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Abstract – While traditional data fusion started with systems
which exploit theoutputof multiplesensors soas to optimisethe
characterisationor recognition of objectsof interest,modernin-
formation fusion systemswill increasinglyintegrate all typesof
information, including behavioural informationand information
resultingfrommodelling, analysisandcomputation.In manycrit-
ical applications,modellingthe behaviourof groupsof coordi-
natedautonomousentitiesmustbe carried out within physically
accurate settingsin order to provide realistic informationabout
their likely behaviour. The simulatedentitiesmustconductau-
tonomousactionswhich are realistic, which follow plansof ac-
tion, but which also exhibit intelligent reactivebehaviourin re-
sponseto unforeseenconditions.In this paperwedescribehowa
complex andsimulationenvironmentcanbeusedto fuseinforma-
tion aboutthebehaviourof groupsof objectsof interest.Thefused
informationincludestheobjects'individualpursuitsandaims,the
physicaland geographic settingwithin which they act, and their
collectivesocial behaviour. Thegroup control algorithmscom-
binereinforcementlearning, socialpotential�elds andimitation.
We summarisethedesignof a simulationsystemthat wehavede-
signedbasedon theseprinciples.

Keywords: Simulation,Navigation,GroupBehaviourandGoals,
IntelligentAgents,Robotics,MachineLearning

1 Intr oduction

Discreteevent simulationis widely usedto model,evalu-
ateandexploreoperationalcontexts of real systemsunder
varying syntheticconditions. Simulationrunscanpredict
thecapabilitiesandlimitationsof differentoperationalrules
or of differentcombinationsof tacticalassets.Traditionally,
discreteeventsimulationhasconcentratedon thealgorith-
mic descriptionandcontrol of syntheticentitieswhich are
beingmodelledasthey accomplishsomemeaningfulfunc-
tion, andsimulationresearchhasdevotedmuchattentionto
appropriateworkloadrepresentationandoutputdataanal-
ysis. Lessattentionhasbeenpaid to thedesignof simula-
tion systemsin which individual animatedobjects(suchas
mannedor roboticvehicles,or humanindividuals)arepro-
videdwith broadgoals(suchas“go quickly to thathill, and
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do not getkilled”) andarethenallowedto dynamicallyat-
tain theobjectivebasedon individualadaptationandlearn-
ing [3, 4, 5].

However, simulation is also a sophisticatedmannerof
fusing informationbasedon multiple anddiversesources,
suchasthephysicalcharacteristicsof theobjectsof interest,
the physicalor geographicenvironmentin which they ex-
ist andact,thegoalsandintentionsof thedifferentobjects
beingconsidered,andtheir socialor physicalinteractions.

The purposeof this paperis to report somerecentre-
sultson this line of research.We considerhow a varietyof
adaptive paradigms,including reinforcementlearning,so-
cial potential�elds and imitation, canbe usedin a simu-
lation to investigatehow the simulatedentitiesmay attain
broadlyde�nedgoalswithoutdetailedstep-by-stepinstruc-
tionswithin a physicallypreciseenvironment.We describe
an experimentaltest-bedthat we have develop andreport
onsomeexperimentsprovidingquantitativeinsightinto our
approach.

2 Simulating Collective Autonomous
Behaviour

The actualbehaviour of arti�cial entitiesis especiallyim-
portantin the context of simulationsdesignedfor training
personnelor evaluatingtacticalsituations.In suchsimula-
tions,thebehaviour of agentswill haveanimportanteffect
on the �nal outcome.Unrealisticagentbehaviour, e.g.,in
theform of very limited or evenextremelyadvancedintel-
ligencecanresultin poorcorrespondenceto real-life situa-
tions.

Agent behaviour in a sophisticatedsimulatedenviron-
mentcanbe very complex andwill involve many collab-
oratingor adversaryentities.Intelligencecanbeemployed
at very differentlevels. A simpleexamplewill be a team
of agentsthathasto go from onepositionto anothertrying
to minimise travel time andkeepout of trouble. A more
complex exampleof intelligent behaviour can includethe
decisionto cancelthemissionof agroupof entitiesandre-
locatingthemasabackupfor anothergroup.An evenmore
complex situationwould involveseveraladversarialteams,
eachtrying to achievedifferentgoals.

