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It is themarkof an instructedmindto restsatis�edwith thedegreeof
precisionwhich thenatureof thesubjectadmitsandnot to seek
exactnesswhenonlyanapproximationof thetruth is possible.

– Aristotle





Abstract

Thesoundnessof real-timesystemsnotonly dependsontheexactnessof theresultsbut alsoon
theirdeliveryaccordingto giventiming constraints.Real-timeschedulersneedanestimationof
theworst-caseexecutiontime (i.e., thelongestpossiblerun time) of eachprocessto guarantee
that all the deadlineswill be met. In additionto be necessaryto guaranteethe correctnessof
soft- andhard-real-timesystems,the worst-caseexecutiontime is alsouseful in multimedia
systemswhereit canbeusedto betterdistributethecomputingresourcesamongtheprocesses
by adaptingthequalityof serviceto thecurrentsystemload.

This dissertationpresentsa setof staticcompile-timeanalysesto estimatethe worst-case
executiontime of Java processesfocusingon the approximationof the WCET of fairly large
soft-real-timeapplicationsonmodernhardwaresystems.

In a�rst phasetheprogramis analyzedto extractsemanticinformationandto determinethe
maximal(andminimal) numberof iterationsfor eachbasicblock,by possiblyboundingevery
cyclic structurein theprogram.As a�rst step,thesemanticanalyzer, embeddedin anahead-of-
time bytecode-to-native Java compiler, performsan abstractinterpretationpassof linearcode
segmentsdelimiting thesetof possiblevaluesof local variablesat a givenprogrampoint and
discoveringasubsetof theprogram's infeasiblepaths.Thisstepis followedby aloop-bounding
algorithmbasedon local inductionvariableanalysisthat, combinedwith structuralanalysis,
is able to deliver �ne-grained per-block boundson the minimum and maximumnumberof
iterations. To resolve the target of methodcalls the compilerperformsa variabletype based
analysisreducingthecall-graphsize.

In a secondphasethe durationof the different program's instructionsor basicblocks is
computedwith respectto theusedhardwareplatformandthecomputationalcontext wherethe
instructionsareexecuted.Modernsystemswith preemptionandmodernarchitectureswith non-
constantinstructionduration(dueto pipelining,branchpredictionanddifferentlevel of caches)
hindera fastandprecisecomputationof a program's WCET. Insteadof simulatingthe CPU
behavior on all the possiblepathswe apply the principle of locality, limiting the effectsof a
giveninstructionto a restrictedperiodin time andallowing usto analyzelargeapplicationsin
asymptoticallylineartime.

We describetheeffectivenessin approximatingtheworst-caseexecutiontime for a number
of programsfrom smallkernelsandsoft-real-timeapplications.
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Riassunto

La correttezzadei sistemiin temporealenon dipendeunicamentedall'esattezzadei risultati
ma anchedalla consegnadei risultati entrodei limiti temporaliprestabiliti. Pergarantireche
tuttele scadenzesianorispettate,gli schedulerin temporealenecessitanodellastimadel tempo
massimodi esecuzione(worst-caseexecutiontime) di ogni processo.Il tempomassimodi es-
ecuzione,oltre a esserenecessariopergarantirela correttezzadei sistemiin temporeale(soft-
e hard real-time), �e ancheutile in sistemimultimediali,dove pu�o essereusatopermeglio dis-
tribuire le risorsetra i processi,adattandola qualit�a del servizioofferto,al caricomomentaneo
del sistema.

Questadissertazionepresentaunaseriedi analisistaticheeseguitedurantela compilazione
per stimarela duratamassimadi esecuzionedi processiJava concentrandosisulla approsi-
mazionedel tempodi esecuzionedi applicazioniin temporealesuf�cientementegrandi su
piattaformehardwaremoderne.

In unaprimafase,la semanticadel programma�e analizzatain mododadeterminareil nu-
meromassimo(e minimo) di iterazioniper ogni bloccotrovandoil limite del numerodi iter-
azioni delle strutturecicliche. Questaanalisi, implementatacomemodulodi un compilatore
Javaahead-of-time(dabytecodeacodicenativo), esegueun'interpretazioneastrattadi segmen-
ti lineari di codicedelimitandoi possibilivalori chele variabili locali possonoassumerein un
determinatopuntonel programma,e scoprendoun sottoinsiemedei cammini impossibili nel
grafodel controllodi �usso. In seguito, usandoun algoritmoper la delimitazionedel numero
di iterazionideicicli, basatosull'analisidellevariabili induttivecombinatoconun'analisistrut-
turaledelprogramma,ricaviamodei limiti accuratisulnumerodi iterazionia livello deisingoli
blocchi.Perde�nire le possibilidestinazionidellechiamatedeimetodiil compilatoreesegueun
analisibasatasui tipi dellevariabili, in gradodi ridurrela dimensionedelgrafodellechiamate.

In unasecondafase,vienecalcolatala duratadellesingoleistruzioni(o dei singoli blocchi)
in relazioneallapiattaformahardwareusataeal contestocomputazionalenelqualele istruzioni
sonoeseguite.La presenzadi diritto di prelazionee la duratanoncostantedellevarieistruzioni
sullearchitetturemoderne(dovutaalla presenzadi pipeline,predizionedellediramazionie di-
versi livelli di cache)impedisceun calcolovelocee precisodel tempomassimodi esecuzione
di un programma.Invecedi simulareil comportamentodel processoresututti i possibilicam-
mini applichiamoil principiodi localit�a, limitandogli effetti di unadataistruzioneaunperiodo
de�nito di tempo,permettendocidi analizzaregrosseapplicazioniin un tempoasintoticamente
lineare.

Descriviamo in�ne l'ef �cacia dell'approssimazionedel tempomassimodi esecuzioneper
unaseriedi programmi:dapiccoli benchmarkadapplicazionisoft-real-time.
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1
Intr oduction

1.1 Worst-case execution time

A real-timesystemis a systemwhosecorrectnessdoesnot only dependon the soundnessof
the results(functionalcorrectness)but alsoon the timelinessof their delivery. We normally
distinguishbetweenhard-real-timesystems, wheretheeachtaskhasto �nish beforeits deadline
underany condition(e.g.,high loadandpossiblefaults)andsoft-real-timesystems, wherethe
systemis occasionallyallowedto missa deadline.Soft-real-timesystems,in contrastto hard-
real-timesystems,generallyhavelongerresponsetimerequirementsandthey areasynchronous
with the stateof the environment. The driving characteristicin the designof a soft-real-time
systemis theaverageperformanceandno catastropheoccursif a singledeadlineis missed.In
hard-real-timesystems,on theotherhand,thefocusis not on theoverall systemef�ciency but
onthedeadlinesof thesingletaskswhichhaveto berespectedfor thesystemto bein synchrony
with theenvironment(e.g.,externalsensorsor actuators).

A hard-real-timeschedulerhasthereforeto guaranteethatall theconcurrenttaskswill meet
the speci�ed deadlinesby distributing limited systemresources.Hard-real-timeschedulers
usuallyscheduleprocessesaccordingto their �x ed (e.g., ratemonotonicschedulers[64] and
deadlinemonotonicschedulers[58]) or dynamicpriorities (e.g.,earliestdeadline�rst sched-
ulers[64]). The readeris referredto [17] for a comprehensive introductionto hard-real-time
systemsandschedulingalgorithms. If the worst-caseexecutiontime (WCET), which corre-
spondsto thelongestpossibleruntime,andthedeadlineof eachprocessis known, thesesched-
ulers,thanksto on-lineor off-line admissiontesting,areableto guaranteethatall thedeadlines
will bemet[90, 64].

Soft-real-timesystemsinsteadareallowed to miss a deadlinefrom time to time without
catastrophicconsequences.They alsooften relax the requirementsfor the scheduledapplica-
tions,asthespeci�cationof apreciseandknown tight WCET(e.g.,by allowing someimpreci-
sion),to accommodatedynamicandaperiodictasks[37, 28, 52]. In thesesystemstheWCET,
in additionto beusedfor admissioncontrol,canalsobeusedto adjustthequalityof serviceby
dynamicallychangingthetypeandquantityof runningprocessesbasedon their longestpossi-
bleexecutiontime. As anexample,amultimediaservercouldadjustthequalityof thedelivered
streams,andthereforethe CPU load,by a carefulcompile-timeanalysisof the encodingand
decodingalgorithmsandtheir timing requirements.

In both hard-andsoft-real-timesystems,if the WCET of a processis overestimatedthe
systemwill reserve moreresourcesthenneededandwill beunderutilizedbut thesafetyof the
systemwill beguaranteed.If, instead,theWCET is underestimated,someprocesseswill not
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2 CHAPTER 1. INTRODUCTION

beableto meettheir deadlinesresultingin a likely systemcrash,especiallyfor hard-real-time
systems.

For thesereasons,beforeacceptinga task the systemperformsa schedulabilitytest (or
analysis)to determineif asetof processescanbescheduled,ensuringthatevery taskwill meet
its deadline. An exact schedulabilitytest is an NP completeproblem[35] and the systems
usuallyperformsa suf�cient schedulabilitytest(which couldreturna negative resultfor some
acceptablecon�gurations).Thepossibilityto performacorrectschedulabilityanalysisdepends
on theprecisionof its inputs: While thedeadlineandthestartingtime of a processdependon
thesystemdesignits computationtime dependssolelyon its implementation.Theimportance
of the WCET analysisof real-timeprocessesis thereforeclear sincethe correctnessof the
schedulabilityanalysesdependson it.

Thesimplestandmostcommonway to estimatetheWCET of anapplicationis by experi-
mentation:TheWCET correspondsto thehighestmeasuredexecutiontime of several runsof
theanalyzedprocesswith differentinput sets(theproblemin this caseconsistin choosingthe
inputsthatwill generatethe longestprogramduration). Althoughmany systemsusedto esti-
matetheWCET in this way this solutionis clearlynot alwayssatisfactorysinceit is possible
thatsomeotherinput will generatea higherrunningtime. For this reason,despitethefact that
a generalautomatedworst-caseexecutiontime analysisis impossibledueto the undecidabil-
ity of thehaltingproblem,theefforts in automaticWCET computationhave rapidly grown in
the pastyearsattractingmany researchgroups[85, 95, 84, 40, 31, 44]. Theseefforts differ
in theprogramminglanguagethat is supported,the restrictionsthatareimposedon programs
admittedfor real-timescheduling,the (real-time)runtimesystemthat controlsthe execution,
thehardwareplatformsthatareusedandtheamountof approximationthatis allowed(thereare
evenapproachesthatuseprobabilisticmodelsto estimatetheWCET[5]). But all of themtry to
computeor estimatetheWCET, while reducingtheneedof programmersintervention.

TheWCETof aprocessusuallydependsontwo mainaspects:thesemanticof theprogram,
which includesaspectsasthemaximumnumberof loop iterationsandtheprocedureor method
call sequences,andthe actualtime neededto executethe instructionson the given hardware.
The�rst aspect,thesemanticanalysis,dealswith themeaningof thecode,trying to understand
therole of theexpressionsandstructuresin theexecutionof theprogramwith particularatten-
tion to cyclic structuresthatcangreatlyin�uence thedurationof theprocess(seeSection1.2).
After all the possibleexecutionsequenceshave beencomputed,an hardware-level analysis
computesthemaximumdurationof theprogramon thegivenhardware(seeSection1.3). Sec-
tion 1.4describesour thesisandsummarizesthecontributionsof thiswork.

1.2 Semantic analysis

Real-time,or predictableprograms,musthave anupperboundon their duration.This implies
thatevery loop hasa boundon themaximumnumberof iterationsandthatthereis a boundon
thedepthof recursiveprocedurecalls.

The simplestway for a WCET analyzerto computetheseboundsis to requirethe users
to manuallyspecify themin the sourcecodewith speciallanguageconstructs,but thesean-
notationsrequireexpert programmers—whichis not always the casefor embeddedsystems
developers—sincecomplex controlsequencescouldobfuscatesomenonfrequentpaths.But the
mainproblemof annotationslies in their correctnessandtheir maintenance:thecompilerand
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thesystemcannotguaranteethattheprogrammermadeno mistake specifyingthebounds,and
moreoverevery time thecodeis changedtheaffectedannotationshave to beupdated.Theseis-
suesareaggravatedby thefactthat,dueto theincreasingspeedof embeddedsystems,real-time
programsaregettinglarger andmoreandmorecomplex, hinderinga simplemanualanalysis
of thecode(e.g.,modernprogramsmake anextensive useof dynamicstructuresanddynamic
methodcalls).

For this reasonsin thepastyears,theefforts in WCETanalysisautomatizationtriedto build
tools able to computeor approximatea process's longestexecutiontime at compile time by,
for example,boundingthemaximumnumberof loop iterationsor by detectingthepresenceof
infeasiblepaths.

1.2.1 Goals

Themaingoalof (automatic)WCETanalysisis thereforeto �nd aboundonthecyclic structures
of theprogram.All theloopsmusthavea�nite andknown maximumnumberof iterations,and
for eachrecursivecall sequencetheremustbea �nite andknown maximumrecursiondepth.

Theseboundsmustbeassmallaspossibleto avoid wastingruntimeresources:If theWCET
is overestimatedtheschedulerwill allocatemoretime thanneededfor theapplication.

In addition, to further reducethe WCET estimation,a WCET analyzernormally tries
to identify falseor infeasiblepaths(pathsthat cannotbe executedwith any input, seeSec-
tion 2.3.5), whicharethenexcludedfrom thesetof possibleprogramtraces.

1.2.2 Manual annotations and special purpose langua ges

The�rst automaticattemptsto computethelongestpossibledurationof real-timeprocesses
madeuseof programmer'sannotationsandcanbedividedin two majorgroups:specialpurpose
languagesandextensionsto commongeneralpurposelanguages.

Specialpurposelanguages

Insteadof designingtools to computetheWCET for real-timeprogramsdevelopedwith gen-
eralpurposelanguages,severalgroupsdesignednew languagesfocusingon predictabilityand
timing.

Oneexampleis Real-Time Euclid [55, 95] which restrictsthe control-�ow by prohibiting
recursionandby allowing only for-like loopswith �x ed bounds. Anotherexamplearesyn-
chronousprogramminglanguagessuchasEsterel[6]. Synchronouslanguagestake a different
approach:they aredesignedasreactivesystemswaiting for eventsandactingin adeterministi-
cally determinedamountof time (eventhandlingis dividedin a �nite numberof steps).

Theselanguages,having strict timing limitations,allow a preciseandsimpleanalysisand
provideaniceandelegantsolutionto theWCETcomputationof hard-realtimeprograms.

Theselanguagesareveryusefulfor hard-real-timeprojectsasthey eitherhavestrictrequire-
mentsandfeaturelimitationsor they enforcea particularstyleof programmingdirectly related
to thetiming constraints.
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This, on theotherhand,makesthemnot ideal for soft-real-timeprogrammingor to multi-
mediaenvironmentswheretheWCETcouldbeof interestbut wheretiming constraintsarenot
thedriving applicationdesignfactor.

Annotations for generalpurposelanguages

A differentapproachis themodi�cation of existingprogramminglanguagesto easetheWCET
analysisor to enforcea certaintiming behavior. In this casesomelanguageconstructsare
introducedto allow theuserto annotatetheprogramandmanuallyspecifyiterationbounds.

Oneexample,object-codeanalysis, is given by the work of AloysiusMok andhis group:
they introduceda techniqueto automaticallyproducetemplateannotationsfor C codewhich
aretheneditedby the programmerto specifythe durationof loops[70]. Anotherexampleis
theTiming Schema[92] which uses,asannotations,intervalsof iterationsin a setof formulas
derivedby arecursive traversalof theprogram.Themethodwaslaterextendedby theinforma-
tion descriptionlanguage(IDL), whichallowsto specifypathconstraintsidentifying infeasible
paths[78].

The�rst approachpresentedby theMAintainableReal-timeSystem(MARS) projectfrom
the ViennaUniversity of Technology [82] is a further extensionto the annotationsfor gen-
eralpurposelanguagesincludingthehandlingof incorrectspeci�cations.Themethodhandles
MARS-C programs,a C dialectthat supportstiming annotationsandconstraints.The timing
schemawasalsosuccessfullyadaptedto anobject-orientedlanguage(RealTimeTalk) support-
ing polymorphism,inheritance,andmessagepassing[39].

Someof thesemethodsusetiming trees[79, 103], a datastructurecreatedto decouple
the semanticinformationfrom the source. Thesesyntaxtreescontainall the relevant timing
informationandcanbe usedby all the tools involved in the WCET analysisasthey work as
a mappingfrom thesourceto the timing propertiesof thecode.The informationcontainedin
timing treescanalsobe adaptedto supportsimplecodechangesperformedby an optimizing
compiler.

Otherapproaches,asagraph-basedtechniquefrom theMARS project[84] or theCindarella
method[87], useinteger linearprogramming(ILP) to solve setsof userspeci�ed inequalities
that specifythe numberof loop iterations(additionalinequalitiescanbe introducedto model
infeasiblepaths).Both approachespresentanelegant formulationandarebasedon clearand
well-known mathematicalfoundations.

But althoughall thesemethodscanproduceexcellentresultswith correctannotations,they
arevery proneto errorssincethe responsibilityfor the correctnessof the annotationslies in
thehandsof thedevelopers.Speci�edconstraintscanalwaysbecheckedat run-timebut again
thereis noguaranteethateventualfaultswill bediscovered.

Thisproblemmotivatedthegrowth of toolsto automaticallycomputesemanticannotations
to minimize the neededuser intervention. Thesetools can be broadly characterizedin two
majorgroupsby the typeof analysisthey arebasedon: toolsbasedon abstractinterpretation
(seeSection1.2.3) andtoolsbasedondata-�ow analyses(seeSection1.2.3).
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1.2.3 Abstract interpretation

Abstractinterpretation[23] is atechniqueto automaticallyanalyzeprogramsby executingthem
in an abstractdomainkeepingtrack of semanticinformation. This methodcan be usedto
computetheWCET of a programautomatically, without userannotations,by keepingtrackof
all thepossiblevaluesfor eachvariableoneverypath.

Althoughthis approachcan,in theory, deliver perfectresults,thenumberof possiblepaths
growsexponentiallyfor everyconditionaljumpandeveryloopiteration.To avoid theexplosion
of pathsthathaveto beconsidered(keepin mindthatto haveanexactknowledgeof theprogram
we shouldstoreinformationfor eachpossiblepath)the intermediatedatais mergedat certain
programpoints(suchastheendof loops)to safelyapproximatetheresults.

This approachwas successfullyimplementedby JanGustafssonfor RealTimeTalk [40],
an object-orientedlanguagefor distributedhard real-timesystemsandusedby the groupof
ReinhardWilhelm for theirWCETcomputationframework [31].

Section2.3presentsa morein-depthdescriptionof abstractinterpretationin relationto this
thesis.

1.2.4 Data-�o w analysis

To avoid thetwin problemsof pathexplosionandinformationlossof theapproachesbasedon
abstractinterpretation(seeSection1.2.3), David Whalley andhis groupat the Florida State
University presenteda techniqueto boundloops using only static information on the local
variablesinvolved in loop termination[42, 44, 43]. Loopsarethereforeanalyzedin isolation
looking at the conditionalbranchesthat could provoke an exit from the loop, at the variables
usedin theconditionalchecks,andathow thesevariablesarechangedin theloop.

This method,althoughlessgeneralthanapproachesusingabstractinterpretation,is ableto
handlea large numberof loopsfound in real-timeprogramsin a quick andsimpleway (the
runningtime is in theasymptoticcasequadraticin thenumberof branches).

Section2.2 shows how this methodworks in detail and presentshow we enhancedit to
preciselycomputeboundsfor everyprogram's block.

1.3 Hardware analysis

Thesecondimportantissuein WCET computation,after theanalysisof theprogram's seman-
tics, is theestimationof thetimeneededto executethedifferentinstructionson thegivenhard-
ware.

On simpleprocessorswherethedurationof theexecutionof eachinstructionis known and
constant,this taskis trivial: Themaximalnumberof iterationsfor eachbasicblock is known
from the semanticanalysis,and durationof eachblock correspondsto the sum of eachin-
struction'sduration.But with theintroductionof modernpipelinedprocessorsin theembedded
world, thecomputationof theinstructiondurationbecamemorecomplex. Becauseof pipelines,
cachesandbranchprediction,thedurationof aninstructionis not constantbut dependson the
previouslyexecutedinstructionsmakingthecomputationof a tight WCETahardproblem.

A very conservative solution (not consideringtiming anomalies[66]), for the instruction
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durationcomputation,wouldbeto considereachmemoryaccessacachemiss,everybranchas
wrongly predicted,andeachinstructionin thepipelineasdependentanall thepreviousones.
ThecomputedWCETwouldbeformally correctbut ordersof magnitudehigherthanany prac-
tical value,leadinga severeandunacceptablewasteof resources(e.g.,a cachemissnormally
requiresseveralordersof magnitudemoretime thana cachehit). Thegoalof a goodhardware
WCET estimatoris thereforeto conservatively minimize thesepessimisticassumptionsby a
carefulcodeandarchitectureanalysis.

Similarly to the semanticanalysisthereare two main groupsof approachesto estimate
the instructiondurationon the hardwarelevel: it is possibleto executethe assemblercodein
an abstractdomainkeepingtrack of the CPU state[31], or it is possibleto deducethe CPU
behavior from sophisticateddata-�ow analyses.

If theprogramis smallandonly containssimplefor-like loopsit is possibleto simulatethe
cyclic structuresasanatomicblock: themaximumnumberof iterationsis easilycomputable
andit is possibleto simulate(or measure)the block's WCET sincetherelongestpath is im-
plicitly known [94]. As thecomplexity of theanalyzedprogramsgrows this approachsuffers
from thefactthatloopscannotbeconsideredasindependentblockswith a �x durationbut their
executiontimecoulddependon theprogramor methodinput.

Sinceabstractinterpretationsuffersfrom thesameproblemsthatarepresentin thesemantic
analysis(seeSection1.2.3), severalresearchgroupsanalyzethepipelinestatuswith adata-�ow
methodto determinethe WCET [41, 60, 63, 107]; theseapproachescanbe extendedto the
analysisof theinstructioncache,sincethebehavior of this unit is, asthepipeline,independent
from the system's memoryallocation[41, 60, 98]. Datacaches,instead,posean additional
problemsincememoryallocationdoesnot only dependon the analyzedprogrambut alsoon
theunderlyingsystemandinputset[53, 60].

