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Abstract. We presenta simple model of distributed multi-agentmulti-issued
contractnegotiation for open systemswhere interactionsare competitive and
information is private andnot shared.We then investigatevia simulationstwo
differentapproximateoptimizationstrategiesandquantify the contribution and
costsof eachtowardsthe quality of the solutionsreached.To evaluatethe role
of knowledgethe obtainedresultsarecomparedto morecooperative strategies
whereagentssharemore information. Interestingsocialdilemmasemerge that
suggestthedesignof incentive mechanisms.

1 Introduction

Arguablyoneof themostsignificantcontributionsof AI to the theoryof computation
hasbeenmodelsof the relationshipbetweenknowledge,computationandthe quality
of solution(henceforthreferredto asthe K-C-Q relationship)[24,18]. In this article
computationisequivalentto theprocessof searchingaspaceof possibilities[21]. AI has
shown that thereexistsa hierarchyof tradeoffs betweenK, C andQ, with modelsthat
achieveperfectoptimalresultsbut at thecostof requiringomniscienceandunbounded
agents,to modelsthatsacrificeoptimality of Q for a morerealisticsetof requirements
overK andC [22]. Differentagentarchitecturesarethenentailedfrom differentK-C-Q
relationshiptheories.However, theriseof DistributedArtificial Intelligence(DAI), and
Multi-Agent Systems(MAS) in particular, hasgiven rise to the needfor new models
of this relationship,of not only the local K-C-Q relationshipfor the agentitself but
also the social K-C-Q relationship.In social systems,the underlyingrelationshipis
regulatedthroughtheprotocolof interaction.

Gametheoreticmodelshave emergedas the mostpopularcandidatesocialmod-
els in MAS [15,20,23]. However, in suchprescriptive modelsdesirablesolutionsare
achievedat thecostof make very restrictive assumptionsover bothK andC [4,10,6].
In thetypesof problemsthatinterestsusK andC arelimited becausenotonly doagents
haveanincompleteknowledgeof theirown utility functionsbut they alsohave,atbest,
imperfectandat worst no knowledgeof the others’utility functions.We saythat an
agent’s knowledgeof its own utility function is incompletewhenit cannot compare
theutility of a point in theutility landscapewith all theotherpointsandsearchingthis
landscapeexhaustively is computationallyprohibitive.Additionally, agentsrarelyhave



full knowledgeof others’utility landscape.Thebestanagentcando is to reasonwith
imperfectknowledgeby forming approximationsof others’utilities (andlatercorrect-
ing for imperfectionsusingsomeupdaterule suchasBayesianrule [19]). In theworst
case,agentshave no knowledgeof the othersutility landscape.In eithercase,lack of
perfectknowledgeresultsin a processof negotiationthat requiresagentsto searchfor
mutually acceptablesolutions.Thereforethe problemis how to designsearchalgo-
rithms thatarenot computationallyprohibitive but alsoresult in goodsolutionsgiven
limited knowledge.

Descriptive (or evolutive) modelsof evolutionarygametheoryareemerging asal-
ternativesthat make fewer restrictive assumptionsaswell asproviding modelsof the
dynamicsof interactions[25,1,4]. In thesemodelsthe individual is merelya strategy
which is subjectedto survival criteriain a populationof otherstrategies.Theproblems
associatedwith theprescriptivemodelsareeliminatedby replacingtheagentswith sim-
ple stimulus-responsemachines.Underthis methodologycoordinationemerges from
interactionsbetweensimpleagents.In thispaperweadoptasimilarmethodologyasthe
evolutiveapproachto addressthecomputationandknowledgecomplexitiesinvolvedin
theproblemof largescaleandinterdependentmulti-issuedcontractnegotiationbetween
autonomousagentsin anopensystem.In particular, we show thatdistributeddecision
makingusingtwo simpleapproximationmethods(the hillclimbing andthe simulated
annealing)can result in interestingsocial and local dynamicswhen the knowledge,
computationandthequalityof thesolutionis regulatedby a votingprotocol.

Section2 is a brief introductionandoverview of thecontractnegotiationproblem
andits features.Wethendescribeamediatednegotiationprotocolin section3 followed
by amodelof theproblemobjectivefunctionin section4.Sections5 and6 thenpresents
a pair of simpleselfish(local andhenceknowledgepoor)andcooperative (globaland
henceknowledgericher)evaluationstrategiesrespectively. In thepenultimatesection7
we presentsthesimulationresults.Finally, section8 identifiestheweaknessesandthe
futuredirectionsof research.

