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Abstract

We presenta novel framework for automaticallysim-
plifying the dynamicscomputationof particle systemsto
improve simulationspeeds. Our approach is basedon a
physically-basedsubdivision schemeto generate a hierar-
chyof approximatedmotionmodelsor simulationlevelsof
detail (SLOD). At each time step,the SLODsare updated
on the fly and the appropriate SLODis chosenadaptively
to reducecomputationalcosts.We havetesteda prototype
implementationon the simulationof a water fountainand
a galaxysystem.Thepreliminaryresultsshowa significant
performancegain on thesescenarioswith little lossin the
visual appearanceof the simulation,indicating the poten-
tial to generalizethisapproach to otherdynamicalsystems.

1. Intr oduction

A key componentfor real-timeinteractionwith virtual
environmentsor computergamesis the fast computation
of appropriate,realisticbehavior for moving objectsbased
on the laws of physics. Despiterecenttechnologicalad-
vancementsin graphicshardware and processortechnol-
ogy, currentalgorithmsandsystemsstill cannotsimultane-
ouslysimulatereal-timedynamicsfor large, complex envi-
ronments.Several renderingaccelerationtechniqueshave
beenproposedto improve renderingframe rates. These
includevisibility culling, modelsimplificationandimage-
basedrendering,etc.

One possibleway to addressthe problem of generat-
ing and displaying complex dynamicalsystemsis to de-
sign “simulation accelerationtechniques”similar to those
usedfor renderingacceleration. Recently, varioushand-
designedheuristicshavebeenproposedto reducecomputa-
tional costsfor somespecializedsimulationscenes.In this
paper, we considerthe designof a simulationacceleration
techniquefor theautomaticgenerationandselectionof sim-

plified andapproximatedmotionmodelsbasedon applica-
tion requirements.Theseapplicationrequirementsmayin-
cludeuserinterests,critical eventsin a simulation,storage
requirements,or variableaccuracy requirementsfor differ-
entpartsof a simulation.

Thesimulationaccelerationtechniqueweaddressin this
paperis closelyrelatedto theconceptof modelsimplifica-
tion for renderingacceleration.Model simplificationuses
geometriclevels of detail or a multi-resolutionhierarchy
for computingandutilizing a correspondencebetweenthe
original modelanda simplifiedone. A simplifiedmodelis
usedfor renderingwhen the object occupiesa small por-
tion of thedisplayedscene,while theoriginalmodelis used
only whena close-upview of the object is required. This
techniquecansubstantiallyreducethenumberof polygons
renderedandthegeometricprocessingrequiredandthereby
improverenderingframerates.A similarapproachfor sim-
ulations,in which a simplifiedmotionmodelis usedwhen
the frame rate dropsbelow an acceptablethreshold,may
likewise provide performancegainsfor interactive simula-
tions.We call this approachdynamicssimplification.

Althoughthereareexistingsimulationaccelerationtech-
niquessuchas[4, 5, 15, 24], thereisnoknownalgorithmfor
theautomaticdynamicssimplificationof complex physical
or biological systems.In this paper, we limit the scopeof
ourinvestigationto particlesystemsasafirst steptowardthe
designof automaticdynamicssimplification. Particle sys-
temsarecommonlyusedin computergraphics,physically-
basedmodeling,andanimationof naturalphenomenaand
group behavior. Additionally, they are often the building
blocks of highly complex dynamicalsystems.Therefore,
we hopetheresultsof this papercanleadto thegeneraliza-
tion of dynamicssimplification for a broaderclassof dy-
namicalsystems.

1.1 Main Contrib ution

In order to achieve automaticdynamicssimplification
of a particlesystem,a mechanismfor generatinga hierar-



chy of approximatedmotion modelsor simulationlevels-
of-detail (SLOD) mustbe designed.We proposeto auto-
maticallyconstructtheSLODsfor aparticlesystem,by us-
ing a physically-basedsubdivisionschemeto clusterparti-
cles. We thenapproximateeachclusterof particlesasone
weightedparticlein the forcecomputations,andapply the
resultto all particlesin thecluster.

At eachsimulationstep,thehybrid treeis updatedbased
onchangingsimulationrequirementsasdefinedby theuser
or by the natureof simulation. AppropriateSLODs are
adaptively generatedbasedon thissubdivisiongiventhere-
quirementsfor differentregionsof thesimulationanda de-
siredminimumframerate.

