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Abstract

An importanttechniquefor alleviating thememorybot-
tleneck is data prefetching. Data prefetching solu-
tions ranging from pure software approach by inserting
prefetch instructionsthrough program analysisto purely
hardware mechanismshavebeenproposed. The degrees
of successof thosetechniquesare dependenton the na-
ture of theapplications.Theneedfor innovativeapproach
is rapidly growing with the introduction of applications
such asobject-orientedapplicationsthat showdynamically
changingmemoryaccessbehavior. In this paper, we pro-
posea novel framework for the use of data prefetchers
that are trainedoff-line usingsmartlearningalgorithmsto
producepredictionmodelswhich captureshiddenmemory
accesspatterns. Oncebuilt, thoseprediction modelsare
loadedinto a data prefetching unit in the CPU at the ap-
propriate point during the runtime to drive the prefetch-
ing. On average by using table size of about 8KB size,
wewere able to achievepredictionaccuracyof about68%
through our own proposedlearning methodand perfor-
mancewasboostedabout37% on average on the bench-
markswe tested. Furthermore, we believe our proposed
frameworkis amenableto otherpredictorsandcanbedone
asa phaseof theprofiling-optimizing-compiler.

1. Introduction

It is a well-establishedfact that asprocessorspeedin-
creases,memory becomesa seriousperformancebottle-
neck.While the introductionof cachessignificantlyallevi-
atedtheproblem,cachingalonewill not bridgetheincreas-
ing performancegap betweenmulti-issueprocessorsrun-
�
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ning at very high clock speedsandmemory. Dataprefetch-
ing hasbeenproposedasan additionaltool to bridge this
gap. Existing hardwareprefetchingtechniquesrequirethe
prefetchinghardwareto performsomeform of learningand
predictionin real-time. This may necessitatea significant
investmentin hardware,or theremay be an impacton the
critical pathof instructionprocessing.In theworstcase,it
canbeboth. In this paper, we proposea new paradigmthat
utilizesextensiveprofilingandpowerful off-line learningal-
gorithms.Themaincontributionsof this paperare:

� A novel framework to performoff-line traceanalysis
thatpermitsa wide rangeof learningalgorithms;

� A prefetchingmicroarchitecturethat is low in hard-
warerequirementandoverhead.

Our techniqueshowed significantimprovementin pre-
dictionaccuracy overexistingones.

In Section2, we will describesomerepresentative pre-
vious works on this subject. In Section3, we will discuss
the useof off-line learningalgorithms. Our proposedar-
chitecturewill bepresentedin Section4 togetherwith three
learningalgorithmsthatwe tested.This is followedby ex-
perimentalsetup,resultsandaconclusion.

2. Previous Work

Researchonmemoryhierarchyoptimizationcanbeclas-
sified into three broad categories: software approaches,
hardware approachesand hybrid approaches. We will
briefly mentionsomerepresentative work andrefer the in-
terestedreaderto a detailedsurvey on the matterthat was
recentlypublished[25].

In the field of softwareprefetchingearly work include
that doneby Callahan,Kennedy, and Porterfield[4], and
Klaiber andLevy [16]. The former proposedthe insertion
of dataprefetchinstructionsin dataintensive loopswhile



thelatterstudiedefficientarchitecturalsupportmechanisms
for dataprefetchinstructions.Mowry, Lam andGupta[22]
showedthatcarefulanalysisandselectiveprefetchingcould
providesignificantperformanceimprovementsin programs
with regularnestedloops.Othersoftwareprefetchingtech-
niquesincludesSpeculatively PrefetchingAnticipatedIn-
terproceduralDereference(SPAID) [19], the useof cache
missheuristicsto drive prefetching[23], andthe prefetch-
ing of recursive data structure proposedby Luk and
Mowry [20].

