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Abstract

We presentainev methodologyfor agentmodelingthatis scalable
andefficient. It is basedon the integration of nonlineardynam-
ical systemsandkinetic datastructures.The methodconsistsof
three-layershatmodelsteeringflocking, andcrowding agentbe-
haviors amongmoving andstaticobstaclesn 2 and3D. Thefirst
layer, the local layer is basedon the use of nonlineardynami-
cal systemgheoryandmodelslow level behaiors, it is fastand
efficient, and doesnot dependon the total numberof agentsin
the environment. The useof dynamicalsystemsallows the use
of continuousnumericalparametersvith which we can modify
the interactionof eachagentwith the environment. This creates
controllabledistinctive behaiors. The secondayer, aglobalen-
vironmentlayer consistsof a specifically designedkinetic data
structureto track efficiently the immediateenvironmentof each
agentandknow which obstacles/agentrenearor visible to the
givenagent.This layerreduceghe compleity in thelocal layer
In the third layer, a global planninglayer, the problemof tamget
trackingis generalizedn a way that allows navigationin maze-
like terrains,avoidanceof local minimaandcooperatiorbetween
agents. We implementthis layer basedon two approacheshat
aresuitablefor differentapplications.Oneis to track the closest
singlemoving or statictarget. Theseconds to usea pre-specified
vectorfield. Thisvectorcanbegeneratedutomaticallywith har
monic functions,for example)or basedon userinput to achiere
tht desiredoutput.

We demonstratéhe power of the approactthrougha seriesof
experimentssimulatingsingle/multipleagentsand crovds mov-
ing towardsmoving/statictargetsin comple environments.

1 Introduction

The modelingof autonomoudigital agentsand the simulation
of their behaior in virtual ervironmentsis becomingincreas-
ingly importantin computergraphicsandrobotics. In virtual re-
ality applicationsfor example eachagentinteractswith theother
agentsand the ervironment. Comple interactionsin real time
are necessaryo achieze nontrivial behaioral scenarios. Mod-
ern gameapplicationsrequirethe creationof smartautonomous
agentswith varying degreesof intelligenceto allow for multiple
levels of gamecompl«ity anda variety of behaiors. Thesebe-
haviors mustallow for comple interactionandmustbeadaptve
in termsof bothtime andspace(continuouschangesn the ervi-
ronment).Finally, the modelingapproactshouldscalewell with
the compleity of the ervironmentgeometrythe numberandin-
telligenceof theagentsandthelevel of thevariousenvironment-
agentinteractions.

Therehave beensereralpromisingapproachetowardsachiev-
ing the abore goal, but mary of them are restrictve in terms
of their applicationdomainandthey do not scalewell with the
compleity of the ervironment. This paperattemptso developa
mathematicallyigorousapproacho modelingcomplex low-level
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behaiors in realtime thatis scalable adaptve andsuitableto a
distributedapplication.

We develop a three-layerapproachto modelingautonomous
agentsbasedon the integration of nonlineardynamicalsystem
theory kinetic datastructuresandharmonicfunctions. Thefirst
layer consistsof differential equationshasedon nonlineardy-
namicsystentheorywhichmodelthebehaior of theautonomous
agentin a comple ervironment. The secondayer incorporates
the motion of the agentsthe obstaclesandthe targetsinto a ki-
neticdatastructure andprovidesa very efficientandscalableap-
proachfor adaptinganagents motionbasednits changingocal
ervironment. Finally, differential equationshasedon harmonic
functions, the third layer, provide a methodfor determininga
globalcourseof actionfor anagentthatis usedasaninitialization
to thedifferentialequationgrom thefirst layer, guidingtheagent
andkeepingit from gettingstuckin local minima.

In thefirst layer, throughthe useof nonlineardynamicalsys-
temstheory we characterizén a mathematicallypreciseway the
behaior of our agentsin complex dynamicernvironments. The
agentdie in a constantlychangingervironmentconsistingof ob-
staclestargetsand other agents. Dependingon the application,
agentsreachone or multiple goals,while avoiding multiple ob-
stacles Both taigetsandobstaclesanbe staticand/ormoving.

Ouragentmodelingis basednthe couplingof asetof nonlin-
eardynamicalsystemsThefirst dynamicalsystemis responsible
for thecontrolof theagents angularvelocity. It usescarefullyde-
signednonlinearattractor andrepeller functionsfor targetsand
obstaclestespectiely, to changehefacingdirection. Dueto the
nonlinearityof thesefunctionsa direct summationcangenerate
undesiredittractorghatwould leadto collisionsandotherunsuit-
ablebehaiors. To remedythis problemwe usea seconchonlin-
eardynamicalsystemwhich automaticallycomputeghe correct
weightedcontrikution of theabore functionsat eachtime instant.
A third dynamicalsystemcontrolsthe agents forward velocity
which, dependingon the situationmay or may not take into ac-
countthevalueof theangularvelocity.

To modellow-level personalityattributes,suchasagility or ag-
gressvenesswe extend the above setof equationsthroughad-
ditional parameterizationThe attributesare modeledusingthis
additionalparameterizatiorf the governing equations. Agents
with differentpersonalitieswill reactdifferentlyin the sameen-
vironment,giventhe samesetof initial conditions.Our approach
is generalandotherlow-level behaiors canbe modeledeasilyif
neededn agivenapplication.

Each agentis describedby its position, geometricalshape,
headingangle, forward velocity and personality The nonlinear
dynamicalsystemsvhich modelthechangesn theabore param-
etersarebasedon local decisions.Therefore to avoid local min-
ima in the solutionandto generatea nominal global trajectory
we useharmonicfunctiontheory This nominaltrajectoryis com-
putedusingonly the staticobjectsin the environment.Harmonic
functionsare solutionsto the Laplaceequation andthey create



anartificial potentialfield for the agentto follow.

