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Abstract

In this paper, we presenta power estimation technique for
control-flow intensive designsthat is tailor ed towards driving
iterati ve high-level synthesissystemswhere hundredsof 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 consumption of a given ar-
chitecture.

We test our algorithm using a seriesof experiments, each
geared towards measuring a differ ent indicator. The first set
of experimentsmeasuesthe algorithm’s accuracy when com-
pared to the actual circuit power. The secondset of experi-
ments measuies the average tracking index, and tracking in-
dex fidelity for a seriesof architectures. This index measues
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 anintegral part of the designprocess.Estimationtechniquesat
differentlevels of the designhierarchyprovide the meansfor this
evaluation. The importanceof power consumptiorandits impact
on both portableanddesktopelectronicshasalsobeenrecognized
by researchersyho have investigatecpower estimatiortechniques
from thecircuit to the systemlevel.

In high-level synthesispehaioral descriptionamay be classi-
fied into threecateyories: data-dominatedgzontrol-flov intensve,
and control-dominated. Control-flov intensive designsare char
acterizedoy amix of data-flav andcontrol-flov operationsuchas
nestedoopsandconditionals.This papertacklestheproblemof es-
timating the power consumptiorof control-flov intensie designs.
Fastandaccuratehigh-level pover estimationtoolsarerequiredto
drive mary of todays high-level synthesigools. Traditionalmeth-
ods fail whenlarge numbersof architecturegup to several hun-
dredsfor asinglecircuit) needto be evaluatedduringthe courseof
synthesis i.e., they consumetoo much CPUtime to be practical
during synthesis.Unlike thesemethods our techniqueprovidesa

fastandrelatively accuratemeansfor power estimation,allowing
iterative high-level synthesigoolsto exploreandevaluatehundreds
of architecturatrade-ofs easily

Typically, lowerlevel power estimationtechniques,such as
SPICE[1], provide the highestestimationaccuray. Extensve
work hasalsobeendoneat the logic level. A detailedsuney of
thesetechniquess givenin [2]-[4]. A morerecentgate-level tech-
nique [5] usespower macro-modelingoasedon a three-ariable
model. The shortcomingof low-level methodss thatthey tendto
becomputationallyntensie andunsuitablegor driving ahigh-level
synthesisystem.

Many contributionsin power estimationhave beenmadeat the
architecturer registertransfedevel (RTL). In [6], amethodknown
aspower factorapproximationPFA) characterizethe power con-
sumptionof macro-blockssuchasaddersandmultipliers, by per
forming simulationson low-level implementationsf theseblocks.
However, the PFA methoddoesnot accounffor inter-operationde-
pendencies.This problemis accountedor in [7], wherea dual
bit-type modelfor word-level signalsis presented.The dual bit-
type methodis mosteffective for data-dominatedesigns.In [8],
a switchingactivity andpower estimationmethodis presentedor
control-flav intensie designswhereglitchesin datapatrandcon-
troller signalsareaccountedor. This methodis accurateyet too
computationallyintensve to be in the inner loop of a high-level
synthesissystem. The above techniquesare characterizedy the
factthatthey modelcircuit blocksas"black boxes” In otherwords,
low-level detailsof thecircuit blocksaresimplifiedinto ahigh-level
powermodel. Techniquesvhichdonotusethe“black box” concept
arebasedninformation-theoretienodelq9, 10]. In [9, 10], values
suchasentropy andinformationalenegy are usedto measurehe
switchingactvity. Power estimationat the behaior level is given
in [11], wherelinear regressionis usedto modelandcharacterize
library macrosusedfor implementingoehaioral operators.

This paperpresentsa high-level power estimationmethodthat
usesbehaioral informationto extract accuratdoranchprobability
valueswhich arethenusedto estimatethe switchedcapacitance,
basedon switchingactiity matricesandtechnologydependenta-
pacitancevalues atthearchitecturdevel. Theuseof thebehaioral
informationdramaticallyspeedsip the procesf branchprobabil-
ity extraction, eliminating the needto perform RTL simulations.
This methodis ideal for driving an iterative high-level synthesis
systemwherebycomparisorof the relative pover consumptiorof
hundredf architecturesnaybe performedquickly.

