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Abstract

Static timing analysissafelyboundsworst-caseexecu-
tion timesto determineif taskscanmeettheir deadlinesin
hard real-timesystems.However, conventionaltiminganal-
ysisrequiresthat theupperboundof loopsbeknownstati-
cally, which limits its applicability. Parametrictiminganal-
ysismethodsremovethisconstraint byprovidingtheWCET
asa formulaparameterizedon loopbounds.

Thispapercontributesa novel techniqueto allow para-
metric timing analysisto interact with dynamicreal-time
schedulers. By dynamicallydetectingactual loop bounds,
a lower WCET bound can be calculated, on-the-�y, for
the remainingexecutionof a task. We analyzethe bene-
�ts from parametricanalysisin termsof dynamicallydis-
covered slack in a schedule. We thenassessthe potential
for dynamicpowerconservationby exploiting parametric
loop boundsfor ParaScale, our intra-taskdynamicvoltage
scaling(DVS)approach. Our resultsdemonstrate that the
parametricapproach to timinganalysisprovides66%-80%
additionalsavingsin powerconsumption.We further show
that using this approach combinedwith online intra-task
DVSto exploit parametricexecutiontimesresultsin much
lower powerconsumption.Hence, evenin the absenceof
dynamicscheduling, signi�cant savingsin powercanbeob-
tained,e.g., in thecaseof cyclic executives.

1. Intr oduction

Embeddedsystemsareincreasinglydeployedin environ-
mentswheresafetyis of theutmostconcern,rangingfrom
avionicsto powerplantsto theautomotiveindustry. Valida-
tion of softwarein suchsystemsis of increasingimportance
dueto this trend.Programvalidationtraditionallyconcerns
the correctnessof the input/outputrelation. In additionto
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I/O correctness,many embeddedsystemsalsoimposetim-
ing constraints,which, if violated,may not only rendera
systemnonfunctional,but is alsodangerousto theenviron-
ment.Thesesystemsarecommonlyreferredto asreal-time
systems.They imposedeadlineson computationaltasksto
ensurethat resultsaresuppliedon time. Often,anapprox-
imateresultsuppliedon time is preferablyto a morepre-
ciseresult that becomesavailablelate, i.e., after the dead-
line. In order to verify that real-timesystemswill meet
their deadlines,designersrequirethat the worst-caseexe-
cution time (WCET) of eachtaskin a real-timesystembe
known. The processof automaticallyandstaticallydeter-
mining the WCET of a programor task is called timing
analysis. Schedulingdecisionsare basedon eachtask's
WCETandthetotal time in theschedule.

Timing analysisprovidesboundson theWCET, andthe
closertheseboundsareto thetrueworst-case,thehigherthe
valueof the analysis.But timing analysisis by no means
an easytask. Any boundon executiontime �rst of all re-
quiresconstraintsto beimposedon thetimedcode(tasks).
Themoststriking restrictionis therequirementto statically
boundthenumberof iterationswithin loops. Loop bounds
are requiredto addressthe halting problem, i.e., without
loop bounds,the WCET could not be bounded. Upper
boundson loops can be suppliedby the programmeror,
whenpossible,inferredby programanalysis. In practice,
statically �x ed loop boundsnot only presentan inconve-
nienceto programmerswhomayhaveto specifythem,they
also restrict the programsthat worst-casetiming analysis
canbound.

Parametrictiming analysis(PTA) [42] lifts this require-
ment. Insteadof statically known loop bounds,variable-
length loopsarepermitted,e.g., loopscanbe boundedby
n iterations. The only restrictionimposedis that the loop
boundn beknown prior to enteringtheloop duringexecu-
tion. Sucha relaxationconsiderablywidensthe scopeof
analyzableprogramsand makes timing analysismore at-
tractive for real-world embeddedapplications.



Pastwork on PTA focusedon the challengesof timing
analysisto derive parametricexpressionsthat bound the
WCET of parametricloopsaspolynomial functions. The
valuesaffecting theexecutiontime, suchasloop boundn,
aretheparametersto sucha function.

This paperfocuseson assessingthebene�ts of PTA for
onlineschedulingand,mostsigni�cantly, for dynamicvolt-
agescaling. Our work contributesa novel techniqueto let
PTA interactwith a dynamicscheduler. When discover-
ing actualloop boundsduring executionprior to entering
a loop, a lower WCET boundcanbecalculatedon-the-�y.
This tighterboundon theremainingexecutionoverheadof
a taskmaythenallow schedulingdecisionsto be triggered
synchronouslywith the executionof the task. We analyze
thesebene�ts of PTA resultingfrom dynamicallydiscov-
eredslack.

Slackmaynotonlybeutilizedfor executionof additional
tasksin admissionscheduling,it canalsobe exploited for
powermanagement.Recently, numerousapproachesto dy-
namic voltagescaling(DVS) methodshave beenstudied,
both for general-purposesystems[16, 18, 34, 44] and as
well asreal-timesystems[17, 39, 35, 6,14, 6, 22, 46, 37, 23,
27]. The corevoltageof contemporaryembeddedproces-
sorscanbereducedwhenalsoloweringtheir frequency. At
a lower executionrate,power is signi�cantly reducedsince
power is proportionalto thefrequency andto thesquareof
thevoltage:P / V 2 � f .

