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Abstract

Static timing analysissafelyboundsworst-caseexecu-
tion timesto determinef taskscan meettheir deadlinesn
hard real-timesystemsHowever, corventionaltiminganal-
ysisrequiresthat the upperboundof loopsbe knownstati-
cally, which limits its applicability. Parametrictiming anal-
ysismethodsemorethis constaint by providingthe WCET
asa formulaparameterizednloop bounds.

This papercontributesa novel techniqueto allow para-
metric timing analysisto interact with dynamicreal-time
schedules. 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 slak in a schedule We thenassesghe potential
for dynamicpower conservationby exploiting parametric
loop boundsfor ParaScale our intra-taskdynamicvoltage
scaling (DVS)approad. Our resultsdemonstate that the
parametricapprach to timing analysisprovides66%-80%
additionalsavingsin powerconsumption\e further show
that using this approach combinedwith online intra-task
DVSto exploit parametricexecutiontimesresultsin mud
lower power consumption.Hence evenin the absenceof
dynamicscheduling signi cant savingsn powercanbeob-
tained,e.g, in thecaseof cyclic executives.

1. Intr oduction

Embeddedystemsreincreasinglydeployedin erviron-
mentswheresafetyis of the utmostconcernrangingfrom
avionicsto power plantsto theautomotveindustry Valida-
tion of softwarein suchsystemss of increasingmportance
dueto thistrend. Progranmvalidationtraditionally concerns
the correctnes®f the input/outputrelation. In additionto
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I/O correctnessmnary embeddedystemsalsoimposetim-

ing constraintswhich, if violated, may not only rendera
systemnonfunctional put is alsodangerouso the erviron-

ment. Thesesystemsarecommonlyreferredto asreal-time
systems.They imposedeadlineson computationatasksto

ensurethatresultsare suppliedon time. Often, anapprox-
imate resultsuppliedon time is preferablyto a more pre-
ciseresultthatbecomesvailablelate, i.e., after the dead-
line. In orderto verify that real-time systemswill meet
their deadlines designergequirethat the worst-caseexe-
cutiontime (WCET) of eachtaskin areal-timesystembe
known. The processof automaticallyand statically deter

mining the WCET of a programor taskis called timing

analysis. Schedulingdecisionsare basedon eachtask's
WCET andthetotal timein the schedule.

Timing analysisprovidesboundson the WCET, andthe
closertheseboundsareto thetrueworst-casethehigherthe
value of the analysis. But timing analysisis by no means
an easytask. Any boundon executiontime rst of all re-
guiresconstraintgo beimposedon the timed code(tasks).
Themoststriking restrictionis therequiremento statically
boundthe numberof iterationswithin loops. Loop bounds
are requiredto addresshe halting problem,i.e., without
loop bounds,the WCET could not be bounded. Upper
boundson loops can be suppliedby the programmeror,
when possible,inferred by programanalysis. In practice,
statically x ed loop boundsnot only presentan incorve-
nienceto programmersvho mayhave to specifythem,they
also restrict the programsthat worst-casetiming analysis
canbound.

Parametrictiming analysis(PTA) [42] lifts this require-
ment. Insteadof statically known loop bounds,variable-
lengthloops are permitted,e.g., loops canbe boundedby
n iterations. The only restrictionimposedis that the loop
boundn beknown prior to enteringthe loop during execu-
tion. Sucha relaxationconsiderablywidensthe scopeof
analyzableprogramsand makes timing analysismore at-
tractive for real-world embeddedpplications.



Pastwork on PTA focusedon the challengesof timing
analysisto derive parametricexpressionsthat bound the
WCET of parametridoops as polynomial functions. The
valuesaffecting the executiontime, suchasloop boundn,
arethe parameters$o sucha function.

This paperfocuseson assessinghe bene ts of PTA for
onlineschedulingand,mostsigni cantly, for dynamicvolt-
agescaling. Our work contritutesa novel techniqueto let
PTA interactwith a dynamicscheduler When discover-
ing actualloop boundsduring executionprior to entering
aloop, alower WCET boundcanbe calculatedon-the- y.
This tighter boundon the remainingexecutionoverheadof
ataskmaythenallow schedulingdecisiongto be triggered
synchronouslywith the executionof the task. We analyze
thesebene ts of PTA resultingfrom dynamicallydiscov-
eredslack.

