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Abstract. This paperdescribesanagent-orientedrequirementsengineeringap-
proachthatcombinesinformal

���

modelswith formal speci�cationsin themul-
tiagentsystemspeci�cationformalismCASL. This allows the requirementsen-
gineerto exploit thecomplementaryfeaturesof the frameworks.

�
�

canbeused
to modelsocialdependenciesbetweenagentsandhow processdesignchoicesaf-
fect theagents'goals.CASL canbeusedto modelcomplex processesformally.
We introducean intermediatenotationto supportthemappingbetween

�
�

mod-
elsandCASL speci�cations.In thecombined

�
�

-CASL framework,agents'goals
andknowledgearerepresentedastheir mentalstates,which allows for the for-
mal analysisandveri�cation of, amongotherthings,complex agentinteractions
whereagentsmayhavedifferentgoalsanddifferent(incomplete)knowledge.Our
modelscanalsoserve ashigh-level speci�cationsfor multiagentsystems.

1 Intr oduction

Modern software systemsare becomingincreasinglycomplex, with lots of intricate
interactions.Therecentpopularityof electroniccommerce,webservices,etc.con�rms
theneedfor softwareengineeringmethodsfor constructingapplicationsthatareopen,
distributed,andadaptableto change.This is why many researchersandpractitioners
arelooking atagenttechnologyasabasisfor distributedapplications.

Agentsareactive, social,andadaptablesoftwaresystementitiessituatedin some
environmentandcapableof autonomousexecutionof actionsin orderto achieve their
setobjectives[25]. Furthermore,mostproblemsaretoo complex to be solvedby just
oneagent;onemustcreatea multiagentsystem(MAS) with several agentshaving to
work togetherto achievetheirobjectivesandultimatelydeliver thedesiredapplication.
Therefore,adoptingtheagent-orientedapproachto softwareengineeringmeansthatthe
problemis decomposedinto multiple, autonomous,interactingagents,eachwith their
own objectives(goals).Agentsin MAS frequentlyrepresentindividuals,companies,
etc.This meansthat thereis an“underlyingorganizationalcontext” [7] in MAS. Like
humans,agentsneedto coordinatetheir activities,cooperate,requesthelpfrom others,
etc.,oftenthroughnegotiation.Unlike in object-orientedor component-basedsystems,
interactionsin multiagentsystemsoccurthroughhigh-level agentcommunicationlan-
guages,so theseinteractionsaremostly viewed not at the syntacticlevel, but “at the
knowledgelevel, in termsof goaldelegation,etc.” [7].



In requirementsengineering(RE),goal-orientedapproaches(e.g,KAOS[3]) have
becomeprominent.In Goal-OrientedRequirementsEngineering(GORE),high-level
stakeholderobjectives are identi�ed as goals and later re�ned into �ne-grained re-
quirementsassignableto agents/componentsin thesystem-to-beor in its environment.
Relianceon goalsmakesgoal-orientedrequirementsengineeringmethodsandagent-
orientedsoftwareengineeringa greatmatch.Moreover, agent-orientedanalysisis cen-
tral to requirementsengineeringsincetheassignmentof responsibilitiesfor goalsand
constraintsamongthe componentsin the system-to-beandthe agentsin the environ-
mentis themainresultof theRE process.Therefore,it is naturalto useagoal-oriented
requirementsengineeringapproachwhendevelopingMAS. With GORE,it is easyto
make the transitionfrom the requirementsto the high-level MAS speci�cations.For
example,strategic relationshipsamongagentswill becomehigh-level patternsof inter-
agentcommunication.Thus,it would bedesirableto deviseanagent-orientedREap-
proach with a formalcomponentthatsupportsrigorousformalanalysis,includingrea-
soningaboutagents'goalsandknowledge.

In theabove context, while it is possibleto informally analyzesmallsystems,for-
mal analysisis neededfor any realistically-sizedsystemto determinewhethersuch
distributedrequirementsimposedon eachagentin a MAS arecorrectlydecomposed
from thestakeholdergoals,consistentand,if properlymet,achievethesystem'soverall
objectives.Thus,theaimof thiswork is to deviseanagent-orientedrequirementsengi-
neeringapproachwith a formalcomponentthatsupportsreasoningaboutagents'goals
(and knowledge),therebyallowing for rigorousformal analysisof the requirements
expressedastheobjectivesof theagentsin a MAS.

In ourapproach,weintegratethe ��� modelingframework [27] with CASL [19, 18], a
formalagent-orientedspeci�cationlanguagethatsupportsthemodelingof agentmental
states.This givesthemodelerthe�e xibility andintuitivenessof the ��� notationaswell
asthepowerful formalanalysiscapabilityof CASL.To bridgethegapbetweeninformal

��� diagramsandformal CASL speci�cationswe proposeanintermediatenotationthat
canbeeasilyobtainedfrom ��� modelsandthenmappedinto CASL.With our ��� -CASL-
basedapproach,aCASL modelcanbeusedbothasarequirementsanalysistool andas
aformalhigh-level speci�cationfor amultiagentsystemthatsatis�estherequirements.
Thismodelcanbeformally analyzedusingtheCASLve[20, 18] tool or othertoolsand
theresultscanbefedbackinto therequirementsmodel.

Oneof themainfeaturesof thisapproachis thatgoals(andknowledge)areassigned
to particularagentsthusbecomingtheir subjective attributesasopposedto beingob-
jectivesystempropertiesasin many otherapproaches(e.g.,Tropos[1] andKAOS[3]).
This allows for the modelingof con�icting goals,agentnegotiation,informationex-
change,complex agentinteractionprotocols,etc.

