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Abstract

We presentmemoryreferencedatafor the Specint9%enchmarkshatcanbe usedin eval-
uatingthe potentialfor prefetchingspatially correlateddata. In contrastwith previouswork,
the datapresentecrefor completeprogramrunsandtraceall executedinstructions.The data
areclassifiedaccordingo theiraccespatternsandwe shav how typesof accespatternsarise
from the executedbenchmarkcode. Finally, we examinethe accurag of several published
beliefs concerningmemoryaccesgatterns. One commonbelief is that only scientific code
displayssufiiciently “regular” behaior for techniquesuchasprefetchingo be of benefit.Our
conclusionis thatthereis significantamountof “regular” behaior evenin non-scientificcode.

1 Intr oduction

Thegoalof thispapelis to presentnemoryreferencalataderivedfrom the Specint9%enchmarkn
orderto enabledesignergo evaluatehardwareandsoftwareprefetchingmechanismsPrefetching
mechanismsittemptto minimize datacachemissedby identifying memoryreferencenstructions
thatdisplaya high degreeof spatialcorrelationandto fetchthe datarequiredby suchinstructions
prior to their execution. For a prefetchingmechanisnto be effective, a significantfraction of exe-
cutedmemoryreferenceanstructionamustdisplaya strongspatialcorrelation. The work presented
in this papercharacterizethe degreeof spatialcorrelationexhibited by the executedmemoryref-
erencenstructionsn a significantsetof benchmarks.

Theamountof datacollectedfrom thetraceof a significantexecutionrun canbeoverwhelming.
In this papey we choseto focus exclusively on identifying the spatialcorrelationfor the memory
referenceanstructionsof the benchmarkprogramsby medianfiltering the addresseaccesseand
computingthe averageandvarianceof the stride'. Evenwith sucha high degreeof compression,
eachof the benchmarkshat we studiedhashundredgo thousand®©f memoryreferencanstruc-
tions. Thus,we have developeda simpleclassificatiorschemehatwe useto indicatethetypesand
relative frequencie®f memoryreferencenstructionghatmightbegoodcandidatesor prefetching.
We alsorelatehigh frequeng examplesof eachof thetypesof referencenstructiongo theirsource
code. Theseexamplesillustratehow the differenttypesof referencenstructionsarisenaturallyin
aprogram.
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'arideis theaddresslifferencebetweerntwo successie executionsof a given memoryreferencenstruction.



The remainderof this paperis organizedasfollows. In Section2 we discussrelatedwork.
We discussour target system,compiler and simulationtechniquesn Sections3—5. The simula-
tion workloadandresultsarepresentedn Section6. We concludewith a discussiorof “common
beliefs”.

2 RelatedWork

Becauseheultimategoal of memoryprefetchings reducingcachemissespublishedwvork hasof-
tenfocuseduponthe effectivenesf variousprefetchingechniquesn reducingcachemisses For
example,Charng and Puzakperformeda study[2] similar to oursfor the SPEC95benchmarks.
Thereareseveraldifferencesn ourwork; themostfundamentals thetypeof datacollected.Char
ney andPuzakfocuseduponhow cachemissratechangesvhenvarying cachecapacity associa-
tivity andline size;limited memorystridedatafor datacachemisseds presentedin contrastour
work is largely independentf an underlyingcachemodel—wepresenstridedatafor all memory
referenceanstructionsin additionto cachemissdata. Furthermoretheir datawascollectedupon
only a small partof the executionof the benchmarksndonly considerednstructionsthat missed
atleast500timeswhile we collecteddatafor entireprogramruns.

Therehave beena numberof efforts to identify memoryreferencenstructionsthat are candi-
datedfor prefetchingwithin thecompilerin orderto insertappropriatgrefetchinstructions.Much
of this work hasfocuseduponprefetchingloopsandscientificcode[1, 9,10,12]. The underlying
assumptiorof this work is that non-numericatodesare difficult to analyzeand generallymake
good useof cache. More recentlysomeresearcherfave arguedthat prefetchingnon-scientific
codescanalsobeimportant[6, 8]. Luk andMowry [8] arguethat accessindarge datastructures
causesnostcachemisses.They presentsomeheuristicsfor prefetchingtree-likedatastructures,
but runinto difficultieswith hashtables.