1



2.1 RelatedWork

Multi-Agent systemsarea very important�eld in AI since
they emerge asa naturalway of dealingwith problemsof
distributed nature. Suchproblemsexist in a diversity of
areaslike military training, gamesand entertainmentin-
dustry, management,transportation,information retrieval
andmany others.Theclassicalapproachto AI, until now,
hasbeenunableto provide a feasibleapproachfor solving
problemsof this nature. The needfor suchtools haslead
to the “alternative” approachof behaviour-basedsystems,
popularisedby thework of Brooks[7] andArkin [8]. This
approachtakessimplebehaviour patternsasbasicbuilding
blocksandtriesto implementandunderstandintelligentbe-
haviour throughthe constructionof arti�cial life systems.
Its inspirationcomesfrom the way intelligent behaviour
emergesin naturalsystemsstudiedby Biology andSoci-
ology. Gooddiscussionson thedevelopmentof behaviour-
basedAI canbefoundin [9, 10] andanextensivetreatment
of thesubjectis givenin [11].

Multi-agentsystemsinteractingwith therealworld face
somefundamentalrestrictions.Someof theseare:

1. They have to dealwith anunknown anddynamicen-
vironment

2. Their environmentis inherentlyverycomplex

3. They have to act within the time frame of the real
world

4. Thelevel of their performanceshouldbe“acceptable”

In orderto meettheserequirements,agentshave to beable
to learn,coordinateandcollaboratewith eachother. Rein-
forcementLearningemergesasoneof the“naturalways”of
dealingwith thedynamismanduncertaintyof theenviron-
ment.Thecomplexity of theenvironmentandthestricttim-
ing constraintshowever make the learningtaskextremely
dif�cult. Even simple multi-agentsystemsconsistingof
only afew agentswithin atrivial environmentcanhavepro-
hibitively expensive computationalrequirementsrelatedto
learning[12, 13, 14].

Thebehaviour-basedsystemshavebeenmoresuccessful
at dealingwith suchproblems. Biology-inspiredmodels
of groupbehaviour suchasReynold's “boids” [15] andap-
proachesbasedon potential�elds [16] areableto address
groupbehaviour at a reasonablecost.Becauseof their per-
formanceandability to scalebetter, they have beenwidely
employedin technology-driven�elds suchasthecomputer-
gamesindustry[17, 18].

One of the main problemsof behaviour-basedsystems
is that their constituentscanbeveryeasilycaughtin local-
minima. Thequestionof how to combinedifferent(possi-
bly con�icting) behavioursin orderto achieveanemergent
intelligenceis alsovery dif�cult. Multi-Agent Reinforce-
mentLearningin the behaviour domain[19, 20] is an ac-
tively exploredapproachto solvetheseproblemsin arobust
way.

2.2 Our ProposedMulti-Agent Simulator

Our proposedsimulatoris designedfor behaviourally and
visuallysigni�cant tacticalsimulations,within aphysically
accuratesettingsuchasa TerrainDatabase.The problem
weaddressin thispaperis goal-basednavigationof agroup
of autonomousentitiesin a dangerousterrain. Thedesign
of theagentmodelis basedon the assumptionthatagents
will perform“outdoor” missionsin a terraincontainingob-
staclesandenemies.It is notverysuitablefor “indoor” mis-
sionslike moving insidea building or a labyrinth,wherea
morespecialisedapproachwill be required. A “mission”
in our modelis de�ned astheproblemof goingfrom some
positionA to someotherpositionB avoiding beinghit by
anenemy, andavoiding thenaturalandarti�cial obstacles
presentin the terrain. The successof the missionis mea-
suredby theamountof timenecessaryfor thewholegroup
to achievethegoalandthesurvival rate.