Therestof thepaperisorganizedasfollows:Section2 brie�y describestheconcepts
of ��� andCASL, Section3 discussesour approachin detail,andSection4 concludes
thepaper.



2 Background

2.1 The ��� Framework

��� [27] is anagent-orientedmodelingframework that is mostlyusedfor requirements
engineering.��� centerson thenotionof intentionalactor andintentionaldependency.
Actors aredescribedin their organizationalsettingandhave attributessuchasgoals,
abilities, beliefs,etc. In ��� , an actorcanuseopportunitiesto dependon other actors
in achieving its objectives,at the sametime becomingvulnerableif thoseactorsdo
not deliver. Dependenciesin ��� areintentionalsincethey appearasa resultof actors
pursuingtheir goals.

To illustrate the approach,we usea variant of the meetingschedulingproblem,
which hasbecomea popularexemplarin RequirementsEngineering.In thecontext of
the ��� modelingframework a meetingschedulingprocesswas �rst analyzedin [27].
We modi�ed themeetingschedulingprocessto makeour modelseasierto understand.
For instance,we take thelengthof meetingsto bethewholeday. We alsointroduceda
legacy softwaresystemcalledtheMeetingRoomBookingSystem(MRBS)thathandles
thebookingof meetingrooms.Thecompletecasestudyis presentedin [8].

Fig.1. SD(A) andSR(B) modelsfor themeetingschedulerprocess

The �
� framework hastwo maincomponents:theStrategic Dependency(SD)model

andtheStrategic Rationale(SR)model. Theformerdescribestheexternalrelationships
amongactors,while thelatterfocusesonexploringtherationalebehindtheprocessesin
organizationsfrom thepointof view of participatingactors.SDmodelsarenetworksof
actors(which canbeagents,positions,androles)anddependencies.Dependingactors
arecalleddependersanddepended-uponactorsarecalleddependees. Therecanbefour
typesof dependenciesbasedon what is beingdelegated— a goal,a task,a resource,



anda softgoal.Softgoalsarerelatedto the notion of non-functionalrequirements[2]
andmodelqualityconstraintson thesystem.

Fig. 1A is the SD diagramshowing the computerizedMeeting Scheduler(MS)
agentin its environment.Here,therole MeetingInitiator (MI) dependson theMS for
schedulingmeetingsandfor beinginformedaboutthemeetingdetails.TheMS, in turn,
dependson theMP (MeetingParticipant)role for attendingmeetingsandfor providing
his/heravailabledatesto it. TheMS usesthebookingsystemto bookroomsfor meet-
ings.TheDisruptoractorrepresentsoutsideactorsthatcausechangesin participants'
schedules,thusmodelingtheenvironmentdynamics.

SR modelsenablethe analystto assessalternativesin the de�nition of actorpro-
cessesto betteraddresstheir concerns.Four typesof nodesareusedin SRmodels—
goals,tasks,softgoals,andresources— andthreetypesof links — means-endslinks,
task decompositionslinks, andsoftgoalcontribution links. Means-endslinks specify
alternativewaysto achievegoals;taskdecompositionlinks connecttaskswith compo-
nentsneededfor their execution.For example,Fig. 1B is a simpleSRmodelshowing
somedetailsof theMI process.To schedulemeetings,theMI caneitherdo it manually,
or delegateit to thescheduler. Quality requirements(softgoals),suchasMinimize-
Effort in Fig. 1B, areusedto evaluatethesealternatives.Contribution links specify
how alternativescontributeto qualityconstraints.

2.2 The Formal Foundations:CASL

TheCognitiveAgentsSpeci�cationLanguage(CASL) [19, 18] is aformalspeci�cation
languagethatcombinestheoriesof action[15, 16] andmentalstates[17] expressedin
the situationcalculus[10] with ConGolog[4], a concurrent,non-deterministicagent-
orientedprogramminglanguagewith a formal semantics.In CASL, agents'goalsand
knowledgearemodeledformally; communicationactionsareprovidedto updatethese
mentalstatesandConGologis thenusedto specifythebehaviour of agents.This com-
binationproducesa very expressive languagethatsupportshigh-level reasoningabout
theagents'mentalstates.Thelogicalfoundationsof CASL allow it to beusedto specify
andanalyzea wide variety of MAS including non-deterministicsystemsandsystems
with anincompletelyspeci�edinitial state.

CASL speci�cationsconsistof two parts: the model of the domainand its dy-
namics(the declarative part) and the speci�cation of the agents'behaviour (the pro-
ceduralpart). The domainis modeledin termsof the following entities:1) primitive
actions— all changesin the domainaredue to primitive actionsbeingexecutedby
agents;2) situations, which arestatesof the domainthat result from theexecutionof
sequencesof actions(there is a set of initial situations,with no predecessor, corre-
spondingto thewaysagentsthink theworld might be like initially); 3) �uents, which
arepredicatesandfunctionsthatmaychangevaluefrom situationto situation.The�u-
entRoom(meetingID,date,room,s) , wheres is a situationparameter, models
thefactthata roomhasbeenbookedonsomedayfor somemeetingin a situations.

To specifythe dynamicsof an applicationdomain,we usethe following typesof
axioms:1) actionpreconditionaxiomsthatdescribeunderwhatconditionsactionscan
be performed;2) successorstateaxioms(SSA), which were introducedin [15] asa
solutionto theframeproblemandspecifyhow primitiveactionsaffect �uents; 3) initial



stateaxioms, whichdescribetheinitial stateof thedomainandtheinitial mentalstates
of theagents;4) otheraxiomsthatincludeuniquenameaxiomsfor actionsanddomain
independentfoundationalaxioms.

