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ABSTRACT

Precisecacheanalysisis crucial to formally determineprogram
runningtime. As cachesimulationis unsafewith respectto the
conserative running time boundsfor real-time systems,current
cacheanalysisechniqguesombinebasicblock level cachemodel-
ing with explicit or implicit programpathanalysis.We presentan
approachhatextendsinstructionanddatacachemodelingfrom the
granularityof basicblocksto programsegmentgherebyincreasing
the overall runningtime analysisprecision.Dataflow analysisand
local simulationof programsegmentsarecombinedto safelypre-
dict cacheline contentdor associatie cachedn softwarerunning
time analysis. The experimentsshav significantimprovementsin
analysigprecisionover previousapproachesn atypical embedded
processor
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1. INTRODUCTION

Embeddedsoftware runningtime is typically not uniquebut is
boundby intenvalswhich resultfrom datadependenbehaior, en-
vironmenttiming andtarget systemproperties. In systemdesign
automationtheseintervals areusedin mary ways. In somecases,
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only theworstcaseis of interest,e.qg. for singleprocessoschedu-
lability analysis,in anothercontet both bestandworst casesare
relevant,suchasfor multiprocessoschedulinganalysisor for vari-
ablelife time analysisasusedfor memoryassignmentln all these
casesrunningtime intenals of the individual software processes
are fundamentaldataneededo analyzesystembehaior. Profil-
ing andsimulationtools suchas[9] arethe state-of-the-arin in-
dustrybut sinceexhaustve simulationis impracticalregardingtest
patternsselectionfor the conserative runningtime bounds simu-
lation resultscanonly cover partof the systembehaior.

With growing importanceof embeddedoftware,formalanalysis
of runningtimeintervalshasmetincreasingnterestn theEDA and
real-timesystemsommunities.Major improvementswerethein-
troductionof implicit pathenumeratiorandthe inclusionof cache
analysig[8]. In [2, 10], datacacheanalysishasbeenincludedus-
ing abstracinterpretation.While all approachesreconserative,
i.e. all possibletiming behaior is includedin the resultinginter-
vals, the main differencesarein the architecturefeaturesthat are
coveredby the hardware modelandthe width of the conserative
interval. The closerthis interval to the real runningtime bounds,
the higheris the practicaluseof formal analysis.

Cachehits or missesdependon the mappingof programsand
datato memory and dependenciesan spana whole processor
even several processexecutions. This makes simulation partic-
ularly risky sincethe usercannotanticipatethe effects of opti-
mizationandaddressnappingin compilersandlinkersand,there-
fore, cannotprovide the necessargimulationpatterngo testcriti-
cal cases.On the otherhand,cacheperformances too significant
to be negglectedin runningtime analysisof software on advanced
targetarchitecturesPreviousresearctapproachefor runningtime
and cacheanalysiswork on basicblocks as elements. Theseap-
proachesdentify thecachdinesusedby abasichblockandcompare
the differentbasicblock cachetablesto identify upperandlower
boundsfor the numberof cachdine replacementshits andmisses
perbasicblock execution. Then,basedon implicit or explicit pro-
grampathanalysis,boundson the total cachehits and missesare
determined.Theseapproachesay gettoo expensve because¢he
numberof basicblockscanbevery high.

In earlierpaperd13], we have demonstratetiow to extendanal-
ysiselementgrom basicblocksto largerprogramsegmentghereby
significantlyimproving both pathanalysisandarchitecturamodel-
ing precision. The approachis basedon local programsegment
execution,i.e. cycle truesimulation. Theseprogramsegmentsmnay
containloops where cachelines are repeatedlyreplacedby oth-
ers. Therefore,table comparisonaloneis not suficient. In [12]
we have presented preliminarytechniquewhich combinedocal
cachetracingwith global dataflow analysis. In this previous ap-
proachwe have only determinedboundsfor the numberof cache



missedor simpledirectmappedcaches.In this paper we present
significantimprovementdo this approachWe extendit to setasso-
ciative cachesandconsidertheimpactof the determinedtachehits

andmisseson the runningtime intenal of a processWe consider
the majority of effectsof compileroptimizationsin staticsoftware

analysisandpresendetailedexperimentakesults.

