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Abstract

Although cachesfor decadeshave beenthe badkboneof
the memorysystem the speedgap betweenCPU and main
memorysuggeststheir augmentatiorwith prefething meda-
nisms.Recentlysophisticatedhardware correlating prefetd-
ing medanismshavebeenproposed,n somecasescoupled
with someform of dead-blo& prediction. In manyproposals,
however, correlating prefetthers demanda significantinvest-
mentin hardware.

In this paper we show that correlating prefetders that
work with tags insteadof cade-line addressesare signifi-
cantly mote resouce-eficient, providing equalor betterper
formancethan previous proposals.We supportthis claim by
showingthat per-settag sequencesxhibit highly repetitive
patternsboth within a setand acrossdifferent sets. Because
a singletag sequenceancapture multipleaddresssequences
spreadover differentcachesets significantspacesavingscan
be achieved. We proposea tag-basedprefether calleda Tag
Correlating Prefetder (TCP). Evenwith very small history
tables, TCP outperformsaddress-basedorrelating prefetd-
ers manytimes larger. In addition, we show that suc a
prefetder canyield mostof its performancebenefitsf placed
atthelL2 level of anaggressiveout-of-oder processarOnly if
onewantsprefetding all thewayupto L1, is dead-blo pre-
diction required. Finally, we draw parallels betweerthe two-
level structure of TCP and similar structuesfor branc pre-
diction medanisms;theseparallels raise interestingoppor
tunitiesfor improving correlatingmemonyprefetders by har-
nessinglessonsalreadylearnedfor correlating branch pre-
dictors.

1 Intr oduction

With the wideningspeedyapbetweerprocessoandmain
memory memory performancehas becomea major bottle-
neckfor currentmicroprocessorsTo addresshis bottleneck,
computemrchitecthave mainlyreliedonfaston-chipcaches.
However, dueto lateng, power, and transistorbudgetcon-
straints,on-chipcachesizesare not ableto keepup with the
growing datarequirementsf typical applicationprograms,
leaving mary programssuffering high cachemissratesand
subsequenperformancealegradation.

Aside from efforts to increasecachecapacityor optimize
cacheorganization,mary architectshave turnedto prefetch-
ing mechanismsPrefetchingworks by predictingwhat data
will be requiredby the processoiin the future andfetching
theminto caches priori. Prefetchings somevhatsimilarto
branchprediction,whereaddressesf to-be-eecutednstruc-
tionsarepredictedandassociateéhstructiongpre-loadednto
the processorcore. As in branchpredictors,prefetchingcan
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beinitiatedin eitherhardware[2, 5, 8, 9, 10, 12, 17, 19 or

software[13, 14, 15, 16]. Comparedo softwareprefetching,
hardware prefetcherdave the advantageof transparengand

run-timeinformationavailability. Dueto thelack of program
semanticinformation, however, mary hardware prefetchers
have relied on capturingspecificrecurringpatternsobsened

in memoryreferencestreams.For example,stride prefetch-
ers [2] tamet load instructionsthat stride through the ad-

dressspace.Streambuffers[10] attemptto capturereference
streamdormedby consecutie cachdines.

Correlation-basegrefetching[5, 8, 9, 12, 19 is a more
generalprefetchingschemeattemptingto exploit ary corre-
lation betweena future memoryreferenceand pastmemory
behaior, including memoryreferencestreams)oad instruc-
tion addressesand branchhistory. A commondravbackin
previousproposal®n correlation-basegrefetchings therel-
atively large size of their correlationtables, often 1-2 MB
[9, 12]. Thesesizerequirementsare comparableo current
on-chipL2 cachesandthereforebring up concernsaboutla-
tengy, power, andtransistotbudgetoverhead Moreover, some
prefetchergequireinstructionaddressesin additionto ad-
dresstraces.Passinginformationaboutinstructionsfrom the
processorcore to prefetcherscomplicatesthe processode-
sign.

The large table sizesof thesecorrelationprefetchersare
fundamentallynecessitatedby the fact that programsrefer
encemary addressesand thus mary itemswill needto be
trackedandcorrelated.In this paperwe shav thattag-based
correlationprefetchingcanbe doneeffectively andmorecost-
efficiently thanprior address-basesthemesWe follow a se-
quenceof stepsto establistthis claim:

e First,we show thatL1 cachetagsexhibit strongregular
ity. This alsoreiteratesghe well-known phenomenorof
locality atthetagandpagelevel [1, 11, 18§].

e Secondweshav thattagsequenceshenecessaringre-
dientfor tagcorrelatingprefetchingarehighly repetitve
andthusform asolid basisfor predictions.

e Third, we show thatasingletagsequenceoversmultiple
addressequencethatwould necessitatéistinctentries
in anaddresgorrelatingprefetcher

¢ Finally, we shav with anexampledesignthatatag cor
relatingprefetcheicanreconstrucprefetchingaddresses
with the sameaccuray of an address-baseprefetcher
manyorders of magnitudelarger. Specifically we pro-
pose a small, simple, stand alone, correlation-based
prefetchemwhichoutperformsreviousproposalstequir
ing only few kilobytesof storage This prefetchercalled



a Tag CorrelatingPrefetche(TCP), keepstrack of per
cache-setagsequenceandexploits recurringtagcorre-
lation patterngfor prediction.

Anotherimportantcontribution of our paperis to investi-
gatethe placemenbf sucha prefetcher In general,we pro-
posethe TCPto bepositionedbetweerthelL 1 andthel 2 data
caches.Thereit canobsene missaddresstreamsrom the
L1 datacacheandissueprefetchedo the L2 datacache.The
prefetche®nly updatethe L2 datacache andthereforedonot
disruptthe L1 datacache.This positionis wherewe getthe
mostbenefitfor theleastdisturbancdo the overall design.

