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Abstract

This paperdiscussesa general architecture for intelli-
gentsoftwareagents.It canbeusedto constructagentsthat
engage in high-level reasoningby employingstandard rea-
soningenginesasplug-in components,while communicat-
ing with otheragentsbymeansof thestandard FIPA-based
communicationprotocols.Theapproach discussedusesin-
ternalmicro-agentsanddeclarativegoalsto form a hierar-
chical internal agentarchitecture. It hasbeenimplemented
and testedwith three high-level formal reasoningsystem
componentsthat are usedin conjunctionwith an existing
agent platform, OPAL, which supportsthe FIPA (Founda-
tion for Intelligent PhysicalAgents)communicationstan-
dards.

1. Intr oduction

Multi-agentsystemspresupposeanopendynamicenvi-
ronmentin whichnew agentscancomeandgo.Standardis-
ationefforts in theagentareahavesofarfocusedonprovid-
ing standardinter-agentcommunicationprotocolsandfacil-
ities, suchasFIPA[3] andJAS[9], which enableagentsto
communicatewithout requiringthemto gain insideknow-
ledgeof eachother. Theinternalarchitectureof anagenthas
notbeenstandardised.Therearehowevera few declarative
reasoningmethodsthatarefrequentlyused.It is widely be-
lievedthatby usingdeclarative programmingfacilities,the
semanticsgap betweenan agentspeci�cation and its im-
plementationin a programminglanguagecan be reduced
[1, 14].

While thenumberof agentplatformsandreasoningcom-
ponentsgrows, thegoalof achieving openagent-baseden-
vironmentremainsin thedistance.All thecommonlyused
“standard”agentplatformsprovideonly thebasicservices,
suchasagentmanagement,directoryservices,andnaming

services[4]. Theactualagentsonsuchplatformsaredevel-
opedprimarily in somearbitrary imperative programming
language,suchasJava, therebyleaving thesemanticgapas
before.

One of the few platformsthat do attemptto treat this
problemandprovide declarative supportis the3APL Plat-
form developedattheUniversityof Utrecht[7], by thesame
groupthatinventedthe3APL language.But the3APL Plat-
form has a few limitations. In particular, it hasa closed
architectureasopposedto anopenarchitecture:only 3APL
agentscan be hostedon the platform. Consequently, the
platformis subjectto whatever drawbacksthe languageit-
selfmayhave.

This paperexploresthebondingbetweenhigh-level rea-
soningenginesandlow-level agentplatformsin the prac-
tical setting of using the 3APL language, the OPAL
platform[11], the ROK system and the ROK scripting
language[10] andthe JPRSreasoningengines[10]. We fo-
cus our interestin this paperon our approachto provide
declarative agentprogrammingsupportin the OPAL plat-
form, andshow how declarative goalscanbe usedto glue
the internal micro agentsin OPAL to form the hierarchi-
calarchitectureof theplatform.

The theoreticalextensiondiscussedin this paperis ac-
companiedby a practical implementation.The extended
OPAL platformis now equippedwith threepowerful high-
level declarative agentlanguageandreasoningengines,as
well as with a graphical IDE for constructingcomplex
agentswith a hierarchicalstructure.

2. The 3APL Language

3APL1 is a programminglanguagefor implementing
cognitive agentsthat was developedat the University of

1 3APL standsfor An AbstractAgent ProgrammingLanguage,andis
pronounced“triple A PL”.



Utrecht, the Netherlands.It incorporatesthe classicalele-
mentsof BDI logic andalsoincludes�rst-order logic fea-
tures.It providesprogrammingconstructsfor implement-
ing agentbeliefs,declarative goals,basiccapabilities,such
asbelief updatesor motor actions,andpracticalreasoning
rulesthroughwhich anagent's goalscanbeupdatedor re-
vised[1].

An agent's beliefs are representedin 3APL as Prolog-
likewell-formed-formula(wff).

Themostprimitiveactionthatanagentis capableof per-
forming is calledabasicaction, which is alsoreferredto as
a capability. In general,anagentusesbasicactionsto ma-
nipulateits mentalstateandthe environment.Beforeper-
forming a basicaction,certainbeliefsshouldhold andaf-
ter theexecutionof theactionthebeliefsof theagentwill
be updated.Basicactionsarethe only constructsin 3APL
thatcanbeusedto updatethebeliefsof anagent.

