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Abstract

We presentmemoryreferencedatafor theSpecInt95benchmarksthatcanbeusedin eval-
uatingthe potentialfor prefetchingspatiallycorrelateddata. In contrastwith previouswork,
thedatapresentedarefor completeprogramrunsandtraceall executedinstructions.Thedata
areclassifiedaccordingto theiraccesspatternsandweshow how typesof accesspatternsarise
from the executedbenchmarkcode. Finally, we examinethe accuracy of several published
beliefsconcerningmemoryaccesspatterns.Onecommonbelief is that only scientificcode
displayssufficiently “regular” behavior for techniquessuchasprefetchingto beof benefit.Our
conclusionis thatthereis significantamountof “regular” behavior evenin non-scientificcode.

1 Intr oduction

Thegoalof thispaperis to presentmemoryreferencedataderivedfrom theSpecInt95benchmarkin
orderto enabledesignersto evaluatehardwareandsoftwareprefetchingmechanisms.Prefetching
mechanismsattemptto minimizedatacachemissesby identifying memoryreferenceinstructions
thatdisplaya high degreeof spatialcorrelationandto fetchthedatarequiredby suchinstructions
prior to their execution.For a prefetchingmechanismto beeffective,a significantfractionof exe-
cutedmemoryreferenceinstructionsmustdisplaya strongspatialcorrelation.Thework presented
in this papercharacterizesthedegreeof spatialcorrelationexhibitedby theexecutedmemoryref-
erenceinstructionsin a significantsetof benchmarks.

Theamountof datacollectedfrom thetraceof asignificantexecutionruncanbeoverwhelming.
In this paper, we choseto focusexclusively on identifying thespatialcorrelationfor thememory
referenceinstructionsof the benchmarkprogramsby medianfiltering the addressesaccessedand
computingtheaverageandvarianceof thestride1. Evenwith sucha high degreeof compression,
eachof the benchmarksthatwe studiedhashundredsto thousandsof memoryreferenceinstruc-
tions.Thus,wehavedevelopedasimpleclassificationschemethatweuseto indicatethetypesand
relativefrequenciesof memoryreferenceinstructionsthatmightbegoodcandidatesfor prefetching.
Wealsorelatehighfrequency examplesof eachof thetypesof referenceinstructionsto theirsource
code.Theseexamplesillustratehow thedifferenttypesof referenceinstructionsarisenaturallyin
a program.
�
Departmentof ComputerScience,CornellUniversity, Ithaca,NY 14853.�
Hewlett-PackardLaboratories,Cambridge,MA 02142.

1Stride is theaddressdifferencebetweentwo successiveexecutionsof agivenmemoryreferenceinstruction.
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The remainderof this paperis organizedas follows. In Section2 we discussrelatedwork.
We discussour target system,compiler, andsimulationtechniquesin Sections3–5. The simula-
tion workloadandresultsarepresentedin Section6. We concludewith a discussionof “common
beliefs”.

2 RelatedWork

Becausetheultimategoalof memoryprefetchingis reducingcachemisses,publishedwork hasof-
tenfocusedupontheeffectivenessof variousprefetchingtechniquesin reducingcachemisses.For
example,Charney andPuzakperformeda study[2] similar to oursfor the SPEC95benchmarks.
Thereareseveraldifferencesin ourwork; themostfundamentalis thetypeof datacollected.Char-
ney andPuzakfocuseduponhow cachemissratechangeswhenvaryingcachecapacity, associa-
tivity andline size;limited memorystridedatafor datacachemissesis presented.In contrast,our
work is largely independentof anunderlyingcachemodel—wepresentstridedatafor all memory
referenceinstructionsin additionto cachemissdata. Furthermore,their datawascollectedupon
only a smallpartof theexecutionof thebenchmarksandonly consideredinstructionsthatmissed
at least500timeswhile wecollecteddatafor entireprogramruns.

Therehave beena numberof efforts to identify memoryreferenceinstructionsthatarecandi-
datesfor prefetchingwithin thecompilerin orderto insertappropriateprefetchinstructions.Much
of this work hasfocuseduponprefetchingloopsandscientificcode[1,9,10,12]. The underlying
assumptionof this work is that non-numericalcodesaredifficult to analyzeandgenerallymake
good useof cache. More recentlysomeresearchershave arguedthat prefetchingnon-scientific
codescanalsobe important[6,8]. Luk andMowry [8] arguethat accessinglargedatastructures
causesmostcachemisses.They presentsomeheuristicsfor prefetchingtree-likedatastructures,
but run into difficultieswith hashtables.