Slackmaynotonly beutilizedfor executionof additional
tasksin admissionschedulingjt canalsobe exploited for
power managementRecently numerousapproacheto dy-
namic voltagescaling (DVS) methodshave beenstudied,
both for general-purpossystemg[16, 18, 34, 44] and as
well asreal-timesystemg17, 39, 35, 6,14, 6, 22, 46, 37, 23,
27]. The corevoltageof contemporarembeddegroces-
sorscanbereducedvhenalsoloweringtheirfrequeng. At
alower executionrate,power is signi cantly reducedsince
power is proportionalto the frequeny andto the squareof
thevoltage:P / V2 f.

Past real-time scheduling algorithms have exploited
static and dynamic slack in intertask DVS approaches
[17, 39, 35, 6,22, 46, 37, 23, 27] aswell asintra-tasksasing
scheme§31, 14, 6, 2]. Dynamicslackdiscoveryis typically
basedn earlytaskcompletionor assessinthe progresf
executionbasedn pastexecutions.

Our work takes a novel approach. Insteadof depend-
ing on savingsfrom pastexecution,slackcanbe safelypre-
dictedfor future execution To this extent, we exploit early
knowledgeof parametridoop bounds,which allows usto
more tightly boundthe remainderof executionof a task.
We thenassesshe potentialfor dynamicpower consera-
tionvia ParaScalgourintra-taskDVS algorithm.ParaScale
allows tasksto be sloweddownwhenmoreslackbecomes
available,in contrasto pastreal-timeDVS schemesvhere
taskswereactuallyspedup in laterstagesasthey approach
theirdeadlineg[17].

To evaluateParaScalewe perform PTA on MIPS-like
assemblygeneratedy gcc. We thenassesshe bene ts of
exploiting PTA in the context of DVS by simulatingexecu-
tion within a customizedSimpleScalaframework [10] that
supportanulti-tasking,allows the speci cationof a custom
schedulemwith or without DVS policies, and supportsan
assessmendf consumedpower throughenhancedVattch
power models[9]. Our resultsdemonstratéhat the para-
metric approachto timing analysis,suchasin ParaScale,

providessigni cant savings, not only in termsof generat-
ing dynamicslack but alsoin its potentialfor power sav-
ings. We further shaw that usingthis approachcombined
with online intra-taskDV'S to exploit parametricexecution
timesresultsin much lower power consumptiorby itself,
i.e., without ary scheduleiassistedDVS savings. Hence,
evenin theabsenc®f dynamicschedulingsigni cant sav-
ings in power can be obtained,e.g., in the caseof cyclic
executies.

The paperis structuredasfollows. Section®2 and3 pro-
videinformationon staticaswell asparametri¢ciming anal-
ysis. Section4 discusseghe context in which parametric
timing resultsareused.Section5 introduceghe simulation
frameawvork. Section6 elaborateson the experimentsand
resultsthat we have obtained. Section7 discusseselated
work, andSection8 summarizeshework.

2. Timing Analysis

Knowledge of worst-case=xecutiontimes (WCETS)is
necessanfor most hard real-time systems. The WCET
mustbe known and safely bounded so that the feasibility
of schedulingtask setsin the systemmay be determined,
givenaschedulingpolicy, suchasrate-monotoner earliest-
deadline- rst scheduling[26]. Timing analysismethods
typically fall into two catayories— staticanddynamic It has
beenshavnthatdynamictiming analysismethodshasedn
trace-drivenor experimentaimethodscannotguarante¢he
safetyof WCET valuesobtained[43]. Architecturalcom-
plexities, dif culties in determiningworst-caseinput sets
and the exponentialcompleity of performingexhaustve
testingover all possibleinputs are also reasonswhy dy-
namictiming analysisnethodsareinfeasiblein general.

In contraststatictiming analysismethodgyuaranteeip-
per boundson WCET of tasks. In the following, we con-
strainourselhesto atoolsetdevelopedin our previouswork
[20, 32, 45, 3Q]. Statictiming analysisnodelsthetraversal
of all possibleexecutionpathsin the code. Executiontim-
ing is determinedndependenbf programtracesor values
of programvariables. The behaior of architecturalcom-
ponentss capturedasexecutionpathsaretraversed.Paths
arecomposedo form functions,loops,etc. until nally the
entireapplicationis covered.Hence we obtaina boundon
the WCET andtheworst-casexecutioncycles(WCECS).

The organizationof this timing analysisframework is
presentedn Figure 1. An optimizing compileris modi-
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Figure 1. Static Timing Analysis Framework
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tion, asa side-efect of the compilationprocess.Control-
o w graphsandinstructionanddatareferenceareobtained
from assemblycode.Oneof the prerequisite®f statictim-

ing analysisis thatan upperboundon the numberof loop

iterationsbe providedto the system.

