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Abstract

Multi-projector systemsare increasinglybeing used to provide
large-scaleandhigh-resolutiondisplaysfor next-generationinter-
active 3D graphicsapplications,including large-scaledatavisual-
ization, immersive virtual environments,andcollaborative design.
Thesesystemsmustincludea very high-performanceandscalable
3Drenderingsubsystemin orderto generatehigh-resolutionimages
at realtime framerates.Thispaperdescribesasort-firstbasedpar-
allel renderingsystemfor ascalabledisplaywall systembuilt with a
network of PCs,graphicsaccelerators,andportableprojectors.The
main challengeis to develop scalablealgorithmsto partition and
assignrenderingtaskseffectively undertheperformanceandfunc-
tionality constrainsof systemareanetworks,PCs,andcommodity
3-D graphicsaccelerators.Wehavedevelopedthreecoarse-grained
partitioningalgorithmsandincorporatedtheminto a working pro-
totypesystem. This paperdescribesthesealgorithmsandreports
our initial experimentalresultsaimedat investigatingthefeasibility
of constructingasort-firstrenderingsystemusinganetwork of PCs
andevaluatingalgorithmictrade-offs andperformancebottlenecks
within sucha system.Our resultsindicatethat the coarse-grained
characteristicsof thesort-firstarchitecturearewell suitedfor con-
structingaparallelrenderingsystemrunningon aPCcluster.

Key Words: Immersive displaysystems,clustercomputing,paral-
lel rendering,loadbalancing.

1 Introduction

Multi-projector computerdisplaysare increasinglyimportantfor
applicationssuchas collaborative computer-aideddesignand in-
teractive scientificandmedicalvisualization.The high resolution
of theimages(severalmillion pixels)enablesvisualizationof very
detaileddatasets(e.g.,astrophysicssimulations).The largephys-
ical sizeof eachdisplaysurface(a room-sizedwall) allows users
to interactwith renderedobjectsat their naturalsizes,which can
becritical to perceptionandevaluationof 3D models(e.g.,for au-
tomotive CAD). Thespacein front of thedisplaysupportsnatural
collaborationsamongmultiple peoplesimultaneouslyviewing and
discussingvisualdata(e.g.,for medicaltreatmentplanning)anden-
ablesimmersive visualizationapplicationsin which theentirefield
of view for eachuseris coveredwith computer-generatedimagery.

A multi-projectordisplaymustincludeaveryhigh-performance
3D renderingsystemto supportinteractive andimmersive visual-
ization applications. It will be increasinglycommonto find me-
chanicalCAD, medicalimaging,andscientificvisualizationappli-
cationsthatprocess3D modelswith millions of polygonsto beren-
deredover several million pixels at thirty framesper second.As
moreprojectorsareaddedto thesystem,morepixelsareavailable,
andmorecomplex 3D scenescanbeviewed,requiringhigherpixel
fill andpolygonrenderingrates.

Thestate-of-the-artapproachis to usea high-endgraphicsma-
chinewith multiple tightly-coupledgraphicspipelines.ThePower
Wall at theUniversityof MinnesotaandtheInfinite Wall attheUni-
versityof Illinois at Chicagoareexamples,eachdrivenby anSGI
Onyx2 with multiple InfiniteRealitygraphicspipelines.The main

drawbackof this approachis thatthat therenderingsystemis very
expensive,oftencostingmillions of dollars.

In theScalableDisplayWall projectat PrincetonUniversity, we
take a differentapproach.Ratherthanrelying upona tightly inte-
gratedgraphicssubsystem,wecombinemultiplecommoditygraph-
ics acceleratorcardsin PCsconnectedby a network to constructa
parallelrenderingsystemcapableof driving a multi-projectordis-
playwith scalablerenderingperformanceandresolution.Themain
themeof this approachis that inexpensive andhigh-performance
systemscanbebuilt usinga multiplicity of commodityparts.The
performanceof PCsandtheir graphicsacceleratorshave beenim-
provingatanastoundingrateoverthelastfew years,andtheirprice-
to-performanceratiosfar exceedthoseof traditionalhigh-endren-
dering systems. Someinexpensive PC graphicsacceleratorscan
alreadydeliver performancecloseto an SGI InfiniteRealitywhile
costinganorder-of-magnitudeless.Our goal is to leveragetheag-
gregateperformanceof multiplenetworkedPCsto constructaflex-
ible and high resolutionparallel renderingsystemcomparablein
performanceto highly specializeddisplaysystemsat a fractionof
thecost.

The architectureof our prototypesystemis shown in Figure1.
OneclientPCand

�
serverPCswith fastgraphicsacceleratorcards

areconnectedby a systemareanetwork. Theframebuffer of each
server drivesoneprojectorwhoseimageis combinedwith theoth-
ersin atiled grid patternto form aseamlesspictureonalarge-scale
rearprojectionscreen.As comparedto traditionalparallelrender-
ing systems,thisarchitecturehasseveraluniquecharacteristicsthat
presentpotentialadvantagesandnew researchchallenges.
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Figure1: ScalableDisplayWall Architecture.

First, we usea systemareanetwork for communicationamong
processors.As comparedto hardwareor sharedmemorymultipro-
cessors,the advantagesof networked clustersaremodularityand
flexibility. Sincethe processorsof our systemcommunicateonly
by network protocols,they may be addedandremoved from the
systemeasily, thesystemmaybecomprisedof heterogeneouscom-



puters,andspecificrenderingprocessorscanbe accesseddirectly
by remote� computersattachedto the network. However, system
areanetworksusuallyhaveafractionof theperformanceof internal
communicationchannels.Thechallengeof clustercomputingis to
develop low-overheadcommunicationmechanismsandto choose
a coarse-grainedpartitioningschemesthat scalewithin the band-
width andlatency limitationsof thenetwork.

Second,we usecommodityhardware componentsand access
them only via standardAPIs. The advantageis that the system
is lessexpensive, moreflexible, andtrackstechnologybetterthan
systemswith customhardwareandsoftwaresincewe canreplace
componentsfrequentlyas fasterversionsbecomeavailable. The
disadvantageis thatour designspaceis constrained.We canonly
take advantageof featuresavailableon commoditygraphicsaccel-
eratorsandexposedthroughstandardAPIs (e.g.,WindowsNT and
OpenGLor D3D), andthusdirectdataaccessandtargetedperfor-
mancetuningis usuallyimpossible.As anexample,geometrypro-
cessingandrasterizationis usuallytightly coupledwithin a graph-
ics accelerator, andstandardAPIs, suchasOpenGL,give no high-
performanceaccessto intermediaterenderingresults.As a result,
it is impracticalfor usemploy a sort-middlerenderingapproachin
whichgraphicsprimitivesarerepartitionedafterhardwaretransfor-
mationsandbeforerasterization.Thechallengeis to developeffec-
tive parallelrenderingalgorithmsthatsend3D graphicsprimitives
to the commoditygraphicscardsand readpixels from the frame
buffer only via standardAPIs.

Finally, thedisplayis composedof multiple imagescorrespond-
ing to projectorsattachedto framebuffersof differentserver PCs.
Thischaracteristicprovidesanaturalimage-paralleldecomposition
of the renderingcomputation. Eachserver PC drives only a sin-
gle graphicsaccelerator, putting lessperformanceandbandwidth
pressureon eachCPUandmemorysystemsthantraditionalmulti-
projectorsystems.On theotherhand,pixelsrenderedon onecom-
puter, but projectedonto the screenby another, mustbe sentover
a network andloadedinto theappropriateframebuffer for display
eachframe. The challengeis to find coarse-grainedscreenspace
partitionsthatbalancetheloadamongall thegraphicsaccelerators,
while minimizingtheoverheadof redistributingtheresultingpixels
amongtheframebuffers.

