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Abstract

Thispaperproposesa novel system-level powerestima-
tion methodology for electronic designsconsistingof intel-
lectual property (IP) components. Our methodology re-
lies on analytical output and power macromodelsof the
IP blocks to estimatesystemdissipationwithout perform-
ing any simulation. We derive upper boundson the esti-
mationerror of our methodologyanddemonstratetherela-
tion of this error to the sensitivitiesof the macromodeling
functions. For circuits without feedback, we give a suffi-
cient condition for the worst-casepower estimationerror
to increaseonly linearly with thelengthof theIP cascades.
Wealsogivea tightersufficientconditionthatensureserror
boundednessin IP systemsof any topology. Experiments
with signalprocessinganddataencryptionsystemsvalidate
theaccuracyandefficiencyof our approach. For designsof
up to 576 IP blocks, powerestimatesare obtainedwithin
0.2seconds.In comparisonwith switch-levelsimulationre-
sults,theaverageerror of our powerestimatesis 7.3%.

1. Introduction

Low powerconsumptionhasbecomeoneof themostim-
portantobjectivesin electronicdesigndueto continuously
growing portability considerationsandreliability concerns.
A key challengein the designof low power systemsis the
fastandaccurateestimationof power dissipation.System
designersneedto evaluatepowerdissipationat anearlyde-
sign stage,whendetailedknowledgeof physicaldesignis
still not available[7, 10].

Macromodelingis a promising approachto the prob-
lem of high-level power estimation.Thebasicideabehind
powermacromodelingis to generateamappingbetweenthe
powerdissipationof a circuit andcertainstatisticsof its in-
put signalssuchas the averagesignalprobability or aver-
agetransitiondensity[9]. This abstractmappinghidesthe
implementationdetailsof a circuit while allowing its eval-

uationunderthe workloadof the specificapplicationit is
usedfor. Althoughpower macromodelinghasbeenproved
to beeffectivefor individual intellectualproperty(IP) com-
ponents,it is inadequatefor modelingsystemsof IP com-
ponents.In suchIP-baseddesigns,multiple IP blocksare
connectedtogether. The applicationof power macromod-
eling on eachIP block of the systemrequiresknowledge
of the signalstatisticsamongtheseblocks. To obtainthis
information, architectsmust perform extensive functional
simulations,anoftentime-consumingtaskthatsignificantly
limits the potentialfor exploring alternative systemimple-
mentations.

In this paper, we presenta novel power estimation
methodologyfor IP-baseddesignsthatrelieson power and
output macromodeling. The proposedmethodologypro-
ceedsin two phases.In the characterizationphase,power
andoutputmacromodelsareobtainedfor eachIP block us-
ing simulation. In the estimationphase,an iterative algo-
rithm computesthesignalstatisticsof theinter-IP nodesus-
ing the outputmacromodels.The dissipationof the entire
systemis subsequentlyobtainedby applyingthesestatistics
to thepowermacromodelsof theindividualblocks.Thees-
timationphaseof our methodologyis fully static, that is, it
doesnotperformany simulations.Thus,oncetheIP blocks
havebeencharacterized,thepowerdissipationof alternative
systemarchitecturescanbeobtainedextremelyfast.To our
knowledge,our schemeis the first-ever fully-static macro-
modelingmethodologyproposedfor estimatingthe power
dissipationof IP systems.

We givea rigorousanalysisthatrelatesthesensitivity of
themacromodelfunctionswith theerrorof our power esti-
mationalgorithm.A surprisingresultof ouranalysisis that
whenthe macromodelfunctionsarerelatively smooth,the
errordoesnot accumulateat exponentialratesandremains
boundedevenaroundloops. Specifically, for IP-basedde-
signswith no feedbackloops,we give sufficient conditions
on themacromodelfunctionsfor theworst-caseerrorto ac-
cumulateonly linearly alongcascades.For IP systemsof
generaltopologythatmay includeloops,we give a tighter



sufficient conditionthatguaranteestheboundednessof the
estimationerror.

Our proposedmethodologywasevaluatedon a collec-
tion of IP-baseddesigns,includingavarietyof digital signal
processingsystemsand a standardencryption/decryption
system.Thesystemsin ourtestsuitecomprisedupto 576IP
blocks.In comparisonwith switch-level simulation,theav-
eragepowerestimationerrorof ourmethodologywas7.3%
with astandarddeviationof 0.08.For morethan91%of the
obtainedestimates,theerrorwaslessthan15%. In general,
the error of our methodologywas lower on circuits with
feedbackthanoncircuitswithout feedback.For all designs,
power estimateswereobtainedwithin at most0.2 seconds
onaSunUltraSparcII workstationwhile thecorresponding
switch-level simulationtook severalhours.