2 The Contracting Problem

Theparticularcomplexity of interestfor usis theknowledgeandcomputationinvolved
in opensystemmulti-partycontractnegotiationovermultipleclauses(wereferto acon-
tract clauseasan issue).In particular, we areinterestedin designof distributedagent
decisionalgorithmsthatselecta negotiatedoutcomethatareboth individually andso-
cially goodgiventhat the agentsareboundedin bothknowledgeandcomputation.In
multi-issuenegotiationcomputationis oftenboundedbecauseof scaleandissuedepen-
dencies. Scaleis aproblembecauseevenarelatively simplecontractcaneasilyinvolve���	�

issues.Evenwith only two alternativesfor eachissue,thesizeof thesearchspace
is roughly

�
�	��
possiblecontracts,too largeto beexploredexhaustively. This implies

that agentswill not know which contractsarebestfor thema priori. Thereforethey
have to searchthecontractdesignspace.Theproblemof issuedependency occursfor
thefollowing reason.If theissuesbeingnegotiatedoverareassumedto beindependent
(i.e. theutility to anagentof a givenissuechoiceis independentof whatselectionsare
madefor otherissues),thentheutility functionthataggregatestheindividualutilities is



a linearone(oftenadditive).This assumptionsignificantlysimplifiestheagents’local
decisionproblemof whatissuevaluesto proposein orderto increasetheir own utility:
they simply needto ”hillclimb” in a straightline up theutility slope.Almost all work
to dateoncomputationalnegotiationalgorithmshasin factfocusedon theindependent
issuecase[11,9]. Realworld contracts,however, arehighly inter-dependent.For exam-
ple,in asupplychaintheoutputof onesub-stepin aprocesswill oftenhaveto matchthe
input of thenext sub-step,sotheutility of onechoiceis highly dependenton theother
choice.Whenissueinterdependenciesexist, theutility functionfor theagentsexhibits
multiple local optima,andtheprocessof findinga satisfactorycontractbecomesmuch
morecomplicatedbecauseit will often make senseduring the searchprocessto con-
sidercontractswith low utility while moving towardscontractswith potentiallymuch
higherutilities.

Additionally, in opensystemsknowledgeis scarcebecauseof informationexchange
constraints.MAS negotiationapproachesdonotassumethatagentswill becooperative
andmake choicesbasedon their impacton global utility, but ratherthat they will be
purelyself-interested[8]. Thismakesnegotiationwell-suitedto opensystemswherethe
participantscanbediverseandwecannotassumethatall of themwill becooperativeor
evenbenevolent[10]. Becauseof thecompetitivenatureof negotiation,however, agents
will typically wish to revealaslittle informationaspossibleaboutthemselvesto other
agents.Therefore,computationis knowledgepoor.

Another consequenceof the opensystemassumptionunderlyingnegotiation ap-
proachesis that,sincewe cannot assumethatagentswill bealtruistic,we mustdesign
negotiationprotocolssuchthat the individually mostbeneficialnegotiationstrategies
alsoproducethegreatestsocialwelfare(i.e. thegreatestaggregateutility summedover
all agents)[20,23]. In other words,we want the socially most beneficialstrategy to
alsobetheindividually dominantonesothatmostagentswill tendto useit. Therehas
beensignificantsuccessachieving thesepropertyin theindependentissuecase,but the
specificationof dominantstrategiesbecomesmorecomplicated,asweshallsee,for the
interdependentissuecase.

Thechallengethereforeis to definecontractnegotiationalgorithmsthataresuited
to largedesignspaceswith interdependentissuesbut aresensitiveto theinformationex-
changeconstraintsandstrategy dominanceconcernsimportantin opensystemcontexts.
Approximationtechniquesto suchhardproblemshave beensuccessfulin the pastfor
othersuchhardproblemssuchasmachinevision [3]. We presentagentstrategiesasan
approximateoptimizationalgorithmsin sections5 and6 afteran informal description
of theprotocolof negotiationbelow.

