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Abstract

Processospeedgontinueto outpacghe memorysubsys-
tem making it neccesaryto proactively acquireand re-
tain importantdata. Currentapplicationshave an ever
increasingnumberof dynamically allocateddata struc-
tures and thesedata structuresoccupy large footprints.

Wen-meiW. Hwu?

structuresand thesedata structuresoccugy larger
footprints. The trendis driven by the needfor flex-
ible, dynamicmemorymanagementndobjectori-
entedprogrammingstyles. A large portion of dy-
namicallyallocateddataareaccessethroughpoint-
ersin the form of recursve datastructures(RDS),

A large portion of dynamicallyallocateddatais accessed Whichincludeinductiely createcbbjectslike linked

throughpointersin the form of recursve datastructures.
Loadsaccessinghesedatastructureoftenbecomeadata
cachebottleneckbecausehey dependon a previous in-
stanceof themseles, scatteringtheir accessesFor this
reasonpptimizationtechniquespecificto thesetypesof
loadsshouldbe employed. Onetechniqueis to analyze
thedatastreamandusetheresultinginformationto guide
prefetchingand/ordynamicdatalayout.

This work characterizeshe repeatingdataaccess
patternsin both the Oldenand SPECCPU2000Ibench-
mark suites. The intentis to apply the analysisresultto
guide later optimizations. In this paper we discussour
findings, with somebenchmarkshaow interestingcorre-
lation in their dataaccessesWe have alsoobtainedindi-
cationthat suchcorrelationmanifestsitself more promi-
nentlywhena programs executionis dividedinto phases.
A preliminaryattemptwasalsoperformedn which anal-
ysisresultswereusedto guidedataprefetching.

1 Intr oduction

As theincreasén processospeedsontinuego out-
pacethatof thememorysubsystemit is necessarto
proactvely acquireandretainimportantdata. Vari-
ousprefetching cachemanagemengnddatalayout
techniqueshave beenproposedo alleviate someof
the demandfor data. Currentapplicationshave an
everincreasingamountof dynamicallyallocateddata
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lists, trees,graphsetc.

RDSelementdendto beaccessewithin loops
that serially dereference previously loadedvalue,
typically referredto asthe pointerchasingproblem.
Suchloads,whosetamgetaddresslependonavalue
loadedby a previous instanceof itself, are called
induction pointer loads(IPL). The needto traverse
througha sequencef dataitemswithin anRDScan
placelPLs on critical executionpaths. A studyhas
shawvn thatensuringa cachehit for the load feeding
into an indirect load hasa significantperformance
potential[1].

This work characterizesepeatingdataaccess
patternsin both the Olden and SPEC CPU2000I
benchmarlsuites.Theintendeduseof theseanalysis
resultsis to guidelateroptimization.While previous
work hasprimarily focusedon suitesof smallbench-
marks, such as the Olden benchmarks this work
looks at the latestversionof the SPECbenchmarks
from the CPU2000Isuite. Thesebenchmarksare
known to have significantdatacacheperformanceés-
suesandwill influencethedesignof microprocessors
for yearsto come. The Oldenbenchmarkgprovide
a commonframe of referencewith previous work
while the behaiors of the CPU2000Ibenchmarks
provide insightinto larger, lessunderstoocapplica-
tions.

2 Framework

Figurel shavs a potentialanalysisandoptimization
path. The datastreamis analyzedandthe resulting
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Figurel: Potentialanalysisandoptimizationframe-
work.

informationcanbe usedto guide prefetchingand/or
dynamicdatarelayout. Thereexist seseral different
possibleconfigurations.Every referencdan the data
streamcan be inspected,or only thosethat miss at
acertaincachelevel. A hardwareandcompilercol-
laboratie approacltanbeusedwheredetailedstatic
analysisguidesthe hardware. Anotherpossibility is
thata simpleform of theanalysiscouldbe peformed
by the hardwarefor guiding CPU sidedataprefetch-
ing, memorysideprefetching,or adynamicdatare-
allocationandlayout scheme.Onceinformationis
collected,t canbeuseddynamicallyin thesamerun
to optimize the remainingprogramexecutionor it
canbedirectedto optimizea subsequemntun.

