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ABSTRACT

We proposea new switchingprobability modelfor combinational
circuitsusingalLogic-Induced-Directed-Acyclic-GraphLIDAG)
and prove that sucha graphcorresponds$o a Bayesian Network
guaranteetb mapall thedependencieisherentn thecircuit. This
switchingactiity canbe estimatedoy capturingcomplex depen-
denciegspatio-temporadndconditional)amongsignalsefficiently
by local message-passimgsedntheBayesiametworks. Switch-
ing activity estimationof ISCASandMCNC circuitswith random
input streamgyield high accurag (averagemeanerror=0.002)and
low computationatime (averagetime=3.93seconds).

1. INTRODUCTION

Switchingactivity estimationstratgies,importantfor power es-
timationcanbedividedinto two broadcateyories:(i) estimatiorby
simulationand(ii) estimationby probabilistictechniquesEstima-
tion by simulation[4], [5], thoughtime consumingis extremelyac-
curate.Probabilistidechnique$10], [13], [14] arefastandtractable
but typically involvesassumptionaboutjoint correlations.

In this paper we modelthe switchingin a combinationakircuit
usinga probabilisticBayesiarNetwork [1, 2], which allows usto
captureéboththetemporalndspatialdependencieis acomprehen-
sive manner Bayesiametworks aredirectedagyclic graph(DAG)
representationsvhosenodesrepresenrandomvariablesand the
links denotedirect dependenciesyhich are quantifiedby condi-
tional probabilitiesof a nodegiven the statesof its parents. This
DAG structureessentiallymodelsthejoint probability distribution
over the setof randomvariablesunderconsiderationin a compact
manner The attractie featureof this graphicalrepresentatiomnf
thejoint probability distribution is thatnot only doesit make con-
ditional dependencrelationshipsamongthe nodesexplicit it also
senesasacomputationamechanisnior efficient probabilisticup-
dating.Bayesiametworkshave traditionallybeenusedin artificial
intelligenceandimageanalysis. Their usein power estimationis
new.
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We first constructthe Logic InducedDirected Acyclic Graph
(LIDAG) basedbn thelogical structureof the circuit. Eachsignal
in thecircuitis arandomvariablein the LIDAG thatcanhave four
possiblestatesindicating the transitionsfrom 0 — 0,0 — 1,1 —
0,1 — 1. Directededgesaredravn from therandomvariablesrep-
resentingswitchingof theinputsto therandonvariablefor switch-
ing at the outputof eachgate. We prove thatthe LIDAG thusob-
tainedis a BayesiarNetwork which is the minimal representation
thatcapturesll theindependencmapping.Thesalientadwantages
of switchingactuvity estimationby modelingit asa BayesiarNet-
work areasfollows.

1. It is ableto produceglobally consistenestimateof switc-
ing activity thattakesinto accountspatial correlationby lo-
cal messge passing

2. It canaccommodateputcorrelation,tempoal, andspatial
correlationefficiently

3. After a compilationprocessthat convertsthe Bayesiamet-
workinto a junctiontreeof cliques furthercomputatiortime
is small. Thus, repeateccomputationof switching actvity
of the circuit with differentinput statisticsdoesnot require
muchtime.

4. Finally, a Bayesiametwork,in additionto pair-wisecorre-
lations [8], also modelsconditionalindependencamongst
subsebf variables,which allowsit to cover a large classof
probabilisticdependencies.

2. BACKGROUND WORK

Non-simulatve powverestimatiortechniquefiave beenproposed
in thepastwhich have reasonablaccurag andextremelyfastesti-
mationproceduresThey canbepurelynon-simulatve [11], [3], [10]
or they canbe statisticallysimulative[6]. In statisticalsimulation,
the estimatedpower is highly input sensitve. Although, Monte
Carlo simulationtechniquecanuseinput selectionefficiently [6],
thesetechnique$ave problemswvhentheestimatiorprocessasto
be performedundercorrelatednput streams.