Therehave alsobeenattemptsto characterizethe likely patternsof memoryreferenceinstruc-
tions.Selvidgepresentsarguesthatthemajorityof memoryreferencesalmostnevermiss,andrela-
tively smallnumberof memoryreferencesareoftenresponsiblefor mostof thecachemisses[13].
He conjecturesthat the referenceswith high miss rate are the onesresponsiblefor most of the
misses,andcachebehavior of individualmemoryreferencesdoesnot changemuchwith perturba-
tions of input data. Thushecalls the memoryreferenceswith high missrate“bad refs”, andthe
oneswith low missrate—“goodrefs”. In theory, prefetchingonly thebadrefswould resultin high
misscoverageandlow overhead.Selvidge’s experimentsshow mixedresultsand,aswe show in
Section7, this is not supportedby ourdata.

3 TargetSystem

For the typeof experimentsdiscussedin this paper, systemdependentparameterssuchasthe in-
structionset,memorymodel,andcompilercansignificantlyimpacttheresults.Ourgoalin thissec-
tion is to provide sufficient informationfor thereaderto judgewhethertheresultsthatwe present
arelikely to reflectthosethatmight beexpectedon anothersystem.Sinceour experimentsfocus
uponthe dataaddressreferencepatternsfor memoryreferenceinstructions,someaspectsof our
work, suchasthefractionof memoryreferenceinstructionsthathave regularinteroperationstride,
arelikely to bestableacrossawide rangeof systems.At theotherextreme,resultsrelatedto cache
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missratesfor the variousmemoryreferenceinstructionsof a programaresensitive to relatively
minor changesin systemarchitecture,but maystill beof somevaluein identifying systemdesign
parametersthatrequirecarefulanalysis.

3.1 CPU Ar chitecture

Thecpumodelusedin our experimentsis a simulatedVLIW [5,11] processorwith a basicRISC
instructionset. While our researchframework allows us to vary architecturalparameterssuchas
the numberof functional units and registers,for the experimentsdiscussedherewe modeleda
machinecapableof issuing8 ALU operations,onememoryreference,andonebranchpercycle. In
addition,we usedsufficient registers(32/ALU) to ensurethat thememorytraffic for registerspills
andrestoresis minimized.

It is unlikely thatmostreaderswill have directexperiencewith VLIW machines;however, we
arguethattheresultspresentedarelikely to besimilar to thoseobtainedwith asuperscalarmachine
with a moderatenumberof issues/cycle. 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
any suchcodetuning andhenceachieved only moderateILP for the simulationspresented.One
fundamentaldifferenceis that instructionsfor our architecturearestaticallyscheduled,while for a
superscalarthey aredynamicallyscheduled.Thisdifferencedoesnot impactthesequenceof mem-
ory referenceinstructionsaccessed—onlytotalnumberof cyclesrequiredto executeaprogramand
hencetheeffect of datacachemissesonoverall programperformance.Thesimulatedarchitecture
doesnot incura largestaticoverheadin codesizefor unusedfunctionalresources.

Onelimitation of our simulatedarchitectureis a relatively limited setof memoryreferencein-
structionsthat only supporta direct registeraddressingmode. Thus,complex addressingmodes
sucha indexedaddressingrequireadditionaloperationswhich cantypically bebundledinto other
instructions. While this directly impactscodesize, it doesnot affect the sequenceof memory
referenceinstructionsissued,and,becauseof thehighpotentialILP of ourarchitectureandtherel-
atively powerful instructionschedulerin ourcompiler, hasonly limited impacton thetotalnumber
of instructioncycles requiredfor programexecution. Thus, the frequency of memoryreference
instructionsto otherinstructions,the absolutenumberof memoryreferenceinstructions,andthe
distributionof dataaddressesreferencedarelikely to beidenticalto a RISCprocessor.

