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Abstract

A systematicvalidation of evolutionarytechniguesn the field of bar
gaining is presented. For this purpose,the dynamic and equilibrium-
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agentds investigatedIn our model,eachbaigainingagentmaintainsa col-
lection of stratgieswhich is optimizedby an evolutionaryalgorithm(EA).
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tion of successfustratgies,andby randomexperimentatior(by “mutating”
existing stratgjies) or by recombiningor “crossingover” previously-tested
stratgjies.

We shav that gametheory can be usedsuccessfullyto interpretthe
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1 Introduction

Recentlyinterestin thedevelopmentf tradingandnegotiatingagentshassuriged
amongeconomistsandcomputerscientistyBinmoreandVulkan,1999). A nice
exampleof thepotentialof automateahegotiationis givenby Brazieretal. (1998).
They describea systemin which a utility agent(actingon behalfof an electric-
ity compaly) is negotiatingwith consumeragentsto prevent excessve peaksin
the demandfor electricity Anotherexampleis the agent-basetieatingsystem
of the Xerox compayy. In this climate control systemeachagentcontrolsan of-
fice thermostatandthe allocationof resourcess market-based.Other practical
applicationsof distributedmulti-agentsystemsaresuneyed by Weiss(1999,Ch.
9).

Therapidestablishmenif aglobalcommunicatiometwork (in theform of the
Internet)togethemwith thedevelopmenbf standarchegotiationprotocols(Rosen-
scheinandZlotkin, 1994)will certainlyresultin afastproliferationof systemsof
this kind. The compleity of large multi-agentsystemsncreasestrongly how-
ever, if the nggotiating agentsare not using fixed decisionrules but adapttheir
stratgjies to deal with changingopponentstratgies and changinguser prefer
ences.Two importantand fundamentabuestionsshouldthereforebe raised: (i)
which complex dynamicbehaior will emege in this kind of complex adaptve
systemsand(ii) to which statewill thesesystemsconverge overtime (if a stable
steadystateis reachedtall).

We modelan adaptve agentasa collection of stratgieswhich is optimized
by an evolutionary algorithm (EA) (Mitchell, 1996; Back, 1996). EAs transfer
the principlesof naturalevolution,first discoveredby Darwin, to a computational
setting. Thesealgorithmshave beenusedin the past,with considerablesuccess,
to solve difficult optimizationproblems. Examplesinclude problemswith huge
searchspacesmultiple local optima, discontinuities and noise(Mitchell, 1996;
Back,1996). Adaptive agentdearnin differentwaysin an evolutionarysetting:
by selectionandreproductiorof successfustratgies,andby randomexperimen-
tation (by “mutating” existing stratgies) or by recombiningor “crossingover”
previously-testedstratagies.

An evolutionaryagent,asdescribedabove, is boundedlyrationalfor several
reasons.Firstly, suchan agentdoesnot baseits decisionson a formal analysis
of the game,but, instead,learnsby trial-anderrot Secondly the opponent(or
opponents)f the evolutionary agentare not modelledexplicitly. Thirdly, the
only feedbackhatis usedby the evolutionaryagentis the performancegpayof)
of its stratgies.Usingthisfeedbackthe stratgieswith alow payof arereplaced
by new stratgiesin the courseof time. Fourthly, an evolutionary agentonly
maintainsa limited collectionof gamestratgjies,i.e., not all possiblestratgies
areevaluated.



Previous researcthasdemonstratethat, despitetheselimitations, evolution-
ary agentscan develop highly effective negotiation stratgies. An early exam-
ple was given by Oliver (1996). He performedcomputersimulationsof both
distributive (i.e., single-issue)and integrative (i.e., multiple-issue)‘alternating-
offers” negotiations.In Oliver's model,the bagainingstrategiesarerepresented
asbinary-codedstrings. Two parameterareencodedor eachnegotiationround:
a thresholdwhich determinesvhetheran offer shouldbe acceptedr not anda
counteroffer in casethe opponent offer is rejected. Thesestratgiesarethen
updatedn successie generation®y a geneticalgorithm(GA).

More elaboratestratgy representationsvere proposedand evaluated by
Matos et al. (1998). Offers and counteroffers are generatedn their model
by a linear combinationof simple bagainingtactics(time-dependentiesource-
dependentpr behavior-dependentactics). As in (Oliver, 1996),the parameters
of thesedifferentnegotiationtacticsandtheir relatve importanceweightingsare
encodedn astring of numbers.Competitionsverethenheld betweertwo sepa-
ratepopulationsof stratgies,which weresimultaneoushevolvedby a GA.

We intend to bridge the gap betweenthe above-describedcomputerexperi-
mentsandthe analysisof balgainingby gametheorists(Stahl, 1972;Rubinstein,
1982; Osborneand Rubinstein,1990). This connectionis not farfetched. Con-
siderfirst how agentsin the computerexperimentdearnto baigainin an evolu-
tionary model. Initially, agentswill typically userandomstratgjies. As a conse-
quencemary differentpathsthroughthe gametreewill be explored(i.e., mary
subgamesvill besampled).Only thosestrategieswhich arerelatively successful
in mary differentsubgamesvill be selectecasparentdor the next generatiorof
stratgies.In eachsuccessie generationthis procesf variationandselections
thenrepeatecandmoreandmorerobuststrategiesevolvein thelongrun.