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

2. PREVIOUS WORK

Tracebasedcachesimulatorshave beenusedin modelingcom-
puter architecturefor mary years. Due to the well-known draw-
backsof simulationfor real-timeguarantees,esearchapproaches
focus on static cacheanalysis. Someof the mostimportantap-
proachesareexplainedin thefollowing.

In the runningtime analysisframeawvork in [8], the actualstate
of the instructioncachedependingon the flow of the programis
modeled A simpleconflictgraphfor the cachdinesreferencedy
basicblocksis suficient for direct mappedcacheswhile associa-
tive cacheanalysisrequiresa more complex cachestatetransition
(CSTG)graph. The CSTGis usedin a so calledimplicit program
pathenumerationan efficient techniquethat mapstiming analysis
to amin/maxoptimizationproblemwhichis thensolvedby integer
linear programming(ILP). For higherassociatiities, the problem
becomesprohibitively complex becausehe problem size grows
morethat exponentiallywith the numberof basicblocks mapped
to a set. Theintegerlinear programming(ILP) problemthatcom-
putesthe runningtime intenal on the procesdevel is alreadyNP-
complete.Moreover, implicit enumeratiordoesnot exclude mary
of the falsepathsof a programandtheir resultingcachereference
sequencessuchthat this methodtendsto resultin wider bounds
thannecessaryThis approachpresentedn [8] doesnot consider
datacaches.

In [5], atiming analysistool focusingon the instructioncache
analysispartis presentedThe problemsizeis reducedby a clus-
tering of basicblocksin the cacheconflict graphmappedto the
samecacheline. Thisis animprovement,but cachelines have a
very limited size,e.g. 16 instructionwords, so the clusterscannot
bevery large. Datacachesandaccessddressearenot analyzed.

Theapproaclpresentedn [7] usesdataflow analysisfor thede-
terminationof datadependenaccessaaddressesThis canbe very
usefulfor the predictionof datacachebehaior. The mainassump-
tion is thatnot all dataaccessewith complex addressxpressions
have to be treatedas cachemisses. "Use-/definechains”[1] for
accesaddressearederivedto determinevhetheraddresexpres-
sionsarejust dependingn constantsin this case the dataaccess
addresscan be predictedreducingthe numberof potentialcache
misses. The framework this approachis embeddedn usesan ar
chitecturewheretheinstructionanddataword sizeareequalto the
size of a cacheline, so the improvementsthroughspatiallocality
have alimited impact.

For mary applications,the instructioncacheachieves high hit
ratesfor repetitve loopsbecauseheloop bodyis smallenoughto
fit entirelyinto the cache.Only thefirst iterationwill leadto cache
misseswhile subsequeniterationswill leadto hits. In the static
cacheanalysisnethodologyin [3], amethodto analyzethe control
flow of a programby statically cateyorizing the cachebehaior of
eachinstructionto alwayshit, alwaysmiss first hit or first missis
introduced. The approachiooks at the loop bodiesstartingat the

innermostloop nestlevel. At eachlevel, if the loopsfits entirely
into thecachethenonly thefirst iterationleadsto misseswhile the
subsequeniterationsleadto hits. If the loop doesnot entirely fit

into the cache portionsof theloop will alwaysmissthe cachedue
to conflicts. The runningtime boundsfor the loop canbe deter

mined.After analyzingtheinnermostoop, the next loop nestlevel

canbeconsideredForinputdatadependentontrolstructuresfirst

missscenariohave to be assumedor the following instructions.
This canhave a significantimpacton loop nests.Pathinformation
relatingdifferentloop nestsof the programis notconsideredsothe
predictedboundsmaybetoo conserative.

