
Real-time Mesh Simpli�cation Using the GPU

ChristopherDeCoro�

3D ApplicationResearchGroup,AMD / PrincetonUniversity
NatalyaTatarchuk†

3D ApplicationResearchGroup,AMD

Abstract

Recentadvancesin real-timerenderinghave allowedtheGPUim-
plementationof traditionallyCPU-restrictedalgorithms,oftenwith
performanceincreasesof an orderof magnitudeor greater. Such
gainsareachievedby leveragingthe large-scaleparallelismof the
GPU towardsapplicationsthat arewell-suitedfor thesestreaming
architectures. By contrast,meshsimpli�cation has traditionally
beenviewed asa non-interactive processnot readily amenableto
GPU acceleration.We demonstratehow it becomespracticalfor
real-timeuse throughour method,and that the useof the GPU
evenfor of�ine simpli�cation leadsto signi�cant increasesin per-
formance. Our approachfor meshdecimationadoptsa vertex-
clusteringmethodto the GPU by taking advantageof a new ad-
dition to the renderingpipeline- the geometryshaderstage. We
presentanovel general-purposedatastructuredesignedfor stream-
ing architecturescalled the probabilistic octree, which allows for
muchof the�e xibility of of�ine implementations,includingsparse
encodingandvariablelevel-of-detail. We demonstratesuccessful
useof this datastructurein our GPUimplementationof meshsim-
pli�cation. We cangenerateadaptive levels of detail by applying
non-linearwarpingfunctionsto theclustermapin orderto improve
resultingsimpli�cation quality. OurGPU-acceleratedapproachen-
ablessimultaneousconstructionof multiple levelsof detailandout-
of-coresimpli�cation of extremelylargepolygonalmeshes.

Keywords: meshdecimation,meshsimpli�cation, level-of-detail,
real-timerendering,GPUprogramming

1 Intr oduction

Advancesin dataacquisition(eg. [Levoy etal. 2000])haveresulted
in thewideavailability of massivepolygonaldatasets.Popularityof
contentauthoringtoolssuchasZBrushr [Pixologic2006]provide
easymethodsfor creatingextremelydetailedart contentwith poly-
goncountsin excessof severalhundredmillion triangles.However,
despitethetremendousleapsin GPUperformance,interactive ren-
deringof suchmassivegeometryin computergamesor otherappli-
cationsis still impracticaldueto theperformancepenaltyfor vertex
throughputandtheassociatedlargememorystoragerequirements.

As a result,meshsimpli�cation algorithmshave beenanactive
areaof researchfor nearly a decade. Simpli�cation of massive
datasetsdemandscomputationalef�ciency aswell aseffective use
of availablememory. Currentmethodsdevelopedfor meshsimpli-
�cation anddecimation([GarlandandHeckbert1997],[Lindstrom
andTurk 2000]) aredesignedwith the CPU architecturein mind,
andto this datepolygonalsimpli�cation hasnot beenadaptedfor
theGPUcomputemodel.

However, recentmethodsfor interactive visualizationof large
multiresolutiongeometricmodelsat interactive rates(suchas
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Figure 1: Usingour GPU-basedmeshdecimationalgorithmweareableto
generateall of thesemultiple levelsof detail for this high resolutionmodel
of David's headan order of magnitudefasterthanproducingevena single
simpli�ed levelof detail on theCPU.

[Sanderand Mitchell 2005]) perform geomorphingon the GPU
to renderthe objects. Thesemethodsrequirebuilding hierarchi-
cal level-of-detail structures,which would bene�t from dynamic
meshsimpli�cation algorithms. Gameshave beenincreasingthe
complexity of their massive worlds aswell asemploying a wider
variety of lighting and shadingtechniques.Often, theseinterac-
tive environmentsrequiremultiple renderingsof the sameobjects
from differentviewpointsin asingleframe.Themostcommonap-
plicationsincluderenderinglow-resolutionversionsof objectsinto
a dynamicenvironmentmapfor re�ective or refractive effects;as
well asshadow maprenderingfor multipleshadowing lightsor cas-
cadingor omnidirectionalshadow maps([Gerasimov 2004]).Addi-
tionally, the introductionof streamingcomputationalmodelssuch
as [Buck et al. 2004] and [Peercy and Derstmann2006] enables
physicscomputationsfor in-gameobjectsdirectlyontheGPU.Low-
resolutionmeshesandlevel-of-detailcomputationsprovide conve-
nientoptimizationfor GPU-basedcollisiondetection.

