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Abstract

We presenta new local collision avoidancealgorithm betweenmultiple agentsfor real-time simulations.Our

approad extendsthe notion of velocity obstaclesrom roboticsand formulatesthe conditionsfor collision free
navigationasa quadatic optimizationproblem.\e usea discreteoptimizationmethodto ef ciently computethe

motionof eat agent. Thisresultingalgorithmcanbe parallelizedby exploiting data-pagllelismandthread-lesel

parallelism. The overall approad, ClearFath, is generl and can robustly handledensescenarioswith tensor

hundedsof thousandof hetepgeneousagentsin a few milli-seconds As compaedto prior collision avoidance
algorithms,we observemore thanan order of magnitudeperformancemprovement.

1. Intr oduction

Multi-agentsystemsareusedto modela network of loosely
coupleddynamicunits,oftencalledagentsBasedon the pi-
oneeringwork on distributedbehaior modelsby Reynolds
[Rey87], the study of multi-agent simulation has grovn
tremendouslypverthelasttwo decadesMany simulational-
gorithmshave beendevelopedbasedon simplemodelsand
local rules.Besidescomputergraphics multi-agentsystems
arewidely usedto modelthedynamicf crowds,robotsand
swarmsin traf c engineeringyirtual environmentscontrol
theory andsensometworks.

In this paper we addresshe problemof real-timecolli-
sion avoidancein multi-agentsystemsthat usedistributed
behaior models Themotionof eachagentis typically gov-
ernedby somehigh-level formulationandlocal interaction
rules (e.g. collision avoidance).It is importantthat agents
do not collide with their neighborsCollision avoidancecan
quickly becomea major computationabottleneckin multi-
agentsimulations,especiallyin tightly pacled scenarios.
This is an importantissuein computergames,as the sys-
temmay only be ableto devote lessthan5% of processing
cyclesto collision avoidanceand behaioral computations.
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Figure 1: Building evacuation:1;000independenagentsin dif-
ferent roomsof a building move towards the two exit signsand
causecongestion.Our new parallel collision avoidancealgorithm,
P-ClearRath can efciently performlocal collision avoidancefor
all agentsin sud tight padked simulationsat 550 FPS on Intel
quad-coe Xeon(3:14 GHz)processqgrand4; 500FPSon a 32-core
LarrabeeprocessarOur algorithmis an order of magnitudefaster
thanprior velocity-obstacléasedalgorithms.

Furthermoreapplicationssuchaslarge-scaleurbansimula-
tionsoftenneedto simulatetensor hundredof thousandef
heterogeneouasgentsatinteractive rates.

One of our goalsin studyingthe computationalissues
involved in enabling real-time agent-basedimulation is
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Figure 2: DenseCircle Scenario 1;000 agentsare arranged uniformly arounda circle and move towards their antipodal position. This
simulationrunsat over 1,000FPSon an Intel 3.14GHz quadcore, andover 8,000FPSon 32 Larrabeecores.

to exploit current architecturaltrends. Recentand future
commodity processorare becomingincreasinglyparallel.
Speci cally, current GPUs and the upcoming x86-based
mary-coreprocessotarrabeeconsistof tensor hundredof
cores,with eachcore capableof executingmultiple threads
andvectorinstructionsto achieve higherparallel-codeper
formance. Therefore, it is important to design collision
avoidanceandsimulationalgorithmssuchthatthey canex-
ploit substantiabmountof ne-grainedparallelism.

Main Results:We presenthighly parallelandrobustcol-

lision avoidanceapproachClearRith, for multi-agentnavi-

gation. Our formulationis basedon the conceptof velocity
obstacles(VO) that was introducedby Fiorini and Shiller
[FS99 in roboticsfor motion planningamongdynamicob-

staclesWe useanef cient velocity-obstacldasedormula-
tion that canbe combinedwith ary underlyingmulti-agent
simulation.We shaw thatlocal collision avoidancecompu-
tationscan be reducedto solving a quadraticoptimization
problemthat minimizesthe changein underlyingvelocity
of eachagentsubjectto non-collisionconstraints(Section
3). We presenta polynomial-timealgorithm for agentsto

computecollision-free,2D motionin a distributed manner
In practice,ClearRithis morethanoneorderof magnitude
fasterthanprior velocity-obstacldasednethods.

We shav that ClearRith is amenableo data-parallelism
andthread-l@el parallelismon commodity processorand
presenta parallelextensionin Section4. The resultingpar
allel extension P-ClearRth,exploits the structureof our op-
timization algorithm and architecturalcapabilitiessuch as
gather/scatteand pack/unpackio provide improved data-
parallel scalability We evaluate its performancein var
ious scenarioson different platforms like current multi-
core CPUs and the upcoming mary-core processorcode-
namedLarrabee.In practice,P-ClearRth demonstrate$-
15X speedupon a corventional quad-coreprocessorover
prior VO-basedalgorithmson similar platforms.Whenexe-
cutedonalLarrabeesimulatorwith 32-64cores P-ClearRth
achieresadditionalspeedumf up to 15X, resultingin up to
100-200X speedupover prior VO-basedapproachegSec-
tion 5). Overall per frame, for simple game-like scenar
ios with a few hundredagents,P-ClearRth takes about
2.5 millisecondson a single Larrabeecore, while a com-

plex simulationwith few hundredsof thousandof hetero-
geneousgentdakesonly 35 millisecondson the simulated
64-coreLarrabeeprocessaorTo the bestof our knowledge,
P-ClearRthis the rst scalableapproactthat performsro-
bust collision avoidancein multi-agentsimulationswith a
few hundredthousandagentsatinteractve rates.

2. RelatedWork

Differenttechniqueshave beenproposedto model beha-
iors of individual agentsgroupsandheterogeneousrowds.
Excellentsuneys have beenrecentlypublished TOCD06
PABO08]. Theseinclude methodsto model local dynam-
ics and generateemegent behaiors [Rey87, Rey99], psy-
chological effects and cognitve models[YTO7], cellular
automatamodelsand hierarchicalapproachesWe brie y

overview relatedwork in collision detectiorandavoidance.