As asteptowardthis goal,this papercharacter
izesa variety of benchmarkdasedon the their data
accesgatterns.Namely this work characterizese-
peatingdataaccesgatternsin both the Oldenand
CPU2000Ibenchmarlsuitesfor the purposeof driv-
ing future optimizationof their dataaccesstreams.

Theprocesdlow is depictedn Figure2. First,
eachbenchmarkwas compiledusingan Intel com-
piler duringwhich time the IPLs wereannotatedis-
ing adetectionalgorithmsimilarto thework by Ger
lek etal [2]. An IPL is aload whoseload address
dependn a valueloadedby a previous instanceof
itself. Informally, IPLs arethosepointerloadsused
in loopsto traverseRDSs.

Second,each benchmarkwas executedon a
functional simulator to generatea data reference
trace, including the afore mentionedannotations.
The propagationof the annotationsallows the next
phaseto keepseparatestatisticsand performanaly-
sison only IPL accessesThird, a traceof the data
referencestreamwas analyzedfor both datacache
performanceand data referenceaffinity. The ef-
fectsof phasingonreferenceaffinity andof asimple

prefetchingheurisicon cacheperformanceverealso
measured.

To helpprovide insightinto the processa sam-
ple codeexampleis shovn in Figure 3. The code
fragmentconsistsf four loads,A, B, C, andD. The
codetraversesa setof elementghat containa piece
of data,loadedby B, andtwo pointersto otherele-
ments,loadedat C andD. LoadsC andD arelPL
loads,while A andB arenot. A samplereference
streamis alsoshavn andis labeled“TraceAll” and
theloadthatgeneratedhereferencas shavn above
thereference.The analysissystemlooksatasingle,
filtered tracemix. “Filtered” meansthatonly refer
encesgeneratedy IPL loadswill be examined. A
singletracemix meanghatreference$rom different
staticlPLsaremixedtogetherIn Figure3 thestream
labeledwith “IPL Only” would betheresultingtrace
usedfor analysis.

B and C from Figure 3 alsoshav how an IPL
andnon-IPL canbe stronglybound. Giventheir or-
deringandassuminghey sharea cacheline, B will
always miss and C will always hit. However, the
patternusefulfor preventing B from missingis con-
trolled throughC.

As previously mentioned one of the measure-
mentsis datareferencaffinity. Datareferenceaffin-
ity refersto thetendeng of certaindatareferenceso
preceedor follow otherdatareferences.For exam-
ple, if anaccesgo B alwaysfollows anaccesgo A,
thenA andB exhibit very strongaffinity. Thiswill be
explainedin detailin Sectiord4.2. Theaffinity analy-
sisresultsarethenusedduring a secondbenchmark
runto guideprefetching.

In somecasesa benchmarls dataaccesgat-
ternsshawv very limited amountsof affinity. How-
ever, the datacollectedis an aggrgate acrossthe
entire programs execution. While this aggreate
numberis important,multiple phase®f strongaffin-
ity, after beingaveragedogether canobscureeach
other An experimentwasperformedwvhichtooktwo
of the benchmarkghat exhibited poor affinity and
performeda rudimentaryphasedanalysisof the ref-
erencestream. The amountof affinity within the
phaseshelpsdetermineif informationis being ob-
scuredby looking at the program$ executionas a
whole.

