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Abstract
In this chapter, we presenta multiagentsystemarchitecturefor dynamic

coalitionformationandcoalitionstrategy learningin a realtimemultisensortar-
get trackingenvironment.Agentsoperateautonomously, andthey have incom-
pleteinformationabouttheirpotentialcollaborators.In addition,accuratetarget
trackingrequiresthatmultiple agentsrecognizeandsynchronizetheir actions–
collectingmeasurementson thesametargetwithin thesametime frame.There-
fore someform of cooperationis necessary. In our system,agentsform coali-
tions via multiple 1-to-1 negotiations. However, due to the noisy and uncer-
tain propertiesof the environment,coalitionsformed can be only suboptimal
andsatisficing.To betteradaptto changingrequirementsandenvironmentdy-
namics,eachagentis capableof multiple levelsof learning.Eachlearnsabout
how to negotiatebetter(case-basedlearning)andhow to form a coalition bet-
ter (reinforcementlearning). To increasethechanceof reachinga high-quality
negotiateddeal,our work alsoaddressesissuesin taskallocationanddynamic
utility-basedprofiling.
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In this chapter, we describea satisficing,negotiated,andlearningcoalition

formationarchitecture.Our focusis onformingdynamicmultiagentcoalitions
for trackingtargetsin anoisyanduncertainenvironment.A coalitionis agroup
of agentsthatcollaborateto performataskthatis generatedasaresponseto an
event thathasoccurredin theenvironment.A dynamiccoalitionis onethat is
formedin responseto aneventanddissolvedwhenthateventno longerexists
or whenthetasksrequiredto respondto thateventarecompleted.A coalition
is necessarywhenanagentcannotrespondto aneventby itself dueto lack of
information,knowledge,functionalcapabilities,or otherresources.Therefore,
anagentforms a coalitionwith otheragentsthat it believescanbeof help in
solvingaproblem.

In general,an agentprefersto form a coalition that is optimal to maxi-
mizetheyield of thesystemasawhole.To facilitatesuchoptimalrationaliza-
tion, the coalition-initiatingagentneedsto have completeinformationabout
its world andits neighboringagents.In our problemdomain,agentshave in-
completeinformation,maintaindifferentinformationbases,andmustreactin
realtimeto eventsthat they encounter, andcannotafford optimality. How re-
sourcesareusedandsharedmotivatedus to designmethodologiesthatallow
eachagentto beconsciousof its own local resourcesandalsothoseit shares
with otheragentssothatcoalitionscanbeformedin themostefficientmanner
possibleunderthe circumstances,andtargetscanbe tracked aswell aspos-
sible. Hence,our coalition formationarchitecturedealswith coalitionsthat
aresuboptimalandsatisficing,sincenoiseanduncertaintyin theenvironment
precludethepossibilityof anoptimal,fully rationalcoalitiondesign.

In our work we are interestedin improving the quality of a coalition for-
mation processand the quality of a coalition in termsof its future tracking
performance.Our coalitionformationmodelis adaptive andtakesrealtimeis-
suesinto consideration[SohandTsatsoulis2002a,SohandTsatsoulis2002b].
An initiator agentstartsthecoalitionformationprocessfirst by selectingmem-
bersin the thatagent’s neighborhoodthatarequalifiedto bepartof an initial
coalition,andthatthecoalitioninitiator believes(basedonexperience)thatare
mostlikely to acceptits requestfor sharingof resourcesandtasks.A neigh-
borhoodof anagentconsistsof all otheragentsthat theagentknows abouta
priori. After selectingits potentialcoalitioncandidates,theagentevaluatesthe
statusof thesecandidatesto rank themin termsof their respective potential
utility valuesto the intendedcoalition. Following this rankingstep,we apply
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a numberof methodsfor assigningtasksto theinitial coalitionmemberssoas
to maximizethepossibilityof all tasksbeingperformed.The taskallocation
processtakesinto accounttheabilitiesof agents,their previousbehavior, and
thedynamicsof theenvironment.

Next theagentinitiatesnegotiationrequeststo thetop-rankedcandidatesin
orderto attemptto convince themto join thecoalition. In argumentative ne-
gotiationagentsrequestthe sharingof resourcesandjustify their requestby
providing arguments,suchas their own work load, their capabilitiesto pro-
vide the requestedresourceor service,anddomain-specificinformationsuch
astargetlocationandvelocity. In ourwork anagentmayacceptthearguments
suppliedby its negotiationpartnerandpartwith someof theresourcesit con-
trols,or it maycounter-offer by offeringapartof whatis beingrequested,or it
mayoutrightrefusetherequest.In thetwo lattercases,theargumentationbe-
tweenagentscontinuesuntil adealis reached,adealis consideredimpossible,
or time lapses.Thenegotiationprocessis guidedby a protocolthat indicates
what argumentsmay be presentedfirst, which counter-offers may be made,
what is the willingnessof an agentto agreeto a deal,andso on. The proto-
col is situatedandis derived from thestateof theagent(e.g. numberof tasks
beingperformedor alreadycommittedto), the stateof the target (e.g. speed
andlocation),andthestateof theworld (e.g.how many otheragentscanpro-
vide the requiredresource).Sincetheseareall dynamic,we have chosento
useCase-BasedReasoning(CBR) to retrieve themostpromisingnegotiation
protocolfrom a casebaseof previously usedones.CBR allows usto retrieve,
adapt,andthenapplya negotiationprotocolthat is bestsuitedto thespecific
situationin the environment,makingour negotiationtechniqueadaptive and
dynamic. Casesof negotiationsarealsosaved andlearned,allowing thesys-
temto improve its negotiationperformance,leadingto betterdeals.

In theend,thecoalitionmayfail to form becausethecandidatesmayrefuse
to cooperate,or the coalition may form successfullywhenenoughmembers
reacha deal with the initiating agent. Finally, the initiating agentsendsan
acknowledgmentmessageto the coalition membersto announcethe success
or failureof theproposedcoalition. If thecoalitionformationattemptresulted
in success,thenall coalition membersthathave agreedto join will carry out
their respective tasksat theappropriatetime. Thisapproachis opportunisticas
thegoal is to obtaina satisficingcoalitionandthesuccessof theformationis
not guaranteed.This is the risk that eachagentis willing to take: the utility
of respondingtimely to a problemis dominatingthe utility gainedfrom the
quality of the solution, sincethe domainis time-critical anddynamic. In a
way, an agenthasno choicebut to attemptand acceptfailures in coalition
formationseveraltimesaslongasthefailuresarequickly reached.
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Our negotiatingagentsbehave basedon a setof social characteristicsthat

aresharedby all of them. Specifically, the sensor-controlling agentscanbe
describedas:

1 Autonomous: Eachagentrunswithout interventionfrom humanusers.
It maintainsits own knowledgebase,makesits own decisions,andin-
teractswith thesensorit controls,neighborsandenvironment.

2 Rational: Eachagentis rationalin that it knows what its goalsare,and
it canreasonandchoosefrom asetof optionsandmakeanadvantageous
decisionto achieve its goal[WooldridgeandJennings1995].

3 Communicative: Eachagentis able to communicatewith others,by
initiating andrespondingto messages,andcarryingout conversations.

4 Reflective (or Aware): Accordingto [BrazierandTreur1996],a reflec-
tive agentreasonsbasedon its own observations,its own information
stateand assumptions,its communicationwith anotheragentand an-
otheragent’s reasoning,and its own control or reasoningandactions.
By being reflective, eachagentis time-awareand situationallyaware.
Whenanagentis time-awareit observestime in its decisionmakingand
actions.Whenanagentis situationallyawareit observesthe resources
that it shareswith otheragents,its currenttasks,messages,profilesand
actionsof its neighbors,and the externalchangesin the environment.
However, we requireastrongerlevel of situationalawareness.An agent
alsoobservesits own resourcesthatsustainthewell-beingof theagent.
For a hardwareagent,theseresourcesmaybethebatterypower, thera-
dio frequency links, andso on. For a softwareagent,theseresources
maybeCPU,RAM, diskspace,communicationchannels,andsoon.

5 Adaptive: Eachagentis ableto adaptto changesin theenvironmentand
learnsto performa taskbetter, not only reactively but alsofrom its past
experience.

6 Cooperative: Eachagentis motivatedto cooperate,if possible,with its
neighborsto achieve globalgoalswhile satisfyinglocal constraints,and
doesnotknowingly lie or intentionallygive falseinformation.

