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Abstract — While traditional data fusion started with systems do not getkilled”) andarethenallowedto dynamicallyat-

which exploit the outputof multiple sensos so asto optimisethe
characterisationor recaynition of objectsof interest,modernin-

formation fusion systemswill increasinglyintegrate all typesof
information, including behavioual informationand information
resultingfrommodelling analysisandcomputationIn manycrit-

ical applications,modellingthe behaviourof groupsof coodi-

natedautonomousgentitiesmustbe carried out within physically
accuate settingsin order to provide realistic information about
their likely behaviour The simulatedentities mustconductau-
tonomousactionswhich are realistic, which follow plans of ac-
tion, but which also exhibit intelligent reactivebehaviourin re-
sponsdo unforeseerconditions.In this paperwe describehowa
complex andsimulationervironmenttanbe usedto fuseinforma-
tion aboutthebehaviourof groupsof objectsof interest. Thefused
informationincludestheobjects'individual pursuitsandaims,the
physicaland geagraphic settingwithin which they act, and their
collective social behaviour The group contmwl algorithmscom-
bine reinfocementearning social potential elds andimitation.
We summariseghe designof a simulationsystenthat we havede-
signedbasedon theseprinciples.

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

1 Intr oduction

Discreteevent simulationis widely usedto model, evalu-
ateandexplore operationakontexts of real systemaunder
varying syntheticconditions. Simulationruns can predict
thecapabilitiesandlimitationsof differentoperationatules
or of differentcombination®f tacticalassetsTraditionally,
discreteevent simulationhasconcentrate@n the algorith-
mic descriptionandcontrol of syntheticentitieswhich are
beingmodelledasthey accomplisrsomemeaningfulfunc-
tion, andsimulationresearcthasdevotedmuchattentionto
appropriateworkload representatio@nd outputdataanal-
ysis. Lessattentionhasbeenpaidto the designof simula-
tion systemsn which individual animatedbjects(suchas
mannedor roboticvehicles,or humanindividuals)arepro-
videdwith broadgoals(suchas“go quickly to thathill, and
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tainthe objective basedn individual adaptatiorandlearn-
ing[3, 4, 5].

However, simulationis also a sophisticatednannerof
fusing informationbasedon multiple anddiversesources,
suchasthephysicalcharacteristicef theobjectsof interest,
the physicalor geographicervironmentin which they ex-
ist andact,the goalsandintentionsof the differentobjects
beingconsideredandtheir socialor physicalinteractions.

The purposeof this paperis to report somerecentre-
sultson this line of researchWe considethow a variety of
adaptve paradigmsjncluding reinforcementearning, so-
cial potential elds andimitation, canbe usedin a simu-
lation to investigatehow the simulatedentitiesmay attain
broadlyde ned goalswithout detailedstep-by-stefnstruc-
tionswithin a physicallypreciseervironment.We describe
an experimentaltest-bedthat we have develop and report
onsomeexperimentgproviding quantitatve insightinto our
approach.

2 Simulating Collective Autonomous
Behaviour

The actualbehaiour of arti cial entitiesis especiallyim-
portantin the context of simulationsdesignedor training
personnebr evaluatingtacticalsituations.In suchsimula-
tions,thebehaviour of agentswill have animportanteffect
onthe nal outcome.Unrealisticagentbehaiour, e.g.,in
the form of very limited or even extremelyadvancedntel-
ligencecanresultin poorcorrespondenc® real-life situa-
tions.

Agent behaiour in a sophisticatedsimulatedenviron-
mentcan be very complex andwill involve mary collab-
oratingor adwersaryentities. Intelligencecanbe employed
at very differentlevels. A simpleexamplewill be ateam
of agentghathasto go from onepositionto anothelitrying
to minimisetravel time and keepout of trouble. A more
complex exampleof intelligent behaiour caninclude the
decisionto cancelthe missionof a groupof entitiesandre-
locatingthemasa backupfor anothergroup.An evenmore
comple situationwould involve severaladwersariateams,
eachtrying to achieve differentgoals.



