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ABSTRACT
Schedulingin hardreal-timesystemsrequiresa priori knowledge
of worst-caseexecutiontimes (WCET). Obtainingthe WCET of
a task is a dif�cult problem. Static timing analysistechniques
approachthis problemvia path analysis,pipelinesimulationand
cachesimulationto derive safeWCET bounds.But suchanalysis
hastraditionally beenconstrainedto only small programsdue to
thecomplexity of simulation,mostnotablythecomplexity of static
cachesimulation,which requiresinter-proceduralanalysis.

This paperdescribesa novel approachof compositionalstatic
cachesimulationthat alleviatesthe complexity problem,thereby
making static timing analysisfeasiblefor much larger programs
thanin thepast.Speci�cally, a framework is contributedthatfacil-
itatesstaticcacheanalysisby splitting it into two steps,a module-
level analysisanda compositionalphase,thusaddressingtheissue
of complexity of inter-proceduralanalysisfor an entireprogram.
Themodule-level analysisparameterizesthedata-�ow information
in termsof potentialevictions from cachedueto calls containing
con�icting references.The compositionalanalysisstageusesthe
resultof the parameterizeddata-�ow for eachmodule. Thus, the
emphasishereis onhandlingmostof thecomplexity in themodule-
level analysisandperformingas little analysisaspossibleat the
compositionallevel. The experimentalresultsfor direct-mapped
instructioncachesshow thatthecompositionalanalysisframework
outperformsprior analysismethodsfor largerprogramsby oneto
two ordersof magnitude,dependingon the referencefor compar-
ison,while providing equallyaccuratepredictions.This novel ap-
proachto staticcacheanalysisprovidesa promisingsolutionto the
complexity problemin timing analysis,which, for the �rst time,
makestheanalysisof largerprogramsfeasible.
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1. INTRODUCTION
Timely executionis of essencein real-timesystems.Particularly

in hardreal-timesystems,a violation of temporalconstraintsmay
have irreparableeffectson the controlledsystem,its environment
or both. The theoryof real-timesystemsreasonsaboutthe feasi-
blility of executinga taskset,i.e., of�ine schedulabilitytestsmay
determineif all deadlinesof a setof taskscanbe met. To obtain
suchguarantees,taskparametershave to bespeci�ed, suchasthe
periodof eachtaskandits worst-caseexecutiontime (WCET).On
theoneside,theperiodis typically derivedfrom theoperatingenvi-
ronment,suchastemporalconstraintsonsensorsandactuators.On
the otherside,determiningthe WCET is a non-trivial taskdueto
softwarecomplexity, unknown worst-caseinputsfor even moder-
atelycomplex computationaltasksandhardwarecomplexity with
unpredictableexecutionbehavior.

Experimentalapproachesto determinetheWCETareeithercon-
sideredunsafeor constrainedto aprobabilisticapproach[28, 4]. In
contrast,staticanalysismethodshavebeendevelopedto derivesafe
WCET bounds. Suchstatic analysistools model hardware com-
ponents,e.g., theprocessorpipelineandcaches,andthey consider
thelongestcontrol-�ow pathsthroughtheinter-proceduralprogram
representationto obtainanupperboundonthenumberof cyclesfor
any execution.Thecomplexity of cycle-level simulationsfor entire
programscurrentlyrestrictsthefeasibility of analysistools,partic-
ularly that of staticcacheanalysis,to small programs.Computa-
tionally complex inter-proceduralanalysisis neededto determine
cachingeffects,which dependon knowledgeof dataandinstruc-
tion references.

This paperpresentsa novel framework to perform worst-case
staticcacheanalysisfor direct-mappedinstructioncaches.Instead
of a singleintegratedinter-proceduralanalysisphase,thenew ap-
proachcombines1) amodule-level analysisand2) acompositional



step. By constrainingtheanalysisto smallerunits in the �rst step
anddeferringcompositionto a secondstep,the complexity prob-
lemof inter-proceduralanalysisis addressedfor anentireprogram.
Themodule-level analysisparameterizesthedata-�ow information
in termsof potentialevictions from cachedueto calls containing
con�icting references.The compositionalanalysisstageusesthe
resultof parameterizeddata-�ow for eachmodule. The objective
of this approachis to constrainmostof thecomplexity to themod-
ule level and, thereby, enablea signi�cant reductionin complex-
ity at the compositionallevel of the analysis. The experimental
resultsshow that thecompositionalanalysisoutperformsthe inte-
gratedinter-proceduralapproachfor largerprogramswhile 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 ananalysistechniqueperformed
by a tool to assessthe worst-casecachebehavior of memoryref-
erenceswithin a programat programanalysis(static)time. Static
cacheanalysisintegratesinto a setof tools, depictedin Figure1,
that provide safeupperboundson the worst-caseexecutiontime
(WCET) of programs. Thesetools rangefrom a modi�ed com-
piler that,besidescode,emitsprograminformationfor theanalysis
phasesof our tools. The analyzedprogramsareassumedto have
know upperboundsfor eachloop, boundedrecursionwhile heap
allocationandindirectcallsshouldbeabsent.Thestaticcachesim-
ulatorclassi�esreferencesinto categoriesto capturetheircachebe-
havior. The timing analyzercombinescachecategorizationswith
programinformationto simulatethepipelineof anarchitectureand
considerexecutionthroughany possiblepathsin thecontrol �o w.
The detailsof pathanalysisandpipelinesimulationcanbe found
elsewhere[2]. As a resultof our toolset,an upperboundfor the
WCET is provided,which is thenusedin real-timeschedulability
analysisto determineif a tasksetis feasible,i.e., if it is guaranteed
to meetall deadlines,e.g., with rate-monotoneor EDF scheduling
[16, 17].
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Figure 1: Timing Toolsetw/ Static CacheAnalysis: (a) Tradi-
tional vs. (b) Compositional

The challengein performingstatic cacheanalysisis to repre-
sentpossiblecachestatesduringsimulationassuccinctlyaspossi-

ble. Eventhoughtraditionalstaticcacheanalysis,depictedin Fig-
ure1(a),providesa cacheabstractionfor storagepurposes,it still
requiresconsiderablememoryspaceto perform inter-procedural
data-�ow analysis. This resultsin both spaceandtime overhead
that hasmadethe analysisof even moderatelylarge codesinfea-
sible in practice.Theobjective of compositionalcacheanalysisis
to overcomethe complexity barrier for larger programswhile re-
taining the existing accuracy of traditionalcacheanalysis. In the
following, a brief overview of traditionalcacheanalysisis given.

