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Abstract

Accuratecachemodelingandanalysisarecrucial to for-
mally determineprogram executiontime. Current cache
analysistechniquescombinebasicblock levelcachemodel-
ingwithexplicit or implicit programpathanalysis.Weshow
howto extendprogramanddatacachemodelingfrombasic
blocks to program segmentstherebyincreasingthe overall
executiontimeanalysisprecision.Theapproach combines
architecturesimulation,dataflowanalysisandimplicit path
enumeration.

1. Intr oduction

Accuratesoftwareexecutiontimeanalysisis key to high
level designvalidation. Impreciseestimationof execution
time andcachebehavior increasesdesignrisk or leadsto
inefficient andexpensive designs.Profiling andsimulation
arestate-of-the-artin industrybut sinceexhaustivesimula-
tion is impractical,simulationresultscan only cover part
of the systembehavior. Staticanalysisis a morecompli-
catedbut attractive alternative. It provides lower andup-
per boundsreflectingdatadependentcontrol flow aswell
asdatadependentstatementexecutiontime. Thesebounds
werewide due to a lack of efficient control flow analysis
andarchitecturemodelingtechniques.Significantprogress
in bothareashasmadeformalanalysispractical.

Oneof theproblemsin formalexecutiontimeanalysisis
cachebehavior. Cachehits or missesdependon the map-
ping of programsand datato memory, and dependencies
can spana whole processor even several processexecu-
tions. This makessimulationor tracingparticularly risky
sincetheusercannotanticipatetheeffectsof addressmap-
pingin compilersandlinkersand,therefore,cannotprovide
the necessarysimulationpatternto testcritical cases.On
the otherhand,cacheperformanceis too significantto be
neglectedin timing analysisof softwarerunningon sophis-
ticatedtargetarchitectures.

Theliteratureproposesseveralapproachesto cacheanal-
ysiswhich will beexplainedin thefollowing section.They
all work onbasicblocksaselements.Theapproachesiden-
tify the cachelines usedby a basic block and compare
thedifferentbasicblock cachetablesto identify upperand
lower boundsfor the numberof cacheline replacements,
hits andmissesperbasicblock execution. Then,basedon
implicit or explicit programpathanalysis,upperandlower
boundson thetotal cachehitsandmissesaredetermined.

In earlierpapers[15, 14], we have demonstratedhow to
extendanalysiselementsfrom basicblocks to larger pro-
gram segmentstherebysignificantly improving both path
analysisandarchitecturemodelingprecision.Theapproach
is basedonlocalprogramsegmentexecution,i.e. cycle true
simulation. Theseprogramsegmentsmay contain loops
wherecachelinesarerepeatedlyreplacedby others.There-
fore, tablecomparisonaloneis not sufficient. Instead,we
presentatechniquewhichcombineslocalcacheaccesstrac-
ing with globaldataflow analysis.

Previous work on static cacheanalysisis explainedin
section2. An approachusinglocal cachesimulationis pre-
sentedin section3 beforeglobal cacheanalysisfor a pro-
cessis explainedin section4. Experimentsarepresentedin
section5 beforeweconcludein section6.

2. Previous Work on CacheAnalysis

Tracebasedcachesimulatorshave beenusedin model-
ing computerarchitecturefor many years. Researchinto
formalanalysisfocuseson staticcacheanalysis.

Always Hit/Miss Very early work classifying memory
accessesto alwayshit or alwaysmissregardingthe cache
is presentedin [1]. A morerealisticapproachis to assume
a missfor thefirst referenceto anaddressanda hit for ev-
eryfurtheraccessbecausethecacheline contentmaynotbe
presentat startup,but after loadingon the first miss. This
maybenearerto thecorrectsolution,but dueto themixed



assumptions,it is notpossibleto guaranteeconservativeup-
peror lowerboundsfor cacheperformance.

Cacheand Path Analysis Furtherwork on theinvestiga-
tion of the always/firsthit/missscenariohasbeendonein
[5]. A methodto analyzethecontrolflow of a programby
staticallycategorizing the cachebehavior of eachinstruc-
tion is introduced.Theapproachis tightly coupledto archi-
tecturespecificpipelineanalysisfor SPARC,soit isdifficult
to useit for moregeneraltargetarchitectures.

