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Abstract

Multi-projector systemsare increasinglybeing usedto provide
large-scaleand high-resolutiondisplaysfor next-generatiorinter-
active 3D graphicsapplicationsjncluding large-scaledatavisual-
ization,immersve virtual environments,andcollaboratve design.
Thesesystemsnustincludea very high-performancandscalable
3Drenderingsubsystenm orderto generatdigh-resolutionmages
atrealtime framerates.This paperdescribes sort-firstbasedbar
allel renderingsystenfor ascalablelisplaywall systenbuilt with a
network of PCs,graphicsacceleratorsgndportableprojectors The
main challengeis to develop scalablealgorithmsto partition and
assignrenderingaskseffectively underthe performancendfunc-
tionality constrainof systemareanetworks, PCs,andcommodity
3-D graphicsacceleratorsWe have developedthreecoarse-grained
partitioningalgorithmsandincorporatedheminto a working pro-
totype system. This paperdescribeghesealgorithmsandreports
ourinitial experimentatesultsaimedatinvestigatinghefeasibility
of constructinga sort-firstrenderingsystermusinga network of PCs
andevaluatingalgorithmictrade-ofs andperformancebottlenecks
within sucha system.Our resultsindicatethatthe coarse-grained
characteristicef the sort-firstarchitecturearewell suitedfor con-
structinga parallelrenderingsystenrunningona PC cluster
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lel renderingloadbalancing.

1 Introduction

Multi-projector computerdisplaysare increasinglyimportantfor
applicationssuchas collaboratve computeraideddesignandin-
teractive scientificand medicalvisualization. The high resolution
of theimageg(severalmillion pixels)enablesisualizationof very
detaileddatasets(e.g.,astrophysicsimulations).The large phys-
ical size of eachdisplay surface (a room-sizedwall) allows users
to interactwith renderedobjectsat their naturalsizes,which can
becritical to perceptiorandevaluationof 3D models(e.g.,for au-
tomotive CAD). The spacein front of the displaysupportsnatural
collaborationsamongmultiple peoplesimultaneouslyiewing and
discussingisualdata(e.g.,for medicaltreatmenplanning)anden-
ablesimmersve visualizationapplicationsn which the entirefield
of view for eachuseris coveredwith computergeneratedmagery

A multi-projectordisplaymustincludea very high-performance
3D renderingsystemto supportinteractve andimmersve visual-
ization applications. It will be increasinglycommonto find me-
chanicalCAD, medicalimaging,andscientificvisualizationappli-
cationsthatprocesS88D modelswith millions of polygonsto beren-
deredover several million pixels at thirty framesper second. As
moreprojectorsareaddedo the systemmorepixelsareavailable,
andmorecomple 3D scenesanbeviewed,requiringhigherpixel
fill andpolygonrenderingates.

The state-of-the-arapproaclis to usea high-endgraphicsma-
chinewith multiple tightly-coupledgraphicspipelines. The Paver
Wall atthe Universityof MinnesotaandtheInfinite Wall attheUni-
versity of lllinois at Chicagoare examples,eachdrivenby an SGI
Onyx2 with multiple InfiniteRealitygraphicspipelines. The main

dravbackof this approachs thatthatthe renderingsystemis very
expensve, oftencostingmillions of dollars.

In the ScalableDisplay Wall projectat PrincetonUniversity, we
take a differentapproach.Ratherthanrelying upona tightly inte-
gratedgraphicssubsystemye combinemultiple commoditygraph-
ics acceleratocardsin PCsconnectedy a network to constructa
parallelrenderingsystemcapableof driving a multi-projectordis-
playwith scalableenderingperformancendresolution.Themain
themeof this approachis that inexpensve and high-performance
systemsanbe built usinga multiplicity of commodityparts. The
performanceof PCsandtheir graphicsacceleratorfiave beenim-
proving atanastoundingateoverthelastfew years andtheirprice-
to-performanceatiosfar exceedthoseof traditionalhigh-endren-
dering systems. Someinexpensve PC graphicsacceleratorgan
alreadydeliver performancecloseto an SGI InfiniteReality while
costinganorderof-magnituddess. Our goalis to leveragethe ag-
gregateperformancef multiple networked PCsto construct flex-
ible and high resolutionparallel renderingsystemcomparabldn
performanceo highly specializeddisplay systemsat a fraction of
thecost.

The architectureof our prototypesystemis shavn in Figure1.
OneclientPCandP senerPCswith fastgraphicsacceleratocards
areconnectedy a systemareanetwork. The framebuffer of each
sener drivesoneprojectorwhoseimageis combinedwith the oth-
ersin atiled grid patternto form aseamlespictureonalarge-scale
rearprojectionscreen.As comparedo traditionalparallelrender
ing systemsthis architecturéhasseveraluniquecharacteristicthat
presenpotentialadvantagegndnew researcithallenges.
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Figurel: ScalableDisplayWall Architecture.

First, we usea systemareanetwork for communicatioramong
processorsAs comparedo hardwareor sharednemorymultipro-
cessorsthe adwantagesof networked clustersare modularity and
flexibility. Sincethe processor®f our systemcommunicateonly
by network protocols,they may be addedand remaoved from the
systenmeasily thesystemmaybecomprisedf heterogeneousom-



puters,and specificrenderingprocessorgan be accessedlirectly

by remotecomputersattachedo the network. However, system
areanetworksusuallyhave afractionof theperformancef internal

communicatiorchannelsThe challengeof clustercomputingis to

develop low-overheadcommunicatiormechanism@ndto choose
a coarse-grainegartitioning schemeghat scalewithin the band-
width andlateng limitationsof the network.

Second,we use commodity hardware componentsand access
them only via standardAPIs. The adwantageis that the system
is lessexpensve, moreflexible, andtrackstechnologybetterthan
systemsawith customhardware and software sincewe canreplace
componentdrequentlyas fasterversionsbecomeavailable. The
disadwantages that our designspaces constrained We canonly
take advantageof featuresavailableon commoditygraphicsaccel-
eratorsandexposedhroughstandardAPIs (e.g.,Windowns NT and
OpenGLor D3D), andthusdirectdataaccessandtamgetedperfor
mancetuningis usuallyimpossible As anexample,geometrypro-
cessingandrasterizations usuallytightly coupledwithin a graph-
ics acceleratgrandstandardAPlIs, suchasOpenGL,give no high-
performanceaccesgso intermediaterenderingresults. As a result,
it is impracticalfor usemplagy a sort-middlerenderingapproachn
which graphicsprimitivesarerepartitionedafterhardwaretransfor
mationsandbeforerasterizationThechallengés to developeffec-
tive parallelrenderingalgorithmsthat send3D graphicsprimitives
to the commoditygraphicscardsand readpixels from the frame
buffer only via standardAPls.