The dif�culties in computingthe instructiondurationareworsenedby modernembedded
operatingsystemswhich supportpreemption[48, 37] andthedynamicloadingandunloading
of processes[15, 89, 77]. Thepossibleinterferencescausedby unpredictablecontext switches
make a precisestaticanalysisof the hardwarebehavior almostimpossible.The phenomenon
is evenmoresigni�cant in soft-real-timeenvironmentswheretheanalyzedtasksoftenhave to
sharethesystemandhardwarewith othernon-real-timeprocesses.Techniquesexist to takeinto
accountthe effectsof �x ed-priority preemptive schedulingon caches[57, 16], but the nature
and�e xibility of dynamicsystemspreventsanoff-line analysiswith acceptableresults.

Anotherpossibleapproachto the datacacheproblemfocuseson the active management
of the caches:If we canprevent the invalidationof the cachecontent,thenexecutiontime of
memoryaccessesis predictable.Oneoptionis to partitionthecache[54, 61] sothatoneor more
partitionsof thecachearededicatedto eachreal-timetask.Theseapproacheshelptheanalysis
of thecacheaccesstimesincethein�uenceof multitaskingis eliminated,but ontheotherhand,
cachepartitioninglimits thesystem's performance[62].

1.4 Thesis statement

All theapproachesin Sections1.2 and1.3 arepragmaticsolutionfor thecomputationor esti-
mationof theworst-caseexecutiontimeaddressingvariousapplicationdomains.

The WCET of a programis an importantconceptthat is not only usefulin hard-real-time
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schedulinganalysis—toensurethatevery processwill have enoughresources—but canbeap-
plied in soft-real-timeand in adaptive systemsguaranteeingdifferentquality of service. An
examplecouldbea multimediasystemwheretheencodersor decodersof the live streamsare
chosendependingon theavailabletiming resources.

In thisdissertation,I show that

“Compile-timesemanticanalysiscandetectloop boundsandgathercontrol-�ow
informationto delimit thelongestexecutionpathof Javaprograms.It is alsopos-
sibleto delimit thesizeof thecall graphof programsusingmethodovverridingby
a wholeprogramsworst-caseexecutiontimeanalysisof object-orientedcode.

Theworst-caseexecutiontimecanbeapproximatedonmodernexecutionplatforms
combiningcompiletimeanalyzesandrun-timeinformation.

It is possibleto performtheWCETestimationof largeprogramswithoutrelyingon
pathenumeration.”

Thedissertationestablishesthis thesisstatementasfollows:

1. It presentsa setof fastcompiletime analysesto boundthe maximumnumberof itera-
tions for eachsourcelanguagesemanticconstruct.Thesealgorithmspresenta linearor
quadraticasymptoticbehavior (onthesizeof thesourcecode)allowing usto handlelarge
applications.

It presentsanimplementationof thesemanticanalyzerfor Java programsembeddedin a
generalpurposebytecode-to-native aheadof timecompiler.

2. It showshow to approximatetheinstructiondurationonmoderncomplex processorswith
severallevelsof caches,pipelinesandbranchpredictionin asymptoticallylineartime.

It describestwo differentimplementations,onefor theXO/2 systemonPowerPCandthe
otherfor Linux runningon Intel processors,of a hardware-level WCET analyzerwhich
makesuseof somerun-timedatato approximatethedurationof theanalyzedprogram.

3. Using varioussyntheticbenchmarksas well as somereal applicationsthe evaluation
shows that it is possibleto computeWCET approximationsin anunpredictableschedul-
ing environment.

1.5 Road-map for this disser tation

This dissertationis organizedasfollows: Chapter2 describesthesemanticanalysisperformed
by our WCET approximationtechnique. We presenta local analysiswhich automatically
boundsthe numberof loop iterations,reducesthe call graphby reducingthe set of targets
for dynamicmethodcallsanddetectsa subsetof thefalsepathspresentin theprogram.Chap-
ter 3 describestheanalysison thehardwarelevel showing how we approximatetheinstruction
durationswithoutperformingpathenumeration.Chapter4 discussesimplementationissuesre-
latedto the chosenprogramminglanguage(Java) andthe usedhardwareplatform (PowerPC
andIntel). Chapter5 evaluatesthe resultsobtainedtestingbenchmarksandreal applications
while Chapter6 addressespossibilitiesfor furtherresearchandconcludesthisdissertation.





2
Semantic Anal ysis

Thesemanticsof aprogramareacrucialpoint thatmustbeunderstoodto boundtheprogram's
worst-caseexecutiontime: In particulara WCET analyzermustidentify every cyclic seman-
tic structureof thecontrol-�ow graphand�nd a boundon themaximumnumberof iterations.
Loopsandrecursive subroutinecalls arethereforethe main focusof an automaticWCET se-
manticanalysis(seeSection2.2).

In additionto identify loop bounds,particularattentionis usuallypaid to infeasible(also
calledfalse)paths.Thesearepartof control-�ow pathsthatareimpossiblefor every potential
execution.Thesepathscanbethenexcludedfrom theWCETcomputationsincethey will never
bepossiblyexecuted(seeSection2.3).

Object-orientedlanguages,with dynamicmethodcalls, posean additionaldif�culty: For
every dynamiccall site, therearemany differentpossiblejump targets,andit is thereforees-
sentialto performa precisetype analysisto minimize the setof possibletargetsreducingan
eventualWCEToverestimation(seeSection2.8).

This chapterdescribeshow we extract thesemanticinformationfrom singlethreadedJava
programsandcomputea safeboundon themaximumnumberof iterationsfor eachprogram's
statement.

2.1 Structural analysis

Our WCET analyzeris implementedasa modulein a bytecodeto native compiler. Working
with theclassbytecodesasinput hasseveraladvantagesasit providestheability to work with
several compilersandeven different languages(e.g., thereexist Java bytecodebackendsfor
Lisp, Eiffel, SmallTalk andAda). Java bytecode,in additionto normalobject-codebinaries,
hasalso the advantagethat it retainssomeuseful information aboutthe program's symbols
suchasvariablesandtypes.Thedrawbackis thatwehavenoaccessto thesourcecode,andthe
semanticstructureof theprogramsis obfuscated(i.e., Java bytecodestoresno informationon
thetypeof jumps,whicharesimplygotos).

For this reasonthe �rst stepin our semanticanalyzeris a precisestructuralanalysisof
theprogram:we divide thecontrol-�ow graphinto setsof regionsthatdescribetheprogram's
semanticstructures.This kind of structuralanalysiswas�rst presentedby Sharir[91, 72] and
employed in several decompilersand optimizing compilers. Sharir's structuralanalysisis a
powerful interval analysisableto decomposethecontrol-�ow graphinto asetof basicsemantic
structureslike loopsandvariouskind of conditionalstructures.It provesparticularlyuseful
whenthesourcecodeis not availableasin thecaseof decompilers[19], or, asin our case,in a

9
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bytecodeto nativecompiler[68].

In additionto preciselyclassifythegeneratedintervals,theindividual semanticregionsare
smallerandsimplerthanin a classicinterval analysis(althoughthecontrol treeformedby the
semanticregionsis typically larger). Anotherpositive aspectis thatevery reducibleregion has
auniqueentrypoint (theregionheader)facilitatingmany analyses.

The algorithmbuilds a depth-�rst spanningtreeof the control-�ow graph,which is then
traversedin postorder. For every nodethat is traversedthe compiler tries to matchit with a
seriesof prede�nedstructurallanguage-dependentpatterns(seeFigure2.1for thelist of patterns
we recognize).Note that we do not considerany patternto representCase–switch structures
sincethey aretranslatedto asequenceof If–thenandIf–then–elsestructuresbeforebuilding the
control-�ow graph. This simpli�cation limits the ef�ciency of the producedcode(we cannot
generatejump tables)but helpsin many analysessincefor every block we have at most two
successorswhichareeasilyidenti�able (i.e.,branchandfail).

Thesepatternsarecategorizedinto cyclic, noncyclic, proper, and improperregions. Im-
proper(or nonreducible)regionsarecycleswith morethanoneentrypoint (theseconstructsare
not allowed in Java andmany otherlanguages)while properregionsarenoncyclic structures
which do not follow a standardpattern(they arenormallygeneratedby complex If statements
containingcomplex booleanexpressions).We useproperregionsto de�ne arbitrarynoncyclic
regionsthatcannotbereducedto any known patternasin [72] andnot to describeregionsthat
arenonimproperin ageneralway.

While Block, If–then, If–then–else, While–loop, Repeat–loopand Improper patternsare
staticin thenumberof nodesandedges(seeFigure2.1.a),Natural–loopandPropercanhave
anunde�nednumberof nodeskeepingthegeneralstructure(seeFigure2.1.b). E.g.,aNatural–
loopcanhaveanunlimitednumberof exit edges).

Duringthetraversaleverynodeis �rst comparedto theheaderof eachknown pattern:if the
nodeandits immediatesuccessorsmatchwith theprede�nedstructurethey arereducedto an
abstractnoderepresentingthesemanticregion—similarlyto aclassicalinterval analysis.

In addition,beforereduction,for every cyclic region (i.e., loop) we adda specialempty
pre-headernodewhich actsas the uniqueheaderpredecessoroutsidethe loop anda special
emptycontinuenodewhich actsas the tail of the uniqueback-edge(seeFigure 2.2): Every
edgefrom a headerpredecessorthat is not partof the loop is redirectedto thepre-header, and
every back-edgeis redirectedto thecontinuenode. This ensuresthatevery loop hasa unique
entrypointandauniqueback-edge.

Figure2.3 shows an exampleof the patternmatchingprocess:Whennoden0 is analyzed
thecompilerchecksif thesuccessors(n1 andn2 in our case)have a commonuniquesuccessor
(n3) andno otherpredecessorsotherthenn0 itself. If all theconditionsapply thegraynodes
arereducedto anabstractnoderepresentinganIf–then–elseregion, if not, thecompilertriesto
matchn0 with theheaderof thenext patternsfrom thelist shown in Figure2.1.

Theresultis a hierarchicaltreeof subgraphsembeddedinto eachotherrepresentingthese-
manticconstructsof theprogram.Figure2.4showsanexampledecompositionof asimpleJava
program:theprogramon theleft representedby thecontrol-�ow graphon theright is decom-
posedinto semanticregions(dottedlines);thetableon thebottomsummarizesthecomposition
of thedifferentregions.

Structuralanalysis,in contrastto a normalanalysisbasedon the dominatorrelation,can
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Block If–then If–then–else Proper(example)

While–loop Repeat–loop Improper Natural–loop(example)

(a)Staticpatterns (b) Dynamicpatterns

Figure2.1: Structuralpatterns(theheaderis shown shades).

pre�header

continue

(a) (b)

Figure2.2: Loop transformations:theloop (a) in enhancedby theadditionof a pre-headerand
acontinuenode(b).

easilyrecognizecyclic structureswith morethanoneback-edgeasasingleloop(seeFigure2.5)
andhandleimproper(or irreducible)regions(seetheImproperpatternin Figure2.1).

Unfortunatelythecomparisonof smallgraphregionswith aseriesof prede�nedpatterns,as
initially presentedby Sharir, is not suf�cient to handleevery reduciblecontrol-�ow graph,as
somenoncyclic structuresgeneratedby complex booleanexpressionsin conditionalstatements
do not follow a generalscheme(properregionsandnaturalloops,seeFigure 2.1). Complex
booleanexpressionsregionsarenot reducibleto any known pattern:They arenoncyclic and
areconnectedto therestof thecontrol-�ow graphby two joint nodes(alsocalledarticulation
points). Jointnodesareasetof nodes,normallytwo,whichconnectastronglyconnectedregion



12 CHAPTER 2. SEMANTIC ANALYSIS

n0

n1 n2

n3

Figure2.3: Patternselection.

of thegraphto therestof it, removing thesejoint nodes,thisregionremainsdisconnected.Since
sucharegionhasauniqueentrypoint,everynodeis dominatedby theregionheader. Figure2.6
shows sucha region (dashedline) for a compositeIf–then–elsestatement(the two joint nodes
areshown in gray).

To properlyidentify thesecommonlyfoundregions,wedevelopedthegraphtraversalalgo-
rithm shown in Figure2.7 that is performedon thepartially reducedgraph:Startingfrom the
nodethat is supposedto be the region header(header), after having tried to matchit with a
known pattern,weiteratively traversethegraphlookingfor thesecondjoint node.Westop,and
returnanemptyregion, if we �nd anodethathasasuccessoror apredecessorthatis notdomi-
natedby theheader. Otherwisewecreateanew region(properregion) containingthesubgraph
betweenthetwo joint nodes.

Thecompletealgorithmhasaworst-caserunningtimeasymptoticallyquadraticin thenum-
ber of basicblocksbut hasshown experimentallyto be asymptoticallylinear in the average
case.

Figure2.8showsanexamplewith asnapshotof thetraversalalgorithm.Startingfrom node
K (the possibleheaderof the region) we traverseall the successorsandmark themasvisited
(graynodes).For eachnodewe checkif all its successorsandpredecessorsaredominatedby
theheader. In this casenodeL is partof theregion while nodeM is not, sincenodeN or node
O arenotdominatedby theheader(K). ThismeansthatK is notaproperregionheaderandwe
returntheemptyset.

2.2 Loop bounding

Cyclic structuresasloopsor recursive proceduresareof centralinterestto computean upper
boundon the executiontime of any program. Being oneof the major factor that contributes
to the durationof a process,loopsandtheir analysistechniquesare the main concernin the
designandimplementationof a WCET analyzersincethechoiceof theanalysismethodology
in�uencesthewholeframework anddetermineswhich informationwewill beableto retrieve.

As describedin Section1.2therearetwo mainapproaches:techniquesasabstractinterpre-
tation basedon symbolicexecutionthat try to simulatethe programbehavior for all possible
executionsor techniquesthat try to analyzethe loopsin isolationwith a setof staticsemantic
analyses.

Both approacheshave advantagesanddrawbacks: Approachessuchasabstractinterpre-
tation allow, in theory, a completeknowledgeof the programbehavior sinceall the possible
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do {
if (A) {

B;
while (C) {

if (D)
E;

else
F;

}
G;

}
} while (H);
I;

A

D

F

G

C

B

E

H

I

J

K

M N

O

P

J := If-then-else(D, E, F) N:= If-then(A, M)
K:= While(C, J) O:= Repeat(N, H)
M:= Block(B, K, G) P:= Block(O, I)

Figure2.4: Structuralregionsfor asimpleJavaprogram.

executionsaresimulated.

In practice,dueto thenumberof pathstobeanalyzed(exponentialin thenumberof executed
conditionalbranches),the precisionof the resultsis arti�cially reducedto maintainthe size
of the problemmanageable.In additionto the maximumnumberof loop iterations,abstract
interpretationmethodsareableto detectfalseor infeasiblepaths.

Staticanalysesinsteaddo not suffer from the pathexplosionproblemsincethey analyze
loops in isolation without differentiatingdifferent incoming pathsin asymptoticallypolyno-
mial analysistimes. On theotherhandthe local characterof thesetechniquesdoesnot allow
themto considerinformationregardingmorethanoneloop (or semanticstructure)like loop
dependencesor infeasiblepaths.

The choiceof the type of analysisfor our WCET estimatorwasdriven by the type of ap-
plicationsthatwe wantto analyze:We targetlargesoft real-timeapplicationsandthereforewe
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while (A) {
if (B)

C;
else

D;
}

B

C D

A

Figure2.5: Loopwith morethanaback-edge.

if (A || (B && C)) {
D;

} else {
E;

}
F;

A

B

D

F

E

C

Figure2.6: Region thatcannotberepresentedby aprede�nedpattern.

needa fastandvery scalableanalysisthat requiresa minimal userinterventionwhereassome
overestimationin theWCETcanbetolerated.

To that end, to analyzea loop we choosea local and static approach(describedin Sec-
tion 2.4) but asshown in Section2.3, we do not completelydiscardthe ideasbehindabstract
interpretation,whichweused,in asimpli�ed way, to �nd infeasibleprogrampaths.

2.3 Partial abstract interpretation

Althoughour loopboundingtechniqueanalyzestheloopsin isolationanddoesnotperformany
pathenumeration(seeSection2.4) we usea limited form of abstractinterpretationto detect
infeasiblepathsonacyclic codesegments.

The main problemof abstractinterpretationis that every possibleexecutiontrace1 hasto

1We de�ne a traceasa sequenceof instructions,includingbranchesandloops,thatis executedfor someinput
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W := successors(header)
R := ;
marktheheaderasvisited
while W 6= ; do

node:= � W
R := R [ node
marknodeasvisited
if apredecessorof nodeis notdominatedby theheaderthen

(* thismeansthattheheaderis nota joint node*)
return;

end if
for all successorss of nodedo

if s is notdominatedby theheaderthen
(* wedonot follow backedges*)
return;

else
if s is not visitedthen

W := W [ s
end if

end if
end for
returnR

endwhile

Figure2.7: Algorithm to detectproperregions.

K

L

M

N

O

Figure2.8: Snapshotof theproperregiondetectionalgorithm.

beconsideredwith theconsequencethat thenumberof pathsto beanalyzedis exponentialin
the numberof conditionalbranchesthat will be executed. In fact, at every loop iterationthe
numberof possiblepathsis doubledincreasingthenecessityto mergeandreducethegathered

data.
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information.

To avoid thepathexplosionproblemwe do not iterateover loopsandwe limit theinterpre-
tationto linearcodesegments.In thiswayweareclearlynotableto boundloopsandwearenot
ableto storeany informationrelative to a pathor partialpaththatcrossestheloop boundaries.
Neverthelesswe areableto detecta numberof falsepaths(seeSection2.3.5) andto boundthe
possiblevaluesaninductionvariablecanassumeat runtime(seeSection2.3.6).

2.3.1 Partial linear paths

We de�ne a partial linear pathasa partof a completemethodtracethatdoesnot crossa loop
boundary. This may includelinearcodesnippetsaswell asloop bodiesanddoesnot exclude
pathscontaininga loop header. If we considerFigure 2.4 both partial pathsABCGHandDE
arevalid partial linearpathswhile BCDis not a valid linearpathsinceit crossestheborderof
the loop While(C,D,E,F) (ABCGHincludesthe loop headerC but doesnot includeblocks
insideandoutsidetheloopat thesametime).

We de�ne the border of a loop asthe setof basicblocksthat have both edgesconnecting
themto blocksin theloopandedgesconnectingthemto blocksoutsidetheloop(theloopborder
is composedby theloop headerandall blocksendingin a conditionalbranchthatcouldcause
theloop to terminate).

Thechoiceto focuson linearpathsinsteadof working with generalprogramtraces(asfor
a classicalabstractinterpretationpass)allows us to performthe analysisin exponentialtime
over thenumberof conditionaljumpspresentin theprogramwhith a smallknown constant.In
this casewe only considerthepresenceof a conditionaljump andnothow many timesit could
be executedsincewe do not considercyclic partial linear paths. Table 2.1 lists the number
of analyzedpartial linear pathsfor a numberof benchmarkapplications,showing the limited
numberof pathsthathave to beexecutedin theabstractdomain. The tablealsolists the total
numberof setsof integer intervals neededfor the abstractinterpretationand loop bounding
passesalongwith theirmaximumandaveragelength(i.e., thenumberof intervalsin theset).

Thesebenchmarksdemonstratethattherestrictionof theanalysisto partiallinealpathsand
thecon�nementof theenvironmentrepresentationto integers(seeSection2.3.2) keepthesize
of thesetof intervalssmallandmanageable.

Table2.1: Sizeof theabstractdomainrepresentation.

Benchmark Size(LOC) Partial linearpaths Setof intervals
Number Max. length Av. length

201 compress 574 2 891 3 773 7 1.2
205 raytrace 1 978 26 138 3 0.9
209 db 664 313 1 854 7 0.8

JavaLayer 5 816 8 050 12141 5 1.5
Scimark 756 233 1 860 3 0.7
Whetstone 128 12 465 1 0.7
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2.3.2 Representation of the abstract domain

Theaimof abstractinterpretationis to observetheprogrambehavior by executingit, or partof it
in our case,in anabstractdomain.Therepresentationof thevaluesof theelements(variables)
in the abstractdomainand the operationsthat we can perform on them must be de�ned so
thatthey areaspreciseaspossiblewithout leadingto incorrectconclusionsabouttheanalyzed
program.

Theabstractrepresentationof theconcretevaluesmustbesafe,i.e., it mustnot includeval-
uesthatarenot possiblein the concretedomainandthat could leadto a wrong interpretation
of the programbehavior. This loosede�nition allows abstractrepresentationto be a safeap-
proximationof theconcretedomain(approximationsareintroducedto reducethecalculations
neededateachstepandto reducethenumberof pathsthathave to beconsidered).

To further simplify our approachwe decidedto considerinteger local variablesonly, for
this analysis.This includesall theJava integer typesplus thebooleantypebut not references.
Wedonotconsider�oating point typessincetheir representationwouldrequiretoomuchspace
and�oating point typesarerarelyusedasvariablesresponsiblefor loop termination.Table2.2
shows the typeof thecontrolvariablesusedfor loop terminationin a numberof benchmarks:
the last columnholdsthe total numberof conditionalbrancheswith a loop's control variable
asoperandwhile the third, fourth and�fth columnscategorizethe type of the variablesinto
integers,�oating point typesandobject�elds (notethat thesecategoriesarenot mutuallyex-
clusive).

Table2.2: Loopcontrolvariabletypes.

Benchmark Size(LOC) Integer Floatingpoint Field Comparisons
201 compress 574 50 (100%) 0 (0%) 10 (20%) 50
205 raytrace 1 978 4 (100%) 0 (0%) 0 (0%) 4
209 db 664 75 (84%) 0 (0%) 4 (4%) 89

JavaLayer 5 816 208 (95%) 2 (1%) 52 (24%) 218
Linpack 291 124 (69%) 55 (31%) 0 (0%) 179
Scimark 756 77 (93%) 4 (5%) 0 (0%) 83
Whetstone 128 26 (100%) 0 (0%) 4 (4%) 89

Limiting the abstractrepresentationto local variablesallow us to safely ignore aliasing
problems.Aliasedvariablesin additionto complicatethe representationwould unnecessarily
increasethesizeof theabstractrepresentation.

Thisrestrictionsarenotlimiting sincethemajorityof theconditionalbranchesthatin�uence
theprogram's execution�o w areeitherintegeror booleancomparisonsor checkson dynamic
datastructuresthat could not be analyzedat compile time in any casesincethey are often
dependenton theinputset(seeTable2.2).

Thesimplestway to storethepossiblevaluesof anintegervariableis to representthemasa
setof closedintervalsobeying to thefollowing criteria:

� All the variablesthat are unde�ned are representedas v 2] � 1 ::1 [ in the abstract
domain.Sincewelimit theanalysisto integertypes,1 and�1 canbesafelyrepresented
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by themaximumandminimumvalueof thegiventype.

� The assignmentof a constantc to a variablev is representedasv 2 [c] in the abstract
domain.

� After aconditionaljumpthatcomparesavariablev to aconstantor anotherintegerwhose
possiblevaluesareknown, we split theinterval of possiblevaluesin theabstractdomain
accordingto thetwo differentoutcomesof thetest.

