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Abstract
Althoughcachesfor decadeshavebeenthe backboneof

the memorysystem,the speedgap betweenCPU and main
memorysuggeststheir augmentationwith prefetchingmecha-
nisms.Recently, sophisticatedhardwarecorrelatingprefetch-
ing mechanismshavebeenproposed,in somecasescoupled
with someform of dead-block prediction.In manyproposals,
however, correlatingprefetchers demanda significantinvest-
mentin hardware.

In this paper we show that correlating prefetchers that
work with tags insteadof cache-line addressesare signifi-
cantlymore resource-efficient,providing equalor betterper-
formancethanpreviousproposals.We supportthis claim by
showingthat per-set tag sequencesexhibit highly repetitive
patternsbothwithin a setandacrossdifferentsets.Because
a singletag sequencecancapturemultipleaddresssequences
spreadoverdifferentcachesets,significantspacesavingscan
beachieved.We proposea tag-basedprefetcher calleda Tag
Correlating Prefetcher (TCP). Evenwith very small history
tables,TCPoutperformsaddress-basedcorrelatingprefetch-
ers many times larger. In addition, we show that such a
prefetchercanyieldmostof its performancebenefitsif placed
at theL2 levelof anaggressiveout-of-orderprocessor. Onlyif
onewantsprefetchingall thewayup to L1, is dead-block pre-
diction required. Finally, wedraw parallels betweenthetwo-
level structure of TCPandsimilar structuresfor branch pre-
diction mechanisms;theseparallels raise interestingoppor-
tunitiesfor improvingcorrelatingmemoryprefetchersbyhar-
nessinglessonsalreadylearnedfor correlating branch pre-
dictors.

1 Intr oduction

With thewideningspeedgapbetweenprocessorandmain
memory, memoryperformancehasbecomea major bottle-
neckfor currentmicroprocessors.To addressthis bottleneck,
computerarchitectshavemainlyreliedonfaston-chipcaches.
However, due to latency, power, and transistorbudgetcon-
straints,on-chipcachesizesarenot ableto keepup with the
growing datarequirementsof typical applicationprograms,
leaving many programssuffering high cachemiss ratesand
subsequentperformancedegradation.

Aside from efforts to increasecachecapacityor optimize
cacheorganization,many architectshave turnedto prefetch-
ing mechanisms.Prefetchingworks by predictingwhat data
will be requiredby the processorin the future and fetching
theminto cachesa priori . Prefetchingis somewhatsimilar to
branchprediction,whereaddressesof to-be-executedinstruc-
tionsarepredictedandassociatedinstructionspre-loadedinto
the processorcore. As in branchpredictors,prefetchingcan

be initiated in eitherhardware[2, 5, 8, 9, 10, 12, 17, 19] or
software[13, 14, 15, 16]. Comparedto softwareprefetching,
hardwareprefetchershave theadvantageof transparency and
run-timeinformationavailability. Dueto thelack of program
semanticinformation, however, many hardware prefetchers
have relied on capturingspecificrecurringpatternsobserved
in memoryreferencestreams.For example,strideprefetch-
ers [2] target load instructionsthat stride through the ad-
dressspace.Streambuffers[10] attemptto capturereference
streamsformedby consecutivecachelines.

Correlation-basedprefetching[5, 8, 9, 12, 19] is a more
generalprefetchingscheme,attemptingto exploit any corre-
lation betweena future memoryreferenceandpastmemory
behavior, including memoryreferencestreams,load instruc-
tion addresses,andbranchhistory. A commondrawbackin
previousproposalsoncorrelation-basedprefetchingis therel-
atively large size of their correlationtables,often 1-2 MB
[9, 12]. Thesesize requirementsare comparableto current
on-chipL2 cachesandthereforebring up concernsaboutla-
tency, power, andtransistorbudgetoverhead.Moreover, some
prefetchersrequire instructionaddresses,in addition to ad-
dresstraces.Passinginformationaboutinstructionsfrom the
processorcore to prefetcherscomplicatesthe processorde-
sign.

The large table sizesof thesecorrelationprefetchersare
fundamentallynecessitatedby the fact that programsrefer-
encemany addresses,and thus many items will needto be
trackedandcorrelated.In this paperwe show that tag-based
correlationprefetchingcanbedoneeffectively andmorecost-
efficiently thanprior address-basedschemes.We follow a se-
quenceof stepsto establishthis claim:

� First,we show thatL1 cachetagsexhibit strongregular-
ity. This alsoreiteratesthewell-known phenomenonof
locality at thetagandpagelevel [1, 11, 18].

� Second,weshow thattagsequences, thenecessaryingre-
dientfor tagcorrelatingprefetching,arehighly repetitive
andthusform asolid basisfor predictions.

� Third,weshow thatasingletagsequencecoversmultiple
addresssequencesthatwould necessitatedistinctentries
in anaddresscorrelatingprefetcher.

� Finally, we show with anexampledesignthata tagcor-
relatingprefetchercanreconstructprefetchingaddresses
with the sameaccuracy of an address-basedprefetcher
manyorders of magnitudelarger. Specifically, we pro-
pose a small, simple, stand alone, correlation-based
prefetcherwhichoutperformspreviousproposals,requir-
ing only few kilobytesof storage.Thisprefetcher, called
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a Tag CorrelatingPrefetcher(TCP),keepstrack of per-
cache-settagsequencesandexploits recurringtagcorre-
lationpatternsfor prediction.

Another importantcontribution of our paperis to investi-
gatethe placementof sucha prefetcher. In general,we pro-
posetheTCPto bepositionedbetweentheL1 andtheL2 data
caches.Thereit canobserve missaddressstreamsfrom the
L1 datacacheandissueprefetchesto theL2 datacache.The
prefetchesonly updatetheL2 datacache,andthereforedonot
disruptthe L1 datacache.This positionis wherewe get the
mostbenefitfor theleastdisturbanceto theoveralldesign.