Finally, thedisplayis composedaf multiple imagescorrespond-
ing to projectorsattachedo framebuffers of differentsener PCs.
This characteristiprovidesa naturalimage-parallelecomposition
of the renderingcomputation. Eachsener PC drives only a sin-
gle graphicsacceleratqrputting lessperformanceand bandwidth
pressuren eachCPU andmemorysystemshantraditionalmulti-
projectorsystemsOnthe otherhand,pixelsrenderecbn onecom-
puter but projectedonto the screenby another mustbe sentover
anetwork andloadedinto the appropriatdramebuffer for display
eachframe. The challengeis to find coarse-grainedcreenspace
partitionsthatbalanceheloadamongall thegraphicsaccelerators,
while minimizingtheoverheadf redistrituting theresultingpixels
amongthe framebuffers.

In this paper we investigateresearchissuesin usinga cluster
of PCsto constructa high-performanceenderingsystemdriving a
multi-projectordisplay Our prototypesystemis basedon a sort-
first architectureén which the entirescreens partitionedinto a set
of “tiles” to berenderedn differentPCs. Within this framework,
themainresearctthallengesreto find a goodpartitionof screen-
spacentotiles,to assigrthetilesto PCssothattheloadis balanced,
andto scheduleenderingof thetilesto achiere theminimumframe
times. We have implementedseveral algorithmsto addresshese
challengesandincorporatedtheminto a working prototype. We
reportthe resultsof initial experimentsaimedat investigatingthe
feasibility of constructinga sort-firstrenderingsystemusinga net-
work of PCsandevaluatingalgorithmictrade-ofs andperformance
bottleneckwithin sucha system.

2 Background and Related Work

Thereare a numberof academiagroupsand commercialcompa-
niesworking on multi-projectordisplaysystems$asedn high-end
workstations.Examplesystemsnclude SGI's RealityCenterHP’s
Visualize Center the Paver Wall at the University of Minnesota,
the Infinite Wall, andthe Cave [9] at the University of lllinois at
Chicago the Office of the Futureat UNC [28, 29], the Information
Mural at Stanford,andour ScalableDisplayWall at Princeton Re-
seachon thesesystemshasaddressedhary importantchallenges,
includingautomatigorojectorcallibration,seamlesgrojection,un-
encumberediserinteraction,and nev contentcreation. Our re-

searchocusis on constructinga high-performancearallelrender
ing systemwith anetwork of PCs.

Parallel renderingsystemsare often classifiedaccordingto the
stagein which primitive partitioning is done — sort-first, sort-
middle, or sort-last[7, 22]. Most arebasedon a sort-middlear
chitecturejn which processingf graphicsprimitivesis partitioned
equallyamonggeometryprocessorswhile processingf pixelsis
partitionedamongrasterizationprocessorsaccordingto overlaps
with screen-spactles. This approachis bestsuitedfor tightly-
coupledsystemshatuseafast,globalinterconnectiomo sendprim-
itivesbetweergeometryandrasterizatiorprocessorbasednover
lapswith simple and statictilings, suchas a regular, rectangular
grid. Forinstancejn SGI's Infinite Reality Engine[23], a Vertex
Busis usedto broadcasscreenspacevertex informationto each
fragmentgeneratodriving 80 imageenginesallocatedto vertical
strips of pixels. In UNC'’s PixelPlanesb, a global work queueis
usedto distribute primitives sortedinto tiles to rasterizationpro-
cessord12]. In additionto the constraintsof commoditygraph-
ics acceleratorsliscussecdearlier the communicatiordemandsof
sort-middlearetoo largefor a systemsuchasoursin which geom-
etry andrasterizatiorprocessorsireconnectednly by a network.
Moreover, they follow the superlineagrowth of the overlapfactor
(thenumberof tiles overlappedy eachgraphicsprimitive) asmore
rasterizatiortiles areaddedo supporthigherresolutions.

Recently sort-lastsystemshave beenbuilt thatrendermultiple
images,eachcontaininga portion of the graphicsprimitives, and
thencompositehesemageswith depthinto a singleimagefor dis-
play [21, 11, 31, 36]. This approachavoids global connectiity
of geometryandrasterizatiorprocessorsHowever, it providesno
strict primitive orderingsemanticsandit incurslateny assubim-
agesmustbe compositecbeforedisplay Moreover, it requiresan
imagecompositiometwork with very high bandwidthandprocess-
ing capabilitiesto supporttransmissiorand compositionof depth
images.Thesebandwidthsfar exceedthe capabilitiesof commod-
ity networksfor high-resolutionmulti-projectordisplays.

In a sort-firstsystem[22], screen-spacis partitionedinto non-
overlapping2D tiles, eachof which is renderedndependentlyy a
tightly-coupledpair of geometryandrasterizatiorprocessorsand
the subimagedor all 2D tiles arecompositedwithout depthcom-
parisons}o form thefinal image. The main advantageof sort-first
is that its communicationrequirementsare relatively small, and
they scalewell with increasinghumbersof processorsUnlike sort-
middle, sort-firstmustsendprimitives betweenprocessorsnly if
they migratebetweertiles [25]. The disadantagesarethatgeom-
etry processingnustbe performedredundantlyfor all tiles over
lappedby each3D primitive,andextraprocessing3D-to-2Dtrans-
formations)mustbe performedto computeoverlapsbetween3D
graphicsprimitivesand2D tiles beforerenderingeachframe. As a
result,sort-firstis bestsuitedfor usewith retained-moderaphics
systemsn which overlap decisionscan be madefor hierarchical
groupsof spatiallyco-locatedorimitives.

This paperbuilds upona long history of prior work on screen-
spacespacepartitioningmethodgor parallelrendering6, 38]. At
the highestlevel, approachegan be classifiedbasedon whether
the decompositiorof screen-spacato tiles is static[18, 26, 10,
23, 8] or whetherthe tile boundariesare determineddynamically
accordingto the distribution of graphicsprimitives on the screen
[37, 32, 34, 24]. If therearemoretiles thanprocessorsthentiles
canbe assignedo processoreitherstaticallyor dynamically So
far, tile shapedave beenbasedn scanlines[15], horizontalstrips
[18, 37, 5], vertical strips[37], andrectangulaareaq18, 34, 32,
39, 8, 4]. Most systemdlefineseveraltimesmoretiles thanthere
areprocessorsothattherenderingoadcanbebalancedYet, this
approacheadsto inefficienciesdueto high primitive-tile overlap
factorsandthelossof spatialcoherencecrosdile boundarieg8].

