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Abstract

This paperdealswith parallelizationof the ray-tracingalgorithm using sharedmemory
multiprocessomachinesonnectedia Internet. Theaim of ourwork s to shov theadvantages
andthe problemsrising from the real implementationand dynamicload balancingvia long
responsaetwork. The computations donein heterogeneousomputationaérvironment.
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1 Introduction

Parallelimplementatiorof sequentiahlgorithmsdoesnotbring changesnto the programstructure
only, but it forcesprogrammerso move their interesttoward specifichardwareplatform. Optimal
sequentiablgorithmshave to be mostly modifiedsothattheir efficiency is reducedby additional
overheadheededor synchronizatiormandcommunicatiorbetweerprocessors.

Our researciiteamhasbeeninterestedn the parallelizationof ray-tracingfor a several years.
We startedin 1993, with theimplementatioron a massvely parallelsystemof T800 Inmostrans-
puters. Later, the implementationwas moved to loosely couplednetwork of workstationsand
subdvision spaceschemd8]. Afterwards,we have aimedour researclat the optimizationof the
ray-traceron a sharednemorymachine Currently we areinterestedn utilization of sharednem-
ory machinesonnectedia networkwith smallthroughput.ldeaof parallelray-tracemorkingon
moresharednemorymultiprocessomachiness basedn imagesubdvision schemdl]. This ap-
proachis well suitedto sharednemoryarchitecturebecausehewhole scends storedin memory
only oncefor onecomputerandit is accessedby more processorst the sametime. Partsof the
imagearerenderedby processorsndependently Theoretically the speeduof the ray-traceron
sharednemoryis almostlinear, e.i., the efficiengy is slightly belov one. The speedumf the Inter-
netray-tracer(inet-rt in the next) is moredifficult to define,becausehe performancef machines
can be different. It dependson several factors— global load of sharedmemory multiprocessor
machine,utilization of coherencenumberof processespumberof sharedmemoryclusters,the
networkthroughputandlateny of the networkduringthe computation.

A similar ideahasbeendevelopedindependentlyoy Mental Imagesin Berlin [2] aswell. As
we have not found the details of its algorithm, the implementationand the resultssatisfactory
describedanywhere ,we have decidedto parallelizeandtestour own ray-tracer

2 Implemented techniques

In the first step, we have modified the sequentialray-tracerdevelopedby our teamfor shared
memoryparallelimplementation[5]. This ray-tracerwasusedas a referencefor measuringhe
speedumf parallelsolution. Although simpleandwell-known approackcalled”processfarming”
[1] wasused thealgorithmof theloadbalancingvia Internetis not equalto original solution.
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Theimplementatiorfor sharednemorymachines simpler becauseve needto solve no prob-
lemsrising from differentprocessoperformanceghedifferentthroughputandthelatengy of net-
work connectingthe sharedmemorycomputers.The inet-rt canimplementfewer load balancing
techniqueshantheray-tracemparallelizedon sharednemory

Algorithm outline

The algorithm for inet-rtis composedof more differentphases. At the beginning the dataare
distributed. The secondphaseis the distribution of computationload amongthe processors.In
final phasethe dataarecollectedandsavedto afile.

The basicterms

Let usdefinethetermsusedin this paperfor bettercomprehension.

cluster ... themultiprocessomachinewith sharednemory

main cluster ... the cluster wherethe inet-rt processs invoked, wherethe scenedataare dis-
tributedfrom, andwheretheimagedataareassembled.

remote cluster ... the clusterwhich is not main cluster wherethe scenedatafrom main cluster
arereceved. It only senesasthe computationalinit for renderingandsendgheimagedata
backto themaincluster

main master process ... theprocessn UNIX terminologyrunningon maincluster It schedules
the load balancingboth for local slavesandfor processesunningon remoteclusters. This
processs spavnedby a useratthebeginning of ray-tracing.

remote master process ... the processunningon remotecluster It senesfor schedulingof the
loadbetweents local slaves.

local slave process ... the processunningon maincluster It performscomputationusing stan-
dardray-tracingalgorithm. The lateng time for sendingthe messagdetweemmain master
processandlocal slave processs small.

remote slave process ... the processrunning on remotecluster similarly aslocal slave process
carriesout ray-tracingalgorithm. The remoteslave procesdliffersfrom local oneby higher
lateng time neededor communicatiorwith mainmasterprocess.

