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ABSTRACT
Modeling andestimationof switchingactivities remainto be im-
portantproblemsin low-power designandfault analysis.A prob-
abilistic BayesianNetwork basedswitchingmodel can explicitly
model all spatio-temporaldependency relationshipsin a combi-
national circuit, resulting in zero-errorestimates. However, the
space-timerequirementsof exactestimationschemes,basedonthis
model,increasewith circuit complexity [1, 2]. Thispaperexplores
a non-simulative, ImportanceSamplingbased,probabilisticesti-
mationstrategy thatscaleswell with circuit complexity. It hasthe
any-time aspectof simulationand the input patternindependence
of probabilisticmodels.

1. INTRODUCTION
Dueto drasticgrowth in semiconductortechnology, thenumber

of gatesperchip have increasedenormously. This increasein chip
density, togetherwith decreasein featuresizeshave madepower
dissipationa major issuein VLSI circuits. Averagepower con-
sumptionin circuitsdependsonthreefactors:staticleakagepower,
shortcircuit power, anddynamicpower. As device sizesandtran-
sistorthresholdscalesdown, power lost dueto theleakagecurrent
will increaseand will becomesizablecomponentof total power
dissipation.However, theimpactof dynamicpower on total power
consumptionwill remainto be substantial. The dynamicpower
consumedat thegateis givenby 0 � 5V2

dd fclkCloadSw
�
x� , whereVdd

is supplyvoltage, fclk is clock frequency, Cload is the loadcapaci-
tance,andSw

�
x� is theswitchingactivity at thenode.Thus,mod-

eling andestimationof switchingactivities remainto beimportant
problemsin low-power designandfault analysis.

This work is concentratedat the logic or gatelevel switching
activity estimation. Estimationof switching activity requiresthe
knowledgeof input statistics,connectivity of thecircuit, thecorre-
lationbetweennodes,thegatetype,andthegatedelays,ultimately
makingtheestimationprocessa complex procedure.Thecorrela-
tionsamongthenodesaffect switchingactivity. It hasbeenestab-
lished that for zero-delaymodel of a combinationalcircuit, only
first order temporalcorrelationis exhibited [11], becausesignals
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possessfirst orderMarkov property. Thus, it is sufficient to con-
siderjust first ordertemporalcorrelation,but all high orderspatial
correlationsto modelall spatio-temporaldependenciesin thecom-
binationalcircuit. Thenon-simulative probabilistictechniques[4,
5, 7, 8] useknowledgeaboutinputstatisticsto probabilisticallyes-
timatetheswitchingactivity of internalnodesmakingthetechnique
pattern-insensitive. In a latereffort to capturehigherordercorrela-
tion approximately, Marculescuet al. in [6] handledhigherorder
correlationasa compositionof pair-wisecorrelations.

Recently, we proposeda novel model[1, 2], for switchingactiv-
ity estimationin combinationalcircuitsusingProbabilisticBayesian
Networks[3], thatcapturesboththetemporalandspatialdependen-
ciesin a comprehensive manner, resultingin zero-errorestimates.
BayesianNetworksareaDirectedAcyclic Graph(DAG) represen-
tations,whosenodesrepresentrandomvariablesandthe links de-
notedirectdependencies,quantifiedby conditionalprobabilitiesof
a nodegiven the stateof its parents.The DAG structuremodels
the joint probability over a setof randomvariablesin a compact
manner. BayesianNetworksareexciting probabilisticinferencing
modelsfor VLSI circuits,particularlydueto thefollowing reasons.

1. Like any causalmodels,suchasthe traditionalBinary De-
cisionDiagrams(BDDs),BayesianNetworksmodelscondi-
tional independencies.However, Bayesiannetwork hasthe
leastcomplex network structurein thatisaminimal,compact
independencemap(I-map)of all the independenciesamong
theunderlyingrandomvariables.This minimal DAG struc-
tureis exploitedto constructefficient probabilisticupdating.

