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Abstract

Automatednegotiationis a key form of interactionin systemshat are composedf multi-
ple autonomousgents.The aim of suchinteractionds to reachagreementthroughaniterative
procesof makingoffers. The contentof suchproposalsare,however, a function of the strategyy
of theagents.Herewe presenta stratejy calledthetrade-of stratgyy wheremultiple negotiation
decisionvariablesaretraded-of againsbneanother(e.g.,payingahigherpricein orderto obtain
anearlierdelivery dateor waiting longerin orderto obtaina higherquality service).Sucha strat-
egy is commonlyknown to increaseéhe socialwelfareof agents.Yet,to date, mostcomputational
work in this areahasignoredthe issueof trade-ofs, insteadaiming to increasesocial welfare
throughmechanisndesign. The aim of this paperis to develop a heuristiccomputationamodel
of the trade-of stratgy andshaw thatit canleadto anincreasedsocialwelfare of the system.
A novel linear algorithmis presentedhat enablessoftwareagentso make trade-ofs for multi-
dimensionagoodsfor the problemof distributedresourceallocation.Our algorithmis motivated
by anumberof real-world negotiationapplicationghatwe have developedandcanoperatan the
presencef varyingdegreesof uncertainty Moreover, we show thaton averagethetotal time used
by thealgorithmis linearly proportionalto the numberof negotiationissuesunderconsideration.
This formal analysisis complementedby an empiricalevaluationthat highlightsthe operational
effectivenes®f thealgorithmin arangeof negotiationscenariosThealgorithmitself operatedy
usingthenotionof fuzzy similarity to approximatehe preferencestructureof theothernegotiator
andthenusesa hill-climbing techniqueto explorethe spaceof possibletrade-ofs for the onethat
is mostlikely to beacceptable.



1 Intr oduction

Automatednegotiationis a key form of interactionin systemscomposedf multiple autonomous
agents. It is so importantbecausdhe agentsare autonomougthat is, they decidefor themseles

whatactionsthey shouldperform,at whattime, andunderwhattermsandconditions[20]) andcan

have conflicting preferencesver stateof theworld. Giventhe factsthatsuchagentshave no direct

control over oneanotherandthereare often interdependencigsetweentheir actions,conflictsneed

to be resoled by the processof making proposalsand/ortrading offers, with the aim of finding a

mutually acceptablegreementlin short,by negotiating. More specifically we view negotiationas

a bargaining processby which a joint decisionis madeby two parties. The partiesfirst verbalise

contradictory demandsindthenmovetowards agreements

The prevalenceandimportanceof automatedegotiationcanbe seenin the large numberof pro-
posedmodels[8, 18]: rangingfrom auctionsin which the agents’pricing decisionproblemis solved
throughshaving the dominanceof a truthful bidding stratgy [58], to modelsin which the agents’
arguefor positionsandaim to persuadé¢heir opponent®f the valueof particularactiong[37]. In this
work we areinterestedn conflicting preferencesver complex multi-dimensionalecisionproblems
involvedin the bi-lateralresourcellocationnegotiationof serviced50]. In suchduopolisticnegotia-
tions, oneproducerandoneconsumeihave to baigainandcometo a mutually acceptablagreement
over the termsand conditionsunderwhich the producerwill executesomeactvity (service)for the
consumet Specificdecisionvariablesthattypically needto be mutuallyagreedncludethe price of
the service thetime atwhichit is required the quality of the deliveredservice ,andthe penaltyto be
paidfor renaying uponthe agreement.

The generatre modelof bagaining presentedereshareswith othermechanisndesignmodels
the explicit designof protocolswhoseexecutionis a function of the agents stratgy [3]. A protocol
is a setof “rules of encounter743] betweerthe negotiationparticipantsihatis, who cansaywhat,
to whom, atwhattime. Givena protocol,anagentstratgy thendefineshe modelthattheindividual
participantsapplyto actin line with the protocolin orderto achieve their negotiationobjectves. How-
ever, thegoalsmotivating the designof the protocolandstratey in this work aredifferentfrom those
of classicmechanisntesign.Thelatteraremoreinterestedn solvingthe stratgic mis-representation
problemthat occurswheneaer agentshave anincentive to mis-representheir true preferencesn or-
derto maximisetheir own utility. A mechanisndesignsolutionto this problemconsistsof centrally
designingdirect incentve compatibleor stratgyy proof decisionrules that have certain properties
[29, 43]. Althoughwe acknavledgestratgjic misrepresentatiois a concernin multi-agentsystems,
we arealsointerestedn the typesof decisionproblemsthatarenot only highly comple in dimen-
sionality (ratherthansimply dividing the cake) but thatalsoplaceboundinglimits onthe performance
of theagentby the virtue of their compleity. Indeed,the combinationof thesetwo factorscanlead
to sub-optimaldecisions therebythreateningclassicsolution conceptsrom mechanisndesign[8].
Thereforewe make theimplicit assumptiorthatsocialagreementto comple problemsareachieved
throughan iterative andindirect fashionsimilar to realworld baigainingwhereill informedplayers
interactandcommunicateo reacha socialchoice. Theseprotocolandagentassumptionsverenec-
essaryin orderto designa negotiation systemfor the typesof real world problemswe have been
involvedin: businesgprocessmanagementl9], telecommunicationsetwork managemeni9], and
e-commercé35, 42]. Theseassumptionareasfollows. Firstly, agentshave only limited information
abouttheir negotiationopponent Althougha mechanisntantheoreticallybe designedo incentvise

LIt is now commonpracticefor organisationso view theirfunctionin termsof theserviceghatthey provideto theirvar-
iousstaleholders.Thus,a service-orientediew, andby extensionservice-orientetegotiation,shouldbe seenascovering
awide spectrunof possibilities.



agentdo truthfully revealtheir preferenceto a centralplannerit is assumedhatsuchataskis highly
costly for high dimensionalityproblemtasks. Instead,we are interestedn a distributed approach
wheresolutionsare soughtwhenagentsdo not know the other players preferencedor negotiation
outcomestheir resenation values,or their resourceconstraints.Secondly agentsare not computa-
tionally unboundedComputationjnformally definedassearchjs costlyin bothtime andresources.
Thirdly, agentsareengagedn a multi-criteria decisionproblemmodeledas multi-dimensionakon-
tractsthatincludeboth continuousanddiscretedecisionvariables Finally, dueto theuncertaintiesn
interaction the compleity of thecomputatiorinvolvedin dealingwith multi-dimensionafjoods,and
the presencef boundednesshe depthof the gametreeis implicitly managedy assuminga finite
horizonof interactions.Theseinteractionsalsofollow therulesof an alternatingsequentiaprotocol
in which the agentgake turnsto make offers andcounteroffers[45]. The protocolterminatesvhen
theagentscometo anagreemenodr whenoneof themwithdravs from the negotiation.

One implication of the abore assumptiongs thatit is not possibleto pre-computean optimal
negotiationstratgy atdesigntime. Rathertheagentsieedio adopta heuristicandsatisficingapproach
for their stratgy [8, 23]. Thisis in contrastwith deductve modelsof negotiationwhereeachagent
explicitly representandreasonswith the decisiontree of the entiregame[30, 15]. In this case,a
negotiationstratgy is thenthespecification(usingfor examplebackwardinduction[2]) of asequence
of choicesfor every decisionnodein the gametree, with the propertythat both the final choices
andthe completesequencésub-gamepf choicesareoftenin equilibrium[45]. However, because
representatioandreasoningindersucha systemcanbe computationallyintractable[23, 25, 36] we
have beeninvolvedin developingapproximatingdecisionmodelsfor amorelimited typeof agenthat
hasno explicit representationf the entiregametree. Then,ratherthancomputingthe bestresponse
givenknowledgeof the endtree,an agentusesthe informationgainedsequentiallyin interactiongo
heuristicallyform a predictionof the future basedon the history of the interactionsofar. Decision
makingin anintelligentnegotiatingagentcanbe supportedy any numberof heuristicsthat assistit
in searchindor potentialdeals.In thedecisionrmodelpresentedh this paperthereasoningprocesof
anagentat eachsequencef the negotiationis characteriseds metadeliberationover the execution
of eithera concessionargr a trade-of mechanisnor both. The formermechanisnmmodelsiterative
concessiorover the scoreof a contractbasedon ernvironmentalfactorssuchasthe time remaining
until the deadline,the amountof resourcesonsumedn the negotiation, and the behaiour of the
negotiationopponen{for thisreasorthisis calledaresponsivenethanismsinceagentgeactto their
prevailing ervironmentalcontext [12]). This exchangeof offers and counteroffers continuesuntil a
crossw@er occursbetweerthedemand®f thetwo agentsor oneof theagentswithdrawvs. Cornversely
reasoningn the trade-of mechanisn{describedully belav) is characterisethy a heuristicfunction
thatmapsthe currentdemandandthe previous offer to anew offer.

In this case however, suchmetadecisionsaretaken not over the whole gametree structure but
ratherat ead decisionnodeof the decisiontreethat represent®nly the agents local optimization
problemandnot the joint optimisationproblemof the dyad. Giventhis, the goal of this paperis to
demonstratéhevalueof incorporatingoneheuristic,the similarity heuristic,in thetrade-of decision
mechanisnior a givensetof conditions.Additionally, sincethe strategyy of the agentis notunderthe
controlof thesystemdesignerwe would lik e to shav thatrationalagentsaremotivatedto implement
sucha heuristicwhen facedwith uncertaintyabouttheir opponents’utility function. However, at
the sametime we notethatthe computationahndrepresentationaimplicity of a heuristicapproach
is traded-of againstour inability to predictor specify equilibrium stratgies, since agentsdo not
explicitly represenaindreasoraboutthe choicesof the otheragent.Furthermoresinceheuristicscan
fail we areforcedto accepthe possibility of failing to find betterdecisionnodeswith higherobjectve
values.



However, althoughmulti-dimensionatlecisionproblemsntroduceadditionalcomputationatom-
plexities, they nonethelespreseninherentopportunitiesor increasinghe socialwelfareof the deal
throughtradingoff betweendecisionvariables. This opportunityhasbeenthe motivating factor for
developingthe heuristicmodelpresentedn this paper In our previous work we reportedon a con-
cessionangtratg@ic mechanisnior assigningvaluesto decisionnodeq12]. However, this responsie
mechanisnTails to explore the spaceof potentially jointly bettersolution nodesbecausédt cannot
explore different possiblevalue combinationdor the local negotiation decisionvariable. Thus, for
example,a contractin which the serviceconsumerffersto pay a higherprice for a serviceif it is
deliveredsoonermaybeof equalvalueto the consumeasonethathasa lower price andis delivered
later However from the serviceprovider’s point of view, theformermay be acceptablendthe latter
may not. The original modeldoesnot allow the agentsto explore for suchpossibilitiesbecauset
treatseachdecisionvariableindependenthandonly allows agentsto concedeon decisionvariables
(thusproducinga contractof lower valueto themseles).

