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Abstract

This paperdealswith parallelizationof the ray-tracingalgorithm using sharedmemory
multiprocessormachinesconnectedvia Internet.Theaimof ourwork is to show theadvantages
and the problemsrising from the real implementationanddynamicload balancingvia long
responsenetwork.Thecomputationis donein heterogeneouscomputationalenvironment.

Key words: computergraphics,parallelray-tracing,sharedmemory, loadbalancing

1 Introduction

Parallelimplementationof sequentialalgorithmsdoesnotbringchangesinto theprogramstructure
only, but it forcesprogrammersto move their interesttowardspecifichardwareplatform. Optimal
sequentialalgorithmshave to bemostly modifiedso that their efficiency is reducedby additional
overheadneededfor synchronizationandcommunicationbetweenprocessors.

Our researchteamhasbeeninterestedin theparallelizationof ray-tracingfor a several years.
We startedin 1993,with the implementationon a massively parallelsystemof T800Inmostrans-
puters. Later, the implementationwas moved to loosely couplednetwork of workstationsand
subdivision spacescheme[8]. Afterwards,we have aimedour researchat theoptimizationof the
ray-tracerona sharedmemorymachine.Currently, weareinterestedin utilizationof sharedmem-
ory machinesconnectedvia networkwith small throughput.Ideaof parallelray-tracerworkingon
moresharedmemorymultiprocessormachinesis basedon imagesubdivisionscheme[1]. Thisap-
proachis well suitedto sharedmemoryarchitecture,becausethewholesceneis storedin memory
only oncefor onecomputerandit is accessedby moreprocessorsat the sametime. Partsof the
imagearerenderedby processorsindependently. Theoretically, the speedupof the ray-traceron
sharedmemoryis almostlinear, e.i., theefficiency is slightly below one.Thespeedupof theInter-
netray-tracer(inet-rt in thenext) is moredifficult to define,becausetheperformanceof machines
can be different. It dependson several factors– global load of sharedmemorymultiprocessor
machine,utilization of coherence,numberof processes,numberof sharedmemoryclusters,the
networkthroughput,andlatency of thenetworkduringthecomputation.

A similar ideahasbeendevelopedindependentlyby Mental Imagesin Berlin [2] aswell. As
we have not found the detailsof its algorithm, the implementation,and the resultssatisfactory
describedanywhere,we havedecidedto parallelizeandtestour own ray-tracer.

2 Implemented techniques

In the first step,we have modified the sequentialray-tracerdevelopedby our teamfor shared
memoryparallel implementation[5]. This ray-tracerwasusedasa referencefor measuringthe
speedupof parallelsolution.Althoughsimpleandwell-known approachcalled”processfarming”
[1] wasused,thealgorithmof theloadbalancingvia Internetis notequalto original solution.

1



Theimplementationfor sharedmemorymachineis simpler, becauseweneedto solve noprob-
lemsrising from differentprocessorperformances,thedifferentthroughput,andthelatency of net-
work connectingthesharedmemorycomputers.The inet-rt canimplementfewer loadbalancing
techniquesthantheray-tracerparallelizedonsharedmemory.

Algorithm outline

The algorithm for inet-rt is composedof more differentphases.At the beginning the dataare
distributed. The secondphaseis the distribution of computationload amongthe processors.In
final phasethedataarecollectedandsavedto a file.

The basic terms

Let usdefinethetermsusedin this paperfor bettercomprehension.

cluster ... themultiprocessormachinewith sharedmemory.

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

remote cluster ... the clusterwhich is not main cluster, wherethe scenedatafrom main cluster
arereceived. It only servesasthecomputationalunit for renderingandsendstheimagedata
backto themaincluster.

main master process ... theprocessin UNIX terminologyrunningon maincluster. It schedules
the loadbalancingboth for local slavesandfor processesrunningon remoteclusters.This
processis spawnedby auserat thebeginningof ray-tracing.

remote master process ... theprocessrunningon remotecluster. It servesfor schedulingof the
loadbetweenits local slaves.

local slave process ... the processrunningon main cluster. It performscomputationusingstan-
dardray-tracingalgorithm. Thelatency time for sendingthemessagebetweenmainmaster
processandlocal slave processis small.

remote slave process ... the processrunningon remotecluster, similarly as local slave process
carriesout ray-tracingalgorithm.Theremoteslave processdiffersfrom local oneby higher
latency timeneededfor communicationwith mainmasterprocess.

At thebeginningphase,themainmasterprocessis spawned. It initializesbothremotemaster
processesand its local slave processes.The remotemasterprocessesspawn subsequentlytheir
slavesprocesses(remoteslave processes).

