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ABSTRACT

Schedulingin hardreal-timesystemsequiresa priori knowvledge
of worst-caseexecutiontimes (WCET). Obtainingthe WCET of
a taskis a dif cult problem. Static timing analysistechniques
approachthis problemvia path analysis,pipeline simulationand
cachesimulationto derive safeWCET bounds.But suchanalysis
hastraditionally beenconstrainedo only small programsdue to
thecompleity of simulation,mostnotablythe compleity of static
cachesimulation,which requiresinter-procedurabnalysis.

This paperdescribesa novel approachof compositionalstatic
cachesimulationthat alleviatesthe compleity problem,thereby
making static timing analysisfeasiblefor much larger programs
thanin the past.Speci cally, aframework is contributedthatfacil-
itatesstaticcacheanalysisby splitting it into two steps,a module-
level analysisanda compositionaphasethusaddressingheissue
of compl«ity of inter-proceduralanalysisfor an entire program.
Themodule-leel analysisparameterizethe data- ow information
in termsof potentialevictions from cachedueto calls containing
conicting references.The compositionalanalysisstageusesthe
resultof the parameterizediata- ow for eachmodule. Thus,the
emphasifiereis onhandlingmostof thecompleity in themodule-
level analysisand performingaslittle analysisas possibleat the
compositionallevel. The experimentalresultsfor direct-mapped
instructioncacheshaw thatthe compositionabknalysisframevork
outperformsprior analysismethodsfor larger programsby oneto
two ordersof magnitude dependingon the referencefor compar
ison, while providing equallyaccuratepredictions.This novel ap-
proachto staticcacheanalysigorovidesa promisingsolutionto the
compleity problemin timing analysis,which, for the rst time,
malkesthe analysisof largerprogramdeasible.
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1. INTRODUCTION

Timely executionis of essencén real-timesystemsParticularly
in hardreal-timesystemsa violation of temporalconstraintamay
have irreparableeffects on the controlledsystemiits ervironment
or both. The theory of real-timesystemseasonsboutthe feasi-
blility of executingataskset,i.e., of ine schedulabilitytestsmay
determineif all deadlinesof a setof taskscanbe met. To obtain
suchguaranteedaskparameterfiave to be speci ed, suchasthe
periodof eachtaskandits worst-casexecutiontime (WCET). On
theoneside,theperiodis typically derivedfrom theoperatingervi-
ronmentsuchastemporalconstraint®n sensorandactuatorsOn
the otherside,determiningthe WCET is a non-triial taskdueto
software compleity, unknavn worst-casenputsfor even moder
ately complex computationatasksandhardware compleity with
unpredictablexecutionbehaior.

Experimentabpproachew determineghe WCET areeithercon-
sideredunsafeor constrainedo a probabilisticapproachj28, 4]. In
contraststaticanalysismethodshave beendevelopedto derive safe
WCET bounds. Suchstatic analysistools model hardware com-
ponentsge.g., the processopipelineandcachesandthey consider
thelongestcontrol- ow pathsthroughtheinter-proceduraprogram
representatioto obtainanupperboundonthenumberof cyclesfor
ary execution.Thecompleity of cycle-level simulationsfor entire
programscurrentlyrestrictsthe feasibility of analysistools, partic-
ularly that of static cacheanalysis,to small programs.Computa-
tionally comple inter-proceduralanalysisis neededo determine
cachingeffects, which dependon knowledgeof dataandinstruc-
tion references.

This paperpresentsa novel framework to perform worst-case
staticcacheanalysisfor direct-mappednstructioncachesInstead
of a singleintegratedinter-procedurabnalysisphase the new ap-
proachcombinesl) amodule-leel analysisand2) acompositional



step. By constrainingthe analysisto smallerunitsin the rst step
anddeferringcompositionto a secondstep,the complity prob-
lem of inter-procedurablnalysiss addressefbr anentireprogram.
Themodule-leel analysisparameterizethedata- ow information
in termsof potentialevictions from cachedueto calls containing
con icting references.The compositionalanalysisstageusesthe
resultof parameterizedata- ow for eachmodule. The objective

of this approacthis to constrainmostof the compleity to the mod-
ule level and, thereby enablea signi cant reductionin complex-

ity at the compositionallevel of the analysis. The experimental
resultsshav thatthe compositionakanalysisoutperformsthe inte-
gratedinter-procedurabpproacHor largerprogramsawhile provid-

ing equallyaccuratepredictions.

2. TRADITION AL STATIC CACHE ANAL-
YSIS

This sectionintroducesa traditional approachto static cache
analysis[20] beforemotivating the needfor a compositionalap-
proach.Staticcachesimulationis ananalysisechniqueperformed
by a tool to assesshe worst-casecachebehaior of memoryref-
erenceswithin a programat programanalysis(static)time. Static
cacheanalysisintegratesinto a setof tools, depictedin Figure1l,
that provide safeupperboundson the worst-caseexecutiontime
(WCET) of programs. Thesetools rangefrom a modi ed com-
piler that,besidesode emitsprograminformationfor theanalysis
phaseof our tools. The analyzedprogramsare assumedo have
know upperboundsfor eachloop, boundedrecursionwhile heap
allocationandindirectcallsshouldbeabsentThestaticcachesim-
ulatorclassi esreferenceito cateyoriesto capturetheircachebe-
havior. Thetiming analyzercombinescachecateyorizationswith
programinformationto simulatethe pipelineof anarchitectureand
considerexecutionthroughary possiblepathsin the control o w.
The detailsof pathanalysisandpipeline simulationcanbe found
elsavhere[2]. As aresultof our toolset,an upperboundfor the
WCET is provided, which is thenusedin real-timeschedulability
analysigo determindf atasksetis feasible,.e., if it is guaranteed
to meetall deadlinesge.g., with rate-monoton®r EDF scheduling

[16,17].
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Figure 1: Timing Toolsetw/ Static CacheAnalysis: (a) Tradi-
tional vs. (b) Compositional

The challengein performing static cacheanalysisis to repre-
sentpossiblecachestatedduring simulationassuccinctlyaspossi-

ble. Eventhoughtraditionalstaticcacheanalysis depictedin Fig-

ure 1(a), providesa cacheabstractiorfor storagepurposesit still

requiresconsiderablenemory spaceto perform inter-procedural
data- ow analysis. This resultsin both spaceandtime overhead
that hasmadethe analysisof even moderatelylarge codesinfea-
siblein practice. The objective of compositionakacheanalysisis

to overcomethe compleity barrierfor larger programswhile re-

taining the existing accurag of traditional cacheanalysis. In the
following, a brief overview of traditionalcacheanalysiss given.