The TCP hasa two-level structure: The first level table
storesthetag historyat eachcacheset,while the secondevel
table trackstag correlationpatterns. This structureclosely
resembleghe well-known two-level branchpredictors[22].
This similarity is important;potentially TCP canbenefitfrom
thelargebody of matureresearcton branchpredictors.

Using a cycle-accuratesimulationof a wide-issueout-of-
ordersuperscalaprocessoandthe whole SPEC200Mbench-
mark suite, we shav that a tag correlatingprefetchemwith a
relatively small 8KB history table, achieves a 14% perfor
manceimprovementover the whole SPEC200tenchmark
suite. This outperformsa previous proposalwith 2MB ta-
ble, whichis basedon correlationsof both addresseandPC
traces.ThebasicTCP prefetcheonly up to the L2 level, for
somebenchmarksfurther improvementsare possibleby in-
corporatingan accuratedeadblock predictorandprefetching
intoL1.

The restof the paperis organizedas follows. Section2
introducesthe experimentalsetupusedin the paper Sec-
tion 3 describeghe recurringbehaior of single cachetags
andtag sequencesyhich motivatestag correlatingprefetch-
ers. Section4 detailsthe structureand operationsof tag cor
relating prefetcherswhile Section5 givessimulationresults
to demonstratehe effectivenessof TCP. In Section6, some
designissuesrelatedto TCP arediscussedndseveral direc-
tionsfor futurework areoutlined.In Section7 we discusghe
relatedwork. Finally, Section8 offersour conclusions.

2 Simulation Methodology

To evaluateour proposalswe usea modified version of
SimplescalaB.0[3, 4] to simulatean aggressie 8-issueout-
of-order processar The main processorand memory hier-
archyparametersare shovn in Table 1. Becausecontention
canhave importantinfluenceon performancewe have incor-
porateda simulatormodificationthat accuratelymodelscon-
tentionattheL1/L2 andmemorybuseq12].

We evaluateour resultsusingthe SPECCPU2000bench-
marksuite[21]. The benchmarkarecompiledfor the Alpha
instructionsetusingthe CompagAlpha compilerwith SPEC
peaksettings. For eachprogram,we skip the first 1 billion
instructionsto avoid unrepresentate behaior at the begin-
ning of the programs execution. We thensimulate2 billion
instructionsusingthe referenceinput set. We include some
overview statisticsherefor background Figure1 shavs how
much the performancgIPC) of eachbenchmarkwould im-
proveif all accesse® the L2 datacachearecachehits. This
is the target we aim for in our memoryoptimizations. The
programsaresortedfrom left to right accordingo theamount
they would speedup with anideal L2 datacache. Starting

Processo€ore

Clockrate 2GHZ
InstructionWindow | 128-RJU, 128-LSQ
Issuewidth 8 instructionspercycle

8 IntALU,3 IntMult/Div,

6 FRPALU,2 FPMult/Div,

4 Load/StoreUnits

emoryHierarchy

32KB, I-way, 32Bblocks,64 MSHRsS
32KB, 4-way, 32B blocks

FunctionalUnits

LT DcacheSize
L1 IcacheSize

L1/L2 bus 32-bytewide,2GHZ

L2 1/D eachlMB, 4-way LRU,
64B blocks,12-gcle lateng

MemoryLateny 70cycles

Tablel: Configurationof SimulatedProcessor
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Figurel: PotentiallPCimprovementwith anidealL2 datacachefor
SPEC200®enchmarks.

from the next section,we will presentsimulationresultsac-
cordingto this benchmarlordet

3 The Recurring Behavior of CacheTagsand
CacheTag Sequences

In this section,we examinethe behaior of single cache
tags,andthen expandit to tag sequencef eachcacheset.
The patternswe obsene in this sectionwill be exploitedin
latersectiongo build effective hardwareprefetchers.

3.1 The Behavior of CacheTags

The locality of memoryreferencess well-known: pro-
gramstend to accessaddresseshat match or are close to
previously-accessedddresses. Traditionally memoryrefer
encelocality hasbeeninterpretedin termsof completead-
dresses.Sincecachetagsare formed by the high order bits
of memoryaddressedntuitively the rule of locality should
alsoapplyto cachetags. (Note thatlocality of tagsarein ac-
cordancewith locality found for virtual pages[1] and TLB
[11, 18)). In the following paragraphsve further formalize
thelocality of tags,with formula“A — B” representindhe
relationshipthat“if A appearedh therecentpastthenB will
likely appeaiin the nearfuture”.

First, temporallocality stateghatrecentlyre-accessedd-
dressesrelikely to be accessedn the nearfuture. When
re-referenceso an addressoccur, the correspondingag and
index will alsore-appear Sotemporallocality indicatesthat
cachetagstendto recurwithin the samecacheset. This line



of thoughtcanberepresentetly thefollowing formula.
A=A
= tag(A) — tag(A) and index(A) — index(A)

Secondspatiallocality saysthatitemswhoseaddresseare
neareachothertendto be referencectlosetogetherin time.
This correlationcanbeformalizedasfollows:

A= A+6

Dependingnthesizeof §, threesituationscould occur:

1. tag(A) = tag(A+0) and index(A) = index(A+9).
This happensvhen§ is sosmallthat A and A + § re-
main in the samecacheline. In this situationtag(A)
re-appears thesameset,accompamging theoccurrence
of A +4.

2. tag(A) = tag(A +6) but index(A) # index(A+9).
This happensf ¢ is big enoughto changetheindex but
not enoughto affectthetag. In this situationtag(A) re-
appearsn anothercachesetwhen A + § is referenced.

