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Abstract

Recentlytherehasbeenconsiderableinterestin cachecoherency protocolsin shared-memorymultiprocessor
systems,particularlyin protocolswhicharescalable,i.e. suitablefor very largesystems.However, cachecoherency
scalability(CCS)entailsheavy performanceoverheadandsystemcost,soa critical examinationof theassumptions
underlyingthe questfor CCSis undertakenhere. A non-CCSarchitecturewhich provides only “locally, but not
globally, coherent”hardwaresupportis proposed,andevidenceis presentedwhichshows thatthis architecturedoes
well in large classesof application.Specialemphasiswill beplacedon loopcalculations,dueto their prevalencein
scientificapplications.

1 Introduction

In the last few years,scalabilityof cachecoherency protocolshasbeenoneof the mostactive topicsof researchin
shared-memorymultiprocessorsystems.A nicesurvey of thisarea,with agoodlist of references,waspresentedin [9],
andnew papershave continuedto appearsincethen. However, cachecoherency scalability(CCS)requirescomplex
hardware,whichcarriessignificantoverheadandinhibitssystemperformance,bothin absolutetermsandwith respect
to performance/priceratios.It is thusworthwhileto examinethefundamentalquestionof whetherCCSis asufficiently
desirablepropertyto warranttheheroicefforts which arebeingmadeto achieve it. This questionis addressedhere,
andevidencetowardanat leastpartiallynegative answeris presented.

Thekey point involvesthetypeandextentof hardwarewhich shouldbedevotedto supportfor coherentaccessof
globallyshareddata,i.e.,datawhichareat leastpotentiallysharedby all processorsin thesystem.It is foundherethat
in many largeapplicationclasses,we canreplacethemajorsharedmonitorvariables(MVs) by datasharedonly by a
fixednumberof processors,with thatfixednumberbeingindependentof overallsystemsize.Thisobviatesmuchof the
needfor CCS.Basedon this idea,anarchitecturewhich providesonly “locally, but not globally, coherent”hardware
supportis proposedwhich is usefulin many applicationdomains,andis particularlysuitedto loopapplicationswhich
arecommonin thescientificcomputingfield.

Section2 discussesdistributedtask allocation(DTA), and presentsevidenceof its efficiency. Section3 then
introducesthearchitecturewhich is basedonDTA.
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2 Decentralized Task Allocation in Loop Contexts

A commonproblemin thedesignof efficient parallelprocessingsoftwareis theassignmentof loop tasksto proces-
sors.1 We chooseto examineloop applicationsfor two reasons.The first is that the conceptsherewill be easier
to explain in the loop setting. Second,loopsarea commonparadigmin scientificapplications.It shouldbenoted,
though,thatDTA canbeappliedprofitablyto many othertypesof applications.

To illustratetheconceptsinvolved,thesimplertheexamplethebetter, solet usconsidertheusualmatrixmultipli-
cationproblem,in whichanNxN matrix is to multiply anNx1 vector. Takingasourbasictaskthecomputationof the
innerproductof theNth row of themultiplier with themultiplicand,a for-loop thenconsistsof N tasksto beallocated
to theprocessors.

2.1 Some Non-DTA Task-Allocation Methods for Loops

Let usconsiderthe variousallocationmethodscomparedin [4], andthendiscusstheir relationto DTA. First, under
self-scheduling(SS), therewould be a global variableNextRow, recordingthe numberof the next row which is
availablefor multiplication.Whenever aprocessorfinishesthemultiplicationof arow, it performs

R = NextRow++;

andthendoesthemultiplicationof row numberR. (Of course,the incrementingof NextRow mustbeatomic.) This
approachis very efficient in termsof load-balancing,but thevariableNextRow canbecomea hot spot,leadinglarge
numberof cacheinvalidations,for example. Indeed,[1] found thatmostaccessesof atomically-protectedvariables
suchasNextRow led to cachecoherency transactions.

Anotherapproachwouldbeto usethestatic chunking (SC)methodproposedby KruskalandWeiss[5]. Heretasks
areassignedin “chunks”of K, insteadof singly. In otherwords,thecodeabove wouldbecome

R = NextRow;
NextRow += K;

This reducesthenumberof accessesof NextRow by a factorof K, but is lessefficient in termsof load-balancing.

