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Abstract

This paper describesa new algorithm that improves the performanceof
application-controllediemandpagingfor the out-of-corevisualizationof datasets
that are on eitherlocal disks or disks on remoteseners. The performancem-
provementscomefrom betteroverlappingthe computatiorwith the pagereading
processandby performingmultiple pagereadsn parallel. Thenew algorithmcan
be appliedto mary differentvisualizationalgorithmssinceapplication-controlled
demandpagingis not speci c to ary visualizationalgorithm. The paperincludes
measurementthat shav that the new multithreadedoagingalgorithmdecreases
thetime neededo computevisualizationsby onethird whenusingoneprocessor
andreadingdatafrom local disk. Thetime neededvhenusingoneprocessoand
readingdatafrom remotedisk decreasedtby up to 60%. Visualizationrunsusing
datafrom remotedisk ranaboutasfastasonesusingdatafrom local disk because
the remoterunswere ableto malke useof the remotesener's high performance
disk array
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1 Introduction

Simulationsrun on large parallel systemsproducelarge datasets
having hundredof megabytedo terabyteof data. Theresearchers
producingthesedatasetspreferto visualizethemusingtheir per
sonalworkstations. High-end PC workstationscurrently have the
computeandgraphicspowerto performthesevisualizations How-
ever, theseworkstationsdo not have sufcient memoryto com-
pletely load large datasets,which meansthat out-of-corevisual-
ization techniqueamust be used. Thesetechniquescalculatethe
visualizationwith only a fraction of the datasetresidentin mem-
ory. In addition,mary datasetsaresolargethatthey canonly t on
central le seners. Sincemost le senersdo not have signi cant
extra CPU and memaorycapacity remoteout-of-corevisualization
is required. The availability of reasonably-priceigabitEthernet
equipmenineanghatnetwork bandwidthis notanissuefor remote
out-of-corevisualizationover local areanetworks.

One method for performing out-of-core visualization is
application-controlleddlemandpaging[1]. This is similar to the
demandpagingusedin virtual memorysystemsput it is built into
the applicationinsteadof the operatingsystem. Demandpaging
takesadwantageof thefactthatmary visualizationcalculationonly
toucha smallfractionof the dataset. For example,streamlinecal-
culationsonly usethe datasurroundinghe streamlines.

The demandpaging algorithm divides the datasetinto x ed-
sizeblocks,or pages.Whena datavalueis requestedthe paging
systemloadsthe pageif it is notresidentandthepageis cachedn
amemorypool. Thismeanghat,if the portionof thedatasetthatis
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currentlyneededtheworking set)is smallerthanthe memorypool
andalso hasbeenloadedinto memory the performanceés nearly
the sameasif the entiredatasethasbeenloadedinto memory A
userexaminingoneregion of a datasetwill oftenbe ableto load
theworking setinto memoryandtake advantageof this improved
performance.

A locally-written interactize visualizationtool hassuccessfully
useddemandbagingto allow interactie visualizationof 5to 10GB
datasetson systemswith 500MB to 1 GB of memory Datasetson
remotesystemscanbe visualizedinteractvely usingthe Network
File System(NFS)to retrieve datapages.

However, the original implementationof out-of-corevisualiza-
tion usingdemandpagingdid not try to performcomputationand
disk accessat the sametime. While the operatingsystems disk
cachingandreadaheaddid overlap disk accessand computation,
the amountof overlapwassmall. In addition, the original imple-
mentationonly had one disk requestoutstandingat a time. This
meantthatthe operatingsystemcould not optimizeuseof the disk
by reorderingherequestso reduceseekime, or by issuingconcur
rentrequestgo differentdrivesin RAID disk subsystemsFinally,
overlappingcomputationand disk accesss even moreimportant
whenthediskis accessedcrosghenetwork sincethenetwork adds
lateng.

This paperincreaseshe amountof overlap of computatiorand
disk accesseby dividing the visualizationinto a numberof tasks,
andthenrunningthetasksusingapool of workerthreads A sched-
ulerinitially runsonethreadperprocessotWhenathreadneedgo
readdatafrom disk, it is blocked, andthe schedulerallows another
threadto run. Theblockedthreadss restartedhfterthedatahasbeen
readanda processobecomesvailable. A separatgool of reader
threadsrequesidatapagesfrom the operatingsystemandwait for
therequestso complete.If the datasetis on local disk, thereader
threadsrun aspartof the application;if the datasetis on aremote
sener, thethreadsunonthatsener.

