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Abstract. We presenta simple model of distributed multi-agentmulti-issued
contractnegotiation for open systemswhere interactionsare competitve and
informationis private and not shared We theninvestigatevia simulationstwo

differentapproximateoptimizationstratgjies and quantify the contrikution and
costsof eachtowardsthe quality of the solutionsreachedTo evaluatethe role

of knawledgethe obtainedresultsare comparedo more cooperatie stratgies
whereagentssharemore information. Interestingsocial dilemmasemenge that
suggesthe designof incentive mechanisms.

1 Introduction

Arguablyone of the mostsignificantcontributionsof Al to the theoryof computation
hasbeenmodelsof the relationshipbetweerknowledge,computationandthe quality
of solution (henceforthreferredto asthe K-C-Q relationship)[24,18]. In this article
computations equivalentto theproces®f searchingaspaceof possibilitieg21]. Al has
shavn thatthereexists a hierarchyof tradeofs betweerk, C andQ, with modelsthat
achieve perfectoptimalresultsbut at the costof requiringomniscienceandunbounded
agentsto modelsthatsacrificeoptimality of Q for amorerealisticsetof requirements
overK andC [22]. Differentagentarchitecturesrethenentailedfrom differentk-C-Q
relationshiptheoriesHowever, therise of DistributedAtrtificial Intelligence(DAI), and
Multi-Agent SystemgMAS) in particular hasgivenrise 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 systemsthe underlyingrelationshipis
regulatedthroughthe protocolof interaction.

Gametheoreticmodelshave emeged as the most popularcandidatesocial mod-
elsin MAS [15,20,23]. However, in suchprescriptve modelsdesirablesolutionsare
achieved at the costof make very restrictve assumptionsver bothK andC [4, 10,6].
In thetypesof problemshatinterestaisK andC arelimited becaus@otonly doagents
have anincompleteknowledgeof their own utility functionsbut they alsohave, atbest,
imperfectand at worst no knowledgeof the others’ utility functions.We saythatan
agents knowledgeof its own utility function is incompletewhenit cannot compare
theutility of apointin the utility landscapevith all the otherpointsandsearchinghis
landscapexhaustiely is computationallyprohibitive. Additionally, agentgarely have



full knowledgeof others’utility landscapeThe bestanagentcando is to reasonwith
imperfectknowledgeby forming approximationf others’ utilities (andlater correct-
ing for imperfectionsusingsomeupdaterule suchasBayesiarrule [19]). In theworst
case,agentshave no knowledgeof the othersutility landscapeln eithercase Jack of
perfectknowledgeresultsin a procesof negotiationthatrequiresagentso searchor
mutually acceptablesolutions. Thereforethe problemis how to designsearchalgo-
rithmsthat are not computationallyprohibitive but alsoresultin good solutionsgiven
limited knowledge.

Descriptie (or evolutive) modelsof evolutionarygametheoryareemenging asal-
ternatvesthat malke fewer restrictve assumptionsswell as providing modelsof the
dynamicsof interactiong25,1,4]. In thesemodelsthe individual is merelya stratgy
whichis subjectedo survival criteriain a populationof otherstratgies.The problems
associateavith theprescriptve modelsareeliminatedby replacingtheagentswith sim-
ple stimulus-responsmachinesUnderthis methodologycoordinationemeges from
interactiondetweersimpleagentsin this papemwe adoptasimilar methodologyasthe
evolutive approachio addresshe computatiorandknowledgecompleitiesinvolvedin
theproblemof largescaleandinterdependentulti-issuedcontracinegotiationbetween
autonomousgentsn anopensystem.ln particular we show thatdistributeddecision
making usingtwo simple approximationmethods(the hillclimbing andthe simulated
annealing)canresultin interestingsocial and local dynamicswhen the knowledge,
computatiorandthe quality of the solutionis regulatedby a voting protocol.