This testcanin caseof theequalityoperators(= and6= ) generateinteger intervalswith
holes, asillustratedby thefollowing example:

f v 2] � 1 ::1 [g
if v 6= c then

f v 2] � 1 ::c � 1] [ [c + 1::1 [g
else

f v 2 [c]g
end if

For thisreasoninsteadof representingvariablesvaluesin theabstractdomainwith integer
intervalswestorethemassetsof disjoint integerintervals.

I =
[

i

I i where
\

i

I i = ; :

In Java bytecode,booleanchecksaresimply mappedto integer equality testswith the
constants1 and0. This contributessigni�cantly to thepresenceof setof intervals in the
abstractrepresentation.

� Theabstractrepresentationis updatedwhenarithmeticoperationsareperformedon the
concretevariables:For this purposewe de�ned the mostcommonmathematicalopera-
tions(addition,subtraction,multiplicationanddivision)on thesetsof intervals.

Theoperationsontwo setsof integersaresimply, andsafely, de�nedasthesetof integers
thatrepresenttheresultof applyingtheoperationoneverycoupleof elements.

I i � I j =
[

vi 2 I i ;vj 2 I j

vi � vj :

2.3.3 Safe appr oximations of the abstract domain representation

Evenif we do not iterateover loopstherearesituationswhereit is advisableto reducethesize
of therepresentationof thevariablesin theabstractdomain.

Therepetitionof multiplicationsbetweentwo interval setscan,for example,generatevery
scatteredsetsof intervals. Sucha representationcanhave a negative impacton the analysis
performance.

Whenthe numberof pathsto be consideredor the numberof intervals in a setbecomes
too large,theanalyzermaydecideto approximatetherepresentationin theabstractdomainby
mergingasetof intervalsI i to auniqueinterval I

I :=
h
min

i
(I i ):: max

i
(I i )

i
:
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In our casetheseapproximationsareperformedwhenthe numberof elementsin a setgrows
aboveagiventhreshold.

2.3.4 Abstract interpretation

To performthepartialabstractinterpretationpasswe �rst computethetopologicalorderingof
theprogram'sbasicblocks.For thispurposewetreatthebackedgesof all theloopsasedgesto
every possibleexit of theconsideredloop. In this way we ensurethatall thenodesin theloop
bodycomebeforeall theloopexits in thetopologicalordering.

We thenvisit every block in topologicalorderandupdatethe variables'representationin
theabstractdomain.At conditionaljumpswe duplicatetheabstractdomainrepresentationfor
eachoutgoingpathandwecontinuetheanalysisonbothpathsrecursively.

If theconditionaljump is at theendof a loop'sheaderblockwefollow only theedgethatis
not enteringtheloop (if thereis one).Sincesomeof thevariablesin our environmentcouldbe
changedin theloopbodywehave to remove themfrom theabstractdomainbeforecontinuing:
All the variablesthat are not loop invariant are thereforeset as unknown ([�1 ::1 ]) in the
abstractdomainat thebeginningof theloop's header.

We call therepresentationof thevariablesin theabstractdomainfor a givenpathanenvi-
ronment. Suchanenvironmentcontainsa partial linearpathanda seriesof setof intervals for
all thelocal integervariablesthatarenotunde�nedon thegivenpartiallinearpath.

Thesamealgorithmis alsorecursively appliedto theloopbodiesallowing usto analyzethe
loop localbehavior of theconsideredvariables.

2.3.5 False paths

The �rst importantresultthatwe canderive from thepartialabstractinterpretationanalysisis
that,usingtheabstractenvironment,we canautomaticallydetectsomeinfeasibleor falsepath.
A falseor infeasible(partial)linearpathis asequenceof basicblockswhichcannotbeexecuted
underany circumstance.

Having the possiblevaluesfor all the integer local variableson every pathfor somecon-
ditional branches,it is possibleto determineif the testedconditionis not satis�ablefor some
environments.

Figure2.9showsasyntheticshortlinearprogramwith somefalsepaths.Whentheanalysis
reachesblockF thefollowing abstractdomainenvironmentshavebeencomputed:

ABDf par 2 [0], pos 2 [1]g
ABEf par 2 [1::1 [, pos 2 [1]g
ACf par 2] � 1 :: � 1], pos 2 [0]g.

After analyzingblockF wehave:

ABDFHf par 2 [0], pos 2 [1]g
ABDFGf par 2 [0], pos 2 [1], pos 2 [0]g
ABEFHf par 2 [1::1 [, pos 2 [1]g
ABEFGf par 2 [1::1 [, pos 2 [1], pos 2 [0]g
ACFHf par 2] � 1 :: � 1], pos 2 [0], pos 2 [1]g
ACFGf par 2] � 1 :: � 1], pos 2 [0]g.
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public void foo(int par) {
A boolean pos;
A if (par < 0) {
C pos = false;
B } else if (par == 0) {
D bar0();
D pos = true;

} else {
E bar1();
E pos = true;

}
F if (pos) {
H bar2();

} else {
G bar3();

}
I }

A bool ean pos;
  i f  ( par  < 0)

B i f  ( par  == 0)

F

C pos = f al se;

T

D bar 0( ) ;
  pos = t r ue;

T

E bar 1( ) ;
  pos = t r ue;

F

F i f  ( pos)

G bar 2( ) ;

F

H bar 3( ) ;

T

I

Figure2.9: Exampleof aprogramwith falsepaths.

ThepartiallinearpathsABDFG, ABEFGandACFHareclearlyimpossible(pos shouldbe1 and
0 at thesametime)andcanbemarkedasinfeasible.

If apartiallinearfalsepathiscomposedof aseriesof blockswith onlyonesuccessorandone
predecessorthepartiallinearfalsepathcorrespondsto deadcodewhichcanthenbeeliminated
by thetiming analyzer.

Themaindifferencebetweenthis approachwith whatwasproposedby Altenbernd[2] and
later re�ned by Gustafsson[40] lies in the scopeof the analysis:we do not aim to discover
all the possiblefalsepathsandwe thereforelimit the checksto linear codesegments. This
importantsimpli�cation hasmajor implicationsin the implementationof our approach,which
doesnot suffer from thepathexplosionproblemandrequiresalmostno approximationof the
valuesin theabstractdomain(seeTable5.1).

2.3.6 Variab le rang es

In additionto thedetectionof partial falsepathstheabstractinterpretationpassgathersuseful
control-�ow awareinformationon therangeof valuesacertainvariablecanassume.

This cannot only be usedfor someclassicalcompileroptimizationslike the elimination
of unnecessaryarray index checksor the reductionof the size of integer variablesbut can
help to signi�cantly reducetheestimatednumberof loop iterations—themorewe canreduce
the computedsetof possiblevaluesof the iterationvariables,the preciserthe loop bounding
algorithmcanbe (seeSection2.4)—or to introducean elegant way to expressmanualcode
annotations(seeSection2.7).
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2.4 Loop header bounding

Sincewe limit theabstractinterpretationpassto linearcodesegmentswe have to rely on an-
othertechniqueto determinethemaximumnumberof loop iterations(in our casea loop-local
analysis). To boundthe minimal andmaximalnumberof executionsof the loop headerwe
chooseanapproachverysimilar to theanalysisproposedby ChristopherHealyatFloridaState
University[42, 44, 43].

We adaptedthe basicideaof this methodto our language(Java) andintegratedthe same
datastructures(setsof intervals) that we usefor the partial abstractinterpretationpass(see
Section2.3.2).

Theoriginalmethod[42] basicallyconsistsof four mainsteps:First theprogram's control-
�o w graph(CFG)is built andtheloopsandnodesthatcouldberesponsiblefor looptermination
areidenti�ed (they arecallediteration branches). Thesenodesarethenlinkedusinga prece-
dencerelationrepresentingtheorderin whichthesenodescouldbeexecutedin a loopiteration.
Theresultingdirectedacyclic graphis calledprecedencegraph. In a secondstep,for eachof
thenodesof theprecedencegraph(i.e., theiterationbranches),it is computedwhenthecondi-
tional jump for eachiterationbranchcouldchangeits resultbasedon thenumberof iterations.
I.e., thealgorithmcomputes,if possible,theiterationatwhich thecontrol-�ow couldchangeat
sucha node. In thenext step,we determinethe rangeof possibleiterationswheneachof the
outgoingedgesis reached.In a fourth and�nal step,themaximum(andminimum)numberof
loop iterationsis computed.

2.4.1 Precedence graph

An iteration branch is, asde�ned by Healy, a basicblock with a conditionaljump wherethe
choicebetweenthetwo outgoingedgescouldin�uence thenumberof loop iterations.In other
wordsiterationbrancheshaveanoutgoingedgeto anodeoutsidetheanalyzedloop,anedgeto
theloopheader, or anedgeto ablockwhich is postdominatedby theloopheader.

Theoriginal algorithmto computethesetof iterationbranchesI for a loop L with header
H is shown in Figure2.10. The ideais to iteratively include(1) all the conditionalbranches
with anedgeexiting theloop which have a successorthat is postdominatedby theheader(and
thereforeis onall thepathsfrom theheaderto theexit of loop)or (2) thatcanconditionallylead
to otheriterationbranches.

In addition to the setof iterationbranchesfound by the original algorithm, to be able to
handlegeneralloopswith complex bodies,we have to includethesetof nodesthatcouldcon-
ditionally leadto asingleiterationbranch:

((S1 2 I ) ^ (S1 6= S2) ^ : (S1 pdomS2)) _
((S2 2 I ) ^ (S1 6= S2) ^ : (S2 pdomS2))

Sn represents,asin Figure2.10, oneof thesuccessorsof block B andI is thesetof identi�ed
iterationbranches.

The simple example in Figure 2.11 shows a loop body where a node (block 3,
if (i < 3) ), which could clearly be responsiblefor loop termination,is not includedin
thesetof iterationbranchesI by theoriginalalgorithm.

A loop's precedencegraph is a directedacyclic graphcomposedby the loop's iteration
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I = ; f setof iterationbranchesg
repeat

f H is theheadernodeof theloopLg
for all blocksB 2 L do

if (B hastwo successorsS1 andS2) ^ (B =2 I ) then
if (S1 =2 L) _
(S2 =2 L) _
(H pdomS1) _
(H pdomS2) _
(9 J; K 2 I j J 6= K ^ J pdomS1 ^ K pdomS2) then

I := I [ B
end if

end if
end for

until any changeto I

Figure2.10:Findingiterationbranches.

public void foo(boolean a, b) {
2 for(int i=1; i<10; i++) {
3 if(i < 3) {
6 if(a) {
7 break;

15 }
} else {

4 if(i == 3) {
5 break;

14 }
8 }
9 }

}

13 3

2

11

1

0

6 4

5 14157

9

10

8

12

Figure2.11:Additional iterationbranches.

branchesandtwo specialnodes:thecontinuenodeandthebreaknoderepresentingtheback-
edgeandtheexit of thelooprespectively. Thegraphis constructedcollapsingall thenodesthat
arenot iterationbranches,substitutingall theback-edgeswith edgesto thecontinuenodeand
substitutingall theloopexits with edgesto thebreaknodeasdescribedin [42].
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2.4.2 Iteration branc hes

The next stepis the computationof the point in time, in termsof loop iterations,when the
conditionalbranchof aniterationbranchwill changeits direction.Our implementationis based
again on the algorithmpresentedby Healy [42] with the introductionof rangesof integersin
thealgorithm'sdescriptionandimplementation.Dueto theintegrationof setsof integerranges
andto somere�nementsto handlea broadersetof loopsthantheloopshandledby theoriginal
paper, we rede�nesomeof thetermsandequationsasexplainedin thefollowing paragraphs.

Eachiterationbranchis analyzedin isolationby detectingthevariablesthatarecompared
in the conditionalbranchandby understandinghow they changebeforeandduring the loop
execution.

Weonly considercomparisonswhereanintegervariable,theiterationvariable, is compared
to a constantor to a known rangeof possibleconstantsthat do not changein the loop body
(themajority of loopsareconditionedby integer inductionvariables,seeTable2.2). Oncethe
iterationvariableis determinedwe try to computeits valuebeforeenteringtheloop andhow it
is changedby in the loop bodyduringevery iteration(we distinguishbetweenchangesbefore
theiterationbranchandchangesaftertheiterationbranch).

For eachiterationbranchwethencomputeonwhichiterationN theresultof theconditional
branchwill change:

N =
�

l imit � (initial + before) + adj ust
before + after

�
+ 1

whereafter andbefore aretheamountby which the iterationvariableis changedduringeach
loop iterationafterandbeforetheconsiderediterationbranch(to beableto computeN , both
before andafter must remainconstantduring eachiteration). The sumof before andafter
gives the dir ection (positive or negative) of the inductionvariableincrement. If this sumis
0, the resultof the jump at the endof the iterationbranchwill never change,andN is setto
a specialvalueunknown. If N > 0 the resultof the conditionalbranchwill changeafter N
iterations.If N � 0 theconditionalbranchcouldhavechangedbeforethe�rst iteration(in this
casewesaythatthechangehappensin thepast).

l imit correspondsto theconstantvalueusedin thecomparison.If l imit is notconstant,and
its possiblevaluesarerepresentedby a setof integer intervals (seeSection2.3.6), we take its
minimum(if dir ection is positive)or its maximum(if dir ection is negative). initial is similar
to l imit andrepresentsthevalueof theinductionvariablewhentheiterationbranchis reached
for the�rst time,in otherwordsit correspondsto thesumof thevariable'svaluebeforeentering
theloopandbefore. In caselimit is representedby asetof integerrangeswe take its minimum
if dir ection is positive,or its maximumotherwise.

adj ust takes into accountthe type of the operatorscompensatingthe differencesamong
them. If the inductionvariableis increasedat every iteration,adj ust is setto 1 for � and> ,
andif theinductionvariableis decreasedat every iterationadj ust is setto -1 for < and� . For
all theothercasesadj ust is setto 0 (seeFigure2.12for anexample).

If we arenot ableto computeoneof thesevariableswe assumethat we have not enough
informationon theiterationbranchbehavior andwesetthevalueof N to unknown.

An additionalcheckisneededfor equalityoperators(= or6= ) since,in thiscase,it ispossible
that the checked conditionwill never be met althoughthe variablesaregrowing in the right
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i  = 0;

i  < 10

i ++;

i  = 0;

i  <= 10

i ++;

N =
l

10� (0+0)+ 0
0+1

m
+ 1 = 11 N =

l
10� (0+0)+ 1

0+1

m
+ 1 = 12

Figure2.12:Differentadjustmentsfor the computationof N of two sampleloops(the loop's
headeranduniqueiterationbranchis shown in gray).

direction(e.g.,for(i=0;i==5;i+=2) ). We thereforecomputeif

l imit � (initial + before)
before + after

is anintegral value,if notwesetthevalueof N to unknown.

2.4.3 Reachability of iteration branc hes

Oncewe know whenthe behavior of eachiterationbranchmight change(i.e., the iterations
whenit' sresultwill bedifferentfrom theonecomputedby the�rst loopiteration),wedetermine
whentheiterationbranchesmightbeexecuted.

We de�ne range(ib) asthe iterationson which it will be possibleto executean iteration
branchib or range(ib0 ! ib1) in the caseof an edgeform iterationbranchib0 to iteration
branchib1 (ib0 ! ib1). As beforeweadaptedtheapproachpresentedby Healyto integratesets
of integerrangesandgeneralizingit to beableto easilyhandlein�nite loopsandloopsthatare
neverexecuted.

Theprecedencegraphis traversedin apreorderfashionandfor eachnodeandedgewestore
thesetof iterationsduringwhich it will bepossibleto traverseit.

The rangeof a node,or the setof iterationsduring which this nodecould be executed,is
de�ned astheunionof the rangesof all the incomingedges(theheaderof the loop is treated
differentlyandweassigna rangeof [1::1 [ to it):

r ange(ib) :=
[

p2 pr ed(ib)

r ange(p ! ib):

Thereasonis obvious:every timeanincomingedgeis executedthenodewill alsobeexecuted.
In thesameway we canalsode�ne therangesof theoutgoingedges.If thepoint in time when
theconditionalbranchof theconsiderediterationbranchwill change(N ) is unknown, wehave
to assumethatall theoutgoingedgescouldbe traversedin thesameiterationsasthe iteration
branch.

range(ib ! s) := range(ib) 8s 2 succ(ib):
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If, otherwise,N is known wesplit thesetof all possibleiterationsbetweenwhathappensbefore
thechange(beforeN ) andwhathappensafterandduring thechange(after N ): this is doneby
splitting the entireiterationspaceandintersectingit with range(ib). If N is in the past(see
Section2.4.2) weset:

beforeN (ib) := [1] \ r ange(ib)

afterN (ib) := ; :

Otherwisethetwo setsarecreatedaccordingtheequalityoperator:

beforeN :=
�

= ; 6= : N \ range(ib)
<; � ; >; � : [1::N � 1] \ r ange(ib)

afterN :=
�

= ; 6= : ([1::N � 1] [ [N + 1::1 [) \ r ange(ib)
<; � ; >; � : [N::1 [ \ r ange(ib)

Usingthevalueof dir ection we candeterminewhentheiterationbranchwill betraversedfor
the �rst time: Given thedirectionof the loop, thevalueof the inductionvariablewhenit �rst
reachestheiterationbranch(initial + before) andtherelationaloperatorweassignbeforeN and
afterN to thecorrespondingoutgoingedges.

If at thispointwediscoverthatanedgeis neverexecuted(its rangeis empty)wecanremove
it from thegraph(i.e.,wedetectedaninfeasibleedge).

2.4.4 Loop header iterations

To determinethenumberof iterationsfor theloop headerwe traversetheprecedencegraphin
postorderandfor eachnodeandedgewe computeits exit value,i.e., whenthis nodeor edge
couldleadto abreak(i.e., loopexit).

If an edgee is to a breaknodethenexit (e) := range(e): Theseare the only points in
thecontrol-�ow graphwherewe canintroducea boundon thenumberof iterationssincethese
edges(n e! break) arethe only locationswherea loop canexit. If the edgeis to a continue
nodewedonothaveany usefulinformation,andwesetits exit valueto unknown: exit (e) := ; .

Otherwisethe edgee is leadingto an iterationbranchib insidethe loop. In this casethe
exit valueof e basicallycorrespondsto theintersectionbetweentherangeof theedgee andthe
exit valueof theiterationbranchib (exit (e) := range(e) \ exit (ib)). Unfortunatelytherearea
coupleof exceptionthatwehave to consider. Wedistinguishthreedifferentcases:

� If the range of e is always smaller then the exit value of ib (max(range(e)) <
min(exit (ib))), it means that the edge will be executed only once: exit (e) :=
[min(range(e))] (the value marked by the arrow in Figure 2.13.a). Even if the inter-
sectionrange(e) \ exit (ib) is emptytheblock will beexecutedonceto performthetest
on the�rst iteration.

Example:exit (ib) = [1::5]; r ange(e) = [10::20]. In this casethe intersectionbetween
exit (ib) andrange(e) is empty: The edgewill be traversedonce(at the 10th iteration)
andtheconditionaltestat theendof ib will causea loopexit (exit (e) = [10]).
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� If the intersectionof the exit valuesof the iterationbranchandthe rangeis not empty,
it representsthe iterationswhenthis edgecould leadto anexit: exit (e) := range(e) \
exit (ib) (thevaluesmarkedby thegrayareain Figures2.13.b,c,f).

Example: exit (ib) = [5::15]; r ange(e) = [10::20]. In this caseedgewill be traversed
from the10thto the15thiteration(theintersectionbetweenexit (ib) andrange(e)).

� If someexit valuesof the iteration branchare bigger than the maximumrangeof the
edgeit meansthat the loop is unbounded:exit (e) := [min(range(e) \ exit (ib))::1 [
(thevaluesmarkedby thegrayareaandthearrow in Figure2.13.d,e). Notethatwe use
in�nity to denoteunboundedranges.

Example:exit (ib) = [15::30]; r ange(e) = [10::20]. The intersectionbetweenexit (ib)
andrange(e) is not emptyandtheedgewill be traversedfrom the15th iteration. Since
someof the iterationsin exit (ib) arebiggerthanmax(range(e)) we arenot ableto tell
whenthisedgewill leadto abreakandwethereforesetexit (e) asunbounded(exit (e) =
[15::1 [).

(b)

(c)

(d)

(e)

(f)

1

1

range(e)exit (ib) exit (e),

(a)

Figure2.13:Exit value of ranges: the boxes representthe set of iterationsin range(e), the
dashedboxes representthe setof iterationsin exit (ib) and the gray areacorre-
spondsto theresultingsetof iterationsin exit (e). Thedown arrow representsthe
setof iterationsin exit (e) whenthesetis composedby a singleelementasin (a)
or to include1 in thesetwhenthesetsareunboundedasin (d) end(e).

The exit valueof an iterationbranchis determinedby the union of the exit valuesof its
outgoingedges:

exit (ib) :=
[

ei 2 out (ib)

exit (ei )

whereout(ib) is thesetof edgesexiting from nodeib.

At theendof thetraversaltheexit valueof theloop headerrepresentsthenumberof itera-
tionstheloopheader(andhencetheloop)will beexecuted.

The main differencesbetweenthe computationof the loop headeriterationspresentedby
HealyandWhalley andour implementationlies in theintegrationof theseton intervalswhich
allows us to easilywork in a uniform way with any operator(e.g.,equalityoperators)andto
cleanlyde�ne thealgorithmbehavior with conditionaljumpsthatarealwaysor never taken.
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2.4.5 Nested loops

Thedescribedapproachcomputesthenumberof loopiterationsindependentlyfrom othercyclic
structuresandonly considerloopswith aconstantnumberof iterations.Innerloopswith avari-
ablenumberof iterationsdependingon thecontrolvariableof theouterloop (seeFigure2.14)
arehandledconservatively (i.e., thenumberof iterationsfor the inner loop is consideredcon-
stant).

public void foo() {
int i,j;
for (i=0; i<100; i++) {

for (j=i; j<100; j++) {
bar();

}
}

}

Figure2.14:Triangularloops: thenumberof iterationsof theinner loop (100� i ) dependson
thecontrolvariableof theouterloop (i ).

Healy showed that the techniquecanbe extended(with somerestrictions)to computethe
numberof iterationsfor triangularloops[42, 43].

2.5 Impr oving the precision of the loop bounder

A limitation of this methodis thatalthoughtheminimal andmaximalnumberof iterationsfor
the loop headerarea safeboundfor every block in the loop, this approximationdoesnot take
into accountdifferentpathsinsidetheloopbody.

To propagate boundinginformation from a loop headerto eachprogramblock we need
preciseknowledgeof thecontrol-�ow graphstructurewhich canbederivedfrom thesemantic
structurescomputedin Section2.1.

