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It is themarkof aninstructedmindto restsatis ed with the deggreeof
precisionwhich the nature of the subjectadmitsandnotto seek
exactnessvhenonly an approximationof thetruth is possible

— Avristotle






Abstract

Thesoundnessf real-timesystemsiot only depend®n the exactnes®f theresultsbut alsoon
theirdelivery accordingo giventiming constraintsReal-timeschedulersieedanestimatiorof
the worst-casesxecutiontime (i.e., the longestpossiblerun time) of eachprocesgo guarantee
thatall the deadlineswill be met. In additionto be necessaryo guaranteehe correctnes®f
soft- and hard-real-timesystems the worst-casesxecutiontime is also usefulin multimedia
systemawhereit canbe usedto betterdistribute the computingresourcemmongthe processes
by adaptingthe quality of serviceto the currentsystemoad.

This dissertatiorpresentsa setof staticcompile-timeanalysedo estimatethe worst-case
executiontime of Java processe$ocusingon the approximationof the WCET of fairly large
soft-real-timeapplicationson modernhardwaresystems.

In a rst phaseheprogramis analyzedo extractsemantianformationandto determinghe
maximal(andminimal) numberof iterationsfor eachbasicblock, by possiblyboundingevery
cyclic structuren theprogram.As a rst step,thesemanti@analyzeyembeddedh anahead-of-
time bytecode-to-nate Java compiler performsan abstractnterpretationpassof linear code
segmentsdelimiting the setof possiblevaluesof local variablesat a given programpoint and
discoveringasubsebf the programsinfeasiblepaths.This stepis followedby aloop-bounding
algorithmbasedon local induction variable analysisthat, combinedwith structuralanalysis,
is able to deliver ne-grained perblock boundson the minimum and maximum numberof
iterations. To resol\e the target of methodcalls the compiler performsa variabletype based
analysisreducingthe call-graphsize.

In a secondphasethe durationof the different programs instructionsor basicblocks is
computedwith respecto the usedhardwareplatformandthe computationatontext wherethe
instructionsareexecuted Modernsystemswvith preemptiorandmodernarchitecturesvith non-
constantnstructionduration(dueto pipelining,branchpredictionanddifferentlevel of caches)
hindera fastand precisecomputationof a programs WCET. Insteadof simulatingthe CPU
behaior on all the possiblepathswe apply the principle of locality, limiting the effectsof a
giveninstructionto arestrictedperiodin time andallowing usto analyzelarge applicationsan
asymptoticallylineartime.

We describehe effectivenessn approximatinghe worst-casexecutiontime for anumber
of programdrom smallkernelsandsoft-real-timeapplications.






Riassunto

La correttezzadei sistemiin temporealenon dipendeunicamentedall’'esattezzalei risultati
ma anchedalla consgnadei risultati entrodei limiti temporaliprestabiliti. Pergarantireche
tuttele scadenzsianorispettategli schedulein temporealenecessitandellastimadeltempo
massimadi esecuziongworst-caseexecutiontime) di ogni processoll tempomassimadi es-
ecuzionepltre a esserenecessariper garantirela correttezzalei sistemiin temporeale(soft-
e hard real-timg, e ancheutile in sistemimultimediali, dove puo esserausatoper meglio dis-
tribuire le risorsetrai processiadattandda qualita del servizioofferto, al caricomomentaneo
delsistema.

Questadissertaziong@resentainaseriedi analisistaticheesguite durantela compilazione
per stimarela duratamassimadi esecuzionali processiJava concentrandossulla approsi-
mazionedel tempodi esecuzionai applicazioniin temporeale sufcientementegrandi su
piattaformehardwaremoderne.

In unaprimafase,la semanticalel programmae analizzatan mododadeterminarel nu-
meromassimo(e minimo) di iterazioniper ogni bloccotrovandoil limite del numerodi iter-
azionidelle strutturecicliche. Questaanalisi,implementatacomemodulodi un compilatore
Javaahead-of-timédabytecodea codicenativo), es@ueun'interpretazionastrattadi segmen-
ti lineari di codicedelimitandoi possibilivalori chele variabili locali possonassumerén un
determinatgounto nel programmag scoprendaun sottoinsiemedei camminiimpossibili nel
grafodel controllodi usso. In seyuito, usandaun algoritmoperla delimitazionedel numero
di iterazionideicicli, basatcsull'analisidellevariabili induttive combinatoconun'analisistrut-
turaledel programmaricaviamodeilimiti accuratisulnumerodi iterazionialivello deisingoli
blocchi.Perde nire le possibilidestinaziondellechiamatedei metodiil compilatoreesgueun
analisibasatasui tipi dellevariabili, in gradodi ridurrela dimensionelel grafodelle chiamate.

In unaseconddase vienecalcolataa duratadelle singoleistruzioni(o deisingoli blocchi)
in relazionealla piattaformahardwareusatae al contestacomputazional@el qualele istruzioni
sonoese@uite. La presenzali diritto di prelazionee la duratanoncostantealellevarieistruzioni
sulle architetturenoderne(dovutaalla presenzali pipeline,predizionedelle diramazionie di-
versilivelli di cache)impedisceun calcolovelocee precisodel tempomassimadi esecuzione
di un programmalnvecedi simulareil comportamentalel processoresututti i possibilicam-
mini applichiamal principiodi localita, limitandogli effetti di unadataistruzioneaun periodo
de nito di tempo,permettendoaili analizzaregrosseapplicazioniin untempoasintoticamente
lineare.

Descrviamoin ne l'ef cacia dell'approssimazionéel tempomassimodi esecuzionger
unaseriedi programmi:dapiccoli benchmarlkad applicazionisoft-real-time
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Intr oduction

1.1 Worst-case execution time

A real-timesystemis a systemwhosecorrectnessloesnot only dependon the soundnessf
the results(functional correctnessput also on the timelinessof their delivery. We normally
distinguishbetweerhard-real-timesystemswheretheeachtaskhasto nish beforeits deadline
underary condition(e.g.,high load andpossiblefaults)andsoft-real-timesystemswherethe
systemis occasionallyallowedto missa deadline.Soft-real-timesystemsjn contrasto hard-
real-timesystemsgenerallyhave longerresponséime requirementandthey areasynchronous
with the stateof the ervironment. The driving characteristién the designof a soft-real-time
systemis the averageperformanceandno catastropheccursif a singledeadlineis missed.In
hard-real-timesystemspn the otherhand,the focusis not on the overall systemef ciency but
onthedeadline®of thesingletaskswhich have to berespectedor thesystento bein synchrory
with theervironment(e.g.,externalsensor®r actuators).

A hard-real-timeschedulehasthereforeto guarante¢hatall the concurrentaskswill meet
the speci ed deadlinesby distributing limited systemresources. Hard-real-timeschedulers
usually scheduleprocessesiccordingto their x ed (e.g.,rate monotonicschedulerg64] and
deadlinemonotonicschedulerg58]) or dynamicpriorities (e.g., earliestdeadline rst sched-
ulers[64]). Thereaderis referredto [17] for a comprehense introductionto hard-real-time
systemsand schedulingalgorithms. If the worst-casesxecutiontime (WCET), which corre-
sponddo thelongestpossibleruntime, andthe deadlineof eachprocesss known, thesesched-
ulers,thanksto on-lineor off-line admissiortesting,areableto guarante¢hatall thedeadlines
will bemet[90, 64].

Soft-real-timesystemsnsteadare allowed to miss a deadlinefrom time to time without
catastrophiconsequenceslhey alsooftenrelaxthe requirementdor the scheduledapplica-
tions,asthespeci cationof a preciseandknown tight WCET (e.g.,by allowing someimpreci-
sion),to accommodateynamicandaperiodictasks[37, 28, 52]. In thesesystemgshe WCET,
in additionto be usedfor admissiorcontrol,canalsobeusedto adjustthe quality of serviceby
dynamicallychangingthe type andquantityof runningprocessebasedon their longestpossi-
ble executiontime. As anexample,amultimediasener couldadjustthequality of thedelivered
streamsandthereforethe CPU load, by a carefulcompile-timeanalysisof the encodingand
decodingalgorithmsandtheir timing requirements.

In both hard- and soft-real-timesystems jf the WCET of a processs overestimatedhe
systemwill resere moreresourceshenneededandwill be underutilizedbut the safetyof the
systemwill be guaranteedlf, insteadthe WCET is underestimatedsomeprocessesvill not

1



2 CHAPTER 1. INTRODUCTION

be ableto meettheir deadlinegesultingin alikely systemcrash,especiallyfor hard-real-time
systems.

For thesereasonsbefore acceptinga task the systemperformsa schedulabilitytest (or
analysis)Xo determinaf a setof processesanbe scheduledensuringhatevery taskwill meet
its deadline. An exact schedulabilitytestis an NP completeproblem[35] and the systems
usuallyperformsa sufcient schedulabilitytest(which couldreturna negative resultfor some
acceptableon gurations).Thepossibilityto performa correctschedulabilityanalysisdepends
on the precisionof its inputs: While the deadlineandthe startingtime of a procesdependon
the systemdesignits computatiortime dependsolely on its implementation.Theimportance
of the WCET analysisof real-time processess thereforeclear sincethe correctnesf the
schedulabilityanalyseslepend®nit.

The simplestandmostcommonway to estimatethe WCET of anapplicationis by experi-
mentation: The WCET correspondso the highestmeasureaxecutiontime of severalrunsof
the analyzedprocesswith differentinput sets(the problemin this caseconsistin choosingthe
inputsthatwill generatehe longestprogramduration). Although mary systemsausedto esti-
matethe WCET in this way this solutionis clearly not alwayssatistctorysinceit is possible
thatsomeotherinputwill generatea higherrunningtime. For this reasondespitethe factthat
a generalautomatedvorst-casesxecutiontime analysisis impossibledueto the undecidabil-
ity of the halting problem,the efforts in automaticWCET computatiorhave rapidly grown in
the pastyearsattractingmary researchgroups[85, 95, 84, 40, 31, 44]. Theseefforts differ
in the programminganguagehatis supportedthe restrictionsthatareimposedon programs
admittedfor real-timeschedulingthe (real-time)runtime systemthat controlsthe execution,
thehardwareplatformsthatareusedandtheamountof approximatiorthatis allowed(thereare
evenapproachethatuseprobabilisticmodelsto estimatehe WCET [5]). But all of themtry to
computeor estimatethe WCET, while reducingthe needof programmersntervention.

TheWCET of aprocessisuallydepend®ntwo mainaspectsthe semanticof theprogram,
whichincludesaspectasthe maximumnumberof loop iterationsandthe procedureor method
call sequencesandthe actualtime neededo executethe instructionson the given hardware.
The rst aspectthe semantia@analysisdealswith the meaningof thecode,trying to understand
therole of the expressionandstructuresn the executionof the programwith particularatten-
tion to cyclic structureghatcangreatlyin uence the durationof the procesgseeSectionl.2).
After all the possibleexecutionsequencesiave beencomputed,an hardware-lesel analysis
computeghe maximumdurationof the programon the given hardware (seeSectionl.3). Sec-
tion 1.4 describe®ur thesisandsummarizeshe contributionsof this work.

1.2 Semantic analysis

Real-time,or predictableprogramsmusthave anupperboundon their duration. This implies
thatevery loop hasa boundon the maximumnumberof iterationsandthatthereis a boundon
thedepthof recursve procedurecalls.

The simplestway for a WCET analyzerto computetheseboundsis to requirethe users
to manuallyspecifythemin the sourcecodewith speciallanguageconstructsbut thesean-
notationsrequire expert programmers—whiclis not always the casefor embeddedystems
developers—sinceomplex controlsequencesouldobfuscatesomenonfrequenpaths.But the
main problemof annotationdies in their correctnessndtheir maintenancethe compilerand



1.2. SEMANTIC ANALYSIS 3

the systemcannotguarante¢hatthe programmemadeno mistake specifyingthe boundsand
morewer every time the codeis changedheaffectedannotationdiave to be updated Theses-

suesareaggraatedby thefactthat,dueto theincreasingspeedf embeddedystemsreal-time
programsare gettinglarger and moreand more comple, hinderinga simple manualanalysis
of the code(e.g.,modernprogramsnake an extensve useof dynamicstructuresanddynamic
methodcalls).

For thisreasonsn thepastyears theeffortsin WCET analysisautomatizatiorried to build
tools ableto computeor approximatea process longestexecutiontime at compiletime by,
for example,boundingthe maximumnumberof loop iterationsor by detectingthe presencef
infeasiblepaths.

1.2.1 Goals

Themaingoalof (automatic)WCET analysidgs thereforgo nd aboundonthecyclic structures
of theprogram.All theloopsmusthave a nite andknown maximumnumberof iterationsand
for eachrecursve call sequencéheremustbea nite andknown maximumrecursiondepth.

Theseboundanustbeassmallaspossibleo avoid wastingruntimeresourcestf theWCET
is overestimatedhe schedulewwill allocatemoretime thanneededor theapplication.

In addition, to further reducethe WCET estimation,a WCET analyzernormally tries
to identify falseor infeasiblepaths(pathsthat cannotbe executedwith ary input, seeSec-
tion 2.3.5, which arethenexcludedfrom the setof possibleprogramtraces.

1.2.2 Manual annotations and special purpose languages

The rst automaticattemptdo computethelongestpossibledurationof real-timeprocesses
madeuseof programmes annotationgndcanbedividedin two majorgroups:specialpurpose
languagesindextensiongo commongenerapurposdanguages.

Specialpurposelanguages

Insteadof designingtoolsto computethe WCET for real-timeprogramsdevelopedwith gen-
eral purposdanguagessereral groupsdesignechew languagesocusingon predictabilityand
timing.

Oneexampleis Real-Time Euclid [55, 95 which restrictsthe control- ow by prohibiting
recursionand by allowing only for-like loopswith x ed bounds. Another exampleare syn-
chronousprogramminganguagesuchasEsterel[6]. Synchronousanguagesake a different
approachthey aredesignedasreactve systemswaiting for eventsandactingin a deterministi-
cally determinecamountof time (eventhandlingis dividedin a nite numberof steps).

Theselanguageshaving strict timing limitations, allow a preciseandsimple analysisand
provide a niceandelegantsolutionto the WCET computatiorof hard-reatime programs.

Thesdanguagesarevery usefulfor hard-real-timerojectsasthey eitherhave strictrequire-
mentsandfeaturelimitationsor they enforcea particularstyle of programmingdirectly related
to thetiming constraints.
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This, on the otherhand,makesthemnot idealfor soft-real-timeprogrammingor to multi-
mediaervironmentswherethe WCET could be of interestbut wheretiming constraintsarenot
thedriving applicationdesignfactor

Annotations for general purposelanguages

A differentapproachs the modi cation of existing programmindanguageso easehe WCET
analysisor to enforcea certaintiming behaior. In this casesomelanguageconstructsare
introducedo allow the userto annotatehe programandmanuallyspecifyiterationbounds.

Oneexample,object-codeanalysis is given by the work of AloysiusMok andhis group:
they introduceda techniqueto automaticallyproducetemplateannotationgor C codewhich
aretheneditedby the programmetto specifythe durationof loops[70]. Anotherexampleis
the Timing Shema[92] which uses,asannotationsintenals of iterationsin a setof formulas
dervedby arecursve traversalof the program.Themethodwaslaterextendedby theinforma-
tion descriptionlanguage (IDL), which allows to specifypathconstraintsdentifying infeasible
paths[78].

The rst approaclpresentedy the MAintainableReal-timeSystem(MARS) projectfrom
the ViennaUniversity of Technology [82] is a further extensionto the annotationdor gen-
eral purposdanguagesncludingthe handlingof incorrectspeci cations. The methodhandles
MARS-C programsa C dialectthat supportstiming annotationsand constraints.The timing
schemawvasalsosuccessfullyadaptedo an object-orientedanguaggRealTimeTalk) support-
ing polymorphismjnheritanceandmessag@assing 39].

Someof thesemethodsusetiming trees[79, 103, a datastructurecreatedto decouple
the semantianformationfrom the source. Thesesyntaxtreescontainall the relevant timing
informationand canbe usedby all the toolsinvolved in the WCET analysisasthey work as
a mappingfrom the sourceto thetiming propertiesof the code. The informationcontainedn
timing treescanalsobe adaptedo supportsimple codechangegperformedby an optimizing
compiler

Otherapproachessagraph-basetechniqudromtheMARS project[84] ortheCindarella
method[87], useinteger linear programming(ILP) to solve setsof userspeci ed inequalities
that specifythe numberof loop iterations(additionalinequalitiescan be introducedto model
infeasiblepaths). Both approachegresentan elegant formulationandare basedon clearand
well-knowvn mathematicafoundations.

But althoughall thesemethodscanproduceexcellentresultswith correctannotationsthey
arevery proneto errorssincethe responsibilityfor the correctnes®f the annotationdies in
the handsof the developers.Speci ed constraintsanalwaysbe checled at run-timebut again
thereis no guarante¢hateventualfaultswill bediscovered.

This problemmotivatedthe growth of toolsto automaticallyjcomputesemanticannotations
to minimize the neededuserintervention. Thesetools can be broadly characterizedn two
major groupsby the type of analysisthey arebasedon: tools basedon abstracinterpretation
(seeSectionl.2.3 andtoolsbasedn data- ow analysegseeSectionl.2.3.



1.3. HARDWARE ANALYSIS 5

1.2.3 Abstract interpretation

Abstractinterpretatior 23] is atechniqueo automaticallyanalyzeprogramsy executingthem
in an abstractdomain keepingtrack of semanticinformation. This methodcan be usedto
computethe WCET of a programautomaticallywithout userannotationsby keepingtrack of
all thepossiblevaluesfor eachvariableon every path.

Althoughthis approactcan,in theory deliver perfectresults,the numberof possiblepaths
grows exponentiallyfor every conditionaljump andevery loopiteration. To avoid theexplosion
of pathsthathave to beconsideredkeepin mindthatto have anexactknowledgeof theprogram
we shouldstoreinformationfor eachpossiblepath)the intermediatedatais megedat certain
programpoints(suchasthe endof loops)to safelyapproximateheresults.

This approachwas successfullyimplementedby Jan Gustafssorfor RealTimeTalk [40Q],
an object-orientedanguagefor distributed hard real-time systemsand usedby the group of
Reinhardwilhelm for their WCET computatiorframenork [ 31].

Section2.3 present@ morein-depthdescriptionof abstracinterpretatiorin relationto this
thesis.

1.2.4 Data-o w analysis

To avoid thetwin problemsof pathexplosionandinformationlossof the approachebasedon
abstractinterpretation(seeSection1.2.3, David Whalley and his group at the Florida State
University presenteda techniqueto boundloops using only static information on the local
variablesinvolvedin loop termination[42, 44, 43]. Loopsarethereforeanalyzedn isolation
looking at the conditionalbrancheghat could provoke an exit from the loop, at the variables
usedin the conditionalchecksandat how thesevariablesarechangedn theloop.

This method,althoughlessgenerathanapproachessingabstracinterpretationjs ableto
handlea large numberof loopsfound in real-timeprogramsin a quick and simpleway (the
runningtime is in theasymptoticcasequadratian thenumberof branches).

Section2.2 shavs how this methodworks in detail and presentshonv we enhancedt to
preciselycomputeboundsfor every programs block.

1.3 Hardware analysis

The secondmportantissuein WCET computationafterthe analysisof the programs seman-
tics, is the estimationof thetime neededo executethedifferentinstructionson the givenhard-
ware.

Onsimpleprocessorsvherethe durationof the executionof eachinstructionis knowvn and
constantthis taskis trivial: The maximalnumberof iterationsfor eachbasicblock is known
from the semanticanalysis,and durationof eachblock correspondgo the sum of eachin-
structions duration.But with theintroductionof modernpipelinedprocessort theembedded
world, thecomputatiorof theinstructiondurationbecamemorecomple. Becausef pipelines,
cachesaandbranchprediction,the durationof aninstructionis not constantut dependn the
previously executednstructionsmakingthe computatiorof atight WCET a hardproblem.

A very consenrative solution (not consideringtiming anomalieq 66]), for the instruction
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durationcomputationyould beto considereachmemoryaccess cachemiss,every branchas
wrongly predicted,andeachinstructionin the pipelineasdependenan all the previous ones.
ThecomputedNVCET would beformally correctbut ordersof magnitudehigherthanary prac-
tical value,leadinga severeandunacceptablevasteof resourcege.g.,a cachemissnormally
requiresseveral ordersof magnitudemoretime thana cachehit). Thegoalof agoodhardware
WCET estimatoris thereforeto conseratively minimize thesepessimisticassumptiondy a
carefulcodeandarchitectureanalysis.

Similarly to the semanticanalysisthere are two main groupsof approacheso estimate
the instructiondurationon the hardwarelevel: it is possibleto executethe assemblecodein
an abstractdomainkeepingtrack of the CPU state[31], or it is possibleto deducethe CPU
behaior from sophisticatedlata- ow analyses.

If the programis smallandonly containssimplefor-like loopsit is possibleto simulatethe
cyclic structuresasan atomicblock: the maximumnumberof iterationsis easilycomputable
andit is possibleto simulate(or measure}the block's WCET sincetherelongestpathis im-
plicitly known [94]. As the complity of the analyzedorogramsgrows this approachsufers
from thefactthatloopscannotbeconsideredsindependenblockswith a x durationbut their
executiontime coulddependon the programor methodinput.

Sinceabstracinterpretatiorsuffersfrom the sameproblemshatarepresenin thesemantic
analysigseeSectionl.2.3, severalresearclgroupsanalyzethepipelinestatuswith adata- ow
methodto determinethe WCET [41, 60, 63, 107; theseapproachesanbe extendedto the
analysisof theinstructioncache sincethe behaior of this unitis, asthe pipeline,independent
from the system$ memoryallocation[41, 60, 98]. Datacachesjnstead,posean additional
problemsincememoryallocationdoesnot only dependon the analyzedprogrambut alsoon
theunderlyingsystemandinput set[53, 60].