In aneffort to gettheload-balancingefficiency of SSandthereductionin accessesof NextRow whichstemsfrom
SC,anumberof hybridmethodshavebeenproposed,basedontheideaof guidedself-scheduling(GSS)[4]. Thelatter
is a variable-sizedchunkingmethod,with smallerchunksbeingusedin later iterations.A variantof GSSproposedin
[4], whichwewill call Factoring,wasshown to doquitewell in thefor-loopsetting(it is specificallydesignedfor that
setting),with performancesuperiorto SSandSC.

Anotherqueue-accessmethod(not limited to taskallocation)thathasreceived considerableattentionrecentlyis
theuseof software combining (SWC)to reducecontentionat theparticularmemorymodulethatcontainstheglobal
taskqueue[3, 10]. The task-allocationsoftwareusesa binary treedatastructure,with the root nodebeingtheonly
onewith directaccessesto theglobaltaskqueue.Processorrequestsfor additionalwork arecombinedat thenodesof
thetreewhenever possible,distributingthememoryaccessesacrossmany nodes,andthroughcarefulplanning,many
memorymodules,thusreducingcontention.In thematrixexamplehere,thecodewould look like

R = Fetch&Add(NextRow,1);

Anothermethodsimilar to GSS,calledtrapezoidself-schedulingwaspresentedin [11], but appearedtoo late for
usto includein ourempiricalevaluations.Theaimof thismethodwasthesameastheothers,to reducethenumberof
accessesto theglobaltaskallocationqueue.Our analysisshowedthat in “typical” problemsit producesmany more
globalaccessesthanDTA.

1In thecontextconsideredhere,we focuson processors, ratherthanprocesseses.
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2.2 DTA in the Loop Context

The methodon which we will focus hereis distributedtaskallocation(DTA). This methodwould approachloop
problemssuchasmatrix multiplicationin the following way: Processorsareconsideredto belongto groups,of size
G.2 Usuallytasksareallocatedlocally, i.e. within groups,hencethetermdistributed in “DTA.” However, occasionally
onememberof agroupmustgo to a globalvariableto acquireabatchof new tasksfor thegroupto process.

Specifically, thedirectanalogyof NextRow is now anNG-elementarrayLocalNextRow, wherethegroupsizeNG
is equalto NPROCS(thenumberof processorsin the system)dividedby G. Thereis alsoa variableGlobNextRow
andanotherNG-elementarrayLocalLastRow. TheI-th processoris consideredto bein groupGN = I modNG. When
thisprocessorfinishesthemultiplicationof a row, it performs

R = LocalNextRow[GN]++;
if (LocalNextRow[GN] > LocalLastRow[GN]) {

LocalNextRow[GN] = GlobNextRow;
LR = GlobNextRow += K;
LocalLastRow[GN] = LR - 1;

}

What is happeninghereis the following: Initially eachprocessorgroupis allocateda setof K consecutive rows of
thematrix. Theprocessorsin thatgroupprocesstheserows one-by-one,just asin thecentralizedcase,with Local-
NextRow[GN] playing the role correspondingto NextRow in the centralizedversions.Whenoneof the processors
discoversthattheseK rowshave all assignedto processors,it goesto GlobNextRow to getK morerowsfor its group.
This is in contrastto theSCmethod,in which eachprocessor, ratherthaneachgroup,is assignedK tasksat a time.
Note that thoughtheentirearraysLocalNextRow andLocalLastRow areglobal variablesvisible to all processors—
this is a shared-memorysystem,afterall—thecodeis written so thata processorin onegroupwill never accessthe
arrayelementintendedfor anothergroup.3

K is a designparameter, which in theexperimentshereis takento beequalto G.

2.3 Experimental Results

As mentionedearlier, our focuswill beonDTA. We areinterestedin DTA becauseof its broadrangeof applicability:

� DTA is applicablein open-endedproblemsin which the total numberof tasksto be doneis not known in
advance.This is in contrastto, for example,theFactoringapproach,which is applicableonly in for-loops.

� DTA alsoappliesto otherproblemscommonlyarisingin theparallelprocessingarea,suchasbarriersynchro-
nization.4

� Most importantly, thoughwe are in this sectionviewing DTA asa softwaretechnique,DTA forms the justi-
fication for the architecturewhich we will proposein the next section,andwhich is the main subjectof this
paper.

Whatwe gainwith DTA is thelow numberof accessesof thecentralresourceNextRow (or in this case,thenew
centralresource,GlobNextRow) enjoyedby SC,but with higherprocessorutilization thanSC.Thequestion,though,
is how much higherthatutilizationwill be,comparedto theoptimalmethodin termsof utilization,SS.