We have implementeda prototypesystemthat canau-
tomaticallygeneratesimplified motion modelsfor a parti-
cle system,selectappropriateSLODs,andswitchbetween
themseamlessly. Wehaveappliedour framework to thedy-
namicsimulationof awaterfountainandanN-bodysystem.
Thepreliminaryresultsshow asubstantialperformanceim-
provementon thesetestscenarios,with little lossin thevi-
sualappearanceof thesimulation.

1.2 Organization

The rest of the paperis organizedas follows. Section
2 givesa brief survey of relatedwork. Section3 presents
an overview of our approach. Hierarchyconstructionfor
simulationlevels-of-detailis describedin section4. Next,
the mechanismfor automaticswitching and selectionof
SLODs is discussedin section5. Section6 presentsthe
resultsof our prototypeimplementation,andcomparesits
performanceagainstthetraditionalsimulationmethods.Fi-
nally, weconcludewith futureresearchdirectionsin section
7.

2 RelatedWork

In this section, we first briefly describeprior work
on geometricalgorithmsfor LOD generationand multi-
resolutionmodelingtechniques,then survey other related
researchon dynamicssimplification.

2.1 Model Simplification

Model simplification algorithms, such as geometric
level-of-detail and multi-resolution modeling techniques,
have beenproposedto acceleraterenderingof complex ge-
ometricmodels[8, 7,18, 11, 25]. A recentsurvey onpolyg-
onal model simplification is available [20]. Funkhouser
and Sequindescribeda generic framework for selecting
andswitchingbetweendifferentgeometriclevels-of-detail
(LODs) to attaina nearlyconstantframeratefor real-time
walkthroughof architecturalbuildings[10].

2.2 DynamicsSimplification

Comparedto the rich body of literature on rendering
accelerationtechniques,thereis relatively little work pro-
posedon the use of LODs or multi-resolutionmodeling
techniquesfor physically-basedobjectmanipulation,inter-
actionandsimulation.

Pai andReisselldevelopedawaveletdecompositionwith
a 2D boundingvolume hierarchyfor manipulatingimage
curvesin theplane[22]. Hirota,etal. presentedanefficient
algorithmfor volume-preservingfree-formdeformationus-
ing a multi-level optimization algorithm for physically-
basedmodelmanipulationanddeformation[16, 17]. Re-
cently, Ehmannand Lin proposedthe use of geometric
level-of-detail for acceleratinggeneralproximity queries
betweenconvex polyhedralmodels[9].

Motion modelsor simulationlevelsof detailcanbegen-
eratedfrom either pre-recordedmotion sequences,proce-
durallyapproaches,kinematics,or basedondynamicscom-
putation. Someof the earlier humanmotion models in
computeranimationexploited this conceptimplicitly by
usingprocedurallygeneratedmotion, simplified dynamics
andcontrolalgorithms,off-line motionmapping,or motion
play-back[2, 3, 6, 12, 13, 19, 23].

CarlsonandHodginsexplored techniquesfor reducing
thecomputationalcostof simulatinggroupsof leggedcrea-
tureswhenthey are lessimportantto the viewer or to the
actionin thevirtual world [4]. In this work, thegeneration
of simulationLODs, switchingandselectionaredesigned
by handfor a group of leggedcreatures.However, their
experimentalresultsareindicative of thepotentialof auto-
maticsimplificationof generaldynamicalsystems.

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

Other typesof simulationaccelerationtechniqueshave
also been investigatedto reducethe total computational
simulation costsfor a large, complex dynamicalsystem.
Chenney, etal proposedview-dependentculling of dynamic
systemsto speedup thecomputationof dynamicsby ignor-
ing what is not visible to the viewer [5], similar to view
culling. Neuro-Animator, trainedoff-line usingneuralnet-
works and motion trajectoriesgeneratedby physic-based
models,canyield realisticanimations[15], resemblingap-
proachesfrom image-basedrenderingandmodeling.

Finally, the scientific community also usessimulation
accelerationtechniquesto make largecomputationalprob-
lems,suchasN-bodysimulation,tractable[1, 14]. Thegoal



Figure 1. System Architecture of Our Dynam-
ics Simplification Framework.

of thesehighly evolvedmethodsis veryaccuratesimulation
with quantifiableerrorsat non interactive rates. This dif-
ferssignificantlyfrom ourgoalof realisticphysically-based
animationsat interactiverates.