The dif culties in computingthe instructiondurationare worsenedoy modernembedded
operatingsystemswhich supportpreemption 48, 37] andthe dynamicloadingandunloading
of processef§l5, 89, 77]. The possibleinterferencesausedy unpredictableontet switches
make a precisestaticanalysisof the hardware behaior almostimpossible. The phenomenon
IS evenmoresigni cant in soft-real-timeervironmentswherethe analyzedasksoften have to
sharehesystemandhardwarewith othernon-real-timeprocesseslechniquesxist to take into
accountthe effectsof x ed-priority preempte schedulingon cacheq57, 16], but the nature
and e xibility of dynamicsystemgreventsan off-line analysiswith acceptableesults.

Another possibleapproachio the datacacheproblemfocuseson the actve management
of the caches:If we canpreventthe invalidationof the cachecontent,thenexecutiontime of
memoryaccessess predictable Oneoptionis to partitionthecachg 54, 61] sothatoneor more
partitionsof the cachearededicatedo eachreal-timetask. Theseapproachekelptheanalysis
of thecacheaccessime sincethein uence of multitaskingis eliminated but ontheotherhand,
cachepartitioninglimits the systems performancg62].

1.4 Thesis statement

All theapproaches Sectionsl.2 and1.3 arepragmaticsolutionfor the computationor esti-
mationof theworst-casexecutiontime addressingariousapplicationdomains.

The WCET of a programis animportantconceptthatis not only usefulin hard-real-time
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schedulinganalysis—toensurethatevery procesawill have enoughresources—iit canbe ap-
plied in soft-real-timeandin adaptve systemsguaranteeinglifferent quality of service. An
examplecould be a multimediasystemwherethe encoderor decoderof thelive streamsare
choserdependingn the availabletiming resources.

In this dissertation] shav that

“Compile-time semanticanalysiscan detectloop boundsand gathercontrol- ow
informationto delimit the longestexecutionpath of Javaprograms. |t is alsopos-
sibleto delimitthe sizeof the call graph of programsusingmethodovverriding by
a wholeprogramsworst-case=xecutiontime analysisof object-orienteccode

Theworst-casesxecutiontimecanbeapproximatedon modernexecutionplatforms
combiningcompiletimeanalyzesandrun-timeinformation.

It is possibleto performthe WCETestimationof large programswithoutrelyingon
pathenumeation”

Thedissertatiorestablisheghis thesisstatemenasfollows:

1. It presentsa setof fastcompiletime analysego boundthe maximumnumberof itera-
tionsfor eachsourcelanguagesemanticconstruct. Thesealgorithmspresenta linear or
quadratiasymptotidoehaior (onthesizeof thesourcecode)allowing usto handlelarge
applications.

It presentanimplementatiorof the semanticanalyzerfor Java programsmbeddedn a
generabpurposebytecode-to-nate aheadf time compiler

2. It shavshow to approximateheinstructiondurationon moderncomplex processorsvith
severallevelsof cachespipelinesandbranchpredictionin asymptoticallylineartime.

It describeswo differentimplementationspnefor the XO/2 systemon PoverPCandthe
otherfor Linux runningon Intel processorspf a hardware-level WCET analyzemwhich
makesuseof somerun-timedatato approximatehe durationof theanalyzedorogram.

3. Using various syntheticbhenchmarksas well as somereal applicationsthe evaluation
shavs thatit is possibleto computeWCET approximationsn anunpredictableschedul-
ing ervironment.

1.5 Road-map for this disser tation

This dissertations organizedasfollows: Chapter2 describeshe semantianalysisperformed
by our WCET approximationtechnique. We presenta local analysiswhich automatically
boundsthe numberof loop iterations,reducesthe call graphby reducingthe set of tamgets
for dynamicmethodcallsanddetectsa subsebf the falsepathspresenin the program.Chap-
ter 3 describeghe analysison the hardwarelevel shaving how we approximatehe instruction
durationswithout performingpathenumerationChapter4 discussegmplementatiorissuege-

latedto the chosenprogramminglanguage(Java) andthe usedhardware platform (PaverPC
andIntel). Chapter5 evaluatesthe resultsobtainedtestingbenchmarksndreal applications
while Chapter6 addressepossibilitiesfor furtherresearctandconcludeghis dissertation.






Semantic Analysis

Thesemantic®f aprogramarea crucial point thatmustbe understoodo boundthe programs

worst-caseaxecutiontime: In particulara WCET analyzermustidentify every cyclic seman-
tic structureof the control- ow graphand nd a boundon the maximumnumberof iterations.
Loopsandrecursve subroutinecalls arethereforethe main focusof anautomaticWCET se-
manticanalysigseeSection2.2).

In additionto identify loop bounds,particularattentionis usually paid to infeasible(also
calledfalse)paths. Thesearepartof control- ow pathsthatareimpossiblefor every potential
execution.Thesepathscanbethenexcludedfrom the WCET computatiorsincethey will never
be possiblyexecuted(seeSection2.3).

Object-orientedanguageswith dynamicmethodcalls, posean additionaldif culty: For
every dynamiccall site, thereare mary differentpossiblejump tamgets,andit is thereforees-
sentialto performa precisetype analysisto minimize the setof possibletamgetsreducingan
eventualWCET overestimatior(seeSection2.8).

This chapterdescribeiow we extractthe semantianformationfrom singlethreadedlava
programsandcomputea safeboundon the maximumnumberof iterationsfor eachprograms
statement.

2.1 Structural analysis

Our WCET analyzeris implementedasa modulein a bytecodeto native compiler Working

with the classbytecodessinput hasseveraladvantagessit providesthe ability to work with

several compilersand even differentlanguagege.g., thereexist Java bytecodebaclendsfor

Lisp, Eiffel, SmallTalk and Ada). Java bytecode,n additionto normal object-codebinaries,
hasalso the adwantagethat it retainssomeuseful information aboutthe programs symbols
suchasvariablesandtypes.Thedravbackis thatwe have no accesso thesourcecode,andthe
semanticstructureof the programss obfuscatedi.e., Java bytecodestoresno informationon
thetype of jumps,which aresimply gotos.

For this reasonthe rst stepin our semanticanalyzeris a precisestructuralanalysisof
the program:we divide the control- ow graphinto setsof regionsthatdescribethe programs
semanticstructures.This kind of structuralanalysiswas rst presentedy Sharir[91, 72] and
emplo/ed in several decompilersand optimizing compilers. Sharir's structuralanalysisis a
powerful interval analysisableto decomposéhe control- ow graphinto asetof basicsemantic
structuredike loops andvariouskind of conditionalstructures.It proves particularly useful
whenthe sourcecodeis not availableasin the caseof decompilerg19], or, asin our casejn a

9
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bytecodeo native compiler[68].

In additionto preciselyclassifythe generatedntervals, the individual semantiaegionsare
smallerandsimplerthanin a classicinterval analysis(althoughthe controltreeformedby the
semantiaegionsis typically larger). Anotherpositive aspecis thatevery reducibleregion has
aunigueentrypoint (theregion header¥acilitatingmary analyses.

The algorithm builds a depth- rst spanningtree of the control- ow graph,which is then
traversedin postorder For every nodethatis traversedthe compilertries to matchit with a
serief prede nedstructuralanguage-dependepatterngseeFigure2.1for thelist of patterns
we recognize).Note that we do not considerary patternto representCase—switls structures
sincethey aretranslatedo a sequencef If-thenandlf—-then—elsestructuredeforebuilding the
control- ow graph. This simpli cation limits the ef ciency of the producedcode (we cannot
generatgump tables)but helpsin mary analysessincefor every block we have at mosttwo
successorg/hich areeasilyidenti able (i.e., branchandfail).

Thesepatternsare cateyorizedinto cyclic, nongyclic, proper andimproperregions. Im-
proper(or nonreducibleyegionsarecycleswith morethanoneentrypoint (theseconstructsare
not allowed in Java and mary otherlanguagesyvhile properregionsare nongyclic structures
which do not follow a standardpattern(they arenormally generatedy comple If statements
containingcomplex booleanexpressions) We useproperregionsto de ne arbitrarynongyclic
regionsthatcannotbereducedo ary known patternasin [72] andnotto describeregionsthat
arenonimproperin ageneraway.

While Blodk, If—-then If-then—else While—loop Repeat—loopand Improper patternsare
staticin the numberof nodesandedgeqseeFigure2.1a), Natural-loop andProper canhave
anunde nednumberof nodeskeepingthegeneraktructurgseeFigure2.1b). E.g.,aNatural-
loop canhave anunlimitednumberof exit edges).

Duringthetraversalevery nodeis rst comparedo theheadeof eachknown pattern:if the
nodeandits immediatesuccessormatchwith the prede nedstructurethey arereducedo an
abstrachoderepresentinghe semantiaegion—similarlyto a classicainterval analysis.

In addition, beforereduction,for every cyclic region (i.e., loop) we add a specialempty
pre-heademodewhich actsasthe uniqueheadempredecessooutsidethe loop and a special
empty continuenodewhich actsasthe tail of the uniqueback-edggseeFigure 2.2): Every
edgefrom a headempredecessahatis not partof the loop is redirectedo the pre-headerand
every back-edgas redirectedo the continuenode. This ensureghatevery loop hasa unique
entrypointandauniqueback-edge.

Figure 2.3 shavs an exampleof the patternmatchingprocess:Whennoden, is analyzed
the compilerchecksf thesuccessorfn; andn, in our case)have acommonuniquesuccessor
(n3) andno otherpredecessorstherthennyg itself. If all the conditionsapply the gray nodes
arereducedo anabstrachoderepresentingn li—then—elseegion, if not,the compilertriesto
matchng with the headeiof the next patterndrom thelist shavn in Figure2.1.

Theresultis a hierarchicakreeof subgraph&mbeddednto eachotherrepresentinghe se-
manticconstructof the program.Figure2.4 shavs anexampledecompositiorof asimpleJava
program:the programon the left representetby the control- ow graphon theright is decom-
posednto semantiaegions(dottedlines); thetableon the bottomsummarizeshe composition
of thedifferentregions.

Structuralanalysis,in contrastto a normalanalysisbasedon the dominatorrelation, can
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Jelieye

Blodk If—then I-then—else Proper(example)

s
P

Jol

While—-loop Repeat—loop Improper Natural-loop (example)

X B

(a) Staticpatterns (b) Dynamicpatterns

Figure2.1: Structuralpatterngthe headeliis shovn shades).

/ pre neader

(@)

Figure2.2: Loop transformationstheloop (a) in enhancedby the additionof a pre-headeand
acontinuenode(b).

easilyrecognizecyclic structuresvith morethanoneback-edgesasingleloop (seeFigure2.5)
andhandleimproper(or irreducible)regions(seethe Improper patternin Figure2.1).

Unfortunatelythecomparisorof smallgraphregionswith aseriesof prede nedpatternsas
initially presentedy Sharit is not sufcient to handleevery reduciblecontrol- ow graph,as
somenongyclic structureggeneratedy complex booleanexpressionsn conditionalstatements
do not follow a generalschemgproperregionsand naturalloops, seeFigure 2.1). Comple
booleanexpressiongegions are not reducibleto any known pattern: They are nongyclic and
areconnectedo therestof the control- ow graphby two joint nodes(alsocalledarticulation
pointg. Jointnodesareasetof nodesnormallytwo, whichconnectstronglyconnectedegion
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Figure2.3: Patternselection.

of thegraphto therestof it, remaoving thesgoint nodesthisregionremaingdisconnectedSince
sucharegion hasauniqueentrypoint, every nodeis dominatedy theregionheaderFigure2.6
shavs sucha region (dashedine) for a compositef-then—elsestatementthe two joint nodes
areshavn in gray).

To properlyidentify thesecommonlyfoundregions,we developedthe graphtraversalalgo-
rithm shawn in Figure 2.7 thatis performedon the partially reducedgraph: Startingfrom the
nodethatis supposedo be the region header(header), after having tried to matchit with a
known patternwe iteratiely traversethe graphlooking for thesecondoint node.We stop,and
returnanemptyregion, if we nd anodethathasa successoor a predecessahatis notdomi-
natedby theheaderOtherwisewe createa new region (properregion) containingthesubgraph
betweernthetwo joint nodes.

Thecompletealgorithmhasaworst-caseunningtime asymptoticallyquadratian thenum-
ber of basicblocks but hasshavn experimentallyto be asymptoticallylinear in the average
case.

Figure2.8 shavs anexamplewith a snapshobf thetraversalalgorithm. Startingfrom node
K (the possibleheaderof the region) we traverseall the successorand mark themasvisited
(gray nodes).For eachnodewe checkif all its successorandpredecessoraredominatedoy
the headerIn this casenodel is partof theregion while nodeM is not, sincenodeN or node
O arenotdominatedoy theheadei(K). ThismeanghatK is notaproperregionheadeandwe
returntheemptyset.

2.2 Loop bounding

Cyclic structuresasloopsor recursve proceduresre of centralinterestto computean upper
boundon the executiontime of any program. Being one of the major factorthat contritutes
to the durationof a processjoopsandtheir analysistechniquesare the main concernin the

designandimplementatiorof a WCET analyzersincethe choiceof the analysismethodology
in uencesthewhole frameavork anddeterminesvhich informationwe will beableto retrieve.

As describedn Sectionl.2therearetwo mainapproachestechniquessabstracinterpre-
tation basedon symbolic executionthattry to simulatethe programbehaior for all possible
executionsor techniqueghattry to analyzethe loopsin isolationwith a setof staticsemantic
analyses.

Both approachefave adwantagesand dravbacks: Approachessuchas abstractinterpre-
tation allow, in theory a completeknowledgeof the programbehaior sinceall the possible
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do {
it (A {
B;
while (C) {
if (D)
E;
else
F;
}
G;
}
} while (H);
l;
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, 1)

Figure2.4: Structuralregionsfor a simpleJava program.

executionsaresimulated.

In practice dueto thenumberof pathsto beanalyzedexponentiain thenumberof executed
conditionalbranches)the precisionof the resultsis arti cially reducedto maintainthe size
of the problemmanageableln additionto the maximumnumberof loop iterations,abstract
interpretatiormethodsareableto detectfalseor infeasiblepaths.

Staticanalysesnsteaddo not suffer from the path explosion problemsincethey analyze
loopsin isolation without differentiatingdifferentincoming pathsin asymptoticallypolyno-
mial analysistimes. On the otherhandthe local characteiof thesetechniquesioesnot allow
themto considerinformationregarding more thanoneloop (or semanticstructure)like loop
dependenceasr infeasiblepaths.

The choiceof the type of analysisfor our WCET estimatorwasdriven by the type of ap-
plicationsthatwe wantto analyze:We tamgetlarge soft real-timeapplicationsandthereforewe
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Al (B &&C) {
D;
} else {
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while  (A) {

if (B)

C; e
else

, o &

Figure2.5: Loop with morethanaback-edge.

Figure2.6: Region thatcannotberepresentetly a prede nedpattern.

needa fastandvery scalableanalysisthat requiresa minimal userinterventionwhereassome
overestimationn the WCET canbetolerated.

To that end, to analyzea loop we choosea local and static approach(describedn Sec-

tion 2.4) but asshawvn in Section2.3, we do not completelydiscardthe ideasbehindabstract
interpretationyhich we used,n asimpli ed way, to nd infeasibleprogrampaths.

2.3 Partial abstract interpretation

Althoughourloopboundingtechniqueanalyzegheloopsin isolationanddoesnot performary
path enumerationseeSection2.4) we usea limited form of abstractinterpretationto detect

infeasiblepathson agyclic codesegments.

The main problemof abstractinterpretationis that every possibleexecutiontraceét hasto

We de ne atraceasa sequencef instructionsjncluding branchesndloops,thatis executedfor someinput
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W := successos(header)
R .= ;
marktheheaderasvisited
while W 6 ; do
node:= W
R := R[ node
marknodeasvisited
if apredecessasf nodeis notdominateddy the headethen
(* thismeanghatthe headelis notajoint node*)
return;
endif
for all successors of nodedo
if sis notdominatedoy the headetthen
(* we donotfollow backedges)
return;
else
if sisnotvisitedthen
W:=W][s
endif
endif
endfor
returnR
endwhile

Figure2.7: Algorithm to detectproperregions.

///—\_,{\\\

Figure2.8: Snapshobf the properregion detectioralgorithm.

be consideredwvith the consequencthatthe numberof pathsto be analyzeds exponentialin
the numberof conditionalbrancheghatwill be executed. In fact, at every loop iterationthe
numberof possiblepathsis doubledincreasinghe necessityto mege andreducethe gathered

data.



16 CHAPTER 2. SEMANTIC ANALYSIS

information.

To avoid the pathexplosionproblemwe do not iterateover loopsandwe limit theinterpre-
tationto linearcodesegments.In thisway we areclearlynotableto boundloopsandwe arenot
ableto storeary informationrelative to a pathor partial paththatcrossegheloop boundaries.
Neverthelessve areableto detecta numberof falsepaths(seeSection2.3.5 andto boundthe
possiblevaluesaninductionvariablecanassumet runtime(seeSection2.3.9.

2.3.1 Partial linear paths

We de ne apartial linear pathasa partof a completemethodtracethatdoesnot crossa loop
boundary This mayincludelinear codesnippetsaswell asloop bodiesanddoesnot exclude
pathscontaininga loop header If we considerFigure 2.4 both partial pathsABCGHand DE
arevalid partial linear pathswhile BCDis not a valid linear pathsinceit crosseshe borderof
theloop While(C,D,E,F) (ABCGHNcludestheloop headerC but doesnot includeblocks
insideandoutsidetheloop atthe sametime).

We de ne the border of a loop asthe setof basicblocksthat have both edgesconnecting
themto blocksin theloop andedgesonnectinghemto blocksoutsidetheloop (theloopborder
Is composedy theloop headeandall blocksendingin a conditionalbranchthatcould cause
theloop to terminate).

The choiceto focuson linear pathsinsteadof working with generalprogramtraces(asfor
a classicalabstractinterpretationpass)allows us to performthe analysisin exponentialtime
over the numberof conditionaljumpspresenin the programwhith a smallknown constantin
this casewe only considerthe presenc®f a conditionaljump andnot how mary timesit could
be executedsincewe do not considercyclic partial linear paths. Table 2.1 lists the number
of analyzedpartial linear pathsfor a numberof benchmarkapplications shaving the limited
numberof pathsthathave to be executedin the abstractdomain. Thetablealsolists the total
numberof setsof integer internvals neededfor the abstractinterpretationand loop bounding
passeslongwith theirmaximumandaveragdength(i.e., thenumberof intenalsin the set).

Thesebenchmarkslemonstrat¢hattherestrictionof theanalysiso partiallineal pathsand
the con nementof the environmentrepresentatioto integers(seeSection2.3.2 keepthesize
of the setof intervalssmallandmanageable.

Table2.1: Sizeof theabstractdlomainrepresentation.

Benchmark Size(LOC) Partiallinearpaths Setof intervals

Number Max. length Av. length
_201 compress 574 2891 3773 7 1.2
_205raytrace 1978 26 138 3 0.9
-209.db 664 313 1854 7 0.8
JavalLayer 5816 8050 12141 5 15
Scimark 756 233 1860 3 0.7
Whetstone 128 12 465 1 0.7
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2.3.2 Representation of the abstract domain

Theaimof abstractnterpretations to obsenre the programbehaior by executingit, or partof it
in our casejn anabstracdomain. Therepresentatioof the valuesof the elementgvariables)
in the abstractdomainand the operationsthat we can perform on them mustbe de ned so
thatthey areaspreciseaspossiblewithout leadingto incorrectconclusionsaboutthe analyzed
program.

Theabstractepresentationf the concretevaluesmustbesafe,i.e., it mustnotincludeval-
uesthatarenot possiblein the concretedomainandthat could leadto a wronginterpretation
of the programbehaior. This loosede nition allows abstractrepresentatiomo be a safeap-
proximationof the concretedomain(approximationsreintroducedto reducethe calculations
neededht eachstepandto reducethe numberof pathsthathave to be considered).

To further simplify our approachwe decidedto considerinteger local variablesonly, for
this analysis.This includesall the Java integer typesplus the booleantype but not references.
We do notconsideroating pointtypessincetheirrepresentatiomould requiretoo muchspace
and oating pointtypesarerarelyusedasvariablesresponsibldor loop termination.Table2.2
shaws the type of the control variablesusedfor loop terminationin a numberof benchmarks:
the last columnholdsthe total numberof conditionalbrancheswith a loop's control variable
asoperandwhile the third, fourth and fth columnscategorize the type of the variablesinto
integers, oating pointtypesandobject elds (notethatthesecategyoriesare not mutually ex-
cluswve).

Table2.2: Loop controlvariabletypes.

Benchmark Size(LOC) Integer Floatingpoint Field Comparisons
_201.compress 574 50 (100%) O (0%) 10 (20%) 50
_205raytrace 1978 4 (100%) O (0%) 0 (0%) 4
-209.db 664 75 (84%) O (0%) 4 (4%) 89
JavaLayer 5816 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%) O 0%) 4 (4%) 89

Limiting the abstractrepresentatiorto local variablesallow us to safely ignore aliasing
problems. Aliasedvariablesin additionto complicatethe representatiomvould unnecessarily
increasdhe sizeof theabstractrepresentation.

Thisrestrictionsarenotlimiting sincethemajority of theconditionalbrancheshatin uence
the programs execution o w areeitherinteger or booleancomparison®r checkson dynamic
datastructuresthat could not be analyzedat compile time in ary casesincethey are often
dependentntheinputset(seeTable2.2).