Our approachis basedon a hierarchicalmodular rep-
resentationof agentbehaviour. This methodallows for
de-couplingthe taskof groupnavigationinto simplerself-
containedsub-problemswhichareeasierto implementin a
systemhaving computationalconstraintsdueto interaction
with real-lifeentities.

Differentdecisionmechanismsareusedto modeldiffer-
entaspectsof theagentbehaviour anda higherlevel coor-
dinationmoduleis combiningtheir output. Suchanarchi-
tectureallows “versatileagentpersonalities”both in terms
of heterogeneity(agentspecialisation)within a groupand
dynamic(i.e. mission-context sensitive)agentbehaviour.

Thehierarchicalmodularityof thesystemalsofacilitates
theassessmentof theperformanceof separatecomponents
andrelatedbehaviour patternson theoverall successof the
mission.

In our currentmodel,we have threebasicmodulesthat
wecall thenavigationmodule,groupingmoduleandimita-
tion module.

� The Navigation Module is responsiblefor leadinga
singleagentfrom asourcelocationto adestinationlo-
cation,avoidingdangerandobstacles.

� The Grouping Module is responsiblefor keeping
a group of agentstogetherin particular formations
throughoutthemission.

� The Imitation Module is modellingthecasewhenan
inexperiencedagentwill try to mimic the behaviour
of the most successfulagentsin the group and thus
increaseits chancesof success.

Thedecisionsof thesemodulesarecombinedatahigher-
level modulecalledtheCoordinator Module. This particu-
lar agentmodelallowsmodellingof differentpartsof agent
behaviour using differentapproaches.Someof theseap-
proachesmay incorporatememory(navigation)while oth-
ersotherscanbepurelyreactive (grouping)andsomemay
dependon the performanceof othermembersin an agent
group(imitationandgrouping).



2.3 Coordination of Behaviour Modules

The currentmodelof behaviour combinationis to get, at
eachtime step,a weightedsum of the separatedecisions
recommendedby eachbasicmodule,wherethe decisions
are in the form of a 2D vector representinga requestto
move in aparticulardirectionwith a particularspeed:

~Vover all = knav � ~Vnav + kgr p � ~Vgr p + kimt � ~Vimt

Thecoordinatorcanfor examplegivepriority to theNav-
igation Module andinhibit the otherswhenit detectsthat
they causeanagentto betrappedin a local minimum. The
leaderof a groupwill alsohonourtheNavigationModule,
expectinggroupmembersto follow him. Anotherexample
is whenemphasisis given to the GroupingModule,help-
ing a woundedor importantagentto staycloseto theother
memberssothatit is well protected.

Anotherdegreeof freedomcomesfrom theability of the
coordinatorto seethe “bigger picture” andnot only judge
how much a moduleshouldaffect the �nal outcome,but
alsogive a constructive feedbackon how a moduleshould
adjustits internalparametersfor the goodof the mission.
The basicdecisionmodulesthat we considerin this work
aredescribedin thefollowing subsections.

2.4 Navigation Module

For the purposeof simplicity and ef�ciency, the Naviga-
tional Module generatesmovesbasedon a quantisedrep-
resentationof the simulatedenvironmentin the form of a
grid. Terrainpropertiesareassumedto be uniform within
eachgrid cell for thepurposeof learningandstoringinfor-
mationabouttheterrain. Eachcell in thegrid representsa
positionandan“agentaction” is de�ned asthedecisionto
movefrom agrid cell to oneof theeightneighbouringcells.
A successionof suchactionswill resultof a completionof
amission.Theagentscanalsoaccessterrain-speci�cinfor-
mationaboutfeaturesandobstaclesof natural(trees,etc.),
andarti�cial origin (buildings, roads,etc.) andalsopres-
enceof other(possiblyhostile)agents.Theinteractionbe-
tweenanenemy(a hostileagent)andanagentis modelled
by anassociatedrisk. Thisrisk is expressedasaprobability
of beingshot(for anagent)at a position,if thepositionis
in the�ring rangeof anenemy. Thegoalof theagentis to
minimisea functionG (which in this caseis theestimated
timeof asafetransitto thedestination).WeuseG to de�ne
theReinforcementLearningRewardfunctionasR / 1=G.

