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Abstract

This paperproposes novel system-leel powerestima-
tion methodolgy for electionic designsconsistingof intel-
lectual property (IP) components. Our methodolgy re-
lies on analytical output and power maciomodelsof the
IP blocks to estimatesystemdissipationwithout perform-
ing any simulation. We derive upper boundson the esti-
mationerror of our methodolgy anddemonstatetherela-
tion of this error to the sensitivitiesof the macioomodeling
functions. For circuits without feedbak, we give a sufi-
cient condition for the worst-casepower estimationerror
to increaseonly linearly with thelengthof theIP cascades.
We alsogivea tighter suficientconditionthatensueserror
boundedness IP systemf any topolagy. Experiments
with signalprocessin@nddataencryptionsystemsalidate
theaccuracyandefficiencyof our approach. For designsof
up to 576 IP blodks, power estimatesare obtainedwithin
0.2secondsIn comparisorwith switch-level simulationre-
sults,the average error of our powerestimatess 7.3%.

1. Introduction

Low powerconsumptiorhasbecomeoneof themostim-
portantobjectivesin electronicdesigndueto continuously
growing portability considerationandreliability concerns.
A key challengen the designof low power systemss the
fastandaccuratesstimationof power dissipation. System
designerseedto evaluatepower dissipationat anearlyde-
sign stage whendetailedknowledgeof physicaldesignis
still notavailable[7, 10].

Macromodelingis a promising approachto the prob-
lem of high-level power estimation.The basicideabehind
powermacromodelings to generat@mappingbetweerthe
power dissipationof a circuit andcertainstatisticsof its in-
put signalssuchasthe averagesignal probability or aver-
agetransitiondensity[9]. This abstractmappinghidesthe
implementatiordetailsof a circuit while allowing its eval-

uationunderthe workload of the specificapplicationit is
usedfor. Although power macromodelindhasbeenproved
to beeffective for individualintellectualproperty(IP) com-
ponents,t is inadequatdor modelingsystemsf IP com-
ponents.In suchlP-baseddesignsmultiple IP blocksare
connectedogether The applicationof power macromod-
eling on eachlP block of the systemrequiresknowledge
of the signalstatisticsamongtheseblocks. To obtainthis
information, architectsmust perform extensive functional
simulationsanoftentime-consumingdaskthatsignificantly
limits the potentialfor exploring alternatve systemimple-
mentations.

In this paper we presenta novel power estimation
methodologyfor IP-basediesignghatrelieson power and
output macromodeling. The proposedmethodologypro-
ceedsin two phases.In the characterizatiophase power
andoutputmacromodelsireobtainedor eachlP block us-
ing simulation. In the estimationphase an iterative algo-
rithm computeghessignalstatisticsof theinter-IP nodesus-
ing the outputmacromodels.The dissipationof the entire
systemis subsequentlgbtainedby applyingthesestatistics
to the power macromodel®f theindividual blocks. Thees-
timation phaseof our methodologyis fully static thatis, it
doesnot performary simulations.Thus,oncethelP blocks
have beencharacterizedhepowerdissipatiorof alternatve
systemarchitectureganbeobtainedextremelyfast. To our
knowledge,our schemds the first-ever fully-static macro-
modelingmethodologyproposedor estimatingthe power
dissipationof IP systems.

We give arigorousanalysisthatrelatesthe sensitvity of
the macromodefunctionswith the error of our power esti-
mationalgorithm.A surprisingresultof our analysiss that
whenthe macromodefunctionsare relatively smooth,the
errordoesnot accumulateat exponentialratesandremains
boundedeven aroundloops. Specifically for IP-basedde-
signswith no feedbacKoops,we give sufficient conditions
onthemacromodefunctionsfor theworst-casesrrorto ac-
cumulateonly linearly along cascadesFor IP systemsof
generaltopologythatmay includeloops,we give a tighter



sufficient conditionthat guaranteethe boundednessf the
estimatiorerror.

