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Abstract. As agentsmove into ever moreimportantapplications,thereis a naturalgrowth in interestin tech-
niquesfor synthesizingmultiagentsystems.We describeanapproachfor engineeringthecoordinationrequire-
mentsof amultiagentsystembasedonananalysisof conversationinstancesextractedfrom usagescenarios.This
approachexploits thenotionof Dooley graphsthatwererecentlyintroducedto themultiagentsystemscommu-
nity from the linguisticsanddiscourseanalysisliterature.We show how, with a few key modifications,Dooley
graphscanbeusedto generatecoordinationrequirementsandconstraintson thebehavior modelsof theagents
participatingin amultiagentsystem.

Our presentapproachis embodiedin thecontext of our recentwork on a distributedcoordinationservicefor
heterogeneous,autonomousagents.Thisapproachtakesasinput (a)agentskeletons, giving compactdescriptions
of thegivenagentsin termsof theireventsthataresignificantfor coordination,aswell as(b) relationshipsamong
theeventsoccurringin theseskeletons.A naturalquestionishow maytheskeletonsandrelationshipsbeproduced
in thefirst place.It turnsout thata methodologythatbeginswith Dooley graphscanreadilyyield theskeletons
andrelationshipsneededto achieve thedesiredcoordination.

Consequently, our approachcombinesthebenefitsof an intuitive methodologywith a formal anddistributed
framework for developingmultiagentsystemsfrom autonomousagents.

Keywords: Coordination;developmentandengineeringmethodologies.

1. Introduction

For thepastseveralyears,agentshavebeensteadilymoving into moreandmoresignificant
applications[4]. Among the benefitsof usingagentsis that they morenaturallysupport
the developmentof softwaresystemswhosecomponentsareheterogeneous(built in dif-
ferentways),andautonomous(representingdifferent interests). Thesepropertiesmake
agentsideally suitedto applicationsin electroniccommerce,virtual enterprises,andother
opensettings[14]. In theseapplications,agentsmustwork in cooperationwith traditional
systems.Becauseof the importanceof theseapplicationsandtherisksof developingin-
valid systems,techniquesfor building agentsmustcomparewell with the techniquesfor
building traditionalsoftwaresystems.Thereis thusa major needfor industrial-strength
approachesfor engineeringagent-basedsystems.Indeed,whatdistinguishesengineering
from scienceis the useof rigoroustools andsoundmethodologiesfor the construction
of solutions.Many currenttools take coordinationrequirementsasinput. We developan
approachthroughwhichsuchrequirementsmaybesynthesized.

Of all thekindsof agent-basedsystems,multiagentsystemsarethemostinterestingfor
two reasons.One,theinteractionthatis inherentin multiagentsystemsdistinguishesthem
from otherkindsof softwaresystems,evensingle-agentsystems.For instance,thedozen
traditionalsoftwarearchitecturalstylescatalogedby Shaw & Garlan[27] do not include
anything that is at the level of abstractionof communicationprotocolsamongagents.In
thispaper, wetreatagentsaspersistentcomputationalobjectsthatcanperceive,reason,act
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in theirenvironmentandinteractwith otheragents[17]. Thechiefmodeof interactionthat
weconsideris communication.Multiagentsystemsthusconsistof severalcommunicating
agents;wedonotconsidersingle-agentsystemshere.

Two, thechallengesposedby theirconstructionarequalitativelydifferent,andwebelieve
harder, than the challengesposedby the constructionof traditionaldistributedsystems.
This is largelybecauseof theabovepropertiesof multiagentsystems,specificallybecause
of two reasons.Multiagentsystemsinvolve interactionin the faceof heterogeneityand
autonomy. Further, conventionalwaysof softwareengineeringevenlack theabstractions
necessaryto understandandmodelmultiagentsystems.As a result, tools andmethod-
ologiesfor traditionalsoftwaresystems,while sometimesappliedto multiagentsystem
design,leaveroomfor severalenhancements.

1.1. TraditionalSoftwareEngineering

The problemof building complex systemshasof coursebeenintensively studiedin the
softwareengineeringcommunity. Most pertinentfor our presentdiscussionis the pre-
vious work on methodologiesin object-orientedanalysisanddesign. This is so for two
main reasons.One,theobject-orientedapproachesarethemostrecentandsophisticated
of the software engineeringapproaches.Object-orientedmodelinglanguagestoo have
evolvedrecently, culminatingin theunifiedmodelinglanguage(UML) [12]. Two, objects
arecloselyrelatedto agents;in fact,agentsarefrequentlyrealizedasobjectswith some
additionalproperties.

Excellentsummariesof thesoftwareengineeringapproachesareavailablein textbooks
by Texel & Williams [37] andPressman[25, chap.20]. We follow Pressmanmoreclosely
in the following discussion.Approachessuchasclassdiagramsthataregearedfor some
aspectsof designandprogrammingarenotdirectlyrelevanthere;weemphasizethebehav-
ioral andinteractiveaspectsof agentdesigns.Classdiagramsconsiderdesignat themicro
level, whereasthe interestin multiagentsystemsis at the macrolevel. Four main kinds
of softwareengineeringapproaches,designedfor thebehavioral andinteractiveaspectsof
objects,arerelevanthere.

� Usecasesinvolvethecaptureof how asystemwill beusedandthedifferentuserroles
thatwill invokeits functionality. Usecasesareagoodfirst steptowarddesigningasys-
tem,but they areusuallytoosparseto helpin adetailedanalysis.For detailedanalysis,
thesystembuilder mustconstructa representationsuchasanactivity diagram,which
candescribethecomputationsasthey affect themacrofunctionalitiesof thesystem.

� Theclassresponsibilitycollaboration(CRC)modelindicatesfor eachclassthemeth-
odsfor whichit is responsibleandtheotherclassesonwhichit might invokemethods.
In this way, the“collaboration”is really only a client-server relationship;it is not suf-
ficient to capturetruepeer-to-peercollaborationasstudiedin themultiagentsystems
community.

� Thebehavior of anobjectmaybedescribedusinga representationsuchasstatecharts
[16, 15]. A statechartshowsthestatesof anobjectalongwith transitionsamongthem.
The transitionstake placewhenan eventoccursanda specifiedconditionis true; in
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that case,an additionalactionmay alsobe performed. Interestingly, the usualway
to applystatechartsfor behavior modelingassumesthatthetransitionsaredrivenonly
from externalevents.This is because,unlikeagents,objectsarenotexpectedto behave
proactively.

 Event tracesshow how the eventson differentobjectsin a systemareordered;the
eventscorrespondto messagesamongtheclasses.Thesearerelatedto thelowestlevel
descriptionsof conversations,which wewill take asinput. Eventflow diagramsshow
the messagesthat differentclassesmay exchange;thesearea somewhat morestatic
representationthanevent traces.Sometimes,themessagesto which a classresponds
arecalled“protocols,” but theselack the structurethat multiagent(or evennetwork)
protocolscarry.

