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Abstract

We presenta new local collision avoidancealgorithm betweenmultiple agentsfor real-timesimulations.Our
approach extendsthe notion of velocity obstaclesfrom roboticsand formulatesthe conditionsfor collision free
navigationasa quadratic optimizationproblem.We usea discreteoptimizationmethodto ef�ciently computethe
motionof each agent.Thisresultingalgorithmcanbeparallelizedbyexploitingdata-parallelismandthread-level
parallelism.Theoverall approach, ClearPath, is general and can robustly handledensescenarioswith tensor
hundredsof thousandsof heterogeneousagentsin a few milli-seconds.Ascomparedto prior collision avoidance
algorithms,weobservemore thananorderof magnitudeperformanceimprovement.

1. Intr oduction

Multi-agentsystemsareusedto modela network of loosely
coupleddynamicunits,oftencalledagents.Basedon thepi-
oneeringwork on distributedbehavior modelsby Reynolds
[Rey87], the study of multi-agent simulation has grown
tremendouslyoverthelasttwo decades.Many simulational-
gorithmshave beendevelopedbasedon simplemodelsand
local rules.Besidescomputergraphics,multi-agentsystems
arewidely usedto modelthedynamicsof crowds,robotsand
swarmsin traf�c engineering,virtual environments,control
theory, andsensornetworks.

In this paper, we addressthe problemof real-timecolli-
sion avoidancein multi-agentsystemsthat usedistributed
behavior models.Themotionof eachagentis typically gov-
ernedby somehigh-level formulationandlocal interaction
rules (e.g. collision avoidance).It is importantthat agents
do not collide with their neighbors.Collision avoidancecan
quickly becomea majorcomputationalbottleneckin multi-
agentsimulations,especiallyin tightly packed scenarios.
This is an importantissuein computergames,as the sys-
temmayonly beableto devote lessthan5% of processing
cyclesto collision avoidanceandbehavioral computations.
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Figure 1: Building evacuation:1;000independentagentsin dif-
ferent roomsof a building move towards the two exit signs and
causecongestion.Our new parallel collision avoidancealgorithm,
P-ClearPath can ef�ciently perform local collision avoidancefor
all agents in such tight packed simulationsat 550 FPS on Intel
quad-coreXeon(3:14GHz)processor, and4;500FPSona 32-core
Larrabeeprocessor. Our algorithmis an order of magnitudefaster
thanprior velocity-obstaclebasedalgorithms.

Furthermore,applicationssuchaslarge-scaleurbansimula-
tionsoftenneedto simulatetensor hundredsof thousandsof
heterogeneousagentsat interactive rates.

One of our goals in studying the computationalissues
involved in enabling real-time agent-basedsimulation is
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Figure 2: DenseCircle Scenario: 1;000 agentsare arranged uniformly arounda circle and move towards their antipodalposition.This
simulationrunsat over1,000FPSonan Intel 3.14GHzquadcore, andover8,000FPSon32Larrabeecores.

to exploit current architecturaltrends.Recentand future
commodityprocessorsare becomingincreasinglyparallel.
Speci�cally, current GPUs and the upcoming x86-based
many-coreprocessorLarrabeeconsistof tensor hundredsof
cores,with eachcorecapableof executingmultiple threads
andvector instructionsto achieve higherparallel-codeper-
formance.Therefore, it is important to design collision
avoidanceandsimulationalgorithmssuchthat they canex-
ploit substantialamountsof �ne-grainedparallelism.

Main Results:Wepresentahighly parallelandrobustcol-
lision avoidanceapproach,ClearPath, for multi-agentnavi-
gation.Our formulationis basedon theconceptof velocity
obstacles(VO) that was introducedby Fiorini and Shiller
[FS98] in roboticsfor motionplanningamongdynamicob-
stacles.Weuseanef�cient velocity-obstaclebasedformula-
tion that canbe combinedwith any underlyingmulti-agent
simulation.We show that local collision avoidancecompu-
tationscanbe reducedto solving a quadraticoptimization
problemthat minimizesthe changein underlyingvelocity
of eachagentsubjectto non-collisionconstraints(Section
3). We presenta polynomial-timealgorithm for agentsto
computecollision-free,2D motion in a distributedmanner.
In practice,ClearPath is morethanoneorderof magnitude
fasterthanprior velocity-obstaclebasedmethods.

We show that ClearPath is amenableto data-parallelism
and thread-level parallelismon commodityprocessorsand
presenta parallelextensionin Section4. Theresultingpar-
allel extension,P-ClearPath,exploits thestructureof ourop-
timization algorithm and architecturalcapabilitiessuchas
gather/scatterand pack/unpackto provide improved data-
parallel scalability. We evaluate its performancein var-
ious scenarioson different platforms like current multi-
core CPUs and the upcomingmany-core processorcode-
namedLarrabee.In practice,P-ClearPath demonstrates8-
15X speedupon a conventionalquad-coreprocessorover
prior VO-basedalgorithmson similar platforms.Whenexe-
cutedonaLarrabeesimulatorwith 32-64cores,P-ClearPath
achievesadditionalspeedupof up to 15X, resultingin up to
100-200Xspeedupover prior VO-basedapproaches(Sec-
tion 5). Overall per frame, for simple game-like scenar-
ios with a few hundredagents,P-ClearPath takes about
2.5 millisecondson a single Larrabeecore, while a com-

plex simulationwith few hundredsof thousandsof hetero-
geneousagentstakesonly 35 millisecondson thesimulated
64-coreLarrabeeprocessor. To the bestof our knowledge,
P-ClearPath is the �rst scalableapproachthat performsro-
bust collision avoidancein multi-agentsimulationswith a
few hundredthousandagentsat interactive rates.

2. RelatedWork

Different techniqueshave beenproposedto model behav-
iors of individualagents,groupsandheterogeneouscrowds.
Excellentsurveys have beenrecentlypublished[TOCD06,
PAB08]. These include methodsto model local dynam-
ics and generateemergent behaviors [Rey87, Rey99], psy-
chological effects and cognitive models [YT07], cellular
automatamodelsand hierarchicalapproaches.We brie�y
overview relatedwork in collisiondetectionandavoidance.