Our proposedmethodologywas evaluatedon a collec-
tion of IP-basedlesignsincludingavarietyof digital signal
processingsystemsand a standardencryption/decryption
system.Thesystemsn ourtestsuitecomprisedupto 5761P
blocks.In comparisorwith switch-level simulation,theav-
eragepower estimatiorerrorof our methodologywas7.3%
with astandardleviation of 0.08. For morethan91%of the
obtainedestimatesthe errorwaslessthan15%. In general,
the error of our methodologywas lower on circuits with
feedbackhanon circuitswithout feedback For all designs,
power estimatesvere obtainedwithin at most0.2 seconds
onaSunUltraSpardl workstationwhile thecorresponding
switch-level simulationtook severalhours.

Previous macromodelingesearchhasfocusedon indi-
vidual IP blocks. A look-up table (LUT) approachwas
introducedin [5] andimprovedin [1]. The LUT stores
power estimatesfor equally-spacedliscretevaluesof the
input statistics.Interpolationis usedto obtainestimatedor
statisticsnot in the LUT. The notion of power sensitvity
wasintroducedin [3, 4] for improving the accurag of in-
terpolation.In this approachdiscreteplanesareusecto ap-
proximatethe power surfaceandreducethe large memory
requirement®sf the LUT. Analytical power macromodeling
usesnathematicagxpression$o mapinput signalstatistics
to power dissipation thusavoiding the spacecostof LUT
approachef?, 6]. Theideaof outputmacromodelingthat
is, the mappingof input signal statisticsto outputsignal
statisticswasfirst introducedn [2] to predictoutputsignal
statisticfrom input. This conceptvasonly discussedh the
context of asinglelP block, however, without investigating
its applicationto IP-basedystemdesign.

Theremainderof this paperhasb sectionsIn Section2,
we give backgroundf analyticalpower andoutputmacro-
modeling. In Section3, we presentour static power esti-
mationmethodologyfor IP-basedlesignsanddescribeour
iterative estimationalgorithm. The error and corvergence
rateof ouralgorithmareanalyzedn Sectior4. Experimen-
tal resultsarepresentedn Section5. Sectioné summarizes
our paperandgivesdirectionsfor furtherresearch.

2. Background

In analyticalpower macromodelinga function g maps
the spaceof input signal statisticsto the power dissipation
of acircuit. Similarly, in analyticaloutputmacromodeling,
a function f is usedto mapinput to outputsignal statis-
tics. Whentheinputparametersf all macromodelindunc-
tions are solely input signal statistics,the computationof
power estimate®r outputstatisticss a straightforvardand
fastfunction evaluation. The key challengesn analytical
macromodelingarethe choiceof appropriatanput param-

etersfor the macromodelgndthe derivation of the macro-
modelfunctions.

The estimationmethodologywe describein this paper
chooseghe averageinput signal probability P;,,, the aver-
ageinput transitiondensity D;,,, andthe input spatialcor-
relation.S;,, asthe input parametergor the macromodels.
Givenan|P block with M binaryinputsanda binaryinput
streamB = {(blla b12, ceey blM)a ceny (le, sz, ceey bNM)}
of length V, thesemetricsaredefinedasfollows[2]:
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To obtainthe power function g of a given IP block, the
componentis first simulatedunder sampleinput streams
with various P;,, D;,, and S;,. The setof power dissi-
pationpointsP obtainedby this procedurds subsequently
curve-fittedto deriveananalyticalexpressiory usingamin-
imal mean-squarerror criterionsothat

Powersensitivityto aninputmetric K shavshow K affects
‘P andis definedas:

. AP
A0 AR ®)
Givenananalyticalexpressiory, the power sensitvity can
be calculatedy the partialderivative of g.

In outputmacromodelinga methodsimilar to the com-
putationof g canbe usedto map input to output signal
statistics.In the characterizatiostep functionalsimulation
of ablockis performedwith differentinputsequencet ob-
tain datapointsfor themetricsP,;, Doy, andS,,;. Using
aminimal mean-squarerror criterion, analyticalfunctions
f1, f2, and f3 arederivedsothat

Pout fl(PinaDin;Sin) ) (6)
Do = fZ(Pin;Din;Sin) ) (7)
Sout = f3 (Pzru Dz’n; Sm) . (8)

Similarto powersensitvity, thesensitvity of anoutputmet-
ric with respecto P;,, D;,, or S;, is definedasthe partial
derivative of the correspondingf;.