The control- ow informationis usedby a staticinstruc-
tion cachesimulatorto constructa control- ow graph of
the programand cachingcategorizationsfor eachinstruc-
tion. This control- ow graphconsistsof the call graphand
the control o w for eachfunction. The control- ow graph
of the programis analyzed,and a cachingcateyorization
for eachinstructionand datareferencein the programis
produced. Eachloop level containingthe instructionand
datareferencess analyzedto obtain separatecateyoriza-
tions. Thesecataorizationsfor instructionreferencesare
describedn Tablel.

|CacheCatayory]
alwaysmiss

De nition |
Instructionmay not be in cachewhen
referenced.

Instructionwill bein cachewhenrefer
enced.

Instructionmay not be in cacheon 1st
referencdor eachloop execution,butis
in cacheon subsequenteferences.
Instructionis in cacheon 1streference
for eachloop execution,but maynotbe
in cacheon subsequenteferences.

alwayshit

rst miss

rst hit

Table 1. Instruction Categories for WCET

The control- ow, the constraint information, the
architecture-speci cinformation and caching cateyoriza-
tions are used by the timing analyzerto derve WCET
bounds Effectsof datahazardgload-dependennstruction
stallsif auseimmediatelyfollows aloadinstruction),struc-
tural hazardg(instructiondependenciedue to constraints
on functional units), branchprediction and cachemisses
(obtainedfrom the cachingcategorizations)are considered
by a pipeline simulatorfor eachexecutionpaththrougha
function or loop. We canaccommodatetatic branchpre-
diction in the WCET analysisby addingthe misprediction
penaltyto the non-predictegath.

Path analysisis thenperformedto selectthe longestex-
ecution path, and once timing resultsfor alternatepaths
areavailable,a x ed-pointalgorithmquickly corvergesto
safelyboundthetime for all iterationsof a loop.

WCET boundsfor eachpath, theneachloop, for each
functionand nally for theentiretaskis thenderivedby the
timing analyzerby the constructiorof atiming tree,which
is processeth abottomup manner WCET's for outerloop
nest/callefunctionsarenot evaluateduntil thetimesfor in-
nerloop nests/calleearecalculated.

3. Parametric Timing Analysis

In thestatictiming analysiamethodpresenteébove, up-
perboundson loop iterationsmustbe known. They canbe
provided by the useror may be inferredby analysisof the
code. This severely restrictsthe classof applicationsthat
can be analyzedby the timing analyzer We refer to this
classof timing analyzersasnumerictiming analyzes since
they provideasingle,numericcycle valueprovidedthatup-
perloop boundsareknown.

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

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

/I Parametric Evaluation Function
int eval_loop_k(int loop_bound) f
return (102* loop_bound);

g
Figure 2. Use of Parametric Timing Analysis

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

PTA enhanceghis code with a call to the intra-task
schedulerand provides a dynamically calculated,tighter
boundonthe WCET of theloop. ThetighterWCET bound
is calculatedby an evaluationfunction generatedby the
PTA framework. It performsthe boundscalculationbased
onthedynamicallydiscoseredloopboundn. Thescheduler
hasacces$o theWCET boundof theloop derivedfrom the
annotatedstatic loop boundby statictiming analysis. It
cannow anticipatedynamicslackasthedifferencebetween
the static and the parametricWCET boundsprovided by
the evaluationfunction. Without parametrictiming analy-
sis,thevalueof n would have beenassumedo bethe max-
imumvalue,i.e., 1000in this case.

The conceptis to calculatea formula (or closedform)
for the WCET of a loop, suchthat the formula depends
on n, the numberof iterationsof the loop. The calcu-
lation of this formula, [102*n in Figure 2 ], needsto be
relatively inexpensie sinceit will be usedat run-timeto
malke schedulingdecisions.Thesedecisionamay entail se-
lection/admissiorof additionaltasksor modulationof the
processofrequeng/voltageto consere power. Hence,in-
steadof passinga numericvaluerepresentinghe execution
cyclesfor loopsor functionsup thetiming tree,a symbolic
formulais providedif the numberof iterationsof aloop is
notknown.



cycles=iter=0;
dof
iter =iter + 1;
wcpath= nd thelongestpath;
cycles=cycles+ wcpath cycles;
g while (cachingbehaior of wcpathchanges);
basecycles= cycles- (wcpatH cycles* iter);

Figure 3. Parametric Loop Analysis Algorithm

Thealgorithmin Figure3 is anabstractiorof therevised
loopanalysisalgorithmfor PTA. Thisalgorithmiteratedo a
X edpoint,i.e., until the cachingbehaior doesnotchange.
Thenumberof basecyclesobtainedrom thisalgorithm,be-
forethe nal worst-casgathtimeis obtainedjs thensaved.
It cansubsequentlye usedto detectthe numberof cycles
in aloop asfollows:

W CETloop =W CETpath

Equationl illustratesthatthe WCET of theloopdepends
onthebasecyclesandthe WCET pathtime (bothconstants)
aswell asonthe numberof loop iterationswhichwill only
be known at run-time for variable-lengthloops.Thetim-
ing analyzemprocessefner loopsbeforeouterloops,and
nestedinner loops are representeds single blocks when
processin@ pathin theouterloop. We representoopswith
symbolicformulae(ratherthanaconstanhumberof cycles)
whenthe numberof iterationsis not staticallyknown. The
WCET for the outerloop is simply the symbolicsumof the
cyclesassociatewvith aformularepresentingheinnerloop
aswell asthecyclesassociateavith therestof the path.

Similar to numerictiming analysis,certainrestrictions
still apply. Indirectcallsandunstructuredoops(loopswith
more than one entry point) cannotbe handled. Recursie
functionscan,in theory be handledif the recursiondepth
is known staticallyor, via parametricanalysis if thedepth
canbeinferreddynamicallyprior to the rst function call.
Upperboundsontheloop iterationsparametricor not, still
neednotbeknown but theboundscanbe pessimistiasthe
actualboundsarenow discoveredduringruntime. In addi-
tion, the timing analysisframewnork hasto be enhancedo
automaticallygeneratesymbolicexpressionse ecting the
parametricoverheadof loops, which will be evaluatedat
runtime.

Basedonthesesymbolicformulaefor loops,ascheduler
candynamicallyadjustthe schedulebasedon the paramet-
ric estimateof the WCET of a task. Additional tasksmay
be introduced,and the voltageand frequeng canalsobe
reducedo save power.

If the codewithin ataskis changedo includesymbolic
WCET formulaeaswell ascallsto calculatehesdormulae,
thenprevioustiming estimatesaswell ascachingbehavior
of thetaskmightbechangedHence ratherthaninsertinga
formuladirectly into the sourcecodeat the point of usage,
afunctionis invokedthatevaluateshe symbolicformula.

n + basecycles (1)
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Figure 4. Flow of Parametric Timing Analysis

Oncea task has beenenhancedwvith theseparametric
functionsandtheir calls prior to loops,thetiming analyzer
must be reinvoked to analyzethe nenly enhancedcode.
This allows usto capturehe WCET of generatedunctions
andtheirinvocationsn thecontext of atask.Noticethatary
re-invocationof thetiming analyzempotentiallychangeshe
parametridormulaeandtheircorrespondindunctionssuch
thatwe have to iteratethroughthe timing analysisprocess.
Thisis illustratedin Figure4 wherethe procesf generat-
ing formulaeis iterated. Theiterative processonvergesto
a x edpointwhenparametridormulaereachstablestates.
Typically, the parametridiming analysisandcalculationof
theparametridormulaetake lessthanasecondo complete.
Sincethisis anof ine processit doesnot addto the over-
headof the executionof the parameterizedystem.

4. Using Parametric Expressions

In the previoussectionwe illustratedtheprocesof em-
beddingparametricexpressionsandassociatea@valuations
functionsinto the codeof tasks. Apart from theseinserted
functioncalls,we alsoinsertcallsto transfercontrolto the
DVS componenbf an optional dynamicschedulebefoie
enteringparametridoops,asshavn in Figure2. Thepara-
metric expressionsareevaluatedat run-time (usingevalua-
tion functionssimilarto theonein theFigure)asknowledge
of actualloopsboundsbecomesvailable. The newly cal-
culatedtighter bound,on the executiontime for the para-
metricloop is passedilongto the schedulerThescheduler
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is ableto calculatesavingsin executiontime by comparing
WCECsfor that particularloop with the newly available
executiontime. The WCECsfor eachloop andthe taskas
a whole are provided to the schedulelby the statictiming

analysistoolset. Staticloop boundsfor eachloop are pro-

vided by hand.Automaticdetectionof boundsis subjectto

futurework.

Savingsgainedrom theevaluationof parametriexpres-
sionsat run-time can be exploited by the scheduler The
slackgainedfrom the reducedexecutioncanbe usedto ad-
mit additionaltasks. The schedulemay also reducethe
operatingfrequengy and voltage (DVS) of the processor
to save power. In our work, we usethe knowledgeof re-
ducedexecutiontimesto reducethe voltageandoperating
frequeng of the processar

Ourworkis uniquein thatwe exploit earlyknowledgeof
parametridoop bounds thusallowing usto tightly bound
the overall executionof the remainderof the task. To this
effect, we have developedan intra-taskDVS algorithmto
slow down the processarAnotheruniqueaspecof our ap-
proachis that every successie parametridoop thatis en-
counteredduring the executionof the taskpotentially pro-
videsmoreslackand,henceallows usto furtherslow down
the processar This is in sharpcontrastto pastreal-time
schemesvhereDVS-regulatedtasksare spedup asexecu-
tion progressesnainly dueto approachingleadlines.

