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Abstract

Recentadwancesdn real-timerenderinghave allowedthe GPU im-
plementatiorof traditionally CPU-restrictedilgorithms oftenwith
performanceéncrease®f an orderof magnitudeor greater Such
gainsareachiezed by leveragingthe large-scaleparallelismof the
GPU towardsapplicationghat are well-suitedfor thesestreaming
architectures. By contrast,meshsimpli cation hastraditionally
beenviewed asa non-interactie processot readily amenablgo
GPU acceleration.We demonstratdow it becomespracticalfor
real-time use through our method, and that the use of the GPU
evenfor of ine simpli cation leadsto signi cant increasesn per
formance. Our approachfor meshdecimationadoptsa vertex-
clusteringmethodto the GPU by taking advantageof a nev ad-
dition to the renderingpipeline - the geometryshaderstage. We
presentnovel general-purposdatastructuredesignedor stream-
ing architecturesalled the probabilistic octree which allows for
muchof the e xibility of of ine implementationsincludingsparse
encodingand variablelevel-of-detail. We demonstratesuccessful
useof this datastructurein our GPUimplementatiorof meshsim-
pli cation. We cangenerateadaptve levels of detail by applying
non-lineawarpingfunctionsto the clustermapin orderto improve
resultingsimpli cation quality. Our GPU-acceleratedpproacten-
ablessimultaneousonstructiorof multiple levelsof detailandout-
of-coresimpli cation of extremelylarge polygonalmeshes.

Keywords: meshdecimationmeshsimpli cation, level-of-detail,
real-timerendering GPU programming

1 Introduction

Advancesn dataacquisition(eg. [Levoy etal. 2000]) have resulted
in thewide availability of massie polygonaldatasetsPopularityof
contentauthoringtoolssuchasZBrush  [Pixologic 2006]provide
easymethoddor creatingextremelydetailedart contentwith poly-
goncountsin excesof severalhundrednillion triangles.However,
despitethetremendougeapsin GPU performanceinteractie ren-
deringof suchmassve geometryin computergamesor otherappli-
cationsis still impracticaldueto the performanceenaltyfor vertex
throughputandthe associatethrge memorystoragerequirements.

As aresult,meshsimpli cation algorithmshave beenan active
areaof researchfor nearly a decade. Simpli cation of massie
datasetslemandsomputationakf ciency aswell aseffective use
of availablememory Currentmethodsdevelopedfor meshsimpli-
cation anddecimation([GarlandandHeckbert1997],[Lindstrom
and Turk 2000]) are designedwith the CPU architecturan mind,
andto this datepolygonalsimpli cation hasnot beenadaptedor
the GPUcomputemodel.

However, recentmethodsfor interactve visualizationof large
multiresolutiongeometriomodelsatinteractve rates(suchas
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Figure 1: Usingour GPU-basedneshdecimatioralgorithmweare ableto
generte all of thesemultiple levelsof detail for this high resolutionmodel
of David's headan order of magnitudefasterthan producingevena single
simpli ed level of detail onthe CPU.

[Sanderand Mitchell 2005]) perform geomorphingon the GPU
to renderthe objects. Thesemethodsrequire building hierarchi-
cal level-of-detail structures,which would bene t from dynamic
meshsimpli cation algorithms. Gameshave beenincreasingthe
complity of their massie worlds aswell asemploying a wider
variety of lighting and shadingtechniques. Often, theseinterac-
tive ervironmentsrequiremultiple renderingsof the sameobjects
from differentviewpointsin asingleframe. The mostcommonap-
plicationsincluderenderingow-resolutionversionsof objectsinto
a dynamicervironmentmapfor re ective or refractive effects; as
well asshadev maprenderingor multiple shadeving lights or cas-
cadingor omnidirectionakhadav maps([Gerasime 2004]). Addi-
tionally, the introductionof streamingcomputationamodelssuch
as [Buck et al. 2004] and [Peerg and Derstmann2006] enables
physicscomputation$or in-gameobjectsdirectlyonthe GPU.Low-
resolutionmeshesandlevel-of-detailcomputationgrovide corve-
nientoptimizationfor GPU-basedollision detection.