Several studieshave investigatedhe impactof primitive over-



lapsin tiled renderingsystems.Molnar proposedan equationfor
modelingthe overlap factor for 2D boundingboxes on 2D rect-
angulartiles [20]. His analyticalmodelhasbeencorroboratedy
experimentakvidence[8, 22], andit hasbeenusedasthe basisfor
subsequengtudieg4, 8]. Cox andBhandariinvestigatedherela-
tionshipsbetweentile (bucket) sizesand overlap factorsincurred
in a bucket renderingsystemusingstatic, grid-alignedrectangular
tiles[8]. Althoughthey consideralternatve tile arrangementshey
do not examinethe extentto which they mayreduceoverlap.

Dynamic decompositiorapproachesan be divided into three
types.Top-downapproachef37, 24] startfrom the screen-spacas
awholeanddivide it recursvely into tiles basedn estimatedvork-
loads.Bottom-upapproachestartfrom alargenumberof predeter
minedtilesandcombinetheminto largertilesthatarethenassigned
to processors.For example,a quadtreerepresentatiof screen-
spacemaybeusedandtheleavesmeigedto constructilesbasedn
estimatedoads.Optimizatiorapproachef39] begin with someini-
tial decompositiomndassignmente.g.astaticoneor theonefrom
thepreviousframe)andadjustit to balanceheworkloadby cutting
out andreassigningsmallertiles from existing partitionsto meet
someload balancingcriterion. We will examineapproachefrom
the threetypesthat have beenconsideredso far (Static, Dynamic
Top-davn and Dynamic Optimization), using knovn approaches
anddevelopingnew ones.

Relatively little work hasbeendoneon interactve polygonren-
dering using a clusterof networked PCs[17, 33]. The primary
problemhasbeenthat the lateny and bandwidthsof typical net-
works hasnot beenadequatdor fine-grainedparallelrenderingal-
gorithms. Accordingly prior distributed renderingsystemshave
mostly focusedon inter-frameparallelism[17], renderingseparate
framesof an image sequenceon separatecomputersin parallel,
ratherthanon intra-frameparallelismwhichis requiredto achieve
scalablespeedup areal-timesystemutilizing mary processors.
Networks of workstationshave beenusedsuccessfullyfor parallel
graphicsalgorithmswith coarsegranularity suchasvolumeren-
dering[19, 16], radiosity [30, 14], andbatchrenderingof image
sequencefl?, 27]. We arenot awareof ary prior systemthathas
achieved scalableintra-framepolygonrenderingspeedupsia dy-
namicscreen-spacgartitionsusinga clusterof PCs.

3 Overview of Approach

In multi-projectorsystemsthe most commonapproachto paral-
lel renderingis to dedicateone graphicsprocessoto eachprojec-
tor and sort graphicsprimitives amongthe processorsaccording
to their overlapswith projectionregions. Unfortunately this sim-
ple stratgy achieves poor performancef graphicsprimitivesare
not uniformly distributed over all processorsuchasin the case
whenthe detailsof anobjectcoversonly oneor two projectorson
the screen.Theimbalanceoften causethe majority of systemre-
sourcego go unusedandit generallypecomesvorseasmorepro-
jectorsandprocessorareaddedo the system.

Our approachis to use a sort-first architecturein which the
renderingcomputationis partitionedinto coarse-grainetasksre-
quiring relatively little interprocesscommunicatiorusing*“virtual
tiles;’ non-orerlappingpixel regionsof the screemot necessarily
correspondingne-to-onevith projectionregions(“physicaltiles”).
Renderingall the pixels of asinglevirtual tile is the atomictaskin
our parallelrenderingsystem,andthusrenderinga virtual tile re-
quiresprocessingll graphicsprimitivespotentiallyoverlappingit.
In principle,we allow virtual tiles (or just “tiles”) to beary sizeor
shapejncludingnon-rectilinearconcae, or evendisjoint regions,
aslong aseachpixel on the screermapsto exactly onetile. Since
tiles do not overlap, pixels of imagesrenderedndependentiyfor
separatdiles canbe combinedwithout depthcomparisonso con-
structimagedor projectiononthewall. Pixelsof atile renderedn

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

The sort-first approachprovides a coarse-grainedhigh-level
decompositionof the renderingcomputation[24]. Unlike sort-
middle systemswhich musteitherbroadcasbr independentlysort
mary low-level rasterizationprimitives amongthe screen-space
tiles during every frame, our sort-first systemis able to partition
the scenebasedon high-level 3D primitives, possiblytaking ad-
vantageof frame-to-framecoherenceprecomputeavork load dis-
tribution statistics,sophisticatedenderingtime prediction mod-
els, scenegraphhierarchiesand/orotherapplication-specificlata
structures.Consequentlyit is possibleto predictrenderingtimes
effectively andto considerirregulartile arrangementanddynamic
senerassignmentgotentiallyachievzing lower overlapfactorsand
betterload balanceghanusingthe rectangulagrid-alignedtilings
commonlyemplo/edin sort-middlesystems.

In orderto reducethe communicatiorrequirementamongpro-
cessorspur systemreplicatesthe 3D sceneon every PC. Unlike
sort-middleapproachesvheregraphicsprimitives are sentto ras-
terizationprocessorsluring sorting, this designrequiresno trans-
missionof graphicsprimitivesandthusrequiredittle inter-process
communicationUnlike sort-lastor SGI's MonsterModewhereall
renderegixels aresentto the framebuffer, this approacttransfers
only thosepixels renderedfor remoteprocessorssincethe final
imageremainsdistributedacrossmary projectorsor PCs.Theim-
ageappearonly via optical blendingasthe projectorscomposite
the contentsof all the framebuffersinto a single,seamlesimage.
Althoughthere-distritution of pixelsrenderednremotenodese-
quire communicationwith clever screen-spacpartitioning algo-
rithms,thesecasesanbe keptwell within the bandwidthlimits of
systemareanetworks(e.g.,100MBytes/sn our case).

4 System Organization

We have built a prototypesort-firstparallelrenderingsystemon the
scalabledisplaywall systemconstructedt Princeton.The current
displaywall systemuseseightProxima9200LCD polysiliconpro-
jectorsarrangedn a 4 by 2 fashionto projecta seamlessmage
usinga blendingprocesson an 18’ by 8.5’ rearprojectionscreen.
Theresolutionof eachprojectoris 1,024by 768sothedisplaywall
systemdelivers4096by 1536 (or 6 million) pixelsperframe. The
systemusesa network of eight450MhzXeonPentiumll PCswith
Integraph3410T 3-D graphicsacceleratordo drive theseprojec-
tors. The parallelrenderingsystemusesthe eight PCsasrender
ing senersandanother300Mhz Pentiumll PC without a graph-
ics acceleratoras the client machineto do sort-first processing.
Eachsener currentlycanrenderapproximately\300K independent
quads/secondndfill approximatelyO0M texturedpixels/second.
All ninePCsareconnectedy a Myrinet systemareanetwork (see
Figure 1) usingthe VMMC-2 communicatiorfirmware and soft-
ware developedby Princetons SHRIMP project[3]. The com-
municationmechanisncan deliver 13 us one-vay end-to-enda-
tengy and 100MB/sbandwidthsimultaneoushbetweeneachpair
of nodes.