The main masterprocessasksthe remotemasterprocessesabout,whetherthey alreadyhave
this descriptionof the sceneto be rendered,which is storedin an ordinaryfile (scenefile). The
remotemasterprocesscanhave it from ray-tracingdonepreviously. If any remotemasterprocess
doesnothave identicalscenefile, themainmasterprocesscompressescurrentversionof thescene
file by LZW methodandsendscompresseddatato correspondingremotemasterprocesses.They
receive it anddecompressit backto its original, thenthey save it to file.

After that, themainmasterprocessandremotemasterprocessesreadthedescriptionof scene
andconvert it to aninnermemoryrepresentation.They alsobuild upspatialdatastructuresrequired
for BSPtechnique.
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Figure1: Architecturefor Internetray-tracing

In ray-tracingphasethemain masterprocessassignsthepart of the imageto local slave pro-
cessesand to remotemasterprocesses.The remotemasterprocessesreassignthesepartsto its
remoteslavesprocesses.Thewholeimageis assembledin thesharedmemoryof maincluster. The
strategy of load balancingis discussedin detail in the next section. RLE compressionis usedto
transmittheimagedatafrom remoteclustersbackto themaincluster. Thebasicrequirementmade
on the compressionmethodfor inet-rt in this applicationis its speed,althoughthe compression
ratio is importantaswell. Theimageis optionallydisplayedby auxiliary processrunningon main
clusterduringtheray-tracingphase.

At final phase,whenthe whole imageis assembledin the memoryof main cluster, the main
masterprocesssavesit to the imagefile. As the laststep,thenetworkconnectionsareclosedand
all processesexit.

Load balancing

In orderto fully utilize all processorsavailablethework loadhasto bedistributedbetweenthem
regularly during thewholecomputationtime. Unfortunately, thecharacteristicsof theray-tracing
algorithmdoesnot allow to determinethecomplexity or thecostof computationfor certainparts
of an imagebeforehand.The secondproblemwith load balancingis unequal0 of the network
connectingthe supercomputerclusters(the latency [sec] and the throughput[KB/s]). The third
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problemis theloadof themachinesby processesof otherusersrunningon thesystem.
We have tried to solve this situationby dynamicloadbalancingtechnique.The main master

processcontrolsthe load of its local slave processesandthe remoteslave processesby different
ways.Thelocalslave processesguaranteetheir responsesandthereis nooverheadfor transmitting
of the imagedataand the control commandsbetweenthem and the main masterprocess.The
communicationis donelocally usingthesharedmemory.

In orderto decreasethe latency of informationexchangeamongtheclustersandto useInter-
net effectively two-level loadbalancingstrategy hasbeendesigned.The whole imageis divided
regularly into small blocks. The numberof divisionsis

���
and

���
in axis � and � respectively.

Hencethenumberof all blocksto becomputedis
���	�
���

. Theblock is theelementaryunit of
computationandcannotbefurthersubdivided.

If thenetworkhasno latency andif thethroughputof thenetworkis very high, thealgorithm
for loadbalancingis simple.We canhave oneschedulerthatassignstheblocksto becomputedto
all slaves. In Internetcomputationalenvironmentthis methodcannotbeusedany morewith good
efficiency. Let usdescribedesignedschedulingmechanism.

Themainmasterprocessfindsout thenumberof its localslaves,thenumberof remoteclusters,
andthe numberof slavesrunningon them. The main masterprocesscontrolsits local slavesby
simplemechanism,but theschedulingfor remoteclustersis moresophisticated.Themasterprocess
sendsto its slavesoneblock to eachat thebeginningof thecomputation.If theslave finishesthe
computation,thenthemasterprocessregistersthiseventandthensendsto thisslaveanew block. If
wewantto decreasethelatency andtheslave’s idle time,wecanusebuffer techniqueswell-known
from many networkprotocolsimplementations(known alsoassliding window strategy [9]). The
buffer sizedetermines,how many blocksaresentto theslavesor to the remotemasterprocesses
regardlessof any blockshave beencomputed.

In orderto efficiently loadbalanceray-tracingtherearetheindependentbuffersfor eachlocal
slave andfor eachremotemasterprocess.Thebuffersarenotspecifiedfor remoteslave processes.

Themainmasterprocessdeterminesthesizeof buffersfor all. Simplestrategy is usedfor local
slaves, the size of the buffer is set to a constant(it can be set to one, then it works aswithout
buffer). Load-balancingstrategies for remotemasterweredesigned.The principle is basedon
measurementsdoneonpreviouslydesignedmethods.Thenumberof blocksfor remotemastersfor
first messageis determinedby thesizeof thebuffer. Theblocksdefinitionsaresentin onemessage
to save thetimeat thebeginningof scheduling.