Traditionally, meshsimpli cation hasbeena slow, CPU-limited
operationperformedas a pre-proces®n static meshes. With in-
creasingorogrammabilityn moderngraphicgrocessorgspecially
with the introduction of the latest GPU pipeline with geometry
shaderg[Blythe 2006]), meshsimpli cation becomesmenabldo
the GPU computemodel. In this paperwe describea methodfor
meshsimpli cation in real-timeincluding the following contritu-
tions:

» Reformulationof meshsimpli cation basedon the vertex clus-
tering algorithm of [Lindstrom 2000] adoptedto the novel GPU
pipeline.

* A general-purpos&PU octreestructure

» Adaptive meshsimpli cation with constantnemoryrequirements
* Importance-basedetail preserationusingnon-linearwarping



With ourmeshsimpli cation methodwe achieve equivalentqual-
ity to the CPU-basedneshdecimatioralgorithms.We demonstrate
thatthe useof our novel probabilisticoctreedatastructureon the
GPU effectively increaseshe grid resolutionduring simpli cation
andthusyields resultingquality improvementswhile maintaining
anidenticalmemoryfootprint. Our applicationof meshsimpli -
cationenablegrocessingf massie datasetsdirectly onthe GPU
with over anorderof magnitudencreasen performance.

We discusgheexistingwork on meshdecimatiornin Section2.1,
anddescribethe nev GPU programmabl@ipelinein sectionSec-
tion 2.2. Section3 containsthe detailsof the GPU-friendlymesh
simpli cation algorithm, including the descriptionof datastruc-
tures. We presengjuantitatve resultsof our algorithm(Section4),
andconcludewith adiscussiorof potentialfuturework (Sectionb).

2 Background

2.1 Mesh Simpli cation

A wide rangeof algorithmshave beenpresentedo decimatea tri-
anglemesh(introducedn [Schroedeetal. 1992]);thatis, givenan
input meshcontainingsomenumberof triangles,producea mesh
with fewer trianglesthat well-approximateshe original. Someof
the earliestalgorithmsfall underthe classi cation of vertex clus-
tering [RossignaandBorrel 1993]. In these the boundingbox of
the meshis divided into a grid (in the simplestcasea rectilinear
lattice of cubes)andall of the verticesin a givencell arereplaced
with asinglerepresentatie vertex (“clustered”). Faceghatbecome
degeneratareremovedfrom theresultingsimpli ed mesh.

Other algorithmstake an iterative approach,jn which a series
of primitive simpli cation operationsareappliedto aninput mesh
throughintermediatesimpli cation stagesTheoperationsareusu-
ally chosersoasto minimizetheincrementakrrorincurredby the
operationthoughthis is not alwaysthe case An overview of mesh
decimationalgorithmscanbefoundin [Luebke etal. 2002].

Perhap®neof the mostcommonlyappliediterative decimation
techniquesds the QSlim algorithm [Garlandand Heckbert1997].
This algorithmiteratively appliesthe pair collapseoperatoywhich
replacestwo verticeswith one, causingneighboringfacesto be-
comedegenerate. In orderto selecta collapsedpair of vertices
from the potentialcandidatesQSlim de nesthe quadricerrormet-
ric, which for avertex v is de ned asthe point-planedistancefrom
v to asetof associateglanes:

f(v) = a (p'v? @)
p2planegv) .
= Vv a4 ppv )
p2planegv)
= vQw (3)

Initially, planegv) consistsof the trianglefacesadjacento v in
theoriginal mesh.Applying thepair collapse(a;b) ! ¢, we assign
planeg¢c) = planeg¢a) [ planegb). We canremove the needfor
explicit representatioof the setof associateghlanesby the useof
the symmetric4 4 matrix Qy, known asthe error quadric. The
set-unionoperatothenreducego quadricaddition.