At the beginning phasethe main masterprocesss spavned. It initializes bothremotemaster
processesndits local slave processes.The remotemasterprocessespavn subsequentlyheir
slavesprocesses(emoteslave processes).

The main masterprocessasksthe remotemasterprocessegabout,whetherthey alreadyhave
this descriptionof the sceneto be renderedwhich is storedin an ordinaryfile (scenefile). The
remotemastemprocessanhave it from ray-tracingdonepreviously. If any remotemastermprocess
doesnot have identicalscendile, the mainmastemprocessompressesurrentversionof thescene
file by LZW methodandsendscompressedatato correspondingemotemasterprocessesThey
receveit anddecompresg backto its original, thenthey save it tofile.

After that, the main mastemprocessandremotemastermprocesseseadthe descriptionof scene
andcorvertit to aninnermemoryrepresentationl'hey alsobuild up spatialdatastructuresequired
for BSPtechnique.
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Figurel: Architecturefor Internetray-tracing

In ray-tracingphasethe main mastermprocessassignghe part of theimageto local slave pro-
cessesandto remotemasterprocesses.The remotemasterprocesseseassignhesepartsto its
remoteslavesprocessesThewholeimageis assembledh thesharednemoryof maincluster The
stratgy of load balancingis discussedn detail in the next section. RLE compressions usedto
transmittheimagedatafrom remoteclustersbackto the maincluster Thebasicrequirementmade
on the compressiormethodfor inet-rtin this applicationis its speed,althoughthe compression
ratiois importantaswell. Theimageis optionally displayedby auxiliary processunningon main
clusterduringtheray-tracingphase.

At final phase whenthe whole imageis assembledn the memoryof main cluster the main
masterprocesssavesit to theimagefile. As the laststep,the networkconnectionsreclosedand
all processesxit.

L oad balancing

In orderto fully utilize all processorsvailablethe work load hasto be distributedbetweenthem
regularly during the whole computatiortime. Unfortunately the characteristicef the ray-tracing
algorithmdoesnot allow to determinethe compleity or the costof computatiorfor certainparts
of animagebeforehand. The secondproblemwith load balancingis unequalO of the network
connectingthe supercomputeclusters(the lateny [sec] and the throughput[KB/s]). The third



problemis theload of themachinedy processesf otherusersrunningon the system.

We have tried to solwve this situationby dynamicload balancingtechnique. The main master
processcontrolsthe load of its local slave processeandthe remoteslave processedy different
ways. Thelocal slave processeguarante¢heir responseandthereis no overheador transmitting
of the image dataand the control commandshetweenthem and the main masterprocess. The
communications donelocally usingthe sharedmemory

In orderto decreasehe lateny of informationexchangeamongthe clustersandto uselnter-
net effectively two-level load balancingstratgy hasbeendesigned.The whole imageis divided
regularly into small blocks. The numberof divisionsis N, and N, in axis z andy respectiely.
Hencethe numberof all blocksto be computeds Nx x Ny. Theblockis the elementaryunit of
computatiorandcannotbe further subdvided.

If the networkhasno lateny andif the throughputof the networkis very high, the algorithm
for load balancings simple. We canhave oneschedulethatassignghe blocksto be computedo
all slaves. In Internetcomputationaknvironmentthis methodcannotbe usedarny morewith good
efficiengy. Let usdescribedesignedschedulingnechanism.

Themainmastemprocesgindsoutthenumberof its local slaves,the numberof remoteclusters,
andthe numberof slavesrunningon them. The main masterprocesscontrolsits local slaves by
simplemechanismbut theschedulingor remoteclusterds moresophisticatedT hemasteiprocess
senddo its slavesoneblock to eachat the beginning of the computation.If the slave finishesthe
computationthenthemastemprocessegistersthis eventandthensenddo this slave anew block. If
wewantto decreaséhelateny andtheslave’sidle time,we canusebuffer techniquesvell-known
from mary networkprotocolsimplementationgknown alsoassliding window stratgy [9]). The
buffer sizedetermineshow mary blocksare sentto the slavesor to the remotemasterprocesses
regardlesf ary blockshave beencomputed.

In orderto efficiently load balanceray-tracingtherearethe independenbuffersfor eachlocal
slave andfor eachremotemasterprocessThe buffersarenot specifiedfor remoteslave processes.

Themainmastemprocessletermineshesizeof buffersfor all. Simplestratagy is usedfor local
slaves, the size of the buffer is setto a constant(it can be setto one, thenit works aswithout
buffer). Load-balancingstratgiesfor remotemasterwere designed. The principle is basedon
measurementgoneon previously designednethods.The numberof blocksfor remotemasterdor
first messagés determinedy thesizeof the buffer. Theblocksdefinitionsaresentin onemessage
to save thetime atthe beginningof scheduling.

