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ABSTRACT
Precisecacheanalysisis crucial to formally determineprogram
running time. As cachesimulationis unsafewith respectto the
conservative running time boundsfor real-timesystems,current
cacheanalysistechniquescombinebasicblock level cachemodel-
ing with explicit or implicit programpathanalysis.We presentan
approachthatextendsinstructionanddatacachemodelingfrom the
granularityof basicblocksto programsegmentstherebyincreasing
theoverall runningtime analysisprecision.Dataflow analysisand
local simulationof programsegmentsarecombinedto safelypre-
dict cacheline contentsfor associative cachesin softwarerunning
time analysis.Theexperimentsshow significantimprovementsin
analysisprecisionoverpreviousapproachesonatypicalembedded
processor.

Categoriesand SubjectDescriptors
C.3 [Special-Purposeand Application-Based Systems]: [Real-
timeandembeddedsystems];D.2.4[SoftwareEngineering]: Soft-
ware/ProgramVerification—formalmethods; C.4[Performanceof
Systems]: PerformanceAttributes

GeneralTerms
Algorithms,Performance,Verification

Keywords
CacheAnalysis,EmbeddedSoftware,Real-Time,Timing Analysis

1. INTRODUCTION
Embeddedsoftwarerunningtime is typically not uniquebut is

boundby intervalswhich resultfrom datadependentbehavior, en-
vironmenttiming andtarget systemproperties. In systemdesign
automation,theseintervalsareusedin many ways. In somecases,
�
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only theworstcaseis of interest,e.g. for singleprocessorschedu-
lability analysis,in anothercontext both bestandworst casesare
relevant,suchasfor multiprocessorschedulinganalysisor for vari-
ablelife time analysisasusedfor memoryassignment.In all these
cases,runningtime intervals of the individual softwareprocesses
are fundamentaldataneededto analyzesystembehavior. Profil-
ing andsimulationtools suchas[9] arethe state-of-the-artin in-
dustrybut sinceexhaustive simulationis impracticalregardingtest
patternsselectionfor theconservative runningtime bounds,simu-
lation resultscanonly cover partof thesystembehavior.

With growing importanceof embeddedsoftware,formalanalysis
of runningtimeintervalshasmetincreasinginterestin theEDA and
real-timesystemscommunities.Major improvementswerethein-
troductionof implicit pathenumerationandtheinclusionof cache
analysis[8]. In [2, 10], datacacheanalysishasbeenincludedus-
ing abstractinterpretation.While all approachesareconservative,
i.e. all possibletiming behavior is includedin the resultinginter-
vals, the main differencesarein the architecturefeaturesthat are
coveredby thehardwaremodelandthewidth of the conservative
interval. The closerthis interval to the real runningtime bounds,
thehigheris thepracticaluseof formal analysis.

Cachehits or missesdependon the mappingof programsand
data to memory, and dependenciescan spana whole processor
even several processexecutions. This makes simulation partic-
ularly risky since the user cannotanticipatethe effects of opti-
mizationandaddressmappingin compilersandlinkersand,there-
fore, cannotprovide thenecessarysimulationpatternsto testcriti-
cal cases.On theotherhand,cacheperformanceis too significant
to be neglectedin runningtime analysisof softwareon advanced
targetarchitectures.Previousresearchapproachesfor runningtime
andcacheanalysiswork on basicblocksaselements.Theseap-
proachesidentify thecachelinesusedby abasicblockandcompare
the differentbasicblock cachetablesto identify upperandlower
boundsfor thenumberof cacheline replacements,hits andmisses
perbasicblock execution.Then,basedon implicit or explicit pro-
grampathanalysis,boundson the total cachehits andmissesare
determined.Theseapproachesmayget too expensive becausethe
numberof basicblockscanbeveryhigh.

In earlierpapers[13], wehavedemonstratedhow to extendanal-
ysiselementsfrom basicblocksto largerprogramsegmentsthereby
significantlyimproving bothpathanalysisandarchitecturemodel-
ing precision. The approachis basedon local programsegment
execution,i.e. cycle truesimulation.Theseprogramsegmentsmay
contain loops wherecachelines are repeatedlyreplacedby oth-
ers. Therefore,table comparisonaloneis not sufficient. In [12]
we have presenteda preliminarytechniquewhich combineslocal
cachetracingwith global dataflow analysis. In this previous ap-
proachwe have only determinedboundsfor the numberof cache



missesfor simpledirectmappedcaches.In this paper, we present
significant

�
improvementsto thisapproach.Weextendit to setasso-

ciativecachesandconsidertheimpactof thedeterminedcachehits
andmisseson therunningtime interval of a process.We consider
themajority of effectsof compileroptimizationsin staticsoftware
analysisandpresentdetailedexperimentalresults.

