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Abstract

We presenta novel framevork for automatically sim-
plifying the dynamicscomputationof particle systemgo
improve simulation speeds. Our approach is basedon a
physically-basedubdvision schemeto geneite a hierar-
chy of approximatednotion modelsor simulationlevels of
detail (SLOD). At each time step,the SLODsare updated
on the fly and the appropriate SLOD s chosenadaptively
to reducecomputationakosts. We havetesteda prototype
implementatioron the simulationof a water fountainand
a galaxysystemThepreliminaryresultsshowa significant
performancegain on thesescenarioswith little lossin the
visual appeaanceof the simulation,indicating the poten-

tial to generlizethis approach to otherdynamicalsystems.

1. Intr oduction

A key componenfor real-timeinteractionwith virtual
ervironmentsor computergamesis the fast computation
of appropriaterealisticbehaior for moving objectsbased
on the laws of physics. Despiterecenttechnologicalad-
vancementsn graphicshardware and processortechnol-
ogy, currentalgorithmsandsystemsstill cannot simultane-
ously simulatereal-timedynamicsfor large, comple ervi-
ronments. Several renderingacceleratiortechniqueshave
beenproposedto improve renderingframe rates. These
includevisibility culling, modelsimplificationandimage-
basedenderinggetc.

One possibleway to addressthe problem of generat-
ing and displaying complex dynamicalsystemsis to de-
sign “simulation acceleratiortechniques”similar to those
usedfor renderingacceleration. Recently various hand-
designedeuristicshave beenproposedo reducecomputa-
tional costsfor somespecializecsimulationscenes|n this
paper we considerthe designof a simulationacceleration
techniqudor theautomatiggeneratiorandselectiorof sim-

plified and approximatedmotion modelsbasedon applica-
tion requirementsTheseapplicationrequirementsnayin-
cludeuserinterestscritical eventsin a simulation,storage
requirementsor variableaccurag requirementgor differ-
entpartsof a simulation.

Thesimulationacceleratiotechniquene addressn this
paperis closelyrelatedto the conceptof modelsimplifica-
tion for renderingacceleration.Model simplification uses
geometriclevels of detail or a multi-resolutionhierarchy
for computingand utilizing a correspondencbetweerthe
original modelanda simplified one. A simplified modelis
usedfor renderingwhen the object occupiesa small por-
tion of thedisplayedscenewhile the original modelis used
only whena close-upview of the objectis required. This
techniquecansubstantiallyreducethe numberof polygons
renderedaindthegeometrigorocessingequiredandthereby
improverenderingframerates.A similar approactor sim-
ulations,in which a simplified motion modelis usedwhen
the frame rate dropsbelonv an acceptablehreshold,may
likewise provide performancegainsfor interactive simula-
tions. We call this approachdynamicssimplification

Althoughthereareexisting simulationacceleratiornech-
niguessuchas[4, 5, 15, 24], thereis noknawn algorithmfor
the automaticdynamicssimplificationof complex physical
or biological systems.In this paper we limit the scopeof
ourinvestigatiorto particlesystemssafirst steptowardthe
designof automaticdynamicssimplification. Particle sys-
temsarecommonlyusedin computergraphicsphysically-
basedmodeling,andanimationof naturalphenomenand
group behavior. Additionally, they are often the building
blocks of highly complex dynamicalsystems. Therefore,
we hopetheresultsof this papercanleadto the generaliza-
tion of dynamicssimplification for a broaderclassof dy-
namicalsystems.

1.1 Main Contrib ution

In orderto achiese automaticdynamicssimplification
of a particle system,a mechanisnfor generatinga hierar



chy of approximatedmotion modelsor simulationlevels-
of-detail (SLOD) mustbe designed.We proposeto auto-
matically constructhe SLODsfor a particlesystempy us-
ing a physically-basedubdivisionschemeo clusterparti-
cles. We thenapproximateeachclusterof particlesasone
weightedparticlein the force computationsandapply the
resultto all particlesin thecluster

At eachsimulationstep,the hybridtreeis updatedased
on changingsimulationrequirementsisdefinedby theuser
or by the natureof simulation. Appropriate SLODs are
adaptvely generatedasedn this subdvision giventhere-
quirementdor differentregionsof the simulationanda de-
siredminimumframerate.