Pressmandescribesthe commonapproachof all softwaremethodologies.The existing
methodologiesall involve (a) capturingrequirementsthroughusecases,(b) developing
classdiagrams,and(c) determiningobjectbehavior. By contrast,our approachinvolves
(a) beginning with usecasesof conversations,(b) determiningthe agentskeletonsand
relationships,(c) fleshingout theagentdesignsto meettheskeletons,whichmight involve
thedevelopmentof classdiagrams.Goingtop-down by beginningwith interactions,asin
ourapproach,emphasizesthemodularitythatis oneof theattractionsof agenttechnology.

1.2. Interaction-OrientedProgramming

Ourmainmotivationsthereforeareto studythemacroaspectsof multiagentsystemscon-
structionandespeciallyto do so in the context of characterizinginteractionsamongau-
tonomousandheterogeneousagents. With thesemotivations,we have beenpursuinga
programof researchon interaction-orientedprogramming(IOP). IOP seeksto develop
techniquesandtools for the constructionof multiagentsystemsby specifyingthe inter-
actionsamong(usually)autonomousagents.IOP hasthreemain componentsor layers:
coordination,commitments,andcollaboration. Coordinationdealswith how the agents
operatein a sharedenvironment.Coordinationenablestheconstructionof multiagentsys-
temswhoseconstituentagentsareproperlyorchestrated[32]. Commitmentscapturethe
agents’obligationsto oneanother, soasto realizetheorganizationalstructureof a multi-
agentsystem[30, 19, 38]. Collaborationdealswith how theagentscarryout higher-order
activities, suchasteamwork andnegotiation[33]. We lack thespaceto review all of IOP
here,but additionaldetailsmaybefoundin theabovereferences.

Hereweconcentrateon thecoordinationlayer. Specifically, weconsidertheproblemof
creatingspecificationsfor agentbehavior andinteractionto achieve thenecessarycoordi-
nationto supportvariouskindsof communicative or “conversational”interactions.Since
communicationis inherentlyrelianton the agent’s commitments,our approachnaturally
leadsusto a discussionof commitmentsaswell.

As partof IOP, we developedanapproachfor coordinatingheterogeneous,autonomous
agents[32]. Our approachspecifiesindividual agentsin termsof skeletons, which give
coarsedescriptionsof the agents’behavior. Being coarse,thesedescriptionssuccinctly
capturethe essentialaspectsof the agent’s behavior that aresignificantto their potential
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coordinationwith otheragents.This lackof detailis essentialto achieving theheterogene-
ity of agents—wedon’t know anddon’t carehow anagentmaybeimplementedaslongas
it satisfiestheratherminimal interfacespecifiedby asuitableskeleton.

Desiredcoordinationsarespecifiedby statingrelationshipsamongtheeventsof different
agents.Theeventsaremostlyactionsbut in somecasescouldalsobeobservationsmade
by theagents.Theserelationshipsareexpressedin a formal languagebasedon temporal
logic, andcanbe automaticallyprocessedto yield distributedmeansof coordinatingthe
eventsof differentagents.Thekey motivationfor theserelationshipsis that they specify
the constraintson an agent’s interactions;beyond these,the agentis fully autonomous.
Applying the coordinationlayer of IOP requiresa meansto createspecificationsof the
desiredcoordinationintuitively andcorrectly.

We considerDooley graphsfrom discourseanalysis[7], whichwererecentlyintroduced
to themultiagentcommunityby Parunak[24]. Dooley graphsoffer a vivid representation
of conversationinstances.Interestingly, given a conversation,its graphcan be usedto
generatethe skeletonsandrelationshipsthat arerequiredby our approach.To do so, a
Dooley graphis processedto highlight the causalrelationshipsamongactions,and the
structuralpropertiesof theinteractionsof agents.As a result,asmuchinformationascan
begleanedfrom a conversationis extractedfrom it.

Althoughwe developthis approachin thecontext of our approachto coordination,we
believe its ideaswill applywherever the coordinationof heterogeneousandautonomous
agentsmustbe specified. In fact, a numberof currentapproachesto protocolsor con-
versationpoliciesarebasedon a few basickinds of finite representationsof the agents’
behaviors [20, 6]. Theseapproachesassumethat the protocolspecificationis given; by
contrast,our approachseeksto developsuchspecifications.In this way, our approachis
complementaryto mostexistingapproachesandcanin principlebecombinedwith any of
themto supporttheirusage.

Therehasbeena large amountof goodwork on somerelatedareas,especiallyagent
communicationlanguagesandprotocols.Weshallnotdiscussthatlively topicin any detail
here—wediscusssomeof thechallengesin [31]. For simplicity andeaseof presentation,
we follow Parunak’s classificationof speechactsand his set of “relationships”among
utterances.However, webelievethatourapproachcanbeappliedin othersettingsaswell,
providedthey canidentify thedifferent“characters”playedby anagentin a conversation.
(Thequotedtermsareexplainedbelow.)

The restof this paperis organizedasfollows. Section2 describesthe conceptsof our
coordinationapproach.Section3 presentsa brief expositionof Dooley graphs.Section4
shows how we carryout thesynthesisby working out anexamplefrom [24] to convert a
Dooley graphinto a setof agentskeletons.Section5 discussestwo importantenhance-
mentsto theapproach.Section6 discussestherelevantliterature.

2. Coordination

For concreteness,we developourapproachin thecontext of our previousformal work on
coordinationamongagents.We now summarizethekey conceptsof our coordinationap-
proach.Additionaldetailsareavailablein [32]. Our coordinationapproachdealswith the
problemof creatingandrealizingformal specificationsof thecoordinationthat is desired
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in a multiagentsystem.This aspectof coordinationis of necessityat a lower level than
thevariousadvancedheuristicapproachesfor coordination,for example,asreviewedby
Durfee[9].

2.1. CoordinationMetamodel

Therearetwo aspectsof theautonomyof agentsthatconcernus. One,theagentsarede-
signedautonomously, andtheir internaldetailsmay be unavailable. Two, the agentsact
autonomously, andmayunilaterallyperformcertainactionswithin their purview. In order
to beableto coordinatetheagents,thedesignerof themultiagentsystemmusthave some
knowledgeof thedesignsof theindividualagents.Ideally, to maximizetheagents’hetero-
geneity, this knowledgeshouldbeaslimited aspossible.However, thedesignerwill need
to know theagents’externallyvisible events,which arepotentiallysignificantfor coordi-
nation. Theseeventsincludetheagents’actionsaswell astheir significantobservations.
In otherwords,theonly eventswespeakof arethosethatarepublicly known—therestare
of noconcernto thecoordinationservice.

Our metamodelconsidersfour classesof events,which have differentpropertieswith
respectto coordination.Eventsmaybe

? flexible, which theagentis willing to delayor omit

? inevitable, which theagentis willing only to delay

? immediate, whichtheagentperformsunilaterally, thatis, is willing neitherto delaynor
to omit

? triggerable, which theagentis willing to performif requested.