Throughoutthe restof this paper, the discussionis constrained
to theanalysisof instructioncaches.Datacacheanalysisbasedon
data-�ow techniquesis believedto pro�t in a similar mannerfrom
compositionalanalysissincethecompositionalmodelonly affects
thedata-�ow framework,notthememoryreferencecategorizations
[29].

The objective of static cachesimulationis to categorize every
instruction referencebeforeactualprogramexecution for a spe-
ci�c cachecon�guration.Thetraditionalapproachconsistsof three
phases:1) A control-�ow graph for the whole programis con-
structed.2) Thegraphis analyzedto determinetheprogramlines
thatcanpossiblybecachedbeforeenteringeachbasicblock of the
program.3) This informationis usedto categorizeeachinstruction
reference.

Inter -procedural analysis: A function instancegraphis con-
structedfrom thecontrol-�ow graphof eachfunctionandthecall
graphof the program. This function instancegraphdistinguishes
callingcontextsasdistinctfunctioninstances.For example,afunc-
tion foo calledfrom main in two distinctbasicblocksresultsin
two instancesof foo in thefunctioninstancegraph.

Instruction ReferenceCategorization: An instruction refer-
enceis categorizedbasedon the abstractcachestate(seebelow)
of thebasicblock thatcontainsthe instruction.For eachloop and
function nestinglevel, sucha category is derived per instruction
basedon theseterms:
Potentially cachedline: A programline canpotentiallybecached
beforeenteringa basicblock if thereexistsa sequenceof control-
�o w suchthat the line is cachedwhenthe basicblock is entered
alongthatcontrol-�ow.
Abstract cachestate(ACS): An ACSof abasicblockin afunction
instanceis the subsetof all programlines that canpotentiallybe
cachedbeforeenteringthatbasicblock.

Basedon thesede�nitions anddata-�ow informationobtained
for the function instancegraph,eachinstructionreferenceis cate-
gorizedinto oneof thefollowing categories:

� Always-Miss: An instruction is categorizedas an always
missif it cannotbe guaranteedto be in cachefor that ref-
erence.An alwaysmissis predictedwhenthe instructionis
the�rst referenceto aprogramline in thebasicblockandthe
programline is not in theACSof thatbasicblock.

� Always-Hit : An instructionis categorizedasanalwayshit if
it is guaranteedto bein cachefor that reference.An always
hit is predictedwhen other instructionsin the basicblock
have alreadyaccessedthesameprogramline or theprogram
line is in theACS,andnoothercon�icting programline is in
theACS.

� First-Miss: An instructionis categorizedas a �r st missif
it cannotbe guaranteedto be in cachefor its �rst reference
whentheloop is entered,but it is guaranteedto becachedfor
all lateriterationsof thatloop.

� First-Hit : An instructionis categorizedasa �r st hit if it is
guaranteedto bein cachethe�rst timeit isaccessedwhenthe



loop is entered,but cannotbeguaranteedfor later iterations
of thatloop.

Thesecategorizationshavebeenformalizedin thepastandwere
demonstratedto yield tight andsafeWCET boundsfor relatively
small programs[21]. Other work on WCET predictionincludes
differentdata-�ow frameworks [7] andintegratedtiming analysis
frameworks with cachemodels[18, 14], all of which reportedre-
sultsfor smallbenchmarksdueto analysisoverhead.

3. COMPOSITION AL CACHE ANALYSIS
To overcomethe complexity barrier that currently constrains

traditionalcacheanalysisto small programs,a compositionalap-
proachis proposedthatseparatesinter-proceduraldata-�ow analy-
sisover thefunction instancegraphinto two stages,asdepictedin
Figure1(b). The �rst phase,module-level analysis,derivescate-
gorizationsfrom thecontrol-�ow informationfor a modulein iso-
lation. Traditionalstaticcachesimulationis slightly modi�ed for
this task.Sinceabsoluteaddressesof instructionreferencesareun-
known at this stage,thecachebehavior is capturedin four analysis
scopesfor eachmodule. In a secondstage,the absoluteaddress
information for eachmodule is combinedwith the four analysis
scopesby performinga limited inter-proceduralanalysisto derive
�nal instructioncategorizations.This approachnot only resultsin
signi�cantly lessinter-proceduralanalysisoverheadduringmodule
composition,it even reducesthe total overheadwhenconsidering
bothanalysisstagescomparedto thetraditionalapproachfor larger
programs.

Assumptions: The compositionalapproachrequiresthe cache
con�guration,suppliedto bothanalysisstages,to beidentical.Fur-
thermore,worst-caseanalysisfor direct-mappedinstructioncaches
is supportedby thecurrentimplementation.Thedesigncanbeex-
tendedto set-associative cachessimilar to previouswork [21]. Fi-
nally, eachmoduleshouldbe alignedat cacheline size. This is
typically alreadyperformedby analign directive emittedby the
compiler, hence,it is a realisticconstraint.If notpresent,a module
canbe augmentedby an alignmentdirective. Alignment is not a
necessarybut rathera simplifying assumptionto reducethe over-
headinvolvedin themodule-level analysis.This reducesthemod-
ule analysisoverheadfrom � analysesfor any possiblealignment
to just oneanalysis,where ��� � �����
	���
������������������ � ��� for RISC
architecturesand ��� � ���! "�
�#
����$�%�����&����� � ��� for CISCs.

3.1 Module­level Analysis
In the�rst stage,instructionsarecategorizedonly onthemodule

level (assumingcacheline sizealignment).At thislevel of analysis,
no information is available aboutcalled modules,if any, except
for thenameof themodules.Data-�ow equationsfor deriving the
abstractcachestateareidenticalfor thetraditionalinter-procedural
approachandthemodularapproach.However, two new statesare
introducedin thedata-�ow representation.

C: Within module-level analysis,a must-con�ict line is replacing
any existing line in an abstractcachestate(ACS)prior to a
call in the ACS after the call if calls areconsideredin the
analysis.