This new multithreadeddemandpaging algorithm has several
adwantagestherthanits increasedperformance. First, a visual-
izationalgorithmmustonly be parallelizedfor it to take adwantage
of the overlappeddisk accessand computation.This modi cation
is usefulin itself, and may have alreadybeenperformed. This is
anadwantageover out-of-coretechniqueshatrequirethevisualiza-
tion algorithmto be modi ed for that speci ¢ technique[2, 3, 4].
A secondadwantageis thatdemand-pagingechniquesrenot tied
to a particularvisualizationalgorithm; instead,they canbe used
to accelerate numberof visualizationalgorithms.Datastructures
proposedo enableout-of-corevisualizationof speci ¢ visualiza-
tion techniqueg2, 3, 4]. could be adaptedo usedemandpaging
andalsobeacceleratedsingthetechniqueslescribedn thispaper

The new algorithmwas designedso that it is compatiblewith
time-critical visualization[5], which is wherethe time to compute
avisualizationis limited to guarantee speci ed framerate. With
time-critical visualization,eachvisualizationobjectstopsits com-
putationafterits time budgethasbeenexceeded.To do this, each
objectmusthave a fairly accuratesstimateof the CPUtime used.
SomeoperatingsystemssuchasUnix, recordthe amountof CPU



time thata threaduses but the granularityof the CPU time is too
coarsefor interactive visualizationapplications. Instead,because
thealgorithmonly schedule®nethreadperprocessqrandbecause
most systemshave a high-resolutionreal time clock, the amount
of elapsedwall-clock time shouldbe anacceptabl@stimateof the
elapsedCPUtime. We hopeto extendour out-of-corevisualization
implementatiorto supportime-criticalvisualizationin thefuture.

2 Related Work

In additionto demandpagingalgorithms,out-of-corevisualization
algorithmsinclude streamingalgorithmsandindexing algorithms.
Streamingalgorithmsreadthe entiredatasetby readingit in pieces
thataresmallenoughto t into memory Onceonepiecehasbeen
broughtinto memory the computationis run over that portion of
the data. Furtherpiecesare readand processedintil the visual-
ization hasbeencomputedfor the entire dataset. Law et al. [6]
describes generalarchitecturehatstreamsatathrougharbitrary
visualizationpipelines.The UFAT batchvisualizationprogram([7]
alsoperformsstreamingon time varying datasets.Whenthevisu-
alizationonly accessea small fraction of the dataset, streaming
algorithmsthat do not avoid readingall of the datacanbe slower
thana demandpagingalgorithm.

Thesecondypeof out-of-corevisualizationalgorithmss index-
ing algorithms.Mary indexing algorithmshave beendescribedor
isosurhcecomputation3, 4, 8, 9, 10]. Thesealgorithmsprecom-
puteanindex thatidenti es the portionof thedatathatis necessary
to computetherequestedisualization.Forisosuricecomputation,
the index identi es which cells containportionsof the isosurfice.
Onedisadwantageof mary index algorithmsis that their index is
speci ¢ to thevisualizationalgorithm.

Some non-visualizationout-of-core algorithms have similari-
ties to this work. Flight simulation[11] and walk-throughalgo-
rithms[12] storetheir geometryon disk, andonly keepthegeome-
try whichis insidethe viewing frustumresidentn memory These
algorithmscan hide the disk latengy by prefetchingthe geometry
thatwill soonmove insidethe viewing frustum. The prefetchingis
possiblebecausehe viewer's expectedposition canbe computed
by extrapolatingthe users positionfrom the last few viewing po-
sitions. Thesealgorithmscannotbe usedfor computingvisualiza-
tions becauseahereis no conceptof a viewing frustumduring the
visualizationcomputatior{13].

3 Application-Contr olled Demand Paging

The basicideaof demandpagingfor visualizationstartswith log-
ically breakingthe datasetinto x ed size pages. Whena le is
openedpnly enoughheadeiinformationis readto setup the data
structureswhich track the pagesthat have beenloadedinto mem-
ory. Whena datavalueis neededduring a visualizationcomputa-
tion, the associate¢pagenumberis rst computed.If the pageis
in memory therequestedialueis returned.Otherwise memoryis
allocatedfor the page the pageis read,andtherequestedaluere-
turned.Becausaheimplementatiorusesa x ed-sizememorypool
for pagestorage allocatinga pagewhenthe pool is full involves
reallocatingor stealing the memoryusedby anothempage.
Thetechniqueusedfor dividing the datasetinto pagesmpacts
the performance.This papers implementatiorusesa cubedpage
format for pagingstructuredgrid les (unstructuredgrids are not
currentlysupported) Theoriginal 3D arraysof dataarebrokeninto
aseriesof pagesgeachpagecontainingan8x8x8cube,or 2 KB, of
theoriginal data.Using a cubeof datainsteadof the original array
orderreducesthe numberof pagesthat mustbe readbecauseif
the original datawas simply broken into pageswithout changing
the layout, eachpagewould containa planeor slab of data. For