In this paper, we investigateresearchissuesin usinga cluster
of PCsto constructa high-performancerenderingsystemdriving a
multi-projectordisplay. Our prototypesystemis basedon a sort-
first architecturein which theentirescreenis partitionedinto a set
of “tiles” to berenderedon differentPCs.Within this framework,
themainresearchchallengesareto find a goodpartitionof screen-
spaceinto tiles,toassignthetilesto PCssothattheloadisbalanced,
andto schedulerenderingof thetilesto achievetheminimumframe
times. We have implementedseveral algorithmsto addressthese
challengesand incorporatedthem into a working prototype. We
reportthe resultsof initial experimentsaimedat investigatingthe
feasibility of constructinga sort-firstrenderingsystemusinga net-
work of PCsandevaluatingalgorithmictrade-offs andperformance
bottleneckswithin suchasystem.

2 Background and Related Work

Therearea numberof academicgroupsandcommercialcompa-
niesworkingonmulti-projectordisplaysystemsbasedonhigh-end
workstations.ExamplesystemsincludeSGI’s RealityCenter, HP’s
VisualizeCenter, the Power Wall at the University of Minnesota,
the Infinite Wall, andthe Cave [9] at the University of Illinois at
Chicago,theOfficeof theFutureat UNC [28, 29], theInformation
Mural atStanford,andourScalableDisplayWall atPrinceton.Re-
seachon thesesystemshasaddressedmany importantchallenges,
includingautomaticprojectorcallibration,seamlessprojection,un-
encumbereduserinteraction,and new contentcreation. Our re-

searchfocusis onconstructingahigh-performanceparallelrender-
ing systemwith anetwork of PCs.

Parallel renderingsystemsareoften classifiedaccordingto the
stagein which primitive partitioning is done – sort-first, sort-
middle, or sort-last[7, 22]. Most arebasedon a sort-middlear-
chitecture,in whichprocessingof graphicsprimitivesis partitioned
equallyamonggeometryprocessors,while processingof pixels is
partitionedamongrasterizationprocessorsaccordingto overlaps
with screen-spacetiles. This approachis bestsuitedfor tightly-
coupledsystemsthatuseafast,globalinterconnectionto sendprim-
itivesbetweengeometryandrasterizationprocessorsbasedonover-
lapswith simpleand static tilings, suchas a regular, rectangular
grid. For instance,in SGI’s Infinite Reality Engine[23], a Vertex
Bus is usedto broadcastscreenspacevertex information to each
fragmentgeneratordriving 80 imageenginesallocatedto vertical
stripsof pixels. In UNC’s PixelPlanes5, a global work queueis
usedto distribute primitivessortedinto tiles to rasterizationpro-
cessors[12]. In additionto the constraintsof commoditygraph-
ics acceleratorsdiscussedearlier, the communicationdemandsof
sort-middlearetoo largefor a systemsuchasoursin whichgeom-
etry andrasterizationprocessorsareconnectedonly by a network.
Moreover, they follow thesuperlineargrowth of theoverlapfactor
(thenumberof tilesoverlappedby eachgraphicsprimitive)asmore
rasterizationtilesareaddedto supporthigherresolutions.

Recently, sort-lastsystemshave beenbuilt that rendermultiple
images,eachcontaininga portion of the graphicsprimitives,and
thencompositetheseimageswith depthinto asingleimagefor dis-
play [21, 11, 31, 36]. This approachavoids global connectivity
of geometryandrasterizationprocessors.However, it providesno
strict primitive orderingsemantics,andit incurslatency assubim-
agesmustbe compositedbeforedisplay. Moreover, it requiresan
imagecompositionnetwork with veryhighbandwidthandprocess-
ing capabilitiesto supporttransmissionandcompositionof depth
images.Thesebandwidthsfar exceedthecapabilitiesof commod-
ity networksfor high-resolution,multi-projectordisplays.

In a sort-firstsystem[22], screen-spaceis partitionedinto non-
overlapping2D tiles,eachof which is renderedindependentlyby a
tightly-coupledpair of geometryandrasterizationprocessors,and
thesubimagesfor all 2D tiles arecomposited(without depthcom-
parisons)to form thefinal image.Themainadvantageof sort-first
is that its communicationrequirementsare relatively small, and
they scalewell with increasingnumbersof processors.Unlikesort-
middle, sort-firstmustsendprimitivesbetweenprocessorsonly if
they migratebetweentiles [25]. Thedisadvantagesarethatgeom-
etry processingmustbe performedredundantlyfor all tiles over-
lappedby each3D primitive,andextraprocessing(3D-to-2Dtrans-
formations)mustbe performedto computeoverlapsbetween3D
graphicsprimitivesand2D tiles beforerenderingeachframe.As a
result,sort-firstis bestsuitedfor usewith retained-modegraphics
systemsin which overlap decisionscanbe madefor hierarchical
groupsof spatiallyco-locatedprimitives.

This paperbuilds upona long historyof prior work on screen-
spacespacepartitioningmethodsfor parallelrendering[6, 38]. At
the highestlevel, approachescan be classifiedbasedon whether
the decompositionof screen-spaceinto tiles is static [18, 26, 10,
23, 8] or whetherthe tile boundariesaredetermineddynamically
accordingto the distribution of graphicsprimitiveson the screen
[37, 32, 34, 24]. If therearemoretiles thanprocessors,thentiles
canbe assignedto processorseitherstaticallyor dynamically. So
far, tile shapeshavebeenbasedonscanlines[15], horizontalstrips
[18, 37, 5], vertical strips[37], andrectangularareas[18, 34, 32,
39, 8, 4]. Most systemsdefineseveral timesmoretiles thanthere
areprocessorssothattherenderingloadcanbebalanced.Yet, this
approachleadsto inefficienciesdueto high primitive-tile overlap
factorsandthelossof spatialcoherenceacrosstile boundaries[8].

Several studieshave investigatedthe impactof primitive over-



lapsin tiled renderingsystems.Molnar proposedan equationfor
modeling� the overlap factor for 2D boundingboxes on 2D rect-
angulartiles [20]. His analyticalmodelhasbeencorroboratedby
experimentalevidence[8, 22], andit hasbeenusedasthebasisfor
subsequentstudies[4, 8]. Cox andBhandariinvestigatedtherela-
tionshipsbetweentile (bucket) sizesandoverlap factorsincurred
in a bucket renderingsystemusingstatic,grid-alignedrectangular
tiles [8]. Althoughthey consideralternative tile arrangements,they
donot examinetheextentto which they mayreduceoverlap.

Dynamic decompositionapproachescan be divided into three
types.Top-downapproaches[37, 24] startfrom thescreen-spaceas
awholeanddivideit recursively into tilesbasedonestimatedwork-
loads.Bottom-upapproachesstartfrom a largenumberof predeter-
minedtilesandcombinetheminto largertilesthatarethenassigned
to processors.For example,a quadtreerepresentationof screen-
spacemaybeused,andtheleavesmergedtoconstructtilesbasedon
estimatedloads.Optimizationapproaches[39] begin with someini-
tial decompositionandassignment(e.g.astaticoneor theonefrom
thepreviousframe)andadjustit to balancetheworkloadby cutting
out and reassigningsmallertiles from existing partitionsto meet
someload balancingcriterion. We will examineapproachesfrom
the threetypesthat have beenconsideredso far (Static,Dynamic
Top-down and Dynamic Optimization),using known approaches
anddevelopingnew ones.