To overcomethis limitation andto increaseheefficiency of dealsagentsneedtheability to make
trade-ofs betweemegotiationdecisionvariables Intuitively, atrade-of is whereonepartylowersits
valueon somenegotiationdecisionvariablesandsimultaneouslydemandsnoreon others.Thus,an
agentmay accepta serviceof lower quality if it is cheapeor alongerdeadlineif it recevesahigher
quality. Suchmovementsareintendedto generatean offer that, althoughof the samevalueto the
proposermaybe of greatemenefitto the negotiationopponent.This, in turn, shouldmake agreement
morelikely andincreasehe overall joint gains[41] betweerthetwo agents.The particularheuristic
we considelin this paperis basedon the degreeof similarity betweentwo consecutie choices.

The contritution of this work is twofold. Firstly, currentmodelsof automatechegotiation have
largely ignoredthe problemof multi-issuenegotiationandthe additionalpossibility andchallenging
problemsof makingtrade-ofs betweendecisionvariablesWe aim to rectify this ommissionin sec-
tion 3. Secondlywe preseni novel linearalgorithmthatenablesagentso make trade-ofs between
both discreteand continuousnegotiation decisionvariables,in the presenceof information uncer
tainty andresourcéboundednesfr multi-dimensionaboods.Thealgorithmitself operatedy using
thenotionof fuzzy similarity [65] to approximatehe preferencestructureof the negotiationopponent
andthenusesa hill-climbing techniqueto explore the spaceof possibletrade-ofs for the onethat
is mostlikely to be acceptable.Although the domainof applicability of the algorithmis currently
restrictedto linear problems the abstractunderlyingsimilarity modelitself supportsa componentf
the overall ngyotiationalgorithmandcanbe usedby any negotiatingagent.Moreover, this algorithm
hasbeenanalysedheoretically(to determinets compleity) andevaluatedempirically (to ascertain
its operationaperformance).

Theremaindeof the papers structurechsfollows. Section2 investigateshe spaceof negotiation
outcomesandoutlineswhereandwhy trade-ofs are possible. Section3 presentsur algorithmfor
makingtrade-ofs in service-orientetegotiations.Sectiond providesan empiricalevaluationof our
trade-of mechanisnin arangeof negotiationscenariosSection5 compare®urapproacho previous
work in this area.Finally, section6 outlinesour conclusionsandour plansfor futurework.

2 The Rationale for Making Trade-Offs

This sectionanalyseghe rangeof outcomeghat canoccurwhentwo agentsnegotiatewith onean-
other It doessoin orderto identify why andwheretrade-ofs arepossible.In thiswork; it is assumed
thatthe agentqa andb) have to negotiatea multi-dimensionakontracto € O, whereO is the setof
possiblecontracts.Figure1l A shavs a simplifiedtwo decisionvariableversionof the problemasan



Edgevorth box. For the purposeof exposition, a single contractclause(decisionvariable)is taken
to represena commodityand (re)assignmenof a valueto a decisionvariableasits (re)allocation.
Thus,in thisfiguretwo agents: andb have to reacha contractover the allocationof two commodities
(1 and2). Furthermoregachagentis assumedo have an initial endavmentof both commodities
(hasmadeaninitial choiceover the pair of contractdecisionvariablesbeforenegotiation). Theinitial
endaovmentof ¢ andb is givenby w® = (w$,w$) andw® = (w8, wl) respectiely andis shavn
in figure 1A asthe point (w¢, w$), (w?,w}). The dimensionsof an Edgavorth box representhe
quantitiesavailable of the good. No allocationof eithergoodto a or b is representety O* and O°
respectiiely. The generalquestionis then, what allocationof total units of good1 andgood2 are
feasible?n otherwords,whatdecisionsover thetotal rangesf all decisionvariablesarefeasibleAf
anallocationto agenta andb over commoditiesl and2 is givenby (x¢, z4) and(x?, z3) respectiely,
thenanallocationis feasibleiff z¢ + 28 < w$ + w8 andz§ + 28 < wg +w$. Thatis, all pointsin the
box, includingthe boundaryrepresent feasibleallocationof the combinedendavments. However,
someallocationswill be blocked by one/bothagentswhile othersmalke both agentsbetter This is
becausef theagents’preferencesTheseareshavn by the corvex indifferencepreferenceurves(or
iso-cunes)of thetwo agentdn figure 1A, whereeachcurve representshe indifferenceanagenthas
over theincreasing/decraing utility of onecommodityversusthe simultaneouslecrease/increase
utility of theothercommodity Allocationsalongthe O-0O° andcorverselyO®-0¢ axisareassociated
with anincreasingvaluefor agenta andb respecirely.

Giventheabove, afeasibleallocationcanbeblocked by anagentwhenanallocationthatincreases
the utility of onedecreasethe utility of the other However, the welfare of both agentss increased
atthe point wherethe corvex indifferencecurvesof eachagentintersect.A hypotheticaketof such
pointsis shavn in figure 1A assolid blackovals. Theseallocationsaresaidto be pareto-optimabver
theendavmentallocation(aformal definitionis givenbelow). Pareto-optimalitympliesthatif agents
have anoptionto optoutof negotiationthentheonly possibleallocationsneedto be paretoimproving
allocations.However, sincetherearea numberof pareto-optimatontractgyiventhe endavment,the
guestionremainswhich will be the one selected.Onesolutionto this indeterminag problemis to
treatthe problemasabaigainingproblemin a perfectlycompetitve market whereutility maximising
agentdradecommaoditiedor givenannouncegbrices.Pricesaretheniteratively loweredor increased
with excesssupply or excessdemandrespecttely, until the market clearsat a generalequilibrium
[5, 39). The First Fundamentallrheoremof Welfare Economicsthen statesthat given consumers’
preferencesrewell behaed, tradingin perfectlycompetitve marketsimplementsa Pareto-Optimal
allocationof theeconomys endavment.

Solutionsto this indeterminag problemhave also beenattemptedn a more axiomaticfashion
from gametheory wherea single solutionis selectedthat satisfiesa setof axioms. To shaw this,
the baigaining problemof figure 1A is mappedrom the decisionvariablespaceto the utility space
representationf figure 1B usinga utility functionU; : O — [0,1],i € {a,b} 2. In thisfigure, utopia
correspondsgo the situationwhereboth agentsobtain their highestaspirationallevel. If the agents
fail to reachary deal,they eachreceve a conflict payof. The setof possibleoutcomesjncluding
utopia(payofs (1,1)) andthe conflict point ¢ (payofs (0,0)), areshavn in figure 1B. The feasible
setof outcomess denotedby B in figure 1B which containsthoseagreementshat areindividually
rational andis boundedy the pareto optimalline. An agreemenis individually rationalif it assigns
eachagenta utility thatis at leastaslarge asthe agentcan guarantedor itself from the conflict
outcomex.. Paretooptimality is definedfor a baigaininggame(B, x.) in the following mannei[6].

2Sucha perfectcurvilinear shapeis only obtainedunderthe assumptionshat the utility functionsof the agentsare
perfectlyconcae anddifferentiable.
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Figurel: A) Edgevorth Box representinghe decisionoutcomespacefor a pair (e andb) of negotiat-
ing agentsB) Utility outcomespacdor apair (e andb) of negotiatingagents.

Supposéherearetwo outcomesx andy suchthatthey bothbelongto thefeasibleset,x,y € B. If
Ui(y) > Ui(x), for botha andb, but y is strictly preferredfor atleastoneagent,U;(y) > U;(x) for
i € {a,b}, thenthe outcomex is not paretooptimal. This is formally representedsa functionthat
giventhe gamedefinedby the pair B andx. doesnotselectx—i.e., f (B, x.) # x.

Cooperatre (or axiomatic)gametheory aimsto specify axiomsthat leadto the selectionof a
single point on the paretooptimal line asthe mostdesirablesolutionfor a given negotiation. The
Nashbargaining solutionis the mostpopularsuchsolutionthat selectsan individual outcomefrom
the pareto-se{henceit is efficient) thatis alsothe mostequitableoutcome. The Nashsolutionis
definedasthe point that maximisesthe productof the utilities (U,; — Uac)(Upj — Use) WhereU;;
is the utility to players for settlement; and U, is playeri’s conflict outcomeutility [30]. One
interpretationof the Nashbaigainingsolutionis that agentsare motivatedby equity or proportional
cooperation27]. Another solution conceptis the Kalai-Smoodinsk [21] which modifiesone of
Nashs axioms(independenc#o irrelevant alternatvesto individual monotonicty)andis interpreted
asendogenouslyproviding more weightingto the “needier” player[27]. However, suchaxiomatic
modelsare inappropriatefor computationalpurposeshecausehey specify the solution properties
andleave the processof how to reachthesepointsunspecified.® Thus,thereareno guidelinesfor
automatingheprocesf how to actuallyreachtheseoutcomesNonethelessor evaluationpurposes
we usethe focal or referencepoint [41] (seebelav for the computationabigumentwhy the Nash
bamgaining solution, and by implication the Kalai-Smorodins, is not chosen). This solution point
hasbeenextendedto an axiomaticrefeenceoutcomesolutionproposedoy [16]. Thefocal pointis

3As will be mentionedater, non-cooperatie models,notablythe alternatingsequentiamodel of Rubinstein[46], do
model the selectionof the outcomeas a processof negotiation, ratherthan selectionof an outcomethat satisfiessome
desirableproperty Indeed,undersomestrict contets, non-cooperatie modelsimplementthe Nashbaigainingsolution
whenagents'stratgjiesarein equilibrium. However, althoughwe acknavledgetheimportanceof this body of work, we do
not claim deductve andrationalequilibrium reasoningoy our agentsfor the reasongjivenabove. We notethatequilibria
canbeattainedby myopicagentsf we adopta “massaction”[32] or “evolutive” [2] interpretatiorof equilibria.



ofteninterpretedasa prominentoutcomethatreplaceghe conflict outcomeandis often expectedto

have animportantbearingon the outcomeof negotiation. For example,in multi-issuenegotiationsthe
middle point on eachissueoften becomeshe focal point [40] andthe negotiatorsthentry together
to find otheragreementthatarebetterfor both. In sectiond.3we usethe axiomaticextensionof the
referencepoint asthe point thatis paretooptimal andlies on the line connectingthe referenceand
utopiapoints (in factwhenthe referencepoint is the conflict point thenthis solutionis identicalto

Kalai-Smorodinsk's solutionpoint). The referenceoutcomeis simply computedasthe mid point

of eachdecisionvariable. This axiomaticsolutionhasbeenshavn to be particularlyappropriatefor

logrolling in integrative multi-issuenegotiations[16]*. Thereforethepropertyof thesolutionwe seek
to optimiseis thedistanceof anoutcometo the pointlying on the paretooptimalline andconnecting
thereferencepointwith utopia.