Hardware approach includes Jouppi’s “stream
buffers” [12], Fu and Patel’s prefetching for super-
scalarand vector processors[8, 9], and Chenand Baer’s
lookaheadmechanism[6] andknown astheReferencePre-
dictionTable(RPT)[7]. Mehrota[21] proposedahardware
data prefetchingschemethat attemptsto recognizeand
use recurrentrelations that exist in addresscomputation
of link list traversals. Extendingthe idea of correlation
prefetchers[5], Josephand Grunwald [11] implemented
a simple Markov model to dynamicallyprefetchaddress
references. More recently, Lai, Fide, and Falsafi [18]
proposeda hardwaremechanismto predict the last useof
cacheblocks.

Hybrid approachesincludestheprefetcharraysproposal
by Karlsson,Dahlgren,andStenstrom[14] andVanderWiel
andLilja’ sdataprefetch controller (DPC)[24].

3. Off-line Learning

Hardwarepredictorsoperatein two phases- a learning
phaseand a prediction phase. In the learningphase,the
prediction facility is trained. Typically, this involves the
updatingof a prediction table or automaton. In the pre-
diction phase,the learnedtable or automatonis usedto
make prefetchrequests.In someschemes,during the pre-
diction phase,the predictiontableor automatonmay also
beupdated,i.e. thelearningandpredictionphasesareinter-
leaved.

A major drawbackof existing hardwareschemesis the
needto perform learningandpredictionboth at run time.
This severely limits the type of learningschemesthat one
canuse. We proposeovercomingthis limitation by taking
the learningphaseoff-line. By using sampletracescol-
lectedfrom an application,predictiontablesandautomata
canbetrainedoff-line. This restson theimportantassump-
tion thatthesampletracesusedfor thetrainingdocorrectly
reflectthebehavior of theapplicationduringits actualrun.
Thesuccessof hardwareprefetchmechanisms,all of which
arebasedon learningpastpatternsto predict future refer-
ences,providesstrongcircumstantialevidencefor this.

Thefactorsdeterminingthesuccessof aprefetchscheme
areaccuracy, timeliness,overheadandcoverage. Accuracy
refersto thepercentageof prefetchrequestsissuedareactu-

ally used.An accuratelypredictedprefetchrequestis use-
lessif it is issuedtoo earlyor too late relative to theactual
useof the data. Any prefetchmechanismwill have an as-
sociatedoverhead(which maybe in theform of additional
instructions,hardwareinvestment,or increasedbusutiliza-
tion) that mustnot be too significant. Finally, the scheme
mustbeableto cover mostof the loadmisses.Unlike on-
line schemes,off-line schemescanconsidera significantly
largerwindow of thesampletraceand/orusemorecomplex
analysisandlearningalgorithms.This generallyimproves
theaccuracy of theprediction.Furthermore,by stayingfo-
cuson programhotspots,coverageis improved. The issue
of timelinessandoverheadwill bediscussedwhenwe out-
line our architecturalsolution.

4. Markovian Predictors

In this section,we shall describeour proposedMarko-
vian predictors.Training tracesof theapplicationof inter-
estarecollected. In our experiments,thesetracesarefirst
processedthrougha cachesimulatorso that we obtained
only themisstraces.It shouldbeemphasizedthatwe used
a tracegeneratedby usinga different input for the appli-
cationin our experiments.During thesampletracecollec-
tion phase,the applicationis also profiled to identify the
“hotspots” - sectionsof code in which most of the load
missesoccur. Thesetraining sequencesare then fed to a
learning/analysisalgorithmthatoutputsa predictionmodel
for aparticularhotspot.Thepredictionmodelis essentially
a tablewith entries ���
	����	�����	�������	������ whereuponencoun-
tering missaddress� , prefetchrequestsare issuedfor ad-
dress���	�����	�������	���� . In subsection4.4,wewill describehow
weencodetheentriesin thetablesoasto reducethesizeof
thepredictiontables.

4.1. Simple Markov Predictor

Thissimplepredictoris similarto theoneusedby Joseph
andGrunwald [11]. Let � be the samplemisstraceof an
application.For two missaddresses,��	���� � say, theprob-
ability !"�#�%$ �&� , i.e. theprobabilityof � beingfollowedim-
mediatelyby missaddress� , is computed.For each�'�'�
in the misstrace,we compute()�#�*�,+.-/!"���0$ �&�21 where,
�
	���� � and �43+5� . In addition,from thetracewecompute6 �#�*� which is thefrequency of occurrencesof � in � .