Previous macromodelingresearchhasfocusedon indi-
vidual IP blocks. A look-up table (LUT) approachwas
introducedin [5] and improved in [1]. The LUT stores
power estimatesfor equally-spaceddiscretevaluesof the
input statistics.Interpolationis usedto obtainestimatesfor
statisticsnot in the LUT. The notion of power sensitivity
wasintroducedin [3, 4] for improving the accuracy of in-
terpolation.In thisapproach,discreteplanesareusedto ap-
proximatethepower surfaceandreducethe largememory
requirementsof theLUT. Analyticalpowermacromodeling
usesmathematicalexpressionsto mapinputsignalstatistics
to power dissipation,thusavoiding the spacecostof LUT
approaches[2, 6]. The ideaof outputmacromodeling,that
is, the mappingof input signal statisticsto output signal
statistics,wasfirst introducedin [2] to predictoutputsignal
statisticsfrom input. Thisconceptwasonly discussedin the
context of asingleIP block,however, without investigating
its applicationto IP-basedsystemdesign.

Theremainderof this paperhas5 sections.In Section2,
we give backgroundof analyticalpowerandoutputmacro-
modeling. In Section3, we presentour staticpower esti-
mationmethodologyfor IP-baseddesignsanddescribeour
iterative estimationalgorithm. The error andconvergence
rateof ouralgorithmareanalyzedin Section4. Experimen-
tal resultsarepresentedin Section5. Section6 summarizes
ourpaperandgivesdirectionsfor furtherresearch.

2. Background

In analyticalpower macromodeling,a function � maps
thespaceof input signalstatisticsto the power dissipation
of a circuit. Similarly, in analyticaloutputmacromodeling,
a function � is usedto map input to output signal statis-
tics. Whentheinputparametersof all macromodelingfunc-
tions aresolely input signal statistics,the computationof
powerestimatesor outputstatisticsis astraightforwardand
fast function evaluation. The key challengesin analytical
macromodelingarethe choiceof appropriateinput param-

etersfor themacromodelsandthederivationof themacro-
modelfunctions.

The estimationmethodologywe describein this paper
choosesthe averageinput signalprobability ����� , the aver-
ageinput transitiondensity ����� , andthe input spatialcor-
relation 	
��� asthe input parametersfor the macromodels.
GivenanIP block with � binaryinputsanda binaryinput
stream �������������������������������� ��!#"$� ������� ���&%'�����$%(�)�����������$%'!*"�+
of length , , thesemetricsaredefinedasfollows [2]:

�-���.� / !021 � / % 3 1 � � 3 0�54#, � (1)

� ��� � / !021 � / %768�3 1 � � 3 0:9 � 3$; � 0�54<�=,?>A@B" � (2)

	 ��� � / !021 � / !3 1 ��C 3)D1E0 / %� 1 � �$� 3 9 �$� 0,F4#�G4H�I��>A@B" � (3)

To obtainthe power function � of a given IP block, the
componentis first simulatedundersampleinput streams
with various � ��� , � ��� , and 	 ��� . The set of power dissi-
pationpoints J obtainedby this procedureis subsequently
curve-fittedto deriveananalyticalexpression� usingamin-
imal mean-squareerrorcriterionsothatJK� � ���-���
���L���E��	8���M"N� (4)

Powersensitivityto aninputmetric O showshow O affectsJ andis definedas: P�Q�RSUTWVYX Z JZ O (5)

Givenananalyticalexpression� , thepower sensitivity can
becalculatedby thepartialderivativeof � .