For us, it is this multi-dimensionalityof decisionproblemsthat permitincreasinghe socialwel-
farethroughagentsactively searching and communicatinghodesof the tree of decisiontrade-ofs.
Thisis in contrasto negotiationover asingledecisionvariable(integrative v.s distributednegotiation
respectrely, [41], figure2 aandb). In suchsituationsthe opposingnatureof serviceproducersand
consumersneanghatthe agents’payofs are perfectlynegatively correlated. Thusan outcomethat
increaseshescoreof oneagentdecreasethevalueof theother Hereall thepossibleoutcomedie on
the pareto-optimaline. Furthermoreassumindinear conflicting valuefunctionsfor the negotiation
participantsthesumof eachoutcomeis 1 (i.e., it is azen-sumgame[13]). In thisscenariotheNash
bamgaining solutionis easily computedasthe mid point (and mostequitable)of both agents’value
function (i.e., at (0.5,0.5)). Given the single decisionvariable natureof the negotiation, decision
variabletrade-ofs arenaturallynot possible More generally however, the sameamgumentsalsohold
for multi-dimensionafjoodsin zero-sungames.
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Figure2: Outcomespacefor a pair of nggotiatingagents:a) singledecisionvariableandb) multiple
decisionvariables.

However the gamesconsideredn this work are not zero-sumbecauseve canassumehat the
agentsattachdifferentlevels of importanceto the variousnegotiation decisionvariables. Thus, for

“Theimportanceof the referencepoint hasalsobeencorroborate@mpirically [44].



example,one agentmay be mostconcernedvith the price of a service,while its opponenimay be
mostconcernedvith the time by which the servicecanbe delivered. Dueto the fact thatthereare
multiple decisionvariableseachof which hasa differentimportancdevel, the negotiationoutcomes
aretransformedo a non-constansumgame(wherethesumof the utility valuesalongthedimensions
of anoutcomedo not necessarilyaddup to 1). It is this transformatiorthat opensup the possibility
of agentsmakingtrade-ofs. Thatis, it is possibleto find agreement#n which somedecisionvari-
ablesareincreasedn valueandothersare decreased@ndoverall this will benefitoneor both of the
negotiation participantssimultaneously In this case,the pareto-optimaline is shawvn in figure 2h
Now the only pointson this line wherethe sumsof the individual valuesaddto 1 is at the point of
connectionwith the z andy axis. Differentpointsalongthe line thendo not necessarilysumto 1
and do not necessariljhave the sameaddition. More importantly however, it is now possiblefor
negotiationoutcomedo lie belov the pareto-optimaline (i.e., towards(0,0)) becauseagentsattach
differentimportanceweightingsto thevariousdecisionvariables.Consequentlthereis scopein the
negotiationprocesdo find agreementthatarecloserto the paretooptimalline, meaningthatoneor
even both of the agentscanbe betteroff. This contrastswith the distributive baigainingcasewhere
thenegotiationoutcomehasto beonthepareto-optimaline (meaninghereis no scopefor improving
onescorewithout decreasinghe scoreof the negotiationopponent).Furthermorethe Nashbaigain-
ing solutionis no longerat (0.5, 0.5), becausehe pareto-optimaline hasmoved from the constant
sumline. However (0.5,0.5) cannow be viewed asa referenceoutcomesinceit representshe point
atwhich bothagentobtainpreciselyhalf their aspirationalevel.

Having definedthe outcomdandscapandidentifiedthe possibilityfor trade-ofs, the next stepis
to determinenow to actuallycomputesuchtrade-ofs. If theagentknew theiropponens preferences
andtheir relative importanceweightings,thenthey could computesolutionsthat lie on the pareto-
optimalline. TheregularNashbagainingsolutionin factimplementghis sharecknowledgeassump-
tion. However, the Nashbaigaining solutionis inadequaten casesof multiple decisionvariables
becausdts computatiorbecomesntractablein the presencef multiple decisionvariablereseration
valuesandweights. The maximizationproblemthenbecomesnaximizationof a quadraticfunction
with restrictions(the reseration valuesof a decisionvariable),wherethe solutionto the quadratic
function may violate the restrictions. It is a quadraticproblembecauseahe individual utilities of
agentsarelinear®

max (Z wiUé(o)) (Z ngg(o))

However in most realistic situations,this informationis simply not available (as discussedn
sectionl). This meansagentsneeda meansof approximatingthe preferencef their opponent
basedupontheir obserablenegotiationbehaiour. This approximatiorcanthenbeusedto selectthe
outcomeghatarecloserto, or ideally on, the paretooptimal line. The desiredfinal outcomein the
feasiblesetoftendepend®on the agents socialobjectves/goals.Thesemay beto maximisethe joint
gainsof theagentgif they arebothfrom the sameorganisation)r they maybeto increasehevalue
of the agreemento the opponentwhile keepingtheir own return constant(if the aim is to find the
contractthatis mostlikely to beaccepted).

Attempting to approximatethe preferencestructureof an agentbaseduponits negotiation be-

SNumeric methods suchasactive sets canhandlesuchproblems[26]. However, with this methodasthe numberof
decisionvariablesincreaseghen so doesthe compleity of the computationinvolved in solving the quadraticproblem.
Therefore,active setsbecomeunlikely candidategor computingthe Nashsolution for baigaining problemsinvolving a
large numberof decisionvariables.



haviour is difficult. The mostcommonmeansof doing this is to constructan explicit modelof the

negotiation opponentand then updateand refine this modelin the light of subsequeninteractions
(e.0.,[2, 14]). However, suchmodelsaredifficult andcomputationallydemandingo construciespe-
cially for multi-dimensionaoods),they arenot well suitedto situationswherean agentnegotiates
with mary opponentgone modelis neededper opponent),andthey require numerousnegotiation
encounterdeforeary greatconfidencecanbeplacedontheirfidelity (seesection5 for moredetails).
An alternatve approachis not to directly modelthe likely choiceof the negotiation opponent,but

rather to try and generatea contractthat is reasonably’ similar’ or “close” to the opponent last
proposal. This is a reasonabldeuristichecauseghe opponent mostrecentproposalrepresentan

outcomethatis acceptablao it. Thusa proposatlthatis notdissimilar alsohasa reasonablehance
of beingacceptableln this case the heuristicis modelingthe domainandnot the otheragent. The

agentcanthenusethis domainmodelto inducethe possibledefault preference®f the other For

example,if the sellerhasdemanded paymentof £20 for a servicethena client of the servicecan
heuristicallyassumehatthe sellerwill preferanoffer of £18 to £10 becauseheformeris closer or

moresimilar, thanthelatterto the sellers initial demand Note alsothatthefinal outcomereacheds

afunctionof theinitial andsubsequentffer stratgy. Thus,asellerstartingatanoffer of £40 should
be betteroff. We briefly evaluatethe effect of different offer stratgjies on the outcomeof games
empirically in section4. The computationakimplicity and parsimoniousisageof agentmodelsin

this similarity-basedapproachare demonstratedh the following sections.Moreover, similarity can
beappliedto encounterbetweeragentshathave never previously interactefl. For thesereasonsye

usesimilarity asthe basisfor computingtrade-ofs in our algorithm.

3 Making Trade-Offs

This sectionpresents formal modelof our trade-of mechanismn(section3.1), detailsthe algorithm
for actuallymakingtrade-ofs (section3.2) andillustratesits use(section3.3). Firstly, however, we
outline the basicsof our service-orientedegotiation model (referto [12] for more details). Let ¢
(¢ € {a,b}) representhe negotiatingagentsandj (5 € {1,...,n}) be the decisionvariablesunder
negotiation. Negotiationscanrangeover quantitatve (e.g. price,delivery time, andpenalty)or qual-
itative (e.g. quality of service)decisionvariables.Quantitatve decisionvariablesaredefinedover a
realdomain(i.e. = € D} = [min’, max}]). Qualitatve decisiorvariablesaredefinedoverapartially
orderedset(i.e. z;; € D = {q1, 42, - - -, gp}). EachagenthasascoringfunctionV} : D} — [0,1] that
givesthe scoreit assigngo a valueof decisionvariablej in the rangeof its acceptablevalues. For
cornveniencescoresarekeptin theintenal [0, 1]. Therelatveimportancehatanagentassigngdo each
decisionvariableundernegotiationis modeledasaweight,w;'-, thatgivestheimportanceof decision
variable;j for agenti. We assumethe weightsof bothagentsarenormalizedj.e. >~ <<, w;'- =1,
for all 7 € {a,b}. An agents scoringfunctionfor a contract—thatis, for avaluex = (z1, ..., z,)
in the multi-dimensionalspacedefinedby the decisionvariables’value rangesis then definedas:
Vi(x) = Z1§j§n wé- : V;(ﬂfg) .

We assumeboth partieshave a deadlineby whenthey mustcompletethe negotiation. This time
canbe differentfor eachagentandif its deadlinepasseshe agentwithdravs from the negotiation

5The similarity heuristiccanbe moreefficient if moreinformationaboutthe negotiationopponents available. Thusif
theagentdoeshave someinformationaboutits opponent preferencegshis will improve thetrade-ofs thataregenerated.

"For analyticalpurposeswe restrictoursehesto anadditive andmonotonicallyincreasingor decreasingaluescoring
system.Note thatthe heuristictrade-of modelpresentedereis independenof the way utilities arecomputed.The only
requiremenbf the modelis thatthereexists a (linear or non-linear)utility function. However, the hillclimbing algorithm
presentedn this paperassumesgentshave linearutility functions.



(taking the conflict outcome).An agentacceptsa proposalwhenthe value of the offeredcontractis
higherthantheoffer it is readyto sendout at thatmomentin time.

3.1 A Formal Model

In choosingto malke a trade-of negotiationactionan agentis seekingto find a contractthathasthe
samescoreasits previous proposafor itself, but which maybe moreacceptabl¢o (have higherscore
for) its negotiationopponentHowever, the key problemhereis how to selecta contractthatis likely
to increasethe scoreof the opponentgiventhat the agent doesnot knowits prefeences To make
trade-ofs underthesecircumstancesanagent(call thisa) in negotiationwith anotheragent(call this
b) mustbe provided with a mechanisnio:

1. selecta setof contractsall of which have the sameutility asa’s previous offer x (thisis called
a's aspirationalevel);

2. selectfrom this set,a contract(x’) thatagenta believesis morepreferableo b thanx. Ideally,
a wouldlike to choosethe onethatis mostpreferredby b sincethis maximiseshe chanceof
it beingaccepted.

Thatis, agenta believesthatV?(x') > V?*(x). By constructionthe constraintl®(x) = V%(x') has
to betrue. Thus,it follows thatagenta believesthatVe(x') + V°(x') > V4(x)+V?(x) andtherefore
believesthatx’ increaseshejoint utility of the proposal.