We requirethat all agentsbe capableof negotiationin which they sharea
commonvocabulary thatenablesmessageunderstanding,andthateachagent
knows whatresourcesmaybeusedor controlledby anon-emptysubsetof the
other agentsin the environmentso that it candeterminewhom to negotiate
with. In ourparticulardomainof application,eachagentcontrolsthesameset
of resources,sinceeachonecontrolsthesametypeof sensor. Also, eachagent
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usesthesamenegotiationmethodologybasedoncase-basedreasoning,but the
individual casebasesdiffer dueto theexperiencesof individual agents.

Formally, our multi-agentsystemarchitectureis definedasfollows. Sup-
posethatwedenoteamultiagentsystemas î . Supposethatwedefineaneigh-
borhoodof an agent ï:ð , ñ�ò³ó , suchthat ñ�ò³óõôöî , ñ�ò³ó�÷øúù , and that the
agent ï:ð knows aboutall otheragentsin the neighborhood.Thus, we haveïkð¡ûXï²ücýþñ�ò³ó�û¡ÿ�������ï:ðSûXï²ü�� where ���
	²û��
� meansagent	 knows abouttheex-
istenceof agent � and can communicatewith agent � . A neighborhoodis
differentfrom a teamasdefinedin [Tambe1997],sincea teamis task-driven
andis formedamongasetof agentsto accomplisha task.A neighborhood,on
theotherhand,is asubsetof agentsof themultiagentsystemthatcouldform a
team.In ourparticulardomainof application,aneighborhoodconsistsof aset
of agentsthatcontrolsensorsthatarephysicallycloseto eachotherandwhose
sensingcoverageoverlap. So, in our multi-agentsystemî , thereis a setof
neighborhoods,î ø�� ñ�ò��bûTñ�ò��gûTñ�ò���� , andeachneighborhoodcanform any
numberof teams.Neighborhoodsdo notnecessarilyhave thesamenumberof
members,andneighborhoodsmayevensharemembers.

In Section1.2 we presentthe formation of the initial coalition basedon
theagents’previous experienceswith their coalition partners.In Section1.3
we discusshow an agentcanallocatetasksto the coalition members.Sec-
tion Section1.4 addresseshow a resource-sharingcoalition is finalizedusing
our argumentative negotiationmodel,theapplicationof case-basedreasoning
(CBR),satisficingallocationalgorithms,andalsoaddressestheroleof learning
in our framework. In Section1.5 we discusshow thefinal allocationof tasks
andresourcesis announcedto the coalition membersandhow commitments
aremade.We presentanddiscussour simulationandexperimentalresultsin
Section1.6. In Section1.7webriefly discussrelatedwork to ourresearch,and,
finally, in Section1.8we presentourconclusions.��Å Æ
Ç�ÏqÈ>Ï�������Ê����SÏqÈ>Ï¡ÊQÇ��HÊ�É! "��È>Ï¡ÊQÇ

Whenpromptedby thechangesin theenvironmentto solve a new problem
anagenttakeson theroleof anegotiationinitiating or initiator agent.Theini-
tiator thendescribestheproblemparametricallybasedon what it observesin
theenvironmentandalsoon its own currentstate.This parametricdescription
helpsguidetheidentificationof coalitioncandidatesfrom amongtheneighbors
of the initiating agent.To establishwho canprovide usefulresourcesor per-
form certaintasks,theinitiator usesits knowledgeprofileof its neighborhood.
This knowledgeprofile consistsof thenameandthe communicationchannel
of eachneighboringagent,aswell asthe list of resourcesthat agenthasand
the tasksthat agentcanperform. By matchingthe neighborprofile with the
profile of the problem,the initiator selectscoalition candidatesandforms an
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initial coalition. Sincecomputationalresourcesare limited, andnegotiation
consumesCPU andcommunicationbandwidth,the initiator doesnot start to
negotiatewith all membersof the coalition at one time. Insteadit ranksits
potentialcollaboratorsandtheninitiatesnegotiationselectively with the top-
rankedagents.Rankingof thecoalitionmembersisdoneusingamulti-criterion
utility-theoreticevaluationtechnique.

The potentialutility of a candidateisa weightedsumof its ability to help
towardsthe problemat hand, its pastrelationshipwith the initiator, and its
currentrelationshipwith the initiator. Formally, we expresspotentialutility,$&%

,as$ %ò�')(Xó ø+* �
	 ð¡û�,Xü���- .�,0/213()465
7 (Xó���ï�8
û:9:�Tû;.�,3/=<?>A@�7 (XóB��ï�8ãû:9:�Tû�	��)C6/DCE9�F�(Xó���ï�8 û�,TüLû:9B�6G
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7 (Xó
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J 13()465
7 (XóM7 N
O , J <�>�@�7 (Xó
7 N
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J ()P�ðSQ ðS5RT07 (Xó67 N
O areweightsusedby the

agent	ãð to factorthreegroupsof attributes:pastrelationship,currentrelation-
ship,andtheabilityof thecandidateto performtherequestedtask. Note that,
ultimately, theseweightsmay be dynamicallydependenton the currentstate
of 	ãð andthe task ,Tü . The term,

$ %
is thepotentialutility of candidateagentï�8 , asseenby agent	ãð , and 9 refersto time. Theterm, .�,0/213()465
7 (XóB��ï�8ãû:9B� , is the

pastrelationshipvaluebetweenthecandidateï�8 andtheagent	ãð . The term,.Z,3/ <?>�@�7 (Tó ��ï�8ãû:9:� , representsthecurrentrelationshipvaluebetweenthetheini-
tiator andthecandidateagents.Finally, 	��)C6/DCE9�F�(Xó)��ï�8ãû�,Xü û:9:� , representsability
valueof thecandidateï�8 computedby agent	 ð .

The currentrelationshipis basedon the interactionsbetweentwo agents
at the time when the coalition is aboutto be formed. The pastrelationship,
however, is collectedover time,andit enablesanagentto adaptits behavior in
forming coalitionsmoreeffectively.

Ability: Theability valueis basedonasetof generalheuristicsanddomain-
specificcriteria.Thegeneralheuristicsare:

1 theuniquenessof a givenresourceor functionality thata candidatecan
provide relatedto theproblemat hand,

2 the quality of the resourceandfunctionality that a candidatecanoffer,
includingvolume,duration,efficiency, andsoon,

3 how many resourcesthatareusefulin solvingtheproblemthecandidate
has,or how many differentfunctionscanthecandidateperformtowards
solvingtheproblem.
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In addition to thesegeneralheuristics,evaluationalso involves domain-

specificcriteriawith which we examinethequality of the resourceandfunc-
tionality of thecandidatedriven by their applicability to theproblemat hand
asdeterminedby domain-specificrequirements.

Curr ent Relationship:Supposethat the maximumnumberof concurrent
negotiationsthatanagentcanconductis \ , thenumberof tasksthattheagent
is currentlyexecutingasrequestedby thecandidateis 9 , thenumberof all tasks
thattheagentis currentlyexecutingis ] , andthenumberof ongoingnegotia-
tionsinitiatedby theagentto its candidateis ^ . Then,thecurrentrelationship
valueis a weightedsumof thefollowing attributes:

negotiationstrainbetweentheagentandthecandidate:̂�_L\ ,

negotiationleveragebetweentheagentandthecandidate:9B_L\ , and

degreeof strainimposedon theagentby thecandidate:9:_3] .

Thefirst attributeapproximateshow demandingtheagentis of a particular
neighbor. The more negotiationsan agentis initiating with a neighbor, the
moredemandingtheagentis andthis strainstherelationshipbetweenthetwo
agents,andnegotiationmaysuffer. Thelasttwo attributesareusedasleverage
thattheagentcanuseagainstaneighborthatit is negotiatingwith.

Thecurrentrelationshipcanbecomputedreadily from thestatusprofile of
theagentof its tasksandthenegotiationprocesses.