Strategies for remote masters
Following stratgiesdeclarethe formulafor computatiorof buffer sizefor remotemasters:

C ... sizeof the buffer for remotemasteris setto a constant atthe beginning of the computation.
The buffer sizeremainsunchangedluringthe computation.

P ... sizeof thebuffer for remotemastelis proportional to thenumberof its slaves. It is calculated
asB = C x N, B denoteghe buffer size, NV is the numberof remoteslave processesm the
remotecluster and(' is a constant Sizeof the buffer is not changedduringthe computation
process.

PD ... sizeof the buffer for remotemasteris determinedasfor P method. Besidesthe size for
the remotebuffersis decreased, whenthe numberof blocksreally computedandreceved
by mainmastemprocessxceedsa specificthreshold.Thethresholdcanbetakenasa certain
percentagérom numberof all blocks,for example70%.

PDZ ... this stratgy copiesstratgy PD. Besidesthe buffer sizeis decreasedtb zero, whenthe
numberof recevedblocksexceedsathreshold(highethanfor PD,e.g.95%).
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Let usdescribehesituationof amainmasteywhenit hasrecevedthe messagandstill a part
of apictureis not computed.The mastemastemprocessvaluatesan expression/ for local slave
processeandfor remotemastemprocessesTheexpressionf is computecasf = B — BA — BC,
whereB A denotegshenumberof blocksassignedy working process BC' is thenumberof blocks
alreadycomputedoy themandrecevedby mainmastermprocessp is thesizeof buffer. Thehigher
the f, thefewerblockswaitsin buffer. Themainmasteiprocesshooseshebuffer with thehighest
f andthe next imageblock to be computeds sentto this processegardlesf the senderof the
lastblock receved. The main mastergivespreferencdo its local slavesover remotemastersjf f
is equalfor someof them.

The remotemasterworks similarly over the buffers of its slave processeslt redistritutesthe
blocksreceved from main masterprocessamongthem. The two-level hierarchydecreaseshe
latenciesduringload balancingprocess.Let us describethe stratgyy propertiesmadefrom obser
vationson measuredimes:

C ... it doesnot takeinto accountthe numberof the processoren the remotesystem.Either
the utilization of remoteprocessorss small, or the remotemastersareoverloadedandlocal slave
processeareidle.

P ... stratgy considerghe numberof slavesin the remoteclusters. The disadwantageof this
controlsystemis thatattheendof thecomputatiorof animagethelocal slavesarelikely idle. The
main masterprocesswaits for imagedatasentby remoteclusters. The utilization of the remote
clusterss higherthanfor stratey C.

PD ... theremoteclustersare not so loadedduring the final phaseof the renderingand it
minimizestherisk of the overheadime. It is important,whenandhow the buffer sizefor remote
mastemprocesseshouldbedecreased.

PDZ ... stratggy wasdoneto improve PD. Our experiencedasedn measurementsave shavn,
thatat the endof the computatiormain masterstill waitsfor remotemasters.Onesolutionof this
problemis to adjustthe parametersnentionedfor PD, but it canbe never foreseerfor different
scenes. Thereforethe computationof last blocksis left to the local slave processes.The main

mastermprocessandecompresshe imagedatareceved from remotemastersclustersat the same
time.

3 Measurements

Hardware platform

We have usedall threesupercomputingcentersequippedvith sharednemorymultiprocessoma-
chinelocatedin CzechRepublic(in Pilsen,in Pragueandin Brno). All threemultiprocessoshared
memorymachinesave for oneprocessonearlyequalperformance.

Thefirst supercomputingcenterin Pilsenuseghe Alpha-Sener8400Systenmadeby Digital,
KIRKE. 1t is a 64-bit RISC machinewith symmetricmultiprocessing(SMP) extendibility. The
systemis equippedwith eight64-bit processorélpha21164/300MHz, 2 GBytesRAM memory
4 GBytesswapspace.Theinternalbandwidthof the databusis 1.2 GB/secandthe processorsre
provided with a three-lerel cache. The internalcacheon the chip is 8 KB, write backsecondary
cacheis 96 KB andtertiary on boardcacheis 4 MB. Typical benchmarkdor one processomare
7.43SPECIint95and12.4 SPECfp95.The operationsystemis Digital Unix.