Executionof the systemproceedsisshavn in Figure2. At the
start, the client andall the senersreadthe same3D scenegraph
from afile on disk andstoreit entirelyin memory Then,during
eachframe of an interactie visualizationsession the client ex-
ecutesthe following stepsasthe usermoves a simulatedcamera
throughthe 3D scene.lt first usesocclusionculling anddetail eli-
sionalgorithmsto computea potentiallyvisible set(PVS)of scene
graphnodesto be drawvn in the currentframe[13]. It thendecom-
posesscreen-spacato non-overlappingtiles, sortsthe nodesof
the PVS accordingto their tile overlaps,and assignseachtile to
asener. Next, it sendsa sequence®f rendertile messgesto the



seners, eachcontaining: 1) the simulatedcameraparameters2)
the2D extentof thetile, 3) alist of IDs representinghePVSnodes
potentiallyoverlappingthetile, and4) anoptionallist of pixel re-
distribution commandgif partsof thetile do notresidewithin the
regionof thescreercoveredby theprojectorattachedo thesener).

Client Server A

Scheduling

Pixel Redist

Render Tile Pixel
Messages Redistribution
Messages

Pixel Redist

Server B

Figure2: Flow chartof client-serer execution.

Whenasenerreceivesarendertile messge, it setstheOpenGL
cameraand viewport regionsto matchthe informationsentin the
messageandit renderghe nodesof the PVS indicatedby the list
of IDs in the messagaising standardOpenGLcommandgo up-
datethe “back” buffer of a doublebufferedvideo memory After
all primitives overlappingthe tile have beenrenderedthe sener
mayreadtheresultingpixelsfrom theframebuffer backinto mem-
ory (using glReadPigls) and sendthemin a pixel redistritution
messge to every sener whoseprojectionregion overlapsthetile.
Whena sener recevesa pixel redistritution messge, it loadsthe
renderegixelsinto theappropriatdocationof its framebuffer (us-
ing glDrawPixels).

Finally, at the endof eachframe,the client exchangesynchro-
nized“end of frame” messagewith eachsener sothatall sener
PCsswap bufferswithin afew tensof microsecondsf eachother

5 Load Balancing Algorithms

Themainresearclthallengen implementingour prototypesystem
is to developalgorithmsthatdecomposscreen-spacdeto tilesand
assignthemto PCssoasto achieve thefastestrameratespossible.
An effective partitionmustbalancemultiple conflictinggoals:

e Minimize Overheads: The partition shouldminimize over
headglueto pixel redistritution (whenatile is renderecbn a
remotesener), redundantendering(whena groupof primi-
tivesis geometryboundandoverlapsmorethanonetile), and
basic“per bucket” processing.Thesefactorsfavor construc-
tion of largetiles andassignmentto “local” seners.

e Balance Assignments: Thetiles shouldbe constructedand
assignedo senerssothattheloadis balanced.In our case,
the tiles cannotbe too few, or too large, and too “chunky,”
or elsebalancedassignmentbecomeifficult. Thesefactors
favor constructiorof mary smalltiles of varyingsizesor con-
structionof exactly P tileswith equalwork loads.

e Partition Quickly: Thepartitionmustbe simpleenoughthat
it canbecomputedn real-timefor eachframe,andthesystem
mustbeableto sortall 3D scenggraphnodesamongthetiles
duringeachframetime.

Of coursefinding anoptimal partitionto meetall thesegoalsis
intractable andthuswe focuson developinggoodheuristicmeth-
ods. To simplify our investigation,we consideronly geometry-
boundmodelsstoredin a scenegraphdatastructure. In this con-
text, we have developedthreescreen-spageartitioningalgorithms,
two of which arebasedon balancedassignmenof pixels grouped
in grid buckets (GRID andUNION), andonewhich is basedon a
combinatiorof recursve splitting andgreedyoptimization.

5.1 Grid Bucket Assignment Algorithm

Ouirfirst partitioningalgorithm,GRID, focusen balanceassign-
mentof grid-alignedtilesto sener PCs.In thisalgorithm,thebasic
unit of work is renderingall the primitivesoverlappinga singlegrid
tile (or “bucket”). Everytile is renderedndependentlysothe al-
gorithm canassigneachoneto ary sener in orderto balancethe
load. This approachs similar in spirit to work-queuealgorithms
(asin [12]). Theonly differencesarethatassignmentsre madea
priori basedon predictedrenderingtimes, and pixel redistritution
overheadsreincurredif abucketis assignedo aremotesener.
Ourassignmenstrateyy is motivatedby “first-fit decreasingal-
gorithms. At the startof every frame,the client constructsa setof
tiles correspondingo rectangularegionsof aregulargrid. It then
estimatesherenderingcostfor eachscenggraphnodeusingprimi-
tive distribution statisticsstoredin thescengyraph,andit computes
the 2D axis-alignedboundingbox containingthe projectionof ev-
ery 3D scenggraphleafnodeonthescreenlt sortsthesceneggraph
nodesamongthetiles accordingo their 2D boundingbox overlaps,
forming an estimateof the cumulatve time requiredto rendereach
tile. Initially, everytile is assignedo its “local” sener (i.e.,theone
whoseprojectionregion containsit), and an estimatedwork load
(L) iscomputedor eachsener S;. Next, for everytile T; initially
assignedo S;, theclientdetermineshelocal benefit B; ;) andthe
remotecost(C; ;) of renderingthetile on anothersener, Sy:

B;,j = RenderTime; ; — SendT'ime; ; — WriteTime; ;
Ci,k = RenderTime; j, + RcvTime; ; + Readlime; i

whereSendI'ime; ; and Rcvl'ime;, ; represenhetworking over-
heads.and ReadT'ime; , and WriteTime; i represenpixel re-
distribution overheads.

Theclientproceed®dy iteratively findingthemostloadedsener,
Smost, andit triesto reduceestimatedvork loadof S,..s: by send-
ing onetile to the leastloadedsener, Si..s:. It considerstiles
of Smost IN descendingrder of estimatedbenefitand assigngo
Sieast thefirst onethat reduceghe maximumof the two seners’
estimatedvorkloads(i.e.,if Bi most +Ci icast < Lmost — Licast)-
The algorithmterminatesvhenthe mostloadedsener hasno re-
mainingtiles with positive benefitthatcanbe assignedemotelyin
thisway.

After all tiles have beenassignedthe client generates render
tile messge for everytile andsendst to thesenerto whichthetile
hasbeenassignedThe sequencef messages orderedsuchthat
theonesrepresentingiles assignedo remotesenersaresentfirst.
In thisway, tiles canberenderedy remotesenerswithoutconcern
for writing over pixelsalreadyrenderedor its local tiles, andmost
pixel re-distribution messagesanbe generatecarly in the frame
cyclein orderto avoid potentialtemporaimbalances.