2.1. Collision detectionand path planning

Thereis arich literatureon detectingcollisionsbetweerpb-
jects.Mary fastalgorithmshave beenproposedor check-
ing whethertheseobjectsoverlap at a given time instance
(discrete collision detection)or over a one dimensional
continuousnterval (continuouscollision detection) Eri04].
Optimizationtechniquedor local collision detectionhave
beenproposedfor a pair of objects,including separation
or penetrationdistancecomputationbetweencorvex poly-
topes[Cam97Lin93] andlocal collision detectionbetween
corvex or non-strictlycornvex polyhedrawith continuousve-
locities[FT87,KLK 08].

The problemof computingcollision-freemotion for one
or multiple robots amongstatic or dynamic obstacleshas
beenextensiely studiedin robotmotion planning[LaV0§].
Theseincludeglobal algorithmsbasedon randomizedsam-
pling, local planning techniquesbasedon potential eld
methods,centralizedand decentralizednethodsfor multi-
robot coordination etc. Thesemethodsare eithertoo slow
for interactive applicationsor may suffer from local minima
problems.

2.2. Collision avoidance

Collisionavoidanceproblemshave beerbeenstudiedn con-
trol theory traf ¢ simulation roboticsandcrownd simulation.
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Differenttechniquefiave beenproposedor collision avoid-
ancein groupandcrowd simulationgMT97,Rey99,SNHO1,
LD04,HBJWO5FNO6 TOCDO0GSGA 07]. Thesearebased
on local coordinationschemesyelocity models,prioritiza-
tion rules, force-basedechniques,or adaptve roadmaps.
Othertechniqgue§YMMTO08] have usedLOD techniquego
trade-of delity for speed.

The notion of velocity obstacleqVVO) was proposedor
motion planningin dynamicenvironmentsandhasbeenex-
tendedo dealwith uncertaintyin sensodata[ FS98FSLO07,
KPO7. Recently Berg et al. [BLM08, BPS 08] extended
the VO formulationfor reducingcollisionsbetweernagents.
Berg's techniquehowever, relieson extensive samplingfor
computingcollision free velocitieswhich preventsfastim-
plementationsOtherextensiong SLS01 PPD07 have also
beenproposed However, thesetechniquesrovide higher
order path-planningwith implementationghat are not yet
fastenoughfor very large simulations.

3. Local Collision Avoidance

In thissectionwe presenbur collision avoidancealgorithm.
Ourapproachs generallndcanbe combinedwith different
crowd andmulti-agentsimulationtechniques.

Assumptionsand Notation: We assumehatthescenecon-
sistsof heterogeneousgentswith staticanddynamicobsta-
cles.Thebehaior of eachagentis governedby someextrin-
sic andintrinsic parametersand computedin a distributed
mannerfor eachagentindependentlyThe overall simula-
tion proceedsn discretetime stepsandwe updatethe state
of eachagentjncludingits positionandvelocity duringeach
time step.Giventhe positionandvelocitiesof all the agents
ataparticulartime instantT, anda discretetime interval of
DT, our goalis to computea velocity for eachagentthatre-
sultsin nocollisionsduringtheintenval [T; T + DT]. We will
recomputehis velocity for every agentevery time step.

We alsoassuméhattheagentsaremaoving ona2D plane,
thoughour approactktanbe extendedo handleagentsmov-
ing in 3D spaceAt ary time instanceeachagenthasthein-
formationaboutthe positionandvelocity of nearbyagents.
This canbeachievzedef ciently by storingthe stateof every
agentin a KD-tree. We represeneachagentusinga circle
or corvex polygonin the plane.If the actualshapeof the
agentis non-cowex, we useits corvex hull. The resulting
collision-avoidancealgorithmbecomegonsenrative in such
casesln therestof the paperwe describethe algorithmfor
circular agentshowever we notethat our algorithmcanbe
easily extendedto othercorvex shapesGiven an agentA,
We usepa, f'a, andva to denoteits position,radiusandve-
locity, respectiely. We assumethat the underlyingsimula-
tion algorithmusesintrinsic andextrinsic characteristic®f
the agentor somehigh level modelto computedesiredve-
locity for eachagent(v4®S) during the time step.Let Vmax
andamax representhe maximumvelocity andacceleration,
respectiely, of the agentduringthis timestep Furthermore,
q? denotesaline perpendiculato line g.
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3.1. Velocity Obstacles

Our approachis built on velocity obstacle§FS9g. We use
the notion of Minkowski sum,A B, of two objectsA and
B andlet A denotethe objectA re ectedin its reference
point. Furthermorelet | (p;v) denotethe aray startingat p
andheadingn thedirectionof v: | (p;v) = fp+ tvjt 0g:

Let A beanagentmoving in the planeandB be a planar
(moving) obstacleon the sameplane.The velocity obstacle
VO@(VB) of obstacleB to agentA is de ned asthe setcon-
sisting of all thosevelocitiesva for A thatwill resultin a
collision at somemomentin time (t ~ T) with obstacleB
moving atvelocity vg. This canbeexpresseads:

VOB(ve) = vajl (paiva VB)\ B A6 ;

This region has the geometric shapeof a cone. Let
f (v; p; 1) denotethedistanceof pointv from p alongp:

f(vipw =1(v p) ng
Henceforththeregioninsidethe coneis representeds

VOR(V) = (F (V;Ve:Pagiert) O (F (V:VeiPagrign)  O);

wherepager; aNdpAgiqy aretheinwardsdirectedraysper
pendicularto the left andright edgesof the cone,respec-
tively. TheVO is aconewith its ape atvg (Fig. 3(a)).