3 Overview

In this section,we give an overview of our approach.
Givenatargetframerateandtargetfidelity requirementsde-
finedby theuserandthesimulation,our techniqueis built
upon a physically-basedsubdivisionof the entire particle
system.Theresultingsubdivision hierarchyis usedto gen-
eratesimulationlevelsof detail (SLODs).As thesimulation
proceeds,thesubdivision hierarchy(SLOD-tr ee), andthus
theSLODs,areupdatedon the fly . The resultingcompu-
tation is then displayedgraphically to the viewer. Fig. 1
shows theoverall systemarchitectureof our dynamicssim-
plification framework.

We will initially state our assumptionsregarding the
typesof particle systemswe considerand the challenges
thesesystemspresentto our accelerationtechnique. We
thenbriefly describeour techniquesfor dynamicallyupdat-
ing particleclusteringasthesimulationadvances,andhow
physicalpropertiescanbe handledasextra dimensionsin
ourSLOD-treeto generatemoreaccurateSLODs.Thenwe
giveanoverview on switchingbetweendifferentSLODs.

3.1 Assumptionsand Approaches

Particle systemsgenerallyexhibit a high level of spa-
tial coherence,meaningnearbyparticlesbehave in approx-
imately the sameway. Our basicapproachis to groupthe
particlesinto clustersbasedonspatialproximity andphysi-
calparameters,andthento computethedynamicsimulation
on only the particle clusters. The behavior of the cluster
centeris uniformly appliedto eachparticle in the cluster.
In an ideal situation, if we could group ten particlesinto
eachcluster, our simulationshouldrun almosttentimesas
quickly in anapplicationthatuseslinear-timeforcecompu-
tationmodels.

We considertwo generalkindsof particlesystems,field
systemsandN-bodysystems.A fieldsystemisonein which
all forcescanbeappliedto individual particlesin constant
time. The total running time is linear with respectto the
numberof particles.In anN-bodysimulation,particlesap-
ply force to eachother, resultingin �����	��
 force calcula-
tions. Our N-body simulationis basedon the well known
Barnes-HutAlgorithm [1], which approximatestheseforce
calculationsin �����	��
��	
 time. For eachtype of particle
system,we useanSLOD-treeto partitiontheparticlesinto
clusters.In general,this is an ��������
��	
 operation,whose
costmustbeamortizedoverseveralsimulationsteps.

3.2 Dynamic Spatial Subdivision

If a completeSLOD-treewere calculatedat eachsim-
ulation step,the overheadcould easilydominatea simple
field particlesystem.To overcomethis, we do a complete
subdivide onceandthenat eachsimulationstepmake only
incrementalupdatesto theSLOD-treeandto thelocationof
particleclustersin theSLOD-tree.Thisoccurswhena par-
ticle clustermovesacrossa subdivision boundaryinto an
adjacentcell in the SLOD-tree. We useaxis-alignedcells
in our subdivision scheme,so computingwhen a particle
clustercrossesa cell boundaryis a fastcalculationthatwe
can perform often. This schemeallows for the addition,
deletion,andmaintenanceof particleclustersasthey move
betweenareasrequiringdifferent resolutionsof accuracy.
Theseareasarecalledtheregionsof interest(ROIs)andare
describedin moredetail in section4.

3.3 Subdivision Basedon PhysicalParameters

We generalizethe subdivision of particlesusingphysi-
calparameters(suchasmass,velocity, acceleration,etc.) in
addition to the standardCartesianposition. For example,
fastermoving particlescouldbegroupedinto smallerclus-
ters for moreaccuratecalculations.This is moreefficient
thanforcing all particlesinto smallclusters.In general,the
above dynamicsubdivision algorithmcanbe extendedby



treatingphysicalparameters,asthoughthey wereadditional
spatialdimensions.However, in practice,the exponential
increasein the numberof cells for eachaddeddimension
limits thisdirectapproach.We consideradditionalphysical
parametersasextra dimensionsfor partitioningat only the
top levelsof subdivision,andthenproceedto subdivide on
thethreespatialdimensions.