In thenext sectionwe motivateour methodwith anexample.In
Section3, we introducesomeconceptsand statethe assumptions
thatare usedin the estimationtechnique. We introducethe algo-
rithm in Section4, then presentthe experimentalproceduresand
resultsin Sectionss and6, respectiely. We concluden Section?.

2 A Motivational Example

We motivate our work with an exampleillustratedin Figurel.
The figure represents control-dataflow graph(CDFG) of atyp-
ical, yet simplified, control-flov intensve circuit. The circuit per
forms a calculationwithin a loop usingan input seedvalue. We
comparetwo estimationenginesdriving the high-level synthesis

1we describethis CDFG modelin moredetailin Section3.1



system,IMPACT [12], for control-flov intensie designs.Thefirst

engines theonepresentedh [8] (henceforttreferredto asscheme-
1), while the secondis our proposedtechnique(referredto as

scheme-2).

int loop (int v) {
inta=0;
for (inti=0;i<v;i++) {
a=a+ti

return a;

%Out

Figurel: CDFGof Looplbenchmark

Figure 2 illustrates the stepsin the estimation processof
scheme-1.Using an RTL circuit of the benchmarkand a typical

input tracé, variousstatisticsof the signalsin the circuit are col-

lectedusing a cycle-basedsimulator Oncethe statisticsare col-

lected,the numbersarefed into the computationaénginethatuses
powver modelsfrom a design/moduldibrary to calculatethe circuit

powver. Thetime taken by the estimationalgorithmis linearin the
numberof tracesappliedto the simulator The bottleneckin this

estimationproceduras RTL simulation(Block 1 in Figure2).

Input Traces——~|  RTL Estimation
cycle-based -
RTL Circuit —| Simulation 1 Engine ,

(datapath + controller)
Module
Library
3

Figure2: Block diagramof the power estimato8]

Our proposedestimatoris illustratedin Figure3. We first per
form a behaior-level simulationby providing asinputthe CDFG,
andthe setof inputtracesto a simulator Fromthis simulation,we
extract branchprobabilitiesand switching actvity (SA) informa-
tion which arethenpassedn to the estimationenginealongwith
theRTL circuitanddesignlibrary.
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Figure3: Block diagramof our proposedower estimator

Thebottleneckn scheme-2s alsothesimulationtime. Thetime
compleity of our estimatorasillustratedin Figure3, is alsolinear
in the sizeof the input trace. Whereis the advantageof scheme-2
then?Considetaving to evaluateonehundredarchitecture$or the
behaior given abore. Using scheme-1pne hundredsimulations
will have to performed onefor eacharchitecture Using scheme-
2, only one behaioral simulationis required,sincethe estimator
only executeghe blockshighlightedwith adottedline in Figure3.
Experimentshav thatfor the examplein Figurel, a trackingin-

de® of 0.99is achieved for scheme-2and the final architecture

2Theinput traceis createdby a designemwith knowledgeaboutthe cir-
cuit’s functionalityandinterface.For experimentapurposesthetracesnay
alsobeautomaticallygenerated.

STrackingindex is definedformally in Section5. It representsion well
theestimatoevaluatedifferentarchitectures termsof relative powvercon-
sumption.It variesfrom 0 to 1, 1 beingperfect.

of thesynthesigunis identicalusingbothscheme-hndscheme-2.
Thespeed-upn executiontime of scheme-2verscheme-1s about
100X.

3 Preliminaries

Pawer consumptiorin CmMOs circuits may be divided into two
catgyories: static anddynamic. Staticpower dissipationis mainly
dueto leakage and standby currents. With the correctchoice of
device technology static powver loss can be madenggligible [4].
Dynamicpower lossis dueto the charging anddischarging of tran-
sistors,and short-circuit currents. Moderndesigntechniquesan
reduceshort-circuitcurrents.Hence the averagepower consump-
tion of a CmMOs gate,basedon its chaging anddischaging, is a
function of the gates outputcapacitancesupplyvoltage,andtran-
sitionspertime period(switchingactiity).