5.2 Grid Bucket Union Algorithm

Oursecondalgorithm,UNION, is aimedat reducingthe impactof
highoverlapspossiblewith smallbucketsin geometry-bounditua-
tions, while avoiding inefficienciesdueto imbalancedassignments
andlargepixel redistrilutions. Theideais to constructiles dynam-
ically basedon sener assignments.Specifically all grid buckets



mappingto the sameprojectorandassignedo the samesener are
uniomedinto a singletile. The overlap factor reductionsof this

bucket memging stratgy arepotentiallyquite significant,especially
for the mary bucketsassignedo their local seners. Ratherthan
renderingeachprimitive separatelyor eachof thesebuckets, they

canbe renderedonly once. Buckets renderedon remoteseners
arememgedinto tilesin a similar fashion.Intuitively, eachseneris

ableto cutoutsmall,contiguousucket-alignedregionsof its frame
buffer and off-load renderingof themto otherseners. So, over

headsdueto overlapsareincurredonly onceper sendefrecever
pair.

Theideabehindthisalgorithmis relatedto thedynamicschedul-
ing methodproposedy Whitman[39]. He startedwith asetof ini-
tial tiles and“stole” part of anothemprocessos work dynamically
whennoinitial tiles remain.The stealingwasachieved by splitting
the remainingtile region on the maximally loadedprocessointo
two vertical stripshaving the samenumberof scanlines However,
thedifferencedetweerour approachearesignificant,asour algo-
rithm executesn asort-firstsystemwith a priori assignmentmade
in a client, andwe usecommodityrasterizersvhich do not allow
controlover the orderin which scanlines getupdated.In general,
it is expensve for our sort-firstsystemto reassigrpartof atile af-
ter one sener hasalreadystartedrenderingit, ascolor and depth
bufferswould have to betransferred.

Assignmentn our UNION algorithmproceedsn thesamefash-
ion asthe GRID algorithmdescribedn the previous section. The
primary differenceis the mannerin which renderings performed,
andconsequentlyheway in which pixelsareredistritutedandben-
efitsandcostsarecomputed Whenasenerrendersatile, it dravs
all primitivesoverlappingary of its buckets,markingthemasthey
aredravn, andnever redravs aprimitive markedfor thetile. In this
manney pixels outsidethe bucketsrepresentinghetile maybe up-
dated but withoutharmif thesystems geometry-boundf atile is
assignedo aremotesener, the pixelsinsidethetile’s bucketsare
sentto theappropriatdocal senerin a seriesof pixel redistribution
commands.

Thesedifferencessignificantlychangethe benefitsand costsof
renderinga bucket remotelyas comparedo the GRID algorithm.
Most importantly previous assignmentsf bucketsto senersim-
pactthe benefitsand costsof currentones(i.e., RenderTime;,;
may not equal RenderTime; ). For instance,in the situation
shavn in Figure 3, the costof including bucket ‘A’ in a tile for
sener ‘2" is zero,sinceall primitivesoverlapping'A’ arealready
slatedto berenderedon sener ‘2,” while the costof assigninghe
samebucketto sener‘3’ is non-zero Similarly, theimmediateben-
efit of assigningoucket ‘B’ to ary remotesener is alsozero,since
all primitivesoverlappingit alsooverlapotherbucketsassignedo
thelocaltile. Generallyonly bucketswith primitiveswholly inside
themhave positive benefitunlesgheassignmenfindstwo neighbor
bucketsthatcumulatively enclosesomeprimitives.
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Figure3: Priorassignmentaffect costsandbenefits.

5.3 KD-Split Algorithm

Thelastalgorithm,KD-SPLIT, is motivatedby the obserationthat
constructingfewer tiles generallyleadsto lower overheadsiueto
overlapsand bucket processing.A plausiblestratey is to create
exactly P tiles with equalrenderingloadsso that exactly onetile
can be assignedo eachPC. In our algorithm, we startwith the
entirescreerin asingletile andrecursvely splitit with P — 1 axial
linesto form aKD treewith P regions[1].

This recursve partitioning stratgy is similar to onesusedpre-
viously for dynamictile construction. For instance, Whelande-
velopeda median-cummethodin which aftile initially coveringthe
entire screenwas partitionedrecursvely by a splitting line per
pendicularto its longestaxes so that the centroidsof its overlap-
ping graphicsprimitives were partitionedmost equally [37]. In
laterwork, Mueller developeda mesh-basethedian-cutmethodin
which primitiveswerefirst tallied up accordingo how theirbound-
ing boxesoverlapped fine mesh,andanestimatedostwascalcu-
latedfor eachoverlappedneshcell. Then,usingthis dataasa hint,
screerspacetiles wererecursvely split alongtheir longestdimen-
sionsuntil the numberof regionsequaledhenumberof processors
[24].

Onedifferencebetweerour split algorithmandprevious onesis
thatit makesmoredirectuseof computedorimitive distributionin-
formationto choosesplitting linesthatavoid overlapsandbalance
renderingoadamongtiles. Specifically atthe startof every frame,
theclientcomputes screen-spacexis-alignedoundingboxcon-
tainingthe 2D projectionof every 3D scenegraphleafnodeonthe
screenlt thenconstructsasingletile coveringtheentirescreerand
builds two lists with pointersto 2D boundingbox verticessorted
accordingheir X andY coordinatesFor eachsubdvision of the X
dimension(subdviding Y is the same)we usea sweepline algo-
rithm to choosea locationfor the splitting line (seeFigure4). The
sweepine startsattheleft sideof thetile andmovesrightiteratively
consideringvertex locationsstoredin the sortedlist. As it moves
incrementally estimatedcostsof renderingall primitivesoverlap-
ping the left andright halfspacegCi.s: andCyi4n:) areupdated.
Initially, Cic s is zero,andCrign¢ is equalto the costof rendering
all primitive overlappingthetile. As thesweepine is movedto the
right, Cic¢ grows monotonically(wheneer the left sideof a box
is reached)andC,.;4n¢ shrinksmonotonically(wheneer the right
sideof aboxis passed)andthey eventuallycross.At this point,we
constructa splitting line thatsubdvidesthetile. This procedurds
executedrecursvely P — 1 timesto constructexactly P tiles.
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Figure4: KD-Split Optimization.
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Anotherdifferencein our algorithmis thatthe KD splitsaread-
justedwith an optimizationalgorithm after the initial setof tiles
hasbeenconstructed.We note that the estimated-enderingtimes
of tilesin theleft andright halfspacesf ary line changemonoton-
ically astheline is movedin onedirection,andthecurve represent-
ing the maximumof Cjc¢ andCyi4n: hasexactly oneminimum
(seeFigure4). Basedon theseobsenrations,we iteratively move
the splitting line storedin the root of the KD treein the direction
thatbestbalanceshe estimatedenderingcostsof its left andright
subtrees Every time theroot split is adjustedthe subtreesooted
atits childrenareadjustedrecursvely in the sameway. This opti-



mizationprocedurgerminatesvhenthe root canmale no further
movesto reducethe maximumestimatedenderingime of ary tile
in its left andright subtreesTheresultis aKD treewith the same
topology asthe initial one, but with splits resultingin the global
minimumof themaximumrenderingime of ary sener.