Cache State Transition Graph In the timing analysis
frameworkCINDERELLA by Li andMalik, theactualstate
of thecachedependingon theflow of theprogramis mod-
eled.In [10], a conflictgraphfor thecachelinesreferenced
by basicblocksis proposedfor directmappedcacheswhile
in [11] acachestatetransitiongraphis built for cacheswith
higher associativity. Implicit enumerationsof the transi-
tionsin thecachegraphandfor theprogrampathareused.
This leadsto a correctsolutionwhereall cachestatesand
conflictswithin setsaremodeledin the cachestatetransi-
tion graph,but theproblemsizegetsverycomplex. Group-
ing of basicblocksmappedto thesamecachelines[7] can
improvetheapproachregardingaccuracy andanalysistime,
but this still doesnot containthe sequenceof cacherefer-
enceswhichhasagreatimpactonaccuracy andcomplexity
in cacheperformanceprediction.Structuralconstraintsand
functional constraintsoften do not exclude pathsand the
resultingcachereferences,so both methodshave limited
impactandestimatedboundsarewide.

Abstract Inter pretation The approachin [3] describes
staticcacheanalysisby abstractinterpretation.A program
analyzergeneratoris developedusingabstractcachestates
to reducethecomplexity implied in theapproachfrom [11].
Theanalysisassumesthatsomememoryblocksmustbein
thecacheleadingto a cachehit, somememoryblocksmay
bein thecachewhile othersaredefinitelynot in thecache.

Use-/DefineChains for Data AccessAddr esses Data
flow analysiscanbeusedfor thedeterminationof datade-
pendentaddresses[9]. Themainassumptionis thatnot all
dataaccesseswith complex expressionsfor theaddresshave
to be treatedascachemisses.”Use-/definechains”for ac-
cessaddressesto determinewhethertheseexpressionsare
just dependingon constantsandconstantregistercontents
canbeapplied.In this case,thedataaccessaddresscanbe
predictedreducingthe numberof potentialcachemisses.
Theframework thisapproachis embeddedin usesanarchi-
tecturewherethe instructionanddataword sizeequalthe
sizeof acacheline, sotheimprovementsthroughspatiallo-
cality cannotbeexploitedwhile thedeterminationof access
addressescanbeusedby any tool suite.

3. Trace BasedCacheSimulation

A methodthatdeliverstight boundsfor thecachebehav-
ior of a singleprocesson a giventargetarchitectureis pro-
posed.Input dataindependentprogramsegmentscovering
severalbasicblocksarefound[15, 14] andcanbesimulated
with any tracebasedcachesimulator.

3.1. From BasicBlocks to Program Segments

For tracebasedcacheanalysis,executableprogramseg-
mentshaveto beisolated.Theprogrampathanalysismodel
in [11] is establishedas a standardmodel for static ap-
proaches,while it limits theapplicationof tracebasedcache
simulatorsto basicblocksusingcachetablesto determine
thenumberof cacheline replacements.

For higheraccuracy, basicblock sequencesin program
segments(PrS)mustbeconsidered.Programpropertiescan
be exploited to extend basicblocks to programsegments
[15, 14]. Largepartsof typical embeddedsystemprograms
have a single path that is independentof input data. An
exampleis given in figure 1. This pathmay wrap around
many loops,conditionalstatementsandevenfunctioncalls
whichareusedfor sourcecodestructuringandcompacting.
A programsegmenthasaSingleFeasiblePath(SFP), when
pathsthroughthissegmentarenotdependingon inputdata.

Figure 1. SFP program segment execution

The key to finding SFPsegmentsis to distinguishbe-
tweeninput datadependentcontrol flow andsourcecode
structuringaids. Input data dependenciescan be deter-
minedby symbolicsimulationof basicblocks. In the ap-
proachin [11], pathanalysismaybeaccurate,but it requires
muchdesignerinteractionfor SFPprogramsegmentswhile
it still doesnot deliver the programsegmentlatency time
and cachebehavior. For SFP, executionof this segment
with a cachesimulatorautomaticallychoosesthe onecor-
rect pathandexploits the basicblock sequenceandcache
footprintwithout any designerinteraction.

Most practicalsystemsalso containnon-SFPparts. A
programsegmenthasMultiple FeasiblePaths(MFP), when



pathsthroughthe programsegmentdependon input data.
Programscan also have context dependentbehavior, re-
ferredto asprocessmodesgivenby a subsetof input data
[14]. For a givencontext, control structuresdependingon
thesubsetof input datadefinedby thecontext have a Con-
text DependentPath (CDP) andcanbetreatedlike anSFP
in further analysis,assumingthe context dependentinput
datato beconstantfor verycontext.