Thesimplestway to storethe possiblevaluesof anintegervariableis to representhemasa
setof closedintenalsobeying to thefollowing criteria:

All the variablesthat are unde ned arerepresentecsv 2] 1 ::1 [ in the abstract
domain.Sincewelimit theanalysidointegertypes, 1 and1 canbesafelyrepresented
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by the maximumandminimumvalueof the giventype.

The assignmenbf a constantc to a variablev is represente@dsv 2 [c] in the abstract
domain.

After aconditionaljumpthatcomparesvariablev to aconstanbr anotheintegerwhose
possiblevaluesareknown, we split theinterval of possiblevaluesin the abstractdiomain
accordingto thetwo differentoutcomef thetest.

This testcanin caseof the equalityoperator§= andé) generatanteger intervals with
holes asillustratedby thefollowing example:
fv2] 1:1]g
if v6& cthen
fv2] 1:c 1][ [c+ 1:1 [g
else
fv2[cg
end if

For thisreasornnsteadf representingariablesvaluesin theabstractiomainwith integer
intenalswe storethemassetsof disjointintegerintenals.
\
| = I, where |, =;:
i i
In Java bytecode booleanchecksare simply mappedto integer equality testswith the
constantd andO. This contributessigni cantly to the presencef setof intenalsin the
abstractepresentation.

The abstractepresentatiois updatedvhenarithmeticoperationsare performedon the
concretevariables:For this purposewe de ned the mostcommonmathematicabpera-
tions (addition,subtractionmultiplicationanddivision) on the setsof intenals.

Theoperation®ntwo setsof integersaresimply, andsafely de ned asthesetof integers
thatrepresentheresultof applyingthe operationon every coupleof elements.

[

I |j: Vi Vil

Vi2livj 21

2.3.3 Safe approximations of the abstract domain representation

Evenif we do notiterateover loopstherearesituationswhereit is advisableo reducethesize
of therepresentationf thevariablesn theabstracdomain.

Therepetitionof multiplicationsbetweenwo interval setscan,for example,generatesery

scatteredsetsof intenals. Sucha representatiorcan have a negative impacton the analysis
performance.

Whenthe numberof pathsto be consideredr the numberof intervals in a setbecomes

too large,theanalyzemay decideto approximateherepresentatiom the abstracdomainby
merging a setof intenalsl; to auniqueintenal |

h [
| = miin(li)::miax(li) :
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In our casetheseapproximationsare performedwhenthe numberof elementsn a setgrows
above agiventhreshold.

2.3.4 Abstract interpretation

To performthe partialabstracinterpretatiorpasswe rst computethe topologicalorderingof
theprograms basicblocks. For this purposewe treatthe backedgeof all theloopsasedgedo
every possibleexit of the consideredoop. In this way we ensurethatall the nodesin theloop
bodycomebeforeall theloop exits in thetopologicalordering.

We thenvisit every block in topologicalorderand updatethe variables'representatiomm
the abstracdomain. At conditionaljumpswe duplicatethe abstractdomainrepresentatiofior
eachoutgoingpathandwe continuethe analysison both pathsrecursvely.

If theconditionaljumpis attheendof aloop's headeblock we follow only the edgethatis
not enteringtheloop (if thereis one). Sincesomeof thevariablesin our ervironmentcouldbe
changedn theloop bodywe have to remove themfrom the abstracdomainbeforecontinuing:
All the variablesthat are not loop invariantare thereforesetasunknavn ([1 ::1 ]) in the
abstracdomainat the beginning of theloop's header

We call the representationf the variablesin the abstractdomainfor a given pathan ervi-
ronment Suchan ernvironmentcontainsa partial linear pathanda seriesof setof intervals for
all thelocalintegervariableshatarenotunde nedonthegivenpartiallinearpath.

Thesamealgorithmis alsorecursvely appliedto theloop bodiesallowing usto analyzethe
loop local behaior of the considered/ariables.

2.3.5 False paths

The rst importantresultthatwe canderive from the partial abstracinterpretatioranalysisis

that,usingthe abstracernvironment,we canautomaticallydetectsomeinfeasibleor falsepath.
A falseor infeasible(partial) linearpathis a sequencef basicblockswhich cannotbeexecuted
underary circumstance.

Having the possiblevaluesfor all the integer local variableson every pathfor somecon-
ditional branchesit is possibleto determineif the testedconditionis not satis able for some
ervironments.

Figure2.9 shavs a syntheticshortlinear programwith somefalsepaths.Whentheanalysis
reachedlock F thefollowing abstracdomainervironmentshave beencomputed:

ABDfpar 2 [0], pos 2 [1]g
ABEfpar 2 [1:1 [, pos 2 [1]g
ACfpar 2] 1: 1] pos 2 [O]g.

After analyzingblock F we have:

ABDFHf par 2 [0], pos 2 [1]g

ABDFd par 2 [0], pos 2 [1], pos 2 [O]g
ABEFHfpar 2 [1:1 [, pos 2 [1]g

ABEFGfpar 2 [1::1 [, pos 2 [1], pos 2 [O]g
ACFHfpar 2] 1 : 1] pos 2 [0], pos 2 [1]g
ACFGfpar 2] 1 : 1], pos 2 [O]g.
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A bool ean pos;

public void foo(int  par) { 1f (par < 0)

A boolean pos; / \
A if (par < 0) {
C pos = false; Bif (par == 0) C pos = fal se;
B } else if (par == 0) {
D bar0(); / \i
D pos = true; D bar0O(); E bar1();

} else { pos = t’rue; pos = t’rue;
E barl();
E pos = true;

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

} else {
G barS(), G bar 2(); H bar 3();

|}} \/

Figure2.9: Exampleof a programwith falsepaths.

ThepartiallinearpathsABDFGABEFGandACFHareclearlyimpossiblg(pos shouldbel and
0 atthesametime) andcanbe marked asinfeasible.

If apartiallinearfalsepathis composeaf aseriesof blockswith only onesuccessaandone
predecessdhe partiallinearfalsepathcorrespondso deadcodewhich canthenbe eliminated
by thetiming analyzer

The maindifferencebetweerthis approactwith whatwasproposedy Altenbernd[2] and
later re ned by Gustafssorj4(] lies in the scopeof the analysis:we do not aim to discover
all the possiblefalse pathsand we thereforelimit the checksto linear code segments. This
importantsimpli cation hasmajorimplicationsin the implementatiorof our approachwhich
doesnot suffer from the pathexplosionproblemandrequiresalmostno approximationof the
valuesin theabstracdomain(seeTable5.1).

2.3.6 Variable ranges

In additionto the detectionof partialfalsepathsthe abstracinterpretationpassgathersuseful
control- ow awareinformationon therangeof valuesa certainvariablecanassume.

This cannot only be usedfor someclassicalcompiler optimizationslik e the elimination
of unnecessarwrray index checksor the reductionof the size of integer variablesbut can
help to signi cantly reducethe estimatechumberof loop iterations—themorewe canreduce
the computedsetof possiblevaluesof the iterationvariables,the preciserthe loop bounding
algorithm can be (seeSection2.4—or to introducean elggant way to expressmanualcode
annotationgseeSection2.7).
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2.4 Loop header bounding

Sincewe limit the abstractinterpretationpassto linear codesegmentswe have to rely on an-
othertechniqueo determinghe maximumnumberof loop iterations(in our casea loop-local
analysis). To boundthe minimal and maximal numberof executionsof the loop headerwe
chooseanapproachvery similar to theanalysigproposedy ChristopheiHealyat Florida State
University[42, 44, 43).

We adaptedhe basicidea of this methodto our language(Jara) andintegratedthe same
datastructureg(setsof intenals) that we usefor the partial abstractinterpretationpass(see
Section2.3.2.

Theoriginal method[42] basicallyconsistsof four mainsteps:Firstthe programs control-
o w graph(CFG)is built andtheloopsandnodeshatcouldberesponsibldor loop termination
areidenti ed (they arecallediteration brancheg. Thesenodesarethenlinked usinga prece-
dencerelationrepresentinghe orderin whichthesenodescouldbe executedn aloopiteration.
Theresultingdirectedacgyclic graphis calledprecedencgraph In a secondstep,for eachof
thenodesof the precedencgraph(i.e., theiterationbranches)it is computedvhenthe condi-
tional jump for eachiterationbranchcould changéts resultbasedon the numberof iterations.
l.e.,thealgorithmcomputesif possibletheiterationatwhichthecontrol- ow couldchangeat
suchanode. In the next step,we determinethe rangeof possibleiterationswheneachof the
outgoingedgeds reachedln afourthand nal step,the maximum(andminimum)numberof
loop iterationsis computed.

2.4.1 Precedence graph

An iteration brandh is, asde ned by Healy, a basicblock with a conditionaljump wherethe
choicebetweerthetwo outgoingedgescouldin uence the numberof loop iterations.In other
wordsiterationbranche$ave anoutgoingedgeto a nodeoutsidethe analyzedoop, anedgeto
theloop headeror anedgeto ablock whichis postdominatetby theloop header

The original algorithmto computethe setof iterationbranched for aloop L with header
H is shavn in Figure2.10 Theideais to iteratively include (1) all the conditionalbranches
with anedgeexiting theloop which have a successothatis postdominatedby the header(and
therefores onall thepathsfrom the headeto theexit of loop) or (2) thatcanconditionallylead
to otheriterationbranches.

In additionto the setof iteration branchedound by the original algorithm,to be ableto
handlegeneraloopswith comple bodies,we have to includethe setof nodesthatcould con-
ditionally leadto a singleiterationbranch:

((S121)" (S18 Sp)" 1 (S1pdomSy)) _

((S221)" (S16 Sp) ™ 1 (Sz pdomSy))
S, representsasin Figure2.10 oneof the successoref block B andl is the setof identi ed
iterationbranches.

The simple example in Figure 2.11 shavs a loop body where a node (block 3,
if (i < 3)), which could clearly be responsibldor loop termination,is not includedin
thesetof iterationbranches by theoriginal algorithm.

A loop's precedencegraph is a directedacgyclic graphcomposedoy the loop's iteration
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| = ; fsetof iterationbrancheg
repeat
fH istheheademnodeof theloopLg
for all blocksB 2 L do
if (B hastwo successorS; andS;) ™ (B 2 1) then
if(S12L)_
(S22L)_
(H pdomS,) _
(H pdomS;) _
9J;K21jJ6 K~"JpdomS; ™ K pdomsS;,) then
| =1[ B
endif
end if
endfor
until any changeo |

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 }

Figure2.11: Additionaliterationbranches.

branchesandtwo specialnodes:the continuenodeandthe breaknoderepresentinghe back-
edgeandtheexit of theloop respectiely. Thegraphis constructeatollapsingall thenodeghat
arenotiterationbranchessubstitutingall the back-edgesvith edgedo the continuenodeand
substitutingall theloop exits with edgedo thebreaknodeasdescribedn [42].
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2.4.2 lteration branc hes

The next stepis the computationof the point in time, in termsof loop iterations,whenthe
conditionalbranchof aniterationbranchwill changats direction.Ourimplementations based
again on the algorithmpresentedy Healy [42] with the introductionof rangesof integersin
thealgorithm's descriptiorandimplementationDueto theintegrationof setsof integerranges
andto somere nementsto handlea broadersetof loopsthantheloopshandledby the original
paperwe rede ne someof thetermsandequationsasexplainedin thefollowing paragraphs.

Eachiterationbranchis analyzedn isolationby detectingthe variablesthatarecompared
in the conditionalbranchand by understandindnow they changebeforeand during the loop
execution.

We only consideicomparisonsvhereanintegervariable theiterationvariable, is compared
to a constantor to a known rangeof possibleconstantghat do not changein the loop body
(the majority of loopsare conditionedby integerinductionvariables seeTable 2.2). Oncethe
iterationvariableis determinedve try to computeits valuebeforeenteringtheloop andhow it
is changeduy in the loop body during every iteration (we distinguishbetweenchangedefore
theiterationbranchandchangesftertheiterationbranch).

For eachiterationbranchwe thencomputeonwhichiterationN theresultof theconditional
branchwill change:

limit  (initial + before) + ad ust

N = before + after

whereafter andbefore arethe amountby which the iterationvariableis changediuring each
loop iterationafter and beforethe consideredterationbranch(to be ableto computeN, both
before and after mustremainconstantduring eachiteration). The sum of before and after

givesthe dir ection (positve or neggative) of the inductionvariableincrement. If this sumis
0, theresultof the jump at the end of the iterationbranchwill never changeandN is setto
a specialvalueunknown If N > 0 theresultof the conditionalbranchwill changeafter N

iterations.If N 0 theconditionalbranchcouldhave changedeforethe rst iteration(in this
casewe saythatthe changehappensn the past).

limit correspondso theconstanwalueusedin thecomparisonlf limit is notconstantand
its possiblevaluesarerepresentetby a setof integerintervals (seeSection2.3.69, we take its
minimum if dir ection is positive) or its maximum(if dir ection is negative). initial is similar
to limit andrepresentshevalueof theinductionvariablewhentheiterationbranchis reached
for the rst time,in otherwordsit correspond$o thesumof thevariables valuebeforeentering
theloop andbefore. In caseimit is representetly a setof integerrangeswe take its minimum
if dir ection is positive, or its maximumotherwise.

ad ust takesinto accountthe type of the operatorscompensatinghe differencesamong
them. If theinductionvariableis increasedat every iteration,ad ust is setto 1 for and>,
andif theinductionvariableis decreasedt every iterationad ust is setto -1 for < and . For
all theothercasesad ust is setto 0 (seeFigure2.12for anexample).

If we arenot ableto computeone of thesevariableswe assumehat we have not enough
informationon theiterationbranchbehaior andwe setthevalueof N to unknown

An additionalcheckis neededor equalityoperatorg= or 6 ) since,in thiscaseijt is possible
that the checled conditionwill never be met althoughthe variablesare growing in the right
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N JHANN

| m [

m
— 10 (0+0)+ O — _ 10 (0+0)+ 1 —
N= 2020 +1=11 N= 2021 +1=12

Figure2.12: Differentadjustmentgor the computationof N of two sampleloops (the loop's
heademanduniqueiterationbranchis shavn in gray).
direction(e.qg.,for(i=0;i==5;i+=2) ). We thereforecomputeif

limit  (initial + before)
before + after

is anintegral value,if notwe setthevalueof N to unknown

2.4.3 Reachability of iteration branc hes

Oncewe know whenthe behaior of eachiteration branchmight change(i.e., the iterations
whenit' sresultwill bedifferentfrom theonecomputeddy the rst loopiteration),we determine
whentheiterationbranchesnight be executed.

We de ne range(ib) asthe iterationson which it will be possibleto executean iteration
branchib or range(ibg ! ib;) in the caseof an edgeform iteration branchibg to iteration
branchib; (ibg ! ib;). As beforewe adaptedheapproachpresentedby Healyto integratesets
of integerrangesandgeneralizingt to be ableto easilyhandlein nite loopsandloopsthatare
never executed.

Theprecedencgraphis traversedn apreordeifashionandfor eachnodeandedgewe store
thesetof iterationsduringwhichit will be possibleto traverseit.

The rangeof a node,or the setof iterationsduring which this nodecould be executed,is
de ned asthe union of the rangesof all theincomingedges(the headerof the loop is treated
differentlyandwe assignarangeof [1::1 [ toit):

range(ib) := [ range(p! ib):

p2 pred(ib)

Thereasons obvious: every time anincomingedgeis executedthe nodewill alsobeexecuted.
In the sameway we canalsode ne therangesf the outgoingedges|f the pointin time when
the conditionalbranchof the consideredterationbranchwill changgN ) is unknavn, we have
to assumehatall the outgoingedgescould be traversedin the sameiterationsasthe iteration
branch.

range(ib! s):= range(ib) 8s 2 sucqib):
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If, otherwiseN is known we splitthesetof all possibldaterationsbetweernwhathappendefore
the change(beforey ) andwhat happensafter andduring the change(after ): thisis doneby
splitting the entireiteration spaceandintersectingt with range(ib). If N is in the past(see
Section2.4.2 we set:

beforey, (ib) [1]\ range(ib)
after (ib) = ;:

Otherwisethetwo setsarecreatedaccordinghe equalityoperator:

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

beforey

after.. = =;6 : ([IzN 1] [N+ 1:1 )\ range(ib)
N <> : [N:=:1 [\ range(ib)

Usingthe valueof dir ection we candeterminewvhentheiterationbranchwill betraversedfor

the rst time: Giventhedirectionof theloop, the value of the inductionvariablewhenit rst

reachesheiterationbranch(initial + before) andtherelationaloperatomwe assigrbefore, and

after tothecorrespondingutgoingedges.

If atthis pointwe discoverthatanedgeis never executed(its rangeis empty)we canremove
it from thegraph(i.e., we detectedaninfeasibleedge).

2.4.4 Loop header iterations

To determinethe numberof iterationsfor the loop heademwe traversethe precedencgraphin
postorderandfor eachnodeandedgewe computeits exit value,i.e., whenthis nodeor edge
couldleadto a break(i.e., loop exit).

If anedgee is to a breaknodethenexit(e) := range(e): Thesearethe only pointsin
the control- ow graphwherewe canintroducea boundon the numberof iterationssincethese
edges(n !° break) arethe only locationswherea loop canexit. If the edgeis to a continue
nodewe donothave ary usefulinformation,andwe setits exit valueto unknowvn: exit(e) := ;.

Otherwisethe edgee is leadingto aniterationbranchib insidethe loop. In this casethe
exit valueof e basicallycorrespondso theintersectiorbetweertherangeof theedgee andthe
exit valueof theiterationbranchib (exit(e) := range(e) \ exit(ib)). Unfortunatelytherearea
coupleof exceptionthatwe have to consider We distinguishthreedifferentcases:

If the range of e is always smaller then the exit value of ib (max(range(e)) <
min(exit(ib))), it meansthat the edge will be executedonly once: exit(e) :=
[min(range(e))] (the value marked by the arrow in Figure 2.13a). Evenif the inter
sectionrange(e) \ exit(ib) is emptytheblock will be executedonceto performthetest
onthe rst iteration.

Example:exit(ib) = [1::5];range(e) = [10:20] In this casethe intersectionbetween
exit(ib) andrange(e) is empty: The edgewill betraversedonce(at the 10thiteration)
andthe conditionaltestat theendof ib will causealoop exit (exit(e) = [10).
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If the intersectionof the exit valuesof the iterationbranchandthe rangeis not empty
it representsheiterationswhenthis edgecouldleadto anexit: exit(e) := range(e) \
exit (ib) (thevaluesmarkedby thegrayareain Figures2.13b,c,f).

Example: exit(ib) = [5::15] range(e) = [10::20] In this caseedgewill be traversed
from the 10thto the 15thiteration(theintersectiorbetweerexit (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 [
(thevaluesmarked by the gray areaandthe arrow in Figure2.13d,e). Note thatwe use
in nity to denoteunboundedanges.

Example:exit(ib) = [15:30} range(e) = [10:20] The intersectionbetweenexit (ib)

andrange(e) is notemptyandthe edgewill betraversedfrom the 15thiteration. Since
someof theiterationsin exit (ib) arebiggerthanmax(range(e)) we arenot ableto tell
whenthisedgewill leadto a breakandwe thereforesetexit (€) asunboundedexit (e) =

[15:1 ).

(b) |

(©

|
[ |
| |
@ | ] T
|
[

. Jexit(b) | ] range(e 4 exit(e)

Figure2.13: Exit value of ranges:the boxes representhe set of iterationsin range(e), the
dashedboxes representhe setof iterationsin exit(ib) andthe gray areacorre-
sponddo theresultingsetof iterationsin exit (e€). Thedown arrov representshe
setof iterationsin exit (e) whenthe setis composedy asingleelementasin (a)
ortoincludel in thesetwhenthesetsareunboundedsin (d) end(e).

The exit value of aniterationbranchis determinedby the union of the exit valuesof its
outgoingedges: [
exit(ib) = exit(e)

g 2out(ib)
whereout(ib) is the setof edgesexiting from nodeib.

At theendof thetraversalthe exit valueof theloop headerepresentshe numberof itera-
tionstheloop heade(andhencetheloop) will beexecuted.

The main differenceshetweenthe computationof the loop headeriterationspresentedy
HealyandWhalley andourimplementatioriies in theintegrationof the seton intervalswhich
allows usto easilywork in a uniform way with ary operator(e.g.,equality operatorsandto
cleanlyde ne thealgorithmbehaior with conditionaljumpsthatarealwaysor never taken.



2.5. IMPROVING THE PRECISION OF THE LOOP BOUNDER 27

2.4.5 Nested loops

Thedescribedpproacttomputeshenumberof loopiterationsndependentlyrom othercyclic
structuresandonly consideldoopswith aconstannhumberof iterations.Innerloopswith avari-
ablenumberof iterationsdependingn the control variableof the outerloop (seeFigure2.14)
arehandledconseratively (i.e., the numberof iterationsfor the innerloop is consideredton-
stant).

public void foo() {

int ij;
for (i=0; i<100; i++) {
for (j=i; j<100; j++) |
bar();
}
}

}

Figure2.14: Triangularloops: the numberof iterationsof theinnerloop (100 i) dependon
the controlvariableof the outerloop (i).

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

2.5 Improving the precision of the loop bounder

A limitation of this methodis thatalthoughthe minimal andmaximalnumberof iterationsfor
theloop headerarea safeboundfor every block in the loop, this approximationdoesnot take
into accountifferentpathsinsidetheloop body.