Section2 is a brief introductionand overview of the contractnegotiationproblem
andits featuresWe thendescribea mediatecdhegotiationprotocolin section3 followed
by amodelof the problemobjectivefunctionin sectiord. Sections$ and6 thenpresents
a pair of simpleselfish(local andhenceknowledgepoor) andcooperatie (globaland
henceknowledgericher)evaluationstrategjiesrespectiely. In the penultimatesection7
we presentghe simulationresults.Finally, section8 identifiesthe weaknesseandthe
futuredirectionsof research.

2 TheContracting Problem

Theparticularcompleity of interestfor usis theknowledgeandcomputatiorinvolved
in opensystenmulti-party contractnegotiationover multiple clausegwe referto acon-
tractclauseasanissue).ln particular we areinterestedn designof distributedagent
decisionalgorithmsthat selecta negotiatedoutcomethat are both individually andso-
cially goodgiventhatthe agentsareboundedn both knowledgeand computationin
multi-issuenegotiationcomputatioris oftenboundedecaus®f scaleandissuedepen-
denciesScaleis a problembecaus@venarelatively simplecontractcaneasilyinvolve
100 issuesEvenwith only two alternatvesfor eachissue the sizeof the searchspace
is roughly 103° possiblecontractstoo largeto be exploredexhaustiely. This implies
that agentswill not know which contractsare bestfor thema priori. Thereforethey
have to searchthe contractdesignspace.The problemof issuedependeng occursfor
thefollowing reasonlf theissuesheingnegotiatedoverareassumedo beindependent
(i.e.theutility to anagentof agivenissuechoiceis independenof whatselectionsare
madefor otherissues)thentheutility functionthataggreyatesheindividual utilities is



alinear one (often additive). This assumptiorsignificantly simplifiesthe agents’local
decisionproblemof whatissuevaluesto proposein orderto increaseheir own utility:
they simply needto "hillclimb” in a straightline up the utility slope.Almostall work
to dateon computationahegotiationalgorithmshasin factfocusedontheindependent
issuecasg11,9]. Realworld contractshowever, arehighly inter-dependent-or exam-
ple,in asupplychaintheoutputof onesub-stepn aproceswill oftenhaveto matchthe
input of the next sub-stepsothe utility of onechoiceis highly dependenbn the other
choice.Whenissueinterdependencieaxist, the utility functionfor the agentsexhibits
multiple local optima,andthe procesof finding a satisctorycontractboecomesnuch
more complicatedbecauset will often make senseduring the searchprocesso con-
sidercontractswith low utility while moving towardscontractswith potentiallymuch
higherutilities.

Additionally, in opensystem&nowledgeis scarcebecausef informationexchange
constraintsMAS negotiationapproachedo notassumehatagentswill becooperatie
and make choicesbasedon their impacton global utility, but ratherthatthey will be
purelyself-interestedi8]. This makesnegotiationwell-suitedto opensystemsvherethe
participantcanbediverseandwe cannotassumehatall of themwill becooperatieor
evenbeneolent[10]. Becausef thecompetitve natureof negotiation,however, agents
will typically wish to revealaslittle informationaspossibleaboutthemselesto other
agentsTherefore computationis knowledgepoor.

Another consequencef the opensystemassumptiorunderlying negotiation ap-
proachess that, sincewe cannot assumehatagentswill bealtruistic,we mustdesign
negotiation protocolssuchthat the individually mostbeneficialnegotiation strateies
alsoproducethegreatestsocialwelfare(i.e. thegreatesaggreyateutility summecdover
all agents)[20,23]. In otherwords, we want the socially most beneficialstratey to
alsobetheindividually dominantonesothatmostagentswill tendto useit. Therehas
beensignificantsuccesschieving thesepropertyin theindependenissuecase put the
specificatiorof dominantstratgiesbecomesnorecomplicatedaswe shallsee for the
interdependerissuecase.

The challengethereforeis to definecontractnegotiationalgorithmsthat are suited
to largedesignspacesvith interdependenssuedut aresensitve to theinformationex-
changeconstraintaindstratgly dominanceoncerngmportantin opensystencontets.
Approximationtechniquego suchhard problemshave beensuccessfuin the pastfor
othersuchhardproblemssuchasmachinevision [3]. We presentagentstratgiesasan
approximateoptimizationalgorithmsin sectionss and6 afteraninformal description
of the protocolof negotiationbelow.