Throughoutthe restof this paper the discussiors constrained
to theanalysisof instructioncachesDatacacheanalysisbasedon
data- ow techniquess believedto pro t in a similar mannerfrom
compositionabnalysissincethe compositionaimodelonly affects
thedata- ow frameavork, notthememoryreferenceateorizations
[29].

The objective of static cachesimulationis to cateyorize every
instructionreferencebefore actual programexecutionfor a spe-
ci ¢ cachecon guration. Thetraditionalapproacttonsistof three
phases:1) A control- ow graphfor the whole programis con-
structed.2) The graphis analyzedo determinethe programlines
thatcanpossiblybe cachedeforeenteringeachbasicblock of the
program.3) Thisinformationis usedto cateyorizeeachinstruction
reference.

Inter-procedural analysis: A function instancegraphis con-
structedfrom the control- ow graphof eachfunctionandthe call
graphof the program. This function instancegraphdistinguishes
calling contets asdistinctfunctioninstancesFor example,afunc-
tion f oo calledfrom mai n in two distinctbasicblocksresultsin
two instance®f f 00 in thefunctioninstancegraph.

Instruction Reference Categorization: An instructionrefer
enceis catgyorizedbasedon the abstractcachestate(seebelaw)
of the basicblock that containsthe instruction. For eachloop and
function nestinglevel, sucha cataory is derived per instruction
basedntheseterms:

Potentially cachedline: A programline canpotentiallybecached
beforeenteringa basicblock if thereexists a sequencef control-
o w suchthatthe line is cachedwhenthe basicblock is entered
alongthatcontrol- ow.

Abstract cachestate(ACS): An ACSof abasicblockin afunction
instanceis the subsetof all programlines that can potentially be
cachedbeforeenteringthatbasicblock.

Basedon thesede nitions and data- ow information obtained
for the functioninstancegraph,eachinstructionreferencds cate-
gorizedinto oneof thefollowing cateyories:

Always-Miss: An instructionis cateyorized as an always
missif it cannotbe guaranteedo be in cachefor that ref-
erence.An alwaysmissis predictedwhentheinstructionis
the rst referencedo aprogramline in thebasicblockandthe
programline is notin the ACS of thatbasicblock.

Always-Hit: An instructionis categyorizedasanalwayshit if
it is guaranteedo bein cachefor thatreference An always
hit is predictedwhen other instructionsin the basicblock
have alreadyaccessethe sameprogramline or the program
lineisin the ACS,andnoothercon icting programline isin
theACS.

First-Miss: An instructionis categyorizedasa r st missif
it cannotbe guaranteedo bein cachefor its rst reference
whentheloopis enteredbutit is guaranteetb be cachedor
all lateriterationsof thatloop.

First-Hit : An instructionis cateyorizedasa r sthit if it is
guaranteetb bein cachehe rst timeit is accessedhenthe



loop is entered put cannotbe guaranteedor lateriterations
of thatloop.

Thesecategyorizationshave beenformalizedin thepastandwere
demonstratedo yield tight and safe WCET boundsfor relatively
small programs[21]. Otherwork on WCET predictionincludes
differentdata- ow frameworks [7] andintegratedtiming analysis
frameaworks with cachemodels[18, 14], all of which reportedre-
sultsfor smallbenchmarkslueto analysisoverhead.

3. COMPOSITION AL CACHE ANALYSIS

To overcomethe complity barrier that currently constrains
traditional cacheanalysisto small programs,a compositionalap-
proachis proposedhatseparategiter-procedurablata- ow analy-
sisover thefunctioninstancegraphinto two stagesasdepictedin
Figure 1(b). The rst phase module-leel analysis,derives cate-
gorizationsfrom the control- ow informationfor a modulein iso-
lation. Traditionalstatic cachesimulationis slightly modi ed for
thistask. Sinceabsoluteaddressesf instructionreferencegreun-
known at this stage the cachebehaior is capturedn four analysis
scopesfor eachmodule. In a secondstage the absoluteaddress
information for eachmoduleis combinedwith the four analysis
scopeshy performinga limited inter-procedurabnalysisto derive

nal instructioncateyorizations.This approachmot only resultsin

signi cantly lessinter-procedurabnalysisoverheadduringmodule
composition,it evenreduceghe total overheadwhenconsidering
bothanalysisstagesomparedo thetraditionalapproactor larger
programs.

Assumptions: The compositionalapproachrequiresthe cache
con guration, suppliedcto bothanalysisstagesto beidentical. Fur-
thermoreworst-caseanalysisfor direct-mappedhstructioncaches
is supportedy the currentimplementation The designcanbe ex-
tendedto set-associate cachessimilar to previouswork [21]. Fi-
nally, eachmodule shouldbe alignedat cacheline size. This is
typically alreadyperformedby anal i gn directive emittedby the
compiler hencejt is arealisticconstraint.If not presentamodule
canbe augmentedy an alignmentdirective. Alignmentis not a
necessaryut rathera simplifying assumptiorto reducethe over-
headinvolvedin the module-leel analysis.This reducegshe mod-
ule analysisoverheadirom analysedor ary possiblealignment
to justoneanalysiswhere for RISC
architecturesind for CISCs.

3.1 Module-level Analysis

In the rst stagejnstructionsarecateyorizedonly onthemodule
level (assumingachdine sizealignment).At thislevel of analysis,
no informationis available aboutcalled modules,if ary, except
for the nameof the modules.Data- ow equationgor deriving the
abstractachestateareidenticalfor thetraditionalinter-procedural
approachandthe modularapproach However, two new statesare
introducedn the data- ow representation.

C: Within module-leel analysis,a must-con ict line is replacing
ary existing line in an abstractcachestate(ACS) prior to a
call in the ACS after the call if calls are consideredn the
analysis.

MC: Within compositionabnalysisamay-con ict line is replac-
ing a non-trivial subsetof linesin an exit ACS of a mod-
ule,i.e., whendueto conditionalexecutiondifferentprogram
linesmayberesidentin aspeci c cachdine.

In thefollowing, four analysisscopesredescribedwhich areper
formedon eachmodule. Eachscopediffersin its contet of ref-
erencesandthe resultingcacheeffectsfor loopsandcalls: Scope

one captureshe absenceof loop/calleecon icts, scopetwo cap-
turescon icts with calleesbut ignoresloop con ict, scope3 cap-
turesloop con icts but not con icts with callees,andscope4 en-
compassebothloop andcalleecon icts. Lateron, compositional
analysispicksthe correctscopeanalysigto lift intra-modulecache
analysisto the interproceduralevel. A sequencef examplesde-
scribeseachanalysisstepasit is performedor afunctionbar that
a) is calledby mai n andb) is calling f 0o, asdepictedin Figure
2. The dottedbacledgefrom the exit(s) of bar to its entryis op-
tional, asexplainedlater Theinstructioncacheis assumedo have
four cachdinesin theexample.The4-entryACS setsfor themod-
ulesin the gure arelistedin Table 1 for eachanalysisscope,as
discussedbelaw.