The supercomputingcentersin Pragueandin Brno areboth equippedwith Powver Challenge
XL, named(HAL) (GROND) respectiely. They both have 12 CPU MIPS R10000/195 MHz,
2048MB RAM, andthe swapspacewith 1x2GB,5(2)x4GBSCSldisks. Theinternalbandwidth
of databusis 1.2 GB/sec.Theinternalcaches 32 KB andsecondevel cachefor eachprocessors
2 MB. TypicalbenchmarKor oneprocessors 8.50SPECint9%and13.1SPEC{p95Both systems



runonlIRIX 6.2.

Parallel library

From programmers point of view modified P4 library [4] hasbeenused. Latestreleaseof P4
library usesfor dynamicallocationof one sharedmemoryvariablesimple first-fit stratgy with
computationatompleity O(n), wheren denoteshe numberof variablesalreadyallocated.This
strat@y is incorvenientif the userprocessallocatesandfreesthe datamary timesasduring the
initial phaseof theray-tracing.In sucha casethe preparatiorof datafor paralleltaskcanreach
several hoursin comparewith a few secondausing standardC allocationlibrary. Thenthe par
allelism becomegneaningless.Thereforenew allocationlibrary with computationaktompleity
O(1) wasimplementedput further discussioron this topic is out of the scopeof this paper The
time requirement®f implementedsolutionarecomparablevith standardC allocationlibrary.

Description of measur ement

Our goalwasto measuraenderingtimesfor differentstratgiiesandto test,whetherthe current
technologyis well suitedfor inet-rtidea. Following parametersiave to be balancedor successful
work of inet-rtalgorithm:theperformancef processorghelateng, andthethroughpuof thenet-
work connectinghe multiprocessosharedmemoryclusters.If the performanceof the processors
is higherthanthe throughputof Internet,the whole pictureis computedjuickeron oneclusterbe-
forethescenadescriptiordataaresentto remoteclusters.f thethroughpuof Internetis extremely
high andguaranteedthe inet-rt algorithmworks asthe systemwith virtual sharedmemory The
inet-rtlies somavherebetweerthesetwo extremes.

The measurementf performancas moredifficult thanin caseof singlesharedmemoryma-
chine. The local times of clustersare not usually synchronizedeven it can be donerelatively
preciselyusingtime seners. The next issueis the expressionof speedup for heterogeneousom-
putationalervironment.lt is usuallycalculatedasfollows:

)
speedup = T(n)

where7'(1) is sequentiatime and7'(n) is the time achieved by parallelalgorithmwith » pro-
cessorsOptimalspeedups equalto n.

The speedupmustbe redefinedor heterogeneousomputationaenvironmentso thatthe defi-
nition is morecorrect. Let us have n machinesandthe time of the taskon a given machine: is
Ti(1). Forwholetime 7'(n) on N machineghe speedups computedasfollows:

Z?:l Ti(l)

Speedup = W

Thespeedupganbe evaluatedn bothrealtime andusertime of processes:

Real timeis thetime, whichis importantfor theenduser It is atime interval from the beginning
andto the endof the whole computationaprocessyregardlessof the numberof processors
involved. Realtime dependson the load of the system,e.i., on the numberof all users
processeduringtherendering.

User timeis bundledwith arenderingorocesslit expressestime, whentheprocesss actie,i.e.,
whena processoperformsthe codeof theprocesslit is independenof theload of machine.
Thisenableto comparegheefficiengy with sequentiahlgorithmregardles®of otherprocesses
runningon thesamemachine put it doesnotreflectthetransmissiorof datavia the network.
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The setof usertimesis obtained onefor eachprocesspn eachcluster Thebettertheloadba-
lancing,thesmallerthe differencedetweerthe measuredisertimescorrespondindo ray-tracing.
The maximaltime of measuremenfrom all processorss takento computespeedup.To express
themeasuref imbalanceandthe propertiesof loadbalancingalgorithm,the changeof theload[1]
for bothrealandusertime hasbeenused:

Tlast - Tfirst
; 3
Tlast

whereT},,; and T}, is the maximalandminimal time respectrely measuredy local slave
andremoteslave processesnall clusters.

If the changeof theloadis smaller thentheload balancingstrateyy is better The goal of ary
load balancingstratey is to minimize the changeof load measuredy real time on main cluster
andto maximizethespeedup.

