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Abstract

We investigatea new hybrid of sort-first and sort-lastapproach
for parallelpolygonrendering,using as a target platform a clus-
terof PCs.Unlike previousmethodshatstaticallypartitionthe 3D
modeland/orthe 2D image,our approactperformsdynamic view-
dependenandcoordinatedpartitioningof both the 3D modeland
the2D image.Usingaspecificalgorithmthatfollowsthisapproach,
we shaw thatit performsbetterthanpreviousapproacheandscales
betterwith bothprocessocountandscreenesolution.Overall, our
algorithmis ableto achieve interactve framerateswith efficiencies
of 55.0%to 70.5% during simulationsof a systemwith 64 PCs.
While it doeshave potentialdisadantagesn client-sideprocess-
ing andin dynamicdatamanagement—whichlso stemfrom its
dynamic,view-dependenhature—thes@roblemsarelikely to di-
minishwith technologyrendsin thefuture.

Keywords: Parallelrenderingclustercomputing.

1 Introduction

Theobjective of ourresearchis to investigatevhetherit is possible
to constructa fastandinexpensiveparallelrenderingsystemlever-
agingthe aggrgate performanceof multiple commoditygraphics
acceleratorsy PCsconnectedy a systemareanetwork. Themoti-
vationsfor this systemarchitecturearenumerous:

e Lower-cost: The price-to-performanceatio of commodity
graphicshardvarefar exceedghatof custom-designedigh-
endrenderingsystemsandsomeinexpensve PCgraphicsac-
celeratorscan alreadydeliver performancecompetitve with
an SGI InfiniteReality while costing orders-of-magnitude
less. A systemcomposednly of off-the-shelfcommodity
componentgproducedfor a massmarket costsfar lessthan
traditionalhigh-end custom-designerenderingsystems.

e Technologytracking: The performanceof PC graphicsac-
celeratorshave beenimproving at a ratefar beyond Moore's
law for the last several years,and their developmentcycles
arevery short(six months)ascomparedo custom-designed,
high-endhardware (oneyearor more). Accessinghardvare
component$PCgraphicsacceleratorsdnly throughstandard
software APIs (OpenGL)malkesit easyto replacethemon a

frequentbasisas fasterversionsbecomeavailable from any
hardwarevendor

e Modularity & flexibility: Networkedsystemsn whichcom-
puterscommunicatenly via network protocolsallow PCsto
be addedandremaoved from the systemeasily andthey can
even be heterogeneousNetwork protocolsalso allow spe-
cific renderingprocessorso be accessedlirectly by remote
computerattachedo the network, andthe processorsanbe
usedfor othercomputingpurposesvhennotin usefor high-
performancegraphics.

e Scalablecapacity: The aggrgate hardware compute,stor
age,and bandwidthcapacityof a PC clustergrows linearly
with increasingnumbersof PCs. SinceeachPC hasits own
CPU, memory andAGP bus driving a singlegraphicsaccel-
erator the scalability of a clusterbasedsystemis far better
than a tightly-integratedgraphicsarchitecturewhere multi-
ple graphicspipelinessharea bus, memoryand|/O subsys-
tem. Also, whenusinga cross-basystemareanetwork, such
asMyrinet [1], the aggr@atecommunicationdandwidthof
the systemscalesasmorePCsareaddeduo the cluster while
thepoint-to-pointbandwidthfor ary pair of PCsremainscon-
stant.

Themain challengds to develop efficient parallelrenderingal-
gorithmsthatscalewell within theprocessingstorageandcommu-
nicationcharacteristicef a PCcluster As comparedo traditional,
tightly-integratedparallel computersthe relevant limitations of a
PC clusterarethatthe processorgPCs)do not have fastaccesdo
a sharedvirtual addressspace,and the bandwidthsand latencies
of inter-processocommunicatioraresignificantlyinferior. More-
over, commodity graphicsacceleratorsisually do not allow effi-
cientaccesghroughstandardAPIs to intermediaterenderingdata
(e.g.fragments)andthusthedesignspaceof practicalparallelren-
deringstrateiesis severelylimited. Thechallengés to developal-
gorithmsthat partition the workload evenly amongPCs,minimize
extra work dueto parallelization,scaleas more PCsare addedto
thesystemandwork efficiently within the constraintof commod-
ity components.

Our approachis to partition the renderingcomputationrdynam-
ically into coarse-grainedasks requiring practical interprocess
communicatiorbandwidthsusing a hybrid sort-firstand sort-last
stratgy. Wetake advantageof thepoint-to-pointnatureof asystem
areanetwork, emplgying a peerto-peersort-lastschemeto com-
positeimagesfor tiles constructedvith a sort-firstscreendecom-
position. The mostimportantcontrikution of ourwork is the parti-
tioning algorithmthatwe useto simultaneouslylecompos¢he 2D
screerinto tilesandthe3D polygonalmodelinto groupsandassign
themto PCsto balancetheload andminimize overheadsThe key
ideais thatboth2D and3D partitionsarecreatedogetherdynami-
cally in aview-dependentontext for every frameof aninteractie
visualizationsessionAs aresult,ouralgorithmcancreatetiles and
groupssuchthattheregion of the screencoveredby ary groupof
3D polygonss closelycorrelatedvith the 2D tile of pixelsassigned



to thesamePC. In this case relatively little network bandwidthis
requiredto re-distritute pixels from PCsthat have renderedpoly-
gonsto the PCswhosetiles they overlap.

In this paper we describeour researchefforts aimedat using
a clusterof PCsto constructa high-performanceolygonrender
ing system We proposea hybrid sort-firstandsort-lastpartitioning
algorithmthat both balancesenderingload andrequirespractical
imagecompositiorbandwidthsfor typical screerresolutionsThis
algorithmis usedto drive a prototypesystemin which sener PCs
renderpartialimagesindependentlyandthencompositehemwith
peerto-peerpixel redistribution. We reportthe resultsof simula-
tionsaimedatinvestigatinghe scalabilityandfeasibility of this ap-
proachandevaluatingalgorithmictrade-ofs andperformanceéot-
tleneckswithin sucha system.

Thepaperis organizedasfollows. Thefollowing sectiornreviews
previouswork in parallelrenderingwhile Section3 discussego-
tential partitioning stratgies for our system. Section4 gives an
overview of ourapproachThedetailsof our hybrid loadbalancing
algorithm are describedin Section5 followed by a communica-
tion overheadanalysisin Section6. Section7 presentghe results
andanalysisof simulationswith our algorithmcomparedo previ-
oussort-firstandsort-lastmethods Section8 discusse$imitations
andpossibleextensionsof our approachwhile Section9 contains
abrief summaryandconclusion.

2 Previous Work

Previousparallelsystemsor polygonrenderingcanbeclassifiedn

mary ways: hardwarevs. software,sharednemoryvs. distributed
memory objectdecompositiovs. imagedecompositionSIMD vs.