3.4 Defining and Switching betweenSLODs

EachROI definesseveralpartitioningparametersthatde-
terminethehow largetheparticleclustersarein thatregion.
The varioussizesof the resultingclustersthen definethe
SLODs.Theparticledynamicsof eachparticlein a cluster
is replacedby the particle dynamicsof its weightedcen-
ter of mass. WhenROI partitioningparameterscausethe
SLOD-treeto producea smallernumberof largerclusters,
the result is a coarserSLOD. Likewise, when the SLOD-
treegeneratesmany clusters,we have a finer SLOD in that
region. ROI partitioningparameterscanbe updatedauto-
maticallyasthedynamicalsystemevolvesor by userinput.
Thisprovidesthemechanismfor dynamicallyswitchingthe
SLODsandis how we maintaina targetframerate.Details
for switchingbetweenSLODsaregivenin section5.

4 Automatic Generation of SLODs

The physically-basedsubdivision hierarchy, or SLOD-
tree,is thebasisfor generatingSLODsfor particlesystem
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 accuracy. These
arecalledregionsof interest(ROIs) andaredefinedeither
by the user(e.g. centerof viewing frustum)or by critical
events(suchascollisions)thatmayoccurin thesimulation.
TheseROIsmaymove,resizeandchangeparametersasthe
simulationproceeds.An SLOD-treeis usedto subdividethe
particlesappropriatelyin eachROI into clustersto simplify
thedynamicsof theparticlesystem.Theseparticleclusters
thusdefinethe correspondingSLOD associatedwith each
ROI.

For example,the centerof view frustummay be given
highestpriority. The dynamicsof the particle systemin
this ROI is then computedwith little or no simplification
to maintainhigh accuracy visual fidelity. Peripheralareas
of the view frustum may be given secondaryimportance.
Largerparticleclustersareusedin the simulationcalcula-
tionsto createanintermediatesimulationlevel of detail.Fi-
nally, for theROIs completelyoutsideof theview frustum,
the simulationmay be computedwith the lowest level of
detailby clusteringtogethertens,or evenhundreds,of par-
ticles. This hierarchicalsubdivision schemeallows several

concurrentanddynamicallydefinedSLODs.

Next, we describesomebasic partitioning parameters
usedin the SLOD-treesand detail how an SLOD-treeis
usedto performadaptivesubdivisionof particleson thefly,
thendescribehow SLODsaregeneratedgiven the particle
clusters.

4.1 Defining Partitioning Parameters

A geometriclevel of detail is oftendefinedby thenum-
berof polygonsin ascene.With SLODsfor particlesystem
dynamics,thecorrespondingmeasureis thenumberof par-
ticle clusterssimulatedin a scene,or inversely, thenumber
of particlesper cluster. We thereforedefineone primary
partitioningparameter, maximumclustersize, asthemaxi-
mum numberof particlesallowed per cluster. Any cell in
theSLOD-treewhoseclustercontainsmorethanthis num-
berof particleswill besubdividedinto two cellseachwith
a clusterof abouthalf thesize. Themaximumspatialsize
of particle clusters,maximumcluster breadth, must also
be limited to preserve visualandsimulationintegrity. The
SLOD-treeis built sothatthedimensionsof eachcell is no
largerthanthis value.

Thesetwo parametersare not enforcedas hard con-
straints,but ratherserveasgoalsfor thesubdivisionmecha-
nismto maintain.For example,if two clusterscanbecom-
binedinto a new onewith a particlecountvery closeto the
maximumsize, they will be combinedeven if the breath
of the new clustermay temporarilyexceedthe maximum
clusterbreadth.Furthermore,it is nearlyimpossibleto gen-
eratea setof clustersthat all have very closeto the maxi-
mumnumberof particles,becausewenormallymustdivide
clustersin half whenbuilding or updatingthe SLOD-tree.
We try to build clustersof maximumsizewhenpossibleby
mergingsmallerclusters,but we realizethat in practicethe
averageclustersizewill be somewhat lessthan the maxi-
mum.