The non-simulatie statisticaltechniquesuseknaowledge about
input statisticsto estimatethe switchingactiity of internalnodes.
In someof the pioneeringworks aroundthis idea,Najm et al. [17]
estimatedhemeanandvarianceof currentusingprobabilitywave-
forms. In [11], the conceptof transitiondensityis introducedand
is propagatedhroughoutthe circuit by Booleandifferencealgo-
rithm. However, thesemethodshave problemsin handlingcorre-
lation betweemodesandhence the estimatesreinaccuratevhen



the nodesarehighly correlated.An accuratevay of switchingac-
tivity estimationis proposedn [10] whichhasahighspaceequire-
ment. Taggedprobability simulationis proposedn [13], whichis
basedon thelocal OBDD propagationThesignalcorrelationsare
capturedoy usinglocal OBDDs. However, spatio-temporatorre-
lation betweerthe signalsis not discussedKapoor[15] hasmod-
eledstructuraldependencieandSchneideetal. [18] usedone-lag
Markov modelto capture¢emporaldependencandTsuietal. [16]
modeledspatialcorrelation. Pair-wise correlationbetweencircuit
lineswerefirst proposeddy Ercolanietal. in [12]. Marculescuet
al. in [7], studiedtemporal spatialandspatio-temporatlependen-
ciesby capturingpairwise correlationsIn alatereffort to capture
higher order correlationapproximately Marculescuet al. in [8]
handlechigherordercorrelationasa compositiorof pairwisecor
relations. Schneideret al. [19] proposedanotheran approximate
techniqueto modelhigherorderspatialcorrelations.

The theoreticalcontritution of our work is that the joint prob-
ability function of a set of randomvariablesis exactly mapped
capturinghigherorder correlationsbetweerthe signalsaccumately
usingBayesiarNetwork model. Earlier efforts eithertreatthe dis-
tribution asa compositionof pair-wise correlatedsignalsbetween
all signals [8, 12] or usean approximatesolution for capturing
spatialcorrelation[19]. Moreover, the BayesianNetwork models
conditionalindependencef a subsebf signalsunlike in [8]. Re-
sultsshaw thatthetechniquehashigh accurag with low execution
times,for combinatoriabenchmarlcircuits.

3. SWITCHING ACTIVITY MODELING

It is known thatin a combinationakircuit, switchingat a node
hascorrelationswith its own pastvaluesandwith its neighborsn
the circuit. Temporalcorrelationis dueto the fact that switching
in anodeis dependenbn its lastvalue. Spatialcorrelationamong
nodesariseof theunderlyinglogical connections.

In this section,we first presentmathematicahotionsthat have
beenproposedo capturedependenciesmongstandomvariables.
Secondyvelist theconditionsunderwhich aBayesiametwork can
be constructedo capturethe dependenciesBasedon thesefoun-
dations,we prove thatall the dependencieamongsthe switching
variablesin a combinationakircuit canbe capturedusinga DAG
(directedagyclic graph)structuredBayesiametwork thatis derived
from theunderlyingcircuit structure.

The following discussioris fashionedafter[2]. We begin with
thedefinitionof conditionalindependencamongthreesetsof ran-
domvariables.

Definition 1: LetU={a, B, - - } beafinite setof variablestaking
on discretevalues. Let P(.) be the joint probability function over
thevariablesin U, andlet X, Y andZ beary threesubset§maybe
overlapping)of U. X andY is saidto beconditionallyindependent
givenZ if

P(xly,2) = P(x|z) wheneer P(y,z) > 0 (@)

Following Pearl[2], we denotethis conditionalindependenc
amongstX, Y, andZ by 1(X,Z,Y); X andY aresaidto be condi-
tionallyindependengivenZ. A dependencmodel,M, of adomain
shouldcaptureall thesetriplet conditionalindependencieamongst
thevariablesin thatdomain.A joint probabilitydensityfunctionis
onesuchdependencmodel. The notion of independencexhibits
propertieghatcanbe axiomatizedy thefollowing theorem.