RecentlyVandenBerg etal.[BLM08,BPS 08] presented
an extensioncalled RVO. The resultingvelocity computa-
tion algorithm guaranteegscillation free behaior for two
agentsAn RVO is formulatedby moving theapex of theVO

conefrom vg to (VatVe) it A hasN nearbyagentswe ob-
tain N conesandeachagentneedgo ensurehatits desired
velocity for thenext frame,vf,ies, is outsideall theN velocity
obstacleconesto avoid collisions.RVO algorithmperforms
randomsamplingof the 2D spacein thevicinity of v4¢S and
heuristicallyattemptgo nd asolutionthatsatis esthecon-
straints.However, this may not nd a collision-freeveloc-
ity evenif thereis a feasiblesolution.SinceRVO usesin -
nite conesthe extent of the feasibleregion decreaseasN
increasesln practice,RvVO formulationcanbecomeoverly
conserative for tightly pacledscenarios.

3.2. Optimization Formulation for Collision Avoidance

In this section,we posethe local collision avoidanceprob-
lem for N agentsasa combinatorialoptimizationproblem.
We extendthe VO formulationby imposingadditionalcon-
straintsthatcanguaranteeollision avoidancefor eachagent
duringthediscretenterval. Wetake into accounthediscrete
time intenal andde ne atruncateccone(FVO) to represent
thecollisionfreeregionduringthetime interval correspond-
ing to DT . This truncationis a similar ideato otherwork in
robotics[FS9§, however we extendthetechniquerom one
agentmoving throughunresponsie dynamicobstaclesto
handleseveral responsie agentanoving aroundeachother
The original VO or RVO is de ned using only two con-
straints(left andright), asshown in Fig. 3(a). The FVO is
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Figure 3: (a) The\elocity ObstacIeVOQ(vB) of a disc-shapeabstacleB to a disc-shapedgent A. This VO representshe velocitiesthat
couldresultin a collision of Awith B (P CR). (b) FVOf(vg) of a disc-shapeabstacleB to a disc-shapedgentA. Thisformulationtakesinto
accountthe timeinterval for local collision avoidance (c) ClassifyingFVO boundarysubsgmentsas Inside/Outsideof the remainingFVO

regions.Theseclassi cationsare usedto computea non-collidingvelocityfor ead agent.

de ned usinga total of four constraintsThe two boundary
coneconstraintof the FVO aresameasthatof RVO:

FVOLB(Y) = f (Vi(Va*+ VB)=2 PAgier) O
FVORB(V) = f(V; (Va+ VB)=2; pZBright) 0

Additionally, we imposetwo moretypesof constraints:

Type-I Constraint - Finite time interval: We only guar
anteecollision avoidancefor the durationDT. We compute
a nite subsebf the RVO conethatcorrespondso the for-
biddenvelocitiesthat could lead to collisionsin DT. The
truncatedcone (expressedas shadedegion in Fig. 3(b)) is
boundedby a curve gag(v) (derivationis given in the ap-
pendix).Due to ef ciency reasonsye replacegag(Vv) with
aconserative linearapproximatiorGag(v). In practice this
increaseshe areaof the truncatedconeby a smallamount.
This additionalconstrainis representeds: FVOT (V) =

GV =1 M Pgh:pRe ;where

1fat e . .
T (ipagi

(ra+ re))Pag+

h=tan sin (ra+rg));and

Vat VB

M = (jpasi 5

Type-ll Constraint - Consistentvelocity orientation:
A sufcient condition to avoid collisions among multi-
ple agentsis to ensurethat eachagentchoosesa velocity
that is on the sameside of the line bisectingtheir RvO
cone[BPS 08]. We have eachagentpassonthesideclosest
to its currentvelocity, imposedby: FVOcé(V) =(f(v;(va+
vB)=2f (Va;VB;Pap)Pag) 0). Thisis alsoa conserative
formulationto guaranteeollision-freemotion.

Any feasiblesolutionto all constraintswhich are sep-
aratelyformulatedfor eachagent,will guaranteecollision
avoidance.In our technique,we computein a distributed
mannefa new, constraintsatisfyingvelocity for eachagent
which minimizes the deviation from v3¢S — the velocity
desiredby the underlying simulationalgorithm. Let By,..,
Bn representheN nearesheighborf anagentA. We pose
the computationof a new velocity (Vi®) asthe following
optimizationproblem:

Minimize k(vVi®' v4®9k, suchthat

((FVQ4 (™) U ~FVQq, (™) U~FVQg (vi™)) N ~FVQy (™) N

((-FVQA M) U~FVQA () U~FVQA () N ~FVQl (7))

Thisis aquadratiomptimizationfunctionwith non-comwex
linear constraintdor eachagent.lt canbe shavn to be NP-
Hard [Kan0Q for non-constantlimensionsvia reductionto
guadratidntegerprogramming It hasapolynomialtime so-
lution whenthe dimensionalityof the constrainds constant
—twoin ourcase.

We refer to union of eachneighbors FVO asits poten-
tially colliding region (P CR), andthe boundarysggments
of eachneighbors FVO ascollectively the BoundaryEdges
(BE). BE consistof 4N boundarysegments— 4 from each
neighborof A. We exploit the geometricnatureof the prob-
lemto derive thefollowing lemma(proofin appendix):

Lemma 1: If viSis insideP CR, vi®' mustlie on BE.

In mary simulations,there are other constraintson the
velocity of an agent. For example, kineodynamic con-
straints[LaV06], which imposecertainboundson the mo-
tion (e.g.maximumvelocity or maximumacceleration)In
casetheoptimalsolutionto the quadraticoptimizationprob-
lem doesnt satisfy thesebounds,we relax the constaints
by removing the furthestagentfrom A, and recomputethe
optimalsolutionby consideringonly N 1 agentsThis re-
laxationstepis carriedonuntil anoptimalsolutionsatisfying
all theconstraintss obtained.