The approachconsistsin propagating the loop boundsto the whole loop by adjustingthe
numberof iterationsin accordancewith the differentpathsinsidethe loop body. In this way
we computea �ne-grainedper-block boundinginformationthatallows the timing analyzerto
handleinfrequentlyexecutedblocksinsidea loopbodyseparately.

Figure2.15shows a simpleexamplewherea loop portion(block 4) in executedonly once,
andits durationshouldthereforenot beincludedin eachloop iteration.In this case,especially
if thecodein theregion executedonly onceis computationallyexpensive theassumptionthat
theheaderboundsaresafefor eachbasicblock in theloop is correctbut leadsto aWCETover-
estimation.Thisphenomenoncanfor examplebeobservedin the 201 compressbenchmarkof
theSPECjvm98suitewherea signi�cant partof themain loop is executedonly every 10,000
iterations.

For this reasonour WCET estimatorperformssomeadditionalpassesto propagate the
boundsof the loop headerto all the blocks adaptingthem to the differentpath frequencies.
Sincethenumberof iterationsfor ablock is notdirectlydependenton theblock'spredecessors
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0 int i = 0;
2 while (i < 128) {
3 if (i == 16) {
4 // code executed once (block 4)

}
5 // code executed at every iteration
5 i++;
6 }

1

2

3

6

4

5

0

Figure2.15:An exampleof a loop.

but is, instead,determinedby thetypeof theenclosingsemanticconstructor structuralregion,
alongwith thedominatorrelation,theboundscannotbepropagatedeasilyto every basicblock
by analyzingthegraph's nodesin isolation.Figure2.16shows threesimpleexamplesof struc-
tural andsemanticconstructsthatin�uence thenumberof iterations(shown betweenbrackets)
of a given basicblock (stripednode). The numberof iterationsof a block cannotbe derived
from its directpredecessors,but only from theheader(graynode)of thebiggestenclosingstruc-
tural region (a While–loopin Figure2.16.a andan If–then–elsein Figures2.16.b and2.16.c).
In Figure2.16.b we assumethatwe have no informationon theconditionalbranchof thegray
nodeandwehave to conservatively assumethatbothwhitenodescouldbeexecuted10 times.

To propagatethe loop headerboundinginformationto eachblock, we performtwo main
steps:In a �rst phasewe propagatetheminimal andmaximalnumberof iterationsalongeach
loop'sprecedencegraph(seeSection2.5.1) while in asecondphasewespreadthis information
to everybasicblock in thecontrol-�ow graph(seeSection2.5.2).

2.5.1 Execution counts for iteration branc hes

Loopsareanalyzedin isolationstartingfrom the innermostone,allowing a simplehandling
of nestedstructures.Oncethesetof possibleiterationsfor theloop header(exit (header)) has
beencomputed(seeSection2.4.4) we propagatethesevaluesto the iterationbrancheswith a
top-down traversalof theprecedencegraph.

The �rst stepconsistsin the computationof the smallestenclosingcyclic region for each
iterationbranch(secr(ib)). This structureis easily found by traversingthe list of enclosing
semanticregionsstoredin eachblock (seeSection2.1). Thesmallestenclosingcyclic region
correspondsto thesmallestloop thatincludestheconsiderediterationbranch.

We thende�ne, for eachnodeandeachedgein theprecedencegraph,a rangeiter repre-
sentingtheminimal andmaximalnumberof timesthenodeor edgecanbe traversed.We set
thenumberof iterationsof theloopheaderto its exit value(i.e., theloop iterations):

iter (header) := exit (header):
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Figure2.16:Examplesof block iterations.
.

Wethentraversetheprecedencegraphinorder, andfor eachiterationbranchib andits outgoing
edgesewecomputethenumberof timesthey canbetraversed:iter (ib) anditer (e) respectively.

The iter valueof an edgee is determinedby its rangeand the iter valueof the iteration
branchib at theedgetail:

� If N , i.e., theiterationon which theresultof theconditionalbranchat theendof ib will
changedirection,is known wedistinguishthreecases:

– If therangeof theedgeis alwayssmallerthantheiter valueof theiterationbranch
it meansthattheedgewill alwaysbetaken:

iter (e) := [max(range(e))]:

– If therangeof theedgeis alwaysbiggerthantheiter valueof theiterationbranchit
meansthattheedgewill neverbetaken:

iter (e) := [0]:

– Otherwisethe iter valuecorrespondsto the intersectionof iter (ib) andrange(e)
normalizedto take into accountthe numberof iterationswhen this edgewill be
traversedandnot theactualiterationswhenthiswill happen:

iter (e) := (range(e) [ iter (ib)) � (min( range(e)) + 1):
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� If N is unknown wedonothaveany informationaboutwhenthejumpresultwill change
andweassigntheminimalandmaximalnumberof iterationsiter of thenodei to theiter
valueof eachoutgoingedge:

iter (e) := iter (i ):

In asimilarwaytheiter valueof aniterationbranchib is determinedby theiter valuesof all the
incomingedges.Wedeterminethepresenceof innerloopsby checkingif thesmallestenclosing
cyclic regionsecr(ib) correspondsto theloopweareanalyzing.

� If the iteration branchis not in an inner loop (i.e., secr(ib) = loop) and eachof its
predecessorsp hasa known N value,thenumberof iterations(iter) correspondsthento
thesumof theiterationsof theincomingedges:

iter (ib) :=
X

e2 pr ed! ib

iter (e):

If oneof thepredecessorsis unknownwe don't have enoughinformationandwe have to
conservatively assumethat the iter valuecorrespondsto the numberof iterationsof the
headerof thesmallestregion containingib. This is givenby thefact thatgivena region
with asingleentrypoint (theheader)wecansafelyassumethateverynodein this region
will notbeexecutedmoreoftenthatmax(iter (header)).

� If the iterationbranchis the headerof an inner loop (i.e., secr(ib) 6= loop) we have to
multiply theiter valuewith thenumberof iterationsof theinnerloop. Notethattheinner
loop iterationsareavailablesincetheloopsareanalyzedstartingfrom theinnermostone.

iter (ib) :=
X

e2 pr ed! ib

iter (e) � iter (ib):

In addition,westorein thenodeib amultiplicationfactorfor theinnerloop l inner de�ned
by theregionsecs(ib) computedasfollows:

mul (l inner ) :=
X

e2 pr ed! ib

iter (e):

� Otherwise,for innerloopnodes,wesimplymultiply theiterationsof theinnerloopnode
ib with theregionmultiplicationfactorstoredin theheaderof eachinnerloop:

iter (ib) := iter (ib) � mul (secs(ib)):

2.5.2 Execution counts for basic bloc ks

Now thattheminimalnumberandmaximalnumberof iterationsof eachbasicblock thatcould
in�uence the�o w of controlof theprogram(i.e., theiterationbranches)areknown, wehave to
propagatetheboundinginformationto everyotherblock in thegraph.

Onceagain we take advantageof theavailablestructuralinformationandwe computethe
numberof iterations(iter (b)) for eachbasicblock b. We treat the control-�ow graphentry
blockdifferently, settingtheminimalandmaximalnumberof iterationsto 1:

iter (r oot) := [1]:
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For eachnodebwith apredecessorp wede�ne becr(b;p) asthebiggestenclosingcyclic region
containingp andnot b. If becr(b;p) existsfor at leastonepredecessorp, it meansthatthenode
bis theexit pointof oneor moreloopsandthatbcr(b;p) correspondsto theoutermostone.

p

b b

p

pheader(becr(b;p))

becr(b;p)

b

p1

header(r )

r

becr(b;p0)

p0

(a) (b) (c)

Figure2.17:Biggestcyclic regions.
.

If p is the singlepredecessorof b, andbecr(b;p) is empty, we simply copy the rangeof
iterationsof theedgeto thenode(Figure2.17.a):

iter (b) = iter (p):

If becr(b;pi ) is thesameregion for all thepredecessorspi of b we have detectedoneor more
loop breakingedges(pi ! b), andthenumberof iterationsof b is setequalto thenumberof
iterationsof thelooppre-header(seeFigure2.17.b). A looppre-header(pheader(l)) isaspecial
basicblockarti�cially insertedby thecompileractingasauniqueloopheaderpredecessor(see
Section2.1).

iter (b) = iter (pheader(becr(b;p)))

Otherwise,if the predecessorsbelongto differentenclosingregions,we look for the smallest
region r thatcontainsall thepredecessorsof bandnotb itself (Figure2.17.c). Theiter valueof
theheaderof this region is asafeassumptionsinceeverypathfrom thesourceto bwill traverse
it (header(r ) domb).

Thealgorithmin Figure2.18summarizesthecomputationof iter (b) for nodesthatarenot
iterationbranches.

At theendof thisphaseeverybasicblock in thecontrol-�ow graphhasaboundon its min-
imum andmaximumnumberof iterationthat takesinto accountthedifferentpathfrequencies
insideloops.
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if b= sourcethen
iter (b) = [1]

else
P := predecessors(b)
chooseanyp 2 P
if jPj = 1 _ becr(b;p) = ; then

iter (b) := iter (b)
elseif 9 r j r = becr(b;pi )8 pi 2 P then

iter (b) := iter (pheader(r ))
else

r := smallestregionj P � r _ b62r
iter (b) := iter (header(r ))

end if
end if

Figure2.18:Computationof iter (b).

2.5.3 Comple xity

Oneof the main advantagesof the techniquedescribedhereis that it is ableto computepre-
ciseper block boundsin quadratictime over the numberof iterationnodes:We areable to
considertheeffectsof differentpathfrequenciesin the loop without theneedto performpath
enumeration.

Section5.6 evaluatestheeffectsof the increasedgranularity(from loopsto blocks)of the
boundingalgorithmshowing theimprovementson theoverallWCETestimation.

Thecomputationof theiterationbranchesandtheconstructionof theprecedencegraphare
performedin O(B 2), whereB is thenumberof basicblocksin theconsideredloop. Theoriginal
algorithmto computethenumberof iterations[42] of theloop headerandour enhancementto
propagate the boundsto the singlebasicblocksareboth performedin asymptoticallylinear
time.

Healy and Whalley presenteda different approachto enhancetheir loop bounder[42]
(seeSection2.4) to compute�ne grainedblock boundsusing automaticallydetectedvalue-
dependentconstraints[44]. They computeper block boundsanalyzingthe possibleoutcome
of conditionalbranchesby looking at the inductionvariablechangeson all thepossiblepaths.
The algorithmhasa complexity of O(P) whereP is the numberof pathsin a loop, which is
exponentialin B .

2.6 Example

This sectionpresentsa small syntheticexampleto summarizethe analysispresentedin this
chapter. Figure2.19shows a small Java methodwith two nestedloops: the inner loop is exe-
cutedonly after50 iterationsof theouterloopandthevalueof aparametercoulddeterminethe
outerloop terminationafter10 iterations.

Figure 2.20 shows the control-�ow graphfor our examplewith the list of semanticre-
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public void foo(boolean somecond) {

int i, j;

for (i=0; i<100; i++) {
if (i < 50) {

if (i > 10 && somecond) {
break;

}
} else {

for (j=0; j<10;) {
j++;

}
}

}

}

Figure2.19:ExampleJavaprogram.

gions (dottedlines). The two program's loops are representedby C = While(8,7,14)
andF = While(10,2,3,4,9,6,13,8,7,14,16) .

In the�rst phasesimilarly to Healywe identify theiterationbranches(8 for loop Cand10,
2, 3, 4 and8 for loop F) andwe constructthe respective precedencegraphs.On thesegraphs
as describedby Section2.4.3 we computewhen it will be possibleto executethe iteration
branches(range). Figures2.21.a and 2.21.b show the precedencegraphsfor the inner and
outerloop respectively with thepoint in time whentheconditionaljump will change(N ) and
therangesfor eachnodeandedge.

In the secondphasewe computethe minimal andmaximalnumberof iterationsfor each
loop headerwith thebottomup traversaldescribedin Section2.4.4. Figures2.22.aand2.22.b
show theprecedencegraphswith theexit valuesfor eachnode:Theinnerloop is boundedwith
11 iterationswhile the outerloop canexit from iteration12 to iteration50 or exit at iteration
101.

Although theseboundsarea safeassumptionfor the whole loop, usingthe algorithmde-
scribedin Section2.5.1we computetherangeof possibleiterationsfor every iterationbranch
in theprecedencegraphasshown by Figure2.23.

Figure 2.24 summarizesthe propagation of the iteration branchesboundsto the whole
control-�ow graph. We assignto every basicblock a setof rangesrepresentingthe possible
numberof iterations.

2.7 Manual annotations

The goal of an automaticloop bounderis clearly to reduceor eliminatethe needfor the pro-
grammersto manuallyspecifyloopbounds.Therearesomecases,though,wherethemaximum
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A := Block(14,7) B := Block(16,9)
C := While(8, 17) D := Block(19, 13, 6)
E := Block(12,11) F := Natural-loop(10, 2, 3, 4, 18, 20)
G := Block(22, 15, 1, 0) H := if-then(23, 5)
I := Block(24,21)

Figure2.20:Control-�ow graph.

numberof loop iterationsis dependenton theprograminput,or wheretheanalyzeris not able
to automaticallycomputethem.

In theserarecases(themajority of theloopsin real-timeprogramshave a well de�ned and
simplestructure)theprogrammermustincludecommentsin thecodeto manuallyspecifythe
bounds.
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8
N=11
[1..inf[

continue

[1..10]

break

[11..inf[

10
N=101
[1..inf[

2
N=51

[1..100]

[1..100]

break

[101..inf[
3

N=12
[1..50]

[1..50]

8
N=?

[51..100]

[51..100]

4
N=?

[12..50]

[12..50]

continue

[1..11]

[12..50] [12..50]

[51..100]

[51..100]

(a) InnerloopC (b) LoopF

Figure2.21:Precedencegraphswith iterationranges.

Thesimplestway to do this is to modify thecode,insertingguardson thevariableswhose
behavior is unknown to the timing analyzer. Figure 2.25.a shows a simple examplewhere
the timing analyzeris not ableto computethe initial valueof the variablei , which is input-
dependent.In Figure2.25.b a simple If–thenconstructcanhelp the compiler to analyzethe
loop (after thepartialabstractinterpretationpass,seeSection2.3, i is known to have a value
in theinterval [0::1 [) andat thesametime ensuresthatthesemanticsof theannotationwill be
enforcedat run time.

If theuserconsiderstheinsertionof additionalcodeanunnecessaryoverheadtheanalyzer
allows him to commentthe codewith speciallibrary calls that do not produceany code(the
dummycallsaresafelyremovedbeforecodegenerationsincethey do not have any functional
meaning).Theseannotationsaresimilarto asimpli�ed versionof theWCETAnsystemproposed
by Bernatfor their Java WCET analyzer[4]. In our casewe only supportthespeci�cationof
boundsto cyclic structuressincewe do notneedto de�ne pathsin theprogramasfor WCETAn
(e.g.,to de�ne infeasiblepaths).
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8
N=11
[11]

continue

[]

break

[11]

10
N=101

[12..50] + [101]

2
N=51

[12..50]
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break

[101]
3

N=12
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[12..50]

8
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[]

[]
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N=?

[12..50]

[12..50]

continue

[]

[] [12..50]

[]

[]

(a) InnerloopC (b) LoopF

Figure2.22:Precedencegraphswith exit values.

TheWCETAnnotations.maxLoopIterations(N) de�nesthemaximumnumberof
iterationsN of the �rst loop following thestatementon all thepathsleadingto theexit of the
control�o w graph(i.e., the�rst cyclic semanticstructurethatis dominatedby theannotation).

Figure2.26shows anexamplewheremanualannotationsareusedto specifythemaximum
numberloopof iterationsandthemaximumrecursiondepth.Thetwo methodcallsareusedby
theWCETsemanticanalyzerto boundthetwo cyclic structuresbut nochecksareissuedat run
timeandresponsibilityfor correctnessis left to theprogrammer.

Although annotations for loops are rarely needed, they are necessary for re-
cursive proceduressince we do not perform any automatic recursion depth analy-
sis (see Section 2.8.3). The maximum recursion depth can be expressedwith the
WCETAnnotations.maxRecursionDepth dummycall. The maxRecursionDepth
annotationworkssimilarly to maxLoopIterations referringto theentrypointof acycle in
thecall graph.
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8
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[12..50] + [101]
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[12..50]
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[1..39]

[1..39]

continue
[12..101]

[11]

[1..39] [0..inf[

[10..500]

[0..inf[

(a) InnerloopC (b) LoopF

Figure2.23:Precedencegraphsiterationcounts.

2.8 Method calls and object orientation

Theadditionallevel of dynamismin programexecution,andthereforethereducedpredictability
of object-orientedprograms,contributedto their slow acceptancein thereal-timeworld, but in
the lastdecadeSmalltalk[40], Java [11, 38], Oberon-2[15] andseveralotherlanguageswere
successfullyemployedin hardandsoft real-timeprojects.

Oneof the reasonsfor the introductionof modernlanguagesinto the real-timeworld, in
additionto their popularityamongprogrammers,is that they do not only allow to createmore
dynamicprogramsbut oftenimposesomerestrictionsontheprogramsemantics.Stronglytyped
languageswithoutpointerarithmeticlikeJavaandOberon[105] allow, asin ourcase,to reduce
aliasingeffects,makingcodeanalysismoreeffective.

The major problemof Java andobject-orientedprogramsin generalis that they allow the
programmerto useobjectinheritanceto overrideamethod's implementations,sothatthetarget
of a methodcall dependson thedynamictypeof theowning object. This cangreatlyenlarge
thecall graphand,if everypossibletargetis considered,causeWCEToverestimations.
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Figure2.24:Basicblockbounds.

2.8.1 Call graph reduction

Strongtyping anda carefulwholeprogramanalysiscanhelpto determineat compile-timethe
setof possibletargetsfor eachdynamiccall (i.e.,virtual andinterfacecalls).

Many techniquesexist to approximatethecall graphandreducethesetof possibletargets
for every methodcall. Our compilerresolvespolymorphismat call sitesemploying a variable
typebasedanalysis(VTA) [96, 102], which computesthesetof possibletypesof theobjectat
eachmethodcall. Thecharacteristicof VTA madeaperfectchoicefor ourenvironment:despite
being�o w-insensitive (but context-sensitive) it deliversgoodresultsandperformsbetterthan
classtypehierarchy [3, 26, 32] or rapidtypeanalysis[3] and,moreimportant,needsonly one
iterationsoit scaleslinearlywith thesizeof theprogram.
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void foo(int i) {
while(i < 10) {

// loop body
i++;

}
}

void foo(int i) {
if (i >= 0) {

while(i < 10) {
// loop body
i++;

}
}

}
(a) (b)

Figure2.25:Userinsertedguards.

public void foo(int param) {

/* manual loop bounds */
WCETAnnotations.maxLoopIterations(64);
while(param-- > 0) {

foo();
}

/* manual recursion depth bound */
WCETAnnotations.maxRecursionDepth(16);
factorial(param/4);

}

Figure2.26:Manualannotations.

2.8.2 Method specialization and inlining

It is oftenthecasethatoneor moreof thevaluesdeterminingtheloop termination(e.g.,init or
l imit , seeSection2.4.2) aredependentononeof themethodactualparameters.

Although this in is not a problemfor approachesbasedon symbolicexecution,sincethe
methodwill bealwayssimulatedin theright context, thelack of local informationhindersour
loopbounder, which is notableto computethebounds.

A complex context sensitive intra-proceduralanalysiscouldrestrictthesetof possibleval-
uesof the input parametersgiven a certaincontext allowing a morepreciseloop boundingin
thesameway aspartialabstractinterpretationdoes(seeSection2.3.6). Thedrawbackof this
techniqueis thatit is notalwayspossibleto deriveasmallsetof valuesfor theparametersthatis
valid for all thepossiblecontexts in which themethodis called.On theotherhand,it is instead
possible,to inline themethodin thecallercontext. In thisway theloopdependingon theinput
parametercanbeanalyzedin a specializedversionthatmayallow thecompilerto computethe
boundsautomatically.

If thecall site,wherethemethodhasto beinlined,hasmorethanonepossibletarget(i.e.,the
typeof theobjectis not known) thecompilerinsertsguardsto guaranteethecorrectexecution
(seeFigure2.27).
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We inline andspecializea methodin the caller context if oneor moreloopsis dependent
from anactualparameter. Themaximuminlining depthis boundby auserspeci�edparameter.

Figure2.27 shows an example: the methodfoo of Figure 2.27.a is inlined in the caller
context in Figure 2.27.b with an additionalguardto checkfor the type of the object of the
callee.Theloopboundcanthenbeeasilycomputedsinceits upperboundis known in thecaller
context.

public class B extends A {

public void foo(int limit) {
int i;
for(i = 1; i <= limit; i++) {

// loop body
}

}

}

[...]
public bar(A o) {

o.foo(42);
}
[...]

public class B extends A {

public void foo(int limit) {
int i;
for(i = 1; i <= limit; i++) {

// loop body
}

}

}

[...]
public bar() {

if (o instanceof B) {
int i;
for(i = 1; i <= 42; i++) {

// loop body
}

} else {
o.foo(42);

}
}
[...]

(a) (b)

Figure2.27:Methodinlining: themethodf oo in (a) is inlined in themethodbarusingaguard
to guaranteethecorrectexecutiondependingon thetypeof theobjecto

2.8.3 Recur sion

Recursivemethodscreateloopsin thecall graphwhichmustbeboundedto beableto compute
the WCET of the program,but the automaticcomputationof the maximumrecursiondepth
is inherentlymore complex than loop analysis: Recursioncan happenanywhereunderany
conditionandis normally not restrictedby semanticor syntacticstructuresasis the casefor
loops.

The easiestway to handlethe problemis to forbid recursionin the languageand force
the programmersto convert their algorithm to iterative schemes(e.g., by applying program
transformationrules[82]). Real-TimeEuclid[55], Real-TimeConcurrentC [36] andtheMARS
approaches[82, 84] areexamplesof languagesexplicitly forbiddingrecursivesubroutinecalls.
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Bliebergershowedthatdirectandevenindirectrecursioncanbeconstrainedandsafelyused
in real-timesystems[10, 9] and,asfor call siteswith morethanonepossibletarget,theproblem
canbeaddressedusingabstractinterpretation.

As our approachapproximatesthe WCET without pathenumerationandthereforeavoids
solutionsbasedon abstractinterpretationwe currentlyforbid theuseof recursionandtheuser
is requiredto manuallyconvert recursive algorithmsto their iterative correspondingversionor
to annotatethem(seeSection2.7).

2.9 Discussion

At the end of the different analyses,the semanticanalyzerhasthe �nal task of structuring
thecomputedsemanticinformationthatwill be laterusedto estimatetheWCET on thegiven
hardware.Thecontrol�o w graphandthesemantictree(list of semanticregions)areembedded
in thegeneratedassembler�les alongwith theboundsonthenumberof iterationsfor eachbasic
blockandthelist of partiallinearfalsepaths.