The first problemto addressn this sectionis how to modelthe agents uncertainbelief in the
secondstepof the mechanisns operation. A classicsolutionfor handlingsuchuncertaintiess to
assumeagentshave meansto computeconditional probabilitiesand formulate subjectve expected
utilities. However this approachs problematic. Firstly, assigningprior probabilitiesis practically
impossiblefor the typesof problemsaddressedhere (wheretherecanbe aninfinitely large set of
outcomesandthe outcomesetitself canchangedynamicallyin the courseof the negotiation). Even
if assigningprior probabilitieswas practically achiezable for interactionsthat are repeatedhence
permitting the useof probability updatemechanismsuchasBayesrule [47]), the sameis not true
for encountersn opensystems.In suchenvironmentsthe prior probabilitiesmay simply be wrong,
a fact that is exacerbatedy the one-of natureof encountersvhich preventsthe updateof prior
distributions. Secondlythe formulationof decisionsbasedon subjectve expectedutility introduces
thesilentout-guessingroblem[64]—the agentdesigners choiceof probabilitiesis basedn guesses
aboutthe probablechoicesof others,whosechoicein turn is dependenbn the guessesboutthe
probablechoicesof thefirst, andsoon.

To circumwent thesedifficulties a solutionwas soughtthatis simpleandapplicableto the types
of problemsthatarepresenin both closedandopensystems As discussegreviously, the heuristic
employed hereis not to directly modelthe likely choiceof the otheragent,but, rather to selectthe
contractthat is most“similar” or “close” to the opponens last proposal(sincethis may be more
acceptableo the opponent).

Therationalefor similarity-basedeasonings demonstratetdy thefollowing serviceselling sce-
nario. The serviceprovider’s main negotiation objectie is to sell the service. How goodand howv
successfubl serviceis canonly be known a posteriori,onceits acceptancen the marketplacecan
be evaluated. A commonway of approximatingthis acceptancés to performa poll that allows the
market participants’preferenceso beelucidated However thisis difficult in areasvherethe number
of opponentss small andeachis selfishlymotivatedto alter their answersn orderto influencethe



services$ evaluation. Therefore,statisticalinferencemay lead us to the wrong conclusions.To cir-
cumwent this, we needan a priori valuationof the servicein orderto drive the negotiationprocess.
Theclassicalvay of doingthisis to organisethe services valuationarounda setof characteristicthat
determinats differentiationfrom competingservices.Thesecharacteristicthenbecomehe causeof
the consumes satisaction. However, valuationsbasedon a service$ characteristicarein essence
subjectve, they canbe wrong, the servicemay, in the end, not be satishctoryto the market. With
this backgroundpur researchphilosophyfor modelinga priori valuationscan be statedas: similar
servicesshouldbe indifferentto customers Moreover, the greaterthe degreeof similarity, the more
likely thereis to be indifference. This is also consistentwith Humes stance:“from causeswhich
appearsimilar we expectsimilar effects. Thatis the sumof all our experimentalconclusions”.In a
sensejf we acceptthatthe a priori valuationof a good mustbe groundedon its characteristicsye
have to accepthatgoodsconsideredissimilarin thelight of thesecharacteristicenustreceve similar
valuations.Note that herethe similarity functionis beingusedto inducea utility structure(in terms
of indifferencestructureg3]), the moresimilar anobjectthe moreindifferentthe valuation.

Theparticularmeansof computingsimilarity thatwe adoptedhereis thatof fuzzy similarity [65].
This shift in emphasidrom the probablechoicesof othersto the closenes®f two contractsmeans
thatary theorythatmakesthe sameontologicalcommitmentsasclassicalogic andprobabilitytheory
(wherefactsare eithertrue or not and probabilitiesrepresenthe degreeof belie) is inappropriate.
Thus,whenmodelingconceptssuchasclosenesstallnessor hearinessa differentlogic is required
that modelsthe degree of truth—a sentencds “sort of” true. Most peoplewould hesitateto say
whetherthe sentencéJeniis tall” is trueor not, but would morelikely say“sort of”. Note,thisis not
anuncertaintyaboutthe externalworld (we aresurehow tall Jeniis), ratherit is a statemenaboutthe
vagueness®sr uncertaintyover the linguistic term “tallness” or the similarity/membershipf a class
prototype. However, animportantpoint to noteis that the useof fuzzy similarity and probabilities
arenot exclusie. Indeed,the agentcanusefuzzy similaritiesto guessthe prior probabilitiesof the
others choicesandthenupdatetheseprior probabilitiesin the courseof interactionsusingBayesrule.
Thus, fuzzy similarity canbe usedto “bootstrap” decisionmechanismshat operateon the basisof
choicedistributions.

We first introducethe basicconceptf fuzzy similarity andin the next sectiondetail their usage
to modeltrade-ofs. Thefirst thing to modelis how to computesimilarity alonga dimensionof the
negotiationspacei.e., thesimilarity for aparticulardecisionvariable).A gradedor fuzzy) similarity
relation can be seenas a generalizatiorof an equivalencerelationandit is also closely relatedto
the mathematicahotion of distance.Indeed from the perspectie of thefuzzy setliterature,afuzzy
similarity relationonasetD is abinaryfunctionSim : D x D — [0, 1] satisfyingthethreefollowing
properties:

(i) reflivity. Vz; € D, Sim(zj,z;) = 1,
(i) symmetryVz;,y; € D, Sim(z;,y;) = Sim(y;,z;), and

(iii) t-normtransitivity. Vi ;,y;, z; € D, If Sim(z;,y;) = aandSim(y;, z;) = bthenSim(z;, z;) >
T(a,b), whereT is at-norm?8

Notice thatif Sim is a similarity functionin the above sensed = 1 — Sim hasthe propertiesof a
distance-lile function. In particular for T'(u,v) = max(0,u + v — 1) (Lukasievicz t-norm)property

8A triangularnorm, t-normfor short,is a binary commutatve, associatie, non-decreasingperationin [0, 1] with 1 as
aneutralelement.T-normsplay a centralrole in fuzzy settheoryin modelingintersectioroperationn fuzzy sets[38].
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(i) is nothingbut theusualtriangularinequalityandd becomes pseudo-metricwhile for T' = min,
d becomeanultra-metric(it verifiesd(z, y) < max(d(z, z),d(z,y))).

In thiswork, themethodof building similarity functionsis to define,for agivendecisionvariable,
criteriaevaluationfunctions. Thatis, functionsthatdeterminehow much,in the scale[0, 1], a given
elementmatcheghe criteria. For instance,in the domainof colours, a criteria evaluationfunction
couldbetempeature that operatesy returninga highervaluefor increasinglywarm colours. Thus,
given a criteria evaluationfunction h : D — [0, 1], a naturalway to definea similarity function
inducedby h is to define Simy(z,y) = h(z) < h(y), where< is a fuzzy equivalenceoperator
somehw relatedto thet-normT" to guarantegroperty(iii). For instancefor T'(u,v) = max(0,u +
v — 1), wedefineh(z) <> h(y) =1 — |h(z) — h(y)|, andfor T' = min, we defineh(z) +> h(y) =1
if h(z) = h(y), andh(z) <> h(y) = min(h(z), h(y)) otherwise.

Now, if we needto definenotone,but asetof criteriafunctionsh; : D — [0, 1] thequestions how
canwe aggr@atethe individual similarities Simp,, to comeup with a global similarity relationthat
takesinto accountall the given criteria? Following the resultsfrom [57], sucha similarity function
canalways be definedas the minimum of appropriatefuzzy equvalencerelationsinducedby a set
of m > 1 criteriafunctionsh; : D — [0, 1]. Thatis, the similarity betweentwo valuesfor decision
variablej, Sim;(z;,y;), could be definedas Sim;(x;,y;) = mini<i<m(hi(z;) < hi(y;)). This
definition,althoughproviding a procedureo build a similarity relationfrom asetof criteriafunctions,
hasa very counterintuitive interpretation.If, for example,we hadtencriteriafunctionsandthatfor
a concretepair of elementsine of themgive a high valueandoneof themgivesa very smallvalue,
the similarity of the two elementsvould be equalto thatminimumvalue. This is too strict. A better
alternatve, andtheonethatwill beusedin theremaindeof this paperis to build similarity functions
asweightedmeans.By doingthis, we may no longerguaranteehe t-normtransitivity for the global
similarity. However propertieqi) and(ii) arethemostimportantin this context andthey aresuficient
to modelthe conceptof closenesintendedin this paper Neverthelesst-normtransitvity is indeed
presered whenthe functions Simy,; arelLukasiavicz-transitve (i.e. whenl — Sim,, aremetrics)
andu <> v =1 — |u — v|. Thusour definitionfor a similarity is thefollowing:

Definition 1 Givena domainofvaluesD;, a similarity betweertwovaluesz;, y; € D; is definedas:

Simj(xj,y;) = Y wi- (hi(z;) < hi(y;)) 1)

1<i<m

wherew;, Y1 «;<m, wi = 1, is asetof appropriateveightsrepresentingheimportanceof the criteria
functionsin the computationof similarity, and1 — |h(z;) — h(y;)]| is the equivalenceoperator(as
arguedbefore). Theseweightsmodeldifferentstanceswith respecto a particulardecisionvariable.
Forinstancewhenbuyingacar, youngpeoplemaygive moreimportancdo theluminosityof acolour
becausat helpsin shaving off, while older peoplemay give moreimportanceto the visibility of a
colourasthisis correlatedwith security

To illustratethe modelingof similarity for a decisionvariable,considerthe exampleof colours.
HereD oiours = {yellow, violet, magenta, green, cyan, red, . . .}. To modelhow similartwo given
coloursare, different perceptve criteria canbe considered.For instance thereare ‘warm’ colours
and‘cold’ colours. With respectto this criterion, yellow and orange are more similar than yellow
andviolet Relatedto the ‘warmnessof colours,Newton [33] establishedhe proportionalityfactors
betweercoloursthatdeterminevhatthesizeof paintedsurfacesshouldbein orderto bein perceptual
equilibrium. For instance yellow hasluminosity 9 andviolet luminosity 3. This meansthatif we
painttwo squarespnein yellow andonein violet, their surfaceshave to bein relationl to 3 in order
for the resultto bein ‘equilibrium’ (thatis, the yellow squaremustbe onethird of the size of the
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violet square).Anotherrelevant perceptuaktriterion of coloursis their visibility. Therearevarious
physiologicalcharacteristicof the humanvisual field, distribution of conesand rods, that ensure
somecoloursarebetterperceved whenmoving away thanothers[28]. Greenis the colourwith the
worstvisibility andyellow andcyanarethosewith the bestvisibility. Giventhesethreecriteria,the
colourdomaincanbe modeledin the following way (functionsare presentedxtensively as setsof

pairs(input, output)):

hi = {(yellow,0.9), (violet, 0.1), (magenta,0.1), (green, 0.3), (cyan,0.2), (red,0.7), ...}

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; and h,, arethe criteria functionscorrespondingo temperaturgwarmis 1, cold is 0),
luminosity (maximumis 1, minimum0) andvisibility (againmaximumis 1 andminimumO) respec-
tively. Assumethatit is ayoungpersorbuying the carwho hasthefollowing weightsfor thedifferent
criteria: wy = 0.7, w; = 0.2, w,, = 0.1. Then,usingthe similarity relationasdefinedabore we have:

SiMcotour (Yellow, red) =
wy + (1— | hy(yellow) — hy(red) |)+
wy - (1= | (yellow) — hy(red) |)+
wy + (1— | hy(yellow) — hy(red) |)
=0.7-0.8+02-09+0.1-0.9=0.83

andsimilarly, Simcojour (yellow, violet) = 0.7-0.2 + 0.2 - 0.4 + 0.1 - 0.5) = 0.27
Oncethenotionof similarity for a decisionvariablehasbeendefined the similarity betweertwo
contractgs simply definedasa weightedcombinationof the similarity of the decisionvariables:

Definition 2 The similarity betweentwo contracts x andy over the setof decisionvariablesJ is
definedas:

Sim(x,y) = Zw}l - Simj(zj, ;) 2
jeJ

with 3= ¢y w§ = 1 andSim; beingthe similarity functionfor decisionvariable; definedasbefore.
Theseweightsrepresenthelevel of importancegheagentbelievestheopponenplacesonthedifferent
decisionvariables.If anagenthasno suchinformation,it may assignequalweightsto all decision
variables. However if it candeducethe likely priorities of its opponentthentheseweightscanbe
modifiedto reflectthis information.