In addition,ourmemorysystemalsosupportsaprefetch operation,of theformprefetch
<address register>, wherethe address register hasto be explicitly computed. A
prefetchoperationconsumesa memoryslot, but the issuewidth of the machineusually lets the
compilerhidetheaddresscomputationfor thevalueto beprefetchedin thepreviouscyclesof the
schedule.While the presenceof this pref etchoperationwasthe motivation for performingthe
experimentspresentedin thispaper, theresultspresentedin thispaperdonotuseandhencearenot
effectedby existenceof theprefetch operation.

3.2 Data Cache

The cachearchitectureis quite conventional. Our simulatedmodel is an 8KB, two-way set as-
sociative, copybackcachewith 32B linesandan LRU replacementpolicy. Our compileralways
schedulesfor a cachehit latency (3 cycles, fully pipelined),and the entiremachinestalls if the
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cacheaccessmisses.Our simulationnumbersaresomewhatconservative,sincewe did not simu-
latea critical-word-firstmodeandwealwaysexposethecopybackpenalty.

The penaltyto reloada 32B line assumesa 64-bit main memoryinterface,meaningthat we
needaburstof four double-wordsateachrefill. Our timing modelfor thebusis a6-1-1-1(-2)burst
mode,andwe assumea ratio of 3 betweenmemorybus speedandprocessorbus speed.These
assumptionsyield a refill penaltyof 33 processorcyclespermiss. A missthatcausesa copyback
hastwice thepenaltyof a simplemiss.

We choseto simulatea rathersmall cachesinceto model the interactionbetweenprocessor
and level 1 datacaches. However, many of our conclusionsare independentof the miss rates
for memoryreferenceinstructions;we primarily usedthe relative miss ratesas a way to select
individual memoryreferenceoperationsfor closerscrutiny. Thus, we believe that most of our
resultsarenot particularlysensitive to thesizeof thedatacacheand—whenproperlyscaled—can
bewell generalizedfor theclassof theadoptedbenchmarks.

4 Compiler technology

Our compiler is a descendantof the Multiflow compiler[4,7]. The Multiflow compilerusesthe
trace scheduling algorithm [5,11] to exploit instruction level parallelismacrossmultiple basic
blocks. The compilerwasoriginally designedfor the Multiflow Tracemachine,the first super-
computer-classimplementationof theVLIW paradigm[3].

ThecompilerincludesC andFortranfront-endsandimplementsasetof “traditional” high-level
optimization(common-subexpressionelimination,if-conversion,loop-unrolling,reductions,etc.).
Analysisphasesincludeloop analysis,identificationof inductionvariables,and“disambiguation”
of memoryaliases.

The tracescheduleridentifies“traces” (collectionsof basicblockswith multiple-entriesand
multiple-exits) andgeneratescompensationcodeto patchpossiblemotionsof instructionsbelow
splitsor above joins thatmayhappenin thecodegenerator.

Thecodegeneratorimplementsan integratedscheduleandregister-allocationphasebasedon
list-schedulingheuristics.Theregister-allocatoris a region-basedallocator(wheretheregionsare
thetraces),startswith everythingin registersandgeneratesspillswhennecessarythatareaddedto
theDAG andscheduledduringthecodegenerationphaseitself.

The compileris robust,generatesefficient code,andis flexible enoughto bea goodresearch
platform. The remainderof our compiler toolchainincludesassemblers,linkers, simulators,and
analysistools that allow us to gatherprecisestatic anddynamicinformationon variousaspects
of the benchmarksandthe architectureunderevaluation. The resultspresentedin the following
sectionsareanexampleof theapplicationof thismethodology.

5 Simulation Technique

In thissectionwediscussoursimulationtechniquesincludingthedatacollected,thetoolsused,and
theworkloadthatwe analyzed.

Whenperformingextensive programsimulations,thechoiceof memoryreferencedatato col-
lect is ratherdelicate.It is easyto gathertoomuchdata—acompleteprogramexecutionmighthave
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for(...) {
    for(i=-;i<N;i++) {
        f(a[i]);
    }
}

Figure1: Exampleof aTypical StridePatternfor aNestedLoopAccess

billions of memoryreferences.Our ultimateresearchobjective wasto developtechniquesfor au-
tomatingtheuseof softwareprefetching.Thus,we focuseduponthestridebetweendataaddresses
for successive executionsof a given memoryreferenceinstruction. In particular, our simulation
environmentmaintainssufficient stateto applya 3-pointmedianfilter to thestridedataassociated
with eachmemoryreferenceinstructionandto computethemeanandvarianceof thefiltereddata.