The approachn [2] describesstaticinstructionand datacache
analysisusing abstractinterpretation. It hasbeenrefinedin [10].
Startingfrom the memoryaccessesf the programandtheir influ-
enceon the cachesa collectingsemantids built. This collecting
semanticassignsall possiblecachestatesto every given memory
access.The program analyzergeneator (PAG) builds the control
flow graphfrom the executableprogramunderinvestigation. For
everynodein thecontrolflow graphtwo analyzesareimplemented.
Themustanalysidor thenodein thecontrolflow graphdetermines
all memoryblocksthatmustbein the cachefor every possibleex-
ecutionof the program.The may-analysisfor the nodedeliversall
memoryblocksthatmaybein the cacheatthis point. Thememory
accessesan be catgorizedto alwayshit (ah), alwaysmiss(am)
or not classified(nc). For conserative runningtime analysis,(nc)
aretreatedas (am) for the upperboundandas (ah) for the lower
bound. This methodologyis still basedon the analysisgranularity
of singleinstructionsor basicblocks.

3. LOCAL CACHE SIMULATION

In [12], ananalysigechniquéfor directmappedtachedasbeen
proposedlt deliverstight boundson the numberof cachehits and
missesfor a single proceson a given target architecture.We re-
view andrefinethis basicapproachgextendit to setassociatiity
anddescribeheimpactof thedeterminedtachehits andmisseson
the process-leel runningtime intenals. Theseare crucial exten-
sionsto the previously presentedechniquethatenablean applica-
tion in embeddedystemdesignautomation.

3.1 Local Running Time Model

Previous approachegike [8] are basedon the executioncount
andthe runningtime of the basicblocks of a programwhich are
thencombinedin someglobal pathanalysis,suchasimplicit path
enumeration.The basicblock runningtime canbe determinecby
addingup the runningtimesfor eachinstructionin a basicblock,
possiblywith upperandlower boundsin caseof datadependent
instructionrunningtime. This leadsto wide intenalsin caseof ar
chitecturewith pipelinesandcachedecausé is still assumedhat
all executionsof oneinstructiontake the sametime. Precisemod-
eling of individual basicblocksby local simulationonly solvespart
of the problemsincecacheeffects, pipelining andregisteralloca-
tion extendover basicblock borders.This resultsin a dependenc
of therunningtime on the programpaththrougha sequencef ba-
sic blocks. A startupoverheadcovering overlappingexecutionfor
all possibleentrypathsinto the basicblock hasto be considered.

To obtainhigherprecision theanalysisshouldbe extendedrom
basicblocksto longerprogramsegmentsconsistingof sequences
of basicblocks wheneer possible. On the left side of figure 1,
the analysismethodologybasedon the granularityof basicblock
runningtimesis shavn. Overheadsepresentingonserative as-
sumptiongfor cachemissespipelinestallsandregisterspills have
to be assumedor every basicblock leadingto high overestima-
tionshut thecontrolflow betweerthesebasicblocksis predictable.



A closerlook at the programseggmentshaws thatthe examplehas
a unique,dataindependentxecutionpathonly. A programseg-

mentwith sucha propertycanbe treatedlike a generalizedasic
block. Ontheright sideof figure 1 this programsegmentis shavn.

Functionalconstrainennotatiorbecome®bsoletdor this program
segment. As we apply local program segmentsimulation this ap-
proachonly needsa startupoverheador the sgmentrunningtime

while intermediatebasicblock transitionscanexactly be modeled.
In summary the basicblock overheadas a main sourceof over

estimationcan be significantly reducedusing an identification of

suitablelonger programsegmentsand the extensionof the basic
block runningtime modelto programseggments.
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Figure 1: From basicblocks to program segments

3.2 From BasicBlocksto Program Segments

In previous researchwe have developedefficient techniquegso
identify programsegmentgPrS)with uniquepathsandexploit such
segmentsto reduceanalysisproblemsizeandsafelyreducetiming
intervals [11, 13]. Large partsof typical embeddedsystempro-
gramshave a singlepaththatis independenof inputdata[14]. An
exampleis givenin 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 aroundmary loops, con-
ditional statementsindevenfunction callsthatareusedfor source
codestructuringandcompacting A PrShasa SingleFeasiblePath
(SFP) whenpathsthroughthe sggmentarenot dependingninput
data[11, 13].

