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Abstract
In this paper, we presenta power estimation technique for

control-flow intensive designsthat is tailor ed towards dri ving
iterati ve high-level synthesissystems,wherehundredsof archi-
tectural trade-offs are explored and compared. Our method is
fast and relatively accurate. The algorithm utilizes the behav-
ioral information to extract branch probabilities,and usesthese
in conjunction with switching activity and circuit capacitance
information, to estimatethe power consumptionof a given ar-
chitecture.

We test our algorithm using a seriesof experiments,each
geared towards measuring a differ ent indicator. The first set
of experimentsmeasuresthe algorithm’ s accuracywhen com-
pared to the actual circuit power. The secondset of experi-
ments measures the average tracking index, and tracking in-
dex fidelity for a seriesof architectures. This index measures
how well the algorithm makes decisionswhen comparing the
relative power consumptionof two architecturescontendingas
low-power candidates.

Resultsindicate that our algorithm achieved an averagees-
timation error of 11.8% and an averagetracking index of 0.95
over all examples.

1 Intr oduction
Evaluatingmetricssuchasarea,delay, andpower consumption

is an integral part of thedesignprocess.Estimationtechniquesat
different levels of the designhierarchyprovide the meansfor this
evaluation. The importanceof power consumptionandits impact
on bothportableanddesktopelectronicshasalsobeenrecognized
by researchers,whohave investigatedpower estimationtechniques
from thecircuit to thesystemlevel.

In high-level synthesis,behavioral descriptionsmay be classi-
fied into threecategories: data-dominated,control-flow intensive,
and control-dominated.Control-flow intensive designsare char-
acterizedby amix of data-flow andcontrol-flow operationssuchas
nestedloopsandconditionals.Thispapertacklestheproblemof es-
timatingthepower consumptionof control-flow intensive designs.
Fastandaccuratehigh-level power estimationtoolsarerequiredto
drive many of today’s high-level synthesistools. Traditionalmeth-
ods fail when large numbersof architectures(up to several hun-
dredsfor asinglecircuit) needto beevaluatedduringthecourseof
synthesis- i.e., they consumetoo muchCPU time to be practical
during synthesis.Unlike thesemethods,our techniqueprovidesa

fastandrelatively accuratemeansfor power estimation,allowing
iterativehigh-level synthesistoolsto exploreandevaluatehundreds
of architecturaltrade-offs easily.

Typically, lower-level power estimationtechniques,such as
SPICE [1], provide the highestestimationaccuracy. Extensive
work hasalsobeendoneat the logic level. A detailedsurvey of
thesetechniquesis givenin [2]-[4]. A morerecentgate-level tech-
nique [5] usespower macro-modelingbasedon a three-variable
model. Theshortcomingof low-level methodsis that they tendto
becomputationallyintensiveandunsuitablefor driving ahigh-level
synthesissystem.

Many contributionsin power estimationhave beenmadeat the
architectureor register-transferlevel (RTL). In [6], amethodknown
aspower factorapproximation(PFA) characterizesthepower con-
sumptionof macro-blocks,suchasaddersandmultipliers,by per-
forming simulationson low-level implementationsof theseblocks.
However, thePFA methoddoesnot accountfor inter-operationde-
pendencies.This problemis accountedfor in [7], wherea dual
bit-type model for word-level signalsis presented.The dual bit-
type methodis mosteffective for data-dominateddesigns.In [8],
a switchingactivity andpower estimationmethodis presentedfor
control-flow intensive designs,whereglitchesin datapathandcon-
troller signalsareaccountedfor. This methodis accurate,yet too
computationallyintensive to be in the inner loop of a high-level
synthesissystem. The above techniquesarecharacterizedby the
factthatthey modelcircuit blocksas“black boxes.” In otherwords,
low-level detailsof thecircuit blocksaresimplifiedintoahigh-level
powermodel.Techniqueswhichdonotusethe“blackbox” concept
arebasedoninformation-theoreticmodels[9, 10]. In [9, 10], values
suchasentropy andinformationalenergy areusedto measurethe
switchingactivity. Power estimationat thebehavior level is given
in [11], wherelinear regressionis usedto modelandcharacterize
library macrosusedfor implementingbehavioral operators.

This paperpresentsa high-level power estimationmethodthat
usesbehavioral informationto extract accuratebranchprobability
valueswhich are thenusedto estimatethe switchedcapacitance,
basedonswitchingactivity matricesandtechnologydependentca-
pacitancevalues,at thearchitecturelevel. Theuseof thebehavioral
informationdramaticallyspeedsup theprocessof branchprobabil-
ity extraction, eliminating the needto perform RTL simulations.
This methodis ideal for driving an iterative high-level synthesis
systemwherebycomparisonof the relative power consumptionof
hundredsof architecturesmaybeperformedquickly.