Past Relationship:Supposethat

(a) thenumberof all previousnegotiationrequestsinitiatedby theagentto
thecandidateis \`,badce9gf�h�i:NAj ,

(b) the numberof all previous successfulnegotiationsinitiated from the
agentto thecandidateis \k,
adcl9gfZh�46m3nEn ,

(c) thenumberof negotiationrequestsfrom thecandidateto theagentthat
theagentagreesto entertainis \k,
a�ho9�f?c 4EmpnEn ,

(d) the total numberof all negotiationrequestsinitiatedby theagentto all
its neighborsis \`,badce5=>�5Ri:N�j ,

(e) the total numberof all successfulnegotiationsinitiated by theagentto
all its neighborsis \k,
a�ce5=>�5q46m3nEn ,

(f) thenumberof all previousnegotiationrequestsinitiatedby thecandidate
to theagentis \k,
a�ho9�f?cligN�j ,

(g) thenumberof all previous successfulnegotiationsinitiatedby thecan-
didateto all its neighborsis \k,
a�h�5=>�5q46m3nEn , and
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(h) thenumberof all previous negotiationsinitiatedby thecandidateto all

its neighborsis \`,ba�h�5=>�5RigN�j .
Thepastrelationshipvalueis aweightedsumof thefollowing attributes:

(a) thehelpfulnessof thecandidateto theagent:s N6t)u!5=>:v�w
xByDys NAt�uz5=>:v�{E|D} ,

(b) theimportanceof thecandidateto theagent:s N6t)u!5=>:v {E|D}s NAt�u�~��6~ {E|D} ,

(c) therelianceof theagenton thecandidate:s NAt�uz5=>:v wDx�y�ys NAt�u�~��A~�w
x�y�y ,

(d) thefriendlinessof theagentto thecandidate:s N6t)v�5=>gu w
xByDys NAt)v�5=>gu {E|D} ,

(e) thehelpfulnessof theagentto thecandidate:s N6t)v�5=>gu�w
xByDys NAt)v�~��6~Sw
xByDy ,

(f) therelative importanceof theagentto thecandidate:s NAt)v�5=>gu {E|D}s N6t)v ~��6~ {E|D} , and

(g) therelianceof thecandidateon theagent:s N6t)v�5=>gu�w
xByDys NAt)v ~��6~SwDx�y�y .

Theseattributesarebasedon datareadilyavailablewhenever theagentini-
tiatesa negotiation requestto one of the candidatesor whenever it receives
a requestfrom oneof its neighbors.The higher the valueof eachof the at-
tributes,the higher the potentialutility (

$ %
)the candidatemay contribute to

thecoalition.
Attributes(a)-(c)tell theagenthow helpfulandimportantaparticularneigh-

bor hasbeenandareusedto estimatethechanceof having a successfulnego-
tiation with thecandidatebasedon how thecandidatehasbehaved in its past
interactionswith theagent.Themorehelpful andimportantthatneighboris,
thebetterit is to includethatneighborin thecoalition. Attributesd-g imple-
mentasenseof socialreciprocityintheagentinteractionsin acoalition.Agents
areprogrammedto bemorewilling to assistotheragentsthathavebeenuseful
to them in the past. So, the agentexpectsa particularcandidatethat is has
helpedin thepastto begratefulandmorewilling to agreeto a requestbased
on theagent’s friendliness,helpfulness,andrelative importanceto thatcandi-
date.Finally, theinitiator makesuseof thepotentialutilities to carryout task
allocationsandassignments.Basedon theoverall potentialutilityof theinitial
coalition,theinitiator maywantto lower its demandsto improve thechanceof
formingacoalition.By thesametoken,if thepotentialutility of acandidateis
high, thentheinitiator maywantto askmorefrom thatcandidate.

Whenanagentapproachesa candidate,thecandidateexaminesits current
andplannedactivities againsttherequestedtask. If thecandidaterealizesthat
therequestedtaskis doable,thenit agreesto negotiate.Otherwise,it refuses.
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After an initial coalition containingagentsthat is believed will be willing
to help in the task is formed,the initiating agenthasto decidehow to prop-
erly requesttasksor resourcesfrom eachinitial coalitionmember. Previously
SohandTsatsoulisproposedseveral resourceallocationalgorithms[Soh and
Tsatsoulis2002c],which we summarizehere.Thegoalsfor thedesignof our
allocationalgorithmsinclude improving the chanceof a final coalition for-
mationon time andwith incompleteinformation, the robustnessof the final
coalitionformation,andtheability of thefinal coalitionto changedynamically.

After theinitial coalitionis determined,theinitiating agentneedsto design
a taskallocationplan.Basedon the potentialutilityof a candidateagent,the
initiating agentmatchesa particulartaskin theplanto a candidate.If thereis
at mostonetaskassignedto a candidate,we call the assignment1-to-1, and
many-to-1otherwise. We identified four (non-exclusive) typesof allocation
algorithms,priority-based, flexibility-bounded, greedy, andworried.

Priority-Based:In this scheme,we rank eachsubtaskbasedon the maxi-
mum potentialutility of eachcandidateperformingthat subtask. Given the
ranked list, the agentfirst assignsthe top-ranked subtasksto their respective
candidates.As a result,it is possiblethata candidatemaybeoverloadedwith
all subtasksandanothercandidatedoesnot receive any assignment.

Flexibility-Bounded:The numberof coalition membersthat an initiating
agentcan approachis boundedby its available resource. For example, the
numberof coalitionmembersto beapproachedis determinedby thenumberof
negotiationtasksthatcanberuncurrently, andtheavailability of computational
resourcethat theagentcurrentlyhasto supporttheeventualnegotiations.As
a result,we have to performlazy taskshuffling that triesto dumpall theextra
assignmentsinto thefirst (andtop-prioritized)task-candidatepair. Thismaybe
rational,asthefirst candidateassociatedwith thetop-prioritizedtask-candidate
pair is morelikely to becomeausefulcoalitionmember.

Imperfect Coalition and GreedyAlgorithms: Whenan initiating agentis
facedwith a dilemmawhereit hasmorenegotiationsto performthan it has
availableresourcesto conductnegotiationswith its coalitionmembers,it either
quits or continueswith as many negotiationsas possibleto recruit as many
coalition membersas possible. This is feasiblesinceeachagentis capable
of forming a coalitiondynamicallyon its own, and,if the initiating agentcan
get themessageout, thenthehopeis that thecoalitionmemberswill passthe
messagealongto theirown coalitionmembers.So,aninitiating agentdoesnot
necessarilyhaveto planfor aperfectcoalitionsolutionfor anevent.Moreover,
it is unlikely to build a perfectcoalition solution even with a perfectplan,
sincethe coalition formationprocessissubjectedto dynamicchangesin the
environment,noise,messageloss,refusalstonegotiate,andfailednegotiations.
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Thegreedyalgorithmmakesuseof a modifiedprioritizedutility scorecalled
the focusedutility thatemphasizesin all thesubtasksthatthecandidateknows
how to perform,from theviewpoint of the initiating agent.If a candidatehash functionalcapabilitiesthat suit thesubtasksthat the initiating agentwants
done,thenit has h suchfocusedutility values.For example,if thecandidate
doesnot do subtask] well, but doesother taskswell, then the agentmay
assignsubtask] to thecandidate.An initiating agentbecomesgreedywhen
practicingtheabove algorithmbecause

1 it triesto minimizeits own rationalizationandcomputingprocess,

2 it selectsthecandidatewith thehigheroverall utility valuesto approach
hopingfor asuccessfulnegotiation,

3 it caresmostlyabouthigh- priority tasks,

4 it tries to maximizeits chanceof gettinga particulartaskdoneby in-
cludingsub-utilitiesin thefocusedutility evaluation,and

5 it hopestoshift its responsibility(partially)to thecandidatesviasuccess-
ful negotiations,expectingthecandidatesto spawn their own coalitions
to helprespondto theevent.

Insuranceand Worried Algorithms: Sincenegotiationscannotbeguaran-
teedto bealwayssuccessful,someinitial candidatesmaybedroppedfrom the
final coalition. This alsoimplies that, if an initiating agentreliestoo heavily
ononeparticularcandidate,theinitiating agentmaylosea largeportionof the
coalition’s utility. So, in the taskallocationandassignmentprocess,we can
build in someinsurancepolicies(i.e.,somealternative plans)at leastto absorb
the impactof suchscenarios.Of course,an initiating agentconsidersthese
plansonly whenit hasenoughcomputationalresourcesto do so.

A worried algorithmassignsa subtaskto multiple candidates.First, it as-
signseachsubtaskto the candidatewith the highestability performingthat
subtask.Then,if therearecandidatesthathave not beenassigneda subtask,
thealgorithmgoesthroughanotherroundof insuranceassignments.Thealgo-
rithm stopswhenall thecandidateshavebeenreached.Notethattheinsurance
assignmentsasaresultof theworriedalgorithmswill beabortedoncetheiniti-
atingagenthasachievedasatisfactorycoalition(e.g.,asdifferentnegotiations
completewith successes).

Over-Demanding and Caps It is possiblethat the lazy andgreedyalgo-
rithms may end up assigningall tasksto a single agent. This becomesan
over-demandingscenariothatcomplicatesthenegotiation,and,asa result,the
coalition may suffer. Hence,the numberof assignmentsfor a candidatehas
to beboundedby a capthat canbe determineddynamically. For example,if
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theprimarytaskthattheinitiating agentwantsthecandidateto performis ex-
tremelyimportant,or highly unique,thenit is betterfor theinitiating agentnot
to be over-demandingin its approachto thecandidate.On theotherhand,if
thecandidatehasbeenvery helpful andfriendly, thentheinitiating agentmay
beableto take advantageof thatrelationshipby over-demanding.