Thekey to finding SFPprogramsegmenty SFP-PrS)s to distin-
guishbetweeninput datadependentontrol flow andsourcecode
structuringaids. Whendatadependenciearemoredifficult to de-
terminethanin figure2, adepthfirst searctalgorithmon thesyntax
graphcombinedwith a symbolicsimulationof basicblockscanbe
applied.In [8], pathanalysismaybeaccurateput it requiresmuch
designeitinteractionevenfor SFP-PrSwhile it still doesnotdeliver
the precisionfor programsegmentrunningtime andcachebeha-
ior implied in local simulation. For SFP-PrSJocal cachesimu-
lation automaticallychooseghe one correctpathandexploits the
basicblock sequenceand memoryfootprint aswell asthe result-
ing cacheaccessequencavithout arny designeiinteraction.Local
simulationcancover severaladjacenbr nestedSFP-PrS.

Most practicalsystemsalsocontainnon-SFPparts. A program
segmenthasMultiple FeasiblePaths (MFP), when pathsthrough
its control structuredependon input data. This is the state-of-the-
artin basicblock basedanalysisandthe accordingmethodologies
[8] canbe used. An ILP solver computesthe process-leel run-
ning time intervals on the analysisgranularityof SFP-PrSnstead
of basicblocks. The runningtimesfor the SFP-Prahestedin the
potentialpathsthroughthe MFP-PrScanbedeterminedisinglocal
simulationin a hierarchicapathanalysisapproact11, 13].
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simulation:
gen[Prs,]
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Figure 2: Cachesetreplacementin SFPsimulation

3.3 SetAssociatvity in CacheModeling

Instructionanddatacachegonsistof linesthatcancontainmore
thanoneword. The cacheline is treatedasa whole on every ref-
erence.For anassociatiity of n, n cachelines aresummarizedo
a cacheset. The setis referencedy the cacheindex. Dueto the
calculationmethodof the cacheindex by usingtheleastsignificant
bits of theaccessddresscachesetsareindependentMemorycan
bedividedinto line blocks[8], accordingo thecachdinestheparts
of the memorysggmentsaremappedo. Whenmorethanoneline
block is mappedo a cacheset,n line blockscanbe storedbefore
thereplacemenstrat@y decideswvhich cachdine is discarded.

3.4 Data Caches

Dataaccessddresseareoftengivenasanoffsetto afixedbase
addresq7]. Whenthe offsetis input datadependenttwo misses
areassumedopnefor the loading of the dataof the unknavn ad-
dressandonefor the potentialreplacemenbf cacheline contents
that could have beenleadingto a hit. If the dataaccessaddress
is composedy the baseaddressconstantandvariablesresulting
from alocal accessequencén an SFP-PrSe.g. asfor the array
a[ ] in figure 2, this is referencedo as a Single Data Sequence
(SDS)[14] which is quite commonin embeddedsystems. Data
cachebehaior of SDS can be determinedby local simulationof
the programsegment.

3.5 Program SegmentCacheEvaluation

Simulationfor SFP-PrSstartswith the bestcaseandworstcase
assumptionseing first hit/miss regardingthe contentsat the be-
ginning of the PrS.Bestcaseandworstcaseboundsfor an n-way
setassociatie cachearedeliveredby the establishedachesimula-
tor DINERO Il [6]. It modelsthe associatie instructionanddata
cachebehaior of thelocal addressequence.

In dataflow analysis[1], the genbb]-setcontainsthe generated
definitionsfor avariablein abasicblock (bb) while thekil | [bb]-set
containsthe destrgyed definitions. Thein[bb]-setis the setof def-
initions reachingandthe ou[bb]-setthe setof definitionsleaving
thebasicblock. We applythis methodologyto completecachesets
consistingof n linesin thefollowing.

Definition 1 A cade definitionis a contentmodificationof the
cadcheset.O

A definitionfor a cachesetcanresultfrom amissof theinstruction
cache,a misswhenreadingthe datacacheand every datacache
write. On a cachehit on eithercache a definitionoccurswhenthe
prioritiesof thecachdinesin a setarechanged.