A 3APL agenthastwo typesof goals:basicgoalsand
compositegoals.Thereare threedifferent typesof basic
goals:basicaction,testgoal,andthepredicategoal.A test
goalallows theagentto evaluateits beliefs,i.e. a testgoal
checkswhethera belief formulais trueof false.

This type of goal is also usedto bind valuesto vari-
ables,like variable assignmentin ordinary programming
languages.When a test goal is usedwith a variableas a
parameter, the variableis instantiatedwith a valuefrom a
belief formula in the belief-base.The third type of goal is
a predicategoal. It canbe usedasa label for a procedure
call. The procedureitself is de�ned by a practicalreason-
ing rule. Practicalreasoningrulescanbe usedto generate
reactive behavior, to optimize the agent's goals,or to re-
vise the agent's goals to get rid of unreachablegoalsor
blockedbasic-actions.They canalsobeusedto de�ne pred-
icategoals(i.e. procedurecalls).

Fromthesethreetypesof basicgoals,we canconstruct
compositegoalsby meansof variousoperators.A special
typeof goal thathasbeenrecentlyaddedis JavaGoal.This
type of goal enablesthe programmerto load an external
Javaclassandinvokemethodcallson it.

3. Rule-driven Object-oriented Knowledge-
baseSystem

ROK, Rule-drivenObject-orientedKnowledgebasesys-
tem, is a forward chainingproductionrule systemderived
from JEOPS.JEOPSwas developedby Carlos Figueira
Filho andCarlosCordeiro[2]. ROK providesa library and
API written in Java,with a mechanismfor embedding�rst-
order, forward-chainingproductionrulesinto Java applica-
tions. It wascreatedto provide the declarative expressive-
nessof productionrules,which is useful for the develop-
ment of large or complex systems[10]. ROK production
rules can be describedas condition-actionpatterns.Any

Javaobjectcanbematchedin aROK rule,andany Javaex-
pressioncanbeusedin theconditionandactionpartof ROK
rules.Therearetwo major modesof operationfor a ROK
system:native andinterpreted.In thenative modethepro-
grammerdeclarestherulesusingtheprovidedJava API. In
theinterpretedmode,userspreparetherulesasa text script
�le to beparsedandinterpretedby theROK interpreter. In
the interpretedmode,the programmeris freed from writ-
ing Javacodeandonly hasto write declarativepseudo-Java
scripts.But thereis aperformancetrade-off: nativemodeis
fasterin executionandis themostef�cient methodof oper-
ation.

3.1. Inter nal Structure of ROK

Theheartof theROK systemis composedof threemain
building blocks:theobject-base,therule-baseandthecon-
�ict set.Theobject-baseis theworking memory, wherethe
factsthat theagentknows arestored.The ruleswritten by
the programmeror compiledfrom rule scriptsare placed
(installed)inside the rule-base.The rule-baseis the place
whereall the information about the rules is stored,such
astheir declarations,conditions,actions,andseveral other
itemsof controlinformation.TheRETEnetwork [6]is used
to storethepartialmatchesbetweenrulesandobjects,and
to increasethe performanceof the matchingprocess.Fi-
nally, the con�ict set is the componentin which the rules
thatcanbe �red at a certainmomentarestored,aswell as
theobjectsthathavebeenmatchedto theruledeclarations.

4. The Java ProceduralReasoningSystem

JPRS,Java ProceduralReasoningSystem,is a Java li-
braryandAPI written for performinggoal-drivenprocedu-
ral reasoning.Its ancestorscanbetracedbackto thearchi-
tectureof thePRSsystemproposedby Georgeff [5], aswell
asUMPRSandJAM [8]. Thenotionof proceduralreason-
ing is derived from the idea that someof humanknow-
ledgecan be bestrepresentedas a set of procedure/steps
performedin order to achieve a particulargoal. A simple
exampleof proceduralreasoningcanbe the planningof a
trip from Dunedinto Beijing. The goal is to startoff from
an apartmentin Dunedin,and end up in Beijing Interna-
tional Airport. Oneof the possibleplansis: make a book-
ing, thenpay for a economicclassticket from Dunedinto
Beijing, takeashuttleto theDunedinAirport, transitatSyd-
ney Airport, and�nally getoff theplaneatBeijing Airport.
An alternativeplanwould beto take a taxi to DunedinAir-
port,payfor a�rst classdirect�ight, andthengetoff atBei-
jing Airport. Wemaydecideto chooseaplanbasedonhow
muchmoney or timewehave,or thelevel of serviceweare
seeking.Thoserepresentpart of our knowledgeaboutthe
externalworld, in otherwords,ourbeliefs.EachJPRSagent