In thenext section,wemotivateourmethodwith anexample.In
Section3, we introducesomeconceptsandstatethe assumptions
that areusedin the estimationtechnique.We introducethe algo-
rithm in Section4, thenpresentthe experimentalproceduresand
resultsin Sections5 and6, respectively. Weconcludein Section7.

2 A Moti vational Example
We motivateour work with anexampleillustratedin Figure1.

Thefigurerepresentsa control-dataflow graph(CDFG)1 of a typ-
ical, yet simplified,control-flow intensive circuit. Thecircuit per-
forms a calculationwithin a loop usingan input seedvalue. We
comparetwo estimationenginesdriving the high-level synthesis

1WedescribethisCDFGmodelin moredetailin Section3.1



system,IMPACT [12], for control-flow intensive designs.Thefirst
engineis theonepresentedin [8] (henceforthreferredto asscheme-
1), while the secondis our proposedtechnique(referred to as
scheme-2).

int loop (int v) {
   int a = 0;
   for (int i =0; i < v; i++) {
       a = a + i;
   }
   return a;
}
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Figure1: CDFGof Loop1benchmark
Figure 2 illustrates the steps in the estimation processof

scheme-1.Using an RTL circuit of the benchmarkanda typical
input trace2, variousstatisticsof the signalsin the circuit arecol-
lectedusinga cycle-basedsimulator. Oncethe statisticsarecol-
lected,thenumbersarefed into thecomputationalenginethatuses
power modelsfrom a design/modulelibrary to calculatethecircuit
power. The time taken by theestimationalgorithmis linear in the
numberof tracesappliedto the simulator. The bottleneckin this
estimationprocedureis RTL simulation(Block 1 in Figure2).

RTL 
cycle-based
simulation 21

Library
3

Power
EstimateEngine

Estimation 

Module

RTL Circuit

Input Traces

(datapath + controller)

Figure2: Block diagramof thepowerestimator[8]
Our proposedestimatoris illustratedin Figure3. We first per-

form a behavior-level simulationby providing asinput theCDFG,
andthesetof input tracesto a simulator. Fromthis simulation,we
extract branchprobabilitiesand switchingactivity (SA) informa-
tion which arethenpassedon to theestimationenginealongwith
theRTL circuit anddesignlibrary.
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Figure3: Block diagramof ourproposedpowerestimator
Thebottleneckin scheme-2isalsothesimulationtime. Thetime

complexity of our estimatorasillustratedin Figure3, is alsolinear
in thesizeof the input trace.Whereis theadvantageof scheme-2
then?Considerhaving to evaluateonehundredarchitecturesfor the
behavior given above. Using scheme-1,onehundredsimulations
will have to performed- onefor eacharchitecture.Usingscheme-
2, only onebehavioral simulationis required,sincethe estimator
only executestheblockshighlightedwith adottedline in Figure3.
Experimentsshow that for the examplein Figure1, a trackingin-
dex3 of 0.99 is achieved for scheme-2,and the final architecture

2Theinput traceis createdby a designerwith knowledgeaboutthecir-
cuit’s functionalityandinterface.For experimentalpurposes,thetracesmay
alsobeautomaticallygenerated.

3Trackingindex is definedformally in Section5. It representshow well
theestimatorevaluatesdifferentarchitecturesin termsof relativepowercon-
sumption.It variesfrom 0 to 1, 1 beingperfect.

of thesynthesisrun is identicalusingbothscheme-1andscheme-2.
Thespeed-upin executiontimeof scheme-2overscheme-1is about
100X.

3 Preliminaries
Power consumptionin CMOS circuitsmaybedivided into two

categories: static anddynamic. Staticpower dissipationis mainly
due to leakage and standby currents. With the correctchoiceof
device technology, static power loss can be madenegligible [4].
Dynamicpower lossis dueto thecharging anddischarging of tran-
sistors,and short-circuit currents. Moderndesigntechniquescan
reduceshort-circuitcurrents.Hence,theaveragepower consump-
tion of a CMOS gate,basedon its charging anddischarging, is a
functionof thegate’s outputcapacitance,supplyvoltage,andtran-
sitionspertimeperiod(switchingactivity).