Relatively little work hasbeendoneon interactive polygonren-
dering using a clusterof networked PCs[17, 33]. The primary
problemhasbeenthat the latency andbandwidthsof typical net-
workshasnot beenadequatefor fine-grainedparallelrenderingal-
gorithms. Accordingly, prior distributed renderingsystemshave
mostly focusedon inter-frameparallelism[17], renderingseparate
framesof an imagesequenceon separatecomputersin parallel,
ratherthanon intra-frameparallelism,which is requiredto achieve
scalablespeedupsin a real-timesystemutilizing many processors.
Networksof workstationshave beenusedsuccessfullyfor parallel
graphicsalgorithmswith coarsegranularity, suchasvolumeren-
dering [19, 16], radiosity [30, 14], andbatchrenderingof image
sequences[17, 27]. We arenot awareof any prior systemthathas
achieved scalableintra-framepolygonrenderingspeedupsvia dy-
namicscreen-spacepartitionsusingaclusterof PCs.

3 Overview of Approach

In multi-projectorsystems,the most commonapproachto paral-
lel renderingis to dedicateonegraphicsprocessorto eachprojec-
tor and sort graphicsprimitives amongthe processorsaccording
to their overlapswith projectionregions. Unfortunately, this sim-
ple strategy achieves poor performanceif graphicsprimitivesare
not uniformly distributed over all processorssuchas in the case
whenthedetailsof anobjectcoversonly oneor two projectorson
thescreen.The imbalanceoftencausesthemajority of systemre-
sourcesto gounused,andit generallybecomesworseasmorepro-
jectorsandprocessorsareaddedto thesystem.

Our approachis to use a sort-first architecturein which the
renderingcomputationis partitionedinto coarse-grainedtasksre-
quiring relatively little inter-processcommunicationusing“virtual
tiles,” non-overlappingpixel regionsof the screennot necessarily
correspondingone-to-onewith projectionregions(“physicaltiles”).
Renderingall thepixelsof a singlevirtual tile is theatomictaskin
our parallelrenderingsystem,andthusrenderinga virtual tile re-
quiresprocessingall graphicsprimitivespotentiallyoverlappingit.
In principle,weallow virtual tiles (or just “tiles”) to beany sizeor
shape,includingnon-rectilinear, concave, or evendisjoint regions,
aslong aseachpixel on thescreenmapsto exactly onetile. Since
tiles do not overlap,pixels of imagesrenderedindependentlyfor
separatetiles canbecombinedwithout depthcomparisonsto con-
structimagesfor projectiononthewall. Pixelsof atile renderedon

a “remote” server, but projectedonto the displayby another(the
pixels’ “local” server), are sentover a systemareanetwork and
loadedinto thelocal framebuffer.

The sort-first approachprovides a coarse-grained,high-level
decompositionof the renderingcomputation[24]. Unlike sort-
middlesystems,which musteitherbroadcastor independentlysort
many low-level rasterizationprimitives among the screen-space
tiles during every frame, our sort-first systemis able to partition
the scenebasedon high-level 3D primitives, possiblytaking ad-
vantageof frame-to-framecoherence,precomputedwork loaddis-
tribution statistics,sophisticatedrenderingtime predictionmod-
els,scenegraphhierarchies,and/orotherapplication-specificdata
structures.Consequently, it is possibleto predictrenderingtimes
effectively andto considerirregulartile arrangementsanddynamic
serverassignments,potentiallyachieving loweroverlapfactorsand
betterloadbalancesthanusingtherectangulargrid-alignedtilings
commonlyemployedin sort-middlesystems.

In orderto reducethecommunicationrequirementsamongpro-
cessors,our systemreplicatesthe 3D sceneon every PC. Unlike
sort-middleapproacheswheregraphicsprimitivesaresentto ras-
terizationprocessorsduring sorting,this designrequiresno trans-
missionof graphicsprimitivesandthusrequireslittle inter-process
communication.Unlike sort-lastor SGI’s MonsterModewhereall
renderedpixelsaresentto theframebuffer, this approachtransfers
only thosepixels renderedfor remoteprocessors,sincethe final
imageremainsdistributedacrossmany projectorsor PCs.Theim-
ageappearsonly via optical blendingasthe projectorscomposite
thecontentsof all the framebuffers into a single,seamlessimage.
Althoughthere-distributionof pixelsrenderedonremotenodesre-
quire communication,with clever screen-spacepartitioningalgo-
rithms,thesecasescanbekeptwell within thebandwidthlimits of
systemareanetworks(e.g.,100MBytes/sin ourcase).

4 System Organization

Wehavebuilt aprototypesort-firstparallelrenderingsystemonthe
scalabledisplaywall systemconstructedat Princeton.Thecurrent
displaywall systemuseseightProxima9200LCD polysiliconpro-
jectorsarrangedin a 4 by 2 fashionto projecta seamlessimage
usinga blendingprocesson an 18’ by 8.5’ rearprojectionscreen.
Theresolutionof eachprojectoris 1,024by 768sothedisplaywall
systemdelivers4096by 1536(or 6 million) pixelsperframe. The
systemusesa network of eight450MhzXeonPentiumII PCswith
Integraph3410T3-D graphicsacceleratorsto drive theseprojec-
tors. The parallel renderingsystemusesthe eight PCsasrender-
ing serversandanother300MhzPentiumII PC without a graph-
ics acceleratoras the client machineto do sort-first processing.
Eachserver currentlycanrenderapproximately300K independent
quads/secondandfill approximately600M texturedpixels/second.
All ninePCsareconnectedby a Myrinet systemareanetwork (see
Figure1) usingthe VMMC-2 communicationfirmwareandsoft-
ware developedby Princeton’s SHRIMP project [3]. The com-
municationmechanismcandeliver 13 � s one-way end-to-endla-
tency and100MB/sbandwidthsimultaneouslybetweeneachpair
of nodes.

Executionof thesystemproceedsasshown in Figure2. At the
start, the client andall the servers readthe same3D scenegraph
from a file on disk andstoreit entirely in memory. Then,during
eachframe of an interactive visualizationsession,the client ex-
ecutesthe following stepsas the usermoves a simulatedcamera
throughthe3D scene.It first usesocclusionculling anddetaileli-
sionalgorithmsto computeapotentiallyvisible set(PVS)of scene
graphnodesto bedrawn in thecurrentframe[13]. It thendecom-
posesscreen-spaceinto non-overlappingtiles, sortsthe nodesof
the PVS accordingto their tile overlaps,and assignseachtile to
a server. Next, it sendsa sequenceof rendertile messages to the



servers,eachcontaining: 1) the simulatedcameraparameters,2)
the2D� extentof thetile, 3) a list of IDs representingthePVSnodes
potentiallyoverlappingthe tile, and4) anoptionallist of pixel re-
distribution commands(if partsof thetile do not residewithin the
regionof thescreencoveredby theprojectorattachedto theserver).
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Figure2: Flow chartof client-serverexecution.

