheragents.

Althoughaformal modelof how the setof negotiationissuescanbe manipulatedno algorithmshave
beendeveloped.Thisis clearlyanimportantdirectionof futureresearchFurthermorethepresenteanodel
hasconcentratedn resolutionof quantitatve issuesvheremovementsalongtheutility functionof anissue
is continuous.However, all mechanismsieedto be extendedto dealwith the introductionof qualitatve
issueghat have anassociateshon-continuousitility function. Somework hasalreadybeencarriedout to
extendtheresponsie mechanisnio handlenon-continuouslomainfor qualitative issuegMatos,Sierra,&
Jenningsl998). However, thetrade-of or issue-manipulatiomechanismstill needto be extended.

Therearetwo choicesof approachthat addresshe currentweaknessesr modelingof otheragent.
Onthe onehand,mechanismg&anbe developedwithin the negotiationwrapperitself that assisthe agent
in modelingthe other(s),giventhe currentsingle shot, sequentiablternatingprotocol of interaction. Al-
ternatiely, the currentdecisionmechanismsould be suppliedwith analternatve interactionprotocolthat
allowstheagentdo learnanddevelopa modelof oneanother Which of theseapproacheso handlingun-
certaintyof theothers’is bestis seerasanempiricalquestiorthatneedgo betestedor givenervironments
andtypesof problems.

If thefirst approachs adoptedthenoneproposafor modelingothersis to developothertypesof util-
ity functionsthatmodelan agents attitudetowardsrisks (risk taker, neutralor aversive (Binmore 1992)).
Althoughnotdirectly modelingotheragents'decisionsa utility functionthattakesinto accountanagents
attitudetowardsuncertainevents,given a sureevent, doesindirectly model other(s)by modelingthe ex-
pectedutility anagentwill gaingiventheuncertaintyof others’choices.Althoughthis approacthasweak-
nessesidentifiedin chaptertwo, it is a reasonablehoiceof an extensionbecausei) the modificationsto
theproposednodelto handlethis additionareminimal, requiringthe designof utility functionsthatmodel
agents preference risky ervironmentsandii) to be a Bayesiaragentor to computethe expectedutility
of adeal,requiressupplyingagentswith ana priori probability distribution of thelikely outcomesRecall
thatthe sourceof thesea priori distributionshasbeena criticism leveledagainstthe Bayesianapproach.
However, similarity measuresmnodelingthe problemdomainandnot anagent,canbe usedasthe a priori

distributionin suchcases.

6.3.2 Extensionsof the Protocol

In somesituations,however, the initial a priori distribution may simply be wrong. The solutionto this

problemis closelyrelatedto the secondapproachproposedabove to bettermodelthe otheragent—that
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is the currentdecisionmechanismganbe suppliedwith an alternatve interactionprotocolthat supports
learning. Thenif interactionsare repeateda Bayesianagentcan updatethe similarity induceda priori

distributionsgiventheevidenceit gainsfrom interaction.

Thecurrentlyproposedetof mechanismsanalsobeappendedby othermechanismso betterhandle
the uncertaintyof others’actions,evenif the first choiceis not adopted;.e. the decisionmechanism®f
the wrapperarekeptwithout ary alterations.In particular whatis neededs to appendto the currentset
of decisionmechanismgearningalgorithm(s)thatassisthe agentin better‘tuning” eachof the wrappers
decisiormechanisnparameterskor instancelearningalgorithmscanbeusedn theresponste mechanism
to modify not only parameter®f the individual tactics(e.g. g or § of thetime-dependenandbehavior-
dependentacticsrespectiely), but alsothe agents stratg@y (f () thatmodifiestheT’ matrix, section4.4.3).
Lik ewise,learningalgorithmscanbeusefulin approximatingraluesfor theweightstheotheragent(splace
on eachof theissues({W}). Suchknowledgeis usefulfor the operationof all of the mechanisms. For
instance aswas empirically shovn in the trade-of experiments(section5.5.3) betterapproximationof
others’weightsresultsin anincreasan the socialwelfare function. A betterknowledgeof otheragents’
attachedmportanceo eachissueis highly relevantinformationin makingtrade-ofs. Thisinformationcan
alsobe usefully utilized in theissue-setmanipulationmechanisnfor makingdecisionsaboutwhich issues
to addor remove. Finally, learningalgorithmscanbe appliedat the meta-stratgy level to conditionthe
selectionof the mostappropriatenechanisnto the history of previousinteractions For example thetrade-
off mechanisnmmay have resultedin highersuccesdrequencieghan other mechanismsn the courseof
previousinteractionshetweertwo givenagents More sophisticatedearningcaninvolve anagentiearning
which mechanisnio selectfrom therelationshipbetweerthe featuresof the currentinteractionwith those
of previous interactionswith otheragent(s). The extensionof the currentmodelwith suchCase-Based
reasonindearningalgorithms(Kolodner1993)is naturalbecause¢he developedsimilarity technologycan