3 The Negotiation Protocol

A contract� , is an � dimensionalbooleanvectorwhere��������� �	������� , representsthe
presenceor absenceof a “contractclause”� . In thesimulationsthesizeof thevector �
wassetto

�
�	�
bits,correspondingto aspaceof �! �� , or roughly

��� �"�
possiblecontracts.

The contractsearchpolicy is encodedin the negotiationprotocol.Becausegener-
atingcontractproposalslocally is bothknowledgeandcomputationallyexpensive(see
[11] for anapproachto thisproblem)weadoptanindirectinteractionprotocolbetween



two agentsby delegatingthecontractgenerationprocessto acentralizedmediator[12].
Themediatorproposesacontract��# at time $ . Eachagentthenvotesto acceptor reject� # . If bothvote to accept,the mediatoriteratively mutatesthe contract � # andgener-
ates�%#'&  . If oneor bothagentsvote to reject,a mutationof themostrecentmutually
acceptablecontractis proposedinstead.The processis continueduntil the utility val-
uesfor bothagentsbecomestable(i.e. until noneof thenewly contractproposalsoffer
any improvementin utility valuesfor eitheragent).In this manner, searchof the joint
andlocal utility landscapesof theagentsis iteratively carriedout by themediatorwho
incrementallymodifiesa randomlyselected“contractclause”from apresentstate(

���
)

to aabsentstate( � � ) or viceversa.Agentsthendecidewhetherto acceptor rejectthis
new single“step” in their local utility landscape.Note that this approachcanstraight-
forwardlybeextendedto a � party(i.e.multi-lateral)negotiation.

4 The Objective Functions

At the endof eachmodificationagentsmustvote to eitheracceptor rejecta contract.
This decisionis basedon the utility of a contract.The utility is definedasthe linear
combinationof all thepairwiseinfluencesbetweenissues.Thatis:(*),+ �.- /10 �2/
���3�4/ 5 0 �2/ ) 0 /� � 0 �6� ) ��7

(1)

where ( is thelocal contractutility of anagent,and 0 �2/8�:9;� �	�<���>= is theutility influ-
encematrixbetweenissues� and? , whichrepresentstheutility incrementor decrement
causedby thepresenceof a givenpair of issues.We assumethat this pairwiseeffect is
symmetricandnot definedfor � ) ? , asshown in parentheses.Eachnegotiationagent
hasalocalandprivate 0 �2/ matrixwhichis differentto thatof all otheragents.Wedonot
includethe incrementor decrementby thepresenceof a particularclauseitself, since
they arelineartermsthatdonotaffect thenon-linearityof theutility spacethatis of our
main interest.Also notethat interactionsamongthreeor moreclausesareomittedfor
simplicity, sincethesearchis alreadycomplex enoughfor problemsinvolving hundreds
of pairwiserelations.Thekey issuewe want to modelis theconflictsbetweenagents,
and they areguaranteedin this simplemodelwhen the objective function is defined
with differentdistributionsof 0 �@/ for differentagents.

Given the utility of a contractagentsmust then decidein a distributed manner
whetherto acceptor rejectacontract�%# at time $ . To examinetheroleof knowledge(or
willingnessto shareinformation)on thequalityof solutionin thismodelof negotiation
wedistinguishtwo typesof evaluationstrategies,localandglobal.Thesestrategies,de-
scribedin moredetailin sections5 and6 respectively, havecounterpartsin gametheory
[13].

5 Local Agent Strategies

In a local evaluationstrategy agentsdo not shareany information and evaluatethe
generatedcontract� in a distributedor local fashion.Thus,what is beingoptimizedis



theindividualutility of theagent( givenin equation1. Specifically, agents’decisionto
acceptor rejecta contract�%# is a functionof themagnitudeof thedifferencebetween� # and � #BA  definedas C (ED 5F� # � � #BA  7 )G(HD 5F� # 7 � (ED 53� #BA  7 , for agentI at time $ .

Two computationallyinexpensivedecisionalgorithmswereevaluated:ahillclimber
andasimulatedannealer. A hillclimber decisionrule is definedas:J D 5F� # 7 )LK � if C ( D 53�%# � �%#BA  7NMO�QP �� R $"SUT
VXWY�[Z
T (2)

whereJ D 53�%# 7 is theprobability that theagentI will acceptthegivencontract�%# gen-
eratedfrom the previous contract �%#BA  . Therefore,a hillclimbing searchevaluation
function only acceptsa contractif andonly if the utility of the contract � increases
monotonicallywhenan issueis changed.

