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Abstract

Automatednegotiation is a key form of interactionin systemsthat arecomposedof multi-
ple autonomousagents.Theaim of suchinteractionsis to reachagreementsthroughaniterative
processof makingoffers. Thecontentof suchproposalsare,however, a functionof thestrategy
of theagents.Herewe presenta strategy calledthe trade-off strategy wheremultiple negotiation
decisionvariablesaretraded-off againstoneanother(e.g.,payingahigherpricein orderto obtain
anearlierdeliverydateor waiting longerin orderto obtainahigherqualityservice).Suchastrat-
egy is commonlyknown to increasethesocialwelfareof agents.Yet,to date,mostcomputational
work in this areahasignoredthe issueof trade-offs, insteadaiming to increasesocialwelfare
throughmechanismdesign.Theaim of this paperis to developa heuristiccomputationalmodel
of the trade-off strategy andshow that it canleadto an increasedsocialwelfareof the system.
A novel linear algorithmis presentedthatenablessoftwareagentsto make trade-offs for multi-
dimensionalgoodsfor theproblemof distributedresourceallocation.Our algorithmis motivated
by anumberof real-world negotiationapplicationsthatwehavedevelopedandcanoperatein the
presenceof varyingdegreesof uncertainty. Moreover, weshow thatonaveragethetotal timeused
by thealgorithmis linearly proportionalto thenumberof negotiationissuesunderconsideration.
This formal analysisis complementedby anempiricalevaluationthathighlightstheoperational
effectivenessof thealgorithmin arangeof negotiationscenarios.Thealgorithmitself operatesby
usingthenotionof fuzzysimilarity to approximatethepreferencestructureof theothernegotiator
andthenusesahill-climbing techniqueto explorethespaceof possibletrade-offs for theonethat
is mostlikely to beacceptable.



1 Intr oduction

Automatednegotiation is a key form of interactionin systemscomposedof multiple autonomous
agents. It is so importantbecausethe agentsare autonomous(that is, they decidefor themselves
whatactionsthey shouldperform,at what time, andunderwhat termsandconditions[20]) andcan
have conflictingpreferencesover stateof theworld. Given the factsthat suchagentshave no direct
controlover oneanotherandthereareoften interdependenciesbetweentheir actions,conflictsneed
to be resolved by the processof makingproposalsand/ortradingoffers, with the aim of finding a
mutuallyacceptableagreement.In short,by negotiating. More specifically, we view negotiationas
a bargaining processby which a joint decisionis madeby two parties. Thepartiesfirst verbalise
contradictorydemandsandthenmovetowardsagreements.

Theprevalenceandimportanceof automatednegotiationcanbeseenin thelargenumberof pro-
posedmodels[8, 18]: rangingfrom auctionsin which theagents’pricing decisionproblemis solved
throughshowing the dominanceof a truthful bidding strategy [58], to modelsin which the agents’
arguefor positionsandaim to persuadetheir opponentsof thevalueof particularactions[37]. In this
work we areinterestedin conflictingpreferencesover complex multi-dimensionaldecisionproblems
involvedin thebi-lateralresourceallocationnegotiationof services[50]. In suchduopolisticnegotia-
tions,oneproducerandoneconsumerhave to bargainandcometo a mutuallyacceptableagreement
over the termsandconditionsunderwhich theproducerwill executesomeactivity (service)for the
consumer.1 Specificdecisionvariablesthat typically needto bemutuallyagreedincludethepriceof
theservice,thetime at which it is required,thequality of thedeliveredservice,andthepenaltyto be
paidfor reneging upontheagreement.

Thegenerative modelof bargainingpresentedhereshareswith othermechanismdesignmodels
theexplicit designof protocolswhoseexecutionis a functionof theagent’s strategy [3]. A protocol
is a setof “rules of encounter”[43] betweenthenegotiationparticipants;that is, who cansaywhat,
to whom,at whattime. Givena protocol,anagentstrategy thendefinesthemodelthattheindividual
participantsapplyto actin line with theprotocolin orderto achievetheirnegotiationobjectives.How-
ever, thegoalsmotivatingthedesignof theprotocolandstrategy in thiswork aredifferentfrom those
of classicmechanismdesign.Thelatteraremoreinterestedin solvingthestrategic mis-representation
problemthatoccurswhenever agentshave anincentive to mis-representtheir truepreferencesin or-
der to maximisetheir own utility. A mechanismdesignsolutionto this problemconsistsof centrally
designingdirect incentive compatibleor strategy proof decisionrules that have certainproperties
[29, 43]. Althoughwe acknowledgestrategic misrepresentationis a concernin multi-agentsystems,
we arealsointerestedin the typesof decisionproblemsthatarenot only highly complex in dimen-
sionality(ratherthansimplydividing thecake)but thatalsoplaceboundinglimits ontheperformance
of theagentby thevirtue of their complexity. Indeed,thecombinationof thesetwo factorscanlead
to sub-optimaldecisions,therebythreateningclassicsolutionconceptsfrom mechanismdesign[8].
Therefore,wemake theimplicit assumptionthatsocialagreementsto complex problemsareachieved
throughan iterative andindirect fashionsimilar to realworld bargainingwhereill informedplayers
interactandcommunicateto reacha socialchoice.Theseprotocolandagentassumptionswerenec-
essaryin order to designa negotiationsystemfor the typesof real world problemswe have been
involved in: businessprocessmanagement[19], telecommunicationsnetwork management[9], and
e-commerce[35, 42]. Theseassumptionsareasfollows. Firstly, agentshaveonly limited information
abouttheir negotiationopponent.Althougha mechanismcantheoreticallybedesignedto incentivise

1It is now commonpracticefor organisationsto view their functionin termsof theservicesthatthey provideto theirvar-
iousstakeholders.Thus,a service-orientedview, andby extensionservice-orientednegotiation,shouldbeseenascovering
a widespectrumof possibilities.
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agentsto truthfully revealtheirpreferencesto acentralplanner, it is assumedthatsuchataskis highly
costly for high dimensionalityproblemtasks. Instead,we are interestedin a distributed approach
wheresolutionsaresoughtwhenagentsdo not know the otherplayer’s preferencesfor negotiation
outcomes,their reservation values,or their resourceconstraints.Secondly, agentsarenot computa-
tionally unbounded.Computation,informally definedassearch,is costly in bothtime andresources.
Thirdly, agentsareengagedin a multi-criteriadecisionproblemmodeledasmulti-dimensionalcon-
tractsthatincludebothcontinuousanddiscretedecisionvariables.Finally, dueto theuncertaintiesin
interaction,thecomplexity of thecomputationinvolvedin dealingwith multi-dimensionalgoods,and
thepresenceof boundedness,thedepthof thegametreeis implicitly managedby assuminga finite
horizonof interactions.Theseinteractionsalsofollow therulesof analternatingsequentialprotocol
in which theagentstake turnsto make offersandcounteroffers [45]. Theprotocolterminateswhen
theagentscometo anagreementor whenoneof themwithdraws from thenegotiation.

One implication of the above assumptionsis that it is not possibleto pre-computean optimal
negotiationstrategy atdesigntime. Rathertheagentsneedto adoptaheuristicandsatisficingapproach
for their strategy [8, 23]. This is in contrastwith deductive modelsof negotiationwhereeachagent
explicitly representsandreasonswith the decisiontreeof the entiregame[30, 15]. In this case,a
negotiationstrategy is thenthespecification(usingfor examplebackwardinduction[2]) of asequence
of choicesfor every decisionnodein the gametree, with the propertythat both the final choices
andthe completesequence(sub-game)of choicesareoften in equilibrium [45]. However, because
representationandreasoningundersucha systemcanbecomputationallyintractable[23, 25, 36] we
havebeeninvolvedin developingapproximatingdecisionmodelsfor amorelimited typeof agentthat
hasno explicit representationof theentiregametree.Then,ratherthancomputingthebestresponse
givenknowledgeof theendtree,anagentusesthe informationgainedsequentiallyin interactionsto
heuristicallyform a predictionof the future basedon the history of the interactionso far. Decision
makingin anintelligentnegotiatingagentcanbesupportedby any numberof heuristicsthatassistit
in searchingfor potentialdeals.In thedecisionmodelpresentedin thispaperthereasoningprocessof
anagentat eachsequenceof thenegotiationis characterisedasmetadeliberationover theexecution
of eithera concessionaryor a trade-off mechanismor both. The formermechanismmodelsiterative
concessionover the scoreof a contractbasedon environmentalfactorssuchasthe time remaining
until the deadline,the amountof resourcesconsumedin the negotiation,and the behaviour of the
negotiationopponent(for this reasonthis is calleda responsivemechanismsinceagentsreactto their
prevailing environmentalcontext [12]). This exchangeof offersandcounter-offers continuesuntil a
crossover occursbetweenthedemandsof thetwo agentsor oneof theagentswithdraws. Conversely,
reasoningin thetrade-off mechanism(describedfully below) is characterisedby a heuristicfunction
thatmapsthecurrentdemandandthepreviousoffer to anew offer.

In this case,however, suchmetadecisionsaretaken not over thewholegametreestructure,but
ratherat each decisionnodeof the decisiontreethat representsonly the agent’s local optimization
problemandnot the joint optimisationproblemof thedyad. Given this, thegoalof this paperis to
demonstratethevalueof incorporatingoneheuristic,thesimilarity heuristic,in thetrade-off decision
mechanismfor a givensetof conditions.Additionally, sincethestrategy of theagentis notunderthe
controlof thesystemdesigner, wewould like to show thatrationalagentsaremotivatedto implement
sucha heuristicwhen facedwith uncertaintyabouttheir opponents’utility function. However, at
thesametime we notethat thecomputationalandrepresentationalsimplicity of a heuristicapproach
is traded-off againstour inability to predict or specify equilibrium strategies, sinceagentsdo not
explicitly representandreasonaboutthechoicesof theotheragent.Furthermore,sinceheuristicscan
fail weareforcedto acceptthepossibilityof failing to find betterdecisionnodeswith higherobjective
values.
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However, althoughmulti-dimensionaldecisionproblemsintroduceadditionalcomputationalcom-
plexities, they nonethelesspresentinherentopportunitiesfor increasingthesocialwelfareof thedeal
throughtradingoff betweendecisionvariables.This opportunityhasbeenthemotivating factorfor
developingtheheuristicmodelpresentedin this paper. In our previous work we reportedon a con-
cessionarystrategic mechanismfor assigningvaluesto decisionnodes[12]. However, this responsive
mechanismfails to explore the spaceof potentially jointly bettersolution nodesbecauseit cannot
explore differentpossiblevaluecombinationsfor the local negotiationdecisionvariable. Thus,for
example,a contractin which the serviceconsumeroffers to pay a higherprice for a serviceif it is
deliveredsooner, maybeof equalvalueto theconsumerasonethathasa lowerpriceandis delivered
later. However from theserviceprovider’s point of view, theformermaybeacceptableandthelatter
may not. The original modeldoesnot allow the agentsto explore for suchpossibilitiesbecauseit
treatseachdecisionvariableindependentlyandonly allows agentsto concedeon decisionvariables
(thusproducingacontractof lowervalueto themselves).

To overcomethis limitation andto increasetheefficiency of deals,agentsneedtheability to make
trade-offs betweennegotiationdecisionvariables. Intuitively, a trade-off is whereonepartylowersits
valueon somenegotiationdecisionvariablesandsimultaneouslydemandsmoreon others.Thus,an
agentmayaccepta serviceof lower quality if it is cheaperor a longerdeadlineif it receivesa higher
quality. Suchmovementsare intendedto generatean offer that, althoughof the samevalueto the
proposer, maybeof greaterbenefitto thenegotiationopponent.This, in turn,shouldmakeagreement
morelikely andincreasetheoverall joint gains[41] betweenthetwo agents.Theparticularheuristic
we considerin thispaperis basedon thedegreeof similarity betweentwo consecutive choices.