Module main Module bar Module foo
¢ b ¢
ACS at entry ACS at entry
Call bar Call foo ACS before call
ACva after call
ACS at exit

ACS at exit

' o \

Figure2: Flow Graphs for Module-level Analysis

Scopel: Analysis without backedge,ignoring calls: While
calculatingACS setshy solvingthe correspondinglata- ow equa-
tionsiteratively for amodule,it is assumedn this scopethata call
in a predecessdnlock will not affect the incomingabstractctache
statefor the basicblock. This is equivalentto assuminghat ev-
ery line presentin the ACS precedingthe call will be retainedin
cacheuntil afterthecall. Hence thecalleehasno con icting cache
line. As anexample,considemar in Figure2 withoutthe dashed
bacledgeandrecallthatcallsareignored. Let f oo containa ref-
erenceo programline 9 (withoutcon icts). TherelevantACSsets
for this rst scopeof modularanalysisaredepictedin column2 of
Table 1 andindicatethat programline 4 is cachedprior and after
thecalltof oo insidebar . Thecorrespondingraditionalanalysis
for the samecalling sequencdwithout bacledgefor bar ) would
resultin the ACS setsindicatedin the third andfourth column of
Table 1 for bar andf oo, respectiely. The compositionaktage,
detailedater, explainshow to derive the samestatesasin thetradi-
tional analysisfrom the modularanalysisscopesin this casescope
1.

Scope2: Analysiswithout backedge consideringcalls: In this
type of analysisijt is assumedhata call affectsthe ACS suchthat
thereis acon icting line broughtinto cacheby thecallee.In other
words,thecalleemodulecachests own linesandevicts cachdines
in the ACSof thecaller. Sincetheabsoluteaddressnformationfor
the lines of the called moduleis not knowvn during module-level
analysiswe indicatethis by a C (must-con ict) in the ACS,asde-

ned previously. ConsiderFigure2 without bacledgefor bar but
with thecall to f 0o. Letf oo containareferenceo programline
8 (con icting with programoine4). Table1 column5 indicatesa
must-conictas  in the ACS afterthe call, i.e., a must-con ict
for areferencanappingto cachdine 0. Column6 and7 indicatea
correspondingituationwheretraditionalanalysisevicts line 4 (at
entry)in f oo with line 8 (atexit), whichisin bar afterthecall. By
parameterizinghemodule-leel ACSwith amust-con ict,compo-
sitional analysisusesthis scope2 if a calleecontainsanevictorin
its exit state.

Scope3: Analysis with backedge,ignoring calls: In the fol-



Scopel Scope2 Scope3 Scoped
mod. | trad. | trad. || mod. | trad. | trad. || mod. | trad. | trad. mod. | trad. | trad.
ACS bar bar foo bar bar | foo bar bar foo bar bar | foo
atentry 4 , 6 4 , 6 4
beforecall 4 4 4 4 4 4 4 4
aftercall 4 4.9 8 4 4.9 8
at exit 4,9 6 4,9 6 8

Table 1: Abstract CacheStatesfor Analysis Scopes

lowing two scopes,the module-leel control- ow graphis aug-
mentedby bacledge(s)from exit(s) to the entry block. Sucha

virtual bacledgesimulatesthe effect on data- ow analysisif the

moduleis repeatedlycalledwithin aloop. Scope3 addsthis/these
bacledge(s)hut ignorescalls. Figure?2 illustratesthe bacledgeas
a dottededgein the control- ow graphof bar . Let f oo contain
a referenceo programline 9 (without con icts). Table 1 depicts
the ACS for module-leel analysisin Column8. At the rst call,

the ACSis theemptyset( ) while for consecutie calls, program
line 6 is cachedalongthe bacledgefrom thelastcall to bar . Line

4isin cacheprior andafterthecall to f 0o sincethis analysisdis-

regardscalls. Traditionalanalysisconsiderghis call, which brings
programline 9 into cache(Columns9 and10 of Table1). Thisad-

ditional cachingeffectis consideredn the compositionaktagefor

our novel analysisechnique.

In this analysis ACS setsof the exit blocksof the moduleprop-
agatealongthe addedbacledgeso the entryblock of the module.
Hence the categyorizationsfrom this analysisareobtainedwith the
sameeffectasif this moduleis beingcalledfrom aloopin another
module andthecontrolreturnsgto this modulefrom thecallingloop
for eachloop iterationexceptfor the rst iteration. Calls areig-
noredduringthis analysis.This simulatescallswithin this module
thatdo not have ary effect ontheincomingACS of the successors
of thecalling basicblock.

Scope4: Analysis with backedge, considering calls: This
scopealsoaddshacledgesrom exits to theentryblock. Addition-
ally, effectsof callsareconsideredTheobjective of thisscopeis to
simulatea moduleM beingcalledfrom aloop of anothemodule,
whereM hasitself a call that affectsthe ACS following this call.
Figure 2 illustratesthis situation,wherethe dottedbacledgeand
callsareconsideredLetf oo containareferenceo programline 8
(con icting with programline 4). Tablel further depictsthe ACS
effectsin Columns11 and12/13for modularandtraditionalanal-
ysis, respectiely. Dueto repeatectalls, line 6 may beretainedin
themodule-level analysisandline 4 is replacecy anotheiine due
to thecall to f 0o. Traditionalanalysisidenti es this replacement
asline 8. This effect is againcapturedby the compositionaktage
in ourapproach.

In addition to thesefour different types of analysisscopes,
module-leel analysisrecordsfor eachbasicblock the loop hum-
bersfor arny enclosingloop(s) andfor eachloop the setof basic
blockscontainedn theloop. Thisinformationis subsequentlysed
by the compositionabnalysisstage.

3.2 Compositional analysis

Compositionahnalysiss performedon anentireprogramwhen
the absoluteaddressnformationfor eachmoduleis available.

Initial predictedcategorizations: For eachinstructionof each
modulein the program,it is assumedhat the module-level cate-
gorizationsignoring calls aretheinitial cateyorizations.Theseare
optimisticcategorizationsn theabsencef temporalocality across
moduleboundariegdueto calls). Subsequentlynecessaradjust-
mentsareappliedto thesecateyorizationgduringthecompositional

stage.Two adjustmentsrenecessarjor eachline in eachmodule:

Adjustments asa caller: Whenabasicblock B hasapredecessor
P andP containsa call, thenthe ACSin block B is adjusted
basedn module-leel analysisconsideringcalls.