However, theformulationof theobjectivefunctiongivenby equation1 hasmultiple
optima.Therefore,this steepestascendalgorithmis known to beincapableof escaping
localmaximaof theutility function.Searchsuccesscanbeimprovedby addingthermal
noiseto thisdecisionrule [14]. Theconcreteprobabilisticruleusedto simulatethermal
noiseis:

J D 53� # 7 )\K � if C ( D 5F�%# � ��#BA  7NMO�QP �
T^]%_^`
a6b�c - b!c.d�egfFhi R $"SUT
VXWY�[Z
T (3)

where J D 5F�%# 7 is the probability that the agent I will acceptthe given contract �%# at
temperaturej . Thepolicy of decreasingj with timeis calledsimulatedannealing[14].
Thesuccessof therule is basedon its eliminationof barriersbetweenlocal minimaby
giving a small chanceto large utility configurations.This decisionrule is known to
reachutility equilibriumstateswheneachissueis changedwith afinite probabilityand
timedelaysarenegligible [14].

Like evolutivemodelsthesedecisionrulescompletelyspecifytheagents.We cate-
gorizetheserulesin to selfishstrategies(equation2) accepting��# if f ( 53�%# 7kM ( 5F��#BA  7 ,
or cooperative (equation3) by acceptinga contract �%# when ( 5F��# 7*l ( 5F��#BA  7 with
a certainprobability determinedby the thermalnoise.Note, that if we defineaccept
andrejectastheonly pure strategies,thenboththehillclimbing andsimulatedanneal-
ing profilesareequivalentto implementinga mixedstrategy of acceptand reject,one
deterministically(hillclimber) andthe otheraccordingto a probability determinedby
thethermalnoise[13]. Furthermore,althoughnot explicitly modeledthethermalnoise
variablecanbe interpretedasencodingin to the behaviour of agentits willingnessto
take risks in returnfor future possiblegains.The higher j the morerisk loving and,
conversely, thelower j themorerisk aversetheagent.

6 Coalition Strategies

In theabovesectionagents’evaluationof �%# is distributedandlocal.Globalevaluation
strategieswerealsoconsideredto assesstheroleof knowledgeonthequalityof compu-
tationandcomparetheresultsobtainedfrom distributedv.scentralizeddecisionmaking
(thelatterapproachis themostpopularwith OR algorithms).We call this globaleval-
uationa coalitionstrategy becauseagentshave agreedprior to the gameto a strategy



of sharingtheir local utility for a contractandoptimizingsomesocialwelfarefunction
(simply definedasthesumof thelocal utilities) duringthegame.1 This formulationis
equivalentto agreementsmadebeforeagameonapairof strategiesthatmaximizesthe
joint socialwelfarefor two playergamesin cooperativegametheory[16]. Localstrate-
giesareequivalentto non-cooperativegameswherethereis no pre-negotiationagree-
mentsbeforetheensuinggame[17]. Notethatwhereastherearea total of �	m possible
pairsof combinationof hillclimbing simulatedannealingstrategiesfor � agents,in co-
operative evaluationsthereareonly two strategiesavailable,hillclimbing or simulated
annealing.As will beshown quantitatively latera coalitionremovesthegamingpartof
theinteraction.

7 Simulations: Procedures and Results

Simulationswererunwith two agentsreferredto as n and o . Thecontractlength � was
setto

�
�	�
whereeachbit wasinitialized to a value �!� �	������� randomlywith a uniform

distribution. Theutility influencematrices0 D�@/ for agentI wasalsorandomlyselected
to bein theinterval 9p� �!�<���>= with a uniform distribution.Differentinfluencesmatrices
wereusedfor eachsimulationrun, in orderto ensureour resultswerenot idiosyncratic
to aparticularrun.Theinitial temperaturewassetto

���
anddecreasedin stepsof

�QP6�
to�

. Final averageutilities werecollectedfor
�
�	�

runsfor eachtemperaturedecrement.
Sincetherewereonly two agentsthesimulationpairingof local strategiesmakingup
the encountersin negotiationwere: 1) a pair of local hillclimbers, 2) a pair of local
simulatedannealersand3) onelocal simulatedannealerandonelocal hillclimber (the
assymetriccase).