The TCP hasa two-level structure: The first level table
storesthetaghistoryateachcacheset,while thesecondlevel
table tracks tag correlationpatterns. This structureclosely
resemblesthe well-known two-level branchpredictors[22].
Thissimilarity is important;potentiallyTCPcanbenefitfrom
thelargebodyof matureresearchon branchpredictors.

Using a cycle-accuratesimulationof a wide-issueout-of-
ordersuperscalarprocessorandthewholeSPEC2000bench-
mark suite,we show that a tag correlatingprefetcherwith a
relatively small 8KB history table, achieves a 14% perfor-
manceimprovementover the whole SPEC2000benchmark
suite. This outperformsa previous proposalwith 2MB ta-
ble, which is basedon correlationsof bothaddressesandPC
traces.ThebasicTCPprefetchesonly up to theL2 level, for
somebenchmarks,further improvementsarepossibleby in-
corporatinganaccuratedeadblock predictorandprefetching
into L1.

The rest of the paperis organizedas follows. Section2
introducesthe experimentalsetupusedin the paper. Sec-
tion 3 describesthe recurringbehavior of single cachetags
andtag sequences,which motivatestag correlatingprefetch-
ers. Section4 detailsthestructureandoperationsof tagcor-
relatingprefetchers,while Section5 givessimulationresults
to demonstratethe effectivenessof TCP. In Section6, some
designissuesrelatedto TCParediscussedandseveraldirec-
tionsfor futurework areoutlined.In Section7 wediscussthe
relatedwork. Finally, Section8 offersour conclusions.

2 Simulation Methodology

To evaluateour proposals,we usea modified versionof
Simplescalar3.0 [3, 4] to simulateanaggressive 8-issueout-
of-order processor. The main processorand memoryhier-
archyparametersareshown in Table1. Becausecontention
canhave importantinfluenceon performance,we have incor-
porateda simulatormodificationthataccuratelymodelscon-
tentionat theL1/L2 andmemorybuses[12].

We evaluateour resultsusingtheSPECCPU2000bench-
marksuite[21]. Thebenchmarksarecompiledfor theAlpha
instructionsetusingtheCompaqAlpha compilerwith SPEC
peaksettings. For eachprogram,we skip the first 1 billion
instructionsto avoid unrepresentative behavior at the begin-
ning of the program’s execution. We thensimulate2 billion
instructionsusingthe referenceinput set. We includesome
overview statisticsherefor background.Figure1 shows how
much the performance(IPC) of eachbenchmarkwould im-
prove if all accessesto theL2 datacachearecachehits. This
is the target we aim for in our memoryoptimizations. The
programsaresortedfrom left to right accordingto theamount
they would speedup with an ideal L2 datacache. Starting

ProcessorCore
Clock rate 2GHZ
InstructionWindow 128-RUU, 128-LSQ
Issuewidth 8 instructionspercycle
FunctionalUnits 8 IntALU,3 IntMult/Div,

6 FPALU,2 FPMult/Div,
4 Load/StoreUnits

MemoryHierarchy
L1 DcacheSize 32KB, 1-way, 32Bblocks,64MSHRs
L1 IcacheSize 32KB, 4-way, 32Bblocks
L1/L2 bus 32-bytewide,2GHZ
L2 I/D each1MB, 4-way LRU,

64Bblocks,12-cycle latency
MemoryLatency 70cycles

Table1: Configurationof SimulatedProcessor
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Figure1: PotentialIPCimprovementwith anidealL2 datacachefor
SPEC2000benchmarks.

from the next section,we will presentsimulationresultsac-
cordingto this benchmarkorder.

3 The Recurring Behavior of CacheTagsand
CacheTagSequences

In this section,we examinethe behavior of singlecache
tags,andthenexpandit to tag sequencesin eachcacheset.
The patternswe observe in this sectionwill be exploited in
latersectionsto build effectivehardwareprefetchers.

3.1 The Behavior of CacheTags

The locality of memory referencesis well-known: pro-
gramstend to accessaddressesthat match or are close to
previously-accessedaddresses.Traditionally memoryrefer-
encelocality hasbeeninterpretedin termsof completead-
dresses.Sincecachetagsare formedby the high orderbits
of memoryaddresses,intuitively the rule of locality should
alsoapplyto cachetags.(Notethat locality of tagsarein ac-
cordancewith locality found for virtual pages[1] and TLB
[11, 18]). In the following paragraphswe further formalize
the locality of tags,with formula “

�����
” representingthe

relationshipthat“if A appearedin therecentpast,thenB will
likely appearin thenearfuture”.

First, temporallocality statesthatrecentlyre-accessedad-
dressesare likely to be accessedin the nearfuture. When
re-referencesto an addressoccur, the correspondingtag and
index will alsore-appear. So temporallocality indicatesthat
cachetagstendto recurwithin thesamecacheset. This line
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of thoughtcanberepresentedby thefollowing formula.���	�

���
���� ����� ��
���� ��� 
������������! "� ���#� �������! $� ���

Second,spatiallocality saysthatitemswhoseaddressesare
neareachothertendto be referencedclosetogetherin time.
Thiscorrelationcanbeformalizedasfollows:�����&%('
Dependingon thesizeof

'
, threesituationscouldoccur:

1. ��
��)� ����* ��
���� �+%,'-� 
������������. "� ����* �������. "� �+%,' ).
This happenswhen

'
is so small that

�
and

��%�'
re-

main in the samecacheline. In this situation ��
��)� ���
re-appearsin thesameset,accompanying theoccurrence
of
�/%('

.

2. ��
��)� ����* ��
���� �0%1'-�3254 �6�������. "� ����7* �������! $� �0%1'-� .
This happensif

'
is big enoughto changethe index but

not enoughto affect thetag. In this situation ��
��)� ��� re-
appearsin anothercachesetwhen

�8%/'
is referenced.