Supposewedenotethecapfor anassignment� for candidateï�8 as �
���b�;ò�' ,
then �
���b�;ò '&���B�
� �)�:�
� 7 ��  ��ï�8 û:9B� , �
���b�;ò '&���B�
��¡0¢:£ 7 ��  ��ï�8ãû:9:� , and�
���b�;ò�' � X _�¤d¥
¦ � ¦
§
¨ ��  ��ï�8ãû�,Xü û:9:� .

Thesecapscanbeinsertedinto all thealgorithmsaboveto preventtoomany
assignmentsto asingleagent.©HÅ ��Ê����SÏqÈ[Ï¡Ê�Ç�� ÏSÇl���SÏ�ª«��È[Ï¡Ê�Ç

After obtainingthe initial coalitionandthecoalitioncandidatesrankedac-
cordingto their respective potentialutility values,andafter assigningtasksto
eachone,the initiator invokesthecoalitionfinalizationstepthat is performed
usingargumentative negotiation.Thetaskallocationstepcreatesa negotiation
requestfor eachmemberof the initial coalition; thecoalition initiating agent
will approachtheagentandnegotiatewith it for theresource/taskallocatedto
it. Ouragentsuseavariationof theargumentativenegotiationmodel[Jennings
et al. 1998] in which it is not necessaryfor themto exchangetheir inference
modelwith theirnegotiationpartners,sincethey areassumedto sharethesame
reasoningmechanism.In addition,we assumethatanagentreasonsrationally
andin goodfaith,andis cooperative. Notethataftertheinitial coalitionforma-
tion, theinitiator knowswhocanandmighthelp.Hencethegoalof negotiation
is to find out who is willing to help. Beforedescribingour negotiationmodel,
we introducesometerminology: an initiator or initiating agentis the agent
that requiresa resourceandcontactsanotheragentto starta negotiatingses-
sion,anda respondingagent(or responder)is theonethat is contactedby the
initiator (Seealso[SohandTsatsoulis2001a]).

First, the initiator contactsa coalition candidateto starta negotiatingses-
sion. Whenthecandidateor responderagreesto negotiate,it computesa per-
suasionthresholdthat indicatesthe degreeto which it needsto be convinced
in orderto free or sharea resourceor performa task. Alternatively, onecan
view thepersuasionthresholdasthedegreeto which anagenttriesto hold on
to a resource.Subsequently, the initiator attemptsto convince the responder
by sharingpartsof its local information. Theresponder, in turn, usesa setof
domain-specificrulesto establishwhethertheinformationprovidedby theini-
tiator pushesit above a resource’s persuasionthreshold,in which caseit frees
thenamedresource.If theresponderis notconvincedby theevidentialsupport
providedby theinitiator, it requestsmoreinformationthatis thenprovidedby
the initiator. Thenegotiationcontinuesbasedon theestablishedstrategy and
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eventuallyeithertheagentsreachanagreement,in which casea resourceor a
percentageof a resourceis freed,or thenegotiationfails. Notethat,motivated
to cooperate,the responderalsomakes a counter-offer when it realizesthat
the initiator hasexhaustedits argumentsor whentime is runningout for the
particularnegotiation. How to negotiatesuccessfullyis dictatedby a negotia-
tion strategy,whicheachagentderivesusingCBR.CBRgreatlylimits thetime
neededto decideon a negotiationstrategy, which is necessaryin our realtime
domainsincetheagentdoesnothave to computeits negotiationstrategy from
scratch.©HÅSÄ ¬+­��yÊyÈ>Ï���È[Ï¡Ê�Ç¯®QÈ>É°��È�­��;±

We definea negotiation strategyas the setof guidelines(or protocol) that
govern the behavior of an agentduring a particularnegotiation. In contrast
to otherwork in negotiationwherethenegotiatingpartiesfollow a predefined
staticprotocol,our agentsdynamicallyestablisha new strategy dependingon
theircurrentstateandthestateof theworld. Thegoalis to situateanegotiation
andto improve the chancesof its successby taking into accountthe dynam-
ically changingworld state. This is accomplishedby using CBR to select,
adapt,andeventuallylearnnegotiationstrategies.

Sinceinitiating a negotiationandrespondingto onearefundamentallydif-
ferent tasks,eachagenthastwo differentcasebases,onewith strategies for
initiating negotiationsandonewith strategiesfor respondingto negotiationre-
quests.Casesof both initiating andrespondingnegotiationstrategiesusethe
samedescriptionlanguage,but they involvedifferentstrategies.Eachcasealso
containsthenegotiationstrategy thatwasusedin thepasttogetherwith theout-
comeof thatnegotiationthatmay indicatewhethertheoffer wasacceptedor
rejected,andwhetherthenegotiationranoutof time or ranoutof resourcesto
continuefurther. Thestrategy tells theagenthow to conductthenegotiation.
For theinitiator, thenegotiationstrategy includesthefollowing:

1 a ranking of the classesof information it should useasarguments:
during a negotiation,eachagentattemptsto minimize the numberand
the lengthof messagesit sends,sincewith fewer messagesthe agents
canavoid messagelossdueto communicationfailures,andreducetraf-
fic amongtheagents.Theagentswant to sendshortmessagesaswell,
since the transferof suchmessageswould require less time and less
bandwidth.Thus,it is importantfor aninitiating agentto decidewhich
informationpiecesaremoreimportantto sendto therespondingagent

2 time constraint: how long(in realtime)theagentshouldbenegotiating,
sincethe target may leave the sensingareacontrolledby the current
agent
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3 number of negotiationsteps:astepis a completenegotiationcommu-

nicationactwheretheinitiator sendsargumentsandtherespondermakes
acounter-offer or requestsmoreargumentsto beconvinced.Clearlythe
morestepsthatareallowedthehigherthechanceof reachinganagree-
ment,but alsothemoretimeandresourcesarespent

4 CPU usage:moreCPUresourcesfor anegotiationmeanfasternegotia-
tion, but alsolessCPUavailablefor othertasks.

The responderhasa slightly differentnegotiationstrategy. It sharessome
elementsof theinitiator’sprotocol,specificallythetimeconstraint,thenumber
of negotiationsteps,andthemaximumCPUusage,but it alsointroducestwo
moreparameters:

1 power usage: this defineshow muchpower theresponderis willing to
useto turn on its sensor

2 persuasionthr esholdsfor resources: aswe alreadymentioned,each
resourcehasa persuasionthresholdassociatedwith it whichdetermines
how difficult it will be to convince the responderto free the resource.
The resourcesareradarsectorsfor performingdifferent typesof mea-
surementsrequiredto track a target, CPU allocation,andusageof the
RF communicationchannels.Discreteresourceslike turningon a radar,
have a single-valuedpersuasionthreshold. Continuousresourceslike
CPUhave a linearor anexponentialfunctionassociatedwith them.For
example,if an initiator convincesa responderby degreeX, thenthere-
sponderis willing to free \³² of its CPU allocation;if it is convinced
by degree �D´µW�¶·� it will be willing to free �
\µW¹¸��:² of its CPU,
where \ ø �º�D´³� , ¸ ø �º�D´»W¼¶·�º½¾�º�D´k� , where � is eithera linear
or anexponentialfunction,chosenappropriatedependingon thecurrent
scenario.