To propagte boundinginformation from a loop headerto eachprogramblock we need
preciseknowledgeof the control- ow graphstructurewhich canbe derived from the semantic
structuresomputedn Section2.1

The approachconsistsin propagting the loop boundsto the whole loop by adjustingthe
numberof iterationsin accordancavith the differentpathsinsidethe loop body In this way
we computea ne-grained perblock boundinginformationthat allows the timing analyzerto
handleinfrequentlyexecutedblocksinsidealoop body separately

Figure2.15shawvs a simpleexamplewherealoop portion (block 4) in executedonly once,
andits durationshouldthereforenot beincludedin eachloop iteration. In this case gspecially
if the codein the region executedonly onceis computationallyexpensve the assumptiorthat
theheadeboundsaresafefor eachbasicblockin theloopis correctbut leadsto aWCET over-
estimation.This phenomenoranfor examplebe obseredin the 201 compresdenchmarlof
the SPECjvm98suitewherea signi cant part of the mainloop is executedonly every 10,000
iterations.

For this reasonour WCET estimatorperformssomeadditional passego propagte the
boundsof the loop headerto all the blocks adaptingthemto the different path frequencies.
Sincethe numberof iterationsfor ablockis notdirectly dependenbn the block's predecessors
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0 int i = 0; !
2 while (i < 128) {
3 if (i == 16) { 5
4 /I code executed once (block 4)

} /
5 /I code executed at every iteration 3
5 i++;
6 } 4

5 6

Figure2.15: An exampleof aloop.

but is, instead determinedy the type of the enclosingsemanticconstructor structuralregion,
alongwith thedominatorrelation,the boundscannotbe propagtedeasilyto every basicblock
by analyzingthe graphs nodesn isolation. Figure2.16 shaws threesimpleexamplesof struc-
turalandsemanticconstructghatin uence the numberof iterations(shavn betweerbraclets)
of a given basicblock (stripednode). The numberof iterationsof a block cannotbe derived
fromits directpredecessorsut only from theheadegraynode)of thebiggestenclosingstruc-
tural region (a While—loopin Figure 2.16a andan If-then—elsan Figures2.16b and2.16c).
In Figure2.16b we assumehatwe have no informationon the conditionalbranchof the gray
nodeandwe have to conseratively assumehatbothwhite nodescould be executedlOtimes.

To propa@tethe loop headeroundinginformationto eachblock, we performtwo main
steps:In a rst phasewe propagtethe minimal andmaximalnumberof iterationsalongeach
loop's precedencgraph(seeSection2.5.1) while in asecondhasewe spreadhisinformation
to every basicblockin thecontrol- ow graph(seeSection2.5.2.

2.5.1 Execution counts for iteration branc hes

Loopsare analyzedin isolation startingfrom the innermostone, allowing a simple handling
of nestedstructures Oncethe setof possibleterationsfor theloop header(exit (header)) has
beencomputed(seeSection2.4.4 we propagtethesevaluesto theiterationbrancheswith a
top-dawn traversalof the precedencgraph.

The rst stepconsistsin the computationof the smallestenclosingcyclic region for each
iteration branch(secr(ib)). This structureis easily found by traversingthe list of enclosing
semantiaegionsstoredin eachblock (seeSection2.1). The smallestenclosingcyclic region
corresponds$o thesmallestoop thatincludesthe consideredterationbranch.

We thende ne, for eachnodeandeachedgein the precedencgraph,a rangeiter repre-
sentingthe minimal and maximalnumberof timesthe nodeor edgecanbe traversed.We set
thenumberof iterationsof theloop headetto its exit value(i.e.,theloopiterations):

iter (header) := exit(heade):
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(1]
[1] [10]
[10]
[10]
[0..10] [0..10]
(1] [10]
(a) (b)
[10]
[5] (3]
[10]
()

Figure2.16: Examplesof blockiterations.

We thentraversethe precedencgraphinorder andfor eachiterationbranchib andits outgoing
edges we computehenumberof timesthey canbetraversediter (ib) anditer (e) respectiely.

The iter value of an edgee is determinedby its rangeandthe iter value of the iteration
branchib attheedgetail:

If N, i.e.,theiterationon which the resultof the conditionalbranchat the endof ib will
changedirection,is known we distinguishthreecases:

— If therangeof the edgeis alwayssmallerthantheiter valueof theiterationbranch
it meanghatthe edgewill alwaysbetaken:

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

— If therangeof the edgeis alwaysbiggerthantheiter valueof theiterationbranchit
meanghattheedgewill never betaken:

iter (e) := [O]:

— Otherwisethe iter value correspondso the intersectionof iter (ib) andrange(e)
normalizedto take into accountthe numberof iterationswhenthis edgewill be
traversedandnottheactualiterationswhenthis will happen:

iter (e) := (range(e) [ iter (ib)) (min(range(e)) + 1):
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If N is unknavn we do not have ary informationaboutwhenthejump resultwill change
andwe assigrnthe minimal andmaximalnumberof iterationsiter of thenodei to theiter
valueof eachoutgoingedge:

iter (e) := iter (i):

In asimilarway theiter valueof aniterationbranchib is determinedy theiter valuesof all the
incomingedgesWe determinghepresencef innerloopsby checkingf thesmallesenclosing
cyclic region secr(ib) correspondso theloop we areanalyzing.

If the iteration branchis not in aninner loop (i.e., secr(ib) = loop andeachof its
predecessorng hasa known N value,the numberof iterations(iter) correspondshento
thesumof theiterationsof theincomingedges:
X
iter (ib) := iter (e):
e2pred ib

If oneof the predecessoris unknowrnwe don't have enoughinformationandwe have to
conseratively assumehatthe iter value correspondso the numberof iterationsof the
headerof the smallestregion containingib. Thisis givenby the factthatgivenaregion
with asingleentrypoint (theheader)ve cansafelyassumehatevery nodein thisregion
will notbe executedmoreoftenthatmax(iter (header)).

If the iterationbranchis the headerof aninnerloop (i.e., secr(ib) 6 loop we have to
multiply theiter valuewith the numberof iterationsof theinnerloop. Notethattheinner
loop iterationsareavailablesincetheloopsareanalyzedstartingfrom theinnermosine.
X
iter (ib) := iter (e) iter (ib):
e2pred ib

In addition,we storein thenodeib a multiplicationfactorfor theinnerloop linner de ned
by theregion secgib) computedasfollows:

x -
Mul (lipner ) = iter (e):
e2pred ib

Otherwisefor innerloop nodeswe simply multiply theiterationsof theinnerloop node
ib with theregion multiplicationfactorstoredin the headeiof eachinnerloop:

iter (ib) := iter (ib) mul(secgib)):

2.5.2 Execution counts for basic blocks

Now thatthe minimal numberandmaximalnumberof iterationsof eachbasicblock thatcould
in uence the o w of controlof the program(i.e., theiterationbranchesareknown, we have to
propagtethe boundinginformationto every otherblockin thegraph.

Onceagnin we take advantageof the available structuralinformationandwe computethe
numberof iterations(iter (b)) for eachbasicblock b. We treatthe control- ow graphentry
block differently, settingthe minimal andmaximalnumberof iterationsto 1:

iter (root) := [1]:
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For eachnodebwith apredecessgs we de ne beci(b;p) asthebiggestenclosingcyclic region
containingp andnotb. If beci(b;p) existsfor atleastonepredecessag, it meanghatthenode
bis theexit pointof oneor moreloopsandthatbcr(b;p) corresponds$o the outermosbne.

g

(b)

Figure2.17:Biggestcyclic regions.

If pis the single predecessoof b, andbeci(b;p) is empty we simply copy the rangeof
iterationsof the edgeto thenode(Figure2.17.a):

iter (b) = iter (p):

If beci(b;p;) is the sameregion for all the predecessorg; of b we have detectecbneor more
loop breakingedgesq(p; ! b), andthe numberof iterationsof b is setequalto the numberof
iterationsof theloop pre-heade(seeFigure2.17.b). A loop pre-headefpheadel(l)) isaspecial
basicblockarti cially insertedoy thecompileractingasa uniqueloop headeipredecessqisee
Section2.1).

iter (b) = iter (pheadebeci(b;p)))

Otherwise,|if the predecessorselongto differentenclosingregions,we look for the smallest
regionr thatcontainsall the predecessorsf bandnotbitself (Figure2.17.c). Theiter valueof
theheadeof thisregionis a safeassumptiorsinceevery pathfrom the sourceto bwill traverse
it (header(r) domb).

Thealgorithmin Figure2.18summarizeshe computatiorof iter (b) for nodesthatarenot
iterationbranches.

At theendof this phaseevery basicblockin the control- ow graphhasa boundon its min-
iImum andmaximumnumberof iterationthattakesinto accountthe differentpathfrequencies
insideloops.
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if b= sourcethen
iter (b) = [1]
else
P := predecessof)
choosearnyp 2 P
if jPj=1_becib;p) = ; then
iter (b) := iter (b
elseif 9r jr = becrb;p;)8 pi 2 P then
iter (b) := iter (pheadeqr))
else
r .= smallestregion P r _b62
iter (b) := iter (header(r))
endif
endif

Figure2.18: Computatiorof iter (b).

2.5.3 Comple xity

Oneof the main adwantageof the techniquedescribedhereis thatit is ableto computepre-
cise per block boundsin quadratictime over the numberof iteration nodes: We are able to
considerthe effectsof differentpathfrequenciesn the loop without the needto performpath
enumeration.

Section5.6 evaluateshe effectsof the increasedyranularity(from loopsto blocks)of the
boundingalgorithmshawving theimprovementson the overall WCET estimation.

The computatiorof theiterationbranchesndthe constructiorof the precedencgraphare
performedn O(B?), whereB is thenumberof basicblocksin theconsideredoop. Theoriginal
algorithmto computethe numberof iterations[42] of theloop headetandour enhancemertb
propagte the boundsto the single basicblocks are both performedin asymptoticallylinear
time.

Healy and Whalley presentech different approachto enhancetheir loop bounder[42]
(seeSection2.4) to compute ne grainedblock boundsusing automaticallydetectedvalue-
dependentonstraintd44]. They computeper block boundsanalyzingthe possibleoutcome
of conditionalbranchedy looking at the inductionvariablechangeon all the possiblepaths.
The algorithmhasa compleity of O(P) whereP is the numberof pathsin aloop, whichis
exponentialin B.

2.6 Example

This sectionpresentsa small syntheticexampleto summarizethe analysispresentedn this
chapter Figure2.19shavs a small Java methodwith two nestedoops: theinnerloop is exe-
cutedonly after50iterationsof the outerloop andthevalueof a parametecoulddeterminghe
outerloop terminationafter 10 iterations.

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

for (i=0; i<100; i++) {
if (i < 50) {
if (i > 10 && somecond) ({
break;
}
} else {
for (j=0; j<10;) {
j++;

}
}
}

Figure2.19: ExampleJava program.

gions (dottedlines). The two programs loops are representedy 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 theiterationbrancheg8 for loop Cand10,
2, 3, 4 and8 for loop F) andwe constructthe respectie precedencgraphs.On thesegraphs
as describedby Section2.4.3we computewhenit will be possibleto executethe iteration
brancheqrange). Figures2.21a and?2.21b shav the precedencegraphsfor the inner and
outerloop respectrely with the pointin time whenthe conditionaljump will changeg(N) and
therangedor eachnodeandedge.

In the secondphasewe computethe minimal and maximalnumberof iterationsfor each
loop heademwith the bottomup traversaldescribedn Section2.4.4 Figures2.22aand2.22b
shav the precedencgraphswith theexit valuesfor eachnode: Theinnerloopis boundedwith
11 iterationswhile the outerloop canexit from iteration12 to iteration50 or exit at iteration
101.

Although theseboundsare a safeassumptiorfor the whole loop, usingthe algorithmde-
scribedin Section2.5.1we computethe rangeof possibleiterationsfor every iterationbranch
in the precedencgraphasshawvn by Figure2.23

Figure 2.24 summarizeghe propagtion of the iteration branchesboundsto the whole
control- ow graph. We assignto every basicblock a setof rangesrepresentinghe possible
numberof iterations.

2.7 Manual annotations

The goal of an automaticloop bounderis clearly to reduceor eliminatethe needfor the pro-
grammerdo manuallyspecifyloop bounds.Therearesomecasesthough 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 dependenon the programinput, or wherethe analyzeris notable
to automaticallycomputethem.

In theserarecaseqthe majority of theloopsin real-timeprogramshave awell de ned and
simplestructure)the programmemustincludecommentsn the codeto manuallyspecifythe
bounds.
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10
N=101
[1..inf[
[1..100]
2
N=51
[1..200]
8
N=11 [51.100] [1..50]
[1..inf[
8 3
[1.10] \[11.inf[ N=? [51 100] N=12 101..inf[
[51..100] [1..50]
continue break [12..50]
4
[51..100] / [1..11] N=2
[12..50]
'/12..50] \Qi..SO]
continue break
(&) Innerloop C (b) LoopF

Figure2.21:Precedencgraphswith iterationranges.

The simplestway to do this is to modify the code,insertingguardson the variableswhose
behaior is unknavn to the timing analyzer Figure 2.25a showvs a simple examplewhere
the timing analyzeris not ableto computethe initial value of the variablei , which is input-
dependent.In Figure 2.25b a simple If-then constructcan help the compilerto analyzethe
loop (afterthe partial abstractinterpretationpass,seeSection2.3, i is known to have avalue
in theintenal [0::1 [) andatthe sametime ensureshatthe semantic®f theannotatiorwill be
enforcedatruntime.

If theuserconsidergheinsertionof additionalcodean unnecessargverheadhe analyzer
allows him to commentthe codewith speciallibrary calls that do not produceary code(the
dummycalls aresafelyremoved beforecodegeneratiorsincethey do not have ary functional
meaning).Theseannotationsresimilarto asimpli ed versionof theWCETAmystenproposed
by Bernatfor their Jasa WCET analyzer4]. In our casewe only supportthe speci cation of
boundsto cyclic structuresincewe do not needto de ne pathsin the programasfor WCETAnN
(e.g.,to de ne infeasiblepaths).
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10
N=101
[12..50] + [101]
[12..50]
2
N=51
[12..50]
8
N=11 0 [12..50]
[11]
8 3
[ 1] N=? [ N=12 [101]
1 [12..50]
continue break [12..50]
4
(l 1 N=?
[12..50]
ﬁ \[1(2..50] /
continue break
(a) Innerloop C (b) LoopF

Figure2.22: Precedencgraphswith exit values.

TheWCETAnNNotations.maxLooplterations(N) de nesthemaximumnumberof
iterationsN of the rst loop following the statemenbn all the pathsleadingto the exit of the
control o w graph(i.e.,the rst cyclic semanticstructurethatis dominatedoy the annotation).

Figure2.26shavs anexamplewheremanualannotationareusedto specifythe maximum
numberoop of iterationsandthe maximumrecursiondepth. Thetwo methodcallsareusedby
the WCET semantia@analyzeito boundthetwo cyclic structuresut no checksareissuedatrun
time andresponsibilityfor correctnesss left to the programmer

Although annotations for loops are rarely needed, they are necessaryfor re-
cursive proceduressince we do not perform ary automatic recursion depth analy-
sis (see Section 2.8.3. The maximum recursion depth can be expressedwith the
WCETAnNNotations.maxRecursionDepth dummycall. The maxRecursionDepth
annotatiorworkssimilarly to maxLooplterations referringto theentrypointof acyclein
thecall graph.
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10
[12..50] + [101]
[12..100]
2
[12..100]
8
] [1.50]  [12..50]
[11]  Yo..inf[ [J.L.iso] )[10..500] [1;‘50] [0..inf[
Co[‘]t_ilr]‘”e break [1..39]
. 4
[0..inf[ [ [11] [1.39]
ﬁ.sg] \.‘.inf[
continue
[12..101] break
(@) InnerloopC (b) LoopF

Figure2.23: Precedencgraphsterationcounts.

2.8 Method calls and object orientation

Theadditionallevel of dynamisnin programexecution,andthereforehereducedoredictability
of object-orientegprogramscontritutedto their slow acceptancen thereal-timeworld, but in
the lastdecadeSmalltalk[40], Java[11, 38|, Oberon-2[15] andsereral otherlanguagesvere
successfullyemplo/edin hardandsoft real-timeprojects.

One of the reasondor the introductionof modernlanguagesnto the real-timeworld, in
additionto their popularityamongprogrammersis thatthey do not only allow to createmore
dynamicprogramsout oftenimposesomerestrictionsontheprogramsemanticsStronglytyped
languagesvithout pointerarithmeticlike JavaandOberon[ 105 allow, asin our caseto reduce
aliasingeffects,makingcodeanalysismoreeffective.

The major problemof Java and object-orientegorogramsin generalis thatthey allow the
programmeto useobjectinheritanceo overridea methodsimplementationssothatthetarget
of amethodcall dependsn the dynamictype of the owning object. This cangreatlyenlage
thecall graphand,if every possibletargetis consideredcause/NCET overestimations.
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Figure2.24:Basicblock bounds.

2.8.1 Call graph reduction

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

Marny techniquesexist to approximatehe call graphandreducethe setof possibletargets
for every methodcall. Our compilerresohespolymorphismat call sitesemploying a variable
type basedanalysis(VTA) [96, 102, which computeghe setof possibletypesof the objectat
eachmethodcall. Thecharacteristiof VTA madeaperfectchoicefor ourervironment:despite
being o w-insensitve (but context-sensitve) it deliversgoodresultsand performsbetterthan

classtype hierarcly [3, 26, 32] or rapidtype analysig 3] and,moreimportant,needsonly one
iterationsoit scaledinearly with the sizeof the program.
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void foo(int i) A void foo(int ) |
while(i < 10) { if (i >=0) ({
/[ loop body while(i < 10) {
i++; /[ loop body
} i++;
} }
}
}
(a) (b)

Figure2.25: Userinsertedguards.

public  void foo(int param) {

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

foo();

}

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

Figure2.26: Manualannotations.

2.8.2 Method specialization and inlining

It is oftenthe casethatoneor moreof thevaluesdeterminingheloop termination(e.g.,init or
limit , seeSection2.4.2 aredependenbn oneof the methodactualparameters.

Although this in is not a problemfor approache®asedon symbolic execution,sincethe
methodwill be alwayssimulatedin theright contet, the lack of local informationhindersour
loop bounderwhichis notableto computethe bounds.

A comple context sensitve intra-proceduraanalysiscouldrestrictthe setof possibleval-
uesof the input parametergiven a certaincontext allowing a more preciseloop boundingin
the sameway aspartial abstractinterpretationdoes(seeSection2.3.6. The dravbackof this
techniquas thatit is notalwayspossibleio derive a smallsetof valuesfor theparameterghatis
valid for all the possiblecontectsin which themethodis called. Ontheotherhandiit is instead
possibleto inline themethodin the callercontet. In thisway theloop dependingpn theinput
parametecanbeanalyzedn a specializedrersionthatmayallow the compilerto computethe
boundsautomatically

If thecall site,wherethemethodhasto beinlined, hasmorethanonepossiblgarmet(i.e.,the
type of the objectis not known) the compilerinsertsguardsto guaranteehe correctexecution
(seeFigure2.27).
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We inline andspecializea methodin the caller context if oneor moreloopsis dependent
from anactualparameterThe maximuminlining depthis boundby a userspeci ed parameter

Figure 2.27 shavs an example: the methodfoo of Figure2.27.ais inlined in the caller
contet in Figure 2.27.b with an additionalguardto checkfor the type of the objectof the
callee.Theloop boundcanthenbeeasilycomputedsinceits upperboundis known in thecaller
context.

public class B extends A { public class B extends A {
public  void foo(int limit) { public  void foo(int limit) {
int i; int i
for(i =1; i <= limit i++) { for(i =1, i <= limit i++)
/[ loop body /I loop body
} }
} }
} }
[...] [..]
public  bar(A o) { public bar() {
0.foo(42); if (o instanceof B) {
} int i
[...] for(i =1, i <= 42; i++) {
/[ loop body
}
} else {
0.foo(42);
}
}
[...]
(a) (b)

Figure2.27: Methodinlining: themethodf ooin (a)is inlined in themethodbar usinga guard
to guarante¢he correctexecutiondependingn thetype of the objecto

2.8.3 Recursion

Recursve methodscreatedoopsin the call graphwhich mustbe boundedo be ableto compute
the WCET of the program,but the automaticcomputationof the maximumrecursiondepth
is inherentlymore complex thanloop analysis: Recursioncan happenarnywhere underary
conditionandis normally not restrictedby semanticor syntacticstructuresasis the casefor
loops.

The easiestway to handlethe problemis to forbid recursionin the languageand force
the programmerdo corvert their algorithmto iterative schemege.g., by applying program
transformationules[82]). Real-Time Euclid[55], Real-Time ConcurrenC [36] andtheMARS
approachef82, 84] areexamplesof languagexplicitly forbiddingrecursve subroutinecalls.
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Bliebegershavedthatdirectandevenindirectrecursiorcanbeconstrainedndsafelyused
in real-timesystemg10, 9] and,asfor call siteswith morethanonepossibletarget,theproblem
canbeaddressedsingabstracinterpretation.

As our approachapproximateshe WCET without pathenumeratiorandthereforeavoids
solutionsbasedon abstracinterpretationwe currentlyforbid the useof recursionandthe user
Is requiredto manuallyconvert recursve algorithmsto their iterative correspondingersionor
to annotatehem(seeSection2.7).

2.9 Discussion

At the end of the differentanalysesthe semanticanalyzerhasthe nal taskof structuring
the computedsemantianformationthatwill belaterusedto estimatethe WCET on the given
hardware.Thecontrol o w graphandthesemantidree(list of semantiaegions)areembedded
in thegenerate@ssemblerdes alongwith theboundsonthenumberof iterationsfor eachbasic
block andthelist of partiallinearfalsepaths.

We decidedto structureour WCET analyzerdividing it into two distincttools (the seman-
tic andthe hardware level analyzers}o increasethe e xibility andthe portability to different
systemsandarchitectures.This is usuallyuncommonfor approachedasedon abstracinter
pretationbecausén this casethe pathenumeratiorshouldbedonetwice (onceonthehighlevel
andoneonthehardwarelevel). For thisreasorabstracinterpretatiorbasedapproachesasually
performtheanalysisn onepassworking directly ontheobjector assemblecode.