mostdirectionsof traversal,a larger fraction of the datain a page
is usedwhentraversinga cubeof datainsteadof a planeof data.
Experimentshav thatusingcubesnsteadf planesof datareduces
the amountof datathatmustbe readby abouthalf. The pagesize
shouldbethe bestcompromiseébetweerhaving large pageswhich
decreasethe costof readingeachbyte, and smallerpageswhich
retrieve asmalleramountof unnecessargata. The 8x8x8pagesize
had the bestperformancen experimentsdescribedn the earlier
demandpagingpaper1].
The cubedpageformatrequiresthat les be corvertedto a new
le formatbeforethevisualizationprocess For thethreedatasets
describedn Section6, their converted les would requireanaddi-
tional 19 to 30% of storagdf partially- lled pageswerepaddedo
thefull pagesizewhenwrittento disk. Becausel9%of alarge le
is still large, partially lled pagesarenot paddedon disk. These
pagesareexpandedo full sizewhenthey areloadedinto memory
to allow therun-timedataaccessodeto besimplerandfaster
Whena nev pagemustbe readwhenthe memorypool is full,

an existing memoryblock mustbe stolen. The pagingmoduleal-
locatesa block that has not beenusedrecently by associatinga
refeencedbit with every pagein memory Thereferencedit is set
whena pageis referenced.When a pagemustbe stolen, the in-
memorypagesarescannedo locateonewith a clearedreferenced
bit. Thereferencedit of a pageis clearedasit is examineddur
ing the scanningwhich meansthat a pageis reallocatedf it has
not beenaccessedftertwo scanningpassefhiave completed.This
algorithmwasadaptedrom similar onesusedfor virtual memory
pagereplacemenin operatingsystemg14].

3.1 Field Encapsulation Library

The pagingsystemis partof the Field Encapsulatioriibrary [15].
Thislibrary encapsulatethemanagemenif eld datafor different
grids, suchasregular, structuredcurvilinear multiblock, and un-
structuredgrids. It providesa grid-independeninterfaceby plac-
ing all the grids typesin a C++ classhierarchyand using poly-
morphismto direct requestdo the correctfunctionsat run time.
Becausgagedgridsand elds arealsode ned in this classhierar
chy, visualizationalgorithmsdo not needto bemodi ed to perform
out-of-corevisualization.Instead they simply accesslataasif the
entire datasetwas loadedinto memory and the demandpaging
systemloadsdataasrequired.

FEL retrievesdatafrom thepagingsystemeithervertex atatime
or a2x2x2groupof verticesatatime. Eachrequestanbefor all or
partof the data(coordinatessolutiondata)storedat the vertex or
cell vertices.Being ableto retrieve multiple valueswith onefunc-
tion call reduceghecostof translatingthei, j, k lattice coordinates
to pagenumberand offset. One consequencef this interfaceis
that a singleretrieval requestcan causea numberof pagesto be
readif multiple valuesarerequestedr a 2x2x2 requesffalls on a
pageboundary

4 Multi-Threaded Demand Paging

The multi-threadeddemandpagingalgorithm haltsa computation
whenit requiresa pagethatis not residentandattemptgo run an-
other computationwhile the pageis beingread. This is doneby
usinga simple, high-level multitaskinglibrary calledthe Abstract
Multitasking Library (AML).

An applicationusesAML to computea visualizationby creating
a numberof tasks. Typically, eachtask representa completeor
partial visualizationobject, suchasa single streamlineor a single
grid surface.Eachtaskis a C++ objectthatholdsenoughinforma-
tion to identify thework to be done,andhasa methodthatis called
to do the computation. For example, the task object might hold
pointersto a streamlines seedpoint andthe velocity eld within



which the point will be integrated,andde ne a functionthatcalls
anexisting streamlingntegrationfunction.

Oncetheapplicationcreateghetasks,it placeshemin anAML
taskgroup, which is a simplelist of tasks. Then,the application
usesAML to initialize a pool of worker threadsandtells AML to
usethe pool to computethe visualizationsin the task group. At
thestartof thecomputationAML rst assignsataskfrom thetask
groupsto eachthreadandstartsthethreadsunning. Onethreadis
startedfor eachprocessothatwill beused.Eachthreadthenworks
independentlyn its assignedaskuntil it nishes thetaskor nds
thatthe it needsa pageof datathatis not memoryresident. If a
thread nishes thetask,it usesAML to nd anothertaskin thetask
groupto compute.lf athreadneedsa pageof data,it requestghat
thepagebereadby areadeithreadhis processs describedelaw.