5. Framework

An overview of our experimentaframawork is depicted
in Figure5. In additionto the typical instructionand data
informationfed to ary timing analyzeyin this caseobtained
from the gcc-generate®ISA assemblyby a P-compiley C
sourceles arefed simultaneouslyo boththestaticandthe
parametridiming analyzers Safe(but, dueto the paramet-
ric natureof loops,not necessarilttight) upperboundsfor
loops are provided as inputsto the static timing analyzer
(STA). Theworst-caseexecutiontimes/g/cles,for tasksas
well asloops,providedby theSTA areprovidedasinputtoa
schedulerThe C sourceles arealsoprovidedto the PTA.

The PTA producessource les annotatedwvith parametric
evaluationfunctionsaswell ascalls to transfercontrol to

theschedulebeforetheentryof any parametridoop. These
annotatedourceles form thetasksetfor executionby the

scheduler To simplify the presentationkigure5 omitsthe

loop thatiteratesover parametridunctionstill they reacha

x edpoint (asdiscussedn Figure4). This would createa

feedbaclkbetweerthe PTA outputandtheC sourceles that

provide theinputto thetoolset. For the sale of this discus-
sion,we alsocombinethesetof timing analysigoolsasone
componenin Figure5, i.e., we omit the internalstructure
of a staticcachesimulatorandthetiming analyzerepicted
in Figurel.

We have implementedan EDF schedulethatcreatesan
initial executionschedulebasedon the pessimisticWCET
valuesprovided by the STA. This scheduleis alsocapable
of lowering the operatingfrequeny (and, hence,the volt-
age)of theprocessoby way of its interactiorwith two DVS
schemes:(a) a static DVS schemethat uniformly scales
down frequeng basecdbn staticslackand(b) ParaScalean
intra-taskDVS schemehat, on top of the uniformly scaled
frequeng from (a), providesfurtheropportunitiego reduce
thefrequeny basedn dynamicslackgainsdueto PTA.

ThestaticDVS schemas similarto thestaticEDF policy
by Pillai andShin[35]. However, it differsin thatthe pro-
cessoffrequeny andvoltagearereducedo theirrespectre
minimum during idle periods. ParaScaleour parametric
DVS algorithm,startsa taskat the staticfrequeng value. It
thendynamicallyreduceshefrequeng andvoltageaccord-
ing to slackgainsfrom the knowledgeon the recalculated
boundson executiontimesfor parametridoops. The effect
of scalingis purelylimited to intra-taskschedulingj.e., the
frequeng canonly bescaleddown asmuchasthecomple-
tion dueto the non-parametri®VCET allows. Hence,each
call to the scheduleidueto enteringa parametridoop po-
tentially resultsin slackgainsandlower frequeng/voltage
levels.

Thesimulationenvironment(usedin a prior study[4]) is
a customizedversionof the SimpleScalaprocessosimu-



lator that executesso-calledPISA instructions(MIPS-like)
[10]. PISA assemblygeneratedy gcc, alsoformsthein-
putto thetiming analyzersThe framewvork supportamulti-
taskingandthe useof schedulershatoperatewith or with-
out DVS policies. Our enhancedSimpleScalaiis con g-
uredto modela static,in-orderpipeline,with universal,un-
pipelinedfunction units. We usea 64k instructioncache
andno datacache.A staticinstructioncachesimulatorac-
curatelymodelsall accesseandproducescatagorizations,
suchasthoseillustratedin Table1. The datacachemod-
ule hasnot beenmodeled asour priority wasto accurately
gaugethe bene ts andenegy savings of usingparametric
timing analysis. For the time being, we assumea con-
stantmemory accesdateny for eachdatareferenceand
leave staticdatacacheanalysidfor futurework. TheWattch
model[9], alongwith certainenhancements)soformspart
of theframework, in thatit closelyinteractswith the simu-
lator to assestheamountof pawer consumedTheoriginal
Wattch model provides power estimatesassumingperfect
clockgatingfor theunitsof theprocessarAn enhancement
to the Wattch model providesmorerealisticresultsin that
apartfrom perfectclock gating for the processounits, a
certainamountof x edleakagepoweris alsoconsumedy
unitsof theprocessothatarenotin use.

