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Figure 1: Comparingour quantizatiorresultfor NVIDIA RodketCarmodelto the standad API-supportedjuantizations.
We canachieve a highercompessiorrate while maintaininghigherimage quality thanotherstandad methods.

Abstract

e presenta vertex compessiontechniquesuitablefor ef cient decompessionon graphicshardware. Givena
userspeci ed numberof bits per vertex, we automaticallyallocate bits to vertex attributesfor quantizationto
maximizequality, guidedby animage-spaceerror metric. Thisallocationaccountdor the constaintsof graphics
hardware by pading the quantizedattributesinto bins associatedwith the hardware's vectorizedvertex data
elementsWe showthat this generl appmoad is also applicableif the userspeci esa total desiled modelsize
We presentan algorithmthatintegrally combinesertex decimatiorandattribute quantizatiorto producethebest
quality modelfor a userspeci ed data size Sutc modelshavean apptopriate balancebetweerthe numberof
verticesandthe numberof bits per vertex.

\ertex data is transmittedto and optionally stored in video memoryin the compessedform. The verticesare
decompessedn-the- y usinga vertex programat renderingtime Our algorithmsnot only work well within the
constaintsof currentgraphicshardware but alsogenealizeto a settingwhele theseconstaintsare relaxed . They
applyto modelswith a wide variety of vertex attributes,providing new toolsfor optimizingspaceand bandwidth
constaintsof interactivegraphicsapplications.

Catagyoriesand SubjectDescriptorgaccordingto ACM CCS) 1.3.6 [ComputerGraphics]:Methodologyand Tech-
nigues— Graphicsdatastructuresanddatatypesl.3.5 [ComputerGraphics]:ComputationalGeometryandObject
Modeling— GeometricalgorithmsJanguagesandsystems.3.7 [ComputerGraphics]Three-Dimensionabraph-
icsandRealismE.4[CodingandinformationTheory]: DataCompactiorandCompression

1. Intr oduction of someappropriatdevel of interactvity. Thesequality im-
Interactive graphicsapplicationscontinueto pushthe lim- provementgyenerallyrequiremoredataandmorebandwidth
its of contemporaryhardware. Even as that hardware be- aswell asmorecomputationThe majority of thisincreased
comesmore powerful, developerscontinually strive to im- datais pushedhroughthe graphicspipelinein the form of
provethequality of theirapplicationgo justwithin thelimits more vertices,more pervertex attributesand more texture
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imagesToday's graphicscardshase somenative supportor
compressiorof texture data,but only the minimal support
for compressionf vertex data.

Althoughmary sophisticate@lgorithmshave beendevel-
opedfor geometrycompressionmostareincompatiblewith
currentgraphicshardware. Similar to the adoptionfor tex-
ture compressiorof x ed-sized block-basedormatssuch
asS3TCover moresophisticatedormatssuchasJPEG ver
tex datacompressiorior graphicshardwarerequiresan ap-
proachthatis relatively simpleandfastto decompress.

Ourapproachs basednacombinatiorof attributequan-
tization and meshsimpli cation. In termsof quantization,
we abstractthe view of vertex attribute datapresentedoy
graphicdrivers.In our presentatiorgachof thedriver'sver
tex attribute datachannelsbecomesa general-purposein,
into which we may arrangebits of vertex attribute datain a
morearbitraryway. Thisgivesusmorefreedonto determine
therelative bit sizesof thevertices'attributes.

With this increasede xibility in mind, we develop opti-
mizationalgorithmsfor thefollowing problems:

1. Givenadesirechumberof total bits pervertex, determine
anallocationof bits to vertex attributesto maximizeren-
deringquality.

2. Givenadesirednumberof total bits pervertex anda set
of bins to arrangethemin, determinean assignmenbf
attributesto binsandanallocationof bits to attributesto
maximizerenderingquality.

3. Givenadesiredotal storagesizefor amodel,computea
simpli cation of the meshverticesaswell asan associ-
atedquantizatiorto maximizerenderingguality.

Our quality metric for the abore optimizationsis based
on a comparisonof renderedmagesover a sampledview
space[LT00]. One advantageof this metric over attribute-
spacametricsis thatit is capableof determiningrelative bit-
allocationsacrossa wide variety of logical attribute groups.
This is especiallyimportantfor todays 3D models,with
their continuallyevolving, rich setof vertex attributes.An-
otheradwantageto this metricis thatit canaccountor both
therenderingalgorithmappliedto the 3D modelandthe 3D
ervironmentcontainingthe particularmodel. Thusit is pos-
sibleto createcustomcompression$or particularusesof a
model.

