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Abstract
Wedescribea systemfor thetexture-baseddirectvolumevisualizationof large datasetsona PCclusterequipped
with GPUs.Thedatais partitionedinto volumebricksin objectspace, andtheintermediateimagesare combined
to a �nal picture in a sort-lastapproach. Hierarchical waveletcompressionis appliedto increasetheeffectivesize
of volumesthatcanbehandled.Anadaptiverenderingmechanismtakesinto accounttheviewingparameters and
thepropertiesof thedatasetto adjustthetexture resolutionandnumberof slices.Wediscussthespeci�c issuesof
this adaptiveandhierarchical approach in thecontext of a distributedmemoryarchitecture andpresentsolutions
for theseproblems.Furthermore, our compositingschemetakesinto accountthe footprintsof volumebricks to
minimizethecostsfor readingfromframebuffer, networkcommunication,andblending. A detailedperformance
analysisis providedandscalingcharacteristicsof theparallel systemare discussed.For example, our testson a
16-nodePCclustershowa renderingspeedof 5 framespersecondfor a 2048� 1024� 1878datasetona 10242

viewport.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.2 [GraphicsSystems]:Distributed/network graph-
ics I.3.3 [Picture/ImageGeneration]:Viewing algorithms

1. Intr oduction

Volumerenderingis often to be appliedto large datasets.
For example,the increasingresolutionof medicalCT scan-
nersleadsto increasingsizesof scalardatasets,which can
bein therangeof gigabytes.Evenmorechallengingis thevi-
sualizationof time-dependentCFD simulationdatathatcan
compriseseveral gigabytesfor a single time stepandsev-
eral hundredor thousandtime steps.Parallel visualization
canbeusedto addresstheissuesof largedataprocessingin
two ways:Both theavailablememoryandthevisualization
performancearescaledby thenumberof nodesin a cluster
computer.

In this paper, we follow an approachthat combinesthe
“traditional” bene�ts of parallel computingwith the high
performancethat is offeredby GPU-basedtechniques.Our
contributionsare:First, hierarchicalwaveletcompressionis
adaptedto the distributed-memoryarchitectureof a cluster
computerto increasethe effective sizeof volumesthat can
be handled.Second,we presentan adaptive, texture-based
volumerenderingapproachfor a PC cluster. Third, we de-

scribean advancedcompositingschemethat takes into ac-
countthe footprintsof volumebricks to minimize thecosts
for readingfrom framebuffer, network communication,and
blending.Fourth, we documentperformancenumbersfor
different combinationsof parametersto clarify the perfor-
manceandscalingcharacteristics.Resultsarediscussedfor
botha mid-pricesystemwith 16 GPU/dual-CPUnodesand
Myrinet,andalow-costsystemwith standardPCsconnected
by Gigabit Ethernet.We think that our �ndings areuseful
for workinggroupsthathaveto visualizelarge-scalevolume
data.

2. PreviousWork

Thiswork buildsupon thatof Gutheet al. [GWGS02], who
representa volumetricdatasetasanoctreeof cubicblocks
to which a wavelet �lter hasbeenapplied.By recursively
applyingthis �lter , a hierarchicalmulti-resolutionstructure
is generated.Renderingis accomplishedby computinga
quality factorto selectfor which block the higheror lower
resolutionrepresentationsshouldbe used.The decompres-
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sionof thetexturedatais performedby theCPU.Binottoet
al [BCF03] haverecentlypresentedasystemthatalsousesa
hierarchicalrepresentation,but is orientedtowardsthecom-
pressionof time-dependent,highly sparseand temporally
coherentdatasets.Their algorithmusesfragmentprograms
to perform the decompressionof the datasets,with a re-
portedperformanceof over 4 fps for an imagesizeof 5122

pixelsanda texturedatasetof 1283 voxels.

Rosaetal. [RLMO03] presentedasystemspeci�cally de-
velopedfor the visualizationof time-varying volume data
from thermal�o w simulationsfor vehiclecabinandventi-
lation design.The systemis basedon the work of Lum et
al. [LMC02], which quantizesand lossily compressesthe
texturedatabymeansof adiscretecosinetransformationand
storestheresultasindexedtextures.Texturesrepresentedin
thiswaycanbedecodedin graphicshardwareby justchang-
ing the texture palette.The disadvantageof this methodis
thatsupportfor palettedtexturesisbeingphasedoutby hard-
warevendors.This couldbe replacedby dependenttexture
look-ups,but thesehave a differentbehavior with respectto
interpolationof thefetcheddata.In comparisonto theother
methodsmentionbefore,thisapproachachievesmuchlower
compressionratios.