Whenaserverreceivesa rendertile message, it setstheOpenGL
cameraandviewport regionsto matchthe informationsentin the
message,andit rendersthenodesof thePVSindicatedby the list
of IDs in the messageusingstandardOpenGLcommandsto up-
datethe “back” buffer of a doublebufferedvideo memory. After
all primitives overlappingthe tile have beenrendered,the server
mayreadtheresultingpixelsfrom theframebuffer backinto mem-
ory (using glReadPixels) and sendthem in a pixel redistribution
message to every server whoseprojectionregion overlapsthe tile.
Whena server receivesa pixel redistribution message, it loadsthe
renderedpixelsinto theappropriatelocationof its framebuffer (us-
ing glDrawPixels).

Finally, at theendof eachframe,theclient exchangessynchro-
nized“end of frame” messageswith eachserver so that all server
PCsswapbufferswithin a few tensof microsecondsof eachother.

5 Load Balancing Algorithms

Themainresearchchallengein implementingourprototypesystem
is to developalgorithmsthatdecomposescreen-spaceinto tilesand
assignthemto PCssoasto achieve thefastestframeratespossible.
An effectivepartitionmustbalancemultipleconflictinggoals:

� Minimize Overheads: The partition shouldminimizeover-
headsdueto pixel redistribution (whena tile is renderedon a
remoteserver), redundantrendering(whena groupof primi-
tivesis geometryboundandoverlapsmorethanonetile), and
basic“per bucket” processing.Thesefactorsfavor construc-
tion of largetilesandassignmentsto “local” servers.

� Balance Assignments: The tiles shouldbe constructedand
assignedto serversso that the load is balanced.In our case,
the tiles cannotbe too few, or too large, and too “chunky,”
or elsebalancedassignmentsbecomedifficult. Thesefactors
favor constructionof many smalltilesof varyingsizesor con-
structionof exactly

�
tileswith equalwork loads.

� Partition Quickly: Thepartitionmustbesimpleenoughthat
it canbecomputedin real-timefor eachframe,andthesystem
mustbeableto sortall 3D scenegraphnodesamongthetiles
duringeachframetime.

Of course,finding anoptimalpartitionto meetall thesegoalsis
intractable,andthuswe focuson developinggoodheuristicmeth-
ods. To simplify our investigation,we consideronly geometry-
boundmodelsstoredin a scenegraphdatastructure. In this con-
text, wehavedevelopedthreescreen-spacepartitioningalgorithms,
two of which arebasedon balancedassignmentof pixelsgrouped
in grid buckets(GRID andUNION), andonewhich is basedon a
combinationof recursivesplittingandgreedyoptimization.

5.1 Grid Bucket Assignment Algorithm

Ourfirst partitioningalgorithm,GRID, focusesonbalancedassign-
mentof grid-alignedtiles to serverPCs.In thisalgorithm,thebasic
unit of work is renderingall theprimitivesoverlappingasinglegrid
tile (or “bucket”). Every tile is renderedindependently, so the al-
gorithmcanassigneachoneto any server in orderto balancethe
load. This approachis similar in spirit to work-queuealgorithms
(asin [12]). Theonly differencesarethatassignmentsaremadea
priori basedon predictedrenderingtimes,andpixel redistribution
overheadsareincurredif abucket is assignedto a remoteserver.

Ourassignmentstrategy is motivatedby “first-fit decreasing”al-
gorithms.At thestartof every frame,theclient constructsa setof
tiles correspondingto rectangularregionsof a regulargrid. It then
estimatestherenderingcostfor eachscenegraphnodeusingprimi-
tivedistributionstatisticsstoredin thescenegraph,andit computes
the2D axis-alignedboundingbox containingtheprojectionof ev-
ery3D scenegraphleafnodeonthescreen.It sortsthescenegraph
nodesamongthetilesaccordingto their2D boundingboxoverlaps,
forminganestimateof thecumulative time requiredto rendereach
tile. Initially, every tile is assignedto its “local” server (i.e.,theone
whoseprojectionregion containsit), andan estimatedwork load
(��� ) is computedfor eachserver �	� . Next, for every tile 
�� initially
assignedto � � , theclientdeterminesthelocalbenefit(
 ��� � ) andthe
remotecost( � ��� � ) of renderingthetile on anotherserver, � � :
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where � ����� 
��� �!�)� � and ��/40 
��� �!��� � representnetworking over-
heads,and �+�,3!� 
��� �!��� � and %'� �)( � 
-�� �5��� � representpixel re-
distributionoverheads.

Theclientproceedsby iteratively findingthemostloadedserver,
�76�8:9<; , andit triesto reduceestimatedwork loadof ��6�8=9); by send-
ing one tile to the least loadedserver, ��>@?BA 9<; . It considerstiles
of � 6�8:9<; in descendingorderof estimatedbenefitandassignsto
� >@?BA 9<; the first onethat reducesthe maximumof the two servers’
estimatedwork loads(i.e.,if 
 �)� 6�8=9); . � ��� >@?BA 9);2C � 6�8:9<;4" �D>@?BA 9<; ).
The algorithmterminateswhenthe most loadedserver hasno re-
mainingtiles with positive benefitthatcanbeassignedremotelyin
thisway.

After all tiles have beenassigned,the client generatesa render
tile message for every tile andsendsit to theserver to whichthetile
hasbeenassigned.Thesequenceof messagesis orderedsuchthat
theonesrepresentingtiles assignedto remoteserversaresentfirst.
In thisway, tilescanberenderedby remoteserverswithoutconcern
for writing overpixelsalreadyrenderedfor its local tiles,andmost
pixel re-distribution messagescanbegeneratedearly in the frame
cycle in orderto avoid potentialtemporalimbalances.

5.2 Grid Bucket Union Algorithm

Our secondalgorithm,UNION, is aimedat reducingtheimpactof
highoverlapspossiblewith smallbucketsin geometry-boundsitua-
tions,while avoiding inefficienciesdueto imbalancedassignments
andlargepixel redistributions.Theideais to constructtilesdynam-
ically basedon server assignments.Specifically, all grid buckets



mappingto thesameprojectorandassignedto thesameserver are
unionedE into a single tile. The overlap factor reductionsof this
bucket mergingstrategy arepotentiallyquitesignificant,especially
for the many bucketsassignedto their local servers. Ratherthan
renderingeachprimitive separatelyfor eachof thesebuckets,they
can be renderedonly once. Buckets renderedon remoteservers
aremergedinto tiles in asimilar fashion.Intuitively, eachserver is
ableto cutoutsmall,contiguousbucket-alignedregionsof its frame
buffer andoff-load renderingof themto otherservers. So, over-
headsdue to overlapsare incurredonly onceper sender-receiver
pair.

Theideabehindthisalgorithmis relatedto thedynamicschedul-
ing methodproposedby Whitman[39]. Hestartedwith asetof ini-
tial tiles and“stole” partof anotherprocessor’s work dynamically
whenno initial tiles remain.Thestealingwasachievedby splitting
the remainingtile region on the maximally loadedprocessorinto
two verticalstripshaving thesamenumberof scanlines.However,
thedifferencesbetweenourapproachesaresignificant,asouralgo-
rithm executesin asort-firstsystemwith apriori assignmentsmade
in a client, andwe usecommodityrasterizerswhich do not allow
controlover theorderin which scanlinesgetupdated.In general,
it is expensive for our sort-firstsystemto reassignpartof a tile af-
ter oneserver hasalreadystartedrenderingit, ascolor anddepth
bufferswouldhave to betransferred.