In addition to the “intrinsic” personalityattributes of each
agenttheagents behaior is affectedby “extrinsic” factorsin its
immediateervironment,suchasthe presencef obstaclespther
friendly or hostile agents,etc. In orderto make our approach
efficient andscalablewith the numberof agentsandthe geomet-
ric compleity of the environment,we usekineticdatastructues
(KDS for short)to tracktheimmediateenvironmentof eachagent
andknow which obstacles/agentrenearor visible to the given
agent. KDS [4, 15] is a generalframeawork for designingalgo-
rithms tracking attributesof a continuouslyevolving systemso
asto optimally exploit the continuity or coherencef the motion.
A kinetic structureworks by cachinga certainsetof assertions
aboutthe ervironment,certifying the value of the attribute of in-
terest,andthenmaintainingthis assertiorcacheandthe attribute
of interestasassertiongail.

We demonstratéhe power of our approactthrougha seriesof
examplesexhibiting low-level behaiors including flocking and
amultitudeof continuouslyadaptve behaiors. The formulation
lendsitself naturallyto parallelismandcanbe usedasa basisfor
modelinghigh-level behaiors.

The paperlis organizedasfollows. In Section2 we list someof
therelatedwork in thefield, andhow they relateto our approach.
In Section3 we describeour basicframevork while Sectionst, 5
and6 describeeachlayerin detail. Section7 explainsthe demos
thatarein the video and Section8 containsthe conclusionsand
futurework.

2 Related Work

Modeling autonomousagentshas been an active areaof re-
searchacrosdifferentfields, from Al to CG, wherethe work of
Reynolds[29] first tried to simulateflocks of animalsasagents.
Sincethen, distinct methodologieshave beenemplged to ad-
dressthis problem[7] and have beenusedin several domains,
including gameapplicationg35, 28]. Al techniqueshave shavn
verypromisingresults |5, 12], butthey generallyrequirecomplex
inferencingmechanismsand explicit rules, making the explicit
modelingof time very difficult. Typically, suchmethodsdo not
scalewell with the numberof autonomousgentsandobstacles,
especiallywhenevery agenthasa differentsetof governingrules.
Ontheotherhand learning,perceptioranddynamics-basetich-
niques[30, 34, 23, 19] can easily adaptto constantlychanging
environments.

Someinitial attemptsto usenonlineardynamicalsystemsfor
low-level behaior modelinghave appearedecentlyin [13, 14].
Finally, methodsfrom computationalgeometryhave also been
employed[36, 16].

Differentsystemsandapproachebtave beendevelopedto add
distinctbehaiors to autonomousigentq34, 5, 6], while theuse-
fulnessof a layeredapproacho modelinglow andhigh-level be-
haviors hasbeenadwcatedy severalresearchergl, 1, 26]. Be-
havioral roboticsdealswith similar issues,usually dealingwith
only two dimensionakrvironmentg2, 33,22].

In this paperour novel integrationof nonlineardynamicalsys-
tems, kinetic data structuresand harmonicfunctions resultsin
a layered,efficient and scalableapproachto modelinglow level
behaiors, higherlevel planningandsmartervironmentmanage-
ment.

3 Framework Design

We describea three-layeframevork for autonomousigentmod-
elingandmotiongenerationEachlayeris responsibléor adiffer-
entstageof the processandhasto communicatevith the others.

Differentapproachesanbetakenfor eachlayerdependingnthe
particularapplication.
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We termthethreelayersaslocal, ervironmentalandglobalk:

Local This layer is responsiblefor basicreactve actions: ob-
stacleavoidanceandmoving in the desireddirection. This
stageneedsto be fast, scalable robustand have a parame-
terizationusedto controlthe particularway it doesits basic
tasks.For thesystento bescalablehislayercannotdepend
onthetotal numberof elementsn theervironment.

Global Environment Thislayerhasknowledgeaboutthespatial
layout (e.g.,agentspbstaclestc.) of all the objectsin the
ervironment. For eachof the agentdt maintainsits imme-
diate ervironment, which in turn is usedto determinethe
agents behaior. It is possibleto imagineareal-timeappli-
cationwhereeachagenthasa sensoisystenmthatcandetect
the presencef obstaclesptheragentsgetc. within a certain
viewing frustum. Suchinformationcanthenbetransmitted
to andsharedby otheragents sothat eachagentcan build
a more completemodel of its ervironment. This layer is
alsoresponsibldor collision detection,andfor notification
totheagentsnvolvedin it, sothatappropriateesponsesan
begenerated.

Global Planning Sincethe local layer only knows how to deal
with very local operationsit is necessaryo give theagents
someintelligence,or at leasta more generalknovledge of
their ervironment. This layer gives eachagentthe general
directionit shouldfollow, at eachgiven point in time to-
wardsatarget. An interpretatiorof theresultof thislayeris
atime-varying adaptve flow field. Thisis usedin the local
layerasaneducatedyuessof wherethe agentshouldtry to
goto achieveits goal.

In a cooperatie situationthis layer is responsiblefor or-
ganizingdifferent agentsto do differenttasksin orderto
achieze thecommongoal. It needdo take into accounteach
agents attributes.

Thislayercanalsochangeheattributesof eachagentsoas
to achieve higherlevel behaiors. An agentcanget“tired”
astime goeshy, maoving slower or in a more clumsyway.
If acritical taskhasto be achieved no matterthe cost, an
agentshouldallow itself to getcloserto moving obstacles,
increasingherisk of beinginvolvedin acollision.

4 Local system

We model every agentby a nonlineardynamicalsystem. The
movementof the agentat ary instantis definedby its heading
angle and forward velocity. The agents behaior is modeled
througha parameterizationf the nonlinearsystemgoverningthe
agents movements.