The contribution of this work is twofold. Firstly, currentmodelsof automatednegotiationhave
largely ignoredtheproblemof multi-issuenegotiationandtheadditionalpossibilityandchallenging
problemsof makingtrade-offs betweendecisionvariablesWe aim to rectify this ommissionin sec-
tion 3. Secondly, we presenta novel linearalgorithmthatenablesagentsto make trade-offs between
both discreteandcontinuousnegotiation decisionvariables,in the presenceof information uncer-
tainty andresourceboundednessfor multi-dimensionalgoods.Thealgorithmitself operatesby using
thenotionof fuzzysimilarity [65] to approximatethepreferencestructureof thenegotiationopponent
andthenusesa hill-climbing techniqueto explore the spaceof possibletrade-offs for the one that
is most likely to be acceptable.Although the domainof applicability of the algorithmis currently
restrictedto linearproblems,theabstractunderlyingsimilarity modelitself supportsa componentof
theoverall negotiationalgorithmandcanbeusedby any negotiatingagent.Moreover, thisalgorithm
hasbeenanalysedtheoretically(to determineits complexity) andevaluatedempirically(to ascertain
its operationalperformance).

Theremainderof thepaperis structuredasfollows. Section2 investigatesthespaceof negotiation
outcomesandoutlineswhereandwhy trade-offs arepossible.Section3 presentsour algorithmfor
makingtrade-offs in service-orientednegotiations.Section4 providesanempiricalevaluationof our
trade-off mechanismin arangeof negotiationscenarios.Section5 comparesourapproachto previous
work in thisarea.Finally, section6 outlinesourconclusionsandourplansfor futurework.

2 The Rationale for Making Trade-Offs

This sectionanalysesthe rangeof outcomesthat canoccurwhentwo agentsnegotiatewith onean-
other. It doessoin orderto identify why andwheretrade-offs arepossible.In thiswork, it is assumed
that theagents( � and

�
) have to negotiatea multi-dimensionalcontract����� , where � is thesetof

possiblecontracts.Figure1 A shows a simplifiedtwo decisionvariableversionof theproblemasan
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Edgeworth box. For the purposeof exposition,a singlecontractclause(decisionvariable)is taken
to representa commodityand(re)assignmentof a valueto a decisionvariableas its (re)allocation.
Thus,in thisfiguretwo agents� and

�
have to reachacontractover theallocationof two commodities

( � and � ). Furthermore,eachagentis assumedto have an initial endowmentof both commodities
(hasmadeaninitial choiceover thepairof contractdecisionvariablesbeforenegotiation).Theinitial
endowment of � and

�
is given by 	�
����	�
����	�
��� and 	�������	������	����� respectively and is shown

in figure 1A as the point ��	 
 � ��	 
� � ����	 � � ��	 �� � . The dimensionsof an Edgeworth box representthe
quantitiesavailableof thegood. No allocationof eithergoodto � or

�
is representedby ��
 and ���

respectively. The generalquestionis then,what allocationof total units of good � andgood � are
feasible?In otherwords,whatdecisionsover thetotal rangesof all decisionvariablesarefeasible?If
anallocationto agent� and

�
overcommodities� and � is givenby ����
 ������
� � and ����� ���������� respectively,

thenanallocationis feasibleiff � 
 �"! � � �$# 	 
 �%! 	 � � and � 
� ! � �� # 	 
� ! 	 �� . Thatis, all pointsin the
box, includingtheboundary, representa feasibleallocationof thecombinedendowments.However,
someallocationswill be blocked by one/bothagentswhile othersmake both agentsbetter. This is
becauseof theagents’preferences.Theseareshown by theconvex indifferencepreferencecurves(or
iso-curves)of thetwo agentsin figure1A, whereeachcurve representstheindifferenceanagenthas
over theincreasing/decreasing utility of onecommodityversusthesimultaneousdecrease/increasein
utility of theothercommodity. Allocationsalongthe ��
 - ��� andconversely ��� - ��
 axisareassociated
with anincreasingvaluefor agent� and

�
respectively.

Giventheabove,afeasibleallocationcanbeblockedby anagentwhenanallocationthatincreases
theutility of onedecreasestheutility of theother. However, thewelfareof bothagentsis increased
at thepoint wheretheconvex indifferencecurvesof eachagentintersect.A hypotheticalsetof such
pointsis shown in figure1A assolidblackovals.Theseallocationsaresaidto bepareto-optimalover
theendowmentallocation(aformaldefinitionis givenbelow). Pareto-optimalityimpliesthatif agents
haveanoptionto optoutof negotiationthentheonly possibleallocationsneedto beparetoimproving
allocations.However, sincetherearea numberof pareto-optimalcontractsgiventheendowment,the
questionremainswhich will be the oneselected.Onesolutionto this indeterminacy problemis to
treattheproblemasabargainingproblemin aperfectlycompetitive market whereutility maximising
agentstradecommoditiesfor givenannouncedprices.Pricesaretheniteratively loweredor increased
with excesssupplyor excessdemandrespectively, until the market clearsat a generalequilibrium
[5, 39]. The First FundamentalTheoremof WelfareEconomicsthenstatesthat given consumers’
preferencesarewell behaved, tradingin perfectlycompetitive marketsimplementsa Pareto-Optimal
allocationof theeconomy’s endowment.

Solutionsto this indeterminacy problemhave alsobeenattemptedin a moreaxiomaticfashion
from gametheorywherea singlesolution is selectedthat satisfiesa set of axioms. To show this,
thebargainingproblemof figure1A is mappedfrom thedecisionvariablespaceto theutility space
representationof figure1B usingautility function &('*)+�-,/. 01���324��5$�6 � � ��7 2. In this figure,utopia
correspondsto the situationwhereboth agentsobtain their highestaspirationallevel. If the agents
fail to reachany deal, they eachreceive a conflict payoff. The setof possibleoutcomes,including
utopia(payoffs �8�9��� � ) andtheconflict point : (payoffs �;01�<0 � ), areshown in figure1B. The feasible
setof outcomesis denotedby = in figure1B which containsthoseagreementsthatare individually
rationalandis boundedby theparetooptimal line. An agreementis individually rationalif it assigns
eachagenta utility that is at leastas large as the agentcan guaranteefor itself from the conflict
outcome>@? . Paretooptimality is definedfor a bargaininggame �;=���>@? � in thefollowing manner[6].

2Sucha perfectcurvilinear shapeis only obtainedunderthe assumptionsthat the utility functionsof the agentsare
perfectlyconcave anddifferentiable.
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Figure1: A) EdgeworthBox representingthedecisionoutcomespacefor apair ( � and
�
) of negotiat-

ing agents.B) Utility outcomespacefor apair ( � and
�
) of negotiatingagents.

Supposetherearetwo outcomes> and K suchthat they bothbelongto thefeasibleset, >*��KL�M= . If&('���K ��N &('���> � , for both � and
�
, but K is strictly preferredfor at leastoneagent,&('���K ��O &('���> � for5P�Q6 � � ��7 , thentheoutcome> is not paretooptimal. This is formally representedasa function that

giventhegamedefinedby thepair = and >@? doesnot select> —i.e., R*�;=���>@? �PS�L> .
Cooperative (or axiomatic)gametheoryaims to specifyaxiomsthat lead to the selectionof a

singlepoint on the paretooptimal line as the mostdesirablesolution for a given negotiation. The
Nashbargaining solution is themostpopularsuchsolutionthat selectsan individual outcomefrom
the pareto-set(henceit is efficient) that is also the mostequitableoutcome. The Nashsolution is
definedas the point that maximisesthe productof the utilities �T& 
VUXW & 
ZY � �T& �[U W & �\Y � where &%' U
is the utility to player 5 for settlement] and & ' Y is player 5 ’s conflict outcomeutility [30]. One
interpretationof theNashbargainingsolutionis that agentsaremotivatedby equityor proportional
cooperation[27]. Another solution conceptis the Kalai-Smorodinsky [21] which modifiesone of
Nash’s axioms(independenceto irrelevantalternativesto individual monotonicty)andis interpreted
asendogenouslyproviding moreweightingto the “needier” player [27]. However, suchaxiomatic
modelsare inappropriatefor computationalpurposesbecausethey specify the solution properties
andleave the processof how to reachthesepointsunspecified.3 Thus,thereareno guidelinesfor
automatingtheprocessof how to actuallyreachtheseoutcomes.Nonetheless,for evaluationpurposes
we usethe focal or referencepoint [41] (seebelow for the computationalargumentwhy the Nash
bargainingsolution,andby implication the Kalai-Smorodinsky, is not chosen).This solutionpoint
hasbeenextendedto anaxiomaticreferenceoutcomesolutionproposedby [16]. The focal point is

3As will be mentionedlater, non-cooperative models,notablythe alternatingsequentialmodelof Rubinstein[46], do
model the selectionof the outcomeas a processof negotiation, ratherthan selectionof an outcomethat satisfiessome
desirableproperty. Indeed,undersomestrict contexts, non-cooperative modelsimplementthe Nashbargainingsolution
whenagents’strategiesarein equilibrium.However, althoughweacknowledgetheimportanceof thisbodyof work, wedo
not claim deductive andrationalequilibriumreasoningby our agentsfor thereasonsgivenabove. We notethatequilibria
canbeattainedby myopicagentsif we adopta “massaction” [32] or “evolutive” [2] interpretationof equilibria.
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often interpretedasa prominentoutcomethat replacestheconflict outcomeandis oftenexpectedto
haveanimportantbearingontheoutcomeof negotiation.For example,in multi-issuenegotiationsthe
middle point on eachissueoften becomesthe focal point [40] andthe negotiatorsthentry together
to find otheragreementsthatarebetterfor both. In section4.3we usetheaxiomaticextensionof the
referencepoint asthe point that is paretooptimal andlies on the line connectingthe referenceand
utopiapoints(in fact whenthe referencepoint is the conflict point thenthis solutionis identicalto
Kalai-Smorodinsky’s solutionpoint). The referenceoutcomeis simply computedas the mid point
of eachdecisionvariable.This axiomaticsolutionhasbeenshown to beparticularlyappropriatefor
logrolling in integrativemulti-issuenegotiations[16]4. Therefore,thepropertyof thesolutionweseek
to optimiseis thedistanceof anoutcometo thepoint lying on theparetooptimalline andconnecting
thereferencepointwith utopia.

For us,it is this multi-dimensionalityof decisionproblemsthatpermit increasingthesocialwel-
fare throughagentsactively searching andcommunicatingnodesof the treeof decisiontrade-offs.
This is in contrastto negotiationoverasingledecisionvariable(integrative v.sdistributednegotiation
respectively, [41], figure2 a andb). In suchsituations,theopposingnatureof serviceproducersand
consumersmeansthat theagents’payoffs areperfectlynegatively correlated.Thusanoutcomethat
increasesthescoreof oneagentdecreasesthevalueof theother. Hereall thepossibleoutcomeslie on
thepareto-optimalline. Furthermore,assuminglinearconflictingvaluefunctionsfor thenegotiation
participants,thesumof eachoutcomeis � (i.e., it is azero-sumgame[13]). In thisscenario,theNash
bargainingsolutionis easilycomputedasthe mid point (andmostequitable)of both agents’value
function (i.e., at �;01^`_+�<01^`_ � ). Given the singledecisionvariablenatureof the negotiation, decision
variabletrade-offs arenaturallynotpossible.Moregenerally, however, thesameargumentsalsohold
for multi-dimensionalgoodsin zero-sumgames.
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Figure2: Outcomespacefor a pair of negotiatingagents:a) singledecisionvariableandb) multiple
decisionvariables.