Agents' behaviour is speci�edusinga rich high-level programminglanguagewith
recursiveprocedures,loops,conditionals,non-determinism,concurrency,andinterrupts
[4]. Thefollowing tablelistsmostof theavailableconstructs:

� , primitiveaction
�

?, wait for a condition(test)
�

� ;
�

� , sequence
�

���

�

� , nondeterministicbranch
�����

�

, nondeterministicchoiceof argument
�

� , nondeterministiciteration
if

�

then
�

� else
�

� endIf , conditional
while

�

do
�

endWhile , while loop
for �
	

�

do
�

endFor , for loop
�

���

�

� , concurrency with equalpriority
�

�
� �

�

� , concurrency with
�

� ata higherpriority
guard

�

do
�

endGuard , guard
���

	

���

�

until �

� , interrupt
������� , procedurecall

Theguardoperator(de�ned in [8]) blocksexecutionof theprogram
�

until its condition
�

holds.For aninterruptoperator, whenits condition
�

holdsfor somevalueof
�

, the
interrupttriggersandthebody

�

is executed.Afterwards,theinterruptmaytriggeragain
provided that the cancellationcondition � doesnot hold. The “for loop” constructis
de�ned in [18].

Also, CASL supportsformal modelingof agents'goalsandknowledge.The rep-
resentationfor both goalsandknowledgeis basedon a possibleworlds semanticsin-
corporatedinto the situationcalculus,wheresituationsareviewed aspossibleworlds
[11, 17]. CASL usesaccessibilityrelationsK andWto modelwhatanagentknowsand
whatit wantsrespectively. K(agt,s',s) holdsif thesituations' is compatiblewith
what the agentagt knows in situations, i.e., in situations, the agentthinks that it
mightbein thesituations' . In thiscase,thesituations' is calledK-accessible. When
anagentdoesnotknow thevalueof someformula

�

, it considerspossible(formally, K-
accessible)somesituationswhere

�

is trueandsomewhereit is false.An agentknows
someformula

�

if
�

is true in all its K-accessiblesituations:Know(agt,
�

,s) �

�

s'(K(agt,s',s) �

�

[s']) . Constraintson the K relationensurethat agents
have positive andnegative introspection(i.e., agentsknow whetherthey know/don't
know something)and guaranteethat what is known is true. Communicationactions
suchasinform areusedfor exchanginginformationamongagents.Thepreconditions
for theinform actionensurethatno falseinformationis transmitted.Thechangesto
agents'knowledgedueto communicationandotheractionsarespeci�ed by the SSA
for theK relation.Theaxiomensuresthatagentsareawareof theexecutionof all ac-
tions.This formal framework is quitesimpleandidealized.More complex versionsof
theSSAcanbespeci�ed,for example,to handleencryptedmessages[19] or to provide



belief revision [21]. For convenience,abbreviationsKWhether (agt,
�

,s) , which
meansthat the agentknows either

�

or its negation,and KRef (agt, � ,s) , which
indicatesthattheagentknowsthevalueof � , areused.

TheaccessibilityrelationW(agt,s',s) holdsif in situations anagentconsiders
thateverythingthatit wantsto betrueactuallyholdsin s' , whichis calledW-accessible.
Goal (agt, � ,s) indicatesthatin situations theagentagt hasthegoalthat � holds.
Thede�nition of Goal saysthat � mustbetruein all W-accessiblesituationsthathave
a K-accessiblesituationin their past.This way, while agentsmaywantsomethingthey
know is impossibleto obtain,thegoalsof agentsmustbeconsistentwith whatthey cur-
rentlyknow. In ourapproach,wemostlyuseachievementgoalsthatspecifythedesired
statesof theworld. We usethe formula Goal (agt, Eventually ( � ),s) to state
thatagt hasthegoalthat � is eventuallytrue.Therequest andcancelRequest
actionsareusedto requestservicesandcanceltheserequests.Requestsareusedto es-
tablishintentionaldependenciesamongagents.Thedynamicsof theWrelation,which
is affectedby request , etc.,arespeci�ed by a SSA.Thereareconstraintson theW
andK relations,whichensurethatagents'goalsareconsistentandthatagentsintrospect
their goals.See[18, 19] for moredetailsaboutCASL, aswell as[8] for detailsabout
how wehaveadaptedit for usewith ��� for requirementsengineering.

3 The ��� -CASL Process

3.1 Incr easingPrecisionwith iASR Models

Our aim in this approachis to tightly associateSR modelswith formal speci�cations
in CASL. The standardSR diagramsaregearedto informal analysisandcanbe very
ambiguous.For instance,they lack detailson whetherthesubtasksin taskdecomposi-
tionsaresupposedto beexecutedsequentially, concurrently, undercertainconditions,
etc.CASL, on theotherhand,is a preciselanguage.To handlethis precisionmismatch
we useIntentionalAnnotatedSR(iASR) modelsthathelpin bridgingthegapbetween
SRmodelsandCASL speci�cations.Our goal is to make iASR modelsprecisegraph-
ical representationfor theproceduralcomponentof CASL speci�cations.Thestarting
point for developingan iASR diagramfor an actoris the regularSR diagramfor that
actor(e.g.,seeFig. 1B). It canthenbeappropriatelytransformedinto an iASR model
throughthestepsdescribedbelow.