The benchmarkdisort,em3d,health,treeadd,
and tsp were selectedfrom the Olden [3] bench-
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mark suite and crafty, eon, vortex, vpr, mcf,
parser and twolf were selectedfrom CPU2000I.
Dueto a marked slowdown from datacollection,the
CPU2000Ibenchmarksvererun usingthe light in-
put setsto reducesimulationtime. The CPU2000I
light input setswere developedproprietarily at In-
tel to suitthesimulation-basedevelopmenterviron-
ment. Thesecarefully generatedight input setsex-
hibit roughly the sameperformancecharacteristics,
suchasprogramhot spots,cachemissrate, branch
mis-predictionrate, etc. asthereferenceanput sets.
Most of the programsusedin our experimentswere
runto completionwith the exceptionof threewhich
wereonly partially executeddueto simulationtime,
namelytwolf (2 billion instructions),mcf (2 billion
instructions) andparser500million instructions).

3 RelatedWork

Datacacheperformances abottleneckn mary large
integerprogramsandis anissuecontinuedo bestud-
ied. For both array referencesand recursve data
structuresmary methodsexist for prefetchingdata.
ReinmanandCaldersuney andevaluatea variety of
methodsncludingstride,contet, andhybrid predic-
tors[4]. Stridepredictionusesthe lastseenaddress
andastridevalueto determineafutureaddressCon-
text predictorsusea history of previous sequencef
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addresse$o predictthe next address. Hybrid pre-
dictorssimply combinestrideandcontet prediction
alongwith adecisionmechanismAdditionally, run-
time analysisof the referencestreamcanenablese-
lective bypassingf infrequentaccessefb].

Luk and Mowry developed three methods
to hide or remove the load lateny of recusve
datastructures[6]. The first, greedy prefetching,
prefetchesalong pointers pre-&isting within RDS
elements. By contrast,their secondmethodcalled
historyprefetchingusesacompilerannotategbointer
thatis dynamicallysetto a noderecentlyaccessed
“d” stepsaway. Subsequerdccesseto the element
prefetchalongthe history pointer Finally, datalin-
earizatiormapsRDS elementsequentiallytogether
sothatthey form anarray-like structure thusfacili-
tatingstridedaccess.

Datalayouttechniquesanresultin more effi-
cientdataaccess.However, if dataare moved dy-
namicallycaremustbetakento ensurehatall exist-
ing pointersto thedataareupdatedLuk andMowry
proposedmemoryforwardingwhich allows the safe
relocationof datathroughthe useof a forwarding
addresg7]. After relocatingdata,a forwardingad-
dressis left in the old datas location. If areference
to the old location exists, the forwarding addresss
automaticallydereferencedy the hardwareto yield
thecurrentdatalocation.



Roth and Sohi presentfour classes(or id-
ioms) of prefetchingthat consistof combinationsof
jump-pointerprefetchingand chain prefetching[8].
Similar to Luk’s history prefetching,jump-pointer
prefetchingusespointersaddedto the datastructure
by hardware/compileiin orderto facilitate prefetch-
ing. Chainprefetchingusespointersalreadypart of
the data structurefor prefetching. The other two
classesare queuejumping, which is just a specific
instanceof jump-pointemrefetchingon very regular
datastructuresandrootjumping,which consistf a
seriesof chainprefetchegor the purposeof aquiring
anentireshort,dynamiclist.

In additionto more reactive prefetchingtech-
niques, Roth and Sohi proposeda mechanism
throughwhich datacan be actvely prefetched9].
They first classifiedloadsinto two groups,recurrent
loadsandtraversalloads. Recurrenioadsproduce
addresseshat future instancesof themseles then
consume. Traversal loads produceaddresseshat
loadsotherthanthemselesconsume A correlation
tableis usedto matchproducerdoadswith consumer
loads. Using the producerconsumerinformation,
a kernel of the executioncan aggressiely execute
alongsideandaheadbf actualexecution,prefetching
dataalongtheway.

