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1 Intr oduction

It is widely acceptedtodaythat small-scalesymmetricmultiprocessors(SMPs)provide the best
performanceper dollar of any computingplatform, and that sharedmemoryprovides the most
desirableprogrammingparadigmfor parallelcomputing.Large-scaleshared-memorysystemscan
be supportedvia directory-basedcache-coherenthardware or via software emulationof shared
memoryon top of message-passinghardware.Hardwarecoherenceis usuallyfaster, but software
is cheaperand more easily customized. Software coherencemay also be attractive on a large
cache-coherentmachineif the operatingsystemdoesnot supporta system-widesharedaddress
space. Unfortunately, software distributedsharedmemory(S-DSM) hastraditionally provided
acceptableperformancefor only a limited classof applications.

TheCashmereprojectattemptsto providemostof theperformanceof a tightly-coupledcache-
coherentmultiprocessoron simpler, cheaperclustersof SMPs. Unlike most previous S-DSM
systems,Cashmereintegrateshardware coherencewithin SMP nodeswith software coherence
betweennodes,and relieson an inter-nodecoherenceprotocoloptimizedfor low-latency user-
level communication.Wealsoaimto integratecompile-timestaticanalysisof sharingpatternswith
run-timecoherencemanagement.Our hardwareplatformconsistsof a 32-processorcollectionof
600MHz AlphaServers,organizedasan8-nodeclusterof 4-way SMPs,connectedby Compaq’s
MemoryChannelnetwork.

This documentreportson resultsobtainedfrom early 1998throughearly 1999,andoutlines
plansfor thethird andfinal yearof theCashmereESSgrant.

2 Summary of RecentResults

Progressoccurredthis pastyearon four major fronts: supportfor very large (out-of-core)data
sets,quantitative comparisonof fine-grainandpage-basedcoherencemechanisms,integrationof
compiler and run-time coherencemanagement,and applicationstudies. We also implemented
severalimportantbut smallersystemenhancements.

2.1 Support for Very Lar geData Sets

Softwaredistributedsharedmemory(DSM) systemshave successfullyprovided the illusion of
sharedmemoryon distributedmemorymachines.However, mostsoftwareDSM systemsusethe
mainmemoryof eachmachineasa level in a cachehierarchy, replicatingcopiesof shareddatain
local memory. Sincecomputermemoriestendto bemuchlargerthancaches,DSM systemshave
largely ignoredmemorycapacityissues,assumingthereis alwaysenoughspacein mainmemory
in whichto replicatedata.Applicationsthataccessdatathatexceedsthecapacityavailablein local
memorywill pageto disk,resultingin reducedperformance.Wehave implemented“VLM” (very
largememory)extensionsto Cashmerethat take advantageof system-widememoryresourcesin
orderto reduceor eliminatepagingoverhead.Experimentalresultswith Cashmere-VLMon a 4-
node,16-processorAlphaServer systemat CompaqCRL werepresentedat IPPSthis month[4].
An exampleof theseresultsappearsin figure1.
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Figure1: Cashmere-VLMperformanceresults: executiontimesfor four applicationswith very
largedatasets.
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2.2 Comparisonof Fine-Grain and Page-BasedCoherence

Any S-DSM systemmust incorporatea mechanismto detectaccessesto missingor out-of-date
data.Two distinctapproacheshavebeenused:thefine-grain approachthatinstrumentsapplication
loadsandstoresto supportasmallcoherencegranularity, andthecoarse-grain approachbasedon
virtual memoryhardwarethatprovidescoherenceat a pagegranularity. Fine-grainsystemsoffer
a simplemigrationpath for applicationsdevelopedon hardwaremultiprocessorsby supporting
coherenceprotocolssimilar to thoseimplementedin hardware. On the otherhand,coarse-grain
systemscanpotentiallyprovide higherperformancethroughmoreoptimizedprotocolsandlarger
transfergranularities,while avoidinginstrumentationoverheads.Numerousstudieshaveexamined
eachapproachindividually, but majordifferencesin experimentalplatformsandapplicationsmake
comparisonof theapproachesdifficult.