3 persuasionfunctions: eachis eithera linear or an exponentialfunc-
tion. We have chosenthesetwo typesof functionssincethey areeasy
to computeandrepresenttwo differentconcedingbehaviors. Thelinear
function hasa uniform concedingrate,andthe exponentialfunction is
morewilling to concedequickly. Thus, in situationswherea dealhas
to be madequickly, an agenttendsto choosean exponentialfunction
to guideits negotiation.Eachof theabove functionsis modifiedby two
parameters:concedingrateandwillingnessfactor. Theconcedingrateis
theslopein thelinearfunctionandthecurvaturein theexponentialfunc-
tion. The willingnessfactor is the amountof resourcethat an agentis
willing to give up whenthereis zeroevidence.With a persuasionfunc-
tion, therespondingagentalsomakescounter-offerswhenit realizesthat
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it is aboutto run out of the time that it hasallottedfor a particularne-
gotiation task, or when the initiating agenthasno more argumentsto
provide.©HÅA� ¬+­��yÊyÈ>Ï���È[Ï¡Ê�ÇK¿ É>ÊyÈ
ÊWÍ0Ê��

Figure1.1 shows our negotiationprotocolasa statediagrambetweentwo
agents,	 and � . In thefigure,squaresrepresentterminalstates,andthedouble-
circle is theinitial state.
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Thenegotiationprotocol

State0 is the initial state. State1 is the first handshake state,indicating
whetherthe initiated negotiationwill be entertained.State4 is the initiating
statewhile state5 is the respondingstate. The initiating stateis wherethe
initiating agent, 	 , returnsto, basicallythe processingloop of the negotiator
module. The respondingstateis wherethe respondingagent, � , returnsto,
respectively. Agent 	 initiatesa negotiationrequestto agent � by sendingan
INITIATE message(initiate(	 , � )), andthestatetransitionsto state1. At this
juncture,therearefour possiblescenarios.First, agentb mayoutright refuse
to negotiateby sendinga NO GO message(no go(� ,	 )). This resultsin a fi-
nal stateof failure (state2, rejected).Second,agentb may outright agreeto
the requestedtaskby sendingan AGREE message(agree(b,a)).This results
in a final stateof success(state3). Third, agentb maydecideto entertainthe
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negotiationrequestandthussendsbackaRESPONDmessage(respond(b,a)).
This transitionsthe stateto 4. Fourth, theremay be no responsefrom agent
b. Thusagenta, after waiting for sometime, hasno choicebut to declarea
no response(no response(a))and moves to a stateof failure (state8, chan-
nel jammed).Whentheagentsmove to state4, theargumentative negotiation
beginsanditeratesbetweenstates4 and5 until onesideoptsoutor bothsides
opt out or both sidesagree. During the negotiation,agent 	 provides infor-
mationor argumentsto � by sendingINFO messages(info(	 , � )). Thenagent�
demandsinformationor argumentsfrom 	 by sendingMORE INFO messages
(more info(� , 	 )). If agent 	 runsout of arguments,it sendsa INFO NULL
messageto � (info null( 	 , � )). If agent� runsoutof patience,it makesacounter-
proposalby sendinga COUNTER messageto a (counter(� , 	 )). Thenagent	
can agreeto the counter-offer (agree(	 , � )), and the agenttransitionsto the
stateof success(state3), or providemoreinformation(info(	 , � )) asrequested,
or provide no information(info null( 	 , � )) if it hastime to do so, hopingthat
agent� might comeupwith abetteroffer, or simplydisagrees(abort(	 , � )).

Thus,aninitiating agentwill alwaysnegotiateuntil it hasrunoutof timeor
whenthe respondingagentoptsout. However, an initiating agentmay abort
a negotiation,and this is wherethe conditionscomeinto play. If the agent
realizesthatit hasalreadyobtainedwhatit wantsfrom othernegotiationshap-
peningin parallel,thenit abortsthecurrentnegotiation. If theagentrealizes
thatit no longercaresaboutthecurrentnegotiation,thenit aborts.Thesecon-
ditionsarebasedondesiresandintentions,which, in turn,arebasedonbeliefs
of the agent. Whenan agentruns out of time, it issuesan OUT OF TIME
messageto the other agentand quits the negotiation with a failure (state6,
out of time). Whenanagentaborts,it issuesanABORT messageto theother
agentandquitsthenegotiationwith afailure(state7, abort). Finally, whenever
anagentdoesnot hearfrom theotheragentwithin anallowed time period,it
assumesthat thecommunicationchannelhasbeenjammedor congested,and
thenit quitswith a failure(state8, channeljammed).

Note thatwe distinguishNO GO, STOP, OUT OF TIME, andABORT in
theabove protocol.With theabove differentendstates,agent	 candetermine
whetherthenegotiationhasfailed,becauseit hasexhaustedall its arguments
(STOP). Otherwise,it subsequentlylearnsfrom thefailure.©HÅE� �Á�;��­«Â�ÃÄ�;��­4ËÆÅÇ­��;�
ÊQÇÎÏSÇl�µÈ��ÉÃ¾Å¹Ê

A casecontainsa problemdescription,a solution,andan outcome. The
problemdescriptiondescribesthe stateof the agent(tasksit is performing,
stateof theradar, its battery, etc.),thestateof the target (currentlocationand
speed,projectedpath,targettype,etc.),andthemodelof thepotentialcoalition
members(how many, thenumberthatactuallywereusedin negotiation,their
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capabilities,etc.) at the time beforenegotiationis to take place.Thesolution
is anegotiationstrategy (Section1.4.1).

CaseSelectionand Retrieval:TheCBRcomponentof eachagentevaluates
casesusingweightedmatchinganddifferentmatchingfunctionsfor different
attributes.After evaluation,themostsimilarcaseswill beselected.However, if
thereis morethanonecasewith thesamesimilarity score,theCBRcomponent
thencomparesthe outcomeof the negotiationsandselectsthe casewith the
bestoutcome.

CaseAdaptation:Giventhesetof negotiationstrategiesfrom thebestcase,
the CBR componentadaptsthe parametersbasedon the differencebetween
the new caseand the bestcaseand also basedon the outcomeof the best
case. Sinceeachcaseis situated,the set of negotiation parameterslearned
from the bestcasemight not be applicablein the currentcase. Hence,the
CBR componentmodifiestheparametersbasedon theperceived differences.
For example,if thecurrenttargethasa higherspeedthantheold targetof the
bestcase,thenwe allocatelesstime to conductthe negotiation. If the agent
is performingmoretaskscurrentlythanit wasin the retrieved case,thenthe
agentswouldwantto uselessCPUresources.

Furthermore,theCBRcomponentmodifiestheparametersbasedontheout-
comeof thebestcase.If thenegotiationof thebestcasefailed,andthis failure
wasbecauseof thenegotiationrunningoutof theallocatedtime, thenwe plan
for moretime. If thenegotiationfaileddueto lack of CPUresources,thenthe
agentasksfor moreCPU. In this manner, agentsareableto learnfrom their
experiencesa ”good-enough,soon-enough”setof negotiationstrategies,and
they areableto learnhow to avoid repeatingpastfailures.

CaseStorageand Learning:After anegotiationis completed(successfully
or otherwise),theagentdelegatesthecaseto theCBR componentfor storage
andlearning. SeeSection1.4.4.2for moreon this topic. The heuristicswe
useto evaluatethesimilarity of two casesduring retrieval arevery similar to
thosewe useto evaluatethedifferencebetweentwo caseswhendetermining
whetheranew caseshouldbelearnedor not. Duringretrieval, weuseweighted
normalizedrules to scoreeachcasein the casebaseand to selectthe most
similar casebasedonly on the situatedparameters.If therearetwo or more
suchcases,we selectthecasewith thebestoutcometo increasetheutility of
theretrieval. Duringthelearningphase,in additionto situationparameters,we
evaluatethesolutionparameters(i.e.,,thenegotiationstrategy parameters)and
theoutcome.Theheuristicsareweightedandnormalizedrulesaswell.©HÅ
© ËÌ­���É²ÇÎÏSÇl�

Learningis critical in ourcoalitionformationarchitecture.Inoursystem,the
coalitionsolutionsareonly satisficingandnot optimal. Without learning,our
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agentswill not beableto improve on their coalitionformationskills, andthey
will not beableto producecoalitionsthatarecloserto theoptimalin termsof
theresourcesused.

In our model,therearetwo levels of learning. First, every agentevaluates
theutility of its coalitioncandidatesvia reinforcementlearningof pastnego-
tiation outcomesandbehaviors. As a resultof this learning,anagentassigns
its taskrequirementsdifferently andapproachescandidateagentsin different
orders,basedon whatit haslearnedfrom its interactionswith its neighborsin
the past. Second,eachagentusesa CBR mechanismto learnusefulnegoti-
ation strategiesthatguidehow negotiationsshouldbe executedin the future.
Furthermore,an agentalsolearnsfrom its pastrelationshipwith a particular
neighborwhenconductinganegotiationwith thatneighbor. Thecollaborative
learningbehavior allows two negotiationpartnersto reacha dealmoreeffec-
tively, andagentsto form bettercoalitionsfaster.Í�ÎRÍ�ÎDÏ Ð�Ñ�Ò�Ó?Ô�Õ
Ô�Ö�×3Ø+Ù�ØzÓ?Ú ÛÜØ�Ò!Ý
Õ�×pÕDØ�Ô�Þ³ßÌÑà×0×pÑdÓdÎ

Our coalition
formation strategy is opportunistic,becauseit tries to form satisficingsolu-
tionswith no guarantees.Indeed,a coalition formationcannotbeguaranteed
sincethecommunicationmediumthatis availableto theagentsdoesnotguar-
anteedelivery of eachoutgoingmessage.In particular, messagessentin this
environmentmaybelost,corrupted,or jammed.To improvethechanceof suc-
cessfullyforming coalitions,our agentsemploy a learningmechanismaimed
at enablingthemto learnto form bettercoalitionsfasterin suchuncertainen-
vironments. When a coalition is initially formed, an agentis motivated to
go back to the sameneighbor(for a particulartask) that the agenthashad
productive relationshipin the past. Hencethe reinforcementlearning,which
strengthenspastgoodrelationshipswith otheragentsandweakensthosethat
have not beenas productive. When an initiating agentsendsover different
classesof informationto arguewith therespondingagent,oneof theinforma-
tion classesincludesa profile of the neighborincluding its pastrelationship
with therespondingagent.As a result,therespondingagentmayhave a rein-
forcedmotivation to agreeto a negotiationbasedon its previous interactions
with the initiating agent.Themoresuccessesthe initiator hashadwith a par-
ticular responder, the moreeffectively it canarguewith that neighbordueto
its reinforcement-learned attributes.