is composedof four primarycomponents:a world model,a
plan library, a planexecutor, anda setof goals.Theworld
model is an object-basethat representsthe beliefs of the
agent.In the previousexample,the agentmay storeinfor-
mation,suchasa bankbalance,travel departuredate,etc.
The plan library is a collectionof plansthat the agentcan
useto achieve its goals.The plan executor is the agent's
“brain” that reasonsaboutwhat the agentshoulddo and
whenit shoulddo it. An agent�nishes its taskswhenthere
areno moregoalsto beachieved.JPRSis implementedas
a framework-like library for declaringtheplansandgoals,
whichprovidesthespeci�c conventionsfor declaringgoals
and plans.The formal syntaxand semanticsof JPRSare
availableat [10].

5. Hierar chical Agent Ar chitecture Using
Micr o-Agents

Beforewe discusshow thereasoningenginesareincor-
poratedinto OPAL, it is necessaryto describethe system
architecture.The notion of agency on OPAL is usedat all
levels of abstraction.At the lowest abstractionlevel mi-
cro agents, which arethe closestagententitiesto the ma-
chineplatform,areused.In orderto beef�cient at this �ne-
grainedlevel, they do not have all of thequalitiesoftenat-
tributedto typical,morecoarsely-grainedagents.In contrast
to higherabstractionlevel agents,suchas thosebasedon
FIPA speci�cations[3], micro agentsaremoreconcerned
with ef�ciency and thus do not have all of the qualities
and�e xibility of FIPA-compliantagents.For instance,mi-
cro agentsemploy a simplerform of agentcommunication
(they communicatevia methodcalls)andareimplemented
by extendingprede�nedJava classesandinterfaces[12].

Therearetwo kinds of micro-agent:primitive andnon-
primitive. Primitive agentsusenative services,in particu-
lar native micro-kernellibraries,anddirectly interactwith
theunderlyingvirtual machine(in ourcasetheJava Virtual
Machine).Non-primitivemicro-agents,whicharetypically
moresophisticatedandexist at a higherabstractionlevel,
arecomposedonly of micro-agentsanddo not useany na-
tiveservicesdirectly (only via micro-agents).

Becausethesmallestbuilding blockin OPAL is anagent,
the systemdesignercan apply agent-orientedmodeling
methodologythroughoutthe developmentprocess.There
aretwo basicconstructsin themicro agentsystem,namely
agentsandroles.Agentsrepresentactorsin a systemthat
canplayoneor moreroles.A role representsacohesiveset
of servicesthatmaybeprovidedby someagent.Agentsthat
performthesamerolearenot restrictedin thewaythatthey
providetheservicesasprescribedby therole.

Thereis a specialtypeof rolecalleda grouprole.When
an agentperformsa grouprole, it actsasthegroupowner
and createsa group environment in which other agents

could register as group members.By registering with a
group,anagentis associatedwith thegroupownerandcan
collaboratewith theowneragent.For example,uponreceiv-
ing a taskto solveor agoalto achieve,thegroupownercan
chooseto disseminatethegoalto its groupmembersandre-
questthe membersto achieve the goal. And alternatively,
if a group memberperformsa role that the owner, itself,
doesn't perform,the owner may still advertiseitself asan
actorof that role. Whenthe setof servicesof the role are
subsequentlyrequested,it canrequestits groupmembersto
provide thenecessaryservices.Thegroupmembershipcan
bedynamicallymodi�ed accordingto theneedsof individ-
ual agents.For example,if an agentis managinga group
with too many members,and the action for searchingfor
the right memberbecomesa lengthyoperation,it mayde-
cide to disposesomenot frequentlyusedgroupmembers.
Also, anagentmaydecideto unregisteritself from a group
becauseit is moreoftenneededin anotheragentgroup.