Traditionally, meshsimpli�cation hasbeena slow, CPU-limited
operationperformedas a pre-processon static meshes.With in-
creasingprogrammabilityin moderngraphicsprocessors,especially
with the introduction of the latest GPU pipeline with geometry
shaders([Blythe 2006]),meshsimpli�cation becomesamenableto
the GPU computemodel. In this paperwe describea methodfor
meshsimpli�cation in real-timeincluding the following contribu-
tions:

• Reformulationof meshsimpli�cation basedon the vertex clus-
tering algorithmof [Lindstrom 2000] adoptedto the novel GPU
pipeline.
• A general-purposeGPUoctreestructure
• Adaptivemeshsimpli�cation with constantmemoryrequirements
• Importance-baseddetailpreservationusingnon-linearwarping



With ourmeshsimpli�cation methodweachieveequivalentqual-
ity to theCPU-basedmeshdecimationalgorithms.Wedemonstrate
that the useof our novel probabilisticoctreedatastructureon the
GPUeffectively increasesthegrid resolutionduringsimpli�cation
andthusyields resultingquality improvementswhile maintaining
an identicalmemoryfootprint. Our applicationof meshsimpli�-
cationenablesprocessingof massive datasetsdirectly on theGPU
with overanorderof magnitudeincreasein performance.

Wediscusstheexistingwork onmeshdecimationin Section2.1,
anddescribethenew GPUprogrammablepipelinein sectionSec-
tion 2.2. Section3 containsthe detailsof the GPU-friendlymesh
simpli�cation algorithm, including the descriptionof datastruc-
tures.We presentquantitative resultsof our algorithm(Section4),
andconcludewith adiscussionof potentialfuturework (Section5).

2 Backgr ound

2.1 Mesh Simpli�cation

A wide rangeof algorithmshave beenpresentedto decimatea tri-
anglemesh(introducedin [Schroederetal. 1992]);thatis, givenan
input meshcontainingsomenumberof triangles,producea mesh
with fewer trianglesthat well-approximatesthe original. Someof
the earliestalgorithmsfall underthe classi�cation of vertex clus-
tering [RossignacandBorrel 1993]. In these,theboundingbox of
the meshis divided into a grid (in the simplestcasea rectilinear
latticeof cubes),andall of theverticesin a givencell arereplaced
with asinglerepresentativevertex (“clustered”).Facesthatbecome
degenerateareremovedfrom theresultingsimpli�ed mesh.

Other algorithmstake an iterative approach,in which a series
of primitive simpli�cation operationsareappliedto an input mesh
throughintermediatesimpli�cation stages.Theoperationsareusu-
ally chosensoasto minimizetheincrementalerrorincurredby the
operation,thoughthis is notalwaysthecase.An overview of mesh
decimationalgorithmscanbefoundin [Luebkeetal. 2002].

Perhapsoneof themostcommonlyappliediterative decimation
techniquesis the QSlim algorithm[GarlandandHeckbert1997].
This algorithmiteratively appliesthepair collapseoperator, which
replacestwo verticeswith one, causingneighboringfacesto be-
comedegenerate. In order to selecta collapsedpair of vertices
from thepotentialcandidates,QSlimde�nesthequadricerrormet-
ric, which for a vertex v is de�ned asthepoint-planedistancefrom
v to asetof associatedplanes:

f (v) = å
p2planes(v)

(pTv)2 (1)

= vT

 

å
p2planes(v)

pT p

!

v (2)

= vTQvv: (3)

Initially, planes(v) consistsof the trianglefacesadjacentto v in
theoriginalmesh.Applying thepair collapse(a;b) ! c, weassign
planes(c) = planes(a) [ planes(b). We can remove the needfor
explicit representationof thesetof associatedplanesby theuseof
the symmetric4 � 4 matrix Qv, known asthe error quadric. The
set-unionoperatorthenreducesto quadricaddition.