Next, we fix thesizeof thepredictiontable.This allows
usto controltheamountof hardwaresupportneeded.Since
in practice,not all missaddressescanbeaccomodated,we
needahashingalgorithmto accessthetable.Let 7��#�*� bethe
hashingfunction that maps � to its entry in the prediction
table.We useda lookupmechanismthatis similar to cache
tagchecking.We iteratethroughtherows of theprediction
table. Of all the missaddressesthatmapto the samerow,



we pick theonewith thehighestfrequency of occurrences
in thesampletrace.Let 8 bethenumberof prefetchrequest
entryperrow. Having selected� , we simply usethe 8 miss
addressesof ()�#�*� with thehighestprobabilities.Thevalue
of 8 variesfrom 1 to 4 dependingontheencodingdescribed
in section4.4.

4.2. Window Markov Predictor

This is a new predictor. Insteadof consideringonly the
missaddressesthat immediatelyfollows � , we usea win-
dow of size 9 andconsiderall miss addresseswithin the
window. In otherwords,if �  	�� � 	�������	 is thesequenceof miss
addressesthat follows � , then for the windowed Markov
predictor, we use (4:;�#�&�<+=->!"�#��?@$ �*�A$�B<CD9,	E�
	���?F�G�H1 .
For ourexperiments,wechose9 to befive. Anotherimpor-
tantmodificationis thatwe do not necessarilyuseup all 8
prefetchrequestslots.

4.3. Hidden Markov Model (HMP) Predictor

TheHiddenMarkov Model(HMP) isawell-knowntech-
nique that hasa wide rangeof applications[10, 17, 23].
Essentially, it is a Markov chain whereeachstategener-
atesan observation. HMP areknown to bevery usefulfor
time-seriesmodelingsincethe discretestate-spacecanbe
usedto approximatemany non-linear, non-Gaussiansys-
tems.Thereareestablishedalgorithmsto trainaHMP such
astheViterbi andBaum-Welchalgorithms[13]. We extract
the table from the HMP by examiningthe statetransition
andoutputprobabilities.

4.4. Encoding the Prediction Table Entries

In order to reducethe sizeof the predictiontables,we
useda stride-basedencodingscheme.Givenanentry from
thepredictive tablederivedabove, where � is themissad-
dressto start the prefetchprocessand �I>	��J��	��JK�	 and ��L
are the four prefetch targets. Without loss of general-
ity, we shall assumethat they are sortedin the probabil-
ity of the prediction. Each of the methodsabove com-
putestheseprobabilities. Considerthe four displacementsM F+N�#�POQ����2	�������	 M LR+S�#�TO'��L/� .
Therearefour casesfor theencoding:

� Case1: All four displacementsarein theintegerinter-
val [-128, 127]. We storeall four displacementsin a
4-byteword.

� Case2: Oneof thefourdisplacementscannotbestored
in an8-bit byte. Theonethatcannotbeheld in a byte
is discarded.

Figure 1. L1 Prefetch Architecture.

� Case3: At leasttwo of the four displacementsarein
theintegerinterval [-256,255]. Thetwo of thehigher
probabilitiesarestoredin a4-byteword.

� Case4: Noneof theabove. �� is storedasafull 4-byte
address.

Two additionalbits areneededto distinguishthecaseof
theentry. This encodingschemesacrificeson accuracy but
resultsin a very compacttable. The actualtablesizeper
hotspotis shown in Table 3. On the average,the predic-
tion tablefor eachhotspotis about8Kbyte with about2.8
predictionspertableentry.