One approachfor optimizing power consumptionis by using
iterative algorithms(simulatedannealing,iterative improvement,
geneticalgorithm). In suchsystems,the inner loop of the opti-
mizationalgorithmperformsa setof moves on an architectureto
produceotherarchitecturesof thedesign.Themovesaffect differ-
ent high-level synthesistasks,suchasscheduling,allocation,and
assignment,andhence,enablesthesystemof examinetheinterac-
tion amongthesetasks.Theestimationengineestimatesthepower
consumptionof eacharchitectureandhelpschoosewhich move is
the mostbeneficialwith respectto a given costfunction. Clearly,
theestimatorhasa direct impacton theabove high-level synthesis
tasksvia themovesthatarechosen.

Imaginetakinga snapshotof an iterative synthesisprocessat a
givenmomentin time. Thepicturewill includeaCDFG,aschedule
andstatetransitiongraph(STG)from whichacontrolleris derived,
adatapathandthesetof input traces.Thesearethecomponentsfed
to thepower estimator. Next, we definethesecomponentsin more
formal termsandexplain their contribution to power estimation.
3.1 The Control-data Flow Graph Model

Thehigh-level synthesisprocessstartswith ahardwaredescrip-
tion of thedesignthat is compiledinto a CDFG.A CDFGis a di-
rectedgraphwherenodesrepresentoperationsandedgesrepresent
dataandcontroldependenciesamongthe nodes.The modelused
is formally definedin [12]. However, for thesake of completeness,
we cover someof its importantaspects.Referringto theCDFGin
Figure1, we representa datadependency with a solid arc, anda
control dependency with a broken arc. Unlike datadependencies,
eachnodemay, at most,be control-dependenton oneothernode.
Thecontroldependency mayhave two forms: (a) active-high, de-
notedby

�
on the edge,meaninga nodewill only executeif the

condition is true, and (b) active-low, denotedby � on the edge,
meaningthe nodein questionwill only executeif the associated
conditionis false. While nodesperformoperationssuchasADD,
MULTIPLY andSELECT, edgescarry datavalueswhich may be
constants,variables,or bit-vectors.We useanElp nodeto denote
theterminationof a loopconstruct.

Therearemany typesof conditionconstructsthatmaybeused
in a behavioral description. Theseinclude if-then-else, while-do,
case statements, wait statements, andloops. In orderto make han-
dling conditionalsuniform andasstraightforward aspossible,all
constructsareconvertedto theif-then-else form.
3.2 The StateTransition Graph

TheCDFGis usedfor (a) deriving a datapath,(b) determining
thecontrolmechanismthroughscheduling,and(c) performingbe-
havioral simulations.The controlleris derived from an STG.The
behavioral simulationresultsareusedto computethe statetransi-
tion probabilitiesfor every edge-linked statepair in theSTG.The
probability of a statetransitionis computedasthe productof the
probabilitiesof thecontroldependency edgesit represents,assum-
ing mutualindependenceof theseedges.For control-flow intensive
designs,thisassumptionhasbeenexperimentallyvalidatedin [14].
By usingthis approach,it is only necessaryto performonebehav-
ioral simulationfromwhichthestatetransitionprobabilitiesmaybe
extracted.Theseprobabilitiesarethenusedto derive theexpected
schedulelengthof thedesign.It is importantto pointout,however,
thatin [14] concurrentloopoptimizationwasnot handled.In other
words, it wasassumedthat only one loop canexecuteat a given
time. It hasbeenshown in [15] thatoptimizingacrossconcurrent
loopsisakey processin optimizingtheperformanceof control-flow



intensivedesigns.In thepresenceof suchconcurrentconstructs,the
procedurepresentedin [14] no longergivesaccurateresultsfor ex-
pectedschedulelength, and errorsof up to ����� in the schedule
lengthhave beendemonstrated4. We will illustratetheproblemin
Section4.2andpresenta solutionto modify themethodof [14] to
accountfor theseconstructs.
3.3 The Module Power Model

Thepowerconsumptionof amodule(functionalunit, registeror
multiplexer) is expressedasa linearweightedsumof theswitching
activities of its inputs. Consideran � -input, � -bit moduleshown
in Figure4.

. . .

x x

...

x x

...

xmx m m

Module

1 2 n
x x

...