Theorem 1: Let X, Y andZ be threedistinct subsetof U. If
1(X,Z,Y) standdor therelation“ X is independentf Y givenZ” in
someprobabilisticmodel P, thenl mustsatisfythe following four

independentonditions:

1(X,Z,Y) = 1(Y,Z,X) (symmetry) 2)

1(X,Z,YUW) = 1(X,Z,Y)&(X,Z,W) (decomposition) (3)

1(X,Z,YUW) = I(X,ZUW,Y) (weakunion) 4)

1(X,Z,Y)&I(X,ZUY,W) = 1(X,Z,YUW) (contraction)

®)

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

Definition 2: If X, Y andZ arethreedistinctnodesubsetsn a
DAG D, thenX is saidto bed-sepaatedfromY by Z, < X|Z|Y >,
if thereis no pathbetweerary nodein X andary nodein Y along
which the following two conditionshold: (1) every nodeon the
pathwith corverging arrows is in Z or hasa descendenin Z and
(2) every othernodeis outsideZ.

Definition 3: A DAG D is said to be an I-map of a depen-
deny model M if every d-sepaation condition displayedin D
correspond$o avalid conditionalindependenceelationshipin M,
i.e., if for every threedisjoint setof verticesX, Y andZ we have,
< X[Z|Y >=1(X,Z,Y).

Definition 4: A DAG is a minimal I-map of M if noneof its
edgescanbedeletedwithoutdestrying its dependencmodelM.

Note that every joint probability distribution function P over a
setof variablesrepresenta dependencmodelM sinceit captures
all the conditionalindependencies.

Definition 5: Givena probabilitydistribution P on a setof vari-
ableU, aDAG D is calleda BayesiarNetworkof P if D is a mini-
mum I-map of P.

Thereis anelegantmethodof inferring the minimal I-map of P
that is basedon the notion of a Markov blanket and a boundary
DAG, which aredefinedbelow.

Definition 6: A Markov blanket of elementX; € U is ansubset
Sof U for which1(X,SU —S—X) andX ¢ S A setis called
a Markov boundary B; of X; if it is a minimal Markov blanlket of
X, i.e. noneof its propersubsetsatisfythe triplet independence
relation.

Definition 7: LetM beadependencmodeldefinedonasetU =
{X1,---,%Xn} of elementsandlet d be anordering{Xq1,Xg2, - - }
of the elementsof U. The boundarystrata of M relative to d is
an orderedsetof subsetof U, {Bqg1,Bqg, - -} suchthat eachB;
is a Markov boundary(definedabove) of Xy with respectto the
setUi(C U) = {Xa1,Xdz, "+, Xq(i—1)}, i-€. Bi is the minimal set
satisfyingB; C U andl (Xg;, Bi,U; — B;j). TheDAG createdby des-
ignating eadh B; as the parentsof the correspondingvertex X; is
calleda boundaryDAG of M relativeto d.

This leadsus to thefinal theoremthat relatesthe Bayesiamet-
work to I-maps,which hasbeenprovenin [2]. Thistheoremis the
key to constructinga Bayesiametwork.

Theorem 2: Let M beary dependencmodelsatisfyingthe ax-
ioms of independencésted in Egs.2- 5. If graphstructureD is
aboundaryDAG of M relative to orderingd, thenD is a minimal
I-mapof M.

This theoremalongwith definitions2, 3, and4 above specifies
the structureof the Bayesiametwork. We usetheseto prove our
following theoremregardingthe structureof Bayesiametwork to
capturethe switchingactvity of acombinationatircuit.



Let acombinationatircuit consistof gates{Gy, - -- , Gy} with n
input signalsdenotedby theset{l4,---,In}. Let theoutputof gate
Gi bedenotedby O;. Theinputsto a gateareeitheraninputsignal
or outputof anothergate. The switchingof theseinput signaland
outputlines, {l1,---,In, O1,---,0ON}, aretherandomvariablesof
interest.Notethatthe setof outputlinesincludebothintermediate
gateandthe final outputlines. Let X; be the switchingat the i-
th line, which is eitheraninput or an outputline, taking on four
possiblevalues,{xoo, Xo1, X10,X11}, correspondingdo the possible
transitions:0 - 0,0+ 1,1— 0,1 — 1.