5. The Proposed Hardware Architecture

In this section,we will describethe proposedarchitec-
turesin which the off-line predictiontablescan be effec-
tively deployed. The techniquesdescribedcanbe usedto
prefetchdatainto the L1 datacacheor the L2 datacache.
We begin by assuminga canonicalmachinewith the non-
blockingL1 datacacheon-chip,asmallprefetchbuffer, and
aL2 datacachethatis off-chip but on-die.Fig. 1 andFig. 2
show theproposedarchitecturefor L1 andL2 prefetching,
respectively. We have describedhow the predictiontables
are constructedoff-line, and shall now describehow the
schemewill work at runtime. By meansof the training
trace,a special“ load-predictor [table-addr]” instruction
is insertedinto earliestbranchthat, in the trace, leadsto
a new hotspotas shown in Fig. 3. An importantissueis
whetherthereis sufficient time to preloadthe predictorta-
ble. If weassumethatthetableis 8Kbyte,andthebuswidth



Figure 2. L2 Prefetch Architecture.

Figure 3. Insertion of load-predictor instruction

for theL1 andL2 architectureis 256bits and128bits, then
for a2 GHzprocessorusing400MHzquad-pumpedbus,we
estimatethat it will take about1500CPUcycles(inclusive
of startuplatencies)to loadin a8Kbytetable.Table2 shows
averagedistancein termsof clockcyclesbetweenneighbor-
ing hotspots.It shouldbe notedthat the distancebetween
neighboringhotspotcandidateswasalsoan importantcon-
siderationin thefinal choiceof hotspots.

Oncethetableis loaded,theprefetchenginewill exam-
inethemissaddressesreportedby thecacheunit. Usingthe
standardtagcheckingmechanism,theprefetchenginewill
probethe predictiontable. Whenthereis a hit in the pre-
diction table,theprefetchenginewill decodetheentryand
issuetheprefetchrequests.

The mechanismfor L2 prefetchis a variationof the L1
mechanismexcept that insteadof requiring an additional
port to L2 memory, the table is fetchedby cycle-stealing
from themainmemorybus.

Training input Testing input
130.li input1/train.lsp input2/*.lsp

181.mcf input train/inp.in input ref/inp.in

183.equake input train/inp.in input ref/inp.in

164.gzip input train/input.combined32 input test/input.compressed2

188.ammp input train/ammp.in input test/ammp.in

mst 10241 6846
treeadd 201 406

bisort 2500000 196004
tsp 10000000 30000000

health 5 5001 3 2502

Table 1. Training and testing inputs (arguments)
for each benchmark tested

6. Experimental Setup

We usethe Trimarancompiler-EPIC architecturesimu-
lation infrastructure[3] to evaluatetheperformanceof our
proposedsystemand of eachof the three off-line learn-
ing algorithmsoutlined above. We comparedthe perfor-
manceof oursystemagainstthatof usinglargercaches,and
the RPT hardwareprefetchschemeof ChenandBaer[7].
For evaluation, we used 130.li of SPEC 95, 181.mcf,
183.equake, 164.gzip,188.ammpall from the SPEC2000
suite [2] and bisort, mst, treeadd,tsp, health from well-
known OldenPointerBenchmarksuite.

Our baselinesetupis an IA64-like EPIC machine[15]
with four integer, two floatingpoint andtwo memoryunits
and a 32Kbyte L1 cacheand a 256KbyteL2 cache. We
computedstall cyclesfor L1 andL2 load misseswhenL1
cachesizeis 32K, 64K and128K with 256KL2 cache.

Our main metric for characterizingthe performanceof
thememorysystemis stall cycles. Stall cyclesaccountfor
asignificantportionof theexecutiontimesof dataintensive
applications.Most of the memorystall cyclescomefrom
load missesandhencereducingload misseshasa signifi-
cant impact in improving overall performance.Our EPIC
machineis an in-ordermachine,andwe assumeda “stall-
upon-use”latency model. In this stalling model, a load
instructionthat causesa cachemiss will not immediately
block thepipeline. Thepipelineis stalledonly at theearli-
estattemptto usethedatathatis to beloaded.

We first built the predictiontableper eachhot spot for
eachbenchmarkwe testedusingtraininginputsetsthrough
offline learningmethods.Thenwe ranthesimulationagain
usingdifferentinputsetsandgeneratedloadmisstracesfor
level 1 andlevel 2 cachemisses.The training andtesting
input for theexperimentsaredescribedin Table1.

