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ABSTRACT
We proposea new switchingprobabilitymodelfor combinational
circuitsusingaLogic-Induced-Directed-Acyclic-Graph(LIDAG)
andprove that sucha graphcorrespondsto a BayesianNetwork
guaranteedto mapall thedependenciesinherentin thecircuit. This
switchingactivity canbe estimatedby capturingcomplex depen-
dencies(spatio-temporalandconditional)amongsignalsefficiently
by localmessage-passingbasedontheBayesiannetworks.Switch-
ing activity estimationof ISCASandMCNC circuitswith random
input streamsyield high accuracy (averagemeanerror=0.002)and
low computationaltime (averagetime=3.93seconds).

1. INTRODUCTION
Switchingactivity estimationstrategies,importantfor power es-

timationcanbedividedinto two broadcategories:(i) estimationby
simulationand(ii) estimationby probabilistictechniques.Estima-
tionby simulation[4], [5], thoughtimeconsuming,isextremelyac-
curate.Probabilistictechniques[10], [13], [14] arefastandtractable
but typically involvesassumptionsaboutjoint correlations.

In this paper, we modeltheswitchingin a combinationalcircuit
usinga probabilisticBayesianNetwork [1, 2], which allows us to
captureboththetemporalandspatialdependenciesin acomprehen-
sive manner. Bayesiannetworksaredirectedacyclic graph(DAG)
representationswhosenodesrepresentrandomvariablesand the
links denotedirect dependencies,which arequantifiedby condi-
tional probabilitiesof a nodegiven the statesof its parents.This
DAG structureessentiallymodelsthejoint probabilitydistribution
over thesetof randomvariablesunderconsiderationin a compact
manner. The attractive featureof this graphicalrepresentationof
the joint probabilitydistribution is thatnot only doesit make con-
ditional dependency relationshipsamongthenodesexplicit it also
servesasacomputationalmechanismfor efficientprobabilisticup-
dating.Bayesiannetworkshave traditionallybeenusedin artificial
intelligenceandimageanalysis.Their usein power estimationis
new.
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We first constructthe Logic InducedDirectedAcyclic Graph
(LIDAG) basedon the logical structureof thecircuit. Eachsignal
in thecircuit is a randomvariablein theLIDAG thatcanhave four
possiblestatesindicatingthe transitionsfrom 0 � 0 � 0 � 1 � 1 �
0 � 1 � 1. Directededgesaredrawn from therandomvariablesrep-
resentingswitchingof theinputsto therandomvariablefor switch-
ing at theoutputof eachgate.We prove that theLIDAG thusob-
tainedis a BayesianNetwork which is theminimal representation
thatcapturesall theindependency mapping.Thesalientadvantages
of switchingactivity estimationby modelingit asa BayesianNet-
work areasfollows.

1. It is ableto produceglobally consistentestimatesof switch-
ing activity that takesinto accountspatialcorrelationby lo-
cal message passing.

2. It canaccommodateinputcorrelation,temporal, andspatial
correlationefficiently.

3. After a compilationprocessthat convertsthe Bayesiannet-
workinto a junctiontreeof cliques,furthercomputationtime
is small. Thus, repeatedcomputationof switchingactivity
of the circuit with different input statisticsdoesnot require
muchtime.

4. Finally, a Bayesiannetwork,in additionto pair-wisecorre-
lations [8], alsomodelsconditionalindependenceamongst
subsetof variables,which allowsit to cover a large classof
probabilisticdependencies.

2. BACKGROUND WORK
Non-simulativepowerestimationtechniqueshavebeenproposed

in thepastwhichhavereasonableaccuracy andextremelyfastesti-
mationprocedures.They canbepurelynon-simulative[11], [3], [10]
or they canbestatisticallysimulative[6]. In statisticalsimulation,
the estimatedpower is highly input sensitive. Although, Monte
Carlo simulationtechniquecanuseinput selectionefficiently [6],
thesetechniqueshaveproblemswhentheestimationprocesshasto
beperformedundercorrelatedinput streams.