In [Lindstrom 2000], the authorobserves that the vertex clus-
tering operationis equivalent to performingthe pair collapseop-
erationof QSlim to eachvertex in a clustersimultaneously. Thus,
thequadricerrormetriccanbeusedasa measureof meshquality
for suchalgorithmsand,moreimportantly, canbeusedto directly
computethe representative vertex of a clusterthat minimizesthe
quadricerror. Theauthorsshowedhow thiscanbeusedto generate
higherquality resultsthenpreviously shown in a vertex clustering
framework. Thealgorithmis asfollows. For eachtriangleF,

1. Compute the face quadric QF

2. For each vertex v 2 F

(a) Compute the cluster C containing v

(b) Add QF to the cluster quadric QC

3. If F will be non-degenerate, output F
Thealgorithmactson eachfaceindependently, andstoresonly

the clustergrid asa representationof the intermediatemesh. Im-
portantly, eachvertex will accessa singlelocationin thegrid. This
locality anddata-independenceallows thealgorithmto beef�cient
in thecontext of out-of-coresimpli�cation. For thesamereasons,
suchalgorithmsarealsoidealfor thestreamcomputingarchitecture
of theGPU,andourwork implementsthisapproach.

While auniformgrid enforcesuniform level-of-detailacrossthe
outputmesh,laterwork hasrelaxedthisrestrictionin favor of adap-
tiveapproachesusingoctrees[SchaeferandWarren2003]andBSP
trees[Shaffer andGarland2001]. While suchdatastructuresare
not directly suitablefor GPUimplementationdueto their require-
mentsof dynamicmemoryandsequentialwrites,wedemonstratea
similarGPUstructurethatmaintainsmuchof their advantages.

2.2 GPU Programmab le Pipeline

Theprogrammablevertex andpixel enginesfoundin recentGPUs
executeshaderprograms,containingarithmeticandtexturingcom-
putations,in parallel.Thevertex shaderis traditionallyusedto per-
form vertex transformationsalong with per-vertex computations.
Oncetherasterizerhasconvertedthetransformedprimitivesto pix-
els,thepixel shadercancomputeeachfragment's color.

This pipeline is further extendedin the upcominggeneration
of DirectXr 10hardware,introducinganadditionalprogrammable
geometryshaderstage. This stageacceptsverticesgeneratedby
the vertex shaderas input and,unlike the previous stage,hasac-
cessto theentireprimitive informationaswell asits adjacency in-
formation. This enablestheper-facecomputationof facequadrics
requiredby thevertex clusteringalgorithmof [Lindstrom2000].

The geometryshaderalsohasthe ability to cull input triangles
from therenderingstreamandprevent their rasterization,clearlya
necessarycomponentfor meshdecimation.Finally, theDirectX 10
stream-outoptionallowsreuseof theresultof geometryprocessing
by storing output trianglesin a GPU buffer. This buffer may be
reusedarbitrarily in later renderingstages,or even readback to
thehostCPU.Ourmethodimplementsthesimpli�cation algorithm
takingadvantageof thenovel geometryshaderstagefunctionality
for computationof the quadricmap for eachface,and using the
stream-outfeaturefor storingandlater renderingof thesimpli�ed
geometry.

3 Algorithm

We will �rst presentthebasicstructureof our GPUsimpli�cation
system(Section3.1). However, this leaves �e xibility in several
components,mostnotablythestructureof theclusteringgrid. The
moststraightforward implementationwill usea uniform rectangu-
lar grid; however, thereareadvantagesto both usinga grid with
non-uniformgeometry, asdeformedusingawarpingfunction(Sec-
tion 3.2)anda non-uniformconnectivity asspeci�edwith a proba-
bilistic octreestructure(Section3.3).

3.1 GPU Mesh Simpli�cation Pipeline

Our algorithm proceedsin 3 passesand requiresthe input mesh
to be submittedtwice throughthe renderingpipeline. We encode
the mappingfrom cluster-cell index to clusterquadricin a render
target (an off-screenbuffer), usedas a large 2-dimensionalarray
which we will refer to as the cluster-quadric map. The quadric
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Figure 2: GPU Simpli�cation Pipeline. Theoriginal mesh(left) is subdividedinto clusters according to a 9� 9� 9 grid. In Pass1, wecomputethecluster
quadricsfor each grid cell; the output(shown)is a setof rendertargetsthat containthe quadricsin the pixel values. Pass2 minimizesthe quadric error
functionto computetheoptimalrepresentativepositionsfor each cluster. Finally, Pass3 usesthis to outputthe�nal, decimatedmesh.