3. ��
��)� ����7* ��
���� �/%/'-� .
This happensif

'
is big enoughto changethe tag. In

this situation ��
���� ��� will not re-appearwhen
�9%9'

is
referenced.

Spatial locality typically refersto two addressesthat are
neareachother, therefore

'
is usuallysmallenoughsothatthe

third situationrarelyoccurs.Combiningsituation1 and2, we
caninterpretspatiallocality as: “cachetagstendto re-appear
either in the samecacheset, or in other cachesets.” This
interpretationalsoappliesto temporallocality, wherecache
tagsrecuronly in thesamecacheset.Thus,for bothtemporal
andspatiallocality:�����;:=<������8%/'


>��
��)� ����� ��
���� ���
To confirm that cachetagsdo exhibit recurringbehavior,

we profiledtheSPEC2000benchmarksuiteandrecordedthe
tag accesshistory, both within andacrosscachesets. Note
thatweonly trackmissaddresstracesfrom theL1 datacache:
tagscorrespondingto cachehits arenot countedin the pro-
filing. Sincecachehits areall instancesof tag recurrences,
thetagrepetitionin themissaddresstracerepresentsa lower
boundon thedegreeof repetitionthatwould beseenin a full
referencetrace.We usemisstracesin our studybecausethey
aremuchmoreamenablefor thehardwareweproposein Sec-
tion 4.

The top graphof Figure 2 shows the number(log scale)
of uniquecachetagsin the missstreamsof a 32 KB direct-
mappedL1 datacache.Thegraphon thebottomgivestheav-
eragenumberof timeseachtagrecurs.Takingtheart bench-
markasanexample,it hasonly 98uniquetags,but onaverage
eachtagre-appearsabout3 million timesin themissstream.
Thismeansthatartactuallymissesrepeatedlyonaverysmall
setof tags,indicatinga moderatehistorytablewould capture
thewholesetof tags.Sinceeach32KB addressrangesharesa
uniquetagin ourexperiments(seetheL1 cacheconfiguration
in Table1), the numberof uniquetagsroughly indicatesthe
sizeof theprogramworking set:benchmarkswith thelargest
working setsareapsi,gap,wupwise,lucas,applu,andswim.
Thebottomgraphshows that tagsarehighly repetitive,often
recurringthousandsof times.

Figure 3 gives correspondingresults for complete ad-
dresses.As expected,thenumberof uniqueaddressesis much
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Figure2: Numberof uniquetags(top) andaveragenumberof times
eachtag appears(bottom) in the miss streamsof a 32KB direct-
mappedL1 datacachefor SPEC2000benchmarks.Both graphsare
in log scale.Benchmarksareorderedfrom left to right accordingto
theirperformancepotentialwith anidealL2 datacache.

larger thanthatof uniquetags: typically 2-3 ordersof multi-
tudemore.Nevertheless,thenumberof uniquetagscorrelates
well with the numberof unique addresses:programswith
the most uniqueaddresses,suchas apsi, gap, wupwise,lu-
cas,applu,andswim, alsohave thelargestnumberof unique
tags. Thesebenchmarkswould likely stressboth tag corre-
lating prefetchersandaddresscorrelatingprefetchers.On the
other hand,addressesrecur much lessfrequentlythan tags.
Becausethereare fewer uniquetagsthanaddresses,history
tablesfor tagscanbemuchsmallerthanhistorytablesfor ad-
dresses.Becausetagsrecurmorefrequentlythanaddresses,
eachtaghistoryentryhasmorepotentialreuse,increasingthe
effectivenessof eachtaghistoryentry.

A key differencebetweentagsandaddressesis that a tag
canappearin differentcachesetswhile anaddressis confined
to oneset.Therefore,thenumberof recurrencesin thebottom
graphof Figure2 couldresultfrom bothintra-setandinter-set
recurrences.If a tag re-appears100 times,it couldbe that it
shows up in 10 cachesets,andre-appears10 times in each
cachesetit hasresidedin. It couldalsobe that it appearsin
only 1 cacheset,but re-appears100timesin thatcacheset,or
viceversa. To separatethesecases,weshow onthetopof Fig-
ure4 theaveragenumberof setseachcachetag touchesand
on the bottomthe averagenumberof timeseachtag appears
in eachsetit touches.Basedonthepreviousanalysisonlocal-
ity, the top graphroughly indicatesdegreeof spatiallocality
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Figure 3: Numberof uniqueaddresses(top) and averagenumber
of timeseachaddressappears(bottom)for SPEC2000benchmarks.
Both graphsare in log scale. Note the differencein y-axis scales
comparedto Figure2.

of theprograms,while thebottomgraphcorrelatesto tempo-
ral locality. In thetop graph,theupperlimit is 1024,which is
thetotalnumberof cachesetsin ourL1 datacache(SeeTable
1). Many benchmarks,suchasgzip,apsi,wupwise,lucasand
swim,arenearthis upperlimit. In thesebenchmarkseachtag
canbefoundin almosteverysetof theL1 datacache,indicat-
ing ahighdegreeof spatiallocality. Ontheotherhand,tagsin
thesebenchmarksrepeatratherinfrequentlywithin eachsets
they touched:only a few 10sof times, indicatinga low de-
greeof temporallocality. In benchmarkssuchasfma3dand
eon,eachtag touchesonly a smallnumberof cachesets,but
it repeatsthousandsof timesin eachset,indicatingthat these
benchmarkshave good temporallocality but relatively poor
spatiallocality.

Overall, we find that for SPEC2000benchmarks,on
average(geometricmean)eachbenchmarkhas576 unique
tags:eachtagspreadsinto 609cachesets,andrecurs94times
within eachcachesetit touches.Thesenumbersconfirmour
earlier interpretationof the rule of locality: that cachetags
tend to re-appeareither in the sameset, or acrossdifferent
sets. This behavior can be summarizedas the following
formula: ?�@�A)BDC�EGF�?�@�A�BHC�E
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Figure4: Averagenumberof setsin which acachetagappears(top)
andaveragenumberof timesacachetagappearsin asingleset(bot-
tom) for SPEC2000benchmarks.