Annotations. The main tool that we usefor disambiguatingSR modelsis anno-
tations. Annotationsallow analyststo model the domainmorepreciselyand to cap-
ture data/controldependenciesamonggoalsandotherdetails.Annotations,proposed
in [24] for usewith SRmodelsandConGolog,aretextual constraintson iASR models
andcanbe of several types:compositionandlink annotations,andapplicability con-
ditions. Compositionannotations(speci�ed by � in Fig. 2A) areappliedto taskand
means-endsdecompositionsandspecifyhow thesubtasks/subgoalsareto becombined
to execute/achievethesupertask/supergoal.Four typesof compositionsareallowed:se-
quence(”;”), which is default for taskdecompositions,concurrency (” � ”), prioritized
concurrency (” � � ”), andalternative (” � ”), which is the default for means-endsdecom-
positions.Theseannotationsare appliedto subtasks/subgoalsfrom left to right. The
choiceof compositionannotationsis basedon thewaysactionsandprocedurescanbe



composedtogetherin CASL. In someapproaches,for example,theTrust-Con�dence-
Distrustmethodof [6] that alsouses��� , sequencingamongsubtasks/subgoalsis cap-
tured usingprecedencelinks. We believe that the arrangementof nodesfrom left to
right basedon their sequence/priority/etc.simpli�es theunderstandingof models.

Fig.2.Specifyingannotations(A) andusingthemto synchronizeproceduralanddeclarativecom-
ponents(B) in CASL speci�cations

Link annotations( ��� in Fig. 2A) areappliedto subtasks/subgoals(n �

� andspecify
how/underwhat conditionsthey aresupposedto be achieved/executed.Therearesix
typesof link annotations(correspondingto CASL operators):whileandfor loops,theif
condition,thepick, the interrupt,andtheguard.Thepick (pick(variableList,
condition) ) non-deterministicallypicksvaluesfor variablesin thesubtaskthatsat-
isfy the condition. The interrupt (whenever(variableList,condition,
cancelCondition) ) �res whenever thereis a binding for the variablesthat sat-
is�es the conditionunlessthe cancellationconditionbecomestrue.Guards(guard(
condition) ) blockthesubtask'sexecutionuntil theconditionbecomestrue.Theab-
senceof a link annotationon a particulardecompositionlink indicatestheabsenceof
any conditionson thesubgoal/subtask.

Thethird annotationtypeis theapplicability condition(ac(condition) ). It ap-
pliesto means-endslinks usedwith goalachievementalternativesandspeci�esthatthe
alternative is only applicablewhentheconditionholds.

Agent Goalsin iASR Models. A CASL agenthasproceduralanddeclarativecom-
ponents.iASR diagramsonly modelagentprocessesandthereforecanonly beusedto
representthe proceduralcomponentof CASL agents.The presenceof a goal nodein
aniASR diagramindicatesthat theagentknows thatthegoal is in its mentalstateand
is preparedto deliberateaboutwhetherandhow to achieve it. For theagentto modify
its behaviour in responseto thechangesto its mentalstate,it mustdetectthat change
andsynchronizeits proceduralanddeclarative components(seeFig. 2B). To do this
we useinterruptsor guardswith their conditionsbeingthepresenceof certaingoalsor
knowledgein thementalstateof theagent.Procedurallya goalnodeis interpretedas
invoking themeansto achieve it.

In CASL, as describedin [19], only communicationactionshave effects on the
mentalstateof theagents.We, on theotherhand,would like to let agentschangetheir
mentalstateon their own by executingtheactioncommit(agent,

�

) , where
�

is a



formula that theagent/modelerwantsto hold. Thus,in iASR diagramsall agentgoals
must be acquiredeither from intentionaldependenciesor by using the commit ac-
tion. By introducinggoalsinto themodelsof agentprocesses,themodelercapturesthe
fact thatmultiple alternativesexist in theseprocesses.Moreover, thepresenceof goal
nodessuggeststhat thedesignerenvisionsnew possibilitiesfor achieving thesegoals.
By makingtheagentacquirethegoals,themodelermakessurethattheagent'smental
statere�ects theabove intention.By usingthecommit action,themodeleris ableto
“load” the goal decompositionhierarchyinto the agents'mentalstates.This way the
agentswould beableto reasonaboutvariousalternativesavailableto themor comeup
with new waysto achieve their goalsat runtime.This is unlike the approachin [24]
whereagentgoalshadto beoperationalizedbeforebeingformally analyzed.

Softgoals. Softgoals(quality requirements)areimpreciseandthusaredif�cult to
handlein aformalspeci�cationslanguage.Therefore,weusesoftgoalsto helpin choos-
ing thebestprocessalternatives(e.g.,by selectingtheoneswith thebestoverall con-
tribution to all softgoalsin themodel)andthenremove thembeforeiASR modelsare
produced.Alternatively, softgoalscanbeoperationalizedor metricized,thusbecoming
hardgoals.Sincein this approachsoftgoalsareremovedfrom iASR models,applica-
bility conditionscanbe usedto capturein a formal way the �tness of thealternatives
with respectto softgoals(this �tness is normallyencodedby thesoftgoalcontribution
links in SRdiagrams).For example,onecanspecifythatphoningparticipantsto notify
themof themeetingdetailsis applicableonly in caseswith few participants(seeFig.5),
while theemailoptionis applicablefor any numberof participants.Thismaybedueto
thesoftgoal“Minimize Effort” thathasbeenremovedfrom themodelbeforetheiASR
modelwasproduced.

