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Abstract

This paper describesa new algorithm that improves the performanceof
application-controlleddemandpagingfor theout-of-corevisualizationof datasets
that areon either local disks or disks on remoteservers. The performanceim-
provementscomefrom betteroverlappingthecomputationwith thepagereading
process,andby performingmultiplepagereadsin parallel.Thenew algorithmcan
beappliedto many differentvisualizationalgorithmssinceapplication-controlled
demandpagingis not speci�c to any visualizationalgorithm. Thepaperincludes
measurementsthat show that the new multithreadedpagingalgorithmdecreases
thetime neededto computevisualizationsby onethird whenusingoneprocessor
andreadingdatafrom local disk. Thetime neededwhenusingoneprocessorand
readingdatafrom remotedisk decreasedby up to 60%. Visualizationrunsusing
datafrom remotedisk ranaboutasfastasonesusingdatafrom localdiskbecause
the remoterunswereable to make useof the remoteserver's high performance
disk array.
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This paperdescribesa new algorithm that improves the perfor-
manceof application-controlleddemandpagingfor theout-of-core
visualizationof datasetsthatareon eitherlocal disksor diskson
remoteservers. The performanceimprovementscomefrom bet-
teroverlappingthecomputationwith thepagereadingprocess,and
by performingmultiple pagereadsin parallel. Thenew algorithm
can be applied to many different visualizationalgorithmssince
application-controlleddemandpagingis not speci�c to any visual-
izationalgorithm.Thepaperincludesmeasurementsthatshow that
thenew multithreadedpagingalgorithmdecreasesthetime needed
to computevisualizationsby one third whenusingoneprocessor
and readingdatafrom local disk. The time neededwhen using
oneprocessorandreadingdatafrom remotedisk decreasedby up
to 60%. Visualizationrunsusingdatafrom remotedisk ranabout
asfastasonesusingdatafrom local disk becausetheremoteruns
wereableto makeuseof theremoteserver'shighperformancedisk
array.
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1 Intr oduction

Simulationsrun on large parallelsystemsproducelarge datasets
having hundredsof megabytesto terabytesof data.Theresearchers
producingthesedatasetspreferto visualizethemusingtheir per-
sonalworkstations.High-endPC workstationscurrentlyhave the
computeandgraphicspower to performthesevisualizations.How-
ever, theseworkstationsdo not have suf�cient memory to com-
pletely load large datasets,which meansthat out-of-corevisual-
ization techniquesmust be used. Thesetechniquescalculatethe
visualizationwith only a fraction of thedatasetresidentin mem-
ory. In addition,many datasetsaresolargethatthey canonly �t on
central�le servers. Sincemost�le serversdo not have signi�cant
extra CPUandmemorycapacity, remoteout-of-corevisualization
is required.Theavailability of reasonably-pricedGigabitEthernet
equipmentmeansthatnetwork bandwidthis notanissuefor remote
out-of-corevisualizationover localareanetworks.

One method for performing out-of-core visualization is
application-controlleddemandpaging[1]. This is similar to the
demandpagingusedin virtual memorysystems,but it is built into
the applicationinsteadof the operatingsystem. Demandpaging
takesadvantageof thefactthatmany visualizationcalculationsonly
toucha small fractionof thedataset.For example,streamlinecal-
culationsonly usethedatasurroundingthestreamlines.

The demandpagingalgorithm divides the dataset into �x ed-
sizeblocks,or pages.Whena datavalueis requested,the paging
systemloadsthepageif it is not resident,andthepageis cachedin
amemorypool. Thismeansthat,if theportionof thedatasetthatis
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currentlyneeded(theworkingset)is smallerthanthememorypool
andalsohasbeenloadedinto memory, the performanceis nearly
thesameasif theentiredatasethasbeenloadedinto memory. A
userexaminingoneregion of a datasetwill often be ableto load
theworking setinto memoryandtake advantageof this improved
performance.

A locally-written interactive visualizationtool hassuccessfully
useddemandpagingto allow interactivevisualizationof 5 to 10GB
datasetsonsystemswith 500MB to 1 GB of memory. Datasetson
remotesystemscanbe visualizedinteractively usingthe Network
File System(NFS)to retrievedatapages.

However, the original implementationof out-of-corevisualiza-
tion usingdemandpagingdid not try to performcomputationand
disk accessat the sametime. While the operatingsystem's disk
cachingandreadaheaddid overlapdisk accessandcomputation,
the amountof overlapwassmall. In addition, the original imple-
mentationonly hadonedisk requestoutstandingat a time. This
meantthattheoperatingsystemcouldnot optimizeuseof thedisk
by reorderingtherequeststo reduceseektime,or by issuingconcur-
rent requeststo differentdrivesin RAID disk subsystems.Finally,
overlappingcomputationanddisk accessis even more important
whenthediskis accessedacrossthenetwork sincethenetwork adds
latency.