Adjustments asa callee: When a module M is being called
within aloop L of anothermodule,thenduring callsto M
within iterations , linesof M maystill becachedbut not
necessarilyduringthe rst iteration). Hence for thoselines,
adjustmentsare basedon module-leel analysiswith added
badkedg(s)

Bottom-up processing: The algorithmic detailsare described
in the following. In the compositionalanalysisstage,a limited
amountof analysisis donein orderto obtainthe inter-procedural
relationshipin termsof the cachedlines passedacrossthe mod-
ule boundariegluring callsandcall returns. The modulesarepro-
cessedstartingfrom the leaf modulein a call graphandgradually
traversingthe graphtoward theroot, i.e., the mai n function. The
algorithmfor bottom-upprocessingover basichlocksis givenin
Figure3.

The algorithm traversesmodulesin a bottom-uporder exactly
oncepermodule. Thecompleity of thealgorithmis

wherenfis thenumberof modulesnlf is themaximum
numberof loopsin ary onemodule,nbl is the maximumnumber
of basicblocksin arny oneloop andnpbis the maximumnumber
of predecessorsf a basicblock. Thus,the compleity of this al-
gorithm that captureshe inter-proceduralanalysisinformationis
constrainedn thatit doesnot re-analyzemodule-intrinsicdetails,
i.e., calleesneednot bereconsidereafter aninitial pass.The set
of programlines andcon icting programlines of a block arede-
notedasconflines andconf_prog lines, respectrely (see[23] for
details).

The algorithm determineshe lines of eachloop and a unique
loop header The mustexit_linesfor a module(line 47 of Fig. 3)
representinesthatare guaranteedto bein cachewhenthe control
of executionreturnsfrom the module. Conversely may.exit_lines
arelinesof amodulethatmightbepresentn thecacheon exit from
the module (but their presencecannotbe guaranteed)denotedas
MC (aMay-Con ict line, asde ned previously).

ConsiderFigure4. Whencontrol is transitionedto the module
get bi t, line 43 may or may not be cachedasan exit line. If a
block B in amoduledes callsget bi t , thenfor the successo
of blockB, it is necessaryo considethefactthat,whenthecontrol
returnsto S, line 43 of get bi t might bein the cacheto capture
the worst-casescenario.Hence this line is anMC line in the exit
ACSofgethit.

For eachbasicblock andfor eachsurroundingoop, bottom-up
processinggathersthe lines that mustbe in cachebeforeentering
the block (mustin_linesin Figure3) andalsothe lines that might
be in cache(mayin_lines). Line 15 of the algorithm shaws the
formulafor calculatingthe mustoutlinesfor a basicblock if the
block hasa call. All thelinesin the mustoutlines calculatedon



for (eachfunctionF)
if (isleatfunction all childrenprocessed) // for bottom-uporder
for (eachloopL in F)
/* Calculationdor in linesof eachblock of thisloop*/
for (eachblock B in theloopL)
inter.out= full set;

unionout=;
for (eachpredecessd? of B in loop L)
if (B!=L  loopheader)

if (bacledge(P-to-B))/ P-to-Bform aloopinsideL.
continue;/ Disregardthis predecessor

12: mustoutlines(P)=musin_lines(P)
confproglines(P) proglines(P);
if (iscaller(P))
functionC=P callee;
15: mustout lines(P)=musbutlines(P)
confproglines(C may.exit_lines)
proglines(C mustexit_lines);

inter.out=mustout lines(P) interout;
may.outlines(P)=mayin_lines(P)
confproglines(P) proglines(P);
if (iscaller(P))
functionC=P callee;
22: may.outlines(P)=mayoutlines(P)
confproglines(C mustexit_lines)
proglines(C may.exit_lines);

union.out=mayoutlines(P) unionout;

inter.out=mustin_lines(B);
union.out=mayin_lines(B);
/I Processindor block B complete

/* Adjustmentsappliedasacaller*/
31: for (eachblockB in L)
for (eachline | in B)
if (I con’ictswith somelinein in line(B))
for (eachinstructionin I)
normalcatgory = module-leel catconsideringall;

/* Calculationsof loopheaderndlineswithin thisloop */
®nd loopheadepf loopL;
lines(loopL) = cacheall thelinesof eachblock of thisloop;
if (loopL hascalls)
for (eachcallee)
lines(loopL) =lines(loopL) lines(callee);
/I Processindor loop L complete

/I calculatethe mustandmay exit_linesfor this function.
47: F mustexit_lines=full set;
F may.exit_lines= emptyset;
for (eachexit block E)
50: F mustexit_lines =mustin_lines(E)
confproglines(E) proglines(E);
F mayoutlines =may.in_lines(E)
confproglines(E) proglines(E);

Figure 3: Algorithm for Bottom-up Processing

line 12 that arein con ict with ary of the mayexit_lines of the
calleearesubtractedNote thatthe setmay exit_lines of the callee
is referencedhereto ensurehatthe setmustout linescalculateds
safeandaccurateThen,all thelinesin mustexit_linesof thecallee
areadded,becauseheselines mustbe in cachewhenthe control
returnsfrom the callee. Theformulaonline 22 similarly calculates
themayoutlines

As canbe seenfrom line 31 of this algorithm, this information
is usedto adjustthe categorizationsfor a modulewhenit actsas

Module getbit

Line 42 Block 1
Line 43 ¢

Block 2
Line 4

Block 3
Line 45

Block 4

Line 43 cached along orly? 4

Figure 4: Module with Two Pathsin Exit Lines

acaller Whena block hasa call to anothemmodule,its successor
block might have somelines of the calling moduleasits incoming
lines. In that case,the categorizationsfor thoselines of the suc-
cessorthat con ict with incominglines of the moduleneedto be
adjusted.Thisis doneusingthe module-leel analysisconsidering
calls. For adjustingthe cateyorizationswith addedbacledge(s)a
similar analysis(not describedn the gure) is performedfor each
functionandeachloop, but with anaddedcbacledgefrom eachexit
block to the entry block of the function. Thus, the adjustments
to the initial cateyorizationsrequiredfor a modulewhena mod-
ule actsas a caller are applied during bottom-upprocessing. It
is importantto understandherethattheseadjustmentill change
the categorizationsfrom anoverly optimisticto arealisticandsafe
(conserative) worst-casevalue.

A modulemayalternatvely represenacallee.In thatcasesome
lines of the modulemay still bein cachewhenthe o w of control
returnsto themoduleon every loop iteration,exceptfor stateprior
to the rst iteration. Thiswill causesubsequerttits for suchlines.
Theseadjustmentsare appliedduring the secondpasswheneach
instructionis categorizedw.r.t. eachioopit liesin andeachinstance
of themodule.Thisis achiezed by usinginformationof theincom-
ing linesfor eachcalling block of themoduleandalsotheadjusted
module-leel analysiswith addedbadedae(s) asexplainedin the
following.