3.3. ClearPath-1: GuaranteedCollision Avoidance

A key aspecbf ouralgorithmis to deriverigorousconditions
for collision avoidanceduringagiveninterval. Thisis given
by thefollowing theorem(with a proofin theappendix):

Theorem 1: If ClearPath nds a feasible solution for
all the agents,thenthe resultantpath is guaranteedto be
collision-free
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Basedonthecollision free guaranteesye usethefollowing
algorithmto computecollision free pathfor eachagent.

ClearRath-1: Our goal is to computea collision-free path
during discretetime interval DT. In casethereexists a fea-
sible solution to the optimization algorithm, we have a
collision-free solution. However, it is possiblethat the op-
timization algorithmmay not nd a feasiblesolution. It is
possiblethattheremay be no collision-freepathfor the en-
tire intenal or our constraintareoverly conserative. In this
case,we reducethe time intenal to (DT/2) and recompute
the constraintsandthe feasiblesolutionfor a shorterdura-
tion. This processs repeatedill we nd afeasiblesolution.

3.4. ClearPath-2: Relaxing Collision Constraints

It is possiblethatthe algorithmhighlightedabose may need
to considera very shortintenal to nd a feasiblesolution.
Every stepof the bisectionapproachinvolvessolvinga new
optimizationproblem.Furthermorethe Type-Il constrainin
theoptimizationformulationcanbeoverly restrictive. In this
case,we presentan alternatealgorithmthat only considers
Type-I constraintdn termsof the optimizationformulation.
The resulting algorithm, ClearRath-2, computesvia® with
respecto 3N constraintsin this case someagentsnaycol-
lide andwe usethefollowing schemeo resole collisions.

Collision Resolution: In casesvhenagentsarecolliding,
they shouldchoosea new velocity that resohes the colli-
sionasquickly aspossible Thisresultsin anadditionalcon-
straintin velocity spacethatwe conseratively approximate
asacone.In this casethe P CR is theintersectiorbetween
two circles.The rst circle is the setof maximalvelocities
reachabldoy anagentin asingletime step(acircle of radius
amax DT). Thesecondircle is the Minkowski difference
of thetwo agentsB  A. Theregionwhichliesin the rst
circle, but not the secondis the setof velocitieswhich es-
capesthe collision in onetime step.The region which lies
in bothcirclesarereachablevelocitieswhich fail to resole
the collision next time step.This areais conseratively ap-
proximatedwith acone creatinganadditionalconstrainfor
ary colliding agents.Theseconstraintsare combinedwith
the existing PCR from the neighboringagentsA colliding
agents preferredvelocity is setto zeroso thatthe smallest
possiblevelocitywhichresohesthecollisionis chosenThis
will minimize oscillationsdueto collision resolution.

3.5. ClearPath Implementation

We usethe mathematicaformulationto designa fastalgo-
rithm to computea collision-freevelocity for eachagentin-
dependentlySpecially we exploit Lemmal andcomputeall
possibleintersection®f the boundaryseggmentsof BE with
eachother ConsidersggmentX in Fig. 3(c). Thek intersec-
tion pointsof the FVO regionlabeledasXy, .., Xk. Notethat
thesepoints are storedin a sortedorder of increasingdis-
tancefrom the corresponding@ndpoint (Xp) of the sggment.
We further classify eachintersectionpoint as being Inside
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or Outsideof P CR . After performingthis classi cation,we
now classifythe subsgmentsbetweerthesepointsasbeing
Insideor Outsideof theP CR, basednthefollowing lemma
(proofin appendix):

Lemma2: The r stsubsgmentalonga sggments classi-
ed asOutsideiff bothits endpointsare tagged as Outside
Anyothersubsgmentis classi ed asOutsideiff bothits end
pointsare Outside andthesubsgmenteforit is Insidethe
PCR.

For example,both Xy and X; aretaggedasOutside and
hencethe subsgmentXpX; is taggedasOutside However,
the subsgmentX; X, is taggedasinsidesinceXgX; is Out-
sidetheP CR . TheclosespointontheOutsidesubsgments
of BE is thenew velocity.

ClearRath performsthefollowing stepsfor eachagent:
Step0. Givenanagent,querythe KD-treefor the N nearest
agentsandcomputethe FVO constraintgo arrive at BE.
Step 1. Computethe normalsof theeachsegmentin BE.
Step2. Computetheintersectiompointsalongeachsegment
of BE with theremainingsegmentsof BE.

Step 3. Classifytheintersectiorpointsasinsideor Outside
of thePCR.

Step 4. Sort the intersectionpoints for eachsegmentwith
increasinglistancdrom its correspondingndpoint.
Step5. Classifythe subsgmentsalongeachsegmentasin-
side or Outside andcompute/maintaithe closestpoint for
the Outsidesubsgments.

Step6. In casetheresultingsolutiondoesnot satisfythe ki-
neodynamir velocity constraintsrelaxthe constraintsdy
removing theFVO correspondingo thefurthestneighborby
distanceandrepeathe algorithmwith fewer agents.

For M numberof totalintersectionsegmentsn BE, therun-
time of thealgorithmfor asingleagentis O(N(N + M)).

4., P-ClearPath: Parallel Collision Avoidance

The current trend is for processorsto deliver high-
performancethrough multithreadingand wider SIMD in-
structions.In this section,we describea data-parallelex-
tensionof ClearRaththatcanexploit the capabilitiesof cur
rent multi-core CPUsand mary-core acceleratorsThe al-
gorithms describedin this sectionare applicableto both
ClearRith-1andClearRath-2variantsof ClearRth.

ClearRath operateson a peragentbasisin a distributed
manney nding eachagents nearesheighborsandcomput-
ing a collision-freevelocity with respecto thoseneighbors.
There are two fundamentalways of exploring Data-Level
parallelism(DLP).