MC: Within compositionalanalysis,a may-con�ict line is replac-
ing a non-trivial subsetof lines in an exit ACS of a mod-
ule,i.e., whendueto conditionalexecutiondifferentprogram
linesmayberesidentin aspeci�c cacheline.

In thefollowing, four analysisscopesaredescribed,whichareper-
formedon eachmodule. Eachscopediffers in its context of ref-
erencesandthe resultingcacheeffectsfor loopsandcalls: Scope

onecapturesthe 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-
compassesboth loop andcalleecon�icts. Lateron, compositional
analysispicksthecorrectscopeanalysisto lift intra-modulecache
analysisto the interprocedurallevel. A sequenceof examplesde-
scribeseachanalysisstepasit is performedfor a functionbar that
a) is calledby main andb) is calling foo, asdepictedin Figure
2. Thedottedbackedgefrom theexit(s) of bar to its entry is op-
tional,asexplainedlater. Theinstructioncacheis assumedto have
four cachelinesin theexample.The4-entryACSsetsfor themod-
ules in the �gure arelisted in Table1 for eachanalysisscope,as
discussedbelow.

Module main

Call bar   

Module bar

Call  foo ACS before call

ACS after call

ACS at exit

ACS at entry

Module foo

ACS at entry

ACS at exit

Figure2: Flow Graphs for Module-level Analysis

Scope1: Analysis without backedge,ignoring calls: While
calculatingACSsetsby solvingthecorrespondingdata-�ow equa-
tionsiteratively for a module,it is assumedin this scopethata call
in a predecessorblock will not affect the incomingabstractcache
statefor the basicblock. This is equivalent to assumingthat ev-
ery line presentin the ACS precedingthe call will be retainedin
cacheuntil afterthecall. Hence,thecalleehasnocon�icting cache
line. As anexample,considerbar in Figure2 without thedashed
backedgeandrecall thatcallsareignored. Let foo containa ref-
erenceto programline 9 (withoutcon�icts). TherelevantACSsets
for this �rst scopeof modularanalysisaredepictedin column2 of
Table1 andindicatethat programline 4 is cachedprior andafter
thecall to foo insidebar. Thecorrespondingtraditionalanalysis
for the samecalling sequence(without backedgefor bar) would
result in the ACS setsindicatedin the third andfourth columnof
Table1 for bar andfoo, respectively. The compositionalstage,
detailedlater, explainshow to derive thesamestatesasin thetradi-
tionalanalysisfrom themodularanalysisscopes,in thiscasescope
1.

Scope2: Analysiswithout backedge,consideringcalls: In this
typeof analysis,it is assumedthata call affectstheACSsuchthat
thereis a con�icting line broughtinto cacheby thecallee.In other
words,thecalleemodulecachesits own linesandevictscachelines
in theACSof thecaller. Sincetheabsoluteaddressinformationfor
the lines of the called moduleis not known during module-level
analysis,we indicatethis by a C (must-con�ict) in theACS,asde-
�ned previously. ConsiderFigure2 without backedgefor bar but
with thecall to foo. Let foo containa referenceto programline
8 (con�icting with programoine4). Table1 column5 indicatesa
must-con�ict as '�( in the ACS after the call, i.e., a must-con�ict
for a referencemappingto cacheline 0. Column6 and7 indicatea
correspondingsituationwheretraditionalanalysisevicts line 4 (at
entry)in foowith line 8 (atexit), whichis in bar afterthecall. By
parameterizingthemodule-level ACSwith amust-con�ict,compo-
sitionalanalysisusesthis scope2 if a calleecontainsanevictor in
its exit state.

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



Scope1 Scope2 Scope3 Scope4
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
at entry � 4� � 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� � 8� � 6� � 4,9� � 6� � 8�

Table 1: Abstract CacheStatesfor Analysis Scopes

lowing two scopes,the module-level control-�ow graph is aug-
mentedby backedge(s)from exit(s) to the entry block. Sucha
virtual backedgesimulatesthe effect on data-�ow analysisif the
moduleis repeatedlycalledwithin a loop. Scope3 addsthis/these
backedge(s)but ignorescalls. Figure2 illustratesthebackedgeas
a dottededgein the control-�ow graphof bar. Let foo contain
a referenceto programline 9 (without con�icts). Table1 depicts
the ACS for module-level analysisin Column8. At the �rst call,
theACS is theemptyset( � ) while for consecutive calls,program
line 6 is cachedalongthebackedgefrom thelastcall to bar. Line
4 is in cacheprior andafterthecall to foo sincethis analysisdis-
regardscalls. Traditionalanalysisconsidersthis call, which brings
programline 9 into cache(Columns9 and10 of Table1). Thisad-
ditional cachingeffect is consideredin thecompositionalstagefor
our novel analysistechnique.

In this analysis,ACSsetsof theexit blocksof themoduleprop-
agatealongtheaddedbackedgesto theentryblock of themodule.
Hence,thecategorizationsfrom this analysisareobtainedwith the
sameeffectasif thismoduleis beingcalledfrom a loop in another
module,andthecontrolreturnsto thismodulefrom thecallingloop
for eachloop iterationexcept for the �rst iteration. Calls are ig-
noredduringthis analysis.This simulatescallswithin this module
thatdo not have any effect on theincomingACSof thesuccessors
of thecallingbasicblock.

Scope4: Analysis with backedge, considering calls: This
scopealsoaddsbackedgesfrom exits to theentryblock. Addition-
ally, effectsof callsareconsidered.Theobjectiveof thisscopeis to
simulatea moduleM beingcalledfrom a loop of anothermodule,
whereM hasitself a call that affectsthe ACS following this call.
Figure2 illustratesthis situation,wherethe dottedbackedgeand
callsareconsidered.Letfoo containa referenceto programline 8
(con�icting with programline 4). Table1 furtherdepictstheACS
effectsin Columns11 and12/13for modularandtraditionalanal-
ysis,respectively. Dueto repeatedcalls, line 6 mayberetainedin
themodule-level analysisandline 4 is replacedby anotherline due
to thecall to foo. Traditionalanalysisidenti�es this replacement
asline 8. This effect is againcapturedby thecompositionalstage
in ourapproach.

In addition to thesefour different types of analysisscopes,
module-level analysisrecordsfor eachbasicblock the loop num-
bersfor any enclosingloop(s) and for eachloop the setof basic
blockscontainedin theloop. Thisinformationis subsequentlyused
by thecompositionalanalysisstage.