To take advantageof repeatingaccesgatterns,
JosephrandGrunwald designeda hardware structure
that analyzesthe miss streamof the processorand
dynamicallybuilds a Markov modelfor memoryac-
cessegq10]. Themodelis thenusedto prefetchmul-
tiple referencegrom memory

Therelatve placemenbf datacanhave alarge
effect on cacheperformance.A temporalrelation-
ship graph(TRG) wasusedby Calderet al. to stat-
ically guidethe placemenof local variables global
variablesandheapobjectsn amannethatimproves
datacacheperformancgll]. In aTRGtheweightof
anedgebetweertwo objectsestimateshenumberof
misseghatcouldoccurif the objectsareplacedinto
conflictingcachdines.

Data stucturelayout tries to placetemporally
relatedelementsinto the samecacheblock and to
separatefrequently and infrequently accessedele-
ments. In fact, cacheconsciousplacementduring
generationalgarbagecollection can improve cache
performancefor pointercode [12]. Similar to our
methodology an affinity graph,built with a history

queueof lengththree,is usedto determinerelation-
ships betweenobjects. Sincefields within a data
structureelemeniandelementsithin theentiredata
structurearerarely accesse@qually Chilimbi et al.
proposdechniquegor boththedefinitionandlayout
of a datastructure[13] [14]. Both casesare moti-
vatedto improve cacheperformance.

Many of the previous aggressie prefetching
anddatalayout schemedor integer benchmarkse-
lied on strongandrepeatingcorrelationamongdata
accesseto be effective. Theseworks often evalu-
atedtheir techniquesusing small benchmarkssuch
asthe Oldensuite, or non-standardenchmarks.It
remainsto be seerwhetherthesetechniquesrestill
effective for larger benchmarkdike CPU2000I.A
key ingredientfor answeringhis questionis to iden-
tify how muchaffinity existsin the dataaccessesf
thesebenchmarks.

4 Results

4.1 CacheCharacteristics

Eachbenchmarls datacacheperformancavasmea-
suredfor both 64k and 128k 4-way setassociatie
cachesachusingan LRU replacemenpolicy. The
hit and miss statisticswere gatheredand separated
into IPL and non-IPL events. Figure 4 shavs the
cacheresults. The following characteristiccanbe
readilydeterminedor eachbenchmark:

1. missratiosfor 64k and128k
2. fractionof IPL loads

3. fractionsof missesdueto IPL loadsfor 64k and
128k

Fromtheresultsthebenchmarkem3d health,
crafty, mcf, andtwolf all exhibit at leasta 10 per
centmissratio. In afew benchmark$PLs aremore
than10 percentof all dynamicloads,namelybisort,
health, mcf, parser and twolf. By examining the
combinedresultsfor eachbenchmarkthe following
characteristiceanbe extrapolated:

1. relative cacheperformancef IPL andnon-IPL
loads

2. IPL andnon-IPLdependencen cachesize

4
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Figure4: Cacheresultsfor OldenandCPU2000I.

If IPLs accountfor alarge fraction of the total
missesthenIPLs are a bottleneckin cacheperfor
manceandtechniguespecificto thesetypesof loads
shouldbeemployed. If IPLsareinfrequentor alarge
numberof IPLs accountfor only a smallfraction of
themissesthenlPLs arenota bottleneck.

Takingasecondook attheresultsin Figure4,
in a few benchmarkslPLs miss more frequently
than non-IPLson average. For examplein em3d,
IPLsrepresenbnly five percentof thetotal dynamic
loads,while causingbetweenl0 and 18 percentof
thetotal misses.Thebenchmark$ealth,tsp, parser
andtwolf alsoexhibit this property Thetwo notice-
ablecasesvherelPLs misslessfrequentlythannon-
IPLsarein treeaddandmcf.