We have implementeda prototypesystemthat can au-
tomatically generatesimplified motion modelsfor a parti-
cle system selectappropriateSLODs,and switch between
themseamlesslyWe have appliedourframeawork to thedy-
namicsimulationof awaterfountainandanN-bodysystem.
Thepreliminaryresultsshav a substantiaperformancem-
provementon thesetestscenarioswith little lossin thevi-
sualappearancef the simulation.

1.2 Organization

The restof the paperis organizedas follows. Section
2 givesa brief suney of relatedwork. Section3 presents
an overview of our approach. Hierarchy constructionfor
simulationlevels-of-detailis describedn section4. Next,
the mechanismfor automaticswitching and selectionof
SLODsis discussedn section5. Section6 presentshe
resultsof our prototypeimplementationand comparests
performanceagainsthetraditionalsimulationmethods Fi-
nally, we concludewith futureresearcldirectionsin section
7.

2 RelatedWork

In this section, we first briefly describe prior work
on geometricalgorithmsfor LOD generationand multi-
resolutionmodelingtechniquesthen surwey otherrelated
researcton dynamicssimplification.

2.1 Model Simplification

Model simplification algorithms, such as geometric
level-of-detail and multi-resolution modeling techniques,
have beenproposedo accelerategenderingof complex ge-
ometricmodelg8, 7,18, 11, 25]. A recentsurwey onpolyg-
onal model simplification is available [20]. Funkhouser
and Sequindescribeda genericframeawork for selecting
andswitching betweendifferentgeometriclevels-of-detalil
(LODs) to attaina nearly constanframeratefor real-time
walkthroughof architecturabuildings[10].

2.2 Dynamics Simplification

Comparedto the rich body of literature on rendering
acceleratiortechniquesthereis relatively little work pro-
posedon the use of LODs or multi-resolutionmodeling
techniquedor physically-base@bjectmanipulation inter-
actionandsimulation.

Pai andReisselldevelopedawaveletdecompositionvith
a 2D boundingvolume hierarchyfor manipulatingimage
curvesin theplane[22]. Hirota, etal. presentednefficient
algorithmfor volume-preservingree-formdeformatiorus-
ing a multi-level optimization algorithm for physically-
basedmodel manipulationand deformation[16, 17]. Re-
cently Ehmannand Lin proposedthe use of geometric
level-of-detail for acceleratinggeneralproximity queries
betweerconvex polyhedralmodeld[9].

Motion modelsor simulationlevelsof detailcanbe gen-
eratedfrom either pre-recordednotion sequencesproce-
durally approachekinematicspr basen dynamicscom-
putation. Someof the earlier human motion modelsin
computeranimation exploited this conceptimplicitly by
using procedurallygeneratednotion, simplified dynamics
andcontrolalgorithms off-line motionmapping,or motion
play-back{2, 3, 6, 12, 13, 19, 23).

Carlsonand Hodgins explored techniquedor reducing
thecomputationatostof simulatinggroupsof leggedcrea-
tureswhenthey arelessimportantto the viewer or to the
actionin thevirtual world [4]. In this work, the generation
of simulationLODs, switchingandselectionare designed
by handfor a group of legged creatures. However, their
experimentalresultsareindicative of the potentialof auto-
matic simplificationof generaldynamicalsystems.

By using the spacetimeconstraintdynamicsformula-
tion, Poporic andWitkin introduceda motion transforma-
tion techniquethat preseresthe essentiapropertiesof an-
imatedcharactemmotion with drasticallyfewer numberof
degreesof freedom[24]. Multon, et al. suggestedh se-
ries of simplified walking modelsfor mobilizing on com-
plex terrain,aswell ashow andwhenthe transitiontakes
place[21].

Othertypesof simulationacceleratiortechniqueshave
also beeninvestigatedto reducethe total computational
simulation costsfor a large, complex dynamicalsystem.
Chenng, etal proposediiew-dependentulling of dynamic
systemgo speedup thecomputatiorof dynamicsby ignor-
ing what is not visible to the viewer [5], similar to view
culling. Neuro-Animatortrainedoff-line usingneuralnet-
works and motion trajectoriesgenerateddy physic-based
models,canyield realisticanimationg15], resemblingap-
proachegrom image-basedenderingandmodeling.

Finally, the scientific community also usessimulation
acceleratiortechniquego make large computationaprob-
lems,suchasN-bodysimulation tractabld1, 14]. Thegoal
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Figure 1. System Architecture of Our Dynam-
ics Simplification Framework.

of thesehighly evolvedmethodsds very accuratesimulation
with quantifiableerrorsat non interactive rates. This dif-
ferssignificantlyfrom our goalof realisticphysically-based
animationsatinteractiverates.