3.2 Compositionalanalysis
Compositionalanalysisis performedonanentireprogramwhen

theabsoluteaddressinformationfor eachmoduleis available.
Initial predictedcategorizations: For eachinstructionof each

modulein the program,it is assumedthat the module-level cate-
gorizationsignoringcallsaretheinitial categorizations.Theseare
optimisticcategorizationsin theabsenceof temporallocality across
moduleboundaries(dueto calls). Subsequently, necessaryadjust-
mentsareappliedto thesecategorizationsduringthecompositional

stage.Two adjustmentsarenecessaryfor eachline in eachmodule:

Adjustments asa caller: WhenabasicblockB hasapredecessor
P andP containsa call, thentheACSin block B is adjusted
basedonmodule-level analysisconsideringcalls.

Adjustments asa callee: When a module M is being called
within a loop L of anothermodule,thenduring calls to M
within iterations����� � , linesof M maystill becached(but not
necessarilyduringthe�rst iteration).Hence,for thoselines,
adjustmentsarebasedon module-level analysiswith added
backedge(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 boundariesduringcallsandcall returns.Themodulesarepro-
cessedstartingfrom the leaf modulein a call graphandgradually
traversingthegraphtoward theroot, i.e., themain function. The
algorithmfor bottom-upprocessingover basicblocks is given in
Figure3.

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

� ��� 
 � 
���� wherenf is thenumberof modules,nlf is themaximum
numberof loopsin any onemodule,nbl is themaximumnumber
of basicblocksin any oneloop andnpb is the maximumnumber
of predecessorsof a basicblock. Thus,the complexity of this al-
gorithm that capturesthe inter-proceduralanalysisinformation is
constrainedin that it doesnot re-analyzemodule-intrinsicdetails,
i.e., calleesneednot be reconsideredafteran initial pass.Theset
of programlines andcon�icting programlines of a block arede-
notedasconf linesandconf prog lines, respectively (see[23] for
details).

The algorithm determinesthe lines of eachloop and a unique
loop header. Themustexit lines for a module(line 47 of Fig. 3)
representlinesthatare guaranteedto bein cachewhenthecontrol
of executionreturnsfrom themodule. Conversely, may exit lines
arelinesof amodulethatmightbepresentin thecacheonexit from
the module(but their presencecannotbe guaranteed),denotedas
MC (a May-Con�ict line, asde�ned previously).

ConsiderFigure4. Whencontrol is transitionedto the module
getbit, line 43 may or may not be cachedasan exit line. If a
block B in a moduledes callsgetbit, thenfor thesuccessorS
of blockB, it is necessaryto considerthefactthat,whenthecontrol
returnsto S, line 43 of getbit might be in thecacheto capture
theworst-casescenario.Hence,this line is anMC line in theexit
ACSof getbit.

For eachbasicblock andfor eachsurroundingloop, bottom-up
processinggathersthe lines thatmustbe in cachebeforeentering
theblock (mustin lines in Figure3) andalsothe lines thatmight
be in cache(may in lines). Line 15 of the algorithm shows the
formula for calculatingthe mustout lines for a basicblock if the
block hasa call. All the lines in the mustout lines calculatedon



for (eachfunctionF)
if (isleaf function ��� all childrenprocessed)� // for bottom-uporder

for (eachloop L in F) �
/* Calculationsfor in linesof eachblockof this loop*/
for (eachblockB in theloop L) �

inter out = full set;
union out= � ;
for (eachpredecessorP of B in loop L) �

if ( B!=L � loopheader)
if (backedge(P-to-B))// P-to-Bform a loop insideL.

continue;// Disregardthis predecessor.

12: mustout lines(P)=mustin lines(P) �
conf prog lines(P) � prog lines(P);

if (iscaller(P))�
functionC = P� callee;

15: mustout lines(P)=mustout lines(P) �
conf prog lines(C� may exit lines) �
prog lines(C� must exit lines);�

inter out=mustout lines(P) � inter out;
may out lines(P)=mayin lines(P) �

conf prog lines(P) � prog lines(P);
if (iscaller(P))�

functionC = P� callee;
22: may out lines(P)=mayout lines(P) �

conf prog lines(C� must exit lines) �
prog lines(C� may exit lines);�

union out=mayout lines(P) � union out;�
inter out=mustin lines(B);
union out=mayin lines(B);�
// Processingfor blockB complete

/* Adjustmentsappliedasacaller*/
31: for (eachblock B in L) �

for (eachline l in B)
if (l con¯ictswith someline in in line(B))

for (eachinstructionin l)
normalcategory = module-level catconsideringcall;�

/* Calculationsof loopheaderandlineswithin this loop */
®nd loopheaderof loop L;
lines(loopL) = cacheall thelinesof eachblockof this loop;
if (loopL hascalls)

for (eachcallee)
lines(loopL) = lines(loopL) � lines(callee);

�
// Processingfor loopL complete

// calculatethemustandmayexit linesfor this function.
47: F� mustexit lines= full set;

F� may exit lines= emptyset;
for (eachexit blockE) �

50: F � mustexit lines � = must in lines(E) �
conf prog lines(E) � prog lines(E);

F� may out lines � = may in lines(E) �
conf prog lines(E) � prog lines(E);�

�

Figure3: Algorithm for Bottom-up Processing
line 12 that are in con�ict with any of the mayexit lines of the
calleearesubtracted.Notethat thesetmayexit linesof thecallee
is referencedhereto ensurethatthesetmustout linescalculatedis
safeandaccurate.Then,all thelinesin mustexit linesof thecallee
areadded,becausetheselines mustbe in cachewhenthe control
returnsfrom thecallee.Theformulaon line 22similarly calculates
themay out lines.

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

Line 43

Line 42

Line 44

Line 45

Block 1

Block 2

Block 3

Block 4

Module  getbit

Line 43 cached along only  1�2�4

Figure4: Module with Two Paths in Exit Lines

a caller. Whena block hasa call to anothermodule,its successor
block might have somelinesof thecalling moduleasits incoming
lines. In that case,the categorizationsfor thoselines of the suc-
cessorthat con�ict with incominglines of the moduleneedto be
adjusted.This is doneusingthemodule-level analysisconsidering
calls. For adjustingthecategorizationswith addedbackedge(s),a
similar analysis(not describedin the�gure) is performedfor each
functionandeachloop,but with anaddedbackedgefrom eachexit
block to the entry block of the function. Thus, the adjustments
to the initial categorizationsrequiredfor a modulewhena mod-
ule actsas a caller are appliedduring bottom-upprocessing. It
is importantto understandherethat theseadjustmentswill change
thecategorizationsfrom anoverly optimisticto a realisticandsafe
(conservative) worst-casevalue.