Therelatve dependencef IPLs andnon-IPLs
on cachesizecanalsobe determinedlIf anincrease
in the cachesize resultsin a decreasdn overall
missesbut anincreasean thefractionof thesemisses
causedy IPL loads,thenthelarger cacheis satisfy-
ing non-IPLloads,while having little effecton IPL-
loads.ThisimpliesthatIPL loadsaccess largerset
of dataor accesshe datain a more erraticmanner
Shouldthefraction of IPL loadsstaylevel, thenad-
ditional cachespacebenefitsboth IPL andnon-IPL
loads equally If the fraction decreasesthen IPL
loads benefitmore from the additional spacethan

After Edge Removal

Initial Graph

Figure5: Affinity example.

of a cachesize increaseon reducingcachemisses
from IPLsandnon-IPLs.Againreferringto Figure4,
em3d,tsp,parserandtwolf shav thatthefractionof
missesdueto IPLs increasessthe cachesizeis in-
creased.Thereforeblindly increasinghe cachesize
may not yield muchbenefitto IPLs in thesebench-
marks.

4.2 Data AccessAffinity

Dataaccessffinity is thetendeng of anaccesgo a
particulariocationto consistentlyfollow anaccesso
anotherocation. If a sequenc®f accessesxhibits
strongaffinity, thenthepotentialexiststo take advan-
tageof the stablesequencefpr exampleby prefetch-
ing. A sequencef accessesxhibiting strongaffinity
will bereferredto asachain.

Chainsareformedin thefollowing manner A
streamof effective addresse$EA) from IPL refer

non-IPLloads. This shavs therelative effectiveness encesare generatedy the functional simulator as
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Benchmark %IPL %Miss %None] 2 4 8 16 32 64 128 256 512 1024 2048 4096 8192 16384
bisort-1 all 30.1 10.7 67]24| 8

bisort-1 mo 30.1 10.7 700 4)11]| 71 2] 1

bisort-8 all 30.1 10.7 91] 6] 1

bisort-8 mo 30.1 10.7 89] 5| 3] 1

bisort-16 all 30.1 10.7 98] 1

bisort-16 mo 30.1 10.7 91] 5] 1

em3d-1 all 4.7 19.2 14 85

em3d-1 mo 4.7 19.2 0 99

em3d-8 all 4.7 19.2 13 86

em3d-8 mo 4.7 19.2 1 98

em3d-16 all 4.7 19.2 7 85 6

em3d-16 mo 4.7 19.2 13 86

health-1 all 39.6 55.1 18 3 5 47 24

health-1 mo 39.6 55.1 8 7| 23] 38 21

health-8 all 39.6 55.1 27 4[33[29] 3

health-8 mo 39.6 55.1 24 48] 20| 4

health-16 all 39.6 55.1 34 6/48] 9

health-16 mo 39.6 55.1 36 56 6

treeadd-1 all 5.9 0.3 0 99
treeadd-1 mo 5.9 0.3 0 100

treeadd-8 all 5.9 0.3 0 99
treeadd-8 mo 5.9 0.3 12 87

treeadd-16 all 5.9 0.3 0 99
treeadd-16 mo 5.9 0.3 6 93

tsp-1 all 3.7 19.2 35 3 1|58

tsp-1 mo 3.7 19.2 28 2162] 1 1 1

tsp-8 all 3.7 19.2 60] 1| 2{19] 9f 5] 1

tsp-8 mo 3.7 19.2 791 7] 8] 1 1

tsp-16 all 3.7 19.2 72] 3[18f 3

tsp-16 mo 3.7 19.2 92] 3 1

Benchmark %IPL %Miss %None] 2 4 8 16 32 64 128 256 512 1024 2048 4096 8192 16384

Figure6: Affinity of dataaccessem the Oldenbenchmarks.