Stompelet al. [SML� 03] have recentlypresenteda new
compositingalgorithmwhichtakesadvantageof thefactthat
in a con�gurationof n processingelements,thereareonav-
eragen

1
3 partial imageswhich are relevant for any given

pixel of the �nal image.They reportpromisingresultsus-
ing a 100 Mbps Ethernetnetwork as the underlyingcom-
municationsfabric.Theef�ciency of thealgorithmis highly
dependenton the viewing direction,but it comparesfavor-
ably to the direct sendandbinary swap algorithms,which
arecommonlyusedfor this task.

3. Distrib uted Visualization

We usea sort-last[MCEF94] strategy to distributethevisu-
alizationprocessin a clusterenvironment.With increasing
sizeof the input dataset, this sortingschemeis favorable,
since the input databecomeslarger than the compositing
dataand hencea static partitioning in object spaceavoids
communicationregarding the scalar �eld during runtime.
The basicstructureof our implementationfollows the ap-
proachby Magallonet al. [MHE01].

During a preprocessingstepobject-basedpartitioning is
performedto split the input dataset into multiple, identi-
cally sizedsub-volumes,dependingon thenumberof nodes
in theclustercon�guration. To overcomepossiblememory
limitationsin connectionwith largedatasets,thisstepis ex-
ecutedusingthe samesetof nodesasthe following render
process.Onceall sub-volumesarecreatedandtransferredto
their correspondingnodes,therenderloop is entered,which
canbe split into two consecutive tasks.The �rst task is to
rendereachbrick separatelyon its correspondingnode.An

intermediateimageis generatedby texture-baseddirectvol-
umevisualization.Weemploy screen-alignedslicesthrough
a 3D texture with back-to-frontordering [CCF94, CN93].
By adaptingthe model-view matrix for eachnode,it is as-
suredthateachsub-volumeis renderedat its correctposition
in imagespace.Sincethepartitioningis performedin object
space,therenderingprocessof differentnodescanproduce
outputthatoverlapseachotherin imagespace.Thesecond
taskblendsthe intermediateimagesandtakesinto account
thatmultiple nodescancontributeto a singlepixel in the�-
nal image.Thedistributedimagesaredepthsortedandpro-
cessedthrougha compositingstepbasedon alphablending.
To this end,eachnodereadsback its framebuffer, includ-
ing the alphachannel,andsendsit to othernodes.To take
advantageof all nodesfor the computationalexpensive al-
phablending,directsendis usedascommunicationscheme
[Neu93]. Eachintermediateresult is horizontallycut into a
numberof stripesmatchingthe total numberof nodes.All
theseregionsaresortedandtransferredbetweenthe nodes
in a way thateachnodereceivesall stripesof aspeci�c area
in theimagespace.Theneachnodecomputesanidentically
sizedpartof the�nal image.

The alpha blending of the intermediate images is
completelyperformedon the CPU. Although the GPU is
highly specializedfor this task, the additional costs for
loading all stripesinto texture memory and readingback
theinformationafterblendingwould leadto a lower overall
performance.Instead,an optimizedMMX [PW96] codeis
usedto determinethe result of the blend function for all
four channelsof onepixel in parallel.In orderto implement
blendingof colora ontocolorb usingMMX operationsit is
necessaryto expresstheequation

r = a+
(1� aalpha) � b

255

in terms of bit-shifts operations.This can be done by
substitutionof thedivision by

x
255

=
x+ 128+ x+ 128

256
256

;

wherex correspondsto the numeratorof the upperequa-
tion. This expressionis correctfor the range0::2552 when
comparedwith the �oating point version roundedup and
truncatedto integer results.The actualimplementationus-
ing MMX operationsis givenin AppendixA.