2. Previous Work

Compressiorof both the topology andthe vertex datahas
beenanactive areafor researciTR98 AD01,Ise01 SKROZ,
KGO02]. While muchof the vertex compressiomesearcto-
cuseson positiondata,normalandotherattributesarealso
sometimesindependentlyconsidered Dee93. Most com-
pressionalgorithmsstart by quantizingthe original set of
verticesto a x ed point representatiomwith B bits of preci-
sion, usually for someB lessthan 15. The resultingnum-
bersarethencompresseéurther, losslesslyThis usuallyin-
volvesa predictionstepbasedon the mostrecentfew ver-
ticesdecodedfollowedby anentrofy encodingof theresid-
ual. The predictionmay be basedon an offset [Dee9], a

parallelogranrule [TG98 Ise03, a Fourier domainrecon-
struction[Tau9g or someothercomple function. The re-
sultsaresometimesascompactsto requireonly 4-5 bitsto
specifyeachvertex coordinate.

Spectralmethods[KGO0Q] considerthe n verticesof a
meshasoneelemenibf ann-dimensionakpacdor eachco-
ordinate(x, y andz). A projectionof then-dimensionakpace
is thenfound and usedto representll the verticesin one
block of bytes.Compressiomatescanbe evenhigher, but it
impliesthatall verticesmustbe decompressetbgether

Compressiomf multi-resolutionmodelsmayincuranad-
ditional degreeof compleity [KSS0QPR0OQADO1] but re-
sultsareusuallyno moreor lesscompactNot only aremost
of theseoperationgoo complec for hardware,they usually
require accessto several other recently decodedvertices.
Suchrandomaccesss notconducveto hardwareimplemen-
tation.

Eventhoughanearlyalgorithm[Dee95Cho97 wasorigi-
nally designedor hardwaredecompressiorit, still computes
andencodesffsetsbetweersuccessie verticesin thevertex
array Thisrequireghatthevertex arraybe sequentiallypro-
cessedwhich may not be necessarilythe orderimplied by
the elementarray Furthermoresuchsequentiaprocessing
constraintsarenot suitablefor parallelprocessing.

In adifferentapproachHaoandVarshng [HV01] reduce
thegeometrysizeandtherenderingime by determiningfor
eachvertex themaximumprecisionneededor it. Thiscom-
putationis basedon the numberof pixelson the screenthe
viewing parametersindthe numberof numericaloperation
performedon the vertex. While this approachreducesthe
numberof neededitswithoutintroducingnoticeableerrors,
the generalityof the methodmalkesit dif cult to implement
oncurrenthardware.

Calver describedasicprinciplesfor dealingwith quan-
tized vertex attributesin a vertex shadel{ Cal02 Cal04. In
addition to the necessaryscaling and biasing, he demon-
stratesrotational transformationof coordinatesto align a
models orientedboundingbox with the coordinateaxes.
Suchtransformationgan often be folded into the standard
modelingtransformatiorwith little to no run-timecost.

Our vertex compressiortechniqueis suitedfor ef cient
decompressiomn currenthardware. The run-time cost is
higherthanthat of Calver, but the approachis more e xi-
ble, allowing more ne-tuned choiceof quantizatiorlevels.
An importantconstrainfor hardwareimplementatiorthatis
violatedby mary otherapproachess thateachvertex must
be decompresseithdependentlyA vertex programoperates
ononly asinglevertex atatime,with no stateretainedn be-
tween.Like King andRossigna¢dKR99], our approactalso
combinesomedegreeof meshsimpli cation with quantiza-
tion, althoughwe considemot only geometrybut all vertex
attributes.We demonstrat¢he effectivenessf our compres-
sion anddecompressiomisinga vertex programbasedim-
plementationWhile thedetailsof theimplementatiorwould
indeedvary from generatiorto generatiorof graphicshard-
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Figure 2: Example quantization with allocation
(X, ¥, z, nx, ny, nz, u, v) = (16, 16, 17, 9, 8, 9, 10, 11).
Bins0 and 1 have4 and2 16-bitcomponents,espectively

ware,theideaspresentedhereremainapplicableandcanbe
easilyincorporatechatively into the hardwarearchitecture.

3. Overview

A primary goal of our compressiorschemes to allow the
compressetbrm of thevertex datato malke it all thewayto
thegraphicshardware whereit is decompresseatrendering
time. Thusit is usefulhereto startby consideringhetarget
decompressor

Thedecompressioalgorithmrunsasavertex programon
thecurrentgeneratiorof graphicshardware.Thishasseveral
implications.First, eachvertex mustbe processedhdepen-
dently; it cannotproduceusefulside effectsto assistin de-
compressiomf othervertices.Secondthedatachannelsve
have available for transmittingthe compressedertex data
are limited to the datachannelsexposedby currentAPIs.
Furthermoreit is importantto take advantageof the oppor
tunity to storethe compressedatain videomemoryon the
farsideof thebus.