Although the groupconceptcanbe effectively usedfor
organizingagentsinto hierarchies,oneis still facedwith the
problemof providing waysfor theagentsto exchangeinfor-
mationandcooperateat semanticlevels.Oneway for mi-
cro agentsto talk to eachother andsharetheir capability
is to userole-matching.Whenanagentneedsotheragents
to performcertainservices,it will needto know what type
of role provides such servicesand then will needto re-
cursively searchthroughotheragentsandtheir groupsfor
that role. If roles and servicescould be speci�ed declar-
atively, this approachwould suf�ce for systemsin which
agentswould berequestingnew servicesdynamically. But
becauserolesandservicesaresuchgenericconcepts,dif�-
cultiesarisein de�ning formalsemanticsspecifyingtheser-
vices.And also,sinceOPAL is written in Java, a complete
highlevel languagebuilt ontopof Java is neededto support
specifyingservicesdeclaratively at runtime.In the current
OPAL implementation,rolesandservicesarenot declara-
tive constructs.Therole-matchingapproachwould only be
suitablefor systemsin which all servicesareknown before
runtime.This posespotentialrestrictionson thedynamism
androbustnessof thesystems.

A secondapproach,which is the onewe are currently
taking,relieson declarative goalsto aid in thecooperation
amongmicro agents.The meaningof a goal in OPAL is
similar to themeaningof a goalin 3APL. It typically spec-
i�es somepost-conditionsthatrepresentthestatesafterthe
goalhasbeenachieved,but doesn't enforcehow thesepost-
conditionsare to be realised.In other words,a goal car-
riessomedeclarative informationof somestate,but not the
proceduralinformationon how to reachthat state.Agents
collaboratethroughgoal exchange.For example,an agent
maydecideaccordingto its own internalstate,whatits next
goal to beachievedis. And if theagent,itself, is not capa-
ble of achieving thegoal,or if it wantsotheragentsto pro-



videalternativesolutionsto achievethegoal,it cansendthe
goal to other agents.Goals in OPAL are self-descriptive,
otheragentscanevaluatethe goalsandtry their own way
of achieving the goal.At the endit will inform the initiat-
ing agentwhetherit succeededin achieving thegoalor not.
Similar to therole-matchingapproach,thegoalscanbere-
cursively passeddown throughtheagenthierarchy.

To better illustrate the goal passingconcept,we will
elaborateona simplescenarioasin Figure1.

Figure 1. Goal Passing

In this scenario, we have three micro-agents: a
dish-washing agent, a vacuum-cleaningagent and a
house-keeping agent. Each of them is capableof han-
dling one type of goal: dish-washing, vacuum-cleaning
and baby-sitting,respectively. Unlike the other two, the
house-keeping agent is also managing a group, with
the other two agents as the group members.There-
fore, when it declaresthe typesof goal that it is capable
of handling, it includes the goals of its group mem-
bers.When the house-keepingagent is passeda goal of
vacuum-cleaning,it will delegatethegoalto its groupmem-
ber— thevacuum-cleaningagent.Theadvantageof using
goals instead of roles becomesevident when the sys-
tem designercan only describethe statesof the system
declaratively but doesnot know exactly how the transi-
tions betweenstatestake place. In contrastto a service,
a goal is a simpler conceptand can be formally speci-
�ed as pre-conditionand post-conditionclauses,which
makes the implementationeasier, and facilitate more dy-
namicinteractionsamongagents.For example,if in a par-
ticular applicationdomain, the semanticsof the pre and
post-conditionsof the declaredgoals are commonly un-

derstoodamong agents,an agent can createnew goals
on-the-�y at runtime. One can also have rules specify-
ing how to recomposeor combinegoals.

This hierarchicalstructureof agentsallows us to con-
structmorecomplex agents.And sincetheagents,even at
the lowestlevel, arecompletelyautonomous,not only sys-
tems that operatein dynamicenvironmentscan be mod-
eledusingthis architecture,but we canalsomodel intrin-
sically dynamicsystemsthatarechangingor evolving over
time. Currently, we areinvestigatinga systemarchitecture
in which we combine the �e xibility of our micro-agent
architectureandthepowerof evolutionarycomputingtech-
niques,to simulatethe evolving processof complex sys-
tems. In the proposedsystem,a large numberof micro-
agentsthat arecapableof performingvery primitive tasks
formtheinitial population.Duringtheevolutionaryprocess,
micro-agentscanautonomouslydevelopthroughacquiring
othermicro-agents,andnaturalselectioncriteriaareapplied
to guidetheevolutionarysearchprocess.

The implication of suchan approachis not just a tech-
nology blend.Therearetwo main potentialadvantagesof
having suchasystem.