The non-simulative statisticaltechniquesuseknowledgeabout
input statisticsto estimatetheswitchingactivity of internalnodes.
In someof thepioneeringworksaroundthis idea,Najm et al. [17]
estimatedthemeanandvarianceof currentusingprobabilitywave-
forms. In [11], theconceptof transitiondensityis introducedand
is propagatedthroughoutthe circuit by Booleandifferencealgo-
rithm. However, thesemethodshave problemsin handlingcorre-
lationbetweennodesandhence,theestimatesareinaccuratewhen



thenodesarehighly correlated.An accurateway of switchingac-
tivity� estimationis proposedin [10] whichhasahighspacerequire-
ment. Taggedprobabilitysimulationis proposedin [13], which is
basedon thelocal OBDD propagation.Thesignalcorrelationsare
capturedby usinglocal OBDDs. However, spatio-temporalcorre-
lation betweenthesignalsis not discussed.Kapoor[15] hasmod-
eledstructuraldependenciesandSchneideretal. [18] usedone-lag
Markov modelto capturetemporaldependenceandTsuietal. [16]
modeledspatialcorrelation.Pair-wisecorrelationbetweencircuit
lineswerefirst proposedby Ercolaniet al. in [12]. Marculescuet
al. in [7], studiedtemporal,spatialandspatio-temporaldependen-
ciesby capturingpair-wisecorrelations.In a latereffort to capture
higher order correlationapproximately, Marculescuet al. in [8]
handledhigherordercorrelationasacompositionof pair-wisecor-
relations. Schneideret al. [19] proposedanotheran approximate
techniqueto modelhigherorderspatialcorrelations.

The theoreticalcontribution of our work is that the joint prob-
ability function of a set of randomvariablesis exactly mapped
capturinghigherordercorrelationsbetweenthesignalsaccurately
usingBayesianNetwork model.Earlierefforts eithertreatthedis-
tribution asa compositionof pair-wisecorrelatedsignalsbetween
all signals [8, 12] or usean approximatesolution for capturing
spatialcorrelation[19]. Moreover, the BayesianNetwork models
conditionalindependenceof a subsetof signalsunlike in [8]. Re-
sultsshow thatthetechniquehashighaccuracy with low execution
times,for combinatorialbenchmarkcircuits.

3. SWITCHING ACTIVITY MODELING
It is known that in a combinationalcircuit, switchingat a node

hascorrelationswith its own pastvaluesandwith its neighborsin
the circuit. Temporalcorrelationis dueto the fact that switching
in a nodeis dependenton its lastvalue.Spatialcorrelationamong
nodesariseof theunderlyinglogicalconnections.

In this section,we first presentmathematicalnotionsthat have
beenproposedto capturedependenciesamongstrandomvariables.
Second,welist theconditionsunderwhichaBayesiannetwork can
beconstructedto capturethedependencies.Basedon thesefoun-
dations,we prove thatall thedependenciesamongsttheswitching
variablesin a combinationalcircuit canbe capturedusinga DAG
(directedacyclic graph)structuredBayesiannetwork thatis derived
from theunderlyingcircuit structure.

The following discussionis fashionedafter [2]. We begin with
thedefinitionof conditionalindependenceamongthreesetsof ran-
domvariables.

Definition 1: Let U= � α � β ��������� beafinite setof variablestaking
on discretevalues.Let P 	�
 � be the joint probability functionover
thevariablesin U , andlet X, Y andZ beany threesubsets(maybe
overlapping)of U . X andY is saidto beconditionallyindependent
givenZ if

P 	 x � y� z�� P 	 x � z� whenever P 	 y� z��� 0 (1)

Following Pearl [2], we denotethis conditional independency
amongstX, Y, andZ by I 	 X � Z � Y � ; X andY aresaidto becondi-
tionally independentgivenZ. A dependency model,M, of adomain
shouldcaptureall thesetriplet conditionalindependenciesamongst
thevariablesin thatdomain.A joint probabilitydensityfunctionis
onesuchdependency model.Thenotionof independenceexhibits
propertiesthatcanbeaxiomatizedby thefollowing theorem.

Theorem 1: Let X, Y andZ be threedistinct subsetof U . If
I 	 X � Z � Y � standsfor therelation“X is independentof Y givenZ” in
someprobabilisticmodelP, thenI mustsatisfythefollowing four

independentconditions:

I 	 X � Z � Y ��� I 	 Y� Z � X � (symmetry) (2)

I 	 X � Z � Y � W ��� I 	 X � Z � Y � & 	 X � Z � W � (decomposition) (3)

I 	 X � Z � Y � W ��� I 	 X � Z � W� Y � (weakunion) (4)

I 	 X � Z � Y � & I 	 X � Z � Y� W ��� I 	 X � Z � Y � W � (contraction)
(5)

Next, we introducethe conceptof d-separation of variablesin a
directedacyclic graphstructure(DAG), which is the underlying
structureof a Bayesiannetwork. This notion of d-separation is
thenrelatedto the notion of independenceamongsttriple subsets
of adomain.