Our decompressiorertex programacceptsas input for
eachvertex asequencef bitswhicharrive pacledinto the4-
way vectorizedoating pointregistersof thevertex unit. For
a givenchunkof verticesassociatedvith a 3D model,con-
stantparameterso the programspecifya e xible blueprint,
which speci es how the vertex parametersre pacled into
the dataregisters.This blueprintallows eachattribute (e.qg,
X, ¥, Z, Nx, ny, nz, etc.)to haveits own sizein bitsandalsoal-
lowstheindividualsattributesof thevariousattributegroups
(e.g.coordinate hormal, color, etc.)to be arbitrarily inter
mingled.The programunpackghe bits into the appropriate
attribute variables,and scalesand biasesthemfrom anin-
teger coordinatesystembackinto the applications desired

oating point coordinatesystem.At this point, the vertex
programcanpick up whatevser processings requiredon the
attributes(transformationpervertex lighting, etc.).

Theimplementatiorof unpackingn thevertex programis
reasonablyast. Thus,if bandwidthis a bottleneckfor some
application,we canexpectsomespeedupn renderingper
formance.This canhappenfor example,if theoriginal data
is largerthanthe portion of video memorywe wish to dedi-
cateto geometry(asopposedo textures,etc.).

To generatethe compressediata, we perform a bin-
pacled quantizationprocedure.Given a total number of
bits per vertex, our algorithm allocatesbits to individual
attributes. Thesequantizedattributes are allocatedand ar
rangedsoasto t in the vectorizeddataelementgrovided
by the API. We caneffectively think of eachvectorizeddata
elementasa singlebin, becauseur vertex programallows
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guantizedattributesto crosstheboundarie®f theindividual
vectorcomponentsasillustratedin Figure?2.

In one variant of our decompressora single, general
vertex programis usedto unpackary bit arrangemenfor
a given set of target attributes. This variant seemsmost
amenabldo acceleratiorby a customhardwarecomponent,
but restrictsindividual attributesfrom crossingthe bound-
ariesbetweerdifferentbins. Anothervarianteliminatesthis
restrictionef ciently, but emplo/s customvertex programs
for eachbit arrangementOptionally, the userspeci esato-
tal bit size for the model, and our algorithm combinesthe
guantizationprocesswith a meshsimpli cation processto
produceanevenhigherquality modelfor a givensize.

Theoutputof ourquantizatiormethodprovidesthevertex
attributesin unsignednteger coordinatesaswell asa scale
andbiasthatmaybeusedto convertthesentegersbackinto
theiroriginal coordinatesystemThequantizedattributesare
pacledinto the standardvectorizeddataelementsaccepted
by the graphicsdriver and ultimately deliveredto the ver
tex programwith the blueprintfor decompressiomto their
targetattribute groups.

4. Attrib ute Quantization

We automaticallyproducequantizationsof 3D modelsus-
ing an optimization process.For this approach,we need
to solve several problems.First, we needan error metric
that can evaluatea proposedallocationof bits to attributes
andproducea scalarerrorvalue. This metric shouldideally
be monotonicwith respectto the numberof bits assigned
to eachindividual attribute. Secondwe needan optimiza-
tion processthat, given a numberof bits and a set of at-
tributes,producesa goodallocationof bits to attributeswith
respectto the error metric. Finally, we needto accommo-
datethe constraint®f the graphicshardwareandof our ver
tex decompressioprogram.This is accomplishedy using
a binnedversionof the precedingoptimizationprocessWe
next describehesethreesub-problemén moredetail.

4.1. Image-SpaceErr or Metric

Althoughanumberof metricshave beenusedto quantifyer

ror for 3D models.few of themareimmediatelyapplicable
to modelswith a variety of vertex attribute groups:coordi-
nates,normals,colors, texture coordinatesplend weights,
etc. Some of thesemetrics, such as multi-attribute error
quadric{ GH98 Hop99, operatan theattributespaceThey

canquantifyerrorappropriatelywithin eachattribute group,
but the relative error betweenattribute groupsis subjectto

somearbitraryweightingfactors.

We have adoptedthe image-spacenetric rst employed
by Lindstromand Turk [LTOQ] in the context of simplify-
ing 3D meshesThis metricemplo/srenderingo generate
numberof imagesof thealteredmodel,thencompareshese
imagesto renderingsof the original model. This approach
hasa numberof bene ts. It canhandlearbitrary vertex at-
tributes and employ ary desiredrenderingalgorithm and
shadersyet the metric itself is completelyindependenbf
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func ComputeBitAllocation(targetBPV)
initialize attrib bit  allocations
while error decreases
/I Bit Reduce
minError = MAXFLOAT
for each attrib i
attrib i bits -= 1
error = ComputeError()
if (error < minError)
minError = error
minAttrib =i
attrib i bits +=1
minAttrib bits -= 1

/I Bit Increase
minError = MAXFLOAT
for each attrib i
attrib i bits +=1
error = ComputeError()
if (error < minError)
minError = error
minAttrib =i
attrib i bits -= 1
minAttrib bits += 1
return  bit  allocation

Figure 3: Pseudocodéor optimizingbit allocation across
attributes

thesefactors.Onecanusea variety of techniquego choose
the parametersf samplerenderingsanda variety of meth-
odsto computetheactualimage-spacerror.