The rest of this paperis structuredas follows: Previous work
is reflectedin section2. Local cachesimulationfor programseg-
mentsis explainedin section3 beforethe methodologyfor data
flow analysisbasedcacheline contentpredictionis introducedin
section4. The experimentsarepresentedin section5 beforewe
concludein section6.

2. PREVIOUS WORK
Tracebasedcachesimulatorshave beenusedin modelingcom-

puterarchitecturefor many years. Due to the well-known draw-
backsof simulationfor real-timeguarantees,researchapproaches
focus on static cacheanalysis. Someof the most importantap-
proachesareexplainedin thefollowing.

In the runningtime analysisframework in [8], the actualstate
of the instructioncachedependingon the flow of the programis
modeled.A simpleconflictgraphfor thecachelinesreferencedby
basicblocksis sufficient for direct mappedcacheswhile associa-
tive cacheanalysisrequiresa morecomplex cachestatetransition
(CSTG)graph.TheCSTGis usedin a socalledimplicit program
pathenumeration,anefficient techniquethatmapstiming analysis
to amin/maxoptimizationproblemwhich is thensolvedby integer
linear programming(ILP). For higherassociativities, the problem
becomesprohibitively complex becausethe problemsize grows
morethat exponentiallywith the numberof basicblocksmapped
to a set. The integer linearprogramming(ILP) problemthatcom-
putestherunningtime interval on theprocesslevel is alreadyNP-
complete.Moreover, implicit enumerationdoesnot excludemany
of the falsepathsof a programandtheir resultingcachereference
sequences,suchthat this methodtendsto result in wider bounds
thannecessary. This approachpresentedin [8] doesnot consider
datacaches.

In [5], a timing analysistool focusingon the instructioncache
analysispart is presented.Theproblemsizeis reducedby a clus-
tering of basicblocks in the cacheconflict graphmappedto the
samecacheline. This is an improvement,but cachelines have a
very limited size,e.g. 16 instructionwords,so theclusterscannot
bevery large.Datacachesandaccessaddressesarenotanalyzed.

Theapproachpresentedin [7] usesdataflow analysisfor thede-
terminationof datadependentaccessaddresses.This canbevery
usefulfor thepredictionof datacachebehavior. Themainassump-
tion is thatnot all dataaccesseswith complex addressexpressions
have to be treatedas cachemisses. ”Use-/definechains” [1] for
accessaddressesarederivedto determinewhetheraddressexpres-
sionsarejust dependingon constants.In this case,thedataaccess
addresscan be predictedreducingthe numberof potentialcache
misses.The framework this approachis embeddedin usesan ar-
chitecturewheretheinstructionanddatawordsizeareequalto the
sizeof a cacheline, so the improvementsthroughspatiallocality
have a limited impact.

For many applications,the instructioncacheachieves high hit
ratesfor repetitive loopsbecausetheloop bodyis smallenoughto
fit entirelyinto thecache.Only thefirst iterationwill leadto cache
misseswhile subsequentiterationswill leadto hits. In the static
cacheanalysismethodologyin [3], amethodto analyzethecontrol
flow of a programby staticallycategorizing thecachebehavior of
eachinstructionto alwayshit, alwaysmiss, first hit or first missis
introduced.The approachlooks at the loop bodiesstartingat the

innermostloop nestlevel. At eachlevel, if the loopsfits entirely
into thecache,thenonly thefirst iterationleadsto misseswhile the
subsequentiterationsleadto hits. If the loop doesnot entirely fit
into thecache,portionsof theloop will alwaysmissthecachedue
to conflicts. The running time boundsfor the loop canbe deter-
mined.After analyzingtheinnermostloop,thenext loopnestlevel
canbeconsidered.For inputdatadependentcontrolstructures,first
missscenarioshave to be assumedfor the following instructions.
This canhave a significantimpacton loop nests.Pathinformation
relatingdifferentloopnestsof theprogramis notconsidered,sothe
predictedboundsmaybetooconservative.

The approachin [2] describesstatic instructionanddatacache
analysisusingabstractinterpretation.It hasbeenrefinedin [10].
Startingfrom thememoryaccessesof theprogramandtheir influ-
enceon the cachesa collectingsemanticis built. This collecting
semanticassignsall possiblecachestatesto every given memory
access.Theprogram analyzergenerator (PAG) builds thecontrol
flow graphfrom the executableprogramunderinvestigation.For
everynodein thecontrolflow graphtwo analyzesareimplemented.
Themust-analysisfor thenodein thecontrolflow graphdetermines
all memoryblocksthatmustbein thecachefor every possibleex-
ecutionof theprogram.Themay-analysisfor thenodedeliversall
memoryblocksthatmaybein thecacheat thispoint. Thememory
accessescanbe categorizedto alwayshit (ah), alwaysmiss(am)
or not classified(nc). For conservative runningtime analysis,(nc)
aretreatedas(am) for the upperboundandas(ah) for the lower
bound.This methodologyis still basedon theanalysisgranularity
of singleinstructionsor basicblocks.