In outputmacromodeling,a methodsimilar to thecom-
putation of � can be usedto map input to output signal
statistics.In thecharacterizationstep,functionalsimulation
of ablockis performedwith differentinputsequencesto ob-
taindatapointsfor themetrics�\[�]B^ , �_[2] ^ , and 	8[2]B^ . Using
a minimal mean-squareerrorcriterion,analyticalfunctions� � , � � , and ��` arederivedsothat� [2] ^ � �a���=� ��� �2� ��� ��	 ��� "N� (6)� [2] ^ � �b�)�=� ��� �2� ��� ��	 ��� "N� (7)	 [2] ^ � � ` �=� ��� �2� ��� ��	 ��� "N� (8)

Similartopowersensitivity, thesensitivity of anoutputmet-
ric with respectto � ��� , � ��� , or 	 ��� is definedasthepartial
derivativeof thecorresponding� � .
3. Power Estimation Algorithm

Our power estimationalgorithm combinesoutput and
power macromodelingto estimatethepower dissipationof



HIPPE �dce�2fg"
1 sortall IP blocksusingbreadth-firstsearch
2 initialize inter-IP signalstatisticsto arbitraryvalues
3 repeat
4 for eachIP block h in sortedorder
5 do ��[2]B^U�i� � ���-���8�������E��	
���j"
6 �_[�]B^\�k� � �=�����
�������E��	
���l"
7 	 [2] ^ �i� ` �=� ��� �2� ��� ��	 ��� "
8 until (reachedmaxiterationcount

or all inter-IP signalstatisticsconverged)
9 mon�p7qBrY�ts

10 for eachIP block h
11 do mln�peq ru�vmln�p7qBrWw (powerdissipationof h )
12 return mln�peq r

Figure 1. Algorithm HIPPE for estimating the
power dissipation of an IP system c for a setf of primar y input statistics.

anIP-baseddesign.Givenasystemc consistingof IP com-
ponentsandsignalstatisticsf at the primary inputsof c ,
our algorithm estimatesthe power dissipationof c underf . The input c includesthe individual power andoutput
macromodelsof eachIP block in the system. It also in-
cludesthe interconnectiontopologyof thesystem.The in-
put f givesthemetrics � , � , and 	 at theprimaryinputs.

The pseudocodeof our high-level IP system power
estimationalgorithm xzy{�Y�Y| is given in Figure1. Algo-
rithm HIPPE first sortstheIP blocksof thegivensystemc
in the orderof their shortestdistancefrom the primary in-
puts.It theninitializesthemetrics� , � , and 	 of theinter-
IP signalsto arbitraryvalues. As we argue in Section4,
this choicedoesnot affect the error boundof the derived
estimates.

Themainprocessingstepof Algorithm HIPPE is there-
peat loop in lines3–8. In eachiterationof theloop,theout-
putsignalstatistics� [�]B^ , � [�]B^ , and 	 [2] ^ of eachIP block h
areupdatedby applyingthe currentinput statisticsof h to
theblock’smacromodelfunctions �)� , ��� , and � ` . (For sim-
plicity, we do not index themacromodelfunctionsover the
setof IP blocks,eventhoughdifferentIP blockswill in gen-
eralhavedifferentmacromodelfunctions.)Sincetheoutput
signalsof ablock h areasubsetof theinputsignalsof some
otherblock } , eachupdateof h maytriggeranew updatefor} at a later iteration. Theseiterative updatescontinueuntil
the signalmetricsconverge or a maximal numberof iter-
ationsis reached.The boundon the numberof iterations
dependson thetopologyof thesystemandthemacromod-
elsof the individual IP blocksandcanbe calculatedusing
theerroranalysisformulasgivenin Section4.

The power dissipationof theentiresystemis computed
in the loop of lines 10–11,wherethe final signalstatistics
areappliedto thepowermacromodelfunctionsof theindi-
vidual IP blocks.Line 12returnsthetotalpowerdissipation
of thesystem,andthealgorithmterminates.

4. Algorithm Analysis

In this section,we analyzethe estimationaccuracy and
convergencerateof Algorithm HIPPE. We first introduce
somenotationanddefinitionsusedin ouranalysis.We sub-
sequentlyproceedto analyzetheaccuracy of thealgorithm
first for linearcascadesandthenfor generaltopologies.

Without loss of generality, we assumethat 3 metrics
( � , � , and 	 ) are usedto characterizebinary sequences.
For IP block h , the vectors ~y � � ��� � �b��� � ���2� �)` " and~� ��� �=n�� � �2n�� � �2n��b`B" denote the input and output se-
quencestatistics,respectively. Moreover, the vector ~� �<������ � ���b� � �����b` " denotesits output macromodelfunctions,
where �b�b� is a scalarfunction of ~y�� thatpredicts n��b� . The
power macromodelis a scalarfunction � � of ~y � that pre-
dicts the power dissipationJ � . The 3-dimensionalvector
of 1’s is denotedby ~@ ` .