mentionedn Section2, andsentto theanalysigtool.
A history of the past16 EAs s kept. Usingthis his-
tory, for eachaccesdo an EA the previous, 8th pre-
vious,and16thprevious EAs accessedrerecorded.
Thesedistancesverechoserto represena variety of
distanceap to adistanceusablefor prefetching(i.e.
16 loadsaway).
Onceexecutioncompletesthecollectedaccess
history data guidesthe formation of three graphs.
Eachnodeof the graphrepresentan EA. An edge
from nodeA to node D of weight 5 meansthat D
followedA 5 timesasin Figure5. Onegraphis com-
posedof edgesfor the next accesspne of edgesto
the 8th next, andonefor edgedo the 16thnext.
Theanalysiss looking for the next mostlikely
successothusthegraphis reducedsothateachnode
hasat mostonesuccessorTo do this only the high-

estweightedgeis keptandthenonly if it represents

more than 30 percentof the transitionsout of the
node. This leaves a graphof nodeswith at mosta
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single successorthoughpotentially multiple prede-
cessorsStartingfrom theroot of thegraph,a traver-
salthroughthe graphforms a chainof accessethat
have high affinity, thustendto follow eachother
The numberof accessesepresentedby the remain-
ing edgesprovides a good estimateof the stability
andregularity of the patterns. One way to take ad-
vantageof this is to prefetchthe accesgepresented
by the next nodein the chain. Sincethreegraphs,
oneaway, eightaway, andsixteenaway, areformed
andprunedthe resultinggraphsrepresenthe stabil-
ity of patternswhenlooking aheadby distancesof
one,eight,andsixteenJoadsrespecirely.

The analysis processabore was performed
twice, onein which all IPL accessewerecollected
(all), anda secondn which only thoselPL accesses
thatmissedthe cachewerecollected(mo).

Figure 6 presentshe data affinity resultsfor
the OldenbenchmarksandFigure7 presentshere-
sultsfor the CPU2000lbenchmarksTheright hand



Benchmark %IPL  %Miss %None|] 2 4 8 16 32 64 128 256 512 1024 2048 4096 8192 16384
crafty-1 all 3 3.8 71 8|18

crafty-1 mo 3 3.8 96) 1| 2

crafty-8 all 3 3.8 971 1

crafty-8 mo 3 3.8 99

crafty-16 all 3 3.8 99

crafty-16 mo 3 3.8 99

eon-1 all 45 6.3 73] 3|18] 4

eon-1 mo 4.5 6.3 90] 1] 8

eon-8 all 45 6.3 89] 5| 3 1

eon-8 mo 4.5 6.3 99

eon-16 all 45 6.3 94] 2| 1 2

eon-16 mo 4.5 6.3 99

vortex-1 all 6.5 5.9 90] 1] 6

vortex-1 mo 6.5 5.9 83] 1]|15

vortex-8 all 6.5 5.9 94] 1] 3

vortex-8 mo 6.5 5.9 92| 2| 4

vortex-16 all 6.5 5.9 96] 1] 1

vortex-16 mo 6.5 5.9 99

vpr-1 all 45 7.8 25 5| 1 65
vpr-1 mo 45 7.8 68] 3| 4] 2| 3 1l 3] 4] 1 5
vpr-8 all 4.5 7.8 39] 1 58

vpr-8 mo 4.5 7.8 770 2] 1| 1] 2| 4| 4 5

vpr-16 all 45 7.8 47] 1 47 1
vpr-16 mo 4.5 7.8 78] 2| 1] 2| 4] 5 4

mcf-1 all 31 7.9 65] 3| 8[16] 1 3

mcf-1 mo 31 7.9 37 1 2] 2 2 3] 4| 43

mcf-8 mo 31 7.9 65] 1| 2| 2| 4]23

mcf-16 mo 31 7.9 711 1] 2| 4]19

parser-1 mo 13.4] 26.5 571 2| 6| 8 7] 7| 2| 1] 4

twolf-1 all 115 29.8 42 4] 5[(13|29] 4

twolf-1 mo 11.5 29.8 39] 1] 7[12|36] 1

Benchmark %IPL %Miss %None] 2 4 8 16 32 64 128 256 512 1024 2048 4096 8192 16384

Figure7: Affinity of dataaccessem the CPU2000lbenchmarks.