For eachbenchmark,we selectedcertainbasicblocks
where most load missesoccurredthrough profiled infor-
mationandassignthemascandidatesof hot spots. To be
chosenasahotspot,thereshouldbea largeenoughgapbe-



tweentheneighboringhotspots.For example,theTreeadd
benchmarkof OldenPointerbenchmarksuitecomprisesof
33 total basicblocksandload missoccurredin only 11 of
those33 blocks.Moreover75%of entireloadmissescame
from oneparticularbasicblock, basicblock number4 of
treeaddprocedure.We chosethis basicblock asour first
hot spotandnext candidatefor hotspotwasblock number
6 of treeaddprocedurewhere20% of entire load misses
camefrom. But theaveragelatency betweenthis blockand
blocknumber4 wasjust388cycleswhichwaslessthanour
thresholdof 5000for choosinghotspots,soeventhoughba-
sic block number6 wasonewith secondmostloadmisses,
it wasnot chosenasour hot spotduring our experiments.
Basicblock number6 of treeallocprocedurewaschosenas
our secondhotspotsinceits averagelatency to the chosen
hotspotwas190,826cyclesensuringthat thereis enough
timeto loadthepredictiontablefor thishotspotduringrun-
time. Thetotalnumberof hotspotsrangesfrom 2 (treeadd)
to 19 (130li) asseenin Table2. The tablealsoreportsthe
averagedistancesof neighboringhotspots.

Benchmark Cache Total number Average distance
of between hot spots

hotspots (cycles)
130.li L1 12 48,405

L2 15 54,885
181.mcf L1 14 75,694

L2 14 92,289
183.equake L1 17 42,448

L2 18 97,291
Mst L1 8 8,012

L2 12 12,830
treeadd L1 2 190,826

L2 2 210,211
bisort L1 11 100,215

L2 14 113,356
Tsp L1 12 89,402

L2 15 114,129
health L1 18 40,918

L2 22 69,206

Table 2. Characteristics of hotspots in the bench-
mark.

As explainedin Section4.4,we useda stride-baseden-
coding schemeto get a realistic size of predictiontables.
Table3 shows theresultof applyingthis schemeto our im-
plementation.For eachbenchmark,we measuredthe av-
eragepercentageof each4 casesafterHiddenMarkov and
Window Markov predictors’learningphaseendsandthey
eachprovide the prediction table. As shown in Table 3,
theHiddenMarkov Predictorshowsthetendency of having
predictionaddressesthatarefar apartin comparisonto the
Window Markov Predictorof window size 5. This even-

Figure 4. Window Markov Predictor with various
window size.

tually led to a lessernumberof predictionaddressesin the
predictiontablebecausemany addressesthat arefar away
arediscardedin thefinal predictiontable. The resultshow
Window Markov Model not only containsmoreprediction
addressesfor particularmissaddressin theencodedpredic-
tion tablebut alsoits predictionaccuracy wasmuchhigher
thanHiddenMarkov Model. In Fig. 4, we testedour Win-
dow Markov Modelwith differentwindow sizeandthebest
resultcamefrom window size5. Performancedeteriorated
aswindow size is increased.Thoseresultsstronglyshow
theexistenceof datalocality characteristicsevenin pointer
intensiveapplications.

Table4 givesthedetailedbreakdownof theperformance
of the Window Markov Predictor. It shows that the pre-
dictor do indeedreducethe overall numberof load misses
in the applications.Columns6 and7 report the coverage
of the predictor. This is the percentageof load missesin
the hotspotsthat hit the predictiontable causingprefetch
requeststo be sentout. The last two columnsis the ratio
of wastedprefetchrequests(i.e. mispredictions)for each
(overall) loadmiss.We arguethatalthoughwedid notsim-
ulateactualbustransactionsandbandwidth,theseratiosin-
dicatethattheoverheadcausedby prefetchrequestsis low.
We attribute this to thegoodaccuracy andcoverageof the
predictor.