Thecomparisonbetweentwo vectors ~� and ~| is defined
as: ~��� ~| � �j})��� 0 � q 0 �
Theabsolutevaluematrix ��� � ��� is obtainedby takingtheab-

solutevalue � rB� 0 � of eachelementr � 0 in thematrix
�

. The

function xv� � � �u" gives the maximal absolutedifference

betweenthecorrespondingelementsof
�

and � :�j}��H�)@)�2��+��������a@a�2��+\�#xv� � � �u"�� R��b� � r 0 3 ><� 0 3 �)�
where

� � � aretwo ��4#� matrices.
The partial derivative vectorof a scalarfunction ���a~y�" ,

where����� � � ��� �b� + , is definedas:~�o�I� ~y{"��K�=�o�
 ��o�����2�o�
 ��o�¡���2�o�E b�o� ` "
The partial derivative matrix of a function vector ~� � ���� � ����� � �b��� �b` " is definedas:� �� �¢�l~�E� � � ��~�E� � � �\~�E� �)` "�£
The absolutesum of power macromodelingsensitivities,��� ~� �� ��� ¤ ~@ ` , signifieshow theinputparametersaffect thepower

estimate.Similarly, thevector ��� � �� ��� ¤ ~@ ` describeshow the

inputparametersaffect theestimatesof theoutputstatistics.
It is assumedthat for eachIP block h , thereexists ¥ �§¦ s
suchthat xv� ~� � � ~� � � ~y � "2" � ¥ � (9)xv�dJ � � � � � ~y � "2" � ¥ � (10)



4.1. Linear Cascades
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Figure 2. N cascaded IP bloc ks

A cascadeof , IP blocksis shown in Figure2. In Algo-
rithm HIPPE, the input statisticsof block h arecomputed
by theoutputmacromodelingfunctionsof block hY>ª@ . Due
to theerrorsin the input statistics,theoutputstatisticsand
power estimationerrorsof block h arenot boundedby ¥�� .
Theorem1 givesa sufficient condition for the worst-case
errorto increaseonly linearly with thenumberof cascaded
blocks. Intuitively, the theoremstatesthat if the sensitivi-
tiesof theoutputandthepowermacromodelsarelow, then
theerrorsarenotamplifiedasthey propagatealongthecas-
cades.

Theorem 1 Let c beanIP systemwith , cascadedblocks.
For each block h , let ¥ � bethemaximalerror of theoutput
and the power macromodelingfunctions. The worst-case
powerestimationerror of AlgorithmHIPPE is proportional
to thenumberof blockscascadedfromtheprimary inputsif
thepowerandtheoutputsensitivitiessatisfytheconditions

��� ~� �� ��� ¤ ~@ ` � @«� (11)��� � �� ��� ¤ ~@ ` � ~@ ` � (12)

Proof. Let ~� � and ~y&� representthe statisticsof the real
signalsat theoutputandinput of block h . We first usein-
ductionto prove the following boundon the outputsignal
statisticsof theinter-IP nodes:�Eh��H�a@a�2,<+{��xv� ~� � � ~� � � ~� � 6
�&"2" � h ¤ ¥B� (13)

where¥(� R_��� �B¥ 0 ��}_���a@)��,<+)+ and ~� X(¬�¯®�°~yB� .
The basecasefor h±�²@ is straightforward. Next, we

assumethatfor h � } , wehavex³� ~� �E� ~� �8� ~� � 6
� "�" � h ¤ ¥:� (14)

andprove that Inequality(13) holdsfor h´�K}uw�@ . Since
block ��}
wµ@B" usestheoutputestimatesof block } asits input
parameters,usingthefirst-orderTaylor expansionapproxi-
mation~� 0 ; � � ~� 0 "�� ~� 0 ; � � ~y 0 ; � "lw � � 0 ; � � ~y 0 ; � " ¤ � ~� 0 > ~� 0 " (15)

wehave��� ~� 0 ; �(> ~� 0 ; �b� ~� 0 "����

� ��� ~� 0 ; �(> ~� 0 ; �)� ~y 0 ; � "�> � � 0 ; �)� ~y 0 ; �B" ¤ � ~� 0 > ~� 0 "����� ¥ 0 ; � ¤ ~@ ` w¢��� � � 0 ; �)�a~y 0 ; �B"b��� ¤ xv�¶~� 0 �N~� 0 " ¤ ~@ `� ¥ 0 ; � ¤ ~@ `Nw ��� � � 0 � ~y 0 ; � " ��� ¤ } ¤ ¥ ¤ ~@ `� ��}·wt@B" ¤ ¥ ¤ ~@ ` � (16)

From Inequality(16), it follows that Inequality(13) holds
for hz�³}«w¸@ , andtheproof is complete.