We first presentthe modeling of the agents headingangle,
which is definedthrougha pair of couplednonlineardynamical
systems. Thenwe presentthe modelingof the agents forward



velocity. Our methodologyis an adaptatiorof nonlineardynam-
ical systemtheoryfirst usedin behaioral robotics[33, 22]. In-

tuitively, our methodamountso computinganagents motionso
thatit alwaysturnsaway from obstaclesandmovesin the direc-
tion of the targets. The agents behaior is adaptve andintelli-

gent,sinceit dynamicallycomputeghe varying contritutions of

the surroundingobjectsto determindts pathtowardsatarget.

4.1 Agent Heading Angle

The agents headingangle, ¢, is computedthrougha dynamical
systemof theform

¢ = f(¢,env), 1)

where f is a nonlinearfunction, andenv representshe stateof
the ervironment, i.e, the position and size of obstaclestamgets
andotheragents.

Thefunction f is constructedso that eachagentavoids obsta-
clesandpursueghedesireddirection. Thefirst stepin thedesign
of f is to modelthecontritution of obstaclesndtargetdirection.
We modeltheir contritution so that the direction of an obstacle
will actasanangularrepeller, while the goaldirectionwill actas
anangularattractor.

Angular attractorsandrepellersarelocatedat the zero cross-
ingsof f (1). At thesepointsanattractoror repellerpropertywill
be determinedby the deriative of f with respectto ¢. These
pointsare called critical pointsor fixedpoints since¢ = 0, ¢
doesnot changeat thesepoints.

A fixed point behaesasan attractoror repellerdependingon
thevalueof the derivative of f with respecto ¢, i.e.,0f/0¢ =
8(})/8¢. If thederivative is positive, ary ¢ slightly off of thecrit-
ical pointwill deviate fartheraway with time. Thisis arepeller
Theinversesituationoccurswhenthe derivative is negative. Val-
uesof ¢ slightly avay from the critical point will converge to-
wardsit. This is an attractor Shiftings of thesefunctionswiill
placerepellersand attractorsto the specifiedpositionsof obsta-
clesandgoaldirectionrespecitiely.

Figure 1l shavs several parametersn a situationinvolving an
agentandtwo obstacles.; is the angleof obstacle; with re-
spectto the horizontal, Av); is the anglesubtendedy obstacle
1 on the agentandr; is the distancebetweenobstacle; andthe
agent. We will usetheseparameterso definea repellerandan
attractorfunction that correspondo the targets’ and obstacles’
contritutionto £, fiar and fops, respectrely. The designof new
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Figurel: Two obstaclesn front of anagent.

attractor/repellefunctionscanbe a complex task, but onceit is
doneit resultsin a very fastcomputerimplementation- it only
amountsto function evaluations. Figure 2 shavs the plotting of
two typical examplesof thesefunctions.All equationsarein Ap-
pendixA. More detailsanddesignchoicescanbefoundin [14].
The definitionsof the attractor f:,, (12) andrepeller fyps (13)
functionsareusedto definethe ervironmentfunction f thattakes

Figure2: In 2(a),attractorfunctionfor atargetin ¢ = 0. In 2(b)
anrepellerwith ¢ = 0, Ay = 7/10,r; = 3,do = 6andd = 0.8.

into accountboth obstaclesand goal direction. A simplistic ap-
proachwould be to sumthe obstacleandtarget contritutionsto
obtain

¢(¢3 enV) = f = ftar + fobs- 2)

Unfortunatelythis approachdoesnot alwaysproducethe desired
result. Undesirablebehaiors may resultdueto the nonlinearity
of the summedunctions[22]. To overcomethis problemwe use
anadaptve weightedsumof thetargetandobstaclecontrikutions
(3) insteadof adirectsum.

4.1.1 Adaptive Weighting of Env. Contrib utions

Therepellerfunctions, foss, aredesignedso thatthey will work
asexpectedwhenthereis morethanoneobstacleput their direct
sumwith atarget's function f;., will notalwaysproducethe ex-
pectedresult. This caseoccurs for example,whentwo obstacles
aretoo closetogetherto allow the agentto move betweenthem,
and a target is hiddenbehindthem. We would expectthat the
agentwill go aroundthe obstacles.Instead the resultingdirect
sumof thesefunctionscreatesan undesiredattractorjustin front
of theagent|eadingeventuallyto a collision.

Oneway to avoid this problemis to introducea mechanisnfor
selectingherelative weightsfor targetandobstaclecontrikbutions
in the sum. We usea nonlineardynamicalsystemto producea
real-timecomputatiorof thenecessaradaptve weightfunctions.
Thesdunctionsareusedio determineaweightedsumof thetamget
andobstacleunctions.

Basedon our applicationdomain,we usea two dimensional
weight space(obstaclesand goal), but more classesanbe used
(allowing differenttypesof obstaclego betreateddifferently, for
example)dependingon the applicationandthe systems stability
conditions(similar approacheareusedin Hopfield Neual Net-
works[18]). Thereforethe computationof the headingangleis
basedbn anonlinearsystemof theform

Q.S = f(d), enV) = |wtar|ftar + |wobs|fobs + n, (3)

wherew;,, andw,s aretheweightsfor thetargetsandobstacles,
respectiely, andn is anoiseterm usedto escapdrom the unsta-
ble fixed pointscreatecby obstaclesTheseweightsarethe fixed
pointsof thefollowing nonlinearconstraintcompetitiondynami-
cal system:
Wiar = alwta'r(l - w?ar) - 712wtarw§bs +n
H — 2 2 I (4)
Wobs = a2wobs(1 - wobs) — Y21 WobsWiqr +n

wherea:, as, y12 andy2; areparametefunctionsto bedesigned.
Basedon our approachat every iterationduring the computation
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of ¢ using(3), we computew;q, andw,s basedon the compu-
tation of thefixed points(sincew:., = wops = 0, therearetwo
nonlinearequationswith two unknavns wy,,» andw.ps) of the
systemdefinedby (4).