2.1. Collision detectionand path planning

Thereis a rich literatureondetectingcollisionsbetweenob-
jects.Many fastalgorithmshave beenproposedfor check-
ing whethertheseobjectsoverlapat a given time instance
(discrete collision detection) or over a one dimensional
continuousinterval (continuouscollision detection)[Eri04].
Optimizationtechniquesfor local collision detectionhave
beenproposedfor a pair of objects,including separation
or penetrationdistancecomputationbetweenconvex poly-
topes[Cam97,Lin93] andlocal collision detectionbetween
convex or non-strictlyconvex polyhedrawith continuousve-
locities[FT87,KLK � 08].

The problemof computingcollision-freemotion for one
or multiple robotsamongstatic or dynamicobstacleshas
beenextensively studiedin robotmotionplanning[LaV06].
Theseincludeglobalalgorithmsbasedon randomizedsam-
pling, local planning techniquesbasedon potential �eld
methods,centralizedand decentralizedmethodsfor multi-
robot coordination,etc. Thesemethodsareeither too slow
for interactive applicationsor maysuffer from localminima
problems.

2.2. Collision avoidance

Collisionavoidanceproblemshavebeenbeenstudiedin con-
trol theory, traf�c simulation,roboticsandcrowd simulation.
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Differenttechniqueshavebeenproposedfor collisionavoid-
ancein groupandcrowd simulations[MT97,Rey99,SNH01,
LD04,HBJW05,FN06,TOCD06,SGA� 07]. Thesearebased
on local coordinationschemes,velocity models,prioritiza-
tion rules, force-basedtechniques,or adaptive roadmaps.
Othertechniques[YMMT08] have usedLOD techniquesto
trade-off �delity for speed.

The notion of velocity obstacles(VO) wasproposedfor
motionplanningin dynamicenvironmentsandhasbeenex-
tendedto dealwith uncertaintyin sensordata[FS98,FSL07,
KP07]. Recently, Berg et al. [BLM08, BPS� 08] extended
theVO formulationfor reducingcollisionsbetweenagents.
Berg's techniquehowever, relieson extensive samplingfor
computingcollision free velocitieswhich preventsfast im-
plementations.Otherextensions[SLS01, PPD07] have also
beenproposed.However, thesetechniquesprovide higher-
order path-planningwith implementationsthat are not yet
fastenoughfor very largesimulations.

3. Local Collision Avoidance

In thissection,wepresentourcollisionavoidancealgorithm.
Ourapproachis generalandcanbecombinedwith different
crowd andmulti-agentsimulationtechniques.

Assumptionsand Notation: Weassumethatthescenecon-
sistsof heterogeneousagentswith staticanddynamicobsta-
cles.Thebehavior of eachagentis governedby someextrin-
sic and intrinsic parametersandcomputedin a distributed
mannerfor eachagentindependently. The overall simula-
tion proceedsin discretetime stepsandwe updatethestate
of eachagent,includingits positionandvelocityduringeach
time step.Giventhepositionandvelocitiesof all theagents
at a particulartime instantT, anda discretetime interval of
DT, our goalis to computea velocity for eachagentthatre-
sultsin nocollisionsduringtheinterval [T;T + DT]. Wewill
recomputethisvelocity for everyagent,every timestep.

Wealsoassumethattheagentsaremoving ona2D plane,
thoughourapproachcanbeextendedto handleagentsmov-
ing in 3D space.At any time instance,eachagenthasthein-
formationaboutthepositionandvelocity of nearbyagents.
Thiscanbeachievedef�ciently by storingthestateof every
agentin a KD-tree.We representeachagentusinga circle
or convex polygon in the plane.If the actualshapeof the
agentis non-convex, we useits convex hull. The resulting
collision-avoidancealgorithmbecomesconservative in such
cases.In therestof thepaper, we describethealgorithmfor
circular agents,however we notethat our algorithmcanbe
easilyextendedto otherconvex shapes.Given an agentA,
we usepA, rA, andvA to denoteits position,radiusandve-
locity, respectively. We assumethat the underlyingsimula-
tion algorithmusesintrinsic andextrinsic characteristicsof
the agentor somehigh level modelto computedesiredve-
locity for eachagent(vdes

A ) during the time step.Let vmax
andamax representthemaximumvelocity andacceleration,
respectively, of theagentduringthis timestep.Furthermore,
q? denotesa line perpendicularto line q.

3.1. Velocity Obstacles

Our approachis built on velocity obstacles[FS98]. We use
the notion of Minkowski sum,A� B, of two objectsA and
B andlet � A denotethe objectA re�ected in its reference
point.Furthermore,let l (p;v) denotethea ray startingat p
andheadingin thedirectionof v: l (p;v) = f p + tv j t � 0g:

Let A beanagentmoving in theplaneandB bea planar
(moving) obstacleon thesameplane.Thevelocity obstacle
VOA

B(vB) of obstacleB to agentA is de�ned asthesetcon-
sistingof all thosevelocitiesvA for A that will result in a
collision at somemomentin time (t � T) with obstacleB
moving at velocityvB. Thiscanbeexpressedas:

VOA
B(vB) = vA j l (pA;vA � vB) \ B� � A 6= ;

This region has the geometric shapeof a cone. Let
f (v;p;µ) denotethedistanceof point v from p alongµ:

f (v;p;µ) = f (v � p) � µg

Henceforth,theregion insidetheconeis representedas

VOA
B(v) = (f (v;vB;p?

ABlef t ) � 0) ^ (f (v;vB;p?
ABright ) � 0);

wherep?
ABlef t andp?

ABright aretheinwardsdirectedraysper-
pendicularto the left and right edgesof the cone,respec-
tively. TheVO is aconewith its apex at vB (Fig. 3(a)).