Assignmentin ourUNION algorithmproceedsin thesamefash-
ion astheGRID algorithmdescribedin theprevioussection.The
primarydifferenceis themannerin which renderingis performed,
andconsequentlythewayin whichpixelsareredistributedandben-
efitsandcostsarecomputed.Whenaserver rendersa tile, it draws
all primitivesoverlappingany of its buckets,markingthemasthey
aredrawn, andnever redrawsaprimitivemarkedfor thetile. In this
manner, pixelsoutsidethebucketsrepresentingthetile maybeup-
dated,but withoutharmif thesystemis geometry-bound.If a tile is
assignedto a remoteserver, thepixels insidethetile’s bucketsare
sentto theappropriatelocalserver in aseriesof pixel redistribution
commands.

Thesedifferencessignificantlychangethebenefitsandcostsof
renderinga bucket remotelyascomparedto the GRID algorithm.
Most importantly, previous assignmentsof buckets to servers im-
pact the benefitsandcostsof currentones(i.e., ����������� 
��� � ��� �
may not equal ����������� 
��� � ��� � ). For instance,in the situation
shown in Figure 3, the cost of including bucket ‘A’ in a tile for
server ‘2’ is zero,sinceall primitivesoverlapping‘A’ arealready
slatedto berenderedon server ‘2,’ while thecostof assigningthe
samebucketto server‘3’ is non-zero.Similarly, theimmediateben-
efit of assigningbucket ‘B’ to any remoteserver is alsozero,since
all primitivesoverlappingit alsooverlapotherbucketsassignedto
thelocal tile. Generally, only bucketswith primitiveswholly inside
themhavepositivebenefitunlesstheassignmentfindstwo neighbor
bucketsthatcumulatively enclosesomeprimitives.
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Figure3: Priorassignmentsaffect costsandbenefits.

5.3 KD-Split Algorithm

Thelastalgorithm,KD-SPLIT, is motivatedby theobservationthat
constructingfewer tiles generallyleadsto lower overheadsdueto
overlapsandbucket processing.A plausiblestrategy is to create
exactly

�
tiles with equalrenderingloadsso that exactly onetile

can be assignedto eachPC. In our algorithm, we start with the
entirescreenin asingletile andrecursively split it with

� "LK axial
linesto form aKD treewith

�
regions[1].

This recursive partitioningstrategy is similar to onesusedpre-
viously for dynamictile construction. For instance,Whelande-
velopeda median-cutmethodin which a tile initially covering the
entire screenwas partitionedrecursively by a splitting line per-
pendicularto its longestaxesso that the centroidsof its overlap-
ping graphicsprimitives were partitionedmost equally [37]. In
laterwork, Muellerdevelopedamesh-basedmedian-cutmethodin
whichprimitiveswerefirst talliedupaccordingto how theirbound-
ing boxesoverlappedafinemesh,andanestimatedcostwascalcu-
latedfor eachoverlappedmeshcell. Then,usingthisdataasahint,
screenspacetiles wererecursively split alongtheir longestdimen-
sionsuntil thenumberof regionsequaledthenumberof processors
[24].

Onedifferencebetweenour split algorithmandpreviousonesis
thatit makesmoredirectuseof computedprimitivedistribution in-
formationto choosesplitting lines thatavoid overlapsandbalance
renderingloadamongtiles. Specifically, at thestartof every frame,
theclientcomputesascreen-space,axis-alignedboundingboxcon-
tainingthe2D projectionof every 3D scenegraphleafnodeon the
screen.It thenconstructsasingletile coveringtheentirescreenand
builds two lists with pointersto 2D boundingbox verticessorted
accordingtheirX andY coordinates.For eachsubdivisionof theX
dimension(subdividing Y is thesame),we usea sweepline algo-
rithm to choosea locationfor thesplitting line (seeFigure4). The
sweeplinestartsattheleft sideof thetile andmovesright iteratively
consideringvertex locationsstoredin the sortedlist. As it moves
incrementally, estimatedcostsof renderingall primitivesoverlap-
ping the left andright halfspaces( �M>@?ON ; and ��P �RQ4ST; ) areupdated.
Initially, � >@?BN ; is zero,and � P �UQ4SV; is equalto thecostof rendering
all primitiveoverlappingthetile. As thesweepline is movedto the
right, �M>@?ON ; grows monotonically(whenever the left sideof a box
is reached),and ��P �RQVSV; shrinksmonotonically(whenever theright
sideof aboxis passed),andthey eventuallycross.At thispoint,we
constructa splitting line thatsubdividesthetile. This procedureis
executedrecursively

� "WK timesto constructexactly
�

tiles.

Left = 4 Right = 7

Split Position

Cost

Cleft Cright

Optimal

Figure4: KD-Split Optimization.

Anotherdifferencein our algorithmis thattheKD splitsaread-
justedwith an optimizationalgorithm after the initial setof tiles
hasbeenconstructed.We notethat the estimatedrenderingtimes
of tiles in theleft andright halfspacesof any line changemonoton-
ically astheline is movedin onedirection,andthecurverepresent-
ing the maximumof �M>@?BN ; and ��P �UQ4SV; hasexactly oneminimum
(seeFigure4). Basedon theseobservations,we iteratively move
the splitting line storedin the root of the KD treein the direction
thatbestbalancestheestimatedrenderingcostsof its left andright
subtrees.Every time the root split is adjusted,thesubtreesrooted
at its childrenareadjustedrecursively in thesameway. This opti-



mizationprocedureterminateswhenthe root canmake no further
moves� to reducethemaximumestimatedrenderingtimeof any tile
in its left andright subtrees.Theresultis a KD treewith thesame
topologyas the initial one,but with splits resultingin the global
minimumof themaximumrenderingtimeof any server.

Unfortunately, therearehardwareconstraintsthatcomplicateap-
plicationof theKD split algorithmin our prototypesystem.First,
theserverscanrenderOpenGLcommandsonly to windows thatfit
on one projectorscreen. Thus, if the KD split algorithmcreates
a tile larger thanonescreen,it mustbe split into asmany asfour
tileswhoselongestdimensionsfit within oneprojector. Second,our
currentalgorithmdoesnot incorporatepenaltiesfor largepixel re-
distribution. Addingpixel write costscausestheobjective function
to becomenon-monotonic,andthusfinding a globalminimumfor
themaximumframetimeof all serversis difficult. Wearecurrently
investigatingheuristicoptimizationmethodsthat take into account
pixel redistributioncostswithin this framework.

6 Experimental Results

The algorithmsdescribedin the previous sectionshave beenim-
plementedin C on PCsrunningWindows NT/98 andincorporated
into our prototypesystem.In this section,we reportdatacollected
during a seriesof testsrun on the system.The goalsof theseex-
perimentswereto investigatethealgorithmictrade-offs of different
partitioningstrategies, to identify potentialperformanceissuesin
theprototypesystem,andto assessthefeasibilityof constructinga
sort-firstparallelrenderingsystemwith aclusterof PCs.

In eachtest,we loggedstatisticswhile renderinga sequenceof
framesin an interactive visualizationprogramwhile viewing the
testmodelsshown in Figure11. Every modelwasrepresentedas
a scenegraphin which multiple polygonsweregroupedat theleaf
nodesandtreatedasatomicentitiesby thepartitioningalgorithms.
In all cases,renderingwas“geometry-bound.” For eachmodel,the
cameratraveledalongapresetpathwhichstarted“zoomedin” such
thatthemodelfilled thefull screenat thebeginningof thepath,and
it gradually“zoomedout” until themodelwassmallenoughto fit
on a singleprojector(one-eighthof the screen)at the endof the
path.