Adjustments Inside Callees: During this secondand nal pass
of the compositionalanalysis,cateyorizationsof eachinstruction
might be adjusteddependingupon whetherthe moduleis called
by someothermoduleor not, algorithmicallydepictedn Figure5.
This algorithmis usedfor eachline in theprogram.

In thedowhile(); loop of this algorithm,we determinéf line | is
still in cachewhenthe controlreturnsto line | of the modulefrom
thecall within loop L. If so,theline will beahit, consequentlythe
catgyorizationsfrom the simulatedanalysiswith addedouterloops
is used.

In summarythenovel compositionabtaticcachecateyorizations
approachoperatesn two stageslin the rst stageanalysisis done
on module-leels without knowledgeof the absoluteaddressesf
the moduleandthoseof the calledmodules.In the secondstage,
atwo-passapproachis used.In the rst pass,nformationis gath-
eredin a bottom-upmanneraboutincoming lines for eachbasic
block andthe exit lines of eachmodule. Adjustmentdo theinitial



/I Algorithm appliedto a particularinstanceof amodule.

for (eachloop L with headeH theline | liesin)
I_in_con ict=FALSE;
calling block C = basicblock thatcontaing;
do
if (I conicts w/ ary linein
mustin_lines(C) may.in_lines(C))
|_in_con ict = TRUE;
break;
/I next, backtraceby walking up call chain:
C = callerblock of C for currentinstanceof module;
while(C  currentmodulé=H  currentmodule);

for (eachinstructioni of I)
if (!l_in_con ict)
i. nalcat = adjusteccatayorizationsobtained
from module-level analysiswith addedbacledges;
else
i. nalcat = adjusteccategorizationsobtainedfrom
from module-leel analysiswithoutaddedbacledges;

Figure5: Adjustments for Final Categorizations

catgyorizationswhenthe moduleactsasa callerareappliedin this
pass. In the secondpass,eachinstructionis cateyorizedfor each
loop level andeachinstanceof the module. Also, adjustmentsre
appliedwhenthe moduleactsasa callee. The compleity is kept
at modulelevel for the compositionalapproachj.e., noneof the
calleeshave to bere-evaluated.

4. EXAMPLE

Thefollowing exampleshawvs the differencein calculationsand
categyorizationsbetweenthe traditional and compositionalanaly-
sis schemes.The exampledepictedbelon hasa conditionalcall
to illustratethe effectsof alternatesxecutionpathson the analysis
schemes.

#i ncl ude<st di 0. h>
int a[] ={1,2,3,4,5,6,7,8,9, 10};

int value (int i) {
return a[i];

}
int main() {
int sum=0, i;
for(i=0; i<10; i++)
if(i)

sum += val ue(i);
return sum

}

The correspondingcontrol- ow graphis depictedin Figure 6.
The gure alsolists the cateyorizationsbasedon differentcalcu-
lations. In the calculationsline | indicatesaninvalid line. When
the analysisbegins, it is assumedhatall the lines of the ACS are
invalid lines. Also, anACSdenotedas[a b c d] indicatesthatpro-
gramline a is mappedto cacheline 0, line b is mappedto cache
line 1 etc. We considerthe ACS at the basicblock level. For each
basicblock, we provide i n andout setsindicatingthe ACS en-
teringandexiting the block. The cacheis assumedo containfour
lines.

value() Traditional W/o call ~ With call

Line 0 pushl %ebp Block 1 m m m
movl %esp, %ebp h h h
movl 8(%ebp), %eax h h h
o ______|Mmovia(%eaxd4), %eax | _____| h ___ h h
Line 1 leave fm, m m m
ret h h h
777777777777 main()
Line 2 push 9ebp _ Block 2 m m m
movl %esp, %ebp h h h
pushl %esi h h h
e noh
Line 3 andi$16, %esp m m m
xorl %esi, %esi B h h h
xorl %ebx, %ebx h h h
{
L _______|testl%ebx %ebxBlock3 ™\ m___m m
Line 4 jne .L11 fm, m fm, m fm, m
{
incl %ebx  Block 4 m h m
cmpl $9, %ebx h h h
777777777777 jle .L8 AN _hh h
Line 5 leal 8 (%ebp,r%es;ﬁ'oc’fs m m m
popl %ebx h h h
movl %esi, %eax h h h
o |poplokesi | JL.h _h h
Line 6 leave m m m
ret h h h
subl $12, %esp  Block 6 fm, m fm, m m
o _|pushigebx | ) "o h
Line 7 call value ¢ m m m
addl %eax, %esi Block 7 h h m
addl $16, %esp h h h
777777777777 mp.ls )/ n n h

Figure 6: Categorizations by Traditional vs. Module-level
Analysis for Always-hits (h), Always-misseqm), First-hits (fh)
and First-misses(fm).

TheACScalculationsn thetraditionalapproacharemadeusing
the inter-proceduraldata- ow analysis. In contrast,module-level
analysisis constrainedo only the control- ow graphof a module
atatime beforecompositionahnalysiscombinesmodule-leel re-
sults. For themai n function,the ACS calculationsareperformed
in two stages,1) ignoring calls and 2) consideringcalls suchthat
the ACSis invalidatedon return.

The differencesbetweenthe cateyorizationsobtainedat differ-

entstagedrom the two approachesaredepictedin Figure6. The
rst columnof catgorizationsis basedon calculationsin the tra-
ditional approach.Our ultimateaim is to achieve the exact same
catgorizationsusingthe nev method. The secondcolumnshavs
the cateyorizationscalculatedn the rst stepof the compositional
analysismethod,assuminghereareno callsin therrai n module.
A list of catgyorizationsa,b denoteghecachebehaior of theinner
nestandthe outernest,respectiely, wherea nestingrepresents.
loop (multiple iterations)or a functioninstanceg(oneiteration).

There are somedifferencesbetweenthe cateyorizationsof the

rst columnandthe secondcolumnsincethe call to val ue was



ignored. The possibledifferencesn calculationsdueto thecall to
val ue aretakeninto accountin the secondstepto obtainthe cat-
egorizationsshawvn in the third column. Comparingcolumnthree
with columnone,we noticethatall thecateyorizationsarethesame
or, if different,have the sameeffect. The differencesn the calcu-
lationsareasfollows:

1. The rst instructionin basicblock4 wasinitially categorized
asahi t bythecompositionamethod.Thei n andout sets
areshavn below.