Giventhis backgroundwe cannow proceedwith the detailsof the trade-of formal model. An
agentwill decideto make a trade-of actionwhenit doesnot wish to decreasets aspirationlevel
(denotedd) for a given service-orientedhegotiation (the aspirationlevel is the valuationof its last
offer x, thatis # = V(x)). Thus,the agentfirst needso generatesome/allof the potentialcontracts
for whichit recevesthescoreof §. Technically it needgo generateontractghatlie ontheiso-value
(or indifference)curve for 6 [41]. Becauseaall thesepotentialcontractshave the samevaluefor the
agentmakingthe trade-of, it is indifferentamongstthem. Giventhis fact, the aim of the trade-of
mechanisms to find the contracton this line thatis most preferable(and henceacceptablejo the
negotiationopponentMore formally, aniso-cune is definedas:
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Definition 3 Givenan aspirational scoringvalue#, theiso-curveat level § for agenta is definedas:
is0a(0) = {x | V*(x) = 0} ®3)

From this set, the agentneedsto selectthe contractthatis mostsimilar to agentbd’s last offer. A
trade-of is thendefinedas:

Definition 4 Givenan offer, x, fromagenta to b, anda subsequentounteroffer, y, fromb to a, with
0 = V?(x), atrade-of for agenta with respecto y is definedas:

trade-of ,(x,y) = arg max {Sim(z,y)} 4)
z€i504 (0)

A linear trade-of algorithmthat implementsan instanceof this genericformal heuristicmodelis

describecdhext.

3.2 The Trade-off Algorithm

Thetrade-of algorithmwe considethereis definedovertheclassof linearly additive utility functions.
Weacknavledgethatrestrictionto alinearutility modellimits theapplicabilityof thealgorithm.How-
ever, we alsonotethatthe assumptiorof linearity is restrictedto the algorithmandnot the heuristic
modelitself. It is perfectlyconsistentwith the heuristicmodelto designothertrade-of algorithmsfor
othernon-linearutility functions(seg[10] for non-lineardistributedsearchalgorithms).

This algorithmperformsaniteratedhill-climbing searchin alandscap®f possiblecontractsThe
searchstartsat the opponens offered contractand proceedsy generatinga set of contractsthat
lie closerto theiso-cune (representinghe agents aspirationlevel). The contractthatmaximizesthe
similarity to theopponens lastoffering is selectedattheendof eachiteration. Thealgorithmrepeats,
startingfrom the contractselectedat the previous step,until theiso-cune is eventuallyreached.

Figure3: Schemaof thetrade-of algorithmwith N = 3 andS = 3.
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Thealgorithmis shavn schematicallyn figure 3. It startsat contracty, the opponents lastoffer,
andmovestowardsthe iso-cune (the solid marked line correspondingo the agent$ aspirationlevel
#) associateavith x, theagents lastoffer. Thisapproacho theiso-cune is performedsequentiallyin
S stepg(threein figure 3). Eachstepstartsby randomlygeneratingV contractgthree,onefilled and
two patternedvalsin figure3) thathave autility E greatethanthecontractselectedn thelaststepy’
(ory® =y if it is thefirst step)for theagentmakingthetrade-of. HereN is referredto asthenumber
of children.Eachnew contractyi*! sogeneratedatisfiesheconstrain/ (yi+!) = V(yd) + E, and
they all have thesamaeutility to theagentmakingthetrade-of (shavn asthedottedline connectingall
the childrenat eachstep). Fromthe generateathild contractsthe onethat maximizesthe similarity
with respecto theopponent contracty is selectedshavn asthefilled ovalin figure3). Thiscontract
thenbecomeshe parentof the next setof children. E is computedasthe overall differencebetween
thevalueof x andy divided by the numberof steps.Thatis, £ = w The overall effect of
the algorithmis to sequentiallyexplore a subsebf the possiblespaceof contractsandselectfor the
next stepthe onethatmaximizesthe similarity with respecto the otheragents contractoffer. This
searchterminatesvhena contractx’ is generatedhatlies on theiso-cune of x.

Figure4 presentshepartof thealgorithmresponsibléor generatinganew trade-of contract.This
algorithmwill thusbeinvoked N timesat eachstepin orderto computethe besttrade-of contract
(giving SN callsin total). The algorithmgenerateshildrenby splitting the stepgainin utility, F,
randomlyamongthe setof decisionvariablesundernggotiation.

Thealgorithmshaws only the computationsnvolved in makinga singlestep,of size E, towards
theiso-cune specifiedby x. It functionsasfollows. Firstly, the maximumutility thatcanbe gained
for eachdecisionvariable eitherqualitative or quantitatve, is computedasthedifferencebetweerthe
full aspirationof theagents preferenceandthe utility of thedecisionvariables valuein thecontract
thatis being modifiedVi(y{.) (line 1). Note, at the first stepof the algorithms iteration, y? will be
the opponens offered contract. Eachweightedindividual utility gainis thensummedo determine
the overall weightedamountof utility thatcanbe gained(line 2). Next, becausehe “consumption”
of this utility gain hasarandomelement(line 5), a degreeof toleranceis includedto guaranteghe
convergenceof the algorithn? (line 3). The processof consumptionof the total available utility
(computedin line 2) begins by allowing eachdecisionvariableto consumea randomamount(line
5) within the limits of the interval computedin line 1 for the quantitatve decisionvariablesor by
randomlyselectingone of the possiblefinite incrementdor qualitatve decisionvariables.The store
of the currenttotal amountconsumedt,, is thenupdatedasthe additionof the old storeandalinear
weightedsumof eachof the individually consumedutilities (line 6). The total amountthat canbe
consumeds thenrecomputedjiventhe nenvly consumedamount(line 7). If theamountconsumeds
lessthanthetotal amountE, the procesof consumptiorcontinuesuntil the maximum(E or thestep
sizein figure 3) is reachedFinally, the utility gainedby eachdecisionvariableis remappedo actual
valuesthatcorrespondo thenew utility (line 9). In the caseof qualitative decisionvariablesV;* (u)
mustbeinterpretedasafunctionthatselectsa qualitatve valueq € D; thatsatisfiedV;(¢) = u. Given
thatwe assume partialorderwe mayhave morethanonevalueq with valuationu. If thisis thecase,
we choseonerandomly Thealgorithmguaranteeby constructiorthatthereis atleastonequalitatve
valuewith valuationu.

A theoreticalanalysisshavs thatthe averagetime the algorithmtakesto completeis linearwith
respecto the numberof decisionvariablesin the negotiation(see[11] for detailsof the proof). This

9As the cornvergenceis asymptoticto the value V (y) + Enqz, if we hada situationwith E,,,, = E we could not
guarantegeachingtheiso-cune. Also, the searchprocesgeacheghe iso-cune within epsilondistancef thereis at least
onedecisionvariableover a continuousdomain.Priceatleastplaysthis role in service-orientethegotiationdomains.
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inputs:y?; /* laststepbestcontract.y® = y */

E; [* steputility increase/
Vi(); /* valuescoringfunctionsfor the decisionvariables/
w;; /* importanceweightsfor thedecisionvariablest/
Output:yi+1; * child of y7 */
begin
for eachdecisionvariablei do
if 4 is discrete
1) then E; := {Au(q)lg € Di, Aulg) = Vilg) — Vily]) > 0}
1) else E; :=[0,1 — Vi(y])]
endfor;
(2) Enae := Y, w;-max (E));
(3) 0:=0.01-FEq4z;
if (Emaz > E + 6) then
begin
(4) k:=0; E, :=0;
while (E,, < E) do
k:=k+1;
for eachdecisionvariablei do
if (B, < E)
then if ¢ is qualitative
(5) then 7 := random({A4(¢)|Au(q) € Bs, Au(q) < EZE2} U {0})
(5) elserf := min(random(E;), Z-Ex)
elserf :=0;
(6) E, = E, +w; -r};
if 7 is qualitatve
(7) then E; := {Ay(q)lg € Di, Aulg) = Vig) — (Vz(yf) + Xi<i<k Tf) >0}
(7) elseE; := [0, max (E;) — r¥]
endfor
endwhile;
for eachdecisionvariablei do
®) Bi=Y)
© yit = vt (Vi) + B)
endfor
end
elseraise error no step can be per formed
end

Figure4: Contractgeneratiorpartof thetrade-of algorithm
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linearity is a highly desirablepropertygiventheaim of this researcho develop decisionmechanisms
thatrespectanagents computationalimitations.