3. Power Estimation Algorithm

Our power estimationalgorithm combinesoutput and
power macromodelingo estimatethe power dissipationof



HIPPE (S,T)
1 sortall IP blocksusingbreadth-firssearch
2 initialize inter-IP signalstatisticgto arbitraryvalues

3 repeat

4 for eachlP blockn in sortedorder
5 dOPout = fl(Pm,yDznyszn)

6 Dout =f2(Pin7Dinysin)
7 Sout = fS(f)in; Dina Szn)

8 until (reachedmaxiterationcount
or all inter-IP signalstatisticscorverged)
9 power =0
10for eachlIP blockn
11  dopower = power + (power dissipationof n)
12 return power

Figure 1. Algorithm HIPPE for estimating the
power dissipation of an IP system S for a set
T of primar y input statistics.

anlP-basedlesign.GivenasystemS consistingof IP com-
ponentsandsignalstatisticsT at the primary inputsof S,
our algorithm estimatesthe power dissipationof S under
T. Theinput S includesthe individual power and output
macromodelf eachlP block in the system. It alsoin-
cludesthe interconnectiortopologyof the system.Thein-
put7 givesthemetricsP, D, andS atthe primaryinputs.

The pseudocodeof our high-level 1P system power
estimationalgorithm HI PPE is givenin Figurel. Algo-
rithm HIPPE first sortsthe IP blocksof the givensystemS
in the orderof their shortestdistancefrom the primary in-
puts. It theninitializesthemetricsP, D, andS of theinter-
IP signalsto arbitrary values. As we arguein Section4,
this choicedoesnot affect the error boundof the derived
estimates.

Themainprocessingtepof Algorithm HIPPE isthere-
peat loopin lines3-8. In eachiterationof theloop, the out-
putsignalstatisticsP,,;, Doy, andS,,,; of eachlP blockn
areupdatedby applyingthe currentinput statisticsof n to
theblock’s macromodefunctionsf;, f», and f3. (For sim-
plicity, we do notindex the macromodefunctionsoverthe
setof IP blocks,eventhoughdifferentlP blockswill in gen-
eralhave differentmacromodefunctions.)Sincethe output
signalsof ablockn areasubsebf theinputsignalsof some
otherblock j, eachupdateof n maytriggeranew updatefor
j atalateriteration. Theseiterative updatescontinueuntil
the signal metrics corverge or a maximal numberof iter-
ationsis reached. The boundon the numberof iterations
depend®n thetopologyof the systemandthe macromod-
els of the individual IP blocksandcanbe calculatedusing
theerroranalysisformulasgivenin Section4.

The power dissipationof the entire systemis computed
in the loop of lines 10-11,wherethe final signal statistics
areappliedto the power macromodefunctionsof theindi-
vidual IP blocks.Line 12 returnsthetotal power dissipation
of thesystemandthe algorithmterminates.

4. Algorithm Analysis

In this section,we analyzethe estimationaccurag and
corvergencerate of Algorithm HIPPE. We first introduce
somenotationanddefinitionsusedin our analysis.We sub-
sequentlyproceedo analyzethe accuray of thealgorithm
first for linear cascadeandthenfor generatopologies.

Without loss of generality we assumethat 3 metrics
(P, D, and S) areusedto characterizébinary sequences.
For IP block n, the vectorsfn = (in1,in2,in3) and
0, = (0n1,0n2,0,3) denotethe input and output se-
guencestatistics respectiely. Moreover, the vector £, =
(fn1, fn2, fn3) denotesits output macromodelfunctions,
where f,,; is a scalarfunction of fn that predictso,;. The
power macromodeis a scalarfunction g,, of I,, that pre-
dicts the power dissipation?,,. The 3-dimensionalector
of 1'sis denotecby T;.

Thecomparisorbetweertwo vectors4 andE is defined
as:

ESE < Vi, a;<ej;.