Theproof for theboundof thepowerestimationerroris
straightforwardandcanbederivedby combiningthe first-
orderTaylor expansionapproximationof � � with Inequali-
ties(11)and(13).

4.2. General Topologies

We now extend our analysisto IP systemsof general
topologies.Thefollowing theoremshowsthatif outputsen-
sitivities arelow, thenfor any systemc , thepower estima-
tion errorof Algorithm HIPPE is bounded.

Theorem 2 Let c be an IP systemof arbitrary topology.
For each block h , let ¥ � bethemaximalerror of theoutput
andpowermacromodelingfunctions.Thepowerestimation
error of AlgorithmHIPPE is boundedif thepowersensitiv-

ities ��� ~� �� ��� areboundedfor all h , andtheoutputsensitivityof

each block h satisfiestheinequality

��� � �� ��� ¤ ~@ ` �´¹ ¤ ~@ `7� (17)

where
¹

is a realnumbersuch that s�º ¹ º»@ .
Proof. We prove that if the estimationerrorsof the sig-
nal statisticson theinter-IP nodesdo not exceed¥& ���@(> ¹ " ,
thenthey staywithin this boundthroughoutthe execution
of Algorithm HIPPE. Wealsoshow thatif theinitial errors
exceed¥& ���@'> ¹ " , thenthey approachthis boundaftereach
iterationof thealgorithm.

We usethe first-orderTaylor expansionapproximation
to relatetheerrorsof theinputsignalsbeforeaniterationof
therepeat loop in Algorithm HIPPE with theerrorsof the
outputsignalsafter the iteration. This relationis given by
theinequality

�ohU� ~¥ [� � ¥ � ¤ ~@ ` wK��� � �� ��� ¤ ~¥ �� � (18)

where ~¥ [� and ~¥ �� arethesignalstatisticsestimationerrorsat
theoutputandinput of block h , respectively. Without loss
of generality, we assumethat beforethe } th iteration, the
maximumerrorof theoutputsignalstatisticsis � 0 ¤ ¥& ���@�> ¹ " ,



where � 0 ¦ s , and ¥�� R_��� � ��¥ � + . For all h , Inequal-
ity (18) impliesthat

~¥ [� � ¥ ¤ ~@ ` wK��� � �� ��� ¤ ¥@'> ¹ ¤ � 0 ¤ ~@ `� ¥ ¤ ~@ ` w ¹ ¤ ¥@'> ¹ ¤ � 0 ¤ ~@ `
� @�wt�I� 0 >A@B" ¤ ¹@'> ¹ ¤ ¥ ¤ ~@ ` � (19)

If � 0 � @ , Inequality(19) impliesthatfor all h , wehave

~¥ [� � ¥@'> ¹ ¤ ~@ ` � (20)

Therefore,if themaximumerrorof theoutputstatisticsis at
most ¥& ���@:> ¹ " , thenit will neverexceed¥& j��@(> ¹ " .

If � 0 ¦ @ , Inequality(19) impliesthatfor all h , wehave

~¥ [� � � 0 ¤ ¥@'> ¹ ¤¶¼ ¹ w @'> ¹� 0?½ � (21)

where
¹ w±��@u> ¹ "2 )� 0 º¾@ . Inequality(21) shows that if

theoriginal maximumerrorof theoutputstatisticsexceeds¥$ j��@Y> ¹ " , it will decreaseafter eachiteration,eventually
approaching¥& ���@(> ¹ " .

FromInequality(21) in Theorem2, it followsthatafter }
iterationsof therepeat loop in Algorithm HIPPE, we have� 0 ; �:>A@ � �I�{�(>¿@�" ¤ ¹ 0 �
At that point, the differencebetweenthe outputerror and¥$ j��@�> ¹ " is proportionalto � 0 ; ��>À@ . Since the upper
boundof � 0 ; �U><@ decreasesatanexponentialratewith the
iterationcount } , the outputestimationerror of Algorithm
HIPPE convergesquickly to thebound ¥& j��@(> ¹ " .