Fig. 5 shows the effect of increasingmisspenaltieson
thevariousschemesthatwetestedonthe188.ammpbench-
mark. In the top diagram,the L2 misspenaltyis fixed at
93cycles.Thiswasobtainedfrom theactualmeasurements
reported[1]. L1 misspenaltywasvariedfrom 12 to 38. In
thelowerdiagram,a L1 penaltyof 25 is assumedwhile the
L2 penaltywasvariedfrom 30 to 162. What is interesting
to note is that the slopefor the Window Markov Predic-
tor is gentlerthanthat of others. The gapin memoryand
processorspeedis increasingresultingin largermisspenal-
ties. The Window Markov Predictorseemsto show more
promisethanthe otherschemesin toleratinglarger penal-



Benchmark Av. % of Av. % of Av. % of Av. % of Encoded Accuracy
Case 1 Case 2 Case 3 Case 4 Tab. Sz.

130.li HMP L1 1.9% 5.3% 26.1% 66.7% 9.3KB 39.2%
HMP L2 2.3% 2.7% 13.7% 81.3% 11.8KB 38.3%
WMP L1 46.4% 38.5% 4.6% 10.5% 7.8KB 61.6%
WMP L2 48.6% 32.9% 7.8% 10.7% 7.2KB 78.4%

181.mcf HMP L1 1.6% 3.4% 12.9% 82.1% 9.7KB 28.6%
HMP L2 1.9% 5.7% 9.2% 83.2% 7.2KB 26.9%
WMP L1 50.6% 40.2% 1.4% 7.8% 7.5KB 76.2%
WMP L2 13.7% 52.2% 17.7% 17.4% 8.4KB 75.5%

183.equake HMP L1 1.3% 2.9% 6.6% 89.2% 9.1KB 8.1%
HMP L2 1.7% 3.1% 7.5% 87.7% 8.4KB 11.1%
WMP L1 48.7% 31.4% 8.6% 11.3% 5.3KB 66.8%
WMP L2 72.8% 20.7% 2.1% 4.4% 4.6KB 48.6%

164.gzip HMP L1 5.4% 10.2% 21.4% 63.0% 9.7KB 8.9%
HMP L2 8.2% 18.9% 16.4% 56.5% 9.4KB 7.1%
WMP L1 38.5% 42.2% 10.6% 8.7% 6.3KB 54.9%
WMP L2 43.1% 37.9% 5.1% 13.9% 5.8KB 58.8%

188.ammp HMP L1 8.3% 3.2% 21.6% 66.9% 8.1KB 13.1%
HMP L2 5.7% 8.2% 16.8% 69.3% 8.0KB 9.4%
WMP L1 44.7% 25.5% 4.6% 25.2% 6.3KB 70.3%
WMP L2 53.8% 30.7% 2.1% 13.4% 5.9KB 64.8%

bisort HMP L1 3.6% 7.2% 67.1% 22.1% 5.3KB 15.9%
HMP L2 2.1% 3.1% 39.6% 55.2% 4.3KB 17.4%
WMP L1 37.8% 41.2% 3.0% 4.9% 6.0KB 87.9%
WMP L2 41.2% 32.8% 13.3% 12.7% 7.6KB 82.8%

mst HMP L1 1.2% 1.7% 7.8% 89.3% 8.5KB 21.7%
HMP L2 2.5% 3.9% 11.2% 82.4% 7.3KB 14.9%
WMP L1 80.3% 6.0% 12.4% 1.3% 12.2KB 68.2%
WMP L2 68.1% 8.9% 21.6% 1.4% 10.6KB 62.2%

treeadd HMP L1 1.2% 1.4% 18.8% 78.6% 3.1KB 18.6%
HMP L2 2.3% 4.8% 30.2% 62.7% 2.8KB 12.4%
WMP L1 78.3% 5.4% 14.5% 1.8% 3.9KB 75.9%
WMP L2 70.1% 22.8% 4.6% 2.5% 3.6KB 66.6%

tsp HMP L1 1.3% 4.9% 27.8% 66.0% 7.7KB 38.0%
HMP L2 3.2% 2.0% 25.9% 68.9% 5.8KB 36.4%
WMP L1 39.6% 16.8% 41.4% 2.2% 9.9KB 43.7%
WMP L2 30.1% 15.0% 52.0% 2.9% 8.3KB 40.9%

health HMP L1 3.9% 2.1% 25.5% 68.5% 13.3KB 18.7%
HMP L2 1.8% 3.5% 28.6% 66.1% 11.3KB 15.5%
WMP L1 43.5% 31.1% 12.4% 13.0% 8.1KB 73.6%
WMP L2 41.2% 28.6% 17.3% 12.9% 7.6KB 78.2%