Therehave alsobeenattemptgo characterizéhe likely patternsof memoryreferencanstruc-
tions. Selvidgepresentsuguesthatthe majority of memoryreferenceslmostnever miss,andrela-
tively smallnumberof memoryreferencesireoftenresponsibldor mostof thecachemisseq13].
He conjectureghat the referencesith high miss rate are the onesresponsibldor most of the
missesandcachebehaior of individualmemoryreferencesloesnot changemuchwith perturba-
tions of input data. Thushe calls the memoryreferencesvith high missrate“bad refs”, andthe
oneswith low missrate—"goodrefs”. In theory prefetchingonly the badrefswould resultin high
misscoverageandlow overhead.Selvidges experimentsshav mixed resultsand,aswe shawv in
Section?, thisis not supportedy our data.

3 TargetSystem

For the type of experimentsdiscussedn this paper systemdependenparametersuchasthein-
structionset,memorymodel,andcompilercansignificantlyimpacttheresults.Ourgoalin thissec-
tion is to provide sufficientinformationfor the readerto judgewhetherthe resultsthatwe present
arelikely to reflectthosethat might be expectedon anothersystem.Sinceour experimentsfocus
uponthe dataaddresgeferencepatternsfor memoryreferencenstructions,someaspectf our
work, suchasthe fractionof memoryreferencenstructionghathave regularinteroperatiorstride,
arelikely to bestableacrossaawide rangeof systemsAt theotherextreme resultsrelatedto cache



miss ratesfor the variousmemoryreferencenstructionsof a programare sensitive to relatively
minor changesn systemarchitectureput may still be of somevaluein identifying systemdesign
parameterghatrequirecarefulanalysis.

3.1 CPU Architecture

The cpumodelusedin our experimentdss a simulatedvVLIW [5,11] processowith a basicRISC
instructionset. While our researctframeavork allows us to vary architecturaparametersuchas
the numberof functional units and registers,for the experimentsdiscussecherewe modeleda
machinecapableof issuing8 ALU operationspnememoryreferenceandonebranchpercycle. In
addition,we usedsufiicient registers(32/ALU) to ensurethatthe memorytraffic for registerspills
andrestoress minimized.

It is unlikely thatmostreaderswill have directexperiencewith VLIW machineshowever, we
amguethattheresultspresentedrelikely to be similarto thoseobtainedwith a superscalamachine
with a moderatenumberof issues/gcle. While the architecturesimulatedis capableof a large
amountof instructionlevel parallelism(ILP), the codesuitesthat we simulated(e.g. SpecInt95)
do not admit highly parallelexecutionwithout someamountof codetuning. We did not perform
ary suchcodetuning andhenceachiezed only moderatdLP for the simulationspresented.One
fundamentadifferences thatinstructionsfor our architecturearestaticallyscheduledwhile for a
superscalathey aredynamicallyscheduledThis differencedoesnotimpactthesequencef mem-
ory referencenstructionsaccessed—onliptal numberof cyclesrequiredto executea programand
hencethe effect of datacachemisseson overall programperformanceThe simulatedarchitecture
doesnotincur alarge staticoverheadn codesizefor unusedunctionalresources.

Onelimitation of our simulatedarchitecturds a relatively limited setof memoryreferencen-
structionsthat only supporta direct registeraddressingnode. Thus,comple« addressingnodes
suchaindexed addressingequireadditionaloperationsvhich cantypically be bundledinto other
instructions. While this directly impactscodesize, it doesnot affect the sequencef memory
referencanstructiondssued and,becausef the high potentiallLP of our architectureandtherel-
atively powerful instructionschedulein our compiler hasonly limited impacton thetotal number
of instructioncyclesrequiredfor programexecution. Thus, the frequeng of memoryreference
instructionsto otherinstructionsthe absolutenumberof memoryreferencenstructions,andthe
distribution of dataaddresseseferencedrelikely to beidenticalto a RISC processar

In addition,our memorysystemalsosupportapr ef et ch operationof theform pr ef et ch
<addr ess_r egi st er >, wherethe addr ess_r egi st er hasto be explicity computed. A
prefetchoperationconsumes memoryslot, but the issuewidth of the machineusuallylets the
compilerhide the addressomputatiorfor the valueto be prefetchedn the previouscyclesof the
schedule.While the presenceof this pref etch operationwasthe motivation for performingthe
experimentpresentedh this papertheresultspresentedh this paperdo notuseandhencearenot
effectedby existenceof thepr ef et ch operation.