This paperincreasestheamountof overlapof computationand
disk accessesby dividing thevisualizationinto a numberof tasks,
andthenrunningthetasksusingapoolof worker threads.A sched-
uler initially runsonethreadperprocessor. Whena threadneedsto
readdatafrom disk, it is blocked,andtheschedulerallows another
threadto run. Theblockedthreadis restartedafterthedatahasbeen
readanda processorbecomesavailable. A separatepool of reader
threadsrequestdatapagesfrom theoperatingsystemandwait for
therequeststo complete.If thedatasetis on local disk, thereader
threadsrun aspartof theapplication;if thedatasetis on a remote
server, thethreadsrunon thatserver.

This new multithreadeddemandpagingalgorithm hasseveral
advantagesother than its increasedperformance.First, a visual-
izationalgorithmmustonly beparallelizedfor it to take advantage
of theoverlappeddisk accessandcomputation.This modi�cation
is useful in itself, andmay have alreadybeenperformed. This is
anadvantageoverout-of-coretechniquesthatrequirethevisualiza-
tion algorithmto be modi�ed for that speci�c technique[2, 3, 4].
A secondadvantageis thatdemand-pagingtechniquesarenot tied
to a particularvisualizationalgorithm; instead,they can be used
to acceleratea numberof visualizationalgorithms.Datastructures
proposedto enableout-of-corevisualizationof speci�c visualiza-
tion techniques[2, 3, 4]. could be adaptedto usedemandpaging
andalsobeacceleratedusingthetechniquesdescribedin thispaper.

The new algorithm wasdesignedso that it is compatiblewith
time-criticalvisualization[5], which is wherethe time to compute
a visualizationis limited to guaranteea speci�ed framerate. With
time-criticalvisualization,eachvisualizationobjectstopsits com-
putationafter its time budgethasbeenexceeded.To do this, each
objectmusthave a fairly accurateestimateof the CPUtime used.
Someoperatingsystems,suchasUnix, recordtheamountof CPU



time thata threaduses,but thegranularityof theCPU time is too
coarsefor interactive visualizationapplications. Instead,because
thealgorithmonly schedulesonethreadperprocessor, andbecause
most systemshave a high-resolutionreal time clock, the amount
of elapsedwall-clock time shouldbeanacceptableestimateof the
elapsedCPUtime. Wehopeto extendourout-of-corevisualization
implementationto supporttime-criticalvisualizationin thefuture.

2 Related Work

In additionto demandpagingalgorithms,out-of-corevisualization
algorithmsincludestreamingalgorithmsandindexing algorithms.
Streamingalgorithmsreadtheentiredatasetby readingit in pieces
thataresmallenoughto �t into memory. Onceonepiecehasbeen
broughtinto memory, the computationis run over that portion of
the data. Furtherpiecesare readand processeduntil the visual-
ization hasbeencomputedfor the entiredataset. Law et al. [6]
describesa generalarchitecturethatstreamsdatathrougharbitrary
visualizationpipelines.TheUFAT batchvisualizationprogram[7]
alsoperformsstreamingon time varyingdatasets.Whenthevisu-
alizationonly accessesa small fraction of the dataset,streaming
algorithmsthat do not avoid readingall of the datacanbe slower
thana demandpagingalgorithm.

Thesecondtypeof out-of-corevisualizationalgorithmsis index-
ing algorithms.Many indexing algorithmshave beendescribedfor
isosurfacecomputation[3, 4, 8, 9, 10]. Thesealgorithmsprecom-
puteanindex thatidenti�es theportionof thedatathatis necessary
to computetherequestedvisualization.For isosurfacecomputation,
the index identi�es which cells containportionsof the isosurface.
Onedisadvantageof many index algorithmsis that their index is
speci�c to thevisualizationalgorithm.

Some non-visualizationout-of-core algorithms have similari-
ties to this work. Flight simulation[11] and walk-throughalgo-
rithms[12] storetheir geometryondisk,andonly keepthegeome-
try which is insidetheviewing frustumresidentin memory. These
algorithmscanhide the disk latency by prefetchingthe geometry
thatwill soonmove insidetheviewing frustum.Theprefetchingis
possiblebecausethe viewer's expectedpositioncanbe computed
by extrapolatingthe user's positionfrom the last few viewing po-
sitions. Thesealgorithmscannotbeusedfor computingvisualiza-
tions becausethereis no conceptof a viewing frustumduring the
visualizationcomputation[13].