However the gamesconsideredin this work arenot zero-sumbecausewe canassumethat the
agentsattachdifferent levels of importanceto the variousnegotiationdecisionvariables.Thus,for

4Theimportanceof thereferencepointhasalsobeencorroboratedempirically[44].
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example,oneagentmay be mostconcernedwith the price of a service,while its opponentmay be
mostconcernedwith the time by which the servicecanbe delivered. Due to the fact that thereare
multiple decisionvariables,eachof which hasa differentimportancelevel, thenegotiationoutcomes
aretransformedto anon-constantsumgame(wherethesumof theutility valuesalongthedimensions
of anoutcomedo not necessarilyaddup to � ). It is this transformationthatopensup thepossibility
of agentsmakingtrade-offs. That is, it is possibleto find agreementsin which somedecisionvari-
ablesareincreasedin valueandothersaredecreasedandoverall this will benefitoneor bothof the
negotiationparticipantssimultaneously. In this case,the pareto-optimalline is shown in figure 2b.
Now theonly pointson this line wherethe sumsof the individual valuesaddto � is at thepoint of
connectionwith the � and a axis. Differentpointsalongthe line thendo not necessarilysumto �
anddo not necessarilyhave the sameaddition. More importantly, however, it is now possiblefor
negotiationoutcomesto lie below thepareto-optimalline (i.e., towards �;01�<0 � ) becauseagentsattach
differentimportanceweightingsto thevariousdecisionvariables.Consequently, thereis scopein the
negotiationprocessto find agreementsthatarecloserto theparetooptimal line, meaningthatoneor
evenbothof theagentscanbebetteroff. This contrastswith thedistributive bargainingcasewhere
thenegotiationoutcomehasto beonthepareto-optimalline (meaningthereis noscopefor improving
onescorewithout decreasingthescoreof thenegotiationopponent).Furthermore,theNashbargain-
ing solutionis no longerat �;01^`_+�<01^`_ � , becausethepareto-optimalline hasmoved from theconstant
sumline. However �;01^`_+�<01^`_ � cannow beviewedasa referenceoutcomesinceit representsthepoint
atwhichbothagentsobtainpreciselyhalf theiraspirationallevel.

Having definedtheoutcomelandscapeandidentifiedthepossibilityfor trade-offs, thenext stepis
to determinehow to actuallycomputesuchtrade-offs. If theagentsknew theiropponent’s preferences
andtheir relative importanceweightings,then they could computesolutionsthat lie on the pareto-
optimalline. TheregularNashbargainingsolutionin factimplementsthissharedknowledgeassump-
tion. However, the Nashbargaining solution is inadequatein casesof multiple decisionvariables
becauseits computationbecomesintractablein thepresenceof multiple decisionvariablereservation
valuesandweights.Themaximizationproblemthenbecomesmaximizationof a quadraticfunction
with restrictions(the reservation valuesof a decisionvariable),wherethe solutionto the quadratic
function may violate the restrictions. It is a quadraticproblembecausethe individual utilities of
agentsarelinear:5

bdc egfih ' 	 '
 & '
 �;� �Tj fkh ' 	 '� & '� �;� �Tj
However in most realistic situations,this information is simply not available (as discussedin

section1). This meansagentsneeda meansof approximatingthe preferencesof their opponent
basedupontheir observablenegotiationbehaviour. Thisapproximationcanthenbeusedto selectthe
outcomesthatarecloserto, or ideally on, the paretooptimal line. The desiredfinal outcomein the
feasiblesetoftendependson theagent’s socialobjectives/goals.Thesemaybeto maximisethejoint
gainsof theagents(if they arebothfrom thesameorganisation)or they maybeto increasethevalue
of the agreementto the opponentwhile keepingtheir own returnconstant(if the aim is to find the
contractthatis mostlikely to beaccepted).

Attempting to approximatethe preferencestructureof an agentbasedupon its negotiationbe-

5Numericmethods,suchasactivesets, canhandlesuchproblems[26]. However, with this methodasthe numberof
decisionvariablesincreasesthenso doesthe complexity of the computationinvolved in solving the quadraticproblem.
Therefore,active setsbecomeunlikely candidatesfor computingthe Nashsolution for bargainingproblemsinvolving a
largenumberof decisionvariables.

7



haviour is difficult. The mostcommonmeansof doing this is to constructan explicit modelof the
negotiationopponentand thenupdateandrefine this model in the light of subsequentinteractions
(e.g.,[2, 14]). However, suchmodelsaredifficult andcomputationallydemandingto construct(espe-
cially for multi-dimensionalgoods),they arenot well suitedto situationswhereanagentnegotiates
with many opponents(onemodel is neededper opponent),and they requirenumerousnegotiation
encountersbeforeany greatconfidencecanbeplacedon theirfidelity (seesection5 for moredetails).
An alternative approachis not to directly model the likely choiceof the negotiationopponent,but
rather, to try andgeneratea contractthat is reasonably“similar” or “close” to the opponent’s last
proposal.This is a reasonableheuristicbecausethe opponent’s mostrecentproposalrepresentsan
outcomethat is acceptableto it. Thusa proposalthat is not dissimilar, alsohasa reasonablechance
of beingacceptable.In this case,theheuristicis modelingthedomainandnot theotheragent.The
agentcan thenusethis domainmodel to inducethe possibledefault preferencesof the other. For
example,if thesellerhasdemandeda paymentof l$�90 for a servicethena client of theservicecan
heuristicallyassumethatthesellerwill preferanoffer of l���m to l��n0 becausetheformeris closer, or
moresimilar, thanthelatterto theseller’s initial demand.Notealsothatthefinal outcomereachedis
a functionof theinitial andsubsequentoffer strategy. Thus,asellerstartingatanoffer of lpo�0 should
be betteroff. We briefly evaluatethe effect of different offer strategies on the outcomeof games
empirically in section4. The computationalsimplicity andparsimonioususageof agentmodelsin
this similarity-basedapproacharedemonstratedin the following sections.Moreover, similarity can
beappliedto encountersbetweenagentsthathaveneverpreviously interacted6. For thesereasons,we
usesimilarity asthebasisfor computingtrade-offs in ouralgorithm.

3 Making Trade-Offs

This sectionpresentsa formal modelof our trade-off mechanism(section3.1),detailsthealgorithm
for actuallymakingtrade-offs (section3.2) andillustratesits use(section3.3). Firstly, however, we
outline the basicsof our service-orientednegotiationmodel (refer to [12] for moredetails). Let 5
( 5q�r6 � � ��7 ) representthe negotiatingagentsand ] (]Q�s6t�9�n^u^u^u��v 7 ) be the decisionvariablesunder
negotiation.Negotiationscanrangeover quantitative (e.g.price,delivery time,andpenalty)or qual-
itative (e.g. quality of service)decisionvariables.Quantitative decisionvariablesaredefinedover a
realdomain(i.e. � 'U �xw 'U �y. zx54v 'U ��z � � 'U 2 ). Qualitativedecisionvariablesaredefinedoverapartially
orderedset(i.e. � 'U �xw 'U �{6�| � �<| � �n^n^n^��<|<} 7 ). Eachagenthasascoringfunction ~ 'U )tw 'U ,/. 01���32 that
givesthescoreit assignsto a valueof decisionvariable ] in the rangeof its acceptablevalues.For
convenience,scoresarekeptin theinterval . 01���32 . Therelativeimportancethatanagentassignsto each
decisionvariableundernegotiationis modeledasa weight, 	 'U , thatgivestheimportanceof decision
variable ] for agent5 . We assumetheweightsof bothagentsarenormalized,i.e. � ��� U �i� 	 'U ��� ,
for all 5��r6 � � ��7 . An agent’s scoringfunction for a contract—that is, for a value >������ � �n^u^u^u��� � �
in the multi-dimensionalspacedefinedby the decisionvariables’value rangesis then definedas:~ ' ��> � � � ��� U �i� 	 'Up� ~ 'U ��� U � 7.

We assumebothpartieshave a deadlineby whenthey mustcompletethenegotiation. This time
canbe different for eachagentandif its deadlinepassesthe agentwithdraws from the negotiation

6Thesimilarity heuristiccanbemoreefficient if moreinformationaboutthenegotiationopponentis available.Thusif
theagentdoeshave someinformationaboutits opponent’s preferences,this will improve thetrade-offs thataregenerated.

7For analyticalpurposeswe restrictourselvesto anadditive andmonotonicallyincreasingor decreasingvaluescoring
system.Note that theheuristictrade-off modelpresentedhereis independentof theway utilities arecomputed.Theonly
requirementof themodelis that thereexistsa (linearor non-linear)utility function. However, thehillclimbing algorithm
presentedin thispaperassumesagentshave linearutility functions.
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(taking theconflict outcome).An agentacceptsa proposalwhenthevalueof theofferedcontractis
higherthantheoffer it is readyto sendoutat thatmomentin time.

3.1 A Formal Model

In choosingto make a trade-off negotiationactionanagentis seekingto find a contractthathasthe
samescoreasits previousproposalfor itself, but whichmaybemoreacceptableto (havehigherscore
for) its negotiationopponent.However, thekey problemhereis how to selecta contractthat is likely
to increasethe scoreof the opponent,giventhat the agent doesnot knowits preferences. To make
trade-offs underthesecircumstances,anagent(call this � ) in negotiationwith anotheragent(call this�
) mustbeprovidedwith amechanismto:

1. selecta setof contractsall of which have thesameutility as �t�u� previousoffer > (this is called� � � aspirationallevel);

2. selectfrom this set,a contract( > � ) thatagent� believesis morepreferableto
�

than > . Ideally,� would like to choosetheonethat is mostpreferredby
�

sincethis maximisesthechancesof
it beingaccepted.

That is, agent� believesthat ~ � ��> � ��O ~ � ��> � . By construction,theconstraint~ 
 ��> � �-~ 
 ��> � � has
to betrue.Thus,it followsthatagent� believesthat ~�
+��> � � ! ~��n��> � ��O ~�
���> � ! ~��n��> � andtherefore
believesthat > � increasesthejoint utility of theproposal.

The first problemto addressin this sectionis how to model the agent’s uncertainbelief in the
secondstepof the mechanism’s operation. A classicsolution for handlingsuchuncertaintiesis to
assumeagentshave meansto computeconditionalprobabilitiesand formulatesubjective expected
utilities. However this approachis problematic. Firstly, assigningprior probabilitiesis practically
impossiblefor the typesof problemsaddressedhere(wheretherecanbe an infinitely large set of
outcomesandtheoutcomesetitself canchangedynamicallyin thecourseof thenegotiation). Even
if assigningprior probabilitieswas practically achievable for interactionsthat are repeated(hence
permittingthe useof probability updatemechanismssuchasBayesrule [47]), the sameis not true
for encountersin opensystems.In suchenvironmentstheprior probabilitiesmaysimply bewrong,
a fact that is exacerbatedby the one-off natureof encounterswhich prevents the updateof prior
distributions. Secondly, the formulationof decisionsbasedon subjective expectedutility introduces
thesilentout-guessingproblem[64]—theagentdesigner’s choiceof probabilitiesis basedonguesses
aboutthe probablechoicesof others,whosechoicein turn is dependenton the guessesaboutthe
probablechoicesof thefirst, andsoon.

To circumvent thesedifficulties a solutionwassoughtthat is simpleandapplicableto the types
of problemsthatarepresentin bothclosedandopensystems.As discussedpreviously, theheuristic
employed hereis not to directly modelthe likely choiceof theotheragent,but, rather, to selectthe
contractthat is most “similar” or “close” to the opponent’s last proposal(sincethis may be more
acceptableto theopponent).

Therationalefor similarity-basedreasoningis demonstratedby thefollowing servicesellingsce-
nario. The serviceprovider’s main negotiationobjective is to sell the service. How goodandhow
successfula serviceis canonly be known a posteriori,onceits acceptancein the marketplacecan
be evaluated.A commonway of approximatingthis acceptanceis to performa poll that allows the
market participants’preferencesto beelucidated.However this is difficult in areaswherethenumber
of opponentsis small andeachis selfishlymotivatedto alter their answersin orderto influencethe
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service’s evaluation. Therefore,statisticalinferencemay leadus to the wrong conclusions.To cir-
cumvent this, we needan a priori valuationof the servicein orderto drive the negotiationprocess.
Theclassicalwayof doingthisis to organisetheservice’svaluationaroundasetof characteristicsthat
determineits differentiationfrom competingservices.Thesecharacteristicsthenbecomethecauseof
the consumer’s satisfaction. However, valuationsbasedon a service’s characteristicsarein essence
subjective, they canbe wrong, the servicemay, in the end,not be satisfactory to the market. With
this background,our researchphilosophyfor modelinga priori valuationscanbe statedas: similar
servicesshouldbe indifferentto customers.Moreover, thegreaterthedegreeof similarity, themore
likely thereis to be indifference. This is alsoconsistentwith Hume’s stance:“from causeswhich
appearsimilar we expectsimilar effects. That is thesumof all our experimentalconclusions”.In a
sense,if we acceptthat thea priori valuationof a goodmustbe groundedon its characteristics,we
haveto acceptthatgoodsconsideredassimilar in thelight of thesecharacteristicsmustreceivesimilar
valuations.Note thatherethesimilarity function is beingusedto inducea utility structure(in terms
of indifferencestructures[3]), themoresimilar anobjectthemoreindifferentthevaluation.