Definition 2: If X, Y andZ arethreedistinctnodesubsetsin a
DAG D, thenX is saidto bed-separatedfromY by Z, � X �Z �Y � ,
if thereis no pathbetweenany nodein X andany nodein Y along
which the following two conditionshold: (1) every nodeon the
pathwith converging arrows is in Z or hasa descendentin Z and
(2) every othernodeis outsideZ.

Definition 3: A DAG D is said to be an I-map of a depen-
dency model M if every d-separation condition displayedin D
correspondsto avalid conditionalindependencerelationshipin M,
i.e., if for every threedisjoint setof verticesX, Y andZ we have,
� X �Z �Y ��� I 	 X � Z � Y � .

Definition 4: A DAG is a minimal I-map of M if noneof its
edgescanbedeletedwithoutdestroying its dependency modelM.

Note that every joint probability distribution function P over a
setof variablesrepresentsadependency modelM sinceit captures
all theconditionalindependencies.

Definition 5: Givena probabilitydistributionP on asetof vari-
ableU , a DAG D is calledaBayesianNetworkof P if D is a mini-
mumI-mapof P.

Thereis anelegantmethodof inferring theminimal I-mapof P
that is basedon the notion of a Markov blanket and a boundary
DAG, whicharedefinedbelow.

Definition 6: A Markov blanket of elementXi � U is ansubset
S of U for which I 	 Xi � S� U � S � Xi � andXi �� S. A set is called
a Markov boundary, Bi of Xi if it is a minimal Markov blanket of
Xi , i.e. noneof its propersubsetssatisfythe triplet independence
relation.

Definition 7: Let M beadependency modeldefinedonasetU 
� X1 ��������� Xn � of elements,andlet d bean ordering � Xd1 � Xd2 ���������
of the elementsof U . The boundarystrata of M relative to d is
an orderedsetof subsetsof U , � Bd1 � Bd2 ��������� suchthat eachBi
is a Markov boundary(definedabove) of Xdi with respectto the
setUi 	�� U ���� Xd1 � Xd2 ��������� Xd � i � 1 � , i.e. Bi is the minimal set
satisfyingBi � U andI 	 Xdi � Bi � Ui � Bi � . TheDAG createdby des-
ignating each Bi as the parentsof the correspondingvertex Xi is
calleda boundaryDAG of M relativeto d.

This leadsus to thefinal theoremthat relatestheBayesiannet-
work to I-maps,whichhasbeenprovenin [2]. This theoremis the
key to constructingaBayesiannetwork.

Theorem 2: Let M beany dependency modelsatisfyingtheax-
ioms of independencelisted in Eqs.2- 5. If graphstructureD is
a boundaryDAG of M relative to orderingd, thenD is a minimal
I-mapof M.

This theoremalongwith definitions2, 3, and4 above specifies
the structureof the Bayesiannetwork. We usetheseto prove our
following theoremregardingthestructureof Bayesiannetwork to
capturetheswitchingactivity of acombinationalcircuit.



Let acombinationalcircuit consistof gates� G1 �������!� GN � with n
input" signalsdenotedby theset � I1 �������!� In � . Let theoutputof gate
Gi bedenotedby Oi . Theinputsto agateareeitheraninputsignal
or outputof anothergate.Theswitchingof theseinput signaland
outputlines, � I1 ��������� In, O1 ��������� ON � , arethe randomvariablesof
interest.Notethatthesetof outputlinesincludebothintermediate
gateand the final output lines. Let Xi be the switchingat the i-
th line, which is eitheran input or an output line, taking on four
possiblevalues, � x00 � x01 � x10 � x11 � , correspondingto the possible
transitions:0 � 0 � 0 � 1 � 1 � 0 � 1 � 1.

Definition 8: A Logic InducedDirectedAcyclic Graph(LIDAG)
structure,LD, correspondingto a combinationalcircuit consistsof
nodes,Xis, representingthe switchingat eachline and links be-
tweenthem is constructedas follows: The parentsof a random
variablerepresentingtheswitchingat anoutputline, Oi , of a gate
Gi aretheswitchingsat theinput linesof thatgate.Eachinput line
is eitheroneof � I1 ��������� In � or anoutputof anothergate.