Theabsolutevaluematrix ‘ﬁ‘ is obtainedby takingthe ab-
solutevalue|r;;| of eachelementr;; in the matrix R. The

function H(R, Q) gives the maximal absolutedifference
betweerthe correspondinglementsf R andQ:

Vi e {1,m},ke{1,1}, HR,Q) = max|rjz — g,

Where}:Z,5 aretwom x [ matrices.
The partial derivative vector of a scalarfunction z(I),
wherex € {gn, fni}, is definedas:

2'(I) = (0x/dir, x| dia, Dz | Dis)

The partial derivative matrix of a function vector F, =
(fn1, fn2, fn3) is definedas:

F_/L = (f'nlaf'n2af’n3)T
The absolutesum of power macromodelingsensitvities,
g_',; -1, signifieshow theinput parametersaffectthepower

estimate.Similarly, the vector F:T’L - 13 describeshow the

inputparameteraffectthe estimate®f the outputstatistics.
It is assumedhat for eachlP block n, thereexistse,, > 0
suchthat

H(O,, Fy(
H(Pnagn(

fn)) <én (10)



4.1. Linear Cascades

fto e
Figure 2. N cascaded IP blocks

A cascadef N IP blocksis shavnin Figure2. In Algo-
rithm HIPPE, the input statisticsof block n arecomputed
by theoutputmacromodelingunctionsof blockn — 1. Due
to the errorsin the input statistics the outputstatisticsand
power estimationerrorsof block n arenot boundedby e, .
Theoreml gives a sufficient conditionfor the worst-case
errorto increaseonly linearly with the numberof cascaded
blocks. Intuitively, the theoremstatesthat if the sensitvi-
tiesof the outputandthe power macromodelsrelow, then
theerrorsarenotamplifiedasthey propagatelongthecas-
cades.

Theorem 1 LetS beanlP systenwith N cascadedblocks.
For eah block n, let €,, bethe maximalerror of the output
and the power maciomodelingfunctions. The worst-case
powerestimatiorerror of AlgorithmHIPPE is proportional
to thenumberof blocks cascadedromthe primary inputsif

thepowerandthe outputsensitivitiesatisfythe conditions

-

1,

IN
—
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F:T'L-13 S 13- (12)

Proof. Let O,, and I,, representhe statisticsof the real
signalsat the outputandinput of block n. We first usein-
ductionto prove the following boundon the outputsignal
statisticof theinter-IP nodes:

Vn € {1,N}, H(Opn, Fo(Fa_1)) <n-e, (13)

wheree = max {¢;| j € {1, N}} andF .
The basecasefor n = 1 is straightforvard. Next, we
assumehatfor n < j, we have

—

H(O_’n;Fn(ﬁnfl)) <n-e, (14)

andprove thatInequality (13) holdsfor n = 5 + 1. Since
block(j+1) usegheoutputestimatesf block j asits input
parametersjsingthe first-orderTaylor expansionapproxi-
mation

ﬁj+1(ﬁj) = ﬁj+1(_;+1) +Fj+1(fj+1) : ((5]‘ - ﬁj) (15)
we have

Ojs1 — Fia(F))

fr— —

Fip1(lj) - (05 — Fy)

‘01+1 = Fip1 (i) —

<.

— —

< €Tzt |ﬁj+1(fj+1)‘ - H(0;, Fy) - Ty
< 6j+1'T3+|ﬁj(fj+1)"J"6'T3
< (G41)-e-15. (16)

From Inequality (16), it follows that Inequality (13) holds
forn = j 4+ 1, andtheproofis complete.

The proof for the boundof the power estimationerroris
straightforvard and canbe derived by combiningthe first-
orderTaylor expansionapproximatiorof g,, with Inequali-
ties(11)and(13).

Cl

4.2. General Topologies

We now extend our analysisto IP systemsof general
topologies.Thefollowing theoremshavsthatif outputsen-
sitivities arelow, thenfor ary systems, the power estima-
tion errorof Algorithm HIPPE is bounded.