Theparticularmeansof computingsimilarity thatweadoptedhereis thatof fuzzysimilarity [65].
This shift in emphasisfrom the probablechoicesof othersto the closenessof two contractsmeans
thatany theorythatmakesthesameontologicalcommitmentsasclassicallogic andprobabilitytheory
(wherefactsareeither true or not andprobabilitiesrepresentthe degreeof belief) is inappropriate.
Thus,whenmodelingconceptssuchascloseness,tallnessor heavinessa different logic is required
that modelsthe degreeof truth—a sentenceis “sort of” true. Most peoplewould hesitateto say
whetherthesentence“Jeni is tall” is trueor not,but wouldmorelikely say“sort of”. Note,this is not
anuncertaintyabouttheexternalworld (wearesurehow tall Jeniis), ratherit is astatementaboutthe
vaguenessor uncertaintyover the linguistic term “tallness” or the similarity/membershipof a class
prototype. However, an importantpoint to noteis that the useof fuzzy similarity andprobabilities
arenot exclusive. Indeed,theagentcanusefuzzy similaritiesto guesstheprior probabilitiesof the
other’s choicesandthenupdatetheseprior probabilitiesin thecourseof interactionsusingBayesrule.
Thus,fuzzy similarity canbe usedto “bootstrap”decisionmechanismsthat operateon the basisof
choicedistributions.

We first introducethebasicconceptsof fuzzy similarity andin thenext sectiondetail their usage
to modeltrade-offs. Thefirst thing to modelis how to computesimilarity alonga dimensionof the
negotiationspace(i.e., thesimilarity for aparticulardecisionvariable).A graded(or fuzzy)similarity
relation canbe seenasa generalizationof an equivalencerelation and it is also closely relatedto
themathematicalnotionof distance.Indeed,from theperspective of thefuzzy setliterature,a fuzzy
similarity relationonaset w is abinaryfunction �%54z�)�w{��w-,�. 01���32 satisfyingthethreefollowing
properties:

(i) reflexivity: ��� U �xw��Z��54z���� U ��� U � �-� ,
(ii) symmetry: ��� U ��a U �xw��Z�%54z���� U ��a U � �s�%54z���a U ��� U � , and

(iii) t-normtransitivity: ��� U ��a U �<� U �xw�� If �%54z���� U ��a U � � � and ��54z���a U �<� U � � �
then �%5�z���� U �<� U ��N� � � � � � , where

�
is a t-norm.8

Notice that if �%5�z is a similarity function in theabove sense,�g��� W �%54z hasthepropertiesof a
distance-like function. In particular, for

� ���(��� � � b�c e �;01��� ! � W � � (Lukasiewicz t-norm)property

8A triangularnorm,t-normfor short,is a binary, commutative, associative,non-decreasingoperationin [0, 1] with 1 as
a neutralelement.T-normsplaya centralrole in fuzzy settheoryin modelingintersectionoperationson fuzzysets[38].
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(iii) is nothingbut theusualtriangularinequalityand � becomesapseudo-metric,while for
� � bd��� ,� becomesanultra-metric(it verifies �����(��a � # bdc e �;�������<� � �<���;�k��a ��� ).

In thiswork, themethodof building similarity functionsis to define,for agivendecisionvariable,
criteriaevaluationfunctions.That is, functionsthatdeterminehow much,in thescale . 01���32 , a given
elementmatchesthe criteria. For instance,in the domainof colours,a criteria evaluationfunction
couldbe temperature thatoperatesby returninga highervaluefor increasinglywarmcolours.Thus,
given a criteria evaluationfunction �y)�w�, . 01���32 , a naturalway to definea similarity function
inducedby � is to define �%54z �i���(��a � ������� �d¡ �(��a � , where ¡ is a fuzzy equivalenceoperator,
somehow relatedto thet-norm

�
to guaranteeproperty(iii). For instance,for

� ���(��� � � bdc e �;01��� !� W � � , we define ����� �¢¡ �(��a � �£� W¥¤ ����� � W �(��a � ¤ , andfor
� � bd�[� , we define ����� �¦¡ �(��a � �£�

if ����� � �§����a � , and ����� �¢¡ �(��a � � bd�[� �\����� � �¨����a ��� otherwise.
Now, if weneedto definenotone,but asetof criteriafunctions� ' )©wy,/. 01���32 thequestionis how

canwe aggregatethe individual similarities ��54z ��ª to comeup with a global similarity relationthat
takesinto accountall thegiven criteria? Following the resultsfrom [57], sucha similarity function
canalwaysbe definedasthe minimum of appropriatefuzzy equivalencerelationsinducedby a set
of z N � criteria functions � ' )«w¬, . 01���32 . That is, thesimilarity betweentwo valuesfor decision
variable ] , ��54z U ��� U ��a U � , could be definedas �%54z U ��� U ��a U � � bd�[� ��� ' �i �\� ' ��� U �X¡ � ' ��a U ��� . This
definition,althoughproviding aprocedureto build asimilarity relationfrom asetof criteriafunctions,
hasa very counterintuitive interpretation.If, for example,we hadtencriteria functionsandthat for
a concretepair of elementsnineof themgive a high valueandoneof themgivesa very smallvalue,
thesimilarity of thetwo elementswould beequalto thatminimumvalue.This is too strict. A better
alternative,andtheonethatwill beusedin theremainderof thispaper, is to build similarity functions
asweightedmeans.By doingthis, we mayno longerguaranteethet-normtransitivity for theglobal
similarity. Howeverproperties(i) and(ii) arethemostimportantin thiscontext andthey aresufficient
to modeltheconceptof closenessintendedin this paper. Nevertheless,t-norm transitivity is indeed
preserved whenthe functions �%5�z ��ª areLukasiewicz-transitive (i.e. when � W �%54z ��ª aremetrics)
and � ¡ �d�-� WL¤ � W � ¤ . Thusourdefinitionfor asimilarity is thefollowing:

Definition 1 Givena domainof valuesw U , a similarity betweentwovalues� U ��a U �xw U is definedas:

�%54z U ��� U ��a U � � h��� ' �i 	®' � �\�k'<��� U �¢¡ �i'8��a U ��� (1)

where	 ' , � ��� ' �i 	 ' �£� , is a setof appropriateweightsrepresentingtheimportanceof thecriteria
functionsin the computationof similarity, and � W¯¤ �(��� U � W ����a U � ¤ is the equivalenceoperator(as
arguedbefore).Theseweightsmodeldifferentstanceswith respectto a particulardecisionvariable.
For instance,whenbuyingacar, youngpeoplemaygivemoreimportanceto theluminosityof acolour
becauseit helpsin showing off, while older peoplemay give moreimportanceto the visibility of a
colourasthis is correlatedwith security.

To illustratethemodelingof similarity for a decisionvariable,considertheexampleof colours.
Here w Y4°8±`°V²�³<´ �¯6�akµ�¶;¶;� 	�����5��9¶;µ�·Z��z �t¸ µ�v"· � � ¸t¹ µ�µ�v*�<:Za � v*� ¹ µ��i�n^n^n^ 7 . To modelhow similar two given
coloursare,differentperceptive criteria canbe considered.For instance,thereare ‘warm’ colours
and ‘cold’ colours. With respectto this criterion, yellow andorange aremoresimilar thanyellow
andviolet. Relatedto the‘warmness’of colours,Newton [33] establishedtheproportionalityfactors
betweencoloursthatdeterminewhatthesizeof paintedsurfacesshouldbein orderto bein perceptual
equilibrium. For instance,yellow hasluminosity 9 andviolet luminosity 3. This meansthat if we
painttwo squares,onein yellow andonein violet, their surfaceshave to bein relation1 to 3 in order
for the result to be in ‘equilibrium’ (that is, the yellow squaremustbe onethird of the sizeof the
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violet square).Anotherrelevant perceptualcriterion of coloursis their visibility. Therearevarious
physiologicalcharacteristicsof the humanvisual field, distribution of conesand rods, that ensure
somecoloursarebetterperceived whenmoving away thanothers[28]. Greenis thecolourwith the
worstvisibility andyellow andcyanarethosewith thebestvisibility. Giventhesethreecriteria, the
colour domaincanbe modeledin the following way (functionsarepresentedextensively assetsof
pairs(input,output)):

�kº(�¯6���akµ�¶;¶;� 	��<01^`» � ������5��9¶;µ�·Z�<01^[� � ���;z ��¸ µnv"· � �<0k^[� � ��� ¸t¹ µ�µ�v*�<0k^`¼ � ���\:3a � v*�<01^½� � � � ¹ µ��i�¨01^½¾ � ��^n^n^ 7
� ± �¯6���akµ�¶;¶;��	��<01^`» � �����t5��9¶\µn·3�<01^`¼ � ���;z �t¸ µ�v"· � �<01^`¿ � ��� ¸�¹ µ�µ�v*�<01^`¿ � ���\:3a � v*�<01^Ào � ��� ¹ µ��«�¨01^½m � ��^n^�^ 7�kÁÂ�{6���a1µ�¶�¶;� 	���� � ������5��9¶\µn·3�<01^`_ � ����z ��¸ µnv"· � �<01^`o � ��� ¸�¹ µ�µ�v*�<01^�� � ���;:Ãa � v*��� � � � ¹ µ��i�¨01^`� � ��^n^n^ 7

where �kº��¨� ± and � Á arethe criteria functionscorrespondingto temperature(warm is 1, cold is 0),
luminosity(maximumis 1, minimum0) andvisibility (againmaximumis 1 andminimum0) respec-
tively. Assumethatit is ayoungpersonbuyingthecarwhohasthefollowing weightsfor thedifferent
criteria: 	®º(��01^½¾���	 ± ��01^`�+��	 Á ��01^[� . Then,usingthesimilarity relationasdefinedabove we have:

�%54z Y�°V±½°V²�³ ��akµ�¶;¶;� 	�� ¹ µ�� � �	®º � �8� W-¤ �kº¨��akµ�¶;¶;� 	 � W �kº¨� ¹ µ�� � ¤ � !	 ± � �8� W{¤ � ± ��akµ�¶;¶;��	 � W � ± � ¹ µ�� � ¤ � !	 Á � �8� W{¤ � Á ��a1µ�¶;¶�� 	 � W � Á � ¹ µ�� � ¤ ��§01^½¾ � 01^`m ! 01^`� � 01^`» ! 01^[� � 01^`»���01^`m©¼
andsimilarly, ��54z Y4°8±`°V²�³ ��a1µ�¶�¶;� 	�����5��9¶\µn· � ��01^½¾ � 01^`� ! 01^`� � 01^Äo ! 01^[� � 01^`_ � ��01^`��¾

Oncethenotionof similarity for a decisionvariablehasbeendefined,thesimilarity betweentwo
contractsis simply definedasaweightedcombinationof thesimilarity of thedecisionvariables:

Definition 2 Thesimilarity betweentwo contracts > and K over the setof decisionvariables Å is
definedas:

�%54z���>*��K � � hU�Æ©Ç 	 
U � �%54z U ��� U ��a U � (2)

with � UnÆ�Ç 	�
U �È� and �%54z U beingthesimilarity function for decisionvariable] definedasbefore.
Theseweightsrepresentthelevel of importancetheagentbelievestheopponentplacesonthedifferent
decisionvariables.If an agenthasno suchinformation,it may assignequalweightsto all decision
variables.However if it candeducethe likely priorities of its opponent,thentheseweightscanbe
modifiedto reflectthis information.