The local characterf our semanticanalyzerhas,on the otherhand,the adwvantageto be
coupledwith the compilerfrom the rst stagesandto rely on high level informationwhich is
normallylost ontheassemblelevel asvariablesandtypes.

It is worth noting that althoughour semanticanalysisin basedon a Java bytecodecom-
piler the techniquegresentedn this chapterarelanguagendependent.Theinitial structural
semantic@analysisallows to easilywork on binariesalthoughwithout variablenamesandtypes
and especiallyin presenceof pointer arithmetic,the computationof the point in time when
conditionalbrancheshangedirection(N ) could be moredif cult.






Hardware-Le vel Analysis

In additionto computingthe semantidoehaior of a programa WCET analyzemmustcompute
or estimatethe durationof the producedcode. The durationof theinstructionss dependenon
thegivenplatform(hardwareandsystem).

The durationof aninstruction,which is trivial to computefor somesimple architectures
whereit is constantinddeterminedy thehardwarespeci cations[13, 78, 75, 82], is becoming
moreandmorechallengingo estimatewith theincreasef thecompleity of modernhardware.
On modernCPUsthe durationof an instructiondependson several factorssuchas stallsin
the pipelines,cachehits or missesandbranchprediction. In otherwords, the durationof an
instructioncannotalways be computedof ine but hearily dependsn the context wherethe
instructionis executed.

3.1 Related work

Themostsimpleandconserative approactio computeheeffectsof modernhardware(notably
cachesandpipelines)would beto alwaysconsidertheworst-casescenariocachereadsalways
resole in missespranchpredictionis alwayswrong,andall theinstructionsaredependenbn
eachothergeneratinga maximumnumberof pipelinestalls. This resultingWCET estimation,
computedconsideringthe serial executionof the given instructionsonly, would be formally
correctbut overestimatedby severalordersof magnitudemakingit useles$65]. Lundqvisthas
recentlyshavn thatserialexecutiondoesnotexactly correspondo the WCET of theapplication
becausef timing anomalie§67]: acachehit couldin somecasegenerate longerexecution
time thana cachemiss.

Like for the semanticanalysis,thereare two main waysto attackthe problem: methods
basedon path enumeratior(i.e., basedon symbolic execution)and methodsrelying on data
o w analyses. Approacheausing symbolic executionusually (but not always) integratethe
semanticanalysisto simulatethe codeonly once[31], while data o w basedWCET analyzer
canmoreeasilybedividedinto two distincttools[41]. Thelatterapproachs pursuechere.

3.1.1 Caches and pipelines

Cachesandpipelinesarethe majoraspecbf modernprocessorghatin uencesthe durationof
aninstruction,andseveral groupsimproved their WCET estimatordo includeanalysegrying
to reducethe overestimationgausedy cachemissesandpipelinestalls.

The semanticanalyzerfrom Whalley's groupat the Florida University (seeSection1.2.4)

43
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wascomplementetby a separatdardwareanalyzerfor the MicroSFARC | processof41]: this
includedaninstructioncachesimulatorableto cateyorizeeachinstructionby its probabilityto
generate cachehit. They alsoanalyzedhedifferentprogrampathsto understandhe pipeline
behaior, avoidingto iterateoverloopsandappliedaconserative approximatiorwhile memging
the pipelineinformationfor pathsinsidealoop.

The rst MARS method(seeSectionl1.2.2, which usedtiming equationswas extended
to supportthe two stagepipeline of the Intel 80C188processof107] andto supportpathab-
stractiongncludinginstructionresenationtables[62] or instructiondependencgraphg63] to
handleprocessorsvith pipelines.Kim, usingthetiming schemalongwith data- ow analyses,
was ableto reducethe overestimationof dynamicload and storeoperationg 53] (the global
WCET overestimatiorwasreducedn the averageby 30%with peaksof 80%).

Thethird MARS approach84] which usedanintegerlinearprogrammindILP) solver (see
Sectionl.2.2 wasextendedo handlethe effectsof a setassociatie instructionanddatacache
by addingnew rulesor constraintgo their setof equationg60].

Wilhelm and his group combinedtheir WCET tools basedon abstractinterpretation 31]
(seeSectionl.2.3 with ILP to supportthe analysisof instructioncacheq98]. Abstractinter-
pretationis usedto modelthe architectures behaior while ILP is usedto nd thelongestpath
usingtheresultsfrom the abstracinterpretatiorpass.

All theseapproacheassumehatthe programis executedwithout interruptionor thatpre-
emptionoccursat predictablepointsin time. Althoughthisis the casefor mary hard-real-time
systemsfor applicationgunningon somemechatronimperatingsystemssupportingpreemp-
tion [15] andfor soft-real-timeapplicationsrunningon commoditysystemsa hardware-level
analyzerasto take into accounthe effectsof asynchronousontext switcheq 37, 28, 52].

Active cachemanagement

A completelydifferentapproacho thedatacacheproblemfocusenactve managemertf the
cachellf we canpreventtheinvalidationof thecachecontentthenexecutiontimeis predictable.
Oneoptionis to partitionthecachd 61] sothatoneor morepartitionsof thecachearededicated
to eachreal-timetask. In this way no con icts betweendifferent processesan occut and
eachapplicationcanbe analyzedf ine regardlessof schedulingstratgiesandpreemptionin
additiona carefulcompiletime analysiscanalsohelpto prefetchcertainmemorylocationsand
arrangehemin memoryto increaséhewhole systems predictability[ 54].

Theseapproaches$elp the analysisof the cacheaccesdime sincethe in uence of multi-
taskingis eliminated but on the otherhand,partitioninglimits the systems performancd 62)].
Moreover, cachepartitioningrequiresserere changego the operatingsystemsandpossiblyto
the applicationsmakingthis option unfeasiblefor soft-real-timemultimediaapplicationsun-
ning on commoditysystems.

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

Both cachepartitioningandlocking stratgiesareusefulto improve cachepredictabilityand
ef ciency but they do not solve the generalproblem,andthey shav performancedegradation
onlargesystems.
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Preemption

Techniquesexist to take into accountthe effects of x ed-priority preempte schedulingon
instructioncachesvhenthe setof runningprocessess known in advance[57, 16).

Whenthe setof runningprocesseds unknawn it is still possibleto conseratively take into
accountthe preemptioreffectsby multiplying the cacheandpipelinerelatedcostsdueto pre-
emptionby the maximumnumberof preemptionghatcould occur[56, 74, 100. Experiments
have shavn thatthis assumptions pessimistidi.e., the preemptioncostis muchsmaller)and
thatthe overestimatiorcanbereducedy a cacherelatedpreemptiordelayanalysiq 94].

3.1.2 Branc h prediction

Branchpredictionschemes$urthercomplicatehe WCET analysissincethefetchednstructions
notonly dependnthetracethatis consideredbut alsodependn pastexecutiong of any other
programtrace)andthe conditionalbranchesncludedin them.

While this problemcanbe automaticallysolvedin abstracinterpretatiorbasedapproaches
(if notdiscardedo simplify the problem,the informationon pastexecutionsof a givenjump
on a determinedraceis storedin the abstracdomainrepresentationjlifferentstratgieswere
developedfor control-anddata- ow basedanalyses.

Colin andPuautmodeledthe predictiontableasa direct mappedcacheintegratingbranch
prediction(for local predictorsonly) in their WCET estimatoi 20], while Mitra andRoychoud-
hury studiedthe effectsof dynamicbranchpredictionon WCET analysisandwereableto inte-
gratethe effectsof globalbranchpredictionschemesn their ILP-basedNCET estimator{ 69].

3.2 Statistical approaches

Hardwareusedin embeddedystemss becomingnoreandmorecomple. Large mechatronic
systemsor soft-real-timemultimediasystemsareoften developedusingcommodityprocessors
(e.g.,Pentiumclassor PowverPCprocessorsihatarenormallyusedin desktopsystems.

Today's fast hardware and the increasinglydropping cost of memory contritutesto the
growth of the sizeandcompleity of thereal-timeapplicationghatareruntoday Theseappli-
cationsarecomposeaf severalthousand®f line of codeandaresometimesvrittenin modern
object-orientedanguagesnakingextensve useof dynamicdatastructures.

Onthe otherhandthe ervironmentwheretheseapplicationsaredeployed doesnot always
require hard-real-timeguaranteesnd thereforein the majority of the cases—especiallfor
multimediaapplications—th&iming requirementsiresoftened.

The XO/2 system[14, 15], developedat the Institute of Roboticsat ETH Zurich for large
mechatroniapplicationsjs oneexampleof this development. The systemrunson PoverPC
processorsvith two levels of (large) caches pipelining with instructionreorderingand two
levels of branchprediction. The systems deadline-drren schedulewith admissiontestingis
preemptve andsupportghe dynamicloadingandunloadingof tasksor processeatruntime.

It wasclearfrom the beginning that noneof the availabletechniquego performa WCET
estimationarethe ideal tools to be usedin suchan environment: the dynamismof the XO/2
softwareandhardwarehindersa preciseof ine WCET analysis.
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We thereforeimplementeda WCET estimatorbasedon a mixed approach:the semantic
attributesof the control- ow andcall graphswverecomputedpreciselywhile somecomponents
of theinstructiondurationasthe effectsof the cachesveredeterminecheuristically[ 21].

3.2.1 XOJ/2 WCET estimator

TheX0O/2 WCET estimatolis implementecasamodulefor the XO/2 Oberon-2PaverPCcom-
piler [71]. It is ableto performa simple but effective loop analysisrestrictedto loops with
a single exit point and a uniqueinductionvariable (the userhasthe additionalpossibility to
manuallyannotatehe codeto specifythe bounds).

The novel aspectof the approachs the hardware analysis(i.e., the estimationof the in-
structionsdurations).Thetechniques a trade-of betweenra preciseapproachwhich requires
alot of resourceainda completeknowledgeof the scheduledasks,andheuristicapproaches
completelybasedon measurements.

Giventhe precisecomputatiorof the maximumnumberof block iterations the durationof
aninstructionis approximatedoy mixing the static characteristic®f the processaqrgiven by
the manufcturer andthe dynamiccomponentf the time neededo executeit, determined
experimentallywith anon-chipperformancemonitor (seeSection4.3).

To computethedurationof aninstruction,normally expressedisingthe cyclesper instruc-
tion (CPI) metric, we divide the instructionsdurationinto its major componentdo achieve a
bettergranularity

As de ned by Emma[30], thetotal CPIfor agivenarchitectur&canbeexpressedsthesum
of anin nite-cache performanceandthe nite-cache effect (FCE). The in nite-cache perfor
manceis the CPI for the coreprocessounderthe assumptiorthatno cachemissesoccur and
the FCE accountdor the effectsin cyclesof the memoryhierarcly. On the programlevel the
FCEcanbeexpresseas:

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

Sincethe memoryeffectsareoneof the CPl componentshatarederived from run-timemea-
surementsve hadto adaptour modelto theinformationthatthe PoverPCperformancenonitor
cangather(seeSection4.3.2. The performancenonitor considergheinstructioncachemiss
penaltyaspartof theinstructionunit fetchstall cyclesandnotacachemissforcingusto include
datareferencesnly in FCE.

Theinstructiondurationseparationnto nite- andin nite-cacheperformances notenough
to obtaina good graspof the processousageby the differentinstructions,and we therefore
furtherdivide thein nite-cacheperformancen busyandstalltime:

CPI = Pusyzstalﬁ +FCE: (3.2)

In nite cache performance

wherethestall componentorrespondto thetimetheinstructionis blockedin onethepipelines
dueto somehazard(e.g.,adatadependence).

The PaverPCprocessohasa superscalapipelineand may issuemultiple instructionsof
differenttypessimultaneouslyone oating-point, onebranch,onecomparepnememoryand
threeintegeroperations)For thisreasorwe differentiatebetweerthe stallandbusycomponent
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for eachexecutionunit; let parallelism betheaveragenumberof instructionghataresimulta-
neouslyin therespectre executionunits,stall,; bethenumberof cyclesthegiveninstruction
stallsin theexecutionunit, stall ,ipeiine bethenumberof cyclestheinstructionstallsin theother
pipelinestagegfetch,decodedispatchcompletionor write-back),andexeg,,; the numberof
cyclesspentin anexecutionunit. The CPIfor aninstructioncanthenbe expresseds:

exegnir + stallyni
CPI := ;’;r“a”ensm“”“ + stallypeine + FCE: (3.3)

For eachinstructionof a basicblock we useEquation3.3 to approximateheinstructions dy-
namicduration. Thedif culty liesin obtainingacorrectmappingbetweerthestaticdescription
of theprocessoandthedynamicinformationgatheredvith theruntimeperformancenonitorto
computehecomponentsf Equation3.3. Thedetailsareexplainedin thefollowing paragraphs.

Finite cacheeffect

The PoverPC604eperformanceanonitor deliverspreciseinformationaboutthe meannumber
of load andstoremissesandthe durationof a load miss. Becauseof the similarity of theload
andstoreoperationg49], we canwork with the samemiss penaltyand computethe FCE, in

cycles,asfollows:

FCE := (miss rategag + MISS rategore) penaltyoaq: (3.4)

Pipeline and unit stalls

Unfortunately the performancemonitor doesnot provide preciseinformationaboutthe stalls
in the differentexecutionunitsandthe otherpipelinestagegthe performancenonitorwasnot
designedo be usedfor programanalysis,and our predictorhadto mapthe datagatheredto
somethingusefulfor the WCET estimation).

The rst problemarisesin the computatiorof the meanstall time in the differentexecution
units asthe performancamonitor delivers the meannumberof instructiondependencethat
occurin the resenation stationsof the executionunits only (a resenation stationis a small
two-entriesqueuein front of eachexecutionunit). This numberis not quite useful, because
a dependenceéoesnot necessarilycausea stall, andwe must nd otherwaysto computeor
approximategheimpactof stalls.

Themeanstall time for instructionsexecutedoy a single-gcle executionunit is easilycom-
putableasthe differencebetweenhe time aninstructionremainsin the executionunit andits
normalexecutionduration(i.e., 1). Letidle,,; bethe averagemeasureddle time in a cycle
(for anexecutionunit), andload,,;; betheaveragemeasureshumberof instructionshandledn
acycle (atmostl):

1 idl ey
loadnit

Unfortunatelythe executiontime of an instructionin a multiple-g/cle executionunit is not
constantandEquation3.5cannotbeused.Thanksto Little' stheoremappliedto M/M/1 queues
we can computethe meanlength of the reseration stationqueueN, (at most2) andthen
approximateghemeanstalltimestall,i; asfollows(let := 1 idley; betheunit'sutilization

stall it = (3.5)
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factor(arrival/servicerateratio), andpgep thereportecnumber(probability) of dependences):

2

Ng := max 1 ;2 (3.6)
(1 StaIIunit |OadJnit)Nq =1 pdep (3-7)
P
1 M 1 pdep
stall ynit = : 3.8
unit |0admlt ( )

We assumehatanabsencef reporteddependencesorrespondso the absencef stallsin the
executionunit (Equation3.7).

A similar problemis presentin the computationof the meannumberof stall cyclesin the
dispatchunit: Sevendifferenttypesof stall arereportedfor the whole four-instructionqueue.
We have no way to know how mary instructionsgeneratestalls,or how mary differentstalls
arecausedy the sameinstruction.Thesenumbershowever, areimportantfor the understand-
ing of the dynamicinstructiondurations becausehey includethe effectsof instructioncache
missesandin uence all the processednstructions. Several experimentswith a setof simple
well-understoodestprogramgevealedthatareportedstall canbeconsideregsgeneratedby a
singleinstruction. The testprogramswerespeciallycraftedby including differentdatadepen-
denciedo generateipelinestallsandobsenre their effeqtfon the performancecounters.With
Pevent the reportednumberof stallsof a giventypeand = (1  Pevent) the probability no
instructionstalls,we cancomputethe probabilitythataninstructionstalls:

Q
CPl 1 (1 Pevent)

stall gispatch 1= event 3.9
dispate queuesize (3.9)

Thestallsin thedispatchunit (stall gispatch ) @lsoconsiderstallsin thefetchstageandcanbe
substitutedor stallipeiine in Equation3.3,

Theneedo hewily rely onstatisticsandqueuingtheoryin theapproximatiorof thepipeline
behaior is determinedby the granularity (or lack of it) of the hardware measurementools
we have at our disposal. Neverthelessexperimentatiorwith small synthetickernelsto stress
pipeline stalls shavs the soundnes®f our mappingfrom the measurediependenceto the
actualstalls.

Executionduration

The normal executionduration(i.e., the executiontime without stalls) of an instructionfor
single-gcle unitsis known from the processospeci cations but themultiple cycle units(FPU,
MCIU, andLSU: FloatingPointUnit, Multiple Cycle Integer Unit, andLoad StoreUnit) have
internalpipelinesthat causedifferentthroughputvaluesdependingn the instructiontype. As
a consequencthereis no way to know the durationof a giveninstruction,evenif the caches
andpipelinestallsarenot considered.The presencef preemptionandconsequentlyhe lack
of knowledgeaboutthe pipelinestatusforcesusto approximatehis value.

Thearchitecturespeci es,for eachinstruction,thetime to executeit (latency) andtherate
atwhich pipelinedinstructionsareprocessedthr oughput).
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We de ne d,,i asthe approximationof the maximaldistancein the instruction o w be-
tweentwo instructionsthat canbe pipelinedby the sameexecutionunit. We thenconsideran
instructionpipelined,in the executionunit, if therewasan instructionof the sametype in the
last dynit instructions(exeg,,y := thoughput), otherwisewe considerthe instructiondura-
tion to correspondo theintegral computatiortime (exegniy := latency); thevalueof dy,it is
computedexperimentallyandvaries—dependingn the unit—from four to eightinstructions.

Sincethe XO/2 instruction-duratioranalysiss doneon a basicblock basis theapproxima-
tion for the rst instructionof agiventypein ablockis computedifferently:

pinstr uction -— 1 (1 |Oadmit )OluniI (310)

latenc if pi ion < threshold
eermit = y . pInStI‘ uction (311)
throughput  if Pinstr uction ~ thr eshold
Wherepinstr uction 1S the probability that a given instructiontype was presentin the last dynjt
instructionsandthr eshol is an experimentallydeterminedsaluerepresentinghe probability
thata giveninstructionwill befoundin dyn; instructions.

To checkhow this approximatiorworks in practiceandto re ne the dy,; andthr eshold
values,we comparefor sometestprogramsknovn meaninstructiondurations,obtainedwith
the runtime performanceamonitor (seeSection4.3), with the predictedones,con rming the
soundnessf themethod.

Instruction parallelism

We computethe meaninstructionparallelism(parallelism) solving Equation3.3andconsider
meanvaluesoverthewholetaskexecution,dueto theimpossibilityto get ner grainednforma-
tion. Furthermorethe taskcannotbe interrupted(or instrumented}o checkthe performance
monitor; otherwiseinterferencen the task's o w would destry the validity of the gathered
data. The FCE is taken into accountonly for the instructionshandledby the load/storeunit
(util ynit correspondso theutilization factorof the givenunit).

exec+ stall it

parallelism := (3.12)
To computethe meaninstructions executiondurationexec (neededby Equation3.12), the
meanstall valuecomputecearliercanbeused.We rst computethe meanexecutiontime of the
instructionshandledby a given executionunit (exeg,,i; )—in the sameway asthe stallswere
approximatedor thesinglecycle units.

(

singlecycle units

1 idl eyng _ : :
road, - stallyit  multiple cycle units

(3.13)

Finally, we computethe total meaninstructionduration(exeq asthe weightedmeanof all the
instructionclasses: X
exec:= (util ynit exeGnit ) (3.14)
unit
Thedurationof eachinstructionof abasicblock canthenbecomputedy applyingEquation3.3
with all thecomputecelementgexeg , Stallyi: , parallelism, stall,ipeiine andF CE).
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Heuristic and static information

The durationof aninstructionis thereforecomputedusinga mix of informationderived from
theCPUandsystemdocumentatioranddatacollectedduringsometestrunsof theapplication.

Thelateny andthroughpubf thedifferentinstructionsalongwith the rst level cachemiss
penaltyaredescribedn the CPU manualwhile the misspenaltyof the secondevel of cache
canbederivedfrom the systemdescription.

At runtime we measureghe rst andsecondevel cachehit probability(miss r ate), thetime
the differentexecutionunits areidle (idl eyt ), theirload (load,,;; ) andtheir utilization factor
(Ut” unit )

Since,contrarily to the WCET measuremerity experiment,we do not samplethe appli-
cationrunningtime but we only measurehe applications behaior (averagecacheusageand
pipelinestalls),we do not needmary measurement® generatesoundWCET estimations.It
is thus not importantto cover all the possibleexecutions(a taskthat is impossiblefor mary
applications)ut we mustonly gatherinformationon the pipelineandcacheusageof thegiven
process.

Results

Testingthesoundnesef aWCET predictoris atricky issue.To comparghecomputedralueto
a measureanaximumexecutiontime, we mustforce executionof the longestpathat runtime.
Suchcontrol of executionmay be dif cult to achiese, especiallyfor big applicationswhere
it may be impossibleto nd the WCET by hand. By consequencéhe WCET that we can
experimentallymeasures anestimationrandcould be smallerthantherealvalue.

We testedour approximatomith severalsimpletaskswith aknown andmeasurabl&/CET
andwith somebiggerapplicationgunningon mechatronisystemsasedon the XO/2 system
(seeTable3.1).