1 12 1n 12 22 n21x

Figure4: Block diagramof agenericmodule
The capacitance,	�

��� , switchedby the module, ����� , during

a statetransitionbetweensourcestate��� andsink state��� is given
by: 	�

����� 
� � � � �� � � � � !�"�#�!%$� & ')( � & (1)

where � !�"�#�!%$� & is theactivity at input * � & of the moduleduring the
statetransition � �,+ � � and ( � & is a module-dependentconstant.
Theconstant( � & is derivedfrom switch-level simulationof thelay-
out of themodule,andis storedaspartof thedesignlibrary. Let -
( . ) bethevariablethatappearsat input / of module�)�0� in state���
( � � ). � !�"1#�!%$� & is computedas:� !�"�#�!%$� & �32546- �
7 . � �98�: (2)

where2546- � 7 . � �;8<: is theprobabilitythatbit = of - differsfrom
bit = of . . Theseprobabilitiesarecomputedonly oncein a pre-
processingstep,shown asBlock 1 in Figure3, andarestoredin a
datastructureknown asa switching activity matrix.

A switchingactivity matrix [16] > is amatrix whoserows and
columnscorrespondto variablesin thebehavior. Row / represents
variable - � andcolumn = representsvariable - � . Theentry >@? /A=0B
is an orderedset(from mostsignificantto leastsignificantbit) of
cardinalityequalto the bit-width of the variables,wherethe CED6F
elementof the setrepresentsthe probability that the C D6F bit of - �
andthe CED6F bit of - � differ.

To constructtheswitchingactivity matrix,weusethetracesfor
individual variableswhich areproducedby behavioral simulation.
Let G%H ( G%I ) be the tracefor - ( . ); G%H ? CJB ( G%IE? CJB ) representsits CED6F
element.Then,2K46- � 7 . � �98<: canbecomputedas:LMN � � 4OGPHQ? CJB 7 GPIR? CJBS: �T (3)

where
T

is thelengthof thetrace.Thematrix is built only oncefor
all pairsof variablesin thebehavior.

Notethatweautomaticallyaccountfor sharing,i.e., whenmore
than one operation(variable)are mappedto the samefunctional
unit (register). For example,an addermay performoperation

� �
in state ��� andoperation

� � in state ��� . By consideringthe state
transition � �U+ � � , we accountfor theeffectsof the inputsof the
adderchangingfrom the valuesassociatedwith

� � to the values
associatedwith

� � .
In the next section,we combinethe conceptsdescribedabove

andformally definetheestimationalgorithm.

4Theexpectedschedulelengthis oftenanill-conditionedfunctionof the
statetransitionprobabilities.For instance,the expectedschedulelengthis
oftendirectly proportionalto ��PVEW�X (YEZ is thestatetransitionprobability).
Therefore,a changein YRZ from 0.99to 0.98would resultin a 50%change
in theexpectedschedulelength.

4 The Power Estimation Algorithm
The block diagramof the estimationprocessis shown in Fig-

ure3. In thissection,weconcentrateonBlock 1 andBlock 2 of the
diagram.NotethatBlock 1 is aone-timecost.Wefirst illustratethe
algorithmthroughanexample.

4.1 Power Estimation of a SimpleBenchmark
As mentionedbefore,behavioral simulationprovides us with

probabilitiesof the conditionaledgesof the CDFG and with the
switchingactivity matrix. We explain eachstepin the estimation
processby usingtheexampleshown in Figure5. TheCDFGcon-
sistsof two conditionalbranchesand one loop. The edgeshave
beenannotatedwith namesfor which the probabilitieshave been
given.
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Figure5: CDFGof anexamplebenchmark
An STG for the CDFG is given in Figure 6. The first step

in the estimationprocessis to annotatethe STG edgeswith the
appropriateprobability values. Using the assumptionsfrom Sec-
tion 3.2, theedgeprobabilitiesfor thegivenedgesare: 2K4 ( � (\[ :]��E^ _ , 2K4 ( �a`( [ :b�c�R^ d , 254 `( � ( [ :e�c�E^ _ , and2K4 `( �a`( [ :f�c�E^ d .
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Figure6: STGof examplebenchmark
Oncethe statetransitionprobabilitieshave beenestablished,a

setof linear equationsis derived for the stateprobabilitiesbased
on modelingtheSTGasa Markov process.As shown in [14], this
methodis valid for control-flow intensivebehaviors. Theequations
aresolvedusinga linearequationsolver, andthestateprobabilities
arederived.Next, theswitchingactivity matrix in conjunctionwith
thetechnologyconstants( ( � & ’s) areusedto derive theswitchedca-
pacitanceof theRTL circuit. Unlike data-dominatedapplications,
for which thereis only onepathin theSTG,control-flow intensive
designshave many threadsof execution,eachwith an associated
probabilityof execution.UsingEquation(1), we find theswitched
capacitanceassociatedwith a statetransitionedge� �U+ � � in the
STGis givenby:	�gh�1i1gj� �k 