This questionwasstudiedby Ni andWu [8], but not in thescalabilitycontext of interesthere.Work in the latter
context wasdonein [7], in which a theoreticalanalysiswaspresentedwhich showed thatDTA canindeedbedone
efficiently with a fixed groupsize,even with arbitrarily largeoverall systemsize. Moreover, it wasfound that in a
certainsensea“universal”groupsizeexists,informationwhich thencanbeincorporatedinto hardwaredesign.

2TakingDTA asonly asoftwaretechnique,asin [8], thisgroupingis justsymbolic,notphysical.However, it will takeonaphysicalembodiment
whenweproposetheLCSMA architecturein thefollowig section.

3Clearly, thisconceptcanbeextendedin ahierarchalmanner, for extremelylargesystems.
4Again,SWCcanbeusedfor this.
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Now in the currentwork, this efficiency is demonstratedempiricallyby runningthreespecificapplications,and
comparing� themto SS,SC,FactoringandSWC.Note,by theway, thattheempiricalstudyis alsoimportantin thatit
accountsfor theoverheadaprocessorspendsin actuallyacquiringataskfrom ataskallocator, e.g.in row-assignment
in thematrixproblem,whichtheprevioustheoreticalanalyses[8, 7] did not do.

A summaryof theresultsis:

� For thesmallersystemsizesDTA hadperformancecomparableto thatof Factoring.

� For thelargersystemsDTA wassuperiorto Factoring,sometimessubstantiallyso.

� DTA wassuperiorto bothSSandSWCatall levels.

Hereis somemoredetail.TheexperimentsreportedherewereconductedonaBBN TC2000(a.k.a.BBN Butterfly)
shared-memorymultiprocessorconsistingof 128processor/memorynodes.Thesharedmemoryconsistsof thetotality
of memorymodulesat all thesenodes,with internodeaccessbeingvia a multistagenetwork.Localoperatingsystem
structureallowed us to run programson a dedicated-machinebasis,i.e., with all other jobs suspended,except for
certaininteractivejobswhichrunonareservedsetof four nodes.For eachcombinationof parameters,at least15(and
asmany as65) runswereconducted,with the timingsgraphedherebeingtheaveragevaluessoobtained.All of the
DTA experimentsreportedhereuseda groupsizeof G = 16, andthusthenumbersof processorsusedwerevarious
multiplesof 16. Sincefour of the128processorsareunavailable,themaximumnumberof processorswe usedwas
112.Thegraphspresentedhereplot programtimingst againstnumbersof processorsp.5

Figure1 presentsthedatafor thematrix-multiplyexperiments,in whichanNxN matrixmultipliesanNx1 vector.
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Figure1: Matrix Multiply (N = 300)

Figures2 and 3 give theresultsfor thesortingexperimentson matricesof sizeNxRS,in which a basictaskis to
sortonematrixrow.6 DTA, SSandFactoringwereroughlyequalfor thesmallernumbersof processors,but with DTA
having adecidedadvantagefor NPROCS �
	 64.

Thoughnot discussedhere,wealsoconsidereda while-loopapplication.Factoringcannotbeusedin thiscontext,
sowecomparedDTA to SSandSWC,andfoundDTA to yield verystrongimprovementsover theothertwo methods.

5Notecarefullythevalueson theverticalaxis.Theygenerallydonot startat0, andthustendto exaggeratethedifferences.
6A standardC-libraryQuicksortroutinewasusedfor thesorting.
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Figure2: Sort(N= 500;RS= 25)

3 A New Class of Shared-Memory Multiprocessor Architecture

Recallour previousstatementthat [1] foundthat in thesystemsusinganinvalidation-basedcachecoherency policy,
mostaccessesto variableslike NextRow7 in thelastsectioncausedcacheinvalidations.As systemsizegrows,more
andmoreprocessorsareaccessingNextRow, andtheproblemgetsworseandworse.DTA solvesthisproblem,because
eachvariableLocalNextRow[GN], is accessedonly by at most a fixed numberof processors(GN). The variable
GlobalNextRow doesgetaccessedby all processors,not just thosein onegroup,but thepoint is thatsuchaccessesare
rare.Thishasa veryprofoundimplicationfor theCCSquestion,in thatneitherthevariablesLocalNextRow[GN] nor
thevariableGlobalNextRow needCCShardware:

� The‘S’ (for scalability) in “CCS” is irrelevantto thevariablesLocalNextRow[GN], sinceeachsuchvariableis
accessedonly by theprocessorsin groupGN.