MIMD, sort-firstvs. sort-middlevs. sort-lastor functionalvs. data
vs. temporalpartitioning. See[6, 7, 17, 32] for moreon parallel
renderingaxonomies.

Hardware-basedystemsmplo/ customintegratedcircuitswith
fast, dedicatedinterconnectiongo achieve high processingand
communicatiorbandwidthsEarly parallelrenderinghardwarewas
developedfor z-huffer scanconversion[9, 10, 24] andfor geometry
processingipelining[3, 4]. Most currentsystemsarebasedon a
sort-middlearchitecturandrely uponafast,globalinterconnection
to distributeprimitivesfrom geometryprocessorto rasterizersFor
instanceSGI'sInfiniteRealityEngine[18] usesafastVertex Busto
broadcasscreerspacevertex informationfrom semi-custonASIC
geometryprocessorso ASIC rasterizatiorprocessors.The main
dravbackof the hardwareapproachs thatthe special-purpospro-
cessorgandinterconnecti thesesystemsarecustom-designeand
thereforevery expensve, sometimegostingmillions of dollars.

Software-basedystemshave beenimplementedon massiely
parallel architectures such as Thinking Machines’ CM-5 [23],
BBN’s Butterfly TC2000[33], Intel's Touchstond®eltasystem8],
and SGI's Origin 2000[14, 30]. Unfortunately tightly-coupled,
scalableparallelcomputersare also expensve, andsincethey are
typically designear configuredor scientificcomputationgaindnot
for graphics,the price-to-performanceatio of pure software ren-
deringis notcompetitve with currentgraphicshardware.

Relatively little work hasbeendoneon interactie polygonren-
deringusinga clusterof networked PCs[13, 28, 29]. Traditionally
the lateny andbandwidthsof typical networks have not beenad-
equatefor fine-grainedparallelrenderingalgorithms.Rather most
prior clusterbasedpolygon renderingsystemshave utilized only
inter-frame parallelism[13, 25], renderingseparatdramesof an
imagesequenc®n separateomputersn parallel. Otherparallel
renderingalgorithms,suchasray tracing, radiosity [11, 26], and
volumetricrendering[12] have beenimplementedwith PC clus-
ters. However, they generallyhave not achieved fast, interactve
framerates(i.e., thirty framespersecond) We arenotawareof ary
prior systemthat hasachieved scalablespeedupwia intra-frame

dataparallelismwhile renderingpolygonalmodelswith a network
of workstations.

Lastyear Samantatal. [28] describeda sort-firstparallelren-
deringsystenrunningonaclusterof PCsdriving ahigh-resolution,
multi-projectordisplaywall. In thatpaperthe goalwasto balance
theload amonga fixed numberof PCs(eight) eachdriving a sepa-
rate projectorcorrespondingo partof a very large andhigh reso-
lution seamlesgmage.They focusedon sort-firstalgorithmsaimed
at avoiding large overheadgueto redistritution of big blocks of
pixels betweenmultiple PCsdriving full-screenprojectors. The
methoddescribedn this paperis similar in concept. But, it uses
asort-lasimagecompositionschemeo achieve scalablespeedups
for large clustersof PCsdriving a singledisplay

3 Choosing a Partitioning Strategy

Thefirst challengein implementinga parallelrenderingsystemis
to choosea partitioningstratey. Following the taxonomyof Mol-
naretal. [5, 17], we considersort-middle,sort-first,and sort-last
approaches.

In sort-middlesystemsprocessingf graphicsprimitivesis par
titioned equally amonggeometryprocessorswhile processingof
pixels is partitionedamongrasterizationprocessorsaccordingto
overlapswith screen-spacdiles. This approachis best suited
for tightly-coupledsystemghat usea fast, global interconnection
to sendprimitives betweengeometryandrasterizatiorprocessors
basedon overlapswith simple and statictilings, suchasa regu-
lar, rectangulagrid. Usinga sort-middleapproachwould be very
difficult in a clusterof-PCssystenfor two reasonsFirst,commod-
ity graphicsacceleratordonotgenerallyprovide high-performance
accesso theresultsof geometryprocessinghroughstandardAPls
(e.g.,"feedback”modein OpenGL).Secondnetwork communica-
tion performancaes currentlytoo slow for every primitive to bere-
distributedbetweerprocessorsndifferentPCsduringeveryframe.

In sort-first systems, screen-spacds partitioned into non-
overlapping2D tiles, eachof which is renderedndependentlyoy
atightly-coupledpair of geometryandrasterizatiorprocessorgi.e.
a PC graphicsacceleratqrin our case),andthe subimagedor all
2D tiles are compositedwithout depthcomparisonsjo form the
finalimage.Themainadwantageof sort-firstis thatits communica-
tion requirementsrerelatively small. Unlike sort-middle sort-first
can utilize retained-modescenegraphsto avoid mostdatatrans-
fer for graphicsprimitivesbetweenprocessorsas graphicsprimi-
tivescanbereplicatedand/orsentdynamicallybetweerprocessors
asthey migratebetweentiles [20]. The disadwantageis that ex-
tra work mustbe doneto transformgraphicsprimitives, compute
anappropriatescreerspacepartition,determinegrimitive-tile over
lapsfor eachframe,andrendergraphicsprimitivesredundantlyif
they overlapmultiple tiles. Most significantamongtheseis the ex-
trarenderingwork, which canbe characterizethy the overlapfac-
tor —theratio of thetotal renderingwork performedover theideal
renderingwvork requiredwithoutredundang Sinceoverlapfactors
grow linearlywith increasinghumbersof processorghescalability
of sort-firstsystemds limited. In our experiencethe efficiency of
sort-firstalgorithmg[19] dropsbelav 50%with 16 processorf27].

In sort-lastsystems,eachprocessorendersa separatémage
containinga portionof the graphicsprimitives,andthentheresult-
ing imagesarecompositedwith depthcomparisonsjnto a single
imagefor display The mainadwantageof sortlastis its scalability
Sinceeachgraphicsprimitiveis renderedy exactly oneprocessqr
theoverlapfactoris always1.0. Themaindisadantageof sort-last
is thatit usuallyrequiresanimagecompositionnetwork with very
highbandwidthandprocessingapabilitieto supporttransmission
and compositionof overlappingdepthimages. Also, the sort-last
approachusually provides no strict primitive orderingsemantics,



andit incurslateny assubimagesnustbe compositecheforedis-
play.

To summarizeno prior parallelrenderingalgorithmis bothscal-
ableandpracticalfor a PC cluster At oneextreme,sort-firstsys-
temsrequirerelatively litle communicatiorbandwidth. However,
they arenot scalableasoverlapfactorsgrow linearly with increas-
ing numbersf processorsOn the otherextreme,sort-lastsystems
arescalable.But, their bandwidthrequirementsxceedthe capa-
bilities of currentsystemareanetworks. The goal of our work is
to develop a parallelrenderingalgorithmwhich strikesa practical
balancebetweerthesetrade-ofs.