Recently, VandenBergetal. [BLM08,BPS� 08] presented
an extensioncalled RVO. The resultingvelocity computa-
tion algorithmguaranteesoscillation free behavior for two
agents.An RVO is formulatedby moving theapex of theVO
conefrom vB to (vA+ vB)

2 . If A hasN nearbyagents,we ob-
tain N cones,andeachagentneedsto ensurethatits desired
velocity for thenext frame,vdes

A , is outsideall theN velocity
obstacleconesto avoid collisions.RVO algorithmperforms
randomsamplingof the2D spacein thevicinity of vdes

A , and
heuristicallyattemptsto �nd asolutionthatsatis�esthecon-
straints.However, this may not �nd a collision-freeveloc-
ity even if thereis a feasiblesolution.SinceRVO usesin�-
nite cones,the extent of the feasibleregion decreasesasN
increases.In practice,RVO formulationcanbecomeoverly
conservative for tightly packedscenarios.

3.2. Optimization Formulation for Collision Avoidance

In this section,we posethe local collision avoidanceprob-
lem for N agentsasa combinatorialoptimizationproblem.
We extendtheVO formulationby imposingadditionalcon-
straintsthatcanguaranteecollisionavoidancefor eachagent
duringthediscreteinterval.Wetakeinto accountthediscrete
time interval andde�ne a truncatedcone(FVO) to represent
thecollisionfreeregionduringthetimeinterval correspond-
ing to DT. This truncationis a similar ideato otherwork in
robotics[FS98], however we extendthetechniquefrom one
agentmoving throughunresponsive dynamicobstacles,to
handleseveralresponsive agentsmoving 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) TheVelocityObstacleVOA
B(vB) of a disc-shapedobstacleB to a disc-shapedagentA. ThisVO representsthevelocitiesthat

couldresultin a collisionof A with B (P CR ). (b) FVOA
B(vB) of a disc-shapedobstacleB to a disc-shapedagentA. Thisformulationtakesinto

accountthe time interval for local collision avoidance. (c) ClassifyingFVO boundarysubsegmentsas Inside/Outsideof the remainingFVO
regions.Theseclassi�cationsareusedto computea non-collidingvelocityfor each agent.

de�ned usinga total of four constraints.The two boundary
coneconstraintsof theFVO aresameasthatof RVO:

FVOL
A
B(v) = f (v; (vA + vB)=2;p?

ABlef t ) � 0

FVOR
A
B(v) = f (v; (vA + vB)=2;p?

ABright ) � 0

Additionally, we imposetwo more typesof constraints:
Type-I Constraint - Finite time interval: Weonly guar-

anteecollision avoidancefor thedurationDT. We compute
a �nite subsetof theRVO conethatcorrespondsto the for-
biddenvelocities that could lead to collisions in DT. The
truncatedcone(expressedasshadedregion in Fig. 3(b)) is
boundedby a curve gAB(v) (derivation is given in the ap-
pendix).Due to ef�ciency reasons,we replacegAB(v) with
aconservative linearapproximationGAB(v). In practice,this
increasestheareaof the truncatedconeby a smallamount.
Thisadditionalconstraintis representedas:FVOT

A
B(v) =

GAB(v) = l
�

M � dp?
ABh; p?

AB

�
;where

h = tan
�

sin� 1 rA + rB

jpABj

�
(jpABj � (rA + rB)) ;and

M = (jpABj � (rA + rB)) dpAB+
vA + vB

2

Type-II Constraint - Consistentvelocity orientation:
A suf�cient 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]. Wehaveeachagentpasson thesideclosest
to its currentvelocity, imposedby: FVOC

A
B(v) = (f (v; (vA +

vB)=2; f (vA;vB;p?
AB)p?

AB) � 0). This is alsoa conservative
formulationto guaranteecollision-freemotion.

Any feasiblesolution to all constraints,which are sep-
aratelyformulatedfor eachagent,will guaranteecollision
avoidance.In our technique,we computein a distributed
manner, a new, constraintsatisfyingvelocity for eachagent
which minimizes the deviation from vdes

A – the velocity
desiredby the underlyingsimulationalgorithm. Let B1,..,
BN representtheN nearestneighborsof anagentA. Wepose
the computationof a new velocity (vnew

A ) as the following
optimizationproblem:

Minimize k(vnew
A � vdes

A )k2 suchthat

)(1
new
A

A
BL vFVO )(1

new
A

A
BR vFVO )(1

new
A

A
BT vFVO( (~ ~ ~ )(1

new
A

A
BC vFVO~

·
( (

··
)(N

new
A

A
BL vFVO )(N

new
A

A
BR vFVO )(N

new
A

A
BT vFVO( (~ ~ ~ )(N

new
A

A
BC vFVO~( (

This is aquadraticoptimizationfunctionwith non-convex
linearconstraintsfor eachagent.It canbeshown to beNP-
Hard[Kan00] for non-constantdimensionsvia reductionto
quadraticintegerprogramming. It hasapolynomialtimeso-
lution whenthedimensionalityof theconstrainsis constant
– two in ourcase.

We refer to union of eachneighbor's FVO as its poten-
tially colliding region (PCR ), and the boundarysegments
of eachneighbor's FVO ascollectively theBoundaryEdges
(BE). BE consistsof 4N boundarysegments– 4 from each
neighborof A. We exploit thegeometricnatureof theprob-
lemto derive thefollowing lemma(proof in appendix):

Lemma 1: If vdes
A is insidePCR , vnew

A mustlie onBE.

In many simulations,thereare 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 thequadraticoptimizationprob-
lem doesn't satisfy thesebounds,we relax the constraints
by removing the furthestagentfrom A, andrecomputethe
optimalsolutionby consideringonly N � 1 agents.This re-
laxationstepis carriedonuntil anoptimalsolutionsatisfying
all theconstraintsis obtained.

3.3. ClearPath-1: GuaranteedCollision Avoidance

A key aspectof ouralgorithmis toderiverigorousconditions
for collisionavoidanceduringagiveninterval. This is given
by thefollowing theorem(with aproof in theappendix):

Theorem 1: If ClearPath �nds a feasiblesolution for
all the agents,then the resultantpath is guaranteedto be
collision-free.
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Basedon thecollision freeguarantees,weusethefollowing
algorithmto computecollision freepathfor eachagent.