Additionally, our hierarchyconstructionalgorithm al-
lows the definition of parametersthat relate to physical
properties.Although theseconstraintsarenot alwaysused
in constructingthe subdivision hierarchy, they are crucial
to decidingwhenparticlesor clusterscanbegroupedwhen
performingupdatesto thesubdivision. For example,if we
chosenot to usespeedas a dimensionfor tree construc-
tion, we caninsteadincludetheparameterthat limits clus-
tersfrom combiningunlesstheir relative speedsarewithin
acertainratio. Thevelocityvectorsof two clusterscanalso
beconstrainedto bewithin a certainanglebeforetheclus-
tersareallowedto merge.Thismethodis veryfastandvery
memoryefficient.



4.2 SLOD-Trees

Our SLOD-treeis a hybrid subdivision tree that com-
binesk-D treesanduniform grids. K-D treesareattractive
for particlesystemsbecausethey areableto subdivideadap-
tively andproducefiner division in areasof greaterparticle
density. k-D treeshandlesthe division of closeparticles
extremely well, and in generalproducesfar fewer empty
leaf nodesthando oct-trees. Uniform grids areattractive
becauseplacementof a particle into a grid is very quick
comparedto thetime neededto recursedown a k-D tree.

Thetoplevelof ourSLOD-treeconsistsof amasternode
(asshown in Fig.2 andFig.3),whichholdspointersto mul-
tiple subtrees.Onesubtreeis createdfor eachROI. Subtrees
arebasedon a uniform grid structure.Whena finer resolu-
tion of accuracy is needed,eachcell in a subtreeuniform
grid can serve as the root of a k-D tree. As the simula-
tion progresses,thesek-D treesareexpandedandprunedto
containonly asmany cellsasneeded.Eachsubtreedivides
independentlyaccordingto the partitioningparameters,as
definedabove, of its associatedROI. The uniform grid is
initialized sothateachgrid cell is no larger thanthemaxi-
mumclusterbreadth.New subtreesfor dynamicallycreated
ROIs may be addedto the masternodeat any time during
thesimulation.

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

Figure 3. When a new par tic le is inser ted
into the sim ulation system, a master node se-
quentiall y queries each subtree from the top
down until it finds the proper subtree for the
new par tic le.

4.3 Subdivision Update

Whena new particleis addedto the system,or whena
particleclustertravelsacrossacell boundary, thetreeneeds
to be updated. If thereare overlappingROIs, the system
mustdecideinto whichsubtreeto placethenew particlesor
cluster. The masternodemaintainsa precedenceordering
of its children. Subtreesassociatedwith higherresolution
ROIsarenormallyplacedin thefront of thechain,followed
by lower resolutionsubtrees,andendingwith the subtree
for thebackground,asshown in Fig.3. Whenamasternode
receivesaparticle,it checksthatparticleagainstthebound-
ary of eachof subtreein sequentialorder. If theparticleis
foundto bewithin theboundaryof thefirst subtreeit is sent
therefor insertion.If not, it continuesto checksubsequent
childrensubtreesuntil theappropriateoneis found.

Similarly whenclusterscrossgrid cell boundaries,each
clustermustquerytheSLOD-treefor its new location.Spa-
tial coherencedictatesthat thepropercell will be found in
theSLOD-treevery closeto thepreviousone. In this case
we usea bottom-upsearchrather than the top down ap-
proachfor new cells. The clusterfirst checkswhetherit
lies insidetheboundaryof its parent.If not, it continuesto
move up the treeuntil it finds a cell whoseboundaryit is
within. Thentheclusterbeginsa topdown searchfrom that
enclosingnode.



Unfortunately, a bottom-upsearchmay fail to find the
correctcell if thereareoverlappingsubtrees.A clusterin
thebackgroundROI moving into aROI of higherresolution
(or greaterimportance)may insert itself into a nearbylow
resolutioncell in the backgroundsubtree,ratherinserting
itself into the higher resolutionon top of the background.
thanthehigherresolutionsub-tree.To compensate,we oc-
casionallyhavetoperformatopdownsearch.Alternatively,
wecouldusethefasterbottom-upsearchingandsimply try
to avoid overlappingROIs, but this approachwould limit
theuseof ROIs thatmoveor changesize.

4.4 Simulation Levelsof Detail

We simplify thedynamicscomputationfor eachparticle
clusterby approximatingits particlesystemdynamicsus-
ing the particle dynamicsof its weightedcenterof mass.
Giveneachparticlecluster � consistingof � particles,we
generatethecorrespondingSLOD or approximatedmotion
modelusingthefollowing procedure:

1. Computethe position ������� and velocity ������� of
theweightedcenterof mass����� by

� ����� �"! #$&%�')(
$ � $

! #$&%�'*(
$

� ����� �"! #$&%�')(
$ � $

! #$+%�')(
$

where
( $

, � $ and � $ arethemass,positionandveloc-
ity of the , th particle.