4 Overview of Our Approach

Our approachis to usea hybrid parallelrenderingalgorithmthat
combinedeaturesof both“sort-first” and“sort-last” stratgies. We
execute a view-dependentalgorithm that dynamically partitions
both the 2D screeninto tiles andthe 3D polygonsinto groupsin

orderto balanceherenderingoadamongthe PCsandto minimize
the bandwidthsrequiredfor compositingtiles with a peerto-peer
redistritution of pixels.

The key ideais to cluster3D polygonsinto groupsfor render
ing by eachsener dynamicallybasedon the overlapsof their pro-
jectedboundingvolumesin screernspace.The motivation for this
approachis bestdemonstrateavith an example. Considerthe ar
rangementf polygonsshavn in Figurel. If polygonsareassigned
randomlyto two groups asshavnin Figurel(a),theareaof overlap
betweertheboundingooxesof thetwo groupsis quitelarge(shavn
in hatchpattern).Ontheotherhand,f thepolygonsaregroupedac-
cordingto their screerspaceoverlaps,asshavn in Figurel(b),the
areaof intersectionbetweenthe groups’boundingboxesis much
smaller This differencehascritical implicationsfor the bandwidth
requiredfor imagecompositingn a sort-lastsystem.

7

(a) Randomgrouping. (b) Spatialgrouping.

Figurel: Polygongroupingsaffectimagecompositiorbandwidths.

Wehaveimplementedview-dependenbbject-partitiorstratgy
motivatedby examplessuchasthis one using a sort-first screen-
partition algorithmin a client PC controlling a parallelrendering
systemcomprisingN sener PCsandonedisplayPC. Specifically
for every frameof aninteractive visualizationsessionthe system
proceedsn athreephasepipeline,asshavn in Figure2.

e Phasel: In thefirst phasethe client executesa partitioning
algorithmthat simultaneouslhdecomposethe 3D polygonal
modelinto NV disjoint groups,assigningeachgroupto a dif-
ferentserverPC, and partitionsthe pixels of the 2D screen
into non-orerlappingtiles, alsoassigningeachtile to a differ-
entsener PC.

e Phase2: In the secondphase,every sener A rendersthe
group of the 3D primitivesit hasbeenassignednto its lo-
cal frame buffer. It thenreadsback from the frame buffer
into memorythe color anddepthvaluesof pixelsthatreside
within ary intersectiorof the groups projectedscreen-space

boundingbox anda tile assignedo anothersener B, andit
sendghemover the systemareanetwork to sener B. Mean-
while, afterevery sener B hascompletedrenderingits own
groupof polygonsijt recevespixelsrenderedy otherseners
from the network, andit compositesheminto its local frame
buffer with depthcomparisonsgo form a completeimagefor
its tile. Finally, eachsener readsback the color valuesof
pixelswithin its tile andsendghemto a displayPC.

e Phase3: In thethird phasethe display PC recevessubim-
agesfrom all seners, and compositeshem (without depth
comparisons}o form a final completeimagein its frame
buffer for display

cvoe [

Phase 1

Phase 2

Phase 3

Figure 2: Systemarchitecturewith client, sener and display
phases.

This systemarchitecturehastwo importantadvantages. First,
it usespeerto-peercommunicatiorto redistribute pixels between
seners,astratgy thatis very well-suitedfor point-to-pointsystem
areanetworks, whichareavailablefor clustersof PCs.Theresultis
lower latenciesandhighernetwork utilizationsthanothermoretra-
ditional sort-lastmethods.Secondthe aggrgatepixel bandwidth
receved by the displaymachineis minimal, asevery pixel is sent
to the display exactly oncefor eachimagein the third phaseof
the pipeline. This featureis importantfor our systembecauséhe
bandwidthof network communicatiorinto ary onePC s limited
(~100 MB/s), and sort-lastmethodsin which the display proces-
sorrecevespixelswith depthvaluesfor thewholescreenwould be
impracticalfor aninteractve system.

5 Hybrid Partitioning Algorithm

In orderto make our systemarchitectureviable,we mustdevelopa
partitioningalgorithmthat constructdiles of pixels andgroupsof
objectsand assignghemto senersfor eachframe. An effective
algorithmshouldachieve threegoals:

e |t shouldbalancehework loadamongthe seners.
e [t shouldminimizetheoverheadslueto pixel redistritution.

e [t shouldrunfastenoughsuchthattheclientis notthelimiting
pipelinestage.



Priorwork on dynamicscreen-spacgartitioninghasfocusedon
constructingartitionswith balancedenderindoads.Forinstance,
Whelandevelopeda median-cutmethodin which the screenwas
partitionedrecursiely into a numberof tiles exactly equalto the
numberof processor§3l]. For eachrecursve step,atile wassplit
by aline perpendiculato its longestaxissothatthe centroidsof its
overlappinggraphicsprimitiveswere partitionedmostequally In
laterwork, Mueller developeda mesh-basethedian-cutnethodin
which primitiveswerefirst tallied up accordingo how theirbound-
ing boxesoverlappeda fine mesh,andanestimatedostwascalcu-
latedfor eachoverlappedmeshcell [19]. Then,usingthis dataas
a hint, screerspacetiles wererecursvely split alongtheir longest
dimensionauntil the numberof regionsequaledhe numberof pro-
cessorsWhitmanuseda dynamicschedulingnethodin which he
startedwith a setof initial tiles and “stole” part of anotherpro-
cessors work dynamicallywhenno initial tiles remain[33]. The
stealingis achieved by splitting the remainingtile region on the
maximallyloadedprocessointo two verticalstripshaving thesame
numberof scanlines.

In contrastto this previouswork, we notonly try to balancethe
renderingload acrossthe partition, but we also aim to minimize
the screenspaceoverlapsof the subimagesenderedby different
seners.Our methodis arecursve binarypartitionusinga two-line
sweep.

Eachsinglepartition stepproceedsasfollows: We split the cur
rentregion alongthelongestaxis. Withoutlossof generalitylet us
assumehewidth is largerthanthe heightof theregion. Hence we
shall sweepvertical lines. We begin with two verticallines,oneat
eachside of the region to be partitioned. The vertical line on the
left will alwaysmove to theright, andthe oneon theright will al-
waysmove left (asshavn in Figure3(a)). The objectsassigneds
we move the left line will belongto the left group. Similarly, the
right line will assignobjectsfor theright group. At every step,the
algorithmmovesthe line associatedvith the groupwith the least
work in an attemptto maintaina goodload balance. The line is
moved until it passes currentlyunassigneabject. In our figure,
we move theline ontheleft until it completelypassesheleftmost
objecton the screen(which is unassignedincethe algorithmhas
justbegunexecuting).This objectis assignedo theleft group(see
Figure 3(b)). This procesds repeateduntil all objectshave been
assignedin which casethesweegdinesmayhave crossedandthere
is a narrav swath (labeledC in Figure 3(c)) wherethe bounding
boxes of the left andright groupsoverlap. This swathis a region
requiringcompositionof the two imagesrenderedor the objects
assignedo theleft andright groups.On averagethe swath's width
is the meanwidth of a boundingbox. The screerpartition contin-
uesrecursvely until exactly NV tilesandgroupsareformed,andone
is assignedo eachof the V seners.