We decidedto structureour WCET analyzerdividing it into two distinct tools(theseman-
tic andthe hardwarelevel analyzers)to increasethe �e xibility andthe portability to different
systemsandarchitectures.This is usuallyuncommonfor approachesbasedon abstractinter-
pretationbecausein thiscasethepathenumerationshouldbedonetwice(onceonthehighlevel
andoneonthehardwarelevel). For this reasonabstractinterpretationbasedapproachesusually
performtheanalysisin onepassworkingdirectlyon theobjector assemblercode.

The local characterof our semanticanalyzerhas,on the otherhand,the advantageto be
coupledwith thecompilerfrom the �rst stagesandto rely on high level informationwhich is
normallyloston theassemblerlevel asvariablesandtypes.

It is worth noting that althoughour semanticanalysisin basedon a Java bytecodecom-
piler the techniquespresentedin this chapterarelanguageindependent.The initial structural
semanticanalysisallows to easilywork on binariesalthoughwithout variablenamesandtypes
and especiallyin presenceof pointer arithmetic,the computationof the point in time when
conditionalbrancheschangedirection(N ) couldbemoredif�cult.





3
Hardware-Le vel Anal ysis

In additionto computingthesemanticbehavior of a programa WCET analyzermustcompute
or estimatethedurationof theproducedcode.Thedurationof theinstructionsis dependenton
thegivenplatform(hardwareandsystem).

The durationof an instruction,which is trivial to computefor somesimplearchitectures
whereit is constantanddeterminedby thehardwarespeci�cations[13, 78, 75, 82], is becoming
moreandmorechallengingto estimatewith theincreaseof thecomplexity of modernhardware.
On modernCPUsthe durationof an instructiondependson several factorssuchas stalls in
the pipelines,cachehits or misses,andbranchprediction. In otherwords,the durationof an
instructioncannotalwaysbe computedof�ine but heavily dependson the context wherethe
instructionis executed.

3.1 Related work

Themostsimpleandconservativeapproachto computetheeffectsof modernhardware(notably
cachesandpipelines)wouldbeto alwaysconsidertheworst-casescenario:cachereadsalways
resolve in misses,branchpredictionis alwayswrong,andall theinstructionsaredependenton
eachothergeneratinga maximumnumberof pipelinestalls.This resultingWCET estimation,
computedconsideringthe serialexecutionof the given instructionsonly, would be formally
correctbut overestimatedby severalordersof magnitude,makingit useless[65]. Lundqvisthas
recentlyshown thatserialexecutiondoesnotexactlycorrespondto theWCETof theapplication
becauseof timing anomalies[67]: a cachehit couldin somecasesgeneratea longerexecution
time thanacachemiss.

Like for the semanticanalysis,thereare two main ways to attackthe problem: methods
basedon pathenumeration(i.e., basedon symbolicexecution)andmethodsrelying on data
�o w analyses.Approachesusing symbolic executionusually (but not always) integratethe
semanticanalysisto simulatethecodeonly once[31], while data�o w basedWCET analyzer
canmoreeasilybedividedinto two distincttools[41]. Thelatterapproachis pursuedhere.

3.1.1 Caches and pipelines

Cachesandpipelinesarethemajoraspectof modernprocessorsthatin�uencesthedurationof
an instruction,andseveralgroupsimprovedtheir WCET estimatorsto includeanalysestrying
to reducetheoverestimationscausedby cachemissesandpipelinestalls.

Thesemanticanalyzerfrom Whalley's groupat theFloridaUniversity (seeSection1.2.4)

43
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wascomplementedby aseparatehardwareanalyzerfor theMicroSPARC I processor[41]: this
includedaninstructioncachesimulatorableto categorizeeachinstructionby its probabilityto
generateacachehit. They alsoanalyzedthedifferentprogrampathsto understandthepipeline
behavior, avoidingto iterateoverloopsandappliedaconservativeapproximationwhile merging
thepipelineinformationfor pathsinsidea loop.

The �rst MARS method(seeSection1.2.2), which usedtiming equations,wasextended
to supportthe two stagepipelineof the Intel 80C188processor[107] andto supportpathab-
stractionsincludinginstructionreservationtables[62] or instructiondependencegraphs[63] to
handleprocessorswith pipelines.Kim, usingthetiming schemaalongwith data-�ow analyses,
wasable to reducethe overestimationof dynamicload andstoreoperations[53] (the global
WCEToverestimationwasreducedin theaverageby 30%with peaksof 80%).

Thethird MARS approach[84] whichusedanintegerlinearprogramming(ILP) solver (see
Section1.2.2) wasextendedto handletheeffectsof asetassociative instructionanddatacache
by addingnew rulesor constraintsto their setof equations[60].

Wilhelm andhis groupcombinedtheir WCET tools basedon abstractinterpretation[31]
(seeSection1.2.3) with ILP to supporttheanalysisof instructioncaches[98]. Abstractinter-
pretationis usedto modelthearchitecture's behavior while ILP is usedto �nd thelongestpath
usingtheresultsfrom theabstractinterpretationpass.

All theseapproachesassumethat theprogramis executedwithout interruptionor thatpre-
emptionoccursat predictablepointsin time. Althoughthis is thecasefor many hard-real-time
systems,for applicationsrunningon somemechatronicoperatingsystemssupportingpreemp-
tion [15] andfor soft-real-timeapplicationsrunningon commoditysystemsa hardware-level
analyzerhasto take into accounttheeffectsof asynchronouscontext switches[37, 28, 52].

Activecachemanagement

A completelydifferentapproachto thedatacacheproblemfocusesonactivemanagementof the
cache.If wecanpreventtheinvalidationof thecachecontent,thenexecutiontimeis predictable.
Oneoptionis to partitionthecache[61] sothatoneor morepartitionsof thecachearededicated
to eachreal-timetask. In this way no con�icts betweendifferent processescan occur, and
eachapplicationcanbeanalyzedof�ine regardlessof schedulingstrategiesandpreemption.In
additionacarefulcompiletimeanalysiscanalsohelpto prefetchcertainmemorylocationsand
arrangethemin memoryto increasethewholesystem'spredictability[54].

Theseapproacheshelp the analysisof the cacheaccesstime sincethe in�uence of multi-
taskingis eliminated,but on theotherhand,partitioninglimits thesystem's performance[62].
Moreover, cachepartitioningrequiresseverechangesto theoperatingsystemsandpossiblyto
theapplications,makingthis optionunfeasiblefor soft-real-timemultimediaapplicationsrun-
ningoncommoditysystems.

Static cachelocking is anothertechniquethat allows to make the cacheaccesstimes
predictableby selectively locking cacheportions [81] or by locking frequentlyusedcache
lines[54, 18].

Bothcachepartitioningandlockingstrategiesareusefulto improvecachepredictabilityand
ef�ciency but they do not solve thegeneralproblem,andthey show performancedegradation
on largesystems.
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Preemption

Techniquesexist to take into accountthe effects of �x ed-priority preemptive schedulingon
instructioncacheswhenthesetof runningprocessesis known in advance[57, 16].

Whenthesetof runningprocessedis unknown it is still possibleto conservatively take into
accountthepreemptioneffectsby multiplying thecacheandpipelinerelatedcostsdueto pre-
emptionby themaximumnumberof preemptionsthatcouldoccur[56, 74, 100]. Experiments
have shown that this assumptionis pessimistic(i.e., thepreemptioncostis muchsmaller)and
thattheoverestimationcanbereducedby acacherelatedpreemptiondelayanalysis[94].

3.1.2 Branc h prediction

BranchpredictionschemesfurthercomplicatetheWCETanalysissincethefetchedinstructions
notonly dependonthetracethatis considered,but alsodependonpastexecutions(of any other
programtrace)andtheconditionalbranchesincludedin them.

While this problemcanbeautomaticallysolvedin abstractinterpretationbasedapproaches
(if not discardedto simplify the problem,the informationon pastexecutionsof a given jump
on a determinedtraceis storedin theabstractdomainrepresentation)differentstrategieswere
developedfor control-anddata-�ow basedanalyses.

Colin andPuautmodeledthepredictiontableasa directmappedcacheintegratingbranch
prediction(for localpredictorsonly) in theirWCETestimator[20], while Mitra andRoychoud-
hurystudiedtheeffectsof dynamicbranchpredictiononWCETanalysisandwereableto inte-
gratetheeffectsof globalbranchpredictionschemesin their ILP-basedWCETestimator[69].

3.2 Statistical appr oaches

Hardwareusedin embeddedsystemsis becomingmoreandmorecomplex. Largemechatronic
systemsor soft-real-timemultimediasystemsareoftendevelopedusingcommodityprocessors
(e.g.,Pentiumclassor PowerPCprocessors)thatarenormallyusedin desktopsystems.

Today's fast hardware and the increasinglydroppingcost of memorycontributes to the
growth of thesizeandcomplexity of thereal-timeapplicationsthatarerun today. Theseappli-
cationsarecomposedof severalthousandsof line of codeandaresometimeswritten in modern
object-orientedlanguagesmakingextensiveuseof dynamicdatastructures.

On theotherhandtheenvironmentwheretheseapplicationsaredeployeddoesnot always
requirehard-real-timeguaranteesand thereforein the majority of the cases—especiallyfor
multimediaapplications—thetiming requirementsaresoftened.

TheXO/2 system[14, 15], developedat the Instituteof Roboticsat ETH Zürich for large
mechatronicapplications,is oneexampleof this development.The systemrunson PowerPC
processorswith two levels of (large) caches,pipelining with instructionreorderingand two
levels of branchprediction. Thesystem's deadline-drivenschedulerwith admissiontestingis
preemptiveandsupportsthedynamicloadingandunloadingof tasksor processesat run time.

It wasclearfrom thebeginning thatnoneof theavailabletechniquesto performa WCET
estimationarethe ideal tools to be usedin suchan environment: the dynamismof the XO/2
softwareandhardwarehindersapreciseof�ine WCETanalysis.
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We thereforeimplementeda WCET estimatorbasedon a mixed approach:the semantic
attributesof thecontrol-�ow andcall graphswerecomputedpreciselywhile somecomponents
of theinstructiondurationastheeffectsof thecachesweredeterminedheuristically[21].

3.2.1 XO/2 WCET estimator

TheXO/2 WCETestimatoris implementedasamodulefor theXO/2 Oberon-2PowerPCcom-
piler [71]. It is able to performa simplebut effective loop analysisrestrictedto loopswith
a singleexit point anda uniqueinductionvariable(the userhasthe additionalpossibility to
manuallyannotatethecodeto specifythebounds).

The novel aspectof the approachis the hardwareanalysis(i.e., the estimationof the in-
structionsdurations).Thetechniqueis a trade-off betweena preciseapproach,which requires
a lot of resourcesanda completeknowledgeof thescheduledtasks,andheuristicapproaches
completelybasedonmeasurements.

Giventheprecisecomputationof themaximumnumberof block iterations,thedurationof
an instructionis approximatedby mixing the staticcharacteristicsof the processor, given by
the manufacturer, andthe dynamiccomponentsof the time neededto executeit, determined
experimentallywith anon-chipperformancemonitor(seeSection4.3).

To computethedurationof aninstruction,normallyexpressedusingthecyclesper instruc-
tion (CPI) metric, we divide the instructionsdurationinto its major componentsto achieve a
bettergranularity.

As de�nedby Emma[30], thetotalCPI for agivenarchitecturecanbeexpressedasthesum
of an in�nite-cacheperformanceandthe �nite-cacheeffect (FCE).The in�nite-cacheperfor-
manceis theCPI for thecoreprocessorundertheassumptionthatno cachemissesoccur, and
theFCEaccountsfor theeffectsin cyclesof thememoryhierarchy. On theprogramlevel the
FCEcanbeexpressedas:

F CE := (misspenalty) � (missrate): (3.1)

Sincethememoryeffectsareoneof theCPI componentsthatarederived from run-timemea-
surementswehadto adaptourmodelto theinformationthatthePowerPCperformancemonitor
cangather(seeSection4.3.2). Theperformancemonitorconsidersthe instructioncachemiss
penaltyaspartof theinstructionunit fetchstallcyclesandnotacachemissforcingusto include
datareferencesonly in FCE.

Theinstructiondurationseparationinto �nite- andin�nite-cacheperformanceis notenough
to obtaina goodgraspof the processorusageby the different instructions,andwe therefore
furtherdivide thein�nite-cacheperformancein busyandstall time:

CPI := busy+ stall| {z }
In�nite cache performance

+ F CE: (3.2)

wherethestall componentcorrespondsto thetimetheinstructionisblockedin onethepipelines
dueto somehazard(e.g.,adatadependence).

The PowerPCprocessorhasa superscalarpipelineandmay issuemultiple instructionsof
differenttypessimultaneously(one�oating-point, onebranch,onecompare,onememoryand
threeintegeroperations).For thisreasonwedifferentiatebetweenthestallandbusycomponent
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for eachexecutionunit; let parallelism betheaveragenumberof instructionsthataresimulta-
neouslyin therespectiveexecutionunits,stal lunit bethenumberof cyclesthegiveninstruction
stallsin theexecutionunit, stal lpipel ine bethenumberof cyclestheinstructionstallsin theother
pipelinestages(fetch,decode,dispatch,completionor write-back),andexecunit thenumberof
cyclesspentin anexecutionunit. TheCPI for aninstructioncanthenbeexpressedas:

CPI :=
execunit + stallunit

parallelism
+ stallpipel ine + F CE: (3.3)

For eachinstructionof a basicblock we useEquation3.3 to approximatethe instruction's dy-
namicduration.Thedif�culty lies in obtainingacorrectmappingbetweenthestaticdescription
of theprocessorandthedynamicinformationgatheredwith theruntimeperformancemonitorto
computethecomponentsof Equation3.3. Thedetailsareexplainedin thefollowing paragraphs.

Finite cacheeffect

ThePowerPC604eperformancemonitordeliverspreciseinformationaboutthemeannumber
of loadandstoremissesandthedurationof a loadmiss. Becauseof thesimilarity of the load
andstoreoperations[49], we canwork with the samemisspenaltyandcomputethe FCE, in
cycles,asfollows:

F CE := (miss rateload + miss ratestor e) � penalty load: (3.4)

Pipelineand unit stalls

Unfortunately, the performancemonitor doesnot provide preciseinformationaboutthe stalls
in thedifferentexecutionunitsandtheotherpipelinestages(theperformancemonitorwasnot
designedto be usedfor programanalysis,andour predictorhadto mapthe datagatheredto
somethingusefulfor theWCETestimation).

The�rst problemarisesin thecomputationof themeanstall time in thedifferentexecution
units as the performancemonitor delivers the meannumberof instructiondependencesthat
occur in the reservation stationsof the executionunits only (a reservation stationis a small
two-entriesqueuein front of eachexecutionunit). This numberis not quite useful,because
a dependencedoesnot necessarilycausea stall, andwe must �nd otherwaysto computeor
approximatetheimpactof stalls.

Themeanstall timefor instructionsexecutedby asingle-cycleexecutionunit is easilycom-
putableasthedifferencebetweenthe time an instructionremainsin theexecutionunit andits
normalexecutionduration(i.e., 1). Let idl eunit be the averagemeasuredidle time in a cycle
(for anexecutionunit), andloadunit betheaveragemeasurednumberof instructionshandledin
acycle (atmost1):

stal lunit :=
1 � idl eunit

loadunit
� 1: (3.5)

Unfortunatelythe executiontime of an instructionin a multiple-cycle executionunit is not
constant,andEquation3.5cannotbeused.Thanksto Little' s theoremappliedto M/M/1 queues
we can computethe meanlength of the reservation stationqueueNq (at most 2) and then
approximatethemeanstall timestallunit asfollows(let � := 1� idl eunit betheunit'sutilization
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factor(arrival/servicerateratio),andpdep thereportednumber(probability)of dependences):

Nq := max
�

� 2

1 � �
; 2

�
(3.6)

(1 � stal lunit � loadunit )Nq = 1 � pdep (3.7)

stal lunit :=
1 � N q

p
1 � pdep

loadunit
: (3.8)

We assumethatanabsenceof reporteddependencescorrespondsto theabsenceof stallsin the
executionunit (Equation3.7).

A similar problemis presentin thecomputationof themeannumberof stall cyclesin the
dispatchunit: Sevendifferenttypesof stall arereportedfor thewhole four-instructionqueue.
We have no way to know how many instructionsgeneratestalls,or how many differentstalls
arecausedby thesameinstruction.Thesenumbers,however, areimportantfor theunderstand-
ing of thedynamicinstructiondurations,becausethey includetheeffectsof instructioncache
missesandin�uence all the processedinstructions.Several experimentswith a setof simple
well-understoodtestprogramsrevealedthatareportedstallcanbeconsideredasgeneratedby a
singleinstruction.Thetestprogramswerespeciallycraftedby includingdifferentdatadepen-
denciesto generatepipelinestallsandobserve their effectson theperformancecounters.With
pevent the reportednumberof stallsof a given type and

Q
event (1 � pevent ) the probability no

instructionstalls,wecancomputetheprobabilitythataninstructionstalls:

stal ldispatch :=
CPI �

�
1 �

Q

event
(1 � pevent )

�

queue size
(3.9)

Thestallsin thedispatchunit (stal ldispatch ) alsoconsiderstallsin thefetchstageandcanbe
substitutedfor stal lpipel ine in Equation3.3.

Theneedto heavily rely onstatisticsandqueuingtheoryin theapproximationof thepipeline
behavior is determinedby the granularity(or lack of it) of the hardwaremeasurementtools
we have at our disposal.Nevertheless,experimentationwith small synthetickernelsto stress
pipeline stalls shows the soundnessof our mappingfrom the measureddependencesto the
actualstalls.

Executionduration

The normal executionduration(i.e., the executiontime without stalls) of an instructionfor
single-cycleunitsis known from theprocessorspeci�cations,but themultiplecycleunits(FPU,
MCIU, andLSU: FloatingPointUnit, Multiple CycleIntegerUnit, andLoadStoreUnit) have
internalpipelinesthatcausedifferentthroughputvaluesdependingon theinstructiontype. As
a consequencethereis no way to know thedurationof a given instruction,even if thecaches
andpipelinestallsarenot considered.Thepresenceof preemption,andconsequentlythe lack
of knowledgeaboutthepipelinestatus,forcesusto approximatethisvalue.

Thearchitecturespeci�es,for eachinstruction,thetime to executeit (latency) andtherate
atwhichpipelinedinstructionsareprocessed(thr oughput).
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We de�ne dunit asthe approximationof the maximaldistancein the instruction�o w be-
tweentwo instructionsthatcanbepipelinedby thesameexecutionunit. We thenconsideran
instructionpipelined,in theexecutionunit, if therewasan instructionof thesametype in the
last dunit instructions(execunit := thoughput), otherwisewe considerthe instructiondura-
tion to correspondto theintegral computationtime (execunit := latency); thevalueof dunit is
computedexperimentallyandvaries—dependingon theunit—fromfour to eightinstructions.

SincetheXO/2 instruction-durationanalysisis doneonabasicblockbasis,theapproxima-
tion for the�rst instructionof agiventypein ablock is computeddifferently:

pinstr uction := 1 � (1 � loadunit )dunit (3.10)

execunit :=

(
latency if pinstr uction < thr eshold

thr oughput if pinstr uction � thr eshold
(3.11)

Wherepinstr uction is the probability that a given instructiontype waspresentin the last dunit

instructionsandthr eshold is anexperimentallydeterminedvaluerepresentingtheprobability
thatagiveninstructionwill befoundin dunit instructions.

To checkhow this approximationworks in practiceandto re�ne the dunit andthr eshold
values,we comparefor sometestprogramsknown meaninstructiondurations,obtainedwith
the runtime performancemonitor (seeSection4.3), with the predictedones,con�rming the
soundnessof themethod.

Instruction parallelism

Wecomputethemeaninstructionparallelism(parallelism) solvingEquation3.3andconsider
meanvaluesoverthewholetaskexecution,dueto theimpossibilityto get�ner grainedinforma-
tion. Furthermore,the taskcannotbe interrupted(or instrumented)to checkthe performance
monitor; otherwiseinterferencein the task's �o w would destroy the validity of the gathered
data. The FCE is taken into accountonly for the instructionshandledby the load/storeunit
(util unit correspondsto theutilization factorof thegivenunit).

parallelism :=
exec+ stallunit

CPI � stal ldispatch � util LS U � F CE
(3.12)

To computethe meaninstruction's executiondurationexec (neededby Equation3.12), the
meanstallvaluecomputedearliercanbeused.We�rst computethemeanexecutiontimeof the
instructionshandledby a given executionunit (execunit )—in the sameway asthe stallswere
approximatedfor thesinglecycleunits.

execunit :=

(
1 singlecycleunits
1� idl eunit

loadunit
� stal lunit multiplecycleunits

(3.13)

Finally, we computethetotal meaninstructionduration(exec) astheweightedmeanof all the
instructionclasses:

exec:=
X

unit

(util unit � execunit ) (3.14)

Thedurationof eachinstructionof abasicblockcanthenbecomputedby applyingEquation3.3
with all thecomputedelements(execunit , stal lunit , parallelism, stallpipel ine andF CE).
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Heuristic and static information

Thedurationof an instructionis thereforecomputedusinga mix of informationderived from
theCPUandsystemdocumentation,anddatacollectedduringsometestrunsof theapplication.

Thelatency andthroughputof thedifferentinstructionsalongwith the�rst level cachemiss
penaltyaredescribedin the CPU manualwhile the misspenaltyof the secondlevel of cache
canbederivedfrom thesystemdescription.

At runtimewemeasurethe�rst andsecondlevel cachehit probability(miss rate), thetime
thedifferentexecutionunitsareidle (idl eunit ), their load(loadunit ) andtheir utilization factor
(util unit ).

Since,contrarily to the WCET measurementby experiment,we do not samplethe appli-
cationrunningtime but we only measuretheapplication's behavior (averagecacheusageand
pipelinestalls),we do not needmany measurementsto generatesoundWCET estimations.It
is thusnot importantto cover all the possibleexecutions(a task that is impossiblefor many
applications)but wemustonly gatherinformationon thepipelineandcacheusageof thegiven
process.

Results

Testingthesoundnessof aWCETpredictoris a tricky issue.To comparethecomputedvalueto
a measuredmaximumexecutiontime, we mustforceexecutionof the longestpathat runtime.
Suchcontrol of executionmay be dif�cult to achieve, especiallyfor big applications,where
it may be impossibleto �nd the WCET by hand. By consequencethe WCET that we can
experimentallymeasureis anestimationandcouldbesmallerthantherealvalue.