After placingthe readrequestin the queue,the threadseesif
anotherthreadis waiting to getuseof a processor If so, the rst
threadwakesup the otherthreadbeforegoingto sleep.Otherwise,
if thereis nowaitingthreadthe rst threadwill checkto seeif there
areremainingtasksin thetaskgroupaswell asanidle threadin the
threadpool. If thecheckssucceedthe rst threadwakesuptheidle
threadbeforegoingto sleep.The previously idle threadthenstarts
work on thenext taskin thetaskgroup.

The algorithmjust describeds a threadschedulerit is similar
to the onesbuilt into operatingsystems. The schedulerattempts
to keeponethreadrunning on eachprocessoby only having one
threadper processoiin a runnablestate;that is, one threadthat
is not blocked. This meansthat a threadis not always immedi-
atelyrestartedhftera pageis readfor it. Thethreadis immediately
restartedf the scheduleseesthattherearefewer runningthreads
thanprocessorsHowever, if every processohasa threadto run,
thenow-ready-to-rurthreadis placedin aqueueto wait until apro-
cessobecomesvailable.

The schedulerdoesnot useary specialoperatingsystemfunc-
tionsto managets pool of worker threadsinsteadjt usesstandard
interprocescommunicationmechanismssuch as condition vari-
ables.If athreadis to be blocked, it waitson a conditionvariable,
which causedt to stopexecution.The schedulingnechanisndoes
assumethat, if only onethreadper processoiis not blocked, the
operatingsystemis smartenoughto run eachof the threadson a
separatgrocessar Our experienceis that this works reasonably
well on Irix systemsf the sproc threadinglibrary is used. The
pthreadsmultitaskinglibrary giveslower performanceA possible
explanationfor thelow performancaes that,if the pthreadpackage
doesits own threadschedulingoutsidethe kernel (asis typical),
the pthreadsscheduleinteractsunfavorably with the AML sched-
uler. However, we have not yet fully exploredall of the pthreads
schedulingpptions.

4.1 Parallelizing Demand Paging

The parallel pagingalgorithm hasa few differencesfrom the se-
rial pagingalgorithmdescribedabore. The changedall in three
catgories:

Page access Eachaccesdo a pageto retrieve datamustbe
doneatomically Otherwise,one threadcould verify that a page
was present,a secondthreadcould stealthat page$ storageand
reada new pageinto it, andthenthe rst threadcouldretrieve the
new pages databy mistale. The problemis eliminatedby serial-
izing accesdo the pagewith a mutualexclusionlock. However,
allocatingone lock per pagein the le is impracticalsincethere
may betensor hundredsf millions of pagesmappedat once,and
sproc locksuseabout150 byteseach. Instead the implementa-
tion usesonelock for a groupof 48 to 80 pagesdependingon the
typeof le. Limited experimentdndicatethatthe numberof pages
perlock is not a critical parameterdoublingthe numberof pages
perlock lowersthe performancdyy about3%.

Readinga page Whenathread nds thata pageis not present,
it nds memoryfor the page,andthen,insteadof readingthe page
from disk, it putsarequesfor the pageto bereadinto a queue.If
thethreadneedamorethanonepage,it allocatesmemoryandputs
arequesinto thereadqueuefor eachpage.Then,thethreadwaits
for thereadsto be completed.

A separatgool of readerthreadstakes requestdrom the read
queue readsthe page,andunpacksthe pageif necessaryWhena
readerthread nishes aread,it checkswhetherall of the worker's
requesthave beencompletedlf so,theworkerthreads restartedf
the scheduleindicatesthata processois available,andthethread
is markedas”readyto run” otherwise.

Corner cases The pageallocationcodeneedsto be modi ed
to insurethatonly onethreadallocatesa pageat a time usingboth
alock for scanningthe pagetable and the perpage-groudocks.
Also, the pagereadingcode must handlehaving more than one
worker requesthe pageat the sametime. Thisis handledby keep-
ing alist of pageshatarebeingread,andcheckingthe list before
addingarequesto thereadqueue.