3. LOCAL CACHE SIMULA TION
In [12], ananalysistechniquefor directmappedcacheshasbeen

proposed.It deliverstight boundson thenumberof cachehits and
missesfor a singleprocesson a given target architecture.We re-
view andrefinethis basicapproach,extend it to setassociativity
anddescribetheimpactof thedeterminedcachehitsandmisseson
the process-level runningtime intervals. Thesearecrucial exten-
sionsto thepreviously presentedtechniquethatenableanapplica-
tion in embeddedsystemdesignautomation.

3.1 Local Running Time Model
Previous approacheslike [8] arebasedon the executioncount

andthe runningtime of the basicblocksof a programwhich are
thencombinedin someglobalpathanalysis,suchasimplicit path
enumeration.Thebasicblock runningtime canbedeterminedby
addingup the runningtimesfor eachinstructionin a basicblock,
possiblywith upperand lower boundsin caseof datadependent
instructionrunningtime. This leadsto wide intervalsin caseof ar-
chitectureswith pipelinesandcachesbecauseit is still assumedthat
all executionsof oneinstructiontake thesametime. Precisemod-
elingof individualbasicblocksby localsimulationonly solvespart
of the problemsincecacheeffects,pipeliningandregisteralloca-
tion extendover basicblock borders.This resultsin a dependency
of therunningtime on theprogrampaththrougha sequenceof ba-
sic blocks. A startupoverheadcoveringoverlappingexecutionfor
all possibleentrypathsinto thebasicblock hasto beconsidered.

To obtainhigherprecision,theanalysisshouldbeextendedfrom
basicblocksto longerprogramsegmentsconsistingof sequences
of basicblocks whenever possible. On the left side of figure 1,
the analysismethodologybasedon the granularityof basicblock
runningtimes is shown. Overheadsrepresentingconservative as-
sumptionsfor cachemisses,pipelinestallsandregisterspills have
to be assumedfor every basicblock leadingto high overestima-
tionsbut thecontrolflow betweenthesebasicblocksis predictable.



A closerlook at theprogramsegmentshows that theexamplehas
a unique,dataindependentexecutionpathonly. A programseg-
mentwith sucha propertycanbe treatedlike a generalizedbasic
block. Ontheright sideof figure1 thisprogramsegmentis shown.
Functionalconstraintannotationbecomesobsoletefor thisprogram
segment. As we apply local programsegmentsimulation, this ap-
proachonly needsastartupoverheadfor thesegmentrunningtime
while intermediatebasicblock transitionscanexactly bemodeled.
In summary, the basicblock overheadas a main sourceof over-
estimationcanbe significantly reducedusingan identificationof
suitablelonger programsegmentsand the extensionof the basic
block runningtime modelto programsegments.

Figure1: From basicblocks to program segments

3.2 From BasicBlocks to Program Segments
In previous research,we have developedefficient techniquesto

identifyprogramsegments(PrS)with uniquepathsandexploit such
segmentsto reduceanalysisproblemsizeandsafelyreducetiming
intervals [11, 13]. Large partsof typical embeddedsystempro-
gramshave a singlepaththatis independentof inputdata[14]. An
exampleis given in the graphin figure 2, otherexamplesmay be
an FFT or an FIR filter. The control flow of the loop is indepen-
dentof input data. This pathmay wrap aroundmany loops,con-
ditional statementsandevenfunctioncallsthatareusedfor source
codestructuringandcompacting.A PrShasaSingleFeasiblePath
(SFP), whenpathsthroughthesegmentarenotdependingon input
data[11, 13].

Thekey to findingSFPprogramsegments(SFP-PrS)is to distin-
guishbetweeninput datadependentcontrol flow andsourcecode
structuringaids.Whendatadependenciesaremoredifficult to de-
terminethanin figure2,adepthfirst searchalgorithmonthesyntax
graphcombinedwith a symbolicsimulationof basicblockscanbe
applied.In [8], pathanalysismaybeaccurate,but it requiresmuch
designerinteractionevenfor SFP-PrSwhile it still doesnotdeliver
theprecisionfor programsegmentrunningtime andcachebehav-
ior implied in local simulation. For SFP-PrS,local cachesimu-
lation automaticallychoosestheonecorrectpathandexploits the
basicblock sequenceandmemoryfootprint aswell asthe result-
ing cacheaccesssequencewithout any designerinteraction.Local
simulationcancover severaladjacentor nestedSFP-PrS.