2. It canaccommodateinput correlation,temporal,andspatial
correlationsefficiently.

3. BayesianNetworksareuniqueprobabilisticcausalmodelin
capturingtheinduceddependencebetweenindependentpar-
entsof a nodegivenanobservedstatefor thenode.

Bayesiannetwork modelsof switching activity are inherently
zero-errormodels. However, the space-timecomplexity of exact
estimationschemesincreasewith circuit complexity. For instance,
the inferenceschemethat we usedin [1, 2], which wasa cluster
basedscheme,resultedexact estimates,however, it wasmemory
intensive. So, for complex circuit, we hadto resortto partitioning
schemes,resultingin anapproximatemodelof theswitchingactiv-
ities in termsof a setof looselycoupledcascadedBayesianNet-
works. This modelproducedestimateswith low meanerror, but
dueto couplinglossesat the boundarynodes,it resultedin larger
standard deviationandmaximumerror.

From a designpoint of view, it is sometimesdesirableto have
anestimationstrategy whereonecaneasilytrade-off betweentime
andaccuracy, essentiallyan any-time estimationalgorithm. This



is not possiblewith the currentinferencescheme.For theserea-
sons,in this paper, we explore threeStochasticImportanceSam-
pling schemes:ProbabilisticLogic Sampling(PLS)[12], Adaptive
ImportanceSampling(AIS) [9] andEvidencePre-propagatedIm-
portanceSampling(EPIS) [10] for Bayesianupdating. Theseal-
gorithmscombinethe any-time featureof simulative approaches
and input patternindependenceof probabilisticapproaches.Ex-
perimentalresultswith ISCAS benchmarkshows orderof magni-
tudereductionin maximumerror, standarddeviation speciallyfor
larger benchmarkswith significantly low time, especiallyfor the
PLS scheme.Moreover, the EPISandAIS algorithmsalsofacili-
tatesprobabilisticdiagnosisor backtracking,whichcannotbedone
by any currentprobabilisticmodelsusedin VLSI.

2. APPROACH
In this section,we discussthefundamentalmodelingissuesrel-

evant to BayesianNetwork. Interestedreaderis recommendedto
read[1, 3] for detailedunderstanding.As we mentionedbefore,
BayesianNetworksarecompactgraphicalprobabilisticmodelfor
theunderlyingjoint probabilitydistribution function.Eachnodein
theDAG structureis a randomvariablerepresentingswitchingand
canhave four states(0 � 0 � 0 � 1 � 1 � 0 � 1 � 1) for complete
captureof temporaldependenceunderzero-delayscenario.Edges
in theDAG denotescauseandeffect relationshipin theprobabilis-
tic modelandis quantifiedby theconditionalprobabilityof achild
nodegivenits parents.

We defineconditionalindependencein Eq.1 with respectto the
probabilisticmodelasfollows:

Definition 1: Let U= � U1 � U2 ������� Un 	 bea finite setof variables
that canassumediscretevalues. Let P

� � � be the joint probability
function over the variablesin U , andlet X, Y andZ be any three
subsetsof U . X, Y andZ mayor maynot bedisjoint. X andY are
saidto beconditionallyindependentgivenZ if

P
�
x 
 y� z��� P

�
x 
 z� whenever P

�
y� z��
 0 (1)

For thegraphicalmodel,theconditionalindependenceis studied
by theconceptof d-separation.

Definition 2: If X, Y andZ arethreedistinct nodesubsetsin 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. If thereexist sucha pathwhere
thefollowing two conditionshold,thepathis calledanactive path.

Definition 3: A DAG D is saidto beanI-mapof a dependency
model M if every d-separation condition displayedin D corre-
spondsto a valid conditionalindependencerelationshipin M, i.e.,
if for every threedisjoint setsof verticesX, Y and Z, we have,� X 
Z 
Y 
�� I

�
X � Z � Y � .