Fig.3. Adding iASR-level agentinteractiondetails

Providing agentinteraction details. ��� usuallyabstractsfrom modelingany details
of agentinteractions.CASL,ontheotherhand,modelshigh-levelaspectsof inter-agent
communication.Becauseof the importanceof agentinteractionsin MAS, in orderto
formally verify MAS speci�cationsin CASL, all high-levelaspectsof agentinteraction
mustbeprovidedin the iASR models.This includesthe tasksthat requestservicesor



informationfrom agentsin thesystem,thetasksthatsupplytheinformationor inform
aboutsuccessor failurein providingtheservice,etc.Weassumethatthecommunication
links arereliable.

For example,theSRmodelwith thegoaldependency RoomBooked (seeFig. 1A)
in Fig.3A is re�ned into theiASR modelin Fig. 3B showing thedetailsof therequests,
the interruptswith their triggerconditionsreferringto mentalstatesof theagents,etc.
Here,theparametermid (“meetingID”) is a uniquemeetingidenti�er. Sinceachieved
goalsremainin thementalstateof anagent,all interruptsdealingwith theacquisition
of goalsthroughdependenciesmustbetriggeredonly for new instancesof thesegoals.
We usuallyleave thesedetailsout in iASR models.For instance,we have left out the
part of the interrupt condition that makessurethat only unachieved instancesof the
goalRoomBooked triggertheinterruptin Fig. 3B. We presentanexampleof thefully
speci�edinterruptin thenext section.

3.2 Mapping iASR Diagrams into CASL

Onceall the necessarydetailshave beenintroducedinto an iASR diagram,it canbe
mappedinto the correspondingformal CASL model, thus making the iASR model
amenableto formalanalysis.

Themodelerde�nes a mappingm thatmapsevery element(exceptfor intentional
dependencies)of aniASR modelinto CASL. Speci�cally, agentsaremappedinto con-
stantsthatserve astheir namesaswell asinto CASL proceduresthatspecifytheir be-
haviour; rolesandpositionsaremappedinto similarprocedureswith anagentparameter
sothatthey canbeinstantiatedby individualagents.For concreteagentsplayinganum-
ber of roles,the procedurescorrespondingto theseroleswill be combinedto specify
the overall behaviour of the agent.Theseproceduresarenormally executedin paral-
lel. However, onemay alsouseprioritized concurrency, which is available in CASL,
to combineagent's roles.Leaf-level tasknodesaremappedinto CASL proceduresor
primitive actions;compositionandlink annotationsaremappedinto the correspond-
ing CASL operators,while the conditionspresentin the annotationsmapinto CASL
formulas.

Mapping TaskNodes. A taskdecompositionis automaticallymappedinto aCASL
procedurethat re�ects thestructureof thedecompositionandall theannotations.Fig.

Fig.4. ExampleiASR taskdecomposition

4 showshow a portionof theMeetingScheduler's taskfor schedulingmeetingscanbe



decomposed.This taskwill bemappedinto aCASL procedurewith thefollowing body
(it containsportionsstill to berecursively mappedinto CASL; they aretheparameters
of themappingm):

proc ScheduleMeeting(mid)
m(GetDateRangeFromMI(mid) );
guard m(KnowDates(mid) ) do

m(RemoveWeekendDates(mid) )
endGuard ;
for p: m(Ptcp(mid) ) do m(GetSchedule(p) ) endFor ;
guard m(KnowSchedules(mid) ) do

m(FindCompatibleDates(mid) )
endGuard ;
for d: m(CompatibleDate(d,mid) ) do

m(TryDate(d,mid) )
endFor ;
. . .

endProc

Notehow thebodyof theprocedureassociatedwith theScheduleMeeting taskis
composedof the resultsof the mappingof its subtaskswith the annotationsprovid-
ing the compositiondetails.This procedurecanbe mechanicallygeneratedgiven the
mappingfor leaf-level tasksandconditions.

Leaf-level tasksin our approachcan be mappedeither into primitive actionsor
CASL procedures.While mappingleaf-level tasksinto CASL proceduresmayreduce
model size and increasethe level of abstraction(sincein this way further detailsof
agentprocesseswill behiddeninsidetheseprocedures),restrictingthemappingof the
leaf-level tasksto primitiveactionswith thesamenameallowstheCASL proceduresto
beautomaticallyconstructedfrom theseactionsbasedon iASR annotations.

Mapping Goal Nodes. In ourapproach,aniASR goalnodeis mappedinto aCASL
formula, which is the formal de�nition for the goal, and an achievementprocedure,
which encodeshow the goal can be achieved and is basedon the means-endsde-
compositionfor the goal in the iASR diagram.For example,a formal de�nition for
MeetingScheduled(mid,s) couldbe: � d [AgreeableDate(mid,date,s)

�

AllAccepted(mid,date,s)
�

RoomBooked(mid,date,s)] .Thissays
that theremustbe a dateagreeablefor everybodyon which a room is bookedandall
participantsagreeto meet.This de�nition is too idealsinceit is not alwayspossibleto
schedulea meeting.Onecandeidealize[22] MeetingScheduled to allow for the
possibility of no commonavailabledatesor no availablemeetingrooms.To weaken
the goal appropriately, oneneedsto know whenthe goal cannotbe achieved.Model-
ing anachievementprocessfor a goalusinganiASR diagramallows usto understand
how that goal canfail andthusiASR modelscanbe usedto comeup with a correct
formalde�nition for thegoal.Thefollowing is onepossibilityfor deidealizingthegoal
MeetingScheduled :



MeetingScheduledIfPossible(mid,s)=
//1. Themeetinghasbeensuccessfullyscheduled
SuccessfullyScheduled(mid,s) �

//2. No agreeable(suitablefor everybody)dates
�

d[IsDate(d) ��� AgreeableDate(mid,d,s)] �

//3. For everyagreeabledateat leastoneparticipantdeclined
�

d[AgreeableDate(mid,d,s) � SomeoneDeclined(mid,d,s)] �

//4. No roomsavailable
�

d[SuggestedDate(mid,d,s)
�

AllAccepted(mid,d,s)] �

RoomBookingFailed(mid,date,s)]

The ability of CASL agentsto reasonabouttheir goalsgives us an opportunity
to avoid maintainingagents'schedulesexplicitly in themeetingschedulerexample.In-
stead,werelyonthepresenceof goalsAtMeeting(participant,mid,date,s)
in theagents'mentalstatesasindicationsof theparticipants'willingnessandintention
to attendmeetingson speci�c dates(the absenceof meetingcommitmentsindicates
an availabletime slot). Then,we canusethe initial stateaxiom below (which canbe
shown to persistin all situations)to maketheagentsknow thatthey canonly attendone
meetingpertimeslot (day):

�

agt[ Know(agt,
�

p,mid1,mid2, date[
AtMeeting(p,mid1,date,now)

�

AtMeeting(p,mid2,date,now)
� mid1=mid2],S � )]

SinceCASL preventsagentsfrom acquiringcon�icting goals,requestsfrom theMeet-
ing Schedulerthatcon�ict with alreadyacquiredAtMeeting goalswill notbeaccom-
modated.

GeneratingGoalAchievementProcedures. Theachievementproceduresfor goals
areautomaticallyconstructedbasedon the meansfor achieving themandthe associ-
atedannotations(seeFig.5).By default,thealternativecompositionannotationis used,
which meansthat someapplicablealternative will be non-deterministicallyselected
(otherapproachesarealsopossible).Note that the applicability condition(ac ) maps
into a guardoperatorto preventtheexecutionof anunwantedalternative.

Fig.5. Generatingachievementprocedures



Generally, an agent's meansto achieve its goalstypically work, but it is rarethat
they will alwayswork. Thus,wecannotguaranteethatthemeansfor achieving thegoal
that arerepresentedin the achievementprocedurefor that goal arealwayscapableof
achieving it. We thereforestatethattheachievementprocedurewill sometimesachieve
thegoal, insteadof sayingthat it will, in fact,alwaysachieve thegoal.This semantic
constraintis expressedin thefollowing formula.It saysthatthereexist situationss and
s' suchthat theachievementprocedurestartsexecutingin s, terminatessuccessfully
in s' , andtheCASL formularepresentingtheagent'sgoalholdsin s' :

� s,s'. Do(AchievementProcedure,s,s')
�

GoalFormula[s']

However, if oneneedsmoreassurancethat thegoalwill, in fact,beachieved,then
onemustuseagentcapabilitiesin placeof the regular procedures.Therehasbeena
lot of work on capabilitiesin theagentcommunity(e.g.,[13]). Here,we view goalca-
pabilitiesasgoalachievementproceduresthatareguaranteedto succeedundercertain
circumstances.Goal capabilities(task capabilitiesare also discussedin [8]) are rep-
resentedin iASR modelsby specialnodes(seeFig. 6) that aremappedinto a CASL
formula that representsthe goal of the capability, the achievementprocedurethat is
constructedsimilarly to a goal achievementprocedure,a context conditionthat must
hold whenthecapabilityis invoked,andthespeci�cationof thebehaviour of theother
agentsin theenvironmentthatis compatiblewith thecapability. Thefollowing formula
describestheconstraintsongoalcapabilities:

�

s.ContextCond(s) �

AllDo ((AchieveProc;GoalFormula?) � EnvProcessesSpec,s)

Theformulastatesthatif we starttheexecutionin a situationwherethecontext condi-
tion of thecapabilityholds,thenall possibleexecutionsof thegoalachievementproce-
durein parallelwith theallowableenvironmentbehavioursterminatesuccessfullyand
achieve thegoal.Thedesignerneedsto determinewhat restrictionsmustbeplacedon
theprocessesexecutingconcurrentlywith thecapability. Oneextremecaseis whenno
concurrentbehaviour is allowed(EnvProcessesSpec = nil ). Theotherextreme
is to allow theexecutionof any action.Of course,thespeci�cationfor mostcapabilities
will identify concretebehaviours for the agentsin the environment,which assurethe
successfulexecutionof theachievementprocedure.For example,supposeanagenthas
a goalcapabilityto �ll a tankwith water. It is guaranteedto succeedunlessthe tank's
valve is opened.Hereis thecorrespondingspeci�cationfor theoutsideprocessescom-
patiblewith thecapability(pick anaction;if theactionis not openValve , executeit;
iterate):

EnvProcessesSpec =
( � action.(action �� openValve)? ; action) ���

Here,
�

��� representsaboundedform of nondeterministiciterationwhere
�

canbeexe-
cutedup to � times( � is a largeconstant).We mustboundthenumberof environment
actions,otherwisetheprocesswill havenonterminatingexecutions.

Fig.6 showsthegraphicalnotationfor capabilities.Here,T1Cap is ataskcapability
that executesTask_1 , while G1Cap is a goal capability that achieves the goal G1.



NotethatG1Capshows theinternalsof thecapability, while T1Cap is anabbreviated
form that hidesall the detailsof the capability. Detaileddiscussionof capabilitiesin
this approachis presentedin [8].