However, a systemlike (4) chosenarbitrarily might not con-
vergeto afixedpoint. Thereforea carefulstability analysids re-
quiredto determindts convergenceproperties Thestability anal-
ysisis doneby first identifying the positionsof the fixed points
W = wWr, Wobs = 0, andthenfor eachfixed point checkthe
conditionssuchthat all the eigevaluesof the Jacobian matrix
(0w;/0w;) at that point are lessthan zero. This is a classical
nonlineardynamicalsystemstability analysig25]. Basedon this
procedureve have computedhatthe systemin (4) hasfour criti-
cal points: (0, 0), (£1,0), (0, +1) and(+A;, +£A,), where

Ay = 11/7a1(a2 “o) (5)
Q12 — 712721

AppendixA containsthe expressiondor o and~y. Full proofs
andexplanationscanbefoundin [14].

az(a1 —m12)

Al ==+ )
Q12 — 12721

4.2 Agent's Forward Velocity

Mary differentapproachesanbe usedfor modelingthe forward
velocity. A possibleapproacthis to assigna constantvalueto the
forwardvelocity. This approacthasdravbacksin areal-timeen-
vironment:if anobstacles suddenlyin front of the agent,there
might not be enoughtime for the agentto changedirection,anda
collision mayoccur A betterapproachs to have theagentmove
fasterwhenthereareno objectsaroundandslower in a crovded
area.Theagentshouldalsoretreatwhenit is toocloseto anobsta-
cle. An equationfor the forward velocity that satisfieghe abose
designcriteriais thefollowing

Tmin — dl
= e (6)
wherer,., is the distanceto the closestobstacled; the safety
distanceandt2c¢ is the time to contact This methodbasically
appliesa constanttime to contactapproachsee[32] for similar
approachesNotethatonly obstaclesn front of theagentshould
be consideredor this calculation.

4.3 Extension to Three Dimensions

In threedimensionsangularvelocitiesare no longerscalars but
this doesnot changethe generalapproach.Basically eachcon-
tribution now is a vectorialangularvelocity, thesevelocitiescan
thenbe vectoriallyaddedo eachother

The contribution of anattractoror repelleris obtainedthrough
thenormal2D methodin the planethatcontainsboththe current
directionthe agentis facingandthe directionto the given object.
This scalarcontritution is then corvertedin a fully 3D angular
velocity by multiplying it by thenormalof this plane(p — pos x
vair ). We seethis situationin Figure3.

Vaa

Figure3: Obtainingthethreedimensionabkngularvelocity.

4.4 Modeling Low-Level Personality Attrib utes

The abore dynamicalsystemmodelsevery agents movementin
thesameway. This canbealimitation whenmodelingmorecom-
plex ervironmentsandbehaiors. We addthreescalamparameters
(in theintenval [0, 1]) thatchangesignificantlythe way agentsre-
actto asameervironment.

This approactgiveseachagenta certaindegreeof personality
or uniqueness.lt is then possibleto createa simulationwith a
large numberof agentsgachonewith its own individual charac-
teristics.Eachparameteof agroupof agentsanthenbedefined
asa normaldistribution with a given averageand standardievi-
ation. The groupwill actwith somecommoncharacteristicout
eachagentwill still have a particularway of doing things. This
approachgivesthe simulationdesignera greatdeal of flexibility .
Finally, becaus¢heseparametersnly changeheway numerical
functionsareevaluatedthereis nofurtherimpactonthecomple-
ity of thesystem.

4.4.1 Angular Acceleration — Moment of Inertia

Intuitively thistrait triesto modeltheagents agility, i.e., how fast
it canchangedirection. In our systemthis meanimposingsome
kind of controllable(dependingn thetrait's value)limitation on
thechangen theheadingangle.

We usethis parameteto modelhow fast¢ canchange. The
above designedsystem(3) givesusanew valuefor ¢ ateachtime
instant,without ary consideratiorof the previous history of the
system We needsomekind of memorythatwill takeinto account
thepreviousvaluesof ¢, combineit with thenew proposedalue,
andgive thefinal valued.

A possiblerealizationof the above ideais to usea low-pass
filter for the value of ¢ [24]. We needa very efficient solution
that allows somecontrol over the filtering. A larger amountof
“dexterity” allows fasteragentanglechangeglarger band)while
a smalleronelimits the anglechange(smallerband). We there-
fore chooseto useallR (Infinite ImpulseResponsefilter, whose
discreteimplementatioris shavn in Figure4. The equationde-
scribingthisfilter is:

$(nr) = (1—k) x$((n— 1)+ kx d(n7), (V)

whereg(t) is the outputof (3) attime ¢, and¢(t — 7) is its pre-
vious evaluatedvalue. The parametetk defineshow fastis the
responsef the systemto suddervariations. k is obtainedasan
affine transformatiorfrom the raw parameter This way we can
avoid the pathologicalkcasewherek = 0 andthevalueof ¢ does
not change Notice thatthis modelis extremelyefficient, sinceit

requiresonly a singleadditionandtwo multiplications.

proposed
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Figure4: Two obstaclesn front of theagent.

(1)

4.4.2 Forward Acceleration — Mass

We usethe secondparametetto model how fastthe agentcan
changeits forward velocity. Thisis a kind of impositionon the
forward accelerationandthe problemis very similar to the one
analyzedn thelastsectionfor the dexterity.



We model this contritution using the samekind of low-pass
filter asfor the dexterity trait, but now the forward velocity is

modifiedinsteadof ¢.

4.4.3 Aggressiveness — A subjective quantity

Intuitively, this parametechange$ion theagentis willing to take
risks, how closeit is willing to getto the obstaclesandhow fast
it shouldmove whencloseto them.