accumulationoperation(Equation2) canbe mappedto thehighly
ef�cient additive blend.Becausethealgorithmaccesseseachmesh
triangleonly onceper pass,it is not necessaryto storethe entire
input meshin GPU-residentmemory(thestoragerequirementsare
a function of the outputmeshsizeonly), allowing our algorithm
to ef�ciently processmeshesof arbitrarysize. The passesareas
follows,asillustratedin Figure2:
(Pass1) Cluster-quadric map generation.Giventhesourcemesh
andits boundingbox asinput, aswell asa user-speci�ed number
of subdivisionsalongeachdimension,we rendertheinput meshas
points.WethenassignauniqueID to eachclustercell, andwetreat
therendertargetasa largearraythatis indexedby clusterID. Each
array locationstoresthe currentsumof the error quadricfor that
cell (10 �oats for the 4x4 symmetricmatrix), the averagevertex
positionwithin thatcell (3 �oats) andthevertex count.

The vertex shadercomputesthe correspondingclusterfor each
vertex, and its implied position in the rendertarget. The geome-
try shader, which hasaccessto all verticesin thetriangle,usesthe
world positionsto computethe facequadricfor the triangle,and
assignsthat value to eachoutputvertex to be accumulatedin the
texturemapby thepixel shader, whichsimplypropagatesthecom-
putedcolors,with additiveblendingenabled.
(Pass2) Computation of optimal representative positions. Us-
ing the cluster-quadricmapfrom Pass1, we computethe optimal
representative vertex positionfor eachcluster. Note thatwe could
do this on thenext pass(generationof thedecimatedmesh)but we
chooseto do this in a separatepasssothat therelatively expensive
computationcanbeperformedexactlyonceperclusterwith higher
parallelism.

We rendera singlefull-screenquadthe sizeof the clustermap
rendertargetsinto anotherrendertargetof equalsize. In thepixel
shader, we retrieve thevaluesof theerrorquadricfrom therender
target textures,and computethe optimal position by solving the
quadricerrorequationwith amatrix inversion([GarlandandHeck-
bert 1997]). If the matrix determinantis below a user-speci�ed
threshold(currently1e� 10) we assumethat the quadricis singu-
lar andfall backto usingtheaveragevertex position.Theposition
is savedinto a rendertarget,andusedin thenext pass.
(Pass3) Decimatedmeshgeneration. We sendtheoriginal mesh
throughthe pipelinea secondtime, in order to remapverticesto
their simpli�ed positions,andcull thosetrianglesthatbecomede-
generate.Thevertex shaderagaincomputesthecorrespondingclus-
ter for eachvertex, andthegeometryshaderdeterminesif thethree
verticesarein differentclusters,culling thetriangleif they arenot.
Otherwise,the geometryshaderretrieves the simpli�ed positions
from theoutputof Pass2, usingtheseasthetargetpositionsof the
new triangle,which is streamedout to aGPUbuffer for lateruse.
Multiple Levels-of-Detail. We cancomputemultiple levelsof de-
tail for the samemeshwithout repeatingall threepasses.When
theresolutionof thesamplinggrid is reducedby half, we canomit
Pass1, and insteadcreatethe quadricclustermapby appropriate
downsamplingof thehigher-resolutionquadricclustermap.Pass2

operatesasbefore;however Pass3 canusethe previously simpli-
�ed meshas its input (ratherthan the full resolutioninput mesh)
astheconnectivity will be thesame.This allows theconstruction
of a sequenceof LODs signi�cantly fasterthan incurring the full
simpli�cation costfor eachLOD independently.

3.2 Non-Unif orm Clustering Using Warping Functions

We can achieve a higher level of adaptivity in the simpli�cation
processusinga smooth,non-rigidwarpingfunction to deformthe
clustergrid. Applying suchfunctionduringclustermapgeneration
leadsto ahighersamplingratein thedesiredregions.Wecanapply
arbitrarynon-linearfunctionsasthewarpingguideduringdecima-
tion. For practicalpurposes,wein factapplytheinversewarpfunc-
tion to theverticesthemselveswhencomputingclustercoordinates,
which is equivalent.Theonly changein oursimpli�cation pipeline
is thecomputationof clusterID from vertex position.Thepositions
usedfor thecomputationof errorquadricsneednot bealtered,nor
thestorageof thegrid.

Oneapplicationof this approachis for view-dependentsimpli-
�cation, wherebythe algorithmpreservesgreaterdetail in regions
of themeshcloserto theviewer, asde�ned by theprovidedwarp-
ing function. Thesimplestandmostef�cient functionwe canap-
ply is thecurrentframe'sworld-view-projectiontransformationinto
screenspace. This is equivalent to performinga projective warp
on the underlyingclustergrid. We show a comparisonof view-
dependentandview-independentsimpli�cation in Figure3. Appli-
cationof thiswarpingfunctioncanbemeaningfulfor simpli�cation
onanimatedmeshesin real-timescenarios.