Successivemeasuredvaluesof R aredenotedby R l , l =
1; 2; : : :. Thesevaluesareusedto keeptrackof asmoothed
reward

Tl = bTl � 1 + (1 � b)Rl ; 0 < b < 1

whereb is closeto 1. A NavigationalModuleof an agent
hasaso-called“cognitivemap”which is acollectionof lat-
estandsmoothedrewardsfor eachdecisiontaken at each
visitedgrid cell.

Thedecision-makingelementof a NavigationModuleis
a fully-connectedRandomNeuralNetwork [1, 2] consist-
ing of 8 neurons(eachrepresentinga possibledecision).

The training is performedby reinforcing the weights of
eachneuron,dependingon thedifferencebetweenthe lat-
estandsmoothedrewards;positivedifferenceindicatesim-
provementandnegative differenceindicatesdeterioration.
The RNN is an analytically tractablespiked neural net-
work model whosemathematicalstructureis akin to that
of queueingnetworks. It has“productform” just likemany
useful queueingnetwork models,althoughit is basedon
non linearmathematics.Thestateqi of the i � th neuron
in the network is the probability that it is excited. The qi ,
with 1 � i � n satisfythefollowing systemof non linear
equations:

qi = � + (i )=[r (i ) + � � (i )]; (1)

where

� + (i ) =
X

j

qj w+
j i + � i ; � � (i ) =

X

j

qj w�
j i + � i (2)

Herew+
j i is the rateat which neuronj sends“excitation

spikes” to neuroni when j is excited, w�
j i is the rate at

whichneuronj sends“inhibition spikes” to neuroni when
j is excited, andr (i ) is the total �ring ratefrom the neu-
ron i . For an n neuronnetwork, the network parameters
arethesen by n “weight matrices”W + = f w+ (i; j )g and
W � = f w� (i; j )g which needto be “learnt” from input
data.Varioustechniquesfor learningmaybeappliedto the
RNN. TheseincludeHebbianlearning(which will not be
discussedheresinceit is tooslow andrelatively ineffective
with smallnetworks),andReinforcementLearning.

There can be different ways to apply Reinforcement
Learningin the RNN model. Given the Goal G that the
agenthasto achieveasa functionto beminimised, wefor-
mulatea reward R which is simply R = G� 1. Let the
neuronsof theRNN benumbered1; ::: ; n. Thuseachde-
cisioni correspondsto someneuroni . Decisionsin thisRL
algorithmwith theRNN aretakenby selectingthedecision
j for which the correspondingneuronis the mostexcited,
i.e.,theonewith thelargestvalueof qj . Notethatthel � th
decisionmaynot contributedirectly to thel � th observed
rewardbecauseof time delaysbetweencauseandeffect.

Supposewe have now taken the l � th decisionwhich
correspondsto neuronj , and that we have measuredthe
l � th reward Rl . Let us denoteby r i the �ring ratesof
the neuronsbeforethe updatetakesplace. We �rst deter-
minewhetherthemostrecentvalueof the rewardis larger
than the previous “smoothed”value of the reward which
we call the thresholdTl � 1. If that is thecase,thenwe in-
creasevery signi�cantly the excitatory weightsgoing into
theneuronthatwasthepreviouswinner(in orderto reward
it for its new success),and make a small increaseof the
inhibitory weightsleadingto otherneurons.If thenew re-
ward is not betterthanthe previously observed smoothed
reward(thethreshold),thenwesimply increasemoderately
all excitatoryweightsleadingto all neurons,exceptfor the
previous winner, and increasesigni�cantly the inhibitory
weightsleadingto thepreviouswinningneuron(in orderto
punishit for notbeingverysuccessfulthistime). Thisis de-
tailedin thealgorithmgivenbelow. We computeTl � 1 and
thenupdatethenetwork weightsasfollows for all neurons
i 6= j :



� If Tl � 1 � Rl

– w+ (i; j )  w+ (i; j ) + Rl ,

– w� (i; k)  w� (i; k) + R l
n � 2 ; if k 6= j .