Definition 8: A Logic InducedDirectedAcyclic Graph(LIDAG)
structure LD, correspondindo a combinationatircuit consistsof
nodes,X;s, representinghe switching at eachline andlinks be-
tweenthemis constructecas follows: The parentsof a random
variablerepresentinghe switchingat an outputline, O;, of a gate
G; aretheswitchingsattheinputlinesof thatgate.Eachinputline
is eitheroneof {l1,---,In} or anoutputof anothemate.

Theorem 3: The LIDAG structure,LD, correspondingo the
combinationatircuit is aminimal I-map of the underlyingswitch-
ing dependencmodelandhences a Bayesiametwork.

Proof: Let us orderthe randomvariables,{X1, X2, -+, XN4n}
suchthat (i) variablesrepresentinghe switchingat theinputlines
appearffirst followed by thoserepresentinghe outputlines of the
gatesand(ii) if aline O; is aninputto a gatewhoseoutputline is
Ok thenthevariablecorrespondingo line O; appeabeforeQy.

With respectto this ordering,the Markov boundaryof a node,
X, is given asfollows. If X; representswitchingof aninput sig-
nal line, thenits Markov boundaryis the null set. And, sincethe
switchingof anoutputline is just dependenbn the inputs of the
correspondingate,the Markov boundaryof a variablerepresent-
ing anoutputline consistof justthosethatrepresentheinputsto
thatgate. In the LIDAG structurethe parentsof eachnodeareits
Markov boundaryelementsiencethe LIDAG is aboundaryDAG.
And, by Theoren? listedaboretheLIDAG is aminimal -mapand
thusaBayesiametwork (BN).

It is interestingto note that the LIDAG structurecorresponds
exactly to the DAG structureonewould arrive by consideringhe
principle of causality which statesthat one canarrive at the ap-
propriateBayesiametwork structureby directinglinks from nodes
thatrepresentauseso nodesthatrepresenimmediateeffects|2].
Thus, directedlinks in the graphdenoteimmediatecauseand ef-
fectrelationship.In a combinationakircuit theimmediatecauses
of switchingat a line are the switchingsat the input lines of the
correspondingjate.

4. QUANTIFYING THE LID AG-BN

We first illustrate with an examplehow switchingin a combi-
national circuit at circuit level can be representedy a LIDAG
structuredBayesiametwork (LIDAG-BN). Thenwe shawv how the
conditionalprobabilitiesthat quantify the links of LIDAG-BN are
specified.

Let us considerthe circuit with fives gatesshavn in Figure 1.
We areinterestedn the switchingat eachof the 9 numberedines
in the circuit. Eachline cantake four valuescorrespondingo the
four possibletransitions:{xoo, Xo1, X10,X11}. Notethatthis way of
formulatingthe randomvariableeffectively modelstemporalcor
relation. The probability of switchingat a line would be given by
P(X = %o1) + P(X = x10)%. The LIDAG structurefor the circuit
is shawn in Figure2. Dependencamongthe nodesthat are not
connectedlirectly is implicit in the network structuresFor exam-

IProbabilityof theeventX; = x; will bedenotedsimply by P(x;) or
by P(X; = X;).

Figure2: BayesianNetwork correspondingto the circuit in Fig-
urel.

ple,nodesX; andX; areindependenof eachother however, they
areconditionallydependengiventhe valueof saynodeXg. Or the
transitionatline 5, Xs, is dependenbnthetransitionsatlines1 and
2, representedby the randomvariables,X; and Xy, respectrely.
Thus,the transitionsof line 5 areconditionallyindependenof all
transitionsat otherlinesgiventhetransitionstatesof lines 1 and2.