Anotherapplicationis for region-of-interestsimpli�cation, where
theuser(suchasanartist)selectsregionsto bepreservedin higher
detail (as in the user-guidedsimpli�cation approachof [Kho and
Garland2003]). In Figure5, the modelis simpli�ed usingboth a
uniformandadaptivegrid. In orderto preservedetailaroundapar-
ticular region (for our example,the head),we simplify a warped
versionof the mesh,which provides higher samplingaroundthe
regionof interest.

In order to guide the region of interestsimpli�cation, we use
a Gaussianweightingfunction f (x) centeredat the point of inter-
est. We areseekingto derive a warping function which respects
the weightsspeci�ed by f (x). Thuswe would intuitively prefera
functionF(x) suchthatpointswith largervaluesof f (x) arespaced
fartherfrom their neighbors.Additionally, F(x) is one-to-one,and
spansthe range(0;1). We can derive functionsas follows, and
show examplesof varyingparametersin Figure4:

fm;s ;b(x) = (1� b)Gm;s (x) + b (4)

F̂m;s (x) =
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Fm;s ;b(x) =
F̂m;s (x) � F̂m;s (0)

F̂m;s (1) � F̂m;s (0)
(1� b) + bx (7)
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Figure 3: View-independentvs. View-dependentSimpli�cation. The
dragon modelis simpli�ed usingboth methods,with the camera position
to theleft of theobjectin theview-dependentcase. Notethat regionscloser
to thecamera are preservedin higherdetail; noteespeciallythedetail pre-
servedon thefacein thecallout.
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Figure 4: Warping Functions. We showexampleweightingfunctionsat
variousparameters, and their correspondingwarping functions. An input
vertex coordinate(x-axis)will bemappedto a locationin thewarpedmesh
(y-axis). Notehowvaluesnear themean(m= 0:5) are mappedto a wider
range in theoutputthanthosepointsfartheraway.
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Figure5: Area-of-interestSimpli�cation. Weadaptivelysimplifythemodel
to preservedetailaroundthehead,which is performedbywarpingthemesh
appropriately, andclusteringtheresult.

In this de�nition, Gm;s (x) is the standardnormal distribution,
anderf(�) is theGausserrorfunction.Wede�ne abiasparameterb,
whichsetsaminimumweightingfor regionsoutsidetheareaof in-
terest;settingb = 1 is equivalentto uniformsampling.Notethat F̂
canbeviewedasthecumulative distribution functioncorrespond-
ing to f (see[Ross2003]for anoverview), whichwethentranslate
andscaleto theunit squareto producethewarpingfunctionF(x).
Note that the function in Equation7 is currently limited to warps
thatareseparablein x, y andz. However themethodsupportsmore
generalwarps,suchasthosede�ned by arbitrarysplinesor radial
basisfunctions.

3.3 Probabilistic Octrees

The useof a uniform grid requiresthat the user�x the resolution
beforesimpli�cation, anddoesnot easilyallow for uneven levels
of detail acrossthe resultingsimpli�ed mesh(notwithstandingthe
previously discusseduseof warpingfunctions). Additionally, be-
causeof the needfor direct, constant-timeaccessto the grid, the
datais storedin a large �x ed-allocationarrayso that the address
canbecomputeddirectly, regardlessof thenumberof clustersthat
areactuallyoccupied.

We proposeto addresstheseconcernsusinga multi-resolution
grid with multiple levels, from lowest to �nest resolution,where
eachlevel hastwice the detail of the previous in eachdimension
(“octreesubdivision”). Adaptiveoctreeswereintroducedfor vertex
clusteringmeshsimpli�cation in [SchaeferandWarren2003], in
the context of out-of-coresimpli�cation. Eachgrid cell will then
storetheestimateof theerrorquadricfor aclusterof acertainscale.
Whenmappinganinput vertex to a clusterin thedecimationpass,
the representationallows thealgorithmto use�ner scalesin areas
with greaterdetail.