For thesimplecaseof a systemthatconsistsof a single
loop, we canrelax Inequality(17) andstill guaranteethat
the estimationerror remainsbounded. Specifically, if the
IP blocksalongthe loop are labeledfrom @ to , , we can
replaceInequality(17) by theinequality

� %Á021 � ��� � �0 ��� " ¤ ~@ ` �´¹ ¤ ~@ `7�
wheres�º ¹ º»@ .
5. Experimental Results

In this section,we discusssomeempirical resultsfrom
the applicationof our power estimationmethodologyon
several IP-baseddesigns. We first describethe flow of
our characterizationandestimationprocedure.We subse-
quentlydescribeour test circuits. Finally, we discussour
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Figure 3. Experimental procedure: (a) Char-
acterization (b) Estimation

powerestimationresultsin comparisonwith thoseobtained
by switch-level simulations.

Ourpowerestimationframework consistsof two phases,
the characterizationphaseand the estimationphase. Fig-
ure3(a)shows thecharacterizationphase.Thefirst stepin
thecharacterizationof anIP block is thegenerationof input
sequencesof differentanddiversestatistics. To that end,
we have developeda sequencegenerator(SG) basedon a
Markov chainmodel [8]. SG is capableof generatingan
input sequenceof given � ��� , � ��� , and 	 ��� or report that
no suchsequenceexists. It furthermoreguaranteestheuni-
formity of the signal statisticsfor the entire lengthof the
sequence.In our experiments,we generated238sequences
with � ��� , � ��� and 	 ��� evenlydistributedin thenormalized
3-dimensionalspace.For all threeparameters,thegranular-
ity was sM��@ . Eachsequencehad2,000vectors.

After thegenerationof theinputsignals,thenext stepof
the characterizationphaseis circuit simulation. Our setup
relied on Delft University’s switch-level simulatorSLS to
calculatethe power dissipationof eachIP block. In con-
junctionwith SLS,we usedthescmos n transistormodel,
which hasthesamemodelfor transistorresistanceandpar-
asitic capacitanceasSPICE.Our switch-level simulations
consideredthe contribution of transienteffects, such as
glitches,to the power dissipationof a design. The output
signalstatisticswerecomputedusingfunctionalsimulation.

4 5

1 2

6

3

PI

PO

PO

Figure 4. An IP system.

The final step of our characterizationphasewas the
derivation of output and power macromodelfunctionsby
curvefitting. To improvetheaccuracy of analyticalmacro-



modeling,we partitionedthe input signalsof eachblock
into groups,basedon the logic connectionsamongthe IP
blocks. This partitioningincreasesthe characterizationdi-
mensionof the input streamand thus resultsin more ac-
curateestimates.Our input partitioningschemecanbede-
scribedusing the simple IP systemin Figure 4. The in-
putsof block 3 canbe partitionedinto two groups,for ex-
ample,onefrom block 2 andonefrom block 6. The out-
puts of block 3 can also be divided into two groups,be-
causethey are connectedto block 2 and blocks 6 and 4,
respectively. In our experiments,we chosethe secondde-
greecompletepolynomialasthetemplatefor outputfitting
and power fitting. This choiceof the macromodelfunc-
tion templateis basedon [2] and considerationsfor low
characterizationcomplexity. For an IP block with h input
groups,eachmacromodelfunctionrequiredthecalculation
of @�w<Ü �`2� w§Ü �`2� coefficients,whereÜ is thebinomialco-
efficientfunction.In ourexperiments,with I/O partitioning,
themeanerror rateof all analyticalmacromodelfunctions
wasatmost4%.

Theestimationphaseof our experimentsis describedin
Figure3(b). The shadedblock highlightsthe stepsof this
phasethatarespecificto thestaticestimationalgorithmwe
proposein thispaper. GivenanIP system,SGgeneratesse-
quencesasprimaryinputs.Thesignalstatisticsof theinter-
nalnodesamongtheIP blocksarethencomputediteratively
usingtherepeat loopin Algorithm HIPPE. Thesestatistics
areappliedto thepowermacromodelfunctionsto compute
thepower dissipationof the system.To evaluatethe accu-
racy of our estimationmethodology, we independentlyuse
SLSto simulatethe entiresystemat the switch level. The
inter-IP signal statisticsand the overall power dissipation
arethencomparedwith theresultsobtainedusingourstatic
estimationalgorithm.