Unfortunatelytherearehardwareconstraintshatcomplicateap-
plicationof the KD split algorithmin our prototypesystem.First,
thesenerscanrenderOpenGLcommand®nly to windows thatfit
on one projectorscreen. Thus, if the KD split algorithm creates
atile largerthanonescreen,jt mustbe split into asmary asfour
tileswhosdongestdimensiondit within oneprojector Secondpur
currentalgorithmdoesnot incorporatepenaltiesfor large pixel re-
distribution. Adding pixel write costscauseshe objectie function
to becomenon-monotonicandthusfinding a global minimumfor
themaximumframetime of all senersis difficult. We arecurrently
investigatingheuristicoptimizationmethodshattake into account
pixel redistrilution costswithin this framework.

6 Experimental Results

The algorithmsdescribedn the previous sectionshave beenim-
plementedn C on PCsrunningWindows NT/98 andincorporated
into our prototypesystem.In this section,we reportdatacollected
during a seriesof testsrun on the system. The goalsof theseex-
perimentsvereto investigatehealgorithmictrade-ofs of different
partitioning strateies, to identify potentialperformanceassuesin
the prototypesystemandto assesshefeasibility of constructinga
sort-firstparallelrenderingsystemwith a clusterof PCs.

In eachtest,we loggedstatisticswhile renderinga sequencef
framesin an interactie visualizationprogramwhile viewing the
testmodelsshawvn in Figure11l. Every modelwasrepresenteds
a scenggraphin which multiple polygonsweregroupedat the leaf
nodesandtreatedasatomicentitiesby the partitioningalgorithms.
In all casesrenderingvas“geometry-bound. For eachmodel,the
camerdraveledalonga presefpathwhich started’zoomedin” such
thatthemodelfilled thefull screeratthebeginningof thepath,and
it gradually“zoomedout” until the modelwassmallenoughto fit
on a single projector(one-eighthof the screen)at the end of the
path.

Tablel containscomparison®f timing statisticsmeasurediur
ing testswith differentpartitioningalgorithmsandtestmodels(av-
eragedover all framesof the camerapathin eachtest). The first
two columnsindicatethe nameof partition methodand the grid
granularity (expressedas numberof buckets acrossthe screenin
the X andY dimensions)respectiely. The next column (labeled
‘Client Time’) shavs thetotaltime spentin theclientfor construct-
ing andassigningiles. The next columnlists the ‘RenderTime,
requiredto rendereachmodelwith ahypotheticabystemexecuting
with no overheadsxactly eighttimesfasterthana singlePC.The
next column(labeled'Ovlp Time’) shavs the overheaddueto re-
dundantrenderingof scenegraphnodesoverlappingmultiple tiles
(Avg RenderTime - RenderTime). The columnlabeled‘imbal-
anceTime’ shavs thetime senersspentwaiting for the lastsener
tofinishrenderingeachframe(Max Renderinglime - Avg Render
ing Time). Thenext column(‘Pixel Time’) shavs theoverheaciue
to pixel redistribution, including readingpixels, writing them,and
transmittingthem. Finally, the rightmostcolumn,labeled‘Frame
Time, lists the overall time requiredto completeeachframeaver-
agedover all camerasn eachtest.

More detailedstatisticsare provided in Figures5-10. In par
ticular, Figures5, 7, and 9 shawv times collectedfor eachframe
during testswith the HORSE model (all othersare similar). In
theseplots,thehorizontalaxisrepresentdifferentcamerdocations
alongthetestpath,while the vertical axis shavs averagef times
measuredn the eightseners. The meaningof the coloredbands
matchcolumns4-7 of Tablel. 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

Tablel: Timing statisticgin milliseconds).




shavsthe‘RenderTime’; thesecondand(brown) shawvstheaver-
age‘Ovlp Time' in eachframe;thethird band(yellow) shavs the
‘ImbalanceTime’ in eachframe;and,thetopband(blue)shavsthe
time spenton otheroverheadsprimarily ‘Pixel Time! Theoverall
frametime is indicatedby the curve acrosshe top of all bandsin
eachplot.

6.1 Static Projector-Based Partition Results

In our first experiment,we measuredhe performanceof the sys-
temwith a simplestaticscreen-spacpartitionin which a PCwas
dedicatedbne-to-on€or eachprojector This approachwhich we
call STATIC, formsthe basisfor mostcommercialmulti-projector
displaysystems.It alsosetsa base-linefor comparisorof perfor
mancewith our bucket-basedlgorithms asthe STATIC algorithm
is equivalentto the GRID 1x1 algorithm,in which onegrid bucket
is allocatecperprojector

Scanningheimbalancetime statisticsfor all modelsin thetop-
mostsectionof Tablel (labeledSTATIC) andfor the horsemodel
in the plot of Figure5, it is easyto seethe hov imbalancedhe
renderingsystemis with a projectoralignedstaticpartitioningap-
proach.In this test,the camerastartsat a viewpoint for which the
3D modelfills theentirescreen(theearlyframesof theplotin Fig-
ure5), andit slowly “zoomsout” until the modelcoversonly one
projectorat the end of the sequence.As the 3D modelbecomes
smallerandspandewer projectorsthe ‘ImbalanceTime’ increases
asmoreof therenderindoadis handledby fewer seners. This ef-
fectis indicatedby the largeyellow regionin Figure5. Finally, at
theendof the path,almostexactly 7/8thsof the systems resources
wereidle andthe ‘FrameTime’ exceededl60ms.

160 -—|®Pixel Overhead Time
OlImbalance Time

B Overlap Time
ORender Time

140 +——

1 21 41 61 81

Frames

Figure5: Frametimes(in milliseconds)measurediuringtestswith
theHORSEmodelusingSTATIC projectoralignedtiles.