We capitalizedon a uniqueopportunitythis pastyearto performa directandbalancedcom-
parison.Specifically, we collaboratedwith theShastagroupat Digital/CompaqWRL to compare
their S-DSMsystemto ours. ShastaandCashmerearebothmaturesystems,andthey run on the
samehardwareplatform. Our resultsshow thatShastais comparatively insensitive to thegranu-
larity of sharingandsynchronizationin programs,andin particularthatit is betterableto tolerate
thefine-grainsynchronizationoftenfoundin applicationsoriginally developedfor hardwaremulti-
processors.In contrast,Cashmere’s performancecandegradedramaticallyin thepresenceof fine-
grain synchronization,but for morescalableapplicationsit providesbetteroverall performance.
Our resultswerepresentedat HPCA in January[3]; a summaryappearsin figure2. As shown by
the stacked barsin several applications,performancedifferencesbetweenCashmereandShasta
cansometimesbereducedby programmodificationsthataddresscoherenceandsynchronization
granularity.

2.3 Compiler Integration

Work continuedthispastyearontheintegrationof staticcompileranalysiswith dynamicrun-time
coherence.Basedon resultsreportedlast year, we arecurrentlydevelopingan interfaceto the
DSM systemthatcanbeusedasthetargetof aparallelizingcompiler.

While workstationenvironmentsprovide powerful and cost-effective computingplatforms,
they areoftensharedby multiple users,or may consistof heterogeneousmachines.As a result,
parallelapplicationsexecutingin theseenvironmentsmustoperatedespiteunequal(andvarying)
computationalresources.For maximumperformance,applicationsshouldautomaticallyadaptex-
ecutionto maximizeuseof theavailableresources.Ideally, thisadaptationshouldbetransparentto
theapplicationprogrammer. We areimplementingCRAUL (CompilerandRun-Time Integration
for AdaptationUnderLoad),a systemthatdynamicallybalancescomputationalloadin a parallel
application.ResultsappearatLCR ’98 [11] andin theSpring’99 issueof theJournalof Scientific
Programming[10].

Our target run-timeis softwareDSM—in particular, boththeCashmereandTreadMarksrun-
time systems. CRAUL combinescompile-timesupport(implementedusing SUIF as the base
compiler)to identify dataaccesspatternswith a run-timesystemthatusestheaccessinformation
to intelligentlydistributetheparallelworkload.Thedistributionis chosenaccordingto therelative
powerof theprocessorsandsoasto minimizesoftwareDSM overhead.Thissame(accesspattern)

3



0
�
2

4
�
6

8
�

10

12

14

16

Shasta Cashmere CSM optSH opt

Barnes

LU CLU
Ocean

Raytrace

Volrend

W
ater-NSQ

W
ater-SP

EM
3D

Gauss

ILink
SOR

TSP

Figure2: Cashmere-Shastaperformancecomparison:speedupon a 16-processorsystem.In the
caseof dividedbars,thehigherspeedupreflectsresultsafterminorsource-codechangesthatbetter
tunetheapplicationto theunderlyingcoherenceprotocol.
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informationis alsousedto optimizecommunicationwheneverpossibleby tailoringit to theunder-
lying system.We have evaluatedtheresultinglocality consciousloaddistribution in thepresence
of differenttypesof load—computational,computationalandmemoryintensive,andnetwork load.
CRAUL performswithin 5—23%of idealin thepresenceof load,andis ableto improveonnaive
compiler-basedwork distribution that doesnot take locality into accounteven in the absenceof
load.

2.4 Applications

We madesignificantprogressthis yearin applicationdevelopmentfor datamining andcomputer
vision. We arein theearlystagesof collaborationwith allied researchersin severalotherareas.

In thedataminingdomain,oneareawehaveexaminedis thediscoveryof associationrules[18,
13]. Associationmining is the processof identifying commonly-occurringsubsetsin a database
whoseelementsaresets.Ouralgorithmsarearesultof adetailedstudyof theavailableparallelism
andthe propertiesof associations.The algorithmusesa graph-theoretic(lattice) representation
of frequentitemsets,and thenpartitionsthemamongthe processors.At the sametime it uses
a novel databaselayout that clustersrelatedtransactionstogether, andselectively replicatesthe
databasesothat theportionof thedatabaseneededfor thecomputationof associationsis local to
eachprocessor. After the initial set-upphase,thealgorithmeliminatestheneedfor furthercom-
municationor synchronization,andbalancesthecomputationanddataacrosstheprocessors.The
applicationusescomplex pointer-baseddatastructuresthat typically suffer from sub-optimallo-
cality. Wefoundthatfor effectiveparallelization,attentionneededto bepaidto memoryplacement
for improvedlocality andfalsesharingavoidance.