(a) Beginning (b) 1 objectassignec (c) All objectsassigned

Figure3: Exampleexecutionof the hybrid partitionalgorithm.

This algorithmhasa runningtime compleity of O(M log M +
M N), whereM is thenumberof boundingboxesin thesceneand
N is the numberof seners. The M log M term arisesfrom the
stagethe M boundingboxes are sortedaccordingto their screen
position,andthe M N factorcomesfrom thefactthat NV — 1 cuts
aremade while O(M) boundingboxesareconsideredor eachcut.

6 Analysis of Communication Overheads

We analyzethe averagecasecommunicatiomrequirementsvith our
algorithmby makingthefollowing simplifying assumptions:

e All objectsareevenly distributed.

e All objectsaresquaref equalsize (in screenspace).The
edgeof thesquaras of length B.

e ThereareP total pixelson screerand N seners.

e Eachsener is assigned squaretile with areaP/N anddi-

mensionv'P/v/N.

Basedntheseassumptionsachtile will have aregion of width
B/2 aroundits perimeterwhich its sener will needto readback
from its framebuffer andsendto othersenersfor compositing(see
Figure4). Similarly, every senerwill receve pixelswithin approx-
imatelythe samesizedregionsfrom otherseners.
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Figure4: Pixel areado besentout.

The numberof pixels compositecby eachsener is the sumof
thefour cornersquaresandthefour rectangleslongthe perimeter
of thebox. Thefour cornersquaregachhave area:

B B

7 '3 1)

Theareaof eachrectangleonthefour sidesis :

B VP
2 VN

Summingthe areaof theseregions,we have:

@)

\BYP BB .
2N | 22

o,

23@ + B? (4)
VN
which representthe averagenumberof pixelstransferrecdoneway
from assinglesenerfor eachframe.

This pixel redistribution overheaccomparegavorably with pre-
vious sort-lastmethods. For instance,several volume rendering
systemsemplg/ static partitionswhich resultin an approximate
depthcompleity of /N, sincethe volumeis divided into /N
blocks along eachof its threeaxes[15, 21]. If we assumesach
seneris responsibldor atile covering P/N pixels,thetotal num-
berof pixelscompositedy eachseneris:

P
VN

(6)

V]



(a)Hand
(643 0bjects,654,666polygons)

(b) Dragon
(1,2570bjects 871,414polygons)

(c) Buddha
(1,4760bjects,1,087,716o0lygons)

Figure5: Testmodels.

We cannow comparehe overheadsn thetwo methodswith re-
spectto NV andP. IncreasingV reduceghesizeof thecompositing
areasy afactorof v/ N2 with the previous algorithms whereast
affectsour compositeregionsby a factorof v/N. Thisfactorfavors
previousalgorithms.

However, increasingP causesheoverhead®f imagecomposit-
ing to grow linearly usingprevious algorithms while they only in-
creasavith v/P usingour method.SinceP is generallyquitelarge
(e.g.,1280 960),thisis usuallythe dominantfactorin practice,
and thus our algorithm hassignificantly lower compositingover-
headshanpreviousschemes.

7 Results

We have implementedseveral parallelrenderingalgorithmsin C++
underWindows NT andincorporatedheminto a clusterbasedbar
allel renderingsystemfor interactive visualizationof 3D polygonal
modelsin a VRML browser Our prototypesystemis comprised
of a 550 Mhz Pentium-Ill client PC, eight 500 Mhz Pentium-III
sener PCswith 256 MB RAM andnVidia GeForce 256 graphics
acceleratorsanda 500 MHz Pentium-Ill display PC with an In-
tergraphWildcat graphicsaccelerator All ten PCsare connected
by a Myrinet systemareanetwork anduseVMMC-2 communica-
tion firmwareandsoftware[2]. This implementatiorallows usto
measurevariousarchitecturahndsystemparametergor studiesof
feasibility andscalability

In this section,we reportdatacollectedduring a seriesof simu-
lationsof our parallelrenderingsystem. The goalsof thesesimu-
lationsareto investigatehe algorithmictrade-ofs of differentpar
titioning stratgies, to identify potentialperformancdssuesn our
prototypesystemto analyzehescalabilityof our hybridalgorithm,
andto assesthefeasibility of constructinga parallelrenderingsys-
temwith a clusterof PCs.Unlessotherwisespecifiedthe parame-
tersof every simulationweresetasfollows (these'default” values
reflectthe measuregharametersf our prototypesystem):

Numberof seners(N) = 64PCs

Numberof pixels (P) = 1280x96(ixels

Network i/o latengy = 20 microseconds

Network bandwidth= 100 MB/second

Sener polygonthroughput= 750K polygons/second
Sener pixel fill throughput= 300 Mpixels/second
Sener color buffer i/o lateny = 50 microseconds
Sener color buffer readthroughput= 20 Mpixels/second

Sener color buffer write throughputs 10 Mpixels/second
Sener Z bufferi/o lateng = 50 microseconds

Sener Z buffer readthroughput= 20 Mpixels/second
Sener Z buffer write throughput= 10 Mpixels/second
Display color buffer write throughput= 20 Mpixels/second

During every simulation,we loggedstatisticsgeneratedy the
partitioning algorithms running on a 550 MHz Pentium-IIl PC
while renderinga repeatablesequencef framesin an interactve
visualizationprogram. Every testwas run for three 3D models
(shavn in Figure 5), eachof which was representedis a scene
graphin which multiple polygonswere groupedat the leaf nodes
and treatedas atomic objectsby the partitioning algorithms(the
numbersf polygonsandobjectsarelistedundertheimageof each
testmodelin Figure5). The objectswere formed by clustering
polygonswhosecentroidslie within the samecell of an octreeex-
pandedto a userspecifieddepth(usually 3-5 levelsin our cases).
In all threemodelstheinput polygonswererathersmall,asis typ-
ical for a high-performanceenderingsystem,andthusthe object
boundingboxescloselyresembledoxesof anoctree,andrender
ing was always “geometry-bound. It wasassumedhat the 3D
modelwasstaticandwasreplicatedn thememoryof every sener,
a currentlimitation of our systemthatwill bediscussedn Section
8. For eachmodel,the cameratraveledalonga presetpath of 50
framesthat rotatedat a fixed distancearoundthe model, looking
atit from a randomvariety of viewing directionswhile the model
approximatelycoveredthefull heightof thescreen.

Our simulationstudyaimsto answerthefollowing performance
guestionsaboutthe proposedybrid approach:

e |sit feasiblefor moderately-size®C clusters?

e Doesit scalewith increasingrumbersof processors?
e How doesit comparewith a sort-firstalgorithm?

e How doesit comparewith a sort-lastalgorithm?

e Whatis theimpactof increasinglisplayresolution?
e Whatis theimpactof varyingobjectgranularity?