NotethattheDefinition3 holdstheunifying featureof thegraph
basedprobabilitymodelin a way thatconnectstheDAG D to the
probabilisticmodel P. In BayesianNetworks, we not only sug-
gestthatDAG D is a dependency modelfor P (becauseall the d-
separationsin D imply a conditionalindependencein P), but also
thenotion of a compactminimal representationis built in. Let us
considertheexampleof a probabilisticmodelP over four random
variables� X1 � X2 � X3 � andX4 � asshown in Figure1. Notethat,the
DAG in Figure1a, all the nodesareconsideredindependentand
henceI-map of D is greaterthanthatof P which indicatesthat D
under-representsP. In Figure1d,theI-mapof D is lessthanthatof
P asD is acompleteDAG exhibiting maximumdependencies.This
modelwould generateaccurateresultsbut areover-representation
andhencethecomputationeffortswouldbelarge.A BayesianNet-
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Figure 1: Bayesian Networks: Marriage betweenGraphical
and Probabilistic Models.

work hasto betheDAG wherethe I-map for DAG matchesthe I-
mapof theP andhenceit is theexactrepresentationthatis minimal
in structure.

P
�
x1 ��������� xN ��� p

�
xn 
 xn � 1 � xn � 2 ��������� x1 �

p
�
xn � 1 
 xn � 2 � xn � 3 ��������� x1 ����������� p � x1 � (2)

Eq. 2 denotestheexactprobabilisticmodelover randomvariables
andusingconditionalindependencies(in Eq. 3, we can arrive at
the minimal factoredrepresentationshown in Eq. 4 which is the
probabilisticmodelof BayesianNetwork.

p
�
xi 
 xi � 1 � xi � 2 ��������� x1 ��� p

�
xi 
Pa

�
xi ��� (3)

P
�
X ��� m

∏
k � 1

P
�
xk 
Pa

�
xk ��� (4)

3. STOCHASTIC INFERENCE
Stochasticsamplingalgorithmsare approximateBN inference

schemes.Probabilitiesare inferredby a completesetof samples
or instantiationsthat aregeneratedfor eachnodein the network
accordingto theconditionalprobabilitytablewhichstoresthecon-
ditionalprobabilityof a randomvariablegivenits parents.In these
samplingschemeseachsampledeterminestheposteriorprobability
of theunderlyingmodelfor theremainingsamples.Theprobability
of randomvariableis proven to converge [9] to thecorrectvalues
givenenoughtime. Thesalientfeaturesof thesealgorithmsare:(1)
They scaleextremelywell for largersystemsmakingthema target
inferencefor nano-domainbillion transistorscenarioand(2) They
areany-timealgorithm,providing adequateaccuracy-timetrade-off
and(3) Thesamplesarenotbasedoninputsandtheapproachis in-
put patterninsensitive. Theclassesof algorithmsselectedhereare
known asImportanceSamplingalgorithms[9, 10, 12] which are
not only goodpredictorsor estimators,predictingthebehaviors of
descendentnodes(intermediateones)givensomepropertiesof the
primary inputs,but alsoaccuratediagnostictool thatwould relate
possiblepatternof the inputsgiven a particularsetof behavior of
any internalnodes.

Giveninformationaboutevidencesonany nodesandconditional
probability tableof eachnode,anImportanceSamplingalgorithm
generatessampleinstantiationsof all othernodesin the network.
Theseinstantiationscan be usedto form final estimates.Impor-
tanceSamplingcanbebetterunderstoodby consideringanapprox-
imatecomputationof anintegral J,where

J ���
Θ

b
�
X � dX (5)

Let b
�
X � bea functionof k variablesX � �

X1 � X2 � ������� Xk � over a
domainΘ � Rk. An importancefunction i

�
X � canbeintroducedin



this integral, J ��� Θ
b  X !
i  X ! i � X � dX. The importancefunction i

�
X �

is a probability densityfunction suchthat i
�
X �"
 0 for any X �

Θ. After samplingthe importancefunction over M instantiations
X1 � X2 � �����#�XM, theapproximatevalueof theintegral is calculatedas
follows,