In [Lindstrom 2000], the authorobseres that the vertex clus-
tering operationis equivalentto performingthe pair collapseop-
erationof QSlim to eachvertex in a clustersimultaneously Thus,
the quadricerror metric canbe usedasa measureof meshquality
for suchalgorithmsand, moreimportantly canbe usedto directly
computethe representate vertex of a clusterthat minimizesthe
quadricerror Theauthorsshavedhow this canbeusedto generate
higherquality resultsthenpreviously shavn in a vertex clustering
framework. Thealgorithmis asfollows. For eachtriangleF,

1. Computethe face quadric Qf
2. For each vertex v2F
(@) Computethe cluster C containing Vv
(b) Add Qr to the cluster quadric Qc
3. If F will be non-degenerate, output F

The algorithmactson eachfaceindependentlyand storesonly
the clustergrid asa representatiof the intermediatemesh. Im-
portantly eachvertex will access singlelocationin thegrid. This
locality anddata-independencelows the algorithmto be ef cient
in the contet of out-of-coresimpli cation. For the samereasons,
suchalgorithmsarealsoidealfor thestreamcomputingarchitecture
of the GPU,andour work implementshis approach.

While auniform grid enforcesuniform level-of-detailacrosshe
outputmesh Jaterwork hasrelaxedthisrestrictionin favor of adap-
tive approachessingoctreedSchaefemndWarren2003]andBSP
trees[Shafer and Garland2001]. While suchdatastructuresare
not directly suitablefor GPUimplementatiordueto their require-
mentsof dynamicmemoryandsequentialrites,we demonstrata
similar GPU structurethatmaintainsmuchof their advantages.

2.2 GPU Programmab le Pipeline

The programmablerertex andpixel enginefoundin recentGPUs
executeshadeprogramsgontainingarithmeticandtexturing com-
putationsjn parallel. Thevertex shaderis traditionallyusedto per
form vertex transformationsalong with pervertex computations.
Oncetherasterizehascorvertedthetransformedrimitivesto pix-
els,the pixel shadercancomputeeachfragments color.

This pipeline is further extendedin the upcominggeneration
of DirectXr 10hardware,introducinganadditionalprogrammable
geometryshaderstage. This stageacceptsverticesgeneratedy
the vertex shaderasinput and, unlike the previous stage,hasac-
cessto the entireprimitive informationaswell asits adjaceng in-
formation. This enableghe perfacecomputationof facequadrics
requiredby thevertex clusteringalgorithmof [Lindstrom2000].

The geometryshaderalsohasthe ability to cull input triangles
from therenderingstreamandpreventtheir rasterizationclearly a
necessargomponenfor meshdecimation.Finally, the DirectX 10
stream-oubptionallows reuseof theresultof geometryprocessing
by storing outputtrianglesin a GPU buffer. This buffer may be
reusedarbitrarily in later renderingstages,or even readback to
thehostCPU.Our methodimplementshe simpli cation algorithm
taking advantageof the novel geometryshaderstagefunctionality
for computationof the quadricmap for eachface,and usingthe
stream-oufeaturefor storingandlater renderingof the simpli ed
geometry

3 Algorithm

We will rst presenthe basicstructureof our GPU simpli cation

system(Section3.1). However, this leaves e xibility in several
componentsmostnotablythe structureof the clusteringgrid. The
moststraightforvardimplementatiorwill usea uniform rectangu-
lar grid; however, thereare advantagego both using a grid with

non-uniformgeometryasdeformedusingawarpingfunction(Sec-
tion 3.2) anda non-uniformconnectvity asspeci edwith a proba-
bilistic octreestructure(Section3.3).

3.1 GPU Mesh Simpli cation

Our algorithm proceedsn 3 passesand requiresthe input mesh
to be submittedtwice throughthe renderingpipeline. We encode
the mappingfrom clustercell index to clusterquadricin a render
target (an off-screenbuffer), usedas a large 2-dimensionalarray
which we will referto asthe clusterquadric map The quadric
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Figure 2: GPU Simpli cation Pipeline. Theoriginal mesh(left) is subdividednto clustes accodingtoa9 9 9 grid. In Pass1, we computethe cluster
quadricsfor ead grid cell; the output(shown)is a setof rendertargetsthat containthe quadricsin the pixel values. Pass2 minimizesthe quadric error
functionto computethe optimalrepresentativgositionsfor eac cluster Finally, Pass3 useshisto outputthe nal, decimatednesh.

accumulatioroperation(Equation2) canbe mappedo the highly
ef cient additive blend. Becausehe algorithmaccessesachmesh
triangle only onceper pass,it is not necessaryo storethe entire
inputmeshin GPU-residentmemory(the storagerequirementsre
a function of the outputmeshsize only), allowing our algorithm
to efciently processmesheof arbitrarysize. The passesareas
follows, asillustratedin Figure2:

(Passl) Cluster-quadric map generation. Giventhesourcemesh
andits boundingbox asinput, aswell asa userspeci ed number
of subdiisionsalongeachdimensionwe rendertheinputmeshas
points.We thenassigrauniquelD to eachclustercell, andwetreat
therendertargetasalargearraythatis indexedby clusterlD. Each
array location storesthe currentsum of the error quadricfor that
cell (10 oats for the 4x4 symmetricmatrix), the averagevertex

positionwithin thatcell (3 oats) andthevertex count.

The vertex shadercomputeghe correspondinglusterfor each
vertex, andits implied positionin the rendertarget. The geome-
try shaderwhich hasaccesgo all verticesin thetriangle,usesthe
world positionsto computethe facequadricfor the triangle, and
assignghat value to eachoutputvertex to be accumulatedn the
texture mapby the pixel shaderwhich simply propagtesthe com-
putedcolors,with additive blendingenabled.

(Pass2) Computation of optimal representatve positions. Us-
ing the clusterquadricmapfrom Pass1, we computethe optimal
representate vertex positionfor eachcluster Note thatwe could
do this onthe next pass(generatiorof the decimatednesh)but we
chooseo do thisin a separatgasssothattherelatively expensve
computatiorcanbe performedexactly onceperclusterwith higher
parallelism.

We rendera single full-screenquadthe size of the clustermap
rendertargetsinto anothemrendertarget of equalsize. In the pixel
shaderwe retrieve the valuesof the error quadricfrom therender
tamget textures, and computethe optimal position by solving the
quadricerrorequationwith amatrixinversion([GarlandandHeck-
bert 1997]). If the matrix determinantis belov a userspeci ed
threshold(currentlyle 10) we assumehat the quadricis singu-
lar andfall backto usingthe averagevertex position. The position
is savedinto arendertaiget,andusedin the next pass.

(Pass3) Decimatedmeshgeneration. We sendthe original mesh
throughthe pipeline a secondtime, in orderto remapverticesto
their simpli ed positions,andcull thosetrianglesthatbecomede-
generateThevertex shaderagaincomputeshecorrespondinglus-
terfor eachvertex, andthe geometryshadeideterminesf thethree
verticesarein differentclustersculling thetriangleif they arenot.
Otherwise,the geometryshaderretrievesthe simpli ed positions
from the outputof Pass2, usingtheseasthetarget positionsof the
new triangle,whichis streameautto a GPUbuffer for lateruse.

Multiple Levels-of-Detail. We cancomputemultiple levels of de-
tail for the samemeshwithout repeatingall three passes.When
theresolutionof the samplinggrid is reducedby half, we canomit
Pass1, andinsteadcreatethe quadricclustermap by appropriate
downsamplingof the higherresolutionquadricclustermap. Pass2

operatesasbefore; however Pass3 canusethe previously simpli-
ed meshasits input (ratherthanthe full resolutioninput mesh)
asthe connecwity will be the same.This allows the construction
of a sequencef LODs signi cantly fasterthanincurring the full
simpli cation costfor eachLOD independently

3.2 Non-Unif orm Clustering Using Warping Functions

We can achieve a higherlevel of adaptvity in the simpli cation
procesausinga smooth,non-rigid warpingfunction to deformthe
clustergrid. Applying suchfunctionduring clustermapgeneration
leadsto a highersamplingratein thedesiredregions. We canapply
arbitrarynon-linearfunctionsasthe warpingguideduring decima-
tion. For practicalpurposeswein factapplytheinversewarpfunc-
tion to theverticesthemseleswhencomputingclustercoordinates,
whichis equivalent. Theonly changen our simpli cation pipeline
is thecomputatiorof clusterID from vertex position. Thepositions
usedfor the computatiorof errorquadricsneednot be altered,nor
the storageof thegrid.