ClearPath-1: Our goal is to computea collision-freepath
during discretetime interval DT. In casethereexists a fea-
sible solution to the optimization algorithm, we have a
collision-freesolution.However, it is possiblethat the op-
timization algorithmmay not �nd a feasiblesolution.It is
possiblethat theremaybeno collision-freepathfor theen-
tire interval or ourconstraintsareoverly conservative.In this
case,we reducethe time interval to (DT/2) andrecompute
the constraintsandthe feasiblesolutionfor a shorterdura-
tion. Thisprocessis repeatedtill we �nd a feasiblesolution.

3.4. ClearPath-2: RelaxingCollision Constraints

It is possiblethatthealgorithmhighlightedabove mayneed
to considera very short interval to �nd a feasiblesolution.
Every stepof thebisectionapproachinvolvessolvinga new
optimizationproblem.Furthermore,theType-II constraintin
theoptimizationformulationcanbeoverly restrictive.In this
case,we presentan alternatealgorithmthat only considers
Type-I constraintsin termsof theoptimizationformulation.
The resultingalgorithm, ClearPath-2, computesvnew

A with
respectto 3N constraints.In thiscase,someagentsmaycol-
lide andweusethefollowing schemeto resolvecollisions.

Collision Resolution: In caseswhenagentsarecolliding,
they shouldchoosea new velocity that resolves the colli-
sionasquickly aspossible.Thisresultsin anadditionalcon-
straintin velocity spacethatwe conservatively approximate
asa cone.In this case,thePCR is theintersectionbetween
two circles.The �rst circle is the setof maximalvelocities
reachableby anagentin asingletimestep(acircleof radius
amax� DT). Thesecondcircle is theMinkowski difference
of thetwo agents:B� � A. Theregionwhich lies in the�rst
circle, but not the secondis the setof velocitieswhich es-
capesthe collision in onetime step.The region which lies
in bothcirclesarereachablevelocitieswhich fail to resolve
the collision next time step.This areais conservatively ap-
proximatedwith acone,creatinganadditionalconstraintfor
any colliding agents.Theseconstraintsarecombinedwith
theexisting PCR from theneighboringagents.A colliding
agent's preferredvelocity is setto zeroso that the smallest
possiblevelocitywhichresolvesthecollisionis chosen.This
will minimizeoscillationsdueto collision resolution.

3.5. ClearPath Implementation

We usethemathematicalformulationto designa fastalgo-
rithm to computea collision-freevelocity for eachagentin-
dependently. Specially, weexploit Lemma1 andcomputeall
possibleintersectionsof theboundarysegmentsof BE with
eachother. ConsidersegmentX in Fig. 3(c). Thek intersec-
tion pointsof theFVO region labeledasX1, .. , Xk. Notethat
thesepointsarestoredin a sortedorderof increasingdis-
tancefrom thecorrespondingendpoint (X0) of thesegment.
We further classifyeachintersectionpoint asbeing Inside

or Outsideof PCR . After performingthis classi�cation,we
now classifythesubsegmentsbetweenthesepointsasbeing
InsideorOutsideof thePCR , basedonthefollowing lemma
(proof in appendix):

Lemma 2: The�r stsubsegmentalonga segmentis classi-
�ed asOutsideiff bothits endpointsare taggedasOutside.
Anyothersubsegmentis classi�edasOutsideiff bothits end
pointsareOutside, andthesubsegmentbeforeit is Insidethe
PCR .

For example,both X0 andX1 aretaggedasOutside, and
hencethesubsegmentX0X1 is taggedasOutside. However,
thesubsegmentX1X2 is taggedasInsidesinceX0X1 is Out-
sidethePCR . TheclosestpointontheOutsidesubsegments
of BE is thenew velocity.

ClearPathperformsthefollowing stepsfor eachagent:
Step0. Givenanagent,querytheKD-treefor theN nearest
agents,andcomputetheFVO constraintsto arriveatBE.
Step1. Computethenormalsof theeachsegmentin BE.
Step2. Computetheintersectionpointsalongeachsegment
of BE with theremainingsegmentsof BE.
Step3. Classifythe intersectionpointsasInsideor Outside
of thePCR .
Step 4. Sort the intersectionpoints for eachsegmentwith
increasingdistancefrom its correspondingendpoint.
Step5. ClassifythesubsegmentsalongeachsegmentasIn-
sideor Outside, andcompute/maintaintheclosestpoint for
theOutsidesubsegments.
Step6. In casetheresultingsolutiondoesnot satisfytheki-
neodynamicor velocity constraints,relaxtheconstraintsby
removing theFVO correspondingto thefurthestneighborby
distance,andrepeatthealgorithmwith feweragents.

For M numberof total intersectionssegmentsin BE, therun-
timeof 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 ClearPaththatcanexploit thecapabilitiesof cur-
rent multi-core CPUsand many-core accelerators.The al-
gorithms describedin this sectionare applicableto both
ClearPath-1andClearPath-2variantsof ClearPath.

ClearPath operateson a per-agentbasisin a distributed
manner, �nding eachagent'snearestneighborsandcomput-
ing a collision-freevelocity with respectto thoseneighbors.
Thereare two fundamentalways of exploring Data-Level
parallelism(DLP).

Intra-Agent: ConsiderFig. 4(a).For eachagent,weexplore
DLP within theClearPathcomputation.Sincetheagentsop-
eratein 2D, they canperformtheir X andY coordinateup-
datesin a SIMD fashion.This approachdoesnot scaleto
widerSIMD widths.
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Agent Pool (Agentnext = Agentcurr ++)

A0 A1 Ak -1Ak -2

gather operation :

Step 1,2,3,4,5

scatter operation :

A2
X coord.