Firstly, mostexisting multi-agentsystemsarerestricted
to a preconceivedapplicationdomain.Multi-agentsystems
aremostcommonlyfound in modelingsimplemessaging-
orientedtasks,or online auctions.There are no existing
easyandconvenientwaysof embeddingcomplex compu-
tational techniques,suchas evolutionary techniques,into
multi-agentsolutions.

Secondly, there exists a natural relationshipbetween
agents,evolutionary computingand the biological world.
In thebiologicalworld, eachautonomousorganismcanbe
viewedasanagent,andlargerbiologicalsystems,suchasa
complex organism,canbeviewedastheco-functioningof
a largenumberof thosesmalleragents.Evolutionarycom-
puting techniques,which originally stemmedfrom the in-
spirationtaken from biological evolution, canbe naturally
appliedto operateon the basisof agents,in a way similar
to naturalbiologicalevolution.A commonproblemthatoc-
curswhenapplyingevolutionarytechniqueson real-world
problemsis �nding waysto representthe domain-speci�c
informationin appropriateformsaccessibleto algorithmic
computation.Themappingprocessin traditionalevolution-
arycomputingcanbeunintuitiveandconvoluted.However,
if we are able to model the domain information in agent
termsandstill be ableto apply evolutionarytechniques,it
would not only easethedesignanddevelopmentof evolu-
tionarysystems,but alsowidentherangeof agent-oriented
applications.

To illustratethis concept,considera typical scheduling
problemof arrangingan itinerary for overseastrips. In the
problemspeci�cation,a startingpoint anda destinationare
given.Thegoalis to �nd thebestsolutionin termsof theto-



tal costof the�ights, �ight datesavailable,numberof hours
ontheplane,numberof hourswaitingattheairport,number
of overnightstaysrequired,numberof stops,aircraftrating,
andtheservicelevel of theoperatingairline.Thesecriteria
may receive differentweightsaccordingto the user's pri-
orities and requirements.Assumingthe �ight information
andrequirementsarestaticand�x ed,solvingsucha prob-
lemusingtraditionalevolutionarytechniques,suchasa ge-
neticalgorithm,ispossiblebut challenging.Oneof themain
problemsis whatdatastructureto useto storeall theinfor-
mation,andin whatway theselectioncriteriaaregoing to
beusedto guidetheselectionprocess.Codingup a genetic
algorithm solution becomesextremely dif�cult when the
�ight information is obtainedthroughtravel agenciesand
thusis changingin real-time.Becausewhenever the �ight
informationis updated,wehaveto examinethecurrentpop-
ulation of our solutionsanddeleteall obsolete�ights and
insertall thenew ones.Theoperationof geneticalgorithms
andsomeothersimilar techniquesrequiresa�x edscopefor
thefunctioningof thesearchmechanism.

Themodelingwould appearto bemorestraightforward
if we were to useagents.At the baselevel, each�ight is
modeledas a micro-agent.The agentkeepstrack of the
availability of the�ight, anddeclaresthegoalthatit is capa-
ble of handling,for example,�ying from Aucklandto Bei-
jing onMay 1st2005.Theagentwill fail to achievethegoal
if the �ight is alreadyfull. The agentalsokeepsother re-
latedinformationof the �ight, for example,aircraft rating,
servicelevel, numberof stops,etc.If ahigherlevel agentis
formedby acquiringtwo base-level �ight agents,for exam-
ple,SingaporeAirline �ight from Aucklandto Sydney and
Thai Airline �ight from Sydney to Hongkong, thenit can
declareitself ascapableof achieving goalsof �ying from
Aucklandto Sydney, Sydney to Hongkong,andAuckland
to Hongkong.Eachagentin thepopulationwill berewarded
basedon both its own traits (numberof stops,price, etc.)
andthe numberof timesit hasbeenusedby otheragents.
This rewardingmechanismcanbe adaptedto be moreso-
phisticatedif required.Un�t agents(exceptthosebase-level
ones)areremovedover time and�tter onesarepromoted.
Theevolving processcontinuesuntil theconvergenceof the
populationreachesa thresholdvalue or optimal solutions
are found, just as in traditionalevolutionarysystems.Be-
causethesmallestunit in thepopulationis anagent,which
principally retainsfull autonomy, it canautonomouslyup-
dateitself, andthereforecanbeusedto modelreal-timeair-
line agenciesandothertypesof real-timeagents.