One approachfor optimizing power consumptionis by using
iterative algorithms(simulatedannealing,iterative improvement,
geneticalgorithm). In suchsystemsthe inner loop of the opti-
mization algorithm performsa setof moves on an architectureto
produceotherarchitecture®f the design. The movesaffect differ-
ent high-level synthesigasks,suchas schedulingallocation,and
assignmentandhence enableghe systemof examinetheinterac-
tion amongthesetasks.The estimationengineestimateshe pover
consumptiorof eacharchitectureandhelpschoosewhich move is
the mostbeneficialwith respecto a given costfunction. Clearly,
the estimatothasa directimpacton the abore high-level synthesis
tasksvia themovesthatarechosen.

Imaginetaking a snapshobf aniterative synthesigprocessat a
givenmomentn time. Thepicturewill includeaCDFG,aschedule
andstatetransitiongraph(STG)from whichacontrolleris derived,
adatapathandthesetof inputtraces.Thesearethecomponent$ed
to the power estimator Next, we definethesecomponentsn more
formaltermsandexplaintheir contritutionto power estimation.

3.1 The Control-data Flow Graph Model

Thehigh-level synthesigprocesstartswith ahardwaredescrip-
tion of the designthatis compiledinto a CDFG.A CDFGis adi-
rectedgraphwherenodesrepresenbperationsandedgesepresent
dataandcontroldependencieamongthe nodes. The modelused
is formally definedin [12]. However, for the sale of completeness,
we cover someof its importantaspects Referringto the CDFGin
Figure 1, we represent datadependencwith a solid arc, anda
controldependencwith a broken arc. Unlike datadependencies,
eachnodemay at most, be control-dependerdn oneothernode.
The control dependenc may have two forms: (a) active-high, de-
notedby + on the edge,meaninga nodewill only executeif the
conditionis true, and (b) active-low, denotedby — on the edge,
meaningthe nodein questionwill only executeif the associated
conditionis false. While nodesperformoperationssuchas ADD,
MULTIPLY andSELECT, edgescarry datavalueswhich may be
constantsyariables,or bit-vectors. We usean Elp nodeto denote
theterminationof aloop construct.

Therearemary typesof conditionconstructshatmaybe used
in a behaioral description. Theseinclude if-then-else, while-do,
case statements, wait statements, andloops. In orderto make han-
dling conditionalsuniform and as straightforvard as possible,all
constructsarecornvertedto theif-then-else form.

3.2 The State Transition Graph

The CDFG s usedfor (a) derving a datapath(b) determining
the controlmechanisnthroughschedulingand(c) performingbe-
havioral simulations. The controlleris derved from an STG. The
behaioral simulationresultsare usedto computethe statetransi-
tion probabilitiesfor every edge-linked statepairin the STG. The
probability of a statetransitionis computedasthe productof the
probabilitiesof the controldependencedgest representsassum-
Ing mutualindependencef theseedges For control-flow intensie
designsthis assumptiorhasbeenexperimentallyvalidatedin [14].
By usingthis approachit is only necessaryo performonebeha-
ioral simulationfrom whichthestatetransitionprobabilitiesmaybe
extracted. Theseprobabilitiesarethenusedto derive the expected
scheduldengthof thedesign.It is importantto point out, however,
thatin [14] concurrentoop optimizationwasnot handled.In other
words, it was assumedhat only oneloop can executeat a given
time. It hasbeenshavn in [15] thatoptimizingacrossconcurrent
loopsis akey processn optimizingtheperformancef control-flav



intensve designsin thepresencef suchconcurrentonstructsthe
procedureresentedh [14] no longergivesaccurateesultsfor ex-
pectedscheduleength, and errorsof up to 50% in the schedule
lengthhave beendemonstrateéd We will illustratethe problemin
Section4.2 andpresenta solutionto modify the methodof [14] to
accountfor theseconstructs.
3.3 The Module Power Model