Agent Pool (Agentnext = Agentcurr + K)

Y coord. ´́ ´́ ´

 (b) Inter-Agent SIMDfication(a) Intra-Agent SIMDfication

Gather K agent data structures from 
non-contiguous memory space

pack operation :
Compact agents that takes the same 
control flow during inside/outside test

Scatter computation results back to 
non-contiguous memory space

Take X, Y coordinates per agent

Use only two lanes in 4-wide 
SSE

Step 1,2,3,4,5

Figure 4: Data-Parallel Computations:(a) Intra-Agent SIMD�-
cationfor SSE(b) Inter-AgentSIMD�cation for wideSIMD

Inter -Agent: We canoperateon multiple agentsat a time,
with eachagentoccupying a slot in theSIMD computation.
This approachis scalableto largerSIMD widths,but needs
to handlethefollowing two issues:

1. Non-contiguousdataaccess:In orderto operateon mul-
tiple agents,ClearPath requiresgatheringtheir obstacle
datastructureinto a contiguouslocationin memory. Af-
ter computingthecollision-freevelocity, theresultsneed
to be scattered back to their respective non-contiguous
locations.Suchdataaccessesbecomeaperformancebot-
tleneckwithoutef�cient gather/scatteroperations.

2. Incoherentbranching:Multiple agentswithin a SIMD
registermay take divergentpaths.This degradesSIMD
performance,andis a big performancelimiter duringin-
tersectioncomputationsandinside/outsidetests.Oneor
moreof theagentsmayterminateearly, while theremain-
ing onesmaystill beperformingcomparisons.

CurrentSSEarchitectureson commodityCPUsdo not
have ef�cient instructionsto resolve the above two prob-
lems.Therefore,whenweusedtheintra-agentSIMD�cation
approachwe obtainedonly moderatespeedups(seeSection
5). For theremainderof this section,we focusonexploiting
widerSIMD, with theSIMD width beingK-wide.

P-ClearPath adopts the inter-agent approach,and per-
forms computationon K agentstogether. Fig. 4(b) shows
a detailedmappingof the variousstepsin ClearPath algo-
rithm.For collision-freevelocitycomputation,eachagentAi
is givenasinputits neighboringvelocityobstacles(truncated
cones)andthedesiredvelocity. Thestepsperformedby each
agentaredescribedin Section3.5.

We start by gathering the obstacledatastructureof K
agentsinto contiguouschunksof memoryandthenloading
various�elds asneededby the SIMD operation.Although
eachof thestepslistedtheremapthemselveswell to SIMD,
therearea few importantissuesthatneedto beaddressed.

1. Varying number of neighbors for eachagent: This
affects eachof the steps,decreasingthe SIMD utilization.
For example, if one of the agentsin the SIMD computa-
tion hasN neighbors,andthesecondonehasN/2, thesec-
ondagentis maskedout [SCS� 08] for half of theexecution

anddoesnot performany computation.To addressthis, we
reorderagentsbasedon their neighborcount,and execute
agentsthat have the samenumberof neighborstogetherin
a SIMD fashion.Sincenumberof agentsis relatively small,
reorderingrunsin lineartimeandtakesup insigni�cant por-
tion of runtime.

2. Classifying points asinside/outside:This is themost
importantpartof thealgorithm.While classifyingpointsas
beinginsideor outsideof the truncatedcones,we testtheir
orientationwith respectto eachtruncatedcone.As soonas
it is detectedbeinginsideany of thecones,it doesnot need
to be testedagainstthe remainingcones.However, it is of-
tenthecasethatsomeotherpoint within theSIMD register
is still being testedand the computationfor other lanesis
wasted.In the worst case,the SIMD utilization may be as
low as1/K . We exploit the pack instructions[SCS� 08] to
improve theef�ciency of thisstep.

We adaptthe ClearPath algorithm to improve the ef�-
ciency asfollows.After testingtheorientationw.r.t. the�r st
cone,we pack the pointscontiguouslyasdescribedabove.
In subsequentiterations,the points are loadedand tested
against the next cone,and the processrepeated.Note that
theSIMD codetestseachpoint againstthesamenumberof
pointsasthescalarversionof thecode.However, to improve
SIMD ef�ciency, the pointsarepacked, andthenretrieved
for eachconethey arechecked against.This increasesthe
overhead,but improvestheSIMD ef�ciency to aroundK/3-
K /2. Note thatafter termination,thecomputedresultsneed
to bescatteredto appropriatememorylocations.

With the above discussedmodi�cations, and appropriate
supportfor gather/scatterandpack instructions,P-ClearPath
shouldachieve aroundK/2 SIMD speedupascomparedto
thescalarversion.

5. Implementation and Results

In this section,we describeimplementationof our algo-
rithmsandreportperformanceonvariousbenchmarks.

5.1. Multi-agent simulation

To test ClearPath, we incorporated it into two open-
source crowd/multi-agent simulation systems:the RVO-
Library [BLM08] and OpenSteer[Rey99]. Thesesimula-
tions provide the desiredvelocities,which ClearPath mini-
mally modi�es to provide collision free motion amongthe
agents.A diagramof this processis shown in Fig. 5. New
VelocitieswereappliedusingsimpleEuler integration.The
NearestNeighborList wasobtainedef�ciently usinga KD-
tree.The algorithmfor the Desired Velocity for eachagent
dependson thesimulationandis describedbelow.

RVO-Library: This library providesa globalgoal for each
agentand can perform collision avoidance.We removed
thecollision avoidance,usingClearPathinstead.Theglobal
navigationusesagraph-basedroadmapthatis pre-computed
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Nearest 
Neighbor List

Desired 
Velocity

ClearPath

New Velocity

For Each Agent

Add Timestep
- Update agent positions
- Compute desired velocity

Figure 5: Each time step, for each agent, ClearPath usesthe
agent's desired velocity(from a multi-agent simulation),and its of
nearbyneighborsandcomputesa new minimallyperturbedvelocity
which avoidscollisions.Thisis usedastheagent'snew velocity.

for a given environment.At runtime,A* is usedto search
thegraphandcomputeadesiredpathfor eachagenttowards
its goalposition.Thedirectionalongthepathscaledby the
agent'sdesiredspeedprovidesits desiredvelocity, vdes.