The discovery of frequentsequencesin temporaldatabasesis anotherimportantdatamining
problem. Most currentwork assumesthat the databaseis static,anda databaseupdaterequires
rediscoveringall thepatternsby scanningtheentireold andnew database.We propose(andare
in theprocessof implementing)novel techniquesfor maintainingsequencesin thepresenceof a)
databaseupdates,andb) userinteraction(e.g.modifying miningparameters).This is a very chal-
lengingtask,sincesuchupdatescaninvalidateexisting sequencesor introducenew ones.In both
the above scenarios,we avoid re-executingthe algorithmon the entiredataset,therebyreducing
executiontime. Experimentalresultsconfirmthatourapproachresultsin substantialperformance
gains[14].

In theareaof computervisionwedesignedandanalyzedtheperformanceof aparallelreal-time
probabilisticsearchalgorithmto solvethecorrespondenceproblem[2]. Wealsohaveapreliminary
implementationof a parallelobjectrecognitionalgorithm. Theobjectrecognitionsystemusesa
multi-gigabytein-coredatabasecomposedof curvefeaturesrepresentingvariousobjects.An input
imageis decomposedinto its curve elementsandthestrongestcurvesarematchedagainstcurves
storedin thedatabaseto generatehypothesesaboutobjectidentitiesandposesin theinput image.
The matchingprocessin the databasetakesa large amountof time, mostof it spentreadingthe
database.Thedatabaseis initially split with approximatelythesamenumberof elementsin each
partitionanddividedup amongtheprocesses.Eachprocessis providedthekey to searchfor and
performsthesearchin its partitionof thedatabase.Thelists of matchesfoundby eachthreadare
thenconcatenatedandusedto composethe hypotheses.The parallelizationfollows a manager-
workermodel,wherethework is distributedby themanagerwhenneeded.Eachworkerperforms
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thesearchin thedatabase,resynchronizingwith themanagerwhendone.Themanagercombines
the generatedlists andcontinueswith the restof the program. Efforts arecurrentlyunderway
to parallelizepartof thehypothesisgenerationroutinesin a similar manner, andto determinethe
performanceof theparallelizationstrategy.

Our othercollaborations,on which we hopeto reportmorecompletelynext year, includea
cosmologicalmodelingapplicationfrom Prof. Adam Frank of the UR Physicsand Astronomy
department,a cone-beamX-ray tomographyapplicationfrom Prof. RuolaNing of theUR Radi-
ology department,a 3-D surfacereconstructionalgorithmfrom Prof. KyrosKutulakosof theUR
Dermatologydepartment,anda neuralcodingapplicationfrom Prof. DanaBallard of our own
department.

2.5 ProtocolEnhancements

We have this pastyearmadeseveralenhancementsto the Cashmereprogrammingenvironment.
We now supportFortran 77 applications,in addition to C and C++, and we have developeda
load-balancinginterfacefor loop-basedscientificapplications.

As an outgrowth of our Cashmere/Shastacomparisonstudy, we have developeda versionof
Cashmerethat relieson fastmessagepassing,but not on the remote-write,broadcast,or total-
orderingpropertiesof theMemoryChannel.This versionhasallowedus to evaluatetherelative
importanceof the variousfeaturesof the Memory Channel. Our preliminary results[15] indi-
catethat the latency of remoteoperationsis thedominantfactorin performance.Remotewrites,
broadcast,andtotal orderingall help,but on all but oneof our applicationstheadditionalperfor-
manceimprovementis lessthan10%.Moreover, by refrainingfrom usingremotewritesto update
homenodecopieswe caneliminateMemoryChannel-imposedrestrictionson datasetsize(this
stepis requiredfor the VLM versionof Cashmeredescribedabove). We canalso implementa
straightforwardhomenodemigrationmechanismthat leadsto significantperformanceimprove-
mentsfor migratorydata.In generalwefoundthatthebenefitsof homenodemigrationoutweight
thebenefitsof datapropagationvia remotewrite.