A modulemayalternatively representacallee.In thatcase,some
linesof themodulemaystill be in cachewhenthe�o w of control
returnsto themoduleonevery loop iteration,exceptfor stateprior
to the�rst iteration.This will causesubsequenthits for suchlines.
Theseadjustmentsareappliedduring the secondpasswheneach
instructionis categorizedw.r.t. eachloopit liesin andeachinstance
of themodule.This is achievedby usinginformationof theincom-
ing linesfor eachcallingblockof themoduleandalsotheadjusted
module-level analysiswith addedbackedge(s), asexplainedin the
following.

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

�
in theprogram.

In thedowhile(); loopof thisalgorithm,wedetermineif line l is
still in cachewhenthecontrol returnsto line l of themodulefrom
thecall within loopL. If so,theline will beahit, consequently, the
categorizationsfrom thesimulatedanalysiswith addedouterloops
is used.

In summary, thenovel compositionalstaticcachecategorizations
approachoperatesin two stages.In the�rst stage,analysisis done
on module-levels without knowledgeof the absoluteaddressesof
the moduleandthoseof the calledmodules.In the secondstage,
a two-passapproachis used.In the�rst pass,informationis gath-
eredin a bottom-upmanneraboutincoming lines for eachbasic
block andtheexit linesof eachmodule.Adjustmentsto theinitial



// Algorithm appliedto a particularinstanceof a module.

for (eachloop L with headerH theline l lies in) �
l in con�ict=FALSE;
calling blockC = basicblock thatcontainsl;
do �

if (l con�icts w/ any line in
must in lines(C) � may in lines(C)) �

l in con�ict = TRUE;
break;

� // next, backtraceby walking up call chain:
C = callerblock of C for currentinstanceof module;

� while(C � currentmodule!= H � currentmodule);

for (eachinstructioni of l)
if (!l in con�ict)

i.�nalcat = adjustedcategorizationsobtained
from module-level analysiswith addedbackedges;

else
i.�nalcat = adjustedcategorizationsobtainedfrom

from module-level analysiswithoutaddedbackedges;
�

Figure5: Adjustments for Final Categorizations

categorizationswhenthemoduleactsasa callerareappliedin this
pass. In the secondpass,eachinstructionis categorizedfor each
loop level andeachinstanceof themodule.Also, adjustmentsare
appliedwhenthemoduleactsasa callee. Thecomplexity is kept
at modulelevel for the compositionalapproach,i.e., noneof the
calleeshave to bere-evaluated.

4. EXAMPLE
Thefollowing exampleshows thedifferencein calculationsand

categorizationsbetweenthe traditional and compositionalanaly-
sis schemes.The exampledepictedbelow hasa conditionalcall
to illustratetheeffectsof alternateexecutionpathson theanalysis
schemes.

#include<stdio.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 += value(i);

return sum;
}

The correspondingcontrol-�ow graphis depictedin Figure 6.
The �gure also lists the categorizationsbasedon differentcalcu-
lations. In the calculations,line I indicatesan invalid line. When
theanalysisbegins, it is assumedthatall the linesof theACSare
invalid lines. Also, anACSdenotedas[a b c d] indicatesthatpro-
gramline a is mappedto cacheline 0, line b is mappedto cache
line 1 etc. We considertheACSat thebasicblock level. For each
basicblock, we provide in andout setsindicatingthe ACS en-
teringandexiting theblock. Thecacheis assumedto containfour
lines.

pushl %ebp

movl %esp, %ebp

movl 8(%ebp), %eax 

movl a(,%eax,4), %eax

leave

ret

pushl %ebp

movl %esp, %ebp

pushl %esi

pushl %ebx

andl $�16, %esp

xorl %esi, %esi

xorl %ebx, %ebx

testl %ebx, %ebx

jne .L11

incl %ebx

cmpl $9, %ebx

jle .L8

popl %ebx

movl %esi, %eax

popl %esi

leave

ret

subl $12, %esp

pushl %ebx

call value

addl %eax, %esi

addl $16, %esp

jmp .L5

value()

main()

Line 0

Line 1

Line 2

Line 3

Line 4

Line 5

Line 6

Line 7

Block 1

Block 2

Block 3

Block 4

leal �8 (%ebp,%esp)

Block 6

Block 7
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Figure 6: Categorizations by Traditional vs. Module-level
Analysis for Always-hits (h), Always-misses(m), First-hits (fh)
and First-misses(fm).

TheACScalculationsin thetraditionalapproacharemadeusing
the inter-proceduraldata-�ow analysis. In contrast,module-level
analysisis constrainedto only thecontrol-�ow graphof a module
at a time beforecompositionalanalysiscombinesmodule-level re-
sults. For themain function,theACScalculationsareperformed
in two stages,1) ignoring calls and2) consideringcalls suchthat
theACSis invalidatedon return.

The differencesbetweenthe categorizationsobtainedat differ-
ent stagesfrom the two approachesaredepictedin Figure6. The
�rst columnof categorizationsis basedon calculationsin the tra-
ditional approach.Our ultimateaim is to achieve the exact same
categorizationsusingthenew method.Thesecondcolumnshows
thecategorizationscalculatedin the�rst stepof thecompositional
analysismethod,assumingthereareno calls in themain module.
A list of categorizationsa,bdenotesthecachebehavior of theinner
nestandthe outernest,respectively, wherea nestingrepresentsa
loop (multiple iterations)or a functioninstance(oneiteration).

Therearesomedifferencesbetweenthe categorizationsof the
�rst columnandthe secondcolumnsincethe call to value was



ignored.Thepossibledifferencesin calculationsdueto thecall to
value aretakeninto accountin thesecondstepto obtainthecat-
egorizationsshown in the third column. Comparingcolumnthree
with columnone,wenoticethatall thecategorizationsarethesame
or, if different,have thesameeffect. Thedifferencesin thecalcu-
lationsareasfollows:

1. The�rst instructionin basicblock4 wasinitially categorized
asahit by thecompositionalmethod.Thein andout sets
areshown below.