Theorem 3: The LIDAG structure,LD, correspondingto the
combinationalcircuit is aminimal I-mapof theunderlyingswitch-
ing dependency modelandhenceis aBayesiannetwork.

Proof: Let us orderthe randomvariables, � X1 � X2 ��������� XN # n �
suchthat(i) variablesrepresentingtheswitchingat the input lines
appearfirst followedby thoserepresentingthe outputlines of the
gates,and(ii) if a line Oi is aninput to a gatewhoseoutputline is
Ok thenthevariablecorrespondingto line Oi appearbeforeOk.

With respectto this ordering,the Markov boundaryof a node,
Xi , is given asfollows. If Xi representsswitchingof an input sig-
nal line, thenits Markov boundaryis the null set. And, sincethe
switchingof an output line is just dependenton the inputsof the
correspondinggate,theMarkov boundaryof a variablerepresent-
ing anoutputline consistsof just thosethatrepresenttheinputsto
thatgate. In theLIDAG structuretheparentsof eachnodeareits
Markov boundaryelementshencetheLIDAG is a boundaryDAG.
And,by Theorem2 listedabovetheLIDAG is aminimalI-mapand
thusaBayesiannetwork (BN).

It is interestingto note that the LIDAG structurecorresponds
exactly to the DAG structureonewould arrive by consideringthe
principle of causality, which statesthat onecanarrive at the ap-
propriateBayesiannetwork structureby directinglinks from nodes
thatrepresentcausesto nodesthatrepresentimmediateeffects[2].
Thus,directedlinks in the graphdenoteimmediatecauseandef-
fect relationship.In a combinationalcircuit the immediatecauses
of switchingat a line are the switchingsat the input lines of the
correspondinggate.

4. QUANTIFYING THE LID AG-BN
We first illustratewith an examplehow switching in a combi-

national circuit at circuit level can be representedby a LIDAG
structuredBayesiannetwork (LIDAG-BN).Thenweshow how the
conditionalprobabilitiesthatquantify the links of LIDAG-BN are
specified.

Let us considerthe circuit with fivesgatesshown in Figure1.
We areinterestedin theswitchingat eachof the9 numberedlines
in thecircuit. Eachline cantake four valuescorrespondingto the
four possibletransitions:� x00 � x01 � x10 � x11 � . Notethatthisway of
formulatingthe randomvariableeffectively modelstemporalcor-
relation. Theprobabilityof switchingat a line would begivenby
P 	 Xi  x01 �%$ P 	 Xi  x10 � 1. The LIDAG structurefor the circuit
is shown in Figure2. Dependenceamongthe nodesthat arenot
connecteddirectly is implicit in thenetwork structures.For exam-

1Probabilityof theeventXi  xi will bedenotedsimplyby P 	 xi � or
by P 	 Xi  xi � .

Figure1: A small combinational circuit.

Figure2: BayesianNetwork correspondingto thecircuit in Fig-
ure1.

ple,nodesX1 andX2 areindependentof eachother, however, they
areconditionallydependentgiventhevalueof saynodeX9. Or the
transitionat line 5, X5, is dependentonthetransitionsat lines1 and
2, representedby the randomvariables,X1 and X2, respectively.
Thus,the transitionsof line 5 areconditionallyindependentof all
transitionsat otherlinesgiventhetransitionstatesof lines1 and2.

Thejoint probabilityfunctionthatis modeledby aBayesiannet-
work canbeexpressedastheproductof theconditionalprobabili-
ties.

p 	 x1 ��������� xN �� ∏
v

p 	 xv � xparent� v � (6)

For the Bayesiannetwork structurein Fig. 2 the corresponding
joint probabilitydensityis givenby thefollowing factoredform.