Past real-time scheduling algorithms have exploited
static and dynamic slack in inter-task DVS approaches
[17, 39, 35, 6,22, 46, 37, 23, 27] aswell asintra-tasksaving
schemes[31, 14, 6, 2]. Dynamicslackdiscoveryis typically
basedon earlytaskcompletionor assessingtheprogressof
executionbasedonpastexecutions.

Our work takes a novel approach. Insteadof depend-
ing onsavingsfrom pastexecution,slackcanbesafelypre-
dictedfor future execution. To this extent,we exploit early
knowledgeof parametricloop bounds,which allows us to
more tightly boundthe remainderof executionof a task.
We thenassessthe potentialfor dynamicpower conserva-
tionvia ParaScale, ourintra-taskDVSalgorithm.ParaScale
allows tasksto besloweddownwhenmoreslackbecomes
available,in contrastto pastreal-timeDVS schemeswhere
taskswereactuallyspedup in laterstagesasthey approach
their deadline[17].

To evaluateParaScale,we perform PTA on MIPS-like
assemblygeneratedby gcc. We thenassessthebene�ts of
exploiting PTA in thecontext of DVS by simulatingexecu-
tion within acustomizedSimpleScalarframework [10] that
supportsmulti-tasking,allows thespeci�cationof a custom
schedulerwith or without DVS policies, and supportsan
assessmentof consumedpower throughenhancedWattch
power models[9]. Our resultsdemonstratethat the para-
metric approachto timing analysis,suchas in ParaScale,

providessigni�cant savings, not only in termsof generat-
ing dynamicslackbut also in its potentialfor power sav-
ings. We further show that usingthis approachcombined
with online intra-taskDVS to exploit parametricexecution
timesresultsin much lower power consumptionby itself,
i.e., without any scheduler-assistedDVS savings. Hence,
evenin theabsenceof dynamicscheduling,signi�cant sav-
ings in power can be obtained,e.g., in the caseof cyclic
executives.

Thepaperis structuredasfollows. Sections2 and3 pro-
videinformationonstaticaswell asparametrictiming anal-
ysis. Section4 discussesthe context in which parametric
timing resultsareused.Section5 introducesthesimulation
framework. Section6 elaborateson the experimentsand
resultsthat we have obtained. Section7 discussesrelated
work, andSection8 summarizesthework.

2. Timing Analysis
Knowledgeof worst-caseexecutiontimes (WCETs) is

necessaryfor most hard real-time systems. The WCET
mustbe known andsafelybounded,so that the feasibility
of schedulingtasksetsin the systemmay be determined,
givenaschedulingpolicy, suchasrate-monotoneorearliest-
deadline-�rst scheduling[26]. Timing analysismethods
typically fall into two categories– staticanddynamic. It has
beenshownthatdynamictiminganalysismethods,basedon
trace-drivenor experimentalmethods,cannotguaranteethe
safetyof WCET valuesobtained[43]. Architecturalcom-
plexities, dif�culties in determiningworst-caseinput sets
and the exponentialcomplexity of performingexhaustive
testingover all possibleinputs are also reasonswhy dy-
namictiming analysismethodsareinfeasiblein general.

In contrast,statictiming analysismethodsguaranteeup-
per boundson WCET of tasks. In the following, we con-
strainourselvesto a toolsetdevelopedin ourpreviouswork
[20, 32, 45, 30]. Statictiming analysismodelsthetraversal
of all possibleexecutionpathsin thecode.Executiontim-
ing is determinedindependentof programtracesor values
of programvariables. The behavior of architecturalcom-
ponentsis capturedasexecutionpathsaretraversed.Paths
arecomposedto form functions,loops,etc.until �nally the
entireapplicationis covered.Hence,we obtaina boundon
theWCETandtheworst-caseexecutioncycles(WCECs).

The organizationof this timing analysisframework is
presentedin Figure 1. An optimizing compiler is modi-
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Figure 1. Static Timing Anal ysis Framework

�ed to producecontrol-�ow andbranchconstraintinforma-
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tion, asa side-effect of the compilationprocess.Control-
�o w graphsandinstructionanddatareferencesareobtained
from assemblycode.Oneof theprerequisitesof statictim-
ing analysisis that an upperboundon thenumberof loop
iterationsbeprovidedto thesystem.

Thecontrol-�ow informationis usedby a staticinstruc-
tion cachesimulator to constructa control-�ow graphof
the programandcachingcategorizationsfor eachinstruc-
tion. This control-�ow graphconsistsof thecall graphand
thecontrol �o w for eachfunction. Thecontrol-�ow graph
of the programis analyzed,and a cachingcategorization
for eachinstructionand datareferencein the programis
produced. Eachloop level containingthe instructionand
datareferencesis analyzedto obtain separatecategoriza-
tions. Thesecategorizationsfor instructionreferencesare
describedin Table1.