3. tag(A) # tag(A + 9).
This happensdf § is big enoughto changethe tag. In
this situationtag(A) will notre-appeamwhen A + 4 is
referenced.

Spatiallocality typically refersto two addresseshat are
neareachother, therefore) is usuallysmallenoughsothatthe
third situationrarely occurs.Combiningsituationl and2, we
caninterpretspatiallocality as: “cachetagstendto re-appear
eitherin the samecacheset, or in other cachesets. This
interpretationalso appliesto temporallocality, wherecache
tagsrecuronly in thesamecacheset. Thus,for bothtemporal
andspatiallocality:

A—Aor A>A+6
= tag(A) — tag(A)

To confirm that cachetagsdo exhibit recurringbehavior,
we profiled the SPEC200enchmarksuiteandrecordedhe
tag accesshistory, both within and acrosscachesets. Note
thatwe only trackmissaddressracesrom theL1 datacache:
tagscorrespondingo cachehits are not countedin the pro-
filing. Sincecachehits areall instancesf tag recurrences,
thetagrepetitionin the missaddresgracerepresents lower
boundon the degreeof repetitionthatwould be seenin a full
referencdrace.We usemisstracesin our studybecausehey
aremuchmoreamenabldor the hardwarewe proposen Sec-
tion 4.

The top graphof Figure 2 shows the number(log scale)
of uniquecachetagsin the missstreamsof a 32 KB direct-
mapped_1 datacache.Thegraphonthebottomgivestheav-
eragenumberof timeseachtagrecurs.Takingthe art bench-
markasanexample,it hasonly 98 uniquetags,but onaverage
eachtagre-appearsbout3 million timesin the missstream.
Thismeanghatartactuallymissegepeatedlyonavery small
setof tags,indicatinga moderatehistory tablewould capture
thewholesetof tags.Sinceeach32KB addressangeshares
uniquetagin our experimentgseetheL1 cacheconfiguration
in Table 1), the numberof uniquetagsroughly indicatesthe
sizeof the programworking set: benchmarksvith thelargest
working setsareapsi,gap,wupwise,lucas,applu,andswim.
Thebottomgraphshaows thattagsare highly repetitive, often
recurringthousandsf times.

Figure 3 gives correspondingresults for complete ad-
dressesAs expectedthenumberof uniqueaddresses much

10000

1000 ——

100

10 q

# unique tags found in the simulation period

eon |

equake
gzip
tex

crafty [E——
PUL S —

sixt
perl

[
fma3d

vo
"
b
m
m
ammp

10000000

1000000

100000 1 — n = H H T

10000 - M

1000 H H HHHHAHH HHAHHHEHEHHHHF

100 H H HHHHAHH HHAHHHEHEHHHHF

#times each tag re-appear

10 HH HHEAHHHH HHAHHAHHHAHH

1

fma3d
eon |
equake I

applu

magrid
swim |
mef |
ammp |

Figure2: Numberof uniquetags(top) andaveragenumberof times
eachtag appeargbottom) in the miss streamsof a 32KB direct-
mapped_1 datacachefor SPEC200MenchmarksBoth graphsare
in log scale.Benchmarksareorderedfrom left to right accordingto
their performancepotentialwith anidealL2 datacache.

largerthanthat of uniquetags: typically 2-3 ordersof multi-
tudemore.Neverthelessthe numberof uniquetagscorrelates
well with the numberof unique addressesprogramswith
the mostunique addressessuchas apsi, gap, wupwise, lu-
cas,applu,andswim, alsohave the largestnumberof unique
tags. Thesebenchmarkswvould likely stresshoth tag corre-
lating prefetcherandaddressorrelatingprefetchersOnthe
other hand, addressesecur muchlessfrequentlythan tags.
Becausehereare fewer uniquetagsthan addresseshistory
tablesfor tagscanbe muchsmallerthanhistorytablesfor ad-
dresses.Becausdagsrecur more frequentlythanaddresses,
eachtaghistoryentryhasmorepotentialreusejncreasinghe
effectivenes®of eachtaghistoryentry,

A key differencebetweentagsandaddressess that a tag
canappeain differentcachesetswhile anaddresss confined
to oneset. Thereforethenumberof recurrences thebottom
graphof Figure2 couldresultfrom bothintra-setandinter-set
recurrenceslf atagre-appeard00times,it could bethatit
shavs up in 10 cachesets,andre-appeard0 timesin each
cachesetit hasresidedin. It couldalsobethatit appearsn
only 1 cacheset,but re-appeard 00timesin thatcacheset,or
viceversa To separat¢hesecaseswe shov onthetop of Fig-
ure 4 the averagenumberof setseachcachetag touchesand
on the bottomthe averagenumberof times eachtag appears
in eachsetit touchesBasedonthepreviousanalysisonlocal-
ity, thetop graphroughly indicatesdegreeof spatiallocality
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Figure 3: Numberof unique addressegtop) and averagenumber

of timeseachaddressappeargbottom)for SPEC200benchmarks.

Both graphsarein log scale. Note the differencein y-axis scales
comparedo Figure2.

of the programswhile the bottomgraphcorrelatego tempo-
ral locality. In thetop graph,theupperlimit is 1024,whichis

thetotalnumberof cachesetsin ourL1 datacache(SeeTable
1). Many benchmarkssuchasgzip, apsi,wupwise,lucasand
swim, arenearthis upperlimit. In thesebenchmarkgachtag
canbefoundin almostevery setof theL1 datacachejndicat-
ing ahighdegreeof spatiallocality. Ontheotherhand,tagsin

thesebenchmarksepeatratherinfrequentlywithin eachsets
they touched: only a few 10sof times,indicatinga low de-
greeof temporallocality. In benchmarksuchasfma3dand
eon,eachtagtouchesonly a smallnumberof cachesets,but

it repeatghousand®f timesin eachset,indicatingthatthese
benchmarks$have good temporallocality but relatively poor
spatiallocality.