�̂
J �$� 1

M

M

∑
i � 1

b
�
Xi �

i
�
Xi � (6)

Thevarianceof
�̂
J � is proportionalthevarianceof i

�
X � . In order

to getanoptimalimportancefunctionthatcancomputetheintegral,
thevarianceof i

�
X � shouldbezeroprovidedb

�
X �%
 0. Thus,the

optimal importancefunction is representedas, i
�
X �&� b  X !

J . The
main goal of the ImportanceSamplingalgorithmis achieving the
importancefunction. The stochasticsamplingstrategy works be-
causein a BayesianNetwork theproductof theconditionalprob-
ability functionsfor all nodesis the optimal importancefunction.
Becauseof this optimality, thedemandonsamplesis low.

3.1 Probabilistic Logic Sampling
ProbabilisticLogic Sampling(PLS) is thefirst andthesimplest

samplingalgorithmsproposedfor BayesianNetworks [12]. The
flow of thealgorithmis asfollows:

1. Completesetof samplesaregeneratedfor theBayesianNet-
work usingthe importancefunction, which is initialized to
joint probability functionP

�
X � . The importancefunction is

never updatedonceits initialized. Withoutevidence,P
�
X � is

theoptimalimportancefunctionfor theevidenceset.

2. Samplesthatareincompatiblewith theevidencesetaredis-
regarded.

3. Theprobabilityof all thequerynodesareestimatedbasedon
countingthefrequency with which therelevanteventsoccur
in the sample. In predictive inference,logic samplinggen-
eratesprecisevaluesfor all the querynodesbasedon their
frequency of occurrencebut with diagnosticreasoning,this
schemefails to provide accurateestimatesbecauseof large
variancebetweenthe optimal importancefunction and the
actualimportancefunction used. The disadvantageof this
approachis thatin caseof unlikely evidence,wehave to dis-
regard most samplesand thus the performanceof the PLS
approachdeteriorates.

3.2 Adaptive Importance Sampling
In Adaptive importancesampling(AIS) scheme[9], the joint

probability function that is modeledby a BN canbe expressedas
the productof the conditionalprobability of the nodesgiven its
parentnodesis provento beanoptimumimportancefunction.The
stepsfor this algorithmarepresentedbelow:

1. Thenodesarearrangedin topologicalorder. Eachevidence
nodeis instantiatedto its observedstateandis omittedfrom
furthersamplegenerations.Eachroot nodeis randomlyin-
stantiatedto oneof its possiblestatesaccordingto theimpor-
tanceprior probabilityof thenode.

2. Eachnodewhoseparentswerealreadyinstantiatedwill be
instantiatedto oneof its possibleoutcomes,accordingto its
importanceconditionalprobability table,which canalsobe
derivedfrom theimportancefunction.

3. Conditionalprobabilityof theevidencesetgiventhesample
instantiationis calculatedandstoredandusedto updatethe
importancefunction after a few run by applying Bayesian
Network learningalgorithms.Thisfunctionwill thenbeused

for thenext stageof sampling.Theposteriorprobabilitiesare
thencalculatedfrom thesamples.

3.3 Hybrid Scheme
For large circuits, a hybrid scheme,specifically the Evidence

Pre-propagatedImportanceSampling(EPIS)[10], which useslo-
cal messagepassingandstochasticsampling,is appropriate.This
methodscaleswell with circuit sizeandis proven to converge to
correctestimates.Theseclassesof algorithmsare also anytime-
algorithmssincethey canbe stoppedat any point of time to pro-
duceestimates.Of course,theaccuracy of estimatesincreaseswith
time.