3 Application-Contr olled Demand Paging

Thebasicideaof demandpagingfor visualizationstartswith log-
ically breakingthe dataset into �x ed sizepages. When a �le is
opened,only enoughheaderinformationis readto setup thedata
structureswhich track the pagesthat have beenloadedinto mem-
ory. Whena datavalueis neededduringa visualizationcomputa-
tion, the associatedpagenumberis �rst computed.If the pageis
in memory, therequestedvalueis returned.Otherwise,memoryis
allocatedfor thepage,thepageis read,andtherequestedvaluere-
turned.Becausetheimplementationusesa �x ed-sizememorypool
for pagestorage,allocatinga pagewhenthe pool is full involves
reallocating,or stealing, thememoryusedby anotherpage.

Thetechniqueusedfor dividing thedatasetinto pagesimpacts
the performance.This paper's implementationusesa cubedpage
format for pagingstructuredgrid �les (unstructuredgrids arenot
currentlysupported).Theoriginal3D arraysof dataarebrokeninto
a seriesof pages,eachpagecontainingan8x8x8cube,or 2 KB, of
theoriginal data.Usinga cubeof datainsteadof theoriginal array
order reducesthe numberof pagesthat must be readbecause,if
the original datawassimply broken into pageswithout changing
the layout, eachpagewould containa planeor slabof data. For

mostdirectionsof traversal,a larger fractionof thedatain a page
is usedwhentraversinga cubeof datainsteadof a planeof data.
Experimentsshow thatusingcubesinsteadof planesof datareduces
theamountof datathatmustbe readby abouthalf. Thepagesize
shouldbethebestcompromisebetweenhaving largepages,which
decreasesthecostof readingeachbyte,andsmallerpages,which
retrieveasmalleramountof unnecessarydata.The8x8x8pagesize
had the bestperformancein experimentsdescribedin the earlier
demandpagingpaper[1].

Thecubedpageformatrequiresthat �les beconvertedto a new
�le formatbeforethevisualizationprocess.For thethreedatasets
describedin Section6, their converted�les would requireanaddi-
tional 19 to 30%of storageif partially-�lled pageswerepaddedto
thefull pagesizewhenwritten to disk. Because19%of a large�le
is still large, partially �lled pagesarenot paddedon disk. These
pagesareexpandedto full sizewhenthey areloadedinto memory
to allow therun-timedataaccesscodeto besimplerandfaster.

Whena new pagemustbe readwhenthe memorypool is full,
anexisting memoryblock mustbe stolen. The pagingmoduleal-
locatesa block that hasnot beenusedrecentlyby associatinga
referencedbit with every pagein memory. Thereferencedbit is set
whena pageis referenced.Whena pagemustbe stolen,the in-
memorypagesarescannedto locateonewith a clearedreferenced
bit. The referencedbit of a pageis clearedasit is examineddur-
ing the scanning,which meansthat a pageis reallocatedif it has
not beenaccessedafter two scanningpasseshave completed.This
algorithmwasadaptedfrom similar onesusedfor virtual memory
pagereplacementin operatingsystems[14].

3.1 Field Encapsulation Librar y

Thepagingsystemis partof theField EncapsulationLibrary [15].
This library encapsulatesthemanagementof �eld datafor different
grids, suchas regular, structuredcurvilinear, multiblock, andun-
structuredgrids. It providesa grid-independentinterfaceby plac-
ing all the grids types in a C++ classhierarchyand using poly-
morphismto direct requeststo the correct functionsat run time.
Becausepagedgridsand�elds arealsode�ned in this classhierar-
chy, visualizationalgorithmsdonotneedto bemodi�ed to perform
out-of-corevisualization.Instead,they simply accessdataasif the
entire dataset was loadedinto memory, and the demandpaging
systemloadsdataasrequired.

FEL retrievesdatafrom thepagingsystemeithervertex atatime
or a2x2x2groupof verticesatatime. Eachrequestcanbefor all or
partof thedata(coordinates,solutiondata)storedat thevertex or
cell vertices.Beingableto retrieve multiple valueswith onefunc-
tion call reducesthecostof translatingthei, j, k latticecoordinates
to pagenumberandoffset. One consequenceof this interfaceis
that a single retrieval requestcan causea numberof pagesto be
readif multiple valuesarerequestedor a 2x2x2 requestfalls on a
pageboundary.

4 Multi-Threaded Demand Paging

The multi-threadeddemandpagingalgorithmhaltsa computation
whenit requiresa pagethat is not residentandattemptsto run an-
othercomputationwhile the pageis beingread. This is doneby
usinga simple,high-level multitaskinglibrary calledthe Abstract
MultitaskingLibrary (AML).