Most practicalsystemsalsocontainnon-SFPparts. A program
segmenthasMultiple FeasiblePaths(MFP), whenpathsthrough
its controlstructuredependon input data.This is thestate-of-the-
art in basicblock basedanalysisandtheaccordingmethodologies
[8] can be used. An ILP solver computesthe process-level run-
ning time intervals on the analysisgranularityof SFP-PrSinstead
of basicblocks. The runningtimesfor the SFP-PrSnestedin the
potentialpathsthroughtheMFP-PrScanbedeterminedusinglocal
simulationin a hierarchicalpathanalysisapproach[11, 13].

Figure2: Cachesetreplacementin SFPsimulation

3.3 SetAssociativity in CacheModeling
Instructionanddatacachesconsistof linesthatcancontainmore

thanoneword. Thecacheline is treatedasa wholeon every ref-
erence.For anassociativity of n, n cachelinesaresummarizedto
a cacheset. The setis referencedby thecacheindex. Due to the
calculationmethodof thecacheindex by usingtheleastsignificant
bitsof theaccessaddress,cachesetsareindependent.Memorycan
bedividedinto line blocks[8], accordingto thecachelinestheparts
of thememorysegmentsaremappedto. Whenmorethanoneline
block is mappedto a cacheset,n line blockscanbestoredbefore
thereplacementstrategy decideswhichcacheline is discarded.

3.4 Data Caches
Dataaccessaddressesareoftengivenasanoffsetto afixedbase

address[7]. Whenthe offset is input datadependent,two misses
areassumed,onefor the loadingof the dataof the unknown ad-
dressandonefor thepotentialreplacementof cacheline contents
that could have beenleadingto a hit. If the dataaccessaddress
is composedby thebaseaddress,constantsandvariablesresulting
from a local accesssequencein an SFP-PrS.e.g. asfor the array
a ��� in figure 2, this is referencedto as a SingleData Sequence
(SDS)[14] which is quite commonin embeddedsystems. Data
cachebehavior of SDScanbe determinedby local simulationof
theprogramsegment.

3.5 Program SegmentCacheEvaluation
Simulationfor SFP-PrSstartswith thebestcaseandworstcase

assumptionsbeingfirst hit/miss regardingthe contentsat the be-
ginningof thePrS.Bestcaseandworstcaseboundsfor ann-way
setassociative cachearedeliveredby theestablishedcachesimula-
tor DINERO III [6]. It modelstheassociative instructionanddata
cachebehavior of thelocaladdresssequence.

In dataflow analysis[1], thegen� bb� -setcontainsthegenerated
definitionsfor avariablein abasicblock (bb)while thekil l � bb� -set
containsthedestroyeddefinitions.The in � bb� -setis thesetof def-
initions reachingandthe out � bb� -set the setof definitionsleaving
thebasicblock. Weapplythismethodologyto completecachesets
consistingof n linesin thefollowing.

Definition 1 A cache definition is a contentmodificationof the
cacheset. �
A definitionfor acachesetcanresultfrom amissof theinstruction
cache,a misswhen readingthe datacacheandevery datacache
write. On a cachehit on eithercache,a definitionoccurswhenthe
prioritiesof thecachelinesin a setarechanged.



Definition 2 Thegenset �PrS� -setsare the setscontainingthe last
definitions� for each cachesetwhenexecutingthePrS. �
This meanson local conflict misses,thedefinition generatedby a
replacedline block is removed. Thegenset �PrS� -setscanbecom-
putedby local simulation.

Definition 3 The kil lset �PrS� -setsare the setscontainingthe de-
stroyeddefinitionsfor thecachesetsof thedisjoint PrS. �
A definitionfrom a disjoint PrSis destroyedwhenthesamecache
setis definedby thecurrentPrSandtheline blockfrom thedisjoint
PrSis removed from the setas it waschosenby the replacement
strategy. Thekil lset �PrS� -setscanbecomputedby localsimulation.

Definition 4 Theinset �PrS� -setsare the setscontainingthe cache
setdefinitionsreaching thePrS. �
The inset �PrS� -setspotentiallyreduceworstcaseoverheadassump-
tionsfor thebeginningof thelocal simulationin furtheranalysis.