��� H0l g ! 254m����: '�n !�"1#�!%$ ' 	�
f�o� (4)



where n !�"�#p!h$ is the state transition probability from state � � ,
which has a stateprobability 254m���o: , to state ��� . The average
switchedcapacitancefor theentirecircuit is foundby summingup
theedgeswitchedcapacitanceoverall edges:	 D � DAq l � �k gh�oi\g ! 	�gr�1i1g (5)

4.2 Effect of Loop Optimization
As mentionedbefore, specialattentionneedsto be given to

loops,especiallyin the casewhereconcurrentloopsareunrolled
to improve schedulelength. Considerthe simpleexampleof two
loopsexecutingconcurrentlyin Figure7. An optimizingscheduler
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Figure7: CDFGof two concurrentloops
will performloop unrolling andscheduletheseloopsconcurrently.
This is aclearadvantagein termsof performancesincetheseloops
areindependent,but mayalsorequiresharingof resources.Figure8
is part of an STG wherethe loopsin Figure7 areunrolledtwice.
By examiningtheSTG,it canbeseenthatatstate3, Loop-2hasal-
readyexecutedtwicewhile Loop-1is still in thefirst iteration.It is,
therefore,necessaryto accountfor thefact thatat certainpointsin
theSTG,agivenloopmayhaveexecutedagivennumberof times.
If the accountingis not performed,the error in expectedschedule
lengthcanbesignificant.
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Figure8: Partof theSTGfor theCDFGof Figure7
Clearly, the lengthof theschedulefor theCDFGof Figure7 is

sensitive to inputs /m� � and /s� � . Onceagain,considerstate3 and,
morespecifically, theedgemarked“T” emanatingfrom it. Assume
thatthevalueof /s� � is 99. Withoutconsideringconcurrentloopop-
timization,wemaynaively arriveatastatetransitionprobabilityof

�E^ t�t for theedge.In reality, thevalueof theprobability is

� ��$ V �� ��$1u � ,
sinceLoop-2hasclosedtwice already. Thestatetransitionproba-
bility is, therefore,�R^ t�v . The �R^ ��d variationin thestatetransition
probabilitymayresultin anerrorof 66%in theexpectedschedule
length(seefootnote3).

The solutionis composedof two phases.The first phaseis to
dividetheSTGinto regionsshown by dashedarcs.TheCDFGmay
beviewedasahierarchyof nestedloops,andthis hierarchycanbe
usedto inducea partitionon the STG.Eachregion representsthe
statesin which thesameloopsareexecutingsimultaneously.
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Figure9: SimplifiedSTGof Figure8
In thesimplifiedversionof Figure8,givenin Figure9, thestates

arecompactedinto thoseregionswhere(1) Loop-1andLoop-2ex-
ecuteconcurrently, (2) Loop-1 executesby itself, and(3) Loop-2
executesby itself. The outgoingedgesfrom theseregionsarean-
notatedappropriatelyby consideringhow many times eachloop
hasexecutedwithin the region. This processrequiresthe useof
theuser-definedinput traces.Oncetheregionshave beendefined,
andtheboundaryprobabilitiesassigned,thestatetransitionproba-
bilities areevaluated. Eachstatewithin a region is traversedand
marked with the numberof times a loop hasbeenencountered.
Oncethis stepis performed,the statetransitionprobabilitiesare
updatedby accountingfor (a) thenumberof timesa loop hasbeen
executedbeforeenteringa region, (b) the total numberof timesa
loop is executedwithin a region,and(c) thetotal numberof times
theloopexecutesoverall regions.

Let us returnto theexampleandapply this methodto seehow
the state transition probabilitiesmay be derived. Now assume
that both /m�w� and /s�K� have the samevalue of 99. This implies
that both loops will executesimultaneouslyfor someperiod of
time. By examining the sequenceof operations,behavioral sim-
ulation will indicatehow many timesLoop-2 closesbeforeLoop-
1. In this case,we have the following sequence: 4rxJy��1z�{\xJy]�z0: , 4rx ��� �|{1}J�\z�{\x ��� ��{ � ��z0: , 4rx � �\zJ{1x�y]��z0: , andsoon. Over the
entiresimulationrun, Loop-2will close,on an average,twice be-
foreLoop-1closes.In otherwords,Loop-2is twiceasfastasLoop-
1. Usingthis information,weannotatetheprobabilitiesin Figure9
to accountfor this factasfollows:2K�f��~