CacheCategory De�nition

alwaysmiss Instructionmay not be in cachewhen
referenced.

alwayshit Instructionwill bein cachewhenrefer-
enced.

�rst miss Instructionmay not be in cacheon 1st
referencefor eachloopexecution,but is
in cacheonsubsequentreferences.

�rst hit Instructionis in cacheon 1st reference
for eachloop execution,but maynot be
in cacheonsubsequentreferences.

Table 1. Instruction Categories for WCET

The control-�ow, the constraint information, the
architecture-speci�cinformation and cachingcategoriza-
tions are used by the timing analyzerto derive WCET
bounds.Effectsof datahazards(load-dependentinstruction
stallsif auseimmediatelyfollowsaloadinstruction),struc-
tural hazards(instructiondependenciesdue to constraints
on functional units), branchprediction and cachemisses
(obtainedfrom thecachingcategorizations)areconsidered
by a pipelinesimulatorfor eachexecutionpath througha
function or loop. We canaccommodatestaticbranchpre-
diction in theWCET analysisby addingthemisprediction
penaltyto thenon-predictedpath.

Pathanalysisis thenperformedto selectthe longestex-
ecution path, and once timing resultsfor alternatepaths
areavailable,a �x ed-pointalgorithmquickly convergesto
safelyboundthetime for all iterationsof a loop.

WCET boundsfor eachpath, theneachloop, for each
functionand�nally for theentiretaskis thenderivedby the
timing analyzerby theconstructionof a timing tree,which
is processedin abottomupmanner. WCET's for outerloop
nest/callerfunctionsarenotevaluateduntil thetimesfor in-
nerloop nests/calleesarecalculated.

3. Parametric Timing Analysis
In thestatictiming analysismethodpresentedabove,up-

perboundson loop iterationsmustbeknown. They canbe
providedby theuseror maybe inferredby analysisof the
code. This severely restrictsthe classof applicationsthat
can be analyzedby the timing analyzer. We refer to this
classof timing analyzersasnumerictiminganalyzerssince
they provideasingle,numericcyclevalueprovidedthatup-
perloopboundsareknown.

Parametric timing analysis (PTA) [42], in contrast,
makes it possibleto supporttiming predictionswhen the
numberof iterationsfor a loop is notknown until run-time.

call IntraT askScheduler(eval loop k(n));
for (i = 0; i< n ; i++ ) // maxn = 1000

loopbody;

// Parametric Evaluation Function
int eval loop k(int loop bound) f

return (102* loop bound);
g

Figure 2. Use of Parametric Timing Anal ysis

Considertheexamplein Figure2. Thefor loop denotes
applicationcodetraditionally subjectto numericaltiming
analysisfor an annotatedupper loop boundof 1000 iter-
ations. PTA requiresthat the value of n be known prior
to loop entry. The bold-facecodedenotesadditionalcode
generatedby PTA.

PTA enhancesthis code with a call to the intra-task
schedulerand provides a dynamically calculated,tighter
boundon theWCET of theloop. ThetighterWCETbound
is calculatedby an evaluation function generatedby the
PTA framework. It performstheboundscalculationbased
onthedynamicallydiscoveredloopboundn. Thescheduler
hasaccessto theWCETboundof theloopderivedfrom the
annotated,static loop boundby static timing analysis. It
cannow anticipatedynamicslackasthedifferencebetween
the static and the parametricWCET boundsprovided by
the evaluationfunction. Without parametrictiming analy-
sis,thevalueof n wouldhavebeenassumedto bethemax-
imumvalue,i.e., 1000in this case.

The conceptis to calculatea formula (or closedform)
for the WCET of a loop, such that the formula depends
on n, the numberof iterationsof the loop. The calcu-
lation of this formula, [102*n in Figure 2 ], needsto be
relatively inexpensive sinceit will be usedat run-time to
make schedulingdecisions.Thesedecisionsmayentailse-
lection/admissionof additionaltasksor modulationof the
processorfrequency/voltageto conserve power. Hence,in-
steadof passinganumericvaluerepresentingtheexecution
cyclesfor loopsor functionsup thetiming tree,a symbolic
formula is providedif thenumberof iterationsof a loop is
not known.
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cycles= iter = 0;
do f

iter = iter + 1;
wcpath= �nd thelongestpath;
cycles= cycles+ wcpath! cycles;

g while (cachingbehavior of wcpathchanges);
basecycles= cycles- (wcpath! cycles* iter);

Figure 3. Parametric Loop Anal ysis Algorithm

Thealgorithmin Figure3 is anabstractionof therevised
loopanalysisalgorithmfor PTA. Thisalgorithmiteratesto a
�x edpoint, i.e., until thecachingbehavior doesnotchange.
Thenumberof basecyclesobtainedfrom thisalgorithm,be-
forethe�nal worst-casepathtimeis obtained,is thensaved.
It cansubsequentlybeusedto detectthenumberof cycles
in a loopasfollows:

W CETloop = W CETpath � n + basecycles (1)

Equation1 illustratesthattheWCETof theloopdepends
onthebasecyclesandtheWCETpathtime(bothconstants)
aswell ason thenumberof loop iterations,whichwill only
be known at run-time for variable-lengthloops.Thetim-
ing analyzerprocessesinner loopsbeforeouterloops,and
nestedinner loops are representedas single blocks when
processingapathin theouterloop. Werepresentloopswith
symbolicformulae(ratherthanaconstantnumberof cycles)
whenthenumberof iterationsis not staticallyknown. The
WCETfor theouterloop is simply thesymbolicsumof the
cyclesassociatedwith aformularepresentingtheinnerloop
aswell asthecyclesassociatedwith therestof thepath.

Similar to numerictiming analysis,certainrestrictions
still apply. Indirectcallsandunstructuredloops(loopswith
morethanoneentry point) cannotbe handled. Recursive
functionscan,in theory, be handledif the recursiondepth
is known staticallyor, via parametricanalysis, if thedepth
canbe inferreddynamicallyprior to the �rst functioncall.
Upperboundson theloop iterations,parametricor not,still
neednotbeknown but theboundscanbepessimisticasthe
actualboundsarenow discoveredduringruntime. In addi-
tion, the timing analysisframework hasto be enhancedto
automaticallygeneratesymbolicexpressionsre�ecting the
parametricoverheadof loops, which will be evaluatedat
runtime.

Basedonthesesymbolicformulaefor loops,ascheduler
candynamicallyadjusttheschedulebasedon theparamet-
ric estimateof theWCET of a task. Additional tasksmay
be introduced,and the voltageand frequency canalso be
reducedto save power.

If thecodewithin a taskis changedto includesymbolic
WCETformulaeaswell ascallsto calculatetheseformulae,
thenprevioustiming estimatesaswell ascachingbehavior
of thetaskmightbechanged.Hence,ratherthaninsertinga
formuladirectly into thesourcecodeat thepoint of usage,
a functionis invokedthatevaluatesthesymbolicformula.

Use Annotated C Source File
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C Source File

C Source File
Annotated with

Parametric Evaluation
Functions

Parametric Formula
Changed ?

Send Annotated C Source
File to the Parametric Timing Analyser 

Parametric
Timing Analyzer

for execution on Simulator
Figure 4. Flow of Parametric Timing Anal ysis

Oncea task hasbeenenhancedwith theseparametric
functionsandtheir callsprior to loops,thetiming analyzer
must be reinvoked to analyzethe newly enhancedcode.
Thisallowsusto capturetheWCETof generatedfunctions
andtheirinvocationsin thecontext of atask.Noticethatany
re-invocationof thetiming analyzerpotentiallychangesthe
parametricformulaeandtheircorrespondingfunctionssuch
thatwe have to iteratethroughthetiming analysisprocess.
This is illustratedin Figure4 wheretheprocessof generat-
ing formulaeis iterated.Theiterative processconvergesto
a �x edpoint whenparametricformulaereachstablestates.
Typically, theparametrictiming analysisandcalculationof
theparametricformulaetakelessthanasecondto complete.
Sincethis is anof�ine process,it doesnot addto theover-
headof theexecutionof theparameterizedsystem.

4. Using Parametric Expressions

In theprevioussection,we illustratedtheprocessof em-
beddingparametricexpressionsandassociatedevaluations
functionsinto thecodeof tasks.Apart from theseinserted
functioncalls,we alsoinsertcalls to transfercontrol to the
DVS componentof an optionaldynamicschedulerbefore
enteringparametricloops,asshown in Figure2. Thepara-
metricexpressionsareevaluatedat run-time(usingevalua-
tion functionssimilarto theonein theFigure)asknowledge
of actualloopsboundsbecomesavailable. The newly cal-
culated,tighter bound,on the executiontime for the para-
metricloop is passedalongto thescheduler. Thescheduler
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Figure 5. Experimental Framework

is ableto calculatesavingsin executiontime by comparing
WCECsfor that particular loop with the newly available
executiontime. TheWCECsfor eachloop andthe taskas
a whole areprovided to the schedulerby the statictiming
analysistoolset. Staticloop boundsfor eachloop arepro-
videdby hand.Automaticdetectionof boundsis subjectto
futurework.

Savingsgainedfrom theevaluationof parametricexpres-
sionsat run-time can be exploited by the scheduler. The
slackgainedfrom thereducedexecutioncanbeusedto ad-
mit additional tasks. The schedulermay also reducethe
operatingfrequency and voltage (DVS) of the processor
to save power. In our work, we usethe knowledgeof re-
ducedexecutiontimesto reducethevoltageandoperating
frequency of theprocessor.