The minimum andmaximumprocessofrequenciesin-
der DVS are 100MHz and 1GHz, respectiely. Volt-
age/frequeng 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/25MHzincrementsldle overhead
is equivalentto executionat 100MHz, regardlessof the
schedulingscheme.

6. Experiments and Results

We createdseveraltasksetsusinga mixture of oating-
point and integer benchmarkgrom the C-Lab benchmark
suite[11]. Theactualtasksusedareshavnin Table2. For
eachof thetasksthe maincontrolloop wasparameterized.
We hadinitially parameterizedbops at all nestinglevels,
but we obseneddiminishingreturnsasthelevelsof nesting
increased. In fact, the large numberof calls to the para-
metric scheduledueto nestinghadadwerseeffectson the
power consumptiorrelative to the basecase. Hence,we
limit parametriccallsto outerloopsonly.

Table 3 depictsthe period (equalto deadline)of each
task. All tasksetshave the samehyperperiodof 1200ms.
All experimentsexecutedor exactly onehyperperiod.This
facilitatesa direct comparisonof enegy valuesacrossall
variationsof factorsmentionedn Table4.

Theparameterfor theexperimentsaredepictedn Table
4. We vary utilization, the ratio of worst-caseo parametric
executiontimes(PETs),andDVS supportasfollows:

Base executesasksat maximumprocessofrequeng and

C Benchmark Function WCET
Cycles |Time[mg

adpcm |Adaptive Differ-{121,386,894 121.39
ential PulseCode
Modulation

cnt Sumandcountof| 6,728,956| 6.73
positve andnega-
tivenumbersn an
array

Ims An LMS adaptve| 1,098,612| 10.9
signal enhance-
ment

mm Matrix Multipli- | 67,198,069 67.2
cation

Table 2. Task Sets of C-Lab Benchmarks and
WCETSs (at 1GHz)

Utilization Period= Deadline[mg
adpcm] cnt [ Ims | mm
20% 1200 | 240 | 600 | 1200
50% 1200 75| 60| 600
80% 1200 | 50| 40| 240

Table 3. Periods for Task Sets

upton, theactualnumberof loopiterationgnotneces-
sarily themaximumnumberof staticallyboundedter-
ations)for parametridoops. Thefrequeng is changed
to the minimum available frequeng duringidle peri-
ods.

Static DVS lowersthe executionfrequeng to the lowest
valid frequeng basedon systemutilization. For ex-
ample,at80%utilization, thefrequeng chosenwould
be 80% of the maximumfrequeng. Idle periods,due
to earlytaskcompletion,arehandledat the minimum
frequeng.

Parametric is the sameas Baseexcept that calls to the
parametricschedulerare issued prior to parametric
loopswithout taking ary schedulingaction. This as-
sessetheoverheadn schedulingf the parametriap-
proachoverthe basecase.

ParaScale combinesstaticandintra-taskDVS sothattasks

| 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



starttheirexecutionatthelowestvalid frequeng based
on systemutilization. Beforea parametridoop is en-

tered,the frequengy is scaleddown further according
to thedifferencebetweerthe WCET boundof theloop

and the parametricboundof the loop calculateddy-

namically ParaScalealsoexploits savings dueto al-

readycompletedexecutionrelative to the WCET for

frequeng scaling.(Thesesavings aresmallcompared
to the savings of parametricloops since parametric
loopsgenerallyoccurearlyin thecode.)

Notice that all schedulingcasesresult in the same
amountof work beingexecutedduring the hyperperiod(or
ary integer multiple thereof)dueto the periodic natureof
the real-time workload. Hence,to assesghe bene ts in
termsof power awarenesswe canmeasurehe enegy con-
sumedover sucha x ed period of time and comparethis
amountbetweenschedulingmodes. Two typesof enegy
measurementare carriedout during the courseof our ex-
periments:

PCG: Enegy usedwith perfectclock gating(PCG)—only
processorunits that are usedduring execution con-
tribute to the enegy measurementsThis isolatesthe
effect of the parametriapproacton dynamicpower.

PCGL: Enegy usedwith perfectclock gatingfor the pro-
cessorunits and a leakage (PCGL) value for the re-
mainderof the processarThis illustratesthe effect of
static power, which is becomingmore and more im-
portantfor smallerfabrication(die) sizes.

We alsovary the ratio of worst-casdo actual(paramet-
ric) executiontimesto studythe effect of variationsin exe-
cutiontimesandmake theexperimentaresultsmorerealis-
tic. More oftenthannot, theworst-casenalysisof systems
resultsin overestimationef WCET. ParaScaleantake ad-
vantageof this to obtainadditionalenegy savings.