Wetestedourapproximatorwith severalsimpletaskswith aknown andmeasurableWCET
andwith somebiggerapplicationsrunningon mechatronicsystemsbasedon theXO/2 system
(seeTable3.1).

Task Measuredtime Predictedtime Overestimation
Matrix multiplications 279.577ms 310.533ms +11%
Matrix multiplicationsFP 333.145ms 351.753ms +6%
Array maximum 520.094ms 555.015ms +7%
FParraymaximum 854.930ms 814.516ms -5%
Runge-Kutta 439.905ms 495.608ms +13%
Polynomialevaluation 1 251.194ms 1 187.591ms -5%
Distributioncounting 2 388.816ms 2 579.051ms +8%
LaserPointer::Watchdog 290� s 287� s -1%
LaserPointer::Planner 297� s 298� s 0%
LaserPointer::Controller 730� s 1 071� s +47%
Robojet::TrajectoryQ 8 � s 8 � s 0%
Robojet::TrajectoryN 339� s 399� s 0%
Robojet::TrajectoryX 164� s 183� s +12%
Hexaglide::Learn 65 � s 65 � s 0%
Hexaglide::Dynamics 286� s 451� s +58%

Table3.1: WCETfor somesampleXO/2 applications.
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For themajorityof thetestswith aknown andmeasurableWCET(�rst partof thetable)we
achieveapredictionwithin 10%of therealvalue,andweavoid signi�cant underestimationsof
the WCET. The secondpart of the tablepresentsthe WCET estimationandmeasurementfor
thereal-timekernelof somerealapplications.LaserPointer is a laboratorymachinethatmoves
a laserpenon the tool-centerpoint of a 2-joints (2 DOF) manipulator. Hexaglide is a parallel
manipulatorwith 6 DOFusedasahighspeedmilling machine[46] (thetwo real-timetaskswe
pro�le containa goodmix of conditionalandcomputationalcode).Robojetis a hydraulically
actuatedmanipulatorusedin the constructionof tunnels[47] (we pro�le threeperiodicreal-
time tasksthatcomputethedifferenttrajectoriesandincludecomplex trigonometricandlinear
algebracomputations).Theoverestimationfor someof themechatronickernelslies in thefact
that themeasuredtime is not therealWCET, which is unknown, but only thehighestduration
that we are able to measure. Trigonometricfunctionsare a good exampleof the problem:
Thepredictorcomputesthelongestpossibleexecution,while, thanksto optimizedalgorithms,
differentdurationsarepossibleat runtime.It is obviouslydif�cult, or oftenevenimpossible,to
computean input setsuchthateachcall to thesefunctionstakesa maximumamountof time.
We must thereforetake into accountthat the experimentallymeasuredmaximumdurationis
probablysmallerthanthetheoreticalmaximumexecutiontime.

More detailsaboutthe implementationanda morecomprehensive analysisof the results
canbefoundin [21].

In summary, for therealapplications,our techniqueproducesconservative approximations
yetavoidsnoticeableunderestimationsof theWCET. Inaccuraciesin theWCETestimationcan
only becausedby theapproximationof theeffectsof cachesandpipelinesbut notonthewrong
understandingof thesemanticsof theprogram.Theseresultsdemonstratethesoundnessof the
methodfor real-world productsshowing thatamixedapproachwith aprecisesemanticanalysis
andanapproximatedhardwareanalysiscansafelycomputegoodWCETestimations.

3.3 The road to par tial trace sim ulation

The implementationof the WCET estimatorfor the XO/2 systemdescribedin Section3.2.1
shows that a mixed approach(with a precisesemanticanalysisandan approximationof the
instructiondurationestimation)allows to analyzesystemswith a dynamicsetof processesand
preemptivemultitaskingdeliveringsoundresultsfor complex soft-realtimeapplications.

To broadenthe applicationsthat we could usefor the tool evaluationwe re�ned both the
semanticanalyzer(asdescribedin Chapter2) andthehardwareanalyzer, reducingtheamount
of statisticalinformationneededto computetheestimation(seeSection3.4). Wealsomovedto
a Linux platformon Intel processorsandfocusedon theWCET estimationof fairly largesoft-
real-timeJava applicationsrunning on commodityhardware (e.g., multimediaapplications).
This new hardwareandsoftwareenvironmentpresentsthe samesetof problemsasthe XO/2
system:thesystemis highly dynamic,andthesetof runningprocessesalongwith thepreemp-
tion pointsareunknown. On theotherhandthenew environmentofferedusa largeramountof
applicationsanddid not requirehardconstraintson thecomputedWCET.
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3.4 Partial trace emulation

As describedin Chapter2 our worst-caseexecutiontime approximatoris composedof two
tools: a machineindependentsemanticanalyzeranda languageindependentinstructiondura-
tion estimator.

Theanalyzerproducescommentedassembler�les that, in additionto thenative code,are
enrichedby additionalsemanticinformation: an annotatedsyntaxtree for eachmethod,the
boundsof eachbasicblock, the list of falsepaths,and the set of targetsof eachcall. The
hardwarelevel estimatorcanthen,from theinputassembler�les, easilyreconstructthestructure
of theprogram.

3.4.1 Locality

Ourapproachtriesto computeasoundestimationof theinstructiondurationwithoutpreciseand
completeknowledgeof thesetof runningprocessesonsystemswhichsupporttaskpreemption.
For this reasonwe cannotpredictwhentheanalyzedprocesswill be interruptedandtherefore
we cannotpredictthestateof thecachesandpipelineswhentheprocesswill beselectedagain
for running.

As for the semanticanalysiswe have thereforedecidedto approachthe problemlocally
withoutaglobalanalysisandwithoutsimulatingall thepossiblepathsin anabstractdomain.

Our idea is basedon the principle of locality, limiting the effects of an instructionto a
limited periodof time: We assumethattheeffectsof aninstructionon thepipelineandcaches
will fadeover time andthat they will beno longerrelevantaftera certainnumberof executed
instructions.In otherwords,theeffectsonthecachesandpipelinesof aninstructioni in agiven
programtracearerelevant only for the limited setof instructionsfollowing instructioni (the
numbern of relevantinstructionis arbitraryandde�ned heuristically).

For everypossibleexecutiontracegoingthroughaninstructioni we thereforede�ne a par-
tial tracet(i; n) asthesetof thelastn instructionsprior to i on thatparticulartrace.Usingthe
principleof locality, a partial tracealsode�nes thesetof instructionsthatcould in�uence the
durationof i on thatgivenexecutiontrace.

Although it would be morestraightforward to usetime (cyclesor seconds)to de�ne the
lengthof a partial trace(insteadof the numberof instructions)that composeit, to do this we
wouldneedthedurationof thevariousinstructionsthatwestill have to compute.Thelengthof
apartialtracedoesnotdirectly in�uence theresultof theWCETcomputationandonly a rough
estimateis necessaryto build partialtraceslong enoughto exploit theprincipleof locality. For
this purposewe considerthe numberof executedinstructionsasdirectly proportionalto the
time it will take to executethem.

Accordingto this de�nition, if we considera particularpathin theprogramandaninstruc-
tion i (seeFigure3.1) only the instructionsthat arepart of the partial tracet(i; n) (in gray in
Figure3.1) can in�uence the durationof i . It also follows that everything that is beforethe
instructioni s in thisparticularpathcanbeignoredfor thecomputationof thedurationof i .

We simulatetheCPUbehavior (pipelineandinstructioncache)for then instructionsin the
partialtracet. Thedurationof i giventhepartialtracet (duration(i; t)) canthenbecomputed
by looking at the time, in cycles, neededto executethe instructionat the end of the short
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Figure3.1: Partial traceandprincipleof locality.

simulation(seeSection3.4.2). The �rst n � 1 instructionsareusedto warmup andinitialize
thesimulator, whichcanthentime theexecutionof thelastinstructionin theright context.

We de�ne T(i; n) to bethesetof uniquepartialtracesof lengthn thatendin i (i.e., i is the
lastinstructionof thepartialtrace)andwede�ne theWCETof aninstructioni as:

WCET(i ) := max
t2 T (i;n )

(duration(i; t)) :

I.e., we computethe durationof i on every partial traceof lengthn which endson i , andwe
conservatively considertheworstcaseonly. Thepartial tracesin thesetT(i; n) arelimited in
numberby n andcanbecomputedby a simplebackwardpathenumerationpass(limited up to
acertainpathlength).

To limit thenumberof tracesthatmustbesimulated,someoptimizationsarepossible:Par-
tial simulationresults(e.g.,thestateof thepipeline)arecachedandcanbereusedif theinitial
partof two tracesis thesame(this is particularlyeffective if we force tracesto begin at basic
block boundaries).Furthermorethe sametracesimulationcanbe extendedto the following
instructionsaslongasno jumpsareencountered.Wecall theinclusionof all theinstructionsin
thesameblockasthe�rst instructionof thetracet andall theinstructionsin thesameblockas
thelastinstructionof thetracet apartial traceextensionof t.

i

B0 B1 B3B2 B4

n

Figure3.2: Traceextensions.

Figure3.2 shows anexampleof the traceextensions:the tracet(i; 11) (darkgray instruc-
tions)is extendedin thepastto thebeginningof blockB1 andin thefutureto thelastinstruction
of blockB3 (light grayinstructions).

This traceextensionaddsa small numberof instructionsto the tracebut on onehandin-
creasesthe probability that the initial part of the tracesimulationcould be usedagain (there
might bemorethanonepartial tracebeginning in thesameblock). On theotherhand,thanks
to theadditionalblocksat theend,we cansafelycontinueto simulatethecodeandrecordthe
durationof thewholeblock (B3). This is possiblesinceno jumpsor jump targetscandisturb
the�o w of execution(which is guaranteedto beuninterrupteduntil theendof theblock).
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loop

C
[11], 10 instr

D
[10], 2 instr

I
[1], 6 instr

E
[3], 15 instr

F
[7], 3 instr

G
[10], 6 instr

H
[10], 0 instr

A
[1], 2 instr

B
[1], 0 instr

J
[1], 0 instr

Figure3.3: Partial traces:for eachbasicblock we depictthename,therangeof possibleitera-
tions in bracketsandthenumberof instructionscomposingtheblock. Theshaded
arearepresentsa loop.

Figure3.3shows anexamplecontrol-�ow graph(for eachnodethenumberof iterationsis
shown togetherwith thenumberof instructionsin thebasicblock). ThesetT(H; 23) represents
all theuniquepartialtracesendingin the�rst instructionof blockHwith a lengthof 23 instruc-
tions. In this exampleT(H; 23) is composedof HGFDCBA, HGED, andHGFDCHG. In addition
weassignto eachtraceaweightw basedonhow many timesit will beexecuted:

w(t 2 T) :=
min
b2 t

(max (iter (b)))

max
b2 T

(max (iter (b)))
:

The weight is computedusing the minimum numberof iterationsof all the blocks that
composeit anddoesnot necessarilycorrespondto theactualnumberof timesthetracewill be
executed. In our example: w(HGFDCBA) = 1=11, w(HGED) = 3=11, andw(HGFDCHG) =
7=11. Notethatin ourexamplethetool is notableto determineif thepartialpathHGEDwill be
executedin the�rst cycleandis thereforepartof HGFDCBA.

3.4.2 Partial trace sim ulation

To simulatethe instructioncacheand pipelinesbehavior of a partial tracewe implemented
a basiccycle precisesimulatorusinga simpli�ed Intel PentiumII processor[50] model(see
Figure3.4). For every clock tick we evaluatethestateof thedifferentCPUunitskeepingtrack
of the instructionswe are interestedin. The following paragraphsdescribewhich processor
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elementsareconsideredin themodelandhow oursimulatorhandlesthem.

L2 Cache

Bus Interface Unit

L1 ICache

Fetch/Decode
Unit

L1 DCache

Unit
Dispatch/Execute

1 2 3 1 2 3 4 5

Unit
Retire

System Bus

Instruction Pool

Fetch Load Store

Figure3.4: Simpli�ed CPUmodel.

Pipeline

ThePentiumPropipelinecanbebroadlydividedin threemainstages:afetchanddecodephase,
adispatchandexecutephaseand�nally a retirephase(seeFigure3.4).

Fetchand decode. Thefetchanddecodeunit fetchesone32-bytecacheline atatimefrom the
instructioncacheanddecodesit to the internalmicro-ops.Every IA-32 instructionis decoded
to oneor morepre-programmedmicro-opswhich arethenpassedto the instructionpool. The
unit candecodeup to six mirco-opsperclock tick.

Instruction pool. The instructionpool holdsfrom 20 to 30 micro-ops,which arethendis-
patchedto the correctexecuteunit in any order. The Pentiumprocessorsareableto dispatch
micro-opsout-of-orderusingTomasulo's algorithm[99] to minimize the stallscausedby data
dependences.

The instructionsare then dispatchedto several executionunits divided among� ve ports
(pipelines).Severalexecutionunitscanexecutemicro-opsoneachpipeline,but only onemicro-
oppercyclecanbefed to aport.

To beableto correctlysimulatethedispatchingmechanismwe thereforeneedto know the
dependences(i.e., thedef-usechains)amongthemicro-opson theanalyzedpath. Sincepaths
aresimulatedin isolationthe simulatorcansimply keeptrack of the dependencesduring the
traversal.
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Execution. The � ve executionpipelinesprocessesthe instructionsaccordingto their type.
Sincetheexecutionof someoperationscandependon thevaluesof theoperandswe consider
theworst-casescenario.

Retire unit. Theretireunit hasthetaskto reorderthemicro-opsandcanprocessup to three
instructionsperclock tick.

Memory operations

Partial tracesimulationdoesnot allow us to simulatethedatacachebehavior sinceat thebe-
ginningof theinstructionsequence(i.e., thepartialtrace)thememoryanddatacachestatesare
unknown. For this reasonwe do not currentlymodeldatadependencesin memoryandwe as-
sumethatawrite to astorebuffer will not in�uence theinstructionduration.Assumingenough
memoryto handlethe processandassumingthat no swap spaceis present(all the processes
�t in memory),our model,similarly to theXO/2 predictor(seeSection3.2.1) usesa statistical
approximationof thememoryaccesses,computingthecost,in cycles,of a read(cr ead) in the
following way:

cr ead := cL 1hit + (1 � pL 1hit ) � (cL 2 + (1 � pL 2hit ) � cM )

WherepLl hit is themeasuredaverageprobability to have a hit on thecachelevel l , cLl hit is the
costof acachehit onlevel l andcM is thecostof amemoryread.Thevaluesfor cL 1hit ,cL 2hit and
cM aredeterminedstaticallyby theIntel speci�cations[50] while theglobalhit probabilitiesfor
the whole programaredeterminedempirically by measurements(seeSection4.3) performed
onseveraltestrunsof theanalyzedapplication.

Possibleheuristics Even if partial traceevaluationdoesnot allow a precisedatacachesim-
ulation someheuristicassumptionscanhelp to reducethe cacheoverestimation.A points-to
analysiscouldhelpto identify thereferencespointingto a singleobject. Thereferencescould
thebeassumedto generateacachehit if foundinsideloops.

Althoughmorecomplex heuristicsandanalysescould improve theanalyzerknowledgeof
theaccessedmemory, oursimpleapproximationis suf�cient to estimatethememoryeffectson
computationintensiveapplications(seeChapter5)..

Branch prediction

To estimatetheeffectsof branchpredictionweusetheboundsonthemaximumnumberof basic
block iterationscomputedwith thestaticsemanticanalysis(seeSection2.5.2). Weconsiderthe
probabilityof abranchfrom ablockbto ablocks as:

pbranch(b;s) :=
max(iter edge(b;s))

max(iter b)

whereiter edge(b;s) is thenumberof timeswe will jump from b to s, anditer (b) is thenumber
of times that block b will be executed. Comparingthe expectedCPU behavior describedin
the documentationwith our predictedbranchdirection we can estimatehow often a branch
mispredictionwill occur.
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Discussion

Our partial tracesimulatoris basedon a simpli�ed modelof the Intel CPU andits accuracy
could be improved by a completecycle precisePentiumPro simulator, but to the bestof our
knowledgenosuchtool is availablein aform thatallowsits integrationin ourWCETestimator.

Although several aspectsas the instructionreorderingand the cachemodel are handled
in a very simpli�ed way our simplemodeldeliversresultsthat con�rm the soundnessof the
approach(seeChapter5).

3.4.3 Long est path

Oncewe have the worst-caseexecutiontime of eachinstructionwe can easily computethe
durationof abasicblockbasthesumof thedurationsof all theinstructionsi it contains:

WCET(b) :=
X

i 2 b

WCET(i )

Since,due to pipelining, an instructionexecutioncould be spreadover the executionof two
basicblocks,we de�ne thedurationof a basicblock asthetime betweenthebeginningof the
executionof its �rst instructionto the last clock tick beforethebeginningof theexecutionof
the�rst instructionof thenext block.

If tracesareextendedto �nish onblockboundaries(seeSection3.4.1) thelengthof ablock
is simply the time resultingfrom the simulationof the block at the endof the trace(seeFig-
ure3.2).

To beableto computethe longestpathfrom a methodsourceto themethodexit, we must
transformthecontrol-�ow graphrepresentationremoving structuralcycles:For every loop we
removethebackedgesfrom ourrepresentationandreplacethemwith anedgeto all thepossible
loop's exit points. We then updatethe weight of eachbasicblock, multiplying it with the
block's maximumnumberof iterations(the initial weight of a block is de�ned as its worst-
caseexecutiontime). We obtainanacyclic representationof thecontrol-�ow graphthatretains
informationaboutblock iterationsin theform of nodesweights.Notethatcyclesareremoved
from therepresentationonly, andthatwedonotperformany loopunrollingon theactualcode.
Figure3.5showsanexample:Theback-edge(4 ! 2) of theloop(Loop(2,3,4) ) is removed
andsubstitutedwith a setof edgesto the loop's exit points(4 ! 5 and4 ! 6). Theweights
w of theblocksareupdatedaccordingto themaximumpossiblenumberof iterationsof each
block.

To �nd out thelongestpathfrom theentryto theexit blockof thegraphwhich is nota false
paththereareessentiallytwo differentapproaches:The�rst onetransformsthegraphin sucha
way thatfalsepathsareremovedfrom thegraph.An algorithmthatallows to do thisef�ciently
for very largegraphshasbeenpresentedby Blaauw, PandaandDasin [8]. Thealgorithmwas
conceivedfor the�eld of digital circuit optimization,wheretheencounteredgraphsarefarmore
complex andbiggerthantheonesthatmustbedealtwith in computerprograms.

Thesecondandsimplerapproachis to computethek longeststructuralpathsin thegraph—
wherek is a user-de�ned parameter—andthenchoosethe longestof thesepathsthat is not a
falsepath. An ef�cient algorithmfor �nding the k longestpathsin a directedacyclic graph
ef�ciently hasbeenproposedby Yen,Du andGhantain [106] which is ableto performthepath
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Figure3.5: Virtual loopunrolling: for eachblockwedepictthenumber, thenumberof possible
iterationsin bracketsandtheweightw.

enumerationin logarithmictime whenk is small. Theproblemof this algorithmis thatfor our
particularcase,wherefalsepathsalsohave to beconsidered,thereis no sensibleway to de�ne
theparameterk. Dependingontheparticularprograminstancebeinganalyzed,it couldturnout
thatall k longestpathsarein factfalsepaths.In suchapathologicalcase,theonly assertionthat
canbemadeis thatthelongestnon-falsepathis shorterthanthek-th longestpath,but theactual
longestpathis not known. Despitethis problem,thealgorithmis ef�cient andrelatively easy
to implement.Sinceprogramgraphsarerelatively small—thenumberof nodesin thegraphis
rarelygreaterthanacoupleof hundrednodes—itis suf�cient to write amodi�ed versionof the
algorithmof thesecondapproach,in suchawaythatnouser-de�nedparameterk is needed(the
algorithmadaptively increasesthefactork dependingon thepresenceof falsepaths).

Distanceto the exit node In a �rst phasethealgorithmcomputesthelongestdistanced from
eachbasicblock to the control-�ow graphsexit node. The nodesare processedin reverse
topologicalordercomputingthemaximumdistance(in time) to theexit node:

d(B) := WCET(B) + max
p2 pr ed(B )

(WCET(p))

For eachnodewethensortthesuccessorsaccordingto theirdistanceto theexit (in decreas-
ing order). In absenceof falsepathstheWCET correspondsto thedistancefrom theentry to
theexit node(d(entr y)).

Path enumeration If this longestpath(Pmax := hentr y; b1; b2; : : : ; bn ; exit i ) containsa false
partial linearpath(seeSection2.3.5) we try to �nd analternative pathby choosinga different
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successorfor onetheblocksbi (seeFigure3.6). Sincethenumberof possiblepathsis exponen-
tial in thenumberof conditionalbranchnodesof thegraph,thealgorithmonly considerspaths
thatarelongerthana thresholdvalueT.

P := Pmax

markall theblocksin P asvisited
if P doesnotcontaina falsepartiallinearpaththen

returnP
end if
T := jPj f initialize thethresholdvalueg
f backwardtraceg
look backwardfor abi whichhasanonvisitedsuccessor
while bi exist do

b0
i+1 is thenonvisitedsuccessorof bi with thehighestdistancefrom theexit node

if durationof thepathup to b0
i+1 > T then

f forwardtraceg
P is completedby choosingthesuccessorswith thehighestdistancefrom theexit node
P0 := hentr y; b1; b2; : : : ; bi � 1; bi ; b0

i+1 ; b0
i+2 ; : : : ; b0

n ; exit i
markb0

i+1 asvisited
if P0doesnotcontaina falselinearpaththen

f updatethecurrentlongestpathandthethresholdg
P := P0

T := d(entr y) alongP
end if

end if
f backwardtraceg
look backwardfor abi whichhasanonvisitedsuccessor

endwhile
if P doesnotcontaina falselinearpaththen

returnP
else

f all thepathsareinfeasibleg
return;

end if

Figure3.6: Findingthelongestnon-falsepath.

Method calls. Methodcallsarehandledby traversingthecall graphin depth-�rst orderand
insertingthemaximumdurationof all thepossiblecalleesat thecorrespondingcall site.

3.4.4 Comple xity

Thelimited lengthof theuser-chosenpartialtraceslengthlimits thenumberof paths,andcon-
sequentlythenumberof instructions,thatwemustconsiderfor simulation.For aprogramwith
N instructions,B basicblocksanda partial tracelengthof n, our analysishasto simulatea
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N � n is thenumberof blocksin a traceand2(B =N �n� 1)=2 is thenumberof partial

tracesto be simulated. Sincen (the lengthof a partial trace)and N
B (the averagenumberof

instructionsperbasicblock)areconstant,thetotal runningtimeis in theasymptoticcaselinear.