4.2 Remote Demand Paging

Remotedemandbagingcould be performedusinga distributed le
system,suchasthe Network File System(NFS). However, NFS
provides lower performancethan a specializedpaging sener, as
shawvn belov. Onereasorfor thelower performancef NFSis that
it only sendsblocksthat are alignedon regular block boundaries.
Becausepaged les have arbitrarily sizedpages the protocolwill
returnmore datathanis necessaryln addition,someNFS imple-
mentationgnay requiremorecontet switchesandcopying of data
comparedto what can be achiezed with a specializedclient and
sener.

Theremotepagingsener is a simpleapplicationthatcommuni-
cateswith thelocal paginglibrary usinga TCP soclet. The sener
supportsthreeprimary operations:Open,which opensa le and
returnsa le handle;Readwhichreadsandreturnsdatagivena le
handle anoffset,andsize;andClose whichcloseghe le speci ed
by a le handle.Thesenerdoesnot supportwriting.

Whenaworkerthreaddiscoversthata pagefrom aremotepaged
le isnotmemoryresidentjt putstherequestn thereadqueueand
alsosendsa readrequesto the remotesener. The remotesener
applicationhasa pool of readerthreadghatconstantlytake incom-
ing readrequestgrom the soclet, performthereadsandreturnthe
requestediatavia the soclet. The readerthreadsserializeread-
ing andwriting to andfrom the soclet usinga pair of semaphores.
A singlelocal readerthreadwaits for resultscomingfrom the re-
motesener, andmatcheshereturneddatato a requesin theread
gueue.Then,thethreadreadshedatafrom the soclet andunpacks
the pageif necessaryThe nal stepis to wake up the requesting
workerthreadif aprocessois available.Becausé¢heresponsesan
comebackin ary order eachrequestaindresponséiasa sequence
numberidentifyingit.

To allow reasonabl@erformancethe TCP soclet musthave the
TCP_.NODELAY optionenabled.If the optionis not enabledthe
performanceon Irix systemds muchlower. This happendecause
the TCP protocolcodewill hold on to a readrequesimessagéor
awhile dueto a desireto combinemultiple small messagemto a
singlelargeone.

5 Implementation

Thelocalandremotedemandpagingalgorithmgustdescribechave
beenimplementedn bothinteractive andbatchvisualizationappli-
cations. While mostuserswill usethe interactve application,the
timing runsdescribeelonr useda batchvisualizationapplication
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Figure2: F18timings usingdatafrom local disk andfour proces-
Sors.

called batchvis . We usedthe batchapplicationbecauset al-
lowed performancedatato be recordedfor the samevisualization
undera numberof differentconditions.However, becausd¢he data
setis traversedonly once,this is a worst-casescenaridfor out-of-
corevisualizationusingdemandpaging:thereis no chancefor the
dataset’s working setto be entirely loadedinto the cacheof data
pages.

Thebatchvis applicationuses~EL andtheVisTech[16] visu-
alizationlibrary. This applicationallows the userto computea set
of visualizationsfor eachtime stepin the visualization. The pro-
gram currently supportsparticle tracing (streamlines streaklines,
andpathlines)aswell asthe extractionof surfacesof thegrid. Ad-
ditional visualizationmethodswill be supportedn thefuture. The
visualizationscan be optionally colored by using one of several
standardunctionsof the eld.

A non-threadedersionof FEL andbatchvis  canbe created
usingcompiletime ags thatreplacethe threadedbortionsof the
codewith theoldernon-threadegersions.Theserialversionof the
remotepagingcodeis similarto theparallelversion but only allows
synchronousequestso thesener. The experimentdescribede-
low give timingswith this versionto shav theimprovementsueto
thenew algorithms.Thethreadedsersionof batchvis  usesSGI
sproc -style threadsinsteadof the pthreadspackagebecausehe
formergivesbetterperformance.

Becausehe currentremotepagingsener is a prototype,it does
not implementsecurity We expectthataddingsecuritywould not
be dif cult sincethe sener only usesa single TCP/IP soclet for
communication.
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Figure3: F18timingsusingdatafrom remotedisk andoneproces-
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6 Experimental Methodology

We evaluatedhemulti-threadedlemandpagingalgorithm's perfor
manceby measuringhe time requiredto computea visualization
for severaldifferentcon gurations.Theperformancevasmeasured
for differentdatasets,differentlocationsof the data(local or re-
mote),andfor differentalgorithmparameters.