In ourimplementationye use20 imagesamplegplaced
on the 20 sidesof an icosahedrorsurroundingthe model)
to measurehe error of a particularquantization Given the
renderingsof the quantizedmodel and the associateden-
deringsof the original model, we essentiallysubtractthe
two renderingsfor eachimagepair andtake the root mean
squareof the differenceimage.We thenaveragethermser
rorsfor all the sampleimagesto getthe nal errorvalue.lIt
hasbeenshavn that for comparingimagesof 3D models,
rmserror performssurprisinglywell, althoughmoresophis-
ticated,perceptually-basethetricsare possible[Lin0Q]. In
ourtests,wealso nd thattheimageresolutionusedmakes
little difference,solong asthe trianglesdo not reachsub-
pixel sizesand no texture mini cation occurs.For models
intendedfor viewing acrossa rangeof viewing distancesit
may beusefulto measurgheimageerroratdifferentscales.

Oneaspecbf this metricthatis still left opento tweaking
is the selectionof a backgroundolor, which playsa signif-
icantrole in determiningthe contrikution of silhouettede-
viation to the error By computingtwo renderingsfor the
original objectsusing different backgroundcolors, we can
actuallydistinguishthe foreground(object) pixels from the
backgroundgixelsandusethisinformationin the nal met-
ric. For example,we cansetsomemaximumerrorvaluefor
pixelswhich changebetweerforegroundandbackgroundn

thetwo associatedamplesor we canchoosesomemedium
error value.We always eliminatethe contrikution of pixels
whicharebackgroundn boththeoriginalandquantizeden-
derings.Thisenablesisto compareerrorvaluesfor different
objectswith differentpixel coveragesn a moremeaningful
way.

Interestingly it is also possibleto renderthe objectin
somelarger 3D ernvironment, with the backgroundpixels
comingfrom this environment.This effectively customizes
the effect of silhouettedeviation to the objects particular
setting.

4.2. Metric Driven Quantization

Using a metric like the one abore, we perform a greedy
optimizationprocesdgo allocatebits to vertex attributes(as
shavn in Figure3).

We startwith someinitial guesf bit allocationthatsums
to the correctbit count. This guessmay be a roughly even
distribution of bits, or it may usesomeheuristics(e.g. as-
signtwice asmary bits to coordinateattributesasto normal
attributes,assigneachtexture coordinateattribute the log of
the texture resolutionin bits, etc.). Then our optimization
processepeatedlyappliesa bit-reduceandbit-increaseop-
eratorsto swap bits betweerattributesandreducethe error
Whenthe error is no longer decreasingthe processermi-
nates.

4.3. Adding Bin Constraints

The datapathsfrom the CPU throughthe graphicsAPI and
to thegraphicshardwareimposesomeadditionalconstraints
on the allocation of bits to attributes. Normally, the API
packagesertex attributesinto vectorizeddataelementson-
taining 1, 2, 3, or 4 componentsEachsuchelementcon-
tainsthe member=f a singleattribute group(e.g.x, y, and
zfor the coordinategroup).Our vertex programrelaxesthis
constraintpresentingeachvectorizeddataelementto us as
a single bin that may containary setof attributeswe like.
Theseattributesare free to crossthe boundarief the in-
dividual vector componentsand attributes from different
groupsmay befreely intermingled.

Theconstraintghatremainarethefollowing. First,anin-
dividual attribute may not spanmultiple bins. Althoughwe
eliminatethis constraintin onevariantof our decompressor
thatvariantmay belesssuitablefor customhardwareaccel-
eration.Secondthesizesof thebinsarerestrictedaccording
to the supportedvectorcomponentypesandthe supported
datatransferunits.

For thecurrenthardware,werestrictour bin sizesto beei-
ther64or 32bits. In thiscasewe canalwaysachieve thebest
resultsby usingbinsaslargeaspossiblepecausé easeshe
constraintof attributesnot spanningmultiple bins (andcan
alsoincreasevertex programperformance).

In this binnedcontext presentedby thegraphicshardware
andour vertex programwe cannow restatehequantization
problemasfollows. Givena 3D modelanda userspeci ed
numberof bits pervertex (which shouldbeamultiple of 32),
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func ComputeBinnedBitAllocation(targetBPV)
for each attribute-to-bin partitioning
for each bin
ComputeBitAllocation(binBPV)
return  best partitioning and allocation

Figure4: Pseudocodéor brute-foice binnedbit allocation.

Figure 5: Bit allocationsfor NVIDIA RodetCar modelus-
ing 96 bits per vertex.

computethe assignmenof attributesto binsandthe alloca-
tion of bits to eachattribute suchthat the quality is maxi-
mized.Thebasicalgorithmis showvn in Figure4.

Noticethatif we aregivena mappingof attributesto bins
aswell asthe bin sizes,theneachbin becomesaninstance
of the problemwe have solvedabovein Section4.2 We cur-
rently usea brute-forcealgorithmto examineall possible
mappingsof attributesto bins, thenapply that optimization
procesgo eachbin. Givena attributesandb bins,the num-
berof suchmappingss b? whereb  a. Dueto thecurrent
constrainton bin sizes thereis no needto iterateover pos-
siblebin sizesaswell; we assigrsizesto the binsthatareas
large aspossible,in decreasingrder(e.g.64, 64, 32 for a
total bit sizeof 160bits).