Figure1 shows the resultsof the socialwelfare for differentpairingsof both lo-
cal and coalition strategies.Relatively bestresultswere observed when agentswere
cooperative andagreedon a joint annealingstrategy to optimize the sumof their lo-
cal utilities (filled circle) ratherthanoptimizeonly their local utilities (all unfilled data
points).Howeverthefinal benefitsof acoalitionwaslowerwhentheoptimizationstrat-
egy washillclimbing (filled trianglesup) thana pair of local annealingstrategies(un-
filled circles),even thoughinitially hillclimbing cooperatively over the joint utilities
leadsto betterresultsquicker. Theseobservations,andin generalcomparisonsof the
annealersandhillclimbers independentlyof the level of cooperation,suggeststhenat-
ural C-Q tradeoff betweensearchtime andsolutionquality, whereinitially searching
more(annealersat high temperatures),althoughcostly, will in the long term result in
bettersolutionquality. This is confirmedby theobservationthatthepresenceof a local
annealeragentsalwaysincreasesthefinal socialwelfare.Thesocialwelfarefor thetwo
local annealercase(unfilled circle in figure 1) wasroughly q ��r greaterthanthat of
thetwo localhill-climber case(unfilled triangleup in figure1), andtheassymetriccase
(unfilleddiamondin figure1) producedasmallerbut still significant

�
s�r
improvement

1 Note,thissocialwelfareformulationis thepareto-optimalconceptof efficiency [7]. However,
unlikeNashbargainingsolution[16] pareto-optimality, althoughefficient,doesnot imply fair-
ness.Althoughwe have someresultson this issuewe do not addresstheproblemof fairness
in thecoalitionin this paper.



over the local hill-climbers. The resultsalso show that both local andcoalition hill-
climbersreachequilibriumsoonerthantheannealers.Local hill climbersfor example
typically reachedstability after roughly 100 proposalexchanges,while the annealers
approachedequilibriumvaluesafterroughly800proposalexchanges.This is to beex-
pectedsincethecombinationof hillclimbing searchto eithertheglobalor localwelfare
is thresholdedbecausehill climberssimply climb to the top of the closestutility op-
timum from the startingpositionand thenstop,while annealerscan,whenat a high
temperatureat least,exploredifferentmultipleoptimain theutility function.Onemight
argue that the gain in utility achieved by usingannealerswas relatively unimportant
giventhetime takento achieve theseresults.However, thecomplexity of computation
usedto producethe observedquality of resultsis insignificantgiventhe simplicity of
thesimulatedannealers.This is demonstratedby noting the run timeswereon theor-
derof seconds.Furthermore,althoughcoalitionhillclimbersweredominatedby local
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Fig. 1. SocialPayoffs for bothlocalandcoalitionstrategies

annealerson thelong term,thedominanceof bothcoalitionannealingandhillclimbing
strategiesover local strategies,shows thatsharinginformationis generallybetterthan
not,therebyquantitativelyconfirmingtheK-Q relationshipthatmoreknowledgeresults
in bettersolutionquality. This relationshipcanbeseenby comparingthesocialwelfare
obtainedwhenagentsmake decisionsin a coalition (filled datapoints)with decisions
madelocally (unfilleddatapoints).

Individual payoffs werethenexaminedto investigatethe relationshipof C-Q with
local utility metric of Q. Figure2 shows the observed individual payoffs for different
pairsof localstrategies.Oneobservationis thatif theotheragentis a localhill-climber,
an agentis thenindividually betteroff beinga local hill-climber, but faresvery badly
aslocal annealer. If theotheragentis anannealer, the agentfareswell asan annealer
but doesevenbetterasa hillclimber. Thehighestsocialwelfare,however, is achieved
whenbothagentsareannealers.This patterncanbereadilyunderstoodasfollows.At
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highvirtual temperatureanannealerin theassymetriccaseacceptsalmostall proposed
contractsindependentlyof thecost-benefitmargins.Theasymmetrymeansthattheco-
operationof annealerspermitsmoreexploration,andhencearrival to higheroptima,
of hillclimber’sutility landscape.However, this cooperationis not reciprocatedby hill-
climberswho actselfishly. Therefore,gainsof hillclimbersareachievedat thecostof
the annealer. Finally, the local benefitsof coalition strategiescloselyreflect the same
rank orderingsasthe socialbenefitresultsshown in figure 1. Figure3 representsthe