Table 3. Statistics for Table Encoding obtained for each Benchmark.

Benchmark L1 load L2 load L1 load L2 load L1 load L2 load L1 prefetch L2 prefetch
missesw/o missesw/o misseswith misseswith coverage coverage overhead overhead

WMP prefetch WMP prefetch WMP prefetch WMP prefetch
130.li 11.17M 2.13M 6.19M 0.83M 44.6% 60.8% 0.48 0.37

183.equake 977.89M 472.61M 564.83M 156.53M 42.2% 66.9% 0.39 0.96
164.gzip 581.75M 142.81M 241.43M 61.58M 58.5% 56.9% 0.74 0.66

188.ammp 408.57M 178.33M 155.58M 74.72M 61.9% 58.1% 0.51 0.57
181.mcf 774.65M 429.93M 350.76M 204.22M 54.7% 52.5% 0.36 0.36

Tsp 1.78M 0.61M 1.10M 0.40M 38.3% 34.8% 0.60 0.58
Treeadd 0.54M 0.26M 0.25M 0.13M 54.0% 50.2% 0.36 0.47

Mst 3.15M 2.54M 1.84M 1.55M 41.5% 39.1% 0.37 0.41
Health 18.19M 9.64M 9.69M 4.98M 46.7% 48.4% 0.34 0.30
Bisort 2.47M 1.05M 0.90M 0.39M 63.5% 62.3% 0.21 0.30

Table 4. Coverage of L1 and L2 load misses of WMP predictor.



Figure 5. Effect of increasing miss penalty.

ties,especiallyin theL2 cache.
The percentageperformanceimprovementsfor L1 and

L2 prefetchingare shown in normalizedgraphsof Fig. 6
andFig. 7 with thebasecasebeingthatof a machinewith
32KByte L1 cacheand 256KByte L2 cachewithout us-
ing any predictionscheme.We measuredperformanceim-
provementby dividing total executioncyclesafter certain
prefetchingschemewas appliedby total executioncycles
without any prefetchingscheme.Theresultsshows thatin-
creasingL1 cachesizedoesnotnecessarilyimproveperfor-
manceespeciallyfor dataintensive applicationsusingdy-
namicdatastructureslike pointers.In oneinstance,a 47%
improvementin performancewasrecordedusingWindow
Markov Predictor. In almostall cases,the useof off-line
learning algorithmsgave a pronouncedperformanceim-
provementoverthatof simply increasingthecachesizeor a
hardwareprefetchschemelike RPT. In particular, theWin-
dow Markov Predictorgivesthebestperformance.

7. Conclusion

In this paper, we proposeda paradigmandarchitectural
framework for theuseof off-line learningalgorithmsin the
prefetchingof data. In all the benchmarksthat we tested,
our off-line learningschemegave improved performance
more significantly than other schemessuchas increasing
the cachesizes. The off-line approachallows for even
moreaggressive analysisandpredictionschemes.Our fu-
tureresearchseeksto developmorepowerful learningmod-
ule. Furthermore,we believe thatoff-line learningcanalso
be adaptedto software prefetching,and we are currently

Figure 6. Performance improvement in total cy-
cles for L1 Prefetching (normalized by 32K L1
cache and 256K L2 cache without using any
prefetching scheme).

Figure 7. Performance improvement in total cy-
cles for L2 Prefetching (normalized by 32K L1
cache and 256K L2 cache without using any
prefetching scheme).



alsoexaminingthatapproachwhichwill requireevenlesser
hardwaresupport.
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