C =

Scene char acteristics

Two sceneshave beenusedfor testingof inet-rt They both are standardPDF [3] ray-tracing
benchmarkdata(Balls, Tetra). We have notintendedto usemoretestingscenedecauseur pre-

vious experimentswith sharedmemorymachinehave shavn the speedups roughly the samefor

differentscenes.Thereforewe have decidedto testthe algorithm on the datasetfor one scene
with relatively smallcomputatiortime andfor onescenewith thecomputatiortime about10times
higher

Name| #of | #of light #of | depth|| HAL | KIRKE HAL | KIRKE
elems.| sources inters.[l0°] | of rec. || user[s]| user[s]| real[s]| real[s]

Balls | 7382 3 193.0 2 || 349.98| 345.27| 355.13| 345.49

Tetra | 4096 1 7.6 2| 2751| 28.69| 32.13| 28.78

Both scenesvererenderedvith resolutions12 x 512 pixels,oneray perpixel. Thebinaryspace
subdvision (BSP)techniquenvasusedfor decreasing numberof intersectiortests.Thefollowing
tableshavsrealandusertimesfor renderingoothscenesisingoneprocesnly. Theblock sizeis
64 x 64 pixels(N,=N,=8).

4 Reaults

Thefollowing graphsshav themeasurementdoneon HAL, GROND, andKIRKE. We have tested
all stratgiesC, P, PD, andPDZ. Stratgy C andP have beenshawn too ineffective. Becauseof
lack of spacewe only presentheresultsof stratggy PDZ in this paper which have beenevaluated
asthebest.Strategy PDis alittle worse but it canreachthesameresultsin dependencentheload
of network. ThePDZ hasbeenshawvn eliminatingsuccessfullythis risk of lateng atfinal phaseof
thecomputation.

The graphsin Fig. 2 shov the speedupn HAL. Theimagesubdvision N = N, = N, is
changedrom 4 to 16 with step4 andthe numberof processess changedrom 1to 7 by 1. It
actuallycorrespondshe algorithmfor sharedmemory

Thegraphsin Fig. 3 shav the speedupif thenumberof local slave processes a constanaand
thenumberof remoteslave processes changedThemeasurementsave beenperformedon HAL
andon GROND. Unfortunately the supercomputerandthe networkconnectinghemhave been
heavily loadedduringmeasurement3.hepercentagéhresholdor decreasingheremotes’s buffer
sizeto 2 hasbeensetto 60% andfor zeroingto 90%.

Two following graphsin Fig. 4 shav the changeof theloaduponthe sameconditions.
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We have alsocarriedoutthemeasuremerdn the combinationKIRKE andHAL, theresultsare
very similarandthereforethey arenotreportedn this paper Unfortunatelywe have notsucceeded
to measurall thethreesupercomputensorkingtogetherbecaussomeproblemswith Internetad-
dresdranslationto KIRKE andwith theuseof parallellibrary onthis systemencounteredAnother
limitation concerninghe numberof processorsasbeencausedy limitation of systenresources.
We have beenableto testthe numberof the slavesup to the numberseven per cluster evenif the
numberof processorss twelve for HAL and GROND.

The speedugdor sceneballs is increasingwith the numberof remoteslave processedhut it is
far from linear speedup.This outcomeprovesthe ideaof Internetray-tracingis applicableupon
condition that the network has sufficient throughput. The computationload of supercomputers
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andthe load of connectingnetworkis changedduring the rendering. Measurementperformed
for scenetetra, which have smallersequentiatime requiredfor rendering,have not broughtary

positive effect. The smallesttime achieved is not below 7.5 seconds.The computationon three
local slavesis belov 7 secondsTheresultis causedy smallratio of thesequentiatenderingtime

to thelateng time of network.

5 Conclusionsand futurework

Theideaof inet-rthasbeenimplementedandtestedin real ervironment. The resultsof measure-
menthave shavn, that currentcomputers technologyandthe stateof the art of the softwarefor
ray-tracingenablego join the performancef supercomputerogethervia networkwith sufficient
throughput.This collaboratve computatiorscheduledy two-level hierarchyloadbalancingstarts
to be meaningfulfor imagesrenderedsequentiallyjlongerthanfive minutesmeasurean configu-
rationdescribedn this paper

In future,we aregoingto improve two-level hierarchicaimodelof load balancingwith analysis
of schedulingoy queuingtheoryandto designstatisticallycontrolledload balancing.We wantto
rework the parallellibrary to be moreefficientfor purpose®f inet-rtandto improve the compres-
sionanddecompressioalgorithmused.
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