� Else

– w+ (i; k)  w+ (i; k) + R l
n � 2 ; k 6= j ,

– w� (i; j )  w� (i; j ) + Rl .

Sincetherelative sizeof theweightsof theRNN, rather
thantheactualvalues,determinethestateof theneuralnet-
work, we thenre-normaliseall theweightsby carryingout
thefollowing operations.First for eachi we compute:

r �
i =

nX

1

[w+ (i; m) + w� (i; m)]; (3)

andthenre-normalisetheweightswith:

w+ (i; j )  w+ (i; j ) � r i
r �

i
,

w� (i; j )  w� (i; j ) � r i
r �

i
.

Finally, theprobabilitiesqi arecomputedusingthenonlin-
ear iterations(1), (2), leadingto a new decisionto move
theagentin thedirectionwhich correspondsto theneuron
which hasthe largestexcitationprobability. By usingpre-
viously acquiredinformationandcurrentsensoryinput, an
agentcanstartwith near-optimalestimatesof the rewards
and skip an otherwiseprohibitively-long learningsession
andfocuson adaptingto thedynamicchangesin theenvi-
ronment.

2.5 Grouping Module

Grouping behaviour module is basedon the idea of so-
cial potential �elds [16] which is a simple distributed-
control approachinspiredby the attractive and repulsive
forcesbetweenchargedparticle in physics. Although this
methodhasbeenusedin abroaderdomain(includingpath-
planning), we restrict its usageonly to model grouping
behaviour for which it is particularly well suited. Us-
ing potential�elds methodsfor otherpurposeslike gener-
alisednavigation andobstacleavoidancerequiresdealing
with local minima problemsanddif�cult to designforce-
con�gurationsthatcaneasilynullify thesimplicity gained
by usingthemethodin the�rst place.

In our treatment,we restrict the form of the force be-
tweenagentsi andj to:

~Vi;j =
�

�
a
r � +

b
r �

�
r̂

wherea; b;�; � are dynamicparametersand the force
vector ~Vi;j describesthe effect of the position of agentj
on thedecisionof agenti . Whenthereis a stableequilib-
rium point, anentity experiencingsucha forcewill stayat
a distanceR0 from theforcesource,where

R0 = � � �

r
b
a

Thetotal effectonagenti canbecalculatedas:

~Vgr pi = c �
X

j

~Vi;j

By varying the parametersof eachforce, different be-
haviourslikeattractionto anagent,repulsionfrom anagent
or trying to staywithin somedistancefrom anagentcanbe
modelled- the last beingespeciallyimportantin forming
spatiallylocalisedgroups.

Thesebehavioursareverysimilarandcanbeusedto get
theeffectof thecollisionavoidanceand�ock centringrules
asdescribedby Reynolds[15].

By settingupa two-waymeshof forcesbetweena num-
berof agents,for example,a spatiallylocalisedgroupcan
becreatedthatwill try to staytogether.

Another simple example is a one-way meshof forces
from theleaderof thegroupto theothermembers,suggest-
ing that they shouldstaycloseandfollow if necessarythe
leader, withouthaving any effectonhis decisionmaking.

2.6 Imitation Module
The imitation module proposesa decision which is a
weightedsumof thenavigationaldecisionsof someof the
membersof theagentgroup:

~Vimt i =
X

j 2 S

wj � ~Vnav j

The weight distribution canbe dynamic,in orderto re-
�ect thegroupmemberswhich arecurrentlyobservableor
known to beexperienced,for example.Thepurposeof imi-
tationis to ef�ciently takeadvantageof experiencewithout
going throughthe troubleof actuallyacquiringit - that is,
it hasa much lower computationalcost, comparedto the
othermethods.

The velocitymatching �ock behaviour describedin the
work of Reynolds [15] which he de�nes as “attempt to
matchvelocitywith nearby�ocks” is a verysimilar idea.