An applicationusesAML to computeavisualizationby creating
a numberof tasks. Typically, eachtask representsa completeor
partial visualizationobject,suchasa singlestreamlineor a single
grid surface.Eachtaskis a C++ objectthatholdsenoughinforma-
tion to identify thework to bedone,andhasa methodthatis called
to do the computation. For example,the task object might hold
pointersto a streamline's seedpoint and the velocity �eld within
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which thepoint will be integrated,andde�ne a function thatcalls
anexistingstreamlineintegrationfunction.

Oncetheapplicationcreatesthetasks,it placesthemin anAML
taskgroup,which is a simple list of tasks. Then, the application
usesAML to initialize a pool of worker threads,andtells AML to
usethe pool to computethe visualizationsin the task group. At
thestartof thecomputation,AML �rst assignsa taskfrom thetask
groupsto eachthread,andstartsthethreadsrunning.Onethreadis
startedfor eachprocessorthatwill beused.Eachthreadthenworks
independentlyon its assignedtaskuntil it �nishes thetaskor �nds
that the it needsa pageof datathat is not memoryresident. If a
thread�nishes thetask,it usesAML to �nd anothertaskin thetask
groupto compute.If a threadneedsa pageof data,it requeststhat
thepagebereadby areaderthread;thisprocessis describedbelow.

After placing the readrequestin the queue,the threadseesif
anotherthreadis waiting to get useof a processor. If so, the �rst
threadwakesup theotherthreadbeforegoingto sleep.Otherwise,
if thereis nowaitingthread,the�rst threadwill checkto seeif there
areremainingtasksin thetaskgroupaswell asanidle threadin the
threadpool. If thecheckssucceed,the�rst threadwakesuptheidle
threadbeforegoingto sleep.Thepreviously idle threadthenstarts
work on thenext taskin thetaskgroup.

The algorithmjust describedis a threadscheduler;it is similar
to the onesbuilt into operatingsystems.The schedulerattempts
to keeponethreadrunningon eachprocessorby only having one
threadper processorin a runnablestate; that is, one threadthat
is not blocked. This meansthat a threadis not always immedi-
atelyrestartedaftera pageis readfor it. Thethreadis immediately
restartedif theschedulerseesthat therearefewer runningthreads
thanprocessors.However, if every processorhasa threadto run,
thenow-ready-to-runthreadis placedin aqueueto wait until apro-
cessorbecomesavailable.

The schedulerdoesnot useany specialoperatingsystemfunc-
tionsto manageits poolof worker threads.Instead,it usesstandard
interprocesscommunicationmechanismssuchas condition vari-
ables.If a threadis to beblocked,it waitson a conditionvariable,
whichcausesit to stopexecution.Theschedulingmechanismdoes
assumethat, if only one threadper processoris not blocked, the
operatingsystemis smartenoughto run eachof the threadson a
separateprocessor. Our experienceis that this works reasonably
well on Irix systemsif the sproc threadinglibrary is used. The
pthreadsmultitaskinglibrary giveslower performance.A possible
explanationfor thelow performanceis that,if thepthreadspackage
doesits own threadschedulingoutsidethe kernel (as is typical),
thepthreadsschedulerinteractsunfavorablywith theAML sched-
uler. However, we have not yet fully exploredall of the pthreads
schedulingoptions.

4.1 Parallelizing Demand Paging

The parallel pagingalgorithmhasa few differencesfrom the se-
rial pagingalgorithmdescribedabove. The changesfall in three
categories:

Page access. Eachaccessto a pageto retrieve datamust be
doneatomically. Otherwise,one threadcould verify that a page
was present,a secondthreadcould steal that page's storageand
reada new pageinto it, andthenthe �rst threadcould retrieve the
new page's databy mistake. The problemis eliminatedby serial-
izing accessto the pagewith a mutualexclusion lock. However,
allocatingone lock per pagein the �le is impracticalsincethere
maybetensor hundredsof millions of pagesmappedat once,and
sproc locks useabout150byteseach. Instead,the implementa-
tion usesonelock for a groupof 48 to 80 pages,dependingon the
typeof �le. Limited experimentsindicatethatthenumberof pages
per lock is not a critical parameter:doublingthenumberof pages
perlock lowerstheperformanceby about3%.

Readinga page. Whena thread�nds thata pageis not present,
it �nds memoryfor thepage,andthen,insteadof readingthepage
from disk, it putsa requestfor thepageto bereadinto a queue.If
thethreadneedsmorethanonepage,it allocatesmemoryandputs
a requestinto thereadqueuefor eachpage.Then,thethreadwaits
for thereadsto becompleted.

