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Abstract

Processorspeedscontinueto outpacethememorysubsys-
tem making it neccesaryto proactively acquireand re-
tain important data. Current applicationshave an ever
increasingnumberof dynamicallyallocateddatastruc-
tures and thesedata structuresoccupy large footprints.
A largeportionof dynamicallyallocateddatais accessed
throughpointersin the form of recursive datastructures.
Loadsaccessingthesedatastructuresoftenbecomeadata
cachebottleneckbecausethey dependon a previous in-
stanceof themselves,scatteringtheir accesses.For this
reason,optimizationtechniquesspecificto thesetypesof
loadsshouldbe employed. Onetechniqueis to analyze
thedatastreamandusetheresultinginformationto guide
prefetchingand/ordynamicdatalayout.

This work characterizesthe repeatingdataaccess
patternsin both the OldenandSPECCPU2000Ibench-
mark suites. The intent is to apply the analysisresult to
guide later optimizations. In this paper, we discussour
findings,with somebenchmarksshow interestingcorre-
lation in their dataaccesses.We have alsoobtainedindi-
cationthat suchcorrelationmanifestsitself morepromi-
nentlywhenaprogram’sexecutionis dividedinto phases.
A preliminaryattemptwasalsoperformedin which anal-
ysisresultswereusedto guidedataprefetching.

1 Intr oduction

As theincreasein processorspeedscontinuesto out-
pacethatof thememorysubsystem,it is necessaryto
proactively acquireandretainimportantdata. Vari-
ousprefetching,cachemanagement,anddatalayout
techniqueshave beenproposedto alleviate someof
the demandfor data. Currentapplicationshave an
everincreasingamountof dynamicallyallocateddata
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structuresand thesedata structuresoccupy larger
footprints. The trendis driven by the needfor flex-
ible, dynamicmemorymanagement,andobjectori-
entedprogrammingstyles. A large portion of dy-
namicallyallocateddataareaccessedthroughpoint-
ers in the form of recursive datastructures(RDS),
which includeinductively createdobjectslike linked
lists, trees,graphs,etc.

RDSelementstendto beaccessedwithin loops
that serially dereferencea previously loadedvalue,
typically referredto asthepointerchasingproblem.
Suchloads,whosetargetaddressdependsonavalue
loadedby a previous instanceof itself, are called
inductionpointer loads(IPL). The needto traverse
througha sequenceof dataitemswithin anRDScan
placeIPLs on critical executionpaths. A studyhas
shown thatensuringa cachehit for the loadfeeding
into an indirect load hasa significantperformance
potential[1].

This work characterizesrepeatingdataaccess
patternsin both the Olden and SPEC CPU2000I
benchmarksuites.Theintendeduseof theseanalysis
resultsis to guidelateroptimization.While previous
work hasprimarily focusedonsuitesof smallbench-
marks, such as the Olden benchmarks,this work
looks at the latestversionof the SPECbenchmarks
from the CPU2000Isuite. Thesebenchmarksare
known to havesignificantdatacacheperformanceis-
suesandwill influencethedesignof microprocessors
for yearsto come. The Oldenbenchmarksprovide
a commonframe of referencewith previous work
while the behaviors of the CPU2000Ibenchmarks
provide insight into larger, lessunderstoodapplica-
tions.

2 Framework

Figure1 shows apotentialanalysisandoptimization
path. The datastreamis analyzedandthe resulting
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Figure1: Potentialanalysisandoptimizationframe-
work.

informationcanbeusedto guideprefetchingand/or
dynamicdatarelayout.Thereexist severaldifferent
possibleconfigurations.Every referencein thedata
streamcanbe inspected,or only thosethat missat
a certaincachelevel. A hardwareandcompilercol-
laborativeapproachcanbeusedwheredetailedstatic
analysisguidesthehardware. Anotherpossibility is
thatasimpleform of theanalysiscouldbepeformed
by thehardwarefor guidingCPUsidedataprefetch-
ing, memorysideprefetching,or a dynamicdatare-
allocationand layout scheme.Onceinformation is
collected,it canbeuseddynamicallyin thesamerun
to optimize the remainingprogramexecutionor it
canbedirectedto optimizeasubsequentrun.