2.1 RelatedWork

Multi-Agent systemsarea very important eld in Al since
they emepge asa naturalway of dealingwith problemsof
distributed nature. Such problemsexist in a diversity of
areaslike military training, gamesand entertainmenin-
dustry managementiransportationjnformation retrieval
andmary others. The classicalapproacho Al, until now,
hasbeenunableto provide a feasibleapproackfor solving
problemsof this nature. The needfor suchtools haslead
to the “alternative” approachof behaiour-basedsystems,
popularisedy the work of Brooks[7] andArkin [8]. This
approachakessimplebehaiour patternsasbasicbuilding
blocksandtriesto implementandunderstandhtelligentbe-
haviour throughthe constructionof arti cial life systems.
Its inspiration comesfrom the way intelligent behaiour
emegesin naturalsystemsstudiedby Biology and Soci-
ology. Gooddiscussion®n the developmenibf behaiour-
basedAl canbefoundin [9, 10] andanextensvetreatment
of the subjectis givenin [11].
Multi-agentsystemsnteractingwith the realworld face
somefundamentatestrictions.Someof theseare:

1. They have to dealwith anunknovn anddynamicen-
vironment

2. Theirernvironmentis inherentlyvery complec

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

4. Thelevel of their performanceshouldbe “acceptable”

In orderto meettheserequirementsagentshave to be able
to learn,coordinateand collaboratewith eachother Rein-
forcementearningemegesasoneof the“naturalways” of
dealingwith the dynamismanduncertaintyof the erviron-
ment. Thecompleity of theervironmentandthestricttim-
ing constraintshowever make the learningtask extremely
dif cult. Even simple multi-agentsystemsconsistingof
only afew agentswithin atrivial environmentcanhave pro-
hibitively expensve computationatequirementselatedto
learning[12, 13, 14].

Thebehaiour-basedsystemsave beenmoresuccessful
at dealingwith suchproblems. Biology-inspiredmodels
of groupbehaiour suchasReynold's “boids” [15] andap-
proachesasedon potential elds [16] areableto address
groupbehaiour atareasonableost. Becausef their per
formanceandability to scalebetter they have beenwidely
employedin technology-dwen elds suchasthecomputer
gamesndustry[17, 1§].

One of the main problemsof behaiour-basedsystems
is thattheir constituentganbe very easilycaughtin local-
minima. The questionof how to combinedifferent(possi-
bly con icting) behaioursin orderto achieve anemegent
intelligenceis alsovery dif cult. Multi-Agent Reinforce-
mentLearningin the behaiour domain[19, 20] is an ac-
tively exploredapproacho solvethesegproblemsn arobust
way.

2.2 Our ProposedMulti-Agent Simulator

Our proposedsimulatoris designedor behaiourally and
visually signi cant tacticalsimulationswithin a physically
accuratesettingsuchasa Terrain Database.The problem
we addressn this paperis goal-basedavigationof agroup
of autonomousntitiesin a dangerouderrain. The design
of the agentmodelis basedon the assumptiorthatagents
will perform“outdoor” missionsin aterraincontainingob-
stacleandenemieslt is notverysuitablefor “indoor” mis-
sionslike moving insidea building or a labyrinth, wherea
more specialisedcapproachwill be required. A “mission”
in our modelis de ned asthe problemof goingfrom some
positionA to someotherpositionB avoiding beinghit by
anenemy andavoiding the naturalandarti cial obstacles
presentin theterrain. The succes®f the missionis mea-
suredby theamountof time necessarjor thewhole group
to achievethegoalandthe survival rate.

Our approachis basedon a hierarchicalmodular rep-
resentationof agentbehaiour. This methodallows for
de-couplingthe taskof groupnavigationinto simplerself-
containedsub-problemsvhich areeasietto implementin a
systemhaving computationatonstraintsgdueto interaction
with real-life entities.

Differentdecisionmechanismareusedto modeldiffer-
entaspectof the agentbehaiour anda higherlevel coor
dinationmoduleis combiningtheir output. Suchanarchi-
tectureallows “versatileagentpersonalities’bothin terms
of heterogeneitfagentspecialisation)ithin a groupand
dynamic(i.e. mission-contgt sensitve) agentbehaiour.

Thehierarchicamodularityof the systemalsofacilitates
theassessmertf the performancef separateomponents
andrelatedbehaiour patternson the overall successf the
mission.

In our currentmodel, we have threebasicmodulesthat
we call the navigationmodule,groupingmoduleandimita-
tion module.