Given this background,we cannow proceedwith the detailsof the trade-off formal model. An
agentwill decideto make a trade-off actionwhen it doesnot wish to decreaseits aspirationlevel
(denotedÉ ) for a given service-orientednegotiation (the aspirationlevel is the valuationof its last
offer > , that is É��y~���> � ). Thus,theagentfirst needsto generatesome/allof thepotentialcontracts
for which it receivesthescoreof É . Technically, it needsto generatecontractsthatlie on theiso-value
(or indifference)curve for É [41]. Becauseall thesepotentialcontractshave thesamevaluefor the
agentmakingthe trade-off, it is indifferentamongstthem. Given this fact, the aim of the trade-off
mechanismis to find the contracton this line that is mostpreferable(andhenceacceptable)to the
negotiationopponent.More formally, aniso-curve is definedas:
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Definition 3 Givenan aspirational scoringvalue É , theiso-curveat level É for agent � is definedas:

5 � � 
 �;É � �{6�> ¤ ~ 
 ��> � ��É 7 (3)

From this set, the agentneedsto selectthe contractthat is most similar to agent
�
’s last offer. A

trade-off is thendefinedas:

Definition 4 Givenan offer, > , fromagent � to
�
, anda subsequentcounteroffer, K , from

�
to � , withÉ��r~�
t��> � , a trade-off for agent � with respectto K is definedas:

trade-off 
 ��>*��K � � c9Ê<Ë bdc eÌ Æ ' ´�°VÍ�ÎÐÏ<Ñ 6 �%54z��;Òk��K � 7 (4)

A linear trade-off algorithm that implementsan instanceof this genericformal heuristicmodel is
describednext.

3.2 The Trade-off Algorithm

Thetrade-off algorithmweconsiderhereis definedover theclassof linearlyadditiveutility functions.
Weacknowledgethatrestrictiontoalinearutility modellimits theapplicabilityof thealgorithm.How-
ever, we alsonotethat theassumptionof linearity is restrictedto thealgorithmandnot theheuristic
modelitself. It is perfectlyconsistentwith theheuristicmodelto designothertrade-off algorithmsfor
othernon-linearutility functions(see[10] for non-lineardistributedsearchalgorithms).

Thisalgorithmperformsaniteratedhill-climbing searchin a landscapeof possiblecontracts.The
searchstartsat the opponent’s offered contractand proceedsby generatinga set of contractsthat
lie closerto theiso-curve (representingtheagent’s aspirationlevel). Thecontractthatmaximizesthe
similarity to theopponent’s lastofferingis selectedat theendof eachiteration.Thealgorithmrepeats,
startingfrom thecontractselectedat thepreviousstep,until theiso-curve is eventuallyreached.

E

iso-curve

step 3

step 2

step 1
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Figure3: Schemaof thetrade-off algorithmwith å��§¼ and ��r¼ .
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Thealgorithmis shown schematicallyin figure3. It startsat contractK , theopponent’s lastoffer,
andmovestowardsthe iso-curve (thesolid marked line correspondingto theagent’s aspirationlevelÉ ) associatedwith > , theagent’s lastoffer. Thisapproachto theiso-curve is performedsequentiallyin� steps(threein figure3). Eachstepstartsby randomlygeneratingå contracts(three,onefilled and
two patternedovalsin figure3) thathaveautility æ greaterthanthecontractselectedin thelaststepKkç
(or K�è���K if it is thefirst step)for theagentmakingthetrade-off. Here å is referredto asthenumber
of children.Eachnew contractK çTé(ê sogeneratedsatisfiestheconstraint~���K çTé(ê � �§~���K ç � ! æ , and
they all have thesameutility to theagentmakingthetrade-off (shown asthedottedline connectingall
thechildrenat eachstep).Fromthegeneratedchild contracts,theonethatmaximizesthesimilarity
with respectto theopponent’scontractK is selected(shown asthefilled oval in figure3). Thiscontract
thenbecomestheparentof thenext setof children. æ is computedastheoverall differencebetween
thevalueof > and K dividedby thenumberof steps.That is, æë��ì Î½í©Ñ;î ì Î½ï�Ñð . Theoverall effect of
thealgorithmis to sequentiallyexplorea subsetof thepossiblespaceof contractsandselectfor the
next steptheonethatmaximizesthesimilarity with respectto theotheragent’s contractoffer. This
searchterminateswhenacontract> � is generatedthatlieson theiso-curve of > .

Figure4presentsthepartof thealgorithmresponsiblefor generatinganew trade-off contract.This
algorithmwill thusbe invoked å timesat eachstepin orderto computethe besttrade-off contract
(giving ��å calls in total). The algorithmgenerateschildrenby splitting the stepgain in utility, æ ,
randomlyamongthesetof decisionvariablesundernegotiation.

Thealgorithmshows only thecomputationsinvolved in makinga singlestep,of size æ , towards
the iso-curve specifiedby > . It functionsasfollows. Firstly, themaximumutility thatcanbegained
for eachdecisionvariable,eitherqualitative or quantitative, is computedasthedifferencebetweenthe
full aspirationof theagent’s preferencesandtheutility of thedecisionvariable’s valuein thecontract
that is beingmodified ~ ' ��a U ' � (line 1). Note,at thefirst stepof thealgorithm’s iteration, K�è will be
theopponent’s offeredcontract.Eachweightedindividual utility gain is thensummedto determine
theoverall weightedamountof utility thatcanbegained(line 2). Next, becausethe “consumption”
of this utility gainhasa randomelement(line 5), a degreeof toleranceis includedto guaranteethe
convergenceof the algorithm9 (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 quantitative decisionvariablesor by
randomlyselectingoneof thepossiblefinite incrementsfor qualitative decisionvariables.Thestore
of thecurrenttotal amountconsumedæ � is thenupdatedastheadditionof theold storeanda linear
weightedsumof eachof the individually consumedutilities (line 6). The total amountthat canbe
consumedis thenrecomputedgiventhenewly consumedamount(line 7). If theamountconsumedis
lessthanthetotalamountæ , theprocessof consumptioncontinuesuntil themaximum( æ or thestep
sizein figure3) is reached.Finally, theutility gainedby eachdecisionvariableis remappedto actual
valuesthatcorrespondto thenew utility (line 9). In thecaseof qualitative decisionvariables~ î �' ��� �
mustbeinterpretedasafunctionthatselectsaqualitative value |q�ñw ' thatsatisfies~ ' �;| � �L� . Given
thatweassumeapartialorderwemayhavemorethanonevalue | with valuation� . If this is thecase,
wechoseonerandomly. Thealgorithmguaranteesby constructionthatthereis at leastonequalitative
valuewith valuation� .

A theoreticalanalysisshows that theaveragetime thealgorithmtakesto completeis linearwith
respectto thenumberof decisionvariablesin thenegotiation(see[11] for detailsof theproof). This

9As the convergenceis asymptoticto the value ò®óuô�õ�öx÷�ø Í�ù , if we hada situationwith ÷�ø Í�ùXú ÷ we could not
guaranteereachingthe iso-curve. Also, thesearchprocessreachesthe iso-curve within epsilondistanceif thereis at least
onedecisionvariableover a continuousdomain.Priceat leastplaysthis role in service-orientednegotiationdomains.
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inputs: û�ü�ý /* laststepbestcontract.û9þ ÿMû */�
; /* steputility increase*/�������

; /* valuescoringfunctionsfor thedecisionvariables*/	 � ; /* importanceweightsfor thedecisionvariables*/
Output: û�ü�
� ; /* child of û�ü */
begin

for eachdecisionvariable� do
if � is discrete

(1) then
� ��� ÿ������ ������� ����� ��� ��� ����� ÿ � � ������ !� � � û ü� �#"%$'&

(1) else
�(� � ÿ*) $ �,+  -�.�/� û ü� �10

endfor;
(2)

�325476 � ÿ � � 	 �98,:<;�= � � � � ý
(3) > � ÿ $'? $ +@8 �325476

;
if
���A2@4B6<"C�ED > � then

begin
(4) F � ÿ $ ý �3G � ÿ $ ý

while
���AG�HI�J�

doF � ÿKF D + ý
for eachdecisionvariable� do

if
��� G H%�J�
then if � is qualitative

(5) then LNM� � ÿILNOQPSRQT�U � ��� � ������� � � �����#� �(� � � � �����@VXWZY[W]\^�_ &a` � $'&��
(5) elseL�M� � ÿ :cbed � LNOQPSRfT�U � �g�h� � WZY]W]\^[_ �

elseL�M� � ÿ $
;

(6)
�3G � ÿ �3G(D 	 �i8 L�M� ;
if � is qualitative

(7) then
� �Z� ÿj�N�g� ������� ���k� �l� �g� ����� ÿ � � ������ nm�� � � û ü� �iD � ��o ü o M L ü�qp "I$r&

(7) else
�(� � ÿ*) $ �s:<;N= � �J�h�� L M� 0

endfor
endwhile;
for eachdecisionvariable� do

(8)
�3� � ÿ � Mü�t� L ü � ;

(9) û ü�
�� � ÿ � Y �� m�� � � û ü� �iDu� � p
endfor

end
elseLNOf�lvqw@wqLqLNT�LxPSTAv�ylw�z�{BOQP}|7w~z�wqL��]T�L�Ukw�R

end

Figure4: Contractgenerationpartof thetrade-off algorithm
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linearity is ahighly desirablepropertygiventheaimof this researchto developdecisionmechanisms
thatrespectanagent’s computationallimitations.

3.3 A Trade-Off Scenario

To illustrateourmodelconsidertheexampleof acar-dealer(of name
�
) negotiatingthepurchaseof a

car. Assumeagent� entersthegarageandreceivestheinitial proposal>g�£� ¸t¹ µ�µnv*� £27000���n09	Âµ�µ�� � �
for a dealon buying a carof a givenmodel(over ��µ�:Z5 � 5�� v � �t¹ 5 � � ¶\µ � �y6�:Ã�9¶�� � ¹ ��� ¹ 5�:nµ��<��µ�¶�54�1µ ¹ a 7 ).
Clearly, the first decisionvariableis a qualitative one with the samedomainas the colour exam-
ple introducedbefore,andthe othertwo arequantitative. Agent � respondsto this proposalwith a
counterproposalKQ� ��a1µ�¶�¶;� 	�� £21000�<09	Âµ�µ�� � � Thepoint now is whatcouldbea potentialanswer
from thedealerusingour trade-off technique?To answerthis, we have to specifydomains,weights,
valuationfunctionsandthesimilarity functionfor thecardealer:

w��Y4°8±½°T²�³ �{6�a1µ�¶�¶;� 	�����5��9¶\µn·3��z ��¸ µ�v"· � � ¸t¹ µ�µ�v*�<:3a � v*� ¹ µ�� 7w �} ³ ' Yl� �y. £18000� £350002w �� �V± ' Á �T³/� �y. 09	Âµ�µf� � ����¿ 	Pµ�µf� � 2
We assumethefollowing valuationfunctions( ~��Y4°8±`°V²�³ is extensionallydefined,andtheothertwo

arelinearfunctions):

~��Y4°8±`°V²�³ �¯6���akµ�¶;¶;� 	��<01^`_ � �����t5T� ¶\µ�·Z�<01^`� � ���\z ��¸ µ�v"· � �<01^`¼ � �� ¸�¹ µ�µnv*�<01^`m � ���;:3a � v*�<01^`¼ � ��� ¹ µ��«�<0k^`m � 7~ �} ³ ' Yl� ����} ³ ' Yl� � ���q�7� ª���� î �s�7�7�7��7� �7�7� î �s�7�7�7�~��� �V± ' Á �T³�� ��� � �V± ' Á �T³/� � � �N� �h�Äªe��� �l��s�
Finally, we assumethefollowing weights: 	 Y4°8±½°T²�³ ��01^[� , 	¢} ³ ' Yl� ��01^`m , 	 � �T± ' Á ��³/� �L01^[� .
Similarity for priceanddelivery will eachbebasedon a singlecriteria: ‘low price’ (lp) and‘low

delivery’ (ld) respectively. Thesewill alsobemodelledaslinearfunctions:

� ± } ��� � ��� � W �� �7�7�7� �g� . 01��o�0©0©0©0 20 otherwise
� ± � ��� � ��� � W �� � �g� . 01�¨�©m�20 otherwise

With all theseelements,we canexemplify theworkingof thealgorithm.First of all, from thecar
dealer’s perspective, contracts> and K have differentvalues: ~�����> � ��01^[� � 01^`m ! 01^`m � �B� î �s��7� î �s� ! 01^[� ��s��s� �y01^`_©_©m . This valuerepresentsthecardealer’s aspirationlevel É . Thevalueof agent’s � offer is~�����K � �r01^[��» . Now if we run thealgorithmfor onestep,� �£� , andthreechildrenperstep,å �r¼ ,
it couldgeneratethefollowing trade-offs:

> ê �£��akµ�¶;¶;� 	�� £28132�¨_ 	Âµ�µ�� � � ��>��d�£� ¹ µ��«� £26568����� 	Pµ�µf� � � ��>����y���t5��9¶\µn·3� £28506�Z¾�	Âµ�µf� � �
All of themverify, by constructionandbecausewe arerunningthealgorithmfor just onestep,that~�����> ê � �s~��n��>�� � �{~��n��>�� � �§É . Now, thetrade-off algorithmselectstheonewith highestsimilar-
ity with respectto theoffer madeby agent� , thatis contractK , usingthecardealer’sdecisionvariable
weights.
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�%54z���K¦��> ê � ��01^[� � �%54z Y4°8±`°V²�³ ��a1µ�¶;¶�� 	���a1µ�¶�¶;� 	 � ! 01^`m � ��54zd} ³ ' Yl� � £21000� £28132� ! 01^[� ��%54z � �T± 'ÐÁ ��³/� �;09	Pµ�µf� � �¨_ 	Pµ�µ�� � � ��01^[� � � ! 01^`m � 01^`m©�1� ! 01^[� � 01^`m©�����"^¡ i¢£�%54z���K¦��>�� � ��01^[� � �%54z Y4°8±`°V²�³ ��a1µ�¶;¶�� 	�� ¹ µ�� � ! 01^`m � �%5�zd} ³ ' Ys� � £21000� £26568� ! 01^[� ��%54z � �T± 'ÐÁ ��³/� �;09	Pµ�µf� � ����� 	Pµ�µ�� � � ��01^[� � 01^`m©¼ ! 01^`m � 01^`m©¿1� ! 01^[� � 01^`_�¾+�P�¤�"^¡ ~¥S �%54z���K¦��>�� � ��01^[� � �%54z Y4°8±`°V²�³ ��a1µ�¶;¶�� 	����t5��9¶\µn· � ! 01^`m � �%54zd} ³ ' Yl� � £21000� £26568� ! 01^[� ��%54z � �T± 'ÐÁ ��³/� �;09	Pµ�µf� � �Z¾�	Pµ�µ�� � � ��01^[� � 01^`��¾ ! 01^`m � 01^`m1��� ! 01^[� � 01^½¾9_X�¤�"^§¦S¨Z©
Given thesevalues,the algorithmwould chose> ê asthe trade-off to offer to customer� . That is,> � �£��akµ�¶;¶;��	�� £28132�¨_ 	Âµ�µf� � �
4 Experimental Analysis

A seriesof experimentaltestshave beenundertaken to calibratetheoperationalperformanceof our
trade-off algorithm. Two typesof empiricalinformationweresought10. Thefirst set,herereferred
to assingle-offer experiments(section4.2),aimedto investigatetheparameters of thetrade-off algo-
rithm in thegenerationof a singleoffer (i.e., they evaluatedthekernelof thealgorithm).Conversely,
theaim of thesecondset,herereferredto asmetastrategy experiments(section4.3),wasto investi-
gatetheprocessof negotiationwhenagentsusetrade-off and/orresponsive negotiationmechanisms
(i.e., they dealwith thedynamicsof thealgorithmwheninteractingwith othermechanisms).Recall
that thelattermechanismimplementsaniteratedsearchfor a contractwith a valuethat is acceptable
to bothparties.

4.1 Experimental Procedures

Both typesof experimentinvolve offers from one negotiator, a ��¶ � akµ ¹ , to another, the �,�.��� v�µnv"· .
Furthermore,both experimentsinvolve negotiationover four quantitative decisionvariables . � ¹ 5T:Ãµ��| � � ¶�54·Ta���·V54z µ©����µnv � ¶�·Ta�2 . The domainsof valuesof eachdecisionvariablefor both agentsare the
same.The importanceweightvectorsof theagents(section3) arefixedthroughoutthenegotiation:ª } ±`
,���T³ �y. 01^[�9�<01^`_+�<01^`�©_+�<01^[��_ 2 and

ª ° }<} ° � � � º �y. 01^`_+�<01^[�9�<01^À0�_+�<01^`¼©_ 2 11. Thevaluefunction ~ 
' used
by agent� for decisionvariable5 is a linearscoringfunctionof thefollowing type:

~ 
' ��� ' � �¬« ®  
 � Í ª î � ª 
 � Í ª î  ' � Í ª if decreasing� ª î  ' � Í ª 
 � Í ª î  ' � Í ª if increasing

whereincreasinganddecreasingreferto thedirectionof changein scoreasthevalueof thatdecision
variableincreases.For example,increasingthe � ¹ 5�:nµ of theserviceusuallydecreasesthescorefor a
client,but increasesit for a seller.

The other input variablesof the trade-off algorithm were set as follows. The discriminatory
power—themagnitudeof thedifferencebetweentheinputandoutput—ofthecriteriafunctions(equa-
tion 1) weresetso that they exhibited two properties.Firstly, they have morediscriminationwithin
thedecisionvariables’reservationvalues(ascomparedto valuesoutsidethis range),sincemostof the
negotiationwill takeplacein this region. Thus,maximaldiscriminationshouldbebetweenadecision

10Theresultsshown arefirst caseapproximations,derivedfor singlecaseratherthanlong termexpectedperformanceof
thealgorithm.

11Generallyspeaking,thedifferencesin theseweightsareoneof thekey elementsthatprovide theopportunityfor joint
improvements,theotherbeingthedifferentshapesof thenegotiators’scoringfunctions(recall thediscussionof section2).
For example,anincreasein ¯±°,²´³/µ mayhave little effect in valuefor the ¯±¶¸·�ôfµ7° , but relatively morefor the ¹s¯�¯±¹,º�µ7º¼» .
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variable’s zx54v and z � � values(section3). For example,considera buyer of a goodwith a single
decisionvariablequantityof thegoodneededwhichhas . �n01�¨�90 2 minimalandmaximalvaluesrespec-
tively. Giventhis reservation,we want thecriteria function to returna full orderingof valueswithin
this interval andequivalentorderingsexterior to this interval. Weparameterisedthis reservationvalue
requirementby theindependentvariable½ . When ½ is low, thefunctionshouldbemaximallydiscrim-
inative for valueswithin thedecisionvariable’s reservation limits (mutatismutandiswhen ½ is high).
Secondly, we also want to experimentwith different discriminatorypowers within the reservation
range(to supportdifferentsimilarity measuresfor differentdecisionvariables).For example,for one
decisionvariableit maybedesirableto have maximaldiscriminationat thecenterof thereservation
values(e.g.within thesubrangesof . �Ãok����¿�2 for thequantityof theoverall . �n01�¨�90 2 reservationfor the
quantityexamplegivenabove),whereasfor anotherdecisionvariablemaximaldiscriminationmaybe
desiredat theextremesof thereservationvalues(e.g.within thesubrangesof . ��m+�¨�90 2 for thequantity
of theoverall . �n01�¨�90 2 reservationfor thequantityexamplegivenabove). Weparameterisethisrequire-
mentusingthevariable ¾ . When ¾ is high, morediscriminationis placedtowardsthemaximumof
thereservation values(mutatismutandiswhenit is low). Giventhis, the following functionsatisfies
thesetwo requirements:

�(��� � � �¿ � · � vÁÀ�Â � ¤ � W zx54v ¤� W zx54v �9ÃÃÃÃ � W zx5�vz � � W zx54v ÃÃÃÃ
Ä W ��År· � v¦� ¿ � �� W ½ ���sÆ ! ¿ �

In this case,in order to be reasonablydiscriminatory, ½ was fixed at 01^[� for all decisionvari-
ables.For all decisionvariables,we fixedthedifferent ¾ s to beequal, ¾ } ³ ' Ys�Â�Ç¾aÈV²�
¨± ' º �d�Ç¾ º '  ���¾ } � � 
¨± º ����� , to have linearcriteria functionsthathave equaldiscriminationpower acrossthedeci-
sionvariable’s reservation values.We choseto make ½ and ¾ constantto reducethenumberof free
variablesin theexperiments(normally they would besetto reflecttheagent’s knowledgeof a given
domain).

4.2 Single-Offer Experiments

In theseexperimentstheindependentvariableswere:i) thenumberof childrengeneratedateachstep
in hillclimbing to theiso-curve ( å in section3.2); ii) thenumberof stepstakento reachtheiso-curve
( � in section3.2); iii) the informationthat is availableto anagentregardingthe importancetheop-
ponentplaceson eachdecisionvariablein computingthe contract’s value(the weightsin equation
2); and(iv) the ���'��� v�µnv"· �Ð� andthe ��¶ � a1µ ¹9� � lastoffers ( > and K in equation4). Valuesfor thefirst
andsecondvariablescontroltheamountof searchperformedby thealgorithm.Experimentswererun
wherethenumberof childrenwasselectedfrom theset 6�_+���n0©01�¨�90©0 7 . Thenumberof stepsto theiso-
curvewasselectedfrom theset 6t�9��o�0 7 . Thespecificnumbersfor both å and � signify very little; the
importantthing is therelative relationshipbetweenthem. Thus,morecomputationis involved when
thealgorithmgenerates200 ratherthan5 childrenat eachiteration,or whenit takes40 stepsrather
than1 to reachthe iso-curve. For the third setof independentvariables,an agentcanhave perfect,
partial,imperfector uncertaininformationon how theotheragentweightsthedecisionvariablesthat
areinput into its similarity function. In experimentswith perfectinformation,thealgorithm,in com-
putingsimilarity, is giventheotheragent’s preciseweightsfor differentdecisionvariables(cardinally
correctinformation). Partial informationgamesarewherethe algorithmis given the correctorder
of importancebut not theactualdecisionvariableweights(ordinally correctinformation). Imperfect
gamesrepresentthesituationwheretheweightof eachdecisionvariableof theotheragentis selected
from anormaldistribution. Finally, uncertaininformationgamesrepresentcaseswherethealgorithm
is givenundifferentiatedweightsfor eachdecisionvariable(in thiscase. 01^`�©_+�<01^`�©_+�<01^`�©_+�<0k^`��_�2 ).
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Theexperimentalprocedureconsistedof inputting two contracts,representing> and K , into the
algorithmundereachof thedependentvariableenvironmentsandobservingtheexecutiontraceof the
algorithmfor anoffer from the ��¶ � akµ ¹ to the ���'����v�µ�v"· . All inputcontracts( > and K ) weresubjectto
thegeneralconstraintthat ~ } ±`
,���T³ ��K �rÉ ~ } ±`
,���T³ ��> � and ~ ° }<} ° � � � º ��> �ÊÉ ~ ° }<} ° � � � º ��K � . Thisensured
trade-offs arepossibleby ruling outall thosecontractsthatarealreadyof ahighervalueto eitherparty.
Thecontrolsetwasgeneratedby choosingthepreferredchild randomlyat eachstepapproachingthe
iso-curve (asopposedto usingthesimilarity criteria).

The hypothesesof theseexperimentsaregiven in termsof the input andoutputof the trade-off
algorithm. The input is the setof importanceweightsof the otheragent(perfect,partial, imperfect
andrandom)andtheoutputis acontractthathasthesamescoreto theplayer, but someotherscoreto
theopponent.Specifically, thehypothesesare:

Hypothesis1: Thegreatertheexploration of thespaceof possibledeals,thebetterthe
outputof thealgorithmfromtheperspectiveof thenegotiationopponent.

Hypothesis 2: The quality of the algorithm’s output (the score of the contract to the���'����v�µ�v"· ) is directlycorrelatedto thequality of informationinput—thebettertheinput
information,thebettertheoutcomequality.

Thesehypothesessimplystatetheintuition thatamorerefinedsearchof thepossiblespaceof contracts
shouldresultin selectingandofferinga contractthathasmorevalueto theotheragent.Furthermore,
this searchshouldbe directly affectedby the informationthe algorithmhasaboutthe otheragent’s
decisionvariableimportancerankings.