Without major changesthis approachcan also handle
time-dependentscalar �elds. During the bricking process
a staticpartitioningschemeis usedfor all time steps,i.e.,
eachsub-volumecontainsthe completetemporalsequence
for thecorrespondingpartof the input volume.To synchro-
nizeall nodestheinformationregardingthecurrenttimestep
is broadcastto therendernodes.
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4. AcceleratedCompositingScheme

Concerningdistributedrenderingtheoverall performanceis
limited by threefactors:Theprocessof readingbackthere-
sultsfrom theframebuffer, thedatatransferbetweennodes,
andthecompositingstep.In thefollowing we addressthese
issuesby minimizing the amountof imagedatato be pro-
cessed.Thekey observation is that the imagefootprint of a
sub-volumeusuallycoversonly a fractionof the intermedi-
ateimage.For the scalingbehavior, it is importantthat the
relative sizeof thefootprint shrinkswith increasingnumber
of nodes.For simplicity, we determinean upperboundfor
the footprint by computingthe axis-alignedboundingbox
of theprojectedsub-volumein imagespace.Sincethe time
neededto readback a rectangularregion from the frame-
buffer is nearly linearly dependenton the amountof data,
reducingtheareato be retrieved leadsto a performancein-
creaseof this part of the renderingprocess.Similarly, the
communicationspeedalsobene�tsfrom thereductionof im-
agedata.

Thecompositingstepis acceleratedby avoidingunneces-
saryalphablendingoperationsfor imageregionsoutsidethe
footprints.Similarly to SLIC [SML� 03], a line-basedcom-
positing schemeis employed. For eachline the spancon-
taining alreadyblendeddata is tracked. Since the images
areblendedin thedepth-sortedorderof their corresponding
volumeblocksandall blockstogetherrepresenttheconvex
shapeof theunpartitionedvolume,thetrackedregionalways
forms one segmentinsteadof multiple separatedspans.If
a projectedvolumefaceis parallel to the imageplane,the
depthsort resultsin anambiguousorderingthatmaybreak
this property. In this casethetopologyis usedto ensurethe
connectivity of the marked span.With this informationthe
new imagedataof the next compositingstepcanbe sepa-
ratedinto a maximumnumberof threesegments.Two seg-
mentscontainpixels that map into the region outsidethe
marked span.Thesepixels needno further processingand
canbecopiedinto the resultingimage.The remainingseg-
mentmapsinto an areawherealreadyothercolor informa-
tion residesandalphablendinghasto beperformed.An ex-
ampleof thisprocedureis givenin Figure1. After oneitera-
tion thesizeof thespancontainingdataneedsto beupdated
andthenext imagestripecanbeprocessed.In doingsoonly
aminimalamountof blendingoperationsfor agivenvolume
partitioningmustbecarriedout.

5. Hierar chical Compressionand Adaptive Rendering

Evenwith distributedrenderingtechniquesthesizeof adata
set can exceedthe combinedsystemmemoryof a cluster
con�guration andthealreadybrickeddatasetis larger than
onesinglenodecanhandle.Anotherchallengeis to further
improve therenderingspeed.We addressthememoryissue
by usinga hierarchicalcompressiontechnique,andtheper-
formanceissueby adaptive rendering.

Figure 1: Depth-sortedblendingof footprints of four vol-
umeblocks.For eachcompositingsteptheregionswith and
without theneedfor blendingaremarked.

5.1. Single-GPUWavelet Compression

We adopta single-GPUvisualizationapproachthatutilizes
compressionfor large datasets[GWGS02]. The idea is to
transformthe input data set into a compressedhierarchi-
cal representationin a preprocessingstep.With the help of
wavelet transformationsan octreestructureis created.The
input dataset is split into cubesof size153 voxels, which
serve asstartingpoint for therecursive preprocessing.Eight
cubessharingonecorneraretransformedatatimeusinglin-
early interpolatingspline wavelets.The resultinglow-pass
�ltered portionis a combinedrepresentationof theeight in-
put cubeswith half the resolutionof the original data.The
sizeof this portion is again153 voxels.Thewavelet coef�-
cientsrepresentingthehigh frequenciesreplacetheoriginal
dataof theeightinput blocks.After all cubesof theoriginal
datasetare transformed,the next iterationstartsusing the
newly createdlow-pass�ltered cubesasinput.Therecursion
stopsas soonas the whole volume is representedthrough
onesingle cube.This cubeforms the root nodeof the hi-
erarchicaldatastructureand is the representationwith the
lowestquality. Exceptfor therootnode,all othernodeshold
only high-pass�ltered data,whichis compressedthroughan
arithmeticencoder[GS01]. While it is possibleto increase
thecompressionratio by thresholding,we focuson lossless
compressionfor bestvisualizationresults.
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Figure2: Texture interpolationat a sub-volumeborderfor a 1D case.Texelson onesideof theborder(white cells) are�lled
with previously transferredinformationof the neigboringnode.Errorsariseif the the quality level of the neighboringnode
is unknown andhencea wrong level is chosen.For the incorrectcaseborderinformationof level 0 areusedfor interpolation
althoughtherenderingof theneighboringnodeis performedon level 1.