Now considerthe key equilibriumconceptusedby gametheoriststo analyze
extensie-form games* the subgame-perfecequilibrium (SPE) (Selten,1965,
1975). Two stratgiesare in SPEIf they constitutea Nashequilibriumin any
subgamewhich remainsafter an arbitrary sequencef offers and repliesmade
from the beginning of the game. Rubinstein(1982) successfullyappliedthis no-
tion of subgame-perfectioto baigaining games. His main theoremstatesthat
theinfinite-horizonalternating-ofersgamehasa uniqgueSPEin which theagents
agreémmediatelyon a deal?

Our computationalexperimentsindicate that evolutionary agents, with a
boundedrationality, may actually display subgame-perfecbehaior in the
alternating-ofers game. Moreover, we encountelphenomendeyond the reach

Thatis, gameswith atreestructure(OsborneandRubinstein;1990).
2Thefinite-horizonvariantof Rubinsteins game(which we usein our computersimulations)
hasbeenanalyzecdearlierby Stahl (1972).



of classicalgametheory For example, if the agents’ discountfactors are
very small (i.e., whentime pressureto reachan agreements extremely large)
strongly nonlinearbehavior is occasionallyobsenred (dependingon the specific
evolutionary selectionscheme). If discountfactors are large, on the other
hand, (i.e., when time pressures weak) the finite horizon of the gameis not
alwaysfully exploited by the agents.Significantdeviationsfrom game-theoretic
predictionsarealsoobsenedif theagentgdiscountheirpayofs atadifferentrate.

Theremainderof this paperis organizedasfollows. Section2 givesadescrip-
tion of the baigaining modelthat we investigatein this paper An overvien of
the setupof the computationaéxperimentss thengivenin Section3. Sections4
containsan analysisof the computationatesults. Section5 givessomepointers
to relatedwork and Section6 concludes.

2 TheAlternating-Offers Bargaining Model

We usea finite-horizonvariantof Rubinsteins balgainingmodel(1982). In this
game,two agentshamgainwith eachotherover the partitioningof a constantsur
plus? Offersaremadeatdiscretepointsin time: namely attimest =0, ..., (n— 1),
wheren is the maximumnumberof stagesf the baigaininggame.We denotean
offer madeattimet aso(t). An offer o(t) specifiesthe shareof the surplusthat
theinitial proposern(“agent1”) recevesif the offer is acceptedattimet (agent2
thenrecevesl—o(t)).

Thetwo agentsagainin analternatingfashion.At t = 0, agentl makesthe
first offer. Agent2 thenacceptsor rejectsthis initial offer. If theinitial offer is
rejectedagent2 makesacounteroffer in thenext round(att = 1). Thisalternating
procesof makingproposalghencontinuesuntil anoffer is acceptedr until the
bamgainingdeadlinas reachedatt = n). If noagreemenhasbeenreachedefore
thedeadline(thatis, for t < n) bothagentgeceve nothing. We setn = 10in our
computerexperimentqunlessstatedotherwise).

Following Rubinstein(1982),we modelthetime preferencesf agent = 1,2
with a discountfactor §;, with 0 < & < 1. In caseof an agreementagenti’s
discountedpayof is equalto x;&, wherex; is the shareof the surplusreceved
by agenti. Agentsthusexperiencetime pressurédecausehey preferto reachan
agreemenearly.

Subgame-perfe@quilibriumstratgiesfor thisfinite-horizongamecanbede-
rived by usinga backward-inductionapproachivan Damme,1991,Ch. 1). The
SPEpartitioning (X}, X5) asa function of the gamelengthis listed in Table 1.4

Swithoutlossof generalitywe setthesizeof this surplusequalto unity.
4A formalderivationof theseexpressionganbefoundin (vanBragtetal., 2000,Appendix1).



In equilibrium, agentl demandsa shareof xj(n) in the first roundandagent2
immediatelyacceptshis proposalreceving x5(n) = 1 —x3(n)]. To beexpected,
the partitioning of the surpluscornvergesto the partitioning derived by Rubin-
stein(1982)for theinfinite-horizongame.In Rubinsteins modelagentl receves

11 55§) andagent2 recevestheremainingpartof thesurplus.

n SPEsharefor agentl (x}) SPEsharefor agent2 (x5)
11 0

2 11-9 (7

3 | 1-3(1-5;) O2(1—31)

4 | 1-35(1—31(1—8)) 2(1—-61(1-82))

5 | 1-8(1—31(1—8(1—51))) 02(1—31(1—32(1—-01)))

6 | 1-32(1-01(1-3(1-31(1-92)))) | B2(1—31(1—02(1—- 81 (1-32))))
o | (1-8)/(1-8:5) 52(1—81)/(1-8:5)

Table1l: Subgame-perfeqgtartitioning of the surplusasa function of the maxi-
mum numberof stagesf the alternating-ofersgame(n).

To derive the SPEstratgies, it is assumedhatthe bamgainingagentsbehave
fully rationalandhave completeinformation(for instanceabouttheir opponents’
preferences) Both assumptionsre obviously not valid for the evolving agents
in our computationakxperimentgwho learnby trial-and-errotinsteadof abstract
reasoning)However, the(subgame-perfecquilibriumbehaior of fully rational
agentswill sene asa usefultheoreticaloenchmarkto interpretthe behaior of
boundedly-rationahgents.