Definition 2 The gens¢[PrS-setsare the setscontainingthe last
definitionsfor eac cade setwhenexecutingthe PrS.0O

This meanson local conflict missesthe definition generatedy a
replacedine block is remored. The gensg[Prg-setscanbe com-
putedby local simulation.

Definition 3 The kil Is¢[Prg-setsare the setscontainingthe de-
stroyeddefinitionsfor the cache setsof the disjoint PrS.0O

A definitionfrom a disjoint PrSis destr¢yed whenthe samecache
setis definedby thecurrentPrSandtheline block from thedisjoint
PrSis removed from the setasit was chosenby the replacement
stratgyy. Thekil Is¢[Prg-setscanbecomputeddy local simulation.

Definition 4 Theinsg[PrS-setsare the setscontainingthe cache
setdefinitionsreadingthePrS.0O

Theinsa [Prg-setspotentiallyreduceworstcaseoverheacassump-
tionsfor the beginning of thelocal simulationin furtheranalysis.

Definition 5 Theousg[Prg-setsare the setscontainingthe cache
setdefinitionsleavingthe PrS.O

In figure 2, we canseethe executionof an SFPprogramsegment
containingseveral basicblocks. The cachecontentsthe simula-
tion startsfrom correspondso the in[Prg-setwhile the cacheset
replacementluring executiondefinesgenPrg-setandkil |[PrS-
set. Theout[PrS-setcorrespondso the cachestateafterexecution.
Runningtimesfor the PrScanbe computedy local simulationbe-
fore a process-leel solutionis computedwith anILP solver. This
is describedn sectior4.4.

4. GLOBAL FLOW ANALYSIS

Even for the first referenceof a cachesetin the simulationof
a programsggment(PrS), the assumptiorof a cachemissis too
pessimistic.Theline block might alreadybein the cachesetfrom
a previous executionof the currentPrS or from a loading of the
line block by a PrSmappedo the sameline block. This canlead
to cachehits evenfor thefirst referencen a PrS.This propagation
of definitionsis referredto asthe SetDefinition Propagation of a
programsggmentSDP[PrS. We utilize well-establishedvork in
globalflow analysisfrom compilerdesign[1] for computation.

4.1 CacheSetContent Prediction

In figure 3, the mappingof the addressspaceof a programto
line blocksreferringto the cachesets(CS)accordingto [8] canbe
seen.Path analysishasfound four SFP-PrSvherecachebehaior
can be simulatedwhile the control flow from Pr$; to PrS, and
PrS; cannotbepredicted MFP-PrS) However, line block 1 will be
presentn the setat the beginning of PrS, becausef the previous
executionof Pr§; thatloadsthecompletecachdine includingparts
of the codefor PrS,. Line block 2 may be presentbecausef a
previous executionof PrS; itself or an executionof PrSz, whenit
hasnotbeenreplacedThis effectis valid for directmappedcaches
aswell asfor higherassociatiities. In general overlappingcache
setsleadto predictablecachdine contents.

Theeffectreducesheworstcaseassumptiorof emptyinsg [PrS-
sets. An analysistechniqguecombininglocal simulationandstatic
propagatioranalysisin threestepsis proposed.The major differ-
encesf this methodologyto must/mayanalysis[2, 10] area con-
senative pathanalysidor SFP-PrS&ndthedataflow analysiggran-
ularity of programsegmentsinsteadof singleinstructionsor basic
blocks.

\ Simulation PrS:
PrSi S ~
4 ¥ SDP N\
PrS: | 7 . .
SﬁSz Simulation P | £5pp PrSs3 Simulation
A
PrSs |
CSs / SDP=
PrSs |/ Simulation i Set Definition
Propagation

Figure 3: SetDefinition Propagation

4.2 Hybrid Prediction Approach

In afirst step, cachebehaior is simulatedfor every PrSstarting
with afirst missscenarianeaningemptyinsg [Pr9-sets.A first hit
scenarids neededor the bestcaseanalysis.Local cachehits and
missedor theaddressequencef thePrSarefoundby local simu-
lation. The gersg [Prg-setsandkil Is¢[PrS]-setscanbe computed.