3.2 The Behavior of CacheTagSequences

In theprevioussection,weexaminedtherecurrencebehav-
ior of singlecachetags.Tagscanbeviewedasper-cache-set
tagsequences,wherethesequencelengthis 1. In this section
we investigatethe behavior of longertag sequences.We fo-
cuson sequencelengthsof 3 in our experiments.Targeting
tag sequencesat eachcachesethasmany potentialbenefits
for a prefetcher. First, when predicting the next tag based
on previous tagsin the samecacheset, the index is implic-
itly designatedsorequiresno predictionor tracking.Second,
thetime interval betweenconsecutivemissesin a cachesetis
typically largerthanamemoryaccesslatency, providingsuffi-
cienttimefor a timely prefetching.Finally, thecharacteristics
of per-cache-setsequences,aswill beexploredin thissection,
enableeffective andhardware-efficient predictionsof future
tags.

As in theprevioussection,westartby measuringthenum-
ber of uniquesequences.If tag sequenceswere totally ran-
dom,thentheexpectednumber(theupperlimit) of three-tag
sequenceswouldberoughlythenumberof uniquetagscubed.
If the correlationbetweentagsis strong,however, eachtag
would tendto appeartogetherwith someotherspecifictags.
With correlation,the numberof uniquethree-tagsequences
will be much lessthan the upperlimit. Figure5 shows the
numberof uniquethree-tagsequencesobservedin our simu-
lation,asapercentageof theupperlimit. In mostbenchmarks,
thenumberof uniquesequencesis muchsmallerthantheup-
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Figure 5: Number of three-tagsequencesactually observed as
a percentageof total numberof possiblethree-tagsequencesfor
SPEC2000benchmarks.

per limit, typically lessthan 5%. This indicatesstrongtag
correlationsin mostbenchmarks.In crafty andtwolf, the tag
sequencesbehave quite randomly, so the numberof unique
sequencesis large. We further notethat theseresultsdo not
particularlycoincidewith theapplication’smemoryfootprint.
In fact,craftyandtwolf accessfeweruniquetagsthanmostof
theSPEC2000benchmarks.

The top graphof Figure6 shows the absolutenumberof
uniquethree-tagsequencesthatappearedin themissaddress
streamsof a 32 KB direct-mappedL1 datacache.Thefma3d
benchmarkhasthe fewestuniquethree-tagsequences,while
mcf hasthemost,with morethan7 million uniquesequences.
The bottom graphof Figure 6 gives the averagenumberof
timeseachthree-tagsequencerecurs.Thereis a wide variety
amongdifferent benchmarks:from just above 10 for bzip2
to over 200,000for art. In many benchmarks,eachthree-tag
sequenceappearsthousandsof times,indicatinga very repet-
itivebehavior thatcanbeexploitedby ahistory-basedpredic-
tor.

Figure 7 further splits theserecurrencesinto two cate-
gories:intra-setandacross-set.Thetop graphgivestheaver-
agenumberof setsin whicheachthree-tagsequenceappears.
For example,in the swim benchmark,on averagea tag se-
quenceappearsin 264sets,aboutaquarterof totalcachesets.
Theseresultshave greatimpacton the spacerequirementof
the history table. To illustratethis issue,let us considertwo
extremes.At oneextreme,considerfirst if eachthree-tagse-
quenceappearsin every cacheset, in other words, if each
cachesethasthe sametag sequencehistory. Here, we can
usea single table for all cachesets: no per-cache-settable
is required.Sharingonehistory tableamongdifferentcache
setsgreatlyreducesspacerequirements.At theotherextreme,
considerif every three-tagsequenceappearsin only oneset,
sothateachsethasits own specificsequences.Here,history
from differentcachesetscannotbe shared:they will simply
contendfor spacethus leadingto a larger capacityrequire-
ment.

The bottom graphin Figure 7 gives the averagenumber
of times a tag sequenceappearswithin eachset. The more
frequentlyeachsequenceappears,the moreeffective it will
be to prefetchbasedon them. For example,eachsequence
in fma3dis re-referencedabout75,000times. This indicates
thatif we storea tagsequencethefirst time we seethem,and
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Figure 6: Number of unique three-tagsequences(top) and aver-
agenumberof timeseachsequenceappears(bottom)for SPEC2000
benchmarks.

alwayskeepit in thehistory, thenpotentiallyit canbereused
thousandsof times.

Figure7 indicatesa key differencebetweentagsequences
andaddresssequences:a tag sequencecanappearin differ-
ent setswhile an addresssequencecannot. In otherwords,
a tag sequencethatappearsin differentsetsimplies multiple
differentaddresssequences.

Overall in this sectionwe demonstratedthatper-cache-set
tag sequencesexhibit recurringbehavior: if a tag sequence
occurredin thepast,it tendsto re-appearin thefuture,either
in the samecacheset,or in othersets.This behavior canbe
formulatedasfollows:I�J�K)LDMON!PRQSI�J�K�LHM�T�P5Q.UVUWUVQXI�J�K)LDM�YZP

[ I�J�K)LDMON=P5QSI�J�K�LHM�T�P5Q.UVUWUWQSI�J�K)LDM�YZP
4 TCP: DesignOverview

In theprevioussectionwedescribedtherecurringbehavior
of cachetagsequences.Thereis a strongcorrelationbetween
a tag and its precedingtags, and this correlationis highly
repetitive. In thissectionwedescribeapredictorthatexploits
this repetitivecorrelationto predictthenext tag,accordingto
previous tagsjust seenin the miss traceat a cacheset. We
namethisprefetcherthe“tag correlatingprefetcher”.Westart
by describingthestructureof theprefetcher, andthenpresent
simulationresultsin thenext sectionto show its effectiveness.