3.2 DataCache

The cachearchitecturds quite corventional. Our simulatedmodelis an 8KB, two-way set as-
sociative, copybackcachewith 32B linesandan LRU replacemenpolicy. Our compileralways
scheduledor a cachehit lateny (3 cycles, fully pipelined),andthe entire machinestallsif the



cacheaccessnisses.Our simulationnumbersaresomeavhatconserative, sincewe did not simu-
late a critical-word-firstmodeandwe alwaysexposethe copybackpenalty

The penaltyto reloada 32B line assumes 64-bit main memoryinterface,meaningthat we
needaburstof four double-wordsat eachrefill. Ourtiming modelfor the busis a6-1-1-1(-2)burst
mode,and we assumea ratio of 3 betweenmemorybus speedand processobbus speed. These
assumptiongield a refill penaltyof 33 processocyclesper miss. A missthatcauses copyback
hastwice the penaltyof a simplemiss.

We choseto simulatea rathersmall cachesinceto modelthe interactionbetweenprocessor
and level 1 datacaches. However, mary of our conclusionsare independenbdf the miss rates
for memoryreferencenstructions;we primarily usedthe relative missratesas a way to select
individual memoryreferenceoperationsfor closerscrutiry. Thus, we believe that most of our
resultsarenot particularlysensitve to the size of the datacacheand—wherproperlyscaled—can
bewell generalizedor the classof theadoptedbenchmarks.

4 Compiler technology

Our compileris a descendandf the Multiflow compiler[4, 7]. The Multiflow compilerusesthe
trace scheduling algorithm [5, 11] to exploit instructionlevel parallelismacrossmultiple basic
blocks. The compilerwas originally designedor the Multiflow Tracemachine,the first super-
computerclassimplementatiorof the VLIW paradigm3].

ThecompilerincludesC andFortranfront-endsandimplementsa setof “traditional” high-level
optimization(common-subyepressiorelimination,if-conversion,loop-unrolling,reductionsgtc.).
Analysisphasesncludeloop analysis,identificationof inductionvariables,and“disambiguation”
of memoryaliases.

The trace scheduleiidentifies“traces” (collectionsof basicblockswith multiple-entriesand
multiple-exits) and generatesompensatiorrodeto patchpossiblemotionsof instructionsbelow
splitsor above joins thatmayhapperin the codegeneratar

The codegeneratoimplementsan integratedscheduleandregisterallocationphasebasedon
list-schedulingheuristics.The registerallocatoris a region-basedllocator(wheretheregionsare
thetraces) startswith everythingin registersandgeneratespills whennecessaryhatareaddedo
the DAG andschedulediuringthe codegeneratiorphasetself.

The compileris robust, generategfficient code,andis flexible enoughto be a goodresearch
platform. The remainderof our compilertoolchainincludesassemblerdjnkers, simulators,and
analysistools that allow usto gatherprecisestatic and dynamicinformation on variousaspects
of the benchmarksandthe architectureunderevaluation. The resultspresentedn the following
sectionsaareanexampleof theapplicationof this methodology

5 Simulation Technique

In this sectionwe discusour simulationtechniqueéncludingthedatacollected thetoolsused.and
theworkloadthatwe analyzed.

Whenperformingextensive programsimulations the choiceof memoryreferencelatato col-
lectis ratherdelicate.lt is easyto gathertoo muchdata—acompleteprogramexecutionmighthave
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billions of memoryreferencesOur ultimateresearctobjective wasto developtechniquedor au-
tomatingthe useof softwareprefetching.Thus,we focuseduponthe stridebetweerdataaddresses
for successie executionsof a given memoryreferencenstruction. In particular our simulation
ervironmentmaintainssufficient stateto apply a 3-pointmedianfilter to the stridedataassociated
with eachmemoryreferencenstructionandto computethe meanandvarianceof thefiltereddata.