7.1 Feasibility of Proposed Rendering System

Ourfirst studyinvestigatesvhetherit is practicalto build a parallel
renderingsystemwith aclusterof PCsusingour hybrid partitioning
algorithm. We definesuccessn this caseto be interactie frame
rates(e.g.,30framespersecondpndattractve efficiencies(e.qg.,
50%)for moderatelysizedclusterqe.g.,8-64 PCs).



For this investigation,we executeda seriesof simulationtests
with our hybrid algorithmusingincreasingiumbersof sener PCs.
Thetiming resultsfor client, sener, anddisplayPCsappearfor all
threetestmodelsin the top one-thirdof Table1 (all timesarein
milliseconds). Note that the averagetime taken (per frame) by a
uniprocessosystemwith the samehardwareasthe sener PCsfor
thethreemodelsis asfollows : Hand- 872.9ms, Dragon- 1161.9
ms andBuddha- 1450.3ms. Bar chartsof the total client, sener,
anddisplay phasesare shavn for the Buddhamodelin Figure6.
During analysisof theseresults,note that the client, seners, and
displayexecuteconcurrentlyin a pipeline,so the slowestof these
threestagesietermineshe effective frametime.

200
180 OClient ——
160 W Server ——|
140 ODisplay ||
120
100
80
60
40
20
0

Time (ms)

8 16 32 64
Number of servers

Figure6: Client, sener, anddisplaytimesfor Buddhamodel.

Examiningthe barsin Figure6, we seethatthe seneris usually
thelimiting factorin thesetests(the darkbarin the middle of each
triple). Theclient(gray)wasnever limiting, andthedisplay(white)
wasthebottleneckin only two tests(when64 senerswereusedto
renderthe simpler 3D models). In thosecasesthe senerswere
cumulatvely ableto deliverimagego thedisplayat approximately
40 framespersecond But, dueto thelimited I/0O bandwidthof the
displayPC.,it couldonly receve around30framespersecondvorth
of data(100MB/second 4 bytes/pixel * 1280 960pixels* 0.75
screencoverage). The netresultis an interactve frame rate (30
framesper second) but with slight undetutilization of the sener
PCs.Thisresultpointsouttheneedfor fastedigital displaydevices
or for fasterl/O bandwidthsn commoditydisplayPCs.

Examiningthe rightmost column of Table 1, we seethat the
speedupf the hybrid algorithm remainshigh for up to at least
64 processorsTheefficieng of the systenrangedetweerb5.0%
and70.5%for 64 processorfor all threetestmodels.

From theseresults,we concludethat our hybrid algorithmcan
provide a practical Jow-costsolutionfor high-performanceender
ing of static, replicated3D polygonalmodelson moderatelysized
clustersof PCs.

7.2 Scalability with Increasing Processors

Our secondstudy investigateghe scalability of the hybrid parti-
tioning algorithmasthe numberof seners(INV) increasesSystem
speedupdor up to 64 senersare shawvn in Figure9. Thereare
two concerngo beaddresseth this study- scalabilityof theclient
andscalabilityof theseners- sincetheleastscalablepipelinestage
dictatesoverall systemscalability
First, considerclient scalability As statedin Section5, the hy-

brid partitioningalgorithmgrows linearly with N. This trendcan
beseerclearlyin thedarkblackline in Figure7, whichshavsclient
processingimesfor the hybrid algorithmasa functionof the num-
berof senersmeasure@n a550MHz Pentium-llIPCduringtests

with the Buddhamodel. Extrapolatingthis curve indicateshatthe
clientwill beableto achieve 30 updatepersecondor at leastup
to 150senersor so. Thisresultis encouragingassuchlarge clus-
tersareveryraretoday andclientPCprocessospeedsregroning
morerapidly thanclustersizes.
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Figure7: Clienttimesfor sort-first,sort-last,andthe hybrid algo-
rithmsfor increasinghumbersof seners.

Secondconsidersener scalability As statedin Section6, the
pixel redistritution overheadof eachsener scalewith —. This

resultcanbe seenin Figure8, which shavs breakdevns of sener
processingimes. In the caseof the hybrid algorithm (the mid-
dle setof bars),the overheadsaredueprimarily to pixel readsand
pixel writes during senerto-sener pixel redistritution. Although
the reductionin overheadss not linear, the simulatedspeedups
of our systemare quite good. For 64 processorsthe speedups
of the hybrid approachare 36.3,43.7 and46.5for Hand, Dragon
andBuddharespectiely, correspondingp effective frametimesof
32.8ms, 34.6ms,and31.1ms,respectiely (seeFigure9). These
speedupsompardavorablyto previousparallelrenderingsystems
whoseframetimesaresignificantlylonger
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Figure8: Sener timesfor sort-first, sort-last,and the hybrid al-
gorithmsfor screenresolution1280x960. The heightof eachbar
representthetime requiredfor processingn thesener.

As an addendumywe note that bandwidthrequirementf the
display PC are not affectedby increasingthe numberof seners.
Exactly onescreen-fullof pixelsarrivesatthedisplayPC for each
image,no matterhow finely theimageis split into tiles. Latencies
of pixel I/O operationsdo impactdisplay scalability but they are
significantonly for very large numbersof seners.



Client Sener Display

Parrallel Test Obj Compute Ideal Overlap | Pixel | Pixel | Final Wait for Final Speedup
Algorithm Model N Xform Partition | Total Render | Render | Read | Write | Read | Imbalance | Total Write Factor
Hybrid Hand 8 21 5.6 7.7 108.8 - 2.6 4.9 3.7 4.9 124.9 29.7 7.0
16 21 6.2 8.3 54.4 - 1.9 34 1.9 5.8 67.4 30.1 12.9

32 2.1 7.2 9.3 27.2 - 1.8 3.1 1.0 6.8 39.9 30.8 21.8

64 2.1 9.6 11.7 13.6 - 1.5 2.3 0.5 6.1 24.0 32.8 36.3

Dragon 8 4.1 10.6 14.7 144.9 - 25 4.7 4.0 4.8 160.9 32.0 7.2

16 4.1 11.7 15.8 72.4 - 2.1 3.6 2.0 4.4 84.5 32.3 13.7

32 4.1 13.1 17.2 36.2 - 1.8 3.1 1.0 4.2 46.3 33.0 25.0

64 4.1 16.5 20.6 18.1 - 1.5 2.4 0.5 4.0 26.5 34.6 43.7

Buddha | 8 4.8 9.6 144 180.8 - 2.4 4.4 34 4.0 195.0 27.6 7.4

16 4.8 10.8 15.6 90.4 - 1.9 3.3 1.7 4.3 101.6 27.9 14.2

32 4.8 12.7 17.5 45.2 - 1.7 2.9 0.9 4.3 55.0 28.6 26.3

64 4.8 16.5 21.3 22.6 - 1.4 2.2 0.5 4.4 31.1 30.2 46.5

Sort-First Hand 8 2.1 3.2 53 108.8 66.6 - - 2.7 37.9 216.0 30.6 4.0
16 21 4.0 6.1 54.4 59.5 - - 1.3 42.9 158.1 31.0 5.5