Traditional analysis -
in(4) = [4 I 2 3 out(4) = [4 I 2 3

0 1 6 7] 1 6 7]
Compositional analysis -

a) Ignoring calls -
in(4) = [4 I 2 3 out(4) = [4 I 2 3

6 7] 6 7]
b) Considering calls -

in(4) = [4 I 2 3 out(4) = [4 I 2 3
C C C 7] C 7]

In the traditionalapproach,the in for basicblock 4 hasa
con�ict betweenline 4 (which containsbasicblock 4) and
line 0 (which is in modulevalue). Thus,it is categorized
asa miss. Thesamein set is shown for thecompositional
analysiscalculations.Whenignoring calls, the con�ict for
line 4 remainsunrecognizedsincethecacheeffectof thecall
to value is not considered.The categorizationis adjusted
by the algorithmin Fig. 5 sincethe con�ict between0 and
4 is recognizedresultingin an always-miss,just as in the
traditionalapproach.

2. The�rst instructionin basicblock 6 andthe�fth instruction
in basicblock 1 show differentcategorizationsfor the two
typesof cacheanalysis.But the categorizationproducethe
sameeffect duringtiming analysissincea �rst-miss for one
iteration(for functionvalue without a loop) is equivalent
to analways-miss.(This is anartifactof instructioncatego-
rizations[21]).

5. EXPERIMENT AL FRAMEW ORK
This sectiondescribesthe experimentsperformedto measure

theperformanceimprovementof thenew compositionalapproach
over the traditionalapproachand the accuracy of categorizations
predictedby thenew approach.Five benchmarksfrom theC-Lab
real-timebenchmarksuite[6] (adpcm, ndes, cnt, mm andfft)
andonebenchmark(multimedia audio decoder - mad)
from theMiBench[8] embeddedbenchmarksuitewereused.

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

To calculatethe Worst-CaseExecution Cycles (WCEC), the
Real-timebenchmarkis compiledusingthe PISA-GCCcompiler
andthecontrol-�ow informationobtainedis suppliedto thestatic
instruction cachesimulator (which may use the traditional in-
tegratedapproachor the compositionalapproach)to obtain the

cachingcategorizations.Thesecategorizationsobtainedfor the I-
cacheareusedin thetiming analyzerto determineaccurateWCET
bounds.

Ar chitectural Simulator: The architecturalsimulatoris based
on theSimpleScalartoolset[1]. It supportsa simplesix-stagein-
orderprocessorpipelinemodel.All theReal-timebenchmarksare
compiledwith theSimpleScalarGCC-basedcompilerfor theSim-
pleScalarISA (PISA), a MIPS-like ISA [5]. The Architectural
Simulatorloadsactualbinariesandexecutesthemon thepipeline
model.Theactualor observedexecutiontimesfor thebenchmarks
areobtainedfrom thearchitecturalsimulator.

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

Experiment 2: Comparison of WCEC: To determinethe ac-
curacy of predictions,theWCECwasmeasuredfor all thebench-
marksusingthetiming analyzerdiscussedearlier. Dataon WCEC
werecollectedfor categorizationspredictedby the traditionalap-
proachaswell asby thenew approach.Subsequently, theWCEC
obtainedusingthe two approacheswerecompared.To obtainthe
control-�ow analysisinformation,thebenchmarkswerecompiled
usinggcc for PISA.

Experiment 3: Comparison of WCEC with architectural
simulator: TheWCECsfor thesix benchmarkswereobtainedus-
ing thetiming analyzerfor thevariouscachecon�gurations(asde-
scribedin theprevioussub-section).Thebenchmarkswerealsoex-
ecutedon thearchitecturalsimulatorto obtaintheexecutiontimes.
Thesenumberswere comparedto the WCEC obtainedfrom the
timing analysistool. Thebenchmarkswereexecutedfor worst-case
inputdataon thearchitecturalsimulator(whenavailable).

6. EXPERIMENT AL RESULTS
In this section,the resultsfor eachof the threeexperimentsare

described.First,wereporttiming resultsfor theanalysisoverhead.
Figure7 shows timesrequiredby the traditionalapproachandthe
compositionalapproachfor acacheline sizeof 16bytes.Thegraph
is shown for threeof the six benchmarks,becausethe patternsin
the resultsobtainedfor thesethreebenchmarksarerepresentative
of thecompleteset.

Figure7: OverheadTraditional vs. Compositional



The �rst setof ten barsdescribethe computationtimesfor the
mad benchmarkfor 4, 16, 64, 256,1024cachelines respectively.
The secondsetof ten barsrepresentstheadpcm benchmarkand
the last set representsmm. The odd-numberedbars(single bars)
show the time taken by the traditional cacheanalysisapproach.
The even-numberedbars(stacked bars)show the total time taken
by the compositionalanalysisapproach,taking both the modular
andthecompositionalstagesinto account.Thesebarsarestacked,
separatelyshowing the time taken for the moduleanalysis(lower
portionof bar)andthetimetakenfor compositionalanalysis(upper
portionof bar).Notethatif moduleanalysishadbeenperformedin
advance,theonly computationtimesthat shouldbecomparedare
thetraditionalandthecompositionalstagetimes.Also notethatthe
y-axisshows a logarithmicscale.
mad is a relatively large benchmarkwith around9000 instruc-

tions. It consistsof around74 functionsandtheprogramstructure
involvescomplex loop andcontrol-�ow constructs.For mad (Fig-
ure 7), a signi�cant savings in computationtime is observed for
all differentcachesizes.For a cachewith 1024lines, thenew ap-
proachtakesa total of around350 secondscomparedto the6600
secondsof thetraditionalapproach,resultingin savingsof anorder
of a magnitude.If only thecompositionalstagetime is compared
to the traditional time, asexpected,a signi�cant improvementin
the compositionalapproachis observed. For instance,the tradi-
tional approachtakesabout6600secondsfor 1024linescompared
to only about45 secondsfor the new approach,a savings of two
ordersof magnitude.Noticethata16bytescacheline sizerequires
moretime thana 32 byteline size.