The first threeclassesaremutually exclusive; eachcanbe conjoinedwith triggerability.
The category wherean agentwill entertainomitting but not delayingan event is empty,
becauseunlesstheagentperformstheeventunilaterally, theremustbesomedelayin re-
ceiving a responsefrom the service. In the presentversion,we assumethat the event
classesaresetat designtime. However, in principle, the classesof eventscould change
duringexecution,which canmake senseif thecoordinationspecificationsarealsomodi-
fied. Thereis a simpleorderingamongthefirst threeclasses:from theperspective of the
coordinationservice,immediateeventsarethemostrestrictive andflexible eventsarethe
leastrestrictive. Thus,if aneventmaysometimesbe executedasan immediateevent, it
mustbemodeledasanimmediateeventatdesigntime.

Basedontheevents,ourmetamodelinvolvesconstructingbehavioral modelsfor eachof
theagents.Theeventsof anagentareorganizedinto a skeletonto providea simplemodel
of theagentfor coordinationpurposes.Skeletonsarewell-known from logicsof program,
especiallysinceEmerson& Clarke [10]. Theskeletonsaretypically finite stateautomata.
Thatis, in thediagramsbelow, thenodescorrespondto abstractstatesof theagentandthe
transitionsto actionsby theagent.Thestatesin theskeletonareabstractin thateachmay
correspondto a largenumberof computationalstatesin theagentthatareconsideredalike
for thepurposesof coordination.Eachskeletoncorrespondsto oneor morethreadsin the
agent—onethreadperconnectedcomponent.
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Althoughweconsiderfinite stateskeletons,they arenot restrictedby our formalsystem
andimplementation.Neithertheformal systemnor theimplementationlooksat thestruc-
tureof theskeletons.In particular, theskeletonsmaybesetsof finite stateautomata,which
canbeusedto modelthedifferentthreadsof amultithreadedagent.Thesetof events,their
properties,andtheskeletonsof theagentsareusuallyrealizedby anagentand,if so,in an
application-specificmanner. Thesecanbeviewedasrequirementsthataresetby thepro-
tocol in which thedesignerwishestheagentsto participate.Thenext examplediscusses
two commonskeletons.
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Figure2. Exampleskeletonfor informationfiltering

EXAMPLE: Figures1 and 2 show two skeletonsthat arisein informationsearch. The
skeletonof Figure1 suitsagentswho respondto one-shotqueries.Its significantevents
arestart (acceptan input andbegin), error, andrespond(producean answerandtermi-
nate). The skeletonof Figure2 suitsagentswho filter a streamor monitor a database.
Its significanteventsare start (acceptan input, if necessary, and begin), error, end of
stream, accept(acceptan input, if necessary),respond(producean answer),and more
(loop backto expectingmoreinput). In both skeletons,the application-specificcompu-
tation takesplacein the nodelabeled“Executing.” We mustalsospecify the categories
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of thedifferentevents.For instance,we maystatethaterror, endof stream, andrespond
are immediate,and all other eventsare flexible, and start is in addition triggerable.

Althoughtheskeletonis notusedexplicitly by thecoordinationserviceduringexecution,it
canbeusedtovalidatespecifiedcoordinationrequirements.Moreimportantly, theskeleton
is essentialfor understandingthe public behavior of an agent,and for giving intuitive
meaningto its actions.

2.2. CoordinationRelationships

Ultimately, to createamultiagentsystem,wemustnotonly specifytheskeletonsfor differ-
entagents,but alsoshow their actionsarecoordinatedwith eachother. Coordinationsare
specifiedby expressingappropriatetemporalrelationshipsamongthe eventsof different
agents.For example,theeventsmayhaveto beorderedin acertainwayor theoccurrence
of aneventin oneagentmaynecessitateor precludeaneventin anotheragent.

Table1. Examplecoordinationrelationships

Name Description Formal notation

R1 ` is requiredby a If a occurs,̀ mustoccurbeforeor after a `6b a
R2 ` disablesa If ` occurs,then a mustoccurbeforè `6b acbdafeg`
R3 ` feedsor enablesa a requires̀ to occurbefore `�eha�b a
R4 ` conditionallyfeedsa If ` occurs,it feedsa `6bd`�egaib a
R5 Guaranteeing̀ enablesa a canoccuronly if ` hasoccurredor will

occur
`6jkacb `:j a

R6 ` initiates a a occursiff ` precedesit `6j acbl`�eha
R7 ` and a jointly requirem If ` and a occurin any order, then m must

alsooccur(in any order)
`6b acbnm

R8 m compensatesfor ` failing a if ` happensand a doesn’t, thenperform m o `1biapbqm�rsjto m6bu`vr=jo mqb awr
Table1 presentssomecommonexamplesof coordinationrelationshipsfrom [32]. Some

of the relationshipsinvolve coordinatingmultiple events. For example,R8 capturesre-
quirementssuchasthat if anagentdoessomething( x ), but anotheragentdoesnot match
it with somethingelse( y ), thena third agentcanperform z . This is a typical patternin
applicationswith dataupdates,wherez correspondsto anactionto restoretheconsistency
of theinformation(potentially)violatedby thesuccessof x andthefailureof y . Hencethe
namecompensation.

Our formal languageallows an even richer variety of coordinationrelationshipsto be
captured[32]. Weincludetheformalsyntaxandsemanticsof thislanguagein AppendixA.
However, for thepurposesof designingmultiagentsystems,wewill generallyrestrictour-
selvesto somecarefully chosensetof coordinationrelationshipsor patterns.The setof
Table1 is particularlyeffective in mosttypical casesthatwehaveencountered.



{ |�}�~����

3. Dooley Graphs

Our presentationof Dooley graphsis basedon theexpositionin [24] with someenhance-
ments.Thekey ideathat interestsushereis thatDooley graphsprovide a naturalway to
presenta specificinstanceof a conversation.By concentratingon specificconversations,
Dooley graphscanseparatethe differentcharacters playedby a singleagent.The char-
acterscancorrespondto differentcomponentsin anagent—roughly, this is whatinterests
Parunak.However, we arealsointerestedin thestructureimposedon anagent’s skeleton
by thecharactersit plays.Most importantly, theinteractionsamongthecharactersleadto
coordinationrelationshipsamongtheskeletons.

Agentsact,bothcommunicatively (thatis, usingspeechacts[1]) andphysically. We are
interestedin theagents’interactionswith oneanother. Typically, theagents’interactions
donotarisein isolation,but aspartsof extendedcommunicativeactivities. Theseactivities
canbe thoughtof asprotocols,dialogues,arguments,or negotiationsamongagents.A
conversationis aspecificinstanceof thesecompositeactivities.

Conversationsnaturallyincludenot only speechacts,but alsosomephysicalactionsby
meansof which the agentsdeliver on their promises.Parunakallows the speechactsof
Solicit (Requestor Question)or Assert(Inform, Commit, andRefuse). He allows two
physicalacts:ShipandPay.