Theorem 2 Let S be an IP systemof arbitrary topology.
For each block n, let €,, bethe maximalerror of the output
andpowermaciomodelingunctions. Thepowerestimation
error of AlgorithmHIPPE is boundedf thepowersensitiv-
ities g";L are boundedor all n, andtheoutputsensitivityof

ead blodk n satisfiegheinequality

Fr|-T3<6-15, (17)

whee§ is arealnumbersud that0 < § < 1.

Proof. We prove that if the estimationerrorsof the sig-
nal statisticsontheinter-IP nodesdo notexceede/(1 — §),
thenthey staywithin this boundthroughoutthe execution
of Algorithm HIPPE. We alsoshaw thatif theinitial errors
exceede/(1 — 0), thenthey approactthis boundaftereach
iterationof thealgorithm.

We usethe first-order Taylor expansionapproximation
to relatethe errorsof theinput signalsbeforeaniterationof
therepeat loop in Algorithm HIPPE with the errorsof the
outputsignalsafterthe iteration. This relationis given by
theinequality
- €, (18)

Vn, € < e, - 13+ F:f;

wheree? ande_ﬁ; arethesignalstatisticsestimationerrorsat
the outputandinput of block n, respectrely. Without loss
of generality we assumehat beforethe jth iteration, the
maximumerrorof theoutputsignalstatisticss k;-¢/(1—4),



wherek; > 0, ande = max, {e,}. For all n, Inequal-
ity (18) impliesthat

€ -

-

& < 6'T3+F:é'1—_5'kj'13
- € -
_ 1+(kj-1)-6 -
= 1-9 € ].3. (19)

If k; <1, Inequality(19) impliesthatfor all n, we have

€

1-6

4

5. (20)

e <

3¢

Thereforejf themaximumerrorof the outputstatisticds at
moste/(1 — §), thenit will neverexceede/(1 — 9).
If k; > 1, Inequality(19) impliesthatfor all n, we have

o ki€ 1-9

0 < Y .

- (5+ kj),
whered + (1 — §)/k; < 1. Inequality (21) shows that f
the original maximumerror of the outputstatisticsexceeds

e/ (1 — §), it will decreasafter eachiteration, eventually
approaching/(1 — 9).

(21)

O

FromInequality(21)in Theoren®, it followsthatafter;
iterationsof therepeat loopin Algorithm HIPPE, we have

kjp1 —1< (k —1)-6%.

At that point, the differencebetweenthe outputerror and
€/(1 — §) is proportionalto k;4+1 — 1. Sincethe upper
boundof k;;1 — 1 decreaseatanexponentialratewith the
iterationcountyj, the outputestimationerror of Algorithm
HIPPE cornvergesquickly to thebounde/(1 — 4§).

For the simple caseof a systemthatconsistsof a single
loop, we canrelax Inequality (17) and still guaranteehat
the estimationerror remainsbounded. Specifically if the
IP blocksalongthe loop arelabeledfrom 1 to N, we can
replacelnequality(17) by theinequality

A
(I1 7

j=1

)'T3S6'T3;

where0 < § < 1.

5. Experimental Results

In this section,we discusssomeempirical resultsfrom
the applicationof our power estimationmethodologyon
several IP-baseddesigns. We first describethe flow of
our characterizatiorand estimationprocedure.We subse-
guently describeour testcircuits. Finally, we discussour
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power estimatiornresultsin comparisorwith thoseobtained
by switch-level simulations.

Our power estimatiorframavork consistof two phases,
the characterizatiorphaseand the estimationphase. Fig-
ure 3(a) shows the characterizatiophase.Thefirst stepin
thecharacterizatioof anlIP blockis thegeneratiorof input
sequencesf differentand diversestatistics. To that end,
we have developeda sequenceyenerato(SG) basedon a
Markov chainmodel[8]. SG is capableof generatingan
input sequencef given P;,, D;,, and S;, or reportthat
no suchsequencexists. It furthermoreguaranteethe uni-
formity of the signal statisticsfor the entire length of the
sequenceln our experimentswe generate@38sequences
with P;,, D;, andS;, evenlydistributedin thenormalized
3-dimensionaspace For all threeparameterghegranular
ity was0.1. Eachsequencéad2,000vectors.