Figure 5 and the top row of figure 6 show the resultsof varying, underdifferent information
inputs,thenumberof childrengeneratedwhenthenumberof stepsto theiso-curve is setto o�0 . The
bottomrow of figure6 representsthecasewherethenumberof childrenis setto �n0©0 , but thetrade-off
algorithmcomputestheiso-contractin a singlestep.Thedot-dashline representstheexecutiontrace
of therandomcontrol,thesolid line emanatingfrom K thesimilarity basedtrade-off executiontrace,
andthe line joining �;01��� � to �8�9�<0 � the pareto-optimalline. The pareto-optimalline wascomputed
using the weightedmethod[41, 7]. The output of the algorithm, >ZË , is shown in figures5 and 6
(top row) as the endpoint of the executiontraceand for 6 (bottom row) as the explicitly marked
points(sincethereis no trace). For benchmarkingpurposes,the referencepoint (andnot the Nash
bargainingsolution for reasonsgiven in section2), is alsoplotted in all cases.Note however, that
the aim hereis simply to observe the amountof benefitthe otherparty gainsas a function of the
algorithm’s performanceunderdifferent contexts, ratherthan maximisationof any of the explicit
solutionconceptsintroducedin section2.

Threemajor patternsare observed that directly and indirectly supportour hypotheses.Direct
supportfor hypothesis1 is given by the observation that whenmoving to the iso-curve if thespace
of possiblecontractsis not exploredsufficiently—_ children(figure 5 top row) or � step(figure 6
bottomrow)—thenthe gainsof the �,�.��� v�µnv"· areat bestinsignificantandat worst negative. More
specifically, only whenthe ��¶ � a1µ ¹ hasperfectinformationaboutthe ���'��� v�µnv"· ’s evaluationsandthe
trade-off mechanismoperatesin 1 stepwith 100childrenwill themechanismimprove theoffer (from
the ���'����v�µ�v"· ’s perspective) (figure6 E). Thenext bestcontractfor the ���'��� v�µnv"· is whenit hasthe
samevalueas > (figure5 A). All othercontractsgeneratedby the ��¶ � akµ ¹ whenit doesnotexplorethe
searchspace(figures5 B,C,Dand6 F) have lower valueto the ���'����v�µ�v"· thantheoriginal offer.

However, the ���'��� v�µnv"· ’s benefitincreasesasthealgorithmperformsmoresearch(from _ to �90©0
childrenin 40 steps—figure5 top row [5 children],bottomrow [100 children],andfigure6 top row
[200 children]). Thus, generatingmore children doesindeedincreasethe utility of the opponent.
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Figure5: Datafor _ childrenin o�0 steps(first row) and �n0©0 childrenin o�0 steps(secondrow). A) & E)
perfectinformation,B) & F) imperfectinformation,C) & G) partial information,D) & H) uncertain
information.
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Figure6: Datafor �90©0 childrenin o�0 steps(first row) and �n0©0 childrenin � step(secondrow). A) &
E) perfectinformationB) & F) imperfectinformation,C) & G) partialinformation,D) & H) uncertain
information.
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However, thedatasuggeststhereis apointabovewhichgenerationof morechildrendoesnot increase
theutility of theopponent.This is observed in thelack of any significantdifferencebetweenperfect
andpartial informationoutcomeswithin eitherthe �n0©0 and �90©0 children(40 steps)resultcategories
(comparefigures5 E, F, G andH with 6 A, B, C andD). Furthermore,theexpectation,asstatedby
hypothesis2, thatthemoreaccuratetheinformationabouttheweightsof the ���'��� v�µnv"· are,thebetter
thecontractscorefor the ���'��� v�µnv"· , is supportedby theobservationthattheutility to the ���'��� v�µnv"· is
indeedincreasedwhenthealgorithmis increasinglysuppliedwith morecorrectinformationaboutthe���'��� v�µnv"· � � weights(seenasincreasingutility) from theincompleteto uncertaininformationclasses.
However, the hypothesisis rebutted for perfectand partial informationcases(comparefigure 5 E
with G or figure 6 A with C). This lack of significantdifferencesbetweencontractsselectedunder
perfectandpartial informationconditionsindicatesthat thealgorithmrequiresonly partial ordering
information,ratherthanperfectlycardinalorderings,in orderto computeoutcomesthatarebetterfor
the ���'����v�µ�v"· . This is becausetheabsolutedifferencesin magnitudebetweentheperfectandpartial
information classesare small, resultingin input variablesthat are not significantly different. The
chosenvaluefor thepartialweightestimationcannotbemadesignificantlydifferentfrom theperfect
weightestimationvaluesbecausetheactualvaluesof thepartialestimatesareconstrainedbothat the
upperandlower limits by theperfectanduncertainweightestimationvalues.

Positive supportabouttherelationshipbetweenthequalityof theinput andtheresultantoutputis
givenin thefinal observationthat,for all environmentsandvariablecombinations,imperfectinforma-
tion (figure5 B andF, andfigure6 B andF) resultsin significantlypooreroutcomesfor the ���'��� v�µ�v"·
thanall theotherinformationclasses.This is only to beexpectedsincethesearchis directedtowards
erroneousdirectionswhentheinformationsuppliedabouttheotheragentis incorrect.

Note,in nearlyall cases,thesimilarity basedtrade-off outperformsthepolicy of randomlyselect-
ing a child for thenext steptowardsthe iso-curve. However this patterndoesnot hold for thecases
of reachingthe iso-curve in onestepunderpartialanduncertaininformationenvironments(figure6
G andH). Givenanoffer is generatedin 1 step,this is dueto chance,ratherthanrandomnessbeing
a betterstrategy in this typeof environment(supportedby theconsistentlypoorperformanceof the
randomselectionstrategy in theexperimentswherethenumberof stepsto theiso-curve is setto 40,
figure5 C, D, G andH, and6 C andD).

In summary, theseresultsindicatethatunlessagentsknow, at leastpartially, the importancethe
otheragentattachesto a decisionvariable,thenthebestpolicy for computingtrade-offs is to assign
uncertainweightingsto all decisionvariables.Theseweightingscanthenbeupdatedby somelearning
rule towardspartial or perfectinformationmodels,sincea) informationmodelsareprivateandb)
erroneouspredictionscanresultin pooreroutcomes.Furthermore,engagingin trade-off negotiation,
particularlywith ahigh searchfactorby bothparties,resultsin higherjoint gains.

4.3 Meta Strategy Experiments

The aim of theseexperimentsis to empirically evaluatethe outcomeanddynamicsof negotiation
whenagentsuseeithera trade-off mechanismor a responsive mechanismor a combinationof the
two in the courseof negotiation (that is, a metastrategy of which mechanismto selectin order to
generatea seriesof counter-proposals).Thefirst offer of bothagentswasgeneratedusingresponsive
mechanisms,sincethetrade-off mechanismrequiresat leastoneoffer from theopponent.After that,
an agentis facedwith a choiceof which mechanismto select.Sincethe numberof metastrategies
is exponentialon thelengthof thenegotiation(thereareasmany astherearepotentialsequencesof
choosingbetweenresponsiveandtrade-off typesof counter-proposals), themetastrategiesconsidered
herewerelimited to theset 6 ¹ µ � ��� v � 5��+µ©� � z ��¹ ·3� � µ ¹ 5 � ¶T� ¹©� v@�t� z 7

. Responsive simply selectedthe

21



responsive mechanismfor generatinganoffer throughoutnegotiation.This wasincludedto compare
thetrade-off mechanismagainstanagentthatalwaysconcedesutility. A smartstrategy consistedof
deploying atrade-off mechanismuntil theagentobservedadeadlockin theaverageclosenessof offers
betweenbothagentsasmeasuredby thesimilarity function. That is, thedistancebetweentheoffers
wasnotreducing.Underthesecircumstances,thevalueof thepreviouslyofferedcontract,~�
t��> � , was
reducedby apredeterminedamount,here01^À0�_ , therebyloweringtheinputvalueof É into thetrade-off
mechanism.A serialstrategy involvesalternatingbetweenthetrade-off andresponsive mechanisms.
Finally, therandommetastrategy randomlyselectedbetweenthetwo mechanisms.Theparametersof
theresponsivemechanismweresetto produceconcessionarybehaviours,sincebeingresponsiveoften
involvesconcessionsin thelight of environmentalneeds(e.g. time, resourcesetc.). For thetrade-off
algorithm,the numberof childrenandnumberof stepsweresetto �n0©0 and o�0 respectively andthe
similarity weightsweresetat theuncertainsettingsof . 01^`�©_+�<01^`�©_+�<01^`�©_+�¨01^`�t_�2 . Both negotiatorswere
givenadeadlineof twentyoffers.

Theparticularhypotheseswesoughtto evaluatehereareasfollows:

Hypothesis3: Themore the spaceof possibledealsis explored jointly, the better the
joint outcome.

Hypothesis4: Higherjoint utilitiesareobtainedat theexpenseofgreatercommunication
betweentheagents.

Thesehypothesesessentiallystatetheexpectationthatasymmetricgameconsistingof apairof smart
meta-strategiesshouldselectfinal outcomesthathave a higherjoint valuethanothertypesof meta-
strategies. This is expectedbecausea smartmeta-strategy is essentiallya trade-off strategy thatonly
concedesa small amountwhena deadlockis detected.All otherexperimentalmeta-strategieshave
an elementof concessioninvolved in them(sincethe variablesof the responsive mechanismhave
beenchosento behave in a concessionaryfashion).Thusany meta-strategy thatselectsa responsive
mechanismin thecourseof negotiation(all pairsof meta-strategiesexcept[smart,smart]) shouldresult
in joint utility executiontracesthat “move” southwesterly, away from thepareto-optimalline. Fur-
thermore,meta-strategiesthatengagemorein searchfor higherjoint utilities andlesson concessions
shouldresultin highercommunicationloads. This latter expectationis basedon the intuition thata
responsive mechanismgeneratescontractsthatsuccessively approachthepointof crossover in offers
fasterthanthe trade-off mechanism.Henceit is to be expectedthat a meta-strategy that selectsthe
responsive mechanismshouldreachdealsquicker thanonethatis smart.

Figure7 presentsthedatafor themeta-strategy experimentsinvestigatingtheprocessof mecha-
nism selection. Individual offers betweenthe ��¶ � akµ ¹ andthe ���'��� v�µ�v"· aredepictedascirclesand
squaresrespectively. Thesequencesof offers arejoined by a solid line for the ��¶ � a1µ ¹ anda dotted
line for the ���'��� v�µ�v"· . Thefinal agreementis depictedastheoffer wherethecircle andsquaremeet.
Thecommunicationloadis simply theadditionof thenumbersof circlesandthesquares.

Theobservedrankorderingacrossmeta-strategy pairingsover thesummedjoint utility gainedfor
the final outcomedirectly supportshypothesis3. The highestjoint gain is achieved in negotiations
betweentwo � z ��¹ · meta-strategies. Furthermore,in this casethefinal outcomeis closestto theax-
iomaticreferenceoutcome(theparetopoint thatconnectsthereferenceoutcomewith utopia—section
2) thanany othermeta-strategy pairing,implying thatsuchapairingresultsin outcomesthataremost
beneficialto both parties. This resultsuggeststhat if agentsaremotivatedby maximisingthe joint
utility of the outcomethen rational agentshave an incentive to be symmetricallyimplemetingthe
trade-off algorithm. Theremainingsummedutility rankingsfor ��¶ � a1µ ¹ �<���'����v�µ�v"· pairingsof meta-
strategiesarethen[smart,serial],[serial,serial],[smart,random],[smart,responsive], [serial,responsive], [ran-
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Figure7: Dynamicsof negotiationprocessfor metastrategies: A) smartv. smart,B) smartv. serial,
C) smartv. randomD) smartv. responsive, E) serialv. serial,F) serialv. responsive, G) randomv.
random,H) randomv. responsive.

dom,responsive],[random,random]with respectivejoint gainsof Î±Ï¡Ð'Ñ�Ò�Î±Ï´Î�Ó[Ò�Î±Ï´Î�Ô.Õ[Ò�Î±Ï´Î.Î±Ò�Î±Ï�Ö�Ñ±Õ]Ò�Î¼Ï�Ö'Õ9ÒBÖ9Ï¡×¼× .
In general,thehigherjoint utilities occurwhenat leastoneof theagentsis Ø�ÙuÚ.Û±Ü . The Û¼Ú.Ý�Þ�ßQÙ meta
strategists,asexpected,performworst.