OpenSteer:OpenSteerusessteeringforcesto guideagents
towardstheir goalsandaway from eachother. We cantake
eitherthisoutputasanagent'sdesiredvelocityor optionally
replaceOpenSteer's collisionavoidancewith ClearPath's.

We useddifferent kinds of benchmarksto evaluatethe
performanceof our algorithms.Thesevary from simple
game-like sceneswith a few dozenagentsto complex ur-
bansceneswith tensto hundredsof thousandsof agents.In
our tests,thecollisionavoidancepartof localnavigationcan
take 50%� 80% of the total runtimeandis a major bottle-
neckin the overall multi-agentsystem.Eachagentis mod-
eledasa heterogeneousagentandwe performseparatecol-
lision avoidanceon eachagentin a distributedmanner. All
timingsreportedin thissectionarebasedontheClearPath-2
algorithmdescribedin Section3.5.

PerformanceComparisonof Serial Algorithms: Wecom-
pared the performanceof the serial implementationof
ClearPath with roadmaps,versusthe original RVO-Library
and opensourceimplementationof collision-avoidancein
OpenSteer. All of them were running on a single Xeon
core.Eventhougheachof thesealgorithmsperformsagoal-
directedsimulationwhereeachagenthasadesiredgoal,they
still result in differentagentbehaviors with varyingveloci-
tiesandmotions.

We observe 8� 12X improvementin performancewhen
usingClearPathover theoriginal RVO-Library (Fig. 6), and
theabsoluterunningtime of ClearPathis comparableto the
collision-avoidanceroutine in OpenSteer. However, Open-
Steercanresultin many collisionsamongtheagents(shown
in the video andFig. 8), makinga direct comparisonvery
dif�cult. Fig. 6 shows the performanceof RVO-Library,
ClearPathandP-ClearPath.

5.1.1. Behavior Evaluation

Wesetuparti�cial scenariosto evaluatethelocalnavigation
andsomeemergentbehaviors of ClearPath: lane-formation,
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Figure6: PerformanceofRVO-Library, ClearPathandSSEimple-
mentationof P-ClearPath measured on a singlecore Xeon.Target
FPSrangeof 30� 60 is highlighted.TheClearPath implementation
is about5X fasterthanRVO-Library.

archingat narrow passages,slow down in congestion,re-
sponseto collisions,avoiding eachother, jammingat exits,
swirling to resolvecongestion,vortices,etc.

Cir cle-1K: 1;000agentsstartarrangeduniformly around
a circle andtry to move directly throughthe circle to their
antipodalposition on the other side (Fig. 2). We observe
swirling behavior in themiddle.

4-Streams: 2;000 agentsare organizedas four streams
that walk alongthe diagonalsof the square.This is similar
to the benchmarkin ContinuumCrowds [TCP06], though
ClearPath resultsin different behaviors, including smooth
motion,laneformationandsomeswirls.

Back&Forth: 10- 100agentsmovebackandforth along
a line. This testis run side-by-sidewith OpenSteerto com-
parethe numberof collisionsof unmodi�ed OpenSteervs.
OpenSteercombinedwith ClearPath.With bothtechniques,
we seesomeagentssmoothlyavoiding eachother. How-
ever, whenClearPath local collision avoidancealgorithmis
added,weseeall agentsavoidingpenetrations.

5.1.2. ComplexScenarios

Wesetupdifferentscenariosandalsomeasurethescalability
of thealgorithmaswe increasethenumberof agents.

Building Evacuation: Theagentsmove towardsthegoal
positionscorrespondingto the exit signs(Fig. 1). We use
three versionsof this scenariowith 500 (Evac-500),1K
(Evac-1K) and5K (Evac-5K) agents.

Stadium Scene:We simulatethe motion of 25K agents
asthey exit from their seatsout of a stadium.Thescenehas
around1:4K obstacles.Theagentsmove towardsthecorri-
dorsandwe observe congestionandhighly-packed scenar-
ios.WedenotethisbenchmarkasStad-25K.

City Simulation: Weuseacity modelwith buildingsand
streetswith 1:5K obstacles.The agentsmove at different
speedsandovertakeeachotherandavoid collisionswith on-
comingagents.We simulatethreeversionswith 10K (City-
10K), 100K(City-100K) and250K(City-250)agents.
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Figure 7: Performance(FPS)of P-ClearPath on SSE(left most
column)and Larrabee(with different units) architectures. Target
FPSrangeof 30� 60 is highlighted.

5.2. Parallel Implementation

We parallelizedour algorithmacrossmultiple agentssince
the computationperformedby eachagentis local and in-
dependentof the remainingones.Speci�cally, we tested
ClearPathperformanceon two kindsof parallelprocessors:

1. Multi-cor e Xeon processors:A PC workstationwith
a Intel quad-coreXeon processor(X5460) running at
3.14 GHz with 32KB L1 and 12MB L2 cache.Eachcore
runsa single thread.Thereis no supportfor gather/scatter
operations.

2. Many-core Larrabee simulator: Larrabee[SCS� 08] is
an x86-basedmany-core processorarchitecturebasedon
smallin-ordercores.A Larrabeeprocessorcoreconsistsof a
vectorunit (VPU) togetherwith ascalarunit augmentedwith
4-waymulti-threading.VPU supports1632-bit �oat or inte-
geroperationsperclock.Eachcorehas32KBL1 and256KB
L2 cache.Hardwaresupportfor masking,gather/scatter, and
packinstructionsallowsusto exploit thesubstantialamount
of �ne-grainedparallelismin P-ClearPath.

5.2.1. Data-Parallelism

Fig. 6 shows the improvementdueto SSEinstructionsfor
P-ClearPath on Xeon processors.We observe only about
25� 50%speedupwith SSEinstructionsasXeonprocessors
do not supportscatterandgatherinstructions.Fig. 7 shows
theperformanceof P-ClearPathonSSEandLarrabeearchi-
tectures.For Larrabee,wemeasuredperformancein termsof
Larrabeeunits.A Larrabeeunit is de�nedto beoneLarrabee
core running at 1 GHz. The reportedperformancedata is
derivedfrom detailedperformancesimulationusingacycle-
accuratesystemsimulator, whichis usedin andvalidatedfor
designingIntel multi-coreCPUs.