3.3 A Trade-Off Scenario

To illustrateour modelconsiderthe exampleof a cardealer(of nameb) negotiatingthe purchasef a
car Assumeagenia enterdhegarageandrecevestheinitial proposak = (green, £2700Q 10weeks)
for adealon buying a car of a given model(over decision variables = {colour, price, delivery}).
Clearly the first decisionvariableis a qualitatve one with the samedomainas the colour exam-
ple introducedbefore,andthe othertwo are quantitatve. Agenta respondgo this proposalwith a
counterproposay = (yellow, £2100Q 0weeks) The pointnow is whatcould be a potentialanswer
from the dealerusingour trade-of technique?To answerthis, we have to specifydomainsweights,
valuationfunctionsandthe similarity functionfor the cardealer:

ch’olow = {yellow, violet, magenta, green, cyan, red}
Db ..  =[£1800Q £35000
delivery = [Oweeks, 16weeks]

We assumethe following valuationfunctions(V2,.. is extensionallydefined,andthe othertwo
arelinearfunctions):

V2 o = {(yellow,0.5), (violet,0.2), (magenta,0.3),
(green,0.8), (cyan,0.3), (red,0.8)}
Vb ) _ Tprice—18000
price(wpmce) — 35000—18000
Ldelivery

Vc?eli'uery(xdelivﬂy) = 16
Finally, we assumehe following weights:weojour = 0.1, Wprice = 0.8, Waetivery = 0.1.
Similarity for priceanddelivery will eachbe basedon a singlecriteria: ‘low price’ (Ip) and‘low
delivery’ (Id) respectiely. Thesewill alsobemodelledaslinearfunctions:

[ 1- 2 € 0,40000] [1-2 zeo,2s
hp () = { 0 otherwise ha(z) = 0 otherwise

With all theseelementswe canexemplify theworking of thealgorithm. First of all, from thecar
dealers perspectie, contractsx andy have differentvalues:V?(x) = 0.1-0.8 + 0.8 - gg:}g +0.1-
% = 0.558. Thisvaluerepresentshe cardealers aspirationlevel 8. Thevalueof agents a offer is
V®(y) = 0.19. Now if we runthealgorithmfor onestep,S = 1, andthreechildrenperstep,N = 3,

it couldgeneratehefollowing trade-ofs:

x1 = (yellow, £281325weeks),xa = (red, £26568 12weeks),x3 = (violet, £28506 Tweeks)

All of themverify, by constructiorandbecauseve arerunningthe algorithmfor just onestep,that
VO (x1) = VO(x2) = V®(x3) = 6. Now, thetrade-of algorithmselectshe onewith highestsimilar-
ity with respecto the offer madeby agenta, thatis contracty, usingthecardealers decisionvariable
weights.
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Sim(y,x1)= 0.1 Simcoour (yellow, yellow) + 0.8 - Simpyic.(£2100Q £28132 + 0.1-
Simelivery(Qweeks, bweeks) = 0.1-140.8-0.821 + 0.1 -0.82 = 0.839

Sim(y,x2) = 0.1 - Simcojour (yellow, red) + 0.8 - Simpyrice(£2100Q £26568 + 0.1-
SiMmgelivery (Qweeks, 12weeks) = 0.1-0.83 + 0.8 - 0.861 4 0.1 - 0.571 = 0.828

Sim(y,x3) = 0.1 - Simcojour (yellow, violet) 4+ 0.8 - Simyprice(£2100Q £26568 + 0.1-
SiMgelivery (Qweeks, Tweeks) = 0.1-0.27 +0.8-0.812 4+ 0.1-0.75 = 0.751

Giventhesevalues,the algorithmwould chosex; asthe trade-of to offer to customera. Thatis,
x' = (yellow, £28132 5weeks)

4 Experimental Analysis

A seriesof experimentaltestshave beenundertalken to calibratethe operationaberformanceof our
trade-of algorithm. Two typesof empiricalinformationweresought!®. Thefirst set,herereferred
to assingle-ofer experimentgsection4.2), aimedto investigatehe parametes of thetrade-of algo-
rithm in the generatiorof a singleoffer (i.e., they evaluatedthe kernelof the algorithm). Corversely
the aim of the secondset, herereferredto asmetastratgy experimentqsection4.3), wasto investi-
gatethe processof ngyotiationwhenagentausetrade-of and/orresponsie negotiationmechanisms
(i.e., they dealwith the dynamicsof the algorithmwheninteractingwith othermechanisms)Recall
thatthe lattermechanisnimplementsan iteratedsearchfor a contractwith a valuethatis acceptable
to bothparties.

4.1 Experimental Procedures

Both typesof experimentinvolve offers from one negotiator a player, to another the opponent.
Furthermore both experimentsinvolve negotiation over four quantitatve decisionvariables[price,
quality, time, penalty]. The domainsof valuesof eachdecisionvariablefor both agentsare the
same. Theimportanceweightvectorsof the agentqsection3) arefixed throughoutthe negotiation:
Wrlayer = [0.1,0.5, 0.25,0.15] andW orPenent = [0.5,0.1,0.05,0.35]*1. ThevaluefunctionV2 used
by agenta for decisionvariables is alinearscoringfunction of thefollowing type:

a @
Va(s) = { et | Cecreas
P _ZiZ_f jncreasing

mazxd —ming

a__ .. . .
{ % if decreasing

whereincreasinganddecreasingeferto the directionof changedn scoreasthe valueof thatdecision
variableincreasesFor example,increasinghe price of the serviceusuallydecreasethe scorefor a
client, butincrease# for aseller

The other input variablesof the trade-of algorithm were set as follows. The discriminatory
powver—the magnitudeof thedifferencebetweertheinputandoutput—ofthecriteriafunctions(equa-
tion 1) weresetsothatthey exhibited two properties.Firstly, they have morediscriminationwithin
thedecisionvariables’reserationvalues(ascomparedo valuesoutsidethis range) sincemostof the
negotiationwill take placein thisregion. Thus,maximaldiscriminationshouldbe betweera decision

1%Theresultsshavn arefirst caseapproximationsgerived for singlecaseratherthanlong termexpectedperformancef
thealgorithm.

"Generallyspeakingthedifferencesn theseweightsareoneof the key elementghat provide the opportunityfor joint
improvementsthe otherbeingthe differentshape®f the negotiators’scoringfunctions(recallthe discussiorof section2).
For example,anincreasén price may have little effectin valuefor the player, but relatively morefor the opponent.
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variables min andmaz values(section3). For example,considera buyer of a goodwith a single
decisionvariablequantityof thegoodneededvhich has[10, 20] minimalandmaximalvaluesrespec-
tively. Giventhis reseration, we wantthe criteriafunctionto returnafull orderingof valueswithin
thisintenal andequivalentorderingsexteriorto thisintenal. We parameterisethis reserationvalue
requiremenby theindependentariablee. Whene is low, thefunctionshouldbe maximally discrim-
inative for valueswithin the decisionvariables reseration limits (mutatismutandiswhene is high).
Secondly we alsowant to experimentwith different discriminatorypowers within the reseration
range(to supportdifferentsimilarity measuresor differentdecisionvariables).For example,for one
decisionvariableit may be desirableto have maximaldiscriminationat the centerof the resenation
values(e.g. within thesubrangeof [14, 16] for the quantityof the overall [10, 20] reserationfor the
guantityexamplegivenabove), whereagor anotherdecisionvariablemaximaldiscriminationmaybe
desiredattheextremesof theresenationvalues(e.g. within the subrange=f [18, 20] for the quantity
of theoverall[10, 20] reserationfor thequantityexamplegivenabove). We parameteriséhisrequire-
mentusingthe variablea. Whena is high, morediscriminationis placedtowardsthe maximumof
the resenation values(mutatismutandiswhenit is low). Giventhis, the following function satisfies
thesetwo requirements:

h(z) = latan [(2|$ —min| | z—min
s

" 1) tan(ﬂ(% —€)| + g

In this case,in orderto be reasonablydiscriminatory e wasfixed at 0.1 for all decisionvari-
ables.For all decisionvariableswe fixedthe differentas to be equal,a?™c¢ = uality — gtime —
aPenalty — 1 to have linear criteria functionsthat have equaldiscriminationpower acrossthe deci-
sionvariables resenation values. We choseto make ¢ anda constanto reducethe numberof free
variablesin the experimentgnormally they would be setto reflectthe agents knowledgeof a given
domain).

T — min max — min

4.2 Single-Offer Experiments

In theseexperimentgheindependentariableswere:i) the numberof childrengeneratect eachstep
in hillclimbing to theiso-cune (IV in section3.2);ii) thenumberof stepstakento reachtheiso-cune

(S in section3.2);iii) the informationthatis availableto anagentregardingtheimportancethe op-

ponentplaceson eachdecisionvariablein computingthe contracts value (the weightsin equation
2); and(iv) the opponent’s andthe player’s lastoffers (x andy in equationd). Valuesfor the first

andsecondvariablescontroltheamountof searchperformedby thealgorithm. Experimentsvererun

wherethenumberof childrenwasselectedrom theset{5, 100,200}. Thenumberof stepsto theiso-

curne wasselectedrom theset{1, 40}. Thespecificnumberdor both N andS signify very little; the

importantthing is the relative relationshipbetweenthem. Thus,morecomputatioris involved when

the algorithmgenerate200 ratherthan5 childrenat eachiteration,or whenit takes40 stepsrather
thanl to reachtheiso-cune. For thethird setof independenvariables,an agentcanhave perfect,
partial,imperfector uncertainnformationon how the otheragentweightsthe decisionvariablesthat
areinputinto its similarity function. In experimentswith perfectinformation,thealgorithm,in com-

puting similarity, is giventhe otheragents preciseweightsfor differentdecisionvariableqcardinally
correctinformation). Partial informationgamesare wherethe algorithmis given the correctorder
of importancebut not the actualdecisionvariableweights(ordinally correctinformation). Imperfect
gamegepresenthesituationwheretheweightof eachdecisionvariableof the otheragentis selected
from anormaldistribution. Finally, uncertainnformationgamesepresentasesvherethealgorithm

is givenundifferentiatedwveightsfor eachdecisionvariable(in this case[0.25, 0.25, 0.25, 0.25]).
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The experimentalprocedureconsistedf inputting two contractsyepresentinge andy, into the
algorithmundereachof thedependentariableervironmentsandobservinghe executiontraceof the
algorithmfor an offer from the player to theopponent. All input contractx andy) weresubjectto
thegenerakonstrainthat V?laver (y) < VPlaver (x) andV/ oPponent(x) < Y opponent(y) Thisensured
trade-ofs arepossibleby ruling outall thosecontractshatarealreadyof ahighervalueto eitherparty
Thecontrolsetwasgeneratedby choosingthe preferredchild randomlyat eachstepapproachinghe
iso-cune (asopposedo usingthe similarity criteria).

The hypothese®f theseexperimentsare given in termsof the input and outputof the trade-of
algorithm. Theinputis the setof importanceweightsof the otheragent(perfect,partial,imperfect
andrandom)andthe outputis a contractthathasthe samescoreto the player but someotherscoreto
theopponentSpecifically the hypothesesare:

Hypothesis1: Thegreaterthe exploration of the spaceof possibledeals,the betterthe
outputof thealgorithmfromthe perspectiveof the negotiation opponent.

Hypothesis 2: The quality of the algorithm’s output (the scoe of the contract to the
opponent) is directly correlatedto the quality of informationinput—thebetterthe input
information,the betterthe outcomequality:

Thesehypothesesimply statetheintuition thatamorerefinedsearctof thepossiblespacenf contracts
shouldresultin selectingandoffering a contractthathasmorevalueto the otheragent.Furthermore,
this searchshouldbe directly affectedby the informationthe algorithmhasaboutthe otheragents
decisionvariableimportancerankings.

Figure 5 andthe top row of figure 6 shav the resultsof varying, underdifferent information
inputs,the numberof childrengeneratedvhenthe numberof stepsto theiso-cune is setto 40. The
bottomrow of figure 6 representthe casewherethenumberof childrenis setto 100, but thetrade-of
algorithmcomputegheiso-contracin a singlestep. The dot-dasHine representshe executiontrace
of therandomcontrol,the solid line emanatingrom y the similarity basedrade-of executiontrace,
andthe line joining (0, 1) to (1,0) the pareto-optimaline. The pareto-optimaline wascomputed
using the weightedmethod[41, 7]. The outputof the algorithm,x’, is shavn in figures5 and 6
(top row) asthe end point of the executiontraceand for 6 (bottomrow) asthe explicitly marked
points (sincethereis no trace). For benchmarkingpurposesthe referencepoint (and not the Nash
baigaining solutionfor reasongiven in section2), is alsoplottedin all cases.Note however, that
the aim hereis simply to obsere the amountof benefitthe other party gainsas a function of the
algorithms performanceunder different contexts, ratherthan maximisationof ary of the explicit
solutionconceptsntroducedn section2.