During rendering we use an adaptive decompression
schemethat dependson the viewing position and the data
set itself. Startingat the root nodeof the hierarchicaldata
structure,apriority queuedetermineswhichpartsof thevol-
umearedecompressednext. Dependingontheratiobetween
theresolutionof a volumeblock andtheactualdisplayres-
olution, regionscloserto theviewer aremorelikely decom-
pressedthanothers.Additionally anerrorcriteriondescrib-
ing the differencebetweentwo representationsof varying
quality is usedto identify regionsthatcanberenderedin low
qualitywithoutnoticeableartifacts.After thequalityclassi�-
cationis �nished, all decompressedblocksaretransferredto
thegraphicsboard's texturememoryfor rendering.Depend-
ing on thereconstructedquality level of ablock, thenumber
of slicesusedfor renderingis determined.With increasing
reconstructionquality thenumberof slicesincreasesaswell,
deliveringhigherquality for areascloserto theviewer. Ad-
ditionally acachestrategy is usedto avoid theexpensive de-
compressionstepfor recentlyprocessedblocks.By tracking
thealreadyloadedtexturesunnecessarytexturetransfersare
avoided.

5.2. Extensionto Parallel Rendering

In a distributedvisualizationsystem,this approachleadsto
a problemconcerningcorrecttexture interpolationbetween
sub-volumesrenderedondifferentnodes.A typical solution
is to createthe sub-volumeswith an overlapof onevoxel.
With multi-resolutionrenderingtechniquesit is necessaryto
know not only thebordervoxelsof theoriginal datasetbut
alsothedatavalueat theborderof all otherusedquality lev-
els [WWH� 00]. This informationcanbe determinedin the
preprocessingstep.After creatingthesub-volumesandcon-
structingthehierarchicaldatastructure,eachnodetransfers
the borderinformationof all quality levels to its appropri-
ateneighbors.But even with this informationavailableon
eachnodea correcttexture interpolationcannotbe gener-
atedeasily. Theremainingproblemis to determinethequal-
ity level usedfor renderingof a neighboringnode.This is
necessaryfor choosingthecorrectborderinformationof the

previously transferreddata.An exampleshowing this prob-
lem is given in Figure2. Sincecommunicationbetweenthe
nodesis costlydueto network latency, requestingthis infor-
mationfrom the neighboringnodeis not suitable.Another
approachis to computethe quality classi�cation on each
nodefor an expandedarea.Unfortunatelythis is also im-
practical,becausethequality classi�cationis dependenton
thevolumedata.

Instead,we proposean approximatesolution that pre-
sumesthat thereareno changesin quality classi�cation at
the border of the sub-volumes.With this approacherrors
only occur if differentqualitiesareusedon eachsideof a
sub-volumeborder(examplevisualizationin Figure3). Due
to the similar positionof adjacentpartsof thesub-volumes
it is however likely thatboth regionsareclassi�ed with the
samequality. Experimentaldatashowing the proportionof
the error remainingunderthis presumptionis given in Ta-
ble 1 for boththeunweightednumberof transitionsandfor
the area-weightedratio. The measurementwas performed
while renderingthe Visible Humandataset using 16 ren-
deringnodes(Figure5). In thiscon�gurationa total number
of 185212cubetransitionsarepresentin thewholedataset.
Consideringonly thosetransitionsthat leadto an interpola-

Table1: Quanti�cationof changesin qualityclassi�cationat
block faces.

unweighted area-weighted

total volume
samequality 89.8% 81.7%
differentquality 10.2% 18.3%

sub-volumeborders only
samequality 91.2% 83.0%
differentquality 8.8% 17.0%

borders compared to total volume
samequality 99.6% 99.1%
differentquality 0.4% 0.9%
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Figure3: In the left part of the imagethevolumewasrenderedusingdifferentquality levels for eachof the two sub-volume
blocks.Assumingidenticalclassi�cationfor interpolationleadsto visible artifactsasseenin theleft magni�ed area.For com-
parisontheright imagewasrenderedwith identicalclassi�cationfor thesub-volumeblocks.

tion errorresultsin 723cubeborders,which is lessthanone
percentof thetotal amountof transitions.