Traditional analysis -
in4 =M4123 out4) =014 1 2 3
016 7] 167
Compositional analysis -
a) Ignoring calls -
ind) =041 23 out4d) =041 23
6 7] 6 7]
b) Considering calls -
ind) =41 23 out4) =104 1 23
cccr C7]

In the traditional approachthei n for basicblock 4 hasa
conict betweenline 4 (which containsbasicblock 4) and
line O (whichis in moduleval ue). Thus,it is cateyorized
asa miss. Thesamei n setis shavn for the compositional
analysiscalculations. Whenignoring calls, the con ict for
line 4 remainsunrecognizedincethe cacheeffect of thecall
to val ue is not considered.The catagyorizationis adjusted
by the algorithmin Fig. 5 sincethe con ict between0 and
4 is recognizedresultingin an always-miss,just asin the
traditionalapproach.

2. The rst instructionin basicblock 6 andthe fth instruction
in basicblock 1 shav differentcateyorizationsfor the two
typesof cacheanalysis.But the cateyorizationproducethe
sameeffect duringtiming analysissincea rst-miss for one
iteration (for functionval ue without a loop) is equivalent
to analways-miss.(This is anartifactof instructioncateyo-
rizations[21]).

5. EXPERIMENT AL FRAMEW ORK

This sectiondescribesthe experimentsperformedto measure
the performancemprovementof the nev compositionakpproach
over the traditional approachand the accurag of cateyorizations
predictedby the new approach.Five benchmarkgrom the C-Lab
real-timebenchmarlsuite[6] (adpcm ndes, cnt , nmandf ft)
andonebenchmarkmnul t i medi a audi o decoder - nmad)
from the MiBench[8] embeddedbenchmarlsuitewereused.

Timing Analysis: We modi ed the static timing analysistool
from [10], to malke it compatiblewith an architecturalsimulator
basedon the SimpleScalatoolset[1]. The statictiming anlaysis
tool takesprogram o w informationfrom a GCC with a Portable
InstructionSetArchitecture(PISA) baclend,which alsointerfaces
with the architecturalsimulator Both the architecturalsimulator
andthe timing analysistool usea pipeline modelwith six stages
(fetch, decode,issue, execute, memory and write back) featur
ing staticbranchprediction(Ball-Larusheuristic[3]). Both tools
take into accounta 8KB I-cacheanda constanimemorylateng of
100ns.

To calculatethe Worst-CaseExecution Cycles (WCEC), the
Real-timebenchmarkis compiledusingthe PISA-GCCcompiler
andthe control- ow informationobtainedis suppliedto the static
instruction cache simulator (which may use the traditional in-
tegrated approachor the compositionalapproach)to obtain the

cachingcategorizations. Thesecateyorizationsobtainedfor the I-
cacheareusedin thetiming analyzeito determineaccurateVCET
bounds.

Architectural Simulator: The architecturakimulatoris based
on the SimpleScalatoolset[1]. It supportsa simplesix-stagein-
orderprocessopipelinemodel. All the Real-timebenchmarksare
compiledwith the SimpleScalatGCC-basedompilerfor the Sim-
pleScalarlSA (PISA), a MIPS-like ISA [5]. The Architectural
Simulatorloadsactualbinariesand executesthemon the pipeline
model. The actualor obsered executiontimesfor the benchmarks
areobtainedrom thearchitecturakimulator

Experiment 1: Performanceimpr ovement: Staticcacheanal-
ysis is performedfor the six benchmarksusing the traditional
integratedapproachand the compositionalapproachfor various
cachecon gurations. Differentcachecon gurations are formed
by changingthe numberof cachelines (varying from 4 to 1024
in powersof 2) andthe sizeof eachcacheline (from 8 bytesto 64
bytes).Executiontimesof thetwo analysigproceduresrerecorded
andcompared.

Experiment 2: Comparison of WCEC: To determinethe ac-
curay of predictionsthe WCEC wasmeasuredor all the bench-
marksusingthetiming analyzerdiscussecarlier Dataon WCEC
were collectedfor cateyorizationspredictedby the traditional ap-
proachaswell asby the new approach.Subsequentjythe WCEC
obtainedusingthe two approachesvere compared.To obtainthe
control- ow analysisinformation,the benchmarksvere compiled
usinggcc for PISA.

Experiment 3: Comparison of WCEC with architectural
simulator: The WCECsfor thesix benchmarksvereobtainedus-
ing thetiming analyzerfor thevariouscachecon gurations(asde-
scribedin the previoussub-section)Thebenchmarksverealsoex-
ecutedon the architecturakimulatorto obtainthe executiontimes.
Thesenumberswere comparedto the WCEC obtainedfrom the
timing analysigool. Thebenchmarksvereexecutedor worst-case
inputdataonthe architecturakimulator(whenavailable).

6. EXPERIMENTAL RESULTS

In this section,the resultsfor eachof the threeexperimentsare
describedFirst, we reporttiming resultsfor the analysisoverhead.
Figure7 shavs timesrequiredby the traditionalapproachandthe
compositionabpproacHor acachdine sizeof 16 bytes.Thegraph
is shawvn for threeof the six benchmarksbecausehe patternsin
the resultsobtainedfor thesethreebenchmarksre representate
of thecompleteset.

1000

EMAD traditional
B MAD module
OMAD compositional

OADPCM traditional B MM traditional
BWADPCM module OMM module
B ADPCM compositional MM compositional

5
1
I

Normalized time
I

0.1 i

0.01 - =
4 64 1024 4 64 1024 4 64 1024

# of Cache lines

Figure 7: OverheadTraditional vs. Compositional



The rst setof ten barsdescribethe computationtimesfor the
mad benchmarkor 4, 16, 64, 256, 1024 cachelines respectiely.
The secondsetof ten barsrepresentshe adpcmbenchmarkand
the last setrepresentsrm The odd-numberedars (single bars)
shav the time taken by the traditional cacheanalysisapproach.
The even-numberedbars(stacled bars)shav the total time taken
by the compositionalanalysisapproachtaking both the modular
andthe compositionaktagesnto account.Thesebarsarestacled,
separatelyshaving the time taken for the moduleanalysis(lower
portionof bar)andthetime takenfor compositionalnalysigupper
portionof bar). Notethatif moduleanalysishadbeenperformedn
adwance,the only computationtimesthat shouldbe comparedare
thetraditionalandthecompositionaktagetimes.Also notethatthe
y-axisshavs alogarithmicscale.

mad is arelatively large benchmarlwith around9000instruc-
tions. It consistf around74 functionsandthe programstructure
involvescomplex loop andcontrol- ow constructsFor mad (Fig-
ure 7), a signi cant savings in computationtime is obsered for
all differentcachesizes.For a cachewith 1024lines, the new ap-
proachtakesa total of around350 secondsomparedo the 6600
second®f thetraditionalapproachresultingin savingsof anorder
of amagnitude.If only the compositionaktagetime is compared
to the traditional time, as expected,a signi cant improvementin
the compositionalapproachis obsered. For instance the tradi-
tional approachakesabout6600secondgor 1024linescompared
to only about45 seconddor the new approacha savings of two
ordersof magnitude Noticethata 16 bytescachdine sizerequires
moretime thana 32 byteline size.