Whenanaccesss embeddedn deeplynestedoopsor, in generakcomplex controlflow struc-
tures,the stridefunction presentsliscontinuitesthatwe needto filter outto beableto identify the
basicbehaior. Onemeasuref “regularity” is for instancea second-ordestatistic(the varianceof
the function). However, if we computethe varianceof the stride on the unfilteredfunction, often
discontinuitesintroduceenoughnoiseto maketheresultsmeaningless.

For example,we would like to recognizean accesswithin a double-nestedbop accessing
large 2-dimensionahkrrayasa goodcandidatevith a smallandregular stride. However the stride
whencrossingoop boundariess quitelarge andcaneasilyoffsetthe previous measurementsin
exampleof thisbehaior canbeseenin Figurel.

A 3-pointmedianfilter removessimple“spikes” from the stridefunction. If we seethe stride
of anaccesssa functionof time (i.e., samples)we would like to be ableto capturereferenceso
arrayor similar datastructureghatexhibit spatialcorrelationandcanbenefitfrom prefetching-like
techniquesThebasiccomputatiorperformedor eachmemoryreferences givenby thefollowing
codefragment(the actualcode usesmore compactdatastructuresncluding circular buffers for
stridedata).



ref erence( ADDRESS dat a, ADDRESS i nst)

{

int tnp;

int i = count[inst];

stride [inst][i] = data - last[inst];

last[inst] = data,;

tnp = median(stride[inst][i - 2], stride[inst][i - 1],

stride[inst][i]);
mean[i nst] += tnp;
meansqg[inst] += tnmp * tnp;
count [inst] ++;
m sses[inst] += CachelLookup(data);

Thus,for eachinstructionwe storethe numberof executions(count ), theaddresf thelast
datareferenced| ast ), theprevioustwo strides(st ri de[i - 1] andstri de[i -2]), thesum
of thestridedata(nmean), thesumof thesquaredstridedata(meansq), andthe cachemissesasso-
ciatedwith theinstruction(m sses). Thepurposeof the mediarfilter is to ensureghatmomentary
discontinuitessuchasthosearisingattheendof anarrayrow do notdominatethe statistics.

Generatingneaningfulmemoryaccesgatterndatarequiresexecutingactualobjectcodewhile
capturingthedatacachebehaior of eachmemoryaccessdnstructionexecutedaswell asthemem-
ory addressesf boththeinstructionanddata. While this canbe accomplishedisinga traditional
instructionsetsimulator the performanceof this approachis likely to beinadequatdor extensive
simulations Instead we usea compiledsimulationervironmentthattranslateassemblyodeinto
C. Thecompiledsimulator(logically) generateasymbolicinstructionandmemoryreferencerace.
Thistraceis combinedwith placemeninformationobtainedrom native objectcodeto generaten
accuratdraceof all memoryreferenceanstructions.The performanceof our simulationsystemis
in excessof 200K simulatedinstructions/scondwhile gatheringthe stride datadiscussedbove.
In addition,our simulationervironmentprovidesthe symbolicinformationnecessario relateeach
memoryreferencenstructionwith theline in the C sourcefrom whichit wascompiled.

6 Simulation Results

The datapresentedn this paperwasgeneratedy simulatinga numberof integer workloadsin-
cludingtheprogramsn Specint95, ghostscripB8.33,andgzip. For the Specint9®enchmarksthe
inputdatawasa“light” versionof thereferencenputs,for ghostscriptheinputdatawascomposed
of amix of text, line-artandimagesandfor gziptheinputdatawasa medium-sizdile to compress.

Eachof thesimulationrunswasperformecdbnanentireprogramexecutionandincludedroughly
1 billion instructions/run.Table 1 indicatesthe length of the simulationrunsandthe numberof
memoryreferencanstructionsexecuted.

’Dueto asimulatorproblem Perlwasnot simulated.



Instructions  MemoryReference

(millions)  Instructiongmillions)
compress 665 162
gcc 1330 302
go 988 247
ijpeg 1800 478
li 1460 343
m88ksim 1030 167
vortex 667 171
gzip 190 39
ghostscript 3140 707

Tablel: SimulationRunLength
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Figure2: Impactof CacheMisseson Performance

As mentioned prefetchingis usedto improve performanceby reducingthe impactof cache
misses.The amountof potentialimprovementis dependenuponthe size andorganizationof the
datacache. For the relatively modestcachediscussedn Section3.2, Figure2 shaws the impact
of cachemisseauponoverall performanceThus,the potentialfor improvementdueto prefetching
rangesrom 40%for gzip to 10%for ghostscrip(gs).