Figure8 depictsthe structureof a tag correlatingaddress
predictor. It is organizedasa two-level structure,similar to
conventionaltwo-level branchpredictors[22]. Thefirst level
table,theTagHistory Table(THT), trackstheprevious

Y
tags
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Figure7: Averagenumberof setsasequenceappearsin (top)andav-
eragenumberof timesasequenceappearsin eachsetit touches(bot-
tom) for SPEC2000benchmarks.Theupperlimit in thetopgraphis
1024,which is thetotal numberof setsin L1 datacache.

thatappearedin themisstraceat eachcacheset. Thesecond
level table,thePatternHistory Table(PHT), storestagcorre-
lationpatternsobservedin thepast.

The THT is indexedby the missindex (the index portion
of currentmissaddress).Eachrow in the tablecorresponds
to a setin theL1 datacache.Thus,THT lookupcanoccurin
parallelwith anL1 cachelookup.Thereare \ entriesperrow
(set);eachentry storesa previous tag in orderof time. That
is, tag1is the oldestandtagk is the mostrecent. THT size,
therefore,is:]H^�_a`6b5c!d�e-f,g!c.hSgji�^lkam!npo \ oqg.isr�c=e-ft]uh�v�wZn .

The index of the PHT is formedby the tag sequenceob-
tainedfrom thefirst level table,togetherwith thecurrentmiss
tag, and optionally the miss index. Figure 9 shows the in-
dexing schemethat we usefor the remainderof this paper.
Thehigher

`
bitsaretakenfrom (thelower

`
bitsof) a trun-

catedaddition(asin [12]) of all tagsin thetagsequence,while

tag1 tag2  ...   tagktag index offset

miss address:

tag   tag'

Tag History Table Pattern History Table (8-way)

indexing
function

Figure8: Structureof a two-level tagcorrelatingaddresspredictor.

(tag1+ ... + tagk) [1:m] index[1:n]

Figure 9: The indexing schemeof the patternhistory table. “in-
dex[1:n]” standsfor thelowestn bits from index.

the lower x bits aretaken from the missindex. Choosingx
between0 and10 achievesa tradeoff betweensharingand
separatinghistoryfrom differentcachesets.In thecasewhenx is 0, all cachesetssharethe history entries. On the other
hand,when x is 10, which (for our L1 cache)meansto use
the full missindex, eachcachesethasits own privatespace
for correlationhistory. Eachentry in thePHT hastwo fields:y�z�{

and
y�z�{}|

. ~ z�{�| is the predictedsuccessorto
y�z�{

. The
size of the PHT can be calculatedusing the following for-
mula: �ux����+�R�.���-�����6~��!� y �!�}���u� z�� �t�a�!�����6~&�!� y �}������.�s���=�-�t� y�z�{ � .

Givensuchastructure,theoperationof theTCPprefetcher
consistsof two basicfunctions: updateandlookup. We de-
scribethesetwo operationsin moredetailsbelow, assuming
a cachemissto L1 datacacheis just observed. Themissin-
dex (theindex partof themissaddress)andthemisstag(the
tag part of the missaddress)aredenotedas �,�s�=�.��x����!� and�,�s�=� y�z�{ respectively.

� Update: Updateis theoperationto refreshtheTHT and
PHTwhennew missesoccursothatthehistoryinforma-
tion storedin thesetablesis alwaysup-to-date.

1. First, �,���!�.��x����.� is usedto accesstheTHT, anda
tagsequence� y�z�{)���Xy�z�{ � ���W�V�W�Sy�z�{Z  � is located.This
sequenceis updatedto � y�z�{ � ���W�V�W�Sy�z�{Z )� �,���=� y�z�{ � ,
establishing� y�z�{ � �.�V�W�W�Sy�z�{} �� �,�s�=� y�z�{ � asthe most
recenttaghistoryin this cachset.

2. Second,tag sequence� y�z�{����Sy�z�{ � ���W�W�V�Xy�z�{Z  � , com-
bined with �,�s�=�.��x����!� (seeFigure 9), is usedto
index into the PHT anda set (row) in the PHT is
located.

3. Third, amongall theentrieswithin thePHTset,the
onetaggedwith

y�z�{} 
is located.

4. Finally, the
y�z�{�|

(next tag)field of theentry is up-
datedto �,���!� y�z�{ . This establishes�,�s�=� y�z�{ asthe
mostup-to-datenext tagfollowing thesequenceof� y�z�{����Sy�z�{ � ���W�W�V�Xy�z�{Z  � .

� Lookup: Lookupis theoperationto decideaprefetchad-
dressbasedupontheknowledgethattheimmediatepast
tag sequenceis � y�z�{ � ���W�V�W�Sy�z�{Z )� �,���=� y�z�{ � at this cache
set.

1. First, the sequence � y�z�{ � ���W�V�W�Sy�z�{Z )� �,���=� y�z�{ � ,
combinedwith the �l���=�.��x����!� , is usedasthePHT
index to locateaPHT set.

2. Second,from the PHT set, the entry taggedwith�l���=� y�z�{ is selectedand its
y�z�{ |

field is pre-
dictedasthenext tagthatfollows thetagsequence� y�z�{ � ���W�V�W�Sy�z�{Z )� �,���=� y�z�{ � .

3. Finally, the predicted next tag
y�z�{}|

, combined
with the currentmiss index �,���=����x����!� , forms a
completecacheline addressand subsequentlya
prefetchto this addressis issuedto L2.

6
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Figure10: Overallsystemstructurewith atagcorrelatingprefetcher.