3.2. The CacheModel

A Harvard architecturefor memory and cachesis as-
sumedwhile theconceptsarealsovalid for unifiedcaches.
Direct mappedcachesareassumedfor staticanalysisin a
first approach.Instructionanddatacacheconsistof cache
lines that containseveral words. A line is completelyre-
placedon a cachemiss. This meansthat the prediction
of a line contenthasa greateffect. Due to the calculation
methodof thecacheindex [6] by usingleastsignificantbits
of the accessaddress,cachelines areindependent.A first
or a last cacheline cannotbe identifiedbecausemapping
restartsfrom thebeginningof thecacheaftertheaccessad-
dresshasbeenincrementedbeyondtheline with thehighest
index. Memorycanbedividedinto line blocks[11], accord-
ing to thecachelinesthepartsof thememorysegmentsare
mappedto. Replacementstrategiesarenotneededfor direct
mapping. We assumea write backdatacachewhile write
buffersarecurrentlynotconsidered.Othercacheproperties
only affect accesstimeswhile this approachfocuseson the
predictionof cacheline contents.

3.3. AccessAddr essesand Data Caches

The addresssequencefor extractedprogramsegments
canbe generatedusinghost tracingand the addressmap-
ping after compilationfor the target architecture.For pro-
gramsegmentbeginnings,text anddatasegmentaddresses
canbereadfrom themapfile of the linker. This meansin-
structionaccessaddressescanalwaysbedeterminedwhile
dataaccessaddressesmaybegivenasanoffsetto thebase
addressthat canbe input datadependent.Two missesare
assumedin this case[9], one for the loading of the data
of the unknown addressandonefor the potentialreplace-
mentof cacheline contentsthatcouldhave beenleadingto
a hit. If the dataaccessaddressis composedby constants
andvariablesresultingfrom a fixed local accesssequence,
we call this a SingleData Sequence(SDS)[15] if it is part
of anSFP. Thisagainextendsbasicblockbasedapproaches.

3.4. CacheSimulation

Simulationstartswith the bestcaseandworst caseas-
sumptionsbeingfirst hit/missfor theline regardingthecon-
tentsat thebeginningof thePrS.Bestcaseandworstcase

boundsfor cachehits andmissesusingDINERO III [8] are
delivered.Theresultsfor thePrScanbeintegratedusingthe
methodologyfrom [11] asexplainedin [14]. Super-scalar
architecturesaswell asbranchpredictionandcodemotion
may introduceproblemsfor the determinationof address
sequences.This is left out of scopein ourapproach.

3.5. Program SegmentCacheEvaluation

In classicdataflow analysis[2], thegen� � -setcontainsthe
generateddefinitionsfor a variablein a basicblock while
the kil l � � -set containsthe destroyed definitions. The in � � -
setis thesetof definitionsreachingandtheout � � -settheset
of definitionsleaving the basicblock. In our case,basic
blockshavebeenextendedto programsegments.We apply
this terminologyto cacheline statesinsteadof variables:

1. A definitionof a cacheline by a PrSis a missof the
instructioncache,a misswhenreadingthedatacache
andeverywriting to thedatacache.

2. Thegenl ine �PrS� -setcontainsthegenerateddefinitions
for thecachelinesof thePrS.It canbecomputedfrom
thelocal simulationresults.

3. Thekil l l ine �PrS� -setfor thecurrentPrScontainsthede-
stroyeddefinitionsfor the lines of the disjoint PrS.A
definition from a disjoint PrS is destroyed, when the
samecacheline is definedandreplacedwith the cur-
rentPrSmemorycontents.This canalsobecomputed
from all thelocalPrSsimulationresults.

4. The inl ine �PrS� -setis thedefinitionsreachingthePrS.

5. Theoutl ine �PrS� -setis thedefinitionsleaving thePrS.

Figure 2. Line replacement in SFP execution

In figure2, we canseetheexecutionof anSFPprogram
segment.Thecachecontentsthesimulationstartsfrom cor-
respondsto the in � � -set while the cacheline replacement
duringexecutiondefinesgen� � -setandkil l � � -set. Theout � � -
setcorrespondsto thecachestateafterexecution.