In additionto theactsin a conversation,thereis alsoknowledgeof certainrelationships
amongthespeechacts.Theserelationshipsarerestrictedto beoneof thefollowing. Here,�6� and ��� refersto differentutterancesin a conversation.� � refersto thesenderof �6� .
� Respond. �6� respondsto �+� if f (a) � � previously received �+� , (b) ��� ’s impacton � �

caused� � to send� � , and(c) � � is thefirst utteranceof � � to satisfy(a)and(b).

� Reply. � � repliesto � � if f (a) � � previously received � � , (b) � � ’s impacton � � caused� � to send� � , and(c) � � is thefirst utteranceof � � directedto � � thatsatisfies(a) and
(b).

� Resolve. � � resolves � � if f � � repliesto � � and � � follows the“rules of engagement”
definedin � � .

� Complete. � � completes� � if f � � is a Commit and � � eithersatisfiesor cancelsthe
associatedcommitment.

Respond,Reply, and Resolve areprogressively more restrictive. Completeis mutually
exclusivewith Resolve—anactcannotbothcompleteanutteranceandresolveanutterance
(notevenadifferentone).

EXAMPLE: Considera requestfor proposals(RFP)from A to B, C, andD. Thefirst act
thatany of themdoesthatwascausedby theRFPis aResponseto it. If it is amessageback
to A, thenit is alsoaReply. If theReplyis aCommitor aRefuse,thenit is alsoaResolve.

EXAMPLE: Table2 shows anexampleconversationfrom [24]. The#spartially orderthe
utterancesfrom earlyto late. In this conversation,A announcesanRFPfor 50 widgetsto
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Table2. Exampleconversation

# S R Utterance Respond to Reply to Resolve Complete
1 A B,C,D Request(RFPfor 50)
2 B C Question:bidding? 1
3 C B Inform: yes 2 2 2
4 B A Refuse 3 1 1
5 C A Propose(take 40) 1 1
6 A C Request(send40) 5 5 5
7 C A Commit(deliver 40) 6 6 6
8 D A Commit(deliver 50) 1 1 1
9 A C Assert(decline) 7, 8 7
10 C A Refuse 9 9 7
11 D A Ship(deliver 45) 1 1 8
12 A D Assert(short) � Request 11 11
13 D A Shipremainder, i.e.,5 12 12 12
14 A D Pay 13 13 13

B, C, andD. B checkswith C is C is bidding. C saysit is. B thenrefusesA. C, however,
makesacounteroffer of 40widgets.A acceptsandC commits.In themeanwhileD offers
to acceptthe initial RFP, which is morepreferableto A. A thendeclinesC, who cancels
its commitment.D delivers,but theorderis short(45 only). A informsD of theshortfall.
After D sendsthe remainderof the order, A paysD. Table2 alsoshows the discourse
relationsamongtheutterances.

Thisexampleis oversimplifiedin thatD commitsto supplyingthewidgetswithoutboth-
eringto checkif A actuallyacceptedits bid. However, thisandothersimplificationswon’t
affect themainthrustof ourpaper.

A 1

B 1

D 2 D 1

C 1 A 2

1

4

14

12 1

11
13

1

5

7

6 C 2

9

10
8

B 2 C 3

2

3

Figure3. ExampleconversationasaDooley graph

A Dooley graphis generatedby analyzinga conversationin sucha mannerthatthesets
of utterancesthat arecloselyrelatedto oneanotherarebroughtcloser. The conceptual
ideabehindthe constructionof Dooley graphscanbe phrasedasfollows. Although the
following constructionbasedongraphtheoryproducesthesameresultsasParunak’scon-
struction,webelieve it is conceptuallymoreperspicuous.
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First, constructan auxiliary bipartite grapheachof whosetwo partitionsof vertices
equalsa copy of the setof utterancesin the given conversation.Eachvertex in the left
partitioncorrespondsto thesenderof thegivenutteranceandeachvertex in theright parti-
tion correspondsto thereceiverof thegivenutterance.Second,relateanagentshowing up
asa senderon theleft with thesameagentshowing upasa receiveron theright, provided
someadditionalproperty(discussedbelow) is met. By our construction,this binary rela-
tion will relatethesameagentengagingassenderor receiver in two differentutterances.
Theexactbasisfor this relationdependson how we modeltherelevanceof utterancesto
eachother(seebelow). Third, identify theconnectedcomponentsof thebipartitegraph.
Eachconnectedcomponentwill involve oneor moreoccurrencesof thesameagentplay-
ing the role of senderor receiver in a setof utterancesthat aresomehow related. Thus,
eachconnectedcomponentcorrespondsto a character. Fourth, assemblethe characters
into a new graph—theDooley graph—bymakingthecharactersinto distinctverticesand
makingtheutterancesinto edgesbetweenthecharactersthatsentor receivedthem.

The above approachleavesopenthe specificationof the relevancerelationshipamong
the verticesin the bipartitegraph. The simplestidea(following Dooley andParunak)is
to relatea sender-sidevertex � with a receiver-sidevertex � if andonly if thetwo vertices
involvethesameparticipantandoneof thefollowing four conditionshold:

  � repliesto �
  � resolves �
  � is thelastutterancein theconversationand � repliesto �
  � completes¡ where¡ resolves � .
EXAMPLE: Figure 4 shows the bipartite graphderived from the exampleconversation
undertheabovenotionof relevance.

Thecharactersreflectthe rhetoricalstructureof theconversation.In a highly coherent
conversation,eachparticipantwill yield exactly onecharacter;in an entirely disjointed
conversation,therecould be asmany charactersas thereareutterances.Most practical
situationswould lie somewherein between.

EXAMPLE: Figure3 givestheDooley graphfor Table2. Thenumberedutterancesrelate
thecharactersthatsendandreceivethem.

4. Approach

Dooley graphshighlight therhetoricalstructureof aconversation,but hideits causalstruc-
ture. In otherwords, informationaboutthe control flow amongthe agentsis lost where
morethanonecharacterof anagentis involved.(Parunak’sproposedextensionto Dooley
graphsalsodoesnot displaythe actualcausalconnections,andwe do not considerit in
detailhere.)By reconstructingthecausalstructureof thegivenconversation,wearemore
naturallyableto useDooley graphsto producethecoordinationrequirementsfor thegiven
multiagentsystem.
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Figure4. Bipartitegraphbasedonexampleconversation

Our approachproceedsas follows. We begin with a Dooley graphdepictingthe con-
versationbeinganalyzed.We analyzethis Dooley graphto explicitly identify thecausal
relationshipsamongthevariousutterances.We separateout thehistoriesof thedifferent
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participants,but recordthe contribution of eachcharacter. The differentcharactersare
highlightedin eachhistory.