Intra-Agent: ConsiderFig. 4(a). For eachagentwe explore
DLP within the ClearRathcomputationSincetheagentop-
eratein 2D, they canperformtheir X andY coordinateup-
datesin a SIMD fashion.This approachdoesnot scaleto
wider SIMD widths.
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Figure 4: Data-Parallel Computations{a) Intra-Agent SIMD -
cationfor SSE(b) Inter-AgentSIMD cation for wide SIMD

Inter-Agent: We canoperateon multiple agentsat a time,
with eachagentoccurying a slotin the SIMD computation.
This approachs scalableto larger SIMD widths, but needs
to handlethefollowing two issues:

1. Non-contiguousiataaccessin orderto operateon mul-
tiple agents ClearRath requiresgatheringtheir obstacle
datastructureinto a contiguoudocationin memory Af-
ter computingthe collision-freevelocity, theresultsneed
to be scatteed backto their respectie non-contiguous
locations.Suchdataaccessebecomea performancéot-
tleneckwithout ef cient gatherscatteroperations.

2. Incoherentbranching:Multiple agentswithin a SIMD
register may take divergent paths.This degradesSIMD
performanceandis a big performancdimiter duringin-
tersectioncomputationsandinside/outsiddests.Oneor
moreof theagentsmayterminateearly while theremain-
ing onesmay still be performingcomparisons.

Current SSE architectureson commodity CPUs do not
have efcient instructionsto resole the above two prob-
lems.Thereforewhenwe usedtheintra-agenSIMD cation
approachwe obtainedonly moderatespeedupgseeSection
5). For theremaindeof this sectionwe focuson exploiting
wider SIMD, with the SIMD width beingK -wide.

P-ClearRth adoptsthe inter-agent approach,and per
forms computationon K agentstogether Fig. 4(b) shavs
a detailedmappingof the variousstepsin ClearRath algo-
rithm. For collision-freevelocity computationeachagentA;
is givenasinputits neighboringvelocity obstaclegtruncated
conesyndthedesiredvelocity. Thestepsperformedoy each
agentaredescribedn Section3.5.

We start by gatheringthe obstacledata structureof K
agentsinto contiguouschunksof memoryandthenloading
various elds asneededoy the SIMD operation.Although
eachof the stepdistedtheremapthemseleswell to SIMD,
thereareafew importantissueghatneedto beaddressed.

1. Varying number of neighbors for eachagent: This
affects eachof the steps,decreasinghe SIMD utilization.
For example,if one of the agentsin the SIMD computa-
tion hasN neighborsandthe secondonehasN/2, the sec-
ondagentis masled out[SCS 08] for half of the execution

anddoesnot performary computationTo addresghis, we

reorderagentsbasedon their neighborcount, and execute
agentsthat have the samenumberof neighborstogetherin

a SIMD fashion.Sincenumberof agentss relatively small,
reorderingrunsin lineartime andtakesup insigni cant por-

tion of runtime.

2. Classifying points asinside/outside: This is the most
importantpart of the algorithm.While classifyingpointsas
beinginsideor outsideof the truncatedcones we testtheir
orientationwith respectio eachtruncatedcone.As soonas
it is detectedbeinginsideary of the conesjt doesnot need
to be testedagainstthe remainingcones.However, it is of-
tenthe casethat someotherpoint within the SIMD register
is still beingtestedandthe computationfor otherlanesis
wasted.In the worst case the SIMD utilization may be as
low as 1/K. We exploit the pad instructions[SCS 08] to
improve theef ciency of this step.

We adaptthe ClearRath algorithm to improve the ef-
cieng asfollows. After testingthe orientationw.r.t. the r st
cone,we pad the points contiguouslyas describedabove.
In subsequeniterations,the points are loadedand tested
agpinstthe next cone,and the processrepeatedNote that
the SIMD codetestseachpoint againstthe samenumberof
pointsasthescalaersionof thecode However, toimprove
SIMD ef ciency, the pointsare paded, andthenretrieved
for eachconethey are checled against. This increaseshe
overheadhut improvesthe SIMD ef ciency to aroundK /3-
K /2. Notethat aftertermination the computedresultsneed
to bescatteedto appropriatenemorylocations.

With the abore discussedmodi cations, and appropriate
supporfor gatherscatterandpad instructions P-ClearRth

shouldachiere aroundK/2 SIMD speedupascomparedo

thescalarversion.

5. Implementation and Results

In this section,we describeimplementationof our algo-
rithmsandreportperformancen variousbenchmarks.

5.1. Multi-agent simulation

To test ClearRith, we incorporatedit into two open-
source crovd/multi-agent simulation systems:the RVO-

Library [BLMO08] and OpenStee{Rey99]. Thesesimula-
tions provide the desiredvelocities,which ClearRith mini-

mally modi es to provide collision free motion amongthe
agents A diagramof this processs shavn in Fig. 5. New
\elocitieswereappliedusingsimple Eulerintegration. The
NeaestNeighborList wasobtainedef ciently usinga KD-

tree. The algorithmfor the Desired \elocity for eachagent
depend®nthe simulationandis describedelow.

RVO-Library: This library providesa globalgoalfor each
agentand can perform collision avoidance.We removed
the collision avoidance usingClearRathinstead.The global
navigationusesagraph-basedadmaphatis pre-computed
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- Compute desired velocity

Figure 5: Ead time step,for ead agent, ClearRath usesthe
agent's desiked velocity (from a multi-agent simulation),and its of
nearbyneighbos andcomputes newv minimally perturbedvelocity
which avoidscollisions.Thisis usedasthe agent's new velocity

for a given ervironment.At runtime, A* is usedto search
thegraphandcomputea desiredpathfor eachagentowards
its goal position. The directionalongthe pathscaledby the
agents desiredspeedprovidesits desiredvelocity, v9eS.

OpenSteer: OpenSteeusessteeringforcesto guideagents
towardstheir goalsandaway from eachother We cantake

eitherthis outputasanagents desiredvelocity or optionally

replaceOpenStees collision avoidancewith ClearRth's.