As mentionedn the Section5, for eachsimulationrun we computedhe meanandvarianceof
thefiltered stridedatafor eachmemoryreferencenstruction. Baseduponthis datawe developed
four categoriesfor the behaiors of memoryreferenceanstructions. Thoseinstructionswherethe
meanand varianceof the stride datawere zero, we call constant references.Regular memory
referencenstructionshave non-zeromean but zerovariance.Semi-regular instructionshave non-
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Figure3: Static

zeromeanand “small” variance(lessthan 10,000—standardeviation of 100). Finally random
instructionshave non-zeromeanand“large” variance.In the sequele give examplesof eachof
thesecatgyoriesof memoryreferencenstructions.

Figures3, 4, and5 summarizeéherelative frequencie®f eachof thefour cateoriesof memory
referencenstructionsfor our simulatedworkload. The relative weight of eachtype of memory
referencenstructionis givenin threeforms. The staticdistributionis computedby countingeach
referenceanstructionin thecodeonce the dynamicdistributionis givenby weightingeachinstruc-
tion by the appropriatdraction of referencenstructionsexecuted andthe cachemissdistribution
is computedby weightingeachinstructionby thefractionof cachemissesausedy executingthat
instruction.

Someobsenationscanbe madeaboutthe cateyoriesof referencenstructionssimply by know-
ing what the programsdo. For example,ijpeg, a jpeg encoder performssimple operationghat
arerepeatedver anentireimage(array)—asexpectedthe majority of memoryreferencenstruc-
tionsareregularor semi-rgular. Similarly, li is alisp interpretemwhich performsextensie pointer
chasingthe majority of its memoryreferencesirerandom.

Our motivation for performingthesesimulationswas to learn more aboutthe potential for
cacheprefetchingoperations. From previously publishedresults,we expect that scientific code
would displayprimarily regularandsemi-rgular referencepatternsandhencewould beamenable
to prefetching.Similarly we expectrandomreferencepatterngo be difficult to prefetch,although
aswe shall see,not alwaysimpossible.In the sequele presentexamplesof the varioustypesof
referencepatterngdravn from the codethatwassimulatedIn eachcasetheinstructiongpresented
areamongthosecausingthe largestnumberof cachemisses.

For ijpeg mostmemoryreferencesireregularor semi-rgular. Thefollowing exampleinvolves
colorspaceorversion.



Executed Memory Instructions
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Figure4: Dynamic

while (--numrows >= 0) {

for (col = 0; col < numcols; col ++){
r = GETJSAMPLE(inptr[ RGB_RED]);
g = GETJSAMPLE(inptr[ RGB_GREEN]);
b = GETISAVPLE(inptr[ RGB_BLUE]);

outptr[col] = (JSAMPLE) ((ctab[r+R_Y_CFF] +
ctab[ g+G_Y_CFF] +
ctab[ b+B_Y_CFF]) >> SCALEBITS);

The CETJSAMPLE referencesireregular, while thect ab referencesiresemi-rgular In this
casetheregularreferencesrisefrom iterationover animage while it appearshatthe semi-rgular
referencesrisefrom thefactthatthergb datais variesslowly. It seemghatthis semi-rgulardata
is notamenabléo prefetchingwhile theregulardatais.

The programwith the largestfraction of cachemissesdueto randomreferencenstructionsis
compress.Thefollowing codefragmentcontainsthe two instructionscausingthe largestnumber
of misseght abof (i) andcodet abof (i )):
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Figure5: Misses

while ... /* 2 lines of code */
i = ((c << hshift) & ent); /* xor hashing */

if (htabof (i) == fcode) {
ent = codetabof (i);
conti nue;

}

As canbe seenin this example,the randomreferencepatternarisesnaturallydueto the hash
function. In addition,the proximity of the useof the hashvalueto thewhi | e statemenprecludes
effective useof prefetching.