As asteptowardthisgoal,thispapercharacter-
izesa varietyof benchmarksbasedon thetheir data
accesspatterns.Namely, this work characterizesre-
peatingdataaccesspatternsin both the Olden and
CPU2000Ibenchmarksuitesfor thepurposeof driv-
ing futureoptimizationof theirdataaccessstreams.

Theprocessflow is depictedin Figure2. First,
eachbenchmarkwascompiledusingan Intel com-
piler duringwhich time theIPLs wereannotatedus-
ing adetectionalgorithmsimilar to thework by Ger-
lek et al [2]. An IPL is a load whoseload address
dependson a valueloadedby a previous instanceof
itself. Informally, IPLs arethosepointerloadsused
in loopsto traverseRDSs.

Second,eachbenchmarkwas executedon a
functional simulator to generatea data reference
trace, including the afore mentionedannotations.
The propagationof the annotationsallows the next
phaseto keepseparatestatisticsandperformanaly-
sis on only IPL accesses.Third, a traceof the data
referencestreamwas analyzedfor both datacache
performanceand data referenceaffinity. The ef-
fectsof phasingonreferenceaffinity andof asimple

prefetchingheurisiconcacheperformancewerealso
measured.

To helpprovide insightinto theprocess,asam-
ple codeexampleis shown in Figure 3. The code
fragmentconsistsof four loads,A, B, C, andD. The
codetraversesa setof elementsthatcontaina piece
of data,loadedby B, andtwo pointersto otherele-
ments,loadedat C andD. LoadsC andD are IPL
loads,while A and B are not. A samplereference
streamis alsoshown andis labeled“TraceAll” and
theloadthatgeneratedthereferenceis shown above
thereference.Theanalysissystemlooksat a single,
filtered tracemix. “Filtered” meansthat only refer-
encesgeneratedby IPL loadswill be examined. A
singletracemix meansthatreferencesfrom different
staticIPLsaremixedtogether. In Figure3 thestream
labeledwith “IPL Only” wouldbetheresultingtrace
usedfor analysis.

B andC from Figure3 alsoshow how an IPL
andnon-IPLcanbestronglybound.Giventheir or-
deringandassumingthey sharea cacheline, B will
always miss and C will always hit. However, the
patternusefulfor preventingB from missingis con-
trolled throughC.

As previously mentioned,oneof themeasure-
mentsis datareferenceaffinity. Datareferenceaffin-
ity refersto thetendency of certaindatareferencesto
preceedor follow otherdatareferences.For exam-
ple, if anaccessto B alwaysfollows anaccessto A,
thenA andB exhibit verystrongaffinity. Thiswill be
explainedin detailin Section4.2.Theaffinity analy-
sisresultsarethenusedduringa secondbenchmark
run to guideprefetching.

In somecases,a benchmark’s dataaccesspat-
ternsshow very limited amountsof affinity. How-
ever, the datacollectedis an aggregate acrossthe
entire program’s execution. While this aggregate
numberis important,multiplephasesof strongaffin-
ity, after beingaveragedtogether, canobscureeach
other. An experimentwasperformedwhichtooktwo
of the benchmarksthat exhibited poor affinity and
performeda rudimentaryphasedanalysisof theref-
erencestream. The amountof affinity within the
phaseshelpsdetermineif information is being ob-
scuredby looking at the program’s executionas a
whole.