Table1 containscomparisonsof timing statisticsmeasureddur-
ing testswith differentpartitioningalgorithmsandtestmodels(av-
eragedover all framesof the camerapath in eachtest). The first
two columnsindicatethe nameof partition methodand the grid
granularity(expressedas numberof buckets acrossthe screenin
the X andY dimensions),respectively. The next column(labeled
‘Client Time’) showsthetotal timespentin theclient for construct-
ing andassigningtiles. The next columnlists the ‘RenderTime,’
requiredto rendereachmodelwith ahypotheticalsystemexecuting
with no overheadsexactly eight timesfasterthana singlePC.The
next column(labeled‘Ovlp Time’) shows theoverheaddueto re-
dundantrenderingof scenegraphnodesoverlappingmultiple tiles
(Avg RenderTime - RenderTime). The columnlabeled‘Imbal-
anceTime’ shows thetime serversspentwaiting for thelastserver
to finishrenderingeachframe(Max RenderingTime- Avg Render-
ing Time). Thenext column(‘Pixel Time’) showstheoverheaddue
to pixel redistribution, includingreadingpixels,writing them,and
transmittingthem. Finally, the rightmostcolumn,labeled‘Frame
Time,’ lists theoverall time requiredto completeeachframeaver-
agedoverall camerasin eachtest.

More detailedstatisticsare provided in Figures5-10. In par-
ticular, Figures5, 7, and 9 show times collectedfor eachframe
during testswith the HORSEmodel (all othersare similar). In
theseplots,thehorizontalaxisrepresentsdifferentcameralocations
alongthetestpath,while theverticalaxisshows averagesof times
measuredin theeightservers. Themeaningsof thecoloredbands
matchcolumns4-7 of Table1. Specifically, thelowestband(gray)

STATIC ALGORITHM
Test Grid Client Render Ovlp Imbal Pixel Frame

Model Buckets Time Time Time Time Time Time
HORSE 1x1 3 21 2 84 0 114
MOL 1x1 5 31 2 85 0 134

ASTRO 1x1 9 88 9 355 0 452
BLDG 1x1 13 181 -8 426 0 670

GRID ALGORITHM
Test Grid Client Render Ovlp Imbal Pixel Frame

Model Buckets Time Time Time Time Time Time
HORSE 2x2 4 21 5 56 6 120

4x3 4 21 9 31 6 83
8x6 5 51 20 10 6 68

16x12 12 21 53 6 8 106
32x24 76 21 149 7 18 249

MOL 2x2 5 31 7 50 8 122
4x3 6 31 14 31 7 95
8x6 8 31 33 8 6 88

16x12 17 31 83 5 9 146
32x24 103 31 230 9 19 337

ASTRO 2x2 9 88 18 291 5 421
4x3 11 88 37 105 5 243
8x6 13 88 83 64 4 246

16x12 27 88 209 16 7 335
32x24 103 88 574 25 16 750

BLDG 2x2 13 181 1 169 11 405
4x3 14 181 15 83 9 308
8x6 16 181 52 37 7 286

16x12 27 181 138 31 8 375
32x24 122 181 368 51 15 654

UNION ALGORITHM
Test Grid Client Render Ovlp Imbal Pixel Frame

Model Buckets Time Time Time Time Time Time
HORSE 2x2 9 21 4 59 4 118

4x3 11 21 8 34 5 89
8x6 26 21 14 12 4 64

16x12 215 21 18 22 3 234
32x24 3169 21 14 51 1 3220

MOL 2x2 12 31 7 51 7 128
4x3 14 31 11 33 6 95
8x6 30 31 19 12 4 74

16x12 223 31 27 16 3 246
32x24 3191 31 21 52 2 3246

ASTRO 2x2 17 88 17 301 4 430
4x3 19 88 32 122 3 255
8x6 34 88 49 75 2 221

16x12 234 88 82 18 3 234
32x24 3245 88 91 73 2 3245

BLDG 2x2 24 181 0 173 10 405
4x3 27 181 8 80 8 299
8x6 45 181 24 28 6 247

16x12 251 181 45 27 5 301
32x24 - - - - - -

KD-SPLIT ALGORITHM
Test Grid Client Render Ovlp Imbal Pixel Frame

Model Buckets Time Time Time Time Time Time
HORSE - 19 21 6 3 15 62
MOL - 31 31 11 2 15 79

ASTRO - 20 88 36 14 6 152
BLDG - 95 181 9 16 16 236

Table1: Timing statistics(in milliseconds).



showsthe‘RenderTime’; thesecondband(brown) showstheaver-
age‘Ovlp Time’ in eachframe;thethird band(yellow) shows the
‘ImbalanceTime’ in eachframe;and,thetopband(blue)showsthe
time spenton otheroverheads,primarily ‘Pixel Time.’ Theoverall
frametime is indicatedby thecurve acrossthe top of all bandsin
eachplot.

6.1 Static Projector-Based Partition Results

In our first experiment,we measuredthe performanceof the sys-
temwith a simplestaticscreen-spacepartition in which a PCwas
dedicatedone-to-onefor eachprojector. This approach,which we
call STATIC, formsthebasisfor mostcommercialmulti-projector
displaysystems.It alsosetsa base-linefor comparisonof perfor-
mancewith our bucket-basedalgorithms,astheSTATIC algorithm
is equivalentto theGRID 1x1 algorithm,in which onegrid bucket
is allocatedperprojector.

Scanningtheimbalancetime statisticsfor all modelsin thetop-
mostsectionof Table1 (labeledSTATIC) andfor thehorsemodel
in the plot of Figure5, it is easyto seethe how imbalancedthe
renderingsystemis with a projector-alignedstaticpartitioningap-
proach.In this test,thecamerastartsat a viewpoint for which the
3D modelfills theentirescreen(theearlyframesof theplot in Fig-
ure5), andit slowly “zoomsout” until themodelcoversonly one
projectorat the endof the sequence.As the 3D modelbecomes
smallerandspansfewerprojectors,the‘ImbalanceTime’ increases
asmoreof therenderingloadis handledby fewer servers.Thisef-
fect is indicatedby the largeyellow region in Figure5. Finally, at
theendof thepath,almostexactly7/8thsof thesystem’s resources
wereidle andthe‘FrameTime’ exceeded160ms.
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Figure5: Frametimes(in milliseconds)measuredduringtestswith
theHORSEmodelusingSTATIC projector-alignedtiles.

6.2 Grid Bucket Assignment Results

In our secondexperiment,we investigatedthe performanceof the
systemwith partitionsbasedon the GRID bucket assignmental-
gorithm describedin Section5.1. The secondsectionin Table1
containsresultsof testswith different3D modelsandbucket sizes,
while detailedtiming plotscapturedduring testswith theHORSE
modelappearfor differentbucket sizesin Figures6 and7(a-c).

Theresultsof this experimentindicatethat it is very difficult to
choosean appropriatebucket sizein a sort-firstrenderingsystem,
evenif bucketsareassignedto processorsdynamically. On theone
hand,if thebucket sizeis sufficiently small(e.g.,16x12covereach
projector),overlapfactorsarevery large,andtheoverheadsof re-
dundantrenderingdominatethe frametime (e.g., the brown area
in Figure7(c)). On the otherhand,if the bucketsaremadelarge
enoughto avoid undueoverlaps(4x3), thentherenderingtasksare
very largeandit becomesdifficult to assignthemevenlyamongthe
servers, leadingto load imbalancesindicatedby high server ‘Im-
balanceTimes’ (e.g.,thelargeyellow areain Figure7(a)).
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Figure6: Plotsof theframetimes(in milliseconds)achievedduring
testswith theHORSEmodelusingdifferentGRID bucket sizes.