The hierarchicalagentarchitectureis alsohighly mod-
ular andopen.Sincemicro agentscommunicatewith each
other throughdeclarative goals,their internal structureor
stateis hiddenfrom eachother. This importantfeatureal-
lowsusto introducenew componentsinto theplatformeas-
ily. In the next sectionwe describehow we integratethe

high level reasoningenginesandprogramminglanguages
into OPAL.

6. Integrating 3APL, ROK and JPRS into
OPAL

To integratethe threehigh level reasoningenginesinto
OPAL, our ideais to introducethemasspecialmicro agent
components.It meansthat apartfrom having the original
Java primitive micro agents,we also have three special
kinds of micro agents— 3APL micro agent,ROK micro
agent,andJPRSmicro agent.The integratingprocessfor
the threecomponentsare the samein principle, and only
differ slightly in implementation.

The3APL micro agentclasshasa 3APL interpreterand
a 3APL engineasits core.It inherits the role playing and
groupbehavior from the primitive micro agentclass.The
3APL micro agentloadsits sourcefrom a prepared3APL
programscript and processesthe sourceusing the inter-
preter.

WhentheOPAL platformreceivesanincomingmessage
of theappropriateform, it is insertedinto the3APL system
asabelief.By insertingtheOPAL goalasabelief,weleave
thehandlingof the goal to theprogrammer. The program-
mercanwrite rulescopingwith thebeliefchangecausedby
receiving goals.

Wetakealmostidenticalapproachesfor integratingROK
andJPRSmicro agents.Uponreceiving messagesor goals,
the informationis wrappedup asan item of belief andin-
sertedinto the knowledge-baseof ROK andJPRSagents,
respectively.

Also worth noting is the knowledge sharing among
micro-agents. Because the hierarchical grouping of
agentsis purely logical, when several micro-agentsform
a higher-level agent, there will be no global know-
ledgepool createdfor the higher-level agent.But rather,
the low-level micro-agentsmanagetheir own local know-
ledge,andshareit throughcommunication,which appears
to higherlevel of abstractionasif thereis acommonknow-
ledgestorage.

7. Performance Comparison of the Three
ReasoningEngines

The absolutespeeds(performance)of thesereasoning
enginesare dif�cult to measure,becauseimplementation
biasin thetestprogramsis inevitable.And alsoin a multi-
agentenvironment,agentsthatarepoweredwith theserea-
soningenginesspendtheirprocessingtimenot juston local
computation,but alsooncommunication.Althoughprecise
quantitative �gures aredif�cult to obtain,we believe some
computationallyintensive testcouldstill giveussuggestive
evidencesontherelativespeedof thereasoningengines.We



Size 3APL ROK Script ROK Native JPRS
50 12078 361 110 40
100 28632 661 141 80
200 83040 801 200 350
300 178797 841 360 841
400 318919 1072 341 1773
500 519127 1312 390 3265
600 761235 1472 441 6319
1000 ... 3565 1402 3004
2000 ... 6920 2924 20250
3000 ... 10836 4737 68318
4000 ... 16854 9374 168853
5000 ... 21892 10495 314111

Table 1. Mergesor t Time (in ms.)

chooseto implementmergesorttestsusingall threeengines,
becausemergesortis astandardizedalgorithm,whichhelps
to minimizetheamountof implementationerroror biasin-
troduced.

The testswererun on an Acer machinewith a Celeron
2.4 GHz processorand 240MB RAM. We wrote a 3APL
program,a ROK programrunningin native mode,a ROK
programrunningin scriptingmode,andaJPRSprogram,all
runningmergesorton integerarrayscontainingrandomin-
tegers.

The averagetimeseachprogramtook to sort thearrays
aregiven in Table1. We canseethatROK in native mode
is the fastest.It is abouttwice asfastasROK in scripting
mode,andmany times fasterthanJPRS,especiallywhen
thearraysizebecomesgreaterthan1000.Wealsoobserved
thatbothROK andJPRSaremuchfasterthan3APL. This
result is not surprising,becauseJPRSand ROK are built
closelyto primitive Java, andthegoal-planmatchingalgo-
rithm is not computationallyexpensive.On theotherhand,
3APL hasamorecomplex internalstructure.It usesaJIPro-
logengineinternallyto processprolog-likewffs,andits �rst
orderlogic features(variables)makestherei�cation process
muchmorecomplicatedthanin ROK or JPRS.Theslower
speedof 3APL is a trade-off againstits declarative expres-
siveness,andits �rst orderlogic features.