Overall, we find that for SPEC2000benchmarks,on
average(geometricmean)eachbenchmarkhas 576 unique
tags:eachtagspreadsnto 609cachesets andrecurs94times
within eachcachesetit touches.Thesenumbersconfirmour
earlierinterpretationof the rule of locality: that cachetags
tendto re-appearitherin the sameset, or acrossdifferent
sets. This behaior can be summarizedas the following
formula:

tag(A) — tag(A)
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Figure4: Averagenumberof setsin which acachetagappeargtop)
andaveragenumberof timesacachetagappearsn asingleset(bot-
tom) for SPEC200M®enchmarks.

3.2 The Behavior of CacheTag Sequences

In theprevioussectionwe examinedtherecurrencéehar-
ior of singlecachetags. Tagscanbe viewed aspercache-set
tagsequencesyherethe sequencéengthis 1. In this section
we investigatethe behavior of longertag sequencesWe fo-
cuson sequencéengthsof 3 in our experiments. Targeting
tag sequencesat eachcachesethasmary potentialbenefits
for a prefetcher First, when predictingthe next tag based
on previous tagsin the samecacheset, the index is implic-
itly designatedorequiresno predictionor tracking. Second,
thetime interval betweerconsecutie missesn a cachesetis
typically largerthanamemoryaccessateng, providing suffi-
cienttime for atimely prefetching.Finally, thecharacteristics
of percache-sesequencesswill beexploredin this section,
enableeffective and hardware-eficient predictionsof future
tags.

As in the previoussectionwe startby measuringhenum-
ber of uniquesequenceslf tag sequencesvere totally ran-
dom, thenthe expectednumber(the upperlimit) of three-tag
sequencewould beroughlythenumberof uniquetagscubed.
If the correlationbetweentagsis strong, however, eachtag
would tendto appeartogethemwith someotherspecifictags.
With correlation,the numberof uniquethree-tagsequences
will be muchlessthanthe upperlimit. Figure5 shaws the
numberof uniquethree-tagsequencesbsenedin our simu-
lation,asapercentagef theupperimit. In mostbenchmarks,
thenumberof uniquesequences muchsmallerthanthe up-



10% 30% 67%

9%

8%

7%

6%

5%

4% A

3%

2%

1%

0%

# three-tag sequences observed / # three-tag sequences
possible

Figure 5: Number of three-tagsequencesactually obsered as
a percentageof total numberof possiblethree-tagsequencegor
SPEC200®enchmarks.

per limit, typically lessthan5%. This indicatesstrongtag
correlationan mostbenchmarksin crafty andtwolf, thetag
sequencebehae quite randomly so the numberof unique
sequencess large. We further note that theseresultsdo not
particularlycoincidewith the applications memoryfootprint.
In fact,crafty andtwolf acces$ewer uniquetagsthanmostof
the SPEC200M®enchmarks.

The top graphof Figure 6 shavs the absolutenumberof
uniquethree-tagsequencethatappearedn the missaddress
streamof a 32 KB direct-mapped.1 datacache.Thefma3d
benchmarkhasthe fewestuniquethree-tagsequencesyhile

mcf hasthe most,with morethan7 million uniquesequences.

The bottom graphof Figure 6 givesthe averagenumberof

timeseachthree-tagsequenceecurs.Thereis awide variety
amongdifferentbenchmarks:from just above 10 for bzip2
to over 200,000for art. In mary benchmarkseachthree-tag
sequencappearshousand®f times,indicatinga very repet-
itive behavior thatcanbe exploitedby a history-basegbredic-
tor.

Figure 7 further splits theserecurrencesnto two cate-
gories:intra-setandacross-setThetop graphgivesthe aver-
agenumberof setsin which eachthree-tagsequencappears.
For example,in the swim benchmark,on averagea tag se-
guenceappearsn 264sets abouta quarterof total cachesets.
Theseresultshave greatimpacton the spacerequiremenof
the history table. To illustratethis issue,let us considertwo
extremes.At oneextreme,consideffirst if eachthree-tagse-
guenceappearsn every cacheset, in otherwords, if each
cachesethasthe sametag sequencenistory. Here,we can
usea single table for all cachesets: no percache-setable
is required. Sharingone history tableamongdifferentcache
setggreatlyreducespaceaequirementsAt theotherextreme,
considerf every three-tagsequenceppearsn only oneset,
sothateachsethasits own specificsequencesHere, history
from differentcachesetscannotbe shared:they will simply
contendfor spacethusleadingto a larger capacityrequire-
ment.

The bottomgraphin Figure 7 givesthe averagenumber
of times a tag sequenceappearswithin eachset. The more
frequentlyeachsequenceppearsthe more effective it will
be to prefetchbasedon them. For example,eachsequence
in fma3dis re-referencedbout75,000times. This indicates
thatif we storeatagsequencehefirst time we seethem,and
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Figure 6: Numberof unique three-tagsequencegtop) and aver
agenumberof timeseachsequencappeargbottom)for SPEC2000
benchmarks.

alwayskeepit in the history, thenpotentiallyit canbereused
thousandsf times.