Three major patternsare obsered that directly and indirectly supportour hypotheses.Direct
supportfor hypothesisl is given by the obseration that whenmoving to theiso-cune if the space
of possiblecontractsis not explored sufliciently—5 children (figure 5 top row) or 1 step(figure 6
bottomrow)—thenthe gainsof the opponent areat bestinsignificantand at worst negative. More
specifically only whenthe player hasperfectinformationaboutthe opponent’s evaluationsandthe
trade-of mechanisnoperatesn 1 stepwith 100childrenwill the mechanismmprove the offer (from
the opponent’s perspectie) (figure 6 E). The next bestcontractfor the opponent is whenit hasthe
samevalueasx (figure5 A). All othercontractgyeneratedby theplayer whenit doesnotexplorethe
searchspacgfigures5 B,C,D and6 F) have lower valueto the opponent thanthe original offer.

However, the opponent’s benefitincreasessthe algorithmperformsmoresearchfrom 5 to 200
childrenin 40 steps—figureb top row [5 children], bottomrow [100 children],andfigure 6 top row
[200 children]). Thus, generatingmore children doesindeedincreasethe utility of the opponent.
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information.
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E) perfectinformationB) & F) imperfectinformation,C) & G) partialinformation,D) & H) uncertain
information.
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However, thedatasuggestshereis apointabore which generatiorof morechildrendoesnotincrease
the utility of the opponent.Thisis obseredin thelack of ary significantdifferencebetweerperfect
andpartialinformationoutcomeswithin eitherthe 100 and200 children (40 steps)resultcateyories
(comparefigures5 E, F, G andH with 6 A, B, C andD). Furthermorethe expectation asstatedby
hypothesi2, thatthe moreaccurateheinformationabouttheweightsof the opponent are,thebetter
thecontractscorefor the opponent, is supportedy theobserationthattheutility to theopponent is
indeedincreasedvhenthealgorithmis increasinglysuppliedwith morecorrectinformationaboutthe
opponent's weights(seenasincreasingutility) from theincompleteto uncertaininformationclasses.
However, the hypothesiss retutted for perfectand partial information cases(comparefigure 5 E
with G or figure 6 A with C). This lack of significantdifferenceshetweencontractsselectedunder
perfectand partialinformation conditionsindicatesthat the algorithmrequiresonly partial ordering
information,ratherthanperfectlycardinalorderingsjn orderto computeoutcomeghatarebetterfor
the opponent. Thisis becausehe absolutedifferencesn magnitudebetweerthe perfectandpartial
information classesare small, resultingin input variablesthat are not significantly different. The
chosenvaluefor the partialweightestimationcannotbe madesignificantlydifferentfrom the perfect
weightestimationvaluesbecausehe actualvaluesof the partial estimatesreconstrainedothatthe
upperandlower limits by the perfectanduncertairweightestimationvalues.

Positve supportabouttherelationshipbetweerthe quality of theinput andthe resultantoutputis
givenin thefinal obserationthat,for all environmentsandvariablecombinationsimperfectinforma-
tion (figure5 B andF, andfigure6 B andF) resultsin significantlypooreroutcomedor the opponent
thanall the otherinformationclassesThisis only to be expectedsincethe searchs directedtowards
erroneouslirectionswhentheinformationsuppliedaboutthe otheragents incorrect.

Note,in nearlyall casesthesimilarity basedrade-of out performsthepolicy of randomlyselect-
ing a child for the next steptowardsthe iso-cune. However this patterndoesnot hold for the cases
of reachingthe iso-curne in onestepunderpartialanduncertaininformationernvironments(figure 6
G andH). Givenan offer is generatedn 1 step,this is dueto chanceyratherthanrandomnes$geing
a betterstratgy in this type of ervironment(supportedy the consistentlypoor performanceof the
randomselectionstratgy in the experimentswherethe numberof stepsto theiso-cune is setto 40,
figure5 C, D, G andH, and6 C andD).

In summarytheseresultsindicatethat unlessagentsknow, at leastpartially, the importancethe
otheragentattachego a decisionvariable,thenthe bestpolicy for computingtrade-ofs is to assign
uncertainveightingsto all decisionvariables.Theseweightingscanthenbeupdatedy somelearning
rule towards partial or perfectinformation models,sincea) information modelsare private and b)
erroneougpredictionscanresultin pooreroutcomes Furthermoregngagingn trade-of negotiation,
particularlywith a high searcHactorby both parties resultsin higherjoint gains.

4.3 Meta Strategy Experiments

The aim of theseexperimentsis to empirically evaluatethe outcomeand dynamicsof negotiation
when agentsuseeither a trade-of mechanisnor a responsie mechanisnor a combinationof the
two in the courseof negotiation (thatis, a metastratgy of which mechanisnto selectin orderto
generatea seriesof counterproposals).Thefirst offer of bothagentsvasgeneratedisingresponsie
mechanismssincethetrade-of mechanisnmrequiresat leastoneoffer from the opponentAfter that,
an agentis facedwith a choiceof which mechanisnto select. Sincethe numberof metastratgies
is exponentialon the lengthof the negotiation(thereareasmary astherearepotentialsequencesf
choosingbetweerresponsie andtrade-of typesof counterproposaly the metastratgiesconsidered
herewerelimited to the set{responsive, smart, serial, random}. Responsie simply selecteche
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responsie mechanisnfor generatingan offer throughoutegotiation. This wasincludedto compare
the trade-of mechanisnagainstanagentthatalwaysconcedesitility. A smartstratgy consistedf
deplging atrade-of mechanisnuntil theagentobseredadeadlockn theaverageclosenessf offers
betweerboth agentsasmeasuredy the similarity function. Thatis, the distancebetweerthe offers
wasnotreducing.Underthesecircumstanceshevalueof thepreviously offeredcontractV¢(x), was
reducedvy apredeterminedmounthere0.05, therebyloweringtheinputvalueof # into thetrade-of
mechanismA serialstratgy involvesalternatingbetweerthe trade-of andresponsie mechanisms.
Finally, therandommetastratgy randomlyselecteetweerthetwo mechanismsTheparametersf
theresponsie mechanismwveresetto produceconcessionarehaiours, sincebeingresponsie often
involvesconcessiong thelight of ervironmentalneedde.g. time, resource®tc.). For thetrade-of
algorithm,the numberof childrenand numberof stepsweresetto 100 and40 respectiely andthe
similarity weightsweresetat the uncertainsettingsof [0.25, 0.25,0.25, 0.25]. Both negotiatorswere
givenadeadlineof twenty offers.
Theparticularhypothesesve soughtto evaluatehereareasfollows:

Hypothesis 3: The more the spaceof possibledealsis explored jointly, the betterthe
joint outcome

Hypothesis4: Higherjoint utilities are obtainedat theexpensef greatercommunication
betweerthe agents.

Thesehypothesegssentiallystatethe expectationthata symmetricgameconsistingof a pair of smart
meta-stratgies shouldselectfinal outcomeghat have a higherjoint valuethanothertypesof meta-
stratgjies. This is expectedbecausa smartmeta-stratgy is essentiallya trade-of stratgy thatonly
concedes smallamountwhena deadlockis detected.All otherexperimentalmeta-stratgies have
an elementof concessionnvolved in them (sincethe variablesof the responsie mechanismhave
beenchoseno behae in a concessionarfashion). Thusary meta-stratgy thatselectsa responsie
mechanismn the courseof negotiation(all pairsof meta-stratgiesexcept[smart,smarf] shouldresult
in joint utility executiontracesthat“move” southwesterly away from the pareto-optimaline. Fur
thermoremeta-stratgiesthatengageamorein searchor higherjoint utilities andlesson concessions
shouldresultin highercommunicatioroads. This latter expectationis basedon the intuition thata
responsie mechanisngeneratesontractghatsuccessiely approachhe point of crossoverin offers
fasterthanthe trade-of mechanism.Henceit is to be expectedthat a meta-stratgy that selectsthe
responsie mechanisnshouldreachdealsquicker thanonethatis smart.

Figure7 presentghe datafor the meta-stratgy experimentsanvestigatingthe processof mecha-
nism selection. Individual offers betweenthe player andthe opponent aredepictedascirclesand
squaregespectiely. The sequencesf offers arejoined by a solid line for the player anda dotted
line for the opponent. Thefinal agreements depictedasthe offer wherethe circle andsquaremeet.
Thecommunicatiorloadis simply the additionof the numbersof circlesandthe squares.

Theobseredrankorderingacrosameta-stratgy pairingsoverthesummedoint utility gainedfor
the final outcomedirectly supportshypothesis3. The highestjoint gainis achieved in negotiations
betweentwo smart meta-stratgies. Furthermoreijn this casethe final outcomeis closestto the ax-
iomaticreferenceutcome(the paretopointthatconnectghereferenceutcomewith utopia—section
2) thanary othermeta-stratgy pairing,implying thatsuchapairingresultsin outcomeshataremost
beneficialto both parties. This resultsuggestshatif agentsare motivatedby maximisingthe joint
utility of the outcomethenrational agentshave an incentive to be symmetricallyimplemetingthe
trade-of algorithm. The remainingsummedutility rankingsfor player, opponent pairingsof meta-
strat@iesarethen[smart,serial][serial,serial] [smart,random][smart,responsg], [serial,responsi], [ran-
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Figure7: Dynamicsof negotiationprocesdor metastratgies: A) smartv. smart,B) smartv. serial,
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random,H) randomv. responsie.

dom,responsie],[random,randomyvith respectie joint gainsof 1.27,1.18,1.146,1.11,1.076,1.06, 0.99.
In generalthehigherjoint utilities occurwhenatleastoneof theagentds smart. Therandom meta
strat@ists,asexpected performworst.

Hypothesis4 is supportedby the obseration of the numberof messagegxchangedbetween
agentsusing different meta-stratgies (recall that the communicationload is simply the addition
of the individual messagegxchangedin figure 7). As predicted,the obsered patternis almost
the reversefor the joint value outcomesabove; with a [smart,smart]pairing incurring the high-
estcommunicationcost (reachinga deal after 19 rounds(20 wasthe deadline)),followed by [ran-
dom,random][smart,responsg], [smart,random]fsmart,serial 14 rounds) [serial,serial(13 rounds),and
[serial,responsie] (12 rounds). This obsenation supportsthe intuition that higherjoint utilities are
gainedthroughgreatersearchwhich, in turn, involvesmorecommunicatiorbetweertheagents.