Task Measuredime Predictedime 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-Kitta 439.905ms 495.608ms +13%
Polynomialevaluation 1251.199ms 1187.591ms -5%
Distribution counting 2388.816ms 2579.051ms +8%
LaserPointer::\&tchdog 290 s 287 s -1%
LaserPointer::Planner 297 s 298 s 0%
LaserPointer::Controller 730 s 1071 s +47%
Robojet:: FajectoryQ 8 s 8 s 0%
Robojet:: TajectoryN 339 s 399 s 0%
Robojet:: TajectoryX 164 s 183 s +12%
Hexaglide::Learn 65 s 65 s 0%
Hexaglide::Dynamics 286 s 451 s +58%

Table3.1: WCET for somesampleXO/2 applications.
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For themajority of thetestswith aknown andmeasurabl®/CET ( rst partof thetable)we
achieve a predictionwithin 10%of therealvalue,andwe avoid signi cant underestimationef
the WCET. The secondpart of the table presentdhe WCET estimationand measuremerfor
thereal-timekernelof somerealapplicationsLaserPinteris alaboratorymachinethatmoves
alaserpenon the tool-centerpoint of a 2-joints (2 DOF) manipulator Hexaglide is a parallel
manipulatomwith 6 DOF usedasa high speednilling maching46] (thetwo real-timetaskswe
pro le containa goodmix of conditionalandcomputationatode). Robojetis a hydraulically
actuatedmanipulatorusedin the constructionof tunnels[47] (we pro le threeperiodicreal-
time tasksthatcomputethe differenttrajectoriesandincludecomplex trigonometricandlinear
algebracomputations)The overestimatiorfor someof the mechatronikernelslies in thefact
thatthe measuredime is not the real WCET, which is unknavn, but only the highestduration
that we are able to measure. Trigonometricfunctionsare a good example of the problem:
The predictorcomputeghe longestpossibleexecution,while, thanksto optimizedalgorithms,
differentdurationsarepossibleatruntime. It is obviously dif cult, or oftenevenimpossibleto
computean input setsuchthat eachcall to thesefunctionstakesa maximumamountof time.
We mustthereforetake into accountthat the experimentallymeasurednaximumdurationis
probablysmallerthanthetheoreticaimaximumexecutiontime.

More detailsaboutthe implementatiorand a more comprehense analysisof the results
canbefoundin [21].

In summaryfor therealapplicationspur techniqueproducesonserative approximations
yetavoidsnoticeableunderestimationsf the WCET. Inaccuracietn theWCET estimationcan
only becausedy theapproximatiorof theeffectsof cachesandpipelinesbut notonthewrong
understandin@f the semanticof the program.Theseresultsdemonstratéhe soundnessf the
methodfor real-world productsshaving thata mixedapproactwith aprecisesemantia@analysis
andanapproximatedardwareanalysiscansafelycomputegoodWCET estimations.

3.3 The road to partial trace simulation

The implementationof the WCET estimatorfor the XO/2 systemdescribedn Section3.2.1
shaws that a mixed approach(with a precisesemanticanalysisand an approximationof the
instructiondurationestimation)allows to analyzesystemswith a dynamicsetof processeand
preemptve multitaskingdelivering soundresultsfor complex soft-realtime applications.

To broadenthe applicationsthat we could usefor the tool evaluationwe re ned both the
semantianalyzerasdescribedn Chapter2) andthe hardwareanalyzeyreducingthe amount
of statisticalinformationneededo computethe estimation(seeSection3.4). We alsomovedto
aLinux platformon Intel processorandfocusedon the WCET estimationof fairly large soft-
real-time Java applicationsrunning on commodity hardware (e.g., multimediaapplications).
This nenv hardware and software ervironmentpresentgshe samesetof problemsasthe XO/2
system:the systemis highly dynamic,andthe setof runningprocessealongwith the preemp-
tion pointsareunknavn. Ontheotherhandthe nen environmentofferedusalargeramountof
applicationsanddid notrequirehardconstraintson thecomputedVCET.
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3.4 Partial trace emulation

As describedin Chapter2 our worst-caseexecutiontime approximatoris composedf two
tools: amachineindependensemanticanalyzeranda languagendependeninstructiondura-
tion estimator

The analyzemproducescommentedassemblerles that,in additionto the native code,are
enrichedby additionalsemanticinformation: an annotatedsyntaxtree for eachmethod,the
boundsof eachbasicblock, the list of false paths,andthe setof tagetsof eachcall. The
hardwarelevel estimatoicanthen,from theinputassembleles, easilyreconstructhestructure
of theprogram.

3.4.1 Locality

Ourapproachriesto computeasoundestimatiorof theinstructiondurationwithoutpreciseand
completeknowledgeof the setof runningprocessesn systemsvhich supportaskpreemption.
For this reasonwe cannotpredictwhenthe analyzedprocesawill beinterruptedandtherefore
we cannotpredictthe stateof the cachesandpipelineswhenthe processwill be selectecagain

for running.

As for the semanticanalysiswe have thereforedecidedto approachthe problemlocally
without a globalanalysisandwithout simulatingall the possiblepathsin anabstractiomain.

Our ideais basedon the principle of locality, limiting the effects of an instructionto a
limited periodof time: We assumehatthe effectsof aninstructionon the pipelineandcaches
will fadeover time andthatthey will be no longerrelevantaftera certainnumberof executed
instructions.In otherwords,the effectsonthe cachesandpipelinesof aninstructioni in agiven
programtracearerelevant only for the limited setof instructionsfollowing instructioni (the
numbem of relevantinstructionis arbitraryandde ned heuristically).

For every possibleexecutiontracegoingthroughaninstructioni we thereforede ne apar-
tial tracet(i; n) asthesetof thelastn instructionsprior to i onthatparticulartrace.Usingthe
principle of locality, a partial tracealsode nesthe setof instructionsthat couldin uence the
durationof i onthatgivenexecutiontrace.

Although it would be more straightforvard to usetime (cycles or seconds}o de ne the
lengthof a partial trace(insteadof the numberof instructions)that composat, to do this we
would needthe durationof thevariousinstructionghatwe still have to compute.Thelengthof
apartialtracedoesnotdirectly in uence theresultof theWCET computatiorandonly arough
estimatds necessaryo build partialtracedong enoughto exploit the principle of locality. For
this purposewe considerthe numberof executedinstructionsas directly proportionalto the
timeit will take to executethem.

Accordingto this de nition, if we considera particularpathin the programandaninstruc-
tioni (seeFigure3.1) only the instructionsthat are part of the partialtracet(i; n) (in grayin
Figure 3.1) canin uence the durationof i. It alsofollows that everythingthatis beforethe
instructionig in this particularpathcanbeignoredfor the computatiorof thedurationof i.

We simulatethe CPU behaior (pipelineandinstructioncache)for then instructionsin the
partialtracet. Thedurationof i giventhepartialtracet (duration(i; t)) canthenbe computed
by looking at the time, in cycles, neededto executethe instructionat the end of the short
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BO B1 B2 B3 B4

Figure3.1: Partial traceandprinciple of locality.

simulation(seeSection3.4.2. The rst n 1 instructionsareusedto warmup andinitialize
the simulator which canthentime the executionof thelastinstructionin theright context.

We de ne T (i; n) to bethesetof uniquepartialtracesof lengthn thatendin i (i.e.,i is the
lastinstructionof the partialtrace)andwe de ne the WCET of aninstructioni as:

WCET(i) := tznngl_?‘() (duration(i; t)) :

l.e., we computethe durationof i on every partialtraceof lengthn which endsoni, andwe
conseratively considerthe worstcaseonly. The partialtracesin thesetT (i; n) arelimited in
numberby n andcanbe computedoy a simplebackward pathenumeratiorpass(limited up to
acertainpathlength).

To limit thenumberof traceshatmustbe simulated someoptimizationsarepossible:Par-
tial simulationresults(e.g.,the stateof the pipeline)arecachedandcanbereusedf theinitial
partof two tracesis the same(this is particularlyeffective if we force tracesto begin at basic
block boundaries).Furthermorethe sametrace simulationcan be extendedto the following
instructionsaslong asno jumpsareencounteredWe call theinclusionof all theinstructionsn
thesameblock asthe rst instructionof thetracet andall theinstructionsn thesameblock as
thelastinstructionof thetracet a partial traceextensionoft.

BO B1 B2 B3 B4

Figure3.2: Traceextensions.

Figure 3.2 shavs an exampleof the traceextensions:thetracet(i; 11) (dark gray instruc-
tions)is extendedn thepastto thebeginningof block B1 andin thefutureto thelastinstruction
of block B3 (light grayinstructions).

This traceextensionaddsa small numberof instructionsto the tracebut on one handin-
creaseshe probability that the initial part of the tracesimulationcould be usedagain (there
might be morethanone partialtracebeginningin the sameblock). On the otherhand,thanks
to the additionalblocksat the end,we cansafelycontinueto simulatethe codeandrecordthe
durationof the whole block (B3). Thisis possiblesinceno jumpsor jump targetscandisturb
the o w of execution(whichis guaranteedb be uninterruptedintil the endof the block).
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A
[1], 2 instr
B
[1], Oinstr
loop
C
[11], 10 instr
D |
[10], 2 instr [1], 6 instr
E F I H J
[3], 15 instr [7], 3instr | | [10], Oinstr | | [1], O instr

G
[10], 6 instr

Figure3.3: Partial traces:for eachbasicblock we depictthe name the rangeof possibleitera-
tionsin bracletsandthe numberof instructionscomposinghe block. The shaded
arearepresents loop.

Figure3.3 shavs an examplecontrol- ow graph(for eachnodethe numberof iterationsis
shavn togethemwith thenumberof instructionsn thebasicblock). ThesetT (H; 23) represents
all theuniquepartialtracesendingin the rst instructionof block Hwith alengthof 23 instruc-
tions. In thisexampleT (H; 23) is composedf HGFDCBAHGEDandHGFDCHGN addition
we assignto eachtracea weightw basedon how mary timesit will beexecuted:

rL12|tn (max (iter (b))

w(t2T):= nt?zaTx(max(iter(b))):

The weight is computedusing the minimum numberof iterationsof all the blocks that
composeat anddoesnot necessarilcorrespondo the actualnumberof timesthe tracewill be
executed. In our example: w(HGFDCBA= 1=11, w(HGED = 3=11, andw(HGFDCHG=
7=11 Notethatin ourexamplethetool is notableto determineaf the partialpathHGEDwill be
executedn the rst cycle andis thereforepartof HGFDCBA

3.4.2 Partial trace simulation

To simulatethe instructioncacheand pipelinesbehaior of a partial trace we implemented
a basiccycle precisesimulatorusinga simpli ed Intel Pentiumll processof50] model(see
Figure3.4). For every clock tick we evaluatethe stateof the differentCPU unitskeepingtrack
of the instructionswe are interestedn. The following paragraphslescribewhich processor
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elementareconsideredn the modelandhow our simulatorhandlegshem.

System Bus L2 Cache
Bus Interface Unit
L1 ICache L1 DCache
Fetch Load Store
Fetch/Decode Dispatch/Execute Retire
Unit Unit Unit
il | LB

Instruction Pool

Figure3.4: Simpli ed CPUmodel.

Pipeline

ThePentiumPropipelinecanbebroadlydividedin threemainstagesafetchanddecodehase,
adispatchandexecutephaseand nally aretirephasgseeFigure3.4).

Fetchand decode. Thefetchanddecodeaunitfetchesone32-bytecachdine atatimefromthe
instructioncacheanddecodest to theinternalmicro-ops.Every IA-32 instructionis decoded
to oneor morepre-programmedicro-opswhich arethenpassedo the instructionpool. The
unit candecodeup to six mirco-opsperclock tick.

Instruction pool. Theinstructionpool holdsfrom 20 to 30 micro-ops,which arethendis-
patchedo the correctexecuteunit in arny order The Pentiumprocessorgareableto dispatch
micro-opsout-of-orderusing Tomasulo$ algorithmP9] to minimize the stalls causedoy data
dependences.

The instructionsare then dispatchedo several executionunits divided among ve ports
(pipelines).Severalexecutionunitscanexecutemicro-opson eachpipeline,but only onemicro-
op percycle canbefedto aport.

To beableto correctlysimulatethe dispatchingmechanisnwe thereforeneedto know the

dependenceg.e., the def-usechains)amongthe micro-opson the analyzedpath. Sincepaths
aresimulatedin isolationthe simulatorcan simply keeptrack of the dependenceduring the

traversal.
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Execution. The ve executionpipelinesprocesseshe instructionsaccordingto their type.
Sincethe executionof someoperationsandependon the valuesof the operandsve consider
theworst-casescenario.

Retireunit. Theretire unit hasthetaskto reorderthe micro-opsandcanprocesaup to three
instructiongperclock tick.

Memory operations

Partial tracesimulationdoesnot allow usto simulatethe datacachebehaior sinceat the be-
ginningof theinstructionsequencéi.e., the partialtrace)the memoryanddatacachestatesare
unknavn. For this reasorwe do not currentlymodeldatadependenceism memoryandwe as-
sumethatawrite to a storebuffer will notin uence theinstructionduration.Assumingenough
memoryto handlethe processand assuminghat no swap spaceis present(all the processes
t in memory),our model,similarly to the XO/2 predictor(seeSection3.2.]) usesa statistical
approximationof the memoryaccesses;omputingthe cost,in cycles,of aread(ceaq) in the
following way:

Cread = CLlhit + (1 lehit) (CL2 + (1 pl-zhit) CM)

Wherep,,,, Isthemeasure@verageprobabilityto have a hit onthecachelevel I, ¢, isthe
costof acachehit onlevel | andcy isthecostof amemoryread.Thevaluesfor ¢ ;,, ,C 2, and
cv aredeterminedstaticallyby thelntel speci cations[50] while theglobalhit probabilitiesfor

the whole programare determinedempirically by measurement&seeSection4.3) performed
on severaltestrunsof theanalyzedapplication.

Possibleheuristics Evenif partialtraceevaluationdoesnot allow a precisedatacachesim-
ulation someheuristicassumptiongan help to reducethe cacheoverestimation.A points-to
analysiscould helpto identify the referencepointingto a singleobject. Thereferencegould
thebeassumedo generate cachehit if foundinsideloops.

Although morecomplex heuristicsandanalysesould improve the analyzerknowledgeof
theaccessedemory our simpleapproximatioris sufcient to estimatehe memoryeffectson
computatiorintensve applicationgseeChapters)..

Branch prediction

To estimateaheeffectsof branchpredictionwe usetheboundsonthe maximumnumberof basic
blockiterationscomputedvith the staticsemantia@analysigseeSection2.5.2. We considelthe
probabilityof a branchfrom ablock bto ablocks as:

maX(iter edge(b;s))
max(iter p)

pbranch(b;s) =

whereiter eqge(n;s) 1S the numberof timeswe will jump from bto s, anditer (b) is the number
of timesthat block b will be executed. Comparingthe expectedCPU behaior describedn
the documentatiorwith our predictedbranchdirectionwe can estimatehow often a branch
mispredictionwill occur
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Discussion

Our partial tracesimulatoris basedon a simpli ed modelof the Intel CPU andits accurag
could be improved by a completecycle precisePentiumPro simulator but to the bestof our
knowledgeno suchtool is availablein aform thatallowsits integrationin our WCET estimator

Although several aspectsas the instruction reorderingand the cachemodel are handled
in avery simpli ed way our simple modeldeliversresultsthat con rm the soundnessf the
approach(seeChapterb).

3.4.3 Long est path

Oncewe have the worst-caseaxecutiontime of eachinstructionwe can easily computethe
durationof a basicblock b asthe sumof the durationsof all theinstructions it contains:

X
WCET(b) :=  WCET(i)
i2b

Since,dueto pipelining, an instructionexecutioncould be spreadover the executionof two
basicblocks,we de ne the durationof a basicblock asthetime betweerthe beginning of the
executionof its rst instructionto the last clock tick beforethe beginning of the executionof
the rst instructionof the next block.

If tracesareextendedo nish onblock boundariegseeSection3.4.]) thelengthof ablock
Is simply the time resultingfrom the simulationof the block at the end of the trace(seeFig-
ure3.2.

To be ableto computethe longestpathfrom a methodsourceto the methodexit, we must
transformthe control- ow graphrepresentationemoving structuralcycles: For every loop we
remove thebackedgedrom ourrepresentatioandreplaceghemwith 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 asits worst-
caseexecutiontime). We obtainanacgyclic representationf the control- ow graphthatretains
informationaboutblock iterationsin the form of nodesweights. Note thatcyclesareremoved
from therepresentationnly, andthatwe do not performary loop unrolling on theactualcode.
Figure3.5shavsanexample: Theback-edg€4! 2) of theloop (Loop(2,3,4) )isremoved
andsubstitutedwvith a setof edgesto theloop's exit points(4! 5and4! 6). Theweights
w of the blocksare updatedaccordingto the maximumpossiblenumberof iterationsof each
block.

To nd outthelongestpathfrom theentryto theexit block of thegraphwhichis notafalse
paththereareessentiallytwo differentapproachesrhe rst onetransformshegraphin sucha
way thatfalsepathsareremovedfrom thegraph.An algorithmthatallows to do this ef ciently
for very large graphshasbeenpresentedby Blaauw PandaandDasin [8]. Thealgorithmwas
concevedfor the eld of digital circuit optimization wheretheencounteredraphsarefarmore
complex andbiggerthanthe onesthatmustbe dealtwith in computeprograms.

Thesecondandsimplerapproachs to computethek longeststructuralpathsin thegraph—
wherek is a userde ned parameterandthenchoosethe longestof thesepathsthatis not a
falsepath. An efcient algorithmfor nding the k longestpathsin a directedacgyclic graph
ef ciently hasbeenproposedy Yen,Du andGhantan [106 whichis ableto performthe path
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Figure3.5: Virtual loop unrolling: for eachblock we depictthe numberthenumberof possible
iterationsin bracletsandtheweightw.

enumerationn logarithmictime whenk is small. The problemof this algorithmis thatfor our

particularcase wherefalsepathsalsohave to be consideredthereis no sensiblevay to de ne

theparametek. Dependingntheparticularprograminstancebeinganalyzedit couldturnout
thatall k longestpathsarein factfalsepaths.In suchapathologicakasetheonly assertiorthat
canbemadeis thatthelongeston-falsepathis shorterthanthek-th longestpath,but theactual
longestpathis not known. Despitethis problem,the algorithmis ef cient andrelatively easy
to implement.Sinceprogramgraphsarerelatively small—thenumberof nodesin the graphis

rarelygreateithana coupleof hundredhodes—itis sufcient to write amodi ed versionof the
algorithmof thesecondapproachin suchawaythatnouserde ned parametek is neededthe
algorithmadaptvely increaseshefactork dependingon the presencef falsepaths).

Distanceto the exit node In a rst phasehealgorithmcomputeghelongestdistanced from
eachbasicblock to the control- ow graphsexit node. The nodesare processedn reverse
topologicalordercomputingthe maximumdistance(in time) to the exit node:

d(B) .= WCET(B)+ max (WCET(p))
p2pred(B)
For eachnodewe thensortthesuccessoraccordingo their distancdo theexit (in decreas-

ing order). In absencef falsepathsthe WCET correspondso the distancefrom the entryto
theexit node(d(entry)).

Path enumeration If thislongestpath(Pnax := hentry;by; b;:::; by; exiti) containsafalse
partiallinear path(seeSection2.3.5 we try to nd analternatve pathby choosinga different
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successofor onetheblocksh (seeFigure3.6). Sincethenumberof possiblepathsis exponen-
tial in thenumberof conditionalbranchnodesof the graph,the algorithmonly considergaths
thatarelongerthanathresholdvalueT.

P = Pmax
markall theblocksin P asvisited
if P doesnot containa falsepartiallinearpaththen
returnP
end if
T := jPj finitialize thethresholdvalugg
f backwardtracey
look backwardfor aly which hasanonvisitedsuccessor
while b existdo
K., isthenonvisitedsuccessoof by with the highestdistancefrom the exit node
if durationof thepathuptok’,; > T then
f forwardtracey
P is completedby choosinghe successoraith the highestdistancefrom the exit node

markkf,, asvisited
if P°doesnot containafalselinearpaththen
f updatethe currentlongestpathandthethreshold
P := PO
T := d(entry) alongP
endif
endif
f backwardtracey
look backwardfor aly which hasanonvisitedsuccessor
endwhile
if P doesnot containafalselinearpaththen
returnP
else
f all the pathsareinfeasible
return;
endif

Figure3.6: Findingthelongestnon-falsepath.

Method calls. Methodcallsarehandledby traversingthe call graphin depth- rst orderand
insertingthe maximumdurationof all the possiblecalleesat the correspondingall site.

3.4.4 Comple xity

Thelimited lengthof the userchoserpartialtracedengthlimits the numberof paths,andcon-
sequenththe numberof instructionsthatwe mustconsiderfor simulation.For a programwith
N instructions,B basicblocksanda partial tracelengthof n, our analysishasto simulatea
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maximumof I

no

02 2 Bn =0 2A%) B n =0(B)

o

steps.Where2 n is thenumberof blocksin atraceand2®= " =2 s the numberof partial
tracesto be simulated. Sincen (the length of a partial trace)and % (the averagenumberof
instructiongperbasicblock) areconstantthetotal runningtimeis in theasymptoticcasdinear.

The smallnumberof pathsis a consequencthat consideringpartial traces,insteadof real
programtraces,the time neededo simulatethe codedoesnot dependon the numberof loop
iterations,which normally contributesto the exponentialpathexplosionproblem,but depends
only onthe numberof conditionalbranchesn the code(a staticproperty).

3.5 Summary

In this chaptemwe presenteadne possiblebaclendfor our semanticVCET analyzer The dy-
namismof our ervironmentsuggestedis to approximatethe computationof the instruction
durationon the givenhardwareplatformusingsimulationsof shortprogramtracesnippets.