Thepower consumptiorof amodule(functionalunit, registeror
multiplexer) is expressedsa linearweightedsumof the switching
activities of its inputs. Consideran m-input, n-bit moduleshavn
in Figure4. XX, X Yoo X Xnfngfnn

Module

i

Figure4: Block diagramof agenericmodule

The capacitance(,,.q, switchedby the module,mod, during
a statetransitionbetweersourcestates; andsink states, is given

by:
mod - Z Z SI_’SQ X clJ (1)

whereasl_’s2 is the actmty atlnputxl of the moduleduringthe

statetransmonsl — 89 andcl is a module-dependertonstant.
The constant;; is der'wedfrom switch-level simulationof thelay-
out of themodule,andis storedaspartof thedesignlibrary. Letu
(v) bethevariablethatappearsatinputz‘ of modulemod in states;
(s2)- asl_’s2 is computedas:

il =p(u; ®v; =1) (2

aZJ
wherep(u; @ v; = 1) is theprobabilitythatbit j of u differsfrom
bit j of v. Theseprobabilitiesare computedonly oncein a pre-
processingtep,shavn asBlock 1 in Figure3, andarestoredin a
datastructureknowvn asa switching activity matrix.

A switchingactiity matrix[16] M is amatrix whoserows and
columnscorrespondo variablesin the behaior. Row 7 represents
variableu; andcolumnj representsariablew;. The entryM[z;%
is an orderedset(from mostsignificantto Ieastsngnlflcantblt) 0
cardinality equalto the bit-width of the variables,wherethe &*"
elementof the setrepresentshe probability thatthe £** bit of u;
andthek*"* bit of u; differ.

To constructtheswﬂchmgactlvlty matrix, we usethetracesfor
individual variableswhich are producedby behaioral simulation.
Let ¢, (t,) bethetracefor u (v); t.[k] (t,[k]) representsts k"
elementThen,p(u; & v; = 1) canbecomputedas:

N

> (tulk] @ to[K]);

k=1

®)

N
whereN is thelengthof thetrace. Thematrixis built only oncefor
all pairsof variablesn thebehaior.

Notethatwe automaticallyaccountfor sharingj.e., whenmore
than one operation(variable) are mappedto the samefunctional
unit (register). For example,an addermay performoperation+1
in states; andoperation+- in statess. By consideringhe state
transitions; — s2, we accountfor the effectsof theinputsof the
adderchangingfrom the valuesassociatedvith +; to the values
associateavith +-.

In the next section,we combinethe conceptsdescribedabore
andformally definethe estimationalgorithm.

4Theexpectedscheduldengthis oftenanill-conditionedfunctionof the
statetransitionprobabilities. For instancethe expectedscheduldengthis

oftendirectly proportionalt is the statetransitionprobability).

Thereforeachangen p; from 0.99t0 0.98would resultin a50%change
in theexpectedscheduldength.

4 The Power Estimation Algorithm

The block diagramof the estimationprocesss shawn in Fig-
ure3. In thissectionwe concentrat®n Block 1 andBlock 2 of the
diagram.NotethatBlock 1 is aone-timecost. Wefirstillustratethe
algorithmthroughanexample.