A separatepool of readerthreadstakes requestsfrom the read
queue,readsthepage,andunpacksthepageif necessary. Whena
readerthread�nishes a read,it checkswhetherall of theworker's
requestshavebeencompleted.If so,theworkerthreadis restartedif
theschedulerindicatesthata processoris available,andthethread
is markedas”readyto run” otherwise.

Corner cases. The pageallocationcodeneedsto be modi�ed
to insurethatonly onethreadallocatesa pageat a time usingboth
a lock for scanningthe pagetableand the per-page-grouplocks.
Also, the pagereadingcodemust handlehaving more than one
worker requestthepageat thesametime. This is handledby keep-
ing a list of pagesthatarebeingread,andcheckingthe list before
addinga requestto thereadqueue.

4.2 Remote Demand Paging

Remotedemandpagingcouldbeperformedusinga distributed�le
system,suchas the Network File System(NFS). However, NFS
provides lower performancethan a specializedpagingserver, as
shown below. Onereasonfor thelowerperformanceof NFSis that
it only sendsblocksthat arealignedon regular block boundaries.
Becausepaged�les have arbitrarily sizedpages,theprotocolwill
returnmoredatathanis necessary. In addition,someNFS imple-
mentationsmayrequiremorecontext switchesandcopying of data
comparedto what can be achieved with a specializedclient and
server.

Theremotepagingserver is a simpleapplicationthatcommuni-
cateswith thelocal paginglibrary usinga TCPsocket. Theserver
supportsthreeprimary operations:Open,which opensa �le and
returnsa�le handle;Read,whichreadsandreturnsdatagivena�le
handle,anoffset,andsize;andClose,whichclosesthe�le speci�ed
by a �le handle.Theserver doesnotsupportwriting.

Whenaworker threaddiscoversthatapagefrom aremotepaged
�le is notmemoryresident,it putstherequestin thereadqueue,and
alsosendsa readrequestto the remoteserver. The remoteserver
applicationhasapool of readerthreadsthatconstantlytake incom-
ing readrequestsfrom thesocket,performthereads,andreturnthe
requesteddatavia the socket. The readerthreadsserializeread-
ing andwriting to andfrom thesocket usinga pair of semaphores.
A single local readerthreadwaits for resultscomingfrom the re-
moteserver, andmatchesthereturneddatato a requestin theread
queue.Then,thethreadreadsthedatafrom thesocket andunpacks
the pageif necessary. The �nal stepis to wake up the requesting
worker threadif aprocessoris available.Becausetheresponsescan
comebackin any order, eachrequestandresponsehasa sequence
numberidentifying it.

To allow reasonableperformance,theTCPsocket musthave the
TCP NODELAY option enabled.If theoption is not enabled,the
performanceon Irix systemsis muchlower. This happensbecause
theTCP protocolcodewill hold on to a readrequestmessagefor
a while dueto a desireto combinemultiple smallmessagesinto a
singlelargeone.

5 Implementation

Thelocalandremotedemandpagingalgorithmsjustdescribedhave
beenimplementedin bothinteractiveandbatchvisualizationappli-
cations.While mostuserswill usethe interactive application,the
timing runsdescribedbelow useda batchvisualizationapplication

3



1 4 8 16 24

Number of reader threads

0

50

100

150

E
la

ps
ed

 T
im

e 
(s

ec
)

No threading
1 worker thread per processor
4 worker threads per processor
8 worker threads per processor

Figure1: F18timingsusingdatafrom localdiskandoneprocessor.
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Figure2: F18 timingsusingdatafrom local disk andfour proces-
sors.

called batchvis . We usedthe batchapplicationbecauseit al-
lowed performancedatato be recordedfor the samevisualization
undera numberof differentconditions.However, becausethedata
setis traversedonly once,this is a worst-casescenariofor out-of-
corevisualizationusingdemandpaging:thereis no chancefor the
dataset's working set to be entirely loadedinto the cacheof data
pages.

Thebatchvis applicationusesFEL andtheVisTech[16] visu-
alizationlibrary. This applicationallows theuserto computea set
of visualizationsfor eachtime stepin the visualization. The pro-
gram currently supportsparticle tracing (streamlines,streaklines,
andpathlines)aswell astheextractionof surfacesof thegrid. Ad-
ditional visualizationmethodswill besupportedin thefuture. The
visualizationscan be optionally coloredby using one of several
standardfunctionsof the�eld.

A non-threadedversionof FEL andbatchvis canbecreated
usingcompiletime �ags that replacethe threadedportionsof the
codewith theoldernon-threadedversions.Theserialversionof the
remotepagingcodeis similarto theparallelversion,but onlyallows
synchronousrequeststo theserver. Theexperimentsdescribedbe-
low givetimingswith thisversionto show theimprovementsdueto
thenew algorithms.Thethreadedversionof batchvis usesSGI
sproc -style threadsinsteadof the pthreadspackagebecausethe
formergivesbetterperformance.