Our metric-optimizedquantizatiorprocesswvorkswell in
the presencef the constraintdmposedby currentgraphics
hardware.Relaxingtheseconstraintonly improvesthe re-
sultsfurther Thus,the approachs quite generalandshould
remainusefulevenon futurehardware.

4.4, Results
We have testedour algorithmon a variety of modelsfrom
NVIDIA demosand several modelspublicly available. As
shawn in Figurel, we canuse64 bits pervertex (for geom-
etry, normalandtexture coordinate)or the NVIDIA Rock-
etCarmodelcomparedo the standardjuantizatiormethods
thatarelimited to using 96 bits pervertex (32 bits eachfor
geometry normal and texture coordinate) We can achieve
another33% compressiortomparedo the standardjuanti-
zationwhile producingsimilar/betteiimagequality thanthe
DirectX-supportedjuantizatiorandnoticeablybetterimage
quality thanthe OpenGL-supporteduantization.

In Figure5, ourresultsproducehigherimagequality for a
givenbits pervertex comparedo thenaive quantizatiorsup-
portedby eitherDirectX or OpenGLapproachOur method
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Figure 6: Bit allocationsfor the NVIDIA HateAlienmodel
using64 bits per vertex with two differentshades andusing
thebadgroundfromtheoriginal ervironment.

Figure7: Acomparisorof our quantizatiorresultat 64 bits
pervertex versustheoriginal.

utilizes the entire 96 bits to attributesto maximizeimage
quality. In Figure 6, we shav that different shaderamight
generatdlifferentbit allocations.Here,we usethe original
ervironmentasthe backgroundwvhile computingthe image
metric. Figure 7 shaovs thatat 64 bits pervertex (66% com-
pression),our quantizationresultis indistinguishablefrom
therenderingof the original model.

5. Combining Quantization and Simpli cation

The quantizationalgorithms describedabove perform a
lossycompressiomf the 3D modelwhile maximizingqual-
ity. It is possible hawever, thatmary of themodels vertices
do not contritute signi cantly to that quality. It is useful,
then,to considercombiningquantizatiorwith somedegree
of meshsimpli cation.

In this contet, we rede ne our compressionproblem
statementslightly. Insteadof the directly specifying the
numberof bits pervertex, the userspeci esthe total model
outputsize (i.e. numberof verticestimes bits per vertex).
Our goal,then,is to computethe simpli cation andquanti-
zationof the modelthatmaximizethe quality for the speci-
ed size.

5.1. Algorithm

Our algorithmfor optimizing the simpli cation level along
with the bit allocationis shavn in Figure 8. Notice thatwe
startwith largestnumberof verticesandthesmallesbits per
vertex. At eachiteration, we explore the spaceby increas-
ing the bits per vertex andreducingthe numberof vertices
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func QuantizeAndSimplifyModel(targetSize)
currentBPV = targetSize/numVertices
ComputeBinnedBitAllocation(currentBPV)
while currentBPV is less than maxBPV
currentBPV  += hwCompatiblelncrement
numVertices = targetSize/currentBPV
simplify model to the numVertices
ComputeBinnedBitAllocation(currentBPV)
if  (currentError < bestError)
bestBPV = currentBPV
bestError = currentError

return  best BPV, error, allocation and model

Figure 8: Pseudocodéor combiningsimpli cation with bit
allocation

correspondinglyFor currenthardware, we generallymust
guaranteehatthe bits pervertex is a multiple of 32, but the
algorithmis generalenoughto work for incrementsof 8 or
evenl bit pervertex.

In our implementationwe usea greedy priority-queue-
basedpottom-upsimpli cation algorithmusinga half-edge
collapse operator[LRC 02]. Ideally, one would use the
sameimage-spacerror metric to evaluateevery individual
half-edgecollapseoperation.However, to keepour imple-
mentatiorsimple,we emplgy ageometricqquadricerrormet-
ric [GH97] duringthesimpli cation processreservingeval-
uationof the image-spacenetric for the ensuingquantiza-
tion.

The combined simpli cation and quantizationprocess
providesseveralbene ts.First,it providesbetterqualityren-
deringsfor agivenstoragesizethanquantizatioralone.(One
might say that this is the rst algorithmthat actually uses
meshsimpli cation to improve the quality of a model, by
allowing a higherbit rate). Secondthe reductionin vertex
counteaseshe computationaload on the vertex processing
units. In principle, it shouldeven be possibleto designan
optimizationschemehatbalanceghis reductionin vertices
with thenumberof vertex programinstructionsaddedor the
decompressioprocesgtheinstructioncountincreasesvith
the numberof bins,andthuswith the bit rate).We have not
yetexploredthis lastproblem but it seemgjuiteinteresting.