Thejoint probabilityfunctionthatis modeledby a Bayesiamet-
work canbe expressedsthe productof the conditionalprobabili-
ties.

p(x1,- 5 xn) = [] P(xv[Xparenty)) (6)

For the Bayesiametwork structurein Fig. 2 the corresponding
joint probabilitydensityis given by thefollowing factoredform.

P(xg|x7, Xg) P(xg|x4)P(x7|X5,Xs)
P(X6|X3, X4) P(Xs5|X1, X2) (7)
P(X4)P(x3)P(X2)P(x1)

The conditionalprobabilitiesof the lines that are directly con-
nectedby a gatecanbe obtainecknowing thetype of thegate.For
example,P(Xs = xg1|X1 = Xo1, X2 = Xgp) Will bealways1 because
if oneof theinputsof an OR gatemalkesa transitionfrom 0 to 1
andthe otherstaysat 0 thenthe outputalways makesa transition
from 0 to 1. A completespecificatiorof the conditionalprobabil-
ity of P(xs|x1,x2) will have 4% entriessince eachvariablehas4
states.Theseconditionalprobability specificationsaredetermined
by the gatetype. By specifyinga detailedconditionalprobability
we ensurghatthespatio-temporatffectof ary nodeareeffectively
modeled.

Pxy, %) =



Figure 3: Triangulated undir ected graph structure that en-
codesthat samedependenciesasthe DAG structur e shawn in
Figure 2.

The lastfour termsin the right handsideof Eq. 7 representhe
statisticsof theinput lines. Given the statisticsof the input lines,
we would like to infer the probabilitiesof all the othernodes. A
bruteforceway of achieving thiswould beto computehe mamginal
probabilitiesby summingover possiblestates,thus, P(xg,x1) =
3%, xg P(X1,*** ,Xg). This, obviously, is computationallyery ex-
pensve and,in addition,doesnot scalewell. In the next section,
we shav how the structureof the Bayesiametwork canbe usedto
efficiently computethe requiredprobabilities.

5. BAYESIAN NETWORK COMPUTATIONS

It would be computationallycorvenientif we could compute
probabilitiesin a Bayesiametwork by local messag@assing.Un-
fortunately we cannotdirectly updatea Bayesiametwork by local
messageassingif the underlyingundirectedgraphstructurehas
cycles. So, the first stepof a propagatiorstrat@y is to transform
the original DAG structureinto a undirectedree structurewhose
nodesaresubset®f the original randomvariableq1]. Suchatree
is referredto asthe junction tree of cliquesof randomvariables
andthe processs referredto asthe Bayesiametwork compilation
process.

Thefirst stepof thecompilationprocesss to createanundirected
graphstructurecalledthe moral graph giventhe Bayesiametwork
DAG structure. The moral graphrepresentshe Markov structure
of the underlyingjoint distribution [1]. In caseof a DAG, which
is the structureof a Bayesiametwork, a moral graphis obtained
by addingundirectecedgesetweerthe parentof acommonchild
node and droppingthe directionsof the links. The secondstep
of the compilationprocesdriangulateghe moral graphby adding
additionallinks so that all cycleslongerthan 3 nodesare broken
into cyclesof threenodes.In ourexample,thedashline betweenx;
and X, in Figure 3 is obtainedduring Moralizationandthe dash-
dottedline betweenX, and X7 in Figure 3 is addedto the moral
graphto triangulate.

Thenext stepin compilationis to detectcliquesof nodesin the
triangulatedmoral graphstructuresuclthat a junctiontreecanbe
formed betweenthe cliques. Eachclique is then clumpedinto a
compositenoderepresentinghe collectionof nodesin the clique.
The connectiorbetweerthe cliquesis inheritedfrom the triangu-
lated moral graphstructure. This tree of cliquesis referredto as
the junction tree of cliques. Figure 4 shaws the junctiontreefor
ourrunningexample.Every cliquewith anedgebetweerthemwill
have a non null setof nodescommonbetweernthem,whichis re-

C={X; X Xg}

Figure4: Junction treeof cliques.

ferredto asthe separatoset. Thesecommonvariablesplay key
role in evidencepropagationlf thereweretwo cliquesthatarenot
connectedy an edgeandstill have commonvariablesthenthese
variablesmustbe presentin all the cliquesin betweerthe unique
path betweenthe two cliqguesto guaranteeglobal consisteng by
local propagationThisis guaranteedby the triangulationstep.As
it canbeseerthatCz andCg bothcontainXz, andXy is alsopresent
in all the cliquesin the pathfrom C3 to Cg hamelyin C; andC,.
This helpsto presere global consisteng while updatingby local
messag@assing.

