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Syntheticagentswith varyingdegreesof intelligenceandautonomyarebeingdesigned
in many researchlaboratories.Themotivationsincludemilitary trainingsimulations,games
andentertainments,educationalsoftware,digital personalassistants,softwareagentsman-
agingInternettransactionsor purelyscientificcuriosity.

Differentapproachesarebeingexplored,including,at oneextreme,researchon the in-
teractionsbetweenagents,andat theotherextremeresearchonprocesseswithin agents.

Thefirst approachfocuseson formsof communication,requirementsfor consistentcol-
laboration,planningof coordinatedbehavioursto achieve collaborativegoals,extensionsto
logicsof actionandbelieffor multipleagents,andtypesof emergentphenomenawhenmany
agentsinteract,for instancetakingroutingdecisionsona telecommunicationsnetwork.

Thesecondapproachfocuseson the internal architectureof individual agentsrequired
for social interaction,collaborative behaviours, complex decisionmaking, learning, and
emergentphenomenawithin complex agents.Agentswith complex internalstructuremay,
for example,combineperception,motive generation,planning,plan execution,execution
monitoring,andevenemotionalreactions.

We expectthesecondapproachto becomeincreasinglyimportantfor largemulti-agent
systemsdeployed in networkedenvironments,asthe level of intelligencerequiredof indi-
vidualagentsincreases.Thisis particularlyrelevantto work onagentswhichmustcooperate
to performtasksrequiringplanning,problemsolving,learning,opportunisticredirectionof
plans,andfinejudgement,in apartiallyunpredictableenvironment.In suchcontexts,impor-
tantnew informationaboutsomethingotherthanthecurrentgoal canarrive at unexpected
timesor be found in unexpectedcontexts, andthereis often insufficient time for delibera-
tion. This requiresreactive mechanisms.However sometasksinvolve achieving new types
of goalsor acting in novel contexts, which may requiredeliberative mechanisms.Deal-
ing with conflictinggoals,or adaptingto changingopportunitiesandculturesmay require
sophisticatedmotivationalmechanisms.

Motivationsfor suchresearchinclude:aninterestin modellinghumanmentalfunction-
ing (e.g.,emotions),a desirefor moreinterestingsyntheticagents(‘believableagents’)in
gamesandcomputerentertainments,andtheneedfor intelligentagentscapableof perform-
ing morecomplex tasksthanhitherto.
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Many researchersareinvestigatingrelatively simpleagentsperformingrestrictedtasks,
suchassortinga manager’s incomingemail, or giving a novice userinformationabouta
software system. Somebelieve that, in future, a managerin a large company might be
replacedby ateamof softwareagents,someattemptingto obtainandsummariseinformation
aboutothercompanies,somemonitoringandevaluatingactivities in subsidiarycompanies,
andotherstakingstrategic decisions.

We believe that cognitively rich internal mechanismsand structuresare necessaryto
modelcomplex communicationandplanningwith (andbetween)agents.However, these
mayhave unexpectedside-effects.It hasbeenargued([10]) thatintelligentrobotswill need
mechanismsfor copingwith resourcelimits andthat interactionswithin thesemechanisms
will sometimesproduceemotionalstatesinvolving partial loss of control of attention,as
alreadyhappensin humans.

Motivationalandemotionalprocessesmay alsobe involved in attemptsto persuadea
characterin an interactive story to adopta particularbelief, or in discussingthe relative
importanceof varioustaskswith a personalassistantagent. Similar mechanismsmay be
involvedwhencommunicationoperatesat severaldifferentlevels,for example,whenit in-
volveshumour, irony or metaphor. Relatedclaimsaboutmotivationalandemotionalrequire-
mentsfor intelligencecanbefoundin [4, 7].

Differ ent kinds of architectures

The internalarchitectureof an agentcantake differentforms, with varying degreesof in-
telligibility andmodularity. At oneextremetheremaybe very large numbersof low level
components(e.g.neurons)all interactingin suchawaythatusefulglobalbehaviouremerges,
withoutany explicitly programmedinterveningstructureto accountfor thebehaviour or any
architecturewe cancomprehend.At anotherextremeagentsmay have a clearly defined
modulararchitecturewith ahierarchicaldecompositioninto separablecomponentsperform-
ing differenttasks,usingdifferentthoughstronglyinteractingmechanismsto performthose
tasks.In betweenarearchitectureswith varyingdegreesof functionaldecomposabilityand
intelligibility .