5.2. Results

In Figure 9, we shawv the two extremesof just usingquan-
tizationandsimpli cation aloneversusour methodof com-
bining simpli cation andquantizatiorfor agiventargetsize.
The imageerror of our methodis signi cantly lower than
the two extremes.We illustrate this factin Figure 10. We
demonstrateesultsfor severalmodelsin Figure12.

As shavn in Figure 11, we can nd the optimal balance
of quantizatiorandsimpli cation for agivenstoragesizeby
choosingthe bits per vertex that givesthe leasterrorin the
graph.Forthebunry model,57 bits pervertex givestheleast
error. Fortunatelytheerrorfor the hardware-compatiblé4-
bit sizeis quite similar.

Figure 9: Threemethodof compessingto 136KBstorage
sizefor thebunnymodel.

Figure 10: Comparingthe image quality of the combined
guantizationand simpli cation versus quantizationalone
and simpli cation alone (b)-(d) hasthe samestorage size
of 136KB.

Figure 11: Computingheoptimalbits pervertex of a given
target sizeof 136KBfor the bunnymodel.
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Figure 12: Combinedjuantizationplussimpli cation for several modelswith a target sizeof 1/6 of the original modelsize

Figure 13: Showsoptimal bits per vertex on varioussizes
for the bunnymodel.

For Figure 13, we performedan experimentto seehow
the bestbits per vertex changesas a function of the target
storagesize.

We shaw in Figure 12 the quantitatve resultsof applying
ourtechniqueo severalmodels reducingeachoneto 1/6 of
its original storagesize. It is interestingto noticethatthere
aresimilaritiesin bit allocationsacrossnodelswith thesame
setof attribute groups.Although eachbit allocateddiffer-
ently is a signi cant change(eachbit naturallydoublesthe
resolution),it seemshereis somehopeto develop reason-
ableheuristicdor bit allocationfor somecommonclasse®f
models.

6. Decompressionin a Vertex Program
Theidealervironmentfor sendingpacledvertex datato the
video card would be to senda single array of bytes;how-
ever, restrictionsfrom the graphicshardwaredriversprevent
this. The corventionalmethodof sendingvertex datato the
renderingpipelineis to senda x ed-sizearrayof attribute-
dependentatatypes.While this allows the pipelineto be
betteroptimizedi,it is lessusefulfor sendinggeneraldatato
thecard.

Althoughcurrentvertex processinginits operateonly on
oating-point datatypes, OpenGL provides a methodfor
de ning genericattributeswhichallows datato besentto the
card as nearly ary OpenGLdatatype, including unsigned
shortsand unsignedbytes. Using a combinationof these
typesallows us to effectively emulatethat single array of
bytes(i.e. therequirednumberof bits paddedupto thenear
estbyteor word boundary)Usingthis method datais stored
in theseantegertypesandcastinto oats by thehardwarebe-
fore they aretransferredo the vertex processos registers.
This methodallows the nest level of granularityin choice

¢ TheEurographic#ssociation2005.

of total bytesto sendfor eachvertex, andeasilyallows ev-
ery bit of abyteto beutilized. However, we have hadmixed
resultsin thelevel of optimizationprovidedby thedriver for
theseinteger typesin the contet of Vertex Buffer Objects
(VBO). Fortunately things seemto be improving for both
NVIDIA andATI drivers.For AT, in particular we cannow
getfastperformancdor theseintegertypesusingVBO that
matchegheperformancef oating pointdata.

6.1. Decompression

Thevertex programdecompressebledataby performingan
unpackingprocessThe programrecevesa groupof oats,

pi, that representhe streamof bits, S, that the vertex at-
tributeshave beenpacled into. Thesep; arrive in the vec-
torizedinput registersasdeterminedyy the bins selectedn

Section4.3. We canthink of these oats ascontaininginte-
gral valuesof 16 bits or less.In additionthe vertex program
usesa blueprint of the datalayoutthatincludesa mapping
of attributesto bins andthe predigestedralues,rs; andls,

thatareusedto extractthe correctbits of eachattributefrom

thecorrectp;.

As GPUsmaturewe expectthatfuture cardswill beable
to perform integer operationsnatively, and the extraction
will beachiezedwith asimplebit maskandright shift. How-
ever, on moderngraphicscards,extractinga portion of bits
of a particularattribute (the targetbits) from a particular p;
is achievedin four steps:

1. Right Shift: Multiply p; by rs. Thevalueof rs is pre-
computedsothatthis operationeffectively shiftsthe tar
getbits to theimmediateright of thedecimalpoint.

2. Frac: Thefrac operatorreturnsthe fractionalportion of
anumber Performingafrac onthe previousresulteffec-
tively removesthebits to theleft of thetametbits.

3. Left Shift: Multiply thepreviousresultby Is;. Thevalue
of |5 is precomputedso that this operationeffectively
shifts the taiget bits so that they arethe correctsigni -
cancewhencombinedwith bits from anotherp;.