3 Experiments
We have developeda multi-agentsimulatorfor testingour
ideasandmeasuringperformanceof agentbehaviour. The
currentsimulationtestbedwasusedto performa seriesof
experimentsunderdifferent behaviour modulecon�gura-
tions. Figure1 is an exampleof the currentsimulatorin
operation.

Theterrainsizeis 200by 200unitsandit is overlaidby
a50x50grid. Thereare300treesand10buildingspresent.
A groupof 8 agentsarein theprocessof moving from the
lower-left cornerof theterrainto thedestinationareadesig-
natedby small �ags in the upperright part of the terrain.
The agentgroup consistsof one leaderand seven group
members.The distinctionbetweenthe leaderandthe rest
of the agentsis dictatedby the way social potential �eld
(SPF)forcesarecon�gured.

Therearetwo typesof SPFforcesinvolvedin this setup:

� A two-way force (F1) betweengroup members(ex-
cluding the leader). The force parametersare (a =
1; � = 1:6; b = 16; � = 3:6).



Fig. 1: An exampleof anongoingmissionin theagentsim-
ulator

� A one-way force (F2) from the leaderto the group
members. The force parametersare (a = 1; � =
1:6; b = 4; � = 3:6).

The parametershave the effect of keepingan inter-group
distanceof approximately4 units, and distancebetween
groupmembersand the leaderof approximately2 units -
in this way, thegroupis surroundingtheleader. Theleader
itself is notaffectedin any wayby theotheragents.

It is very importantthatweareableto evaluateandcom-
paretheperformanceof differentmodesof behaviour both
duringandaftersimulationruns.Theperformancemetrics
usedin thesimulationspresentedin this paperarede�ned
below:

� Group Tension is de�ned as the averagemagnitude
of theeffective SPFforce experiencedby agentsin a
group. By an effective SPFforce we meanthe vec-
tor summationof all SPFforcesactingon a particular
agent(whichhappensto betheoutputof theGrouping
modulefor that agent). A small value for the group
tensionshouldindicatethat thegroupis well-formed,
while a greatervalue should indicate internal stress
within thegrouprelatedto badspatialformation.This
metric is a particularly good indicator of congestion
within a group. However, the grouptensionwill not
identify casesin which anagentis separatedfrom the
group,sinceSPFforcesdecayquickly with distance.

� Group Radius is de�ned astheaveragedistancefrom
an agentto thegeometriccentreof its group. It is an
indicatorof how goodthespatialformationof agroup
of agentsis. An increasein thegroupradius,for exam-
ple,canbeusedto detectcaseswhenanagenthaslost
proximity with its groupor whena groupis breaking
apart.

� Travel Distance is de�ned as the averagedistance
travelledby theagentsin agroup.It is agoodestimate
of themobility characteristicsof a groupasa whole.

� Travel Energy is de�ned astheaverageenergy spent
by membersof anagentgroup.Evenverysimilarmo-
bileagentscanexhibit signi�cant differencesin energy
consumptionbasedon speci�c environmentalcondi-
tions or agentspeci�cs (i.e. vehiclewear), therefore
it is prettymuchimpossibleto deviseanaccurateen-
ergy metric for a genericmobile agent. However, it
is still possibleto to devisea sensiblemeasureof en-
ergy consumptionfor a rangeof mobileagentsby us-
ing simplephysicsprinciples.Weassumethatincreas-
ing thespeedof anagentcostsenergy while breaking
is almostfree(asin mostgroundvehicles).Therefore,
we de�ne travel energy for anagentasthesumof the
positivekineticenergy incrementsoverthetimeof the
mission.

To illustrate the performanceof different behaviour
modesin the agentsimulator, we show examplemeasure-
mentsof group tension,group radius,travel distanceand
energy for a biggersimulatedenvironment. The environ-
ment is a 2000x2000terrainoverlaid by a 200x200grid.
Thereare6000 treesand100 buildings. The sameagent
con�guration(8 agents- 1 leaderand7 groupmembers)is
used. Randommissions(randominitial positionandran-
domdestinationwithin thesameterrain)aregeneratedand
anaveragevaluefor thespeci�edperformancemetricsover
all themissionsis calculated.Figure2 show measurements
for 1000differentmissionsimulations.Anothersetof mea-
surementswith theadditionof 5 uniformlydistributedstatic
enemieswith �ring rangescoveringa small portionof the
terrainis shown in Figure3.