Fig.6. Usinggoalandtaskcapabilitynodesin iASR models

Modeling Dependencies. Intentionaldependenciesarenotmappedinto CASL per
se— they areestablishedby agentinteractions.iASR tasksrequestinghelpfrom agents
will generallybe mappedinto actionsof the type request(FromAgt,ToAgt,
Eventually (

�

)) for an achievement goal
�

. We add a special abbreviation
DoAL(

�

,s,s � ) (Do At Least) to be usedwhen establishingtask dependencies.It
standsfor Do(

�

� ( � a.a) � ,s,s � ) , which meansthat the program
�

must be exe-
cuted,but thatotheractionsmayoccur. Thus,to askanagentto executeacertainknown
procedure,thedependermustrequestit with: request(FromAgt,ToAgt, DoAL(
SomeProcedure)) .

In orderfor anintentionaldependency to beestablishedwealsoneedacommitment
from adependeeagentto actontherequestfrom thedepender. Thus,thedependeemust
monitor its mentalstatefor newly acquiredgoals.Hereis an interruptthat is usedby
theMP to checkfor a requestfor thelist of its availabledates:

�

mid:
Goal (mp, DoAL(InformAvailableDates(mi d,MS) ,now, then))

�

Know(mp, � � s,s'(s
�

s'
�

now
�

DoAL(InformAvailDates(mid,MS),s,s' )))
�

InformAvailDates(mid,MS)
until SystemTerminated �

Here, if the MP hasthe goal to executethe procedureInformAvailDates and
knows that it hasnot yet executedit, the agentsendsthe available dates.The can-
cellationconditionSystemTerminated indicatesthat theMP alwaysmonitorsfor
this goal.Requestingagentsusesimilar interrupt/guardmechanismto monitor for re-
questedinformationor con�rmations.Cancellationconditionsin interruptsallow the
agentsto monitor for certainrequests/informsonly in particularcontexts (e.g.,while
someinteractionprotocolis beingenacted).



The ��� notation,evenif modi�ed aspresentedin thispaper, maynotbethemostap-
propriategraphicalnotationfor representingagentinteractionprotocolssinceit usually
concentrateson strategic dependenciesanddoesnot have facilities for modelinglow-
level agentinteractiondetails.A notationlike AgentUML [12] may be moresuitable
for this task.However, iASR modelsstill canbeusedfor modelingagentinteractions.
To illustratethis,we presenta simpli�ed versionof aninteractionprotocolcalledNet-
Bill [26]. Theprotocoldescribesthe interactionsbetweena customeranda merchant.
In NetBill, oncea customeracceptsa productquote,themerchantsendstheencrypted
goods(e.g.,software)andwaits for paymentfrom thecustomer. Oncethepaymentis
received,themerchantsendsthereceiptwith thedecryptionkey (seeFig. 7).

Fig.7. TheNetBill interactionprotocol

Fig. 8 shows a fragmentof a high-level iASR representationof theNetBill proto-
col (notethatwe omit goal/taskparametersfor brevity) centeredon thecustomerside.
Here,we specifya particularcontext for theuseof theprotocolby includingtheactor
CustomerthathasthegoalPurchaseProduct , whichcanbeachievedby usingthe
NetBill interactionprotocol.Since, ��� allows for creationof modulardiagramswhere
agentscanexhibit certainbehaviour by playingappropriateroles,we make useof the
protocolbydelegatingthetaskPurchaseProduct to aroleNetBill Customer, which
in turn interactswith anotherroleNetBill Merchant.While CustomerandNetbill Cus-
tomeraretwo separaterolesin Fig.8, they will mostlikely beplayedby thesameagent
(by concurrentlyexecutingtheproceduresfor thetwo roles).

Inside the NetBill Customerrole, the task PurchaseProduct is decomposed
into two tasks, request(KnowPrice) and EvaluateQuote , and the goal
SendPayment . Thesetasksandgoalrepresenttheimportantchunksof thecustomer's
behaviour in the NetBill protocol: the requestof a productquote,the evaluationand
possibleacceptanceof the quote,andthe paymentfor the product.We useguardan-
notationsto make surethat thesesub-behavioursareonly executedwhenappropriate.
Note that theconditionsin theguardsrefer to thementalstateof theagent.Thus,the
requestfor productquoteis executedonly whentheagentdoesnot know the quote's
value( � KRef (Quote)) ), while theevaluationof thequoteonly takesplaceoncethe
agentknows it. Similarly, a paymentis madeonly after the agentknows that it has
receivedthedesiredproduct.Theparalleldecomposition(notetheconcurrency anno-
tation)togetherwith theuseof theguardannotationsallow for thepossibilityof agents



Fig.8. iASR modelfor NetBill

executingtheir protocols�e xibly. For example,in caseof NetBill, if theagentalready
knows theprice for a product,thequoterequeststepwill beskipped.Similarly, if the
customeragentknows thatsomeparticularmerchantalwayshasthebestpricefor cer-
tain products,it canrequestthedelivery of theproductright away. We now show how
thecustomerpartof theNetBill protocolmodeledin Fig. 8 is representedin CASL:

proc PurchaseProduct(cust,merch,produ ct)
KRef (cust,Quote(product)) do

request(cust,merch, Eventually (
KRef (cust,Quote(product))))

endGuard
�

guard KRef (cust,Quote(product)) do
if Know(cust,GoodPrice(Quote(product))) then

AcceptQuote(cust,merch,product)
endIf

endGuard
�

guard Know(cust,ReceivedProduct(merch,p roduct )) do
Pay(cust,merch,product)

endGuard
endProc ,

wheretheprocedurePay is de�ned asfollows:

proc Pay(cust,merch,product)
commit(cust, Eventually (SendPayment (merch ,prod uct)) );
guard Goal (cust, Eventually (SendPayment( merch, produ ct))) do