Since the addresspredictor requires the miss address
streams,it mustbe placedafter the L1 datacache,asshown
in Figure10. Thepredictorcanbeintegratedwith theL2 data
cachecontroller. It observesthemisstracesfrom theL1 data
cacheandissuesprefetchrequeststo theL2 datacache.The
L2 first checkswhetherthe targetdatais alreadyin itself. If
found, the prefetchis completedandno further operationis
required.Otherwise,a requestis sentto themainmemoryto
loadthedatainto L2, but L1 is notupdated.

Prefetchingall theway up to L1 is morecomplex because
notonly dothebenefitsincreasebut alsotherisksfrom wrong
prefetches.We discussthis casein asubsequentsection.

Having studiedthestructureandoperationsof tagcorrelat-
ing prefetchers,in the next sectionwe presentsomesimula-
tion resultsto show theeffectivenessof TCPprefetchers.

5 Simulation Results

In this sectionwe presentsimulationresultsfor two con-
figurationsof TCP. In both thesecases,the tag history ta-
ble (THT) is organizedas a 1024-set,direct-mappedstruc-
ture, with eachset storing2 previous tags( ¡ = 2 in Figure
8). The two casesdiffer by their patternhistory tables.One
(markedasTCP-8K)hasa8 KB PHTwith 256-set,8-wayset
associative andusingno bits from themissindex. Theother
(marked asTCP-8M) hasa 8 MB PHT with 262144-set,8-
waysetassociativeandusingthefull missindex. Notethatin
bothTCPs,eachcachesetcanutilize a maximumof 8KB for
storinghistory. The differenceis that in TCP-8K, this 8KB
storageis sharedby all cachesets,while in TCP-8M,it is pri-
vateto eachcacheset.Becauseof its size,wedonotconsider
TCP-8Mto bea realisticdesignpoint; ratherwe includeit as
an“idealized” view of how no-sequence-sharingaffectseach
benchmark.

5.1 BasicResults

Figure 11 gives the performanceresultsof TCP-8K and
TCP-8M,comparedto a DBCPwith a 2 MB correlationhis-
tory table.Dead-blockcorrelatingprefetcher(DBCP)[12], is
a correlationbasedprefetcherthatcorrelatesthelivenessof a
cacheline andthenext tagwith PCsof memoryinstructions,
in additionto addresses.Notethatin [12], a critical misspre-
dictor [20, 6] is proposedto filter the correlationentries. In
our experiment,this filter is not incorporatedin eitherDBCP
or TCP. In general,thetwo TCPprefetchersbothout-perform
DBCP. On average,DBCP achievesabout7% performance
improvement,while TCP-8KandTCP-8Mcanachieveabout
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Figure11: IPC for TCP with 8KB PHT and8MB PHT vs. DBCP
with 2MB correlationtable.

14% and 15% respectively. ComparingTCP-8K and TCP-
8M, wefind thatsharinghistoryentriesacrosscachesetsleads
to lower performancefor somebenchmarks,suchasfacerec,
gcc,art,mcf, andammp.Ontheotherhand,it performsbetter
for benchmarkslike applu,mgrid,andswim. This difference
canbeexplainedby investigatingtheeffectof sharinghistory
entriesbetweencachesets.For example,in theswim bench-
mark,eachtag sequenceappearsin an averageof 264cache
sets(seeFigure7). On theotherhand,eachsequencerecurs
ratherinfrequentlywithin eachset: anaverageof 7 times. In
TCP-8K, whereall entriesare sharedacrossall cachesets,
eachentrycanbereusedabout( ¢�£-¤j¥#¦¨§(© ) times.However,
in TCP-8M, sinceeachset has its own storage,eachentry
canbereusedonly ( ¦�§�© ) times. Sincein swim sharingen-
tries amongcachesetsis beneficialratherthandetrimental,
TCP-8KperformsbetterthanTCP-8M.Conversely, for the5
benchmarksin which TCP-8Mis better, eachtagsequenceis
sharedby a muchlessnumberof cachesets:in this casethe
benefitof sharinghistoryentriesis outweighedby theadverse
effectof contentionandaliasingbetweenhistoryentriesfrom
differentcachesets.

In conventionalcacheswithout prefetchers,every L2 ac-
cessis originatedfrom a L1 cachemiss,which meansanas-
sociatedload/storeinstructionis alreadystalled.If theL2 ac-
cesshits, the overall latency is ª 10 cycles,which canusu-
ally be toleratedby an aggressive superscalarout-of-order
core. However, if the L2 accessmisses,the long latency to
the main memory, which could be hundredsof cycles, will
fill the instruction window up with dependentinstructions
and thus stall the whole processor. With a tag correlating
prefetcher, someof theoriginalL2 accesseswill bepre-issued
by theprefetcherandthuswill hit whenaccessed.Therestof
the original L2 accessesare not capturedby the prefetcher
and are still initiated by L1 cachemisses. We namethese
two categoriesof L2 accessesas “prefetchedoriginal” and
“non-prefetchedoriginal” L2 accessesrespectively. In addi-
tion, prefetchescould lead to extra L2 accesses,for exam-
ple,whenthepredictedaddressesareneverusedlater. Figure
12givestheamountof “prefetchedoriginal”, “non-prefetched
original”, and“prefetchedextra” L2 accessesfor SPEC2000
benchmarkswith TCP-8K (top) and TCP-8M (bottom), all
normalizedto thenumberof original L2 cacheaccesses.An
idealprefetcherwould have 100%“prefetchedoriginal”, 0%
“non-prefetchedoriginal”, andno “prefetchedextra” L2 ac-

7
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Figure12: The amountof the threecategoriesof L2 accessesfor
TCP-8K(top)andTCP-8M(bottom).Dataisnormalizedto thenum-
berof originalL2 accesses(whennoprefetchersareused).
cesses.Theprefetcherin thefma3dbenchmarksatisfiesthese
requirements,eventhoughtheperformancepotentialis small
(recallthatbenchmarksareorderedfrom left to right by their
performancepotentialswith ideal L2 caches).For TCP-8K,
benchmarkslike ammp,swim, mgrid, gccbenefitmostfrom
theprefetcher:the“prefetchedoriginal” percentagesarehigh
while theextratraffic is relatively light. For TCP-8M,thebest
performingbenchmarksareammp,mcf, art,gcc,andfacerec.