The experimentswere run on older systemghat have approxi-
matelythe sameperformancehat canbe achiered with a modern
fully con guredhigh-endPCsystem.Thevisualizationsverecom-
putedon an SGI Onyx with 4 196 Mhz R10000processorsand 1
GB of memory Local dataresidedon a 4-disk stripeddisk array
Thesedisksarefairly old, which meansthat their performanceas
low: 12.5MB/secfor large, sequentiateadsusingdirectl/O. Re-
mote datawas sened by an SGI Onyx with 8 196 Mhz R10000
processorand5 GB of memory Theremotedatawasstoredon a
olderRAID diskarraythathasa peaksequentiaperformancef 25
MB/sec. This large systemwasusedasa le senerbecausét was
the only systemwith sufcient disk spacethat could be dedicated
to runningperformancexperiments.

Theremotesener's large memoryandprocessocon gurations
werelargely unusedduringtherunssincevery little processingvas
necessaryandbecausell of the machinedadtheir operatingsys-



Number | Grid | Solution | Total | Amount
Data of Time | Size Size Size Read
Set Steps | (MB) (MB) (GB) (MB)
SSLIV 1 2546 318.3 0.56 45.8
F18 150 27.0 33.7 4,97 99.6
Harrier 1600 55.1 68.9 107.7| 8745

Tablel: Datasetstatistics. The sizesincludeboththedataand le
headers.

tem's le cache ushed beforeeachrun. The cachewas ushed
by runninga programthat allocatedas muchmemoryaspossible,
which takesmemoryaway from the le cache,andthenreadinga
different,large le in randomorder In addition,multiple copiesof
the SSLV andF18datasetswereplacedontheremotesener. Con-
secutve runsrotatedthroughthe datasetcopies. All of the runs
useda200MB memorypoolto hold datapages.

Thetwo systemsvereconnectedyy an800Mbit/secHIPPITCP
network. While HIPPI networks arefairly exotic, the performance
shouldbe similar on the morecommonGigabit Ethernetsincethe
remoteprotocoldoesnot useHIPPI's large paclet capability The
priceof GigabitEthernethasdecreasetb the pointwhereit canbe
deployedto individual researches workstations.

We usedthe three datasetsshawvn in Figures8 to 10 for the
performanceaimings. Tablel containsstatisticsaboutthe datasets.
Thedatasetsare:

SSLV. Thisdatasetis the SpaceShuttleLaunchVehicle ying at
Mach 1.25. This steadysimulationwascomputedn orderto have
a moreaccuratesimulationof the shuttleaerodynamicg€ompared
to earliersimulationsandenablednoreaccurateengineeringanal-
yses. The visualizationcontainsseveral streamlineshaving the
air ow betweerthe externaltank, the solid rocket boosterandthe
orbiter Thestreamlinesrecoloredby thelocal densityvalue.

F18. TheF18datasetshavstheF18 ying ata30-dgreeangle
of attack. The simulationwasperformedto analyzetheinteraction
of thevortex formedover the leading-edgextensionwith the ver
tical stabilizer The visualizationinjectsparticlesinto the centerof
thevortex, andcolorsthemaccordingto thelocal densityvalue.

Harrier . TheHarrierdatasetshavstheHarrier ying slowly 30
feetabove the ground. The simulationis part of researchinto the
causeof oscillationsseenwhenthe jet is ying atthis level. The
visualizationshawvs particlesinjectedinto the jet exhausts which
shaws the structureof the groundvorticescreatedby the exhaust.
Theparticleswereinjectedevery third time stepto reducethecom-
putationrequirementsandarecoloredaccordingto thelocal pres-
sure. Becauseahe workstationusedfor the local runsdid not have
sufcient diskspaceo holdtheHarrier, only runsusingremotedata
accesareshavn belav. Also, becausehevisualizationtakesover
an hourto compute fewer performanceaunswere measuredvith
theHarrier

Differentsetsof runsexploredthefollowing variables:

Data setaccess Runsaccessing local copy of the datashav
the performanceof the local demandpagingalgorithm. Different
runscomparedhe performancef accessingemotedatausingthe
custompagingprotocolandthe standardNFS protocol.

Number of processors Somerunsshav the basicperformance
of the algorithms,whenthey arerun on a single processor Other
runs usedall four of the systems processorswhich shaws the
amountof speeduppossible. It would be unreasonabléo expect
linear speedupdecausehedisk andnetwork performancedlid not
change.The singleprocessorunsusedthe Irix runon command
to restrictall threadsto a singleprocessor

Number of reader and worker threads Differentruns shav
how theamouniof computatioranddiskaccesgoncurreng affects
performance.
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Figure5: SSLV timingssummary The 1- and4-CPUvaluesarefor
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16 readerthreadsand8 worker threadgperprocessor
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Figure7: Harriertimings summary The 1- and4-CPUvaluesare
for 16 readerthreadsand8 worker threadper processor

7 Results

The detailedresultsare shavn in Tables2 to 4. All of the tim-
ingsarefrom singlerun, which meangun-to-runvariationsareex-
pected.