This resultfor a sort-firstsystemis interestingwhencompared
with recentresultsreportedby Chenet al. in their studyof theef-
fect of overlapfactorson renderingtimesin a sort-middlebucket
renderingsystem[4]. Basedon analyticalmodelsandexperimen-
tal evaluations,they concludedthat the processingoverheaddue
to overlapsis generallylessthanthe raw overlapfactor in a sort-
middlesystem,sinceprimitivesmuchsmallerthanthebucket size
tendto overlaponly onebucket, andprimitivesmuchlarger than
thebucket sizetendto berasterizationbound.However, in our ex-
perience,this resultdoesnot apply to sort-firstsystems,in which
groupsof primitivesareconsideredatomicallyfor overlapcompu-
tations. In this case,if any primitive in a groupoverlapsa tile, all
primitivesin thegroupmustbeprocessedwhenrenderingthetile.
As a result,in a sort-firstsystem,the effective overlapfactorsare
usuallymuchhigherthanin sort-middle,andit is possible(com-
mon)for objectsto bebothlargeandgeometry-bound.

6.3 Grid Bucket Union Results

In ourthird experiment,weinvestigatedtheperformanceof thegrid
bucket union algorithm (UNION) describedin Section5.2. The
resultsappearin the third sectionof Table1 andin Figures8 and
7(d-f).
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Figure8: Plotsof theframetimes(in milliseconds)achievedduring
testswith theHORSEmodelusingdifferentUNION bucket sizes.

We find the differencesbetweenthe GRID and UNION algo-
rithms to be very interestingfor small andmediumbucket sizes.
First, thecomputetime in theclientcanbeabottleneckif thereare
too many candidategrid bucketson eachserver (16x12). Yet, the
UNION algorithmsignificantlyreducesmeasuredoverlapsascom-
paredto theGRID algorithm.Thereductionis almostwholly dueto
avoiding redundantrenderingfor multiple bucketsassignedto the
samelocal server. It is especiallynoticeablein caseswherethe3D
modelappearsvery largeon thescreenandscenegraphleaf nodes
arevery largecomparedto thebucket size. For instance,compare
thebrown bandsrepresenting‘OverlapTime’ in theearlyframesof
theplotsfor GRID 16x12andUNION 16x12in Figure7(c,f).
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Figure7: Timing statistics(in milliseconds)measuredduringtestswith theHORSEmodelusingdifferentbucket sizes.

Unfortunately, the way in which the UNION algorithmavoids
overlapsinducesa new problem,which is indicatedby the large
‘ImbalanceTimes”(yellow area)in theearlyframesof theUNION
16x12 plot in Figure 7(f). The imbalanceoccursbecausethe
UNION algorithm can only avoid renderinga scenegraphnode
if all the tiles it overlapsareassignedremotely. Or, similarly, it is
easierfor the algorithmto distribute the load in situationswhere
mostscenegraphnodesgenerallylie wholly insidebuckets. In the
situationdepictedon the left sideof Figure7(f), the scenegraph
nodesappearlargebecausethecamerais zoomedin, andthebuck-
etsarerelatively small. Consequently, few scenegraphnodesare
found thatcanbeassignedremotelywith positive benefit,andthe
assignmentalgorithmhastroublebalancingthe load. We arecur-
rently investigatingalgorithmsthat grow large tiles from adjacent
bucketsbasedonexpectedfuturebenefits.Moreexperimentationis
requiredto understandthetrade-offs of thisnew approach.

6.4 KD-Split Results

In our fourth experiment,we investigatedthe performanceof the
KD split algorithm(KD-SPLIT) describedin Section5.3. There-
sultsappearin thebottomsectionof Table1 andin Figure9.

0

20

40

60

80

100

120

140

160

180

1 21 41 61 81

Frames

T
im

e

Pixel Overhead Time

Imbalance Time

Overlap Time

Render Time

Figure9: Frametimes(in milliseconds)measuredduringtestswith
theHORSEmodelusingKD-SPLIT partitions.

TheKD split optimizationalgorithmclearlyachievesvery uni-
form renderingtimes,with low overlapfactors,andwith few server
imbalances(e.g.,theyellow areais thin andflat in Figure9). More-
over, thesefeaturesarerobustoverawide-varietyof 3Dmodelsizes
(both the left andright sidesof the renderingtime curve areflat),
which differentiatesthe KD split algorithm from the other ones
which arenegatively impactedfor either large or small 3D mod-
elsby theirchoiceof bucket size.

On the otherhand,the pixel redistribution timesare larger for
the KD split algorithmthanthe others(indicatedby the large the
blue areain Figure9). As mentionedin Section5.3, our current
algorithmdoesnot incorporatepenaltiesdueto constructionof tiles
coveringmany projectorsand/orcausinglargepixel redistribution
costs.Instead,it only focuseson balancingtherenderingload. We
expectthatit will bepossibleto augmenttheKD-SPLIT algorithm
in future work to constructslightly more than

�
tiles which can

be balancedand incur lessoverheads,or to incorporatepixel re-
distributioncostsinto theoptimization.In any case,we expectthe
KD-SPLIT algorithmto performwell in systemswith lessresolu-
tion and/orlower imagecompositionoverheads.

6.5 Comparison of Frame Times

Table2 shows a comparisonof theaverageframetimesmeasured
in testswith eachof thepartitioningalgorithms(with thebestob-
served bucket sizes). The rightmostcolumn,labeled‘Efficiency,’
providestheratio of theaveragemeasuredframetime in eachtest
ascomparedto an“ideal rendertime” definedasthetime required
by asinglePCdividedby eight.

It is impossibleto declarethatany oneof ourthreepartitionalgo-
rithmsis superiorto theothers.Examiningtheplot of overall frame
timesin Figure10, we seethat the KD-SPLIT algorithmachieves
thefastestframetimesin situationswhenthe3D modelis zoomed
in (theright sideof eachplot). Yet,others,suchastheUNION al-
gorithm,dobetterwhenthe3Dmodelcoversmany pixels.Perhaps,
in futurework, it will bepossibleto combinethesetwo approaches
into a hybrid top-down andbottom-upapproachin which KD tree
tiles areiteratively split andmergedduringanoptimizationproce-



Test Part FrameTime
Model Method Min Avg Max Efficiency

HORSE STATIC 81 108 171 0.19
GRID 8x6 46 68 100 0.31

UNION 8x6 47 63 82 0.33
KD-SPLIT 40 64 117 0.33

SGIIR 68 81 91 -
MOL STATIC 68 122 236 0.25

GRID 8x6 60 90 146 0.34
UNION 8x6 62 74 91 0.42
KD-SPLIT 56 80 134 0.39

SGIIR 150 153 155 -
ASTRO STATIC 222 452 707 0.20

GRID 8x6 153 246 285 0.36
UNION 8x6 148 221 318 0.40
KD-SPLIT 128 152 184 0.58

SGIIR 206 208 236 -
BLDG STATIC 239 591 1458 0.31

GRID 8x6 242 288 347 0.63
UNION 8x6 182 244 352 0.74
KD-SPLIT 205 237 266 0.76

SGIIR 176 285 403 -

Table2: Frametimestatistics(in milliseconds).

dure.