3 Overview

In this section,we give an overview of our approach.
Givenatargetframerateandtargetfidelity requirementsle-
fined by the userandthe simulation,our techniqueis built
upon a physically-basedubdivisionof the entire particle
system.Theresultingsubdvision hierarchyis usedto gen-
eratesimulationlevelsof detail (SLODs).As thesimulation
proceedsthe subdvision hierarchy(SLOD-tr ee) andthus
the SLODs,areupdatedon the fly . The resultingcompu-
tation is then displayedgraphicallyto the viewer. Fig. 1
shavstheoverall systemarchitectureof our dynamicssim-
plification framework.

We will initially state our assumptiongregarding the
typesof particle systemswe considerand the challenges
thesesystemspresentto our acceleratiortechnique. We
thenbriefly describeour techniquegor dynamicallyupdat-
ing particleclusteringasthe simulationadvancesandhow
physicalpropertiescan be handledas extra dimensionsn
our SLOD-treeto generatenoreaccurateSLODs. Thenwe
give anoverview on switchingbetweerdifferentSLODs.

3.1 Assumptionsand Approaches

Particle systemsgenerallyexhibit a high level of spa-
tial coherencemeaningnearbyparticlesbehaein approx-
imately the sameway. Our basicapproachis to groupthe
particlesinto clustershasedon spatialproximity andphysi-
calparametersandthento computethedynamicsimulation
on only the particle clusters. The behaior of the cluster
centeris uniformly appliedto eachpatrticlein the cluster
In an ideal situation,if we could group ten particlesinto
eachcluster our simulationshouldrun almosttentimesas
quickly in anapplicationthatusedineartime forcecompu-
tationmodels.

We considerntwo generakinds of particle systemsfield
systemandN-bodysystemsA field systemis onein which
all forcescanbe appliedto individual particlesin constant
time. The total runningtime is linear with respectto the
numberof particles.ln an N-body simulation,particlesap-
ply force to eachother, resultingin O(N?) force calcula-
tions. Our N-body simulationis basedon the well known
Barnes-HutAlgorithm [1], which approximatesheseforce
calculationsin O(NIgN) time. For eachtype of particle
systemwe usean SLOD-treeto partitionthe particlesinto
clusters.In generalthisis an O(NlgN) operationwhose
costmustbeamortizedover several simulationsteps.

3.2 Dynamic Spatial Subdivision

If a completeSLOD-treewere calculatedat eachsim-
ulation step,the overheadcould easily dominatea simple
field particle system.To overcomethis, we do a complete
subdvide onceandthenat eachsimulationstepmake only
incrementalipdatego the SLOD-treeandto thelocationof
particleclustersin the SLOD-tree.This occurswhena par
ticle clustermovesacrossa subdvision boundaryinto an
adjacentcell in the SLOD-tree. We useaxis-alignedcells
in our subdvision scheme so computingwhen a particle
clustercrosses cell boundaryis a fastcalculationthatwe
can perform often. This schemeallows for the addition,
deletion,andmaintenancef particleclustersasthey move
betweenareasrequiring differentresolutionsof accurag.
Theseareasarecalledtheregionsof interest(ROIs) andare
describedn moredetailin sectior4.

3.3 Subdivision Basedon Physical Parameters

We generalizethe subdvision of particlesusing physi-
cal parametergsuchasmassyelocity, accelerationetc.)in
additionto the standardCartesianposition. For example,
fastermoving particlescould be groupedinto smallerclus-
tersfor more accuratecalculations. This is more efficient
thanforcing all particlesinto smallclusters.In generalthe
above dynamicsubdvision algorithm can be extendedby



treatingphysicalparametersasthoughthey wereadditional
spatialdimensions.However, in practice,the exponential
increasein the numberof cells for eachaddeddimension
limits this directapproachWe consideradditionalphysical
parameterssextra dimensiondor partitioningat only the
top levelsof subdvision, andthenproceedo subdvide on
thethreespatialdimensions.