3 TheEvolutionary Model

We heredescribean abstractmodel of two adaptve baigainingagentswho are
updatingtheir stratgiesover time. In our model, eachbamgaining agentmain-

tainsits own collection of stratgies. Eachcollectionof baigaining stratgiesis

thenevolved over time by an evolutionaryalgorithm (EA). Section3.1 givesan

outline of the EA anddiscusse$fiow our evolutionarysystemcanbe interpreted
asa modelfor economidearningprocessesThe “genetic” representationf the

agents'stratgiesis presenteth Section3.2. Themaincomponentsf theEA (se-
lection,mutation,andrecombinationparediscusseih moredetailin Sections3.3-

3.5.



3.1 TheEvolutionary Algorithm

We modelan adaptve agentasa collection of stratgieswhich is optimizedby
an evolutionaryalgorithm (EA) (Mitchell, 1996;Back, 1996). EAs transferthe
principlesof naturalevolution, first discoveredby Darwin, to a computational
setting. Thesealgorithmshave beenusedin the past,with considerablesuccess,
to solve difficult optimizationproblems. Examplesinclude problemswith huge
searchspacesmultiple local optima, discontinuitiesand noise (Mitchell, 1996;
Back,1996).

As in naturalecosystemsEAs typically evolve a populationof individuals.
Here, eachindividual is a bagaining stratgy of the adaptve agent(seeSec-
tion 3.2). Our evolutionarymodelconsistof two co-evolving agentgwhereeach
agentmaintaingts own collectionof stratgies). Weassumehatoneof theagents,
denotedas“agentl”, hastheprivilegeto openthenegotiations.In reality this sit-
uationfrequentlyoccurswhena potentialclient wantsto buy somethingfrom a
professionakeller Normally, the sellertakesthe initiative: he or shecaneither
referto theindicatedprice on the product,or proposeaninitial price.

Like in nature the survival probability of eachbaigainingstratgyy depend®n
its fithess(the“survival of thefittest” concept) During thefitnessevaluation,each
stratgy competesgainsagroupof opponenstratgieswhoaredravn atrandom
(without replacementjrom the populationof stratgjiesof the otheragent® The
stratgy’s fitnessis thenequalto the meanpayof obtainedagainstheseopponent
stratgies.

Using this fithessinformation, the EA updateghe agents’stratgiesin suc-
cessve iterations(also called “generations”). The different stageswithin one
generationare depictedin Fig. 1. First, the fitnessof the parentalstratgjiesis
determinecdby competitionbetweenthe stratgiesin the two populations.In the
next stage(seeFig. 1), “offspring” stratgiesarecreated An offspring stratgy is
generatedn two steps.First, a stratgy in the parentalpopulationis (randomly
with replacementyelectedThis stratgy is thenmutatedo createanew offspring
stratgy (the mutationmodelis specifiedin detailin Section3.4). The fithessof
the new offspringis evaluatedby interactionwith the parentaktratgies. An eco-
nomicinterpretatiorof this parent-ofspringinteractionis thatnew stratgiesneed
to beableto competewith existing or “proven” stratgjiesbeforethey gainaccess
to the agents stratgy pool® In the final stageof the iteration (seeFig. 1), the

5Obviously, the sizeof the groupof opponenstratejiesis animportantmodelparameterWe
sample25 (out of a total of 100) opponentstrat@jies(seeTable2). If the size of the opponent
groupbecomesnuchsmaller(e.g.,equalto unity), thefithessdeterminatiorbecomewery noisy.

6In an alternatie model, not only the parentalstratgjies are usedas opponentsput alsothe
newly-formed offspring. This leadsto a muchmorediversecollectionof opponentsThe fithess
of the strateyiesthereforebecomesnoresubjectto noise.
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Figurel: Iterationloop of the evolutionaryalgorithm (EA). This algorithmup-
datesthe populationsof stratgjieswhich areusedby thetwo adaptve agents.

fittest stratgyiesareselectedasthe new “parents”for the next iteration(seeSec-
tion 3.3for moredetails).This final stepcompletesoneiterationof the EA.

All relevantsettingsof the evolutionarysystemarelistedin Table2. Pseudo-
codeof thecomputationamodelcanbefoundin AppendixA.

Encodingof chromosome  Realcoding
Lengthof chromosomél) n

Mutation Zero-mearGaussiar{c = 0.1)
Recombination No recombinatior(seeSection3.5)
Selection (L+A)-ES

Parentpopulationsize () 100
Offspringpopulationsize(A) 100
Numberof opponents 25

Table2: Settingsof the evolutionarymodel.

3.2 Genetic Representation

In ourmodel,eachstratgy specifiesalist of offersandthresholdgor thedifferent
negotiationrounds. The thresholdgdeterminewhetheran offer of the otherparty
is acceptedor rejected: If the proposedfraction of the surplusfalls belov the
thresholdthe offer is refused(and a counteroffer is madein the next round);
otherwiseanagreemenis reached.

Eachstratgy is encodedas a sequencef real-codedyenes(togethercalled
a “chromosome”)in our evolutionary system. This representations depicted



schematicallyin Fig. 2. Notice thatin eachround, the stratey specifieseither
anoffer or athresholddependingnwhethertheagentwho useghestratey pro-
posesor recevesanoffer in thatround. Thelengthl of eachchromosomes thus

Stratgy agentl: [o(t=0) [ t1(t=1) [o(t=2) [ 1(t=3) | ... |

Stratgy agent2: [ 1(t=0) [o(t=1) [ 1(t=2) [o(t=3) | ... |

Figure2: The stratgiesfor agenti € {1,2} specifyasequencef offerso(t) and
thresholds(t) for roundst € {0,1,2,...,n— 1} of thenegotiation.

equalto the numberof rounds(n). Becausehe sizeof the baigainingsurplusis
equalto 1, the offers andthresholdsarealsorestrictedto the unity intenal. The
agents’stratgjiesareinitialized atthe beginning of eachexperimentby drawing a
randomnumberin the unit interval for eachgene(from a uniform distribution).