Oneapplicationof this approachs for view-dependensimpli-
cation, wherebythe algorithmpreseresgreaterdetail in regions
of the meshcloserto the viewer, asde ned by the provided warp-
ing function. The simplestand mostef cient functionwe canap-
ply is thecurrentframe'sworld-view-projectiontransformatiorinto
screenspace. This is equivalentto performinga projectve warp
on the underlyingclustergrid. We shav a comparisonof view-
dependenandview-independensimpli cation in Figure3. Appli-
cationof thiswarpingfunctioncanbemeaningfulfor simpli cation
onanimatedneshesn real-timescenarios.

Anotherapplicationis for region-of-inteestsimpli cation, where
theuser(suchasanartist) selectgegionsto be preseredin higher
detail (asin the userguidedsimpli cation approachof [Kho and
Garland2003]). In Figure5, the modelis simpli ed usingbotha
uniform andadaptve grid. In orderto presere detailarounda par
ticular region (for our example,the head),we simplify a warped
versionof the mesh,which provides higher samplingaroundthe
region of interest.

In orderto guide the region of interestsimpli cation, we use
a Gaussiarweightingfunction f(x) centeredat the point of inter-
est. We are seekingto 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-oneand
spansthe range(0;1). We can derive functionsas follows, and
shav examplesof varyingparameterin Figure4:

fmsp(¥ = (Zl b)Gms (X) + b (4)
Fns(®) = . Gms (t)dt (5)
= % 1+ erf’ép%1 ©6)

Fms:b(X) Fms(®) Fms(0) (1 b)+ bx @)

Fms(1) Fms(0)



Uniform Simpli cation View-dependenSimpli cation

(Camerdrom left)

==

Figure 3: View-independentvs. View-dependeniSimpli cation. The
dragon modelis simpli ed using both methodswith the camea position
to theleft of the objectin theview-dependentase Notethatregionscloser
to the camen are preservedn higherdetail; noteespeciallythe detail pre-
servedon thefacein thecallout.
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Figure 4: Warping Functions. We showexampleweightingfunctionsat
various parametes, and their correspondingwvarping functions. An input
vertex coordinate(x-axis)will bemappedo a locationin thewarpedmesh
(y-axis). Notehowvaluesnearthe mean(m= 0:5) are mappedo a wider
rangein the outputthanthosepointsfarther away

Original Input Mesh Warped Input Mesh

Warp

lSimpIify

Uniform Simplification

lSimpIify

Adaptive Simplification

Figure 5: Area-of-interestSimpli cation. We adaptivelysimplifythemodel
to preservealetailaroundthehead which is performedby warpingthemesh
appropriately, and clusteringtheresult.

In this de nition, Gms (X) is the standardnormal distribution,
anderf( ) istheGaus<errorfunction. We de ne abiasparameteb,
which setsa minimumweightingfor regionsoutsidethe areaof in-
terest;settingb = 1 is equivalentto uniform sampling.Notethat F
canbe viewed asthe cumulatve distribution function correspond-
ingto f (see[Ross2003]for anoverview), whichwe thentranslate
andscaleto the unit squareto producethe warpingfunction F(x).
Note thatthe function in Equation? is currentlylimited to warps
thatareseparablén x, y andz. Howeverthe methodsupportamore
generalwarps,suchasthosede ned by arbitrary splinesor radial
basisfunctions.

3.3 Probabilistic Octrees

The useof a uniform grid requiresthat the user x theresolution
beforesimpli cation, and doesnot easilyallow for uneven levels

of detail acrosgthe resultingsimpli ed mesh(notwithstandinghe

previously discussediseof warpingfunctions). Additionally, be-

causeof the needfor direct, constant-timeaccesgo the grid, the

datais storedin a large x ed-allocationarray so that the address
canbe computeddirectly, regardlessof the numberof clustersthat

areactuallyoccupied.

We proposeto addresgheseconcernausing a multi-resolution
grid with multiple levels, from lowestto nest resolution,where
eachlevel hastwice the detail of the previous in eachdimension
(“octreesubdvision”). Adaptive octreeswereintroducedor vertex
clusteringmeshsimpli cation in [Schaeferand Warren2003], in
the context of out-of-coresimpli cation. Eachgrid cell will then
storetheestimateof theerrorquadricfor aclusterof acertainscale.
Whenmappinganinput vertex to a clusterin the decimationpass,
the representatiomllows the algorithmto use ner scalesn areas
with greaterdetail.