In thesecondstep, thedataflow analysisdefinesousg [Prg-sets
from gensg[Prg-setsandkil Is¢[Prg-setsgiven by simulationand
insg[Pr9-sets.

OUsg[Prg = gensg [PrS U (insa[Prg — kil Is¢ [Pry)

This meanghe setreferenceseaving the PrSousg [PrS arecom-
posedby the setreferencewithin the PrSplusthe referenceen-
teringthe PrSwhich arenot replaced A secondsetof equationss
given by the factthatthe ins¢ [PrS-setis definedfrom the prede-
cessolusg[Prg-sets.

insa[Prg = ﬂ

Pepred(PrS)

OUtsg [P]

For worst caseanalysis,only definitionsoccurringon all previous
PrSarepropagatedsotheintersectioroperatom is used.For best
caseanalysisthe unionoperatorJ needso be applied. Theequa-
tions for every cacheset can be solved by iterative forward data
flow analysisalgorithms[1]. Theinsg[PrS-setsareassumedo be
emptyin thefirstiteration. Whendataflow analysiss finished the
insg[PrS-setseithercontaina subsebf the propagatediefinitions
for worst caseanalysisor a supersebdf the propagatediefinitions
for bestcaseanalysis.

In the third step, worst caseanalysisfinds unique definitions
in the inse¢ [Prg-setsthat PrS simulationhas classifiedas misses
for the first referencedueto the conserative cachestate,namely
emptyin[PrS-setsat the beginning of the PrS.Similarly, bestcase
analysidindsthemaximumnumberof definitionsreachinghePrS.
Theinitial first hit assumptionsiot beingin thein[PrS-setscanbe
replacedby missedmproving the bestcaseanalysisbound.

4.3 Evaluation of Flow Analysis Results

A definitionin theinsg [PrS-setrepresentaninstructionor data
word that is presentin the set. Whenthe cacheline referenced
by the definitionin the insg[PrS-setis classifiedasa first missby
simulation theassumptiorin thefirst stepis too conserative.

Whenthedefinitionin theinsg[Prg-setis from anothemprogram
segment(PrS)whoseexecutionwould load the currentline block
— anexecutionof PrS loadsCS; for PrS; in figure 3 — thefirst
miss (compulsory)for this line and PrS canbe removed because
thememoryblockis loadedin the otherPrSandnotkilled.



Whentheuniquedefinitionin theinsg [PrS-setis from themem-
ory block of the programsegment(PrS)itself, all missegcompul-
sory) for this line and PrS can be removed, exceptfor the miss
of the first execution. For associatie cachesjust removing the
first missis not sufficient becaus¢he referencedetcontainsmore
thanoneline. The global analysisonly propagateslefinitionsfor
aset,notfor a cacheline, sothe replacemenstrateyy canbe con-
sideredin the local simulationof the programsegments. Perpre-
dicted cachehit, the runningtime of one cachemisscanbe sub-
tractedfrom the conserative programsegmentstartupwith empty
insg [Prg-sets. This is doneby meansof replacingthe consera-
tive compulsorymisseswith thenewly predictedhitsin anew local
simulationwhere pipeline and register setare still modeledcon-
senatively assuminga cold startfor the beginning of the program
segment. Whenthis approactis used,global cacheeffectscanbe
integratedinto theoverhead®f thelocal programsegmentrunning
time intervals determinecby simulation. For this purposea slight
modificationof the cachesimulationtool is hecessary DINERO
Il hasbeenextendedwith the possibilitiesto preset,dumpor di-
rectly modify the cachebehaior of a given addressequencelt
canmodelleastrecentlyusedandroundrobin replacement.

4.4 Running Time Calculation

For the MFP-PrSandtheprocess-leel result,theapproactrom
[8] canbe appliedon the simulatedlower level SFP-PrSunning
timesincludingseveralbasicblocks.Implicit pathenumeratiorcan
boundthelongestpaththroughthe MFP-PrS The startupoverhead
hasbeenreducedusingthe flow analysisresults. In furtherwork,
more analysistechniquedrom the real-timeresearchcommunity
canbe addedto furtherimprove the precisionof the SFPprogram
sementstartupoverheadwith respecto pipelineandregisterset
behaior. The complex cacheanalysisusinga transitiongraphis
notneededecause¢hecachebehaior is modeledusingthestartup
overheads.