Figure7 shavs thatfor adpcmthe total time for the two-stage
approachs smallerthanthatfor thetraditionalapproactor cache
linesrangingfrom 8 to 512. However, for a cachewith 1024lines,
the time for the modularstageexceedsthe traditionaltime caus-
ing the total time to be larger for the new approach.This is eas-
ily explainedsincethemodularstageperforms4 differentanalyses
on eachmodule,hence this overheadncreasewith larger cache
sizes.Absoluteanalysigimesare.1to 26 seconds.

Let uscompareraditionalcomputatiortime overheadwith just
thecompositionaktageoverheadupperportionof evenbars).For
adpcm the compositionabpproacttakeslesstime thanthe tradi-
tional approacHor all the cachecon gurations. Additional results
for adpcmalsoindicatethatfor largerprogramshe compositional
approachscalesslightly betterthan the traditional approach(see
[23] for details).For instancetheincreasen traditionaltime for a
changefrom 256to 512linesis abouttwice, whereaghe increase
for thecompositionatime is only aboutl.5times.

For nm(Figure7), thetotal time for the new approachs greater
thanthetraditionaltime for all cachecon gurations.mmis a small
benchmark(around130instructions).lts calling structureandthe
control structureare fairly simple. Hence,it doesnot provide
enoughopportunityfor the compositionakpproacho exploit ary
compleity in the programstructure. Even when comparingjust
traditionaltimesto the compositionaltimesfor fewer cachelines
(lessthan128), the traditionalapproactoutperformsthe new one.
Absoluteanalysigimesare.001to 3.4 seconds.

In summary resultsfor larger benchmarkgadpcmand mad)
shaw thatthecompositionabpproachevenwhenappliedjustonce
for all the modulesin a program,performsmuch betterthan the
traditional approach. This is signi cant becauset indicatesthat
for suchlarge programsthe new approactcanresultin savingsin
excessof anorderof magnituden computatiortime.

Next, we compareheresulting??CEC of thetwo analysiameth-
ods. For all benchmarkgexceptfor adpcmn) and for all cache
con gurationsrangingfrom 4 cachelinesto 512 cachelines, the

WCEC wereexactly the same.For adpcmandndes, theresults
of timing analysisaresummarizedn Tables2 and3, respectiely.

Numberof cache Traditional| Compositiona| %
lines WCEC WCEC changs
512 9,227,240 9,227,240 0
256 9,227,240, 9,227,240 0
128 18,590,441 18,590,441 0
64 23,751,141 23,651,041 | -0.42

Table2: Timing Analysis of Adpcm

For adpcm resultsfor a cachesize of 64 lines shaw a tighter
WCEC predictionby the nenv approach. This is the only differ-
enceobseredbetweenVCECfor thetwo approachedn thiscase,
thetraditionalapproactcateyorizesoneinstructionof adpc mpes-
simisticallyasanalways-missn aloop. Thenew approactpredicts
catgyoriesof thisinstructionmoreaccuratelyasa rst-miss. Thisis
dueto the analysisscopewheredata- ow is retainedboth consid-
ering andignoring bacledges. Comparingthe data- ow, onecan
detectthata con icting line is absentalongthe bacledge,which
indicatesa rst miss. Thetraditionalanalysisdoestake advantage
of suchinformationsinceit would be computationallyintensve,
albeit possible,to calculateit. The compositionalapproacHeads
to atighterandstill safeWCECboundusingthe compositionabp-
proach.lt is alsointerestingo notethatasadpc moccupiesaround
230programlinesin memory it entirely ts in cachewith 256and
512lines. l.e., oncea programline is broughtin cacheit will not
be evicted later Hence,the WCEC for thesetwo cachesizesare
the samefor this benchmark.

For ndes, ascanbe seenfrom the table,the estimatedVCECs
areexactly the samefor thetwo approaches.

Finally, we comparethe WCEC with cyclesreportedby Sim-
pleScalarfor a simulatedexecution underworst-caseinput. As
shawvn in the above section, WCECsfor the six benchmarksvere
obtainedusingthetiming analyzeifor thevariouscachecon gura-
tions. Thesenumberswerecomparedo the numberof cyclesob-
tainedfrom thearchitecturakimulatorfor the SimpleScalatoolset.
The benchmarksvere executedfor worst-casanput dataon the
simulator

Table4 shawvs the WCEC comparisorfor adirect-mappe@ache
with 64 linesandaline sizeof 16 bytes. For othercachecon gu-
rations,similar resultsareobsered. As alreadyillustratedby the
comparisorbetweertraditionalvs. compositionakacheanalysis,
by maintainingthe sameevel of accuray, differencesbetweerthe
predictedWCECsof our toolsetandthe obserned WCECsunder
SimpleScalarsuchasfor adpcmandndes, stemfrom datade-
pendenciesOur pathanalysisoperatest statictime andconsiders
combinationsof pathsthat, dueto infeasibledatavalue combina-
tions,cannotbeexecutedn sequenceThesenfeasibilitiesareonly
known atruntimeandcannotbe capturedby staticanalysigunless
manuallyspeci ed,whichis tedious).

The adpcm benchmarkhas several instructionswithin condi-
tional execution.Someof theseconstructsontainloopsor areem-
beddedn one.Thetiming analysiswill choosehelongestpaththat

Numberof cache Traditional Compositiona| %
lines WCEC WCEC changs

512 131,514 131,514 0

64 146,583 146,583 0

16 347,523 347,523 0

8 839,551 839,551 0

Table 3: Timing Analysis of Ndes



is foundfor everyiterationof theloops.In thearchitecturakimula-
tor, thelongestpathneednotbethepaththatis alwaystakeninside
theloopsresultingin adifferencebetweerthe WCECandobsened
numberof cycles(dueto datadependenciesincethe WCECal-

waysuseghelongestpath,it is a safeboundof the executiontime.

Similarly, thendes benchmarkasseveralinstructionswithin con-
ditional execution. Theseinstructionsmay not be executedin the
architecturakimulatorbut arealways consideredn timing analy-
sis sincethey contritute to the longestpath. The WCEC of mad

couldnot beobtaineddueto constraintof pathanalysiswithin the
timing analysistool, a problembeyond compositionaktaticcache
simulationthatwe arecurrentlyaddressing.

Benchmark PredictedVCEC| Obsered WCEC| Ratio
adpcm 23,740,141 17,549,967 | 1.35
ndes 146,298 95,147 1.54
fft 381,091 369,671 1.03
cnt 72,240 71,411 1.01

mm 2,037,588 2,034,313 1.01

Table 4: Predictedvs. Obseved WCEC

In summary the validity of the new approachs dependenbn
two metrics:

theimprovementn thecomputatiortimerequiredo perform
staticcacheanalysisand

theaccurag of thepredictedcateyorizations.