Figure7 shows that for adpcm the total time for the two-stage
approachis smallerthanthatfor thetraditionalapproachfor cache
linesrangingfrom 8 to 512.However, for a cachewith 1024lines,
the time for the modularstageexceedsthe traditional time caus-
ing the total time to be larger for the new approach.This is eas-
ily explainedsincethemodularstageperforms4 differentanalyses
on eachmodule,hence,this overheadincreaseswith larger cache
sizes.Absoluteanalysistimesare.1 to 26 seconds.

Let uscomparetraditionalcomputationtime overheadwith just
thecompositionalstageoverhead(upperportionof evenbars).For
adpcm, thecompositionalapproachtakeslesstime thanthetradi-
tional approachfor all thecachecon�gurations.Additional results
for adpcm alsoindicatethatfor largerprogramsthecompositional
approachscalesslightly betterthan the traditional approach(see
[23] for details).For instance,theincreasein traditionaltime for a
changefrom 256to 512lines is abouttwice, whereasthe increase
for thecompositionaltime is only about1.5times.

For mm (Figure7), thetotal time for thenew approachis greater
thanthetraditionaltime for all cachecon�gurations.mm is a small
benchmark(around130 instructions).Its calling structureandthe
control structureare fairly simple. Hence, it doesnot provide
enoughopportunityfor thecompositionalapproachto exploit any
complexity in the programstructure. Even whencomparingjust
traditional timesto the compositionaltimesfor fewer cachelines
(lessthan128),the traditionalapproachoutperformsthenew one.
Absoluteanalysistimesare.001to 3.4seconds.

In summary, resultsfor larger benchmarks(adpcm andmad)
show thatthecompositionalapproach,evenwhenappliedjustonce
for all the modulesin a program,performsmuchbetterthan the
traditional approach. This is signi�cant becauseit indicatesthat
for suchlargeprograms,thenew approachcanresultin savingsin
excessof anorderof magnitudein computationtime.

Next, wecomparetheresultingWCECof thetwo analysismeth-
ods. For all benchmarks(except for adpcm) and for all cache
con�gurationsrangingfrom 4 cachelines to 512 cachelines, the

WCECwereexactly thesame.For adpcm andndes, the results
of timing analysisaresummarizedin Tables2 and3, respectively.

Numberof cache Traditional Compositional %
lines WCEC WCEC change
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 cachesizeof 64 lines show a tighter
WCEC predictionby the new approach.This is the only differ-
enceobservedbetweenWCECfor thetwo approaches.In thiscase,
thetraditionalapproachcategorizesoneinstructionof adpcm pes-
simisticallyasanalways-missin aloop. Thenew approachpredicts
categoriesof this instructionmoreaccuratelyasa�rst-miss. This is
dueto theanalysisscopewheredata-�ow is retainedbothconsid-
ering andignoring backedges.Comparingthe data-�ow, onecan
detectthat a con�icting line is absentalongthe backedge,which
indicatesa �rst miss. Thetraditionalanalysisdoestake advantage
of suchinformationsinceit would be computationallyintensive,
albeit possible,to calculateit. The compositionalapproachleads
to atighterandstill safeWCECboundusingthecompositionalap-
proach.It is alsointerestingto notethatasadpcm occupiesaround
230programlinesin memory, it entirely�ts in cacheswith 256and
512lines. I.e., oncea programline is broughtin cache,it will not
be evicted later. Hence,the WCEC for thesetwo cachesizesare
thesamefor this benchmark.

For ndes, ascanbeseenfrom thetable,theestimatedWCECs
areexactly thesamefor thetwo approaches.

Finally, we comparethe WCEC with cycles reportedby Sim-
pleScalarfor a simulatedexecutionunderworst-caseinput. As
shown in theabove section,WCECsfor thesix benchmarkswere
obtainedusingthetiming analyzerfor thevariouscachecon�gura-
tions. Thesenumberswerecomparedto thenumberof cyclesob-
tainedfrom thearchitecturalsimulatorfor theSimpleScalartoolset.
The benchmarkswere executedfor worst-caseinput dataon the
simulator.

Table4 shows theWCECcomparisonfor adirect-mappedcache
with 64 linesanda line sizeof 16 bytes.For othercachecon�gu-
rations,similar resultsareobserved. As alreadyillustratedby the
comparisonbetweentraditionalvs. compositionalcacheanalysis,
by maintainingthesamelevel of accuracy, differencesbetweenthe
predictedWCECsof our toolsetandthe observed WCECsunder
SimpleScalar, suchas for adpcm andndes, stemfrom datade-
pendencies.Ourpathanalysisoperatesat statictime andconsiders
combinationsof pathsthat, dueto infeasibledatavaluecombina-
tions,cannotbeexecutedin sequence.Theseinfeasibilitiesareonly
known at runtimeandcannotbecapturedby staticanalysis(unless
manuallyspeci�ed,which is tedious).

The adpcm benchmarkhasseveral instructionswithin condi-
tionalexecution.Someof theseconstructscontainloopsor areem-
beddedin one.Thetiminganalysiswill choosethelongestpaththat

Numberof cache Traditional Compositional %
lines WCEC WCEC change
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 Analysisof Ndes



is foundfor every iterationof theloops.In thearchitecturalsimula-
tor, thelongestpathneednotbethepaththatis alwaystakeninside
theloopsresultingin adifferencebetweentheWCECandobserved
numberof cycles(dueto datadependencies).SincetheWCECal-
waysusesthelongestpath,it is asafeboundof theexecutiontime.
Similarly, thendes benchmarkhasseveralinstructionswithin con-
ditional execution. Theseinstructionsmay not be executedin the
architecturalsimulatorbut arealwaysconsideredin timing analy-
sis sincethey contribute to the longestpath. The WCEC of mad
couldnotbeobtaineddueto constraintsof pathanalysiswithin the
timing analysistool, a problembeyondcompositionalstaticcache
simulationthatwe arecurrentlyaddressing.

Benchmark PredictedWCEC ObservedWCEC 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

Table4: Predictedvs. Observed WCEC

In summary, the validity of the new approachis dependenton
two metrics:

� theimprovementin thecomputationtimerequiredtoperform
staticcacheanalysisand

� theaccuracy of thepredictedcategorizations.

Thecompositionalapproachcertainlyleadsto a signi�cant im-
provementin executiontime of staticcacheanalysis. It alsopro-
videsworst-casecategorizationpredictionsat leastasaccurateas
thoseprovidedby the traditionalapproach.In somecases,it pro-
videsmoreaccuratepredictionsthanthe traditionalapproachthat
arestill safe.