8. The Master Mind TM Games

Wehavedevelopedasystemfor benchmarking,theMas-
ter MindTMGame[13], to verify the integrationof the high
level reasoningengines,andalsotodemonstratethetwodif-
ferentapproachesof agentdevelopmentin OPAL – declar-
ative andprocedural.In thegame,themastermindholdsa
key of 4 pegs,eachhasoneof six colors.Thecodebreaker
tries to deducetheanswerby makingguessesat it. master
mindwill markeachguesswith ablack or awhitemarker. A

black marker meansoneof your pegs is thecorrectcolour
and in the correctposition.A white marker tells you that
oneof thepegsin theguessis of acolourwhichis in theso-
lution, but not in thecorrectposition.A full descriptionof
theMasterMind gamecanbefoundin Nelson[13]. In our
implementation,threehigh level OPAL agentsweredevel-
oped.Eachhigh level agentis composedof two lower-level
micro agents.Oneof themis in chargeof FIPA-compliant
messagingservices,andtheothermicroagentis thereason-
ing agentthatimplementsthegamelogic.Thethreereason-
ing micro agentswerea 3APL micro agent,a ROK micro
agent,andaJPRSmicroagent.Thehigh level agentsrepre-
sentcodebreakersandhaveacommongoalof winning the
gameusingas few guessesas possible.They shareinfor-
mationandcooperatethroughthe exchangeof FIPA mes-
sages.The real-world MasterMind gameis not a multi-
playergameand thereforenot well suitedfor multi-agent
systemapplications.But our purposeis to demonstratethe
usabilityof theextendedOPAL platformby showing anex-
ampleof how onecoulduseall thehigh-level components
in OPAL. The reasoningpower of the high-level engines,
albeitunder-utilized,arestill well-demonstratedin this ex-
amplesystem.Futurework is expectedto involve the de-
velopmentof moresophisticatedandcomplex multi-agent
applicationsin OPAL, usingthereasoningenginesandthe
declarativeprogrammingfeature.

9. OPAL IDE

Recently, a graphicalIDE hasbeenaddedto OPAL. The
IDE facilitatesthedesign,developmentandtestingphases
of agentsoftwaredevelopment,withouthaving to rebootthe
platform.Basedon theconceptsof microagentsandagent-
orientedsoftware development,the IDE providessupport
for:

� creation of new micro-agentsby simply dragging
icons and plugging them into the existing hierar-
chy (currently we support the graphical instantia-
tion of 3APL agents,ROK agents,primitive Java
agents,OPAL agentsandprimitiveJavaroles);

� groupingandregroupingof agents(we currentlysup-
port moving, regrouping,copying anddeletingmicro-
agentsin a drag-n-dropfashion).

Theintuitive graphicaloperationson agentsin theIDE are
enabledby theunderlyingmorecomplex interactionswith
theplatform.For example,whena new micro-agentis cre-
ated,we �rst determinetheagenttypeandits creatorin the
agenthierarchy, thenwemakeaninstanceof theagent,and
handleall the necessaryregistrationandassociationswith
otheragents.Also, we show suchassociationsto thedevel-
operin the GUI. A full scriptinginterfaceis implemented
for 3APL micro-agents.The user can load a source�le,



Figure 2. OPAL Agent Composition Panel
Screenshot

modify andcompilethesource�le, or createthesource�le
on-the-�y in the text areaprovided.The IDE is still in the
prototypingphaseandnot yet released.To allow the IDE
to supportdynamicscriptingof generalJava agents,we are
currentlyevaluatingdifferentapproachesof eitherusingour
own scriptingengine,or relying on customizedJava class-
loaders.This is thenext phaseof OPAL development.The
screen-shotsof theIDE areshown in Figure2.

10. Conclusion

We arguein this article that declarative agentprogram-
ming languagesand techniquescan bridge the semantic
gap that exists betweenagentspeci�cation and practical
multi-agentsystemimplementations.We have presented
our approachof incorporatingdeclarative agentprogram-
ming supportinto the OPAL multi-agentplatform. In par-
ticular, we have describedin detail how theagent-oriented
hierarchicalarchitectureof OPAL can facilitate and ease
the integrationof high-level agentprogramminglanguages
suchas3APL andROK. The extendedOPAL platformal-
lows developersto use the powerful featuresof declara-
tive languagesin developingcomplex agentsystems,while
maintainingagent-orientedmethodologyon all abstraction
levelsof thesystems.
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