The Navigation Module is responsiblefor leadinga
singleagentfrom a sourcdocationto a destinatioro-
cation,avoiding dangerandobstacles.

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

The Imitation Module is modellingthe casewhenan
inexperiencedagentwill try to mimic the behaiour
of the most successfubgentsin the group and thus
increasets chance®f success.

Thedecision®f thesemodulesarecombinedatahigher
level modulecalledthe Coorinator Module This particu-
lar agentmodelallows modellingof differentpartsof agent
behaiour using differentapproaches.Someof theseap-
proachesnay incorporatememory(navigation) while oth-
ersotherscanbe purelyreactie (grouping)andsomemay
dependon the performanceof othermembersn anagent
group(imitation andgrouping).



2.3 Coordination of Behaviour Modules

The currentmodel of behaiour combinationis to get, at

eachtime step,a weightedsum of the separatedecisions
recommendedy eachbasicmodule,wherethe decisions
are in the form of a 2D vector representinga requestto

movein aparticulardirectionwith a particularspeed:

Voveral = I(nav Vhav + I(grp vgrp + kimt Vimt

Thecoordinatorcanfor examplegive priority to theNav-
igation Module andinhibit the otherswhenit detectsthat
they causeanagentto betrappedn alocal minimum. The
leaderof a groupwill alsohonourthe Navigation Module,
expectinggroupmembergo follow him. Anotherexample
is whenemphasigs givento the GroupingModule, help-
ing awoundedor importantagentto staycloseto the other
membersothatit is well protected.

Anotherdegreeof freedomcomesfrom the ability of the
coordinatorto seethe “bigger picture” andnot only judge
how much a moduleshouldaffect the nal outcome,but
alsogive a constructve feedbackon how a moduleshould
adjustits internal parameterdor the good of the mission.
The basicdecisionmodulesthat we considerin this work
aredescribedn thefollowing subsections.

2.4 Navigation Module

For the purposeof simplicity and ef ciency, the Naviga-
tional Module generatesnovesbasedon a quantisedep-
resentatiorof the simulatedenvironmentin the form of a
grid. Terrainpropertiesareassumedo be uniform within
eachgrid cell for the purposeof learningandstoringinfor-
mationabouttheterrain. Eachcell in the grid representa
positionandan“agentaction” is de ned asthe decisionto
movefrom agrid cellto oneof theeightneighbouringells.
A successioof suchactionswill resultof a completionof
amission.Theagentsanalsoaccesserrain-speci cinfor-
mationaboutfeaturesandobstacle®of natural(trees,etc.),
andarti cial origin (buildings, roads,etc.) andalsopres-
enceof other(possiblyhostile)agents.Theinteractionbe-
tweenan enemy(a hostileagent)andan agentis modelled
by anassociatedisk. Thisrisk is expressedsa probability
of beingshot(for anagent)at a position, if the positionis
in the ring rangeof anenemy The goal of the agentis to
minimisea function G (which in this caseis the estimated
time of a safetransitto the destination) We useG to de ne
the Reinforcement.earningRewvardfunctionasR / 1=G.

Successie measuredaluesof R aredenotecby R, | =
1;2;:::. Thesevaluesareusedto keeptrackof asmoothed
reward

T =DbT 1+ (1 DBR;; O0<b<1

wherebis closeto 1. A NavigationalModule of anagent
hasa so-called‘cognitive map”whichis a collectionof lat-
estand smoothed-ewardsfor eachdecisiontaken at each
visitedgrid cell.

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

The training is performedby reinforcing the weights of
eachneuron,dependingon the differencebetweerthe lat-
estandsmoothedewards;positive differencendicatesm-
provementand negative differenceindicatesdeterioration.
The RNN is an analytically tractablespiked neural net-
work modelwhosemathematicaktructureis akin to that
of queueingnetworks. It has“productform” justlike mary
useful queueingnetwork models,althoughit is basedon
nonlinear mathematicsThe stateqg of thei  th neuron
in the network is the probability thatit is excited. Theg;,

withl i n satisfythefollowing systemof nonlinear
equations:
g = "@Ar@+ O 1)
where
X
M= ogwi+ i M= qw;+ i

j j

Herewfi is therateat which neuronj sends‘excitation
spikes” to neuroni whenj is excited, wj; is the rate at
which neuronj sends‘inhibition spikes”to neuroni when
j is excited,andr (i) is thetotal ring ratefrom the neu-
roni. For ann neuronnetwork, the network parameters
arethesen by n “weight matrices"W* = fw" (i; j)g and
W = fw (i; j)g which needto be “learnt” from input
data.Varioustechniquedor learningmaybe appliedto the
RNN. Theseinclude Hebbianlearning(which will not be
discussedheresinceit is too slow andrelatively ineffective
with smallnetworks),andReinforcement.earning.