Table3. Thehistoriesof agentsin aconversation

Role History

B º¼»�½�¾À¿�¾ÂÁi½hÃÂÄ º/Á�Å)¾ÇÆ�¾ÉÈ6ÊsÃÂÄhº�È6Ê�¾ÇË�¾ÉÁ�Å�Ã ; º/Áu½�¾ÇÌÍ¾Î»�½ÀÃ
C º¼»�½�¾À¿�¾ÂÈ�½hÃÉÄ º�Á7Å)¾ÇÆ�¾ÂÈ6ÊsÃÉÄÏº�È6Ê�¾ÎË�¾ÂÁ7Å�Ã ; º/È�½�¾ÎÐ�¾Ç»qÅ�ÃÂÄhº¼»qÅ)¾ÇÑ�¾ÂÈ�½ÏÃÉÄÏº�È�½�¾ÎÒ)¾Î»qÅvÃÂÄ

º�» Å ¾ÂÓ�¾ÎÈ Å ÃÂÄhº�È Å ¾Ï¿ÏÔ�¾Â» Å Ã
D º¼»�½�¾À¿�¾ÂÕl½hÃÂÄÀº/Õn½�¾ÂÖ�¾Ç»�½hÃÂÄÏº/Õn½v¾h¿�¿�¾Î»�½ÀÃÉÄ º¼»�½�¾À¿ÏÆ�¾ÂÕtÅ�ÃÂÄhº�ÕtÅ�¾Ï¿ÏË�¾Î»�½ÏÃÂÄhº¼»�½�¾À¿ÀÌÍ¾ÂÕtÅ�Ã
A º¼» ½ ¾À¿�¾ÂÁ ½ ÃÂÄhº¼» ½ ¾À¿�¾ÂÈ ½ ÃÂÄhº¼» ½ ¾Ï¿�¾ÎÕ ½ ÃÂÄÏº�Á ½ ¾=ÌÍ¾Î» ½ ÃÂÄ º�È ½ ¾ÇÐ�¾Â» Å ÃÉÄÏº¼» Å ¾ÇÑ�¾ÉÈ ½ ÃÂÄÏº/È ½ ¾ÎÒ)¾Î» Å Ã ;º�Õl½�¾ÇÖ�¾Î»�½hÃÂÄ

º�»7Å)¾ÂÓ�¾ÎÈ:Å�ÃÂÄhº�È:Å)¾Ï¿ÏÔ�¾Â»7ÅvÃ ;

º�Õ ½ ¾À¿�¿�¾Î» ½ ÃÂÄhº¼» ½ ¾h¿ÏÆ�¾ÂÕ Å ÃÂÄÏº/Õ Å ¾Ï¿ÏË�¾Î» ½ ÃÂÄÏº�» ½ ¾h¿ÀÌÍ¾ÂÕ Å Ã

EXAMPLE: Table3 showsthehistoriesderivedfrom theDooley graphof Figure3. Notice
thatexceptfor roleD, thehistoriesof thedifferentcharactersof a role arenot contiguous.
For instance,roleB goesfrom character×ÙØ to ×ÛÚ andthenbackto ×ÙØ .
4.1. InducingAgentSkeletons

Now wediscusshow to induceagentskeletonsfrom thehistoriesproducedin theprevious
step.

To inducetheskeletons,it is helpful to think of theevents(utterancessentor received)
thatareobservedby thelocal models.Figure5 displaysthelocal historiesfor eachagent
with thedifferentcharactersseparated.For instance,agentB is involvedin four utterances;
eachof its charactersbeingengagedin two of them.

We usethe following conventionsin the following proposedskeletons.An event type
named“get X” correspondsto the receiptof anutterance,whereastheeventnamed“X”
correspondsto themakingof thatutterance.We would thusexpectto seecomplementary
eventtypesin at leasttwo roles,whereonesendsandtheotherreceivesthegiventypeof
utterance.Thereis noassumptionthatthetwo complementaryeventshappenin synchrony,
andusuallythey wouldnot,becausemostreal-lifemultiagentsystemsareasynchronous.In
theskeletons,we parentheticallyshow thecorrespondingutterancenumberfrom Table2.
A star(*) markinga transitionindicatesanactionnot in the givenconversation,but one
that is inferredbasedon the designer’s knowledge,andusuallymotivatedon groundsof
makingtheskeletonmoreflexible or reusable.

Figures6 and7 show two possiblestrawmanskeletonsfor B. Theskeletonof Figure6
requirestheagentto consultC beforedecidingwhetherto propose.It is asif thisskeleton
mergesthe two charactersof agentB. This skeletonwould be inappropriatein mostset-
tings,becauseit putsstrongconstraintsonB’s design.Theskeletonof Figure7 goeseven
fartherandrequiresB’s decisionto dependon C. Thisskeletonis lessintuitive,becauseit
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Figure6. Possibleskeletonfor agentB: requiredconsultation

essentiallyrequiresthatutteranceò betreatedaspartof thesamecharacterasutteranceó ,
which it is not.

TheaboveskeletonsplaceB’s decision-makingpublicly in theprotocol,andareclearly
unacceptable.B’s queryto C is publicly in theprotocol,but whatB doeswith theanswer
from C is B’sownbusiness.By contrast,theskeletonof Figure8 leavesit upto B to decide
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Figure8. Possibleskeletonfor agentB: optionalconsultation

whetherto consultC andhow to useits response.Thisskeletoncapturesthekey intuition
aboutthetwo charactersof B, namely, thatcharacter
�� is separateandthat it engagesin
a subdialoguewith character��� . This justifiesselectingtheskeletonof Figure8 for B.

Notice that whenB asksC, C’s responseis relevant to B’s further actions. However,
whenB asksC, thisquerymayhaveno consequenceonC’s actions(and,in thisprotocol,
it doesn’t). Consequently, Figure9 shows a skeletonfor C in which C may get a query
from B, but this queryis structurallyindependentof how C handlesRFPs.Similarly, the
counter-proposalis keptasa separateloop but attachedto the main flow. This too is an
examplewhereacharacteris modeledwith aseparatesubskeleton(physicallya thread)in
theagent’sskeleton.(For reasonsof brevity, D is discussedwhenintegratedwith theother
contractorsbelow.)

Thedecisionwhetherto have a separatethreador a loop in a singlethreaddependson
how weunderstandtheagentsto beactingandinteracting.Clearly, wemustseparatewhat
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the agentshappento do from what is essentialfor coordinationin thegivenapplication.
Dooley graphs,by focusingon a specificconversation,are in tensionwith this process.
However, in settingssuchasour presentexample,we canderive moreinformationfrom
the graphby recognizingthat thesamerole is instantiatedby multiple agents.Here,the
multicastby A is a clue thatB, C, andD areto be treatedalike. In sucha case,we can
achieve thecorrectsolutionby integratingtheskeletonsof B, C, andD. Figure10 shows
a compositeskeletonassumingB, C, andD play the role of contractor. By integrating
the skeletons,we canconstructa singlemorecompleteskeletonthanany of the agents
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in thegivenconversationindicates.Theshipandget-errorloop refersto characterKML of
Figure3. In this case,assigningit a separateloop in theskeletonwould have causedthe
shipactionto appearon two differenttransitions,andwouldhavebeenlessclear.
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Figure11. Skeletonfor agentA

Figure11showstheskeletonfor A. Themainquirk in thisskeletonis thatA performsa
multicast,andeffectively keepsa separatethreadto dealwith eachcontractor. Notethatit
is notclearif only onebid canbeaccepted,becausethebidsmayeachbepartialandmay
needto becombined.If therewerea requirementof uniqueness,it wouldbecapturedasa
disablingrelationship(a la R2 in Table1).