Figuresl to 4 shawv thegeneraberformancérendswith the F18
whenthe numberof readerandworker threadsarevaried.

The generalrendsfor the othertwo datasetsaresimilar. These



Table4: Harriertimings,in minutes.Key: WT = worker threads.

1 Processor 4 Processors
Data Serial || Num. Numberof Readeimhreads Num. Numberof ReaderThreads
Access WT 1 1T 41 8 16] 24 WT 1 7 4 8 116 ] 24
1 33.8[ 342 344 34.2| 34.6 4 33.3] 255 218 21.1 [ 20.9
Local 30.1 4 3451266 227 215| 21.6 16 35.0] 25.8] 219 195 18.7
8 3491 26.3| 225 20.1| 19.7 32 35.2] 256 216 19.8| 18.8
Remote 1 68.7| 72.3] 68.6 | 60.3 | 73.1 4 63.8 | 63.3| 58.3| 66.1 | 64.9
via 55.0 4 595]69.3| 664 64.8| 67.8 16 69.7| 585 715 63.2 | 61.6
NFS 8 729] 650] 615 56.8| 67.4 32 7141688 715 66.6 | 55.2
Remote 1 416 43.2| 43.4] 436 | 459 4 4451 35.3] 30.7] 29.2 | 29.6
via 56.7 4 4111 323|271 25.2] 254 16 4281 33.7] 29.0] 26.5| 25.1
Sener 8 3541|2741 23.3| 21.2| 20.9 32 4281 3411 29.2] 26.8| 26.3
Table2: SSLV timings,in secondsKey: WT = worker threads.
1 Processor 4 Processors
Data Serial || Num. Numberof ReaderThreads Num. Numberof ReadeiThreads
Access WT 1 1 4] 8 16 ] 24 WT 1 ] 4] 8 [16] 24
1 165 163 ] 159 | 161 | 161 4 127 ] 119 | 93.2| 87.8| 87.2
Local 146 4 138 | 131 | 107 | 99.6 | 100 16 125] 113 | 86.8| 75.4| 74.8
8 133 ] 123 | 101 | 94.4| 95.0 32 125] 113 | 86.4| 76.0| 75.2
Remote 1 240 | 223 | 224 | 225 | 226 4 168 | 168 | 168 | 165 | 164
via 217 4 201 200 195 | 193 | 192 16 1771 177 | 173 | 169 | 169
NFS 8 197 ] 195| 188 | 209 | 184 32 1781 178 | 175 | 171 | 170
Remote 1 1721 175] 171 ]| 168 | 171 4 114 ] 106 | 86.6 | 83.7 | 85.2
via 187 4 1281 119 | 102 | 97.2 | 96.9 16 104 | 95.7| 76,5 | 77.1 68.7
Sener 8 120 | 114] 96.8| 91.8| 91.4 32 109 ] 99.3| 78.8| 71.8 | 69.8
Table3: F18timings,in secondsKey: WT = worker threads.
1 Processor 4 Processors
Data Serial || Num. | Num. ReadefThreads|| Num. | Num. Readefhreads
Access WT 1 [ 8 | 16 WT 1 [ 8 | 16
Remote 1 264 267 275 4 174 181 170
via 225 4 231 234 226 16 165 171 159
NFS 8 219 223 207 32 166 173 159
Remote 1 225 233 229 4 123 116 90.7
via 227 4 187 181 150 16 108 103 78.5
Sener 8 173 167 146 32 109 105 77.4

chartshave curvesfor constanhumbersf worker threadperpro-

cessar This meanghatthe curvesin the 1-processochartsarefor

1, 4, or 8 worker threads andthe curvesin the 4-processocharts
arefor 4, 16, or 32 worker threads.

Increasinghe numberof worker or readerthreadsgenerallyin-
creasegshe performancenvhenthe datasetis on local disk or ac-
cessedria the customsener. This resultshavs thatincreasinghe
amountof concurreng thatis availableto the nev multithreaded
paginglibrary increaseshe performanceup to a point. However,
whenremotedataareaccessedising NFS, increasingthe number
of readerthreadsdoesnot increaseperformance. Increasingthe
numberof workerthreadsappearso slightly increaseperformance.