For a correctsolution of the interpolationproblem,we
proposeanotherapproachthatseparatesthecomputationof
thequality classi�cationandthe renderingprocess.In each
frameanadaptive classi�cationis determined,but theasso-
ciatedrenderingis delayedby one frame. In doing so the
informationregardingthe usedquality levels canbe trans-
ferred to the neighboringnodesat the time of distributing
the intermediateresultsduring the compositingstep.Since
at this time communicationbetweenall nodesmustbeper-
formedanyway, the additionaldatacanbe appendedto the
imagedata.Having thetransferreddataavailabletherender-
ingprocesscanproduceaproperlyinterpolatedvisualization
during thenext frame.Thedownsideis that the latency be-
tweenuserinteractionsandthesystemsreactionis increased
by oneframe.To avoid this a hybrid techniquethatexploits
bothdescribedapproachesispossible.While theviewing pa-
rametersare changed,the approximatesolution is usedto
generatean imagewithout increasedlatency times during
userinteraction.As soonasthecameraparametersarekept
constant,a correctimageis renderedbasedon the quality
classi�cationthat is transferredfrom thepreviousrendering
step.Thusa fastuserinteractionis combinedwith a correct
sub-volumeinterpolationfor thestaticcase.

6. Implementation and Results

Our implementationis basedon C++ and OpenGL.Vol-
ume renderingadoptspost-shadingrealizedeither through
NVIDIAs register combinersor alternatively through an
ARB fragmentprogramdependingon the available hard-
waresupport.MPI is usedfor all communicationbetween
nodes.

Two differentclusterenvironmentswereusedfor devel-
opingandevaluation.The �rst oneis a 16-nodePCcluster.
Eachof thesenodesrunsadual-CPUcon�gurationwith two
AMD 1.6GHz Athlon CPUs,2 GB of systemmemory, and
NVIDIA GeForce4 Ti 4600(128MB)graphicsboards.The

interconnectingnetwork is a Myrinet 1.28GBit/sswitched
LAN providing low latency times.Linux is usedasoperat-
ing system,theSCore MPI implementationdrivesthecom-
munication[PC].

The secondenvironmentis built up by standardPCsus-
ing a Gigabit Ethernetinterconnectionwith a maximum
numberof eight nodes.Eachnodehasan Intel Pentium4
2.8GHzCPUand4GBsystemmemory. Theinstalledgraph-
ics boardsarea mixtureof NVIDIA GeForce4 Ti 4200and
GeForce4 Ti 4600bothproviding 128MBof videomemory.
RunningLinux, theMPI implementationLAM/MPI is used
for nodemanagementandcommunication[LAM ].

Weusethreedifferentlarge-scaledatasetsto evaluatethe
performanceof theimplementedvisualizationsystem.If not
statedotherwiseall measurementswere performedon the
clusterinterconnectedthroughMyrinet. The �rst datasetis
anarti�cial scalar�eld showing aradialdistancevolumethat
is additionallycombinedwith Perlin noise(Figure 4). For
our testingpurposesa 10243 sizedvolumeis used.Thesec-

Figure4: Radialdistancevolumecombinedwith noiseusing
ahigh frequency transferfunction.
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Figure 5: Rendering result of upper 4 nodes showing
anatomiccryosectionsthroughthe Visible HumanProject
maledataset.Thewholebodyis renderedwith a totalof 16
nodes.

ond dataset is derived from the anatomicalRGB cryosec-
tions of the Visible Humanmaledataset [The]. The slices
are reducedto 8 bit per voxel andcroppedto exclude ex-
ternaldatalike grey scalecardsand�dual markers.Theob-
taineddatasethasa resolutionof 2048� 1024� 1878vox-
els (Figure5). The third dataset is a time-dependentCFD
simulationof a �o w �eld with increasingturbulence.The
sequencecontainsa total of 89 time bins eachsized2563

(Figure6).

TheVisible Humanmaledatasetcanbevisualizedon a
10242 viewport using16 nodeswith 5 framesper second.
Thequality classi�cationwassetto usetheoriginal resolu-
tion for most regions.Due to the uniform characteristicof
thesurroundings,theseareasweredisplayedin a lower res-
olution without any noticeabledisadvantages.With a view-
portof half sizein eachdimensionandthesamesettingsthe
obtainedframerateincreasesto 8 framespersecond.

To show thescalingbehavior of thevisualizationsystem
con�gurationsof 2 up to 16 rendernodesaremeasured.The
useddataset for all thesetestsis the gigacubecontaining
the distortedradial distancevolume.The resultsareshown
in Figure7. For a 16 nodecon�guration thedatasetcanbe
renderedin 174 ms,which correspondsto a refreshrateof
5.7Hz.