5.2.2. Thr ead-Level Parallelism (TLP)

One of the issuesthat affects scaling is the load balanc-
ing amongstdifferent threads.Someagentsin densesce-
nariosmayperformmorecomputationsthanthosein sparse
regions, as they considermore neighbors within the dis-
creteoptimizationcomputation.Hence,a staticpartitioning
of agentsamongstthe threadsmay suffer from severeload

balanceproblems,especiallyin simulationswith few num-
berof agentsfor largenumberof threads.Themain reason
is that the agentsassignedto somespeci�c thread(s)may
�nish their computationearly, while theremainingonesare
still performingcomputations.We usea schemebasedon
dynamicpartitioningof agentsto reducetheloadimbalance.
Speci�cally, weuseTaskQueues[MKH90], anddecompose
theexecutioninto paralleltasksconsistingof smallnumber
of agents.This allows the runtime systemto schedulethe
taskson different cores.In practice,we improve our scal-
ing by more than 2X ascomparedto staticpartitioningfor
16 threads.We observe this speedupin smallgamelike sce-
narioswith tensor hundredsof agents.By exploiting TLP,
P-ClearPath achievesaround3:8X parallel speedupon the
quad-core.

Additionally, in Larrabee,we alsoevaluatedthe combined
bene�ts of TLP and data-level parallelism.Running four
threadspercore,theworkingset�ts in L1 datacacheandthe
implementationis not sensitive to memorylatency issues.
16-wideSIMD providesaround4X scalingoverscalarcode.
Hardware gather/scatterprovides 50% additionalspeedup,
resultingin 4.5X scaling.Thepackinstructionsprovide ad-
ditional scalingto achieve theoverall 6.4X scaling.

6. Analysisand Comparisons

6.1. PerformanceAnalysis

A key issuefor many interactive applicationsis thefraction
of processorcyclesthatareactuallyspentin collisionavoid-
anceand multi-agentsimulation.Collision avoidancecan
take a high fraction of frametime, especiallywhenwe are
dealingwith densescenarioswith a high numberof agents.
The left-hand side graph in Fig. 7 highlights the perfor-
manceonsimulationswith 5K and25K agents.P-ClearPath
achievesreal-timesimulationratesof 30� 60FPSwith only
oneLarrabeeunit of computation.Using64 Larrabeeunits,
thiswouldtakeuplessthan2%of thetotalcomputationtime
andtherestof theremaining98%timecouldbeusedfor AI,
Physics,behavior, renderingandrelatedcomputations.Even
on a quad-coreXeonCPU,P-ClearPath takesup only 20%
of theavailablecomputationtimefor 5K agents.As aresult,
P-ClearPath runningon a commoditymany-coreprocessor
may be fast enoughfor game-like scenes.The right-hand
sidegraphin Fig. 7 highlights the scalabilityof ClearPath
on large simulations.For a simulationwith 100K to 250K
agents,weobservereal-timerateswith 32-64Larrabeeunits.
Theruntimeis afunctionof thenumberof agents,goals,ob-
staclesandthecomplexity of theroadmap.

6.2. Behavioral Analysis

Evaluatingbehavior of the simulationis dif�cult, as there
is no clearstandardfor the "right way" to avoid collisions,
especiallyamonga high numberof agentsin a densesce-
nario.Howeverqualitatively, ascanbeseenfrom thevideos,
ClearPath resultsin smoothcollision free motion. Despite
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Figure 8: A snapshotof the 80 agent Back&Forth demo.Open-
Steer(on theleft) averages16collisionsper frame. Whencombined
with ClearPath (on the right) the simulationis collision free. Two
particularly egregiouscollisionsarecircledin red.

the large increasein speed,we still provide behavior that is
similar to theoriginalRVO-Library.

Quantitatively, we can directly measurethe number of
times agentsare colliding. In the 80 agentversionof the
Back&Forth benchmark,OpenSteeragentswerecolliding
with eachothernearly16 timesperframe.In contrast,when
ClearPath was addedthere were no collisions amongthe
agentsover theentiresimulation(Fig. 8). As thedensityin-
creasesOpenSteermay result in more collisions,whereas
usingClearPathor addingit to OpenSteerresultsin virtually
nocollisionsregardlessof thedensityof theagents(Fig. 9).

6.3. Comparisonand Limitations

In this section,we comparethe featuresof the multi-agent
or crowd systemsthatusetheparallelcapabilitiesof GPUs
or multiple CPUs. Our multi-agent systembasedon P-
ClearPath can handle heterogeneousagents,global navi-
gation and supportcollision responsebetweenthe agents.
Someearlier algorithmsalso offered similar capabilities.
TheseincludeParallel-SFM[QMHz03], which is animple-
mentationbasedonasocialforcemodelthatparallelizesthe
simulationprocessover 11 PCs and usedfor simulations
with thousandsof agents.Sudet al. [SAC� 07] usedGPU-
baseddiscretizedVoronoidiagramsfor multi-agentnaviga-
tion (MANG), but this approachdoesn't scaleto largenum-
ber of agents.It is hard to make direct comparisonswith
Parallel-SFMand MANG, as they have very different be-
havior thanoursystem.

Recently, Bleiweiss[Ble09] portedtheRVO library to the
NVIDIA GTX280 architecture.As comparedto their GPU
performancenumbers,P-ClearPathis around1.8X fasteron
quad-coreXeon,andaround4.9Xfasteron8 Larrabeeunits.
Thereareotherapproachesthat canhandlesomecomplex
scenarios.But it ishardtomakedirectcomparisonwith them
becausesomeof theunderlyingfeaturesof theseapproaches
aredifferent.FastCrowd [CM04] is an implementationof a
similar social force modelon a singleGPU, but it doesn't
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Figure9: Asdensityincreases,thenumberof collisionsper frame
in OpenSteerincreases.UsingClearPath on its own,or combining
OpenSteerwith ClearPath resultsin practicallynocollisions.

includecollision response.PSCrowd [Rey06] implementsa
simple�ocking modelonaCell Processor, but providesonly
limited collision avoidance.ContinuumCrowds[TCP06] is
designedto handlehomogeneousgroupsof large agents.
It achievesimpressive performancefor large homogeneous
groups,but is inappropriatefor heterogeneouscrowds.