SendPayment(merch,product)
endGuard



endProc

3.3 Formal Veri�cation

Oncean iASR modelis mappedinto theproceduralcomponentof theCASL speci�-
cationandafter its declarative component(e.g.,preconditionaxioms,SSAs,etc.)has
beenspeci�ed, it is readyto beformally analyzed.Onetool thatcanbeusedfor thatis
CASLve[20, 18], atheoremprover-basedveri�cation environmentfor CASL.CASLve
providesa library of theoriesfor representingCASL speci�cationsand lemmasthat
facilitatevarioustypesof veri�cation proofs.[18] shows a proof that thereis a termi-
natingrun for a simpli�ed meetingschedulersystemaswell asexampleproofsof a
safetypropertyandconsistency of speci�cations.In additionto physicalexecutability
of agentprograms,onecanalsocheckfor theepistemicfeasibility [9] of agentplans,
i.e.,whetheragentshaveenoughknowledgeto successfullyexecutetheirprocesses.

Otherapproachescouldbeusedaswell (e.g.,simulationor modelchecking).How-
ever, tools basedon thesetechniqueswork with muchlessexpressive languagesthan
CASL.Thus,CASL speci�cationsmustbesimpli�ed beforethesemethodscanbeused
on them.For example,mostsimulationtoolscannothandlementalstatespeci�cations;
thesewould thenhave to beoperationalizedbeforesimulationis performed.TheCon-
Golog interpretercanbe usedto directly executesuchsimpli�ed speci�cations,asin
[24]. Model checkingmethods(e.g.[5]) arerestrictedto �nite statespeci�cations,and
work hasonly begun on applying thesemethodsto theoriesinvolving mentalstates
(e.g.,[23]).

If expectedpropertiesof thesystemarenot entailedby theCASL model,it means
that themodelis incorrectandneedsto be �x ed.Thesourceof anerror foundduring
veri�cation canusuallybe tracedto a portion of the CASL codeandto a part of its
iASR modelsinceoursystematicmappingsupportstraceability.

3.4 Discussion

Ourchoiceof CASL astheformal languageis basedon thefactthatcomparedto other
formalisms(e.g., [14]), it providesa richer languagefor specifyingagentbehaviour
(with supportfor concurrency), so it makesit easierto specifycomplex MAS. We use
a versionof CASL wherethepreconditionfor theinform actionrequiresthat thein-
formationbeingsentby anagentbeknown to it. Thispreventsagentsfrom transmitting
falseinformation.Theremoval of this restrictionallowsthemodelingof systemswhere
agentsarenot alwaystruthful. This canbeusefulwhendealingwith securityandpri-
vacy requirements.However, dealingwith falseinformationmayrequirebelief revision
(see[21]). Similarly, thepreconditionfor request makessurethatwhenrequesting
servicesfrom otheragents,thesenderdoesnot itself have goalsthat con�ict with the
request.Relaxingthis constraintalsoallows for thepossibilityof modelingmalicious
agents.Otherextensionsto CASL to accommodatevariouscharacteristicsof applica-
tion domainsarepossible(e.g.,a simplewayof modelingtrustis discussedin [8]). We
alsonotethatin CASL all agentsareawareof all actionsbeingexecutedin thesystem.
Often,it is usefulto lift thisrestriction,but dealingwith theresultinglackof knowledge
aboutagents'mentalstatescanbechallenging.



4 Conclusion

In theapproachpresentedin thispaperandin [8], weproduceCASLspeci�cationsfrom
��� modelsfor formal analysisandveri�cation. The approachis relatedto the Tropos
framework in that it is agent-orientedandis rootedin theRE concepts.Our methodis
not the �rst attemptto provide formal semanticsfor ��� models.For example,Formal
Tropos(FT) [5], supportsformal veri�cation of ��� modelsthroughmodel checking.
Also, in the ��� -ConGologapproach[24], on which our methodis based,SR models
are associatedwith formal ConGologprogramsfor simulationand veri�cation. The
problemwith thesemethodsis that goalsof the agentsare abstractedout andmade
into objective propertiesof the systemin the formal speci�cations.This is because
theformal componentsof theseapproaches(themodelchecker input languagefor FT
andConGologfor the ��� -ConGologapproach)do not supportreasoningaboutagent
goals(andknowledge).However, mostagentinteractionsinvolveknowledgeexchange
andgoal delegationsinceMAS aredevelopedassocialstructures,so formal analysis
of goalsand knowledgeis important in the designof thesesystems.We proposea
framework wheregoalsarenot removedfrom theagentspeci�cations,but aremodeled
formallyandcanbeupdatedfollowing requests.Thisallowsagentsto reasonabouttheir
objectives.Informationexchangesamongagentsarealsoformalizedaschangesin their
knowledgestate.In our approach,goalsarenot system-wideproperties,but belongto
concreteagents.Thesameappliesto knowledge.Thissubjectivepointof view provides
supportfor new typesof formalanalysis.Ourmethodis moreagent-orientedandallows
for precisemodelingof stakeholdergoals.Modelingof con�icting stakeholdergoals,a
commontaskin RE,andagentnegotiationsis alsopossible.In futurework, we planto
developa toolkit to supportrequirementsengineeringusingour approach,to look into
handlingquality constraints(softgoals)in our approach,aswell asto testthemethod
onmorerealisticcasestudies.
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