columnsrunningfrom 2 to 16384shaw the percent-
ageof all IPL accessethatfall into a chainof that
length. A 10 in the columnlabeled16, shavs that
10 percentof all IPL accessesall in a chainof a
lengthof at least16 but lessthan32. The columns
labeled%IPL and %Miss are the percentagef all
dynamicloadsthatarelPLs andthepercentagef all
missesdueto IPLs for a 128k cache. Thesenum-
bersarefrom the cacheresultspresentedn the pre-
vious section. The %Nonecolumnis the percent-
ageof the accesseshat do not exhibit affinity. In
health Jookingoneaccessheador all IPL accesses,
about79 percentof theseaccessesxhibit affinity,
which can be found by taking the row sum of the
chainlengthcolumns.Thereforeabout79 percentof
the time the next accesss readily predictable. The
benchmarkireeaddshavs anotherimportant point.
Its accesseexhibit very high affinity, however these
IPLsrarelyever missthecacheg(only 0.3 percent)so
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the existenceof affinity is somevhatirrelevant. For
Olden,em3dis anothemoticeabldbenchmarkshaw-
ing strongaffinity. In CPU2000I,mcf, parser and
twolf shawv someaffinity in IPLs.

4.3 Phasingand Prefetching

To gain moreinsightinto the natureanduseof the
affinity data collectedthe datawere inspectedfor
phasingoehaior andusedto guideprefetching.The
phasinginformation helpsdetermineif strongerre-
lationshipsexist thanmight be olbvious from a view
of the entireexecution. The useof the datato guide
prefetchingshavs onepotentialapplication.

As previously mentioned affinity analysiswas
performedon a mixed streamof EAs andthe edge
weightsin thegrapharefrom the entireexecutionof
the program.Becausef this,anodewith two edges
eachcontaininghalf theweightcouldbetheresultof



Benchmark |%None 2 4| 8| 16| 32| 64| 128| 256
bisort 70 4 11 71 2| 1

bisort-1 77 3 91 7 1

bisort-1 66 2 8l 91 7| 2| 2

bisort-1 62 1 6] 7 71 7] 1 1 3
bisort 89 5 3] 1

bisort-8 86 5 5[ 1

bisort-8 83 4 4] 4| 2

bisort-8 81 3 5[ 3 2 1
bisort 91 5 1

bisort-16 87 5 5| 1

bisort-16 86 4 4] 2

bisort-16 83 4 4 2| 4

Figure8: IPL affinity i

arapidtogglebetweentwo successorer two steady
sequencegachexecutingfor half the time. Thus
steadysequencesiightbeobscuredy theaggregate
statistics.

It is useful to determineif, in some cases,
higher affinity exists thanis obvious from the ag-
gregatenumbers.To do this, bisortandvortex were
choserfor phasedinalysissincethey exhibited poor
overall affinity. Datawas collectedfor samplesof
every 100million instructionsandthenanalyzed.

Figure 8 shavs the phasedaffinity resultsfor
bisort, and Figure9 shavs the resultsfor vortex. In
eachcasethe original, aggrgateaffinity is shavn in
the shadedows andthe resultsfor eachsampleare
shavn below them. In almostall casegheaffinity of
the sampleds morethanthat of the aggreate. This
meanghatthereis higheraffinity from whichto take
advantagef a moredynamicschemas used.

The information on data affinity can be fed
back from an earlier part of executionto optimize
a later partin the samerun or from a previous run
of an applicationto a subsequentun. We madea
preliminary attemptto study the potential of using
dataaffinity to guide prefetching. In theseexperi-
ments, the affinity chainsare sared during the first
execution. Thesechainsare analyzedas described
in the previous sectionto identify the candidategor
prefetchingin the next execution. During a second
run of the samebenchmarkthe affinity datafrom
thefirst run is reloadedinto the simulatorandused
to guideprefetching.This givesanindicationon the
potentialof this correlation-basegrefetching. The
currentheuristicto triggerprefetchings verysimple.
WhenanEA is seenthatexistsin achain,aprefetch
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n sampledor bisort.

to the successoEA is performedif oneexists. EAs

in a chainhave at mostone successorNothing spe-
cial is currently doneto weed out uselessand re-

dundantprefetchesandthe prefetch,from the view-

point of the simulator is a normalcacheread. Both

of thesefactorscouldresultin excessie prefetching
and cachepollution. However, the simple prefetch-
ing algorithmstill shavs thattheaffinity information
canbeuseful.