3.4 Defining and Switching betweenSLODs

EachROI definesseveralpartitioningparameterthatde-
terminethe how largethe particleclustersarein thatregion.
The varioussizesof the resultingclustersthen definethe
SLODs. The particledynamicsof eachparticlein a cluster
is replacedby the particle dynamicsof its weightedcen-
ter of mass. WhenROI partitioning parametergausethe
SLOD-treeto producea smallernumberof larger clusters,
the resultis a coarserSLOD. Lik ewise, whenthe SLOD-
treegeneratesnary clusterswe have afiner SLOD in that
region. ROI partitioning parametergan be updatedauto-
maticallyasthe dynamicalsystemevolvesor by userinput.
Thisprovidesthemechanisnfor dynamicallyswitchingthe
SLODsandis how we maintainatargetframerate. Details
for switchingbetweerSLODsaregivenin sectionb.

4 Automatic Generation of SLODs

The physically-basedubdiision hierarchy or SLOD-
tree,is the basisfor generatingSLODsfor particle system
dynamics.We usethis novel hybrid hierarchythatencodes
the definition of a simulationlevel of detail into the sub-
division rules. We createseparateareasin the simulation
that progressat different resolutionsof accurag. These
arecalledregionsof interest(ROIs) andaredefinedeither
by the user(e.g. centerof viewing frustum)or by critical
events(suchascollisions)thatmayoccurin thesimulation.
TheseROlIs maymove, resizeandchangeparameterasthe
simulationproceedsAn SLOD-treeis usedto subdvidethe
particlesappropriatelyin eachROI into clustersto simplify
thedynamicsof the particlesystem.Theseparticleclusters
thus definethe correspondingsLOD associatedvith each
ROLI.

For example,the centerof view frustum may be given
highestpriority. The dynamicsof the particle systemin
this ROI is then computedwith little or no simplification
to maintainhigh accurag visual fidelity. Peripheralareas
of the view frustum may be given secondaryimportance.
Larger particle clustersare usedin the simulationcalcula-
tionsto createanintermediatesimulationlevel of detail. Fi-
nally, for the ROIs completelyoutsideof the view frustum,
the simulationmay be computedwith the lowestlevel of
detail by clusteringtogethertens,or evenhundredspf par
ticles. This hierarchicalsubdiision schemeallows several

concurrentanddynamicallydefinedSLODs.

Next, we describesome basic partitioning parameters
usedin the SLOD-treesand detail how an SLOD-treeis
usedto performadaptie subdvision of particleson thefly,
thendescribenow SLODsaregeneratedjiven the particle
clusters.

4.1 Defining Partitioning Parameters

A geometridevel of detailis oftendefinedby the num-
berof polygonsin asceneWith SLODsfor particlesystem
dynamicsthe correspondingneasurés the numberof par
ticle clusterssimulatedin a scenepr inversely the number
of particlesper cluster We thereforedefine one primary
partitioning parametermaximumclustersize asthe maxi-
mum numberof particlesallowed per cluster Any cell in
the SLOD-treewhoseclustercontainsmorethanthis num-
ber of particleswill be subdvidedinto two cells eachwith
a clusterof abouthalf the size. The maximumspatial size
of particle clusters,maximumcluster breadth must also
be limited to presere visualand simulationintegrity. The
SLOD-treeis built sothatthe dimensionof eachcell is no
largerthanthis value.

Thesetwo parametersare not enforcedas hard con-
straints but rathersene asgoalsfor thesubdivisionmecha-
nismto maintain.For example,if two clusterscanbe com-
binedinto a new onewith a particlecountvery closeto the
maximumsize, they will be combinedeven if the breath
of the new clustermay temporarily exceedthe maximum
clusterbreadth.Furthermoreit is nearlyimpossibleto gen-
eratea setof clustersthatall have very closeto the maxi-
mumnumberof particles becausave normallymustdivide
clustersin half whenbuilding or updatingthe SLOD-tree.
We try to build clustersof maximumsizewhenpossibleby
melging smallerclustersput we realizethatin practicethe
averageclustersizewill be somavhat lessthanthe maxi-
mum.

Additionally, our hierarchy constructionalgorithm al-
lows the definition of parameterghat relate to physical
properties.Although theseconstraintsare not alwaysused
in constructingthe subdvision hierarchy they are crucial
to decidingwhenparticlesor clusterscanbe groupedwhen
performingupdatego the subdvision. For example,if we
chosenot to use speedas a dimensionfor tree construc-
tion, we caninsteadincludethe parametethatlimits clus-
tersfrom combiningunlesstheir relative speedsarewithin
acertainratio. Thevelocity vectorsof two clusterscanalso
be constrainedo be within a certainanglebeforethe clus-
tersareallowedto memge. Thismethodis very fastandvery
memoryefficient.