4. Floor: Performa oor onthe previousresults.This step
effectively removesary bitsto theright of thetametbits.
It may be skippedfor the rightmostattribute in a vector
element.

We proposewo methodf assemblinghe unpacledtar-
getbitsfrom aboveinto the nal attributes:ageneramethod
thatis compatiblewith all layoutsrespectingthe bin con-
straints,anda customizingmethodthat optimizesfor a par
ticular layout.



Purnomoetal. / Vertex Compession

6.1.1. General Decompression
Thegenerablecompressionsesasinglevertex programthat

is compatiblewith ary layout. Several uniform parameters

to the programspecify how the unpackingshould be per

formed.For eachattributewe sumtheresultsof theapplica-
tion of theabove stepson eachof the p; in atargetbin. Each
attribute is constrainedo be entirelyin a singlebin sothat
thiscanbevectorizedonthegraphicshardware.Thefollow-

ing is asampleof Cg codethatwill unpackthex attribute:

results = floor(Isx*frac(rsx*current_bin));

results.xy = results.xy+results.zw;

pos.x = results.x+results.y;

The entire unpackingroutine requires6 instructionsfor
eachattribute plusanadditionoverheadf computingwhich
bin eachattribute uses.Taking eachfactorinto accountthe
unpackingprocessadds5a+ ba+ 2b 2 instructionsto a
vertex programwherea is the numberof attributesandb is
thenumberof bins.

6.1.2. CustomizedDecompression

Notice that the value of mary of the componentof re-
sults  from the previous sectionwill simply be zero be-
causehecurrentattributehasnobitsin thatparticularp;. We
canfurtheroptimizeby writing a customvertex programfor
agivenlayoutthatutilizes eachp;. This customprogramis
generatedluringprograminitialization by analyzingthede-
compressioiblueprint.Insteadof operatingon oneattribute
at a time, we insteadoperateon up to four attributesat a
time. Becausave arecustomizingthe programfor a partic-
ular layout, we know which attribute will accumulatesach
componenbf results . We canalsorelax the constraint
thateachattribute be entirelyin a singlebin becauseve do
nothave to unpackwholeattributesat a time. Thefollowing
is asampleof Cg codethatwill unpackseveralattributesin
asingleextractionpass:

results = floor(Is1*frac(rs1*binl.xxyy));

pOs.X += results.x;

pos.y  += results.y;

pos.y  += results.z;

pos.z += results.w;

results = floor(Is2*frac(rs2*binl.zzww));

pos.z += results.x;

norm.x += results.y;

norm.y += results.z;

norm.z  += results.w;

In the abose examplewe unpackthe positionandnormal
attributegroupsin only 16 instructionsasigni cant savings
overthegenerapurposeaoutine.Thereis alsoroomfor fur-
ther optimization,suchaseliminationof the secondcall to
floor() . However, this approachmay be lessconducve
to acceleratiorby addingspecial-purposhardvare.

6.2. Timing Results

We have implementedthe decompressiowertex program
usingNVIDIA's Cg 1.3 compilerandarbvpl vertex shader
pro le. We haverunit onbothNVIDIA andATI hardware.

Figure 14: Performancen frameper secondof the bunny
modelin various con gurations. The compessedversions
usea target storage sizeof 136KBand 64 bits per vertex.

Figure 15: PerformanceusingVBOfor oneor more copies
of the Thai Statuemodel(original modelversuscompessed
to 1/6 the sizeusing quantizationonly) on a madine with

256 MB videomemory Combiningsimpli cation malesthe

speedupnore dramatic.

In Figure 14, we shav the performanceof our algorithm
runningon an ATI RADEON 9800PRO graphicscardwith
256 MB video memory usinga 3.06 Intel Xeon processor
underthe Window XP SP2operatingsystemWe shaw four
differentvariantsof the bunry model,with differenttrade-
offs of sizeandquality, renderedusingeitherstandardver
tex arrays(VA) or vertex buffer object(VBO). We seethat
whetherboth modelsarein main memory(VA) or in video
memory(VBO), our modelwith quantizationplus simpli -
cationprovidesafast,high quality alternatve to the original
model at one sixth the size. Thereis a signi cant speedup
whenthecustomvertex programis used Notewhile thesim-
pli cation only givesthebestperformanceitsimagequality
is muchlessthanthecombinedversionasshavn in Figure9
andFigure 0.

This dataprovides enoughinformationto reasonintelli-
gentlyaboutthe expectedoerformancef compressedod-
els for a variety of renderingscenarioslif all the models
to be rendered(including textures) t into video memory
without compressionthenthereis no needfor quantization
(which couldactuallyslow down performance)However, as
thecomplity of the3D scenegrows,compressioprovides
anactualspeedupasshovnin Figurel5. Anotherimportant
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casewherethe bene ts of geometrycompressiorbecomes
apparents whenvideomemorymustbe sharedy bothtex-
tureandgeometrydata effectively reducingthesizeof video
memoryfor the geometrycache.