In the original system(3), the constantdy (equationl?7in Ap-
pendixA) controlsthe distancewhereobstaclesstartto be taken
into account:larger valuesmeanlarger distances.Therefore to
modelthewillingnessof theagento getcloseto obstaclesve use
amappingfrom courageo do, wherelargevaluesof couragdead
to smallvaluesof dp andsmallvaluesof couragdeadto largedy.
Themappingwe useis

do(co) = (17 _ 10, 8)

wherek = 2log(dopese + 1). For smallvaluesof the parameter
it will resultin largevaluesfor do. Whenthe parameters equalto

zero,it will give dopase andwhenit is 1, do = 0. In ournonlin-

eardynamicsystemapproachthe forward velocity alsodepends
ontheconstantd; (6). Theagentwill evenretreatwhenthe dis-

tanceto theclosesbbstacldés smallerthatd; . It isimportantthen

to reduced: whenthis aggressienessparameteincreases.We

model

d1 = dover — vo, (9)

where
dObase if co< 0.5
vel = . 10
dovel {2d05a38(1 —co) if co>0.5. (10)

5 Global Environment Contr ol

We now describeour datastructuredor keepingtrackof thenear
ervironmentof eachagent. We modelthe nearervironmentof
anagentz by adisk C,, centeredhat the agent. We may wish to
know what obstaclesare nearthe agent,and what otheragents,
friendly or hostile,arecloseto x andvisibleto it, etc. This infor-
mationcanbe usedfor calculatingervironmentalcontributionsto
the dynamicsof «, for collision avoidanceanddetection,andso
on. The challenges hereis how to keepthis informationup-to-
dateasthe agentamove andthe ernvironmentchangesThoughin
principlethisinformationcanberecomputedrom scratchateach
time step,thisis wastefulandwould notallow our systento scale
well to situationswherelarge numbersof agentsareinteracting.

We have developeda new kinetic datastructuretailoredto this
task. TheKDS exploits continuity of motionandtemporalcoher
enceby focusingonly on thoserelevantrelationshipsn the ervi-
ronmentthatcanbetheonesto changenext. Effectively, theKDS
maintainsa mathematicaproof that the objectsin C,, the near
ernvironmentof agentz, aretheonesthe KDS knows about. This
proof is supportedby a numberof simple atomic relationships
(suchasdistancecomparisons)thesetof objectsformingthenear
ernvironmentof £ cannotchangeunlessoneof thosesupportrela-
tionshipsfails. The KDS trackstheseatomicrelationshipscalled
the emphcertificate®f the KDS, and, when one of them fails,
it updateshoth the descriptionof the nearervironmentof z and
theassociategroofincrementally A well-designedDS for this
problemattemptso comeascloseaspossibleto the goal of pro-
cessingsuchcertificatefailuresonly whenthe nearervironment
of z actuallychanges.

To make thesegeneraideasconcreteconsiderthesimplecase
wherewe modelthe agentsasn moving pointsin the planeand
thereare no obstacles.As x moves,and C, moveswith it, we
wish to trackthe setof otherpointsthatareinsideC,,. We could
do so by testingthe distanceof all other pointsfrom z at each
time step;if we wereto do this for a fraction of all the points,
we have to dealwith a©(n?) updatealgorithmateachtime step.
Instead,our KDS solutionproceedsasfollows. We computethe
well-known Delaunaytriangulationof the n points;this structure
is appropriatefor our purposesbecausét containsa lot of prox-
imity informationaboutthe points. Furthermoreit is knovn how
to maintainthe Delaunaytriangulationas the points move con-
tinuously by simply doing certainedge-flipoperationd17]. We
have discoreredthe surprisingfact that the only pointsthat can
enteror leave C,, arethe endpointsof Delaunayedgescrossed
(exactly once)by the boundaryof C,. Thus,if we maintainthe
setof Delaunayedge<srossedy C,,, we needto focusonamuch
smallersetof pointswhenit comesto tracking pointsthat may
enteror exit C,. Thisis depictedn Figure5, wheretheendpoints
of the solid edgesarethe only onescanmale a transitionnext.
The KDS certificatedn this caseincludethosecertifying the De-
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Figure5: Trackingthe agentghatmay enteror exit C .

launaytriangulation(theseallow usto knowv whenedgeflips need
to be done)andthe onesassertinghat a certainsetof edgesis

crossedby C,. Updatingthe Delaunaytriangulation,the setof

pointsin C,, andthe setof crossededgesat certificatefailure
timesis straightforvard. The detailsaregivenin appendixA.3.

The appendixalsodiscusseshe extensionof theseideasto han-
dle obstaclesyisibility conditions,andgeneralizatiorio 3D. As

comparedwith the naive solutionto trackingthe contentsof C;,

theKDS solutionhasmary advantages.

o Conserative estimategor thefailuretimesof the KDS cer
tificatescan be computedusingmotion estimategprovided
by the non-lineardynamicalsystem;this meansthat most
KDS certificatesneednot be verified at eachtime stepby
only whennecessary

e Thenumberof otheragentghatcanpotentiallyenteror exit
C, hasbeenreducedto the endpointsof Delaunayedges
crossedby C,. Thoughexactly hov mary theseare de-
pendson the radiusof C;, it is reasonableéo assumethat
agentshave a minimum size or separationandthat thera-
dius of C, is small comparedo the size of the entire en-
vironment. Theseconditionsimply thatthis setof interest
hassizewhichis asmallconstantjrrespectve of theoverall
numberof agents.Thusin generalour updatecostwill be
O(1) peragentor O(n) overall.

6 Global Planning Layer

The global planning layer tells eachagent,at eachmomentin
time, whatis the directionit shouldpursueto reachthe goal. A
simple solution for thatis to establishthe direction that points



directly to the desiredtargetasthe correctcourse.ln mary appli-
cationsthis is agoodandsimpleenoughsolution

The advantageof having an independentayer for doing this
calculationis that,aslong asit communicateshe sameway with
the other layers, it is straightforvard to replaceit with a more
sophisticate@pproachf needed.