Hypothesis4 is supportedby the observation of the numberof messagesexchangedbetween
agentsusing different meta-strategies (recall that the communicationload is simply the addition
of the individual messagesexchangedin figure 7). As predicted,the observed patternis almost
the reversefor the joint value outcomesabove; with a [smart,smart]pairing incurring the high-
estcommunicationcost (reachinga dealafter 19 rounds( Ð±Ö was the deadline)),followed by [ran-
dom,random],[smart,responsive], [smart,random],[smart,serial](14 rounds),[serial,serial](13 rounds),and
[serial,responsive] (12 rounds). This observation supportsthe intuition that higher joint utilities are
gainedthroughgreatersearch,which, in turn, involvesmorecommunicationbetweentheagents.

5 RelatedWork

The problemof negotiation is extensive, at both the local and the social level, with subproblems
that occur not only during the negotiation period itself (the gamingproblem),but also at the pre
andpostnegotiationphases(theknowledgeandcommitmentproblemsrespectively). Consequently,
therehasbeena considerablebodyof work from differentfields,rangingfrom operationalresearch,
managementsciences,decisiontheory, gametheoryandto,morerecently, autonomouscomputational
systems.Negotiationin operationalresearchis viewedasanoptimizationproblemsolvedthroughthe
designof (mostly centralized)optimal solutionalgorithms[7, 17, 23, 55]. Thesealgorithms,based
onmathematicalprogrammingtechniques,areoftenoptimalbecause:a) thegeometryof thesolution
set is assumedto be describedby a closedandconvex set(thereforethereis a boundednumberof
solutionpoints),b) theobjective functionsof the individuals(the utility functions)areconcave and
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differentiableandc) someglobalinformation(suchastheutility gradientincreasevector[7]) is stored
or elicited by a centralizedmediatorthat actsto direct problemsolvers towardsthe pareto-optimal
line. However, althoughanalyticallyelegant,suchoptimality cannotbe guaranteedin decentralized
autonomousagentsystemsoperatingin openenvironmentswhereinformationis sparseandthereis a
lackof trust.

This algorithmic approachcontrastswith the cooperative (axiomatic)and non-cooperative ap-
proachesof gametheorythathave beenhighly influential in themechanismdesigntraditionof MAS
[23, 24, 43, 48, 59]. RosencheinandZlotkin usedcooperative gametheory to designnegotiation
mechanismsthat maximizethe socialwelfare function (the productof agentutilities, or the Nash
solution)for task,stateandworthorienteddomains[43]. Similarly, Sandholm,in additionto extend-
ing the ContractNet protocol [52] with decisiontheoreticmechanisms,developeda computational
modelof leveledcommitmentsandcoalitionformationbasedon principlesof cooperative gamethe-
ory. Ontheotherhand,Krausdevelopednegotiationmechanismsbasedonnon-cooperative (or strate-
gic) gametheoreticmodels(in particularthatof Rubinstein[45], whichhasbeenshown to implement
theNashbargainingsolutionundersomeconditions[46] andthusstrengtheningthesupportfor the
NashProgram[31]) thatmodelsthenegotiationprocessasabi-lateralbargaininggame,consistingof
analternatingandsequentialprotocolof offersandcounter-offers.

Our work alsoborrows from gametheory. In particular, we adoptthenomenclatureandconcepts
of gametheory(in termsof utility maximizingagentsandpareto-optimality)for developingandevalu-
atingournegotiationmechanism.However, despitethisinfluence,ournegotiationmechanismis based
on a differentsetof assumptions(see[8] for a critiqueof thevariousgametheoreticapproaches).In
general,althoughanalyticallywell formed[4], gametheory’s rationality assumption,sharedby the
majority of its computationalextensions—thati) beliefsarecommonknowledge(in its strongform
andprobabilistically inferred in its weaker form), and ii) individuals areoptimizersand computa-
tionally unbounded—isinappropriatefor opensystemproblems. Theseassumptionsarebasedon
an “ideal” world in which beliefsdeducedrationally from a commonprior canbe commonknowl-
edgeandcomputationis unbounded.However therealworld is not ideal. Thereareimperfectionsin
anagent’s knowledgeandoptimizationbehaviour is oftennot independentof actualcapabilitiesand
limits. In its strongestform, thecombinationof thetwo assumptionsimplies thatno computationis
requiredto find mutuallyacceptablesolutionswithin thefeasiblerange.This spaceof possibledeals
is assumedto be fully known by the agents,asare the potentialoutcomevalues. Agreementsare
thusinstantaneous.Inefficienciesonly arisewhenbeliefsareprobabilisticallyinferred,leadingto a
processof negotiation. Generally, the theoryis silentwith respectto theactualcomputationalratio-
nality of theagents[51]. However in therealworld, to know asolutionexistsis not to know whatthe
solutionis. Theperfectrationalityof all agents,althoughusefulin designing,predictingandproving
propertiesof a system,is thereforenot altogetherusefulin systemdesignsincephysicalmechanisms
do take time to processinformationandselectactions.Therefore,whatis requiredaredifferentagent
architecturesthatimplementdifferentsearchmechanisms,capableof heuristicallyexploringthesetof
possibleoutcomes,underboth limited informationandcomputationassumptions.In fact,heuristics
werealsoproposedby Nashasa methodof narrowing down thesetof possibleequilbriumstrategies
of anon-cooperative game[31]. In theenvironmentsin whichourmodeloperates,whereagentsmust
deliberateover an n-dimensionalspaceof deals,ratherthan simpler gamesof dividing the dollar,
solutionquality is basedon asatisficingratherthanoptimalcriteria.

Uncertaintyin negotiationwasalsoaddressedby usingdecisiontheoreticmodelsin thePersuader
system[54] wheremulti-attributeutility theorywascombinedwith case-basedreasoningin contexts
wheretheagenthadno previous casesto reasonwith. This dual approachis similar to our work in
thatagentsusebothutility andsimilarity for decisionmaking.However, weusesimilarity ratherthan
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utility to addresstheinherentuncertaintiesinvolvedand,aswehaveshown in section4.2,thisappears
to beabetterchoicein uncertainenvironments.

Theprocessof negotiationhasalsobeenmodeledasa distributedconstraintsatisfactionproblem
[1, 49, 63]. In thework of SathiandFox, agents’objectivesarerepresentedasconstraintstogether
with their associatedutilities. Strategies(e.g. composition,reconfigurationandrelaxationoperators)
are thenusedto modify theseconstraints,or the currentsolution,until a final solution is reached.
Therelaxationof constraintsis similar to our work on concessionmechanisms,andthemodification
of the currentsolution closely resemblesthe trade-off mechanismreportedhere. However, in our
work thereis only oneobjective, namelyreachinga contractwhich maximisesvalue.Therefore,our
approachis to develop reasoningmechanismsthatdeliberateover raw valuesratherthanobjectives.
Similarly, Yokooandcolleaguesformalizenegotiationasanextensionto theclassicsingleagentcon-
straintsatisfactionframework [61, 63], wherevariablesandconstraintsaredistributedamongmultiple
agents.Searchalgorithms(asynchronousbacktrackingandasynchronousweak-commitmentsearch)
are shown to solve this distributed problem. Both algorithmsare completeand the asynchronous
weak-commitmentis shown to be moreefficient. However, althoughconcernedwith the computa-
tional tractabilityof negotiation,theagents’searchproblemis simplifiedthroughresolutionoveronly
a singlevariableand the implicit assumptionthatagentscommunicateconstraintsandmodify their
local solutionscooperatively. Evenwhenmultiple variablesareconsidered[62], thesecondassump-
tion greatlyhelpsthesearchprocess.However, in opensystems,agentsaremotivatedto misrepresent
their trueconstraintsfor selfishreasons.Our trade-off algorithmimplementsadistributedmulti-issue
constraintmodificationstrategy thatrequiresno suchexplicit communicationof constraints.Further-
more,sincesimilarity heuristicscanleadto dealswith highersocialwelfarethenrationalagentsare
betteroff usingsucha decisionmechanism.In this modelthesimilarity heuristiccapturesthestrate-
gic elementof decisionmaking;moresuccessfuloutcomescanbe expectedfor thosedecisionsthat
increasethe similarity of two demands.Therefore,agentsarebetteroff in the horizonof the game
whenthey investtime andcomputationin maximisingthesimilarity metric.

Finally, althoughsimilarity is a basictool in at leastthreecognitive tasks(classification,case-
basedreasoning,and interpolation)it hasreceived comparatively little attentionin the context of
logical modelsof reasoning.It has,however, beenusedin work on psychologicalstudiesof human
behaviour [56], mathematicalwork on gradedextensionsof equivalencerelations[57, 65], andas
a modelof approximatereasoning[22, 60]. From the philosophicalperspective, Niiniluoto relates
similarity with the broaderareaof analogicalreasoning[34]. Finally, althoughsimilarity hasbeen
frequentlyusedto modelcase-basedreasoning,it hasneverbeenusedto modelnegotiationprocesses
betweenautonomousagents.

6 Conclusionsand Futur eWork

This paperpresenteda formal heuristicmodelanda particularlinearalgorithmfor performingtrade-
offs in automatednegotiations.Basedon our experienceswith a numberof real-world applications,
thealgorithmhadto bedesignedto work in adistributedsettingin whichtheagentshavelimited infor-
mationaboutthepreferencesof theirnegotiationopponent,limited computationalresourcesto devote
to thenegotiationprocess,andlimited opportunitiesfor repeatedencounters.For thesereasons,we
decidedthenotionof similarity shouldbethecornerstoneof our trade-off approachsincethisenables
theagentsto modelthedomainof thenegotiationdecisionvariablesratherthanthespecificsof their
negotiationopponent.Theparticulartechniquewe adoptedwasfuzzy similarity sincethisenablesus
to copewith the inherentuncertaintiesin the negotiationprocess.From this basis,we developeda
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novel hill-climbing algorithmfor performingtrade-offs in multi-dimensionalnegotiationsthatinvolve
bothqualitativeandquantitativedecisionvariables.Weanalysedthealgorithmtheoreticallyandfound
its averagecomplexity to belinearly proportionalto thenumberof negotiationdecisionvariablesun-
derconsideration.Moreover, our empiricalevaluationdemonstratedthealgorithm’s effectivenessin
generatingtrade-offs in a rangeof negotiationcontexts. Specificallyweshowedthatasouralgorithm
exploresmoreof thesetof possibleoutcomessoit producesagreementsthathave higherjoint gains.
This increasedsearchresultsin: (i) higherjoint outcomeson eachiterationof thealgorithm,acrossa
singlerun in a uniqueenvironmentor acrossmultiple environments;and(ii) highercommunication
costssincemoreproposalsareexchangedbeforeanagreementis reached.

For thefuture,therearefour broaddirectionsin which this researchcanbeextended.Firstly, we
would like to develop a moresophisticatedmeta-strategy controller. In particular, we would like to
developan intelligentcontrollerthatcanselectthenegotiationstrategy accordingto theagent’s pre-
vailing context andits negotiationobjectives.Suchameta-controllerwouldbeableto decidewhenit
is appropriateto engagein atrade-off negotiation,whenit is appropriateto disengagefrom atrade-off
negotiation,which of thenegotiationdecisionvariablesshouldbesubjectto trade-offs at thecurrent
time,andhow to setthevariousparametersof thetrade-off algorithmin orderto optimisetheagent’s
performance.Secondly, we would like to explore theopportunitiesfor anagentto learninformation
aboutits negotiationopponentsothattheagentscancometo higherquality agreementsin amoreef-
ficient manner. In particular, learninginformationabouttheopponent’s preferencesandtheir relative
weightingsis likely to leadto betteroutcomes.Thethird futuregoalof our researchis to evaluatethe
currentalgorithmandthe above proposedextensionsagainstothernegotiationalgorithms. Finally,
we aim to designandevaluateotheralgorithmsfor computingtrade-offs whenagent’s utility models
areassumedto be non-linear. Pareto-optimalityof distributedglobal optimisationalgorithms,such
astabu searchandsimulatedannealing,arecurrentlybeingevaluatedin thecontext of a distributed
optimisation/negotiation for complex non-lineargames[10].
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