After thegeneratiorof theinput signals thenext stepof
the characterizatiophaseis circuit simulation. Our setup
relied on Delft University’s switch-level simulatorSLS to
calculatethe power dissipationof eachlIP block. In con-
junctionwith SLS,we usedthescnos _n transistormodel,
which hasthe samemodelfor transistorresistancendpar
asitic capacitanceas SPICE. Our switch-level simulations
consideredthe contribution of transienteffects, such as
glitches,to the power dissipationof a design. The output
signalstatisticaverecomputedusingfunctionalsimulation.

Figure 4. An IP system.

The final step of our characterizatiorphasewas the
derivation of outputand power macromodefunctions by
cunvefitting. To improvethe accuray of analyticalmacro-



modeling, we partitionedthe input signalsof eachblock
into groups,basedon the logic connectionsamongthe IP
blocks. This partitioningincreaseshe characterizatiomli-
mensionof the input streamand thus resultsin more ac-
curateestimates Our input partitioningschemecanbe de-
scribedusing the simple IP systemin Figure4. The in-
putsof block 3 canbe partitionedinto two groups,for ex-
ample,onefrom block 2 and onefrom block 6. The out-
puts of block 3 canalso be divided into two groups,be-
causethey are connectedo block 2 and blocks 6 and 4,
respectiely. In our experimentswe chosethe secondde-
greecompletepolynomialasthe templatefor outputfitting
and power fitting. This choice of the macromodelfunc-
tion templateis basedon [2] and considerationdor low
characterizatioromplexity. For an IP block with n input
groups,eachmacromodefunctionrequiredthe calculation
of 1 + C3,, + C2, coeficients,whereC is thebinomialco-
efficientfunction. In our experimentswith 1/O partitioning,
the meanerrorrate of all analyticalmacromodefunctions
wasat most4%.

The estimationphaseof our experimentss describedn
Figure 3(b). The shadedblock highlightsthe stepsof this
phasehatarespecificto the staticestimationalgorithmwe
proposen this paper GivenanlIP system SGgeneratese-
guencessprimaryinputs. Thesignalstatisticsof theinter-
nalnodesamongthelP blocksarethencomputedteratively
usingtherepeat loopin Algorithm HIPPE. Thesestatistics
areappliedto the power macromodefunctionsto compute
the power dissipationof the system. To evaluatethe accu-
ragy of our estimationmethodologywe independentlyuse
SLSto simulatethe entire systemat the switch level. The
inter-IP signal statisticsand the overall power dissipation
arethencomparedvith theresultsobtainedusingour static
estimationalgorithm.

For our experimentswe designedseven|P blocksatthe
transistorlevel in static CMOS technology Our suite of
IP blockscompriseda ripple-carryadder a subtractorand
an amplitudemodulator elementsfrequentlyusedin dig-
ital signal processingsystems. The schematicsof these
circuits were taken from [12]. Our IP blocks collection
also included componentof an encryptor/decryptosys-
tem: amodulo-2adder a substitutionblock, a permutation
block, andan extensionblock. The functionalitiesof these
blocksaredescribedn the DataEncryptionStandard11].
Their synthesisvasperformedusingstandarctellsandthe
Berkeley SIStools. The adders subtractorsand modulo-
2 addershadtheir inputs partitionedinto two groups. All
otherIP blockshastheir inputsgroupedtogether The out-
putsof eachblock alsoformedonly onegroup. Using the
7 IP blocks, we built several IP systemsof up to 576 IP
blocks. Our designsncludeddifferenttypesof Hadamard
transformmodules(HT), fast Fourier transformmodules
(FFT),infinite impulseresponsdilters (1IR), finite impulse

Figure 5. Sample IP systems from our test
suite: (a) 2-bit HT (b) 2-bit FFT (c) IR (d) FIR
(e) DES

responsdilters (FIR), and a dataencryptionstandarden-
cryptor/decryptor(DES). Figure 5 shows the structureof
our systemdor low-bit, small-sizemodules.