For our experiments,we designedsevenIP blocksat the
transistorlevel in static CMOS technology. Our suite of
IP blockscompriseda ripple-carryadder, a subtractor, and
an amplitudemodulator, elementsfrequentlyusedin dig-
ital signal processingsystems. The schematicsof these
circuits were taken from [12]. Our IP blocks collection
also includedcomponentsof an encryptor/decryptorsys-
tem: a modulo-2adder, a substitutionblock,a permutation
block, andanextensionblock. Thefunctionalitiesof these
blocksaredescribedin theDataEncryptionStandard[11].
Their synthesiswasperformedusingstandardcellsandthe
Berkeley SIS tools. The adders,subtractors,andmodulo-
2 addershadtheir inputspartitionedinto two groups. All
otherIP blockshastheir inputsgroupedtogether. Theout-
putsof eachblock alsoformedonly onegroup. Using the
7 IP blocks, we built several IP systemsof up to 576 IP
blocks. Our designsincludeddifferenttypesof Hadamard
transformmodules(HT), fast Fourier transformmodules
(FFT), infinite impulseresponsefilters (IIR), finite impulse
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Figure 5. Sample IP systems from our test
suite: (a) 2-bit HT (b) 2-bit FFT (c) IIR (d) FIR
(e) DES

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

Theresultsfrom theapplicationof ourstaticpoweresti-
mationmethodologyto the IP systemsin our testsuiteare
givenin Table1. Columns1 and2 give thenameandsize
of eachsystem.Columns3–5give theaveragerelative er-
ror in the estimationof the inter-IP signalstatistics� , � ,
and 	 , in comparisonwith functional simulation results.
Column6 givesthe averagerelative error

Z J in the esti-
mationof the power dissipation,in comparisonwith SLS
simulationresults.Column7 shows thestandarddeviation	\à7�z��Jg" of the power estimationerror. Column 8 gives
the maximumcascadelengthML in eachdesign.Column
9 givestheiterationcountIC of Algorithm HIPPE, thatis,
themaximumnumberof iterationsbeforethedifferencein
the signal statisticsbetweentwo consecutive iterationsis
lessthan0.1%.Thefirst eightIP systemshaveno feedback
loops, and the correspondingIC valuesare ignored. The
last threecolumnsof Table1 give the percentageof esti-
mationrunswhosepower estimationerror wasbelow 5%,
15%,and25%,respectively, in comparisonwith SLS.Each
powerestimatein thetablewasobtainedwithin 0.2seconds
of CPUtimeon a SunUltraSparcII workstation.

The resultsin Table1 show that our static power esti-
mationmethodologyachievesvery high accuracy with re-
markablespeed.The averageoutputmacromodelingerror
doesnot exceed5.7%. The averagepower estimationer-
ror is 7.24%.For all but four of our IP systems,thepower
estimationerror is within 15% of the SLS result for more
than98%of thesimulationruns.Our estimationalgorithm



Design IP
Z �=�u" Z �=��" Z �I	�" Z J 	\à7�z��Jg" ML IC

Z J �
5%

Z J �
15%

Z J �
25%

Name á (%) (%) (%) (%) (%) (%) (%)

ht8 24 1.82 3.44 1.33 3.26 0.024 3 - 80.7 99.6 100.0
ht64 384 1.48 3.71 1.16 1.38 0.004 8 - 100.0 100.0 100.0
fft8 36 2.14 5.72 1.57 2.43 0.023 3 - 90.3 100.0 100.0
fft64 576 2.38 4.49 1.53 1.92 0.006 8 - 100.0 100.0 100.0
fir1 59 4.48 12.24 5.58 6.28 0.088 30 - 63.5 90.8 95.0
fir2 119 4.64 7.93 3.57 15.17 0.229 60 - 46.2 74.0 83.2
fir3 239 3.06 5.96 2.47 44.88 0.612 120 - 13.0 35.3 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 3.46 0.98 2.20 0.017 3 3 92.4 100.0 100.0
htfb64 384 1.49 3.91 1.17 1.13 0.002 8 2 100.0 100.0 100.0
iir1 16 1.59 3.64 0.88 4.49 0.037 4 7 66.4 98.3 99.6
iir2 16 1.51 3.17 0.76 3.37 0.035 4 7 78.6 98.7 99.6
iir3 16 1.44 4.92 0.90 4.61 0.037 4 7 66.0 98.3 99.6
iir4 60 1.70 5.16 1.11 3.78 0.036 15 17 75.2 99.2 99.6
iir5 120 1.51 3.70 0.77 3.66 0.030 30 33 73.1 99.6 100.0
iir6 240 5.61 7.79 4.88 5.36 0.035 60 62 53.4 98.3 99.6