The above-describedepresentatiomf the balgaining strategies, which was
originally proposedy Oliver(1996),is ratherelementaryin fact,theoffersmade
in the consecutre roundsarefully pre-programmedh the genes.The evolution
of more reactve baigaining stratgies, i.e., stratgies which are able to display
behavior whichis conditionalontheopponent moves,is studiedin two compan-
ion papergvanBragtandLa Poutg, 2002a,b).Readersvho areinterestedn the
developmentof morecomplex andpowerful stratey representationarereferred
to theseworksfor furtherdetails.

3.3 Selection Scheme

Selectionis performedusingthe (L + A)-ES selectionscheme(Back, 1996). In
corventionalnotation,u is thenumberof parentsandA is thenumberof generated
offspring (L = A = 100, seeTable2). The p survivors with the highestfitness
are selectedrom the union of parentaland offspring strateies. This selection
schemas thereforean exampleof an“overlappinggenerationsmodel,in which
successfustratgiescansurvive for multiple generations.

An offspring stratgy is generatedn two steps.First, a stratgy in the popu-
lationis (atrandom,with replacement¥electedo be a parent. Thechromosome
of this parentalstratgy is thenmutatedto generatea new offspring stratgy (the
mutationmodelis specifiedbelow in Section3.4). We setthe parent-to-afspring

A nonoverlappinggenerationsnodel,in which all parentsarediscardedafteronegeneration,
is investigatedoy van Bragtet al. (2000). A probabilisticvariantof (p+ A)-ES selectionis also
studiedin thisreference.



ratio equalto unity (i.e.,p= A).8

In aneconomiccontet, selectioncanbeinterpretedasimitation of behaviour
which seemsromising. In general EAs usetwo additionaloperators:mutation
andrecombinationTheseoperatorsareexplainedin detailbelow.

3.4 Mutation Modd

Mutationcanbeinterpretecasundirectedexplorationof new stratgies,or asmis-
takesmadeduringimitation. It is importantto notethat,in our model,theagents
stratgies are not binary strings(asin mostGA implementationsput, instead,
consistof stringsof real-codechumbers A subfieldof evolutionarycomputation,
called “evolution stratgies” (ES), hasdevelopedthe properevolutionary tech-
niquesto adaptsuchreal-codedstrings(seeBack (1996)for an overview). The
standardapproachn thefield of ESis to mutateeachgene(consistingof a real-
codednumber)by addinga zero-mearGaussiamvariableto thegenesvalue. This
approachs alsousedin our evolutionarymodel(with positive results).

Moreformally, we createtheoffspring’s genesq by addingazero-mearaus-
sianvariable,with standarddeviation o; = 0.1 [i.e., Ni(0,0.1)],° to eachcorre-
spondinggenex; of the parent!® All offspring geneswith a value larger than
unity (or smallerthanzero)areresetto unity (respectiely zero)!!

3.5 Recombination Mode€

Therecombinatior{or “crosswer”) operatorexchangepartsof theparentakchro-
mosomesgo producenew offspring. This facilitatesa rapid exchangeof genetic
informationin anagents stratgy pool. Recombinatiorof genetidnformationhas
provento be a very effective searchoperatorif the individualsare binary-coded
(Mitchell, 1996). Following this lead, several recombinationrmodelshave also
beenproposedor evolutionarymodelswith real-codedndividuals(Back,1996).

8Saveral experimentsarereportecby van Bragtetal. (2000)in which this ratio is notequalto
unity (to determinethe influenceof the selectionintensityon the equilibriumselectionprocess).

9The notationN;(.,.) denotesthat the randomvariableis dravn againfor eachvalue of the
indexi.

ONotice that the symbol x; is usedin two differentmeanings.x; denotesthe sharereceived
by thei-th agentin the baigainingliteratureanda strateyy’si-th genein the field of evolutionary
computing.Which usagds appropriatecanbeinferredeasilyfrom the context.

An alternatve approachwould be to enableindividual stratgyiesto control the magnitudeof
themutationsin theirgeneticcode.An elegantmutationmodelwhich canbeusedfor this purpose
hasbeendescribedin (Back, 1996, pp. 71-73). This model, which is studiedfurther by van
Bragtetal. (2000),allows anevolutionaryself-adaptatiomf boththe genesandthe corresponding
standardieviationsat the sametime.
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We performedexperimentswith two recombinationmodelswhich are fre-
quentlyusedin thefield of ES: discreterecombinatiorandintermediaterecom-
bination(Back, 1996,pp. 73-78). However, we did not find a significantchange
of the fitnessof the evolving agentsif recombinationvasallowed (comparedo
experimentswith mutationonly). We thereforefocuson mutation-basednodels
in this paper

4 Results

In Section4.1, both agentshave identical discountfactors(i.e., & = d2 = J).
Resultsfor &; # &, arepresentedn Section4.2. During the evolutionaryexper
iments,we monitor the performanceof the two adaptve agents. We definethe
performancgfitness)of an adaptve agentas the meanfitnessacrossall (100)
stratgiesmaintainedoy the agent.

