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ABSTRACT

Modeling and estimationof switchingactivities remainto be im-
portantproblemsin low-power designandfault analysis.A prob-
abilistic BayesianNetwork basedswitching model can explicitly
model all spatio-temporabependeng relationshipsin a combi-
national circuit, resultingin zero-errorestimates. However, the
space-timeequirementsf exactestimatiorschemeshasednthis
model,increasewith circuit complexity [1, 2]. This paperexplores
a non-simulatve, ImportanceSamplingbased,probabilisticesti-
mationstrateyy thatscalesvell with circuit complexity. It hasthe
ary-time aspecwof simulationand the input patternindependence
of probabilisticmodels.

1. INTRODUCTION

Dueto drasticgrowth in semiconductotechnologythe number
of gatesperchip have increasednormously Thisincreasen chip
density togetherwith decreaseén featuresizeshave madepower
dissipationa major issuein VLSI circuits. Averagepower con-
sumptionin circuitsdepend®nthreefactors:staticleakagegpower,
shortcircuit pawer, anddynamicpower. As device sizesandtran-
sistorthresholdscalesdown, power lost dueto theleakagecurrent
will increaseand will becomesizablecomponentof total powver
dissipation.However, theimpactof dynamicpower ontotal power
consumptionwill remainto be substantial. The dynamic power
consumedht the gateis given by 0.5\/dzd feIkCioadSV(X), whereVyg
is supplyvoltage, fok is clock frequeng, Ciyqq is the load capaci-
tance,and Sw(x) is the switchingactvity atthenode. Thus,mod-
eling and estimationof switchingactiities remainto beimportant
problemsin low-power designandfault analysis.

This work is concentratedit the logic or gatelevel switching
activity estimation. Estimationof switching activity requiresthe
knowledgeof input statistics connectity of thecircuit, the corre-
lation betweemodesthe gatetype,andthe gatedelays,ultimately
makingthe estimationprocessa complex procedure.The correla-
tions amongthe nodesaffect switchingactvity. It hasbeenestab-
lished that for zero-delaymodel of a combinationalcircuit, only
first ordertemporalcorrelationis exhibited [11], becausesignals
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possessirst order Markov property Thus, it is suficient to con-
siderjustfirst ordertemporalcorrelationbut all high orderspatial
correlationgo modelall spatio-temporallependencieis thecom-
binationalcircuit. The non-simulatve probabilistictechniqueg4,
5,7, 8] useknowledgeaboutinput statisticsto probabilisticallyes-
timatetheswitchingactiity of internalnodesmakingthetechnique
pattern-insensite. In alatereffort to capturehigherordercorrela-
tion approximatelyMarculescuet al. in [6] handledhigherorder
correlationasa compositionof pair-wise correlations.
Recentlywe proposeda novel model[1, 2], for switchingactiv-
ity estimatiorin combinationatircuitsusingProbabilisticBayesian
Networks[3], thatcapturedoththetemporakndspatialdependen-
ciesin a comprehense manneyresultingin zero-errorestimates.
BayesiarNetworksarea DirectedAcyclic Graph(DAG) represen-
tations,whosenodesrepresentandomvariablesandthe links de-
notedirectdependenciegjuantifiedby conditionalprobabilitiesof
a nodegiven the stateof its parents. The DAG structuremodels
the joint probability over a setof randomvariablesin a compact
manner BayesianNetworks are exciting probabilisticinferencing
modelsfor VLSI circuits, particularlydueto thefollowing reasons.

1. Like ary causalmodels,suchasthe traditional Binary De-
cisionDiagramg(BDDs), BayesiarNetworks modelscondi-
tional independenciesHowever, Bayesiametwork hasthe
leastcomplex network structuren thatis aminimal,compact
independencenap(I-map) of all theindependencieamong
the underlyingrandomvariables. This minimal DAG struc-
tureis exploitedto construciefficient probabilisticupdating.

2. It canaccommodatéput correlation,temporal,and spatial
correlationsefficiently.

3. BayesianNetworks areuniqueprobabilisticcausaimodelin
capturingtheinduceddependencbketweerindependenpar
entsof anodegivenanobsenred statefor thenode.

Bayesiannetwork modelsof switching activity are inherently
zero-errormodels. However, the space-timecompleity of exact
estimationschemesncreasewith circuit compleity. For instance,
the inferenceschemethatwe usedin [1, 2], which wasa cluster
basedscheme resultedexact estimateshowever, it was memory
intensie. So,for comple circuit, we hadto resortto partitioning
schemesiesultingin anapproximatamodelof the switchingactiv-
ities in termsof a setof loosely coupledcascadedBayesianNet-
works. This modelproducedestimateswvith low meanerror, but
dueto couplinglossesat the boundarynodes,it resultedin larger
standad deviation andmaximurmerror.

From a designpoint of view, it is sometimeglesirableto have
anestimationstrat@y whereonecaneasilytrade-of betweertime
and accurag, essentiallyan ary-time estimationalgorithm. This



is not possiblewith the currentinferencescheme. For theserea-
sons,in this paper we explore three StochastidmportanceSam-
pling schemesProbabilisticLogic Sampling(PLS)[12], Adaptive
ImportanceSampling(AlS) [9] and EvidencePre-propagatetn-
portanceSampling(EPIS)[10] for Bayesianupdating. Theseal-
gorithms combinethe ary-time featureof simulative approaches
and input patternindependencef probabilisticapproaches.Ex-
perimentalresultswith ISCAS benchmarkshavs orderof magni-
tudereductionin maximumerror, standarcdeviation speciallyfor
larger benchmarkswith significantly low time, especiallyfor the
PLS scheme.Moreover, the EPISandAlS algorithmsalsofacili-
tatesprobabilisticdiagnosisor backtrackingwhich cannotbedone
by ary currentprobabilisticmodelsusedin VLSI.