It canbe proventhatthedependencpropertieof aDAG, which
carry over to moral graphs,alsoare presered in the triangulated
moral graph[1]. Thejoint probability distribution that factorizes
on the moral graphwill alsodo so on the triangulatedone since
eachclique in the moral graphis eithera clique in this graphor
subsebf aclique.

After compilation,the probabilitiesare propagatedhroughthe
junction treejust by local message-passingetweenthe adjacent
cliques.

Let usnow considerntwo neighboringcliquesto understandhe
key featureof the Bayesianupdatingscheme.Let two cliquesA
andB have probability potentialspy andgg, respectiely. Let Sbe
the setof nodesthatseparatesliguesA andB. Thetwo neighbor
ing cliqueshave to agreeon probabilitiesonthenodesetSwhichis
their separatorTo achieve this wefirst computehemaiginal prob-
ability of Sfrom probability potentialof clique A andthenusethat
to scaletheprobabilitypotentialof B. Thetransmissiorof thisscal-
ing factor which is neededn updating,is referredto asmessage
passing. New evidenceis absorbednto the network by passing
suchlocal messagesThe patternof the messagés suchthatthe
processis multi-threadableand partially parallelizable. Because
thejunctiontreehasno cycles,messagealongeachbranchcanbe
treatedndependentlyf theothers.

6. EXPERIMENTAL RESULTS

We mappedl4 ISCAS and5 MCNC circuits to to their corre-
spondingLIDAG structuredBayesianNetworks. The conditional
probabilitiesarepre-determinethy thetype of gateconnectinghe
parentsandthe child. We have alreadydiscussedn Section4 that
eachnodein Bayesiannetwork representswitching at a line in
the circuit and canbe in oneof the four states(xpo, Xo1, X10, X11)-
We usedHUGIN's BayesiarNetwork tool for compilingthejunc-
tion treeandpropagatingheprobabilities.Circuitsthatarereason-
ablylarge,couldnotbe modelledasasigle BN. Multiple Bayesian
Networksareusedfor modelingsuchcircuitsandprobabilitiesare
propagatetbetweersuccessie BNs. We alsoperformedogic sim-



Error statistics Overall% Errorandtime

over eachnode for all nodes
Circuits | Herr OErr % Error | Elapsedlime(S)
Total | Update
cl7 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
cI355 | 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
c/552 | 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
maxflat | 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” estimate®f switching.

We tahulatethe resultsof switchingactiity estimationat circuit
level by the LIDAG structuredBayesiametworksin Table1l. We
alsoperformedsimulationwith pseudo-randormputsfor compar
isonof theswitchingestimatesColumns2 and3 provide meanand
standardieviation of theerrorof switchingactiity, whichis theer-
ror betweerthe switchingactiity estimatedaindswitchingactiity
obtainedhroughsimulationon eachnode respectrely. Moreover,
we presenthe %errorbetweernthe averageswitchingactvity es-
timatedover all the nodeswith averageswitchingactiity through
simulationin column4. The elapsedotal time for BayesianNet-
work basecdestimationwhich is time to compileandtime to prop-
agate,is shavn in column5 . We separatelyshav the time for
propagatiorof evidencein column6. As it canbe obsered, the
propagatiortime is extremely low irrespectve of the size of the
circuits.