4.1 Power Estimation of a Simple Benchmark

As mentionedbefore, behaioral simulation provides us with
probabilitiesof the conditionaledgesof the CDFG and with the
switchingactivity matrix. We explain eachstepin the estimation
procesduy usingthe exampleshavn in Figure5. The CDFG con-
sistsof two conditionalbranchesand one loop. The edgeshave
beenannotatedvith namesfor which the probabilitieshave been
given.
12

p(cl) =0.5

p(c2) = 0.96
p(c3)=0.6
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Figure5: CDFG of 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 assumptiongrom Sec-
tion 3.2, the edgeprobabilitiesfor the given edgesare: p(cic3) =
0.3, p(c1é3) = 0.2, p(¢ic3) = 0.3, andp(éics) = 0.2.

c2

Figure6: STG of examplebenchmark

Oncethe statetransitionprobabilitieshave beenestablisheda
setof linear equationss derived for the stateprobabilitieshased
on modelingthe STG asa Markov process As shawvn in [14], this
methodis valid for control-flav intensve behaiors. Theequations
aresolvedusingalinearequatiorsolver, andthe stateprobabilities
arederived. Next, the switchingactivity matrixin conjunctionwith
thetechnologyconstantgc;; 's) areusedto derive the switchedca-
pacitanceof the RTL circuit. Unlike data-dominatedpplications,
for whichthereis only onepathin the STG, control-flow intensive
designshave mary threadsof execution,eachwith an associated
probability of execution. Using Equation(1), we find the switched
capacitancassociateavith a statetransitionedges; — sz in the
STGis givenby:

Cedge = Z p(Sl) X P81 —89 X Cmod

V modules

4



where Py, _,,, is the state transition probability from state s1,

which has a state probability p(s1), to statess. The average
switchedcapacitancéor the entirecircuit is foundby summingup

theedgeswitchedcapacitancever all edges:

Ctotal = Z Cedge (5)

V edges

4.2 Effect of Loop Optimization
As mentionedbefore, specialattentionneedsto be given to
loops, especiallyin the casewhereconcurrenioopsare unrolled
to improve scheduldength. Considerthe simple exampleof two
loopsexecutingconcurrentlyin Figure7. An optimizingscheduler
inl in2

‘ Outl Qut2

Figure7: CDFG of two concurrentoops

will performloop unrolling andschedulghesdoopsconcurrently
Thisiis aclearadvantagen termsof performancesincetheseloops
areindependentut mayalsorequiresharingof resourceskigure8
is partof an STG wherethe loopsin Figure 7 areunrolledtwice.
By examiningthe STG, it canbeseerthatat state3, Loop-2hasal-
readyexecutedwice while Loop-1is still in thefirstiteration. It is,
therefore necessaryo accounfor thefactthatat certainpointsin
the STG,agivenloop may have executeda givennumberof times.
If the accountings not performed the errorin expectedschedule
lengthcanbe significant.

Figure8: Partof the STG for the CDFG of Figure7
Clearly, thelengthof the schedulgor the CDFG of Figure7 is
sensitve to inputsin: andins. Onceagain,considerstate3 and,
morespecifically theedgemarked“T” emanatindgrom it. Assume
thatthevalueof in, is 99. Withoutconsideringconcurrentoop op-
timization,we may naiely arrive ata statetransitionprobability of

0.99 for the edge.In reality, the valueof the probabilityis 1:;:?
sinceLoop-2 hasclosedtwice already The statetransitionproba-
bility is, therefore,0.97. The 0.02 variationin the statetransition
probabilitymay resultin anerrorof 66%in the expectedschedule
length(seefootnote3).

The solutionis composedf two phases.The first phaseis to
dividethe STGinto regionsshavn by dashedarcs. The CDFGmay
beviewedasahierarchyof nestedoops,andthis hierarchycanbe
usedto inducea partition on the STG. Eachregion representshe
statedn which the sameloopsareexecutingsimultaneously

pa4

Figure9: Simplified STG of Figure8

In thesimplifiedversionof Figure8, givenin Figure9, thestates
arecompactednto thoseregionswhere(1) Loop-landLoop-2ex-
ecuteconcurrently (2) Loop-1 executesby itself, and (3) Loop-2
executesby itself. The outgoingedgesrom theseregionsarean-
notatedappropriatelyby consideringhov mary times eachloop
has executedwithin the region. This processrequiresthe use of
the userdefinedinput traces.Oncethe regionshave beendefined,
andthe boundaryprobabilitiesassignedthe statetransitionproba-
bilities are evaluated. Eachstatewithin a region is traversedand
marked with the numberof times a loop has beenencountered.
Oncethis stepis performed,the statetransition probabilitiesare
updatedby accountingor (a) the numberof timesaloop hasbeen
executedbeforeenteringa region, (b) the total numberof timesa
loop is executedwithin a region, and(c) the total numberof times
theloop executesover all regions.