Thebenchmarksbisort,em3d,health,treeadd,
and tsp were selectedfrom the Olden [3] bench-
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r2 = ld r2 + 8
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r1 = ld r2
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loop:
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jmp loop

r2 = ld r2 + 16
jmp loop

other:
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Trace All: 7 7 32 13 64 2 96 8 256 21 128

Figure3: Codefragmentwith annotationsandanexampletracestream.

mark suite and crafty, eon, vortex, vpr, mcf,
parser, and twolf were selectedfrom CPU2000I.
Dueto a markedslowdown from datacollection,the
CPU2000Ibenchmarkswererun usingthe light in-
put setsto reducesimulationtime. The CPU2000I
light input setswere developedproprietarily at In-
tel to suit thesimulation-baseddevelopmentenviron-
ment. Thesecarefullygeneratedlight input setsex-
hibit roughly the sameperformancecharacteristics,
suchasprogramhot spots,cachemissrate,branch
mis-predictionrate,etc. asthe referenceinput sets.
Most of theprogramsusedin our experimentswere
run to completion,with theexceptionof threewhich
wereonly partially executeddueto simulationtime,
namelytwolf (2 billion instructions),mcf (2 billion
instructions),andparser(500million instructions).

3 RelatedWork

Datacacheperformanceisabottleneckin many large
integerprogramsandisanissuecontinuedtobestud-
ied. For both array referencesand recursive data
structuresmany methodsexist for prefetchingdata.
ReinmanandCaldersurvey andevaluateavarietyof
methodsincludingstride,context, andhybridpredic-
tors [4]. Stridepredictionusesthe lastseenaddress
andastridevaluetodetermineafutureaddress.Con-
text predictorsusea historyof previoussequenceof

addressesto predict the next address.Hybrid pre-
dictorssimplycombinestrideandcontext prediction
alongwith adecisionmechanism.Additionally, run-
time analysisof the referencestreamcanenablese-
lective bypassingof infrequentaccesses[5].

Luk and Mowry developed three methods
to hide or remove the load latency of recusive
data structures[6]. The first, greedyprefetching,
prefetchesalong pointerspre-existing within RDS
elements. By contrast,their secondmethodcalled
historyprefetchingusesacompilerannotatedpointer
that is dynamicallyset to a noderecentlyaccessed
“d” stepsaway. Subsequentaccessesto theelement
prefetchalongthe history pointer. Finally, datalin-
earizationmapsRDSelementssequentiallytogether
so that they form anarray-like structure,thusfacili-
tatingstridedaccess.

Datalayout techniquescanresultin moreeffi-
cient dataaccess.However, if dataaremoved dy-
namicallycaremustbetakento ensurethatall exist-
ing pointersto thedataareupdated.Luk andMowry
proposedmemoryforwardingwhich allows thesafe
relocationof datathroughthe useof a forwarding
address[7]. After relocatingdata,a forwardingad-
dressis left in theold data’s location. If a reference
to the old locationexists, the forwardingaddressis
automaticallydereferencedby thehardwareto yield
thecurrentdatalocation.
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Roth and Sohi present four classes(or id-
ioms)of prefetchingthatconsistof combinationsof
jump-pointerprefetchingandchainprefetching[8].
Similar to Luk’s history prefetching,jump-pointer
prefetchingusespointersaddedto thedatastructure
by hardware/compilerin orderto facilitateprefetch-
ing. Chainprefetchingusespointersalreadypartof
the data structurefor prefetching. The other two
classesarequeuejumping, which is just a specific
instanceof jump-pointerprefetchingon very regular
datastructures,androotjumping,whichconsistsof a
seriesof chainprefetchesfor thepurposeof aquiring
anentireshort,dynamiclist.

In addition to more reactive prefetchingtech-
niques, Roth and Sohi proposed a mechanism
throughwhich datacan be actively prefetched[9].
They first classifiedloadsinto two groups,recurrent
loadsand traversalloads. Recurrentloadsproduce
addressesthat future instancesof themselves then
consume. Traversal loads produceaddressesthat
loadsotherthanthemselvesconsume.A correlation
tableis usedto matchproducerloadswith consumer
loads. Using the producer-consumerinformation,
a kernel of the executioncan aggressively execute
alongsideandaheadof actualexecution,prefetching
dataalongtheway.