4.2 SLOD-Trees

Our SLOD-treeis a hybrid subdvision tree that com-
binesk-D treesanduniform grids. K-D treesareattractve
for particlesystemsecause¢hey areableto subdivide adap-
tively andproducefiner divisionin areasof greatemparticle
density k-D treeshandlesthe division of close particles
extremely well, andin generalproducesfar fewer empty
leaf nodesthando oct-trees. Uniform grids are attractve
becauseplacementof a particle into a grid is very quick
comparedo thetime neededo recursedown ak-D tree.

Thetoplevel of our SLOD-treeconsistof amastemode
(asshowvnin Fig. 2 andFig. 3), which holdspointersto mul-
tiple subtreesOnesubtreds createdor eachROI. Subtrees
arebasedon a uniform grid structure.Whena finer resolu-
tion of accurag is neededgachcell in a subtreeuniform
grid can sene asthe root of a k-D tree. As the simula-
tion progresseghesek-D treesareexpandedandprunedto
containonly asmary cellsasneeded Eachsubtreedivides
independenthaccordingto the partitioning parametersas
definedabove, of its associatedROI. The uniform grid is
initialized sothateachgrid cell is no largerthanthe maxi-
mumclusterbreadth.New subtreesor dynamicallycreated
ROIs may be addedto the mastemodeat any time during
the simulation.

Figure 2. A subtree is made from a uniform
grid of cells with the grid size set to the maxi-
mum cluster size. When a unif orm grid needs
to be further subdivided, it follows a k-D tree
strategy .

MASTER NODE

child 1 child 3
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1

Figure 3. When a new particle is inserted
into the simulation system, a master node se-
quentiall y queries each subtree from the top
down until it finds the proper subtree for the
new particle.

4.3 Subdivision Update

Whena new patrticleis addedto the system,or whena
particleclustertravelsacrossacell boundarythetreeneeds
to be updated. If thereare overlappingROls, the system
mustdecideinto which subtredo placethe new particlesor
cluster The mastermodemaintainsa precedencerdering
of its children. Subtreesassociatedvith higherresolution
ROIsarenormallyplacedin thefront of thechain,followed
by lower resolutionsubtreesand endingwith the subtree
for thebackgroundasshavnin Fig. 3. Whenamastemode
recevesaparticle,it checkghatparticleagainsthebound-
ary of eachof subtreein sequentiabrder If the particleis
foundto bewithin theboundaryof thefirst subtreet is sent
therefor insertion. If not, it continuesto checksubsequent
childrensubtreesantil the appropriateoneis found.

Similarly whenclusterscrossgrid cell boundarieseach
clustermustquerythe SLOD-treefor its new location. Spa-
tial coherencalictatesthatthe propercell will be foundin
the SLOD-treevery closeto the previousone. In this case
we usea bottom-upsearchratherthan the top down ap-
proachfor new cells. The clusterfirst checkswhetherit
liesinsidethe boundaryof its parent.If not, it continuego
move up the tree until it finds a cell whoseboundaryit is
within. Thenthe clusterbeginsatop down searchfrom that
enclosingnode.



Unfortunately a bottom-upsearchmay fail to find the
correctcell if thereare overlappingsubtrees.A clusterin
thebackgroundrOl moving into a ROI of higherresolution
(or greaterimportance)may insertitself into a nearbylow
resolutioncell in the backgroundsubtree ratherinserting

itself into the higherresolutionon top of the background.

thanthe higherresolutionsub-tree.To compensateye oc-
casionallyhaveto performatopdown search Alternatively,
we could usethefasterbottom-upsearchingandsimply try
to avoid overlappingROls, but this approachwould limit
theuseof ROIsthatmove or changesize.

4.4 Simulation Levelsof Detail

We simplify thedynamicscomputatiorfor eachparticle
clusterby approximatingits particle systemdynamicsus-

ing the particle dynamicsof its weightedcenterof mass.

GiveneachparticleclusterC' consistingof n particles,we
generatehe correspondingLOD or approximatednotion
modelusingthefollowing procedure:

1. Computethe position Pcops andvelocity Vooas of
theweightedcenterof massCOM by

Y1 mi
Veom = Lizy miVi
o= =izt
D1 M

wherem;, P; andV; arethe masspositionandveloc-
ity of thesth particle.

2. Updatethe positionandvelocity of the CoM usingthe
standardgarticledynamics.

3. Apply thechangean positionandvelocity, Ap andAv
to all particles.

5 Switching betweenSLODs

In ourdynamicssimplificationframework, switchingbe-
tweendifferentSLODsis governedby boththedesiredmin-
imum framerateandtheregionsof interestsdefinedby the
userandthe simulation.