4.1 Symmetric Time Preferences

Wefirst investigatawo extremecasesin Sectiord4.1.1we setd = 0. Agentsthen
receve nothingif they do not reachagreemenin the very first round. In payof
terms,this situationis equivalentwith the ultimatumgame.Anotherextremecase
is obtainedby settingd = 1. In this case,analyzedin Section4.1.2,the agents
are payof-indifferentbetweenreachinga deal sooneror later (providedt < n).
Resultsfor intermediatevaluesof 6 (0 < 6 < 1) aresummarizedn Sectiorn4.1.3.

411 0= 0(TheUltimatum Game)

Figure3 shavs theevolution of theagentsfitnessesn the ultimatumgame(for a
typical experiment). Gametheory predictsthat the proposer(i.e., agentl) de-
mandsthe whole surplus, which the responder(i.e., agent2) accepts? This
unique (subgame-perfectquilibrium indeedappeardo be an attractorfor the
evolutionarysystem:thefitnessof agentl increasesapidly initially, whereaghe
fitnessof agent2 is decreasin@tthe sametime.

Figure3 alsoreveals,however, thatthereis no stablecorvergenceto subgame-
perfectbehaior. Instead highly nonlineartransientsarevisible in Fig. 3. These
transientstartdirectly afterthe SPEpartitioningis reachedy theadaptve agents.
At this point, first reachedafter ~ 175 generationsn Fig. 3, agent2 becomes
(payof) indifferentbetweenacceptingor refusingagentl’s extreme offer (the
resultis the same,agent2 recevesnothing). The mutationprocesscontinuesto
createoffspring stratgieswith a thresholdlargerthanzeroin agent2’s stratgy

1270 seethis, let &, andd, approactzeroin Tablel.
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Figure3: Evolution of the agents’fitnessesn the ultimatumgame(a typical EA
runis shown).

pool in this case. Thesestratgies have the samefitnessas their all-accepting
counterpartsTherefore someof theminvadethe stratgy pool of agent2. This
resultsin a significantnumberof disagreementanda sharpdrop in fithessfor
agentl. Consequentlysomestratgiesin agentl’s stratgly pool decreaseheir
offer in orderto stopthis processaindthefitnessof agent2 increaseslightly. The
racebetweeragentl andagent2 thenstartsall overagain,andtheprocessepeats
itself (seeFig. 3).13

Theinfluenceof changesn the agents’EA on the equilibrium-selectiorpro-
cessis investigatedn detailin (vanBragtetal., 2000,Ch. 5). An importantcon-
clusionof this studyis thatthe specificEA usedby theadaptve agentanhave a
strongimpacton the (long-term)partitioningof the baigainingsurplusin ultima-
tum gamesituations.For example,if theagentsuseanEA with “non-overlapping
generations’(so that all stratgies from the previous generationare discarded)
convergenceto equilibria which are not subgame-perfeatan occurin the long
run1* The samemay alsohapperwhenthe agentsusean EA with stochasticse-

BNonlinear populationdynamicshas also beenencounteredn co-evolving populationsof
predatorandpreysin naturalecosystemsA simplemathematicamodeldescribingsucha system
hasbeenproposedy Lotka andVolterra.

14Corvemgenceto anequilibriumwhich is not subgame-perfedén the ultimatumgamehasbeen
reportedbeforein thefield of evolutionarygametheory(Galeetal., 1995).1n (Galeetal., 1995)
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lectionor anEA with asmallselectionpressureWe refertheinterestedeaderto
(vanBragtetal., 2000,Ch. 5) for moredetails.
4.1.2 d=1(Timelndifference)

Figure4 shavs the evolution of thefithnessof agentl (averagedover 25 EA runs)
in the n-stagealternating-dfiers game(without payof discounting).Gametheory

mean fitness agert 1 (over 25 EA runs)

0 100 200 300 400 500
generation

Figure4: Evolution of the fithessof agentl in n-stagealternating-offers games
without payof discounting.In thelong run, agentl recevesthe largestshareof

the surplusif he hasthe opportunityto make the last offer (i.e., whenn is odd).

Exactlythe oppositehappensvhenagent? is lastin turn (i.e.,whennis even).

predictsthat the last agentin turn recevesthe entire baigaining surplusin this
caset® Hence we would expectthatagentl recevestheentiresurplusif nis odd
andnothingif nis even. Thistendeng is indeedclearlyvisible in Fig. 4, evenfor
gamesaslongas20rounds.

Thetiming of theagreements notuniquelydefinedat subgameperfectequi-
librium in the absencef time pressuré? It is thereforeof interestto investigate

the evolution of strateyiesfor the ultimatumgameis governedby a nonoverlappinggenerations
variantof thereplicatordynamicyBinmore,1992,Ch. 9).

15To seethis, let &, andd, approactunity in Tablel.

eMultiple subgameperfectequilibriaexist in this case. Althoughtheseequilibriadiffer in the
timing of the agreementsthey all resultin the sameoutcome(i.e., the lastagentin turn always
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the timing of the agreement@ the evolutionary system.We obsenre thatin the
evolutionary experimentsmostagreementsccurjust beforethe deadlinein the
long run. Considerfor instancethe 10-stagegame. In the first few generations
of the evolutionaryprocessnearlyall agreementarereachedjuickly (=~ 97% of
all agreement®ccurin the first five rounds)and virtually no dealsare delayed
until the very last round. However, after 25 generationghe meanpercentage
of last-roundagreementsasalreadyincreasedo 42+ 16%. After 500 gener
ationsthis percentagénasincreasecdeven furtherto 80+ 3%. Interestingly this
deadline-approachingehavior hasalsobeenobsenedin bamgainingexperiments
with humangRothetal., 1988).