Becausethecurrentremotepagingserver is a prototype,it does
not implementsecurity. We expectthataddingsecuritywould not
be dif�cult sincethe server only usesa singleTCP/IPsocket for
communication.
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Figure3: F18timingsusingdatafrom remotediskandoneproces-
sor.
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Figure4: F18timingsusingdatafrom remotediskandfour proces-
sors.

6 Experimental Methodology

Weevaluatedthemulti-threadeddemandpagingalgorithm'sperfor-
manceby measuringthe time requiredto computea visualization
for severaldifferentcon�gurations.Theperformancewasmeasured
for differentdatasets,different locationsof the data(local or re-
mote),andfor differentalgorithmparameters.

The experimentswererun on older systemsthat have approxi-
matelythe sameperformancethat canbe achieved with a modern
fully con�guredhigh-endPCsystem.Thevisualizationswerecom-
putedon an SGI Onyx with 4 196 Mhz R10000processorsand1
GB of memory. Local dataresidedon a 4-disk stripeddisk array.
Thesedisksarefairly old, which meansthat their performanceis
low: 12.5MB/secfor large,sequentialreadsusingdirect I/O. Re-
mote datawas served by an SGI Onyx with 8 196 Mhz R10000
processorsand5 GB of memory. Theremotedatawasstoredon a
olderRAID diskarraythathasapeaksequentialperformanceof 25
MB/sec.This largesystemwasusedasa �le server becauseit was
theonly systemwith suf�cient disk spacethat could be dedicated
to runningperformanceexperiments.

Theremoteserver's largememoryandprocessorcon�gurations
werelargelyunusedduringtherunssincevery little processingwas
necessary, andbecauseall of themachineshadtheir operatingsys-
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Number Grid Solution Total Amount
Data of Time Size Size Size Read
Set Steps (MB) (MB) (GB) (MB)
SSLV 1 254.6 318.3 0.56 45.8
F18 150 27.0 33.7 4.97 99.6
Harrier 1600 55.1 68.9 107.7 8745

Table1: Datasetstatistics.Thesizesincludeboththedataand�le
headers.

tem's �le cache�ushed beforeeachrun. The cachewas �ushed
by runninga programthatallocatedasmuchmemoryaspossible,
which takesmemoryaway from the �le cache,andthenreadinga
different,large�le in randomorder. In addition,multiple copiesof
theSSLV andF18datasetswereplacedontheremoteserver. Con-
secutive runsrotatedthroughthe datasetcopies. All of the runs
useda200MB memorypool to hold datapages.

Thetwo systemswereconnectedby an800Mbit/secHIPPITCP
network. While HIPPI networksarefairly exotic, theperformance
shouldbesimilar on themorecommonGigabitEthernetsincethe
remoteprotocoldoesnot useHIPPI's largepacket capability. The
priceof GigabitEthernethasdecreasedto thepointwhereit canbe
deployedto individual researcher's workstations.

We usedthe threedatasetsshown in Figures8 to 10 for the
performancetimings.Table1 containsstatisticsaboutthedatasets.
Thedatasetsare:

SSLV. Thisdatasetis theSpaceShuttleLaunchVehicle�ying at
Mach1.25. This steadysimulationwascomputedin orderto have
a moreaccuratesimulationof the shuttleaerodynamicscompared
to earliersimulations,andenabledmoreaccurateengineeringanal-
yses. The visualizationcontainsseveral streamlinesshowing the
air�o w betweentheexternaltank,thesolid rocket booster, andthe
orbiter. Thestreamlinesarecoloredby thelocaldensityvalue.

F18. TheF18datasetshows theF18�ying ata 30-degreeangle
of attack.Thesimulationwasperformedto analyzetheinteraction
of thevortex formedover theleading-edgeextensionwith thever-
tical stabilizer. Thevisualizationinjectsparticlesinto thecenterof
thevortex, andcolorsthemaccordingto thelocaldensityvalue.

Harrier . TheHarrierdatasetshowstheHarrier�ying slowly 30
feet above the ground. Thesimulationis part of researchinto the
causeof oscillationsseenwhenthe jet is �ying at this level. The
visualizationshows particlesinjectedinto the jet exhausts,which
shows the structureof the groundvorticescreatedby the exhaust.
Theparticleswereinjectedevery third timestepto reducethecom-
putationrequirements,andarecoloredaccordingto thelocal pres-
sure.Becausetheworkstationusedfor the local runsdid not have
suf�cient diskspaceto holdtheHarrier, only runsusingremotedata
accessareshown below. Also, becausethevisualizationtakesover
an hour to compute,fewer performancerunsweremeasuredwith
theHarrier.