5.1 Using Regionsof Inter est

As with geometricdLODs, areascloserto the viewer and
morecenteredn theviewing frustumrequirea higherreso-
lution SLOD. Additionly certaincritical eventsin a simula-
tion needhigherresolutionto maintainsimulationcorrect-
nessandintegrity.

For example, particlesbouncingoff an uneven surface
tend to scatterin differentdirections. This effect is lost
when a large cluster of particlesinteractswith the same
surface,sinceall the particlesin the clusterwill move off
in the samedirection. Whena large clusteris nearan un-
evensurface,the simulationmustswitch to a higherreso-
lution SLOD. The clustershouldautomaticallydecompose
into smallerclustersor into individual particles. After the
collision astheseindividual particlesmove away from the
surface thosewith similar motion, physicalpropertiesand
location may againbe groupedinto a cluster asshawn in
Fig. 6. We have testedthis principle in a simulationwith
two collision areas,Fig. 7. The coneon the right is in
a higherresolutionROI and producesmorerealistic colli-
sions. Whenthe smallerclustersfall away from this cone,
they begin to mergebackinto largerclusters.

Areassurroundingparticle emittersalso needa higher
resolutionSLOD. If new particlesaregroupedtoo closeto
a particleemitter they do not have time to naturallyspread
out beforetheir velocitiesare averagedtogether This re-
sultsin amuchnarrover andvisually lesspleasingparticle
streamfrom the emitter An alternatve approactfor emit-
terswould beto usethe velocity of thefirst particleplaced
in the clusterasthe centerof massvelocity. Additional par
ticles would not averagein their velocity vectors,causing
the distribution of clustervelocitiesto resemblethe distri-
bution of the particle velocities. This approachshouldbe
usedonly in smallareadfor it is a lessphysicallyaccurate
model. Whenthe clusterhasmoved beyond emitter ROI,
it will revertto usingthe weightedaveragewheninserting
particlesor merging with otherclusters.

OnecanalsouseROls to increasesimulationfidelity to
clustersbasedon their physicalratherthanspatialparame-
ters. We could definetwo ROIs that eachcover the entire
space,usingoneto clusterthe lighter particlesandoneto
clusterthe heavier particles.If theforcesin the simulation
interactmorenoticeablywith thelighter particles the ROls
would be setup to placethe lighter particlesinto smaller
clustersthanthe heavier particles. ROIs provide a flexible
andpowerful methodfor maintainingfidelity in crucial ar-
easof asimulationsothattheoverallappearancef thepar
ticle systemis maintained However, someparticlesystems
may simply have too mary crucialareago avoid someloss
of fidelity. If therewere collisionshappeningeverywhere,
it would soonbecomempracticalto coverall collision sur
faceswith specialROls. Thisis anaturaltrade-of between
speedandaccurag that SLODs sharewith other simplifi-
cationtechniquessuchasmodelsimplification.

5.2 Minimum Frame Rates

The systemtries to maintaina consistenframerate by
dynamicallyswitchingbetweerthe SLODswheneverit no-



ticesthatthe actualframeratehasdeviatedfrom the target
framerate. It is importantthatany switchingis smoothand
doesnot causea noticeablechangen theflow of the simu-
lation. A naiveapproactwouldbeto repartitionall particles
wheneer the framerate dictatesa switch of SLODs. This
is impracticalbecauseary globalchangecould causea no-
tablepausein the simulationanda largetemporarydropin

theframerate.

SwitchesbetweenSLODs are implementedindirectly
by adjustingthe clusteringparameterén the ROI subtrees.
Whentheframerateis higherthannecessarthe maximum
clustersizefor eachROI is decreasedThis will causethe
subtreego begin breakinglarge clustersinto smallerclus-
terswheneertheir positionsin the SLOD-treeareupdated.
Reverseadjustmentaremadewhentheframeratebecomes
too low. This approachdoesnot createan instantaneous
changein the numberof clustersbut a gradualfluctuation
over several frames. If the systemcannotsustainthe de-
siredframerate after several adjustment¢o the maximum
clustersize,the systemwill alsoadjustthe maximumpar
ticle breadthandthe grid size at the top level of eachROI
subtree.This approachs morelikely to causea dip in the
frame rate asevery clusterin that subtreewill have to be
reinsertedduringthe next updatecycle.