Additionally, ratherthanallocatingall of the potentialgrid cells
for agivenlevel, we allocatea x edamountof storageandusea
spatialhashfunctionto accesghe elementsn constantime. This
implies thatnot all clusterswill be stored,but thatthereis only a
probability of storagewhich is expectedto be the ratio of stored
clustersto allocatedspace.However, the hierarchicalstructureal-
lows for a gracefuldegradationby maintaininga lower resolution
estimate.

As this is similar to the commonly-usedctree,we will referto
our structureas a probabilistic octree This structureavoids the
sequentiatead-modify-writeaccessand dynamicmemoryusedin
traditional octrees,and is well-suitedfor the GPU. Note that this
general-purposstructures notlimited to our applicationof vertex
clustering,aswe discussn Sectionb.

Operations. The octreede nes the high-level ADDVERTEX(V)
and FINDCLUSTERYV) operationsusedin Passl and3, respec-
tively, which acton vertex positions. Theseusethe low-level op-
erationsWRITE(k; d) andd = READ(K) to write or readthe data
valued into the array rendertarget at locationk. We write to the
rendertargetswith additive blendingenabledso asto accumulate
thequadricvaluesin acluster

Probabilistic Construction. Whencreatingthe tree (Pass1), we
usetheADDVERTEX operatioroneachvertex vto insertits quadric
into theoctree.In atreewith maximumdepthl max avertex haslmax
potentiallevelsin which it canbe placed. Oneimplementatiorof
ADDVERTEX(v) makes|max passego assignv to eachpossible
level, resultingin the mostaccurateconstructiorof the entiretree.
However, thedecimatiortime will grow proportionally

Instead we canthink of the clusterquadricQc asbeingthere-
sult of integrating the quadricsQy at eachpoint x on the surface
containedin C, scaledby the differentialareadA. In performing
the vertex clusteringalgorithmon a nitely tessellatednesh,we
approximatethis quantity by taking a sum of the vertex quadrics



Qv containedn C, which themselesarecomputedrom their ad-
jacentfacequadricsQs andcorrespondingireasis.
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However, we can make this approximationwith fewer samples
thanthe entire setof thoseavailable. In a highly tessellateanesh,
eachclusterwill have mary sampleswith which to estimatethe
clusterquadric;therefore we proposeto randomlyselectthe level
of eachvertex, andassignit to thearrayaccordinglyusingWRITE.
Dueto the hierarchicalnatureof the tree,the higherlevels (larger
scales)containmore samplesanda 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 increasingevel. As thereare exponen-
tially fewernodesatlowerlevels,thesamplingrateremaingoughly
equal. As with ary Monte Carlo approximation,more samples
(equatingto more passeger vertex) will leadto a betterapprox-
imation, but thisis not necessarjor highly tessellatednodels,and
anoctreecanbeconstructedn asinglepass.

Probabilistic Storage. As with the uniform grid, we store the
octreelevelsin rendertargets,usingthemasan array; we divide
the arrayinto 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 achieve sparsestoragewe allo-

catefewer nodesthanwould be necessaryor storageof the entire
level. WRITE usesauniformly distributing hashfunctionto assign
astoragdocationto k. Thereforethe probabilitythatWRITE(k; d)

will besuccessfuis expectedo beequalto thepercentagef occu-
pied nodesin thatlevel, andthis probability canbe a parameteto

the algorithm,with the allocationsize adjustedaccordingly Note
thatif the sparsestoragepropertyof the octreeis notimportantfor

theapplicationwe canallocatethearraysuchthatthestoragerob-
ability ateachlevel is 1.

Accessingthe tree. After the treeis createdin Pass1, we use
FINDCLUSTERYV) in Pass3 to determinea correspondingluster
andscalefor v, which is thenmappedo the representatie vertex.
FINDCLUSTERusesauserspeci ederrortolerancdo selectathe
appropriatescale. We canimplementthis by performinga traver
salfrom theroot of thetree(or from a nodeof userspeci eddepth
Imin> 0, to avoid traversingvery low detailregionsof thetree).The
functionmustkeepingin mindthata clusteratary givenscalemay
beunoccupiedno vertex wasassignedindicatedby initializing the
renderntamgetto a ag value)or thattheremaybeanotherclusteras-
signedto the samepositionasaresultof a hashcollision (discussed
shortly). By varying the error threshold,we canproducemultiple
LODs without creatinga new octree.