� ��"�� ��"� � 8���� /s�a�/s�a� � 8 � {Q2 ����~
� ��"�� �J"� � 8Q��� 8/s�a� � 8�� {2 [ ���E{�2��j��~

� �J"�� ��"� � 8 � {Q2 �j��~ 8� ��"� � 8 �
Usingtheabovestateregiontransitionprobabilities,wecancal-

culatetheprobabilitiesfor thedifferentstateregions,i.e., theprob-
ability of beingin eachregion. Oncetheboundaryconditionsare
evaluated,we canmove down thehierarchyandevaluatethestate
transitionprobabilitieswithin eachregion. For example,if we tra-
versethe STG from state1 to state13, we note that Loop-2 has
beenencounteredat leastfour timesupto thatstate.Theloopin the
STGbetweenstates13and16introducesnon-determinisminto the
statetransitionprobabilitycomputation.Theboundaryinformation
availableindicatesthatLoop-2will execute/s�a�
��� timesbetween
states13 and16 beforeexiting theregion thesestatesarea partof.
Therefore,the probability of closure,which is the statetransition
probability from state13 to 16, is

� �0$ V �� �0$ V [ . The procedurecanbe
appliedin a straightforwardfashionto eachvisitedstate.After the
evaluationof thestatetransitionprobabilities,thestateprobabilities
arecalculated,asbefore,by solvingasystemof linearequations.



4.3 Controller Power Estimation
Thecontrollercanconstituteasignificantportionof circuit area

andpower for control-dominatedcircuits,whichhaveasmalldata-
pathanda largecontroller. For suchcircuits,it is necessaryto ac-
curatelyestimatethecontrollerpower sinceit is theprimarycom-
ponent. In control-flow intensive circuits, the controller is not as
significant- resultsin [15] indicatethatthecontrollersizetypically
constitutesonly 2% of the total circuit areawhentaken to layout.
One reasonfor this is that the datapathin control-flow intensive
circuits accommodatescontrol-datachainingin a naturalfashion.
However, thereis still aneedto estimatethecontrollerpower.

The model used for controller power estimation is derived
from [17], wherethe switchedcapacitancefor the controllerwas
foundto be: 	����E�����
� T ! DSq<D g ! � �w� (6)
where�
� and �e� aretechnology-dependentconstants,and

T ! DSq<D g !is thenumberof statesin thecontroller. This equationshows that
thecontrollerpower is directlyproportionalto thenumberof states.
Even thoughthis modelwasderived primarily for data-dominated
circuits, it is alsovalid for control-flow intensive circuits because
theratioof datapathto controllersizeis comparable.

4.4 Putting it all Together
Figure 10 representsthe pseudo-codefor the power estima-

tion algorithm. First, the algorithm calls the function DE-
RIVE STATE TRANS PROB which performsthe two-level sweep
of the STG describedin Section4.2. The STG is first partitioned
into the loop-inducedregions previously defined,and the transi-
tion probabilitiesin andout of theseregions arecomputed. The
probabilitiesarebasedon thenumberof timeseachloop executes
within a given region. Oncetheboundaryprobabilitieshave been
assigned,a secondpassof theSTG visits eachstateto updatethe
statetransitionprobabilities. Similar to the first pass,the second
onealsokeepstrackof how many timesindividual loopshave ex-
ecutedwithin eachstate. Oncethesenumbersare available, the
statetransitionprobabilitiesare calculatedtaking all other (non-
loop) branchprobabilitiesinto consideration.After the statetran-
sition probabilitieshave beencomputed,the updatedSTGis used
to derive a setof linearequations.Theequationsaresolved using
Gauss-Jordaneliminationin orderto calculatethe stateprobabili-
ties.

Second,the algorithm usesthe switching activity matrix and
module capacitancevalues to calculate the total capacitance
switched for each module, and simultaneously, computesthe
switchedcapacitancefor the entire datapathusing Equation(5).
Thelaststepis estimatingandaddingthecontroller’s switchedca-
pacitanceusingEquation(6).