Using local knowvledgeof the surroundinggo determinehow
to reachthe goalis not alwaysenough.The agentwill likely fail
to reachthe goal undertrap situationslike an U-shapedwall. In
thisexample usingjustthedirectionto thetarget,theagententers
the dead-endegion until it decideshatit hasto turn off thetar
getcontrikution. By thenit turnsaroundandleavesthe U-shaped
obstacle put shortly after, it againtakesthe targetinto consider
ation, reestablishinghe cycle. Every nonv andthen, becausef
the noiseinsertedinto the equationsthe agentmight escapehis
dead-enccycle — but thereis no guaranteeof how or whenit
would happen.

A more sofisticatedway to determinewhat the local layer
should use as the goal direction, a precomputedvelocity field.
The ability to usearbitrary velocity fields gives the designerof
the environment/simulatiora greatflexibility to achieve effects
thatmight not be normalor expected but thataredesiredor nec-
essanyfor agivenapplication.An initial velocity field canalsobe
obtainedthroughautomaticprocedureslik e the useof harmonic
functions(i.e. alsoknow aspotentialfunctiong, to obtainagood
initial globalgues=f how to avoid local traps.

The potentialfield constructioris acomputationallyexpensve
task, andto do it in every integration stepwould rule out ary
real/interactie time application. Whatwe do is precomputehe
potentialfield for only static obstacleknown in adwance. This
is not a limitation, sincemain landmarksof the ervironmentare
usually alreadyknown. In a real terrain simulationit is abso-
lutely reasonabléo expectthatthe positionof rivers,crevicesand
buildings are known in adwvance;in gamesand VR applications
the“map” is alreadyknown, andmary timesthereareeven pre-
computedBSP-trees.

Moving obstaclesaswell asthe staticones,aretakeninto ac-
countby the steeringand collision avoidancecapabilitiesof the
two otherlayers, and the direction of the velocity field is then
fed into the local layer whenever the tamgetis notin cleardirect
sight. This techniqueavoids local minima situationdlik e the one
describedn the Section6. There,the goal directionin the “U-
Shapedtoomwouldbetowardstheexit andnotin thelocaldirect
line to thetarget.

Potentiafunctionshave alreadybeenusedn roboticpathplan-
ning applicationg20]. Dueto certaininherentpropertiessuchas
theguaranteedbsencef localminima, harmonicpotentialfunc-
tions are particularly suitablewhen robust trajectory generation
is important[9]. Harmonic potentialsare also usedin several
physicaldomains,suchas hydrodynamicsand electrostaticsto
analyzecomple fluid flow situationsandto computeelectricpo-
tentials. Modeling the agentmotion asa flow allows the useof
thewell-developedunderlyingmathematicatheoryandthe asso-
ciatedpowerful tools.

6.1 Harmonic Functions

Harmonicfunctionsare used,amongotherthings, to modelthe
behaior of ideal (incompressiblendnon-viscous¥luids. They
aresolutionsto the Laplaceequation

s, _ O’X | 0°X
2 — —_—
A= 0x2 = Oy? 0, (1)

where,V2 = V - V is the Laplacianoperator

The pathadoptedy afluid particlein asteadyflow is calleda
streamline A streamlinegs theintegral curve of (11) andmaybe
representely thegradieniof theharmonicpotential.Streamlines
maynotinterseceachotherbut externalperturbationsor evenin-
tegrationerrors,will causeaparticleto jumpfrom onestreamline
to another

For our purposeswe only usethe direction (and ignore the
magnitude)of thelocal gradientvectorasthenominalgoaldirec-
tion of our agent.Our boundaryconditionsin Laplace$ equation
arethetametpotential(the potentialof the region coveredby the
target) andthe obstaclespotential,which includethe configura-
tion spaceboundary Typically, the targetpotentialis setto alow
value (the global minimum) and the obstaclepotentialis setto
a high value. Sincefluid tendsto flow towardsa decreasingo-
tential, all the streamlinegeneratedn this set-upwill eventually
corverge to the goal point. The implementationdetailsfor the
potentialfield canbefoundin the AppendixA.

7 Experiments

We demonstratethe power of our approachwith a seriesof
two and threedimensionalexperiments®. We demonstratéow
changesn theintrinsic parametersf an agentcangeneratalif-
ferentbehaiors, in situationswith few agentsin crovd simula-
tions. All our experimentsrun in the rangeof 1-700framesper
secondn aPentiumll 400MHzLinux workstation.

In thetwo dimensionaflocking examplewe usedarandomset
of intrinsic attributesfor eachof the agents.We shaov hov some
of the chosenattributesare not sufficient for the agentsto reach
thetarget. For example,therearetwo agentshatsometimeget
stuckbehindobstacles.Their attributesallow themto getreally
closeto the targetbut do not give themenougtflexibility to steer
away in time. The forward velocity componenbf the systemis
responsibldgo avoid actualcollisions.

We useharmonicfunctionson thetwo maze-structuregxam-
ples,andin thetheaterexamplein orderto provide aglobaldirec-
tion thatguaranteethe agentsdo not getstuckin dead-ends.

In thefirst pairof threedimensionabxampleswveillustratehow
theintrinsic parameter®f the agentsaffect the generalflocking
propertyof agroup.