Limitations: ClearPathhassomelimitations.TheFVO con-
straintshighlightedin Section3.2areconservative.It is pos-
siblethatthereis acollision freepathfor theagents,but our
algorithmmaynotbeableto computeit. Moreover, wecom-
putea new velocity for eachagent,vnew, which canchange
behavior of the agentsor their pathfor the restof the sim-
ulations.The dataparallelalgorithmcanobtainup to 50%
improvementasa function of SIMD width andthe perfor-
mancevariesbasedoncachesizeandmemorybandwidth.

7. Conclusionsand Futur eWork

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-packed and densescenarios.The algorithm
is almost one order of magnitudefaster than prior VO-
basedapproaches.Moreover, ouralgorithmcanbecombined
with othercrowd simulationsystemsandusedto generate
collision-freemotion for eachagent(e.g. OpenSteer).We
describea parallel extensionusing data-level and thread-
level parallelismandusethat for real-timecollision avoid-
ancein scenarioswith hundredsof thousandsof agents.

Therearemany avenuesfor future work. We would like
to portP-ClearPathto many-coreGPUsandevaluateits run-
time performance.We would like to compareandvalidate
the agentbehavior generatedby ClearPath with other re-
cent techniques(e.g. [KSHF09]) and real-world data.Our
generalframework canbeextendedto uselinearconstraints
to maintain a convex region of admissiblevelocities, al-
lowing for potentialperformanceimprovements[BGLM09].
An interestingextensionwould beto incorporateothercon-
straintsrelatedto humandynamicsandhumanbehavior with
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ClearPath.Finally, wewouldliketo integrateClearPathwith
moderngameengines.
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Appendix A. Derivationsand Proofs

A.1. Derivationsof GAB(v) and gAB(v)
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Figure1: Derivationof (a) GAB(v) and(b) gAB(v)

For symbols,referto Section3.2.

In Fig. 1(a),sina = (rA+ rB)
jpABj . Therefore,

h = tan
�

sin� 1(( rA + rB)=jpABj)
�

(jpABj � (rA + rB))

M is computedasfollows:

M = (jpABj � (rA + rB)) dpAB+ (vA + vB)=2

GAB(v) = l
�

M � (dp?
ABh); p?

AB

�
(Sec:3.2)

To derivegAB(v), wede�ne jvj = d (referto Fig. 1(b)).

tcoll ision = (vA + vB)=2+ d=(2DT)

Usingthetrianglecosinerule,

d = (pAB) � v̂ �
q

((pAB) � v̂)2 � jpABj2 + (rA + rB)2

Therefore,

gAB(v) =
vA + vB

2

+ v̂

0

@
(pAB) � v̂ �

q
((pAB) � v̂)2 � jpABj2 + (rA + rB)2

2� DT

1

A

A.2. Proof of Lemma 1

We prove by contradiction.Let vnew
A not be on the edgeof

oneof thesegmentsof PCRandsayit minimizesthedistance
from vdes

A . Consideracircleof radiusejvnew
A � vdes

A j centered
atvnew

A (e> 0).Thecircleis completelyoutsidethePCR, and
we have a point vnew

A + e (vdes
A � vnew

A ) that is outsideandat
a distanceof (1� e)jvnew

A � vdes
A j from vdes

A . Thuswe arrive
at a contradiction.Therefore,vnew

A mustlie on theboundary
segmentof oneof theneighbors.

A.3. Proof of Lemma 2

This follows from thefact that the truncatedconesarecon-
vex regions. Henceonce we identify a point that is out-
sidethe remainingtruncatedcones,the subsegmentbefore
it would be insideor outside.We usethis fact to compute
theinside/outsideregionsontheconstraintconeboundaries.

ClearPathSteps % TimeBreakdown SIMD Scaling

Step1 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: Average time(%) spentin varioussteps(Section3.5)
of ClearPath and thecorrespondingSIMD scalabilityon Larrabee
simulatorof executioncyclesascomparedto thescalarversion.

System Hardware Year Agents FPS
FastCrowd GPU 2005 10,000 35y

Cont.Crowds CPU 2006 10,000 5
PSCrowd Cell (6 SPUs) 2006 15,000 8
ClearPath 4 Cores 2009 10,000 36
ClearPath LRB (32Cores) 2009 10,000 302

TableB.2: PerformanceComparisonwith othercrowdsimulation
systems.y includesrenderingtime.

A.4. Proof of Theorem1

All theagentsarein a collision-freestateif theresultantve-
locity is outsidethe VO of its neighbors.FVOL

A
Bi(v) and

FVOR
A
Bi(v) ensurethat the resultantvelocity is outsidethe

RVO of theneighboringagents.Furthermore,for every pair
of agents,FVOC

A
Bi(v) ensuresthatwe areon thesameside

of the line joining the centersof the agents.Henceit fol-
lows from RVO pair-wisecollision-freepropertyby Berg et
al. [vdBLM08] thatall pairsof agentsarecollision-freew.r.t
eachother, andhencethesystemis in acollision-freestate.

Appendix B. PerformanceComparison

TableB.1 shows theSIMD scalingachievedby eachof the
stepsof ClearPath(Section3.5). Weperformpackingopera-
tionsto handlepathdivergenceandearlyterminationof the
agentconeintersectionandinside/outsidecomputation.

TableB.2 providesperformancenumbersof recentcrowd
simulationsystems.Sincethe simulationsrun on different
benchmarkswith varying behaviors and on different sys-
tems,it is not fair to directlycomparethereportedruntimes.
Theperformancenumbersaregivenonly to providearough
ideaof therelative performance.Someof theothersystems
useonlyafew groupsof agentspursuingafew distinctgoals,
while oursimulationstreateachagentindividually with het-
erogeneousbehaviors.
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