Additionally, ratherthanallocatingall of thepotentialgrid cells
for a given level, we allocatea �x edamountof storage,andusea
spatialhashfunctionto accesstheelementsin constanttime. This
implies that not all clusterswill be stored,but that thereis only a
probability of storage,which is expectedto be the ratio of stored
clustersto allocatedspace.However, thehierarchicalstructureal-
lows for a gracefuldegradationby maintaininga lower resolution
estimate.

As this is similar to thecommonly-usedoctree,we will refer to
our structureas a probabilistic octree. This structureavoids the
sequentialread-modify-writeaccessanddynamicmemoryusedin
traditionaloctrees,and is well-suitedfor the GPU. Note that this
general-purposestructureis not limited to ourapplicationof vertex
clustering,aswediscussin Section5.

Operations. The octreede�nes the high-level ADDVERTEX(v)
andFINDCLUSTER(v) operations,usedin Pass1 and3, respec-
tively, which act on vertex positions. Theseusethe low-level op-
erationsWRITE(k;d) andd = READ(k) to write or readthedata
valued into the arrayrender-target at locationk. We write to the
rendertargetswith additive blendingenabled,soasto accumulate
thequadricvaluesin acluster.

Probabilistic Construction. Whencreatingthe tree(Pass1), we
usetheADDVERTEX operationoneachvertex v to insertitsquadric
into theoctree.In atreewith maximumdepthlmax, avertex haslmax
potentiallevels in which it canbeplaced.Oneimplementationof
ADDVERTEX(v) makes lmax passesto assignv to eachpossible
level, resultingin themostaccurateconstructionof theentiretree.
However, thedecimationtimewill grow proportionally.

Instead,we canthink of theclusterquadricQC asbeingthere-
sult of integrating the quadricsQx at eachpoint x on the surface
containedin C, scaledby the differentialareadA. In performing
the vertex clusteringalgorithmon a �nitely tessellatedmesh,we
approximatethis quantityby taking a sumof the vertex quadrics



Qv containedin C, which themselvesarecomputedfrom their ad-
jacentfacequadricsQ f andcorrespondingareasA f .
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However, we canmake this approximationwith fewer samples
thantheentiresetof thoseavailable. In a highly tessellatedmesh,
eachclusterwill have many sampleswith which to estimatethe
clusterquadric;therefore,we proposeto randomlyselectthe level
of eachvertex, andassignit to thearrayaccordinglyusingWRITE.
Due to thehierarchicalnatureof the tree,thehigherlevels (larger
scales)containmoresamples,anda betterestimateof the cluster
quadriccan be madewith a smallerfraction of the total vertices
than for lower levels. Insteadof a uniform randomdistribution,
we choosethe level accordingto a probability massfunction that
grows exponentiallywith increasinglevel. As thereareexponen-
tially fewernodesatlowerlevels,thesamplingrateremainsroughly
equal. As with any Monte Carlo approximation,more samples
(equatingto morepassesper vertex) will leadto a betterapprox-
imation,but this is notnecessaryfor highly tessellatedmodels,and
anoctreecanbeconstructedin asinglepass.

Probabilistic Storage. As with the uniform grid, we store the
octreelevels in rendertargets,using themasan array; we divide
thearrayinto sectionsfor eachlevel. OnceADDVERTEX(v) has
selectedthe level in which to storev, it can computethe appro-
priatearrayindex k asif the clusterwasdenselystored,invoking
WRITE(k;v) to storethevalue.To achievesparsestorage,weallo-
catefewer nodesthanwould benecessaryfor storageof theentire
level. WRITE usesauniformly distributinghashfunctionto assign
astoragelocationto k. Therefore,theprobabilitythatWRITE(k;d)
will besuccessfulis expectedto beequalto thepercentageof occu-
piednodesin that level, andthis probabilitycanbea parameterto
the algorithm,with the allocationsizeadjustedaccordingly. Note
that if thesparsestoragepropertyof theoctreeis not importantfor
theapplication,wecanallocatethearraysuchthatthestorageprob-
ability ateachlevel is 1.

Accessingthe tr ee. After the tree is createdin Pass1, we use
FINDCLUSTER(v) in Pass3 to determinea correspondingcluster
andscalefor v, which is thenmappedto therepresentative vertex.
FINDCLUSTERusesauser-speci�ederrortoleranceto selectathe
appropriatescale.We canimplementthis by performinga traver-
salfrom therootof thetree(or from anodeof user-speci�eddepth
lmin > 0, to avoid traversingverylow detailregionsof thetree).The
functionmustkeepingin mind thataclusteratany givenscalemay
beunoccupied(novertex wasassigned;indicatedby initializing the
rendertargetto a �ag value)or thattheremaybeanotherclusteras-
signedto thesamepositionasaresultof ahashcollision(discussed
shortly). By varying the error threshold,we canproducemultiple
LODswithoutcreatinganew octree.