We alsouseCBR to retrieve andadaptnegotiationstrategies for negotia-
tions. When a negotiation is completed,the agentalso determineswhether
to learn the new case. The case-basedlearningis performedin two modes,
namely, in incrementalandin refinementmode.During incrementallearning,
anagentmatchesthenew caseto all casesin thecasebase,andif thatnew case
is significantlydifferentfrom all otherstoredcases,it storesthatnew casein
its casebase.Whenwewantto keepthesizeof thecasebaseundercontrol,we
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userefinementlearning,replacingthemostsimilarold casewith thenew case,
if thereplacementwill increasethediversity of thecasebase.Í�ÎRÍ�Î=á Ð�Ñ�Ò�Ó?Ô�Õ
Ô�Öâ×3ØäãäÑ�ÖzØz×pÕDÒ°×3ÑåßÌÑd×0×3Ñ�ÓdÎ

Beforeanegotiationcan
take place,anagenthasto defineits negotiationstrategy, which it doesusing
the retrieved mostsimilar case.Note thata betternegotiationdoesnot mean
onethatalwaysresultsin an accepteddeal;a betternegotiationis onethat is
effective andefficient, meaningthat a quick successfulnegotiationis always
preferred,but if anegotiationis to fail, thenaquickly failednegotiationis also
preferred. To formulatea new task,an agentcomposesa new problemcase
with a situationspace.Thenit retrieves the mostsimilar casefrom its case-
baseusinga weightedparametricmatchingon thesituationspaces.Giventhe
mostsimilarcase,theagentadaptsthatsolutionor negotiationstrategy to more
closelyreflectthe currentsituation. Equippedwith this modifiednegotiation
strategy, the agentproceedswith negotiation. Finally, when the negotiation
completes,theagentupdatesthecasedependingon theoutcome.

Refinementand IncrementalLearning: After anegotiationis completed
(successfullyorotherwise),theagentupdatesits casebaseusinganincremental
andarefinementlearningstep.Duringincrementallearning,theagentmatches
thenew caseto all casesin thecasebase,and,if thenew caseis significantly
different from all otherstoredcases,then it storesthe new case. Whenthe
agentcomputesthedifferencebetweenapairof cases,it emphasizesmorethe
casedescriptionthanthenegotiationparameterssinceits objective is to learn
casesthat cover as much of the problemdomainas possible. This kind of
learningimprovestheagent’s futurecaseretrieval andcaseadaptation.So,an
agentlearnsgoodanduniquecasesincrementally.

Wedefinethecasedifferencemeasureas
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for thenew case	 , andif this numberis greaterthana pre-determinedthresh-
old, thenthecaseis learned.
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Sincewewantto keepthesizeof thecasebasein check,especiallyto enable

quick caseretrieval andlow-costmaintenance, theagentperformsrefinement
learning.If thenew caseis foundto beverysimilarto oneof theexistingcases,
thenit computesthesumof differences(e.g., ÷ æ ¦ çÉ�
	°û��b� ) betweenthatold
caseandtheentirecasebaseminustheold case.It alsocomputesthesumof
differencesbetweenthenew caseandtheentirecasebaseminustheold case.
Thesecomputationsestablishtheutility of thenew caseandtheold case(that
theagentconsidersto replacewith thenew case).Theagentchoosesto keep
the casethat will increasethe diversity of the casebase.Thus,if the second
sumis greaterthanthefirst one,thentheagentreplacestheold casewith the
new one. In this manner, we graduallyrefinethecasesin thecasebasewhile
keepingits sizeundercontrol.ø�Å ��Ê����SÏqÈ[Ï¡Ê�Ç��'Í!ùHÇÞÊûúü��­4Ë��ý "­�Ç�È

After a coalition hasbeenagreedupon,meaningthat all negotiationtasks
have now terminated,theagenthasto acknowledgethecoalition. If thecoali-
tion is a failure, then the agenthasto sendout a discard messageto each
coalitionmemberthathasagreedto a deal,to cancelthedeal. If thecoalition
is asuccess,thentheagentmustsendoutaconfirmmessageto thesamecoali-
tion members.This acknowledgmentis necessaryfor effective taskplanning.
Coalition acknowledgmentenablesresponsiblecoalition formation: First, an
initiating agentis responsible,in thatit informscoalitionmembersof thesuc-
cessor failure of the coalition andreleasesthe coalition membersfrom their
agreementsin caseof acoalitionfailurecausedby othernegotiations.Second,
a respondingagentmayunilaterallyreleaseitself from its agreementif it does
not receive a confirmationof anagreedtask. This coalitionacknowledgment
stepis a featurethat allows the initiator to conductconcurrentnegotiations
asynchronously.þVÅ ÿ���� ­4É°Ï: "­�ÇQÈ���� ÅÇ­��>Ì&�qÈ��

In this section,we presentresultsfrom threesetsof experimentsthat we
have conductedwith our multiagentsystemappliedto the domainof multi-
sensortracking. In thefirst experiment,we studiedtherole of thecase-based
negotiationstrategy in negotiation. In thesecondexperimentwe investigated
theeffectivenessof our coalitionformationmodel.In thethird experimentwe
examinedthe impactof learningin coalition formationandnegotiationeffec-
tiveness.þVÅSÄ �Á�;��­«Â�ÃÄ�;��­4ËÆ¬¹­���Ê�È[Ï���È>Ï¡ÊQÇ¯®�È>É°��È�­���±

The experimentswe ran concentratedon evaluatingwhethernegotiation
would improve targettrackingperformance,andwhetherCBRresultedin bet-
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ter negotiationstrategies. Oneof our hypotheseswasthat negotiatingagents
wouldtracktargetsbettersincethey areableto coordinateradarmeasurements
amongmultiple agentsandachieve improved triangulationasa resultof this
coordinationthatresultsfrom negotiation.Anotherhypothesiswasthatnego-
tiationusingCBRwouldresultin bettertrackingthanusingastaticnegotiation
protocol,sinceCBRwouldallow dynamicadaptationof thestrategy to thecur-
rent situation. Our experimentsconfirm thesehypotheses.In additionto the
accuracy of tracking,we usedaspectsof intra-agentcommunicationasa mea-
sureof quality of performance,sincecommunicationis a potentialbottleneck
in scaling-upa multiagentsystem.For thecontribution of communicationto
the overall performanceof our system,we usedthe lengthof messages,the
frequency of thetypeof messages,anda metriccalledmessage cost, which is
definedasmessagelengthtimesmessagefrequency.

Wecomparedour systemto a multiagentsensorcontrollingnetwork where
thereis no communicationamongsensor-controllingagentsfor negotiationor
otherpurposes,exceptfor thecommunicationbetweeneachsensor-controlling
agentanda specialagent,the tracker, to which sensingdatais sentfor trian-
gulation. Therefore,in this setup,all that eachagentdoesis to make mea-
surementsof a target it detectsin its sensor’s coverageareaandsendthese
measurementsto the tracker agent.Next, we comparedour case-basednego-
tiating agentsto a systemwherenegotiationusesa predefinedstaticstrategy.
Weselectedthestaticstrategy carefullyto makesureit shouldbeadequatefor
mostcases.In general,theresults,summarizedin Figures1.2–1.5,werevery
encouraging.
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Trackingaccuracy vs. agentbehavior

Theagentswhich usedno negotiationsentalmost20%moremessagesbut
hadalmost27% worsetrackingaccuracy thannegotiatingagents.The non-
negotiatingagentsexchangedno messages,andonly senttheir measurements
to the tracking software. Sincetherewasno coordinationof measurements
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amongmeasuringagents,therewere too many messagessentto the tracker.
On the otherhand,we alsofound that suchmessagesareshortcomparedto
argumentsexchangedbetweenagentsduringnegotiation,resultingin a lower
messagecost(theproductof theaveragelengthandthetotal numberof mes-
sagessentper second.) Sincetherewas no cooperationto triangulatemea-
surements,the resultingtrackingaccuracy waspoor. The agentsthat useda
staticnegotiationstrategy faredworsethan the onesthat useda case-based,
adaptive strategy. Specifically, theagentsusinga staticprotocolsentapproxi-
mately10%fewer messages(thoughwith a slightly highermessagecost)and
hadalmost18% worseaccuracy thanthecase-basednegotiatingagents.The
messagecostis dueto the fact that thecase-basedagentschangetheranking
of theargumentsthey communicatebasedon thesituation.This rankingleads
to moreeffective communicationactsoverall. Theaccuracy is dueto thefact
thatcase-basedagentsadapttheir negotiationstrategy to thecurrentsituation
andhave a higherchanceof achieving agreementfor resourceallocation.On
theotherhand,agentsusingthestaticstrategy failedto agreemoreoften,and
this led to failureto performsimultaneousmeasurementsthatarerequiredfor
mostaccuratetracking.