Overall Trends

Figure 6 depictsthe total enegy consumptiorfor each
experiment.While Figure6(a)depictstheenegy consump-
tion for the casewherethe WCET overestimationis as-
sumedto betwice thatof PET, Figure6(b) depictsthe en-
ergy consumptiorfor anoverestimatiorfactorof ten. Both
graphsbreakdown the datainto differentutilization factors
for theimplementationsln bothgraphswe seethattheen-
ergy consumptiorby the ParaScalémplementations mud
lower thanfor the baseor staticDVS casesIn fact, ParaS-
cale alwaysconsumeghe leastamountof enegy for ary
givenutilization.

Frombothgraphswe seesigni cant savingswhile using
our ParaScalenodeloverthe Basecase rangingfrom 66%
for Figure6(b) to 80%for 6(a). The savings over staticare
16-60%for 2x under20%and80%ultilization,respectrely.
LeakagePower

The resultspresentedn Figure6 arefor enegy values
assumingperfectclock gating (PCG)within the processar

i.e., they re ect thedynamicpower consumptiorof the pro-
cessorTheseresultssolatetheactualgainsdueto thepara-
metric approach.However, dynamicpower is not the only
sourceof power consumptioron contemporanprocessors,
whichusuallyhave someleakage powercausedy inactive
processowunits. In Figure 7, we presentenegy consump-
tion with perfectclock gatinganda constanteakagepower
(PCGL) for functionunitsthatarenot beingused.We still
seethatresultsfor experimentshatusethe parametridor-
mulaeoutperformthosethatdo not. Most noticeablearethe
resultsfor ParaScalgat the right end), which usesa com-
binationof staticDVS andintra-taskparametricDVS. We
obsene the leastamountof enegy consumptiorfor these
casesunderall utilization scenarios.ParaScalepur com-
bined staticand parametricDVS, in contrast,outperforms
all othersby signi cant mamgins.

WCET/PET Ratio and Utilization

We obsere slightly smallerenegy savings for higher
WCET factors(10x) when comparedto lower ones(2x).
Thisis dueto thefactthatmoreslackis availablein the sys-
tem for the static algorithmto reducefrequeng and volt-
age. Irrespectve of the overestimationfactor ParaScale
performsthe bestfor all utilizations. Anotherusefulresult
is thatourtechniqueperformsbetterfor higherutilizations,
asseerfor theresultsfor the experimentawith 80%utiliza-
tion in Figures6 and7. As the ParaScaldechniques able
to take advantageof intra-taskschedulingoasedon knowl-
edgeaboutpastaswell asfuture executionfor atask,it is
able to lower the frequeny more aggressiely than other
DVS algorithms.This is morenoticeablgor higherutiliza-
tion tasksetdecausdessstatic slackis availableto static
algorithmsfor frequeng scaling.

Parametric SchedulerOverhead

In Figures6 and7, we obsene a striking similarity be-
tweenresultsfor baseandparametriccasesput parametric
resultsare slightly worse. In the parametriccase thereis
additionaloverheadn calling the parametricscheduleibe-
fore enteringinto parametridoopswhile that both setsof
experimentsareidenticalin every otherregard. Hence the
differenceillustratesthe low overheadof suchadditional
schedulecalls. As mentionedefore we alsoexperimented
with nestedparametricloops, which shaved signi cantly
higherenepgy valuesof theparametricasewhencompared
to the basecounterparts.Hence,nestedparametricloops
wereconsideredinimpracticalapproach.

Overall, theseresultsshov that our parametricimple-
mentation,when combinedwith DVS, as seenin ParaS-
cale,outperformsmplementationshatdo not make useof
parametrikknowledge.Themostsigni cant gainsin enegy
consenrationareseerwhenleakagés consideredh thepro-
cessarWithout takingleakagento accountwe still obtain
solid gains. Thus, we canachieve signi cant enegy sav-
ings on contemporaryprocessorsyithout signi cant leak-
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ageasa contributor to power consumption Any technique
thatfurtherreducedeakagewill inadwertentlyresultin ad-
ditional gainswhile using our parametrictechniquesij.e.,
our parametri@approacttomplementseakageawvareness.

7. Related Work

Timing analysishasbecomeanincreasinglypopularre-
searchtopic. This canbe attributedin partto the problem
of increasingarchitecturacompleity, which makesappli-
cationslesspredictablein termsof their timing behaior,
but it may alsobe dueto the abundanceof embeddedys-
temsthat we have recentlyseen. Often, applicationareas
of embeddedystemsmposestringenttiming constraints,
and systemdevelopersare becomingaware of a needfor
veri ed boundson executiontimes. While dynamictiming
methodscannotprovide safeboundson the WCET, static
timing analysiscan[43]. Nonethelessjynamicboundscan
complemenstaticonesby providingameanso assestheir
tightness.