In the very long run, the SPEis sometimegeachedoy the adaptve agents.
Thelastagentn turnrecevestheentiresurplusin this casewhereasis opponent
recevesnothing. Stratgieswith a non-zerothresholdfor t = n— 1 theninvade
thestratgy pool of theagentwhorecevesthefinal “take-it-or-leave-it” offer (see
Sectiord.1.1). Thelastagentin turnthenavoidstheoccurrencef alargenumber
of disagreemently rapidly decreasingts offersandthresholdsn earlierrounds.
As aconsequencenoreagreementwill temporarilyoccurin earlierroundsafter
the SPEhasbeenreached Afterwards,the lastagentin turn will againdelaythe
agreementsntil the verylastround,etc.

413 0<d<1

We studythe partitioning of the surplusfor a wider rangeof discountfactorsin
Figs.5 and6. The agents’fitnessesare measuredafter 500 generationgand
averagedover 25 EA runs)in thesefigures.In thelong run, agentl oftenreceves
morethangametheorypredictswhereasagent2 negotiateselatively poordeals.
This effect is particularly clearin caseof strongtime pressurg(i.e., a small d).
We obsenre in the computerexperimentsthat almostall agreementarereached
immediatelyin this case(e.g.,after 500 generationsnorethan98% of all agree-
mentsare reachedn the first roundfor d = 0.3). This meansthatin almostall
casesaveryshortgameis played(only onestage).Theshortdurationof thegame
is exploitedeffectively by agentl: likein theultimatumgame thisagentdemands
(andreceves)a large shareof the surplus.

Figuress and6 alsoshaw thatin caseof weaktime pressurdfor instancevhen
0 =~ 0.9) the baigaining outcomedeviatessignificantly from the SPEprediction
for n = 10. Figure 6 shows for instancethat agent2 doesnot fully exploit his
last-mwer advantageunderthesecircumstanceghis meanfitnessis far below the
SPElevel). This effect canbe explainedby the boundedly-rationabehaior of

recewvestheentiresurplus).lt is for instancesubgameperfectfor thelastrespondeto concedehe
entiresurplusto his opponenbeforethe deadlineis actuallyreachedr, alternatvely, to accepta
take-it-or-leave-it dealfrom the opponentat ary pointin time.
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Figure 5: Performanceof agentl as a function of the discountfactor Game
theoreticpredictionsfor the 10-stagegameandtheinfinite-horizongamearealso
shawvn for comparison.
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theadaptve agents.Theseagentslo not reasorbackwardsfrom the deadline put
focusonthefirst few rounds whereexpectedutility is relatively high. Thismeans
thatonly few agreementarereachedn laterrounds.As aresult,the deadlineof
thegameis not percevedaccuratelyby the evolving agents.

In fact, the experimentalresultsagreemuch betterwith SPE predictionsfor
longergames.Almost perfectagreemenis for instanceobtained(for large d) if
we comparethe experimentalresultswith SPEpredictionsfor a 30-stagegame.
This lendsmoresupportto Rubinsteins analysisof aninfinite-horizongame:in
reality aninfinite gamelengthmaybe a goodmodellingassumptionf theagents
do not perceve thefinite deadlineof the game.Figures5 and6 indeedshaw that
the experimentaloutcomeis predictedquite well (for & up to 0.9) by theoretical
predictionsfor aninfinite-horizongame.

4.2 Asymmetric Time Preferences

Figure7 shawvs thelong-runperformanceof the adaptve agentsn caseof asym-
metrictime preferencesAgent1’s discountfactor(d;) is setequalto 0.6 whereas

1, . | |
EA (gen. 500): agent 1——
B EA (gen. 500): agent 2
S 0.8 SPE (n = 10): agent+—— |
= . I SPE n= 10 ‘a ent 2 77777777 // 7‘7
< \ ( ): ag ]
w / ¥
Te)
N 1
5 067 _
>
C
7
g 04+t _
% x 1
g o2t ; .,
0 %o . . I |

0.2

0.4

0.6

0.8

discount factor 2 (discount factor 1 = 0.6)

Figure7: Long-termfitnesseof agentl andagent2 in caseof asymmetridime
preference$d, = 0.6 andd; is variedbetweerzeroandunity).

the discountfactorof agent2 (&) is variedbetweerzeroandunity. Thefitnesses
of theagentscornvergewithin 50-150generationso the valuesreportedn Fig. 7.
Note thatthe performanceof agent2 is not asgoodaspredictedby gametheory
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whend, > 81, while agentl actuallydoesbetter This effect becomesespecially
clearif &, = 1. Wewill studythiscasein moredetailbelow.

Whend; = 1, agent2 experienceso explicit time pressurdo reachanearly
agreement.Time pressurds, on the otherhand,relatively large for agentl (his
payof diminishesproportionalto 0.6' asa functionof the roundnumbert). This
reducegheevolutionarypressuregainsitratgiesin agentl’s stratgy pool with
a large thresholdor offer gene(for larget). In the experimentswe evenobsene
thatthesegenesvolve to randomvalues(in theunit interval) for t > 4.