6.2 Grid Bucket Assignment Results

In our secondexperiment,we investigatedhe performanceof the
systemwith partitionsbasedon the GRID bucket assignmenal-
gorithm describedn Section5.1. The secondsectionin Table 1
containgresultsof testswith different3D modelsandbucket sizes,
while detailedtiming plots capturedduring testswith the HORSE
modelappearfor differentbucket sizesin Figurest and7(a-c).
The resultsof this experimentindicatethatit is very difficult to
choosean appropriatebucket sizein a sort-firstrenderingsystem,
evenif bucketsareassignedo processorslynamically Ontheone
hand.,if thebucketsizeis suficiently small(e.g.,16x12covereach
projector),overlapfactorsarevery large, andthe overheadf re-
dundantrenderingdominatethe frametime (e.g., the brown area
in Figure7(c)). On the otherhand,if the buckets are madelarge
enoughto avoid undueoverlaps(4x3), thentherenderingasksare
very largeandit becomedlifficult to assigrthemevenly amongthe
seners, leadingto load imbalancesndicatedby high sener ‘Im-
balanceTimes’ (e.g.,thelargeyellow areain Figure7(a)).
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Figure6: Plotsof theframetimes(in millisecondskchiezedduring
testswith the HORSEmodelusingdifferentGRID bucket sizes.

This resultfor a sort-firstsystemis interestingwhencompared
with recentresultsreportedby Chenetal. in their studyof the ef-
fect of overlapfactorson renderingtimesin a sort-middlebucket
renderingsystem[4]. Basedon analyticalmodelsandexperimen-
tal evaluations,they concludedthat the processingoverheaddue
to overlapsis generallylessthanthe raw overlapfactorin a sort-
middle system sinceprimitivesmuchsmallerthanthe bucket size
tendto overlap only one bucket, and primitives muchlarger than
the bucket sizetendto berasterizatiorbound.However, in our ex-
periencethis resultdoesnot apply to sort-firstsystemsjn which
groupsof primitivesareconsideredtomicallyfor overlapcompu-
tations. In this case,f ary primitive in a groupoverlapsatile, all
primitivesin the groupmustbe processedvhenrenderingthetile.
As aresult,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 experimentwe investigatedhe performancef thegrid
bucket union algorithm (UNION) describedin Section5.2. The
resultsappeatin the third sectionof Table1 andin Figures8 and
7(d-f).
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Figure8: Plotsof theframetimes(in millisecondskchieredduring
testswith the HORSEmodelusingdifferentUNION bucket sizes.

We find the differenceshetweenthe GRID and UNION algo-
rithms to be very interestingfor small and mediumbucket sizes.
First,the computetime in theclientcanbe abottleneckf thereare
too mary candidateayrid buckets on eachsener (16x12). Yet, the
UNION algorithmsignificantlyreducesneasure@verlapsascom-
paredto theGRID algorithm.Thereductionis almostwholly dueto
avoiding redundantenderingfor multiple bucketsassignedo the
samelocal sener. It is especiallynoticeablan casesvherethe 3D
modelappearwery large on the screerandscenegraphleaf nodes
arevery large comparedo the bucket size. For instancecompare
thebrown bandsepresentingOverlapTime’ in theearlyframesof
theplotsfor GRID 16x12andUNION 16x12in Figure7(c,f).
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Figure7: Timing statistic§in milliseconds)measurediuringtestswith the HORSEmodelusingdifferentbucket sizes.

Unfortunately the way in which the UNION algorithm avoids
overlapsinducesa new problem,which is indicatedby the large
‘ImbalanceTimes” (yellow area)in the earlyframesof the UNION
16x12 plot in Figure 7(f). The imbalanceoccurs becausethe
UNION algorithm can only avoid renderinga scenegraphnode
if all thetiles it overlapsareassignedemotely Or, similarly, it is
easierfor the algorithmto distribute the load in situationswhere
mostscenegraphnodesgenerallylie wholly insidebuckets. In the
situationdepictedon the left side of Figure 7(f), the scenegraph
nodesappeatargebecausehe cameras zoomedn, andthe buck-
etsarerelatively small. Consequentlyfew scenegraphnodesare
foundthat canbe assignedemotelywith positive benefit,andthe
assignmenalgorithmhastroublebalancingthe load. We are cur
rently investigatingalgorithmsthat grow large tiles from adjacent
bucketsbasedn expecteduture benefits More experimentations
requiredto understandhetrade-ofs of this newv approach.

6.4 KD-Split Results
In our fourth experiment,we investigatedhe performanceof the

KD split algorithm (KD-SPLIT) describedn Section5.3. There-
sultsappeaiin the bottomsectionof Tablel andin Figure9.
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Figure9: Frametimes(in milliseconds)measurediuringtestswith
theHORSEmodelusingKD-SPLIT partitions.

The KD split optimizationalgorithmclearly achieves very uni-
form renderingimes,with low overlapfactors,andwith few sener
imbalancege.g.,theyellow areais thin andflat in Figure9). More-
over, thesdeaturesarerobustoverawide-varietyof 3D modelsizes
(boththe left andright sidesof the renderingtime curwe areflat),
which differentiatesthe KD split algorithm from the other ones
which are negatively impactedfor eitherlarge or small 3D mod-
elsby their choiceof bucket size.

On the otherhand, the pixel redistritution times are larger for
the KD split algorithmthanthe others(indicatedby the large the
blue areain Figure9). As mentionedin Section5.3, our current
algorithmdoesnotincorporatepenaltieslueto constructiorof tiles
covering mary projectorsand/orcausinglarge pixel redistritution
costs.Insteadjt only focuseson balancinghe renderingoad. We
expectthatit will be possibleto augmenthe KD-SPLIT algorithm
in future work to constructslightly more than P tiles which can
be balancedand incur lessoverheadspr to incorporatepixel re-
distribution costsinto the optimization.In ary casewe expectthe
KD-SPLIT algorithmto performwell in systemswith lessresolu-
tion and/orlowerimagecompositionoverheads.

6.5 Comparison of Frame Times

Table2 shavs a comparisorof the averageframetimesmeasured
in testswith eachof the partitioningalgorithms(with the bestob-
sened bucket sizes). The rightmostcolumn, labeled‘Efficiengy,
providestheratio of the averagemeasuredrametime in eachtest
ascomparedo an“ideal rendertime” definedasthetime required
by asinglePCdividedby eight.

It isimpossibleo declarehatary oneof ourthreepartitionalgo-
rithmsis superiorto theothers.Examiningtheplot of overall frame
timesin Figure 10, we seethatthe KD-SPLIT algorithmachiezes
thefastesframetimesin situationswvhenthe 3D modelis zoomed
in (theright sideof eachplot). Yet, others,suchasthe UNION al-
gorithm,dobetterwhenthe 3D modelcoversmary pixels. Perhaps,
in futurework, it will be possibleto combinethesetwo approaches
into a hybrid top-davn andbottom-upapproachin which KD tree
tiles areiteratively split andmeigedduringan optimizationproce-



Test Part FrameTime
Model Method Min | Avg | Max Efficiengy

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: Frametime statistics(in milliseconds).

dure.