4.2. InducingEventClasses

With theskeletonsin hand,thepropertiesof theeventscanbereadilyinferred.The“get”
eventsfor requests,queries,or cancelationsareall triggerable,becausethat is how the
agentis informedby othersandrequestedto performvariousactions.In particular, unex-
pectedeventsmustconceptuallybetreatedastriggerable.In somecases,theagentmaybe
implementedsothat triggerability is effectedby polling, but that is a low-level detailand
is independentof ourconceptualunderstanding.

Many of theagents’eventsmaybemodeledasimmediateor at leastinevitable,because
the agentswill perform them if they wish, althoughthey may be willing to wait. For
example,when A cancels,it cannotbe told that it shouldnot. To cancelis simply its
prerogative asan autonomousagent. In somecases,however, whenwe wish to monitor
the agentsmoreclosely, we might restricteventssuchascancelso they mayoccuronly
after a commitmenthasbeencreated,for example,after a contractorhasresponded.In
sucha case,theeventmaybemodeledasflexible.
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Notice thatchanginganevent from immediateto inevitableto flexible makesthecoor-
dinationsimpler, but restrictsthe autonomyof the givenagent.This is a trade-off that a
designermustresolve.

4.3. InducingRelationships

The above exampledoesnot involve enoughvariety of relationshipsto exerciseall of
our formal language.Thereareno importantorderingconstraintsamongthe eventsof
different agents,except when triggering is involved. However, the following rules are
easilyidentified—forconveniencewereferbelow to thedefinitionsgivenin Table1.

m Thereis a Reply for every Solicit (R1). Repliesmayor maynot berequiredin every
protocol,however.

m TheRepliesmustbeenabledby theutterancesto which they Reply(R3).

m EveryCommitis completed(R1).

m Respondsis implementedin an application-specificmanner. However, input Solic-
its canenableassociatedResponds.Sometimes,we may not wish to allow this, for
example,soB canaskC anyway, thatis, evenif thereis no incomingSolicit.

m Thepresenceof anon-ReplyRespondto anutterance,for example,of utterancen fromoqp
to rts , indicatesthattheReplyis not requiredright away. Thenon-ReplyRespond

itself is performedunilaterallyby theagentandmustbemodeledasimmediate.

5. Enhancements

The above is the basicapproachfor applyingDooley graphsto coordination.However,
someimportantenhancementsarepossiblebasedonsomemoregeneralideas.

5.1. RicherRhetoricalRelationships

For expositoryease,we usedParunak’s proposedagentcommunicationlanguagein the
above. Alternative languagessuchasKQML [21] or the FIPA language[11] might also
have beenused. Although more popular, theselanguagesare no more expressive than
Parunak’s languageandthereis nothingto begainedby switchingto eitherof them.How-
ever, Parunak’s languagedoesnotcoversomeotherkindsof communicationsthatmaybe
reasonedwith in thisapproach.

For motivation,let’s considerthenotionof socialcommitmentaswepreviously formal-
ized[34]. Themainideais thata commitmentrelatesa debtoranda creditorwith respect
to aproposition.A commitmentis modeledasanabstractobjectandoperationsaredefined
to createor manipulatesuchobjects.Theseareasfollows.

O1. Createinstantiatesa commitment.Createusuallyrequiresa messagefrom thedebtor
to thecreditor.
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O2. Discharge satisfiesthegivencommitment.It is performedby thedebtorconcurrently
with theactionsthat leadto thegivenconditionbeingsatisfied,for example,thede-
livery of promisedgoodsor funds. For simplicity, we treatthe dischargeactionsas
performedonly when the propositionis true. We model the discharge as a single
messagefrom thedebtorto thecreditor.

O3. Cancelrevokesthegivencommitment.It canbeperformedby thedebtorasa single
message.

O4. Releaseessentiallyeliminatesthegivencommitment.This is distinguishedfrom both
discharge andcancel, becausereleasedoesnot meansuccessor failure, althoughit
lets thedebtoroff thehook. Thereleaseactionmaybeperformedby thecreditorof
thegivencommitmentasa singlemessage.

O5. Delegateshifts the role of debtorto anotheragent. It canbeperformedby the (old)
debtor. Thisassumesa backgroundarrangement,for example,throughprior commit-
ments,wherethenew debtoris somehow expectedto adoptthecommitmentdelegated
to it by theold debtor. If suchanarrangementdoesnot exist, thenew debtorhasto
explicitly acknowledgetakingon thecommitment.

O6. Assigntransfersacommitmentto anothercreditor. It canbeperformedby thepresent
creditor.

Performingtheseoperationscanleadtodifferentcommunicationsamongtheagents.Some
of the operationscan be capturedby the previous set of communications.Createcan
be capturedby commit, Discharge by ship andpay, andCancelandReleaseby refuse.
The last is not entirely satisfactory, becauseCancelandReleaseareconceptuallyquite
different. However, thereareno analogsof DelegateandAssignin Parunak’s language.
It would not be acceptableto leave themout, becausethey achieve importantoperations
oncommitments,whichareclearlypracticallyapplicablein domainssuchassupplychain
managementthatinspiredour runningexample.

However, ratherthanextendthecommunicationlanguageperse,we proposeto extend
theallowedrhetoricalrelationships.First, let’s confirmthatnoneof thefour relationships
(Response,Reply, Resolution,or Completion)proposedby Parunakcancover Delegate
andAssign. Intuitively, theseoperationsarecloseto beinga Completion,exceptthatthey
donotendthecommitment.Therefore,weintroducetwo new typesof relationshipscalled
DelegateandAssign.

An utterance| may Delegateor Assigna previousutterance} if | , respectively, Dele-
gates or Assigns thecommitmentcreatedby } . In eachcase,| Completes} andcreatesa
replacementcommitment.In thecaseof Delegate,weassumefor simplicity thatif thenew
debtorrefusesto takeonthecommitment,therefusalis interpretedasif theold debtorhad
canceledthe commitment.A commitmentthat hasbeendischarged,canceled,released,
delegated,or assignedcanno longerbesubjectto a new relationship;however, thecom-
mitmentscreatedin its steadmaybesubjectto suchrelationships.

Lastly, we mustaddanoptionalclausein theconstructionof thebipartitegraphintro-
ducedin Section3. A sender-sidevertex ~ may be relatedto a receiver-sidevertex � if
and only if the two verticesinvolve the sameparticipantand one of the following five
conditionshold:
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� � repliesto �
� � resolves �
� � is thelastutterancein theconversationand � repliesto �
� � completes� where� resolves �
� � completes��� where��� completes��� . . . ������� completes��� resolves � .
Notice that the relationshipsDelegateandAssigndo not explicitly arisein the bipartite
graphconstruction,but arenecessaryto trackthecommitments,soweknow whatcommit-
mentsareoutstanding.