Figure7 indicatesa key differencebetweertag sequences
andaddresssequencesa tag sequencean appearn differ-
ent setswhile an addresssequenceannot. In otherwords,
atag sequencehatappearsn differentsetsimplies multiple
differentaddresssequences

Overallin this sectionwe demonstratethat percache-set
tag sequencesxhibit recurringbehaior: if atag sequence
occurredin the past,it tendsto re-appeain the future, either
in the samecacheset,or in othersets. This behaior canbe
formulatedasfollows:

tag(Al),tag(A2), ..., tag(Ak)
— tag(Al),tag(A2), ..., tag(Ak)

4 TCP: DesignOverview

In theprevioussectionwe describedherecurringbehavior
of cachetagsequencesThereis a strongcorrelationbetween
a tag and its precedingtags, and this correlationis highly
repetitive. In this sectionwe describea predictorthatexploits
this repetitve correlationto predictthe next tag, accordingto
previous tagsjust seenin the misstraceat a cacheset. We
namethis prefetchethe“tag correlatingprefetcher”.We start
by describingthe structureof the prefetcherandthenpresent
simulationresultsin the next sectionto shaw its effectiveness.

Figure 8 depictsthe structureof a tag correlatingaddress
predictor It is organizedasa two-level structure,similar to
cornventionaltwo-level branchpredictorg[22]. Thefirst level
table,the TagHistory Table(THT), tracksthe previousk tags
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Figure7: Averagenumberof setsasequenceappearsn (top) andav-
eragenumberof timesa sequencappearsn eachsetit touchegbot-
tom) for SPEC200MenchmarksTheupperlimit in thetop graphis
1024,whichis thetotal numberof setsin L1 datacache.

thatappearedn the misstraceat eachcacheset. The second
level table,the PatternHistory Table (PHT), storestag corre-
lation patternsobsenedin thepast.

The THT is indexed by the missindex (the index portion
of currentmissaddress).Eachrow in the table corresponds
to asetin theL1 datacache.Thus, THT lookup canoccurin
parallelwith anL1 cachdookup. Therearek entriesperrow
(set); eachentry storesa previoustagin orderof time. That
is, taglis the oldestandtagk is the mostrecent. THT size,
thereforejs:

(number of sets in dl) x k x sizeof (tag).

The index of the PHT is formed by the tag sequenceb-
tainedfrom thefirst level table,togethemwith the currentmiss
tag, and optionally the missindex. Figure 9 shows the in-
dexing schemethat we usefor the remainderof this paper
Thehigherm bits aretakenfrom (thelowerm bits of) atrun-
catedaddition(asin [12]) of all tagsin thetagsequenceyhile

miss address:

‘tag‘ index ‘ offset ‘ tagl‘tagz‘ ‘tagk

tag |tag'

. mdex‘mg o
function

Tag History Table Pattern History Table (8-way)

Figure8: Structureof atwo-level tagcorrelatingaddresspredictor

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

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

the lower n bits aretaken from the missindex. Choosingn

between0 and 10 achieresa tradeoff betweensharingand
separatindnistory from differentcachesets.In the casewhen
n is 0, all cachesetssharethe history entries. On the other
hand,whenn is 10, which (for our L1 cache)meansto use
the full missindex, eachcachesethasits own private space
for correlationhistory. Eachentryin the PHT hastwo fields:

tag andtag’. Tag' is the predictedsuccessoto tag. The
size of the PHT can be calculatedusing the following for-

mula: (nu T t (a T t

(tag .

Givensuchastructuretheoperatiorof the TCP prefetcher
consistsof two basicfunctions: updateandlookup. We de-
scribethesetwo operationdn more detailsbelow, assuming
acachemissto L1 datacacheis just obsened. The missin-
dex (theindex partof the missaddresspndthe misstag (the
tag part of the missaddresspare denotedas n and

tag respectiely.

Update Updateis the operationto refreshthe THT and
PHT whennew missesoccursothatthehistoryinforma-
tion storedin thesetablesis alwaysup-to-date.

1. First, n is usedto accesghe THT, anda
tagsequencétag tag tag islocated.This
sequences updatedto (tag tag tag ,
establishing(tag tag tag asthemost
recenttag historyin this cachset.

2. Secondtagsequencédtag tag tag , com-
bined with n (seeFigure9), is usedto
index into the PHT anda set(row) in the PHT is
located.

3. Third, amongall theentrieswithin thePHT set,the
onetaggedwith tag is located.

4. Finally, thetag' (next tag)field of the entryis up-
datedto tag. Thisestablishes  tag asthe
mostup-to-datenext tagfollowing the sequencef
(tag tag tag

Lookup Lookupis theoperatiorto decidea prefetchad-
dresshaseduponthe knowledgethattheimmediatepast
tag sequences (tag tag tag atthis cache
set.

1. First, the sequence (tag tag tag ,
combinedwith the n ,isusedasthePHT
index to locatea PHT set.

2. Second,from the PHT set, the entry taggedwith
tag is selectedand its tag’ field is pre-
dictedasthe next tagthatfollows thetagsequence

(tag tag tag .
3. Finally, the predicted next tag tag’, combined
with the currentmiss index n ,formsa

completecacheline addressand subsequentlya
prefetchto this addresss issuedto L2.
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Figure10: Overall systenstructurewith atagcorrelatingprefetcher

Since the addresspredictor requires the miss address
streamsjt mustbe placedafterthe L1 datacache,asshavn
in Figure10. Thepredictorcanbeintegratedwith theL2 data
cachecontroller It obsenesthe misstracesfrom thelL1 data
cacheandissuesprefetchrequestdo the L2 datacache.The
L2 first checkswhetherthe targetdatais alreadyin itself. If
found, the prefetchis completedand no further operationis
required.Otherwise a requesis sentto the mainmemoryto
loadthedatainto L2, but L1 is notupdated.

Prefetchingall theway up to L1 is morecomplex because
notonly dothebenefitancreaseout alsotherisksfrom wrong
prefetchesWe discusghis casein asubsequergection.