Anotherdimensionof variationconcernstheextent to which theinternalarchitectureis
purely ‘reactive’, wheredetectionof internalor externalconditionsimmediatelygenerates
new internalor externalresponses,which in turncouldtriggernew reactions(seeFigure1).
Theinternalandexternalfeedbackloopsandchangesof statewhich altera reactive agent’s
responsesto new sensoryinputscancombineto achieve quitesophisticatedbehaviour. Ex-
amplescouldincludesoftwareagentsmonitoringandreactingto sensorreadingsin achemi-
calplant,andcontrollingcomplex andvariedprocesses.Moresophisticatedreactivesystems
mayrequireprocessingatdifferentlevelsof abstractionin thesensoryandmotorsubsystems,
e.g.detectingnotonly low level signalsbut alsomoreabstractpatternsin thedata,andtrig-
geringcomplex behaviours involving co-ordinationof severaleffectors.However, this may
prove inadequatein somecontexts.

Deliberative architecturesachieve even greaterflexibility by allowing setsof possible
actionsto beassembledandevaluatedwithout necessarilybeingselectedfor execution. A
deliberativearchitecture(which might beimplementedusinginternalreactive mechanisms)
requiresa largeamountof storedknowledge,includingexplicit knowledgeaboutwhich ac-
tions are possibleand relevant in variouscircumstances,and what the effects of various
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Figure1: Thereactive layer.

actionsarein thosecircumstances.It alsorequiresa re-usableshorttermmemoryfor build-
ing structuresrepresentingpossibleactionsequencesin orderto evaluatetheirconsequences.
Thereuseof memory, theinability of thelongtermstoreto answermany questionsin paral-
lel, andthesequentialnatureof planconstructionwill typically make a deliberative system
muchslower thana reactive one. Theseresourcelimits might necessitateanattentionfilter
to suppresslow priority interruptions.New levels of abstractionin the perceptualandac-
tion subsystemsmay be requiredto matchthe moreabstractprocessingin the deliberative
system.

Suchadeliberativearchitecturemightberequiredfor apersonalassistantor aplantcon-
trol mechanismableto copein novel circumstanceswhereroutinereactionsaresometimes
inappropriateandwheretrial anderrorbehaviour is too dangerousor too timeconsuming.

Any externallyobservablebehaviour thatcanbeproducedby a deliberativearchitecture
can, in principle, be producedby a purely reactive architecture,as long asan exhaustive
collectionof condition-actionruleshasbeenassembledin advanceby a designeror perhaps
by anevolutionaryprocess.Producingacomprehensivesetof reactivebehavioursin advance
maytakeaninordinatelylong timeandmayrequireexcessiveamountsof storage.

In decidingbetweenreactive and deliberative architecturesin an environmentwith a
high degreeof complexity andvariability, therearecomplex trade-offs involving the time
andeffort requiredto pre-compileall the potentially relevant rules, the spacerequiredto
storethem,andthe mechanismsrequiredfor efficiently finding andselectingbetweenpo-
tential contendersat run time. Our conjectureis that evolution hassolved this problemin
naturalsystemswith a hybrid architecture involving closelyintegratedconcurrentlyactive
deliberativeandreactivesub-architectures(seeFigure2).

Suchahybridarchitecturemayalsoincludemechanismsfor transferringsomeof there-
sultsof thedeliberativelayerto thereactive layer(e.g.,responsesto stereotypicalsituations)
to improve speedof performanceor releasethedeliberative layer to attendto otherthings.
Many learnthumanskills arelike this, andsimilar typesof skill acquisitionmaybeneeded
in softwareagentsandrobots.
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Figure2: Reactiveanddeliberative layers.

Selfmonitoring

Work on multi-agentsystemsoftenassumesthat interactingagentsareperfectlyrationalor
have a fixed collectionof motives (i.e., goals,preferencesand standards),requiringonly
simplecognitive mechanismssuchaspayoff matricesor utility functions. While this may
be appropriatefor systemsconsistingof simpleagentswith ant-like cooperation,it is in-
adequatefor societiesof intelligent human-like softwareagentsor autonomousrobots. In
suchsituationsthesetof motivesis not fixed,asnew motivescanbegeneratedin new con-
texts, for instancethe goal of helping a friend who is in trouble, or having to deal with
unexpectedconflictsbetweenhigh level objectivesandstandardsor preferences.Realistic
multi-agentsystemswill haveto takeaccountof theseinternalwithin-agentconflictsaswell
as between-agentconflictsand negotiations. For example,a plant managementsoftware
teammayencounterconflictsbetweensafetyof humanworkersandeconomyof plantoper-
ation. Simulatedbattlefieldcommandersor simulatedanti-terroriststrategistsmayhave to
detectandhandleconflictsbetweenprotectingciviliansandcapturingopponents.