ESTIMATE POWER (CDFG � , Datapath� , STG � , Matrix � q|� , Library � ) �
State Trans Probs � !%�m#�! & = DERIVE STATE TRANS PROB( � , ��� g I );
State Probs YQ�6�1� = GAUSS JORDAN ELIMINATION( � , � !%�m#�! & );
Switched Capacitance   D � DSq lQ¡£¢ ;
for eachstate transition ( � � ¤ � � in � ) �

for eachmodule ( ¥§¦|¨ in � ) �  

��� ¡3¢ ;
for each input ( ©ªY in ¥«¦|¨ ) �¬ = get input ( ©ªY of ¥«¦|¨ in � � );­ = get input ( ©ªY of ¥«¦|¨ in � � );

// ¬ is thevariablein � � and ­ is thevariablein � �
for eachbit ( ® in ©ªY ) �  

��� =   

��� + � q|��¯ ¬R­<° ��± � ¯ ¥§¦|¨ ° ¤³²�� W�´ ; µ<µ  D � DSq lQ¡   D � DSq lJ¶ Y��O� � � ± � !%�h#�! & ±   

��� ; µµµ

Switched Capacitance  w· ! 
 ¡ ESTIMATE CONTROLLER POWER ( � );
return   D � DSq l�¶   · ! 
 ;µ

Figure10: Pseudo-codefor thepowerestimationalgorithm

5 Experimental Procedure
The estimation algorithm is implemented within the IM-

PACT [12] synthesissystem.The benchmarksusedfor the exper-
imentsare:GreatestCommonDivisor (GCD),a systemof parallel

loops(Loops)[12], thesendprocessof the X.25 communications
protocol[14], andPaulin,which is adata-dominatedcircuit.

IMPACT takesin asaninputaCDFGof thebenchmark,andper-
formsbehavioral simulationto extractthebranchprobabilities.The
systemthenoptimizesthedesignfor low power usingiterative im-
provement.Duringiterativeimprovement,thesystemmaycompare
hundredsof architectures,by applyingvariousarchitecturalmoves
to eacharchitecture.

All estimatedpower resultsobtainedusing our algorithm are
comparedto power valuesobtainedusing a switch-level simula-
tor. Fromthearchitecturelevel, theMSU standardcell library with
the logic synthesistool SIS is usedto producea logic-level netlist.
The Octtools suite is thenusedto perform layout and routing of
the controller and datapath. Transistorand wiring capacitances,
extractedfrom the layout usingMAGIC, areusedto annotatethe
netlist. IRSIM-CAP, a switch-level simulator, is usedto calculate
the switchedcapacitancefrom which power consumptionis de-
rived. The switch-level estimatortakesinto accountthe intercon-
nectpower, glitching power, clock network power, etc, which are
difficult to accountfor at the higher levels5. The input tracesfor
thesimulationareautomaticallygeneratedby creatingazero-mean
normaldistribution,which is thenpassedthroughanautoregressive
filter to introducea temporalcorrelation.

The experimentsare divided into threecategories. Eachcat-
egory is designedto measurea differentaspectof the estimation
algorithm. Our experimentsmeasureboththeaccuracy andthefi-
delity of theestimationalgorithm.Sometermsaredefinednext.

Estimation Accuracy: For eachbenchmark,we measurehow
accuratethe power reportedby our estimationalgorithmis to the
power estimatedusingIRSIM-CAP. Theabsoluteerror is averaged
out over thearchitecturesproducedandcomparedduringa synthe-
sis run of the high-level synthesissystem. Note that positive and
negative errorsarenotcanceledout!

Tracking Index: This index is usedto measurehow well the
estimationalgorithmcomparestherelativepowerof apairof archi-
tectures.In otherwords,given � architectures,theindex measures
thecorrectnessof theorderin which thearchitecturesareplacedin
termsof decreasingpower consumption.Theequationfor tracking
index is givenas: ¸ �98j� C�

C� (7)

where C is thenumberof out-of-orderpairswithin � architectures,
andthecorrectorderis assumedto bedefinedby IRSIM-CAP.

This seriesof experimentsmeasuresthe trackingindex for all
thegivenbenchmarksasthey areprocessedin thepower-optimizing
synthesistool. At eachstep,thesynthesisalgorithmpausesanda
“snapshot”of the architectureis taken. The power of eacharchi-
tecturalchoiceis estimatedusingour algorithmand IRSIM-CAP.
Ideally, eachsuccessive architectureshouldhave lesspower than
thepreviousone.

Tracking Index Fidelity: Throughoutasynthesisrun,thedif-
ferencein powerconsumptionof successivearchitectureswill vary.
The fidelity measureindicatesthe estimationalgorithm’s confi-
dencelevel for agivenchange( ¹ ) in power.

This setof experimentsmeasuresthetrackingindex versusthe
percentageseparationin architecturepower, rangingfrom 10%to
100%.Toavoid introducingsecond-level erroreffects,wedonotgo
below 10%,sinceIRSIM-CAP’sconfidencelevel decreasesbeyond
this point. For each10%separationin power, we averageout the
trackingindex for thedifferentpairsof architecturesavailablefrom
all four benchmarks.