Having studiedthe structureandoperation®f tagcorrelat-
ing prefetchersijn the next sectionwe presentsomesimula-
tion resultsto show the effectivenesof TCP prefetchers.

5 Simulation Results

In this sectionwe presentsimulationresultsfor two con-
figurationsof TCPR In both thesecases,the tag history ta-
ble (THT) is organizedas a 1024-set,direct-mappedstruc-
ture, with eachsetstoring 2 previoustags( = 2 in Figure
8). Thetwo casediffer by their patternhistory tables. One
(markedasTCP-8K)hasa8 KB PHT with 256-set8-way set
associatie andusingno bits from the missindex. The other
(marked as TCP-8M) hasa 8 MB PHT with 262144-set8-
way setassociatie andusingthe full missindex. Notethatin
both TCPs,eachcachesetcanutilize a maximumof 8KB for
storing history The differenceis thatin TCP-8K, this 8KB
storagds sharedy all cachesetswhile in TCP-8M, it is pri-
vateto eachcacheset.Becausef its size,we do not consider
TCP-8Mto bearealisticdesignpoint; ratherwe includeit as
an‘“idealized” view of how no-sequence-shariraffectseach
benchmark.

5.1 BasicResults

Figure 11 gives the performanceresultsof TCP-8K and
TCP-8M,comparedo a DBCPwith a2 MB correlationhis-
tory table. Dead-blockcorrelatingprefetche(DBCP) [12], is
acorrelationbasedprefetchetthatcorrelateghe livenesof a
cachdine andthe next tagwith PCsof memoryinstructions,
in additionto addresseNotethatin [12], acritical misspre-
dictor [20, 6] is proposedo filter the correlationentries. In
our experiment this filter is notincorporatedn eitherDBCP
or TCP. In generalthetwo TCP prefetcherdothout-perform
DBCP On average,DBCP achieves about7% performance
improvementwhile TCP-8KandTCP-8Mcanachieve about
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Figure1l: IPC for TCP with 8KB PHT and8MB PHT vs. DBCP
with 2MB correlationtable.

14% and 15% respectiely. ComparingTCP-8K and TCP-
8M, wefind thatsharinghistoryentriesacrosachesetdeads
to lower performancdor somebenchmarkssuchasfacerec,
gcc,art, mcf, andammp.Ontheotherhand,it performsbetter
for benchmarksik e applu,mgrid, andswim. This difference
canbe explainedby investigatinghe effect of sharinghistory
entriesbetweencachesets.For example,in the swim bench-
mark, eachtag sequenceppearsn an averageof 264 cache
sets(seeFigure 7). Onthe otherhand,eachsequenceecurs
ratherinfrequentlywithin eachset: anaverageof 7 times. In
TCP-8K, whereall entriesare sharedacrossall cachesets,
eachentry canbereusedabout( ) times.However,
in TCP-8M, sinceeachsethasits own storage,eachentry
canbe reusedonly ( ) times. Sincein swim sharingen-
tries amongcachesetsis beneficialratherthan detrimental,
TCP-8K performsbetterthan TCP-8M. Corversely for the5
benchmarksn which TCP-8Mis better eachtagsequencés
sharedby a muchlessnumberof cachesets:in this casethe
benefitof sharinghistoryentriesis outweighedy theadwerse
effectof contentionandaliasingbetweerhistory entriesfrom
differentcachesets.

In corventionalcacheswithout prefetchersgvery L2 ac-
cessis originatedfrom a L1 cachemiss,which meansanas-
sociatedoad/storanstructionis alreadystalled.If thelL2 ac-
cesshits, the overall lateng is 10 cycles, which can usu-
ally be toleratedby an aggressie superscalaout-of-order
core. However, if the L2 accesanisses the long lateng to
the main memory which could be hundredsof cycles, will
fill the instruction window up with dependeninstructions
and thus stall the whole processar With a tag correlating
prefetchersomeof theoriginal L2 accessewill bepre-issued
by the prefetcherandthuswill hit whenaccessedTherestof
the original L2 accessesre not capturedby the prefetcher
and are still initiated by L1 cachemisses. We namethese
two cateyoriesof L2 accessess “prefetchedoriginal” and
“non-prefetchedriginal” L2 accessesespectiely. In addi-
tion, prefetchescould lead to extra L2 accessesfor exam-
ple,whenthe predictedaddressearenever usedlater. Figure
12 givestheamountof “prefetchedoriginal”, “non-prefetched
original”, and“prefetchedextra” L2 accessefor SPEC2000
benchmarkswith TCP-8K (top) and TCP-8M (bottom), all
normalizedto the numberof original L2 cacheaccessesAn
ideal prefetchemvould have 100%“prefetchedoriginal”, 0%
“non-prefetchedriginal”, and no “prefetchedextra” L2 ac-
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Figure 12: The amountof the three categyoriesof L2 accessesor
TCP-8K(top)andTCP-8M(bottom).Datais normalizedo thenum-
berof original L2 accessegvhenno prefetcherareused).
cessesTheprefetcheitin thefma3dbenchmarlsatisfieghese
requirementseventhoughthe performancepotentialis small
(recallthatbenchmarksreorderedfrom left to right by their
performancepotentialswith ideal L2 caches).For TCP-8K,
benchmarkdike ammp,swim, mgrid, gcc benefitmostfrom
the prefetcherthe“prefetchedoriginal” percentagearehigh
while theextratraffic is relatively light. For TCP-8M,thebest
performingbenchmarks&reammp,mcf, art,gcc,andfacerec.

5.2 DesignVariations

The basicresultsin the previous sectionfocusedon two
particularconfigurationsyetthereis still alargedesignspace
left to be explored. This sectioncoverssomeinterestingde-
signvariations.