Thesmallnumberof pathsis a consequencethatconsideringpartial traces,insteadof real
programtraces,the time neededto simulatethe codedoesnot dependon the numberof loop
iterations,which normallycontributesto theexponentialpathexplosionproblem,but depends
only on thenumberof conditionalbranchesin thecode(astaticproperty).

3.5 Summar y

In this chapterwe presentedonepossiblebackendfor our semanticWCET analyzer. Thedy-
namismof our environmentsuggestedus to approximatethe computationof the instruction
durationon thegivenhardwareplatformusingsimulationsof shortprogramtracesnippets.

We have shown on two differentplatforms(XO2 on PowerPC[21] andLinux on Pentium
Pro[22]) thatamixedapproachthatincludesheuristicinformationor thatapproximatesthestate
of thevariousCPUcomponentscansafelyestimatetheWCETfor soft-realtimeprocesses.

Theapproximationsperformedby thehardware-level analyzercanonly have a limited im-
pacton the total WCET estimationsincetheboundson cyclic structuresaresafelycomputed
andaneventualover- oderunderestimationis only dependenton thecachesandpipelinestalls
approximations.



4
Implementation

This chapterpresentsissuesrelatedto the chosensoftwareandhardwareplatform: In partic-
ular we describethe challengesderived by the choiceof a modernobject-orientedlanguage
like Java (seeSection4.1) andtheimplementationof our analyzeraspartof a generalpurpose
native-to-bytecodecompiler(seeSection4.2). Finally we describethesoftwareandhardware
infrastructurewe useto measuretheprocessorandsystemperformanceandbehavior (seeSec-
tion 4.3).

4.1 The Java langua ge

The importanceof the Java languagein the real-timeis quickly growing [45]: despiteits ad-
vancedmemorymanagementand high dynamism(with classloadingand unloadingat run-
time), the Java languagehasa lot of characteristicsthat make it a goodchoicefor embedded
andreal-timeprogramming.The language,asmany othermodernlanguages,offers, for ex-
ample,anenvironmentwithout pointerarithmetic(thanksto enforcedstrongtyping) andwith
automaticarray index checks. Thesetwo featuresalonehelp the embeddedprogrammerto
write safercodeandto enhancepredictability: the absenceof pointerarithmeticstronglyre-
ducesaliasingeffectsimproving theresultsof automaticanalyzers.

In the last yearsthreeproposalsfor real-timeprogrammingwith the Java languageorigi-
natedfrom differentindustrygroups:the�rst wasdraftedby Kelvin Nielsenfrom NewMonics
andthe National Institutefor StandardsandTechnology(NIST) [76, 1], the secondby Greg
Bollella from IBM and the J-Consortium(a group of companieslead by HP and including
NewMonics)[38] andthelastoneby a Java expertgroupcharteredundertheJava community
processleadby Sun,working on real-timeJava extensions(this groupalso includedseveral
othercompanies,someof theminvolvedin theJ-Consortiumaswell).

Despitesomedifferencesin theproposals—someindustrieswantedaheavily modi�ed lan-
guagewith someadhocconstructsfor hard-real-timeprograms,while Suninsistedin keeping
theJava spirit anddid not wantany changein thelanguageitself—thethreegroupsmergedin
1998andtheir joint efforts resultedin asetof requirementswhich led to theReal-TimeSpeci�-
cationfor Java(RTSJ)[11, 12].

This sectiongivesa shortoverview of thereal-timeJava speci�cationsexplainingtheposi-
tion of ourapproachin respectto thecurrentdeploymentof Java in theembeddedworld.
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4.1.1 Scheduling and event handling

The RTSJdoesnot specifya speci�c schedulingstrategy (althoughevery implementationis
requiredto have at leastoneimplementationof a real-timescheduler)but emphasizestheneed
of timely executionof threads. Eachimplementationshouldalsoprovide a lock mechanism
implementationthatpreventspriority inversionallowing a real-timesafesynchronization.The
Java exceptionsmechanismis alsoextendedto allow applicationsto programmaticallychange
thepointof controlof anotherthread.

Therequirementfor real-timeschedulingemphasizestheneedof predictabilityof thereal-
time Java process.This aspectplayeda centralrole in the J-Consortiumspeci�cation drafts
(they containedstrict restrictionson thecodeto make it analyzable)but lost importancein the
�nal speci�cations.

4.1.2 Memor y management

The RTSJ provides several extensionsto the memorymanagementto overcomethe unpre-
dictablelatenciesof garbagecollectors.TheRTSJintroducestheconceptof memoryareas,dif-
ferentiatingseveralallocation(anddeallocation)strategies.In additionto theclassicalgarbage
collectedobjectsit is possibleto allocateimmortal objects(never removed) and to allocate
scopedobjects(their lifetime is de�ned by asyntacticscope).

Immortal objectscanbe safelyusedby a real-timeapplicationsinceno externalgarbage
collectionmechanismwill ever interrupttheexecution,but on theotherhanda carefulof�ine
analysisis neededtoensurethattheapplicationswill neverallocatemorememorythanavailable
(seeSection5.10).

4.1.3 Our appr oach

With this thesiswe wantto show that it is possibleto safelyapproximatethemaximumtime a
soft-real-timeJava applicationneeds,for largereal-timeapplications(includingsoft-real-time
multimediaapplications). For this reasoninsteadof focusingon a reducedset of the Java
programminglanguage,or focusingonaspeci�c RTSJimplementation,wedecidedto work on
unmodi�ed single-threadedJavacode.

WethereforetargetunrestrictedJavaapplicationsemphasizingthegeneralityof theanalysis
aswe want to handlein additionof real-timeJava programswritten with timelinessin mind,
normalmultimediaapplications.

4.1.4 Multi-threading

The presenceof more than one threadof the sameapplicationon a preemptive systemhas
severalimplicationsfor aWCETanalyzer.

First of all thesemanticanalyzer(seeChapter2) musttake into accountthatanotherthread
couldchangeobject�elds atany time: As weconsideronly local variablesfor our loopbound-
ing analysis(seeSection2.4.2) this doesnot directly affect our algorithm(but anextensionof
it thatconsidersobject�elds aspossibleloop controlvariableswould have to performescape
andaliasanalysesto ensuretheconsistency of thedata).
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Resourcelocking,on theotherhand,makesthecomputationof onethread's WCET, in the
generalcase,impossible.Thetime a threadwould have to wait for a sharedresourcedoesnot
only dependonconditionsknown atcompiletime,andthereforethepresenceof lockingmakes
anautomaticanalysisverydif�cult. Themaindifferencebetweenthelock analysisandtheloop
boundsproblem,whichalsosuffersfrom theundecidabilityof thehaltingproblem,is thatwhile
loopsfrequentlydependon local variables,locks involve sharedresourcesoftenrelatedto the
underlyingsystem.For this reasonsour analyzerdoesnot supportlocking constructsbut our
loop boundinganalysis,which doesnot considerobject �elds for loop termination,is robust
with respectto multi-threading.

The presenceof multiple threads,on the other hand,doesnot affect the hardware-level
instructiondurationanalyzer(seeChapter3), whichalreadyconsidersthepresenceof preemp-
tion.

4.2 The compiler

Our WCET estimatoris embeddedasa modulein a generalpurposeresearchJava ahead-of-
timebytecodeto nativecompiler. This tight integrationallowsusto takeadvantageof themany
analysisandoptimizationsthatarenot normallyemployedin a standaloneWCET analyzerbut
thatcangreatlyimprove theresults.

An exampleare the intermediaterepresentationin static singleassignmentform [25] on
which we performa classicalset of optimizations(e.g., constantfolding, copy propagation,
commonsubexpressionelimination)andtheadvancedcall graphreductionalgorithms(seeSec-
tion 2.8.1). Thesewhole-programanalyses,althoughnotdirectly relatedto thetiming analysis,
helpon handto gatherpreciserinformationon the loop induction's variablesandon theother
handto reducethesetof possibletargetsfor eachmethodcall. As anexample,we wereable
to reducethe numberof unboundedloopsfrom 12% for the Linpack benchmarkto 57% for
the JavaLayerapplication(seeSection5.2.1) by propagating andfolding constantsonly. The
variabletypebasedanalysis,wasableto reducetheaveragenumberof targetspermethodcalls
by around5%.

The WCET analysisis performedasa last stepjust beforethe codegenerationphaseto
ensuretheconsistency of our analysiswith theproducedcode(i.e., thecontrol-�ow andcall-
graphswill notbechanged).

4.2.1 Memor y management

Our bytecode-to-native compilerrelieson partsof the GNU Compilerfor the Java Program-
mingLanguage[33] (version2.96)for theruntimesystem:namelymemoryallocation,garbage
collection,andthreadmanagement.Thecompileralsorelieson theClasspathlibraries[34] for
theimplementationof thecoreJavaclasses.

We are thereforenot able to analyzeJVM functionalitiesasmemorymanagementor the
native implementationof partof somecoreclasses.Characteristicsof nativemethods(memory
andWCET)mustbeconsequentlymanuallyspeci�edwith codeannotations(seeSection2.7).
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4.3 Hardware-le vel measurements

Precisemeasurementsof theprocessorusageby theanalyzedprocessesarecrucial:ononehand
to determinetheexactdurationof a testrun andon theotherhandto have detailedinformation
on thebehavior of thedifferenthardwarecomponentsto tunethehardwarelevel estimator.

4.3.1 On-chip perf ormance monitoring units

ModernprocessorsastheMotorolaPowerPC,theDEC Alpha, theIntel Pentium(from thePro
versionon) andtheMIPS R10000have anon-chipperformancemonitoringunit that is ableto
performcycleprecisemeasurementsabouttheCPUbehavior. Examplesof themeasuredvalues
are: clock cycles,stallsat the variouspipelinestages,cachemissesand their penalties,and
branchpredictorperformance.Theperformancemonitoringhardwarecanbeusuallyswitched
onandoff atany timeallowing very �ne grainedmeasurements.

Performancemonitorswere not speci�cally designedto help in programanalysisbut to
betterunderstandprocessorperformanceand,dueto pipelining,theperformancemonitorevents
areusuallynot preciselyreportedat theright time. Eventscouldbesignaledsomecyclesafter
theeventhastakenplace[27]: at the time we stopthemeasurementssomeinstructionscould
behalfway in thepipelineandthey couldbevisible to certaineventsonly. As anexamplewe
canconsiderthe Intel PentiumPro Processor, which hasa buffer of 20 instructionsandtwo
levelsof branchprediction:whenthemeasuringprocessis startedor stopped,theeventsrelated
to theseinstructionscannotbepreciselyaccountedsinceit is not known if they will be really
executedor not (instructionsin thepipelineatagivenpoint in timecouldbelaterdiscardeddue
to a branchmisprediction).For a givenevent,we canthereforejust keepsummarydataover a
largenumberof instructionexecutions.

This meansthat in thegeneralcasethegathereddatais suf�cient to evaluatehow thepro-
cessorperformsbut is too coarseto preciselyunderstandthe correlationbetweena particular
eventandtheinstructiongeneratingit.

In additionmany eventsarenot disjoint,andtheperformancemonitorsarenot usuallyable
to reporttheir intersection.Consider, e.g.,stallsin thedispatchunit of a PowerPC603e:seven
different stall typesare reported,but thereis no way to know how many apply to the same
instruction(up to four instructionsof six differenttypescouldbe in thedispatchqueuewhen
theeventis reported).

4.3.2 XO/2 measurements

The XO/2 system(seeSection3.2.1) runson PowerPCprocessorsandspeci�cally, our tool
is usinga PowerPC604eon VME boardswith severalmegabytesof RAM (dependingon the
application).

ThePowerPC604eperformancemonitor[59, 86] offersfour 32bit countersthatcanbeused
to monitor40 uniqueevents.For eachcounterit is possibleto simply counttheoccurrencesof
giveneventor to decreasethecountereachtime theeventoccursandtriggeraninterruptwhen
the counterreacheszero. The performancemonitoringis controlledwith a bit in the process
statusregister, whichis processspeci�c andis savedacrosscontext switches(i.e.,themonitoris
automaticallyswitchedon andoff whentheprocessis scheduledandsuspended).This feature
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helpsusto gatherdataonly onthetaskof interestandavoidsinterferencefrom otherprocesses.

Althoughtheinput-triggeringsolutionallows a safeusageof thecounterssincethereis no
risk of over�ow (232 eventscanquickly happenon a 200MHz machineandeven fasteron a
2GHzmachine),the additionof unnecessaryinterruptswasnot acceptablefor the XO/2 real-
timesystem.

Instead,we checkthevaluesof thecounterat eachschedulerperiodstoringthemeasured
valuesin a per-processstructure(the XO/2 scheduleris calledoften enoughto avoid counter
over�ows). In this way onecountermustberelinquishedto measuretheclock cyclesbetween
eachpreemptionpoint leaving theotherthreecountersfreefor theactualmeasurements.Onthe
otherhandthebookkeepingoverheadis minimal (i.e.,wedonot requireadditionalinterrupts).

SincetheXO/2 WCETanalyzerneedsinformationonmorethanthreedifferentevents(see
Section3.2.1) we have either to make several measurementruns, eachone with a different
setof events,or to alternatethe measurementsduring the samerun andconsiderthe average
behavior only. Thesecondapproachdividestheexecutionin segmentsand,for eachsegment,
wemeasurethreeof theneededevents.Thetool iteratesover thelist of neededeventsensuring
that eachoneis measuredthe sameamountof time. For eachevent we computethe average
valuefor onesegmentandwe thenapproximatethebehavior on theprogramlevel of a certain
event,with theaveragevaluein themeasuredsegments.

Both approachesdeliver, with a negligible difference,the sameresults(real-timekernels
have a homogeneoususageof the CPU) andwe thereforerequireonly onerun reducingthe
complexity andthedurationof thetestphase.

4.3.3 Lin ux measurements on Intel Pentium processor s

From the PentiumPro family on, Intel Pentiumprocessorsinclude an on-chip performance
monitoringunit [7, 88] that allows the userto count speci�c eventswith two 40 bit special
purposeregisters.

As for the PowerPC,we usethis facility to measure(over several passes)the exact dura-
tion in cyclesof theprogram,thenumberof cachemissesandtheir penalties,andthebranch
predictorperformanceof theanalyzedprocesses.

TheIntel performancemonitordoesnot have thepossibility, asthePowerPCone,to mark
oneprocessfor monitoringbut only providesmechanismsto startandstopthecountersregard-
lessof whichprocessis running.For thisreason,wemodi�ed theLinux schedulerto keeptrack
of therunningprocessesandonly measuretheprocessesweareinterestedin.

We thereforeperformedthefollowing changesto theLinux kernel:

� We addeda modulewith a new setof systemcalls to manipulatethe countersandthe
registersto con�gure the performancemonitor (theseinstructionscanonly be executed
in privilegemodeandhencein kernelspace).

� We insertedadditional�elds in theprocessdescriptorstoringif theprocessis currently
monitoredandthetemporaryvaluesof thecountersbetweencontext switches.

� Wecreatedanew specialdevice to performtheuserandkernelspacecommunicationvia
theioctl mechanism.
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� We includeda checkat every context switchto seeif thecurrentprocessmustbemoni-
tored,andwe includeda smalleventcountbookkeepingroutinewhena monitoredpro-
cessis suspended.

We provide both the possibility to measurethe programbehavior with a separatetool or to
instrumentthecodeto gather�ne-graineddataonaper-methodbasis.

In contrastto theXO/2 approachwherethedifferenteventswheremeasuredin alternation
during one single test run, the Linux measurementtool automaticallyperformsseveral runs
avoiding to recon�gurethecountersduringthetest. Althoughthis solutionlengthensthetime
neededto analyzean applicationit allows us to minimize the requiredchangesto the kernel,
easingmaintenanceandportability. In additionwe arealsoableto betterpro�le applications
with anheterogeneoususageof theCPUsincemeasurementsof differenteventsarenot alter-
natedduringonerun.

4.3.4 Discussion

Both thePentiumandthePowerPCmonitoringsystemsoffer a plethoraof eventsthancanbe
monitored,but theseunits werenot speci�cally designedto be usedto performprecisemea-
surementsandto clearlydescribetheperformancebehavior (seeSection4.3.1).

This meansthat in bothcases(XO/2 on PowerPCandLinux on Intel) we lackedthepossi-
bility to gatherdataasthestallsin theexecutionunits for thePowerPC,thatcouldhave been
very useful.We thereforehadto rely on approximationsto computetheprocessorbehavior as
explainedin Sections3.2.1and3.4.2.

Althoughon-chipperformancemonitoringunitsaregenerallybadlydocumentedandthey
lack a standardizedsystemsupportthey have a generalutility in additionto their classicap-
plicationsaschip designdebuggingandhigh-endapplicationtuning. Both the XO/2 andthe
Linux hardware-level analyzershow thatthemeasuredprocessorbehavior cannotonly helpon
theanalyzerevaluation(seeSection5.1) but alsoon theWCETestimation(seeChapter3).
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Evaluation

Testingthe soundnessof a WCET predictor is a tricky issuesince, for complex examples,
the real maximumexecutiontime is dif�cult or even impossibleto measure.To comparethe
estimatedvalueswith themeasuredtimewemustforcetheexecutionof thelongestpath,which
is not normally known. Anotheroption to experimentallydeterminethe WCET would be to
measuretheapplicationswith all thepossibledirectandindirectinputs.Thisapproachis clearly
impossiblefor themajorityof thenontrivial cases.

Sincethe simulationof all the possibleexecutionsis not feasiblewe validateour tool by
comparingthe computerWCET estimationwith the measuredlongestrunningtime for small
known syntheticapplicationswherethereallongestpathis known or computableby hand(see
Section5.4). If thesetestsyield goodresultsandthevalidity of thehardware-level analyzeris
con�rmed, theWCETof largerapplicationscanbeestimatedbut nodirectcomparisonwith the
realWCET is possible(seeSection5.5).

Section5.1presentsthesoftwareandhardwareenvironmentweusedto evaluateourWCET
estimations.Section5.3describestheeffectsof thepartialabstractinterpretationpasspresented
in Section2.3. Sections5.4, 5.5 and5.6 show the estimationsof variousbenchmarksalong
with the improvementsdueto the introductionof semanticalanalysis.Section5.7 categorizes
the loopsaccordingto their possiblenumberof iterations. Section5.8 shows the numberof
manualannotationsneededby the loop bounderwhile Section5.9 describestheeffectiveness
of theautomaticinlining (seeSection2.8.2). Section5.10describestheresultsof a maximum
memoryallocationanalysis,andthe last sectionshows the resourcesneededby our analyzer
andits impacton thecompilationtime.

5.1 Testing envir onment

Oneof themostdif�cult issuesin the implementationof a WCET analyzerlies in theevalua-
tion of the results.The outputof the semanticanalyzercan,for small programs,be analyzed
manuallyby carefullycomparingthesourcecodewith thecomputedboundson thenumberof
iterationsfor eachbasicblock. This techniqueallowsto quickly identify problemsandto easily
establishadirectrelationshipbetweentheresultsandthecorrespondingsemanticstructures.

But on the otherhand,the outputof the hardware-level analyzer(i.e., the WCET itself)
capturesa globalpropertyandit is dif�cult to relateaneventualover- or under- estimationto
thecorrespondingpartof theanalyzedprogram.

To tuneanddebugthehardware-level estimatorduringthedevelopment,andto latervalidate
it, we includedthepossibilityto gatherthesameinformationon theprocessorbehavior thatwe
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canmeasureusingtheon-chipperformancemonitor(seeSection4.3). In otherwords,boththe
hardware-level monitorandthehardware-level estimatordeliver thesamestatistics(e.g.,cycles
perinstruction,branchpredictionperformanceandmemoryrelatedpenalties).

5.1.1 Platf orm

All themeasurementsin this chapterareperformedon a 1GHzIntel PentiumIII machinewith
512MB of RAM runningour patchedversionof the Linux 2.4.22kernel (the patchesasde-
scribedin Section4.3.3allow thereadingandwriting of theon-chipperformancecountersand
keeptrackof themeasurementsbetweencontext switches).We usea multiprocessorPentium
IV 1.4GHzmachinewith 8GBof RAM for thecompilationandthehardware-level analysis.

5.2 Benc hmarks

ThissectiondescribesthebenchmarksthatweusetheevaluatetheWCETestimationperformed
by our tool. Wedivide themin two groups:simplebenchmarkswheretheWCETis known and
measurableandsomebiggerapplicationbenchmarkswhereamanualanalysisin infeasible.

5.2.1 Small synthetic kernels

� BubbleSorton randomarrays[93].

� Divisionperformsintegerdivisions.

� ExpInt computesseveralexponentialintegrals[93].

� JacobiperformsJacobisuccessiveover-relaxations(SORs).

� JanneComplex is theJavaversionof janne_complex from theUppsalaWCETbench-
markpackagein [93].

� MatMult multipliesseveralintegermatrices.

� MatrixInversioninvertsseveralintegermatrices.

� Sieve is animplementationof Eratostene'ssieve.

5.2.2 Application benc hmarks

� 201 compressis part of the SPECJVM Client 98 benchmarksuite [97]. It is an im-
plementationof theLempel-Ziv (LZW) compressionalgorithm[104]. It basically�nds
commonsubstringsandreplacesthem,with a variablesizecode. To make it bounded
in time,we removedthe�le input andoutputmechanisms(we compress4KB of datain
memory).

� JavaLayer[51] is a pureJava library thatdecodes,convertsandplaysMP3 �les (in our
benchmarkwedecodesomesampleMP3sto raw audiodata).
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� Linpackis abenchmark[29] containingvariouscodesfrom theLinpacklibrary collection
whichanalyzesandsolveslinearequationsandlinearleast-squaresproblems.

� SciMark2.0[80] is acompositeJavabenchmarkmeasuringtheperformanceof numerical
kernelsoccurringin scienti�c andengineeringapplications(FFT, SOR,sparsematrix-
multiply, MonteCarlointegration,anddenseLU matrix factorization).

� Whetstoneis a benchmark[24] intentionallywritten to measurecomputerperformance
anddesignedto simulate�oating pointnumericalapplications.

5.3 Partial abstract interpretation

Partialabstractinterpretation(seeSection2.3) is effectivein two ways:it helpsto discoverfalse
pathsand,in somecases,reducesthepossiblevaluesavariablecanassumeatacertainprogram
location.

Table 5.1 shows the numberof falsepathsthat our estimatorwas able to discover for a
numberof benchmarksfrom theSPECJVM98 suiteandfor theJavaLayerdecoder(seeSec-
tion 5.5). Most of theseprogramsarenot boundin time anda completeWCET analysisis not
possible,but thesebenchmarksshow that althoughwe considerlinear pathsonly, the partial
abstractinterpretationpassis ableto discoverseveralinfeasiblepathson realapplications.

Table5.1: Infeasiblepaths.