32 21 5.4 7.5 27.2 50.1 - - 0.6 46.1 124.0 31.8 7.0

64 2.1 8.4 10.5 13.6 42.1 - - 0.3 45.0 101.0 334 8.0

Dragon | 8 41 4.8 8.9 144.9 60.7 - - 3.4 28.2 237.2 32.9 4.9

16 4.1 6.1 10.2 72.4 49.7 - - 1.6 29.0 152.7 33.3 7.6

32 4.1 8.6 12.7 36.2 39.4 - - 0.8 26.2 102.6 34.1 11.3

64 4.1 13.5 17.6 18.1 32.5 - - 0.4 27.0 78.0 35.6 14.9

Buddha | 8 4.8 55 10.3 180.8 67.2 - - 3.1 25.0 276.1 28.4 5.2

16 4.8 6.8 11.6 90.4 60.0 - - 15 30.6 182.5 28.8 7.9

32 4.8 9.7 145 45.2 50.2 - - 0.7 32.2 128.3 29.6 11.3

64 4.8 15.1 19.9 22.6 41.0 - - 0.4 32.0 96.0 31.2 15.1

Sort-Last Hand 8 2.1 0.1 2.2 108.8 - 14.1 26.2 3.9 4.6 157.6 315 55
16 2.1 0.2 2.3 54.4 - 9.2 16.8 1.8 11.2 93.4 29.5 9.3

32 21 0.5 2.6 27.2 - 5.2 9.5 0.9 9.9 52.7 29.2 16.5

64 2.1 0.6 2.7 13.6 - 3.1 5.5 0.4 9.4 32.0 28.8 27.2

Dragon | 8 4.1 0.1 4.2 144.9 - 140 | 26.0 4.4 6.7 196.0 34.8 5.9

16 4.1 0.2 4.3 72.4 - 9.3 17.1 2.0 7.9 108.7 324 10.7

32 4.1 0.5 4.6 36.2 - 5.6 10.1 1.0 9.6 62.5 31.6 18.5

64 4.1 0.6 4.7 18.1 - 3.2 57 0.4 10.7 38.1 30.8 30.4

Buddha | 8 4.8 0.1 4.9 180.8 - 14.2 26.1 4.0 9.7 234.8 31.8 6.2

16 4.8 0.2 5.0 90.4 - 9.5 17.5 1.9 14.2 133.5 31.2 10.8

32 4.8 0.5 5.3 45.2 - 6.3 115 0.9 10.8 74.7 29.8 19.4

64 4.8 0.6 5.4 22.6 - 3.8 6.7 0.4 17.3 50.8 29.2 28.5

Table1: Timing statisticsgatheredduring simulationson testmodelswith sort-first,sort-last,andthe hybrid parallelrenderingalgorithms.
All timesarein milliseconds.
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Figure9: Speedugurveswith increasinghumberf processors.

7.3 Comparison to Sort-First Algorithms

In our third study we compareour hybrid partitioning algorithm
to a sort-firstapproachpreviously describedn the literature. Al-
though we have implementedtwo sort-first methods,Mueller's
MAHD [19] andSamanta KD-Split [28], we comparesimulation
resultsfor only theMAHD algorithmin this paper Thecomparison
for KD-Split is similar.

In our implementationof the MAHD algorithm, the client PC
first transformsheobjectsinto 2D andmarksa 2D grid-basediata
structurewith an estimateof the renderingload associatedvith
eachcell in this grid. Next, the algorithmpartitionsthis grid data
structuranto tiles with balancedenderingoadby recursvely par
titioning thegrid structurealongthelongestdimensioratevery step
of the recursion. The algorithm terminateswhen the numberof
tiles is equalto the numberof seners. Eachtile is thenassigned
to asener PC,which rendersanimagecontainingall polygonsin
ary objectthatat leastpartially overlapsthe extentof its tile. The
senersthenreadthe resultingpixels backfrom their color buffers
and sendthemto the display PC so that they canbe composited
into a completeimagefor display The client processingimesfor
thismethodgrow with M N for M objectsandN tiles,justlikethe
hybrid algorithm. The main overheadsncurredby the sort-firstal-
gorithmaredueto clientprocessingsthescreeris partitionede-
dundantsener renderingof objectsoverlappingmultiple tiles, and
sener-to-sener pixel redistritution.

Timing resultsmeasurediuring testswith both the hybrid and
sort-firstmethodsappearfor all threetestmodelsin Table 1, and
moredetailedbreakdavns of thesener processingimesareshavn
for thetestswith the Buddhamodelin Figure8. Fromthesebreak-
downs of Figure 8, we canvisually comparethe overheadof dif-
ferentalgorithms.In particular thedarkbandg“OverlapRender”)
in the barsfor sort-first (the leftmostsetof bars)represenbver
headsdueto redundantenderingof objectsoverlappingmultiple
tiles. Note how thesebandsbecomea largerpercentagef thetotal
senertime asthe overlapfactorgrows with increasingnumbersof
processorsThe hybrid algorithmsincur no suchoverheadslueto
overlaps,asevery objectis renderedexactly onceby a sener. As
aresult,the sener timessimulatedwith the hybrid algorithmscale
betterthanwith sort-first.

Speedupcurvesfor the hybrid and sort-firstalgorithmscanbe
comparedirectly in Figure9. For 64 processorshe speedupsf
the hybrid approachare36.3,43.7and46.5for Hand,Dragonand
Buddharespectiely, whereaghe sort-firstapproachspeedupsre
8.0,14.9,and15.1. Overall, the efficiency of the hybrid algorithm
is generallyaround3 to 4 timesbetterthanthe sort-firstalgorithm
in thesetests.

7.4 Comparison to a Sort-Last Algorithm

In our fourth study we compareour hybrid partitioningalgorithm

to a sort-lastapproach. For the purposesof this experiment,we

have implementedh polygonrenderingversionof a sort-lastalgo-

rithm motivatedby Neumanrs “Object Partition with Block Dis-

tribution” algorithm[22]. This algorithmis usedfor comparison
becauset requiresthe leastcompositionbandwidth,providesthe

bestbalanceandfits into our peerto-peerimagecompositionsys-
tembetterthanary othersort-lastalgorithmwe areawareof.