� ThevariableGlobalNextRow is accessedsorarelythatspecialhardwareto makeatomicaccessefficient is not
justified.

The secondpoint hereis central. As mentionedearlier, CCShardwareaddsgreatlyto systemcost,andinhibits
systemperformance.Theseproblemscanbeavoidedin loopapplicationsby theuseof DTA, andtheempiricalresults
of thelastsectionandthemathematicalanalysisin [7] indicatethatthis canbedonewithout inducingload-balancing
problems.

In this regard,considera conceptof locally coherent shared-memory architectures (LCSMA), whichwedefineto
meanshared-memorymultiprocessorsystemswhich provide hardwaresupportfor cachecoherency within groupsof
processors,but provideno hardwaresupportfor systemwidecachecoherency. NotethatmachinessuchasDASH [6]
arenotLCSMAs. Thoughtheiruseof processorclustersseemstohavesomesimilarity toourprocessor-groupconcept,
thepoint is thatthey dohave hardwaredevotedto systemwidecachecoherency. LCSMA hasnosuchhardware.

LCSMA denotesabroadclassof architectures,with many possibleimplementations.For example,aninterconnect
structuresuchasthat of Figure 4 could be used. (For the purposesof readability, this figure depictsa very small
system,with an unrealisticallysmall value of 4 for the group size G.) Here processorelements(PE) containthe
processor, cache,andsomeof theglobalmemory. PEsareconnectedto otherPEsvia the familiar � -network.What
is differentis thatPEsarepartitionedinto groups,andprocessorswithin any givengroupareconnectedvia snooping

7Or to lock variablesguardingvariableslike NextRow.
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Figure3: Sort(N= 1000;RS= 50)

caches[2] anda local bus. Theseprovide hardwaresupportfor local MVs, i.e., variableswhich aresharedonly by
processorswithin a givengroup,suchasLocalNextRow[GN] in ourexamplesin thelastsection.

PE PE PE PE PE PE PE PE

Figure4:

Under LCSMA the softwaremust, wherepossible,avoid creationof systemwideMVs. The previous section
indicatedhow to do this with DTA in the caseof for-loops,andDTA canbe extended—stillwith efficiency from
the load-balancingpoint of view—to many otherkindsof task-allocationmechanisms,e.g. taskqueues[7]. Atomic
accessto group-specificvariableslike LocalNextRow[GN], andtheproblemof contentionfor them,arehandledvia
hardware,e.g. the “locally-snoopy”busesin Figure 4. Any MVs which remain,e.g. suchasGlobalNextRow, are
handledin hardwareat thegrouplevel, andthenin softwareabove that level, suchaswith softwarefetch-and-addas
in [3, 10].
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In addition,LCSMA shouldhave program-controlledcacheabilityof individual blocks,to allow the bestusage,
with� theprogramhaving the ability to dynamicallysetthe cacheabilitymode(cacheable,read-onlycacheable,non-
cacheable)for theblockcontaininga givenaddress/variable,especiallyfor variableswhicharenot MVs.

We will not presentdetailshere,but asa simple illustration, considerGaussianelimination. Sinceeachrow is
accessedby a processoronly onceperiteration,cachingis not useful,andtherows shouldbemadenoncacheable.In
many othermatrixapplications,rowsarere-usedwithin aniteration,but only for reading,soread-onlycachingwould
beappropriate.

4 Discussion

Thoughfor simplicity andconcisenesswe have limited our focushereto loops,it is importantto notethatDTA can
beusedin a muchwidervarietyof applications.For example,problemswith generaltaskqueuescanbeconvertedto
having local taskqueues,ratherthanusingonecentralqueue.Thetheoreticalwork in [7] lendssupportto this. Thus
webelievethatLCSMA is a goodchoicefor generalparallelprocessingapplications.

On the otherhand,no machinecanbe optimal for all applications,andwe notethat LCSMA doesnot provide
any specialhelpin, for instance,synchronousalgorithmswith very shorttimesbetweensuccessive synchronizations,
suchasparallelroot-findingproblems.However, it is clearthatapproachesbasedon systemwidecachecoherenecy
arenot goodsolutionsto this problemeither. Theoverheaddueto relayingof cacheupdatemessagesthroughoutan
entirelargesystemwould be too heavy. Thusothermechanismswould beneededif this typeof applicationwereto
betargeted,sayaddinga separatebroadcastchannelto Figure 4.
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