To take advantageof repeatingaccesspatterns,
JosephandGrunwald designeda hardwarestructure
that analyzesthe miss streamof the processorand
dynamicallybuilds a Markov modelfor memoryac-
cesses[10]. Themodelis thenusedto prefetchmul-
tiple referencesfrom memory.

Therelative placementof datacanhave a large
effect on cacheperformance.A temporalrelation-
shipgraph(TRG) wasusedby Calderet al. to stat-
ically guidetheplacementof local variables,global
variables,andheapobjectsin amannerthatimproves
datacacheperformance[11]. In aTRGtheweightof
anedgebetweentwo objectsestimatesthenumberof
missesthatcouldoccurif theobjectsareplacedinto
conflictingcachelines.

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. Since fields within a data
structureelementandelementswithin theentiredata
structurearerarelyaccessedequally, Chilimbi et al.
proposetechniquesfor boththedefinitionandlayout
of a datastructure[13] [14]. Both casesaremoti-
vatedto improve cacheperformance.

Many of the previous aggressive prefetching
anddatalayout schemesfor integerbenchmarksre-
lied on strongandrepeatingcorrelationamongdata
accessesto be effective. Theseworks often evalu-
atedtheir techniquesusingsmall benchmarks,such
asthe Oldensuite,or non-standardbenchmarks.It
remainsto beseenwhetherthesetechniquesarestill
effective for larger benchmarkslike CPU2000I.A
key ingredientfor answeringthisquestionis to iden-
tify how muchaffinity exists in thedataaccessesof
thesebenchmarks.

4 Results

4.1 CacheCharacteristics

Eachbenchmark’s datacacheperformancewasmea-
suredfor both 64k and 128k 4-way set associative
cacheseachusinganLRU replacementpolicy. The
hit and miss statisticswere gatheredand separated
into IPL and non-IPL events. Figure 4 shows the
cacheresults. The following characteristicscanbe
readilydeterminedfor eachbenchmark:

1. missratiosfor 64kand128k

2. fractionof IPL loads

3. fractionsof missesdueto IPL loadsfor 64kand
128k

Fromtheresults,thebenchmarksem3d,health,
crafty, mcf, and twolf all exhibit at leasta 10 per-
centmissratio. In a few benchmarksIPLs aremore
than10 percentof all dynamicloads,namelybisort,
health, mcf, parser, and twolf. By examining the
combinedresultsfor eachbenchmark,thefollowing
characteristicscanbeextrapolated:

1. relative cacheperformanceof IPL andnon-IPL
loads

2. IPL andnon-IPLdependenceon cachesize
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Figure4: Cacheresultsfor OldenandCPU2000I.

If IPLs accountfor a large fractionof the total
misses,then IPLs area bottleneckin cacheperfor-
manceandtechniquesspecificto thesetypesof loads
shouldbeemployed. If IPLsareinfrequentor alarge
numberof IPLs accountfor only a small fractionof
themisses,thenIPLsarenotabottleneck.

Takinga secondlook at theresultsin Figure4,
in a few benchmarksIPLs miss more frequently
than non-IPLson average. For example in em3d,
IPLs representonly fivepercentof thetotaldynamic
loads,while causingbetween10 and18 percentof
thetotal misses.Thebenchmarkshealth,tsp,parser,
andtwolf alsoexhibit this property. Thetwo notice-
ablecaseswhereIPLsmisslessfrequentlythannon-
IPLsarein treeaddandmcf.