In our implementatiorof Neumanrs algorithm, groupsof ob-
jectsarepartitionedamongsenersstaticallyusinganalgorithmthat
is a direct 3D extensionof the 2D methoddescribedn Section5.
Then,duringeachframeof aninteractve visualizationsessiongv-
ery sener rendersts assignedyroupof objectsinto its own frame
buffer. Then,thesenersredistributerenderedgixelsaccordingo a
staticassignmenof aninterleavedfine-grainedyrid of tiles. Specif-
ically, afterrenderingis complete gvery sener readsthe pixelsin
theboundingbox of renderebjectsfrom bothits color buffer and
its Z-buffer andsendsthemto the sener PCto whomthetile has
beenassigned Uponreceving pixels, the senerscompositehem
into their framebuffers. Finally, afterall tiles have beenfully com-
posited the senersreadthe resultingpixels backfrom their frame
buffers and sendthemto the display PC so thatthey canbe com-
positedinto acompleteimagefor display

Simulationresultsfor this sort-lastalgorithmare shavn in the
bottomone-thirdof Table1. The key comparisompointsareclient
processingimesandsener overheads.

Clearly the client processingimes for the sort-lastalgorithm
aresignificantlylessthanfor the hybrid andsort-firstmethodgsee
Figure7). Theonly work thatmustbedoneby thesort-lastclientis
to transform/N 3D boundingboxesinto the2D screerspacesothat
“active” tiles can be marked, and senerto-sener pixel transfers
canbe avoidedfor the others.This simple processingould easily
be donedirectly on the seners,or possiblyon the displayPC. So,
in effect, thehybrid andsort-firstalgorithmsrequireonemorePC's
processingowerthanthesort-lastalgorithm- anadwantageof pure
sort-last. However, theimpactof this differenceis rathersmallfor
largenumberof seners.

Onthe sener side, thereis a significantdifferencebetweenthe
sort-lastandhybrid algorithmsin pixel redistritution costs(seethe
columnslabeled“Pixel Read”and“Pixel Write” in Tablel). The
sort-lastalgorithmincursmoreoverheadsasit mustperformimage
compositiontransfersand processindor larger numbersof pixels
(seeSection6). The differencecanbe seenin our simulationre-
sultsasthewhite regionsin therightmostsetof barsin Figure8. In
thesort-lastcasetheaveragenumberof pixelstransferredetween
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Figurel10: Visualizationf seneroverheadsvith differentalgorithms.In (a) highlightedobjectboundingboxesspanmultiple tilesandmust
berenderededundantlyIn (b) and(c) brighterpixel intensitiesrepresentmoreimagecompositioroverheads.

senersduring eachframeis relatedto the scenedepthcomplexity
(D) multipledby theresolutionof thescreer(P),whereD is approx-
imately N andthetotal overheads -— [15, 21]. In contrast,
for the hybrid algorithm,the numberof pixelstransferreds related
to 2B — + B2, whereB is theaveragesizeof anobjects bounding
box (seeSection6). Empirically, the pixel redistritution overheads
of thehybrid algorithmaremuchsmallerthanfor sort-lastin all of
our simulations.

Thedifferencebetweerthepixel redistritution costscanbeseen
very clearlyin thevisualizationf Figures10(b)andFigure10(c),
which shav pixels transferrecacrossthe network for the sort-last
and hybrid algorithmsrespectrely, shadedin transparentvhite.
Justby looking at “the amountof white” in theseimagesonegets
anintuitive feel for how much pixel redistritution overheadis in-
curredby thesystem.

Overall, the efficiency of the hybrid algorithmis approximately
33%to 53%betterthanthe sort-lastalgorithmin all of ourtests.

7.5 Impact of Increasing Screen Resolution

In ourfifth study we analyzethe effect of increasingscreernresolu-
tion on eachof thepartitioningalgorithmsdiscussedofar: hybrid,
sort-first,andsort-last. Therearetwo issuesto consider— display
times(for all algorithms)andsenertimes(for hybridandsort-last).

First, considerdisplaytimes. As previously discussedthe dis-
play PC canbe the limiting factorif it is not ableto receve data
from the network or write it into its frame buffer quickly enough
to keepup with the client and seners. Of course,this problem
getsworsewith increasingscreerresolution.For example,increas-
ing theresolutionfrom 1280 960to 2560 1920,thefinal display
time will increaseby a factorof 4. However, this concernmay go
away in afew years,asPCnetwork andAGP bandwidthamprove
ataratehigherthanscreerresolution.

Secondgconsidersener times. Here, therearefundamentadlif-
ferencedbetweersort-first,sort-lastandour hybrid algorithm. For
sort-first,the dominantoverheadoverlapfactor)is completelyin-
dependenotf screerresolution(until the renderingoecomesaster
ization bound). As a result, sort-firstis probablyappropriatefor
very high-resolutiorscreenssuchasmulti-projectordisplaywalls
[28].

In contrastthe sort-lastandhybrid algorithmsaredefinitelyim-
pactedby higherscreerresolutions.It is importantto note, how-
ever, that the pixel redistritution overheadsof the sort-lastalgo-
rithm grow linearly with P, while the overheadsf our hybrid al-
gorithm grow only with /P. Essentially sortlast mustcompos-
ite areaswhile the hybrid algorithmcompositeperimeters.This
is a significantdifference,which can be seenvery clearly when

comparingFigures8 and 11, which shav breakdavns of sener
timesfor displayresolutions1280x960and 2560x1920. The sig-
nificantly taller white areasn the barsfor sort-lastindicatelarger
pixel redistritution overheadshatthwart speedup$or high resolu-
tion screensBy comparisonpixel redistritution timesarearound
5 timeslessfor 2560x1920mageswith the hybrid algorithm.
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Figure11: Senertimesfor sort-first, sort-last,andthe hybrid al-
gorithmsat screenresolution2560x1920. The heightof eachbar
representthetime requiredfor processingn thesener.

7.6 Impact of Increasing Object Granularity

In ourfinal study we investigateheeffectsof differentobjectgran-
ularities on partitioning algorithms. Figure 12 and 13 shav the
clientandsener timesmeasuredvith threedifferentobjectgranu-
larities(399,1,476,and6,5210bjects respectrely) for theBuddha
model- eachcasehasthe samenumberof polygonsjust separated
into differentnumbersof objects.In this casewe cantrade-of in-
creasef clientprocessindor betterefficienciesin senerswith the
hybrid and sort-firstalgorithms. The sort-lastalgorithmis largely
unafected.

First, considettheimpactof increasinghe numberof objectsto
be processedby the client. Judgingfrom the curvesin Figure12,
we seethatthe clienttimesof all algorithmsincreasdinearly with
objectgranularity This resultis dueto a combinationof linearly
increasingobjecttransformationsnd linearly increasingpartition
processindimes. For 6,5210bjects the client processingime for
the hybrid methodclearlybecomeshebottleneck.
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Figurel2: Plotof clientprocessingimesfor differentgranularities
of objectsin the Buddhamodel.

Secondconsidettheimpactontheseners.We seein Figurel3
thatthe relative overheaddor the hybrid and sort-firstalgorithms
decreassignificantlyfor finer objectgranularities.Essentiallyas
objectboundingboxesgetsmaller the overlapsgetsmaller aspre-
dictedby Molnaretal. [16]. In thecaseof thehybridalgorithm,the
effectis to male theregion on theboundaryof eachtile to becom-
positedwith neighbors'thinner” This effectcanbe seenclearlyin
theimagef Figurel4,whichshaw visualizationf pixel redistri-
bution costs(morewhite meansmoreoverheadYor threedifferent
objectgranularities-the“swaths”requiringimagecompositiorget
thinnerwith shrinkingboundingboxes.