6 Implementation and Results

We have implementeda prototypesystemin C++to au-
tomatically generateSLODs for a particle system,select
appropriateSLODs and switch betweenthem. The simu-
lation resultsaredisplayedusingOpenGL.We have tested
our systemframavork on two scenariosafield systemand
anN-body system.With foundthatWe obsenedup to two
ordersof magnitudeperformancamprovement,with little
or no lossin visual appearancef the simulation. No hand
tweakingof parametersor specializedow-level optimiza-
tion wasusedto obtainthetiming comparisons.

6.1 SystemDemonstrations

Thefirst testscenarids a fountainwith threestreamf
water particles. The simulationincludesforce calculations
for gravity, air resistanceanda light wind. Eachof these
forcescanbe calculatedn constantime sothe simulation
without SLOD shouldrunin lineartime with respecto the
numberof waterparticles. Thethreeparticleemitterswere
placedin very smallROlsthatallowedverylimited cluster
ing. The simulationstartswith only one streamand adds
the remainingtwo streamsat five secondintervals. Each
streamproducesapproximately2000particles. We ranthe
testswith andwithout SLODsandsetthetargetframerate
to 30fps. A snapshobf this simulationis shavn in Fig. 9.

The simulationand renderingoverheadof the fountain
quickly limited the frame rate of the simulation without
SLODs. It could not meetthe target frame rate even with
only onewaterstreamandcontinuecdto slow down notice-
ablywith eachincreasen thenumberof particles.Thesim-
ulation with SLODswas able to easily sustainthe 30 fps
targetfor theentirerun. At the endof thesimulation,it was
runningapproximatelysix timesfasterthanthe onewithout
SLODs. It maintainedhe desiredframerateby increment-
ing the clustersizefor the ROIs nearthe particle emitters.
Theclustersizewasneverincrementedbove 30. To deter
minetheappropriateadjustmento theclustersize,we used
asimpleschemehatincrementeddecrementedhe maxi-
mum clustersize by one,wheneer the averageof the pre-
viousthreeframeswasbelow (above) our targetframerate.
For a simulationwith more ROIs, we incrementthe max-
imum clustersize of eachROI by the samepercent. This
producesan evenincreasethroughoutthe simulation. Fig.
8 plotstheframerateof bothsimulationruns.

The secondsimulationis a classicN-body simulation
shaving a galaxyof 10,000starsrotatingin space A snap-
shotof the simulationis shovn in Fig. 4. Our simulation
only calculatesexact forces betweennearby clustersand
usesapproximationgor forcesfrom distantclusters. The
accurag of the algorithmcanbe tunedby varying the pa-
rameterthat determinesvhat is a distantnode. Different
from the Barnes-Hutalgorithmtypically usedin a N-body
simulation,ouralgorithmalsoconsidergarticlemassn the
partitioningstep. Typically, light particleshave little or no
effect on more massve particlesevenwhenthey areclose
by. By separatingout the lighter particlesinto a separate
ROI, we canreducethe force calculationsby simply ig-
noring the light particlesor by groupingthem into much
larger clusters.Clusterscansimply bypasshe lighter sub-
treewhenthey calculatewhatforcesaffectthem,while the
lighter clusterstraverseboth subtrees.

In theory, the overheadf creatingandupdatingSLODs
can outweight the benefits,if the averageclustersize is
small. In orderto measuravhenthe benefitsbegin, thetwo
simulationswere setwith staticROIs that madeno adjust-
mentsto maintainframerates.We setthe maximumcluster
sizeof the main ROI to differentvaluesand computecdthe
averageframe rate for the entire simulation. Theserates
were comparedwith the non-SLOD frame rate and con-
vertedto relative speedincreaseswhich are summarized
in Fig. 5.

For the fountain, SLODs startedto yield fasterframe
rateswhenthe maximumclustersizewasapproximately6.
Theincreasesireroughlylinearwith respecto thenumber
of particlespercluster aswe would expectgiventhesimple
force calculationsof the fountain. The N-body simulation
frame ratesincreasedeven more quickly and approached
two ordersof magnitudewhen the maximumclustersize



Figure 4. A Snapshot of the Galaxy System

Simulation. SLODs greatly reduce the num-
ber of particle to particle force computations
resulting in substantial performance gains.

Speed-up Factors for Various ROl Settings.