Ourwork is uniquein thatweexploit earlyknowledgeof
parametricloop bounds,thusallowing us to tightly bound
theoverall executionof the remainderof the task. To this
effect, we have developedan intra-taskDVS algorithmto
slow down theprocessor. Anotheruniqueaspectof our ap-
proachis that every successive parametricloop that is en-
counteredduring theexecutionof the taskpotentiallypro-
videsmoreslackand,hence,allowsusto furtherslow down
the processor. This is in sharpcontrastto past real-time
schemeswhereDVS-regulatedtasksarespedup asexecu-
tion progresses,mainly dueto approachingdeadlines.

5. Framework

An overview of our experimentalframework is depicted
in Figure5. In additionto the typical instructionanddata
informationfedto any timing analyzer, in thiscaseobtained
from thegcc-generatedPISA assemblyby a P-compiler, C
source�les arefedsimultaneouslyto boththestaticandthe
parametrictiming analyzers.Safe(but, dueto theparamet-
ric natureof loops,not necessarilytight) upperboundsfor
loops are provided as inputs to the static timing analyzer
(STA). Theworst-caseexecutiontimes/cycles,for tasksas
well asloops,providedby theSTA areprovidedasinputtoa
scheduler. TheC source�les arealsoprovidedto thePTA.

The PTA producessource�les annotatedwith parametric
evaluationfunctionsaswell ascalls to transfercontrol to
theschedulerbeforetheentryof any parametricloop. These
annotatedsource�les form thetasksetfor executionby the
scheduler. To simplify thepresentation,Figure5 omits the
loop that iteratesoverparametricfunctionstill they reacha
�x edpoint (asdiscussedin Figure4). This would createa
feedbackbetweenthePTA outputandtheC source�les that
provide theinput to thetoolset.For thesake of this discus-
sion,wealsocombinethesetof timing analysistoolsasone
componentin Figure5, i.e., we omit the internalstructure
of a staticcachesimulatorandthetiming analyzerdepicted
in Figure1.

We have implementedanEDF schedulerthatcreatesan
initial executionschedulebasedon the pessimisticWCET
valuesprovidedby theSTA. This scheduleris alsocapable
of lowering the operatingfrequency (and,hence,the volt-
age)of theprocessorbywayof its interactionwith two DVS
schemes:(a) a static DVS schemethat uniformly scales
down frequency basedonstaticslackand(b) ParaScale, an
intra-taskDVS schemethat,on top of theuniformly scaled
frequency from (a),providesfurtheropportunitiesto reduce
thefrequency basedondynamicslackgainsdueto PTA.

ThestaticDVSschemeissimilarto thestaticEDFpolicy
by Pillai andShin [35]. However, it differs in that thepro-
cessorfrequency andvoltagearereducedto their respective
minimum during idle periods. ParaScale,our parametric
DVS algorithm,startsa taskat thestaticfrequency value.It
thendynamicallyreducesthefrequency andvoltageaccord-
ing to slackgainsfrom the knowledgeon the recalculated
boundsonexecutiontimesfor parametricloops.Theeffect
of scalingis purelylimited to intra-taskscheduling,i.e., the
frequency canonly bescaleddown asmuchasthecomple-
tion dueto thenon-parametricWCET allows. Hence,each
call to theschedulerdueto enteringa parametricloop po-
tentially resultsin slackgainsandlower frequency/voltage
levels.

Thesimulationenvironment(usedin aprior study[4]) is
a customizedversionof the SimpleScalarprocessorsimu-
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lator thatexecutesso-calledPISA instructions(MIPS-like)
[10]. PISA assembly, generatedby gcc,alsoformsthe in-
put to thetiming analyzers.Theframework supportsmulti-
taskingandtheuseof schedulersthatoperatewith or with-
out DVS policies. Our enhancedSimpleScalaris con�g-
uredto modelastatic,in-orderpipeline,with universal,un-
pipelinedfunction units. We usea 64k instructioncache
andno datacache.A staticinstructioncachesimulatorac-
curatelymodelsall accessesandproducescategorizations,
suchasthoseillustratedin Table1. The datacachemod-
ule hasnot beenmodeled,asour priority wasto accurately
gaugethe bene�ts andenergy savings of usingparametric
timing analysis. For the time being, we assumea con-
stantmemoryaccesslatency for eachdata referenceand
leavestaticdatacacheanalysisfor futurework. TheWattch
model[9], alongwith certainenhancements,alsoformspart
of theframework, in that it closelyinteractswith thesimu-
lator to assesstheamountof powerconsumed.Theoriginal
Wattch model providespower estimatesassumingperfect
clockgatingfor theunitsof theprocessor. An enhancement
to the Wattchmodelprovidesmorerealisticresultsin that
apartfrom perfectclock gating for the processorunits, a
certainamountof �x edleakagepower is alsoconsumedby
unitsof theprocessorthatarenot in use.

Theminimumandmaximumprocessorfrequenciesun-
der DVS are 100MHz and 1GHz, respectively. Volt-
age/frequency pairs are loosely derived from the XScale
architectureby extrapolating37 pairs (� ve reportedpairs
between1.8V/1GHz and 0.76V/150MHz) starting from
0.7V/100MHzin 0.03V/25MHzincrements.Idle overhead
is equivalent to execution at 100MHz, regardlessof the
schedulingscheme.