There can be different ways to apply Reinforcement
Learningin the RNN model. Giventhe Goal G that the
agenthasto achieve asafunctionto beminimised, we for-
mulatea reward R whichis simplyR = G . Letthe
neuronof the RNN be numberedL; ::: ;n. Thuseachde-
cisioni correspond$ someneuroni. Decisionsn thisRL
algorithmwith the RNN aretakenby selectinghedecision
j for which the correspondingieuronis the mostexcited,
i.e.,theonewith thelargestvalueof ¢ . Notethatthel th
decisionmay not contritutedirectlyto thel  th obsened
rewardbecausef time delaysbetweercauseandeffect.

Supposewe have now takenthel th decisionwhich
correspondgo neuronj, andthat we have measuredhe
| th rewardR,. Let usdenoteby r; the ring ratesof
the neuronsbeforethe updatetakes place. We rst deter
mine whetherthe mostrecentvalue of the rewardis larger
than the previous “smoothed”value of the reward which
we call thethresholdT, ;. If thatis the case thenwe in-
creasevery signi cantly the excitatory weightsgoing into
theneuronthatwasthe previouswinner(in orderto reward
it for its new success)and make a small increaseof the
inhibitory weightsleadingto otherneurons.If the new re-
ward is not betterthanthe previously obsered smoothed
reward (thethreshold)thenwe simplyincreasemoderately
all excitatoryweightsleadingto all neuronsgxceptfor the
previous winner, and increasesigni cantly the inhibitory
weightsleadingto the previouswinning neuron(in orderto
punishit for notbeingverysuccessfuthistime). Thisis de-
tailedin the algorithmgivenbelon. We computeT, ; and
thenupdatethe network weightsasfollows for all neurons
i6j:



IfT 1 R
—wh(ij)  wr (i) + R,
—w (i;k)  w (k) + B if k6.
Else
-wh(i k) wh(i k) + Rk 6,
-w (i) w (i) + R

Sincetherelative sizeof theweightsof the RNN, rather
thantheactualvalues determinehe stateof theneuralnet-
work, we thenre-normaliseall the weightsby carryingout
thefollowing operationsFirstfor eachi we compute:

X
r = w* (i; m) + w (i; m)];
1

®3)

andthenre-normaliseheweightswith:
w* (i )
w (i)

w* (i )
w (i)

ri
I
i
r

Finally, theprobabilitiesgy arecomputedusingthenonlin-
eariterations(1), (2), leadingto a new decisionto move
the agentin the directionwhich correspondso the neuron
which hasthe largestexcitation probability. By usingpre-
viously acquirednformationandcurrentsensoryinput, an
agentcanstartwith nearoptimal estimatesf the rewards
and skip an otherwiseprohibitively-long learning session
andfocuson adaptingto the dynamicchangesn the ervi-
ronment.

2.5 Grouping Module

Grouping behaiour module is basedon the idea of so-
cial potential elds [16] which is a simple distributed-
control approachinspired by the attractve and repulsve
forcesbetweenchagedparticlein physics. Although this
methodhasbeenusedin abroadedomain(includingpath-
planning), we restrict its usageonly to model grouping
behaiour for which it is particularly well suited. Us-
ing potential elds methodsfor otherpurposedike gener
alisednavigation and obstacleavoidancerequiresdealing
with local minima problemsanddif cult to designforce-
con gurationsthat caneasilynullify the simplicity gained
by usingthe methodin the rst place.

In our treatment,we restrictthe form of the force be-
tweenagentd andj to:

+

L
r

a
Vi =,

wherea;b;; aredynamicparametersand the force
vectorVjj describeghe effect of the position of agentj
on the decisionof agenti. Whenthereis a stableequilib-
rium point, an entity experiencingsuchaforcewill stayat
adistanceRq from theforce sourcewhere

r
R():

oo

Thetotal effecton agenti canbe calculatedas:

X
vgf p=C Vi;j
i

By varying the parameterof eachforce, different be-
haviourslik e attractionto anagentyepulsionfrom anagent
or trying to staywithin somedistancérom anagentcanbe
modelled- the last being especiallyimportantin forming
spatiallylocalisedgroups.