Finally, in a preipherally-relatedprojectcalledCoign,we developeda setof mechanismsthat
canbeusedto automaticallypartitiona component(object)basedapplicationacrossa distributed
system[8, 7, 6]. This work wassupportedin part by a graduatefellowship andhardwaregrant
from MicrosoftResearch.

Coignoperateson shrink-wrappedbinarysoftware. TheCoignuserexercisestheapplication
througha seriesof “profiling” runs,during which Coign collectsstatisticson cross-component
communication.Coign thenemploys graphcutting andbinary re-writing techniquesto build a
new versionof the applicationthat will distribute componentsacrossa network in a way that
minimizescommunication.

Fromthepointof view of Cashmere,thekey innovationin Coignis theability tomovesoftware
transparentlyacrossmachineboundaries.In a follow-onprojectwith Microsoft [16] we areusing
theCoigninstrumentationtoolsto build a “component-ized”wrapperaroundtheNT kernelinter-
face.In anNT versionof Cashmere,thiswrapperwouldallow usto provideasinglesystemimage
acrossaclusterof machines,with transparentaccessto thekernelresourcesof eachmachine.
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3 Plansfor the UpcomingYear

Plansfor thecomingyearinclude

� Completionof our studyof the impactof specialnetwork featureson coherenceprotocol
performance.

� Continuedapplicationdevelopment.

� Implementationof supportfor Java. We areinvestigatingseveralalternative strategies.Our
goalsaretoprovideasconvenientaprogrammingmodelaspossible(ideallyextendingJava’s
existing sharedmemorymechanismsacrossthecluster)while achieving high performance
andminimizingor avoidingchangesto theJVM.

� Developmentof a “three level” versionof Cashmerethat augmentsthe currenttwo-level
system(hardwaresharedmemorywithin nodes,low-latency softwaresharedmemoryacross
nodes)with higher-latency sharingacrosswideareanets.In particular, weenvisionagraph-
ical applicationfront end(e.g.for programsteeringor interactive datamining) that shares
accessto thevariablesof asimulationrunningona remotecomputecluster.

� Investigationof temporally-basedcoherenceextensionsfor chaotic(unsynchronized)appli-
cations.

� Implementationof cross-clustersupport(e.g.with toolsbasedonCoign)for asingle“system
image”for file access,processcontrol,memorymanagement,etc.

Dependingon time constraints,we mayalsoport Cashmereto a network of PCsrunningNT
andconnectedby aGiganetnetwork supportingthenew VIA interfacestandard.

4 Education and Human Resources

RobertStets,theseniorstudenton theproject,gave talksat SOSP’97, HPCA ’99, andIPPS’99.
SotirisIoannidisgave a talk at LRC ’98. SrinivasanParthasarathypresenteda posterat LCR ’98,
andgave talksat KDD (KnowledgeDiscovery andDataMining) ’98, andthe ’98 Workshopon
DistributedDataMining. NikolaosHardavellasgave a talk at the1998SSMM (ScalableShared
MemoryMultiprocessor)workshopheldin conjunctionwith ISCA ’98. UndergraduateElliot Bar-
nett, who worked on Cashmerefor several monthslast year, hasaccepteda job with Frontier
Communications.Two otherundergraduates,Shawn Hershey andPeenakInamdar, alsoworked
on theprojectthisyear.

Currentgraduatestudentsworkingonvariousaspectsof CashmereincludeRobertStets,Srini-
vasanParthasarathy, Umit Rencuzogullari,DeQing(Luke) Chen,Rajeev Balasubramonian,and
GregoriosMagklis. Rob’s thesisis on coreCashmerematerial,mainly coherenceprotocolimple-
mentation.Srini is working on systemssupportfor client-server data-miningapplications.Umit
is working on compiler-runtimeintegration.RobandSrini expectto graduatethis summer. Umit
shouldfinishin 2002.Luke,Rajeev, andGregorarefirst-yeargraduatestudents.Amit Singhaland
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RodrigoCarceroni,bothcomputervision students,have workedpart-timeon applicationsdevel-
opment.

For the secondyear, Cashmerewasusedasthe platformfor a groupprojectin our first-year
“immigration” coursefor graduatestudents.It alsoformedthebasesof theindividualprojectsof
LukeChenandRajeev Balasubramonian.
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