Agent z AnnealerAgent z Hillclimber

Agent { Annealer 550/550 180/700
Agent { Hillclimber 700/180 400/400

Fig. 3. Payoff Matrix of theGame

underlyinggameasamatrixof final observedutilities for all thepairingsof hillclimber
andannealerstrategies.The resultsconfirm that this gameis an instanceof the pris-
oner’s dilemmagame[2], wherefor eachagentthedominantstrategy is hillclimbing.
Therefore,theuniquedominatingstrategy is for bothagentsto hillclimb. However, this
uniquedominatingstrategy is pareto-optimallydominatedwhenbothareannealers.In
otherwords,thesingleNashequilibriaof thisgame(two hillclimbers)is theonly solu-
tion not in theParetoset.2

Onepossiblesolutionto this problemis to annealor hillclimb not over theindivid-
ual utilities (thedistributedcase)but insteadover the joint utilities (thecoalitioncase,

2 Note,for von NeumannandMorgernsternutility functions,thesameunderlyinggamestruc-
tureis achievedthroughany affine transformationsof theutility values.



figure 2). Thenan institution or somecentralizedtrustedthird party eliminatesgam-
ing betweentheagentsaltogetherby centrallyexecutinga commonlyknown strategy,
andsearchingthroughthesetof possiblecontractsgivenagentslocal utility functions.
However, truthful revelationof utility functionsis a strongassumptionandproblem-
atic andrequiresthe designof additionalmechanismsthat implementthe Revelation
Principlewhereagentsareincentedto truthfully reveal their trueutility functions[5].
Alternatively, agentsmaybepermittedto evolve towardsthesociallydominantstrate-
giesof theunderlyinggameincrementally[25]. In thecontext herethis meansthatthe
designprocessof negotiatingmachineswill eventuallyleadto designof machinesthat
implementthesimulatedannealingstrategy.

8 Conclusions and Future Work

The main contribution of this work hasbeento demonstratehow simple descriptive
modelsof interactionscanaccountfor thedynamicsof negotiationandleadto theemer-
genceof interestingsocialoutcomes.Two simpleandstrategic agentevaluationalgo-
rithms(hillclimbing andsimulatedannealing)werepresented,regulatedby a mediated
votingprotocol,for solvingcomplex andlargescaledproblemof multi andinterdepen-
dentissuedcontractnegotiation.Wehaveshown thatthereexistsatradeoff betweenthe
quality of solutionreachedandthe computationsinvolvedwith hillclimbing andsim-
ulatedannealingalgorithms.More searchled to bettercontractswhenannealingover
eitherthe individual or the joint utility landscape.Conversely, lesssearchleadsto rel-
atively poorercontractswhenhillclimbing overeithertheindividual or thejoint utility
landscapebut ata relatively lowercosts.Wehavealsoshown thebenefitsgainedonthe
quality of solutionin cooperative negotiationswheremoreknowledgeis shared.Fur-
thermore,we have demonstratedhow local decisionmakingcanleadto theprisoner’s
dilemmagames,a problemthat is relevant to any distributedsynthesistaskinvolving
negotiation(not justcontractformation).

Thereareanumberof futuredirections.Work is in progressto benchmarkthecom-
putationalcomplexity of thedevelopedalgorithmsagainstcentralisedalgorithmsfrom
OperationResearchandevaluatingtheir optimality againstsolutionconceptssuchas
the NashbargainingSolutionandPareto-Optimality. Additionally, work is underway
to develop a bettercausalmodelof the parameters(suchasthe startingtemperature,
the numberof issues,the cooling regime, etc.) that regulatethe K-C-Q relationship
whichcanthensupportdecisionmakingoverparametervalues.Other, moreintelligent,
combinatorialoptimizationtechniquesarealsobeingevaluatedthatbetterimplementa
contractgenerationpolicy. Finally, in thelongertermwe aim to developandcompara-
tively analyzeadditionalagentstrategiessuchasreciprocation,learningandevolution-
ary rulesthatexecutein distributedor centralizedrepeatedinteractionprotocols.
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