7. ProposedAPI Support

We ervision a few importantadwantagesof incorporating
supportfor binned quantizationdirectly into the graphics
API:

Easeof use:Incorporatingcompressiomnto the API will

simplify theusers datamanagemerttothin theCPUpro-

gramandthevertex program.

Hardware support:Hiding the internalsof the manage-

ment of quantizeddata provides opportunitiesfor opti-

mization,includingtheapplicationof additionalhardware
assistance.

TheextendedAP| would have amechanisnior the appli-
cationto specifythe mappingof attribute bits into quantiza-
tion bins.Whenthe applicationissuedts vertex arraysthey
arequantizedandmappedn the speci ed way. Beforeren-
dering,they shouldbe mappedbackfrom the quantization
bins to the appropriate oating point registersin prepara-
tion for executionof theapplications boundvertex program.
This hasthe avor of the transformationgurrentlyallowed
for pixel data,which may betransformedat loadtime from
anexternalapplicationformatto a speci c internalformat.

For OpenGL thecallsto specifythe mappingmightlook
somethindike this:

glQuantizationMap( source_array,

attribute_index,
target_bin,
source_start_bit,
target_start_bit,
bit_length )

where source array is the vertex array contain-
ing application data (e.g. GL_VERTEX_ARRAY
GL_NORMAL_ARRAMetc. or perhapsa more general
VERTEX_ATTRIB_ARRAYNdex), attribute index is the
vectorindex (0-3), taget bin is the quantizationbin (e.g.
GL_QUANTBINOmight mapto the samedatachannelas
GL_VERTEX_ATTRIBQ GL_QUANTBIN1might mapto
GL_VERTEX_ATTRIB] etc.), sourcestart bit refersto a
bit numberof the quantizedsource,length describeshow
mary bits are mappedandtarget startbit describesvhere
to placethe bits in the target bin. Of course,therewould
also be an associatecenumfor glEnable() to activate
thequantizatiorfeature.

The information provided by the total set of calls to
glQuantizationMap() by the application provides
enoughinformationfor the driver to infer how mary bitsto
guantizeeachattribute to andwhat bin(s) to storethemin.
Actually applyingthe quantizatiorto the datais a relatively
fastandstraightforvard operationfor the driver to perform,
especiallyif theapplicationprogramis usingthe VBO inter-
faceto inform thedriver whenthe datais static.

¢ TheEurographic#ssociation2005.

The biggestpotentialadvantageof providing driver sup-
port is the opportunityto optimizethe decompressionThe
driver could certainly provide a vertex programsimilar to
oursto be executedbefore the applications bound vertex
program(perhapswith somecustommicrocodeoptimiza-
tion). Even betterwould be to adda smallunpackingstage
onaseparatdardwareunit beforethevertex processarThis
would allow pipeliningof thedecompressiowith thevertex
processingThis unit would ideally comprisesomeinteger
registersto performthe bitwise unpackinginstructionsand
possiblyto allow the pacled datato be passedas full 32-
bit integers.If suchaunitis capableof unpackingattributes
spreadover multiple bins without signi cant performance
cost,thatwill provide the quantizationoptimizerprocessor
the opportunityto createeven higherquality dataquantiza-
tions. The API call we have speci edis sufciently general
to allow individual attributesto bespreadver multiple bins,
althougheachhardwarevendorcould chooseadditionalse-
manticrestrictionamposedby theirimplementation.

8. Conclusion

We have proposedand demonstratech decompressofor
compressedertex dataon currentgraphicshardware. The
decompressads implementedisa vertex programwhichac-
ceptspacked,quantizedrertex attributesasinput. This e xi-
ble programallows bits to be allocatedarbitrarily acrosshe
setof attributes(up to 24 bits per attribute on currenthard-
ware).

In supportof this decompressomwe have developedan
automaticquantizationalgorithmusing an image-spacer
ror metric. The algorithm effectively allocatesappropriate
bit sizesto attributesacrossa rangeof differenttypesof at-
tribute groups.In addition, we combinequantizationcom-
pressionwith simpli cation to achieve a good balanceof
numberof verticesto numberof bits pervertex.

Ourapproacho vertex compressioanddecompressiois
well matchedo the capabilitiesandneedsof currentgraph-
ics hardware, including the needsfor independentertex
processingand binned attribute delivery. Testshave indi-
catedthatin situationswheredatasizelimits performance,
our decompressiors fastenoughthat our compressionn-
deedyields performancespeedupsJsing our approachwe
canachieve quality comparableéo renderingof oating point
dataandto renderingof standardAPI-supportedquantiza-
tion, bothwith signi cant reductiondn datasize.

Given the increasingqguantities of data being pushed
throughthe graphicspipeline, compressioris an essential
tool. Evenwith theadwentof PCI-Expresshandwidthcanbe
aserioushottleneckequiringoptimization We have demon-
strateda e xible approachto quantization-basedompres-
sionthat ts into the pipeline,andwhich could move into
the graphicsAPI itself with only modestthanges.
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