5.2.1 Varying PHT Configurations

Thesizeof thepatterrhistorytabledecideshow muchtagcor-
relationhistory canbe stored.Enlamging the PHT canreduce
the aliasingbetweendifferenttag patternsand thusimprove
theprefetcheeffectivenessThetop graphin Figurel13 gives
the performanceof SPEC200Menchmarksising TCPswith
varying PHT sizes.As shown in the graph,whenthe PHT is
notindexedby themissindex, quadruplinghe PHT sizefrom
2KB to 8KB leadsto a 6% performancémprovement. Fur-
therincreasingthe PHT sizebeyond 8KB hasa diminishing
effect. For PHTsindexedwith full missindex, the saturating

PHT index using 0 bits from miss index

g 24 -

f/r—ﬂ"index using full miss index
o 23
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Figure13: Averageperformanceof SPEC2000with differentsizes
of PHT (top) anddifferentindexing scheme®f PHT (bottom).

pointis near2 MB. Thebottomgraphin Figure13 evaluates
how the numberof missindex bits usedaffects the perfor

manceof a8 KB PHT. Using0 or 1 bit from the missindex

have similar performancebut using more bits will degrade
the performance.As illustratedin Figure9, usingbits from

the missindex essentiallydividesthe PHT into separateub-
tables,eachstoringhistoryfrom a groupof cachesets.If the

PHT is alreadysmall and the numberof index bits is large,

the sub-tableswill eventuallybecometoo smallto track tag

history effectively, leadingthe performanceo degrade.

5.2.2 Prefetchinginto L1

Basictag correlatingprefetchernly prefetchdataup to the
L2 datacache.For the highestperformanceossiblewe need
to bring the dataascloseto theprocessoaspossiblej.e., L1,
in a timely manner However, this is not a simple proposi-
tion becaus®f therestrictionswe facegoing up the memory
hierarchy Specifically capacity bandwidth,and scheduling
considerationsre considerablet thatlevel andif not prop-
erly takeninto accountcaninvalidatemary of the benefitsof
the prefetchespr even worsedegradeperformanceby inter-
fering with othercritical data.

Becausehe L1 is muchsmallerthanthe L2, prefetching
the wrong datainto it can createsignificantdisruption. In
addition, prefetchingthe correctdataat the wrong time is
equallydisruptive. Both thesemishapsarenotaspronounced
in a large set-associate L2. Furthermore becausdor the
SPEC200@he occupang of L1-L2 busis higherthantheoc-
cupang of the L2-memorybus, prefetchesnto L1 arecom-
petingwith otheraccessedf prefetchesregivenlow priority
onthelL1-L2 bus,mary of themcanbedelayedcanceledsu-
persededy accesseqverflow the outgoingprefetchbuffer,
etc. In all thesesituationsthe benefitof prefetchings lost.

To addresghe problemof timely prefetchingwe incorpo-
ratedatimekeepingdeadblock predictorfrom [8]. To address
the secondproblem,we addedan extra L1/L2 bus solely for
prefetching.Theresultof theseenhancemenis a hybrid pre-
dictor thatworks in the following way: after a predictionis
made,the predicteddatais prefetchednto L2 immediately
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Figure 14: IPC for prefetchinginto L2 (TCP-8K)vs. prefetching
into L1 (Hybrid-8K).

but will updateL1 only afterthe correspondingacheline is
predicteddead.Figure 14 compareghe performanceof such
a hybrid prefetcherto the baseTCP prefetcher The hybrid
prefetcherfurther improves performanceor gcc, art, applu,
mgrid, swim,andmcf. From[8], we find thatthetimekeeping

deadblock predictoralsoworks bestfor thesebenchmarks.

Overall, Figure 14 tells us that, with an aggressie out-of-
order superscalaprocessarsincethe main memorylateng
is the major performancebottleneckwhile the L2 lateng is
tolerable,prefetchinginto L2 would gainthe mostbenefitof
prefetching. Prefetchingfurther into L1 cacheis beneficial,
but only whenanaccuratedeadblock predictorandsuficient
L1/L2 bandwidthis available.

6 Future Work

Tag correlating prefetcherscapturerecurring patternsof
multiple-tag sequencesn the miss addressstreams. There
is one particularpatternworth specialattention: (percache-
set) stridedtag sequencesAs the nameimplies, stridedtag
sequencesefer to the sequence which the tagsexhibit a
constanstride. If stridedsequencearecommonmorespace-
efficient designscould be devisedfor them. Figure 15 gives
the percentagef stridedthree-tagsequencein SPEC2000
benchmarks. Swim seesthe most strided sequences:over
12% of all three-tagsequencesre strided. In otherbench-
marks, strided sequencesre much less frequent, typically
lessthan 2% of total sequencesOverall, even thoughper
cache-sestridedsequencesaretypically infrequent,they do
happerin mostbenchmarksndevenfrequentin somebench-
marks. One possiblefuture work is to further investigate
stridedand other specialsequenceand exploit themto im-
prove the performanceor hardware-eficiency of tagcorrelat-
ing prefetchers.Also notethat only intra-setstridedtag se-
guencesare considerechere,thosestridedsequenceacross
cachesetboundaryareorthogonako whatwe have discussed
hereandare an interestingphenomenorthat we planto ex-
plorein futurework.