Waximum Cluster size Setting
2 16 32 B4
Fountain Simulation 1.79 307 B.33 10.53
N-Body Simulation 14.28 4594 12278 29567

Figure 5. Speed-up factor of simulations with
various ROI settings compared to the simula-
tions run without SLODs.

wassetto 64. Theseresultsclearlydemonstratéhe poten-

tial of SLODsto accelerateomplicatedlynamicakystems.

6.2 Error analysis

Error metricsfor particle systemsaredifficult to define
for all cases.A metric thatworks for one simulationmay
havelittle meaningn another Our systemwasdesignedor
computeranimationsanddynamicssimulationswhereone
is typically moreinterestedn the macioscopicbehaior of
the particlesystemasa whole andthe visual appearancef
the particlesimulation,ratherthanthe accurag of the sim-
ulationfor eachindividual particle. ConsequentlySLODs
may have limited applicabilityin scientificcomputationsn
which accurag of simulationds paramount.

We canboundthe errorsintroducedby SLODsin cer
tain cases.RecallthateachROI alsohasparameterdmit-
ing which clusterscanbe memgedbasedon physicalquan-

tities. Thesearethe maximumanglebetweertheir velocity
vectorsg andthe maximumspeedatio A. Both the speed
and direction of the two clusterswill changewhen they
arememed. By settingthesevalueslow, we canlimit the
changén speedanddirectionof aclusterwhenit is meged
into another Giventwo clusterse andg with massesgy,,, 55
andpf,,.q.ss, NOrmalizeddirectionsag;,. andSy;., andspeeds
a,p andf,,, we cancalculatethe changen speedA,, and
directionAy;, for clustera as:

Asp _ /Bmass

= agp,(A—1
ﬂmass + amass sp( )

ﬂmass

Bmass + Qmass

Theseformulasshav thatthe deviation on a clusterin-
creasessit meigeswith clustersof greatemass.To reduce
errorsin a simulationthatusesparticleswith alarge varia-
tion in massthesimulationshouldbenefitif onesubdvides
with massasadimensionasdescribedn section3.3. This
will preventlighter clustersfrom meigingwith heavier ones
andreducethefrequeng of memgesthatproducelargerde-
viations.

It is difficult to quantify the cumulative effect of these
meiges. However, the spatialcoherenceof mostparticles
systemdeadsusto believe thatthey will notintroduceno-
ticeableartifactsin the renderedappearancef the simu-
lation results. This canbe confirmedvisually by viewing
side by sidevideosof our simulationsof the fountainand
N-bodysystemwhich areavailableat our projectwebsite:

Agir =

http://www.cs.unc.edutgeom/SLOD/

7 Summary and Future Work

In this papemve presentinew methodfor automaticsim-
plification of particle systemdynamicsusinga physically-
basedsubdvision scheme,which considersthe physical
propertiesof the dynamicalsystem,users intentsand the
critical events of the simulation. In comparisonto tra-
ditional simulationtechniqueswe obsened performance
gainsapproachingwo ordersof magnitude. This system
is ableto maintainthe desiredsimulationframerate. with
little degradationin theresultingvisual displayof the sim-
ulation.

The promisingresultsindicatethe potentialof dynam-
ics simplification. Thereare several openresearchssues.
Canwe generalizethis approachto other dynamicalsys-
tems?If so,is therea systematienechanismo derive max-
imum performancegain by using SLODs? If not, what
othertechniquesshouldwe consider? How do we ensure
theintegrity of the simulationis notlostandthe simulation
resultsare correct(or at leastconsistent)using dynamics



simplification?The designof othersimulationacceleration

techniqueslsopresentsimilar new challenges.
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Figure 6. (a) A large cluster approaches an uneven surface. (b) As

it nears the surface, it is switched to a higher resolution SLOD.

() This is used until the particles move away from the surface when (d) the simulation reverts to a lower resolution SLOD.

Figure 7. Particles collide with two cones. The
right cone is surrounded by a higher resolution
ROI and produces better looking collisions.

Figure 9. Two snapshots of the fountain simulation. The left simulation uses no SLODs, while the right one uses SLODs with a

Frame Rates with and without SLODs on the Fountain Simulation.
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Figure 8. Frame rates of the fountain simulation
with SLODs (solid black line) and without (dashed
blue line). The SLOD version stays close to the
target frame rate of 30 fps. Without SLODs, the rate
rises in proportion to the number of particles (red).

maximum cluster size no greater than 30. The SLOD simulation runs 6 times as fast and maintains a consistent frame rate.