8 Conclusions and Future Work

In this paperwe have presentech three-layeredsystemfor sin-
gle and multiple agentssteeringwith unique behaiors in real
time environments. The systemusesnonlineardynamicalsys-
tems,togetherwith harmonicfunctionsanda speciallydesigned
kinetic datastructureto navigate amongstatic and maoving ob-
staclesreachstaticand/ormoving targets. Using our principled
approachwe have shavn amultitudeof examplesncludingflock-
ing simulationswhich areby themselesdifficult andchallenging
areas. We have also shavn a variety of low-level continuously
adaptve behaiors generatedhroughthe personalityparameters.
Systemsbasedon our approachwill make it easierfor usersto
achieve efficiently complec low-level agentbehaiors andeasily
build newv personalitytraits. Our approachcansene asa basis
for modelinghigher level behaiors, sinceit providesa contin-
uum of complex low-level behaiors. The embeddedontrolling
parametersallow time-changingagentbehaiors. It is possibleto
simulatefatiguein planepilots, adrenalingush,a highly inertial
vehicle,etc,all within therealmof thelow-level layer

The kinetic datastructure(KDS) perfectly suits the environ-
mentlayer It keepslots of informationanddealswith continu-
oustime collisiondetection(in precisepointsbetweerintegration

Lhitp://wwwcis.upenn.eda/siome/resemh/ihonlin/resulis



steps)all with no impacton the compleity. It allows a single
computerimplementatiorto simulatethe agentperceptionof its
local surroundingkeepingthe compleity in.

Interestingpossibilitiesarise by the possiblecombinationof
Al and computationalgeometrytechniqueson the global plan-
ning layer of this system,wherea centralizedreasoningsystem
can collect information from the environmentand plan differ-
ent stratgjies for eachagentin orderto achie’e somecommon
goal. The layeredapproachallows thesealgorithmsto overlook
low level actions lik e obstacleavoidance andconcentrat®n the
moreabstractasks.

A Formulas and Equations

In this appendixwe provide someequationsand detailsomitted
from the maintext of this paper Thesedetails,however, arestill
necessaryfor reproducingour work. Size contraints,unfortu-
nately do not allow us to fully explain all the theory — for a
smoothoverview the readeris invited to look at someof theref-
erences.

A.1 Non Linear Dynamical System Equations
A.1.1 Heading Attractor and Repeller

The modelwe usefor the attractorfunction f;,, is definedasa
sinusoidalshifted by %), whoseargumentis the agents heading
angle,i.e.,therelative anglebetweertheagents directionandthe
objectdirection:

frar = —a Sin(¢ - w) (12)

To definea repellerfunction, a simple sinusoidalfunction is
not enough(seereference).Therefore,asa modelfor a repeller
we usethemultiplicationof threedifferentfunctions,R;, D;, W;,
eachmodelingadifferentpropertyi.e.,

fovs; = Ri W; D;. (13)

FunctionR; modelsa genericrepellingpropertyof anobstacle,
andis definedas:

_ (@ =i (1-25h)

Rl - A'l,[h, e ) (14)
where¢ — 1); is theangleof obstacle with respecto theagents
directionand Aq); is the subtendedngleof the obstacleby the
agent.

The secondfunction, W;, is responsiblefor limiting the an-
gular rangeof therepellers influencein the environmentandis
definedas

W; = %[tanh(hl(cos(qﬁ — ;) — cos(2Av; + 0))) + 1],
(15)

which modelsa window-shapedunction. The variableh; is re-
sponsiblefor theinclination of thewindow’s sidesandis defined
as

h1 = 4/(cos(2Av) — cos(2Ay + §)), (16)
whered is a safetymaigin constant(in all our applicationswe
keptd = 0.8).

Thethird function, D;, modelstheinfluenceof thei'” obstacle
in the ervironmentbasedon the distanceof the obstacleérom the
agent.lt is modeledas

i

D;=¢ 90, a7)
wherer; is the relative distancebetweenthe obstacleand the
agent,anddo controlsthe strengthof this influenceas the dis-
tancechangegexponentialdecay).

A.1.2 Adaptive Weighting of Contrib utions

In our application,the dynamicalsystemin (4) hasfour critical
points, their status(as stableor unstable)at eachmomentin the
simulationwill dependnthea andy coeficients. They arecare-
fully designedo achiere the desiredproperties pleasesee[14]
for afull explanationof the procedureaswell asfor someof the
proofs..

)
Piar = sgn(—f;?) ectlfrarl, (18)

9 fobs C1lfobs
Pops = sgn( aq;’ >e [fobsl (Xl: Wi) (19)

Using P:,» and P, We candesignthe o and~ coeficientsas
follows:

e—C2Ptar Pobs

M2 = ———,

s 721 = 0.05, (20)

as = tanh (Z D¢> . (21)

3

a1 =0.4(1 — a2),

A.2 Potential Field Implementation Details

This sectionpresentghe computationaschemefor solving (11)

andis adaptedrom [31, 3,27]. In anumericalscheméheconfig-
urationspacds discretizedandis replacedoy a grid. We first set
thetargetpotentialto 0 andtheobstacleandboundarypotentialto

1. To initiate theiterations,the emptyconfigurationspacenodes
are arbitrarily setto a value of 0.5. In the Gauss-Seiddl3] ap-
proachthem!” iterationstepfor nodepointsk = 1,2,..., N—1

andj =1,2,...,N —1inanN x N meshis expresseds,

m 1. (m— —
A (@5, ) = Z[A;(z Y(@jen, ye) A (@5, yrrr) +
M (@1, u8) + A (5,06 1)] (22)

whereador theboundarypointnodes,
AU (25, 45) = 0 or 1, forallm > 0. (23)

Weterminatetheiterationswhenthedifferencebetweerthenodal
valuesat the currentand previous time stepsis belov a chosen
threshold(in all our experimentswe setit to 10~'%). The Gauss-
Seidelmethodmay be significantlyacceleratedby usingthe suc-
cessiveover relaxationor the SORmethod[3].