5.2. PotentialCausality

The notion of potential causalitywas introducedto distributed computingby Lamport
[22]. Potentialcausalityis the ideathatwherethereis an informationflow acrossevents
within anagentor acrosseventsin differentagents(throughmessagepassing),theremay
bea causalconnection.Therelevanteventsarethesendingof a message,thereceiptof a
message,or a localcomputation.

Briefly, if two eventstake placeat anagent,thefirst potentiallycausesthesecond.The
eventcorrespondingto thesendingof amessageby oneagentpotentiallycausestheevent
correspondingto thereceiptof thesamemessageby anotheragent(providedthemessage
is not lost). Taking the transitive closureof thesedefinitions,we candeterminewhether
any two eventsin a distributedsystemarepotentiallycausallyrelated. Potentialcauses
canbe inferredjust by knowing the messagetraffic, whereasreal causesdependon the
details,thatis, thesemantics,of thelocalcomputations.To theextentwecanusepotential
causalityinsteadof true causality, we needreducedinput from the designeror analyzer.
Thiswouldnotonlysimplify theirtask,butmorereadilyincorporateheterogeneousagents,
for example,producedby differentvendors,whoseinternaldetailsarenotknown (andtrue
causalityfor which cannotbe determined).However, a problemis that therecanbe far
morepotentialcausesthanrealcauses[26]. However, everyrealcausemustbeapotential
cause.Sowecanbesurethatpotentialcausalitywill only overestimatethecausesandnot
loseany realcause.

As a result,it is worthwhileto usepotentialcausalityunlesssuperiorinformationabout
truecausalitycaneasilybeobtained.Simulatedconversationsandevenrole playingmay
notyield all theinformationabouttruecausalityeasily.

EXAMPLE: Considerthe discussionof agentC in Section4.1. We took the view that
C’s futureactionsdo not dependuponB’s query. However, underpotentialcausality, we
would not know if B’s queryhadan effect on C’s decisions.Figure12 shows a partial
orderof themessagesof Table2 indicatingtheir potentialcausationof others.Theseare
writtenas ��� to emphasizethatthey aresimply low-level messagesratherthanutterances
in thiscase.Noticethat ��� is capturedaspotentiallybeingcausedby ��  eventhoughthe
correspondingutterancewastruly causedonly by � � to which it Responded.

Thecharactersof C wouldnotchange(in thisexample),becausetheRepliesrelationships
arenotaffectedby usingpotentialRespondsinsteadof trueResponds.
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Figure12. Potentialcausalityillustrated

6. Discussion

The researchcommunityhasbeenremarkablycreative in discovering and formalizing
high-level abstractionsfor thespecificationof multiagentsystems.Despitethis progress,
thereis a wide gapbetweentheoryandpractice.All too often, the rich theoriesthatare
developedareappliedin anentirelyadhocmanner. For multiagentsystemsto reachtheir
truepotentialin complex real-life applications,theadvancesin theoriesandarchitectures
mustbecomplementedby advancesin engineeringtechniquesandmethodologies.This is
thebroadchallengethatweaddressedin thispaper.

Specifically, weshowedhow wecanbegin with Dooley graphsandwith someheuristics
aboutwell-formedskeletonsandsymmetryacrossagentsin thesamerole, comeup with
reasonableskeletonsfor coordination.We canalsoinfer many of thedesiredrelationships
amongtheskeletons.Theprocessis not automatic,but canhelpa humandesignercreate
a goodspecification.We believe essentiallythe sameapproachcanbe appliedto other
coordinationapproaches.A large-scaleevaluationhasnotyetbeenperformed,however.

We stronglybelieve that the nascentscienceof multiagentsystemsis inherentlyinter-
disciplinary. Accordingly, researchersin thisareashouldbecontinuallylooking for useful
ideasin otherfields. We applaudParunakfor his efforts in recruitingideasfrom applied
linguistics. For our part,we have pursuedideasfrom logicsof programanddatabasesin
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developingour coordinationservice. Herewe showed how we cancombineseparately
borrowedideasto strengthenmultiagentapproachesstill further.

6.1. Literature

Thepracticalaspectsof agentdevelopmenthavebeendrawing increasingattentionwithin
the agentscommunity. In a recentpaper, Wooldridge& Jenningsdescribethe possible
pitfallsof applyingagentsinappropriately, especiallyon accountof thelimited robustness
of mostexisting techniquesfor developingagent-basedapplications[40]. We now review
someof themostrelevantliteratureon multiagentarchitecturesandmethodologies,espe-
cially thosegearedtowardcoordination.

Koningetal. developanapproachbasedonPetriNetsto modelandvalidateinteraction
protocolsamongagents[20]. Like our approach,this approachtoo capturesa behavior
modelfor anagentasa finite stateautomaton.However, Koninget al.’s focusis on using
thebehavior model,not in trying to createit. In this respect,our approachandtheirsare
complementary. BarbuceanuandFox describea language,looselybasedon KQML, for
specifyingcoordinationamongagents[2]. Their approachinvolvesfinite staterepresen-
tationsof theentireconversation.While their approachis quiteeffective in coordinating
agents,it leavesopenthe questionof how the given conversationis acquired. Our ap-
proachcanhelp in this regard. However, in their case,the desiredprotocol is kept asa
centralmodelthatcontrolstheparticipatingagents.By contrast,in our representation,the
protocolis distributedacrosstheparticipatingagents.

Decker & Lesser[5] developcoordinationalgorithmsfor thegeneralizedpartialglobal
planningframework. They studyrelationshipsamongplans,suchaswhethera plansup-
portsor interfereswith another, andusethoseasthe basisfor coordination.They study
several heuristicsto reasonaboutdeadlinesandcoordinationproblemsin varioussitua-
tions.They seemnot to follow any specificsoftwareengineeringmethodologyfor coming
up with thecoordinationrequirements.However, thereis a richnessin Decker & Lesser’s
representationsthatliesbeyondthepresentapproach—extensionsto accommodatethefull
powerof theirapproachwouldbeinteresting.

Sichmanet al. considersocialdependenciesamongdifferentagentsandusethemto
guidetheagents’interactionswith eachother[29]. No specificapproachfor uncovering
thedependenciesis provided. It appearsthatthesocialdependenciesareat a higherlevel
thansomeof thecoordinationwestudiedhere.Conceivably, wecouldcomewith ageneric
skeletonto captureagentswho reasonsociallyandto useit coordinatetheagentsso that
theirdependenciescanbedetectedandmanaged.

Theagent-orientedapproachesto programminginvolve the formalizationof constructs
suchasbeliefs,intentions,andcommitments[28, 35]. Althoughthisclassof workhasbeen
mostly theoretical,somepracticalvariantshave alsobeendeveloped.Haddadidescribes
the COSY architectureinitiated by BurmeisterandSundermeyer [13, chap.5]. This ar-
chitectureinvolvesthe specificationandexecutionof variouscommunicationprotocols,
for example,for requestsandproposals,throughwhich agentsmay cooperate.Agentis
is analternativeagent-orientedframework for building interactivemultiagentsystems[6].
Agentisworks througha small setof protocols,for example,registrationof agentsand
servicerequests,thatareusedasthebasisfor otherinteractions.Theseprotocolsarerep-



¸¹¸ ºG»"¼ ½-¾

resentedaspairsof finite stateautomata—onefor eachrole in theprotocol. d’Invernoet
al. takethesemachinesasgivenandprovesomeusefulpropertiesaboutthem.Smithetal.
applythetheoryof joint intentionsto analyzeconversationpoliciesexpressedasfinite state
diagrams[36]. In thisway, theCOSY, Agentis,andjoint intentionseffortscomplementthe
presentapproach,which seeksto comeup with the representationsthat they assumeas
given.