We useddifferent kinds of benchmarkgo evaluatethe
performanceof our algorithms. Thesevary from simple
game-like sceneswith a few dozenagentsto comple ur-
bansceneawvith tensto hundredof thousand®f agentsin
ourteststhecollision avoidancepartof local navigationcan
take 50% 80% of the total runtimeandis a major bottle-
neckin the overall multi-agentsystem.Eachagentis mod-
eledasa heterogeneousgentandwe performseparateol-
lision avoidanceon eachagentin a distributed mannerAll
timingsreportedn this sectionarebasedn the ClearRith-2
algorithmdescribedn Section3.5.

Performance Comparison of Serial Algorithms: We com-
pared the performanceof the serial implementationof
Clearrath with roadmapsyersusthe original RVO-Library
and opensourceimplementationof collision-avoidancein
OpensSteerAll of them were running on a single Xeon
core.Eventhougheachof thesealgorithmsperformsagoal-
directedsimulationwhereeachagentasadesiredgoal,they
still resultin differentagentbehaiors with varying veloci-
tiesandmotions.

We obsere 8 12X improvementin performancevhen
usingClearRathover the original RvO-Library (Fig. 6), and
the absoluterunningtime of ClearRithis comparabldo the
collision-avoidanceroutinein OpenSteerHowever, Open-
Steercanresultin mary collisionsamongtheagentgshovn
in the video andFig. 8), making a direct comparisornvery
dif cult. Fig. 6 shavs the performanceof RVO-Library,
ClearrathandP-ClearRth.

5.1.1. Behavior Evaluation

We setuparti cial scenarioso evaluatethelocal navigation
andsomeemegentbehaiors of ClearRath: lane-formation,

¢ TheEurographic#Association2009.
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Figure6: Performanceof RVO-Library, ClearPathandSSEmple-
mentationof P-ClearRath measued on a single core Xeon.Target
FPSrangeof30 60is highlighted.TheClearRathimplementation
is about5X fasterthan RVO-Library.

archingat narrov passagesslov down in congestionye-
sponseo collisions,avoiding eachother jammingat exits,
swirling to resole congestionyortices,etc.

Circle-1K: 1;000agentsstartarrangediniformly around
a circle andtry to move directly throughthe circle to their
antipodalposition on the other side (Fig. 2). We obsere
swirling behaior in themiddle.

4-Streams: 2;000 agentsare organizedas four streams
thatwalk alongthe diagonalsof the squareThis is similar
to the benchmarkin ContinuumCrowds [TCP04, though
ClearRath resultsin different behaiors, including smooth
motion,laneformationandsomeswirls.

Back&Forth: 10- 100agentsmove backandforth along
aline. This testis run side-by-sidewith OpenSteeto com-
parethe numberof collisionsof unmodi ed OpenSteewxs.
OpenSteecombinedwith ClearRath. With bothtechniques,
we seesomeagentssmoothly avoiding eachother How-
ever, whenClearRith local collision avoidancealgorithmis
addedwe seeall agentsvoiding penetrations.

5.1.2. Complex Scenarios

We setupdifferentscenariosindalsomeasure¢hescalability
of thealgorithmaswe increasehe numberof agents.

Building Evacuation: Theagentamove towardsthegoal
positionscorrespondingo the exit signs(Fig. 1). We use
three versionsof this scenariowith 500 (Evac-500), 1K
(Evac-K) and5K (Evac-XK) agents.

Stadium Scene:We simulatethe motion of 25K agents
asthey exit from their seatout of a stadium.The scenehas
aroundl:4K obstaclesThe agentamove towardsthe corri-
dorsandwe obsere congestiorand highly-pacled scenar
ios. We denotethis benchmarlasStad-2K.

City Simulation: We usea city modelwith buildingsand
streetswith 1:5K obstaclesThe agentsmove at different
speedsindovertale eachotherandavoid collisionswith on-
comingagentsWe simulatethreeversionswith 10K (City-
10K), 100K (City-100K) and250K (City-250) agents.
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Figure 7: Performance(FPS)of P-ClearRath on SSE(left most
column)and Larrabee (with different units) architectures. Target
FPSrangeof 30  60is highlighted.

5.2. Parallel Implementation

We parallelizedour algorithm acrossmultiple agentssince
the computationperformedby eachagentis local and in-

dependenibf the remaining ones. Speci cally, we tested
ClearRathperformancen two kindsof parallelprocessors:

1. Multi-cor e Xeon processors:A PC workstation with

a Intel quad-coreXeon processor(X5460) running at

3.14 GHz with 32KB L1 and 12MB L2 cache.Eachcore

runs a singlethread.Thereis no supportfor gather/scatter
operations.

2. Many-core Larrabee simulator: Larrabeg[SCS 08] is

an x86-basedmary-core processorarchitecturebasedon

smallin-ordercores A Larrabegrocessocoreconsistof a
vectorunit (VPU) togethemwith ascalamunitaugmentedvith

4-way multi-threading VPU supportsl 6 32-bit oat or inte-
geroperationgerclock.Eachcorehas32KB L1 and256KB
L2 cacheHardwaresupportfor masking gather/scatteand
packinstructionsallows usto exploit the substantiaamount
of ne-grainedparallelismin P-ClearRth.

5.2.1. Data-Parallelism

Fig. 6 shawvs the improvementdue to SSEinstructionsfor
P-ClearRth on Xeon processorsWe obsene only about
25 50%speedupvith SSEinstructionsasXeonprocessors
do not supportscatterandgatherinstructions Fig. 7 shavs
the performancef P-ClearRthon SSEandLarrabeearchi-
tecturesFor Larrabeeywe measuregerformancén termsof
Larrabeaunits.A Larrabeeunitis de nedto beoneLarrabee
corerunning at 1 GHz. The reportedperformancedatais
derivedfrom detailedperformanceimulationusingacycle-
accuratesystermsimulator whichis usedin andvalidatedfor
designingintel multi-coreCPUs.