be usedto modelsuchrelationshipdetweerthe presentandthe pastcases.

However, asnotedin section2.1.4,thereplacementf a single-shotwith arepeatednteractionproto-
col hasa numberof significantconsequencesn the agentarchitecture Although agentscanbenefitfrom
learningin a repeatednteractionprotocol,additionalmechanismsnustalso be designedo supportrea-
soningin suchervironments.Repeatedhteractionshave beenextensiely studiedin gametheory(Axelrod
1984)dueto their role in resolvingmultiple equilibria problemsthroughthe developmentof systemsof
cornventions.Thus,if agamehasmultiple equilibriaandif agentdnteractrepeatedlythenthey candecide
on a single equilibria as a corvention (driving on the left or right is an example of sucha corvention).

An exampleof how agents’reasoningchangesn a repeatedyamewasbriefly introducedin section2.2.5.

1This knowledge,againalthoughpossiblyincorrect,cannonethelesbe revisedandupdatedn subsequerinteractionsgiven the

outcomeof the pastinteractions.
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There,it wasshown thatthe dynamicsof negotiationalteredin repeatedyames.In particulat the stability
of Mrs Shees stratey of action(up) dependedn her obsenationof Mr. Hee’s strategyy choice. Thus,an
agents currentchoiceis dependentn the future choicesof others.Agentsmustthereforereasoraboutthis
type of actioncontingeng giventhe reputationof other(s)andhow muchthe agentcantrustthemfrom

their commitmenthistory.

Another extensionto the protocolis also necessannot only whenthe frequeng of interactionsis
consideredbut alsowhenthe sizeof the agentsocietyis considerecanimportantfactorto model(section
2.1.1). The size of the societybecomesmportantwhen the typesof problemsconsideredare not just
restrictedto the resolutionof conflicting preferencesetweenonly two parties,but, rather extendsto a
numberof agentperformingdistributedproblemsolvingin agroup.As it standstheproposecaoordination
framework is inappropriatefor the latter typesof problems. In orderto solwe this type of problem,the
coordinatiorframeavork needso bemodifiedsothatmultiple agentscanexchangenot offersover services,
but plans,goalsor othermeta-attitudesuchasintentions(Dennett1987). The evaluatorycomponent®f
the decisionmechanismg&anthenbe usedto evaluateplans,goalsor intentionsfrom alocal perspectie.
However, plan, goal or intention generationmechanismsvould needto be designedto generateoffers
over plan, goal or intention alternatves. New mechanismsre thereforeneededbecausehe input into
the currentsetof mechanismsieedso be changedrom anissue(togetherwith its associatedesenation
values,weightsand preferencesjo a higherlevel structuressuchas plans,goalsor intentionswhich are
composediifferentlyandexhibit differentpropertiego issues.Therefore ptherreasoningnechanismsire

requiredthatgenerateffersover higherlevel representations.