Overall, our agentsexhibit all of thebehavior described.They useCBR to
selectandadapta negotiationstrategy, they have time andsystemawareness,
negotiatefor sensoruse,and learn the new negotiation strategies they have
developed. Most importantly, the agentsachieve the high-level goal of the
system:they tracktargetstraversinganareacoveredby multiplesensors.þVÅA� ��Ê����SÏqÈ[Ï¡Ê�Ç��ÞÊ�É! "��È[Ï¡Ê�Ç

In this experiment,the total numberof attemptsto form a coalition was
150. The total numberof coalitionssuccessfullyformed (after coalition fi-
nalization)was30, or 20%. The total numberof coalitionsconfirmedby all
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Percentageof successfulnegotiationsvs. negotiationstrategy type.A successful

negotiationis onethatcompleteswith a dealbetweenthetwo negotiatingagents

coalitionmemberswas26,or 86.7%of all successfullyformedcoalitions.Fi-
nally, thetotal numberof coalitionsexecutedon time was18,or 61.5%out of
all successfullyconfirmedcoalitions.

First,thepercentageof successfullyformedcoalitionswasonly 20.0%.Out
of the120failedattempts,86(71.7%)of themwerecausedby oneof thecoali-
tion membersoutright refusingto negotiate,17 (14.2%)werecausedby the
communicationchannelsbeingjammed,and17 (14.2%)werecausedby busy
negotiationthreads.Whenanagentinitiatesa negotiationrequestto a candi-
dateandthatcandidateimmediatelyrefusesto entertainthenegotiation,it can
bedueto therespondingagentnothaving idle negotiationthreads,or beingun-
ableto placetherequestedtaskinto its job queue.Thus,weexpectthis failure
rateto decreaseoncewe increasethenumberof negotiationthreadsallocated
per agent. Whenan agentfails to senda messageto anotheragent,or fails
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to receive an expectedmessage,we label this asa communication”channel-
jammed” problem. When an initiating agentfails to approachat least two
candidates,it immediatelyabortsthe othernegotiationprocessthat it hasin-
voked for the samecoalition. This causesthe coalition to fail. Second,the
probability of a successfullyformed coalition getting confirmedcompletely
was86.7%.For eachcoalitionsuccessfullyformed,threeconfirmationswere
required.Out of 30 coalitions,4 coalitionswereconfirmedonly by two of the
members.Thereweretwo reasonsfor this:

Theacknowledgmentmessagesentoutby theinitiating agentwasnever
receivedby therespondingagentexpectingaconfirmation.

Theagreedtaskhadbeenremovedfrom thejob queuebeforetheconfir-
mationarrived.

The failure of messagereceptioncould be dueto jammedcommunication
channelsor dueto randommessagelossdueto theunreliabilityof thecommu-
nicationchannelThesecondfailureoccurredbecauseof acontentionfor aslot
in the job queueby two separatetasks. Now, supposethat both negotiations
aresuccessful.The negotiationbetweenc and � henceendsfirst and then
thatbetweenc and h . Whenthefirst negotiationends,agentc addsthetask
requestedby � to the job queue.Immediatelyafter, whenthesecondnegoti-
ationalsoendssuccessfully, agentc addsthesecondtask,requestedby h to
thejob queue,andthis causesthesecondtaskto replacethefirst task.This is
aproblemwith over-commitment.

Third, theprobabilityof a confirmedcoalitiongettingexecutedwas61.5%.
Outof 26coalitionsconfirmed,only 16of themwereexecutedcompletely. Of
the10 failures,thereweretwo caseswherenoneof themembersexecutedits
plannedtask. Therewasonecasewhereonly oneof the membersexecuted,
andseven caseswhereonly two membersexecuted.Basedon the above re-
sults,we areinvestigatingsolutionsto addressthe following problemsin our
multiagentsystem:

ChannelJammed:Topreventnegotiationmessagesfromgettinglostand
holdingupnegotiationthreads,abetteruseof theavailablecommunica-
tion channelsis needed.This will increasesignificantlythechancefor
responseandacknowledgmentmessagesto bereceivedon time,and,in
turn, thesuccessrateof coalitionformation.

TaskContentionandOver-Commitment: Currently, if an agentis ap-
proachedby two other agentsfor two separatetasksaroundthe same
time slot, theagententertainsbothrequestsandmayrun into taskcon-
tentionin its job queueandover-commitment.
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Time Modeling: Sensor-relatedtasksmustbemodeledmorecloselyto
helpplanandschedulea compactandsensiblejob queue.We have per-
formedtimeprofiling onvariouscallsandhavefoundthatsensor-related
taskshaveahighvariancein theirexecutionduration.Weneedto deter-
mine the boundssuchthat a trackingtaskcanbe safelyscheduledand
expectedto beexecuted.þVÅE� ÿ����ö­4É²Ï: ð­�Ç�È°�ÉúþÏqÈ��KËÌ­���É°Ç�ÏSÇl�

We ran two basicexperimentsto examinethe impact of learning in our
agents. In the first, we investigatedthe effect of reinforcementlearning in
the quality of the resultingcoalition. In the second,we analyzedthe quality
of thenegotiationasa functionof learningnew casesof negotiationstrategies.
We concludedthat thequality wasbasedon thenumberof successfulnegoti-
ations,sincewhentheagentsreacha negotiateddealto jointly tracka target,
theoverall systemutility increases.Initial resultsindicatethattheagentsform
coalitionswith partnerswhoaremorewilling to accommodatethemin negoti-
ation,andthat thecaseslearnedarebeingusedin futurenegotiations.Agents
thatuselearningof negotiationcaseshavebetween40%and20%fewer failed
negotiations.Agentsthatusereinforcementlearningto determinefuturecoali-
tion partnerstendto preferneighborswho aremoreconceding.

We also conductedexperimentswith four versionsof learning: (1) both
case-basedlearningandreinforcementlearning(CBLRL), (2) only reinforce-
ment learning (NoCBL), (3) only case-basedlearning (NoRL), and (4) no
learningat all (NoCBLRL). Figure1.6 shows the result in termsof the suc-
cessratesfor negotiationsandcoalition formations. As thegraphindicates,
theagentdesignwith bothcase-basedlearningandreinforcementlearningout-
performedothersin both its negotiationsuccessrateandcoalition formation
successrate.Thatmeansthat,with learning,theagentswereableto negotiate
moreeffectively (andperhapsmoreefficiently aswell) that led to morecoali-
tions formed. Without either case-basedlearningor reinforcementlearning
(but not both), thenegotiationsuccessratesremainedaboutthesamebut the
coalitionformationratetendedto deteriorate.This indicatesthat,without one
of thelearningmechanisms,theagentswerestill ableto negotiateeffectively,
but may be not efficiently (resultingin lessprocessingtime for the initiating
agentto post-processanagreement).Withoutbothlearningmechanisms,there
was significantdrop in the negotiation successrate. This indicatesthat the
learningmechanismshelpedimprovenegotiationperformance.Unfortunately,
theimprovementachievedby learning,althoughpresent,is smallanddoesnot
seemassignificantaswe hadinitially hypothesized.

The resultsreportedin this chapterneedto be scrutinizedfurther to iso-
latelearning,monitoring,detection,reasoning,communication,andexecution
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componentsin theevaluation:An agentthatis busytrackingwill notentertain
anegotiationrequestthatrequiresit to giveuptheresourcesthatit is currently
usingto track. That refusalleadsto a failure on the initiator’s side. Another
point worth mentioningis therealtimenatureof our systemandexperiments.
Addedlearningstepsmaycauseanagentto losevaluableprocessingtime to
handlea coalitionformationproblem.Morefrequentcoalitionformationsmay
prevent othernegotiationsto proceedasmoreagentswill be tied up in their
scheduledtasks.Our currentwork is examininghow casemaintenancestrate-
giescanbe usedto prune the learnedcasebasefrom deleteriouscases,and
thusimprove theperformanceof learning.