4. Global Flow Analysis

Even for the first referenceof a cacheline in a PrS,the
assumptionof acachemissis toopessimistic.Thememory
block might alreadybe in the cachefrom a previous exe-
cutionof thecurrentsegmentor from a loadingof the line
by a differentprogramsegmentmappedto thesamemem-
ory block which hasnot beenreplaced. This can lead to
cachehits even for the first referencein a PrS.This prop-
agationof definitionsis referredto asthe Line Definition
Propagationof a programsegmentLDP �PrS� . Fromhere
on,we utilize well-establishedwork in globalflow analysis
asknown from compilerdesign[2, 12] for computation.

4.1. CacheLine Content Prediction

In figure 3, the mappingof the programto threecache
lines CL of the instructioncacheaccordingto [11] canbe
seen.Pathanalysishasfoundfour PrSwherecachebehav-
ior canbe simulatedwhile the control flow from PrS1 � 3 to
PrS4 � 5 andPrS6 cannotbepredictedleadingtoanMFPclas-
sification. Cacheline 1 will bepresentat the beginningof
PrS4 � 5 becauseof theexecutionof PrS1 � 3. Cacheline 2 may
bepresentbecauseof a previousexecutionof thePrSitself
or anexecutionof PrS6, whenit hasnot beenreplaced.

Figure 3. Local sim ulation and global LDP

This reducesthe worst caseassumptionof an empty
inl ine �PrS� -set. A hybrid cacheanalysiscombiningsimula-
tion andstaticanalysisin threestepsis proposed.In thefol-
lowing, we focuson cachemissesastheworstcasebound.
Thebestcaseboundassumingcachehits caneasilybede-
terminedusingthesamemethodology.

4.2. Hybrid Prediction Approach

In a first step, cachebehavior is simulatedfor every
PrS starting with a first miss scenario,meaningempty
inl ine �PrS� -sets.Local cachehits andmissesfor theaddress
sequenceof thePrSarefoundaccordingto section3. The

genl ine �PrS� -setandkil l l ine �PrS� -setcanbe computedfrom
thesimulationresults.

In the second step, data flow equationscan define
outl ine �PrS� -setsfrom genl ine �PrS� -setsandkil l l ine �PrS� -sets
given by PrSsimulationand inl ine �PrS� -setsknown at PrS
beginnings.

outl ine �PrS��� genl ine �PrS�	��
 inl ine �PrS�� kil l l ine �PrS���
This meansthe set of line referencesleaving the PrS
outl ine �PrS� is composedby the line referenceswithin the
PrSplus the setof referencesenteringthe PrSthatarenot
replaced.A secondsetof equationsis givenby thefactthat
theinl ine �PrS� -setis definedfrom theoutl ine �PrS� -setsof the
predecessorPrS.

inl ine �PrS��� �
Pεpred� PrS�

outl ine �P�

Only definitionsthat occuron all previous PrSarepropa-
gated,so the intersectionoperator� is usedinsteadof the
confluenceoperator� . A moreformalderivationof thisop-
erationcanbefoundin [4]. Theseequationsfor thein �PrS� -
setsandout �PrS� -setscanbe solved by modified iterative
forwarddataflow analysisalgorithms[2]. Whenthelastit-
erationof this dataflow analysisis finished,the inl ine �PrS� -
setscontainthedefinitionsresultingfrom previousmisses.

The third step can find unique definitions in the
inl ine �PrS� -setsthat PrSsimulationhasclassifiedascache
missesfor the first referencedueto theconservative cache
state,namelyemptyin � � -setsat thebeginningof thePrS.
� When the definition in the inl ine �PrS� -set is from an-

otherPrSwhoseexecutionwould loadthecurrentline
— anexecutionof PrS6 loadsPrS7 — thefirst missfor
this line andPrScanberemovedbecausethememory
block is loadedin theotherPrSandis not replaced.

� When the unique definition in the inl ine �PrS� -set is
from thememoryblock of thePrSitself, thefirst miss
for this line andPrScanberemovedbut onemissfor
thefirst executionof thePrShasto bekept.