6. Experimentsand Results

We createdseveral tasksetsusinga mixtureof �oating-
point and integer benchmarksfrom the C-Lab benchmark
suite[11]. Theactualtasksusedareshown in Table2. For
eachof thetasks,themaincontrolloop wasparameterized.
We had initially parameterizedloopsat all nestinglevels,
but weobserveddiminishingreturnsasthelevelsof nesting
increased.In fact, the large numberof calls to the para-
metric schedulerdueto nestinghadadverseeffectson the
power consumptionrelative to the basecase. Hence,we
limit parametriccallsto outerloopsonly.

Table 3 depictsthe period (equal to deadline)of each
task. All tasksetshave thesamehyperperiodof 1200ms.
All experimentsexecutedfor exactlyonehyperperiod.This
facilitatesa direct comparisonof energy valuesacrossall
variationsof factorsmentionedin Table4.

Theparametersfor theexperimentsaredepictedin Table
4. We varyutilization, theratioof worst-caseto parametric
executiontimes(PETs),andDVS supportasfollows:

Base executestasksat maximumprocessorfrequency and

C Benchmark Function WCET
Cycles Time [ms]

adpcm Adaptive Differ-
ential PulseCode
Modulation

121,386,894 121.39

cnt Sumandcountof
positiveandnega-
tivenumbersin an
array

6,728,956 6.73

lms An LMS adaptive
signal enhance-
ment

1,098,612 10.9

mm Matrix Multipli-
cation

67,198,069 67.2

Table 2. Task Sets of C­Lab Benc hmarks and
WCETs (at 1GHz)

Utilization Period= Deadline[ms]
adpcm cnt lms mm

20% 1200 240 600 1200
50% 1200 75 60 600
80% 1200 50 40 240

Table 3. Periods for Task Sets

upton, theactualnumberof loopiterations(notneces-
sarily themaximumnumberof staticallyboundediter-
ations)for parametricloops.Thefrequency is changed
to the minimum availablefrequency during idle peri-
ods.

Static DVS lowers the executionfrequency to the lowest
valid frequency basedon systemutilization. For ex-
ample,at80%utilization,thefrequency chosenwould
be80%of themaximumfrequency. Idle periods,due
to early taskcompletion,arehandledat theminimum
frequency.

Parametric is the sameas Baseexcept that calls to the
parametricschedulerare issuedprior to parametric
loopswithout taking any schedulingaction. This as-
sessestheoverheadin schedulingof theparametricap-
proachover thebasecase.

ParaScale combinesstaticandintra-taskDVSsothattasks

Parameter Rangeof Values
Utilization 20%,50%,80%

RatioWCET/PET 1x, 2x, 5x, 10x,15x,20x
Base

DVS StaticDVS
algorithms Parametric

ParaScale

Table 4. Parameter s Varied in Experiments
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starttheirexecutionatthelowestvalid frequency based
on systemutilization. Beforea parametricloop is en-
tered,the frequency is scaleddown further according
to thedifferencebetweentheWCETboundof theloop
and the parametricboundof the loop calculateddy-
namically. ParaScalealsoexploits savings dueto al-
readycompletedexecutionrelative to the WCET for
frequency scaling.(Thesesavingsaresmallcompared
to the savings of parametricloops since parametric
loopsgenerallyoccurearlyin thecode.)

Notice that all schedulingcasesresult in the same
amountof work beingexecutedduring thehyperperiod(or
any integer multiple thereof)dueto the periodicnatureof
the real-timeworkload. Hence,to assessthe bene�ts in
termsof powerawareness,we canmeasuretheenergy con-
sumedover sucha �x ed periodof time andcomparethis
amountbetweenschedulingmodes. Two typesof energy
measurementsarecarriedout during thecourseof our ex-
periments:
PCG: Energy usedwith perfectclockgating(PCG)– only

processorunits that are usedduring execution con-
tribute to the energy measurements.This isolatesthe
effectof theparametricapproachondynamicpower.

PCGL: Energy usedwith perfectclock gatingfor thepro-
cessorunits and a leakage (PCGL) value for the re-
mainderof theprocessor. This illustratestheeffect of
staticpower, which is becomingmoreandmore im-
portantfor smallerfabrication(die)sizes.

We alsovary theratio of worst-caseto actual(paramet-
ric) executiontimesto studytheeffect of variationsin exe-
cutiontimesandmaketheexperimentalresultsmorerealis-
tic. Moreoftenthannot, theworst-caseanalysisof systems
resultsin overestimationsof WCET. ParaScalecantakead-
vantageof this to obtainadditionalenergy savings.
Overall Trends

Figure6 depictsthe total energy consumptionfor each
experiment.While Figure6(a)depictstheenergy consump-
tion for the casewhere the WCET overestimationis as-
sumedto be twice thatof PET, Figure6(b) depictstheen-
ergy consumptionfor anoverestimationfactorof ten. Both
graphsbreakdown thedatainto differentutilization factors
for theimplementations.In bothgraphs,weseethattheen-
ergy consumptionby theParaScaleimplementationis much
lower thanfor thebaseor staticDVS cases.In fact,ParaS-
calealwaysconsumesthe leastamountof energy for any
givenutilization.