5.2.2. Thread-Level Parallelism (TLP)

One of the issuesthat affects scalingis the load balanc-
ing amongstdifferent threads.Someagentsin densesce-
nariosmay performmorecomputationghanthosein sparse
regions, as they considermore neighbors within the dis-
creteoptimizationcomputationHence a static partitioning
of agentsamongsthe threadsmay suffer from severe load

balanceproblems,especiallyin simulationswith few num-
ber of agentsfor large numberof threadsThe mainreason
is that the agentsassignedo somespeci ¢ thread(s)may
nish their computatiorearly, while the remainingonesare
still performingcomputationsWe usea schemebasedon
dynamicpartitioningof agentgo reducetheloadimbalance.
Speci cally, we useTaskQueuegMKH90], anddecompose
the executioninto paralleltasksconsistingof smallnumber
of agents.This allows the runtime systemto schedulethe
taskson differentcores.In practice,we improve our scal-
ing by more than 2X ascomparedo static partitioning for
16 threadsWe obsere this speedupn smallgamelike sce-
narioswith tensor hundredf agents By exploiting TLP,
P-ClearRith achiezes around3:8X parallel speedupn the
quad-core.

Additionally, in Larrabeewe also evaluatedthe combined
bene ts of TLP and data-level parallelism.Running four

threadgpercore theworkingset ts in L1 datacacheandthe

implementationis not sensitve to memorylateng issues.
16-wideSIMD providesaround4 X scalingoverscalarcode.

Hardware gather/scatteprovides 50% additional speedup,
resultingin 4.5X scaling.The packinstructionsprovide ad-

ditional scalingto achieve the overall 6.4X scaling.

6. Analysisand Comparisons
6.1. Performance Analysis

A key issuefor mary interactie applicationss thefraction
of processocyclesthatareactuallyspentin collision avoid-
anceand multi-agentsimulation. Collision avoidancecan
take a high fraction of frametime, especiallywhenwe are
dealingwith densescenariosith a high numberof agents.
The left-hand side graphin Fig. 7 highlights the perfor
manceon simulationswith 5K and25K agentsP-ClearRth
achievesreal-timesimulationratesof 30 60FPSwith only
onelLarrabeeunit of computationUsing 64 Larrabeeunits,
thiswould take up lessthan2% of thetotal computatiortime
andtherestof theremaining98%time couldbeusedfor Al,
Physics,behaior, renderingandrelatedcomputationsEven
on a quad-coreXeon CPU, P-ClearRth takes up only 20%
of theavailablecomputatiortime for 5K agentsAs aresult,
P-ClearRth runningon a commodity mary-core processor
may be fast enoughfor game-like scenesThe right-hand
sidegraphin Fig. 7 highlightsthe scalability of ClearRith
on large simulations.For a simulationwith 100K to 250K
agentsyve obsenereal-timerateswith 32-64Larrabeaunits.
Theruntimeis afunctionof thenumberof agentsgoals,ob-
staclesandthe compleity of theroadmap.

6.2. Behavioral Analysis

Evaluatingbehaior of the simulationis dif cult, asthere
is no clearstandardor the "right way" to avoid collisions,
especiallyamonga high numberof agentsin a densesce-
nario.However qualitatvely, ascanbeseenfrom thevideos,
ClearRath resultsin smoothcollision free motion. Despite
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Figure 8: A snapshobf the 80 agent Bak&Forth demo.Open-
Steer(ontheleft) averages16 collisionsper frame Whencombined
with ClearPath (on the right) the simulationis collision free Two
particularly egregiouscollisionsare circledin red.

thelargeincreasedn speedwe still provide behaior thatis
similarto theoriginal RVO-Library.

Quantitatvely, we can directly measurethe number of
times agentsare colliding. In the 80 agentversion of the
Back&Forth benchmarkOpenSteeagentswere colliding
with eachothernearly16 timesperframe.In contrastwhen
ClearRath was addedthere were no collisions amongthe
agentover the entiresimulation(Fig. 8). As the densityin-
creaseOpenSteemay resultin more collisions, whereas
usingClearRathor addingit to OpenSteeresultsin virtually
no collisionsregardlesof the densityof theagentqFig. 9).

6.3. Comparisonand Limitations

In this section,we comparethe featuresof the multi-agent
or crowvd systemghat usethe parallelcapabilitiesof GPUs
or multiple CPUs. Our multi-agent systembasedon P-

ClearRath can handle heterogeneousgents,global navi-

gation and supportcollision responsebetweenthe agents.
Some earlier algorithms also offered similar capabilities.
TheseincludeParallel-SFM[QMHz03, whichis animple-
mentatiorbasedn a socialforcemodelthatparallelizeghe
simulation processover 11 PCsand usedfor simulations
with thousand®f agents.Sudet al. [SAC 07] usedGPU-
baseddiscretizedvoronoi diagramsfor multi-agentnaviga-

tion (MANG), but this approactdoesnt scaleto large num-
ber of agents.lt is hardto make direct comparisonswith

Parallel-SFMand MANG, asthey have very different be-
havior thanour system.

RecentlyBleiweiss[Ble09 portedtheRVO library to the
NVIDIA GTX280 architectureAs comparedo their GPU
performanceiumbersP-ClearRthis aroundl.8X fasteron
guad-coreXeon,andaround4.9X fasteron 8 Larrabeeunits.
Thereare otherapproacheshat can handlesomecomple
scenariosButit is hardto make directcomparisorwith them
becaussomeof theunderlyingfeatureof theseapproaches
aredifferent.FastCravd [CMO04] is animplementatiorof a
similar socialforce model on a single GPU, but it doesnt
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Figure 9: Asdensityincreasesthe numberof collisionsper frame
in OpenSteemcreasesUsing ClearRath on its own, or combining
OpenSteewith ClearPath resultsin practically no collisions.

includecollision responsePSCravd [Rey06] implementsa
simple ocking modelonaCell Processqibut providesonly
limited collision avoidance ContinuumCrowds[TCPO0q is
designedto handle homogeneougroupsof large agents.
It achievesimpressie performancdor large homogeneous
groups,butis inappropriatgor heterogeneousrowds.