TheEPISalgorithmis basedon ImportanceSamplingthatgen-
eratessampleinstantiationsof thewholeDAG network, i.e. all for
line switching in our case. Thesesamplesare thenusedto form
the final estimates.This samplingis doneaccordingto an impor-
tancefunction. In a BayesianNetwork, the productof the condi-
tional probability functionsat all nodesform the optimal impor-
tancefunction. Let X �'� X1, X2 ��������� Xm � be the setof variables
in a BayesianNetwork, Pa

�
Xk � betheparentsof Xk, andE bethe

evidenceset.Then,theoptimalimportancefunctionis givenby

P
�
X 
E ��� m

∏
k � 1

P
�
xk 
Pa

�
xk � E ��� (7)

This importancefunctioncanbeapproximatedas

P
�
X 
E �(� m

∏
k � 1

α
�
Pa
�
Xk ��� P � xk 
Pa

�
Xk ��� λ � Xk � (8)

whereα
�
Pa
�
Xk ���(� P

�
xk 
E )*� andλ

�
Xk �(� P

�
E � 
 xk � , with E ) and

E � beingtheevidencefrom above andbelow, respectively, asde-
fined by the directedlink structure.Calculationof λ is computa-
tionally expensiveandfor this,Loopy BeliefPropagation(LBP) [13]
overtheMarkov blanketof thenodeisused.Yuanetal. [10] proved
that for a poly-tree,the local loopy belief propagationis optimal.
Theimportancefunctioncanbefurtherapproximatedby replacing
smallprobabilitieswith a specificcutoff value.

Theabove setof stochasticsamplingstrategiesdiscussedin sub-
section3.1,3.2, and3.3 work becausein a BayesianNetwork the
productof theconditionalprobabilityfunctionsfor all nodesis the
optimal importancefunction. Becauseof this optimality, the de-
mandonsamplesis low. Wehavefoundthatjust thousandsamples
aresufficient to arrive at goodestimatesfor the ISCAS85bench-
mark circuits. Note that this samplingbasedprobabilistic infer-
enceis non-simulativeandis differentfromsamplingsthatareused
in circuit simulations. In the latter, the input spaceis sampled,
whereasin our caseboth the input and the line statespacesare
sampledsimultaneously, usinga strongcorrelative model,ascap-
turedby theBayesianNetwork. Dueto this, convergenceis faster
andtheinferencestrategy is inputpatterninsensitive.

4. RESULTS AND CONCLUSIONS
We experimentedwith the combinationalcircuits from the IS-

CAS85benchmarksuite. We first mappedthe ISCAS circuits to
their correspondingDAG structuredBayesianNetworks. The ex-
perimentalset-upof ”GeNIe” [14], agraphicalnetwork interfaceis
usedfor our experimentation.Thetestswereperformedon a Pen-
tium IV, 2.00GHz,Windows XP computer. For comparison,we
performedzero-delaylogic simulationontheISCAS85benchmark
circuits, which providesaccurateestimatesof switching. The to-
tal elapsedtime reportedin all theexperimentsis thesumof CPU,
memoryaccessandI/O time.
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Table 1: Experimental results comparing Approximate Cas-
cadedBayesianNetwork model and Probabilistic Logic Sam-
pling

Approx. CBN model[2] PLS:1000samples
µE σE MxE T(s) µE σE MxE T(s)

c432 0.00 0.02 0.28 3 0.00 0.00 0.04 0.40
c499 0.00 0.00 0.00 9.03 0.00 0.01 0.04 0.45
c880 0.00 0.00 0.04 2.52 0.00 0.01 0.05 1.05
c1355 0.00 0.00 0.09 1.81 0.00 0.01 0.06 1.75
c1908 0.00 0.01 0.15 10.70 0.00 0.01 0.05 2.7
c3540 0.00 0.04 0.26 18.86 0.00 0.00 0.04 5.96
c6288 0.01 0.04 0.37 38.75 0.00 0.01 0.06 11