The compositionabpproackcertainlyleadsto a signi cant im-
provementin executiontime of staticcacheanalysis. It alsopro-
videsworst-casecateyorizationpredictionsat leastas accurateas
thoseprovided by the traditionalapproach.ln somecasesit pro-
videsmore accuratepredictionsthanthe traditionalapproachthat
arestill safe.

7. RELATED WORK

The purposeof staticcachesimulationis to boundthe WCET of
a program. BoundingWCET estimationss importantas schedu-
lability analysisfor hard real-time systemsrequiresthat WCETSs
be known in orderto ensurefeasibility of schedulinga task set
for a given schedulingpolicy, suchasrate-monoton@andearliest-
deadline- rstschedulind16].

Mary differentapproachesave beenusedto obtainthe WCET
for a program. The combineduse of the static cacheanalysis
(Arnold et al. [2]) and the static timing analysis(Healy et al.
[11]) provide fairly accurateWCET bounds. Our approachsplits
the staticcacheanalysisinto two stagesreusingthe resultsfrom
the rst (module-leel analysis)stagen the secondcompositional
analysis)stage thusaddressingheissueof computatioroverhead
of cacheanalysis.

Harmonet al. [9] describea retagetableframewvork for pre-
dicting executiontime that transformsmachine-lgel instructions
into a sequencef primitive operationswhich expressthe func-
tionality of eachinstructionin ne-grain detail. This framework,
alongwith Puschnegetal. [24] andPark [22], proposesdeasfor
timing analysisof unoptimizedprogramson simple CISC proces-
sors. Zhanget al. [31] introducean analyzablepipeline model
consideringthe effect of pipelinedexecutionon timing analysis.
Thecombinedramework of [2] and[11] describedabove takesin-
structioncacheeffectsinto account. Theseideasandthe WCET
analysisframework in [15] introducetiming analysisfor pipelined
RISCprocessorsli etal. [13] useanIntegerLinearProgramming

(ILP) formulationfor capturingstructuralfunctionality and cache
constraintsaandsolwe it to boundthe WCET. The ILP approachs

extendedto take cachetiming effects into account. Ravat [25],

Kim etal. [12], Li etal. [14] andWhite et al. [30] extendthe
corventionalstatictiming analysisto datacaches.

Someinstruction-level dynamictiming analysismethodsassume
the knowledge of an input set that would trigger the worst-case
path during the actualprogramexecution[28]. Finding suchan
input setcanbe a non-trivial probleminvolving very high compu-
tationalcompleity. Evenif suchaninput setis found, the actual
execution-timeeffectsof architecturafeatureontotiming analysis
might causea differentinput setto determineghe WCET.

The integratedpath and timing analysismethodin Lundqvist
et al. [19] combinesdynamiccacheanalysisand dynamictim-
ing analysisusing an instruction-leel cycle-accuratesimulation
technique. The cachestateat various pointsin the timing anal-
ysis is calculatedon the basisof the actual memory references
made.Theworst-casestateis obtainedby analyzingthecachestate
thatwill triggerworst-case@esponsdime in the remainingexecu-
tion sequence.Thus, the cachecalculationsare integratedin the
instruction-level simulation. Suchapproachesvould suffer a sig-
ni cant computationabverheadnvolvedin cachecalculationsor
fairly large programshatconsistof a large numberof possibleex-
ecutionpaths.

Veraet al. [27] describea techniqueof datacachelocking to
achieve predictableworst-caseexecutiontime for a programeven
whenthe executionervironmenthasdatacachesUnpredictability
in WCET estimationss eliminatedby locking thoseregionsin the
codethat cannotbe analyzedstatically Performancalegradation
possibledueto cacheockingis reducedoy loadingthe cachewith
datalikely to be accessedyut someoverheadprevails.

Fromthis review of prior work, it is evidentthatall theseideas
dealwith the problemof accuratelyestimatingWCET for a pro-
gramin the presencef architecturafeaturessuchasdataandin-
structioncachesand instructionpipelines. Our work is different
from theseasit focuseson the computationabverheadnvolvedin
staticcacheanalysis(performedseparatelyfrom timing analysis),
while preservinghe accuray of the predictedcateyorizations.

Rubinetal. [26] discusseapro le-analysisframeavork for data-
layoutoptimizations.It usesthe conceptof deriving adataobjects
trace to save the re-execution of programsto assesghe perfor
manceof a newly computeddatalayout. Eachentry in the data
objectstracecontainsa symbolicaddresaswell asa uniqueiden-
ti er of thereferencedlataobject. To evaluateacandidatelatalay-
out, eachdataobjectis assignedts nev memorylocationobtained
from thelayout. Then,theoriginal datatraceis simulatedusingthe
data objectstrace andthe nev memoryaddresseto measurehe
new memorybehaior. Thus,the dataobjectstraceparameterizes
the actualmemoryaddresgrace,makingits reusepossible.Since
the data objectstraceis address-independerit,can be reusedn
thenew memorylayoutevaluation.In this way, theideaof address
parameterizatioris utilized here, but it addresseshe orthogonal
problemof optimizing datalayout. Our work also parameterizes
the data- ow informationobtainedin the rst stage(module-level
analysisastheabsoluteaddressnformationis notavailableduring
this stage,andtheinter-procedurabnalysison modulesbelonging
to a programcan be performedirrespectie of the actualabsolute
addressethemodulesaremappedo.

8. CONCLUSION

This papercontributesan approacho reducethe computational
overheadinvolved in obtaining cachehit/miss information from
staticcachesimulationfor direct-mappednstructioncaches.Cat-



egorizationsobtainedin module-leel analysisarereusedn com-
positionalanalysiswhich performsthe necessarynter-procedural
analysisandderivesthe nal cateyorizations. Thus,for ary con-
crete cachecon guration and for ary module, the module-level
analysisis performedonly once. The compositionalstagereuses
suchanalysisfor any programcontainingpre-analyzednodules.

The experimentalresultsshav thatthe compositionalapproach
outperformghetraditionalapproactby oneto two ordersof magni-
tudefor largecachesizesandlargerbenchmarkskor smallercache
sizesandsmallerprogramsthe computationabverheads compa-
rableto thetraditionalapproachThe compositionabpproachalso
gives predictionsas accurateas the traditional static cachesimu-
lation approach.This was evident from the worst-casesxecution
cyclesobtainedfor the benchmarkdgor the two approachesThis
work provides an ef cient way for analyzingdirect-mappedn-
structioncachesstatically especiallyfor large cachesizesandfor
programswith comple loop structuresaswell ascomple calling
structures.
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