Limitations: ClearRthhassomelimitations.TheFVO con-
straintshighlightedin Section3.2areconserative. It is pos-
siblethatthereis a collision free pathfor theagentsput our
algorithmmaynotbeableto computedt. Moreover, we com-
putea new velocity for eachagentyv™, which canchange
behaior of the agentsor their pathfor the restof the sim-
ulations.The dataparallelalgorithm canobtainup to 50%
improvementasa function of SIMD width andthe perfor
mancevariesbasedn cachesizeandmemorybandwidth.

7. Conclusionsand Futur e Work

In this paper we presenta robust algorithm for collision

avoidanceamong multiple agents.Our approachis gen-

eral and works well on complex multi-agentsimulations
with tightly-pacled and densescenarios.The algorithm

is almost one order of magnitudefasterthan prior VO-

basedpproachedMoreover, ouralgorithmcanbecombined
with othercrowd simulationsystemsand usedto generate
collision-free motion for eachagent(e.g. OpenSteer)We

describea parallel extensionusing data-leel and thread-
level parallelismand usethat for real-timecollision avoid-

ancein scenariosvith hundredf thousandsf agents.

Therearemary avenuesfor future work. We would like
to port P-ClearRthto mary-coreGPUsandevaluateits run-
time performanceWe would like to compareand validate
the agentbehaior generatecby ClearRath with other re-
centtechniquedqe.g.[KSHF09) and real-world data.Our
generafframevork canbe extendedo uselinearconstraints
to maintain a corvex region of admissiblevelocities, al-
lowing for potentialperformancémprovement§ BGLMO09].
An interestingextensionwould beto incorporateothercon-
straintsrelatedto humandynamicsandhumanbehaior with
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ClearRrath.Finally, we wouldlik e to integrateClearRathwith
moderngameengines.
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Appendix A. Derivations and Proofs

A.1. Derivations of Gag(Vv) and gag(V)

() ()

Figure 1: Derivationof (a) Gag(v) and (b) gag(V)

For symbolsreferto Section3.2

; ing = (fa*rs)
In Fig. 1(a),sina = Tons) . Therefore,

h=tan sin *((ra+ re)=ipasi) (iPasi (ra+ re))
M is computedasfollows:

M= (jpagi (ra+ re))Pas+ (va+ vg)=2

GV =1 M (B2h):pRe (Sec3.2)

To derive gag(V), we de ne jvj = d (referto Fig. 1(b)).
teollision = (VA + vB)=2+ d=(2DT)

Usingthetrianglecosinerule,

q
d=(pas) ¢  ((Pas) )2 jpagi®+ (ra+ rg)2
Therefore,
Va+ V|
Gp(v) = 5
0 q 5
v 02 jpagj<+ +rg)2
+\7@(pAB) v ((paB) V)2 jpagi“+ (ra+ ) A

2 DT

A.2. Proofof Lemma 1l

We prove by contradiction.Let Vi** not be on the edgeof

oneof thesggmentf PCRandsayit minimizesthedistance
from v4eS, Considercircle of radiusgvi®'  v4§ centered
atvii® (e> 0). Thecircleis completelyoutsidethe PCR, and

we have apointvh® + e (Vi v1®) thatis outsideandat

adistanceof (1  @)jvi®  v4e§ from v4®S. Thuswe arrive

atacontradictionThereforeya®' mustlie onthe boundary
segmentof oneof theneighbors.

A.3. Proof of Lemma?2

This follows from the factthatthe truncatedconesarecon-
vex regions. Henceonce we identify a point that is out-
side the remainingtruncatedcones the subsgmentbefore
it would be inside or outside.We usethis factto compute
theinside/outsideegionson the constraintoneboundaries.
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ClearRithSteps || % Time Breakdavn | SIMD Scaling
Stepl 14% 7.9X
Step2 39% 5.6X
Step3 21% 5.9X
Step4 13% 9.3X
Step5 13% 5.6X
Total 100% 6.4X

Table B.1: Averagetime (%) spentin varioussteps(Section3.5)
of ClearPath and the correspondingSIMD scalability on Larrabee
simulatorof executioncyclesas compaedto the scalarversion.

System Hardware Year | Agents | FPS
FastCravd GPU 2005 | 10,000 | 3%
Cont.Crowds CPU 2006 | 10,000 5
PSCravd Cell (6 SPUs) | 2006 | 15,000 8
ClearRath 4 Cores 2009 | 10,000 | 36
ClearRath LRB (32Cores) | 2009 | 10,000 | 302

Table B.2: PerformanceComparisorwith other crowd simulation
systems’ includesrenderingtime

A.4. Proof of Theorem1

All theagentsarein a collision-freestateif theresultantve-
locity is outsidethe VO of its neighbors.FVOLéi (v) and
FVORSi(v) ensurethatthe resultantvelocity is outsidethe
RVO of the neighboringagents Furthermorefor every pair
of agentsFVOcéi (v) ensureghatwe areon the sameside
of the line joining the centersof the agents.Henceit fol-
lows from RVO pairwise collision-freepropertyby Berg et
al. [vdBLMO08] thatall pairsof agentsarecollision-freew.r.t
eachother andhencethe systemis in a collision-freestate.

Appendix B. Performance Comparison

TableB.1 shavs the SIMD scalingachieved by eachof the
stepsof ClearRath(Section3.5). We performpackingopera-
tionsto handlepathdivergenceandearly terminationof the
agentconeintersectiorandinside/outsideomputation.

TableB.2 providesperformancenumbersf recentcrovd
simulationsystems Sincethe simulationsrun on different
benchmarkswith varying behaiors and on different sys-
tems,it is notfair to directly comparehereportedruntimes.
The performancenumbersaregivenonly to provide arough
ideaof therelative performanceSomeof the othersystems
useonly afew groupsof agentgpursuingafew distinctgoals,
while our simulationgreateachagentindividually with het-
erogeneoubehaiors.