450

400 LN —%— Sort First |_|
\ Sort Last
350 ! —
\ —&— Hybrid
300

250 \\
200

150 A

% overhead

100 A

%0 I —
—a

0

T T T T
0 1000 2000 3000 4000 5000 6000 7000

Number of objects

Figurel3: Plotof seneroverheadssa percentagef idealrender
ing time for differentgranularitiesof objectsin the Buddhamodel.

In thelimit, asthe objectgranularityof increasesandbounding
boxwidthsapproactzero,the overhead®f hybrid andsort-firstal-
gorithmstendtoward zero. Hence,fasterclientscansignificantly
improve sener efficienciesby partitioningat finer objectgranular
ities. This is a significantdifferencefrom the sort-lastalgorithm,
which is unafectedby objectgranularity Developingandanalyz-
ing the effectsof hierarchicalnd/orparallelclientalgorithmsis an
interestingopic for future study

8 Discussion

The novel idea presentedn this paperis that of dynamic, view-
dependenpartitioning of both the 3D model spaceand the 2D

screenspacefor parallelpolygonrenderingon a cluster The key

resultis thatthis approachboth performsbetterand scalesbetter
with processorcountthan the bestknown earlier approachesat

leastin the clusterervironment. Comparedo pure sort-firstap-
proachesthis approachgreatlyreduceshe problemsthatarisedue
to objectsoverlappingmultiple screerpartitions.Comparedo sort-
lastapproachewith one-timeyiew-independenpartitioningof the
model,it greatlyreduceghe bandwidthrequiredfor pixel transfer

The approachhasfurther advantagesn situationswhereapplica-
tionsnot only renderthe modelfrom differentviewpointsbut also
zoomin on certainsub-areasndusegreaterdetail in thoseareas
(which would male staticpartitionsperformpoorly sincethe area
zoomedn onwould beassignedo only asmallnumberof proces-
sorsin thatcase).

The approachs not without disadantageshowever, andthese
too stemfrom the dynamic,view-dependenhatureof computing
partitions.The majordisadwantagesrein thefollowing two areas.

First, a separateclient machinecomputespartitionsfor every
frame, so the speedof partitioning on the client can limit the
achieed framerate. This tradeof is particularlyvisible in our ap-
proach,sinceunlike in other approachesnaking objectssmaller
continuesto help the parallel renderingrate, asymptoticallyre-
sulting in nearzero overheads.However, making objectssmaller
malkespartitioningmoreexpensve andhencemalesit difficult for
the client to keepup with the seners. A possiblesolutionis to
usea parallelclient-sideenginefor partitioning.Anotheris to have
the client maintaina hierarchicalview of the objectsin the model
andsubdvide objectsadaptvely asit computests partitions,asop-
posedto the currentmethodof fixing the sizesof objectsup front.
Thesemethodgemaintopicsfor futureinvestigation.

Secondwith adynamic,view-dependenapproachthe 3D data
renderedby a given sener may changefrom frameto frame. In
the absencef a sharedaddresspacejt canbe both difficult and
overhead-consumintp managethe partitioning or distribution of
the 3D modeldataamongprocessorandthe dynamicreplication
of dataondemandWe have thereforechoserto replicatethe entire
3D modelon all processinghodesfor now, to eliminatethe data
managemenproblemandfocuson the partitioningissues. How-
ever, this clearly restrictsour currentimplementatiorto rendering
staticmodelsandlimits thesizeof themodelsthatcanberendered.
Sincedynamicdatadistribution andreplicationwill introducerun-
time overheadsto build atruly scalableapproactwe mustexamine
methodgo performthis datamanagemersgfficiently. We planto do
this in future work, examining system-lgel approacheske soft-
wareimplementatiorof a sharedmemoryprogrammingmodelor
memorysenerson clustersaswell asapplication-leel approaches
like customized‘sharedmemory” or conserative replication of
dataat partition boundarieasedon the partition construction.It
is worth noting, of course thatan approachhat usesstatic parti-
tioning of the 3D modeldoesnot suffer from this replicationprob-
lem, soit is likely that for situationsin which the 3-D modelis
very largeandthe screeris small(sothatsort-lastbandwidthis not
a major problem), a static sort-lastapproachthat avoids the data
managementverheadsnay work bestaslong asthereis enough
bandwidthto sustairnthedesiredramerate.

We expectthatlimitationsof our approactshoulddiminishwith
time and its performanceand scalability shouldimprove further,
giventechnologytrends.In particular both client processospeed
and bandwidthtendto grov muchfasterthan display resolution.
Theformerhelpstheclientpartitionatfiner granularitieswhile the
latterhelpsreducethe overhead®f pixel redistritution by alleviat-
ing the dynamicdatamanagemenproblem. We thereforebelieve
thatthis type of dynamic,view-dependenapproachis likely to be
avery goodonefor parallelpolygonrenderingpn commodityclus-
ters (and potentially other parallelmachines) aslong asthe data
managemergroblemscanbe solved satishctorily.
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Figure14: Visualizationsof tile overlapsin partitionscreatedwith our hybrid algorithmusingdifferentobjectgranularities. The top row
of imagesshavs 3D objectboundingboxes. The bottomrow shaws tiles with overlapregionsshaded Largeroverlapregionscausehigher

sener pixel redistritution overheads.

9 Summary and Conclusion

This papemresents hybrid parallelrenderingalgorithmthatcom-
binesfeaturesof both“sort-first” and“sort-last” stratgjiesfor aPC-
clusterarchitecture The algorithmdynamicallypartitionsboththe
2D screeninto tiles and the 3D polygonsinto groupsin a view-
dependenmannemerframe,to balancethe renderingoadamong
the PCsandto minimize the bandwidthsrequiredfor compositing
tiles with a peerto-peerredistritution of pixels.

During simulationsof our working prototypesystemwith vary-
ing systemparametersye find that our hybrid algorithm outper
forms sort-firstand sort-lastalgorithmsin almostall tests,includ-
ing oneswith larger numbersof processorshigherscreernresolu-
tions, andfiner objectgranularities. Overall, it is ableto achieve
interactve framerateswith efficienciesof 55.0%to 70.5%during
simulationsof asystemwith 64 PCs.We believe thisapproactpro-
videsa practical low-costsolutionfor high-performanceendering
of static,replicated3D polygonalmodelson moderatelysizedclus-
tersof PCs.

Topics for futher study include developmentof algorithmsfor
dynamicdatabasenanagementsupportfor fastdowvnload of im-
agesfrom a network into a framebuffer, andmethodsto partition
graphicsprimitivesamongsenerswith finer granularityusing ei-
therparallelclients,hierarchicaklgorithms or fasteralgorithms.
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