Definition 5 Theoutset �PrS� -setsare thesetscontainingthecache
setdefinitionsleavingthePrS. �

In figure2, wecanseetheexecutionof anSFPprogramsegment
containingseveral basicblocks. The cachecontentsthe simula-
tion startsfrom correspondsto the in �PrS� -setwhile the cacheset
replacementduring executiondefinesgen�PrS� -set and kil l �PrS� -
set.Theout �PrS� -setcorrespondsto thecachestateafterexecution.
Runningtimesfor thePrScanbecomputedby localsimulationbe-
fore a process-level solutionis computedwith anILP solver. This
is describedin section4.4.

4. GLOBAL FLOW ANALYSIS
Even for the first referenceof a cacheset in the simulationof

a programsegment(PrS), the assumptionof a cachemiss is too
pessimistic.Theline block might alreadybein thecachesetfrom
a previous executionof the currentPrS or from a loadingof the
line block by a PrSmappedto thesameline block. This canlead
to cachehits evenfor thefirst referencein a PrS.This propagation
of definitionsis referredto asthe SetDefinition Propagation of a
programsegmentSDP �PrS� . We utilize well-establishedwork in
globalflow analysisfrom compilerdesign[1] for computation.

4.1 CacheSetContent Prediction
In figure 3, the mappingof the addressspaceof a programto

line blocksreferringto thecachesets(CS)accordingto [8] canbe
seen.Pathanalysishasfoundfour SFP-PrSwherecachebehavior
can be simulatedwhile the control flow from PrS1 to PrS2 and
PrS3 cannotbepredicted(MFP-PrS).However, line block1 will be
presentin thesetat thebeginningof PrS2 becauseof theprevious
executionof PrS1 thatloadsthecompletecacheline includingparts
of the codefor PrS2. Line block 2 may be presentbecauseof a
previousexecutionof PrS2 itself or anexecutionof PrS3, whenit
hasnotbeenreplaced.Thiseffect is valid for directmappedcaches
aswell asfor higherassociativities. In general,overlappingcache
setsleadto predictablecacheline contents.

Theeffectreducestheworstcaseassumptionof emptyinset �PrS� -
sets.An analysistechniquecombininglocal simulationandstatic
propagationanalysisin threestepsis proposed.Themajordiffer-
encesof this methodologyto must/mayanalysis[2, 10] area con-
servativepathanalysisfor SFP-PrSandthedataflow analysisgran-
ularity of programsegmentsinsteadof singleinstructionsor basic
blocks.

Figure3: SetDefinition Propagation

4.2 Hybrid Prediction Approach
In afirst step, cachebehavior is simulatedfor everyPrSstarting

with afirst missscenariomeaningemptyinset �PrS� -sets.A first hit
scenariois neededfor thebestcaseanalysis.Local cachehits and
missesfor theaddresssequenceof thePrSarefoundby localsimu-
lation. Thegenset �PrS� -setsandkil lset �PrS� -setscanbecomputed.

In thesecondstep, thedataflow analysisdefinesoutset �PrS� -sets
from genset �PrS� -setsandkil lset �PrS� -setsgivenby simulationand
inset �PrS� -sets.

outset �PrS��� genset �PrS�
	�� inset �PrS�� kil lset �PrS���
This meansthesetreferencesleaving thePrSoutset �PrS� arecom-
posedby the setreferenceswithin thePrSplus the referencesen-
teringthePrSwhich arenot replaced.A secondsetof equationsis
given by the fact that the inset �PrS� -setis definedfrom the prede-
cessoroutset �PrS� -sets.

inset �PrS��� �
P � pred� PrS�

outset �P�

For worstcaseanalysis,only definitionsoccurringon all previous
PrSarepropagated,sotheintersectionoperator� is used.For best
caseanalysis,theunionoperator	 needsto beapplied.Theequa-
tions for every cacheset canbe solved by iterative forward data
flow analysisalgorithms[1]. The inset �PrS� -setsareassumedto be
emptyin thefirst iteration.Whendataflow analysisis finished,the
inset �PrS� -setseithercontaina subsetof thepropagateddefinitions
for worst caseanalysisor a supersetof the propagateddefinitions
for bestcaseanalysis.

In the third step, worst caseanalysisfinds uniquedefinitions
in the inset �PrS� -setsthat PrS simulationhasclassifiedasmisses
for the first referencedueto the conservative cachestate,namely
emptyin �PrS� -setsat thebeginningof thePrS.Similarly, bestcase
analysisfindsthemaximumnumberof definitionsreachingthePrS.
Theinitial first hit assumptionsnotbeingin the in �PrS� -setscanbe
replacedby missesimproving thebestcaseanalysisbound.