Theresultsfrom the applicationof our staticpower esti-
mationmethodologyto the IP systemsn our testsuiteare
givenin Table1l. Columnsl and2 give the nameandsize
of eachsystem.Columns3-5 give the averagerelative er-
ror in the estimationof the inter-IP signal statisticsP, D,
and S, in comparisonwith functional simulation results.
Column6 givesthe averagerelative error AP in the esti-
mation of the power dissipation,in comparisorwith SLS
simulationresults. Column7 shaws the standarddeviation
STD(P) of the power estimationerror. Column8 gives
the maximumcascadéengthML in eachdesign. Column
9 givestheiterationcountIC of Algorithm HIPPE, thatis,
the maximumnumberof iterationsbeforethe differencein
the signal statisticsbetweentwo consecutie iterationsis
lessthan0.1%. Thefirst eightIP systemsave no feedback
loops, and the correspondindC valuesareignored. The
last three columnsof Table 1 give the percentagef esti-
mationrunswhosepower estimationerror wasbelow 5%,
15%,and25%,respectiely, in comparisorwith SLS.Each
power estimatdn thetablewasobtainedwithin 0.2seconds
of CPUtime ona SunUltraSpardl workstation.

The resultsin Table 1 show that our static power esti-
mation methodologyachievesvery high accurag with re-
markablespeed.The averageoutputmacromodelingerror
doesnot exceed5.7%. The averagepower estimationer-
ror is 7.24%. For all but four of our IP systemsthe power
estimationerror is within 15% of the SLS resultfor more
than98% of the simulationruns. Our estimationalgorithm



Design | IP | A(P) [ A(D) | A(S) | AP | STD(P) | ML | IC | AP <5% | AP < 15% | AP < 25%
Name | # | (%) | (%) | (%) | (%) (%) (%) (%)
ht8 | 24 | 1.82 | 344 | 1.33 ] 326 | 0024 | 3 | - | 807 99.6 100.0
ht64 |384| 1.48 | 3.71 | 1.16 | 1.38 | 0004 | 8 | - | 1000 100.0 100.0
fft8 | 36 | 214 | 572 | 157 | 243 | 0023 | 3 | - | 903 100.0 100.0
fft64 |576| 2.38 | 449 | 1.53 | 1.92 | 0.006 | 8 | - | 100.0 100.0 100.0
firl | 59 | 448 | 12.24| 558 | 6.28 | 0088 | 30 | - 63.5 90.8 95.0
firz |119| 464 | 7.93 | 357 | 1517| 0229 | 60 | - | 462 74.0 83.2
fir3 |239| 3.06 | 596 | 247 | 44.88| 0.612 | 120 | - 13.0 353 61.3
des | 64 | 6.03 | 11.88| 20.76| 11.88| 0.115 | 64 | - 27.7 68.6 91.8
htfb8 | 24 | 1.33 | 346 | 098 | 220 | 0017 | 3 | 3 | 924 100.0 100.0
htfb64 | 384| 1.49 | 391 | 117 | 1.13 | 0.002 | 8 |2 | 100.0 100.0 100.0
iirl | 16 | 159 | 3.64 | 0.88 | 449 | 0037 | 4 | 7| 664 98.3 99.6
iir2 | 16| 151 | 317 | 0.76 | 337 | 0035 | 4 | 7| 786 98.7 99.6
iir3 | 16 | 1.44 | 492 | 0.90 | 461 | 0037 | 4 | 7| 660 98.3 99.6
iir4a | 60 | 1.70 | 516 | 1.11 | 3.78 | 0036 | 15 | 17| 752 99.2 99.6
iir5 |120| 151 | 370 | 0.77 | 366 | 0030 | 30 | 33| 731 99.6 100.0
iir6 |240| 561 | 7.79 | 488 | 536 | 0035 | 60 | 62| 534 98.3 99.6
[ average [ 148 2.63 | 560 | 3.09 | 7.24 | 0.083 |265|17] 704 | 913 | 956 |