Thesedevelopmentsarere ected in the researchcom-
munity wherenumerousnethodgor statictiming analysis
have beendevised,rangingfrom unoptimizedprogramsex-
ecutingon simple CISC processorso optimizedprograms
on pipelinedRISC processorandeven uncachedrchitec-
turesto instructionand datacachesaswell asbranchpre-
diction andlocking cacheq33, 36, 19, 25, 21, 32, 45, 15,
28, 24,13, 29, 41, 4Q].

In the past, path expressionswere usedto combine
a source-orientegharametricapproachof WCET analysis
with timing annotationsyerifying the latter with the for-
mer, particularlyby Chapmaretal. [12]. BernatandBurns
proposedalgebraicexpressiongo representhe WCET of
programg7]. Bernatat el. usedprobabilisticapproaches
to expressexecutionboundsdown to the granularityof ba-
sic blocksthat could be composedo form larger program
segments[8]. Yet, the combinerfunctionsare not without
problemsandtiming of basicblocksrequiresarchitectural



knowledgesimilar to statictiming analysistools.

Parametrictiming analysisby Vivancosetal. [42] rst
introducedechniquedo handlevariableloop boundsasan
extensionto statictiming analysis. Their work focuseson
the useof staticanalysismethodso derive parametricfor-
mulaeto boundvariable-lengthoops. Our work, in con-
trast,assessethe bene ts of this work, particularlyin the
realmof power-awareness.

The effectsof DVS on WCET have beenstudiedin the
FAST framework [38]. Here,parametrizatiorwas usedto
modelthe effect of memorylatencieson pipeline stallsas
processoffrequeny is varied. In our timing analyzer we
currentlydonotmodeltheseeffects. Thisdoesnotaffectthe
correctnes®f our approachsince WCET boundsare safe
without suchmodeling,but they maynot betight, asshavn
in the FAST frameavork. Hence the bene ts of parametric
DVS mayevenbelargerthanwe reporthere.

The VISA framawork suggestedrchitecturalenhance-
mentsto gaugeprogresof executionby sub-taskpartition-
ing andexploitsintra-taskslackwith DVS technique$4, 5].
Theirtechniquedid notexploit parametridoops. Ourwork,
in contrasttakesadwantageof dynamicallydiscoveredioop
boundsanddoesnotrequireary modi cationsatthemicro-
architecturdevel.

The most closely relatedwork in terms of intra-task
DVS is the idea of power managemenpoints (PMPSs)
[2, 3, 1]. In this work, path-dependenpower manage-
menthints(PMHs)wereusedo aggrejateknowledgeabout
“saved” executiontime comparedo the worst-caseexecu-
tion that would have beenimposedalong different paths.
This work differsin thatit exploits knowledgeaboutpast
executionwhile we discoverloop boundshatlet usprovide
tighterboundson pastandfuture executionwithin thesame
task. Thework is alsoevaluatedwith SimpleScalaralbeit
with a moresimplistic power model(E = CV 2) while we
assespower atthe micro-architecturdevel usingenhance-
mentsof Wattch[9]. Again,ourresultscouldpotentiallybe
furtherimprovedby alsobene ting from knowledgeabout
pastexecution,whichmayleadto additionalpower savings.
Thisis subjectto futurework.

8. Conclusion

In this paper we have shovn how parametrictiming
analysiscanbene t decision-makingrocessesluring on-
line scheduling,particularly for power-aware scheduling.
The technicalcontritutions are asfollows. First, a x ed-
pointapproactor embeddingparametridormulaeinto ap-
plication codeis developed,which boundsthe worst-case
executiontime of not only the applicationcode but also
the embeddedparametricfunctionsand their calls. Prior
to enteringa parametricloop, the actualloop boundsare
discoveredand canthusprovide a lower WCET boundfor
the remainingexecutionof the task. Secondwe quantify

thebene tsfrom parametri@nalysisn termsof power sav-
ingsfor soleintra-taskDVS aswell asParaScalepur com-
binedintra-taskandstaticinter-taskDVS. Here,parametric
loopsare exploited to graduallyscaledown the frequeny
asparametridoop boundsarediscoreredone by one. We
obsene savings rangingfrom 66% to 80% in power over
DVS-oblivioustechniquesgependingn systemutilization
andthe amountof overestimatiorfor loop bounds. These
bene ts areuniqueto parametrictiming analysisand can-
not be achieved by corventionaltiming analysismethods
dueto lack of knowledgeaboutremainingexecutiontimes.
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