4.3 Evaluation of Flow Analysis Results
A definitionin the inset �PrS� -setrepresentsaninstructionor data

word that is presentin the set. When the cacheline referenced
by thedefinitionin the inset �PrS� -setis classifiedasa first missby
simulation,theassumptionin thefirst stepis too conservative.

Whenthedefinitionin theinset �PrS� -setis from anotherprogram
segment(PrS)whoseexecutionwould load the currentline block
— anexecutionof PrS3 loadsCS3 for PrS1 in figure3 — thefirst
miss (compulsory)for this line andPrScanbe removed because
thememoryblock is loadedin theotherPrSandnotkilled.



Whentheuniquedefinitionin theinset �PrS� -setis from themem-
ory block� of theprogramsegment(PrS)itself, all misses(compul-
sory) for this line and PrS can be removed, except for the miss
of the first execution. For associative caches,just removing the
first missis not sufficient becausethereferencedsetcontainsmore
thanoneline. Theglobal analysisonly propagatesdefinitionsfor
a set,not for a cacheline, sothereplacementstrategy canbecon-
sideredin the local simulationof the programsegments.Perpre-
dictedcachehit, the runningtime of onecachemisscanbe sub-
tractedfrom theconservative programsegmentstartupwith empty
inset �PrS� -sets. This is doneby meansof replacingthe conserva-
tivecompulsorymisseswith thenewly predictedhits in anew local
simulationwherepipeline and register setare still modeledcon-
servatively assuminga cold startfor thebeginningof theprogram
segment. Whenthis approachis used,globalcacheeffectscanbe
integratedinto theoverheadsof thelocalprogramsegmentrunning
time intervalsdeterminedby simulation.For this purpose,a slight
modificationof the cachesimulationtool is necessary. DINERO
III hasbeenextendedwith the possibilitiesto preset,dumpor di-
rectly modify the cachebehavior of a given addresssequence.It
canmodelleastrecentlyusedandroundrobin replacement.

4.4 Running Time Calculation
For theMFP-PrSandtheprocess-level result,theapproachfrom

[8] canbe appliedon the simulatedlower level SFP-PrSrunning
timesincludingseveralbasicblocks.Implicit pathenumerationcan
boundthelongestpaththroughtheMFP-PrS.Thestartupoverhead
hasbeenreducedusingtheflow analysisresults. In furtherwork,
moreanalysistechniquesfrom the real-timeresearchcommunity
canbeaddedto further improve theprecisionof theSFPprogram
segmentstartupoverheadwith respectto pipelineandregisterset
behavior. The complex cacheanalysisusinga transitiongraphis
notneededbecausethecachebehavior is modeledusingthestartup
overheads.

4.5 Compiler Optimization and CodeMotion
As thepresentedanalysisapproachis basedon thesourcecode

level, local andglobal compileroptimizationcanhave significant
effectson the runningtime intervals. It hasbeenshown thatmost
compileroptimizationsareconfinedto thelevel of basicblocks[4],
sothey donotinfluencetheresultswhenthesameoptimizationsare
usedfor analysis.Codemotion,e.g. removing loop invariantcode
from a loop body and insertingit beforeor after the loop intro-
ducesmoreproblems.For theanalysisgranularityof basicblocks,
theseoptimizationshave to be avoided to deliver correctresults.
This leadsto wider runningtime intervalsto stayconservative. For
the analysisgranularityof programsegments,codemotion from
a loop body that staysin the sameprogramsegmentis allowed.
Instructionimplementationvia assemblylibrary functionscanbe
treatedasdatadependentinstructionrunningtime. Datadependent
instructionrunningtime mustbe treatedby formal subtractionor
additionof thebestcaseor worstcasetiming asdescribedin [14].
Runningtimeintervalsfor thelibrary functionsneedto beprovided
by theirvendors.Instructionsimplementedasexceptionsandinter-
rupt effectsarenot includedin theprogramsegmentrunningtime
but mustbetreatedon theprocesslevel.

5. EXPERIMENTS
Runningtime analysisbasedon thegranularityof basicblocks

[8] is comparedto runningtime analysisbasedon SFP-PrSidenti-
ficationandlocalsimulationof PrS.In thisexperiment,theoriginal
intentionis to freethedesignerfrom functionalconstraintannota-
tion. For thebasicblockbasedapproach,thiswould leadto infinite