Differentsetsof runsexploredthefollowing variables:
Data setaccess. Runsaccessinga local copy of thedatashow

the performanceof the local demandpagingalgorithm. Different
runscomparedtheperformanceof accessingremotedatausingthe
custompagingprotocolandthestandardNFSprotocol.

Number of processors. Somerunsshow thebasicperformance
of thealgorithms,whenthey arerun on a singleprocessor. Other
runs usedall four of the system's processors,which shows the
amountof speeduppossible. It would be unreasonableto expect
linearspeedupsbecausethedisk andnetwork performancedid not
change.Thesingleprocessorrunsusedthe Irix runon command
to restrictall threadsto a singleprocessor.

Number of reader and worker thr eads. Differentrunsshow
how theamountof computationanddiskaccessconcurrency affects
performance.
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Figure5: SSLV timingssummary. The1- and4-CPUvaluesarefor
16 readerthreadsand8 worker threadsperprocessor.
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Figure6: F18 timingssummary. The1- and4-CPUvaluesarefor
16 readerthreadsand8 worker threadsperprocessor.
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Figure7: Harrier timingssummary. The1- and4-CPUvaluesare
for 16 readerthreadsand8 worker threadsperprocessor.

7 Results

The detailedresultsare shown in Tables2 to 4. All of the tim-
ingsarefrom singlerun,whichmeansrun-to-runvariationsareex-
pected.

Figures1 to 4 show thegeneralperformancetrendswith theF18
whenthenumberof readerandworker threadsarevaried.

Thegeneraltrendsfor theothertwo datasetsaresimilar. These
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1 Processor 4 Processors
Data Serial Num. Numberof ReaderThreads Num. Numberof ReaderThreads
Access WT 1 4 8 16 24 WT 1 4 8 16 24

1 33.8 34.2 34.4 34.2 34.6 4 33.3 25.5 21.8 21.1 20.9
Local 30.1 4 34.5 26.6 22.7 21.5 21.6 16 35.0 25.8 21.9 19.5 18.7

8 34.9 26.3 22.5 20.1 19.7 32 35.2 25.6 21.6 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 59.5 69.3 66.4 64.8 67.8 16 69.7 58.5 71.5 63.2 61.6
NFS 8 72.9 65.0 61.5 56.8 67.4 32 71.4 68.8 71.5 66.6 55.2
Remote 1 41.6 43.2 43.4 43.6 45.9 4 44.5 35.3 30.7 29.2 29.6
via 56.7 4 41.1 32.3 27.1 25.2 25.4 16 42.8 33.7 29.0 26.5 25.1
Server 8 35.4 27.4 23.3 21.2 20.9 32 42.8 34.1 29.2 26.8 26.3

Table2: SSLV timings,in seconds.Key: WT = worker threads.

1 Processor 4 Processors
Data Serial Num. Numberof ReaderThreads Num. Numberof ReaderThreads
Access WT 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 16 177 177 173 169 169
NFS 8 197 195 188 209 184 32 178 178 175 171 170
Remote 1 172 175 171 168 171 4 114 106 86.6 83.7 85.2
via 187 4 128 119 102 97.2 96.9 16 104 95.7 76.5 77.1 68.7
Server 8 120 114 96.8 91.8 91.4 32 109 99.3 78.8 71.8 69.8

Table3: F18timings,in seconds.Key: WT = worker threads.

1 Processor 4 Processors
Data Serial Num. Num. ReaderThreads Num. Num. ReaderThreads
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
Server 8 173 167 146 32 109 105 77.4

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

chartshave curvesfor constantnumbersof worker threadsperpro-
cessor. This meansthatthecurvesin the1-processorchartsarefor
1, 4, or 8 worker threads,andthecurvesin the4-processorcharts
arefor 4, 16,or 32 worker threads.

Increasingthenumberof worker or readerthreadsgenerallyin-
creasesthe performancewhenthe dataset is on local disk or ac-
cessedvia thecustomserver. This resultshows that increasingthe
amountof concurrency that is available to the new multithreaded
paginglibrary increasesthe performanceup to a point. However,
whenremotedataareaccessedusingNFS, increasingthenumber
of readerthreadsdoesnot increaseperformance. Increasingthe
numberof worker threadsappearsto slightly increaseperformance.