5.2 DesignVariations

The basicresultsin the previous sectionfocusedon two
particularconfigurations,yet thereis still a largedesignspace
left to be explored. This sectioncoverssomeinterestingde-
signvariations.

5.2.1 Varying PHT Configurations

Thesizeof thepatternhistorytabledecideshow muchtagcor-
relationhistorycanbestored.Enlarging thePHT canreduce
the aliasingbetweendifferent tag patternsandthusimprove
theprefetchereffectiveness.Thetop graphin Figure13 gives
theperformanceof SPEC2000benchmarksusingTCPswith
varyingPHT sizes.As shown in thegraph,whenthePHT is
not indexedby themissindex, quadruplingthePHTsizefrom
2KB to 8KB leadsto a 6% performanceimprovement.Fur-
ther increasingthe PHT sizebeyond 8KB hasa diminishing
effect. For PHTsindexedwith full missindex, thesaturating
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Figure13: Averageperformanceof SPEC2000with differentsizes
of PHT(top)anddifferentindexing schemesof PHT (bottom).

point is near2 MB. Thebottomgraphin Figure13 evaluates
how the numberof miss index bits usedaffects the perfor-
manceof a 8 KB PHT. Using0 or 1 bit from the missindex
have similar performance,but using more bits will degrade
the performance.As illustratedin Figure9, usingbits from
themissindex essentiallydividesthePHT into separatesub-
tables,eachstoringhistoryfrom a groupof cachesets.If the
PHT is alreadysmall andthe numberof index bits is large,
the sub-tableswill eventuallybecometoo small to track tag
historyeffectively, leadingtheperformanceto degrade.

5.2.2 Prefetchinginto L1

Basictagcorrelatingprefetchersonly prefetchdataup to the
L2 datacache.For thehighestperformancepossiblewe need
to bring thedataascloseto theprocessoraspossible,i.e.,L1,
in a timely manner. However, this is not a simple proposi-
tion becauseof therestrictionswe facegoingup thememory
hierarchy. Specifically, capacity, bandwidth,andscheduling
considerationsareconsiderableat that level andif not prop-
erly takeninto accountcaninvalidatemany of thebenefitsof
the prefetches,or even worsedegradeperformanceby inter-
feringwith othercritical data.

Becausethe L1 is muchsmallerthanthe L2, prefetching
the wrong data into it can createsignificantdisruption. In
addition, prefetchingthe correct dataat the wrong time is
equallydisruptive. Both thesemishapsarenot aspronounced
in a large set-associative L2. Furthermore,becausefor the
SPEC2000theoccupancy of L1-L2 busis higherthantheoc-
cupancy of theL2-memorybus,prefetchesinto L1 arecom-
petingwith otheraccesses.If prefetchesaregivenlow priority
ontheL1-L2 bus,many of themcanbedelayed,canceled,su-
persededby accesses,overflow the outgoingprefetchbuffer,
etc. In all thesesituationsthebenefitof prefetchingis lost.

To addresstheproblemof timely prefetching,we incorpo-
ratedatimekeepingdeadblockpredictorfrom [8]. To address
the secondproblem,we addedanextra L1/L2 bussolely for
prefetching.Theresultof theseenhancementsis ahybridpre-
dictor that works in the following way: after a predictionis
made,the predicteddatais prefetchedinto L2 immediately,

8
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Figure14: IPC for prefetchinginto L2 (TCP-8K) vs. prefetching
into L1 (Hybrid-8K).

but will updateL1 only after thecorrespondingcacheline is
predicteddead.Figure14 comparestheperformanceof such
a hybrid prefetcherto the baseTCP prefetcher. The hybrid
prefetcherfurther improvesperformancefor gcc, art, applu,
mgrid,swim,andmcf. From[8], wefind thatthetimekeeping
deadblock predictoralso works bestfor thesebenchmarks.
Overall, Figure 14 tells us that, with an aggressive out-of-
ordersuperscalarprocessor, sincethe main memorylatency
is the major performancebottleneckwhile the L2 latency is
tolerable,prefetchinginto L2 would gain themostbenefitof
prefetching. Prefetchingfurther into L1 cacheis beneficial,
but only whenanaccuratedeadblockpredictorandsufficient
L1/L2 bandwidthis available.

6 Future Work

Tag correlatingprefetcherscapturerecurringpatternsof
multiple-tagsequencesin the miss addressstreams. There
is oneparticularpatternworth specialattention: (per-cache-
set)stridedtag sequences.As the nameimplies, stridedtag
sequencesrefer to the sequencesin which the tagsexhibit a
constantstride.If stridedsequencesarecommon,morespace-
efficient designscouldbe devisedfor them. Figure15 gives
the percentageof stridedthree-tagsequencesin SPEC2000
benchmarks. Swim seesthe most stridedsequences:over
12% of all three-tagsequencesarestrided. In otherbench-
marks, strided sequencesare much less frequent, typically
lessthan2% of total sequences.Overall, even thoughper-
cache-setstridedsequencesaretypically infrequent,they do
happenin mostbenchmarksandevenfrequentin somebench-
marks. One possiblefuture work is to further investigate
stridedandotherspecialsequencesandexploit themto im-
provetheperformanceor hardware-efficiency of tagcorrelat-
ing prefetchers.Also note that only intra-setstridedtag se-
quencesareconsideredhere,thosestridedsequencesacross
cachesetboundaryareorthogonalto whatwe havediscussed
hereandarean interestingphenomenonthat we plan to ex-
plorein futurework.