A.3 Kinetic near neighbor maintenance

In this subsectiorwe provide detailsaboutthe kinetic datastruc-
turefor maintainingtheenvironmentaroundeachagent.Geomet-
rically, theagentsaremodeledasmaving points,obstaclegfixed
or moving) asline segments,andthe nearervironmentasa ball

of a certainradiusaroundan agent. The key geometricstructure
we deplo is the Delaunaytriangulationof the moving agents.

A.3.1 Nearest neighbor s in 2D

Let G(V, E) be a time-varying planarstraight-linegraph. The
verticesof V' modelmoving agentsor obstacleboundarieswhile
theedgedn E arethe obstacleshemseles. With eachpointp in
asubsetS of V' we associatea disk C,, centeredat the p thatis
of radiusr,. ThesetS representtheagentsvhoseenvironments
we desireto track, andthe associatedlisksrepresenthesenear
ervironmentsfor eachagent.Let T" be a triangulationon V' con-
formingto G (i.e.,all edgesn FE arealsoin T'). We call apointgq



in V appoacdablefrom apointp in S if ¢ isinsideC, andthere
existsapathfrom p to ¢ in T thatlies entirelyin C,. We saythat
anedgee of T' crosse’), if oneendpointof e lies outsideof Cp,
andthe otherendpointof e is approachabléom p.

We considertwo cases:the unconstained case,when there
areno obstaclepresentthe edgeset E is empty),andthe con-
strainedcasewith obstaclesIn theunconstrainedasewe main-
tainfor eachpointp in S thesetof pointsof V' thatareinsideC,,.
In the constrainedcase we maintainthe setof pointsthatarein-
sideC, andwhicharenotseparatedrom p by anedgein E both
of whoseendpointsareoutsideC), (thesecorrespondo theagents
nearto andvisible from the given agent). It turnsout that, if T
is the ConstrainedelaunayTriangulation(CDT) [8], the setthat
we wantto maintainfor a pointp in S is the setof pointsthat
areapproachablérom p. In particulay in theunconstrainedase,
every pointinside C,, is approachablérom p; in the constrained
casepointsinsideC, thatarenotapproachabléom p areexactly
thosethatareblocked by a constrainededgethatwith endpoints
outsideCp.

Thekey obserationthatenablesisto maintaintheabose men-
tionedsetsis capturedn thefollowing lemma:

Lemmal. LetT betheCDT of G andlet C, beacirclecenteed
atp € S. If pointg € V entes/«its the circle C,, at sometime
to andis visiblefromat leastonepointinsideCy, thenatto there
existsan edge of T' betweery anda pointinsideC,,.

Proof. At time to, ¢ is on the boundaryof C,. Let {C,} be
thefamily of circleswith centerr thatpassthroughg, wherer is
a point on the sggmentpq. Considerthe circle C,, suchthats’
is at maximaldistancefrom ¢, visible from ¢ andthe circle C,.»
containsno pointsof V. Note that becausehe setof points of
V thatarevisible from g atto is non-emptyby assumptionsuch
acircle C,, alwaysexists. Clearlythe edgeqr’ is a constrained
Delaunayedgetd

This obseration immediately provides a way to track the
neighborsof every point p in S, if we maintainthe CDT of S.
For every p in S keepthe setof approachabl@oints A, andthe
setof crossingedgesE,. If thecombinatoriaktructureof T' does
not changethenthe endpointof theseedgesarethe only points
thatcanpossiblyenteror exit C},. In otherwordsthemaintenance
of the neighborsof the pointsin S consistsof two parts: oneis
the maintenancef the triangulationitself, andthe seconds the
maintenancef thetriangulationedgescrossedy thecirclesC,,.

The CDT can be maintainedusing standardedge-flipopera-
tions,justlik e theregularDelaunaytriangulation[10, 17]. When-
ever an edgeflip happenshowever, we alsoneedto updatethe
setsE,, p € S: whenanedgein E,, for somep, disappearsve
needto deletethatedgefrom the edgeset E,,, whereasvhenan
edgethatintersectshecircle C,, for somep, appearsve needto
addit to E,.

The situationis somavhat more complicatedf a point enters
or exits thecircle. In thecasethatapointq enterghecircle C, we
haveto look atq’s neighbors For thoseneighborghatareoutside
we only needio addthecorrespondingdgeso E,. For thosethat
areinsideandapproachablee needio remove thecorresponding
edgedrom theedgesetE,,. Finally for theneighborghatarein-
sidebut not approachabléthis canonly occurin the constrained
case)we needto addthemto the point set A, and performthe
sametestsfor their neighborsrecursively. Whena point g exits
C) thesituationis entirely symmetric:for all the neighborsthat
areoutsidewe deletethe correspondingdgesrom E,,. For the
neighborghatareinsideandremainapproachablafterthe point
exits, we needto addthe correspondingdgedo thesetE,. Fi-
nally asfar astheremainingneighborsareconcernedwe have to

deletethemfrom the set A, of approachabl@eighborsaswell
asdeleteary edgesn E, thatadjacento themandrecursiely do
the samefor their neighbors.

A.3.2 Nearest neighbor s in 3D

In threedimensionswe have implementedonly the casewhere
thereareno obstaclegpresent.For every pointp € S we now as-
sociateasphereC), of radiusr,. Thedefinitionsof approacdabil-
ity andproperintersectionarethe sameasin thetwo-dimensional
case.

Our goalis to maintainfor eachpointp € S the setof points
thatareinside Cp. As in two dimensionsjf T' is the Delaunay
triangulation this setis thesameasthesetof A, of approachable
points,andLemmal is still valid.

Thethree-dimensiondDelaunaytriangulationis maintainedy
performingface-edgef edge-aceflips [11]. Hence,the 3D un-
constrainedases essentiallyanalogougo the 2D unconstrained
caseWhile in a2D flip alwaysexactly oneedgeappearandone
disappearsin a 3D flip the numberof edgesn the triangulation
mayincreaseor decreaséy one.
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