In thesecontexts an agentmay benefitfrom an additionalarchitecturallayer, with the
ability to monitor, evaluate,andpossiblymodify internalprocessesof variouskinds (see
Figure3). This couldbebasedon a mixtureof internalreactive anddeliberative processes
directedat theagent’s internalsensorybuffers,its goalsandpreferences,deliberativestrate-
gies, recordsof recentdecisions,andthe like. Sucha systemmight discover conflictsof
motivationanddeviseastrategy for dealingwith them.Or it maynoticethatcertainproblem
solving processesare taking too long, so that a lesscautiousbut morespeedystrategy is
required.

Weexpectthatsomesyntheticagents,includingagentsworking in groupsor teams,will
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Figure3: Themeta-managementlayer.

requirea similar varietyof internalprocessing.For instancemeta-managementis required
to decidewhento stoptrying to solvea problemandinsteadaskfor help.

In humansthis ‘meta-management’capabilityseemsto beusedfor avarietyof purposes
includingsocialcontrolvia inculcationof ethicalandotherstandardsof self-assessment,and
alsosomekinds of learningin which deliberative processesareevaluated,found wanting
andimproved. It alsoseemsto be impairedduring timesof stressor in certainemotional
disturbances.

Someof the internalprocesses,includingboth deliberative processesandreactive pro-
cesseswherechainsof of associationsareneededto solve a problem,maybe too slow for
an environmentwhereopportunitiesand dangersrequiring immediateaction can turn up
unexpectedly. A globalalarmsystemusingfastpattern-recognitionmechanismsableto trig-
ger stereotypedinternalandexternalresponsescould help in dealingwith suchsituations.
The needfor rapid reactionscould make sucha mechanismsometimesproduceerroneous
responses.This trade-off betweenspeedandintelligencecanbefoundin somehumanemo-
tions and may also turn up syntheticagents. A trainablealarm systemmight reducethe
frequency of mistakes.
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Multi-pr ocessingwithin agents

Thepreviousdiscussionleadsto theconclusionthatsophisticatedagentswill includemany
concurrentprocessesperformingvariouskindsof taskssuchas:

� analysisandinterpretationof sensorydataatdifferentlevelsof abstraction,

� monitoringfor ‘alarm’ conditionssometimesproducingrapid global re-directionof
processing,

� generationof new motives,

� assessmentof motivesanddecidingwhetherto adoptthem,

� constructionof plansfor achieving motives(eitherafterdecidingto adoptthemor as
partof theprocessof decidingwhetherto),

� decidingwhich currentlyadoptedplansshouldbe executednow, which postponed,
whichabandoned,etc.,

� learningnew patternsandcategories,evaluatingpastperformance,

� attemptingto interprettheobservedbehaviour of otheragents,

� understandingexplicit (andimplicit) communicationsfrom others,

� decidingwhatto sayto othersandhow to sayit,

andmuchbesides.
In additionto relatively high level processes,a robotwith a complex physicalbody, like

ananimal,mayalsorequirea largenumberof reactiveprocessesmonitoringandcontrolling
variousaspectsof bodily function, posture,gait, fine control of movementof hands,etc.
Softwareagentsdealingwith highvolumeinformationstreamsrequiringfastdecisionsmay
alsoneeda well-trainedreactive layer.

Multiple programming paradigms: the SI M AGENT toolkit

For someyearstheCognitionandAffect projectat theUniversityof Birminghamhasbeen
exploring the problemssketchedabove [2, 9]. To supportthis researchwe designedand
implementeda softwaretoolkit, SIM AGENT, to allow explorationof ideasthroughimple-
mentationusingrapid prototyping[8, 11]. We found it necessaryto provide supportfor a
varietyof programmingparadigms,in additionto widely usedobjectorientedtechniques.

For instance,the needfor flexible reactive internalmechanismswithin agentsis sup-
portedby a rule-basedprogrammingstyle,wherediversemechanismswithin an agentare
implementedin differentcondition-actionrulesets.