Let usreturnto the exampleandapply this methodto seehow
the statetransition probabilitiesmay be derived. Now assume
that both in; andin, have the samevalue of 99. This implies
that both loops will execute simultaneouslyfor some period of
time. By examiningthe sequencef operationsbehaioral sim-
ulationwill indicatehow mary timesLoop-2 closesbeforeLoop-
1. In this case,we have the following sequence:({<1}, {<>
B ({++1, %1}, {++2, +2}), (ﬂ+1F, {<2}), andsoon. Overthe
entiresimulationrun, Loop-2will close,on an average twice be-
fore Loop-1closes.n otherwords,Loop-2is twice asfastasLoop-
1. Usingthis information,we annotatehe probabilitiesin Figure9
to accounfor this factasfollows:

iny

2 ing mTl 1
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Usingtheabore stateregion transitionprobabilitieswe cancal-
culatethe probabilitiesfor the differentstateregions,i.e., the prob-
ability of beingin eachregion. Oncethe boundaryconditionsare
evaluated we canmove down the hierarchyandevaluatethe state
transitionprobabilitieswithin eachregion. For example,if we tra-
versethe STG from statel to statel3, we note that Loop-2 has
beenencounteredtleastfour timesupto thatstate.Theloopin the
STGbetweerstatesl3and16 introduceshon-determinisninto the
statetransitionprobabilitycomputation Theboundaryinformation
availableindicateghatLoop-2will executein, — 4 timesbetween
statesl3 and16 beforeexiting theregion thesestatesarea partof.
Therefore the probability of closure,which is the statetransition

probability from state13to 16, is {*2=%. The procedurecanbe

ing—3
appliedin a straightforvard fashiontozeachvisited state.After the
evaluationof thestatetransitionprobabilities the stateprobabilities
arecalculatedasbefore by solvinga systemof linearequations.




4.3 Controller Power Estimation

Thecontrollercanconstitutea significantportionof circuit area
andpower for control-dominatedircuits,which have a smalldata-
pathanda large controller For suchcircuits, it is necessaryo ac-
curatelyestimatethe controllerpower sinceit is the primary com-
ponent. In control-flov intensve circuits, the controlleris not as
significant- resultsin [15] indicatethatthe controllersizetypically
constitutesonly 2% of the total circuit areawhentaken to layout.
Onereasonfor this is that the datapathin control-flav intensive
circuits accommodatesontrol-datachainingin a naturalfashion.
However, thereis still a needto estimatehecontrollerpower.

The model used for controller power estimationis derived
from [17], wherethe switchedcapacitancdor the controllerwas

foundto be:

Crsu = a1 Nstates + 2 (6)
wherea; andas aretechnology-dependenbnstantsandNgtotes
is the numberof statesn the controller This equationshavs that
thecontrollerpoweris directly proportionako thenumberof states.
Eventhoughthis modelwasderived primarily for data-dominated
circuits, it Is alsovalid for control-flawv intensve circuits because
theratio of datapatho controllersizeis comparable.

4.4 Putting it all Together

Figure 10 representghe pseudo-coddor the pover estima-
tion algorithm. First, the algorithm calls the function DE-
RIVE_STATE_TRANS_PROB which performsthe two-level sweep
of the STG describedn Section4.2. The STGis first partitioned
into the loop-inducedregions previously defined,and the transi-
tion probabilitiesin and out of theseregions are computed. The
probabilitiesare basedon the numberof timeseachloop executes
within a givenregion. Oncethe boundaryprobabilitieshave been
assigneda secondpassof the STG visits eachstateto updatethe
statetransitionprobabilities. Similar to the first pass,the second
onealsokeepstrack of haw mary timesindividual loopshave ex-
ecutedwithin eachstate. Oncethesenumbersare available, the
statetransition probabilitiesare calculatedtaking all other (non-
loop) branchprobabilitiesinto consideration After the statetran-
sition probabilitieshave beencomputedthe updatedSTG s used
to derwve a setof linearequations.The equationsaresolved using
Gauss-Jordaaliminationin orderto calculatethe stateprobabili-
ties.