3 TheNegotiation Protocol

A contractS, isan N dimensionaboolearvectorwhereS; € {—1, +1}, representthe
presencer absencef a “contractclause”i. In the simulationgthe sizeof the vectorS
wassetto 100 bits, correspondingo aspaceof 2199, orroughly10%° possiblecontracts.
The contractsearchpolicy is encodedn the negotiationprotocol. Becausegener
ating contractproposaldocally is bothknowledgeandcomputationallyexpensve (see
[11] for anapproactio this problem)we adoptanindirectinteractionprotocolbetween



two agentshy delegatingthe contractgeneratiorprocesgo acentralizednediatof12].

Themediatorproposes contractS? attime t. Eachagentthenvotesto accepir reject
St. If bothvote to acceptthe mediatoriteratively mutatesthe contractS? andgener

atesS**1. If oneor bothagentsvote to reject,a mutationof the mostrecentmutually
acceptableontractis proposednstead.The processs continueduntil the utility val-

uesfor bothagentsecomestable(i.e. until noneof the newly contractproposaloffer
ary improvementin utility valuesfor eitheragent).In this manney searchof the joint

andlocal utility landscapesf theagentds iteratively carriedout by the mediatorwho
incrementallymodifiesa randomlyselectedcontractclause™from a presentstate(+1)

to aabsentstate(—1) or vice versa. Agentsthendecidewhetherto acceptor rejectthis
new single“step” in their local utility landscapeNote thatthis approactcanstraight-
forwardly beextendedto a N 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 the pairwiseinfluencesbetweenssuesThatis:

u = Z JUS,'SJ' (Jij = ina Jii = 0) (1)
i7j

whereu is thelocal contractutility of anagentandJ;; € [—1,+1] is theutility influ-
encematrix betweerissues andj, whichrepresentthe utility incremenbr decrement
causedy the presencef a given pair of issuesWe assumehatthis pairwiseeffect is
symmetricandnot definedfor ¢ = j, asshown in parentheseg€achnegotiationagent
hasalocalandprivate.J;; matrixwhichis differentto thatof all otheragentsWe do not
includetheincrementor decremenby the presencef a particularclauseitself, since
they arelineartermsthatdo notaffectthe non-linearityof theutility spacethatis of our
maininterest.Also notethatinteractionsamongthreeor more clausesare omittedfor
simplicity, sincethesearchs alreadycomplex enoughfor problemsnvolving hundreds
of pairwiserelations.The key issuewe wantto modelis the conflictsbetweeragents,
andthey are guaranteedn this simple modelwhenthe objective function is defined
with differentdistributionsof J;; for differentagents.

Given the utility of a contractagentsmustthen decidein a distributed manner
whetherto accepbr rejectacontractS? attime¢. To examinetherole of knowledge(or
willingnessto shareinformation)on the quality of solutionin this modelof negotiation
we distinguishtwo typesof evaluationstrateies,localandglobal. Thesestratgies,de-
scribedin moredetailin sections and6 respectiely, have counterpartin gametheory
[13].

5 Local Agent Strategies

In a local evaluation stratgyy agentsdo not shareary information and evaluatethe
generateatontractS in a distributedor local fashion.Thus,whatis beingoptimizedis



theindividual utility of theagentu givenin equationl. Specifically agents'decisionto
acceptor rejecta contractS? is a function of the magnitudeof the differencebetween
St andS*~! definedas Auf (S, St1) = u¥(S?) — u*(St1), for agentk attimet.
Two computationallyinexpensve decisionalgorithmswereevaluateda hillclimber
andasimulatedannealerA hillclimber decisionrule is definedas:

oty 1 if Auk(St,St1) > 0.0
Pr(S) = {O otherwise (2)
wherep” (S?) is the probability thatthe agentk will acceptthe givencontractS? gen-
eratedfrom the previous contractS*—!. Therefore,a hillclimbing searchevaluation
function only acceptsa contractif andonly if the utility of the contractS increases
monotonicallywhenanissueis changed.