Brazieret al. applytheDESIREframework to modelmultiagentsystems[3]. DESIRE
is a formalapproachrelatedto conventionalsoftwareengineeringthat is especiallystrong
in termsof modelinghierarchiesof objectsandcomponents.Thebehavior modelsin DE-
SIREaresimilar to statecharts[15]. Thisapproachtoo is not concernedwith constructing
behavior modelsfor agents,asweare.

Our emphasishasbeenon explicitly designedinteractions,which aremostappropriate
whenthereis a relatively smallnumberof rolesin thesystem,andtherolesareexpected
to beresponsiblefor sizablechunksof activity. Drogoul& Collinot presentanalternative
approach,calledCassiopeia,in which theagentsareendowedwith capabilitiesto detect
relationshipsandto form anddissolvetemporaryorganizationsin orderto coordinatetheir
actionsfor aspecifictask[8]. Thedesignerimpartsadditionalknowledgesotheagentscan
choosetherelationshipsthatarethemostrelevantin thegivendomain.Agents’behaviors
in Cassiopeiacorrespondto subskeletonsin ourapproach;influencesamongbehaviorscor-
respondto coordinationrelationships.However, Cassiopeiais a morebottom-upapproach
andopensthe possibilityof learningmechanismsfor coordination,which alsoappearto
bea promisingline of research.

6.2. FutureDirections

Therearea numberof topics for future investigation. One is the considerationof con-
versationsthatareeffectively nonterminating.Conversationsthatarespecifiableasfinite
statemachinescanbe accommodatedin our approachwith someextensions.Repeated
interactionsamongtheagentscanhelpidentify moreof thebranchesof thepossiblecon-
versations,but caremustbetakensothatunnecessarycausalconnectionsarenot inferred.
Anotherchallengeis to usenegative examples,that is, graphsthat describefailed con-
versationsor conversationsthat do not meetsomedesiredcriteria. Thesetaskscouldbe
facilitatedby a tool thatincorporatessomemachinelearningoverconversations.

The above approachconsidersspecificconversationinstancesto determinethe coordi-
nation requirementsfor a multiagentsystem. A moreambitiouschallengeis to induce
the coordinationrequirementsfor entireclassesof interactions,for example,to capture
interestingaggregatepropertiesof a system.Specifically, it would behelpful to develop
multiagentsystemswith moreflexible controlon theextentof cooperationor negotiation
thattheirmemberagentsshouldsupport.

Although we consideredonly the coordinationrequirements,thereis needto support
additionaltypesof interaction. Interactionsin generalcan involve moresubtlepatterns
thanarecapturedby our coordinationrelationships.Within theframework of interaction-
orientedprogramming,wehavetakensomeinitial stepstowardsformalizingthesepatterns
[33, 19, 38]. A majordirectionwill be to developmethodologiescorrespondingto these
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additionalabstractionsthat leadto moreflexible andpowerful multiagentsystemswhile
requiringonly a smalladditionaleffort by thedesigner.
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Appendix

Formal Syntax and Semantics

This appendixis only includedfor completeness,and may safelybe skippedon a first
reading.

We formalizeinteractionsin anevent-basedlinear temporallogic. Ö , our specification
language,is propositionallogic augmentedwith the before ( × ) temporaloperator. The
literalsdenoteeventtypes,andcanhaveparameters.A literal with all constantparameters
denotesaneventtoken. Crucially, Ö canexpressa remarkablevarietyof interactions,yet
becompiledandexecutedin a distributedmanner.

Thesyntaxof Ö follows. Ø includesall eventliterals(with constantor variableparame-
ters); ÙÛÚÜØ containsonly constantliterals.A dependencyis anexpressionin Ö .
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Syntax 1 íïîÛð
Syntax 2 ñóòõô�ñGöø÷ùðûúüñ�òþýÿñ ö ô�ñ�ò � ñ ölô�ñ�ò���ñ öø÷Mð

Our formal semanticsis basedon traces,that is, sequencesof events. Our universeis���
, which containsall consistenttracesinvolving eventtokensfrom � . Consistenttraces

arethosein which an event token andits complementdo not occur, andin which event
tokensarenot repeated.� �
	 	��Gð�
� ��� ����� givesthedenotationof eachmemberof ð . The
specificationsin ð selecttheacceptabletraces—specifyingñ meansthat theservicemay
acceptany tracein � � ñ�	 	 .

Let constantparametersbewrittenas ��� etc.;variablesas ��� etc.;andeithervarietyas���
etc. ��� � ò �!�"� ��#$	 meansthat � occursappropriatelyinstantiated.

Semantics 1 � � �%� ��ò �"�"� � # 	&	 	�')(!*ÿ÷ ��� ���%� �óò �"�!� � # 	 occurson *�+
� refersto the complementof � . Since � �
	 	 yields setsof traces,complementationis

strongerthannegationin othertemporallogics. Intuitively, �%� ��ò �"�"� � # 	 is establishedonly
whenit is definitethat �%� ��ò �"�!� � # 	 will neveroccur. Complementedliteralsareincludedin
í andneednoseparatesyntaxor semanticsrule.
ñ,�-� � refersto anexpressionfree in variable � . ñ,�-�.�/�0'1� � refersto theexpressionob-

tainedfrom ñ,�-� � by substitutingeveryoccurrenceof � by � . Variableparametersareeffec-
tively universallyquantifiedby:

Semantics 2 � � ñ��2� � 	 	3'547698�:�� � ñ,�-�;�&�0'<� � 	 	
ñ�ò ýÛñ ö meansthat either ñóò or ñGö is satisfied. ñ�ò � ñ ö meansthat both ñ�ò and ñ ö are

satisfied(in any interleaving). ñ�ò=� ñ ö meansthat ñ�ò is satisfiedbefore ñGö (thusboth are
satisfied).

Semantics 3 � � ñ�òþýÿñ ö"	 	�'>� � ñ�ò?	 	A@B� � ñ ö"	 	
Semantics 4 � � ñ�ò � ñ ö"	 	�'>� � ñ�ò?	 	ACB� � ñ ö"	 	
Semantics 5 � � ñ ò �óñ ö 	 	�')(!* ò * ö ÷ � � ��* ò ÷D� � ñ ò 	 	 and * ö ÷E� � ñ ö 	 	F+

Elsewhere[32], we presenta setof equationsthat enablesymbolicreasoningon ð to
determinewhena certaineventmaybepermitted,prevented,or triggered.
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