runningtime intervals. For this reason,theloop boundshave been
annotatedfor the basicblock basedapproachwhich alreadyim-
plies designerknowledgeaboutthe programunderinvestigation.
This is not necessaryin theapproachbasedon programsegments
whenloop boundsareinput dataindependent(SFP).For thelocal
simulationof theSFP-PrSaswell asthebasicblocksBB, aStrong-
ARM (SA-110)simulatorwith 160MHz corefrequency, 40 MHz
bus frequency and85 ns memorycycle time hasbeenused. The
parametersin local cachesimulationareselectedaccordingto the
realparametersof theStrongARMprocessorwhich is anassocia-
tivity of 32, a block sizeof 32 bytes,16 kbytesinstructioncache
and16 kbytesdatacache.This leadsto a cachemisspenaltyof 32
buscycles. In [8], this penaltyfor the i960 hasbeenmuchlower,
so overestimationswould seemlower for the i960 insteadof the
StrongARM.Theroundrobinreplacementstrategy is modeled.No
cachestatetransitiongraph(CSTG)for thebasicblock basedap-
proachhasbeenused. A CSTGfor an associativity of 32 would
have beenmuchtoo complex. Cacheanalysishasonly beendone
by meansof local simulationwhich leadsto high overestimations
in a basicblock basedapproach.Cacheanalysissupportedby set
definitionpropagationhasonly beenappliedon thegranularityof
programsegments.Both instructionanddatacachebehavior have
beenconsidered.

Four configurationsexploring the effects of programsegment
sourcecodetranslationfrom isolatedfiles or connectedprogram
segmentsin onesinglefile aswell astheeffectsof compileropti-
mizations(GNU -O1)arepresented.In thefirst columnof eachta-
ble,thebenchmarkprogramisprovided.Theexactrunningtimein-
tervalsgivenby anapplicationof exactworstcaseandbestcasein-
putdataannotatedby thedesignerareshown in thesecondcolumn.
Thiswouldnotbepossiblefor morecomplex programs.In thepre-
sentedcases,thesehave beendeterminedmanuallyonly to serve
asa referencefor theevaluationof thestaticanalysisapproaches.
Theserunningtime intervals aredifferentfor the sameinput data
whencompileroptimizationsareapplied.Thethird columnshows
therunningtimeintervalsdeterminedontheanalysisgranularityof
basicblocks(ILP on BB) while the next columnshows the num-
ber of loop bounds(lb) beingthe functionalconstraintsthat have
beenannotatedto avoid infinite runningtime intervals. In thenext
column,therunningtimeintervalsfor theapproachusingSFPiden-
tification (ILP on SFP)aregiven. In the last column,the running
time intervals for theextensionof theSFPidentificationapproach
with cacheanalysisusingsetdefinitionpropagation(ILP on SDP)
areshown.

In the first configuration,the running time intervals have been
determinedusing isolatedlocal simulationof programsegments,
i.e. in differentsourcecodefiles afterpathanalysis.No compiler
optimizationshave beenapplied.Theresultsaregivenin table1.

Table1: Inter vals for isolatedPrS, no optimization
Benchmark[µs] Exact ILP onBB lb ILP onSFP ILP on SDP

arrcalc [19.45,20.37] [4.805,206.9] 4 [3.339,29.92] [9.20,28.93]
chkdata [15.62,20.72] [1.082,226.0] 2 [1.233,152.2] [9.039,39.82]
bsort [58.69,104.6] [13.48,3046] 2 [8.696,1316] [15.09,846.2]
circle [47.96,151.1] [4.269,622.1] 1 [4.287,154.4] [5.962,153.5]
FIRFilter [72.15,100.0] [38.53,2566] 4 [42.99,158.9] [60.17,136.5]
countsort [38.10,41.47] [15.77,1079] 2 [16.28,475.9] [29.50,290.5]
exchsort [43.18,43.96] [17.46,1164] 2 [19.40,237.9] [30.51,49.34]

In thesecondconfiguration,therunningtimeintervalshavebeen
determinedusinglocal simulationof all PrSandcacheanalysisin
onesinglefile. Worstcasestartupoverheadsfor theprogramseg-
mentsor basicblocksaccordingto the appliedanalysisgranular-



ity have beeninsertedafterwards.No compileroptimizationshave
beenapplied.Theresultsaregivenin table2.

Table2: Inter vals for connectedPrS, no optimization
Benchmark[µs] Exact ILP on BB lb ILP onSFP ILP on SDP

arrcalc [19.45,20.37] [2.54,195.7] 4 [3.189,27.30] [9.186,23.43]
chkdata [15.62,20.72] [0.69,172.1] 2 [0.864,78.74] [8.089,31.77]
bsort [58.69,104.6] [12.61,2802] 2 [8.831,1076] [14.80,459.8]
circle [47.96,151.1] [4.26,622.1] 1 [4.287,154.4] [5.962,153.5]
FIRFilter [72.15,100.0] [38.44,2552] 4 [42.99,150.5] [60.21,122.8]
countsort [38.10,41.47] [10.49,788.9] 2 [11.16,295.2] [20.04,126.2]
exchsort [43.18,43.96] [14.62,1116] 2 [19.75,153.2] [31.67,46.49]

In the third configurationin table3, the runningtime intervals
have beendeterminedusing isolatedlocal simulationof program
segmentsin differentinputfilesagain.Compileroptimizationswith
-O1 have beenapplied.