A secondavenuefor future work concernghe numberof
prefetchtargets. In [9], Josephand Grunwald proposeda
Markov prefetherthat storesmultiple targetsfor eachpredic-
tion. Sucha prefetchercanimprove predictionaccurag but
increasethe memorytraffic sincemultiple prefetcheswill be
issuedfor eachprediction. In the designof tag correlating

14%

12% - M

10%

8%

6% -

% strided 3-tag-sequence

4%

eon [@

T o o

~
3
E ¢
2 E
3
g

mcf

2% H
0% H_0_n ‘”ﬂ‘”ﬂ‘”ﬂ m,
2 523
%
]
g

ammp 4:]

fma3d
appli
mgri
swim

%
@

Figure15: Percentagef stridedthree-tagsequencefor SPEC2000
benchmarks.

prefetchersthereis a similar trade-of for storing multiple
targets,which we hopeto investigate.

Sincenot all cachemissesaffect performancesqually a
critical miss filter may also be useful in future investiga-
tions. Many researcherbiave tried to identify thosemisses
thatarecritical for programperformancenddeviseoptimiza-
tions targeting them [20, 6]. Prefetcherscan benefitfrom
sucha critical miss predictorin mary ways. For example,
only prefetchedor critical misseswill beissued,sothatthe
prefetch-inducedxtra traffic canbe reduced. In [12], only
the correlationpatternsof critical missesare stored,so that
the space-diciency canbe improved. We expect TCPsalso
benefitfrom a critical miss predictor 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
branch predictors. Becauseof the similarity betweenthe
structureof TCPs and branch predictors, such knowledge
would helpto improve the indexing andcorrelatingeffective-
nessof TCP

7 RelatedWork

Software prefetching,and more generally compile-time
analysisof memory accessbehaior, has beenstudied by
mary researcherfr, 13, 14, 15, 16]. Mowry etal. success-
fully predictwhat datareferenceswill likely missin scien-
tific codesthat mainly employ matrices[15]. Ghoshet al.
describemethodsfor generatingand solving equationsthat
giveadetailedrepresentationf cachemissesn loop-oriented
scientificcode. Sucha framework canbe utilized to decide
what addresseshould be prefetchedand whento start the
prefetches Otherwork, [13, 14, 16], target pointerintensve
applicationsandapplicationswith recursvedatastructureand
proposeo insertcompile-timeprefetchinstructions.

Comparedto software prefetching,hardware prefetching
[2,5,8,9, 10, 12 17, 19] usuallyrequiresextra hardwareto
track correlationsbetweenmemoryreferenceswvith previous
memory referencesand other information, suchas memory
instructionaddresseandbranchhistory. Baerand Chenpro-
poseda early notion of correlation-basetiardware prefetch-
ing for pagedvirtual-memorysystemq1]. They alsoinvesti-
gateda prefetchingnmechanisnthatcapturedoadinstructions
thathave constanstrides[2]. Jouppiproposeda streambuffer



thatcanbe effective whenthereis a large amountof sequen-
tiality in the referencestream[10]. Charng andRee/esare
thefirst to proposea generalizectorrelation-basetiardware
prefetchingfor cacheg5]. In their schemethe prefetcher
is positionedbetweenL1 andL2, andprefetchego L2 only.
JoseptandGrunwald proposeda Markov modelfor prefetch-
ing and proposedo storemultiple targetswith eachpredic-
tion [9]. Lai etal. werethefirst to proposea hardware pre-
dictor for deadblocksbasedon both PC tracesand previous
memoryaddressefl2]. They werealsothe first to propose
prefetchingaccordingto percache-sememoryreferencebe-
havior. Solihin etal. proposedo usea userlevel threadfor
prefetchingand storethe correlationhistory in memory in-
steadof specifichardwaretables[19]. Hu etal. proposeda
generamethodologyexploiting time informationto analyze,
predict,andoptimizememorybehaior andappliedit to build
a hardware-eficientdeadblock predictor which canbe used
in ahardwareprefetchef8].

8 Conclusions

This paperbegan by characterizinghe locality and pre-
dictability of tagsequenceappearingn theL1 cachemissad-
dresstracesof anaggressie superscalaprocessarWe have
shavn thattagsappearingn L1 exhibit strongregularity. This
is a reiterationof the well-known phenomenorof locality,
but onethatis particularusefulbecausef the new hardware
structurest suggestsTagsequenceshenecessaringredient
for tag correlatingprefetching,arealsohighly repetitve and
thus a solid basisfor predictions. In particular we obsene
andquantify how tag sequencekepton a percache-sebasis
canshaw repetitive patternsthatrecurnot only in thatcache
set,but typically in mary othersetsaswell.

Theseobsenationssuggesfirst thattagcorrelationsanbe
usefulfor memoryprefetch.Secondthey alsosuggesatwo-
level approachtagsequencearetrackedfrom themisstraces
of individual cachesetsin atag historytable (THT), but are
madeavailable to all cachesetsthrougha secondhardware
structurecalled a patternhistory table (PHT). Together this
two-level approachcomprisesour proposedschemefor Tag
CorrelatingPrefetch(TCP).

By sharingpatternshroughthe PHT, TCP canbevery ef-
fective at improving performancesven with very smalltable
sizes.An 8KB TCP offersa 14% performancémprovement
for the SPEC200®enchmarlsuite,andoutperformgrevious
proposalghataremegabytedn size.

The two-level THT-PHT structure of a tag correlating
prefetcheris quite similar to the correlatingtablesusedin
hardware branchprediction. This paperhasexplored some
of theindexing and PHT designquestiondirst answeredor
branchprediction.We find thatmostbenchmark$&enefitfrom
PHT sharing,althoughthere are somethat are betterwhen
eachcachesetindexesits own patternhistories. Overall, we
feelthattheparallelshetweertwo-level branchpredictorsand
TCPareinterestingandalsohint thatevenmoreperformance
improvementsnay be possibleby further exploiting the par
allelsbetweerthem.
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