Multi-lateral negotiationsalso openup the possibility of extendingthe wrapperto model coalitions
wherea collectionof agentsform a groupto performor achieze a commonobjective (Kahan& Rapoport
1984,Sandholm& Lesserl997,Shehory& Kraus1995). For example,buyersin a marketeconomyoften
form large coalitionsto reducesellers’prices. The problemthenis how to modify or adaptthe current
wrapperso that agentscanreasonaboutcoalitions. One suchsolutionmay be to allow agentsto form a
groupusingsomecoalition forming algorithm (coalition formationhasbeenextensiely studiedin game
theory (Kahan& Rapoport1984, Binmore 1985, Sandholm& Lesser1997, Shehory& Kraus 1995)).
Thenthereasoningabouttheinteractionsbetweerthe agentrepresentinghe coalitionandthe otheragents
(one-to-man interactions)canbe directedby the wrapperdecisionmechanismsHowever, the suggestion
hereis to increasethe social welfare function of the coalition by supplyingwithin the wrapperadaptve
algorithmsthat assisthe representatie agentto dynamicallymodify the resenation valuesof eachof the
issuesgiven multiple offers from a numberof otheragents. The suggestioris that the wrappercanbe
usedto reasonnot abouthow to form a coalition, but how to behae on behalf of the coalition. Note

alsothatthis functionality canbe appliedin normalone-to-maw servicenegotiations. Work is currently
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undervayto investigatenulti-lateralprotocolsandnegotiationdecisionstratejiesfor designof anexchange
systemwhere N numberof sellersengagén parallelnegotiationswith a singlebuyerfor the procurement
of a service.Decisionfunctionsare currentlybeingdevelopedthatgenerateffers basedon simultaneous

consideratiorof mary threadsof negotiation.

6.3.3 Extensionsto the Evaluation Work

The penultimateproposaffor futurework is to furtherevaluatethe developedcoordinationframework. Al-
thoughthewrappethasbeenempiricallytestedn anumberof ervironmentsthis evaluationhasnonetheless
beencarriedoutwithin alimited ervironment(e.g. interactionsaareonly amongstgentghatadoptthesame
wrapperarchitecture) Thus,the obsenedresultsareonly valid for two agentghatutilize awrapperarchi-
tecture. Although control measuresvereincludedandthe resultswere comparedo optimal solutions,it
would be interestingto performcomparatie evaluationof the performanceof anagentutilizing anagent
architecturederived from the proposednegotiation model and one that utilizes someother architecture.
This comparatie studycanthenbe usedto benchmarkhe performancestandardf differentarchitectures
with respectto the optimal solutions. One possibility of performingsucha comparatre evaluationis the
submissiorof thearchitecturdor its outputasa strateyy) to market competitionssuchasthe TradingAgent
Competitionheld at ICMAS 2000(TAC 2000)wheretradingagentsbid to buy andsell goods,in orderto
maximizea given objective basedon the goodsboughtandsold andthe pricesof the exchanges.n such
casesthe coordinationframework canthenbe usedasa “laboratory” to testwhich of the possiblesetof

stratgiesarelik ely to performthe bestin the competition.

6.3.4 Extensionsto Other Application Domains

Finally, anothelline of futurework is to extendtheapplicationof the coordinatiorframework to othertypes
of problems.Theconfigurabilityrequiremenhasbeenoneof the centraldesignconcernof theframework.
As wasshown in thefirst chapterits applicationto sevendifferentdomainshasprocedurallydemonstrated
the configurabilityclaim. However, furtherevaluationof this claimis required.Specifically bettermetrics
arerequiredthattestthe applicability of the framework to differentdomains.Indeed,suchanevaluationis
intendedo becarriedoutin afutureapplicationof theframework at The Centerfor CoordinationSciences
at MIT. The aim of this projectis to usethe developedcoordinationframework for systemrecovery in
caseswhenexceptionsoccur, suchasthefailure of a singleagent,corruptedor invalid informationwithin
the systemor erroneousexecutionschedulesln suchcasesagentscanenternegotiationto eitherprevent
predictedfuture failuresor recover from failuresthat have occurred(Dellarocas& Klein 2000). Because
exceptionscanoccuracrossmary differenttypesof domainsthendomainproblemsolversrequiresocial
interactiondo recoverfrom suchfailures. Thusthe configurabilityof theframeawork (aswell asthebenefits

of negotiatingagenttechnologyin comparisorto traditionalmethodscanbe evaluatednoreobjectvely.
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