However, theformulationof the objective functiongivenby equationl hasmultiple
optima.Thereforethis steepesascendalgorithmis known to beincapableof escaping
local maximaof theutility function.Searctsuccesganbeimprovedby addingthermal
noiseto this decisionrule [14]. Theconcreteprobabilisticrule usedto simulatethermal
noiseis:

1 if Au®(St 81 > 0.0

Pk(St) = {eAu’“(st,Si—l)/T (3)

otherwise
wherep* (S?) is the probability that the agentk will acceptthe given contractS? at
temperaturd’. Thepolicy of decreasing” with timeis calledsimulatecannealind14].
Thesucces®f theruleis basednits eliminationof barriersbetweernocal minimaby
giving a small chanceto large utility configurations.This decisionrule is known to
reachutility equilibriumstatesvheneachissueis changedvith afinite probabilityand
time delaysarenegligible [14].

Lik e evolutive modelsthesedecisionrulescompletelyspecifythe agentsWe cate-
gorizetheserulesin to selfishstrat@ies(equatior?) acceptingS? iff u(S?) > u(St1),
or cooperatie (equation3) by acceptinga contractS? whenu(S?) < u(St=1) with
a certainprobability determinedby the thermalnoise.Note, that if we defineaccept
andrejectasthe only pure strategies,thenboth the hillclimbing andsimulatedanneal-
ing profilesare equivalentto implementinga mixedstrateyy of acceptand reject,one
deterministically(hillclimber) andthe otheraccordingto a probability determinecby
thethermalnoise[13]. Furthermorealthoughnot explicitly modeledthe thermalnoise
variablecanbe interpretedasencodingin to the behaiour of agentits willingnessto
take risksin returnfor future possiblegains.The higherT' the morerisk loving and,
cornverselythelower T themorerisk aversetheagent.

6 Coalition Strategies

In the above sectionagents’evaluationof St is distributedandlocal. Globalevaluation
stratgyieswerealsoconsideredo assestherole of knowledgeonthequality of compu-
tationandcompareheresultsobtainedrom distributedv.scentralizediecisionmaking
(thelatter approachis the mostpopularwith OR algorithms).We call this global eval-
uationa coalition stratey becauseagentshave agreedprior to the gameto a stratgy



of sharingtheirlocal utility for a contractandoptimizing somesocialwelfarefunction
(simply definedasthe sumof thelocal utilities) duringthe game! This formulationis

equialentto agreementmadebeforeagameon a pair of strat@iesthatmaximizeshe
joint socialwelfarefor two playergamesn cooperatie gametheory[16]. Local strate-
giesareequvalentto non-cooperatie gameswherethereis no pre-neyotiationagree-
mentsbeforethe ensuinggame[17]. Notethatwhereaghereareatotal of 2V possible
pairsof combinatiorof hillclimbing simulatedannealingstrateyiesfor NV agentsin co-

operatve evaluationsthereareonly two stratgiesavailable, hillclimbing or simulated
annealingAs will beshavn quantitatvely latera coalitionremovesthe gamingpartof

theinteraction.

7 Simulations; Procedures and Results

Simulationswvererunwith two agentseferredto asa andb. ThecontractiengthNV was
setto 100 whereeachbit wasinitialized to avalue{—1, +1} randomlywith a uniform
distribution. The utility influencematricesjfj for agentk wasalsorandomlyselected
to bein theinterval [-1, +1] with auniform distribution. Differentinfluencesmatrices
wereusedfor eachsimulationrun, in orderto ensureour resultswerenotidiosyncratic
to aparticularrun. Theinitial temperaturevassetto 10 anddecreaseth stepsof 0.1 to
0. Final averageutilities were collectedfor 100 runsfor eachtemperaturalecrement.
Sincetherewereonly two agentsthe simulationpairing of local stratgiesmakingup
the encountersn negotiationwere: 1) a pair of local hillclimbers, 2) a pair of local
simulatedannealersnd3) onelocal simulatedannealemandonelocal hillclimber (the
assymetricase).