Thesebehaioursarevery similarandcanbeusedto get
theeffectof thecollisionavoidanceand ock centringrules
asdescribedy Reynolds[15].

By settingup a two-way meshof forcesbetweera num-
ber of agentsfor example,a spatiallylocalisedgroupcan
becreatedhatwill try to staytogether

Another simple exampleis a one-way meshof forces
from theleaderof thegroupto theothermemberssuggest-
ing thatthey shouldstaycloseandfollow if hecessaryhe
leaderwithout having ary effecton his decisionmaking.

2.6 Imitation Module

The imitation module proposesa decision which is a
weightedsumof the navigationaldecisionsof someof the
memberof theagentgroup:
X
Vimt ; = Wi
i2s
The weight distribution canbe dynamic,in orderto re-
ect thegroupmemberswvhich arecurrentlyobserableor
known to beexperiencedfor example.The purposeof imi-
tationis to ef ciently take advantageof experiencewithout
goingthroughthe trouble of actuallyacquiringit - thatis,
it hasa much lower computationakost, comparedo the
othermethods.
The velocity matding ock behaiour describedn the
work of Reynolds [15] which he de nes as “attempt to
matchvelocity with nearby ocks” is avery similaridea.

vI’1€iV i

3 Experiments

We have developeda multi-agentsimulatorfor testingour
ideasandmeasuringperformancenf agentbehaiour. The
currentsimulationtestbedwasusedto performa seriesof
experimentsunder different behaiour module con gura-
tions. Figure 1 is an exampleof the currentsimulatorin
operation.

Theterrainsizeis 200 by 200 unitsandit is overlaid by
a50x50grid. Thereare300treesand10 buildingspresent.
A groupof 8 agentsarein the processf moving from the
lower-left cornerof theterrainto thedestinatiorareadesig-
natedby small ags in the upperright part of the terrain.
The agentgroup consistsof one leaderand seven group
members.The distinction betweenthe 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, = 16;b= 16, = 3:6).
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Fig. 1: An exampleof anongoingmissionin theagentsim-
ulator

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

The parameterdiave the effect of keepingan inter-group
distanceof approximately4 units, and distancebetween
group membersandthe leaderof approximately? units -
in this way, the groupis surroundingheleader Theleader
itself is not affectedin arny way by the otheragents.

It is veryimportantthatwe areableto evaluateandcom-
parethe performancef differentmodesof behaiour both
duringandaftersimulationruns. The performanceametrics
usedin the simulationspresentedn this paperarede ned
below:

Group Tensionis de ned asthe averagemagnitude
of the effective SPFforce experiencedby agentsin a
group. By an effective SPFforce we meanthe vec-
tor summatiorof all SPFforcesactingon a particular
agent(which happenso betheoutputof the Grouping
modulefor thatagent). A small valuefor the group
tensionshouldindicatethatthe groupis 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 casedn which anagentis separatedrom the
group,sinceSPFforcesdecayquickly with distance.

Group Radiusis de ned astheaveragedistancefrom
an agentto the geometriccentreof its group. It is an
indicatorof how goodthe spatialformationof agroup
of agentss. An increasen thegroupradius for exam-
ple, canbeusedto detectcaseavhenanagenthaslost
proximity with its groupor whena groupis breaking
apart.

Travel Distance is de ned as the averagedistance
travelledby theagentsn agroup.lt is agoodestimate
of themobility characteristicef agroupasawhole.

Travel Energy is de ned asthe averageenegy spent
by memberof anagentgroup. Evenvery similar mo-
bile agentsanexhibit signi cant differences$n enegy
consumptiorbasedon speci ¢ ervironmentalcondi-
tions or agentspeci cs (i.e. vehiclewear),therefore
it is pretty muchimpossibleto devise an accurateen-
ergy metric for a genericmobile agent. However, it

is still possibleto to devise a sensiblemeasureof en-
ergy consumptiorfor arangeof mobile agentsdy us-
ing simplephysicsprinciples.We assumehatincreas-
ing the speedof anagentcostsenegy while breaking
is almostfree (asin mostgroundvehicles).Therefore,
we de ne travel enegy for anagentasthe sumof the
positive kinetic enegy increment®verthetime of the
mission.