average 148 2.63 5.69 3.09 7.24 0.083 26.5 17 70.4 91.3 95.6

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

performsworston theFIR designs,which includelongcas-
cades. In FIR designs,the error grows linearly with the
length of the cascade.The circuit fir3 hasthe longest
cascadeof 120 IP blocksandthe largestpower estimation
error. For theHT andFFTdesigns,thepowerestimationer-
ror decreasesasML increases.In thesemodules,thenum-
berof parallelpathsincreasesexponentiallyfasterthat the
maximumcascadelength. Consequently, the likelihoodof
thepower estimationerrorscancelingeachotherincreases,
andtheresultingerror is muchsmallerthanour theoretical
linearbound.We alsoobservethatthepowerestimationer-
ror is smallerfor thecircuitswith feedbackloopsthanthose
without loops. The reasonfor this seeminglycounterintu-
itive resultis that thefeedbacksystemsusuallyhave stable
operatingpointsuniqueto their inputs. Our methodology
can get to thesepoints very well, and thereforecompute
highly accuratepowerestimates.

The power estimationerror of our static methodology
degradesgracefully, asevidencedby the histogramin Fig-
ure6. The � axis in this histogramis thepower estimation
error. The â axis is the percentageof the estimationruns
that resultedin a givenerror range.The runswith estima-
tion errorrategreaterthan50%haveall beenaggregatedin
thelastcolumnof thehistogram.Thishistogramshowsthat
ourmethodologyresultsin a low powerestimationerrorfor
thevastmajority of estimationruns. Specifically, for 91%
of theruns,thepowerestimationerroris lessthan15%.For
2% of theruns,theerrorexceeds50%. Most of theseruns
arerelatedto theFIR designsthatcontainlong cascadesof
IP blocks.Anotherreasonfor observingthis small fraction
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Figure 6. The distrib ution of the power esti-
mation error rate

of high-errorestimatesis the useof the minimum mean-
squareerrorcriterionfor macromodelcharacterization.Al-
thoughthis criterion reducesthe absoluteestimationerror,
when the estimationresult is small, the relative error be-
comesdisproportionallyhigh. Finally, the few high-error
instancesarealsoattributedto cornercasesof theinput se-
quencesthatincludehighly-correlatedinputs.For example,
if the two inputsof a subtractorare identical, all the out-
put bits arezero,a situationthatgeneratesa relatively high
error.



DesignName P D S

adder 1.07 1.23 0.97
subtractor 1.07 1.23 0.97

amplitude modulator 0.77 1.00 0.83
substitution box 0.17 0.77 0.10
permutation box 1.00 1.00 1.00
extension box 0.07 1.00 0.03
modulo-2 adder 0.59 0.95 1.07

average 0.68 1.02 0.71

Table 2. Average output sensitivities of IP
bloc ks.

A key issuein our methodologyis themagnitudeof the

outputsensitivities ��� � �� ��� ¤ ~@ ` of theIP blocks.Table2 shows

theaverageoutputsensitivities of the7 IP blocksin our ex-
periments. In general,the averageoutputsensitivities are
small, in mostcaseslessthan1. Although in certaincases
the sufficient conditionsfrom Section4 are violated, our
methodologystill resultsin avery low powerestimationer-
ror. This observationis explainedby thefact thatour anal-
ysisis aworst-caseoneandassumesno 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-basedmethodologyto
bepublishedfor estimatingthepowerdissipationof IP sys-
tems.Throughrigorousanalysis,we give sufficient condi-
tionsonthemacromodelsensitivitiesthatensurethebound-
ednessof the power estimationerror of our methodology
for designsof arbitrarytopology. In experimentswith sev-
eral IP systems,the averagepower estimationerror of our
methodologyis 7.3%,in comparisonwith switch-level sim-
ulation,with a standarddeviationof 0.08.

We arecurrentlyanalyzingresultsfrom the application
of ourmethodologyoncontrolintensivesystemscontaining
IP blocksof sequentiallogic. We arealsoinvestigatingthe
inaccuracy ledby theglitchespropagatedbetweenIP blocks
and improving the output macromodelingmetrics for the
data-dependentbranchprediction.
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