Figure 1 shaws the resultsof the social welfare for differentpairingsof both lo-
cal and coalition stratgjies. Relatvely bestresultswere obsened when agentswere
cooperatie andagreedon a joint annealingstratgy to optimize the sumof their lo-
cal utilities (filled circle) ratherthanoptimizeonly their local utilities (all unfilled data
points).Howeverthefinal benefitsof a coalitionwaslowerwhenthe optimizationstrat-
egy washillclimbing (filled trianglesup) thana pair of local annealingstratgies (un-
filled circles), even thoughinitially hillclimbing cooperatiely over the joint utilities
leadsto betterresultsquicker. Theseobsenations,andin generalcomparison®f the
annealerandhillclimbersindependenthof the level of cooperationsuggestshe nat-
ural C-Q tradeof betweensearchtime and solution quality, whereinitially searching
more (annealerat high temperaturesiklthoughcostly will in the long termresultin
bettersolutionquality. Thisis confirmedby the obsenationthatthe presencef alocal
annealeagentalwaysincreaseshefinal socialwelfare. Thesocialwelfarefor thetwo
local annealercase(unfilled circle in figure 1) wasroughly 40% greaterthanthat of
thetwo local hill-climber case(unfilled triangleupin figure 1), andtheassymetricase
(unfilled diamondin figure 1) produceda smallerbut still significant15% improvement

! Note, this socialwelfareformulationis the pareto-optimatoncepif efficiency [7]. However,
unlike Nashbamgainingsolution[16] pareto-optimalityalthoughefficient, doesnotimply fair-
ness Althoughwe have someresultson this issuewe do not addresghe problemof fairness
in thecoalitionin this paper



over the local hill-climbers. The resultsalso showv that both local and coalition hill-
climbersreachequilibrium soonerthanthe annealersLocal hill climbersfor example
typically reachedstability after roughly 100 proposalexchangeswhile the annealers
approacheequilibriumvaluesafter roughly 800 proposalexchangesThis is to be ex-
pectedsincethecombinationof hillclimbing searcho eithertheglobalor local welfare
is thresholdedbecauséhill climberssimply climb to the top of the closestutility op-
timum from the starting position and then stop, while annealersan,whenat a high
temperaturatleast.exploredifferentmultiple optimain theutility function.Onemight
arguethatthe gainin utility achieved by using annealersvas relatively unimportant
giventhetime takento achieve theseresults.However, the compleity of computation
usedto producethe obsened quality of resultsis insignificantgiventhe simplicity of
the simulatedannealersThis is demonstratethy noting the run timeswere on the or-
derof seconds.Furthermorealthoughcoalition hillclimbers weredominatedby local
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Fig. 1. SocialPayofs for bothlocal andcoalitionstratejies

annealerenthelongterm,thedominanceof bothcoalitionannealingandhillclimbing
stratgiesover local stratgies,shavs that sharinginformationis generallybetterthan
not, therebyguantitatvely confirmingtheK-Q relationshiphatmoreknowledgeresults
in bettersolutionquality. This relationshipcanbe seerby comparinghesocialwelfare
obtainedwhenagentsmake decisionsin a coalition (filled datapoints)with decisions
madelocally (unfilled datapoints).

Individual payofs werethenexaminedto investigatethe relationshipof C-Q with
local utility metric of Q. Figure 2 shows the obsened individual payofs for different
pairsof local stratgies.Oneobsenationis thatif the otheragentis alocal hill-climber,
an agentis thenindividually betteroff beinga local hill-climber, but faresvery badly
aslocal annealerlf the otheragentis anannealerthe agentfareswell asanannealer
but doesevenbetterasa hillclimber. The highestsocialwelfare, however, is achieved
whenboth agentsareannealersThis patterncanbe readily understoodasfollows. At
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Fig. 2. Individual Payofs for local andcoalitionstratgies

high virtual temperatur@nannealein theassymetricaseacceptsalmostall proposed
contractdndependentlypf the cost-benefimargins. Theasymmetrymeanghatthe co-
operationof annealerpermitsmore exploration,and hencearrival to higheroptima,
of hillclimber’s utility landscapeiHowever, this cooperatioris notreciprocatedy hill-
climberswho actselfishly Therefore gainsof hillclimbers areachieved at the costof
the annealerFinally, the local benefitsof coalition strategjiescloselyreflectthe same
rank orderingsasthe socialbenefitresultsshavn in figure 1. Figure 3 representshe

| [Agentb AnnealefAgentb Hillclimber]