For thetime-dependentdatasetFigure8 shows theresults

Figure6: Visualizationof the time-dependentCFD simmu-
lation.Fromtop to bottontimesteps0, 45,89 areshown.

for renderingeachtimestepin arow. Thetestwasperformed
using threedifferent quality levels. In caseof the original
quality the requiredtime clearly increasestowardsthe end
of thesequence.Thereasonfor this behavior is foundin the
characteristicof thedataset,which getsmoreandmoretur-
bulent over time leadingto a higheramountof blocksthat
have to be decompressed.Furthermorewith a progressin
timethecachebecomesinvalid andall blockshave to bede-
compressedstartingat the root node.Thereforethe perfor-
manceis ratherslow for time-dependentdatasetscompared
to thestaticones.Usingthesecondclusterenvironmentwith
its 8 nodesonly 2 framespersecondareachievedfor render-
ing thedistancevolume.Dueto thesimilar con�gurationof
eachnodethis gapis solelycausedby theGigabitEthernet
in comparisonto Myrinet. The determiningfactor for this
typeof applicationis the latency ratherthanthebandwidth
limitation of theusednetwork. While deliveringcomparable
bandwidth,the Myrinet clearly outperformsa conventional
GigabitEthernetregardinglatency times.

7. Conclusionand Futur eWork

We have presenteda distributed rendering system for
texture-baseddirectvolumevisualization.By adaptinga hi-
erarchicalwavelet compressiontechniqueto a clusterenvi-
ronmentthe effective sizeof volumedatathat canbe han-
dled is further improved. The adaptive decompressionand
renderingschemeresultsin a reductionof renderingcosts
dependingon theviewing positingandthecharacteristicsof
thedatasetwithout leadingto noticeableartifactsin the �-
nal image.Theproblemof textureinterpolationatbrick bor-
dersin connectionwith multi-resolutionrenderinghasbeen
addressedanddifferentsolutionshave beenprovided.Parts
of therenderingprocesscrucial to thesystemsperformance
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Figure 7: Scalability of the visualizationsystemwith the
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Figure8: Performancerenderingtime-dependentdataset.

bene�t from theappliedreductionof theprocessedregion in
imagespace,especiallywith increasingnumbersof render-
ing nodes.

Theachievedperformanceis oftenrestrictedby thecapa-
bilities of the interconnectionbetweenthe renderingnodes
andthecomputationof blendingoperationsduringthecom-
positingstep.With viewportssized10242 this upperbound
is approximately11 framesper secondfor our clustercon-
�guration. To increasethis upperlimit an exact calculation
of the footprints insteadof usinga boundingbox could be
helpful. Doing so avoids the remainingunnecessaryblend-
ing operationsandfurther reducescommunicationcosts.In
caseof time-dependentdatasetsthe performanceis addi-
tionally boundby the decompressionstepbecausethe per-
formedcachingof decompressedblockscannotbe usedin
this context.

As part of our future work we would like to implement
andtesttheSLIC algorithmfrom Stompelet al on Myrinet
and4x In�niBand networks.

Appendix A: BlendingusingMMX operations

The following codeperformsthe operationr = a + ((1 �
aalpha) � b)=255 usingMMX instructions.It usesthe GNU
Compiler Collection's (GCC) “extendedassembly”nota-
tion, whichmeanstheoperandsarein AT&T syntax(source
operandon the left side and destinationoperandon the
right). %0, %1and%2arer, a andb respectively.

pxor %mm2, %mm2

// copy128 to all words in mm4
mov $128, %eax
movd %eax, %mm4
pshufw $0, %mm4, %mm4

// copy a to mm0
movd (%1), %mm0

// copy b to mm3
movd (%2), %mm3
// 16� bit expandb
punpcklbw %mm2, %mm3

// �ll mm1with 1's
pcmpeqb %mm1, %mm1
// 1 � aalpha
pxor %mm0, %mm1
// 16� bit expand1� aa
punpcklbw %mm2, %mm1
// copy1� aa to all words
pshufw $0, %mm1, %mm1

// x = (1� aalpha)� b
pmullw %mm1, %mm3
// x += 128
paddusw %mm4, %mm3
// y = x
movq %mm3, %mm1
// y /= 256
psrlw $8, %mm1
// y = y + x
paddusw %mm3, %mm1
// y /= 256
psrlw $8, %mm1

// pack result
packuswb %mm1, %mm1

// adda and(1� aalpha)b
paddusb %mm1, %mm0
// copy result to memory
movd %mm0, (%0)
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