Table 1 showsthemean,standarddeviation,maximumerrorand
thetime elapsedfor theISCAScircuitswith PLSandwe compare
theresultswith thatobtainedusingtheprior approximateCascaded
BayesianNetworks(CBN) [2]. Columns2, 3, 4 and5 in this table
representsthemeanerror(µE), standarddeviationof theerror(σE),
maximumerror(MxE), andtheelapsedtime (T) for switchingac-
tivity. It canbeeasilyseenthateventhoughgoodmeanerrorsare
obtainedby approximateCBN methods,the stochasticPLS pro-
vides betterestimatesin termsof mean,standarddeviation and
shows significantimprovementover themaximumerrorandcom-
putationaltime.

Tables2 and3 show theerrorstatisticsfor predictive aswell as
diagnosticinferenceusingAdaptive ImportanceSamplingandEv-
idencePre-propagationImportanceSamplingfor 500, 1000sam-
ples. Comparisonof both thetablesshow the two algorithmscon-
verge closeto accurateestimateswithin 500 samples.The mean
andstandarddeviation of theerrorandthemaximumerrorareex-
tremely low for both the modelseven for larger benchmarkcir-
cuitslikec3540,c6288eventhoughEPISis moreefficient in terms
of time. Note that both AIS and EPIS methodsare efficient in
probabilisticbacktracking(from known observation to unknown
cause)andoutperformsPLSaswell astheApproximateCascaded
BayesianNetwork methods.

Figures2, correspondingto, c6288benchmarkcircuits, respec-
tively, show thevariationof errors,obtainedusingAIS, EPISand
PLS.Analysisof thegraphshowsthattheestimatesconvergefaster
within a small samplespaceandestimatescanalwaysbe formed
evenwhenthesamplespaceis smallor insufficient (any-time).

In this paper, we have demonstratedtheresultsof theestimated
switchingactivity usingvariousany-time stochasticsamplingin-
ferencealgorithmsnamelyEPIS,AIS, andPLS.We find thatPLS
yieldsthebestaccuracy-timetradeoff if usedunderpredictivesitua-
tion. In diagnosticsituation,caseswhenevidenceis unlikely, EPIS
andAIS algorithmswould yield accurateestimates.The present

Table 2: Experimental resultsusing AIS algorithm for various
samples.

AIS: 500samples AIS: 1000samples
µE σE MxE T(s) µE σE MxE T(s)

c432 0.004 0.014 0.056 16.42 0.001 0.009 0.041 16.68
c499 0.001 0.012 0.097 19.42 0.000 0.009 0.041 19.67
c880 0.000 0.013 0.057 40.29 0.000 0.010 0.043 40.82
c1355 0.001 0.013 0.064 62.48 0.000 0.009 0.052 63.68
c1908 0.002 0.015 0.069 97.75 0.000 0.010 0.044 99.62
c3540 0.001 0.012 0.065 205.7 0.001 0.009 0.048 212.8
c6288 0.001 0.014 0.085 389.33 0.002 0.010 0.056 394.78

Table3: Experimental resultsusingEPIS algorithm for various
samples.

EPIS:500samples EPIS:1000samples
µE σE MxE T(s) µE σE MxE T(s)

c432 0.004 0.011 0.049 0.72 0.002 0.009 0.048 1.04
c499 0.001 0.012 0.055 0.94 0.001 0.008 0.039 1.03
c880 0.000 0.014 0.078 2.82 0.002 0.010 0.056 3.36
c1355 0.002 0.019 0.056 6.95 0.001 0.009 0.051 7.82
c1908 0.004 0.015 0.067 15.42 0.001 0.009 0.044 16.64
c3540 0.002 0.013 0.070 52.34 0.001 0.009 0.042 54.76
c6288 0.002 0.012 0.069 143.23 0.001 0.009 0.052 144.33

scopeof this model is limited to zero-delayscenario,which we
planto addressin future. We concludethat theBayesianNetwork
basedmodelingof switchingactivity and inferenceyields higher
accuracy in significantlylower time.
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