Whenanaccessis embeddedin deeplynestedloopsor, in generalcomplex controlflow struc-
tures,thestridefunctionpresentsdiscontinuitiesthatweneedto filter out to beableto identify the
basicbehavior. Onemeasureof “regularity” is for instanceasecond-orderstatistic(thevarianceof
the function). However, if we computethe varianceof thestrideon the unfilteredfunction,often
discontinuitiesintroduceenoughnoiseto maketheresultsmeaningless.

For example,we would like to recognizean accesswithin a double-nestedloop accessinga
large2-dimensionalarrayasa goodcandidatewith a smallandregularstride. However thestride
whencrossingloop boundariesis quitelargeandcaneasilyoffsetthepreviousmeasurements.An
exampleof thisbehavior canbeseenin Figure1.

A 3-pointmedianfilter removessimple“spikes” from thestridefunction. If we seethestride
of anaccessasa functionof time (i.e., samples),we would like to beableto capturereferencesto
arrayor similardatastructuresthatexhibit spatialcorrelationandcanbenefitfrom prefetching-like
techniques.Thebasiccomputationperformedfor eachmemoryreferenceis givenby thefollowing
codefragment(the actualcodeusesmorecompactdatastructuresincluding circular buffers for
stridedata).
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reference(ADDRESS data, ADDRESS inst)
{
int tmp;
int i = count[inst];

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

tmp = median(stride[inst][i - 2], stride[inst][i - 1],
stride[inst][i]);

mean[inst] += tmp;
meansq[inst] += tmp * tmp;
count [inst] ++;
misses[inst] += CacheLookup(data);
}

Thus,for eachinstructionwe storethenumberof executions(count), theaddressof thelast
datareferenced(last), theprevioustwo strides(stride[i-1] andstride[i-2]), thesum
of thestridedata(mean), thesumof thesquaredstridedata(meansq), andthecachemissesasso-
ciatedwith theinstruction(misses). Thepurposeof themedianfilter is to ensurethatmomentary
discontinuitiessuchasthosearisingat theendof anarrayrow donot dominatethestatistics.

Generatingmeaningfulmemoryaccesspatterndatarequiresexecutingactualobjectcodewhile
capturingthedatacachebehavior of eachmemoryaccessinstructionexecutedaswell asthemem-
ory addressesof boththe instructionanddata.While this canbeaccomplishedusinga traditional
instructionsetsimulator, theperformanceof this approachis likely to be inadequatefor extensive
simulations.Instead,we usea compiledsimulationenvironmentthattranslatesassemblycodeinto
C.Thecompiledsimulator(logically) generatesasymbolicinstructionandmemoryreferencetrace.
This traceis combinedwith placementinformationobtainedfrom nativeobjectcodeto generatean
accuratetraceof all memoryreferenceinstructions.Theperformanceof our simulationsystemis
in excessof 200K simulatedinstructions/secondwhile gatheringthe stridedatadiscussedabove.
In addition,oursimulationenvironmentprovidesthesymbolicinformationnecessaryto relateeach
memoryreferenceinstructionwith theline in theC sourcefrom which it wascompiled.

6 Simulation Results

The datapresentedin this paperwasgeneratedby simulatinga numberof integerworkloadsin-
cludingtheprogramsin SpecInt952, ghostscript3.33,andgzip. For theSpecInt95benchmarks,the
inputdatawasa“light” versionof thereferenceinputs,for ghostscripttheinputdatawascomposed
of amix of text, line-artandimages,andfor gziptheinputdatawasamedium-sizefile to compress.

Eachof thesimulationrunswasperformedonanentireprogramexecutionandincludedroughly
1 billion instructions/run.Table1 indicatesthe lengthof the simulationrunsandthe numberof
memoryreferenceinstructionsexecuted.

2Dueto asimulatorproblem,Perlwasnotsimulated.
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Instructions MemoryReference
(millions) Instructions(millions)

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

Table1: SimulationRunLength

Breakdown of Execution Time
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Figure2: Impactof CacheMissesonPerformance

As mentioned,prefetchingis usedto improve performanceby reducingthe impactof cache
misses.The amountof potentialimprovementis dependentuponthesizeandorganizationof the
datacache.For the relatively modestcachediscussedin Section3.2, Figure2 shows the impact
of cachemissesuponoverallperformance.Thus,thepotentialfor improvementdueto prefetching
rangesfrom 40%for gzip to 10%for ghostscript(gs).