By usinga multi-resolutionstructure we mitigate the effect of
missingvalues.Theprobabilisticimplementatiorof ADDVERTEX
maintainsthe propertythat eachpointin spaceis representethy a
nodein the structure;only the scaleis uncertain. If a nodeis ab-
sentat a particularscale thereis a high probability thatthe parent
nodewill beavailable,causingthealgorithmonly to fall backto a
slightly lessdetailedapproximatiorof thatpoint.

We canacceleratdraversalby usinga binary searchacrossthe
differentscales. As the tree depthis O(logN¢), whereNc is the
total numberof clusters,a (probabilistic) binary searchover the
depthreducedookuptime compleity to O(loglogNc).

Detecting hash collisions. Becauseve implementeachtreelevel
with a hashtable, there exists the possibility of hashcollisions,
wheretwo nodesmap to the sameaddressn the array A com-
mon solutionis for the WRITE(k;d) operationto recordthe key

643 Uniform Grid Octree)max= 6

Figure 6: Uniform Grids vs. Adaptive OctreesTheimage on theright is
simpli ed with a uniform 64° grid, resultingin 13K triangles. Theimage
ontheleft is simpli ed usinga probabilistic octreewith a depthof up to 6
(equivalentto the 64° grid). Throughadaptivesimpli cation, we are able
to preservethe samedetail as the uniformgrid in critical regions,sud as
around the edee of the leg, the ear, and the eye while reducingthe total
triangle countto 4K triangles, and usinglessmemoryat runtime Green
areasin theright image are thosein higherdetail.

k alongwith the datain storageallowing READ(K) to determine
whetheror not it hasencountered collision by a comparison.In

our application,we arenot ableto usethis directapproactdueto

limitation on x ed function additive blendingrequiredto accumu-
latethe quadrics.Thereforewe usethe maxblendingmodefor the
alphacomponenbnly andwrite k to onerendertamget,and k to

the other (effectively usingthe secondrendertarget to performa

min operation).The READ(K) operationwill checkthatthevalues
areequalto k and k, respectiely. We proposehardware exten-
sionsto enableaccuraténashcollision processingn Section5.

4 Results and Applications

The mostsigni cant contrikution of our system,asopposedo in-
memory CPU-basedimpli cation, isthedramatidncreasen speed.
We shawv the timing resultson a setof input meshedor both the
CPUandGPUimplementationsf thealgorithmin Tablel. Results
areshavn for aPCwith dualintelr Pentiunm 4 CPUs(3.20GHz),
1GB of RAM anda preproductiorATI RadeorDirectXr 10 gen-
erationGPU, collectedon Windows Vistar . Note that the CPU
implementationwasimplementedn an ef cient mannerfor opti-
mal performance.The resultsshav thatthe GPU implementation
is ableto producesimpli cation ratesof nearly6 million triangles
persecondascomparedo athroughpuibf 300K trianglespersec-
ondontheCPU.

[ Model | Faces] CPU [ GPU | CPU.GPU|
Bunry 70K 0.2s | 0.013s 15:1
Armadillo | 345K | 1.2s | 0.055s 22:1
Dragon 879K | 1.9s | 0.117s 16:1
Buddha M 2.5s | 0.146s 17:1
David-head | 2M 6.8s | 0.322s 21:1
Atlas 45M | 14.8s| 0.741s 20:1
St-Matthev | 7.4M | 24.6s| 1.18s 21:1

Table 1: Performanceresultsfor GPU real-timemeshsimpli cation versus
CPU meshsimpli cation. Notethat all but the largestresultson the GPU
were rendeed at highly interactivereal-timerates,achieving a simpli ca-
tion throughputof nearly 6M faces/second

In ourexperimentswith probabilisticoctreeswe have foundthat
thereis a slight penaltyto their use;runningat about80% of the
full speed.Collisionsarenot a major factor For atreewith half



the total storageallocated,we found approximately0:1% of the
clustersusedwith the bunry causeda hashcollision. While this
doesincreaseasthe size of allocatedmemorydecreasest is not
highly signi cant. For about8% of thetotal storageallocated we
have lessthan10%collisions.