Now assumehat agent?2 tries to exploit his bargaining power by delaying
agreements.Agent 2 will then encounteran opponentwho is using a random
strat@y in later rounds. This deprivesagent2 partly of his bagaining power:
agent2 cannotforcehisindifferentopponento adjusthisbehaior in laterrounds.
In fact, exactly the oppositeoccursin the evolutionarysystem.In an attemptto
avoid the occurrenceof disagreementgagent2 reduceshis acceptancéhreshold
andincreasesis offer (to agentl) in laterrounds?’

Experimentswith alternatve evolutionarymodels(seevanBragtetal. (2000))
leadto similar resultsfor & > &;. Hence,the deviations from game-theoretic
predictionsin the computationakxperimentscannotbe attributedto the specific
settingsof the EA (which wasusedto generatd-ig. 7).

5 Related Work

Severalauthorshave adoptedandfurtherextendedour evolutionaryframework 18
The extensionto (much more comple<) multi-issuenegotiationsis presentedn
(Gerdinget al., 2000). In multi-issuenegotiationsnot just one issue(like the
price of a product)is important, but other aspectsare also taken into account
(for instanceaccessoriegjuality, delivery time, etc.). A key advantageof these
multi-issuenegotiationds thatoftenmutuallybeneficialbutcomeganbeobtained
if both partiesconcedeon the properissues. The compleity of the bargaining
problemincreasesapidly, however, if thenumberof issuesbecomedarge.

Gerdingetal. (2000)shawv, however, thatadaptve agentJusingEAs) areable
to generatdPareto-eficient outcomedor baigainingproblemswith upto 8 issues.
The decision-makingrocessf the adaptve agentss alsoextendedby Gerding
et al. (2000) by allowing the agentso usea “fairness”normin the negotiations.
This conceptplays an importantrole in real-life negotiationsand experimental
economics.

171(t = 0) evolvesfor instanceto 0.784 0.14in thestratayy pool of agent2, whereag (t = 4) =
0.64+0.26 andt(t = 8) = 0.32+ 0.25in thelong run. Agent2’s offer genesevolve to valuesof
o(t=1) =0.10£0.09,0(t = 5) = 0.24+ 0.32,ando(t = 9) = 0.45+ 0.31.

18ysingtheearlierpublishedtechnicalreport(vanBragtetal., 2000)astheir reference.
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GerdingandLa Poutgé (2002)studyanultimatumgamein which the baigain-
ing agentdhave multiple bagainingopportunities Suchagamecanbeconsidered
asanabstracimodelof a competitve market, wherea buyer canfor instancetry
differentsellersbeforemakinga purchaseGerdingandLa Pouté (2002)present
resultsof variousevolutionarysimulationsfor this market game.

In arecentseriesof papers,Nawa, Shimoharaand Katai also study several
variantsof our model. A bargainingmodelwith 3 adaptve agentss investigated
in (Nawa etal., 2001a). A multi-issuebagainingmodelin which theissuesare
negotiatedsequentiallys studiedin (Nawaetal.,2001b)(theissuesarenegotiated
simultaneouslyin Gerdinget al. (2000)). Nawa et al. (2001c)demonstratehat
fair agreementsanevolve if thereexistsuncertaintyaboutwhich agentstartsthe
bamgaininggame. Finally, the effect of evolutionarylearningparameter®n the
bamgainingoutcomels assessenh (Nawaetal., 2001d).

The above-describedvorks all usethe stratgy representatiomproposedby
Oliver (1996). This representatioms quite static,however, sincethe offers made
in the consecutre roundsarefully pre-programmedh the genes.The evolution
of morereactve bamgainingstrateies,i.e., stratgieswhich areableto displaybe-
havior whichis conditionalon the opponents moves,is studiedby van Bragtand
La Pouté (2002a,b).The bamgainingstrategiesarerepresenteih theseworks by
a specialkind of finite automata.Computationakxperimentsshav thatadaptve
agentgbasedupontheseautomatapreableto discriminatesuccessfullyjpbetween
different(staticor co-evolving) opponentsalthoughthey receve no explicit infor-
mationaboutthe stratayy, identity or preference®f their opponents.Obviously,
theseresultsareimportantfor thefurtherdevelopmentbof adaptve agentdor real-
life applications.

Carmeland Markovitch (1996, 1999) have proposedan interestingmodel-
basedapproactfor learningeffective stratgiesin multi-agentsystems.They re-
strict the agents’stratgyiesto deterministicfinite automataandshaov thata best
responsestratgy for a given opponent(with a known stratey) can be derived
efficiently. They furthermorepresentanunsupervisedearningalgorithmthatin-
fersa modelof the opponents automatorfrom its input/outputbehavior. These
techniquesvereappliedsuccessfullyo theiteratedprisoners dilemmagame.Al-
thoughtheframewvork of CarmelandMarkovitch appeardo be promisingin case
of fixed opponentsthe caseof non-stationaryopponentds not coveredyet by
their methods.A secondimitation of their approachs thatexplicit information
abouttheidentity of the opponentshouldbe availablein a settingwith multiple
opponentgto facilitatethe developmentof separatdinite automatormodelsfor
thedifferentopponents)informationabouttheidentity (or preferencesyf theop-
ponentds not used(or needed)n our evolutionarymodel. For example,theonly
feedbackusedin the multi-opponentmodelstudiedby van BragtandLa Pouté
(2002a,b)is the averagescoreobtainedby the automataagainsthe differentop-
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ponents.