Benchmark Infeasiblepaths
201 compress 2
202 jess 3
205 raytrace 7
209 db 2
213 javac 240
222 mpegaudio 19
228 jack 22

JavaLayer 238
Linpack 2
SciMark 0
Whetstone 0

In sometime-boundbenchmarkswe discoveredsomeinfeasiblepathsthat areindeedthe
longestpathsin the program.Thesefalsepathswhenconsideredasvalid during the analysis
causesomeWCEToverestimation(in thecaseof JavaLayerby 1%).

In addition to discover infeasiblepathsthe context sensitive computationof the rangeof
possiblevaluesof local variablesshowed to be useful to help the loop bounderto determine
the maximumnumberof loop iterations. Table 5.2 shows the numberof times the rangeof
valuesof avariablehelpedto computetheiterationboundonanotherwiseunboundedloop(see
Figure2.25for anexample).This numberincludestheoccurrenceswhenthelower (or upper)
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limit or the initial valueof the loop's control variablearedeterminedby a rangeof possible
values.Thesecondcolumnlists thetotalnumberof analyzedloops.

Table5.2: Partial abstractinterpretationresultsusedfor loopbounding.

Program Loopboundingimprovements Loops(total)
dueto rangesof possiblevalues

201 compress 1 17
JavaLayer 1 117
Linpack 8 24
SciMark 7 43
Whetstone 0 14

Theseresultsshow the usefulnessof the introductorypartial abstractinterpretationpass,
whichin additionto allow theuserto insertannotationsin acleanandsafeway(seeSection2.7)
alsoallows to increasethenumberof automaticallyboundedloops(seeSection5.6) andhelps
to reduceWCEToverestimationdueto infeasiblepaths.

5.4 Small synthetic kernels

For many largeapplicationstheWCET is not known andis, dueto thecomplexity of thecode,
not manuallycomputable.For theseexamples,it is thereforeimpossibleto enforcetheexecu-
tion of thelongestpathandvalidateourestimation:wecannot,in theJavaLayerexample,craft
aspecialMP3 inputwhichwill generatethelongestrunningtime.

The bestway to validatesucha tool is thereforethe comparisonof the resultsfor small
known syntheticapplicationswherethereallongestpathis known or computableby hand(Bub-
bleSort,Division,ExpInt,Jacobi,JanneComplex, MatMult, MatrixInversion,andSieve).

Table5.3 shows the resultsfor the small benchmarks:the �rst two columnsidentify the
benchmarkshowing thenumberof loops,while columnsthreeandfour show themeasuredand
estimatedWCET �nally thelastcolumnshows theWCEToverestimation.

All the measurementswereexecutedon a standardLinux systemwith a small load mini-
mizing theinterferenceeffectsof otherprograms.

Thesesmallsyntheticbenchmarksshow thesoundnessof theanalysis:we never underesti-
matetheWCETandall theresultsarecloseto themeasuredlongestrunningtime.

5.5 Application benc hmarks

After the validationof both the semanticandthe hardware-level analyzeron small synthetic
benchmarks,this sectionpresentstheresultsobtainedwith biggerapplications.Thechallenge
in theevaluationof biggerapplicationsis thattheactualWCETof theapplicationsis notknown
andthatit is notpossibleto forcetheexecutionof theWCETatrun-timewith aspeciallycrafted
input.
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Table5.3: WCETestimationsof smallkernels.

Measured EstimatedProgram Loops
[cycles] [cycles]

Overestimation

BubbleSort 4 9.16�109 1.53�1010 67%
Division 2 1.40�109 1.55�109 10%
ExpInt 3 1.28�108 2.38�108 86%
Jacobi 5 0.88�1010 1.08�1010 22%
JanneComplex 4 1.39�108 2.48�108 78%
MatMult 6 2.67�109 2.73�109 2%
MatrixInversion 11 1.42�109 1.55�109 10%
Sieve 4 1.29�1010 1.40�1010 9%

In principle,thesereal-lifeprogramscouldbetestedusinga “black box” approachwith the
executiontimeasresult.In thiscasetestingconsistsof maximizingtheresultfunction,i.e., the
dynamicpathlength,varyingthe input dataandsubmissiontime [83, 73]. Unfortunately, this
approachis not feasiblewith realapplicationswheretheamountof inputdatais huge.

Wethereforecompareourestimationwith thehighestrunningtimeweobserveoverseveral
runs of the analyzedapplications( 201 compress,JavaLayer, Linpack, SciMark and Whet-
stone).

Table5.4shows for eachbenchmarkthenumberof classes,methods,andloops.Observed
correspondsto themaximumobservedrunningtime (in cycles)while Estimatedis our WCET
estimation.TheWCET estimationis almostalways(with theexceptionof theSciMarkbench-
mark) relatively closeto the highestobserved running time con�rming the soundnessof the
method.

The reasonsfor the WCET overestimationof the SciMark benchmarkis twofold: on one
handthe benchmarkusesseveral mathematicalfunctions(e.g., trigonometricfunctions)that
normally take lesstime thanin the worst caseandon the otherhandthe benchmarkcontains
triangularloops(i.e., the numberof iterationsof the inner loop is dependenton the iteration
countof the outer loop). Our semanticanalyzertreatstriangularloopsconservatively by as-
sumingthe samemaximalnumberof iterationsfor the inner loop at eachouterloop iteration
(seeSection2.4.5).

Table5.4: WCETestimations.

Observed EstimatedProgram Classes Methods Loops
[cycles] [cycles]

Overestimation

201 compress 13 43 17 7.20�109 1.05�1010 46%
JavaLayer 63 202 117 6.09�109 1.18�1010 94%
Linpack 1 17 24 1.40�1010 2.72�1010 94%
SciMark 9 43 43 1.91�1010 1.22�1011 538%
Whetstone 1 7 14 1.86�109 2.11�109 13%



72 CHAPTER 5. EVALUATION

5.5.1 Tuning and evaluation of the par tial traces length

Thelengthof thepartialtraceswesimulateto estimatethedurationof aninstructioni or ablock
(seeSection3.4) representsthenumberof instructionsexecutedbeforei thatcouldin�uence its
duration(e.g.,by modifying thecachesor by blockingthepipeline).

Experimentsshow thataftera thresholdincreasingthepartialtraceslengthdoesnotchange
theWCET estimationany moresincetheadditionalinstructionthataresimulatedarenot able
to in�uence thedurationof theanalyzedinstruction.

Figure5.1shows theWCEToverestimationof the 201 compressbenchmark:if thelength
of thepartial traceis suf�ciently long (100instruction)theresultof thehardware-level WCET
estimatoris stable.Thesamebehavior canbeobservedby theotherbenchmarks.
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Figure5.1: In�uence of thepartialtracelength(n) on theoverestimationof the 201 compress
benchmark.

5.6 Effects of semantic analysis

Structuralanalysisallows to propagatetheboundson themaximumnumberof iterationsof a
loop headerto all the loop's basicblocks,taking into accountdifferentpathfrequencies(see
Section2.5). Table5.5 shows theresultsfor somebenchmarkswherethis propagation is able
to reducetheWCET overestimation.The�rst columnrepresentsthemaximumexecutiontime
thatwewereableto observe(in cycles),while thesecondandthethird aretheestimatedWCET
usingtheconservative assumptionthattheheaderboundsaresafefor thewholeloop (seeSec-
tion 2.4), andour enhancement(i.e., theability to considerdifferentpathfrequenciesin a loop
body).

Threetests( 201 compress,JavaLayer, andScimark)presentsomeimprovementover the
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Table5.5: Effectsof semanticanalysis.
Maximumobserved Estimated EnhancedProgram

[cycles] [cycles] [cycles]
201 compress 7:20�109 4:26�1012 (59066%) 1:05�1010 (45%)

JavaLayer 6:09�109 1:35�1010 (121%) 1:18�1010 (94%)
Linpack 1:40�1010 2:72�1010 (94%) 2:72�1010 (94%)
SciMark 1:91�1010 1:82�1011 (852%) 1:22�1011 (538%)
Whetstone 1:86�109 2:11�109 (13%) 2:11�109 (13%)

basealgorithm that boundsthe numberof iterationsof basicblocks using the loop headers
only (seeSection2.5). 201 compressshows a hugeimprovementsinceour algorithmis able
to detectthat a signi�cant part of the compressormain loop is executedonly every 10'000
iterations.Thesmallsynthetickernelsshow no improvementsincetheir simplestructuredoes
notpresentany differentpathfrequenciesinsideloopbodies.

5.7 Representation of rang es of iterations

The introductionof thesetsof disjoint rangesasa commondatastructurefor both thepartial
abstractinterpretationandthe loop boundingpassallows us to easilyhandleloopswith non-
continuousrangesof possibleiterations(i.e., rangeswith holes).Table5.6 shows thenumber
of loopsthathave a constantnumberof iterations(i.e., theminimumandmaximumnumberof
iterationsoverlap).Thenumberof loopsthathaveanoncontinuoussetof iterationsis shown in
thelastcolumn.

Table5.6: Loopheaderiterationsrepresentation.

Program Loops(total) Rangerepresentation Noncontinuousrepresentation
suf�ces needed

BubbleSort 4 2 2
Division 2 2 0
ExpInt 3 3 0
Jacobi 5 5 0
JanneComplex 4 2 0
MatMult 6 6 0
MatrixInversion 8 7 1
Sieve 4 3 0
201 compress 17 3 1

JavaLayer 117 67 5
Linpack 24 8 1
SciMark 43 9 0
Whetstone 7 7 0

Thepresenceof loopswith a noncontinuoussetof possibleiterationsshows thatour algo-
rithm is able to handlecomplex cyclic structureskeepingtrack of all the possibleexecution
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scenarios(andnotonly thebestandworstcase).

5.8 Annotations

The numberof manualannotationsthat were neededto boundthe numberof iterationsfor
eachbasicblock areshown in the third columnof Table5.7. Small tests(i.e., small scienti�c
kernels)donotnormallyrequireannotationswhile somebiggerapplicationsasJavaLayerneed
somemanualintervention.

Table5.7: Manualannotations.

Program Loops Annotations
BubbleSort 4 0
Division 2 0
ExpInt 3 0
Jacobi 5 0
JanneComplex 4 2
MatMult 6 0
MatrixInversion 11 0
Sieve 4 1
201 compress 17 10

JavaLayer 117 46
Linpack 24 19
SciMark 43 33
Whetstone 14 0

Themainreasonis thattheseapplicationswherenotdesignedconsideringtiming concerns.
In thecaseof JavaLayer, 15 annotationswhereneededto specifythatthenumberof sub-bands
is a constantandknown number. Many otherloops,in theJavaLayerbenchmark,have a con-
stantnumberof iterationswhich wasexpressedin anobject�eld (seeTable2.2), hinderingthe
automaticanalysis.

5.9 Automatic inlining

Automatic inlining is performedwhenoneor more loopsdependon methodparametersand
the codeof the methodis inlined to analyzeit in the caller context (seeSection2.8.2). The
advantageof this operationis that, in many cases,theanalyzeris ableto �nd thecorrectloop
iterationboundsin thecallercontext (seeTable5.8).

5.10 Memor y allocation

Onceall the basicblocks in the analyzedprogramhave a boundon the maximumnumber
of iterations,in addition to the computationof the WCET, it is alsopossibleto estimatethe
maximumallocatedmemory(assumingnogarbagecollection).
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Table5.8: Methodinlining.

Program Annotations Inlinedmethods
201 compress 10 5

JavaLayer 46 1
Linpack 19 7
SciMark 33 6
Whetstone 0 0

This is usefulfor real-timeapplicationsusingimmortalobjects(seeSection4.1.2) where,
beforescheduling,thesystemmustbeableto ensurethat it will have enoughfreememoryfor
theprocess.

The maximumamountof allocatedmemorycanbe computedby a completetraversalof
the call and control-�ow graphswithout iteratingover loops and recursive proceduressince
theirmaximumnumberof iterationsis alreadycomputedby thesemanticWCET analyzer(see
Chapter2).

Duringthetraversaltheanalyzercomputesthemaximumsumof all theobjectsallocatedon
theheapandthemaximumsizeof thestack.Our tool supportsa prototypicalimplementation
of a wort-casememoryallocationanalyzerwhich doesnot considerfalsepathsand usesa
simpli�ed modelof thememorymanagementbut neverthelessTable5.4showssomeresultsfor
asmallsetof benchmarks(theprototypeis notableto handleall thebenchmarks).

Table5.9: Memoryallocationestimation.

Measured Estimated OverestimationBenchmark
[KB] [KB] [KB]

Drystone 62567 62634 0.1%
Linpack 16057 16057 0%
Whetstone 0.822 0.822 14%

Although the analysisof the maximumamountof allocatedmemoryand the analysisof
theworst-caseexecutiontimearesimilaronthesemanticlevel (they bothrely onthemaximum
numberof basicblockexecutions)they differ onthebackend:runtimeenvironmentfor memory
andprocessorandsystemfor theinstructiondurationestimation.

Thecomputationof thespacerequirementsfor a givenobject(with a known type)is solely
dependingon the runtimeenvironmentand,in contrastto the instructionduration,is context
independent

Ourprototypemakessomebasicassumptionaboutmemorymanagementfrom runtimesys-
tembut amorein-depthanalysisof GCJ'smemoryallocationscheme(seeSection4.2.1) would
berequiredfor theanalysisof morecomplex examples.
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5.11 Resour ces

Table5.10shows the time neededto compilethe given benchmarks:SizeLOC show thesize
of the benchmarkin lines of code,Compilerepresentsthe total time neededto compile the
application,Semanticrepresentsthe part of the total compilationtime spentin the semantic
analyzermoduleandHWshowsthetimeneededby thehardware-level analyzerto estimatethe
WCET.

Table5.10:WCETAnalyzerresources.

Compile Semantic HWProgram Size(LOC)
[s] [s] [s]

201 compress 574 12 3 6
JavaLayer 5 816 302 10 661
Linpack 318 17 8 12
SciMark 756 11 1 6
Whetstone 128 9 1 5

Both the overheadof the semanticanalyzeron the whole compilationtime and the time
neededby thehardware-level analyzer(which includesscanningandparsingof theassembler
�les) remainsmallandmanageableevenfor largetests.

5.12 Discussion

Our WCET estimatoris ableto deliver soundresultsfor a numberof smallandmedium-sized
Java applicationsthanksto a precisesemanticanalysisanda quick context-sensitive hardware-
level analysisto estimatethedurationof theprogram's instructions.

Thepartialabstractinterpretationpassis ableto discover several falsepathsbut moresig-
ni�cantly is ableto helpin thecomputationof theboundsonthenumberof loop iterations.The
integrationof precisesemanticstructuralinformationin theboundingprocessof thenumberof
possibleiterationsfor eachbasicblock allows to considerdifferentexecutionfrequenciesfor
distinctpathsinsideloopbodies.

Thehardware-level analysisbasedontheprincipleof locality is ableto estimatetheduration
of eachinstructiondeterminingthe effectsof cachesandpipelinesin the right computational
context.
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Conc lusions

Thecomputationof theworst-caseexecutiontimeof anapplicationis crucialfor real-timesys-
tems(wheretheWCET is neededfor schedulabilityanalysis)anda usefultool for theanalysis
of many soft-real-timeandmultimediasystems.

Althoughtheproblemof �nding theWCET of a programis, in thegeneralcase,undecid-
able, its importancemotivatedthe growth of several pragmaticapproachesto computetight
estimationsof theWCET for a limited setof analyzedapplications.A considerableamountof
relatedresearchexits in boththe�eld of semanticanalysisandlow-level hardwareanalysis(see
Chapter1) offeringsolutionsto severalpracticalapplicationdomains.

Thesetechniquesdiffer on several aspects:Someapproachescomputea preciseandcon-
servative WCET for simpleanddeterministicsystems,while otherallow someapproximations
(e.g.,in theinstructiondurationestimation)to beableto handlelargerinputs.

This thesispresentsa setof analysesthat do not rely on pathenumerationto estimatethe
WCETfor fairly largeJavaapplicationsthatdonot includeexplicit timing speci�cations.

6.1 Summar y and contrib utions

Thisthesisaddressesboththechallengesin thesemanticandhardware-levelanalysesandmakes
thefollowing contributions:

Semanticanalysis. The dissertationpresentsa setof analysesto derive safeboundson the
maximumnumberof iterationfor eachsemanticconstructin theanalyzedprogram.

� Wede�ne afastpartialabstractinterpretationpassabletosigni�cantly reducethepossible
valuesof local variablesat givenprogrampoints. This passableto discover somefalse
paths.Theabstractinterpretationis limited to codesegmentsthatdo not includecycles,
asa resultthecomplexity of is linear.

The producedsetsof possiblevaluesfor eachlocal variableare usedto increasethe
precisionof the loop bounderandto allow the userto easilymanuallyspecifybounds
on thevaluesof loop inductionvariables(seeSection2.7).

� We developeda loop iterationsboundingtechniquethattakesinto accountdifferentpath
frequenciesinsidea loopbody, without theneedto performpathenumeration.

Theanalysis,whichoperatesontheloopsin isolationandis tightly integratedin thehigh-
level compilerstructures,cooperatewith classicalcompileranalysesbothby usingtheir

77
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resultsandby providing usefulinformationontheloopsbehavior (onesimpleexampleis
thedetectionof deador in�nite loops).

� We analyzeunmodi�ed Java programswithout posingrestrictionsto the semanticsof
the code(programsusing recursionare allowed but have to manuallyannotatedwith
the maximumrecursiondepth)and we reducethe size of the call graphby resolving
polymorphismatcall sitesby asophisticatedwhole-programvariabletypebasedanalysis
(seeSection2.8).

Instruction duration analysis. In this thesiswe describea techniqueto approximatethedu-
ration of the variousassemblerinstructionsin their executioncontext. The approachcanbe
adaptedto different architectureswith a con�gurable precision: the level of approximation
which is dependenton the lengthof thesimulatedpartial traces(seeSection3.4) canbespec-
i�ed by theuser. Thetechniquecanbeusedwith any cycle-preciseCPUsimulatorallowing a
highportability.

Thesimulationof shortprogramtracesbeforeandafteragiveninstructionhasshown to bea
fastandeffective solutionto analyzethedurationof theinstructionsin their possibleexecution
contexts. The whole analysisin performedin asymptoticallylinear time over the numberof
instructionsthatarepresentin theprogramsource(approachesthatarebasedon simulationor
abstractinterpretationdependon theotherhandfrom thenumberof executedinstructions).

Languageand platform. Althoughourimplementationis Java(frontend)andIntel (backend)
speci�c, thesolutioncanbeappliedto aplethoraof languagesandplatforms.

� Theloopboundingalgorithmandthepartialinterpretationpassarelanguageindependent
and work directly on the SSA form of the compiler intermediaterepresentation.The
precisionof the analysisis however strongly in�uenced by the chosenlanguage:the
presenceof pointer arithmetic(as in C or C++) could, becauseof aliasingproblems,
stronglyreducetheamountof successfullyboundedloops.

� Thepartial traceevaluationtechniqueis architectureindependent.Thequality of there-
sultsdependsonthefaithfulnessof thesimulatormodelto theactualhardwareimplemen-
tation,andon thepredictabilityof theCPU.Theeffectsof preemptiononanonpipelined
processorwithout cachesareinherentlysmallerthanthesameeffectson a modernCPU
asthePowerPCor thePentium.

6.2 Future work and open issues

Thereare threemajor directionsfor future researchbasedon our WCET estimator: On the
semanticanalysislevel to tighten the numberof iterationson the cyclic structures,on the
hardware-level analysisto bettermodel the hardwarearchitectureand�nally on the analysis
of otherrestrictedresources(e.g.,memoryallocation).

Semanticanalysis. Althoughour semanticanalyzeris ableto boundtheiterationsof a large
numberof loopsseveral improvementsarepossible.We do not considerdependencesamong
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loopsandwe arenot ableto considerloop boundsdependingon the valueof an outerloop's
inductionvariable(e.g., triangularloops). This limitation is oneof the major causesbehind
theWCET overestimationof many scienti�c applicationswheretheseloopsarecommon(the
WCETis overestimatedsinceweconservatively considertriangularinnerloopsasrectangular).

A parametrizationof thedatastructures(e.g.,theintervalsholdingthenumberof iterations)
couldallow theanalyzerto keeptrackof theexecutionof a loopwith dynamicboundsdepend-
ing onanouterloop. Parametrizationcanalsobebroadlyappliedto awholesetof problemsas
loopsdependingon themethodsparameters,or onaprogram's input [101].

Automatic recursiondepthboundingis anotherissuethat needsattentionand further re-
search.Themanualspeci�cationof theboundscanbea dif�cult andtedioustask: it requiresa
preciseknowledgeof thetheoreticallimits of theanalyzedalgorithmsandit' s implementation
(recursioncouldinvolve a largesetof methods).Userscouldbene�t from anautomaticanaly-
sisby reducingthenumberof manualannotationsandthereforeby reducingthepossibilityof
misleadinguserinterventions.

Hardware model. Our implementationmakes useof a simpli�ed processormodel for the
cycle-preciseCPUsimulator, anda moreaccuratesimulationwould certainlyincreasethepre-
cisionof theresults.Themainsourceof imprecisionhowever is not comingfrom theincorrect
modelingof theprocessorbut from the impossibility to trackdatareferencesandthereforeto
properlyestimatethein�uence of datacachesonmemoryoperations.

The whole predictorwould bene�t from the substitutionof the probabilisticcachemodel
usedby our predictor(seeSection3.4.2) by a context sensitive datareferenceanalysisableto
computeor approximatethestateof thedatacaches.

Maximum allocatedmemory. Themostusualandobvioususeof theinformationon these-
manticsof theprogramcomputedby theWCET estimatoris theestimationof thelongestrun-
ning time of theapplication.Memory is, astime, anotherlimited resourceandfutureresearch
to automaticallyestimatethe maximumamountof allocatedmemoryof processeswould be
bene�cial to thestabilityof thereal-timesystems(seeSection5.10).

6.3 Conc luding remarks

Many pragmaticsolutionsto theworst-caseexecutiontime estimationhave beenpresentedad-
dressingdifferentaspects:from preciseestimationof smallhard-real-timeapplicationrunning
onpredictableplatformto theestimationfor big applicationsusingprobabilisticmethods.

This thesisdescribesa completesetof analysesaddressingboth the semanticaspectsas
well asthe analysison a given hardwareplatform, with the goal to deliver an approximation
of theWCET of fairly largesoft-realtime applicationson a modernarchitecturesuf�cient for
practicalpurposes.

Our work shows that it is possibleto approximatetheWCET of soft-real-timeapplications
written with object-orientedlanguages(Java in our case)on modernplatformswithout per-
forming pathenumeration.The completeanalysistime is dependentsolely on the numberof
instructionsor blockspresentin thecodeandnot asin thecaseof simulationon thenumberof
executedinstructions.
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