Frombothgraphs,weseesigni�cant savingswhile using
ourParaScalemodelover theBasecase,rangingfrom 66%
for Figure6(b) to 80%for 6(a). Thesavingsover staticare
16-60%for 2x under20%and80%utilization,respectively.
LeakagePower

The resultspresentedin Figure6 arefor energy values
assumingperfectclock gating(PCG)within theprocessor,

i.e., they re�ect thedynamicpowerconsumptionof thepro-
cessor. Theseresultsisolatetheactualgainsdueto thepara-
metricapproach.However, dynamicpower is not theonly
sourceof power consumptionon contemporaryprocessors,
whichusuallyhavesomeleakagepowercausedby inactive
processorunits. In Figure7, we presentenergy consump-
tion with perfectclockgatingandaconstantleakagepower
(PCGL) for functionunits thatarenot beingused.We still
seethatresultsfor experimentsthatusetheparametricfor-
mulaeoutperformthosethatdonot. Mostnoticeablearethe
resultsfor ParaScale(at the right end),which usesa com-
binationof staticDVS andintra-taskparametricDVS. We
observe the leastamountof energy consumptionfor these
casesunderall utilization scenarios.ParaScale,our com-
binedstaticandparametricDVS, in contrast,outperforms
all othersby signi�cant margins.
WCET/PET Ratio and Utilization

We observe slightly smallerenergy savings for higher
WCET factors(10x) when comparedto lower ones(2x).
This is dueto thefactthatmoreslackis availablein thesys-
tem for the staticalgorithmto reducefrequency andvolt-
age. Irrespective of the overestimationfactor, ParaScale
performsthebestfor all utilizations. Anotherusefulresult
is thatour techniqueperformsbetterfor higherutilizations,
asseenfor theresultsfor theexperimentswith 80%utiliza-
tion in Figures6 and7. As theParaScaletechniqueis able
to take advantageof intra-taskschedulingbasedon knowl-
edgeaboutpastaswell asfutureexecutionfor a task,it is
able to lower the frequency more aggressively than other
DVS algorithms.This is morenoticeablefor higherutiliza-
tion tasksetsbecauselessstaticslack is availableto static
algorithmsfor frequency scaling.
Parametric SchedulerOverhead

In Figures6 and7, we observe a striking similarity be-
tweenresultsfor baseandparametriccases,but parametric
resultsareslightly worse. In the parametriccase,thereis
additionaloverheadin calling theparametricschedulerbe-
fore enteringinto parametricloopswhile that both setsof
experimentsareidenticalin every otherregard.Hence,the
differenceillustratesthe low overheadof suchadditional
schedulercalls.Asmentionedbefore,wealsoexperimented
with nestedparametricloops, which showed signi�cantly
higherenergy valuesof theparametriccasewhencompared
to the basecounterparts.Hence,nestedparametricloops
wereconsideredanimpracticalapproach.

Overall, theseresultsshow that our parametricimple-
mentation,when combinedwith DVS, as seenin ParaS-
cale,outperformsimplementationsthatdo not make useof
parametricknowledge.Themostsigni�cant gainsin energy
conservationareseenwhenleakageisconsideredin thepro-
cessor. Without takingleakageinto account,we still obtain
solid gains. Thus,we canachieve signi�cant energy sav-
ingson contemporaryprocessors,without signi�cant leak-
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(b) 10xOverestimationFactor

Figure 6. Energy consumption for PCG Wattc h Model

�

� � �

� � � �

� � � �

� � � �

� � � �

� � � �

� � � � � 	� 	
� �
 � � � � � � � � 	� 
� � � � � � � � ��

�
��

��
��

�
��

��
�

�	

�

��
�

��

� � �
� � �
 � �

(a)2x OverestimationFactor

�

� � �

� � � �

� � � �

� � � �

� � � �

� � � �

� � � � � 	� 	
� �
 � � � � � � � � 	� 
� � � � � � � � ��

�
��

��
��

�
��

��
�

�	

�

��
�

��

� � �
� � �
 � �

(b) 10xOverestimationFactor

Figure 7. Energy Consumption for PCGL Wattc h Model

ageasa contributor to power consumption.Any technique
that further reducesleakagewill inadvertentlyresultin ad-
ditional gainswhile usingour parametrictechniques,i.e.,
ourparametricapproachcomplementsleakageawareness.