4.5 Compiler Optimization and Code Motion

As the presentedinalysisapproachs basedon the sourcecode
level, local and global compiler optimizationcan have significant
effectson the runningtime intervals. It hasbeenshavn that most
compileroptimizationsareconfinedto thelevel of basicblocks[4],
sothey donotinfluencetheresultswhenthesameoptimizationsare
usedfor analysis.Codemotion, e.g. removing loop invariantcode
from a loop body andinsertingit beforeor after the loop intro-
ducesmoreproblems.For theanalysisgranularityof basicblocks,
theseoptimizationshave to be avoidedto deliver correctresults.
This leadsto wider runningtime intenalsto stayconserative. For
the analysisgranularity of programsegments,code motion from
a loop body that staysin the sameprogramsegmentis allowed.
Instructionimplementationvia assemblylibrary functionscanbe
treatedasdatadependeninstructionrunningtime. Datadependent
instructionrunningtime mustbe treatedby formal subtractionor
additionof the bestcaseor worstcasetiming asdescribedn [14].
Runningtime intenalsfor thelibrary functionsneedo beprovided
by theirvendors.Instructiondmplementedisexceptionsandinter-
rupt effectsarenotincludedin the programsegmentrunningtime
but mustbetreatedon the procesdevel.

5. EXPERIMENTS

Runningtime analysisbasedon the granularityof basicblocks
[8] is comparedo runningtime analysisbasedon SFP-Prddenti-
ficationandlocal simulationof PrS.In thisexperimenttheoriginal
intentionis to free the designerfrom functionalconstraintannota-
tion. For thebasichlock basedapproachthis would leadto infinite

runningtime intenals. For this reasontheloop boundshave been
annotatedor the basicblock basedapproachwhich alreadyim-
plies designerknowledge aboutthe programunderinvestigation.
This is not necessaryn the approactbasedon programseggments
whenloop boundsareinput dataindependen{SFP).For thelocal
simulationof the SFP-PrSaswell asthe basicblocksBB, a Strong-
ARM (SA-110)simulatorwith 160 MHz corefrequeng, 40 MHz
bus frequeng and 85 ns memorycycle time hasbeenused. The
parameterdn local cachesimulationare selectedaccordingto the
real parametersf the StrongARM processomwhich is an associa-
tivity of 32, a block size of 32 bytes,16 kbytesinstructioncache
and16 kbytesdatacache.This leadsto a cachemisspenaltyof 32
bus cycles. In [8], this penaltyfor the i960 hasbeenmuchlower,
so overestimationsvould seemlower for the i960 insteadof the
StrongARM.Theroundrobin replacemenstratey is modeled No
cachestatetransitiongraph(CSTG)for the basicblock basedap-
proachhasbeenused. A CSTGfor an associatiity of 32 would
have beenmuchtoo comple. Cacheanalysishasonly beendone
by meansof local simulationwhich leadsto high overestimations
in a basicblock basedapproach.Cacheanalysissupportediy set
definition propagatiorhasonly beenappliedon the granularityof
programseggments.Both instructionand datacachebehaior have
beenconsidered.

Four configurationsexploring the effects of programsegment
sourcecodetranslationfrom isolatedfiles or connectedprogram
segmentsin onesinglefile aswell asthe effectsof compileropti-
mizations(GNU -O1) arepresentedin thefirst columnof eachta-
ble,thebenchmarlprogramis provided. Theexactrunningtimein-
tenalsgivenby anapplicationof exactworstcaseandbestcasein-
putdataannotatedby thedesigneareshavn in theseconctcolumn.
Thiswould notbepossiblefor morecomplex programsin thepre-
sentedcasesthesehave beendeterminedmanuallyonly to sene
asareferencefor the evaluationof the staticanalysisapproaches.
Theserunningtime intenvals are differentfor the sameinput data
whencompileroptimizationsareapplied. Thethird columnshawvs
therunningtime intervalsdeterminedntheanalysisgranularityof
basicblocks (ILP on BB) while the next columnshavs the num-
ber of loop bounds(lb) beingthe functional constraintghat have
beenannotatedo avoid infinite runningtime intervals. In the next
column,therunningtimeintervalsfor theapproachusingSFPiden-
tification (ILP on SFP)aregiven. In the lastcolumn,the running
time intervals for the extensionof the SFPidentificationapproach
with cacheanalysisusingsetdefinition propagation(ILP on SDP)
areshown.