6 Experimental Results
In this section,we presentthe resultsof our experimentsde-

scribedabove. Table1 summarizesthe resultsfor all four bench-
marks.Thefirst columnrepresentsthearchitecturenumber. TheIC
columnrepresentsthe power asestimatedby IRSIM-CAP, the EP
column representsthe estimatedpower using our algorithm, and

5While circuit simulatorssuchasSPICEmaybevery accuratein terms
of estimatingpower consumption,they take a prohibitively long time to
completeon thetypeof controller/datapaths targetedhere.For this reason,
we useIRSIM-CAP which is muchfasterthanSPICEandhasan average
margin of errorof 7%comparedto SPICE.



Table1: Summaryof resultsfor ourpowerestimationalgorithm
Arch. Loops GCD X.25 Paulin
No. IC (mw) EP(mw) %Er IC (mw) EP(mw) %Er IC (mw) EP(mw) %Er IC (mw) EP(mw) %Er
1 24.76 26.13 5.5 8.23 9.43 14.6 15.30 13.51 -11.7 21.95 24.51 11.7
2 26.78 24.01 -10.3 6.42 7.99 24.5 12.14 10.64 -12.4 21.68 23.33 7.6
3 24.18 23.35 -3.4 7.89 7.79 -1.3 8.51 7.95 -6.6 20.85 19.40 -7.0
4 23.92 22.48 -6.0 6.67 7.39 10.8 6.94 5.36 -22.8 20.53 19.25 -6.2
5 21.81 20.71 -5.0 5.98 6.96 16.4 4.51 5.21 15.5 20.12 18.73 -6.9
5 20.15 18.83 -6.6 6.59 6.10 -7.4 4.13 5.01 21.3 18.95 17.89 -5.6
6 18.10 16.37 -9.6 6.32 6.01 -4.9 3.81 4.85 27.3 18.62 17.04 -8.5
7 14.02 15.96 13.8 5.15 5.63 9.3 3.99 4.69 17.5 17.82 16.53 -7.2
8 12.15 13.62 12.1 4.62 5.01 8.4 4.82 4.58 -5.0 16.15 15.46 -4.3
9 10.73 12.28 14.4 4.25 4.55 7.1 2.89 3.55 22.8 14.34 15.32 6.8
10 3.01 3.89 29.2 2.19 2.73 24.7 13.86 14.23 2.7
11 2.72 3.18 16.9 10.93 12.10 10.7
12 2.43 2.26 -7.0
13 1.58 1.90 20.3
14 2.02 1.75 -13.4
15 2.15 1.57 -27.0
I 0.98 0.92 0.89 0.99

%Er is thepercentageerror. Over all thebenchmarks,theaverage
absoluteerroris only 11.8%.

Resultsfor the tracking index,
¸
, for the benchmarks,which

go througha synthesisrun, are shown in the last row of the ta-
ble. The numberof architecturesvariesfrom one benchmarkto
theothersinceeacharchitecturewill requirea differentnumberof
architecturalmovesto producea power-optimizedcircuit. Theav-
eragetrackingindex is 0.95.Figure11is aplot showing thefidelity
of the trackingindex with increasingseparationin power between
successivearchitectures.Above20%separation,thetrackingindex
risesdramatically.

0 20 40 60 80 100
0.4

0.5

0.6

0.7

0.8

0.9

1

Separation in power (%)

T
ra

ck
in

g 
in

de
x

Figure11: Trackingindex vs. % separationin power
On anSGI Challenge workstationwith d0�0º�>¼» of memory, on

an average,it takesabout15 minutesof CPUtime to evaluatethe
switchingactivity matrix, which is a one-timecost. Consecutive
power evaluationstake about30 secondsof CPUtime for eachar-
chitecture.

7 Conclusions
In this paper, we have presenteda power estimationalgorithm

for control-flow intensive designs,which can also handledata-
dominateddesigns. The algorithm allows an iterative high-level
synthesissystemto evaluatearchitecturaltrade-offs without intro-
ducinga run-timebottleneckwhich typically resultsfrom repeated
simulationsandcomputations.

The algorithmutilizes behavioral information to extract accu-
ratebranchprobabilities,andis basedon theconceptof switching
activity matrices.We combinetheprobabilitymeasuresandmatri-
ceswith apre-characterizeddesignlibrary to calculatethepowerof

a given architecture.Resultsdemonstratethat,on anaverage,our
algorithmonly has11.8%error.
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