As mentionedin theSection5, for eachsimulationrunwe computedthemeanandvarianceof
thefilteredstridedatafor eachmemoryreferenceinstruction.Baseduponthis datawe developed
four categoriesfor the behaviors of memoryreferenceinstructions.Thoseinstructionswherethe
meanand varianceof the stride datawere zero, we call constant references.Regular memory
referenceinstructionshave non-zeromean,but zerovariance.Semi-regular instructionshave non-
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Static Memory Instructions
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Figure3: Static

zeromeanand“small” variance(lessthan10,000—standarddeviation of 100). Finally random
instructionshave non-zeromeanand“large” variance.In thesequelwe give examplesof eachof
thesecategoriesof memoryreferenceinstructions.

Figures3,4, and5 summarizetherelativefrequenciesof eachof thefour categoriesof memory
referenceinstructionsfor our simulatedworkload. The relative weight of eachtype of memory
referenceinstructionis givenin threeforms. Thestaticdistribution is computedby countingeach
referenceinstructionin thecodeonce,thedynamicdistributionis givenby weightingeachinstruc-
tion by theappropriatefractionof referenceinstructionsexecuted,andthecachemissdistribution
is computedby weightingeachinstructionby thefractionof cachemissescausedby executingthat
instruction.

Someobservationscanbemadeaboutthecategoriesof referenceinstructionssimplyby know-
ing what the programsdo. For example,ijpeg, a jpeg encoder, performssimpleoperationsthat
arerepeatedover anentireimage(array)—asexpectedthemajority of memoryreferenceinstruc-
tionsareregularor semi-regular. Similarly, li is a lisp interpreterwhichperformsextensivepointer
chasing;themajorityof its memoryreferencesarerandom.

Our motivation for performingthesesimulationswas to learn more about the potential for
cacheprefetchingoperations.From previously publishedresults,we expect that scientificcode
woulddisplayprimarily regularandsemi-regularreferencepatternsandhencewould beamenable
to prefetching.Similarly we expectrandomreferencepatternsto bedifficult to prefetch,although
aswe shall see,not alwaysimpossible.In thesequelwe presentexamplesof thevarioustypesof
referencepatternsdrawn from thecodethatwassimulated.In eachcase,theinstructionspresented
areamongthosecausingthelargestnumberof cachemisses.

For ijpeg mostmemoryreferencesareregularor semi-regular. Thefollowing exampleinvolves
colorspaceconversion.
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Executed Memory Instructions
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Figure4: Dynamic

while (--num_rows >= 0) {
...
for (col = 0; col < num_cols; col++){
r = GETJSAMPLE(inptr[RGB_RED]);
g = GETJSAMPLE(inptr[RGB_GREEN]);
b = GETJSAMPLE(inptr[RGB_BLUE]);
...
outptr[col] = (JSAMPLE) ((ctab[r+R_Y_OFF] +

ctab[g+G_Y_OFF] +
ctab[b+B_Y_OFF]) >> SCALEBITS);

...

TheGETJSAMPLE referencesareregular, while thectab referencesaresemi-regular. In this
casetheregularreferencesarisefrom iterationoveranimage,while it appearsthatthesemi-regular
referencesarisefrom thefact thatthergb datais variesslowly. It seemsthatthis semi-regulardata
is notamenableto prefetching,while theregulardatais.

Theprogramwith the largestfractionof cachemissesdueto randomreferenceinstructionsis
compress.Thefollowing codefragmentcontainsthe two instructionscausingthe largestnumber
of misses(htabof(i) andcodetabof(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);
continue;

}

As canbeseenin this example,the randomreferencepatternarisesnaturallydueto thehash
function. In addition,theproximity of theuseof thehashvalueto thewhile statementprecludes
effective useof prefetching.