Agenta Annealer 550/550 180/700
Agenta Hillclimber 700/180 400/400

Fig. 3. Payoff Matrix of the Game

underlyinggameasa matrix of final obsenedutilities for all the pairingsof hillclimber
and annealerstratgies. The resultsconfirm that this gameis an instanceof the pris-
oner's dilemmagame[2], wherefor eachagentthe dominantstratey is hillclimbing.
Thereforetheuniquedominatingstrateyy is for bothagentgo hillclimb. However, this
uniguedominatingstrateyy is pareto-optimallydominatedvhenbothareannealersin
otherwords,the singleNashequilibriaof this game(two hillclimbers)is theonly solu-
tion notin the Paretoset?

Onepossiblesolutionto this problemis to annealor hillclimb not over theindivid-
ual utilities (the distributed case)but insteadover the joint utilities (the coalition case,

2 Note, for von NeumanrandMorgernsterrutility functions,the sameunderlyinggamestruc-
tureis achieved throughary affine transformation®f the utility values.



figure 2). Thenan institution or somecentralizedtrustedthird party eliminatesgam-
ing betweernthe agentsaltogetherby centrally executinga commonlyknown strateyy,

andsearchinghroughthe setof possiblecontractsgivenagentdocal utility functions.
However, truthful revelationof utility functionsis a strongassumptiorand problem-
atic andrequiresthe designof additionalmechanismghat implementthe Revelation
Principlewhereagentsareincentedto truthfully revealtheir true utility functions[5].

Alternatively, agentsmay be permittedto evolve towardsthe socially dominantstrate-
giesof theunderlyinggameincrementally{25]. In the context herethis meanghatthe
designprocesof negotiatingmachineswill eventuallyleadto designof machineghat
implementthe simulatedannealingstratayy.

8 Conclusionsand Future Work

The main contribution of this work hasbeento demonstratdnow simple descriptve
modelsof interactioncanaccountor thedynamicof negotiationandleadto theemer
genceof interestingsocialoutcomesTwo simpleandstratgic agentevaluationalgo-
rithms (hillclimbing andsimulatedannealing)werepresentediegulatedby a mediated
voting protocol,for solvingcomplex andlarge scaledproblemof multi andinterdepen-
dentissuedcontractnegotiation.We have showvn thatthereexistsatradeof betweerthe
quality of solutionreachedandthe computationsnvolvedwith hillclimbing andsim-
ulatedannealingalgorithms.More searchled to bettercontractsvhenannealingover
eithertheindividual or the joint utility landscapeCorversely lesssearchieadsto rel-
atively poorercontractsvhenhillclimbing over eithertheindividual or thejoint utility
landscapéut atarelatively lower costs We have alsoshavn thebenefitsgainedonthe
quality of solutionin cooperatie negotiationswheremoreknowledgeis shared Fur-
thermore we have demonstratedhow local decisionmakingcanleadto the prisoners
dilemmagamesa problemthatis relevantto arny distributed synthesigaskinvolving
negotiation(not just contractformation).

Thereareanumberof futuredirections Work is in progresgo benchmarkhecom-
putationalcomplexity of the developedalgorithmsagainstcentralisedalgorithmsfrom
OperationResearctand evaluatingtheir optimality againstsolution conceptssuchas
the Nashbaigaining Solutionand Pareto-Optimality Additionally, work is underway
to develop a bettercausalmodel of the parametergsuchasthe startingtemperature,
the numberof issuesthe cooling regime, etc.) that regulate the K-C-Q relationship
which canthensupportdecisionmakingover parametevalues Other moreintelligent,
combinatorialbptimizationtechniquesrealsobeingevaluatecthatbetterimplementa
contractgeneratiorpolicy. Finally, in thelongertermwe aim to developandcompara-
tively analyzeadditionalagentstratgyiessuchasreciprocationjearningandevolution-
ary rulesthatexecutein distributedor centralizedepeatednteractionprotocols.
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