2. Updatethepositionandvelocityof theCoM usingthe
standardparticledynamics.

3. Apply thechangein positionandvelocity, -/. and -10
to all particles.

5 Switching betweenSLODs

In ourdynamicssimplificationframework,switchingbe-
tweendifferentSLODsisgovernedby boththedesiredmin-
imum framerateandtheregionsof interestsdefinedby the
userandthesimulation.

5.1 UsingRegionsof Inter est

As with geometricLODs,areascloserto theviewerand
morecenteredin theviewing frustumrequireahigherreso-
lution SLOD.Additionly certaincritical eventsin asimula-
tion needhigherresolutionto maintainsimulationcorrect-
nessandintegrity.

For example,particlesbouncingoff an uneven surface
tend to scatterin different directions. This effect is lost
when a large clusterof particlesinteractswith the same
surface,sinceall the particlesin the clusterwill move off
in the samedirection. Whena large clusteris nearan un-
even surface,the simulationmustswitch to a higherreso-
lution SLOD. Theclustershouldautomaticallydecompose
into smallerclustersor into individual particles. After the
collision astheseindividual particlesmove away from the
surface,thosewith similar motion,physicalproperties,and
locationmay againbe groupedinto a cluster, asshown in
Fig. 6. We have testedthis principle in a simulationwith
two collision areas,Fig. 7. The coneon the right is in
a higherresolutionROI andproducesmorerealisticcolli-
sions. Whenthesmallerclustersfall away from this cone,
they begin to mergebackinto largerclusters.

Areassurroundingparticleemittersalsoneeda higher-
resolutionSLOD. If new particlesaregroupedtoo closeto
a particleemitter, they do not have time to naturallyspread
out beforetheir velocitiesareaveragedtogether. This re-
sultsin a muchnarrowerandvisually lesspleasingparticle
streamfrom theemitter. An alternative approachfor emit-
terswould beto usethevelocity of thefirst particleplaced
in theclusterasthecenterof massvelocity. Additionalpar-
ticles would not averagein their velocity vectors,causing
the distribution of clustervelocitiesto resemblethe distri-
bution of the particlevelocities. This approachshouldbe
usedonly in small areasfor it is a lessphysicallyaccurate
model. Whenthe clusterhasmoved beyond emitterROI,
it will revert to usingthe weightedaveragewheninserting
particlesor mergingwith otherclusters.

OnecanalsouseROIs to increasesimulationfidelity to
clustersbasedon their physicalratherthanspatialparame-
ters. We could definetwo ROIs that eachcover the entire
space,usingoneto clusterthe lighter particlesandoneto
clustertheheavier particles.If the forcesin thesimulation
interactmorenoticeablywith thelighterparticles,theROIs
would be setup to placethe lighter particlesinto smaller
clustersthanthe heavier particles.ROIs provide a flexible
andpowerful methodfor maintainingfidelity in crucialar-
easof asimulationsothattheoverallappearanceof thepar-
ticle systemis maintained.However, someparticlesystems
maysimply have too many crucialareasto avoid someloss
of fidelity. If therewerecollisionshappeningeverywhere,
it would soonbecomeimpracticalto coverall collisionsur-
faceswith specialROIs. This is anaturaltrade-off between
speedandaccuracy that SLODssharewith othersimplifi-
cationtechniques,suchasmodelsimplification.

5.2 Minimum Frame Rates

The systemtries to maintaina consistentframerateby
dynamicallyswitchingbetweentheSLODswheneverit no-



ticesthat theactualframeratehasdeviatedfrom thetarget
framerate.It is importantthatany switchingis smoothand
doesnot causea noticeablechangein theflow of thesimu-
lation. A naiveapproachwouldbeto repartitionall particles
whenever the frameratedictatesa switchof SLODs. This
is impracticalbecauseany globalchangecouldcausea no-
tablepausein thesimulationanda largetemporarydropin
theframerate.