A secondavenuefor future work concernsthe numberof
prefetchtargets. In [9], Josephand Grunwald proposeda
Markov prefetherthatstoresmultiple targetsfor eachpredic-
tion. Sucha prefetchercanimprove predictionaccuracy but
increasethememorytraffic sincemultiple prefetcheswill be
issuedfor eachprediction. In the designof tag correlating
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Figure15: Percentageof stridedthree-tagsequencesfor SPEC2000
benchmarks.

prefetchers,there is a similar trade-off for storing multiple
targets,which wehopeto investigate.

Sincenot all cachemissesaffect performanceequally, a
critical miss filter may also be useful in future investiga-
tions. Many researchershave tried to identify thosemisses
thatarecritical for programperformanceanddeviseoptimiza-
tions targeting them [20, 6]. Prefetcherscan benefit from
sucha critical miss predictor in many ways. For example,
only prefetchesfor critical misseswill be issued,so that the
prefetch-inducedextra traffic canbe reduced. In [12], only
the correlationpatternsof critical missesarestored,so that
the space-efficiency canbe improved. We expectTCPsalso
benefitfrom a critical misspredictor, somethingwe plan to
explorein futurework.

A final direction for future work is to utilize knowledge
from the large body of work on two-level correlation-based
branchpredictors. Becauseof the similarity betweenthe
structureof TCPs and branchpredictors,such knowledge
wouldhelpto improvetheindexing andcorrelatingeffective-
nessof TCP.

7 RelatedWork

Software prefetching,and more generally, compile-time
analysisof memory accessbehavior, has beenstudiedby
many researchers[7, 13, 14, 15, 16]. Mowry et al. success-
fully predict what datareferenceswill likely miss in scien-
tific codesthat mainly employ matrices[15]. Ghoshet al.
describemethodsfor generatingand solving equationsthat
giveadetailedrepresentationof cachemissesin loop-oriented
scientificcode. Sucha framework canbe utilized to decide
what addressesshouldbe prefetchedand when to start the
prefetches.Otherwork, [13, 14, 16], targetpointer-intensive
applicationsandapplicationswith recursivedatastructureand
proposeto insertcompile-timeprefetchinstructions.

Comparedto software prefetching,hardwareprefetching
[2, 5, 8, 9, 10, 12, 17, 19] usuallyrequiresextra hardwareto
track correlationsbetweenmemoryreferenceswith previous
memoryreferencesand other information, suchas memory
instructionaddressesandbranchhistory. BaerandChenpro-
poseda earlynotion of correlation-basedhardwareprefetch-
ing for pagedvirtual-memorysystems[1]. They alsoinvesti-
gatedaprefetchingmechanismthatcapturesloadinstructions
thathaveconstantstrides[2]. Jouppiproposedastreambuffer
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thatcanbeeffective whenthereis a largeamountof sequen-
tiality in the referencestream[10]. Charney andReevesare
thefirst to proposea generalizedcorrelation-basedhardware
prefetchingfor caches[5]. In their scheme,the prefetcher
is positionedbetweenL1 andL2, andprefetchesto L2 only.
JosephandGrunwaldproposedaMarkov modelfor prefetch-
ing andproposedto storemultiple targetswith eachpredic-
tion [9]. Lai et al. werethe first to proposea hardwarepre-
dictor for deadblocksbasedon bothPC tracesandprevious
memoryaddresses[12]. They werealsothe first to propose
prefetchingaccordingto per-cache-setmemoryreferencebe-
havior. Solihin et al. proposedto usea userlevel threadfor
prefetchingandstorethe correlationhistory in memory, in-
steadof specifichardwaretables[19]. Hu et al. proposeda
generalmethodology, exploiting time informationto analyze,
predict,andoptimizememorybehavior andappliedit to build
a hardware-efficientdeadblock predictor, which canbeused
in a hardwareprefetcher[8].

8 Conclusions

This paperbeganby characterizingthe locality and pre-
dictability of tagsequencesappearingin theL1 cachemissad-
dresstracesof anaggressive superscalarprocessor. We have
shownthattagsappearingin L1 exhibit strongregularity. This
is a reiterationof the well-known phenomenonof locality,
but onethat is particularusefulbecauseof thenew hardware
structuresit suggests.Tagsequences, thenecessaryingredient
for tag correlatingprefetching,arealsohighly repetitive and
thusa solid basisfor predictions. In particular, we observe
andquantifyhow tagsequenceskepton a per-cache-setbasis
canshow repetitive patternsthat recurnot only in thatcache
set,but typically in many othersetsaswell.

Theseobservationssuggestfirst thattagcorrelationscanbe
usefulfor memoryprefetch.Second,they alsosuggesta two-
levelapproach:tagsequencesaretrackedfrom themisstraces
of individual cachesetsin a tag history table(THT), but are
madeavailable to all cachesetsthrougha secondhardware
structurecalleda patternhistory table(PHT). Together, this
two-level approachcomprisesour proposedschemefor Tag
CorrelatingPrefetch(TCP).

By sharingpatternsthroughthePHT, TCPcanbevery ef-
fective at improving performanceevenwith very small table
sizes.An 8KB TCPoffersa 14%performanceimprovement
for theSPEC2000benchmarksuite,andoutperformsprevious
proposalsthataremegabytesin size.

The two-level THT-PHT structureof a tag correlating
prefetcheris quite similar to the correlatingtablesusedin
hardwarebranchprediction. This paperhasexplored some
of the indexing andPHT designquestionsfirst answeredfor
branchprediction.Wefind thatmostbenchmarksbenefitfrom
PHT sharing,althoughthereare somethat are betterwhen
eachcachesetindexesits own patternhistories.Overall, we
feel thattheparallelsbetweentwo-levelbranchpredictorsand
TCPareinteresting,andalsohint thatevenmoreperformance
improvementsmaybepossibleby furtherexploiting thepar-
allelsbetweenthem.
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