Strategies for remote masters

Following strategiesdeclaretheformulafor computationof buffer sizefor remotemasters:

C ... sizeof thebuffer for remotemasteris setto a constant at thebeginningof thecomputation.
Thebuffer sizeremainsunchangedduringthecomputation.

P ... sizeof thebuffer for remotemasteris proportional to thenumberof its slaves.It is calculated
as ���� ���

, � denotesthebuffer size,
�

is thenumberof remoteslave processesin the
remotecluster, and � is a constant.Sizeof thebuffer is not changedduringthecomputation
process.

PD ... sizeof thebuffer for remotemasteris determinedasfor P method. Besidesthe sizefor
the remotebuffers is decreased, whenthenumberof blocksreally computedandreceived
by mainmasterprocessexceedsaspecificthreshold.Thethresholdcanbetakenasa certain
percentagefrom numberof all blocks,for example70%.

PDZ ... this strategy copiesstrategy PD. Besides,thebuffer sizeis decreasedto zero, whenthe
numberof receivedblocksexceedsa threshold(higherthanfor PD,e.g.95%).
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Let usdescribethesituationof amainmaster, whenit hasreceivedthemessageandstill a part
of a pictureis not computed.Themastermasterprocessevaluatesanexpression� for local slave
processesandfor remotemasterprocesses.Theexpression� is computedas ��	������������� ,
where ��� denotesthenumberof blocksassignedby workingprocess,��� is thenumberof blocks
alreadycomputedby themandreceivedby mainmasterprocess,� is thesizeof buffer. Thehigher
the � , thefewerblockswaitsin buffer. Themainmasterprocesschoosesthebufferwith thehighest
� andthenext imageblock to becomputedis sentto this processregardlessof thesenderof the
lastblock received. Themainmastergivespreferenceto its local slavesover remotemasters,if �
is equalfor someof them.

The remotemasterworks similarly over thebuffersof its slave processes.It redistributesthe
blocks received from main masterprocessamongthem. The two-level hierarchydecreasesthe
latenciesduring loadbalancingprocess.Let usdescribethestrategy propertiesmadefrom obser-
vationsonmeasuredtimes:

C ... it doesnot takeinto accountthenumberof theprocessorson the remotesystem.Either
theutilization of remoteprocessorsis small,or theremotemastersareoverloadedandlocal slave
processesareidle.

P ... strategy considersthenumberof slavesin the remoteclusters.The disadvantageof this
controlsystemis thatat theendof thecomputationof animagethelocal slavesarelikely idle. The
main masterprocesswaits for imagedatasentby remoteclusters. The utilization of the remote
clustersis higherthanfor strategy C.

PD ... the remoteclustersare not so loadedduring the final phaseof the renderingand it
minimizestherisk of theoverheadtime. It is important,whenandhow thebuffer sizefor remote
masterprocessesshouldbedecreased.

PDZ ... strategy wasdoneto improvePD.Ourexperiencesbasedonmeasurementshaveshown,
thatat theendof thecomputationmainmasterstill waitsfor remotemasters.Onesolutionof this
problemis to adjustthe parametersmentionedfor PD, but it canbe never foreseenfor different
scenes.Thereforethe computationof last blocks is left to the local slave processes.The main
masterprocesscandecompressthe imagedatareceivedfrom remotemastersclustersat thesame
time.

3 Measurements

Hardware platform

Wehaveusedall threesuper-computingcentersequippedwith sharedmemorymultiprocessorma-
chinelocatedin CzechRepublic(in Pilsen,in Prague,andin Brno). All threemultiprocessorshared
memorymachineshave for oneprocessornearlyequalperformance.

Thefirst super-computingcenterin PilsenusestheAlpha-Server8400Systemmadeby Digital,
KIRKE. It is a 64-bit RISC machinewith symmetricmultiprocessing(SMP) extendibility. The
systemis equippedwith eight64-bit processorsAlpha21164/300MHz, 2 GBytesRAM memory,
4 GBytesswapspace.Theinternalbandwidthof thedatabusis 1.2GB/secandtheprocessorsare
providedwith a three-level cache.The internalcacheon thechip is 8 KB, write backsecondary
cacheis 96 KB andtertiary on boardcacheis 4 MB. Typical benchmarksfor oneprocessorare
7.43SPECint95and12.4SPECfp95.Theoperationsystemis Digital Unix.