7. RelatedWork
Timing analysishasbecomeanincreasinglypopularre-

searchtopic. This canbe attributedin part to the problem
of increasingarchitecturalcomplexity, which makesappli-
cationslesspredictablein termsof their timing behavior,
but it mayalsobedueto theabundanceof embeddedsys-
temsthat we have recentlyseen. Often, applicationareas
of embeddedsystemsimposestringenttiming constraints,
andsystemdevelopersare becomingaware of a needfor
veri�ed boundson executiontimes.While dynamictiming
methodscannotprovide safeboundson the WCET, static
timing analysiscan[43]. Nonetheless,dynamicboundscan
complementstaticonesby providingameansto assesstheir
tightness.

Thesedevelopmentsare re�ected in the researchcom-
munity wherenumerousmethodsfor statictiming analysis
havebeendevised,rangingfrom unoptimizedprogramsex-
ecutingon simpleCISCprocessorsto optimizedprograms
on pipelinedRISCprocessorsandevenuncachedarchitec-
turesto instructionanddatacachesaswell asbranchpre-
diction andlocking caches[33, 36, 19, 25, 21, 32, 45, 15,
28, 24, 13, 29, 41, 40].

In the past, path expressionswere used to combine
a source-orientedparametricapproachof WCET analysis
with timing annotations,verifying the latter with the for-
mer, particularlyby Chapmanet al. [12]. BernatandBurns
proposedalgebraicexpressionsto representthe WCET of
programs[7]. Bernatat el. usedprobabilisticapproaches
to expressexecutionboundsdown to thegranularityof ba-
sic blocksthat could be composedto form largerprogram
segments[8]. Yet, thecombinerfunctionsarenot without
problems,andtiming of basicblocksrequiresarchitectural
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knowledgesimilar to statictiming analysistools.
Parametrictiming analysisby Vivancoset al. [42] �rst

introducedtechniquesto handlevariableloop boundsasan
extensionto statictiming analysis.Their work focuseson
theuseof staticanalysismethodsto derive parametricfor-
mulaeto boundvariable-lengthloops. Our work, in con-
trast,assessesthe bene�ts of this work, particularlyin the
realmof power-awareness.

The effectsof DVS on WCET have beenstudiedin the
FAST framework [38]. Here,parametrizationwasusedto
model the effect of memorylatencieson pipelinestallsas
processorfrequency is varied. In our timing analyzer, we
currentlydonotmodeltheseeffects.Thisdoesnotaffectthe
correctnessof our approachsinceWCET boundsaresafe
withoutsuchmodeling,but they maynotbetight, asshown
in theFAST framework. Hence,thebene�ts of parametric
DVS mayevenbelargerthanwereporthere.

The VISA framework suggestedarchitecturalenhance-
mentsto gaugeprogressof executionby sub-taskpartition-
ing andexploitsintra-taskslackwith DVS techniques[4, 5].
Theirtechniquedid notexploit parametricloops.Ourwork,
in contrast,takesadvantageof dynamicallydiscoveredloop
boundsanddoesnotrequireany modi�cationsat themicro-
architecturelevel.

The most closely related work in terms of intra-task
DVS is the idea of power managementpoints (PMPs)
[2, 3, 1]. In this work, path-dependentpower manage-
menthints(PMHs)wereusedto aggregateknowledgeabout
“saved” executiontime comparedto theworst-caseexecu-
tion that would have beenimposedalong differentpaths.
This work differs in that it exploits knowledgeaboutpast
executionwhile wediscoverloopboundsthatlet usprovide
tighterboundsonpastandfutureexecutionwithin thesame
task. The work is alsoevaluatedwith SimpleScalar, albeit
with a moresimplisticpower model(E = CV 2) while we
assesspowerat themicro-architecturelevel usingenhance-
mentsof Wattch[9]. Again,our resultscouldpotentiallybe
further improvedby alsobene�ting from knowledgeabout
pastexecution,whichmayleadto additionalpowersavings.
This is subjectto futurework.

8. Conclusion

In this paper, we have shown how parametrictiming
analysiscanbene�t decision-makingprocessesduring on-
line scheduling,particularly for power-aware scheduling.
The technicalcontributionsareas follows. First, a �x ed-
pointapproachfor embeddingparametricformulaeinto ap-
plication codeis developed,which boundsthe worst-case
execution time of not only the applicationcodebut also
the embeddedparametricfunctionsand their calls. Prior
to enteringa parametricloop, the actualloop boundsare
discoveredandcanthusprovide a lower WCET boundfor
the remainingexecutionof the task. Second,we quantify

thebene�tsfrom parametricanalysisin termsof powersav-
ingsfor soleintra-taskDVS aswell asParaScale,our com-
binedintra-taskandstaticinter-taskDVS. Here,parametric
loopsareexploited to graduallyscaledown the frequency
asparametricloop boundsarediscoveredoneby one. We
observe savings rangingfrom 66% to 80% in power over
DVS-oblivioustechniques,dependingonsystemutilization
andthe amountof overestimationfor loop bounds.These
bene�ts areuniqueto parametrictiming analysisandcan-
not be achieved by conventionaltiming analysismethods
dueto lackof knowledgeaboutremainingexecutiontimes.
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