Therelative dependenceof IPLs andnon-IPLs
on cachesizecanalsobedetermined.If an increase
in the cachesize results in a decreasein overall
missesbut anincreasein thefractionof thesemisses
causedby IPL loads,thenthelargercacheis satisfy-
ing non-IPLloads,while having little effect on IPL-
loads.This impliesthatIPL loadsaccessa largerset
of dataor accessthe datain a moreerraticmanner.
Shouldthefractionof IPL loadsstaylevel, thenad-
ditional cachespacebenefitsboth IPL andnon-IPL
loads equally. If the fraction decreases,then IPL
loads benefit more from the additional spacethan
non-IPLloads.This shows therelative effectiveness
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of a cachesize increaseon reducingcachemisses
fromIPLsandnon-IPLs.Againreferringto Figure4,
em3d,tsp,parser, andtwolf show thatthefractionof
missesdueto IPLs increasesasthecachesizeis in-
creased.Thereforeblindly increasingthecachesize
may not yield muchbenefitto IPLs in thesebench-
marks.

4.2 Data AccessAffinity

Dataaccessaffinity is thetendency of anaccessto a
particularlocationto consistentlyfollow anaccessto
anotherlocation. If a sequenceof accessesexhibits
strongaffinity, thenthepotentialexiststo takeadvan-
tageof thestablesequence,for exampleby prefetch-
ing. A sequenceof accessesexhibitingstrongaffinity
will bereferredto asachain.

Chainsareformedin thefollowing manner. A
streamof effective addresses(EA) from IPL refer-
encesaregeneratedby the functionalsimulator, as
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Figure6: Affinity of dataaccessesin theOldenbenchmarks.

mentionedin Section2, andsentto theanalysistool.
A historyof thepast16 EAs is kept. Usingthis his-
tory, for eachaccessto anEA theprevious,8th pre-
vious,and16thpreviousEAsaccessedarerecorded.
Thesedistanceswerechosento representavarietyof
distancesup to adistanceusablefor prefetching(i.e.
16 loadsaway).

Onceexecutioncompletes,thecollectedaccess
history data guidesthe formation of three graphs.
Eachnodeof the graphrepresentsan EA. An edge
from nodeA to nodeD of weight 5 meansthat D
followedA 5 timesasin Figure5. Onegraphis com-
posedof edgesfor the next access,oneof edgesto
the8thnext, andonefor edgesto the16thnext.

Theanalysisis looking for thenext mostlikely
successor, thusthegraphis reducedsothateachnode
hasat mostonesuccessor. To do this only thehigh-
estweightedgeis keptandthenonly if it represents
more than 30 percentof the transitionsout of the
node. This leaves a graphof nodeswith at mosta

singlesuccessor, thoughpotentiallymultiple prede-
cessors.Startingfrom therootof thegraph,a traver-
sal throughthegraphformsa chainof accessesthat
have high affinity, thus tend to follow eachother.
The numberof accessesrepresentedby the remain-
ing edgesprovides a good estimateof the stability
andregularity of the patterns.Oneway to take ad-
vantageof this is to prefetchthe accessrepresented
by the next nodein the chain. Sincethreegraphs,
oneaway, eightaway, andsixteenaway, areformed
andprunedtheresultinggraphsrepresentthestabil-
ity of patternswhen looking aheadby distancesof
one,eight,andsixteen,loadsrespectively.

The analysis processabove was performed
twice, onein which all IPL accesseswerecollected
(all), anda secondin which only thoseIPL accesses
thatmissedthecachewerecollected(mo).