P 	 x1 ������� x9 �& P 	 x9 � x7 � x8 � P 	 x8 � x4 � P 	 x7 � x5 � x6 �
P 	 x6 � x3 � x4 � P 	 x5 � x1 � x2 �
P 	 x4 � P 	 x3 � P 	 x2 � P 	 x1 �

(7)

The conditionalprobabilitiesof the lines that aredirectly con-
nectedby a gatecanbeobtainedknowing thetypeof thegate.For
example,P 	 X5  x01 �X1  x01 � X2  x00 � will bealways1 because
if oneof the inputsof an OR gatemakesa transitionfrom 0 to 1
andtheotherstaysat 0 thentheoutputalwaysmakesa transition
from 0 to 1. A completespecificationof theconditionalprobabil-
ity of P 	 x5 � x1 � x2 � will have 43 entriessinceeachvariablehas4
states.Theseconditionalprobabilityspecificationsaredetermined
by the gatetype. By specifyinga detailedconditionalprobability
weensurethatthespatio-temporaleffectof any nodeareeffectively
modeled.



Figure 3: Triangulated undir ected graph structur e that en-
codesthat samedependenciesas the DAG structur e shown in
Figure2.

Thelast four termsin theright handsideof Eq. 7 representthe
statisticsof the input lines. Given thestatisticsof the input lines,
we would like to infer the probabilitiesof all the othernodes.A
bruteforcewayof achieving thiswouldbeto computethemarginal
probabilitiesby summingover possiblestates,thus, P 	 x9 � x1 �'
∑x2 ( ) ) )*( x8

P 	 x1 ��������� x9 � . This,obviously, is computationallyveryex-
pensive and,in addition,doesnot scalewell. In the next section,
we show how thestructureof theBayesiannetwork canbeusedto
efficiently computetherequiredprobabilities.

5. BAYESIAN NETWORK COMPUTATIONS
It would be computationallyconvenient if we could compute

probabilitiesin a Bayesiannetwork by localmessagepassing.Un-
fortunately, wecannotdirectlyupdateaBayesiannetwork by local
messagepassingif the underlyingundirectedgraphstructurehas
cycles. So, the first stepof a propagationstrategy is to transform
the original DAG structureinto a undirectedtreestructurewhose
nodesaresubsetsof theoriginal randomvariables[1]. Sucha tree
is referredto as the junction tree of cliquesof randomvariables
andtheprocessis referredto astheBayesiannetwork compilation
process.

Thefirststepof thecompilationprocessis to createanundirected
graphstructurecalledthemoral graphgiventheBayesiannetwork
DAG structure.The moral graphrepresentsthe Markov structure
of the underlyingjoint distribution [1]. In caseof a DAG, which
is the structureof a Bayesiannetwork, a moral graphis obtained
by addingundirectededgesbetweentheparentsof acommonchild
nodeand droppingthe directionsof the links. The secondstep
of thecompilationprocesstriangulatesthemoralgraphby adding
additionallinks so that all cycles longer than3 nodesarebroken
into cyclesof threenodes.In ourexample,thedashline betweenX1
andX2 in Figure 3 is obtainedduringMoralizationandthedash-
dottedline betweenX4 andX7 in Figure 3 is addedto the moral
graphto triangulateit.

Thenext stepin compilationis to detectcliquesof nodesin the
triangulatedmoral graphstructuresuchthat a junction treecanbe
formedbetweenthe cliques. Eachclique is thenclumpedinto a
compositenoderepresentingthecollectionof nodesin theclique.
The connectionbetweenthecliquesis inheritedfrom the triangu-
latedmoral graphstructure. This treeof cliquesis referredto as
the junction treeof cliques. Figure4 shows the junction treefor
ourrunningexample.Everycliquewith anedgebetweenthemwill
have a nonnull setof nodescommonbetweenthem,which is re-

Figure4: Junction tr eeof cliques.

ferred to as the separatorset. Thesecommonvariablesplay key
role in evidencepropagation.If thereweretwo cliquesthatarenot
connectedby an edgeandstill have commonvariablesthenthese
variablesmustbepresentin all thecliquesin betweentheunique
pathbetweenthe two cliquesto guaranteeglobal consistency by
local propagation.This is guaranteedby thetriangulationstep.As
it canbeseenthatC3 andC6 bothcontainX7, andX7 is alsopresent
in all the cliquesin the pathfrom C3 to C6 namelyin C1 andC2.
This helpsto preserve globalconsistency while updatingby local
messagepassing.

It canbeproventhatthedependency propertiesof aDAG,which
carry over to moral graphs,alsoarepreserved in the triangulated
moral graph[1]. The joint probability distribution that factorizes
on the moral graphwill alsodo so on the triangulatedonesince
eachclique in the moral graphis eithera clique in this graphor
subsetof aclique.