By usinga multi-resolutionstructure,we mitigatethe effect of
missingvalues.Theprobabilisticimplementationof ADDVERTEX
maintainsthepropertythateachpoint in spaceis representedby a
nodein the structure;only the scaleis uncertain. If a nodeis ab-
sentat a particularscale,thereis a high probability that theparent
nodewill beavailable,causingthealgorithmonly to fall backto a
slightly lessdetailedapproximationof thatpoint.

We canacceleratetraversalby usinga binary searchacrossthe
differentscales.As the treedepthis O(logNC), whereNC is the
total numberof clusters,a (probabilistic)binary searchover the
depthreduceslookuptimecomplexity to O(loglogNC).

Detectinghashcollisions. Becausewe implementeachtreelevel
with a hashtable, thereexists the possibility of hashcollisions,
wheretwo nodesmap to the sameaddressin the array. A com-
mon solution is for the WRITE(k;d) operationto recordthe key

643 Uniform Grid Octree,lmax= 6

Figure 6: Uniform Grids vs. Adaptive OctreesTheimage on the right is
simpli�ed with a uniform 643 grid, resultingin 13K triangles. Theimage
on the left is simpli�ed usinga probabilisticoctreewith a depthof up to 6
(equivalentto the643 grid). Throughadaptivesimpli�cation, we are able
to preservethesamedetail as theuniformgrid in critical regions,such as
around the edge of the leg, the ear, and the eye, while reducingthe total
triangle count to 4K triangles,and using lessmemoryat runtime. Green
areasin theright imageare thosein higherdetail.

k alongwith the datain storage,allowing READ(k) to determine
whetheror not it hasencountereda collision by a comparison.In
our application,we arenot ableto usethis directapproachdueto
limitation on �x ed functionadditive blendingrequiredto accumu-
latethequadrics.Therefore,weusethemaxblendingmodefor the
alphacomponentonly andwrite k to onerendertarget,and� k to
the other (effectively using the secondrendertarget to performa
min operation).TheREAD(k) operationwill checkthatthevalues
areequalto k and� k, respectively. We proposehardwareexten-
sionsto enableaccuratehashcollisionprocessingin Section5.

4 Results and Applications

Themostsigni�cant contribution of our system,asopposedto in-
memory, CPU-basedsimpli�cation, is thedramaticincreasein speed.
We show the timing resultson a setof input meshesfor both the
CPUandGPUimplementationsof thealgorithmin Table1. Results
areshown for aPCwith dualIntelr Pentiumr 4 CPUs(3.20GHz),
1GB of RAM anda preproductionATI RadeonDirectXr 10 gen-
erationGPU, collectedon Windows Vistar . Note that the CPU
implementationwasimplementedin an ef�cient mannerfor opti-
mal performance.The resultsshow that the GPU implementation
is ableto producesimpli�cation ratesof nearly6 million triangles
persecond,ascomparedto a throughputof 300Ktrianglespersec-
ondon theCPU.

Model Faces CPU GPU CPU:GPU
Bunny 70K 0.2s 0.013s 15:1

Armadillo 345K 1.2s 0.055s 22:1
Dragon 879K 1.9s 0.117s 16:1
Buddha 1M 2.5s 0.146s 17:1

David-head 2M 6.8s 0.322s 21:1
Atlas 4.5M 14.8s 0.741s 20:1

St-Matthew 7.4M 24.6s 1.18s 21:1

Table1: Performanceresultsfor GPU real-timemeshsimpli�cation versus
CPU meshsimpli�cation. Notethat all but the largestresultson theGPU
were renderedat highly interactivereal-timerates,achieving a simpli�ca-
tion throughputof nearly6M faces/second

In ourexperimentswith probabilisticoctrees,wehavefoundthat
thereis a slight penaltyto their use;runningat about80% of the
full speed.Collisionsarenot a major factor. For a treewith half



the total storageallocated,we found approximately0:1% of the
clustersusedwith the bunny causeda hashcollision. While this
doesincreaseasthe sizeof allocatedmemorydecreases,it is not
highly signi�cant. For about8% of the total storageallocated,we
have lessthan10%collisions.