When information aboutthe cachestateare neededat
a given point, dataflow analysiscomputesthe stateat the
beginningof thePrSwhereDINERO startsto computethe
local effectsaccordingto figure2. This equalsto thecom-
putationof a ”use-/definechain” with the basicblocksex-
tendedto PrS. The previous descriptionis given for the
worst casefor cachebehavior. Bestcasescanbe derived
with thesamedataflow equationsanalyzedfor guaranteed
missesinsteadof hits. Complexity canbeaproblemin data
flow analysis,but dueto the pathrecognitionthatgivesan
exactsequencefor local definitionsmostcachestatetransi-
tionsarecomputedona local level anddonotaddto global
complexity. Compactdatastructuresandalgorithmsfrom
well establishedwork [2, 12] areused.



4.3. Global Execution Time Computation

Cachehits andmissesleadto a modifiedexecutiontime
ti of thePrSconsistingof theexecutiontime for cachehits
andmissesti � ti � hit � ti �miss. Themodelin [11] is adapted
to usePrSinsteadof basicblocks.Deviating from [11], our
approachdeliverstheoverall interval I with executiontime
ti andexecutioncountinterval � xi �min � xi �max� of thePrS.

I � N

∑
i

ni

∑
j


 ti j � hit � xi j �min � xi j �max� hit � ti j �miss� xi j �min � xi j �max� miss�

Theexecutioncountinterval � xi �min � xi �max� is determinedby
implicit pathenumerationandILP solvingafterourhit/miss
scenariohasbeeninserted.Theti �missarerefinedto

ti �miss � ti �PrS� � ti �misspen � ti � load � ti � loadoverlap

meaningthat theexecutiontime ti is composedby thetime
for executingthePrSassumingahit ti �PrS� plusthepenalty
for thecachemissti �misspen plus thetime for thecacheload
ti � load while the time ti � loadoverlap where the cacheload is
donein parallelcanbesubtracted.Missesleadto amodified
executiontime wherethe bestcaseis that a missdoesnot
block execution, meaningti �misspen � ti � load � ti � loadoverlap.
Theworstcaseis thateverymissleadsto acompleteblock-
ing of theprocessorcore,meaningti � loadoverlap � 0.

5. Experiments

5.1. CaseStudy: Bubble Sort

Figure 4. Bubb le sor t contr ol flo w graph

A bubble sort algorithm from [14] and its flow graph
with its cachemappingare shown in figure 4. The body
of thefor-loopsis classifiedasMFP dueto theunknown
input datawhile the nestedloopsareclassifiedasSFP. As
CDParetreatedasSFP, theexampleof SFPcoversall basic
blockextensioneffects.

Cache Parameters In this casestudy, the 128 byte in-
structioncacheusesdirectmapping,consistsof four blocks
0-3 andfour bytesper instruction,so the block size is 32
byte, meaning8 instructionsper blocks. This simplecon-
figurationallows usto explain theclusteringeffect andthe
line definitionpropagation.A realisticcachesizewouldim-
ply too complex datastructuresto show all the previously
explainedeffectsusingourexample.

SFPclustering andDINERO In theexample,PrS1 is ex-
ecutedunderany inputconditionwhile afterthesplittingof
the path to PrS2 or PrS3, the control flow cannotbe pre-
dicted. The programis compiledand linked, so basead-
dressesof thePrSareavailable.TheisolatedPrSareloaded
to theiroriginalbaseaddresses.DINERO III determinesall
localcacheeffectsfor thePrS.PrS1 is mappedto themem-
ory blocks0-2and8-9while theif/elsestatementis mapped
to 2-7. Theseareall mappedto the cachelines 0-3 which
resultsin conflictsbetweenthePrS.We startsimulationfor
PrS1 andPrS2 from emptycachesandassumeacacheflush
whenever we reacha differentPrS.As PrSaremaximized
[14], thisoverheadis keptassmallaspossible.

At programstartup,first missesloadblock0,1and2 that
arenot replaceduntil PrS2 andPrS3 arereached.A cache
flush is assumed,so first missesoccur for memoryblocks
2-7whenexecutingtheswap()-codein PrS2 or for mem-
ory blocks2 and7 whenexecutingPrS3. Local conflicts
in PrS2 betweenblock 2 and 6 as well as block 3 and 7
resultingin missesoccur for cachelines 2 and 3. Cache
lines0 and1 areonly loadedonceandarenot replaced.Af-
ter controlflow mergesbehindtheif/elsestatement,caches
areflushedagain. First missesoccur for loadingmemory
blocks8, 9 and0 while thefollowing 0 and1 conflictwith 8
and9 mappedto thesamecachelinesbeforewereachPrS2

andPrS3 again.For every following loop iteration,flushes
occurat thebeginningsof PrS,in our casebeforePrS2 and
PrS3 andwhenthey merge again. Hits occurfor all other
memoryaccessesthatwedo not explicitely mention.