Second,the algorithm usesthe switching actiity matrix and
module capacitancevalues to calculate the total capacitance
switched for each module, and simultaneously computesthe
switchedcapacitancdor the entire datapathusing Equation(5).
The laststepis estimatingandaddingthe controllers switchedca-
pacitancausingEquation(6).

Sate Trans_Probs Ps; s; = DERIVE_STATE_TRANS_PROB(S, Pyey);
State_Probs p(s) = GAUSS_JORDAN_ELIMINATION(S, Ps;—s;);
Switched Capacitance Ciptq; = 0;
for_eachstate.transition (s; — s; in S) {
for_eachmodule (rmod in D) {
Cimod = _0; .
for_eachinput (ip in mod) {
u = getinput (zp of mod In s;);
v = getinput (ip of mod in s;);
Ilu is thevariablein s; andv is thevariablein s;
for_eachbit (binip) {
Crmod = Cod + Mac[uv]y X Limod] — ¢ip, i1}
Ctotat = Ctotal +p(37)) X Ps; —s5 X Crmod;

Switched Capacitance C'¢ s, =ESTIMATE_CONTROLLER_POWER (S);
return Ciotat + Crsm

EsTIMATE_.POWER (CDFG @G, DatapathD, STG S, Matrix Mg, Library L) {

Figure10: Pseudo-codéor the power estimationalgorithm

5 Experimental Procedure

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

loops(Loops)[12], the sendprocesf the X.25 communications
protocol[14], andPaulin, whichis a data-dominatedircuit.

IMPACT takesin asaninputa CDFGof thebenchmarkandper
formsbehaioral simulationto extractthebranchprobabilities.The
systenthenoptimizesthe designfor low power usingiterative im-
provement.Duringiterativeimprovementthesystenmaycompare
hundredsf architectureshy applyingvariousarchitecturamaoves
to eacharchitecture.

All estimatedpower resultsobtainedusing our algorithm are
comparedto power valuesobtainedusing a switch-level simula-
tor. Fromthearchitecturdevel, the MSU standardtell library with
thelogic synthesigool SSis usedto producea logic-level netlist.
The Octtools suite is then usedto perform layout and routing of
the controller and datapath. Transistorand wiring capacitances,
extractedfrom the layout usingMAGIC, are usedto annotatethe
netlist. IRSIM-CAP, a switch-level simulator is usedto calculate
the switchedcapacitancdrom which powver consumptionis de-
rived. The switch-level estimatortakesinto accountthe intercon-
nectpower, glitching power, clock network power, etc, which are

difficult to accountfor at the higherlevels. The input tracesfor
thesimulationareautomaticallygeneratedby creatingazero-mean
normaldistribution, whichis thenpassedhroughanautoregressie
filter to introduceatemporalcorrelation.

The experimentsare divided into three cateyories. Eachcat-
egory is designedto measurea differentaspectof the estimation
algorithm. Our experimentameasuréoththe accurag andthefi-
delity of the estimatioralgorithm. Sometermsaredefinednext.

Estimation Accuracy: For eachbenchmarkye measureénow

accuratethe power reportedby our estimationalgorithmis to the
power estimatedusing| RSM-CAP. Theabsolutesrroris averaged
outover thearchitectureproducecandcomparediuringa synthe-
sis run of the high-level synthesissystem. Note that positive and
negative errorsarenot canceledut!