To allow a wide rangeof conditionsto triggerinternalprocessesandin orderto support
sophisticatedinternalreasoning,alist-processingparadigmis usedto implementtheinternal
databasesandcommunicationchannelsbetweenpartsof anagentandbetweenagents.

To support‘sub-symbolic’processingtherule-basedsystemhasinterfacesto procedural
programsandbothconditionsandactionscanbelinkedtomechanismslikeneuralnetswhere
appropriate.
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The needfor fast low-level processesis met by using compiledcode. More flexible
processessubjectto self-monitoringcanuseinterpretedinternallanguages.Thisalsoallows
usto vary therelativespeedsof differentcomponents,to explorehypothesesaboutresource
limited systems.The presenceof an incrementalcompilerallows rapid developmentand
testing,aswell assupportingeasyexperimentationby studentsin a teachingenvironment.
Useof indirectreferencesallowsrulesto beredefinedeasilyor proceduresto berecompiled
during a pausein an experimentalrun of the system. Automatic storemanagementand
garbagecollectionpreventsmemoryleaks.

The implementationlanguageis Pop-11,a sophisticatedextendablelisp-like language
with aPascal-likesyntax,in thePoplogenvironment.(Pop-11is alsoat theheartof Clemen-
tine,acommerciallysuccessfuldata-miningproduct.)

Thetoolkit allowsconstructionof setsof agentswhereeachagenthasamulti-component
architecture,in which different componentsoperatein parallel, using different kinds of
mechanisms.Thesecanincludeneuralnetsor otherreactivemechanismsalongsideAI sym-
bol manipulatingmechanisms,usedfor solvingcomplex planningproblems,or for certain
meta-managementtasks.For example,a systemmayusea neuralnet to obtainevidenceof
fraudin credit transactionsbasedon subtlecombinationsof data,togetherwith deliberative
mechanismsto analysesuspectcasesin greaterdetail. A factoryautomationsystemcould
usea setof reactive proceduresto handleroutinemanagementanda deliberativeplannerto
handlenovel problems,suchastheproductionof a new product.A meta-managementlayer
coulddecidewhetherto changethecriteriabeingusedby theplanner, or whetherto suspend
planningandbegin actingbecauseof shortageof timeor becauseof theneedto collectmore
informationby actingonapartialplan.

Many agenttoolkitsarebasedonacommitmenttoaparticulararchitecture,e.g.SOAR [5].
BecauseSIM AGENT hasnosuchcommitmentit hasprovedattractiveto researchersandstu-
dentswishingto explorealternativedesignsin avarietyof fields,includingsimplecomputer
games,battlefieldsimulationsin trainingsoftware(at DERA Malvern,UK), modellingas-
pectsof humancognitionandemotions[3, 12],agentsplanningin adynamicdomain[6] and
telecommunications.The easeof developmentin an AI environmentmakesit particularly
usefulfor teaching,usingsimpledemonstrationswhichstudentscanmodify.

Plannedextensions,arisingout of our recentwork on meta-managementtasks,include
improved facilities for self-monitoringand self-modificationby agents. Recentwork on
requirementsfor agenttoolkits is reportedin [1].

Conclusion

Thetrade-offs betweendifferenttypesof architecturesarenotclearandmuchresearchis still
required.Althoughmoreefficienttoolkitsdedicatedto particulartypesof agentarchitectures
will bemoreappropriatein taskswherethearchitecturalrequirementsarenarrowly specified
in advance,we expectthat increasinglytoolkits with the flexibility of SIM AGENT will be
neededasresearchfocusesmorestronglyonagentswith moresophisticatedmulti-functional
architectures,which raisemany of thehardestunsolvedproblemsin AI. Currentlytheseare
ignoredin muchmulti-agentsystemsresearch,but thatcannotlast.
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Further information and availability

The toolkit andadditionalinformationaboutit arefreely availablevia FTP andWWW. A
brief overview with someMPEG moviescanbefoundat:

http://www.cs.bham.ac.uk/˜axs/cogaffect/sim agent.html

TheCognitionandAffectFTPrepositoryof theoreticalpapersis at

ftp://ftp.cs.bham.ac.uk/pub/groups/cogaffect/

The BirminghamPoplogdirectoryis at the following URL, wherethe README file lists
informationaboutSIM AGENT andits supportinglibraries.

ftp://ftp.cs.bham.ac.uk/pub/dist/poplog

SIM AGENT requiresPoplog,availablefrom IntegralSolutionsLtd.

http://www.isl.co.uk/
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