The super-computingcentersin Pragueandin Brno areboth equippedwith Power Challenge
XL, named(HAL) (GROND) respectively. They both have 12 CPU MIPS R10000/195 MHz,
2048MB RAM, andtheswapspacewith 1x2GB,5(2)x4GBSCSIdisks. The internalbandwidth
of databusis 1.2GB/sec.Theinternalcacheis 32KB andsecondlevel cachefor eachprocessoris
2 MB. Typicalbenchmarkfor oneprocessoris 8.50SPECint95and13.1SPECfp95.Bothsystems
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run on IRIX 6.2.

Parallel library

From programmer’s point of view modified P4 library [4] hasbeenused. Latestreleaseof P4
library usesfor dynamicallocationof onesharedmemoryvariablesimple first-fit strategy with
computationalcomplexity ����� � , where � denotesthenumberof variablesalreadyallocated.This
strategy is inconvenientif the userprocessallocatesandfreesthe datamany timesasduring the
initial phasesof the ray-tracing.In sucha casethepreparationof datafor paralleltaskcanreach
several hoursin comparewith a few secondsusingstandardC allocationlibrary. Then the par-
allelism becomesmeaningless.Thereforenew allocationlibrary with computationalcomplexity
���"!#� wasimplemented,but furtherdiscussionon this topic is out of thescopeof this paper. The
time requirementsof implementedsolutionarecomparablewith standardC allocationlibrary.

Description of measurement

Our goal wasto measurerenderingtimesfor differentstrategiesandto test,whetherthe current
technologyis well suitedfor inet-rt idea.Following parametershave to bebalancedfor successful
work of inet-rtalgorithm:theperformanceof processors,thelatency, andthethroughputof thenet-
work connectingthemultiprocessorsharedmemoryclusters.If theperformanceof theprocessors
is higherthanthethroughputof Internet,thewholepictureis computedquickeron oneclusterbe-
forethescenedescriptiondataaresentto remoteclusters.If thethroughputof Internetis extremely
high andguaranteed,the inet-rt algorithmworksasthesystemwith virtual sharedmemory. The
inet-rt lies somewherebetweenthesetwo extremes.

The measurementof performanceis moredifficult thanin caseof singlesharedmemoryma-
chine. The local times of clustersare not usually synchronizedeven it can be donerelatively
preciselyusingtime servers. Thenext issueis theexpressionof speedup for heterogeneouscom-
putationalenvironment.It is usuallycalculatedasfollows:

$&%(')'+*-,-% 
. �/!)�. �0� �21

where
. �"!#� is sequentialtime and

. �0� � is thetime achievedby parallelalgorithmwith � pro-
cessors.Optimalspeedupis equalto � .

Thespeedupmustberedefinedfor heterogeneouscomputationalenvironmentsothat thedefi-
nition is morecorrect. Let us have � machinesandthe time of the taskon a given machine3 is.54 �"!#� . For wholetime

. �0�6� on
�

machinesthespeedupis computedasfollows:

$&%(')'+*-,-% 
7984;:5< .54 �/!)�
�>= . �0� �

Thespeedupcanbeevaluatedin bothrealtimeandusertimeof processes:

Real time is thetime,which is importantfor theenduser. It is a time interval from thebeginning
andto theendof thewhole computationalprocess,regardlessof the numberof processors
involved. Real time dependson the load of the system,e.i., on the numberof all user’s
processesduringtherendering.

User time is bundledwith arenderingprocess.It expressesatime,whentheprocessis active,i.e.,
whena processorperformsthecodeof theprocess.It is independentof theloadof machine.
Thisenablestocomparetheefficiency with sequentialalgorithmregardlessof otherprocesses
runningon thesamemachine,but it doesnot reflectthetransmissionof datavia thenetwork.
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Thesetof usertimesis obtained,onefor eachprocess,on eachcluster. Thebettertheloadba-
lancing,thesmallerthedifferencesbetweenthemeasuredusertimescorrespondingto ray-tracing.
The maximaltime of measurementfrom all processorsis takento computespeedup.To express
themeasureof imbalanceandthepropertiesof loadbalancingalgorithm,thechangeof theload[1]
for bothrealandusertimehasbeenused:

�	
.@?BA"CED � .@F&4HGICED

.@?BA"CED 1
where

.@?BA"CED
and

.JFK4LGICMD
is the maximalandminimal time respectively measuredby local slave

andremoteslave processesonall clusters.
If thechangeof the loadis smaller, thenthe loadbalancingstrategy is better. Thegoalof any

loadbalancingstrategy is to minimize thechangeof loadmeasuredby real time on main cluster
andto maximizethespeedup.