5 RelatedWork

The problemof negotiation is extensve, at both the local and the social level, with subproblems
that occur not only during the negotiation period itself (the gaming problem), but also at the pre
andpostngyotiationphasegthe knowledgeandcommitmentproblemsrespectiely). Consequently
therehasbeena considerabldody of work from differentfields, rangingfrom operationaresearch,
managemergciencesgecisiontheory gametheoryandto, morerecently autonomousomputational
systemsNegotiationin operationalesearclis viewedasanoptimizationproblemsolvedthroughthe
designof (mostly centralized)optimal solutionalgorithms[7, 17, 23, 55. Thesealgorithms,based
on mathematicaprogrammingechniquesareoftenoptimalbecausea) the geometryof the solution
setis assumedo be describedby a closedand corvex set(thereforethereis a boundednumberof
solutionpoints), b) the objective functionsof the individuals (the utility functions)are concae and
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differentiableandc) someglobalinformation(suchastheutility gradienincreaserector[7]) is stored
or elicited by a centralizedmediatorthat actsto direct problemsolvers towardsthe pareto-optimal
line. However, althoughanalyticallyelegant, suchoptimality cannotbe guaranteedn decentralized
autonomousggentsystemsperatingn openervironmentswhereinformationis sparseandthereis a
lack of trust.

This algorithmic approachcontrastswith the cooperatre (axiomatic) and non-cooperate ap-
proache®f gametheorythathave beenhighly influentialin the mechanisndesigntraditionof MAS
[23, 24, 43, 48, 59]. Rosencheirand Zlotkin usedcooperatre gametheoryto designnegotiation
mechanismghat maximizethe social welfare function (the productof agentutilities, or the Nash
solution)for task,stateandworth orienteddomaing43]. Similarly, Sandholmjn additionto extend-
ing the ContractNet protocol[52] with decisiontheoreticmechanismsgevelopeda computational
modelof leveledcommitmentsandcoalitionformationbasedon principlesof cooperatre gamethe-
ory. Ontheotherhand Krausdevelopednegotiationmechanismbasednnon-cooperate (or strate-
gic) gametheoreticmodels(in particularthatof Rubinstein45], which hasbeenshavn to implement
the Nashbaigaining solutionundersomeconditions[46] andthusstrengtheninghe supportfor the
NashProgram31]) thatmodelsthe nggotiationprocessasabi-lateralbaigaininggame consistingof
analternatingandsequentiaprotocolof offersandcounteroffers.

Ourwork alsoborravs from gametheory In particular we adoptthe nomenclatur@andconcepts
of gametheory(in termsof utility maximizingagentsandpareto-optimalityfor developingandevalu-
atingour negotiationmechanismHowever, despitehisinfluence purnegotiationmechanisnis based
on adifferentsetof assumptiongsee[8] for a critique of the variousgametheoreticapproaches)in
generalalthoughanalyticallywell formed[4], gametheorys rationality assumptionsharedby the
majority of its computationakxtensions—that) beliefsarecommonknowledge(in its strongform
and probabilisticallyinferredin its wealer form), andii) individuals are optimizersand computa-
tionally unbounded—isnappropriatefor opensystemproblems. Theseassumptionsire basedon
an “ideal” world in which beliefsdeducedationally from a commonprior can be commonknowl-
edgeandcomputatioris unboundedHowever therealworld is notideal. Thereareimperfectionsn
anagents knowledgeandoptimizationbehaiour is often not independentf actualcapabilitiesand
limits. In its strongesform, the combinationof the two assumptiongmpliesthatno computationis
requiredto find mutually acceptableolutionswithin the feasiblerange.This spaceof possibledeals
is assumedo be fully knowvn by the agents,as are the potentialoutcomevalues. Agreementsare
thusinstantaneouslnefficienciesonly arisewhenbeliefsare probabilisticallyinferred, leadingto a
procesf negotiation. Generally the theoryis silentwith respecto the actualcomputationalatio-
nality of theagentd51]. Howeverin therealworld, to know a solutionexistsis notto knov whatthe
solutionis. The perfectrationality of all agentsalthoughusefulin designingpredictingandproving
propertiesof a systemjs thereforenot altogethewsefulin systemdesignsincephysicalmechanisms
dotake timeto processnformationandselectactions.Thereforewhatis requiredaredifferentagent
architectureshatimplementdifferentsearchmechanisms;apableof heuristicallyexploring the setof
possibleoutcomesunderboth limited informationand computationassumptionsin fact, heuristics
werealsoproposedy Nashasa methodof narraving down the setof possibleequilbriumstrategies
of anon-cooperatie game[31]. In theenvironmentsn which our modeloperateswhereagentanust
deliberateover an n-dimensionalspaceof deals,ratherthan simpler gamesof dividing the dollar,
solutionquality is basedon a satisficingratherthanoptimal criteria.

Uncertaintyin negotiationwasalsoaddressetly usingdecisiontheoreticmodelsin thePersuader
systenm[54] wheremulti-attribute utility theorywascombinedwith case-baseteasoningn contexts
wherethe agenthadno previous casego reasonwith. This dualapproachs similar to our work in
thatagentusebothutility andsimilarity for decisionmaking. However, we usesimilarity ratherthan
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utility to addressheinherentuncertaintiesnvolved and,aswe have shavn in sectiord.2,thisappears
to beabetterchoicein uncertainervironments.

The procesof neggotiationhasalsobeenmodeledasa distributed constraintsatishctionproblem
[1, 49 63]. In thework of SathiandFox, agents’objectives arerepresentedsconstraintdogether
with their associateditilities. Stratgjies(e.g. composition reconfiguratiorandrelaxationoperators)
arethenusedto modify theseconstraintsor the currentsolution, until a final solutionis reached.
Therelaxationof constraintsgs similar to our work on concessiomechanismsandthe modification
of the currentsolution closely resembleghe trade-of mechanisnreportedhere. However, in our
work thereis only oneobjective, namelyreachinga contractwhich maximisesvalue. Therefore our
approachs to develop reasoningnechanismshatdeliberateover raw valuesratherthanobjectives.
Similarly, Yokoo andcolleaguegormalizenegotiationasanextensionto the classicsingleagentcon-
straintsatisactionframavork [61, 63], wherevariablesandconstraintaredistributedamongmultiple
agents.Searchalgorithms(asynchronoubacktrackingandasynchronousveak-commitmensearch)
are shavn to solwe this distributed problem. Both algorithmsare completeand the asynchronous
weak-commitments shavn to be more efficient. However, althoughconcernedvith the computa-
tional tractability of negotiation,theagents’searctproblemis simplifiedthroughresolutionover only
a singlevariableand the implicit assumptiorthat agentscommunicateconstraintsand modify their
local solutionscooperatrely. Evenwhenmultiple variablesareconsidered62], the secondassump-
tion greatlyhelpsthe searctprocessHowever, in opensystemsagentsaaremotivatedto misrepresent
theirtrue constraintdor selfishreasonsOur trade-of algorithmimplementsa distributedmulti-issue
constraintmodificationstratgy thatrequiresno suchexplicit communicatiorof constraints Further
more,sincesimilarity heuristicscanleadto dealswith highersocialwelfarethenrationalagentsare
betteroff usingsucha decisionmechanismin this modelthe similarity heuristiccaptureghe strate-
gic elementof decisionmaking; more successfubutcomescanbe expectedfor thosedecisiongsthat
increasethe similarity of two demands.Therefore,agentsare betteroff in the horizon of the game
whenthey investtime andcomputationn maximisingthe similarity metric.

Finally, althoughsimilarity is a basictool in at leastthreecognitve tasks(classification,case-
basedreasoning,and interpolation)it hasreceved comparatrely little attentionin the context of
logical modelsof reasoning.It has,however, beenusedin work on psychologicaktudiesof human
behaiour [56], mathematicalvork on gradedextensionsof equvalencerelations[57, 65], andas
a model of approximatereasoning22, 60]. From the philosophicalperspectie, Niiniluoto relates
similarity with the broaderareaof analogicalreasoning34]. Finally, althoughsimilarity hasbeen
frequentlyusedto modelcase-baserkasoningit hasnever beenusedto modelnegotiationprocesses
betweerautonomousgents.

6 Conclusionsand Futur e Work

This paperpresentec formal heuristicmodelanda particularlinear algorithmfor performingtrade-
offs in automatedegotiations. Basedon our experiencesvith a numberof real-world applications,
thealgorithmhadto bedesignedo work in adistributedsettingin which theagentshave limited infor-
mationaboutthe preferencesf their negotiationopponentjimited computationatesourceso devote
to the negotiation processandlimited opportunitiesfor repeatedencountersFor thesereasonsye
decidedhenotionof similarity shouldbethe cornerstonef ourtrade-of approactsincethis enables
theagentgo modelthe domainof the negotiationdecisionvariablesratherthanthe specificsof their
negotiationopponent.The particulartechniquewve adoptedvasfuzzy similarity sincethis enablesus
to copewith the inherentuncertaintiesn the negotiation process.From this basis,we developeda
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novel hill-climbing algorithmfor performingtrade-ofs in multi-dimensionahegotiationsthatinvolve
bothqualitative andquantitatve decisionvariables We analysedhealgorithmtheoreticallyandfound
its averagecompleity to belinearly proportionalto the numberof negotiationdecisionvariablesun-
derconsiderationMoreover, our empiricalevaluationdemonstratethe algorithms effectivenessn
generatingrade-ofs in arangeof neggotiationcontets. Specificallywe shavedthatasouralgorithm
exploresmoreof the setof possibleoutcomessoit producesagreementthathave higherjoint gains.
Thisincreasedearchresultsin: (i) higherjoint outcomeson eachiterationof thealgorithm,acrossa
singlerunin a uniqueernvironmentor acrossnultiple ervironments;and(ii) highercommunication
costssincemoreproposalsareexchangedeforeanagreemenis reached.

For the future, therearefour broaddirectionsin which this researctcanbe extended.Firstly, we
would like to develop a more sophisticatedneta-stratgy controller In particular we would like to
develop anintelligent controllerthat canselectthe negotiationstratgy accordingto the agents pre-
vailing context andits negotiationobjectves. Sucha meta-controllewould be ableto decidewhenit
is appropriatéo engagen atrade-of negotiation,whenit is appropriateéo disengagdérom atrade-of
negotiation,which of the negotiationdecisionvariablesshouldbe subjectto trade-ofs at the current
time, andhow to setthevariousparametersf thetrade-of algorithmin orderto optimisetheagents
performance Secondlywe would like to explore the opportunitiesfor anagentto learninformation
aboutits negotiationopponensothatthe agentscancometo higherquality agreements a moreef-
ficientmanner In particular learninginformationaboutthe opponens preferenceandtheir relative
weightingsis likely to leadto betteroutcomesThethird futuregoal of our researchs to evaluatethe
currentalgorithmandthe above proposedextensionsagainstother nggotiationalgorithms. Finally,
we aim to designandevaluateotheralgorithmsfor computingtrade-ofs whenagents utility models
areassumedo be non-linear Pareto-optimalityof distributed global optimisationalgorithms,such
astaku searchandsimulatedannealing are currently beingevaluatedin the context of a distributed
optimisation/ngotiation for complex non-lineargameq10].
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