Anotherexpectedcaseof randomreferencepatternsis in codethatchasespointers.Therefer-
encethatmissesmostin li is apointerusedfor themarkphaseof thegarbagecollector.

if (this->n_flags & MARK) /* most frequent miss */
break;

else
/* follow the left sublist if there is one */
...
this = car(prev);
...
/* otherwise, follow the right sublist if there is one */
...
this = cdr(prev);
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Thesituationfor randomreferencepatternsis notalwayshopeless.Thetwo instructionsin gzip
accountingfor thelargestnumberof missesalsohavearandompatterns,but thecomputationof the
relevantarrayindex andits usearewidely separatedin theloopbody:

do ... /* several lines including a loop */

if (match[best_len] != scan_end ||
match[best_len - 1] != scan_end1 ||

... /* several lines including a loop */

len = ...
...

best_len = len;
...

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

In thiscasethetwo instructions(match[best len] andprev(cur match & WMASK))
appearto beviableopportunitiesfor prefetching.

Onesurprisein ourstudywastherelatively largenumberof referencesto fixedaddressescaus-
ing cachemisses.Theexamplefrom vortex causingthelargestnumberof misseswasdueresetting
a globalvariable(whichappearsto bewrite-only in thisprogram!).

Mem_ChunkExpanded = 0;

7 Discussion

Thereareanumberof commonbeliefsconcerningmemoryreferencepatternsandthelikely effects
of prefetching.In this sectionwe considerseveralof thesein thecontext of thedatapresentedin
thispaper.

Only scientific codeneedsprefetching. While it is true thatscientificcodeoftenaccesseslarge
datastructuresand thuscausescapacitycachemisses,many non-scientificprogramsalsosuffer
from poorcachebehavior. For example,in ourexperimentsgzipspentmorethan41%of its running
time on memorystalls,followedby compress(35%)andgo (30%). On averageour benchmarks
spent18%onstalls.

Large data structurescausealmost all cachemisses.Althoughlargedatastructuresarerespon-
sible for many of the cachemisses,we observed a surprisinglylarge numberof missescaused
by constant-stridememoryreferences(global constantsseemto be the main source).More than
35%of themissesin vortex and30%in m88ksimwereof this type. GSandgccalsosuffer from
constant-stridemisses.

Non-scientificcodeis too hard to prefetch. Clearlyarrayreferencesin innermostloops,which
arecharacteristicfor scientificcode,areeasiestto prefetch.However, ourexperimentssuggestthat
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Figure6: Results:compress

generalcodemight not be asbadasis currentlybelieved. Many programssuffer from constant-
stridememoryreferencemisses,whichshouldbeeasyto eliminate.Also somenon-scientificcodes
exhibits regularaccesspatterns(e.g.ijpeg,m88ksim,li). Moreover, it is likely thatminormodifica-
tionsof existingprefetchingtechniqueswouldcoverareasonablepartof thesemi-regularreferences
(24%of thetotalnumberof missesin ourbenchmarksaresemi-regular).Not all of therandomref-
erencesareimpossibleto prefetch,for example,two of therandomreferencesin gzip causemore
than60%of all misses,but their addressescanbecomputedwell in advanceof their use.Finally,
thereis often structurebehind“random” references.Sparsenumericalcodeis one examplefor
which therearestandardtechniques[9]. Similarly, encouragingresultshave beenachieved with
recursivedatastructures[8].

“Bad ref” Hypothesis.Ourdatashow thatthehypothesisthatasmallnumberof referencescause
mostmissesis not asuniversalassuggestedin [13]. It is truethatmostmemoryreferencesalmost
never miss.Sometimes,asclaimed,highmissratereferencescausemostof themisses.

This is thecasewith compress(seeFigure6) andgzip( �����
	�� is thestaticpercentageof mem-
ory referenceswith missrateup to 	 , and 
 � �
	�� is thepercentageof missescausedby memory
referenceswith missrateupto 	 ). Unfortunately, oftenmemoryreferenceswith low missratesare
responsiblefor themajorityof misses;anextremeexampleis ijpeg (Figure7). Thebehavior of gcc
(Figure8) is representative for therestof ourbenchmarks.

In summary, while conventionalwisdom holdsthat only scientificcodedisplayssufficiently
regularmemoryaccesspatternsfor techniquessuchasprefetchingto beuseful,ourdatashowsthat
theprogramsin thestandardintegerbenchmarksdisplaysignificantamountsof regularaccesses.
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