Table 1. Comparison of estimates obtained by Algorithm HIPPE and switc h-level simulations

performsworstontheFIR designswhichincludelong cas-
cades. In FIR designs,the error grows linearly with the
length of the cascade. The circuit f i r 3 hasthe longest
cascadef 120 IP blocksandthe largestpower estimation
error. FortheHT andFFT designsthepower estimatiorer-
ror decreaseasML increasesin thesemodulesthe num-
ber of parallelpathsincrease®xponentiallyfasterthatthe
maximumcascaddength. Consequentlythe lik elihood of
the power estimationerrorscancelingeachotherincreases,
andtheresultingerroris muchsmallerthanour theoretical
linearbound.We alsoobsenethatthe power estimationer
ror is smallerfor thecircuitswith feedbackoopsthanthose
without loops. The reasonfor this seeminglycounterintu-
itive resultis thatthe feedbacksystemsausuallyhave stable
operatingpoints uniqueto their inputs. Our methodology
can get to thesepoints very well, and thereforecompute
highly accuratepower estimates.

The power estimationerror of our static methodology
degradeggracefully asevidencedby the histogramin Fig-
ure 6. The z axisin this histogramis the power estimation
error. They axisis the percentagef the estimationruns
thatresultedin a givenerrorrange. The runswith estima-
tion errorrategreaterthan50%have all beenaggreyatedin
thelastcolumnof the histogram.This histogranshavs that
ourmethodologyesultsin alow power estimatiorerrorfor
the vastmajority of estimationruns. Specifically for 91%
of theruns,the powerestimatiorerroris lessthan15%. For
2% of the runs,the error exceeds50%. Most of theseruns
arerelatedto the FIR designghatcontainlong cascadesf
IP blocks. Anotherreasorfor observingthis smallfraction
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Figure 6. The distrib ution of the power esti-
mation error rate

of high-errorestimatess the use of the minimum mean-
squareerror criterionfor macromodetharacterizationAl-

thoughthis criterion reduceghe absoluteestimationerror,

whenthe estimationresultis small, the relative error be-
comesdisproportionallyhigh. Finally, the few high-error
instancesrealsoattributedto cornercasesf theinput se-
guenceshatincludehighly-correlatednputs. For example,
if the two inputs of a subtractorare identical, all the out-
put bits arezero,a situationthatgeneratesi relatively high
error.



| DesignName | P D] s |
adder 1.07| 1.23| 0.97
subtract or 1.07 | 1.23| 0.97

anpl i tude nodul ator | 0.77| 1.00 | 0.83
substitution box 0.17| 0.77 | 0.10
per mut ati on box 1.00| 1.00| 1.00
ext ensi on box 0.07| 1.00 | 0.03
nodul o- 2 adder 0.59| 0.95| 1.07

| average | 0.68] 1.02] 0.71]

Table 2. Average output sensitivities of IP

blocks.

A key issuein our methodologyis the magnitudeof the
outputsensitvities ‘F_,'L‘ .15 of theIP blocks. Table2 shavs

theaverageoutputsensitvities of the 7 IP blocksin our ex-
periments. In general,the averageoutput sensitvities are
small,in mostcasedessthanl. Althoughin certaincases
the sufficient conditionsfrom Section4 are violated, our
methodologystill resultsin averylow power estimationer
ror. This obsenationis explainedby thefactthatour anal-
ysisis aworst-cas@neandassumesio errorcancellation.

6. Conclusion

We have presenteda new static power estimation
methodologyfor IP-basedsystems.Our power estimation
procedureis completelysimulation free, and thereforeit
greatlyreducesestimationtime. To our knowledge,this is
thefirst fully-static, macromodeling-baseniethodologyto
be publishedfor estimatinghe power dissipationof IP sys-
tems. Throughrigorousanalysiswe give sufficient condi-
tionsonthemacromodesensitvitiesthatensurghebound-
ednessf the power estimationerror of our methodology
for designsof arbitrarytopology In experimentswith ses-
eral IP systemsthe averagepower estimationerror of our
methodologyis 7.3%,in comparisorwith switch-level sim-
ulation,with a standardieviation of 0.08.

We are currently analyzingresultsfrom the application
of ourmethodologyon controlintensie systemsontaining
IP blocksof sequentialogic. We arealsoinvestigatingthe
inaccuray led by theglitchespropagatetbetweeriP blocks
and improving the output macromodelingmetrics for the
data-dependeitiranchprediction.
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