Anotherexpectedcaseof randomreferencepatternds in codethatchasegpointers.Therefer
encethatmissegnostin li is apointerusedfor the mark phaseof the garbagecollector

if (this->n_flags & MARK) /* nost frequent mss */
br eak;
el se
/* follow the left sublist if there is one */
this = car(prev);
/* otherwise, followthe right sublist if there is one */

this = cdr(prev);
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Thesituationfor randomreferencepatternds notalwayshopelessThetwo instructionsn gzip
accountingor thelargestnumberof missesalsohave arandompatternsput the computatiorof the
relevantarrayindex andits usearewidely separateéh theloop body:

do ... /* several lines including a | oop */
if (match[best _len] = scan_end ||
mat ch[ best _len - 1] !'= scan_endl ||
/* several lines including a | oop */
len = ...
bes'-[._ll en = |l en;

} while ((cur_match = prev(cur_match & WMASK)) > linmit ...);

In this casethetwo instructiongmat ch[ best _| en] andpr ev(cur _match & WWVASK))
appeato beviableopportunitiedor prefetching.

Onesurprisen our studywastherelatively large numberof referenceso fixedaddressesaus-
ing cachemissesTheexamplefrom vortex causinghelargestnumberof missesvasdueresetting
aglobalvariable(which appearso bewrite-onlyin this program!).

Mem _ChunkExpanded = 0;

7 Discussion

Therearea numberof commonbeliefsconcerningnemoryreferenceatternandthelikely effects
of prefetching.In this sectionwe considerseveral of thesein the contet of the datapresentedn
this paper

Only scientific codeneedsprefetching While it is true that scientificcodeoften accessefarge
datastructuresand thus causesapacitycachemisses,mary non-scientificprogramsalso suffer
from poorcachebehaior. For example,in ourexperimentgzipspentmorethan41%of its running
time on memorystalls, followed by compresg35%) andgo (30%). On averageour benchmarks
spentl8%on stalls.

Large data structurescausealmostall cachemisses.Althoughlarge datastructuresarerespon-
sible for mary of the cachemisses,we obsenred a surprisinglylarge numberof missescaused
by constant-stridenemoryreferencegglobal constantseemto be the main source). More than
35% of the missesn vortex and30%in m88ksimwereof this type. GSandgcc alsosuffer from

constant-stridenisses.

Non-scientific codeis too hard to prefetch. Clearly arrayreferencesn innermostioops,which
arecharacteristi¢or scientificcode,areeasiesto prefetch.However, our experimentssuggesthat

11
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Figure6: Results:compress

generalcodemight not be asbadasis currentlybelieved. Many programssuffer from constant-
stridememoryreferencemisseswhichshouldbeeasyto eliminate.Also somenon-scientificcodes
exhibitsregularaccesgatternge.g.ijpeg, m88ksim li). Moreover, it is likely thatminor modifica-
tionsof existing prefetchingechniquesvould coverareasonableartof thesemi-rgularreferences
(24%of thetotal numberof missesn ourbenchmarksaresemi-rgular). Not all of therandomref-
erencesareimpossibleto prefetch for example,two of therandomreferences$n gzip causemore
than60% of all misseshut their addressesanbe computedwell in advanceof their use.Finally,
thereis often structurebehind“random” references.Sparsenumericalcodeis one examplefor
which thereare standardechniqueq9]. Similarly, encouragingesultshave beenachiezed with
recursve datastructureg8].

“Bad ref” Hypothesis.Ourdatashawv thatthe hypothesighata smallnumberof referencesause
mostmissess notasuniversalassuggestedh [13]. It is truethatmostmemoryreferencesimost
never miss.Sometimesasclaimed,high missratereferencegsausamostof the misses.

Thisis the casewith compresgseeFigure6) andgzip (R.(m) is the staticpercentagef mem-
ory referencesvith missrateup to m, and M.(m) is the percentag®f missescausedy memory
referencesvith missrateupto m). Unfortunately oftenmemaoryreferencesvith low missratesare
responsibldor themajority of missesanextremeexampleis ijpeg (Figure7). Thebehaior of gcc
(Figure8) is representatie for therestof our benchmarks.

In summary while corventionalwisdom holdsthat only scientific code displayssufficiently
regularmemoryaccespatterndor techniquesuchasprefetchingo be useful,our datashovsthat
the programsdn the standardntegerbenchmarkslisplaysignificantamountsof regularaccesses.
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