Two setsof prefetchdataare presented.Fig-
ure 10 shawvs theresultsof prefetchingon IPL cache
performancelPLsarethesolefocusof this prefetch-
ing. Eachof the benchmarkema3d,health,mcf, and
twolf eachshaws a sharpdecreasén the numberof
IPLsthatmissthecache.

5 Conclusionand Futur e Work

Thevariousanalyseave yieldedvaluableinforma-
tion aboutthe characteristicof IPL accessesand
help evaluatewhetherandhow this informationcan
beeffectively usedto guidenew prefetchinganddata
layouttechniques.

With regardto the datacache |PLs sometimes
trigger more thantheir shareof missesand are not
satisfied as easily by larger cachesizes. Ema3d,
health,tsp, parserandtwolf exhibited this property
Benchmarksn both Olden and CPU2000Ishaved
promisingamountsof datareferenceaffinity. On av-
erage,benchmarkgrom CPU2000lhave lessaffin-
ity thanin Olden. However, thereis enoughaffinity
to warrantattemptsto exploit it sinceevena simple
prefetchingschemecanimprove cacheresults. This



Benchmarf%None 2 4 8
vortex 83 1 15

vortex-1 86 2 10

vortex-1 78 2 12 6
vortex-1 79 3 13 3
vortex-1 78 3 15 2
vortex-1 79 3 8 8
vortex-1 78 4 14 2
vortex 92 2 4

vortex-8 96 2 1

vortex-8 94 5

vortex-8 92 6

vortex-8 94 1 4

vortex-8 92 1 6

vortex-8 94 1 3

vortex 99

vortex-16 98

vortex-16 98 1

vortex-16 96 1 1

vortex-16 96 1 2

vortex-16 97 1 1

vortex-16 96 1 1

Figure9: IPL affinity in sampledor vortex.

is especiallytrue whenthe addedbenefitsof phasing
is considered.

Thereis certainly much more to learn about
datareferencecharacteristicsvhich requiresdiffer-
entanalysigechniguesndamorerobustinfrastruc-
ture. Oneof the challengess to have a fastmecha-
nismin thepresencef somuchdatato collect. Since
future testswill include longer traces,the analysis
will have to be fasterand uselessmemory This
would include filtering out referencerelationships
thatappearto beweak.

The phasedanalysiswasperformedto gainin-
sight into benchmarksshawving low affinity. The
two phasingtestsyieldedinterestingresultsworthy
of furtherinvestigation. This shouldbe doneby in-
telligently choosingphasestartingandendingpoints
insteadof simplesamplingandcompilerstaticanal-
ysis may help provide suchinformation. Oncecol-
lected this datacouldthenbeusedto drive prefetch-
ing.

Prefetchingtself shouldbe extendedto have a
betterheuristicso that prefetchesare lesslikely to
pollutethe cache.lf cachepollution andthe amount
of prefetchesdo not causeperformanceproblems,
then, in certaininstancesmultiple nodescould be
prefetchedvhena nodehasa small numberof im-
portantsuccessors.

The affinity analysisshouldtry to analyzeand
group tracesbasedon individual instructions. We
conjecturehigheraffinity for datareferencedy par
ticularloads.Finally, theanalysiscould be extended
to look at morethanjustIPLs. Thiswould allow po-
tentially morebenefitdfrom the analysigechniques.
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