We canmitigatethespeedimpactof octreeswhencreatingmul-
tiple LODs. We have alsofoundthatthemostsigni�cant overhead
in thesimpli�cation processis Pass1, which tendsto take 60%to
75%of thetotal simpli�cation time. Oncetheoctreehasbeencre-
ated,wehaveobservedthatthegenerationof anew meshskipsthis
amountof time overhead(it alsoavoids recomputingthe optimal
positionsin Pass2, but this doesnot usesigni�cant time; lessthan
10%). We notealsothat the implementationof octreesin our sys-
temhasnot beenashighly optimizedasthe regulargrids,andwe
expectthattheperformancecouldbenearlyatparity.

5 Conc lusions and Future Work

We have presenteda methodfor meshsimpli�cation on the novel
GPUprogrammablepipelineanddemonstratedhow meshdecima-
tion becomespracticalfor real-timeusethroughout approach.We
have adopteda vertex-clusteringmethodto theGPUanddescribed
a novel GPU-friendlydatastructuredesignedfor streamingarchi-
tecturescalledthe probabilisticoctree.Our approachcanbe used
to simplify animatedor dynamically(procedurally)generatedge-
ometrydirectly on theGPU,or asa load-timealgorithm,in which
geometryis reducedto a level of detail suitablefor displayon the
currentuser's hardware at the start of the programor changein
scene.Simpli�ed meshescanbe usedfor collision detectionand
other purposes. Additionally, our technologyallows an artist to
rapidly createmultiple levelsof detailandquickly selectthoseap-
propriatefor theapplication.

Theuseof non-uniformgridshasa muchbroaderrangeof uses
thanthosepresentedhere. Onepotentialapplicationis the useof
multi-passsimpli�cation, suchas that presentedin [Shaffer and
Garland2001], which �rst clustersverticeson a uniform grid to
make anestimateof surfacecomplexity, thenusesthis estimateto
produceanadaptive grid (representedwith a BSPtree).This same
approachcouldbeusedto generatethewarpingfunctionfor anon-
uniformgrid,achieving adaptivesimpli�cation while remainingap-
plicableto thestreamingarchitecture.

We alsoexpect that the probabilisticoctreestructurewould be
usefulin otherapplications.This would allow for dynamicoctree
generationthatcouldbeusedin thecontext of collision detection,
ray tracing,frustumandback-faceculling, andotherapplications
for which octreesarecommonlyused. While we wereunableto
providemorethanacursoryoverview of probabilisticoctreesin this
paper, weplanonproducingamoreformalanalysisof thestructure
in futurework.

Hardware extensions:geometryshaderstage.Currentdesignof
the geometryshaderstagecanonly generateindividual primitives
or listsvia streamout. Oncegenerated,thereis novertex reusedue
to lackof associatedindex buffersfor GPU-generateddata.Thisaf-
fectsperformancefor post-streamout renderingpassesandtriples
requiredresultingvertex memoryfootprint. Decimatedmeshren-
deringperformancewould be improved if the API wereextended
to allow indexed streamout, i.e. the ability to streamout primi-
tivesandtheir indicesfrom eachGS invocation. This canbe ac-
complishedby providing an additionalmodefor geometryshader
stage- indexedstreamout which is fully orthogonalto theregular
streamout path.Eachgeometryshaderwill have to specifytheac-
tualnumberof outputverticesat thebeginningof eachshaderprior
to emitting. Thusthehardwarewould beableto allocateappropri-
atestoragefor eachinvocation,aswell asallocatethe numberof
indicesgeneratedby this invocation.

Hardware extensions: Programmable blend stage. We utilize
�x edfunctionadditiveblendfor accumulatingclusterquadricsdur-
ing quadricmapcomputations.However, �x ed function additive
blendingpreventsus from implementingaccuratehashcollision
handling for probabilisticoctrees. We would like to seea pro-
grammableblendstageextendingcurrentfunctionalitybeyondsim-
ple�x edfunctionstage,similarto simplepixel shaderfunctionality.
With �o w controlandsimpleALU computationswewouldbeable
to handlehashcollisionsaccurately. Thus,if theoctreenodebeing
storedhaslesserpriority thanthenodecurrentlystoredin thedesti-
nationbuffer, it couldbeculledby theblendshader. An octreenode
with greaterpriority would overwritethevaluealreadystored,and
anequalpriority octreenodewouldsimplyaccumulate.
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