Interestingly, we seethat the STATIC algorithm performsthe
bestin theearlyframesof thetestwith theMOL model(theleft side
of Figure10(b)).Thisoccursany timethe3Dmodelcoversall eight
projectorregionsalmostequally. Due to the physicalconstraints
imposedby oursystem,it is hardto imagineanalgorithmthatcould
do betterin this case.Yet, we areableto develop algorithmsthat
do not performmuchworsethanSTATIC whentheloadis already
balanced,andachieve significantspeedupswhenit is not.

0

50

100

150

200

250

300

1 21 41 61 81

Frames

F
ra

m
e 

T
im

e

Union 8x6

Grid 8x6

Static

KD-Split

(a)MOL

0

100

200

300

400

500

600

700

800

1 21 41 61 81

Frames

F
ra

m
e 

T
im

e

Union 8x6

Grid 8x6

Static

KD-Split

(b) ASTRO

Figure10: Overall frametimesmeasuredwith the(a)MOL and(b)
ASTRO modelsduringtestswith differentpartitionalgorithms.

Anotherinterestingresultis shown by comparisonof oursystem
to a single,moreexpensive, high-endgraphicsworkstation.To in-
vestigatethisquestion,weexecutedourtestsonanSGIOnyx2 with
4 195MHz processorsand one InfiniteReality2graphicspipeline
(theonly modificationto our testapplicationwasto draw thescene
graphlocally in a 1024x560window on its screen). Comparing
theframetime statisticsmeasuredduringthesetests(rows labeled
‘SGI IR2’ in Table10) with onesdiscussedpreviously, we seethat
our prototypedisplaywall systemcomparesfavorably with a far
moreexpensive andmoretightly-coupledcommercialparallelren-
deringsystem.Therangeof polygonrenderingratesmeasuredwith
oursystemwas700K– 1.2M polygonspersecond,ascomparedto
600K – 900K with the SGI IR2 (display list mode, independent
tris andquads,RGB, smoothshaded,two infinite lights, z-buffer).
Moreover, thedifferencein screenresolutionis a factorof ten. We
concludethatbuildingaparallelrenderingsystemcomprisinganet-
work of commodityPCsis anattractive alternative (at leastin our
limited experiments),andit warrantsfurtherattention.

7 Discussion

Our investigationof PC-basedparallel renderingsystemsis very
preliminaryat this point. In particular, we have madeseveralsim-
plifying assumptionsto aidimplementationandanalysisof ourpro-
totypesystem.

First, our systemis integratedinto a retained-modegraphics
packageand utilizes scenegraphdatastructuresto sort graphics
primitivesandto predictrenderingtimes.It isunclearwhetherthese
taskscanbeperformedeffectively in animmediate-modegraphics
system. In particular, transforming,projecting,and sorting indi-
vidual primitivesinto partitioningdatastructuresin real-timeis a
significantchallenge.

Second,wehaveonlydevelopedalgorithmsandexecutedexperi-
mentsfor situationsin whichrenderingis geometry-bound.Clearly,
rasterization-boundscenesareimportant.In thesesituations,thera-
tiosof fill rateto pixel I/O rateswill determinetheminimumdepth
complexity for which remoterenderingis useful,andit seemsbest
to searchfor tiles thatbalancedepthcomplexity ratherthanprimi-
tive overlaps.Furtherwork is requiredto developsuchalgorithms
and to quantify the impact of higher overlapsin sort-firston the
relative loadsof geometryandrasterizationprocessing.

Third, our implementationis basedon the notion that we can
predict processingtimes for several operations(e.g., renderinga
groupof primitives, readinga block of pixels, etc.). Our current
predictionmethodsarevery simple,basedon estimatesof the la-
tency andthroughputof eachoperation,andthusthey areaccurate
only in “controlled” situations(e.g.,renderingtime predictionsare
usuallywithin 10% when the systemis purely geometry-bound).
However, it is not clear how practical it will be to extend these
simplepredictionmethodsto moregeneralcasescontainingvar-
ied work loads. We notethat accuratepredictionsaremorelikely
with sort-firstthansort-middlebecausethesystemcanutilize pre-
computeddatastructures,frame-to-framecoherence,andaverag-
ing over groupsof primitives. Nonetheless,we are investigating
dynamicschedulingalgorithmsthatusea work queueapproachto
assigntiles to remoteserversdynamicallyasothersarerendered.
A difficulty with this approachin our systemis sequencingthetile
renderingandpixel redistribution operationsso thata server must
notwrite overpixelsto beprojectedlocally in orderto rendera tile
for a remoteframebuffer.

Therearemany extensionsthatcanbemadeto our currentsys-
tem. Sometopics for future work includepartitioning the scene
graphandclient processingamongtheservers,investigatingbetter
assignmentand schedulingalgorithms,developing bottom-upal-
gorithms,andexperimentingwith differentclassesof tile arrange-
ments(e.g.,BSP, irregularmesh,etc.). We planto investigatesev-
eral alternative systemdesigns. For instance,object-basedparti-
tionsbasedontiledsort-lastseeminteresting.In thiscase,thescene
graphis partitionedinto objectswhich arerenderedinto separate
tiles,andoverlappingtiles arecompositedwith depthcomparisons
to form thefinal image. This approach[34] avoidsoverheadsdue
to overlaps,aseachprimitive is renderedexactly once. But, it in-
cursextra pixel read,transmit,andwrite overheads.For instance,
with our currenthardware,readingthez-buffer into memorytakes
around5 timeslongerthanreadingthecolorbuffer, andtheseover-
headsmake implementationof ahigh-performancesort-lastsystem
almostimpossible.Hardwareandsoftwareenhancementsthat im-
prove pixel transferperformancewould greatlyincreasethespace
of practicalparallelrenderingsystemdesigns.



8 Conclusion

In thispaper, wehave investigatedresearchissuesin constructinga
low-costparallelrenderingsystemusinganetwork of PCsto drive
a multi-projectordisplay. Our initial study is a first steptowards
understandinghow to usethecoarse-grained,sort-firstapproachto
build aparallelrenderingsystemfor aPCclusterarchitecture.

We have developedandexperimentedwith several sort-firstal-
gorithmsto balancethe renderingload acrossa network of PCs.
Our findingsare: 1) all of the proposedalgorithmsdo betterthan
no load balancing,2) the GRID algorithmworks reasonablywell
but it is sensitive to bucket sizes.The impactof overlapfactorsis
important,which is differentfrom the result recentlyreportedfor
sort-middle,3) theUNION algorithmcanavoid theimpactof over-
lapingfactors,attheexpenseof amorecostlypartitioncomputation
andpoorimbalanceswhenfew scenegraphnodesfit wholly inside
buckets,and4) theKD-SPLIT algorithmleadsto theleastoverlaps
in our tests,but it requiressignificantpixel redistributionwhenthe
tilesarelargeandirregularlyshaped.

With the last two loadbalancingalgorithms,we have beenable
to achieve modestefficienciesin our experiments(30-70%). The
result is a prototypesystemthat is ableto leveragethe aggregate
performanceof multiplePCgraphicsacceleratorsto deliverperfor-
mancecomparableto high-endgraphicsmachines,at a fractionof
thecost.
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(c) HORSE: Tesselatedcurvedsurface.
(730nodes,48,688polygons)

digram.ps

(d) MOL: Moleculewith spheresandcylinders.
(1,118nodes,89,900polygons)

astro.ps

(a) ASTRO: Hydrogendensityiso-surface.
(569nodes,164,922polygons)

csb5f.ps

(b) BLDG: Architecturalmodelwith furniture.
(2,981nodes,265,032polygons)

Figure11: Testmodels.