Scene characteristics

Two sceneshave beenusedfor testingof inet-rt. They both are standardPDF [3] ray-tracing
benchmarkdata(Balls, Tetra). We have not intendedto usemoretestingscenesbecauseour pre-
viousexperimentswith sharedmemorymachinehave shown thespeedupis roughly thesamefor
differentscenes.Thereforewe have decidedto test the algorithm on the dataset for onescene
with relatively smallcomputationtimeandfor onescenewith thecomputationtimeabout10 times
higher.

Name # of # of light # of depth HAL KIRKE HAL KIRKE
elems. sources inters.[!ON#P ] 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 27.51 28.69 32.13 28.78

Bothsceneswererenderedwith resolutionQR!OS � QT!OS pixels,onerayperpixel. Thebinaryspace
subdivision(BSP)techniquewasusedfor decreasinganumberof intersectiontests.Thefollowing
tableshowsrealandusertimesfor renderingbothscenesusingoneprocessonly. TheblocksizeisU)V � U)V

pixels(
���

=
���

=8).

4 Results

Thefollowinggraphsshow themeasurementsdoneonHAL, GROND, andKIRKE. Wehavetested
all strategiesC, P, PD, andPDZ. Strategy C andP have beenshown too ineffective. Becauseof
lack of spacewe only presenttheresultsof strategy PDZ in this paper, which have beenevaluated
asthebest.Strategy PDis a little worse,but it canreachthesameresultsin dependenceontheload
of network.ThePDZ hasbeenshown eliminatingsuccessfullythis risk of latency atfinal phaseof
thecomputation.

The graphsin Fig. 2 show the speedupon HAL. The imagesubdivision
�  ���  ���

is
changedfrom 4 to 16 with step4 andthe numberof processesis changedfrom 1 to 7 by 1. It
actuallycorrespondsthealgorithmfor sharedmemory.

Thegraphsin Fig. 3 show thespeedup,if thenumberof local slave processesis a constantand
thenumberof remoteslaveprocessesis changed.ThemeasurementshavebeenperformedonHAL
andon GROND. Unfortunately, thesupercomputersandthenetworkconnectingthemhave been
heavily loadedduringmeasurements.Thepercentagethresholdfor decreasingtheremotes’sbuffer
sizeto 2 hasbeensetto 60%andfor zeroingto 90%.

Two following graphsin Fig. 4 show thechangeof theloaduponthesameconditions.
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Figure2: Speedupfor ballsin user(left)andreal(right)timeonHAL

Figure3: Speedupfor ballsin user(left)andreal(right)timeonHAL andGROND

Wehavealsocarriedout themeasurementonthecombinationKIRKE andHAL, theresultsare
verysimilarandthereforethey arenotreportedin thispaper. Unfortunately, wehavenotsucceeded
to measureall thethreesupercomputersworkingtogether, becausesomeproblemswith Internetad-
dresstranslationto KIRKE andwith theuseof parallellibrary onthissystemencountered.Another
limitation concerningthenumberof processorshasbeencausedby limitation of systemresources.
We have beenableto testthenumberof theslavesup to thenumbersevenpercluster, evenif the
numberof processorsis twelve for HAL andGROND.

Thespeedupfor sceneballs is increasingwith thenumberof remoteslave processes,but it is
far from linear speedup.This outcomeprovesthe ideaof Internetray-tracingis applicableupon
condition that the network hassufficient throughput. The computationload of supercomputers

Figure4: Changeof the load for balls measuredin user(left)and real(right) time on HAL and
GROND
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and the load of connectingnetwork is changedduring the rendering. Measurementsperformed
for scenetetra, which have smallersequentialtime requiredfor rendering,have not broughtany
positive effect. The smallesttime achieved is not below 7.5 seconds.The computationon three
local slavesis below 7 seconds.Theresultis causedby smallratioof thesequentialrenderingtime
to thelatency timeof network.

5 Conclusions and future work

The ideaof inet-rt hasbeenimplementedandtestedin realenvironment.Theresultsof measure-
menthave shown, that currentcomputer’s technologyandthe stateof the art of the softwarefor
ray-tracingenablesto join theperformanceof supercomputerstogethervia networkwith sufficient
throughput.Thiscollaborativecomputationscheduledby two-level hierarchyloadbalancingstarts
to bemeaningfulfor imagesrenderedsequentiallylongerthanfive minutesmeasuredon configu-
rationdescribedin this paper.

In future,wearegoingto improve two-level hierarchicalmodelof loadbalancingwith analysis
of schedulingby queuingtheoryandto designstatisticallycontrolledloadbalancing.We want to
rework theparallellibrary to bemoreefficient for purposesof inet-rt andto improve thecompres-
sionanddecompressionalgorithmused.
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