Theplatformusedhereis asingleprocessoDELL PCwith 250
Meg RAM and450MHz clock speed We wantto emphasizehat
thetime estimatesreobtainedrom aWINDOW basediming fea-
ture(functionftimein VISUAL C++)whichprovidesthetotaltime
spentn afunctionmodulewhichincludesmemoryaccessl/O time
alongwith CPUtime. In fact, while handlinglarger circuit, CPU
time is not a goodestimateof actualtime dueto high memoryac-
cessneededy thealgorithm.

Asit canbeobseredfrom Tablel, thecircuitswhichare(namely
c17,comp,count,pcler8etc.) modeledasa single Bayesian\et-
work yield exact estimateandthe standarddeviation of error cal-
culatedon eachnodeis extremelylow. The time for estimation
is alsoless. The circuitswhich aremodeledby multiple Bayesian
Networks, have standardleviation of the orderof 0.02. Theerrors
encounteredn larger circuits are contrituted by the lossof some
correlationsn the network boundaries Theresultreportedin this
paperare basedon preliminary sggmentationschemewhile cur
rently we areinvestigatinganefficient segmentatiortechniquethat
will reducethe standarddeviation andthe meanerror The maxi-
mum errorthatis encountereds 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 obsered thatupdatingand propagat-
ing all theinputevidencesn almostall thecircuitswereperformed
in the orderof 1 milliseconds.This is advantageougparticularlyif
the switchingactiity hasto be estimatedor differentinputsignal
statistics.Thecircuitscanbe precompiledpnly propagatiorhasto
be donefor differentinput statistics.

In Table2, we shav somecomparatie statisticsof time andac-
curay estimateson the commonbenchmarkseportedby [7] and
by Schneidekgt. al. [19] for switchingactvity estimation We also
takulateresultsobtainedby [9] which is the revisedversionof the
work [8] availablein theweh We areunableto compareour work
with thatmadeby [8] sincewe do not have their resultson pseudo-
randominputs.At thispoint,we haveto remembethattheseexper
imentsare conductedon differentmachineswith differentspeeds
andarchitecture For example,in [7], the estimationis performed
in SUN SFARC 2 whereasn [19], estimationis performedunder
SUNSFARC 10. In all the previousworks [7, 19, 8] theruntime
isreportedn CPUsecondsvhichis adrasticunderestimatef total
time with memoryintensive implementation.However, we report
run time is the total time in the moduleincludingmemoryaccess
andl/O time. As it canbe obseredthatBN modelingfor mostof
thecircuitsperformsbetterthanthe existing approximatemodeling
of switchingactiity. In somecircuits,we obtainedalmostl0times
improvementin termsof accurag comparedo thatof [7, 19, 8].
This suggestshatthereis needfor modelinghigherordercorrela-
tions accurately The standarddeviation of erroris not presented
by Schneideet.al.[19]. Thetime to computethe switchingactiv-
ity is extremelyfastfor BN modeling. The elapsedime estimate
is in mostcasesds in the orderof hundredtimesfastercompared
to the work by Marculescuet. al. [7](in CPU sec)andon an av-
erageseveral timesfasterthanthe estimationby Marculescu19,
9](in CPU sec). We areawarethattheseworks are performedon
differentmachineswith varied CPU speedanddifferentarchitec-
ture. A real comparisonis not possiblebut qualitative judgment
canbedravn. We canseethatBayesiarNetwork basedestimation
stratgy is competitve bothwith respecto time andaccurag.

7. CONCLUSION

This paperintroducesa switching activity estimationtool that
encapsulateall the dependenciedyoth in the internalnodesand
in the inputs, in reasonabldime and with high accuracies. We
have shawn resultsof the estimatedswitchingactiity for pseudo-
randominputs. The modelhandlesspatio-temporatiependencies
betweerthenodes.It alsomodelsconditionaldependenciesf the
nodes.The proposednodelis accurateandcaptureshigherorder
correlationamonglines. Our future effort focuseson the sggmen-
tationtechniquesandinput modelingfor capturingspatialcorrela-
tion atthe primaryinputsusingthe sameBN model.
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