After compilation,the probabilitiesarepropagatedthroughthe
junction tree just by local message-passingbetweenthe adjacent
cliques.

Let us now considertwo neighboringcliquesto understandthe
key featureof the Bayesianupdatingscheme.Let two cliquesA
andB have probabilitypotentialsφA andφB, respectively. Let Sbe
thesetof nodesthatseparatescliquesA andB. Thetwo neighbor-
ing cliqueshaveto agreeonprobabilitiesonthenodesetSwhichis
theirseparator. To achieve thiswefirst computethemarginalprob-
ability of S from probabilitypotentialof cliqueA andthenusethat
to scaletheprobabilitypotentialof B. Thetransmissionof thisscal-
ing factor, which is neededin updating,is referredto asmessage
passing. New evidenceis absorbedinto the network by passing
suchlocal messages.The patternof the messageis suchthat the
processis multi-threadableand partially parallelizable. Because
thejunctiontreehasnocycles,messagesalongeachbranchcanbe
treatedindependentlyof theothers.

6. EXPERIMENT AL RESULTS
We mapped14 ISCAS and5 MCNC circuits to to their corre-

spondingLIDAG structuredBayesianNetworks. The conditional
probabilitiesarepre-determinedby thetypeof gateconnectingthe
parentsandthechild. We have alreadydiscussedin Section4 that
eachnodein Bayesiannetwork representsswitching at a line in
the circuit andcanbe in oneof the four states	 x00 � x01 � x10 � x11 � .
We usedHUGIN’s BayesianNetwork tool for compilingthejunc-
tion treeandpropagatingtheprobabilities.Circuitsthatarereason-
ably large,couldnotbemodelledasasigleBN. Multiple Bayesian
Networksareusedfor modelingsuchcircuitsandprobabilitiesare
propagatedbetweensuccessiveBNs. Wealsoperformedlogic sim-



Errorstatistics Overall% Errorandtime
over eachnode for all nodes

Circuits µErr σErr % Error ElapsedTime(s)
Total Update

c17 0.0002 0.0004 0.02% � .001 � .001
c432 0.0111 0.0300 2.08% 1.33 � .001
c499 0.0002 0.0038 0.09% 0.33 � .001
c880 0.0012 0.0088 0.57% 1.24 � .001
c1355 0.0015 0.0189 0.41% 2.29 � .001
c1908 0.0009 0.0090 0.22% 6.09 � .001
c3540 0.0029 0.0400 0.79% 8.62 � .001
c5315 0.0035 0.0269 0.80% 15.08 � .001
c6288 0.0140 0.0465 3.34% 18.70 � .001
c7552 0.0031 0.0460 0.70% 18.26 � .001
alu4 0.0001 0.0198 0.86% 0.54 � .001

malu4 0.0011 0.0204 0.23% 0.21 � .001
max flat 0.0004 0.0005 0.10% � 0.001 � .001

voter 0.0002 0.0005 0.04% 0.11 � .001
b9 0.0004 0.0020 0.10% 0.33 � .001
c8 0.0002 0.0017 0.05% 0.93 � .001

count 0.0001 0.0006 0.03% 0.33 � .001
comp 0.0000 0.0003 0.00% 0.22 � .001
pcler8 0.0002 0.0007 0.03%6 0.11 � .001

Table 1: Experimental resultson switching activity estimation
by Bayesian network modeling for ISCAS’85 and MCNC’89
benchmark circuits for random input sequences.

ulationproviding “groundtruth” estimatesof switching.
Wetabulatetheresultsof switchingactivity estimationat circuit

level by theLIDAG structuredBayesiannetworks in Table1. We
alsoperformedsimulationwith pseudo-randominputsfor compar-
isonof theswitchingestimates.Columns2and3 providemeanand
standarddeviationof theerrorof switchingactivity, whichis theer-
ror betweentheswitchingactivity estimatedandswitchingactivity
obtainedthroughsimulationoneachnode,respectively. Moreover,
we presentthe %errorbetweenthe averageswitchingactivity es-
timatedover all thenodeswith averageswitchingactivity through
simulationin column4. Theelapsedtotal time for BayesianNet-
work basedestimation,which is time to compileandtime to prop-
agate,is shown in column5 . We separatelyshow the time for
propagationof evidencein column6. As it canbe observed, the
propagationtime is extremely low irrespective of the size of the
circuits.