� Å Åü­û����È�­�Ë��úÊ�É�ù
� ÅSÄ ��Ê����SÏqÈ[Ï¡Ê�Ç��ÞÊ�É! "��È[Ï¡Ê�Ç

A definitionfor rationalcoalitionis givenby KahanandRapoport.Thisdef-
inition statesthatacoalitiongameis basedon thetotalutility thatthemember
of thecoalitioncanachieveby coordinatingandactingtogether, assumingthat
informationis complete[KahanandRapoport1984]. Our problemdomainis
not superadditive in which a mergedcoalitionof any pair of sub-coalitionsis
betterthanany pairof sub-coalitionsoperatingindividually aswehave to con-
sidercoalitionformationcostssuchascommunicationandcomputationcosts.
Furthermore,sub-additivity doesnotapplyto ourmodel.

Shehoryetal. relaxsomeof therestrictive assumptionsof theoreticalcoali-
tion formationalgorithmsfor a real-world system[Shehoryet al. 1997]. In
their model,eachagenthasa vectorof real non-negative capabilities. Each
capabilityis a propertyof anagentthatquantifiesits ability to performa spe-
cific typeof actionandis associatedwith anevaluationfunction.Theauthors’
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modelassumesthatall agentsknow aboutall of thetasksandtheotheragents.
In ourmodel,aninitiating agentknowsonly theagentsin its neighborhoodand
knows partially abouttheupdatedstatusof a selective subsetof its neighbors
afternegotiation.Thedetailsof intra-coalitionalactivity arenot necessaryfor
agentsoutsideof the coalition in the author’s model [Shehoryet al. 1997].
On the contrary, in our model,an agentperformsa taskcontributing to that
coalitionandtheexecutionof thisis reflectedin theagent’scommitments,con-
straints,andperceptions.ShehoryandKrausfurtherextendthework by She-
hory et al. [Shehoryet al. 1997]by incorporatingnegotiations,computational
andcommunicationcosts[ShehoryandKraus1998]. This model is similar
to ours. However, our modelallows an agentto conductmultiple concurrent
negotiations,andadjustsits negotiationstrategiesto redesignits coalition.

SandholmandLesserintroducea boundedrationality in which agentsare
guidedby performanceprofilesandcomputationcostsin theircoalitionforma-
tion process[SandholmandLesser1995]. In traditionalcoalitionformation,a
rationalagentcansolve thecombinatorialproblemoptimally without paying
a penaltyfor deliberation.In our model,theagentsdo not paya penaltyper
se. Instead,the agentswill feel the impact of poor coalition formation and
negotiationprocesses.If a coalition is poorly designed,it may conflict with
thenumberof availablenegotiationthreadsthatanagenthas.If a negotiation
strategy is poor, thenthe agentmay have to abort the negotiationdueto the
realtimehardlimit on theparticularnegotiationprocess.Indeed,thedesignof
ourmodelis drivenby boundedrationalityof timeandresourceconstraints.

TohmeandSandholmstudycoalitionformationamongself-interestedagents
that cannotmake side-payments,that is, agentsreward eachotherwith pay-
mentsfor agreementto join somecoalition,makingtheevaluationof a coali-
tion solelyon its utility [TohmeandSandholm1999].

Senand Dutta proposean order-basedgeneticalgorithm as a stochastic
searchprocessto identify theoptimalcoalitionstructure[SenandDutta2000].
A significantdifferencebetweenthis work andoursis the scopeof coalition
formation.Theauthors’algorithmsearchesfor anoptimalcoalitionstructure,
which consistsof all theagentsin theenvironmentgroupedinto oneor more
coalitions.Ourmodel,however, focuseson theformationof a singlecoalition
for a particulareventwhile allowing multiple coalitionsto beformedconcur-
rently.

Otherwork in coalition formationinclude[Zlotkin andRosenschein1994,
Ketchpel1994,Klusch andShehory1996,Sandholmet al. 1999,Moon and
Stirling 2001].
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Negotiationcanbeusedbyagentstoperformproblemsolvingandtoachieve
coherentbehavior in a multiagentsystem.Agentscannegotiatein a fully pre-
scribedmannerwherethenegotiatingpartiesknow exactly whateachother’s
costandutility functionsare,or whensuchknowledgeis learnedduring the
first stepof interactionin a negotiation[Kraus1997,Kraus:1995].Thereare
agentsthat negotiateusingthe unified negotiationprotocol in worth-, state-,
and task-driven domainswhereagentslook for mutually beneficialdealsto
performtaskdistribution [RosenscheinandZlotkin 1994,Zlotkin andRosen-
schein1996]. Agentscan also conductargumentation-basednegotiation in
whichanagentsendsover its inferencerulesto its neighborto demonstratethe
soundnessof its arguments[Jenningsetal. 1998].Finally, thereareagentsthat
incorporateAI techniques[Chavez andMaes1996,Laasriet al. 1992,Zeng
andSycara1998)] and logical models[Kraus et al. 1998] into negotiation.
Therehasbeenwork in off-line learningof negotiationstrategiesusinggenetic
algorithms[Matosetal. 1998]in aservice-orientedenvironment.

	VÅ ��Ê�ÇÎÍ �SÌ��JÏ¡ÊQÇ��
In this chapter, we describeda coalitionformationarchitecturethataimsat

obtainingsatisficingsolutionfor time-critical,noisy, andincompleteresource
or taskallocationproblem.Becauseof thenatureof thestrategy, acoalitionis
not guaranteedto form successfullyespeciallywhenmessagepassingamong
agentsis unreliable.To offset this unreliability, our architectureincorporates
learning.

In ourapproach,ourcoalitionformationprocessis dividedinto threestages:
initial coalition formation, coalition finalization, and coalition acknowledg-
ment. Initially, coalition candidatesare selectedfrom an agent’s neighbor-
hoodandsubsequentlyranked accordingto their respective potentialutilities.
Next, duringthefinalizationphase,thecoalitionis refinedandverifiedthrough
negotiations,whereinformation is exchangedbetweentwo agentsto clarify
commitmentsand constraints. The agentis able to coordinatedirectly and
indirectly througha coalitionawarenesslink with its negotiationthreads.Fi-
nally, thecoalitionacknowledgmentstepconfirmsor discardsalready-agreed
requests.This releasesan agentfrom needlesslyhonoringa lost-causecoali-
tion commitment.We have incorporatedutility theory, case-basedreasoning,
argumentative negotiation,andrealtimeexecutionin the above methodology
anddesign.

We have built a multiagentsystemcompletewith end-to-endagentbehav-
ior. Our preliminary resultsare promising in that an initiator was able to
form satisficingcoalitionsquickly. Our resultsalsoshow thatwe needto im-
provethemanagementof communicationchannels,handletaskcontentionand



ÃZr
over-commitment,andmodeldomain-relatedtime constraintsbetter. We also
demonstratedexperimentallythatCBR-basednegotiationshelpedagentsto ne-
gotiatemoreefficiently andmoresuccessfully, indirectly helping the agents
track their targetsmoreaccurately. The agentsare reflective of the system-
level resourcesthey useandtime-aware.

Finally, we demonstratedexperimentallythat reflective negotiatingagents
cantrack targetsmuchbetterthanagentsthatsimply reactto thepresenceof
targetsin their environment.Thereflective natureof theagentsallows agents
to scheduletheprecisetimeof measurementandalsoexchangecomputational
resources,leadingto fasterandmoreefficient processing.Overall, our results
show that our agentsareableto form coalitionsquickly andin time to track
a moving target in theenvironments.Theagentswereableto negotiate,plan
synchronizedtrackingtasksandexecutethemaccordingly.

Therearealsoseveralareasthatwe areinvestigatingactively:

1 Inter-coalitionandintra-coalitioncompetitions– taskdistribution,prior-
ities, ”health” of coalitions,etc.

2 Coalition awarenessand the effects of coalition monitoring on speed
(how much should a negotiation processmonitor about the coalition
whennegotiating,andhow reflective we want thenegotiationsto beof
thecoalition)

3 Onlinelearningof bettercoalitionformationstrategiesthroughdistributed
cooperative case-basedlearningandby casebasemaintenance� ÍzùHÇÞÊûúü��­4Ë��ý "­�ÇQÈ��
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