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

Table 1: Inter vals for isolated PrS, no optimization

[ Benchmarkps] | Exact [ ILPonBB [Ib[ ILPonSFP | ILP onSDP |
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 thesecondconfigurationtherunningtime intervalshave been
determinediusinglocal simulationof all PrSandcacheanalysisin
onesinglefile. Worst casestartupoverheaddor the programseg-
mentsor basicblocksaccordingto the appliedanalysisgranular



ity have beeninsertedafterwards.No compileroptimizationshave
beenapplied.Theresultsaregivenin table2.

Table 2: Intervals for connectedPrS, no optimization

[ Benchmarkps] | Exact [ ILPonBB [Ib[ ILPonSFP | ILP onSDP |
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 table 3, the runningtime intenals
have beendeterminedusingisolatedlocal simulationof program
segmentdn differentinputfilesagain.Compileroptimizationsvith
-O1 have beenapplied.

Table 3: Intervalsfor isolated PrS, with optimization -O1

[Benchmarkps][  Exact [ ILPonBB [Ib] ILPonSFP | ILP onSDP |
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 the final configurationpresentedn table4, the runningtime
intervalshave beendeterminedisinglocal simulationof all PrSand
cacheanalysisin one single sourcecodefile. Worst casestartup
overheadsave beeninsertedafterwards. Compileroptimizations
with -O1 have beenapplied.

Table 4: Intervalsfor connectedPrS, with optimization -O1
[ BenchmarKps] | Exact [ ILPonBB [Ib[ ILPonSFP | ILP onSDP |

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 approachusing SFPidentifica-
tion delivers significantly tighter running time intervals than the
approachon basicblock level. Thisis anexpectedresultbecause
local simulationfor SFP-Pr&anconsideroverlappingbasicblock
effectsinsteadof assumingworst casesfor cachesat basicblock
beginnings. Thesehave a significantimpactwhenthe StrongARM
processowith its high misspenaltyis assumedsthe targetarchi-
tecture. Whencacheanalysisis appliedin combinationwith SFP
identification,the intervals get tighter becausamary startupover-
headsor SFP-PrSespeciallyin nestedoops,canbereduced.

Dueto thehigh cachemisspenaltycomparedo therunningtime
for ahit in theseconfigurationsnestedoopswith embeddedFP
canstill causehigh overestimationdbecausemptycachedor the
isolatedsegmentsin the MFP have to be assumedor every iter-
ation. When SDP cannotpredictall of thesecachecontentsthe
interval staysrelatively wide, e.g. for the bsortalgorithm. Nested
loops with an embeddedVFP requirethe assumptiorof several
cachemissesfor every iteration. ILP analysisof connectedPrS

with a later addition of overheadsaccordingto the selectedgran-
ularity deliverstighter intervals thanfor isolatedPrS. More infor-
mationon cachestateds available. The consideratiorof compiler
optimizationsleadsto more realistic running time intervals with
respecto thefinal solutionon theembeddedargetarchitecture.

6. CONCLUSION

We have shavn how to combinelocal cachetracingwith global
dataflow analysisn formal cacheanalysis.Thetechniquematches
aprocessomodelingandpathanalysigechniquevhich extendsar
chitecturemodelingfrom basicblocksto larger programsegments
therebyincreasinghe overall analysigprecision.Theapproacthas
beenextendedrom directmappedcachego setassociatie caches
andtheimpactof compileroptimizationshasbeenconsideredWe
have demonstratedhat our approachconsideringboth instruction
anddatacachebehaior cansignificantlyincreaseaheanalysispre-
cisionof state-of-the-arapproaches.
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