Figure 6 presentsthe dataaffinity resultsfor
theOldenbenchmarks,andFigure7 presentsthere-
sultsfor theCPU2000Ibenchmarks.Theright hand

6



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
 97
 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
 4.5
 6.3
 73
 3
 18
 4
  
  
  
  
  
  
  
  
  
  
  

eon-1 mo
 4.5
 6.3
 90
 1
 8
  
  
  
  
  
  
  
  
  
  
  
  

eon-8 all
 4.5
 6.3
 89
 5
 3
  
  
 1
  
  
  
  
  
  
  
  
  

eon-8 mo
 4.5
 6.3
 99
  
  
  
  
  
  
  
  
  
  
  
  
  
  

eon-16 all
 4.5
 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
 4.5
 7.8
 25
  
 5
 1
  
  
  
  
  
  
  
  
 65


�
 
  


vpr-1 mo
 4.5
 7.8
 68
 3
 4
 2

�

3
  
 1
 3

�

4




1
  
  
 5

	

 
  

vpr-8 all
 4.5
 7.8
 39
 1
  
  
  
  
  
  
  
  
  
 58


	
 
  
  


vpr-8 mo
 4.5
 7.8
 77
 2
 1
 1
 2
 4




4




 
  
 5

	

 
  
  
  
  

vpr-16 all
 4.5
 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
 71
 1
 2
 4




19
  
  
  
  
  
  
  
  
  
  

parser-1 mo
 13.4
 26.5
 57
 2
 6
 8


�
7
 7
 2
 1
 4
  
  
  
  
  
  


twolf-1 all
 11.5
 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 dataaccessesin theCPU2000Ibenchmarks.

columnsrunningfrom 2 to 16384show thepercent-
ageof all IPL accessesthat fall into a chainof that
length. A 10 in the columnlabeled16, shows that
10 percentof all IPL accessesfall in a chain of a
lengthof at least16 but lessthan32. The columns
labeled%IPL and%Miss are the percentageof all
dynamicloadsthatareIPLsandthepercentageof all
missesdue to IPLs for a 128k cache. Thesenum-
bersarefrom thecacheresultspresentedin thepre-
vious section. The %Nonecolumn is the percent-
ageof the accessesthat do not exhibit affinity. In
health,lookingoneaccessaheadfor all IPL accesses,
about79 percentof theseaccessesexhibit affinity,
which can be found by taking the row sum of the
chainlengthcolumns.Thereforeabout79percentof
the time the next accessis readily predictable.The
benchmarktreeaddshows anotherimportantpoint.
Its accessesexhibit very high affinity, however these
IPLs rarelyevermissthecache(only 0.3percent)so

theexistenceof affinity is somewhat irrelevant. For
Olden,em3dis anothernoticeablebenchmarkshow-
ing strongaffinity. In CPU2000I,mcf, parser, and
twolf show someaffinity in IPLs.

4.3 Phasingand Prefetching

To gain more insight into the natureanduseof the
affinity data collectedthe data were inspectedfor
phasingbehavior andusedto guideprefetching.The
phasinginformationhelpsdetermineif strongerre-
lationshipsexist thanmight beobvious from a view
of theentireexecution.Theuseof thedatato guide
prefetchingshows onepotentialapplication.

As previously mentioned,affinity analysiswas
performedon a mixed streamof EAs andthe edge
weightsin thegrapharefrom theentireexecutionof
theprogram.Becauseof this,anodewith two edges
eachcontaininghalf theweightcouldbetheresultof
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Figure8: IPL affinity in samplesfor bisort.

a rapidtogglebetweentwo successorsor two steady
sequenceseachexecuting for half the time. Thus
steadysequencesmightbeobscuredby theaggregate
statistics.

It is useful to determineif, in some cases,
higher affinity exists than is obvious from the ag-
gregatenumbers.To do this, bisortandvortex were
chosenfor phasedanalysissincethey exhibitedpoor
overall affinity. Data was collectedfor samplesof
every 100million instructionsandthenanalyzed.

Figure 8 shows the phasedaffinity resultsfor
bisort,andFigure9 shows theresultsfor vortex. In
eachcasetheoriginal,aggregateaffinity is shown in
theshadedrows andthe resultsfor eachsampleare
shown below them.In almostall casestheaffinity of
thesamplesis morethanthatof theaggregate.This
meansthatthereis higheraffinity from whichto take
advantageif amoredynamicschemeis used.