The chartsshow that 8 worker threadsper processoris only
slightly fasterthan using 4 worker threads. Increasingthe num-
ber of worker threadsfurther is unlikely to increaseperformance.
Using 24 readerthreadsinsteadof 16 readerthreadsdoesnot al-
ways increasethe performance(seeTables2 to 4). Overall, the
bestalgorithmparametersare8 worker threadsper processorand
16 readerthreads. Theseparametersgive good performanceand
minimizethetotal numberof threads.Sincea real implementation
would have to use�x edparameters,thefollowing discussionswill
only considertimingswith theseparameters.

Figures5 to 7 have timingswith theseparametersthatallow the
differentalgorithmsto be compared.The comparisonresultsfall
into threecategories:

Local data performance. The new threadinglibrary substan-
tially decreasedtheexecutiontime whenthedatasetresideson lo-
caldisk. If only oneprocessoris used,thetime takenis a third less
thanthe time neededby the serial implementation.The run time
decreaseswhenfour processorsareusedwith theF18to nearlyhalf
the serial time. This shows that thesemultithreadingtechniques
will make gooduseof multiprocessorsystemsif thereis suf�cient
diskbandwidth.Thetimedoesnotdecreasewith theSSLV because
that visualizationonly requires3 CPU-secondsof computation—
thebulk of thetime is spentwaiting for data.

Remotedata performance. Therunsthataccessedremotedata
usingthedemandpagingserver weresubstantiallyfasterthanany
of theserialrunswith thedemandpagingserver or any of theruns
thatretrieveddatausingNFS.WhenoneCPUwasused,thepaging
server runs took between35% (for the Harrier) and60% (for the
SSLV) lesstime thanthe fastest1-CPUNFS or serialruns. Runs
usingthedemandpagingserver and4 CPUswereevenfasterwith
the Harrier and F18. The 4-CPU SSLV run was slightly slower
sincetherewas no needfor the additionalprocessors,and using
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additionalprocessorshasincreasedoverhead.

Remotedata versuslocal data. Onesurprisingresultwith the
remotetimings is that the remoteruns using the demandpaging
server wereaboutasfastasthecorrespondinglocaldataruns.This
canbeexplainedby thehigherperformancedisk subsystemon the
remoteserver: it hasa RAID arraywith multiple diskdrives,while
thelocal disk subsystemhasonly four stripeddisks. This speedup
will likely beseenin productionusageof threadeddemandpaging
becausecentral�le serversusuallyhaveabetterstoragesystemthan
a personalworkstation.

8 Summar y and Future Work

This paperhas describedan approachthat improves the perfor-
manceof application-controlleddemandpagingfor out-of-corevi-
sualizationby betteroverlappingthe computationwith the page
readingprocess. It doesthis by using a pool of worker threads
thatperformthevisualizationcomputation,anda separatepool of
readerthreadsto perform the pagereads. A schedulingmodule
managestheworker threadsso thatonly oneworker runsperpro-
cessor. Measurementsshow that the multithreadedpagingalgo-
rithm decreasesthe time neededto computevisualizationsby one
third whenusingoneprocessorandreadingdatafrom local disk.
Thetime neededwhenusingoneprocessorandreadingdatafrom
remotediskdecreasedby between35%and60%,in partdueto the
high performanceof theremoteserver's disks.Finally, thenew re-
motepagingalgorithmwassubstantiallyfasterthanusingNFSfor
remotepaging.

Theperformanceincreasesdescribedin this papermake out-of-
corevisualizationusinglocal andremotedemandpagingmoreat-
tractive. The increasedspeedwill allow researchersto visualize
evenlargerdatasetsusingtheworkstationsontheirdeskinsteadof
having to go down thehall to a large sharedvisualizationsystem.
Furthermore,theincreasedperformanceof remotedemandpaging
will allow researchersto morequickly visualizedatasetson their
personalworkstationsthataretoo largeto bestoredon their work-
station's disk.

One direction of future work would be run experimentsusing
100Mbit/secFastEthernetinsteadof HIPPI.Therunsshown here
readdataat an averagerate that could be handledwith FastEth-
ernet,at most2.2 MB/sec. However, thepeakrateis undoubtedly
higher. A seconddirectionwould be to implementan interactive
time-critical visualizationsystemin order to gaugethe effective-
nessof the time-critical supportbuilt into the new multithreaded
pagingalgorithm.A third directionwouldbeto evaluatetheperfor-
manceof remotedemandpagingover a wide areanetwork instead
of over a local areanetwork. Finally, over thenext few weeksre-
searchersin our division will beexploring thelimits of out-of-core
remotevisualizationby usingthesenew techniquesto visualizea
oneterabytedatasetonpersonalworkstations.
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Figure8: Visualizationof theHarrierdataset.
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Figure9: Visualizationof theSSLV dataset.

Figure10: Visualizationof theF18dataset.
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