6 Conclusonsand Future Work

We have studiedthe dynamicandequilibrium-selectingpehaior of amulti-agent
systemconsistingof adaptve baigainingagents.In our model,eachbamgaining
agentmaintainsa collectionof stratgieswhich is optimizedby anevolutionary
algorithm(EA). Suchevolutionaryagentdearnin differentwaysin anevolution-
ary setting: by selectionandreproductiorof successfustrateies,andby random
experimentationby “mutating” existing stratejies)or by recombiningor “cross-
ing over” previously-testedstratgies. Negotiationsbetweenthe adaptve agents
aregovernedby afinite-horizonversionof Rubinsteins well-known “alternating-
offers” protocol.

This papershows that game-theoreti@pproachesre very useful to inter-
pretequilibrium-selectindgpehavior in evolutionarysystem®f adaptve bargaining
agents.The adaptve agentsareboundedlyrationalbecauséhey only experience
theprofit of theirinteractionsvith otheragents Neverthelessthey displaybehav-
ior thatis surprisingly“rational” andfully informedin mary instances.Agree-
mentbetweentheoryandexperimentis especiallygoodwhenthe agentsexperi-
enceanintermediatdéime pressureln extremesituationg(i.e., whentime pressure
become®itherstrongor weak)significantdeviationsfrom game-theoretipredic-
tionscanoccut however.

A goodexampleis the caseof extremetime pressureln this case highly non-
linear transientcanoccurif the dealreachedy the adaptve agentsapproaches
the extremeoutcomepredictedoy gametheory Two otherexperimentalobsena-
tionsshouldalsobe mentionedchere.First, thefinite horizonof the negotiationsis
not alwaysfully exploitedby thelastagentin turn (evenif time pressures rather
weak).In fact,theboundedly-rationahgentoftenactasif thelengthof thegame
is actuallymuchlonger Thislendsmoresupporto the“infinite-horizon” assump-
tion frequentlyemployedin game-theoretigvork. This approximatiormayyield
surprisinglyaccurateresultswhenthe agentsdo not perceve the deadlineof the
negotiations.Secondwe obsere (andexplain) discrepanciebetweertheoryand
experimentf theagentsexperienceanunequakime pressure.

Morein generalthiswork presents systemativalidationof evolutionaryand
computationatechniquesn thefield of bargaining. Our modelhasalsosenedas
a startingpoint for further explorations(see(Gerdinget al., 2000; Nawa et al.,
2001a,b,c,dGerdingandLa Poutg, 2002;van BragtandLa Poutg, 2002a,b)).
Severalimportanttopicshave beenaddresseth theseworks: complex multi-issue
andmulti-opponenbargainingproblems economianodellingissues|earningby
co-evolution, the developmentof powerful balgaining stratejies, etc. We hope
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thatthesedifferentlinesof researctwill be extendedurtherin futureworks.

An interestingtopic for further studiesis theimpactof asymmetricspeedof
learningon the (long-run)behavior of adaptve agents.In themodelpresentedn
this paper the mutationand selectionprocessearethe samefor both agents.It
wouldthusbeinterestingo studywhathappensvhen,for oneof theagentsthere
is akind of inertia, sothat,for example,the offspring stratgiesarecloserto the
parentaktratgjiesfor oneagentthanfor theotherone. This mayinduceakind of
(asymmetricdelayin theadaptatiorprocesswhichwould beaninterestingopic
for furtherstudies.
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A Appendix: Pseudo Code

Thepseudo-codef theevolutionarymodelis givenin Table3. Thecomputerpro-
gramis written in the Java softwarelanguaggversionl1.2.2). Parametessettings
aretakenfrom Table2.
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IN [N

A OWDNPE

begin programMAIN
generatiorr O
Generatdwo populationgpops.)of p= 100stratgies
parerts = list of stratejiesin pop.i € {1,2}
Initialize the chromosomef eachstratey in parerts fori=1,2
Calculatefitnessparents
for i = 1,2do calculateFitnesg@arerts)
Reportresults
Startmainiterationloop
generation= generationt 1
Generateffspring
of fspring' = list of offspringfor pop.i € {1,2}
fori = 1,2do generatedspring(parerts')
Calculatefitnessoffspring
fori = 1,2 do calculateFitness( f spring')
Collectsurvivors (parentdor the next generation)
fori = 1,2do parerts := selSurwors(parerts,of fspring')
Recalculatditnessparentgcontext haschanged)
fori = 1,2do calculateFitnesgarerts)
Reportresults
Repeaf’ throughl2 until the maximumnumberof generationss reached
endprogramMAIN

procedurecalculateFitness{rategie9
Selecta stratgy from srategies
Selectopponenstratgies(from the otherpop.)
if stratgy € { parertst,of fspring'} cortext := parens’,
elsecortext := parerts
Selectsubsebf 25 opponenstratgiesfrom cortext
Playbamgaininggameagainstheseopponents
Fitnessstratgy is meanpayof obtainedn these25 games
Repeatl-4for all stratgiesin srategies

procedurggeneratedépring(parerts)
Selectparentfrom parerts
Form offspring by mutatingthis parent
Repeatl and2 until A = 100offspring have beenformed
Gatherall offspringin list of f spring'

procedureselSurwors(parerts,of fspring)
Returny fitteststratgiesfrom unionof parertsandof fspring

Table3: Pseudo-codéor the evolutionarymodel. Model settingsarethe sameas
in Table2. Namedfor populationsof stratgiesareindicatedin italics.
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