Tracking Index: This index is usedto measurehow well the
estimationalgorithmcomparesherelative power of apair of archi-
tectures.In otherwords,givenn architecturestheindex measures
the correctnessf theorderin whichthearchitecturesreplacedin
termsof decreasingower consumptionTheequatiorfor tracking
index is givenas: k

2
wherek is the numberof out-of-orderpairswithin n architectures,
andthe correctorderis assumedo be definedby IRSM-CAP.

This seriesof experimentsmeasureshe trackingindex for all
thegivenbenchmarkasthey areprocesseih thepower-optimizing
synthesigool. At eachstep,the synthesisalgorithmpausesanda
“snapshot’of the architecturds taken. The power of eacharchi-
tecturalchoiceis estimatedusingour algorithmand IRS M-CAP.
Ideally, eachsuccessie architectureshouldhave lesspower than
thepreviousone.

Tracking Index Fidelity:  Throughoutasynthesisun, thedif-
ferencein power consumptiorof successie architecturesvill vary.
The fidelity measureindicatesthe estimationalgorithm’s confi-
denceevel for agivenchangdd) in power.

This setof experimentaneasureshe trackingindex versusthe
percentageseparatiorin architecturepower, rangingfrom 10%to
100%.To avoidintroducingsecond-leel erroreffects,wedonotgo
belav 10%,sincel RSM-CAP’s confidencdevel decreasebeyond
this point. For each10% separatiorin powver, we averageout the
trackingindex for thedifferentpairsof architecturesvailablefrom
all four benchmarks.

6 Experimental Results

In this section,we presentthe resultsof our experimentsde-
scribedabove. Table 1 summarizeghe resultsfor all four bench-
marks.Thefirst columnrepresentthearchitecturemumber ThelC
columnrepresentshe power as estimatedoy IRSM-CAP, the EP
column representshe estimatedpower using our algorithm, and

SWhile circuit simulatorssuchas SPICEmay be very accuraten terms
of estimatingpower consumptionthey take a prohibitively long time to
completeon thetype of controller/datapas targetedhere. For this reason,
we uselRIM-CAP which is muchfasterthan SPICEand hasan average
maugin of errorof 7% comparedo SPICE.



Tablel: Summaryof resultsfor our power estimationalgorithm

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 55 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 7.99 245 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 16.4 451 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
| 0.98 0.92 0.89 0.99

%Er is the percentagerror. Over all the benchmarksthe average
absoluteerroris only 11.8%.

Resultsfor the trackingindex, I, for the benchmarkswhich
go througha synthesisrun, are shawvn in the last row of the ta-
ble. The numberof architectures/ariesfrom one benchmarkto
the othersinceeacharchitecturewill requirea differentnumberof
architecturamovesto producea power-optimizedcircuit. The av-
eragetrackingindex is 0.95.Figurellis aplot shaving thefidelity
of the trackingindex with increasingseparatiorin powver between
successie architecturesAbove 20%separationthetrackingindex
risesdramatically

1

0.9

0.8

Tracking index
o
3

0.6

0.5

0.4 . .
0 20 40 60

Separation in power (%)
Figurell: Trackingindex vs. % separatiorin power

OnanSGI Challenge workstationwith 256 M B of memory on
anaverage,it takesabout15 minutesof CPU time to evaluatethe
switching activity matrix, which is a one-timecost. Consecutie
pg(ver evaluationstake about30 secondsf CPUtime for eachar-
chitecture.

80 100

7 Conclusions

In this paper we have presentec power estimationalgorithm
for control-flov intensve designs,which can also handle data-
dominateddesigns. The algorithm allows an iterative high-level
synthesisystemto evaluatearchitecturatrade-ofs without intro-
ducingarun-timebottleneckwhich typically resultsfrom repeated
simulationsandcomputations.

The algorithm utilizes behaioral informationto extract accu-
ratebranchprobabilities,andis basedon the conceptof switching
activity matrices.We combinethe probabilitymeasureandmatri-
ceswith apre-characterizedesignlibrary to calculatethe power of

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