7. RELATED WORK
Thepurposeof staticcachesimulationis to boundtheWCETof

a program. BoundingWCET estimationsis importantasschedu-
lability analysisfor hard real-timesystemsrequiresthat WCETs
be known in order to ensurefeasibility of schedulinga task set
for a given schedulingpolicy, suchasrate-monotoneandearliest-
deadline-�rstscheduling[16].

Many differentapproacheshave beenusedto obtaintheWCET
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 stages,reusingthe resultsfrom
the�rst (module-level analysis)stagein thesecond(compositional
analysis)stage,thusaddressingtheissueof computationoverhead
of cacheanalysis.

Harmonet al. [9] describea retargetableframework for pre-
dicting executiontime that transformsmachine-level instructions
into a sequenceof primitive operations,which expressthe func-
tionality of eachinstructionin �ne-grain detail. This framework,
alongwith Puschneret al. [24] andPark [22], proposesideasfor
timing analysisof unoptimizedprogramson simpleCISCproces-
sors. Zhanget al. [31] introducean analyzablepipeline model
consideringthe effect of pipelinedexecutionon timing analysis.
Thecombinedframework of [2] and[11] describedabove takesin-
structioncacheeffects into account. Theseideasandthe WCET
analysisframework in [15] introducetiming analysisfor pipelined
RISCprocessors.Li etal. [13] useanIntegerLinearProgramming

(ILP) formulationfor capturingstructuralfunctionality andcache
constraintsandsolve it to boundtheWCET. TheILP approachis
extendedto take cachetiming effects into account. Rawat [25],
Kim et al. [12], Li et al. [14] andWhite et al. [30] extend the
conventionalstatictiming analysisto datacaches.

Someinstruction-level dynamictiming analysismethodsassume
the knowledgeof an input set that would trigger the worst-case
path during the actualprogramexecution[28]. Finding suchan
input setcanbea non-trivial probleminvolving very high compu-
tationalcomplexity. Even if suchan input setis found, theactual
execution-timeeffectsof architecturalfeaturesontotiming analysis
might causea differentinputsetto determinetheWCET.

The integratedpath and timing analysismethodin Lundqvist
et al. [19] combinesdynamiccacheanalysisand dynamic tim-
ing analysisusing an instruction-level cycle-accuratesimulation
technique. The cachestateat variouspoints in the timing anal-
ysis is calculatedon the basisof the actual memory references
made.Theworst-casestateis obtainedby analyzingthecachestate
thatwill triggerworst-caseresponsetime in the remainingexecu-
tion sequence.Thus, the cachecalculationsare integratedin the
instruction-level simulation. Suchapproacheswould suffer a sig-
ni�cant computationaloverheadinvolvedin cachecalculationsfor
fairly largeprogramsthatconsistof a largenumberof possibleex-
ecutionpaths.

Veraet al. [27] describea techniqueof datacachelocking to
achieve predictableworst-caseexecutiontime for a programeven
whentheexecutionenvironmenthasdatacaches.Unpredictability
in WCET estimationsis eliminatedby locking thoseregionsin the
codethat cannotbe analyzedstatically. Performancedegradation
possibledueto cachelocking is reducedby loadingthecachewith
datalikely to beaccessed,but someoverheadprevails.

Fromthis review of prior work, it is evident thatall theseideas
dealwith the problemof accuratelyestimatingWCET for a pro-
gramin thepresenceof architecturalfeatures,suchasdataandin-
structioncachesand instructionpipelines. Our work is different
from theseasit focuseson thecomputationaloverheadinvolvedin
staticcacheanalysis(performedseparatelyfrom timing analysis),
while preservingtheaccuracy of thepredictedcategorizations.

Rubinetal. [26] discussesapro�le-analysisframework for data-
layoutoptimizations.It usestheconceptof deriving a dataobjects
trace to save the re-executionof programsto assessthe perfor-
manceof a newly computeddatalayout. Eachentry in the data
objectstracecontainsa symbolicaddressaswell asa uniqueiden-
ti�er of thereferenceddataobject.To evaluateacandidatedatalay-
out,eachdataobjectis assignedits new memorylocationobtained
from thelayout.Then,theoriginaldatatraceis simulatedusingthe
data objectstraceandthe new memoryaddressesto measurethe
new memorybehavior. Thus,thedataobjectstraceparameterizes
theactualmemoryaddresstrace,makingits reusepossible.Since
the data objectstrace is address-independent,it canbe reusedin
thenew memorylayoutevaluation.In thisway, theideaof address
parameterizationis utilized here,but it addressesthe orthogonal
problemof optimizing datalayout. Our work alsoparameterizes
thedata-�ow informationobtainedin the �rst stage(module-level
analysis)astheabsoluteaddressinformationis notavailableduring
this stage,andtheinter-proceduralanalysison modulesbelonging
to a programcanbe performedirrespective of the actualabsolute
addressesthemodulesaremappedto.

8. CONCLUSION
This papercontributesanapproachto reducethecomputational

overheadinvolved in obtaining cachehit/miss information from
staticcachesimulationfor direct-mappedinstructioncaches.Cat-



egorizationsobtainedin module-level analysisarereusedin com-
positionalanalysis,which performsthenecessaryinter-procedural
analysisandderivesthe �nal categorizations. Thus,for any con-
crete cachecon�guration and for any module, the module-level
analysisis performedonly once. The compositionalstagereuses
suchanalysisfor any programcontainingpre-analyzedmodules.

Theexperimentalresultsshow that the compositionalapproach
outperformsthetraditionalapproachbyoneto two ordersof magni-
tudefor largecachesizesandlargerbenchmarks.For smallercache
sizesandsmallerprograms,thecomputationaloverheadis compa-
rableto thetraditionalapproach.Thecompositionalapproachalso
givespredictionsasaccurateas the traditionalstaticcachesimu-
lation approach.This wasevident from the worst-caseexecution
cyclesobtainedfor the benchmarksfor the two approaches.This
work provides an ef�cient way for analyzingdirect-mappedin-
structioncachesstatically, especiallyfor largecachesizesandfor
programswith complex loop structuresaswell ascomplex calling
structures.
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