To illustrate the performanceof different behaiour
modesin the agentsimulator we shav examplemeasure-
mentsof grouptension,group radius,travel distanceand
enegy for a bigger simulatedervironment. The environ-
mentis a 2000x2000terrain overlaid by a 200x200grid.
Thereare 6000treesand 100 buildings. The sameagent
con guration (8 agents 1 leaderand7 groupmembersj)s
used. Randommissions(randominitial positionandran-
domdestinatiorwithin the sameterrain)aregeneratednd
anaveragevaluefor thespeci ed performancenmetricsover
all themissionds calculated Figure2 shov measurements
for 1000differentmissionsimulations Anothersetof mea-
surementsvith theadditionof 5 uniformly distributedstatic
enemieswvith ring rangescoveringa small portion of the
terrainis shawvn in Figure3.

There are four different behaiiour modesused. The
acrorymsusedin the gures have thefollowing meanings:

RL - EverybodyusesNavigationModule

RL+IMI - EverybodyusesNavigationModule,group
membergi.e. excepttheleader)alsouselmitation(i.e.
groupmembersmitatetheleader)

RL+SPF - EverybodyusesNavigationand Grouping
Modules

RL+SPF+IMI - Everybody uses Navigation and
GroupingModules,groupmembersalsouselmitation

As far as group tensionis consideredthe bestperfor
manceis achievedby RL+SPFfollowedby RL+SPF+IMI.
Theothertwo modesof operatiorgive worseresultswhich
is understandabléecausehey do not employ social po-
tential elds. On the group radius metric, RL+SPFand
RL+SPF+IMI shav approximatelythe sameperformance,
with the RL+SPF+IMImodebeingslightly better(the dif-
ferenceis more pronouncedvhenenemiesareintroduced
in the terrain). On the travel distancemetric, we have
almostidentical performancefor all methodsexcept for
RL+SPF which is a bit worsethan the others(it travels



slower). The bestperformeron the travel enegy met-
ric is RL+IMI followed closelyby RL andRL+SPF+IMI.
The most inef cient methodis RL+SPF with twice the
travel enegy of the other methods. We can say that the
RL+SPF+IMI combination,therefore,offers a reasonable
performancetrade-of betweendifferent behaiours. Of
course thesesimulationswere performedwith staticagent
personalitiesvherethe agentbehaiour combinationwas
x ed during the simulationruns. A dynamic behaiour,
basedon situationalawarenesswill certainly outperform
thesestaticbehaiour modes.

4 Conclusions

Moderntacticalsimulatorsoftenrequirethe representation
of complex autonomoudehaiours within a realistic set-
ting. Theideais to askquestionsabout“what would hap-
penif ..” for ateamof agents,in the context of a real
ervironmentandpotentialevents. This challengds the fo-
cusof thework addresseth this paperwherewe consider
how broadlyde ned goalscanbe usedby teamsof simu-
latedautonomougntitiesto achieve thegoals.We consider
acombinatiorof individualandsocialcontrolschemessa
way of representingomplex behaiiourswithout providing
preciseprescriptie directions.

We have discussedhe conceptuaissueswhich arisein
thiskey areaof simulation,andpresentedomedesignprin-
ciplesanda practicalimplementation We proposea novel
approachto automaticallycontrol the motion of synthetic
agentsin pursuitof broadgoals,by combiningreinforce-
mentlearning,socialpotential elds andimitation. Exper
imentsshowv thatour modularbehaiour-basedapproachis
ableto combinesimple behaiour modulessuchthat the
emegentcompositebehaiour outperformseachof its con-
stituents.

Futurework will discusshow the teams'own obsened
behaiour can be usedto adaptvely improve future be-
haviour during the samemission. This will includechang-
ing themanneiin whichdifferentcontrolmodulesarecom-
bined. We will alsoinvestigatethe role of diversity asa
meansto achieve overall betterteamperformance.In the
context of adwersariateamswe will studyhow onecanin-
ferthegoalpursuediy ateamsoasto provide bettertrack-
ing andcountermeasures.
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