Data flow equations For thePrS,thegen� � andkil l � � -sets
aregeneratedfrom theresultsof step1. DFA algorithms[2]
areusedto computethe in � � andout � � -sets.

PropagatedDefinitions As the memoryblocks for the
cachelines0 and1 in the in � � -setof PrS2 andPrS3 aredis-
joint becausethey resultfrom anexecutionof PrS1, nofirst
missassumptionscanberemovedfor them.For cacheline
2, thecontentresultsfrom theexecutionof thesamemem-
ory block both PrS1 andPrS2 aremappedto, so the first
missassumptioncanbe corrected.Cacheline 3 is not re-
placedandstaysin thecache,soit is in the in � � -setof PrS2

andPrS3. For PrS2, this hasno effect becauseblock 3 is



mappedto cacheline 3 resultingin a misswhile a hit from
apreviousexecutionoccurswhenPrS3 is executed.

When control flow merges again, the definitions for
cacheline 0-2 do not leave the if/else statementbecause
they are only referencedin the if-branch [2]. The code
definingcacheline 3 leavestheif/else,but it only leadsto an
additionalhit for PrS3 while onemisshasto beassumedfor
its first loading. Thereis no additionalhit in PrS1 because
thememoryblocksdo notoverlap.

5.2. Path Analysis and Local Simulation

In this experiment,path analysisand local simulation
of instructionanddatacachebehavior areinvestigated.A
modifiedStrongARMsimulatorhasbeenusedfor thegen-
erationof addresssequences[13]. We apply local cache
simulation to basic blocks and program segmentsusing
DINERO III [8]. The upperboundsare calculatedwith-
out annotatingfunctionalconstraintswhile automaticpath
recognitionwasused. For this reason,the accuracy of the
resultscannotbedirectly comparedto [11]. Thepresented
benchmarksare a packet receiver with cyclic redundancy
check, the bubble sort algorithm with a larger dataarray
than in the previous example consistingof 15 elements
anda two dimensionalimagefiltering algorithm(smooth).
Cachesizesof 32 byte,1 kbyteand16 kbyteassuming32
bit accessesand block sizesof 8 elementsare explored.
Cachesimulationstartsfrom first missscenarios.

MFP/PrS 32byte 1 kbyte 16kbyte

Receiver 8208/4243 -/1046 -/684
BubbleSort 9858/7733 8858/115 8858/115
Smooth 2833k/2213k -/70k -/12k

Table 1. Local Simulation for Cache Anal ysis

In table1, the numberof cachemissesfor local simu-
lation of basicblocks(MFP) without automaticpathanal-
ysis is given on the left sideof eachtableentry MFP/PrS
while theresultswith SFPandCDPidentification(PrS)are
givenon theright sideof eachtableentryMFP/PrS. Where
no resultsaregiven,analysisof singlebasicblockswastoo
complex. Thenumberof cachemissesdecreaseswith cache
size,especiallywhenpathanalysisis usedbecausethenum-
berof worstcaseassumptionsatbasicblockbeginningscan
bereducedaswe have to assumeworstcasesat PrSbegin-
nings. For the bubblesort algorithm,we canseethat it is
completelyplacedin the cacheif thecachesizeis 1 kbyte
or greaterbecausethenumberof missesdoesnot decrease
with a largercache.Themainresultis that largerprogram
segmentsare very important for cacheanalysiswhen us-
ing localsimulationregardingaccuracy andcomplexity. We
concludethatpathanalysisis key to staticcacheanalysis.

6. Conclusion

Wehaveshown how to combinelocalcachetracingwith
globaldataflow analysisin formal programanddatacache
analysis.Thetechniquematchesa processormodelingand
pathanalysistechniquewhich extendsarchitecturemodel-
ing from basicblocks to larger programsegmentthereby
increasinganalysisprecision. The experimentsshow im-
provedcacheanalysisprecision.Thetechniqueis currently
restrictedto direct mappedcachesbut canbe extendedto
highercacheassociativity in furtherwork.
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