SwitchesbetweenSLODs are implementedindirectly
by adjustingtheclusteringparametersin theROI subtrees.
Whentheframerateis higherthannecessary, themaximum
clustersizefor eachROI is decreased.This will causethe
subtreesto begin breakinglargeclustersinto smallerclus-
terswhenevertheirpositionsin theSLOD-treeareupdated.
Reverseadjustmentsaremadewhentheframeratebecomes
too low. This approachdoesnot createan instantaneous
changein the numberof clustersbut a gradualfluctuation
over several frames. If the systemcannotsustainthe de-
siredframerateafter several adjustmentsto the maximum
clustersize,the systemwill alsoadjustthe maximumpar-
ticle breadthandthe grid sizeat the top level of eachROI
subtree.This approachis morelikely to causea dip in the
framerateasevery clusterin that subtreewill have to be
reinsertedduringthenext updatecycle.

6 Implementation and Results

We have implementeda prototypesystemin C++ to au-
tomatically generateSLODs for a particle system,select
appropriateSLODsandswitch betweenthem. The simu-
lation resultsaredisplayedusingOpenGL.We have tested
our systemframework on two scenarios,a field systemand
anN-bodysystem.With foundthatWe observedup to two
ordersof magnitudeperformanceimprovement,with little
or no lossin visualappearanceof thesimulation.No hand
tweakingof parametersnorspecializedlow-level optimiza-
tion wasusedto obtainthetiming comparisons.

6.1 SystemDemonstrations

Thefirst testscenariois a fountainwith threestreamsof
waterparticles.Thesimulationincludesforcecalculations
for gravity, air resistance,anda light wind. Eachof these
forcescanbecalculatedin constanttime so thesimulation
without SLOD shouldrun in lineartime with respectto the
numberof waterparticles.Thethreeparticleemitterswere
placedin verysmallROIs thatallowedvery limited cluster-
ing. The simulationstartswith only onestreamandadds
the remainingtwo streamsat five secondintervals. Each
streamproducesapproximately2000particles.We ran the
testswith andwithout SLODsandsetthetarget framerate
to 30 fps. A snapshotof thissimulationis shown in Fig. 9.

The simulationandrenderingoverheadof the fountain
quickly limited the frame rate of the simulation without
SLODs. It could not meetthe target framerateeven with
only onewaterstream,andcontinuedto slow down notice-
ablywith eachincreasein thenumberof particles.Thesim-
ulation with SLODswasable to easily sustainthe 30 fps
targetfor theentirerun. At theendof thesimulation,it was
runningapproximatelysix timesfasterthantheonewithout
SLODs.It maintainedthedesiredframerateby increment-
ing the clustersizefor the ROIs nearthe particleemitters.
Theclustersizewasnever incrementedabove30. To deter-
minetheappropriateadjustmentto theclustersize,weused
a simpleschemethatincremented(decremented)themaxi-
mumclustersizeby one,whenever theaverageof thepre-
viousthreeframeswasbelow (above)our targetframerate.
For a simulationwith moreROIs, we incrementthe max-
imum clustersizeof eachROI by the samepercent. This
producesan even increasethroughoutthe simulation. Fig.
8 plotstheframerateof bothsimulationruns.

The secondsimulation is a classicN-body simulation
showing a galaxyof 10,000starsrotatingin space.A snap-
shotof the simulationis shown in Fig. 4. Our simulation
only calculatesexact forcesbetweennearbyclustersand
usesapproximationsfor forcesfrom distantclusters. The
accuracy of the algorithmcanbe tunedby varying the pa-
rameterthat determineswhat is a distantnode. Different
from theBarnes-Hutalgorithmtypically usedin a N-body
simulation,ouralgorithmalsoconsidersparticlemassin the
partitioningstep.Typically, light particleshave little or no
effect on moremassive particlesevenwhenthey areclose
by. By separatingout the lighter particlesinto a separate
ROI, we can reducethe force calculationsby simply ig-
noring the light particlesor by groupingthem into much
largerclusters.Clusterscansimply bypassthe lighter sub-
treewhenthey calculatewhatforcesaffect them,while the
lighterclusterstraversebothsubtrees.