We canmitigatethe speedmpactof octreesvhencreatingmul-
tiple LODs. We have alsofoundthatthe mostsigni cant overhead
in the simpli cation processs Pass1, which tendsto take 60%to
75% of thetotal simpli cation time. Oncethe octreehasbeencre-
ated,we have obsenredthatthegeneratiorof anenv meshskipsthis
amountof time overhead(it also avoids recomputingthe optimal
positionsin Pass2, but this doesnot usesigni cant time; lessthan
10%). We notealsothatthe implementatiorof octreesn our sys-
tem hasnot beenashighly optimizedasthe regular grids, andwe
expectthatthe performanceould be nearlyat parity.

5 Conclusions and Future Work

We have presentedh methodfor meshsimpli cation on the novel
GPU programmablgipelineanddemonstratetion meshdecima-
tion becomegpracticalfor real-timeusethroughout approachWe
have adoptedh vertex-clusteringmethodto the GPUanddescribed
a novel GPU-friendlydatastructuredesignedor streamingarchi-
tecturescalledthe probabilisticoctree. Our approachcanbe used
to simplify animatedor dynamically(procedurally)generatedje-
ometrydirectly on the GPU, or asaload-timealgorithm,in which
geometryis reducedo a level of detail suitablefor displayon the
currentusers hardware at the start of the programor changein
scene. Simpli ed meshesan be usedfor collision detectionand
other purposes. Additionally, our technologyallows an artist to
rapidly createmultiple levels of detailandquickly selectthoseap-
propriatefor theapplication.

The useof non-uniformgrids hasa muchbroaderangeof uses
thanthosepresentedere. One potentialapplicationis the useof
multi-passsimpli cation, suchas that presentedn [Shafer and
Garland2001], which rst clustersverticeson a uniform grid to
male an estimateof surfacecompleity, thenusesthis estimateto
produceanadaptve grid (representedvith a BSPtree). This same
approactcouldbeusedto generatehe warpingfunctionfor anon-
uniformgrid, achieving adaptve simpli cation while remainingap-
plicableto the streamingarchitecture.

We also expectthat the probabilisticoctreestructurewould be
usefulin otherapplications.This would allow for dynamicoctree
generatiorthat could be usedin the context of collision detection,
ray tracing, frustumandback-ficeculling, and otherapplications
for which octreesare commonlyused. While we were unableto
provide morethanacursoryoverview of probabilisticoctreesn this
paperwe planon producingamoreformal analysisof thestructure
in futurework.

Hardware extensions:geometryshaderstage.Currentdesignof
the geometryshaderstagecanonly generatandividual primitives
or lists via streamout. Oncegeneratedthereis no vertex reusedue
to lack of associatethdex buffersfor GPU-generatedata.Thisaf-
fectsperformancdor post-streanout renderingpasseandtriples
requiredresultingvertex memoryfootprint. Decimatedmeshren-
dering performancevould be improved if the API were extended
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 orthogonatto the regular
streamout path. Eachgeometryshademill have to specifytheac-
tual numberof outputverticesatthebeginning of eachshademprior
to emitting. Thusthe hardwarewould be ableto allocateappropri-
ate storagefor eachinvocation,aswell asallocatethe numberof
indicesgeneratedby this invocation.

Hardware extensions: Programmable blend stage. We utilize
x edfunctionadditive blendfor accumulatinglusterquadricsdur-
ing quadricmap computations.However, x ed function additve
blending prevents us from implementingaccuratehashcollision
handling for probabilistic octrees. We would like to seea pro-
grammablélendstagesxtendingcurrentfunctionalitybeyondsim-
ple x edfunctionstagesimilarto simplepixel shadefunctionality
With ow controlandsimpleALU computationsve would beable
to handlehashcollisionsaccurately Thus,if the octreenodebeing
storedhaslesserpriority thanthenodecurrentlystoredin thedesti-
nationbuffer, it couldbeculledby theblendshaderAn octreenode
with greaterpriority would overwrite the valuealreadystored,and
anequalpriority octreenodewould simply accumulate.
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