We have shavn on two differentplatforms(XO2 on PaverPC[21] andLinux on Pentium
Pro[22]) thatamixedapproachhatincludesheuristicinformationor thatapproximateshestate
of thevariousCPU componentgansafelyestimatehe WCET for soft-realtime processes.

The approximationgperformedby the hardware-larel analyzercanonly have a limited im-
pacton the total WCET estimationsincethe boundson cyclic structuresare safelycomputed
andaneventualover- oderunderestimatioms only dependentn the cachesandpipelinestalls
approximations.



Implementation

This chapterpresentsssuesrelatedto the chosensoftware and hardware platform: In partic-

ular we describethe challengeglerived by the choiceof a modernobject-orientedanguage
like Java (seeSection4.1) andtheimplementatiorof our analyzeraspartof a generalpurpose
natve-to-bytecodeompiler(seeSection4.2). Finally we describethe softwareandhardware

infrastructurene useto measurehe processoandsystemperformancendbehaior (seeSec-
tion 4.3).

4.1 The Javalanguage

The importanceof the Java languagen the real-timeis quickly growing [45]: despiteits ad-
vancedmemory managemenand high dynamism(with classloading and unloadingat run-
time), the Java languagehasa lot of characteristicshat make it a good choicefor embedded
andreal-timeprogramming. The languageas mary othermodernlanguagesoffers, for ex-
ample,an ervironmentwithout pointerarithmetic(thanksto enforcedstrongtyping) andwith
automaticarray index checks. Thesetwo featuresalone help the embeddedgrogrammerto
write safercodeandto enhancepredictability: the absenceof pointerarithmeticstronglyre-
ducesaliasingeffectsimproving theresultsof automaticanalyzers.

In the last yearsthreeproposaldor real-timeprogrammingwith the Java languageorigi-
natedfrom differentindustrygroups:the rst wasdraftedby Kelvin Nielsenfrom NewMonics
andthe National Institute for Standardsend Technology(NIST) [76, 1], the secondby Grey
Bollella from IBM and the J-Consortium(a group of companiedead by HP andincluding
NewMonics)[38] andthelastoneby a Java expertgroupchartereduinderthe Jasra community
procesdead by Sun,working on real-time Java extensions(this group also includedseveral
othercompaniessomeof theminvolvedin the J-Consortiumaswell).

Despitesomedifferencesn the proposals—sommdustriesvanteda heavily modi ed lan-
guagewith somead hoc constructdor hard-real-timgrogramswhile Suninsistedin keeping
the Java spirit anddid not wantary changen the languagatself—thethreegroupsmeigedin
1998andtheirjoint efforts resultedn a setof requirementsvhichled to the Real-Tme Speci -
cationfor Java(RTSJ)[11, 12].

This sectiongivesa shortoverview of thereal-timeJava speci cationsexplainingthe posi-
tion of our approachn respecto the currentdeploymentof Javain theembeddedvorld.
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4.1.1 Scheduling and event handling

The RTSJdoesnot specify a speci ¢ schedulingstratgy (althoughevery implementations
requiredto have atleastoneimplementatiorof areal-timeschedulerbut emphasizethe need
of timely executionof threads Eachimplementationrshouldalso provide a lock mechanism
implementatiorthat preventspriority inversionallowing a real-timesafesynchronizationThe
Java exceptionsmechanisnis alsoextendedto allow applicationgo programmaticallychange
the point of controlof anotherthread.

Therequiremenfor real-timeschedulingemphasizethe needof predictabilityof the real-
time Java process. This aspectplayeda centralrole in the J-Consortiumspeci cation drafts
(they containedstrict restrictionson the codeto make it analyzable)ut lostimportancen the

nal speci cations.

4.1.2 Memory management

The RTSJ provides several extensionsto the memory managemento overcomethe unpre-
dictablelatenciesof garbagecollectors.The RTSJintroduceghe concepbf memoryareasdif-
ferentiatingseveralallocation(anddeallocation)strateies. In additionto the classicalgarbage
collectedobjectsit is possibleto allocateimmortal objects(never removed) and to allocate
scopedbjects(their lifetime is de ned by a syntacticscope).

Immortal objectscan be safely usedby a real-timeapplicationsinceno external garbage
collectionmechanisnwill ever interruptthe execution,but on the otherhanda carefulof ine
analysidgs neededo ensurdhattheapplicationswill neverallocatemorememorythanavailable
(seeSection5.10.

4.1.3 Our approach

With this thesiswe wantto shav thatit is possibleto safelyapproximatdhe maximumtime a
soft-real-timeJava applicationneedsfor large real-timeapplicationgincluding soft-real-time
multimediaapplications). For this reasoninsteadof focusingon a reducedset of the Java
programmindanguagegr focusingonaspeci ¢ RTSJimplementationywe decidedo work on
unmodi ed single-threadedava code.

Wethereforgargetunrestrictedlara applicationeemphasizinghegeneralityof theanalysis
aswe wantto handlein additionof real-timeJava programswritten with timelinessin mind,
normalmultimediaapplications.

4.1.4 Multi-threading

The presenceof more than one threadof the sameapplicationon a preemptve systemhas
severalimplicationsfor aWCET analyzer

Firstof all thesemantic@analyzerseeChapter2) musttake into accounthatanotherthread
couldchangeobject elds atary time: As we consideronly local variablesfor ourloop bound-
ing analysis(seeSection2.4.2 this doesnot directly affect our algorithm(but an extensionof
it thatconsidersobject elds aspossibleloop control variableswould have to performescape
andaliasanalysedo ensurethe consisteng of thedata).
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Resourcdocking, on the otherhand,makesthe computatiorof onethreads WCET, in the
generalkcasejmpossible. Thetime a threadwould have to wait for a sharedresourcedoesnot
only dependn conditionsknown at compiletime, andthereforethe presencef locking makes
anautomatianalysisvery dif cult. Themaindifferencebetweerthelock analysisandtheloop
boundsgproblem whichalsosuffersfrom theundecidabilityof thehaltingproblem,is thatwhile
loopsfrequentlydependon local variables locks involve sharedresource®ftenrelatedto the
underlyingsystem. For this reasonour analyzerdoesnot supportlocking constructsout our
loop boundinganalysis,which doesnot considerobject elds for loop termination,is robust
with respecto multi-threading.

The presenceof multiple threads,on the other hand, doesnot affect the hardware-lesel
instructiondurationanalyzer(seeChapter3), which alreadyconsiderghe presencef preemp-
tion.

4.2 The compiler

Our WCET estimatoris embeddedisa modulein a generalpurposeresearchlava ahead-of-
time bytecodeo native compiler Thistight integrationallows usto take advantageof themary
analysisandoptimizationsthatarenot normallyemployedin a standalon&/CET analyzerbut
thatcangreatlyimprove theresults.

An exampleare the intermediaterepresentationn static single assignmenform [25] on
which we perform a classicalsetof optimizations(e.g., constantfolding, copy propagtion,
commonsubepressiorelimination)andtheadwancedcall graphreductionalgorithms(seeSec-
tion 2.8.1). Thesewhole-programanalysesalthoughnotdirectly relatedto thetiming analysis,
help on handto gatherpreciserinformationon the loop induction's variablesandon the other
handto reducethe setof possibletargetsfor eachmethodcall. As anexample,we wereable
to reducethe numberof unboundedoopsfrom 12% for the Linpack benchmarko 57% for
the JavaLayerapplication(seeSection5.2.1) by propagting andfolding constantonly. The
variabletypebasedanalysiswasableto reducethe averagenumberof targetspermethodcalls
by around5%.

The WCET analysisis performedas a last stepjust beforethe code generationphaseto
ensurethe consisteng of our analysiswith the producedcode(i.e., the control- ow andcall-
graphswill notbechanged).

4.2.1 Memory management

Our bytecode-to-nate compilerrelieson partsof the GNU Compilerfor the Java Program-

mingLanguaye[33] (version2.96)for theruntimesystem:namelymemoryallocation,garbage
collection,andthreadmanagementThe compileralsorelieson the Classpathibraries[ 34] for

theimplementatiorof thecoreJava classes.

We arethereforenot ableto analyzeJVM functionalitiesas memorymanagementr the
natve implementatiorof partof somecoreclassesCharacteristicef native methodgmemory
andWCET) mustbe consequentlynanuallyspeci ed with codeannotationgseeSection2.7).
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4.3 Hardware-le vel measurements

Preciseaneasurementsf theprocessousageby theanalyzedrocessearecrucial: ononehand
to determinghe exactdurationof a testrun andon the otherhandto have detailedinformation
onthebehaior of thedifferenthardwarecomponentso tunethe hardwarelevel estimator

4.3.1 On-chip performance monitoring units

Modernprocessorasthe MotorolaPowverPC the DEC Alpha, the Intel Pentium(from the Pro
versionon) andthe MIPS R10000have anon-chipperformancemonitoringunit thatis ableto

performcycle precisemeasurementsboutthe CPUbehaior. Examplesof themeasuredalues
are: clock cycles, stalls at the variouspipeline stages cachemissesand their penalties,and
branchpredictorperformanceThe performancanonitoringhardwarecanbe usuallyswitched
onandoff atarny time allowing very ne grainedmeasurements.

Performancanonitorswere not speci cally designedto help in programanalysisbut to
betterunderstangirocessoperformancend,dueto pipelining,theperformancenonitorevents
areusuallynot preciselyreportedat theright time. Eventscould be signaledsomecyclesafter
the eventhastakenplace[27]: atthetime we stopthe measurementsomeinstructionscould
be halfway in the pipelineandthey could be visible to certaineventsonly. As anexamplewe
can considerthe Intel PentiumPro Processqrwhich hasa buffer of 20 instructionsand two
levelsof branchprediction:whenthe measuringprocesss startedor stoppedtheeventsrelated
to theseinstructionscannotbe preciselyaccountedinceit is not known if they will bereally
executedor not (instructiongn thepipelineatagivenpointin time couldbelaterdiscardediue
to abranchmisprediction).For a given event,we canthereforgust keepsummarydataover a
large numberof instructionexecutions.

This meanghatin the generalcasethe gathereddatais sufcient to evaluatehow the pro-
cessoiperformsbut is too coarseto preciselyunderstandhe correlationbetweena particular
eventandtheinstructiongeneratingt.

In additionmary eventsarenotdisjoint, andthe performancenonitorsarenotusuallyable
to reporttheirintersection.Considere.g.,stallsin thedispatchunit of a PoverPC603e:seven
different stall typesare reported,but thereis no way to knov how mary apply to the same
instruction(up to four instructionsof six differenttypescould bein the dispatchqueuewhen
theeventis reported).

4.3.2 XO/2 measurements

The XO/2 system(seeSection3.2.]) runs on PaverPCprocessorsand speci cally, our tool
is usinga PoverPC604eon VME boardswith several megabytesof RAM (dependingon the
application).

ThePawverPC604eperformancenonitor[59, 86] offersfour 32 bit counterghatcanbeused
to monitor40 uniqueevents.For eachcounterit is possibleto simply countthe occurrencesf
giveneventor to decreasé¢he countereachtime the eventoccursandtriggeraninterruptwhen
the counterreachesero. The performancamonitoringis controlledwith a bit in the process
statugegister whichis processpeci ¢ andis savedacroscontet switchegi.e.,themonitoris
automaticallyswitchedon andoff whenthe processs schedulecaindsuspended)This feature
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helpsusto gatherdataonly onthetaskof interestandavoidsinterferencdrom otherprocesses.

Althoughtheinput-triggeringsolutionallows a safeusageof the counterssincethereis no
risk of over ow (232 eventscan quickly happenon a 200MHz machineand even fasteron a
2GHz machine) the additionof unnecessarinterruptswas not acceptabldor the XO/2 real-
time system.

Instead ,we checkthe valuesof the counterat eachscheduleiperiod storingthe measured
valuesin a perprocessstructure(the XO/2 schedulelis called often enoughto avoid counter
over ows). In this way onecountermustberelinquishedo measurehe clock cyclesbetween
eachpreemptiorpointleaving the otherthreecounterdreefor theactualmeasurement©nthe
otherhandthe bookkeepingoverheads minimal (i.e., we do notrequireadditionalinterrupts).

Sincethe XO/2 WCET analyzemeedsnformationon morethanthreedifferentevents(see
Section3.2.1) we have eitherto make several measurementuns, eachone with a different
setof events,or to alternatethe measurementduring the samerun and considerthe average
behaior only. The secondapproachdividesthe executionin segmentsand,for eachsegment,
we measurghreeof the neededevents. Thetool iteratesover thelist of neededeventsensuring
that eachoneis measuredhe sameamountof time. For eacheventwe computethe average
valuefor onesegmentandwe thenapproximatehe behaior on the programlevel of a certain
event,with theaveragevaluein themeasuredegments.

Both approachesieliver, with a negligible difference,the sameresults(real-timekernels
have a homogeneousisageof the CPU) and we thereforerequireonly one run reducingthe
compleity andthedurationof thetestphase.

4.3.3 Linux measurements on Intel Pentium processor s

From the PentiumPro family on, Intel Pentiumprocessorsnclude an on-chip performance
monitoring unit [7, 88] that allows the userto countspeci ¢ eventswith two 40 bit special
purposeregisters.

As for the PoverPC,we usethis facility to measurgover several passesjhe exact dura-
tion in cyclesof the program,the numberof cachemissesandtheir penaltiesandthe branch
predictorperformancef theanalyzedorocesses.

The Intel performanceamonitor doesnot have the possibility asthe PaverPCone,to mark
oneprocesdor monitoringbut only providesmechanismso startandstopthe countergegard-
lessof which processs running. For thisreasonwe modi ed theLinux scheduleto keeptrack
of therunningprocesseandonly measurghe processewe areinterestedn.

We thereforeperformedhefollowing changego the Linux 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 the processdescriptorstoringif the procesds currently
monitoredandthetemporaryaluesof the counterdetweercontect switches.

We createdh new specialdevice to performthe userandkernelspacecommunicatiorvia
theioctl mechanism.
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We includeda checkat every context switchto seeif the currentprocessnustbe moni-
tored,andwe includeda small event countbookkeepingroutinewhena monitoredpro-
cessis suspended.

We provide both the possibility to measurethe programbehaior with a separateool or to
instrumenthe codeto gather ne-graineddataon a permethodbasis.

In contrastto the XO/2 approachwherethe differenteventswheremeasuredn alternation
during one single testrun, the Linux measurementool automaticallyperformsseveral runs
avoiding to recon gurethe countersduring the test. Althoughthis solutionlengthenghetime
neededo analyzean applicationit allows usto minimize the requiredchangeso the kernel,
easingmaintenancend portability. In additionwe arealsoableto betterpro le applications
with anheterogeneoussageof the CPU sincemeasurementsf differenteventsarenot alter
natedduringonerun.

4.3.4 Discussion

Both the Pentiumandthe PoverPCmonitoringsystemsoffer a plethoraof eventsthancanbe
monitored,but theseunits were not speci cally designedo be usedto perform precisemea-
surementsndto clearlydescribehe performancédehaior (seeSection4.3.1).

This meanghatin bothcasegX0O/2 on PoverPCandLinux on Intel) we lacked the possi-
bility to gatherdataasthe stallsin the executionunits for the PonverPC,that could have been
very useful. We thereforehadto rely on approximationgo computethe processobehaior as
explainedin Sections3.2.1and3.4.2

Although on-chip performancanonitoringunits are generallybadly documentecgindthey
lack a standardizeadystemsupportthey have a generalutility in additionto their classicap-
plicationsaschip designdeluggingand high-endapplicationtuning. Both the XO/2 andthe
Linux hardware-level analyzershav thatthe measureghrocessobehaior cannotonly helpon
theanalyzerevaluation(seeSection5.1) but alsoonthe WCET estimation(seeChapter3).



Evaluation

Testingthe soundnes®f a WCET predictoris a tricky issuesince, for complex examples,
the real maximumexecutiontime is dif cult or evenimpossibleto measure.To comparethe
estimatedralueswith the measuredime we mustforcethe executionof thelongestpath,which

is not normally known. Anotheroptionto experimentallydeterminethe WCET would be to

measureheapplicationswith all thepossibledirectandindirectinputs. Thisapproachs clearly
impossiblefor the majority of the nontrivial cases.

Sincethe simulationof all the possibleexecutionsis not feasiblewe validateour tool by
comparingthe computerWCET estimationwith the measuredongestrunningtime for small
known syntheticapplicationsvherethereallongestpathis known or computableby hand(see
Section5.4). If thesetestsyield goodresultsandthe validity of the hardware-level analyzeris
con rmed, the WCET of largerapplicationsanbeestimatedut no directcomparisorwith the
real WCET is possible(seeSection5.5).

Section5.1presentshesoftwareandhardwareervironmentwe usedto evaluateour WCET
estimationsSection5.3describesheeffectsof thepartialabstracinterpretatiorpasgresented
in Section2.3. Sections5.4, 5.5 and 5.6 shav the estimationsof variousbenchmarksalong
with the improvementsdueto the introductionof semanticahnalysis.Section5.7 cateyorizes
the loopsaccordingto their possiblenumberof iterations. Section5.8 shavs the numberof
manualannotationsieededoy the loop boundemwhile Section5.9 describeghe effectiveness
of theautomatianlining (seeSection2.8.2. Section5.10describeghe resultsof a maximum
memoryallocationanalysis,andthe last sectionshows the resourcesieededoy our analyzer
andits impacton the compilationtime.

5.1 Testing environment

Oneof themostdif cult issuesn theimplementatiorof a WCET analyzeries in the evalua-
tion of the results. The outputof the semanticanalyzercan, for small programs pe analyzed
manuallyby carefully comparingthe sourcecodewith the computedboundson the numberof
iterationsfor eachbasicblock. Thistechniqueallowsto quickly identify problemsandto easily
establishadirectrelationshipbetweertheresultsandthe correspondingemanticstructures.

But on the other hand, the output of the hardware-level analyzer(i.e., the WCET itself)
capturesa global propertyandit is dif cult to relateaneventualover- or under estimationto
thecorrespondingartof theanalyzedorogram.

Totuneanddehlugthehardware-lerel estimatoduringthedevelopmentandto latervalidate
it, we includedthe possibilityto gatherthe sameinformationon the processobehaior thatwe
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canmeasuraisingthe on-chipperformancenonitor (seeSection4.3). In otherwords,boththe
hardware-level monitorandthe hardware-lesel estimatordeliver the samestatisticqe.g.,cycles
perinstruction,branchpredictionperformanceandmemoryrelatedpenalties).

5.1.1 Platform

All the measurements this chapterareperformedon a 1GHz Intel Pentiumlll machinewith

512MB of RAM runningour patchedversionof the Linux 2.4.22kernel(the patchesas de-
scribedin Section4.3.3allow thereadingandwriting of the on-chipperformanceountersand
keeptrack of the measurementsetweencontext switches).We usea multiprocessoPentium
IV 1.4GHzmachinewith 8GB of RAM for the compilationandthe hardware-level analysis.

5.2 Benchmarks

Thissectiondescribeshebenchmarkshatwe usetheevaluatethe WCET estimatiorperformed
by ourtool. We divide themin two groups:simplebenchmarksvherethe WCET is known and
measurablandsomebiggerapplicationbenchmarksvherea manualanalysisin infeasible.
5.2.1 Small synthetic kernels

BubbleSorion randomarrays[93)].

Division performsintegerdivisions.

Explntcomputeseveral exponentialintegrals[93].

JacobiperformsJacobisuccessie over-relaxationd SORS).

JanneCompleis theJaraversionof janne_complex fromtheUppsalaNCET bench-
markpackagean [93].

MatMult multiplies severalintegermatrices.
MatrixInversioninvertssereralinteger matrices.

Sieve is animplementatiorof Eratostenes sieve.

5.2.2 Application benchmarks

_201 compresss part of the SPECJVM Client 98 benchmarksuite[97]. It is anim-

plementatiorof the Lempel-Zv (LZW) compressioralgorithm[104]. It basically nds

commonsubstringsandreplaceghem, with a variablesize code. To make it bounded
in time, we removedthe le inputandoutputmechanismgwe compresgiKB of datain

memory).

Javalayer[5]] is a pureJava library thatdecodesconvertsandplaysMP3 les (in our
benchmarkve decodesomesampleMP3sto raw audiodata).
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Linpackis abenchmari29] containingvariouscodesrom theLinpacklibrary collection
which analyzesaandsolveslinearequationsandlinearleast-squaregroblems.

SciMark2.0[80] is acompositelavrabenchmarknmeasuringheperformancef numerical
kernelsoccurringin scienti ¢ and engineeringapplications(FFT, SOR, sparsematrix-
multiply, Monte Carlointegration,anddensd_U matrix factorization).

Whetstonds a benchmarl{24] intentionallywritten to measurecomputerperformance
anddesignedo simulate oating pointnumericalapplications.

5.3 Partial abstract interpretation

Partial abstractnterpretation(seeSection2.3) is effectivein two ways:it helpsto discoverfalse
pathsand,in somecasesreduceshepossiblevaluesavariablecanassumeatacertainprogram
location.

Table 5.1 shavs the numberof false pathsthat our estimatorwas able to discover for a
numberof benchmarkgrom the SPECJVM98 suiteandfor the JavaLayerdecoder(seeSec-
tion 5.5). Most of theseprogramsarenot boundin time anda completeWCET analysisis not
possible,but thesebenchmarkshawv that althoughwe considerlinear pathsonly, the partial
abstracinterpretatiorpasss ableto discover severalinfeasiblepathson realapplications.

Table5.1: Infeasiblepaths.

Benchmark Infeasiblepaths
_201 compress 2
202 jess 3
_205 raytrace 7
-209.db 2
_213javac 240
222 mpegaudio 19
228 jack 22
JavalLayer 238
Linpack 2
SciMark 0
Whetstone 0

In sometime-boundbenchmarksve discoreredsomeinfeasiblepathsthat are indeedthe
longestpathsin the program. Thesefalse pathswhenconsideredasvalid during the analysis
causesomeWCET overestimatior{in the caseof JavaLayerby 1%).