In theory, theoverheadof creatingandupdatingSLODs
can outweight the benefits,if the averagecluster size is
small. In orderto measurewhenthebenefitsbegin, thetwo
simulationsweresetwith staticROIs thatmadeno adjust-
mentsto maintainframerates.Wesetthemaximumcluster
sizeof the main ROI to differentvaluesandcomputedthe
averageframe rate for the entire simulation. Theserates
were comparedwith the non-SLODframe rate and con-
vertedto relative speedincreases,which are summarized
in Fig. 5.

For the fountain, SLODs startedto yield fasterframe
rateswhenthemaximumclustersizewasapproximately6.
Theincreasesareroughlylinearwith respectto thenumber
of particlespercluster, aswewouldexpectgiventhesimple
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 greatl y reduce the num-
ber of par tic le to par tic le force computations
resulting in substantial perf ormance gains.

Figure 5. Speed-up factor of sim ulations with
various ROI settings compared to the sim ula-
tions run without SLODs.

wassetto 64. Theseresultsclearlydemonstratethepoten-
tial of SLODsto acceleratecomplicateddynamicalsystems.

6.2 Err or analysis

Error metricsfor particlesystemsaredifficult to define
for all cases.A metric that works for onesimulationmay
havelittle meaningin another. Oursystemwasdesignedfor
computeranimationsanddynamicssimulationswhereone
is typically moreinterestedin themacroscopicbehavior of
theparticlesystemasa wholeandthevisualappearanceof
theparticlesimulation,ratherthantheaccuracy of thesim-
ulation for eachindividual particle. Consequently, SLODs
mayhave limited applicabilityin scientificcomputationsin
whichaccuracy of simulationsis paramount.

We canboundthe errorsintroducedby SLODs in cer-
tain cases.RecallthateachROI alsohasparameterslimit-
ing which clusterscanbemergedbasedon physicalquan-

tities. Thesearethemaximumanglebetweentheir velocity
vectors2 andthe maximumspeedratio 3 . Both the speed
and direction of the two clusterswill changewhen they
aremerged. By settingthesevalueslow, we canlimit the
changein speedanddirectionof aclusterwhenit is merged
into another. Giventwo clusters4 and5 with masses4�687:9;9
and 5*687:9;9 , normalizeddirections4�< $&= and 5)< $+= , andspeeds4 9?> and 5 9�> , we cancalculatethechangein speed- 9?> and
direction - < $+= for cluster 4 as:

-�9�> � 5 687:9;95 6@7A9;9CB 4 687:9;9 4D9�>E��3GFIHJ

- < $&= � 5*6@7A9;95 687:9;9KB 4 687:9;9 2

Theseformulasshow that the deviation on a clusterin-
creasesasit mergeswith clustersof greatermass.To reduce
errorsin a simulationthatusesparticleswith a largevaria-
tion in mass,thesimulationshouldbenefitif onesubdivides
with massasa dimension,asdescribedin section3.3. This
will preventlighterclustersfrom mergingwith heavier ones
andreducethefrequency of mergesthatproducelargerde-
viations.

It is difficult to quantify the cumulative effect of these
merges. However, the spatialcoherenceof mostparticles
systemsleadsus to believe that they will not introduceno-
ticeableartifactsin the renderedappearanceof the simu-
lation results. This canbe confirmedvisually by viewing
sideby sidevideosof our simulationsof the fountainand
N-bodysystem,which areavailableat ourprojectwebsite:

http://www.cs.unc.edu/L geom/SLOD/

7 Summary and Future Work

In thispaperwepresentanew methodfor automaticsim-
plification of particlesystemdynamicsusinga physically-
basedsubdivision scheme,which considersthe physical
propertiesof the dynamicalsystem,user’s intentsand the
critical events of the simulation. In comparisonto tra-
ditional simulation techniques,we observed performance
gainsapproachingtwo ordersof magnitude. This system
is ableto maintainthe desiredsimulationframerate. with
little degradationin theresultingvisualdisplayof thesim-
ulation.

The promisingresultsindicatethe potentialof dynam-
ics simplification. Thereareseveral openresearchissues.
Can we generalizethis approachto other dynamicalsys-
tems?If so,is thereasystematicmechanismto derivemax-
imum performancegain by using SLODs? If not, what
other techniquesshouldwe consider?How do we ensure
theintegrity of thesimulationis not lost andthesimulation
resultsare correct(or at leastconsistent)using dynamics



simplification?Thedesignof othersimulationacceleration
techniquesalsopresentssimilarnew challenges.
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