The chartsshav that 8 worker threadsper processotis only
slightly fasterthan using 4 worker threads. Increasingthe num-
ber of worker threadsfurtheris unlikely to increaseperformance.
Using 24 readerthreadsinsteadof 16 readerthreadsdoesnot al-
ways increasethe performanceseeTables2 to 4). Overall, the
bestalgorithm parametersre 8 worker threadsper processoand
16 readerthreads. Theseparametergive good performanceand
minimizethe total numberof threads.Sincearealimplementation
would have to use x ed parametersthe following discussionswill
only considettimingswith theseparameters.

Figures5 to 7 have timingswith theseparametershatallow the
differentalgorithmsto be compared. The comparisorresultsfall
into threecateories:

Local data performance The new threadinglibrary substan-
tially decreasethe executiontime whenthe datasetresideson lo-
caldisk. If only oneprocessois usedthetime takenis athird less
thanthe time neededby the serialimplementation. The run time
decreasewhenfour processorareusedwith the F18to nearlyhalf
the serialtime. This shavs that thesemultithreadingtechniques
will make gooduseof multiprocessosystemsf thereis sufcient
diskbandwidth.Thetime doesnotdecreasevith the SSLV because
that visualizationonly requires3 CPU-secondsf computation—
thebulk of thetimeis spentwaiting for data.

Remotedata performance Therunsthataccessedemotedata
usingthe demandpagingsener weresubstantiallyfasterthanary
of the serialrunswith the demandpagingsener or ary of theruns
thatretrieveddatausingNFS.WhenoneCPUwasusedthepaging
sener runstook between35% (for the Harrier) and 60% (for the
SSLV) lesstime thanthe fastestl-CPUNFS or serialruns. Runs
usingthe demandpagingsener and4 CPUswereeven fasterwith
the Harrier and F18. The 4-CPU SSLV run was slightly slowver
sincetherewas no needfor the additional processorsand using



additionalprocessorsasincreaseaverhead.

Remotedata versuslocal data. Onesurprisingresultwith the
remotetimings is that the remoteruns using the demandpaging
senerwereaboutasfastasthe correspondingdpcal dataruns. This
canbeexplainedby the higherperformancealisk subsystenon the
remotesener: it hasa RAID arraywith multiple disk drives,while
thelocal disk subsystenhasonly four stripeddisks. This speedup
will likely beseenin productionusageof threadediemandpaging
becauseentral le senersusuallyhave abetterstoragesystemnthan
apersonalvorkstation.

8 Summary and Future Work

This paperhas describedan approachthat improves the perfor
manceof application-controlledlemandpagingfor out-of-corevi-
sualizationby better overlappingthe computationwith the page
readingprocess. It doesthis by using a pool of worker threads
that performthe visualizationcomputationanda separatgool of
readerthreadsto performthe pagereads. A schedulingmodule
manageshe worker threadsso thatonly oneworker runs per pro-
cessar Measurementshav that the multithreadedpaging algo-
rithm decreasethe time neededo computevisualizationsby one
third whenusingone processorlandreadingdatafrom local disk.
Thetime neededvhenusingone processoandreadingdatafrom
remotedisk decreasetly betweerB5%and60%,in partdueto the
high performanceof theremotesener's disks. Finally, the new re-
motepagingalgorithmwassubstantiallyfasterthanusingNFS for
remotepaging.

The performanceéncreasesiescribedn this papemmale out-of-
corevisualizationusinglocal andremotedemandpagingmore at-
tractive. The increasedspeedwill allow researchers$o visualize
evenlargerdatasetsusingtheworkstationson their deskinsteadof
having to go down the hall to a large sharedvisualizationsystem.
Furthermoretheincreasegerformanceof remotedemandpaging
will allow researcherso more quickly visualizedatasetson their
personalvorkstationghataretoo large to be storedon their work-
stations disk.

Onedirection of future work would be run experimentsusing
100 Mbit/secFastEthernetinsteadof HIPPI. The runsshovn here
readdataat an averagerate that could be handledwith FastEth-
ernet,at most2.2 MB/sec. However, the peakrateis undoubtedly
higher A seconddirectionwould be to implementan interactve
time-critical visualizationsystemin orderto gaugethe effective-
nessof the time-critical supportbuilt into the newv multithreaded
pagingalgorithm.A third directionwould beto evaluatethe perfor
manceof remotedemandpagingover a wide areanetwork instead
of over alocal areanetwork. Finally, over the next few weeksre-
searcher our divisionwill be exploring the limits of out-of-core
remotevisualizationby usingthesenew techniquedo visualizea
oneterabytedataseton personalvorkstations.
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Figure9: Visualizationof the SSLV dataset.

Figure10: Visualizationof the F18dataset.