Interestingly we seethat the STATIC algorithm performsthe
bestin theearlyframesof thetestwith theMOL model(theleft side
of Figure10(b)). Thisoccursary timethe3D modelcoversall eight
projectorregions almostequally Due to the physicalconstraints
imposedoy oursystemit is hardto imagineanalgorithmthatcould
do betterin this case. Yet, we areableto develop algorithmsthat
do not performmuchworsethanSTATIC whentheloadis already
balancedandachieve significantspeedupsvhenit is not.

— Union 66
— Grid 846

Static

KD-Split

Frames

(a)MO (b) ASTRO
Figure10: Overallframetimesmeasureavith the(a) MOL and(b)
ASTRO modelsduringtestswith differentpartitionalgorithms.

Anotherinterestingresultis shavn by comparisorof our system
to a single,moreexpensve, high-endgraphicsworkstation.To in-
vestigatehisquestionwe executedburtestsonanSG1Onyx2 with
4 195MHz processorsand one InfiniteReality2 graphicspipeline
(theonly modificationto our testapplicationwasto drav thescene
graphlocally in a 1024x560window on its screen). Comparing
the frametime statisticsmeasurediuring thesetests(rows labeled
‘SGI IR2’ in Table10)with onesdiscussegreviously, we seethat
our prototypedisplaywall systemcomparedavorably with a far
moreexpensve andmoretightly-coupledcommerciabparallelren-
deringsystem.Therangeof polygonrenderingatesmeasuredvith
our systemwas700K — 1.2M polygonspersecondascomparedo
600K — 900K with the SGI IR2 (display list mode,independent
tris andquads RGB, smoothshadedtwo infinite lights, z-buffer).
Moreover, thedifferencein screerresolutionis afactorof ten. We
concludehatbuilding aparallelrenderingsystemcomprisinganet-
work of commodityPCsis an attractive alternatve (atleastin our
limited experiments)andit warrantsfurtherattention.

7 Discussion

Our investigationof PC-basedarallel renderingsystemss very
preliminaryat this point. In particular we have madeseveral sim-
plifying assumptionto aidimplementatiomndanalysisof our pro-
totypesystem.

First, our systemis integratedinto a retained-modegraphics
packageand utilizes scenegraphdatastructuresto sort graphics
primitivesandto predictrenderingimes.lt is uncleawhethertthese
taskscanbe performedeffectively in animmediate-modgraphics
system. In particular transforming,projecting, and sorting indi-
vidual primitivesinto partitioningdatastructuresn real-timeis a
significantchallenge.

Secondyve have only developedalgorithmsandexecutecdexperi-
mentsfor situationdn whichrenderings geometry-boundClearly,
rasterization-bounscenesreimportant.In thesesituationsthera-
tios of fill rateto pixel I/O rateswill determineghe minimumdepth
compleity for which remoterenderings useful,andit seemsest
to searclfor tiles thatbalancedepthcompleity ratherthanprimi-
tive overlaps. Furtherwork is requiredto develop suchalgorithms
andto quantify the impactof higheroverlapsin sort-firston the
relative loadsof geometryandrasterizatiorprocessing.

Third, our implementationis basedon the notion that we can
predict processingimes for several operations(e.g., renderinga
groupof primitives, readinga block of pixels, etc.). Our current
predictionmethodsare very simple,basedon estimatesf the la-
teng/ andthroughputbf eachoperationandthusthey areaccurate
only in “controlled” situationg(e.g.,renderingtime predictionsare
usually within 10% whenthe systemis purely geometry-bound).
However, it is not clear how practicalit will be to extend these
simple predictionmethodsto more generalcasescontainingvar
ied work loads. We notethat accuratepredictionsare morelikely
with sort-firstthansort-middlebecauséhe systemcanutilize pre-
computeddatastructures frame-to-framecoherenceand averag-
ing over groupsof primitives. Nonethelesswe are investigating
dynamicschedulingalgorithmsthat usea work queueapproacto
assigntiles to remotesenersdynamicallyas othersare rendered.
A difficulty with this approachn our systemis sequencinghetile
renderingand pixel redistrilution operationsso thata sener must
notwrite over pixelsto beprojectedocally in orderto renderatile
for aremoteframebuffer.

Therearemary extensionghatcanbe madeto our currentsys-
tem. Sometopicsfor future work include partitioning the scene
graphandclient processingamongthe seners,investigatingbetter
assignmentind schedulingalgorithms,developing bottom-upal-
gorithms,andexperimentingwith differentclassef tile arrange-
ments(e.g.,BSR irregularmesh,etc.). We planto investigateser-
eral alternatve systemdesigns. For instance,object-basegarti-
tionsbasedntiled sort-lastseeminteresting In thiscasethescene
graphis partitionedinto objectswhich are renderednto separate
tiles, andoverlappingtiles arecompositedvith depthcomparisons
to form the final image. This approact{34] avoids overheadslue
to overlaps,aseachprimitive is renderedexactly once. But, it in-
cursextra pixel read,transmit,andwrite overheads.For instance,
with our currenthardware,readingthe z-buffer into memorytakes
around5 timeslongerthanreadingthe color buffer, andtheseover-
headsmale implementatiorof a high-performancsort-lastsystem
almostimpossible.Hardware and software enhancementhatim-
prove pixel transferperformancevould greatlyincreasethe space
of practicalparallelrenderingsystendesigns.



8 Conclusion

In this paperwe have investigatedesearclissuesn constructinga
low-costparallelrenderingsystemusinga network of PCsto drive
a multi-projectordisplay Our initial studyis a first steptowards
understandingpow to usethe coarse-grainedsort-firstapproactto
build a parallelrenderingsystemfor a PC clusterarchitecture.

We have developedand experimentedwith several sort-firstal-
gorithmsto balancethe renderingload acrossa network of PCs.
Ourfindingsare: 1) all of the proposechlgorithmsdo betterthan
no load balancing,2) the GRID algorithmworks reasonablywell
but it is sensitve to bucket sizes. Theimpactof overlapfactorsis
important,which is differentfrom the resultrecentlyreportedfor
sort-middle 3) theUNION algorithmcanavoid theimpactof over
lapingfactors attheexpenseof amorecostlypartitioncomputation
andpoorimbalancesvhenfew scenegraphnodesdfit wholly inside
buckets,and4) the KD-SPLIT algorithmleadsto theleastoverlaps
in ourtests but it requiressignificantpixel redistritution whenthe
tiles arelarge andirregularly shaped.

With the lasttwo load balancingalgorithms,we have beenable
to achieve modestefficienciesin our experiments(30-70%). The
resultis a prototypesystemthatis ableto leveragethe aggr@ate
performancef multiple PCgraphicsacceleratorto deliver perfor
mancecomparabléo high-endgraphicsmachinesat a fraction of
thecost.
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