There are four different behaviour modesused. The
acronymsusedin the�gures have thefollowing meanings:

� RL - EverybodyusesNavigationModule

� RL+IMI - EverybodyusesNavigationModule,group
members(i.e. excepttheleader)alsouseImitation(i.e.
groupmembersimitatetheleader)

� RL+SPF - EverybodyusesNavigationandGrouping
Modules

� RL+SPF+IMI - Everybody uses Navigation and
GroupingModules,groupmembersalsouseImitation

As far as group tensionis considered,the bestperfor-
manceis achievedby RL+SPFfollowedby RL+SPF+IMI.
Theothertwo modesof operationgiveworseresults,which
is understandablebecausethey do not employ social po-
tential �elds. On the group radiusmetric, RL+SPFand
RL+SPF+IMI show approximatelythesameperformance,
with theRL+SPF+IMImodebeingslightly better(thedif-
ferenceis morepronouncedwhenenemiesareintroduced
in the terrain). On the travel distancemetric, we have
almost identical performancefor all methodsexcept for
RL+SPF, which is a bit worse than the others(it travels



slower). The best performeron the travel energy met-
ric is RL+IMI followed closelyby RL andRL+SPF+IMI.
The most inef�cient method is RL+SPF with twice the
travel energy of the other methods. We can say that the
RL+SPF+IMI combination,therefore,offers a reasonable
performancetrade-off betweendifferent behaviours. Of
course,thesesimulationswereperformedwith staticagent
personalitieswherethe agentbehaviour combinationwas
�x ed during the simulationruns. A dynamicbehaviour,
basedon situationalawarenesswill certainly outperform
thesestaticbehaviour modes.

4 Conclusions
Moderntacticalsimulatorsoftenrequiretherepresentation
of complex autonomousbehaviours within a realisticset-
ting. The ideais to askquestionsabout“what would hap-
pen if ...” for a teamof agents,in the context of a real
environmentandpotentialevents.This challengeis thefo-
cusof thework addressedin this paperwherewe consider
how broadlyde�ned goalscanbe usedby teamsof simu-
latedautonomousentitiesto achievethegoals.Weconsider
acombinationof individualandsocialcontrolschemesasa
wayof representingcomplex behaviourswithoutproviding
preciseprescriptivedirections.

We have discussedthe conceptualissueswhich arisein
thiskey areaof simulation,andpresentedsomedesignprin-
ciplesanda practicalimplementation.We proposea novel
approachto automaticallycontrol the motion of synthetic
agentsin pursuitof broadgoals,by combiningreinforce-
mentlearning,socialpotential�elds andimitation. Exper-
imentsshow thatour modularbehaviour-basedapproachis
able to combinesimple behaviour modulessuchthat the
emergentcompositebehaviour outperformseachof its con-
stituents.

Futurework will discusshow the teams'own observed
behaviour can be usedto adaptively improve future be-
haviour duringthesamemission.This will includechang-
ing themannerin whichdifferentcontrolmodulesarecom-
bined. We will also investigatethe role of diversity, asa
meansto achieve overall betterteamperformance.In the
context of adversarialteams,wewill studyhow onecanin-
fer thegoalpursuedby ateamsoasto providebettertrack-
ing andcountermeasures.

References
[1] Erol Gelenbe.Randomneuralnetworkswith positive

andnegative signalsandproductform solution.Neu-
ral Computation, 1 (4), pp502-510,1989.

[2] Erol Gelenbe.Learningin therecurrentrandomneural
network. Neural Computation. 4, pp154-164,1993.

[3] Erol Gelenbe.ModelingCGFwith learningstochastic
�nite-statemachines.Proc.8-th Conferenceon Com-
puterGeneratedForces, pp.113–116,Orlando,1999.
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Fig. 2: Averageperformancemetricsfor 1000simulations
overa terrainwithout enemies
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