Theplatformusedhereis asingleprocessorDELL PCwith 250
Meg RAM and450MHz clock speed.We wantto emphasizethat
thetimeestimatesareobtainedfrom aWINDOW basedtiming fea-
ture(functionftime in VISUAL C++)whichprovidesthetotal time
spentin afunctionmodulewhichincludesmemoryaccess,I/O time
alongwith CPUtime. In fact,while handlinglargercircuit, CPU
time is not a goodestimateof actualtime dueto high memoryac-
cessneededby thealgorithm.

As it canbeobservedfromTable1, thecircuitswhichare(namely
c17,comp,count,pcler8etc.) modeledasa singleBayesianNet-
work yield exact estimateandthe standarddeviation of error cal-
culatedon eachnodeis extremely low. The time for estimation
is alsoless.Thecircuitswhich aremodeledby multiple Bayesian
Networks,have standarddeviation of theorderof 0 
 02. Theerrors
encounteredin larger circuits arecontributedby the lossof some
correlationsin thenetwork boundaries.Theresultreportedin this
paperarebasedon preliminarysegmentationscheme,while cur-
rentlyweareinvestigatinganefficientsegmentationtechniquethat
will reducethe standarddeviation andthe meanerror. The maxi-
mum error that is encounteredis around2% for c432. The mini-

mumerroris zero.Out of the 19 benchmark circuits 17 of them
had lessthan 1% error and 2 of them have between1% and
3.5% error. It canalsobe observed that updatingandpropagat-
ing all theinputevidencesin almostall thecircuitswereperformed
in theorderof 1 milliseconds.This is advantageousparticularlyif
theswitchingactivity hasto beestimatedfor differentinput signal
statistics.Thecircuitscanbeprecompiled,only propagationhasto
bedonefor differentinputstatistics.

In Table2, weshow somecomparative statisticsof time andac-
curacy estimateson thecommonbenchmarksreportedby [7] and
by Schneideret. al. [19] for switchingactivity estimation.Wealso
tabulateresultsobtainedby [9] which is therevisedversionof the
work [8] availablein theweb. We areunableto compareour work
with thatmadeby [8] sincewedonothave their resultsonpseudo-
randominputs.At thispoint,wehaveto rememberthattheseexper-
imentsareconductedon differentmachineswith differentspeeds
andarchitecture.For example,in [7], theestimationis performed
in SUN SPARC 2 whereasin [19], estimationis performedunder
SUN SPARC 10. In all thepreviousworks [7, 19, 8] therun time
is reportedin CPUsecondswhichis adrasticunderestimateof total
time with memoryintensive implementation.However, we report
run time is the total time in the moduleincludingmemoryaccess
andI/O time. As it canbeobservedthatBN modelingfor mostof
thecircuitsperformsbetterthantheexistingapproximatemodeling
of switchingactivity. In somecircuits,weobtainedalmost10times
improvementin termsof accuracy comparedto that of [7, 19, 8].
This suggeststhatthereis needfor modelinghigherordercorrela-
tions accurately. The standarddeviation of error is not presented
by Schneideret.al.[19]. Thetime to computetheswitchingactiv-
ity is extremelyfastfor BN modeling. Theelapsedtime estimate
is in mostcasesis in the orderof hundredtimesfastercompared
to the work by Marculescuet. al. [7](in CPU sec)andon an av-
erageseveral timesfasterthanthe estimationby Marculescu[19,
9](in CPU sec). We areawarethat theseworksareperformedon
differentmachineswith variedCPU speedanddifferentarchitec-
ture. A real comparisonis not possiblebut qualitative judgment
canbedrawn. WecanseethatBayesianNetwork basedestimation
strategy is competitivebothwith respectto timeandaccuracy.

7. CONCLUSION
This paperintroducesa switchingactivity estimationtool that

encapsulatesall the dependencies,both in the internalnodesand
in the inputs, in reasonabletime and with high accuracies.We
have shown resultsof theestimatedswitchingactivity for pseudo-
randominputs. The modelhandlesspatio-temporaldependencies
betweenthenodes.It alsomodelsconditionaldependenciesof the
nodes.Theproposedmodelis accurateandcaptureshigherorder
correlationamonglines. Our futureeffort focuseson thesegmen-
tationtechniques,andinputmodelingfor capturingspatialcorrela-
tion at theprimaryinputsusingthesameBN model.
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