In additionto discover infeasiblepathsthe context sensitve computationof the rangeof
possiblevaluesof local variablesshaved to be usefulto help the loop bounderto determine
the maximumnumberof loop iterations. Table 5.2 shavs the numberof timesthe rangeof
valuesof avariablehelpedto computetheiterationboundonanotherwiseunboundedoop (see
Figure2.25for anexample). This numberincludesthe occurrencesvhenthelower (or upper)
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limit or the initial value of the loop's control variableare determinedby a rangeof possible
values.The secondcolumnlists thetotal numberof analyzedoops.

Table5.2: Partial abstracinterpretatiorresultsusedfor loop bounding.

Program Loop boundingimprovements  Loops(total)
dueto rangesf possiblevalues

_201 compress 1 17

JavalLayer 1 117

Linpack 8 24

SciMark 7 43

Whetstone 0 14

Theseresultsshowv the usefulnesf the introductory partial abstractinterpretationpass,
whichin additionto allow theuserto insertannotationsn acleanandsafeway (seeSection2.7)
alsoallows to increasehe numberof automaticallypoundedoops(seeSection5.6) andhelps
to reduceWCET overestimatiordueto infeasiblepaths.

5.4 Small synthetic kernels

For mary largeapplicationghe WCET is notknown andis, dueto the compleity of the code,
not manuallycomputable For theseexamplesit is thereforeimpossibleto enforcethe execu-
tion of thelongestpathandvalidateour estimation:.we cannot,n the JaraLayerexample craft
aspecialMP3inputwhichwill generatéhelongestrunningtime.

The bestway to validatesucha tool is thereforethe comparisonof the resultsfor small
known syntheticapplicationsvherethereallongesipathis knowvn or computabldoy hand(Bub-
bleSort,Division, Explint, JacobiJanneCompbe MatMult, MatrixInversion,andSieve).

Table 5.3 shows the resultsfor the small benchmarksithe rst two columnsidentify the
benchmarkshaving the numberof loops,while columnsthreeandfour shav the measurednd
estimatedVCET nally thelastcolumnshonvsthe WCET overestimation.

All the measurementwere executedon a standard_inux systemwith a smallload mini-
mizing theinterferenceeffectsof otherprograms.

Thesesmallsyntheticbenchmarkshaov the soundnessf the analysis:we never underesti-
matethe WCET andall theresultsarecloseto the measuredongestrunningtime.

5.5 Application benchmarks

After the validation of both the semanticand the hardware-lezel analyzeron small synthetic
benchmarksthis sectionpresentghe resultsobtainedwith biggerapplications.The challenge
in theevaluationof biggerapplicationss thattheactualWCET of theapplicationss notknown
andthatit is notpossibleto forcetheexecutionof the WCET atrun-timewith aspeciallycrafted
input.
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Table5.3: WCET estimationf smallkernels.

Measured Estimated

Program Loops Overestimation
[cycles] [cycles]
BubbleSort 4 9.1610° 1.5310Y 67%
Division 2 1.401¢° 1.5510° 10%
Explint 3 1.281¢ 2.381C° 86%
Jacobi 5 0.8810%° 1.0810' 22%
JanneComple 4 1.3910° 2.481C° 78%
MatMult 6 2.6710° 2.7310° 2%
MatrixInversion 11 1.4210° 1.551C¢ 10%
Sieve 4 1.2910°° 1.4010% 9%

In principle,thesereal-life programscould betestedusinga “black box” approachwith the
executiontime asresult.In this casetestingconsistof maximizingtheresultfunction,i.e., the
dynamicpathlength,varyingthe input dataandsubmissiortime [83, 73]. Unfortunately this
approachs notfeasiblewith realapplicationsvherethe amountof input datais huge.

We thereforecompareour estimatiorwith the highestrunningtime we obsenre over several
runs of the analyzedapplications(_201 compressJavaLayer Linpack, SciMark and Whet-
stone).

Table5.4 shaws for eachbenchmarkhe numberof classesmethodsandloops. Observed
corresponds$o the maximumobsenred runningtime (in cycles)while Estimateds our WCET
estimation.The WCET estimationis almostalways(with the exceptionof the SciMarkbench-
mark) relatively closeto the highestobsened runningtime con rming the soundnessf the
method.

The reasondor the WCET overestimatiorof the SciMark benchmarkis twofold: on one
handthe benchmarkusessereral mathematicafunctions(e.g., trigonometricfunctions)that
normally take lesstime thanin the worst caseandon the otherhandthe benchmarkcontains
triangularloops (i.e., the numberof iterationsof the innerloop is dependenbn the iteration
countof the outerloop). Our semanticanalyzertreatstriangularloops conseratively by as-
sumingthe samemaximalnumberof iterationsfor the innerloop at eachouterloop iteration
(seeSection2.4.5.

Table5.4: WCET estimations.

Obsered Estimated

Program Classes Methods Loops Overestimation
[cycles] [cycles]

_201.compress 13 43 17 7.2010° 1.0510% 46%

JavalLayer 63 202 117 6.0910° 1.18109 94%

Linpack 1 17 24 1.4010Y 2.7210'° 94%

SciMark 9 43 43 1.9110° 1.22104 538%

Whetstone 1 7 14 1.8610° 2.111¢° 13%
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5.5.1 Tuning and evaluation of the partial traces length

Thelengthof thepartialtraceswve simulateto estimatdhedurationof aninstructioni or ablock
(seeSection3.4) representthenumberof instructionsexecutedoeforei thatcouldin uenceits
duration(e.g.,by modifying the cacher by blockingthe pipeline).

Experimentshow thatafterathresholdncreasinghe partialtracedengthdoesnotchange
the WCET estimationary moresincethe additionalinstructionthataresimulatedarenot able
to in uence thedurationof theanalyzednstruction.

Figure5.1shavs the WCET overestimatiorof the 201 compresdenchmarkif thelength
of the partialtraceis sufciently long (100instruction)theresultof the hardware-level WCET
estimatoris stable.The samebehaior canbe obsenedby the otherbenchmarks.

50 T T T T T T T T T

30 | y

Overestimation

20 | -

0 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200

Figure5.1: In uence of the partialtracelength(n) on the overestimatiorof the 201 compress
benchmark.

5.6 Effects of semantic analysis

Structuralanalysisallows to propagtethe boundson the maximumnumberof iterationsof a
loop headerto all the loop's basicblocks, taking into accountdifferent pathfrequenciegsee
Section2.5). Table5.5 shavs the resultsfor somebenchmarksvherethis propagtionis able
to reducethe WCET overestimationThe rst columnrepresentshe maximumexecutiontime
thatwe wereableto obsenre (in cycles),while thesecondandthethird aretheestimatedVCET
usingthe conserative assumptiorthatthe headetboundsaresafefor thewholeloop (seeSec-
tion 2.4), andour enhancemerti.e., the ability to considerdifferentpathfrequenciesn aloop
body).

Threetests(_201 compressJavalLayer and Scimark)presentsomeimprovementover the
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Table5.5: Effectsof semantianalysis.

Program Maximumobsered Estimated Enhanced
[cycles] [cycles] [cycles]
_201.compress 7:2010° 4:2610% (59066%) 1:.0510 (45%)
Javalayer 6:09 1¢° 1:3510% (121%) 1:1810°  (94%)
Linpack 1:4010'° 2:7210% (94%) 2:7210° (94%)
SciMark 1:9110'° 1:82 10" (852%) 1:2210'* (538%)
Whetstone 1:86 10° 2111¢ (13%) 2:1110°  (13%)

basealgorithm that boundsthe numberof iterationsof basicblocks using the loop headers
only (seeSection2.5). 201 compresshavs a hugeimprovementsinceour algorithmis able

to detectthat a signi cant part of the compressomain loop is executedonly every 10'000

iterations. The small synthetickernelsshav no improvementsincetheir simplestructuredoes
not presentary differentpathfrequenciesnsideloop bodies.

5.7 Representation of ranges of iterations

Theintroductionof the setsof disjoint rangesasa commondatastructurefor boththe partial
abstractinterpretationandthe loop boundingpassallows us to easily handleloopswith non-
continuousrangesof possibleiterations(i.e., rangeswith holes). Table 5.6 shavs the number
of loopsthathave a constanhumberof iterations(i.e., the minimumandmaximumnumberof
iterationsoverlap). Thenumberof loopsthathave a noncontinuousetof iterationsis shovn in
thelastcolumn.

Table5.6: Loop headeliterationsrepresentation.

Program Loops(total) Rangerepresentation Noncontinuougsepresentation
sufces needed
BubbleSort 4 2 2
Division 2 2 0
Expint 3 3 0
Jacobi 5 5 0
JanneComple 4 2 0
MatMult 6 6 0
MatrixInversion 8 7 1
Sieve 4 3 0
_201 compress 17 3 1
JavalLayer 117 67 5
Linpack 24 8 1
SciMark 43 9 0
Whetstone 7 7 0

The presencef loopswith a noncontinuousetof possibleiterationsshavs thatour algo-
rithm is ableto handlecomplec cyclic structureskeepingtrack of all the possibleexecution
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scenariogandnotonly the bestandworstcase).

5.8 Annotations

The numberof manualannotationghat were neededto boundthe numberof iterationsfor
eachbasicblock areshawn in the third columnof Table5.7. Smalltests(i.e., smallscienti c
kernels)do notnormallyrequireannotationsvhile somebiggerapplicationsasJavaLayerneed
somemanualintervention.

Table5.7: Manualannotations.

Program Loops Annotations
BubbleSort 4 0
Division 2 0
Explint 3 0
Jacobi 5 0
JanneComple 4 2
MatMult 6 0
MatrixInversion 11 0
Sieve 4 1
_201 compress 17 10
JavalLayer 117 46
Linpack 24 19
SciMark 43 33
Whetstone 14 0

Themainreasons thattheseapplicationsvherenot designedconsideringiming concerns.
In the caseof JavaLayer 15 annotationsvhereneededo specifythatthe numberof sub-bands
is a constanandknown number Many otherloops,in the JavaLayerbenchmarkhave a con-
stantnumberof iterationswhich wasexpressedn anobject eld (seeTable2.2), hinderingthe
automaticanalysis.

5.9 Automatic inlining

Automaticinlining is performedwhenone or moreloops dependon methodparameterand
the codeof the methodis inlined to analyzeit in the caller context (seeSection2.8.2. The
adwantageof this operationis that,in mary casesthe analyzeris ableto nd the correctloop
iterationboundsn the callercontext (seeTable5.8).

5.10 Memory allocation

Onceall the basicblocksin the analyzedprogramhave a boundon the maximumnumber
of iterations,in additionto the computationof the WCET, it is also possibleto estimatethe
maximumallocatedmemory(assumingio garbagecollection).
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Table5.8: Methodinlining.

Program Annotations Inlined methods
_201 compress 10 5
JavalLayer 46 1
Linpack 19 7
SciMark 33 6
Whetstone 0 0

This is usefulfor real-timeapplicationsusingimmortal objects(seeSection4.1.2 where,
beforeschedulingthe systemmustbe ableto ensurehatit will have enoughfree memoryfor
theprocess.

The maximumamountof allocatedmemorycanbe computedby a completetraversalof
the call and control- ow graphswithout iterating over loops and recursve proceduressince
their maximumnumberof iterationsis alreadycomputedoy the semantidVCET analyzer(see
Chapter?).

Duringthetraversaltheanalyzercomputeghe maximumsumof all theobjectsallocatedon
the heapandthe maximumsizeof the stack. Our tool supportsa prototypicalimplementation
of a wort-casememory allocation analyzerwhich doesnot considerfalse pathsand usesa
simpli ed modelof thememorymanagemerntut neverthelesJable5.4 shavs someresultsfor
asmallsetof benchmarkgthe prototypeis notableto handleall thebenchmarks).

Table5.9: Memoryallocationestimation.

Benchmark Measured Estimated Overestimation

[KB] [KB] [KB]
Drystone 62567 62634 0.1%
Linpack 16 057 16 057 0%
Whetstone 0.822 0.822 14%

Although the analysisof the maximumamountof allocatedmemoryand the analysisof
theworst-casexecutiontime aresimilar onthesemantidevel (they bothrely onthemaximum
numberof basicblock executions}hey differ onthebaclend: runtimeenvironmentfor memory
andprocessoandsystenfor theinstructiondurationestimation.

The computatiorof the spacerequirementgor a givenobject(with aknown type)is solely
dependingon the runtime ervironmentand, in contrastto the instructionduration,is context
independent

Our prototypemakessomebasicassumptioraboutmemorymanagemerftom runtimesys-
tembut amorein-depthanalysisof GCJ's memoryallocationschemégseeSection4.2.1) would
berequiredfor theanalysisof morecomple« examples.
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5.11 Resources

Table5.10shawvs thetime neededo compilethe given benchmarksSizeLOC shaw the size

of the benchmarkin lines of code, Compilerepresentshe total time neededo compile the

application,Semantiaepresentshe part of the total compilationtime spentin the semantic
analyzemoduleandHW shavs thetime neededy the hardware-lerel analyzeito estimatehe

WCET.

Table5.10: WCET Analyzerresources.

Compile Semantic HW

Program Size(LOC) (s] [s] [s]

201 compress 574 12 3 6
JavalLayer 5816 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 andthe time
neededoy the hardware-larel analyzer(which includesscanningandparsingof the assembler
les) remainsmallandmanageablevenfor largetests.

5.12 Discussion

Our WCET estimatoris ableto deliver soundresultsfor a numberof smallandmedium-sized
Javaapplicationghanksto a precisesemantianalysisanda quick contet-sensitve hardware-
level analysisto estimatethe durationof the programs instructions.

The partial abstracinterpretatiorpassis ableto discover several falsepathsbut moresig-
ni cantly is ableto helpin thecomputatiorof the boundson thenumberof loopiterations.The
integrationof precisesemanticstructuralinformationin the boundingprocesf the numberof
possibleiterationsfor eachbasicblock allows to considerdifferentexecutionfrequenciedor
distinctpathsinsideloop bodies.

Thehardware-level analysishasedntheprincipleof locality is ableto estimateheduration
of eachinstructiondeterminingthe effectsof cachesand pipelinesin the right computational
context.
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Thecomputatiorof theworst-casexecutiontime of anapplicationis crucialfor real-timesys-
tems(wherethe WCET is neededor schedulabilityanalysis)anda usefultool for the analysis
of mary soft-real-timeandmultimediasystems.

Althoughthe problemof nding the WCET of a programis, in the generalcase undecid-
able, its importancemotivatedthe growth of several pragmaticapproacheso computetight
estimationof the WCET for a limited setof analyzedapplications A considerablemountof
relatedresearclexits in boththe eld of semanti@analysisandlow-level hardwareanalysigsee
Chaptenl) offering solutionsto severalpracticalapplicationdomains.

Thesetechniquedliffer on several aspects:Someapproachesomputea preciseandcon-
senative WCET for simpleanddeterministicsystemswhile otherallow someapproximations
(e.g.,in theinstructiondurationestimation}o be ableto handlelargerinputs.

This thesispresentsa setof analyseghatdo not rely on pathenumeratiorto estimatethe
WCET for fairly large Java applicationghatdo notincludeexplicit timing speci cations.

6.1 Summary and contrib utions

Thisthesisaddresseloththechallengesn thesemanti@andhardware-lesel analysesindmalkes
thefollowing contributions:

Semanticanalysis. The dissertatiorpresentsa setof analysego derive safeboundson the
maximumnumberof iterationfor eachsemantiaconstrucin theanalyzedprogram.

Wede ne afastpartialabstractnterpretatiorpassableto signi cantly reducethepossible
valuesof local variablesat given programpoints. This passableto discorer somefalse
paths.The abstracinterpretations limited to codesegmentsthatdo notincludecycles,
asaresultthecompleity of is linear

The producedsetsof possiblevaluesfor eachlocal variable are usedto increasethe
precisionof the loop bounderandto allow the userto easily manuallyspecify bounds
onthevaluesof loopinductionvariablegseeSection2.7).

We developeda loop iterationsboundingtechniquehattakesinto accountdifferentpath
frequenciesnsidealoop body, withoutthe needto performpathenumeration.

Theanalysiswhich operate®ntheloopsin isolationandis tightly integratedin the high-
level compilerstructurescooperatevith classicalcompileranalysedoth by usingtheir
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resultsandby providing usefulinformationon theloopsbehaior (onesimpleexampleis
thedetectionof deador in nite loops).

We analyzeunmodi ed Java programswithout posingrestrictionsto the semanticsof
the code (programsusing recursionare allowed but have to manually annotatedwith
the maximumrecursiondepth)and we reducethe size of the call graphby resolving
polymorphismat call sitesby a sophisticatedvhole-progranvariabletypebasedanalysis
(seeSection2.9).

Instruction duration analysis. In thisthesiswe describeatechniqueo approximatehedu-
ration of the variousassembleinstructionsin their executioncontext. The approachcanbe
adaptedto differentarchitectureswith a con gurable precision: the level of approximation
which is dependenon the lengthof the simulatedpartial traces(seeSection3.4) canbe spec-
I ed by theuser Thetechniquecanbe usedwith arny cycle-preciseCPU simulatorallowing a
high portability.

Thesimulationof shortprogramtracesbeforeandafteragiveninstructionhasshavnto bea
fastandeffective solutionto analyzethe durationof theinstructionsin their possibleexecution
contets. The whole analysisin performedin asymptoticallylinear time over the numberof
instructionsthatarepresenin the programsource(approachethatarebasedon simulationor
abstracinterpretatiordependon the otherhandfrom the numberof executednstructions).

Languageand platform. Althoughourimplementations Java (frontend)andintel (baclend)
speci ¢, the solutioncanbe appliedto a plethoraof languagesndplatforms.

Theloop boundingalgorithmandthepartialinterpretatiorpassarelanguagendependent
andwork directly on the SSA form of the compilerintermediaterepresentation.The

precisionof the analysisis however strongly in uenced by the chosenlanguage:the

presenceof pointer arithmetic(asin C or C++) could, becauseof aliasing problems,
stronglyreducetheamountof successfulljpoundedoops.

The partialtraceevaluationtechniques architecturandependentThe quality of there-

sultsdepend®nthefaithfulnesf thesimulatormodelto theactualhardwareimplemen-
tation,andon the predictabilityof the CPU. The effectsof preemptioron a nonpipelined
processowithout cachesareinherentlysmallerthanthe sameeffectson a modernCPU

asthe PonverPCor the Pentium.

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 bettermodelthe hardware architectureand nally on the analysis
of otherrestrictedresourcege.g.,memoryallocation).

Semanticanalysis. Althoughour semantianalyzetris ableto boundthe iterationsof alarge
numberof loopsseveralimprovementsare possible.We do not considerdependenceamong
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loopsandwe arenot ableto considerdoop boundsdependingon the value of an outerloop's
inductionvariable (e.g., triangularloops). This limitation is one of the major causesehind
the WCET overestimatiorof mary scienti ¢ applicationswheretheseloopsarecommon(the
WCET is overestimatedincewe consenratively considettriangularinnerloopsasrectangular).

A parametrizatiof thedatastructurege.g.,theintervalsholdingthenumberof iterations)
couldallow theanalyzerto keeptrackof the executionof aloop with dynamicboundsdepend-
ing onanouterloop. Parametrizatiortanalsobe broadlyappliedto awhole setof problemsas
loopsdependingn the methodgparameterspr ona programsinput[101].

Automatic recursiondepthboundingis anotherissuethat needsattentionand further re-
search.Themanualspeci cationof theboundscanbea dif cult andtedioustask:it requiresa
preciseknowledgeof the theoreticalimits of the analyzedalgorithmsandit's implementation
(recursioncouldinvolve alarge setof methods).Userscouldbene t from anautomaticanaly-
sis by reducingthe numberof manualannotationandthereforeby reducingthe possibility of
misleadinguserinterventions.

Hardware model. Our implementationrmakes useof a simpli ed processomodelfor the
cycle-preciseCPU simulator anda moreaccuratesimulationwould certainlyincreasehe pre-
cisionof theresults.The mainsourceof imprecisionhowever is not comingfrom theincorrect
modelingof the processobut from the impossibility to track datareferencesndthereforeto
properlyestimatethein uence of datacacheson memoryoperations.

The whole predictorwould bene t from the substitutionof the probabilisticcachemodel
usedby our predictor(seeSection3.4.2 by a contet sensitve datareferenceanalysisableto
computeor approximatehe stateof the datacaches.

Maximum allocatedmemory. Themostusualandobvioususeof theinformationonthe se-

manticsof the programcomputedoy the WCET estimatoris the estimationof the longestrun-

ning time of the application.Memory s, astime, anothedimited resourceandfuture research
to automaticallyestimatethe maximumamountof allocatedmemoryof processesvould be

bene cial to the stability of thereal-timesystemgseeSection5.10).

6.3 Concluding remarks

Many pragmaticsolutionsto the worst-casexecutiontime estimationrhave beenpresentecd-
dressingdifferentaspectsfrom preciseestimationof small hard-real-timeapplicationrunning
on predictableplatformto the estimatiorfor big applicationsusingprobabilisticmethods.

This thesisdescribesa completeset of analysesaddressingyoth the semanticaspectsas
well asthe analysison a given hardware platform, with the goalto deliver an approximation
of the WCET of fairly large soft-realtime applicationson a modernarchitecturesufcient for
practicalpurposes.

Ourwork shavs thatit is possibleto approximatehe WCET of soft-real-timeapplications
written with object-orientedanguagegJava in our case)on modernplatformswithout per
forming pathenumeration.The completeanalysistime is dependensolely on the numberof
instructionsor blockspresenin the codeandnot asin the caseof simulationon the numberof
executednstructions.
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