The information on data affinity can be fed
back from an earlier part of executionto optimize
a later part in the samerun or from a previous run
of an applicationto a subsequentrun. We madea
preliminary attemptto study the potentialof using
dataaffinity to guide prefetching. In theseexperi-
ments,the affinity chainsaresaved during the first
execution. Thesechainsareanalyzedas described
in theprevioussectionto identify thecandidatesfor
prefetchingin the next execution. During a second
run of the samebenchmark,the affinity datafrom
the first run is reloadedinto the simulatorandused
to guideprefetching.This givesanindicationon the
potentialof this correlation-basedprefetching. The
currentheuristicto triggerprefetchingisverysimple.
WhenanEA is seenthatexistsin achain,a prefetch

to thesuccessorEA is performedif oneexists. EAs
in a chainhave at mostonesuccessor. Nothingspe-
cial is currently done to weed out uselessand re-
dundantprefetches,andtheprefetch,from theview-
point of thesimulator, is a normalcacheread.Both
of thesefactorscouldresultin excessive prefetching
andcachepollution. However, the simpleprefetch-
ing algorithmstill showsthattheaffinity information
canbeuseful.

Two setsof prefetchdataarepresented.Fig-
ure10 shows theresultsof prefetchingon IPL cache
performance.IPLsarethesolefocusof thisprefetch-
ing. Eachof thebenchmarksem3d,health,mcf, and
twolf eachshows a sharpdecreasein thenumberof
IPLs thatmissthecache.

5 Conclusionand Futur eWork

Thevariousanalyseshave yieldedvaluableinforma-
tion about the characteristicsof IPL accessesand
helpevaluatewhetherandhow this informationcan
beeffectively usedto guidenew prefetchinganddata
layouttechniques.

With regardto thedatacache,IPLs sometimes
trigger more thantheir shareof missesandarenot
satisfiedas easily by larger cachesizes. Em3d,
health,tsp,parser, andtwolf exhibited this property.
Benchmarksin both Olden and CPU2000Ishowed
promisingamountsof datareferenceaffinity. On av-
erage,benchmarksfrom CPU2000Ihave lessaffin-
ity thanin Olden. However, thereis enoughaffinity
to warrantattemptsto exploit it sinceevena simple
prefetchingschemecanimprove cacheresults.This
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Figure9: IPL affinity in samplesfor vortex.

is especiallytruewhentheaddedbenefitsof phasing
is considered.

There is certainly much more to learn about
datareferencecharacteristicswhich requiresdiffer-
entanalysistechniquesandamorerobustinfrastruc-
ture. Oneof thechallengesis to have a fastmecha-
nismin thepresenceof somuchdatatocollect.Since
future testswill include longer traces,the analysis
will have to be fasterand use lessmemory. This
would include filtering out referencerelationships
thatappearto beweak.

Thephasedanalysiswasperformedto gainin-
sight into benchmarksshowing low affinity. The
two phasingtestsyieldedinterestingresultsworthy
of further investigation.This shouldbe doneby in-
telligentlychoosingphasestartingandendingpoints
insteadof simplesampling,andcompilerstaticanal-
ysis may help provide suchinformation. Oncecol-
lected,thisdatacouldthenbeusedto driveprefetch-
ing.

Prefetchingitself shouldbeextendedto have a
betterheuristicso that prefetchesare lesslikely to
pollutethecache.If cachepollution andtheamount
of prefetchesdo not causeperformanceproblems,
then, in certain instances,multiple nodescould be
prefetchedwhena nodehasa small numberof im-
portantsuccessors.

Theaffinity analysisshouldtry to analyzeand
group tracesbasedon individual instructions. We
conjecturehigheraffinity for datareferencedby par-
ticular loads.Finally, theanalysiscouldbeextended
to look at morethanjust IPLs. Thiswouldallow po-
tentiallymorebenefitsfrom theanalysistechniques.
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