Table 3: Inter vals for isolatedPrS, with optimization -O1
Benchmark[µs] Exact ILP on BB lb ILP onSFP ILP on SDP

arrcalc [11.95,12.97] [1.188,124.7] 4 [1.262,29.71] [3.881,14.03]
chkdata [8.792,10.58] [1.199,167.0] 2 [1.225,116.1] [2.826,98.72]
bsort [23.58,27.52] [4.714,1017] 2 [1.572,693.3] [13.22,682.7]
circle [39.27,100.9] [3.292,480.6] 1 [3.295,123.6] [5.901,101.4]
FIRFilter [30.97,37.59] [13.52,1874] 4 [20.87,353.1] [29.68,210.0]
countsort [15.31,15.50] [6.554,746.5] 2 [7.003,369.8] [14.48,188.3]
exchsort [17.20,17.20] [5.932,622.2] 2 [6.322,250.9] [9.863,250.6]

In thefinal configurationpresentedin table4, the runningtime
intervalshavebeendeterminedusinglocalsimulationof all PrSand
cacheanalysisin onesinglesourcecodefile. Worst casestartup
overheadshave beeninsertedafterwards. Compileroptimizations
with -O1 have beenapplied.

Table4: Inter vals for connectedPrS, with optimization -O1
Benchmark[µs] Exact ILP on BB lb ILP onSFP ILP on SDP

arrcalc [11.95,12.97] [1.324,122.7] 4 [1.412,29.40] [3.881,14.03]
chkdata [8.792,10.58] [0.306,94.14] 2 [0.312,48.14] [3.834,23.61]
bsort [23.58,27.52] [5.070,703.9] 2 [2.894,129.2] [14.69,35.61]
circle [39.27,100.9] [3.292,480.6] 1 [3.295,123.6] [5.901,101.4]
FIRFilter [30.97,37.59] [11.28,988.8] 4 [14.35,296.0] [26.78,198.1]
countsort [15.31,15.50] [2.045,208.5] 2 [3.409,75.22] [8.949,20.75]
exchsort [17.20,17.20] [6.067,322.1] 2 [5.644,26.66] [7.903,24.23]

The experimentrevealsthat the approachusingSFPidentifica-
tion delivers significantly tighter running time intervals than the
approachon basicblock level. This is an expectedresultbecause
local simulationfor SFP-PrScanconsideroverlappingbasicblock
effects insteadof assumingworst casesfor cachesat basicblock
beginnings.Thesehave a significantimpactwhentheStrongARM
processorwith its high misspenaltyis assumedasthetargetarchi-
tecture.Whencacheanalysisis appliedin combinationwith SFP
identification,the intervals get tighterbecausemany startupover-
headsfor SFP-PrS,especiallyin nestedloops,canbereduced.

Dueto thehighcachemisspenaltycomparedto therunningtime
for a hit in theseconfigurations,nestedloopswith embeddedMFP
canstill causehigh overestimationsbecauseemptycachesfor the
isolatedsegmentsin the MFP have to be assumedfor every iter-
ation. WhenSDPcannotpredictall of thesecachecontents,the
interval staysrelatively wide, e.g. for thebsortalgorithm. Nested
loops with an embeddedMFP requirethe assumptionof several
cachemissesfor every iteration. ILP analysisof connectedPrS

with a later additionof overheadsaccordingto the selectedgran-
ularity deliverstighter intervals thanfor isolatedPrS.More infor-
mationon cachestatesis available.Theconsiderationof compiler
optimizationsleadsto more realistic running time intervals with
respectto thefinal solutionon theembeddedtargetarchitecture.

6. CONCLUSION
We have shown how to combinelocal cachetracingwith global

dataflow analysisin formalcacheanalysis.Thetechniquematches
aprocessormodelingandpathanalysistechniquewhichextendsar-
chitecturemodelingfrom basicblocksto largerprogramsegments
therebyincreasingtheoverallanalysisprecision.Theapproachhas
beenextendedfrom directmappedcachesto setassociative caches
andtheimpactof compileroptimizationshasbeenconsidered.We
have demonstratedthat our approachconsideringboth instruction
anddatacachebehavior cansignificantlyincreasetheanalysispre-
cisionof state-of-the-artapproaches.
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