2. APPROACH

In this section,we discusghe fundamentamodelingissuesel-
evantto BayesianNetwork. Interestedreaderis recommendedo
read[1, 3] for detailedunderstanding.As we mentionedbefore,
BayesianNetworks are compactgraphicalprobabilisticmodelfor
theunderlyingjoint probabilitydistribution function. Eachnodein
the DAG structureis arandomvariablerepresentingwitchingand
canhave four state(0 -+ 0, 0 — 1, 1 — 0, 1 — 1) for complete
captureof temporaldependenceanderzero-delayscenario.Edges
in the DAG denotesauseandeffect relationshipn the probabilis-
tic modelandis quantifiedby the conditionalprobability of a child
nodegivenits parents.

We defineconditionalindependence Eq. 1 with respecto the
probabilisticmodelasfollows:

Definition 1: Let U={U1,Uy,-- Uy} beafinite setof variables
that canassumediscretevalues. Let P(.) be the joint probability
function over the variablesin U, andlet X, Y andZ be ary three
subsetof U. X, Y andZ mayor maynotbedisjoint. X andY are
saidto be conditionallyindependengiven Z if

P(xly,z) = P(x|z) wheneer P(y,z) > 0 1)

For thegraphicalmodel,theconditionalindependencis studied
by the concepiof d-separation.

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. If thereexist sucha pathwhere
thefollowing two conditionshold, the pathis calledanactive path.

Definition 3: A DAG D is saidto bean|-map of adependengc
model M if every d-sepaation condition displayedin D corre-
spondgo avalid conditionalindependenceelationshipin M, i.e.,
if for every threedisjoint setsof verticesX, Y andZ, we have,
<X|Z|Y >=1(X,Z,Y).

Notethatthe Definition 3 holdsthe unifying featureof thegraph
basedprobability modelin a way thatconnectghe DAG D to the
probabilistic model P. In BayesianNetworks, we not only sug-
gestthat DAG D is a dependenc modelfor P (becauseall the d-
separationsn D imply a conditionalindependence P), but also
the notion of a compactminimal representatiofis built in. Let us
considerthe exampleof a probabilisticmodel P over four random
variables{ X1, Xo, X3, and X4} asshavn in Figurel. Notethat,the
DAG in Figure 1a, all the nodesare consideredndependenaind
hencel-map of D is greaterthanthat of P which indicatesthat D
underrepresent®. In Figureld,thel-mapof D is lessthanthatof
P asD is acompleteDAG exhibiting maximumdependencies his
modelwould generateaccurateresultsbut are over-representation
andhencethecomputatioreffortswould belarge. A BayesiarNet-
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Figure 1: Bayesian Networks: Marriage between Graphical
and Probabilistic Models.

work hasto be the DAG wherethe I-map for DAG matcheghe I-
mapof theP andhencseit is theexactrepresentatiothatis minimal
in structure.

P(xg,-- %) =

p(xn|xn—1axn—2a"' ,Xl) (2)
p(xn—1|xn—2axn—3a T 7X1)a ey p(X]_)

Eq. 2 denoteghe exact probabilisticmodelover randomvariables
and using conditionalindependencieén Eq. 3, we canarrive at
the minimal factoredrepresentatioshovn in Eq. 4 which is the
probabilisticmodelof BayesiarNetwork.

p(xi|xi—1axi—2,‘n‘1‘ ,X1) = p(xi|Pa(x;)) (3)
P(X) = k|j|1F’(><k|F’a(><k)) (4)

3. STOCHASTIC INFERENCE

Stochasticsamplingalgorithmsare approximateBN inference
schemes.Probabilitiesare inferred by a completesetof samples
or instantiationsthat are generatedor eachnodein the network
accordingo the conditionalprobabilitytablewhich storeghe con-
ditional probabilityof arandomvariablegivenits parentsin these
samplingschemegachsampledeterminesheposteriomprobability
of theunderlyingmodelfor theremainingsamplesTheprobability
of randomvariableis provento converge [9] to the correctvalues
givenenoughime. Thesalientfeatureof thesealgorithmsare: (1)
They scaleextremelywell for larger systemsnakingthematamget
inferencefor nano-domairbillion transistorscenaricand(2) They
areary-time algorithm,providing adequat@ccurag-time trade-of
and(3) Thesamplesarenotbasedninputsandtheapproachs in-
put patterninsensitve. The classe®f algorithmsselectechereare
known asImportanceSamplingalgorithms[9, 10, 12] which are
not only goodpredictorsor estimatorspredictingthe behaiors of
descendemodes(intermediateones)given somepropertieof the
primary inputs, but alsoaccuratediagnostictool that would relate
possiblepatternof the inputsgiven a particularsetof behaior of
ary internalnodes.

Giveninformationaboutevidenceson ary nodesandconditional
probability tableof eachnode,anImportanceSamplingalgorithm
generatesampleinstantiationsof all othernodesin the network.
Theseinstantiationscan be usedto form final estimates.Impor-
tanceSamplingcanbebetterunderstoodby consideringanapprox-
imatecomputatiorof anintegral J, where

I= /O b(X)dX ®)

Let b(X) bea function of k variablesX = (X3, Xy, ....Xk) overa
domain® c R¥. An importancefunctioni(X) canbeintroducedn



thisintegral,J = f@ (X)dx Theimportancefunctioni(X)

is a probability densr[yfunctlon suchthati(X) > 0 for ary X C
©. After samplingthe importancefunction over M instantiations
X1, X2, ....XM, theapproximatevalueof theintegralis calculatedas

follows,
1 &)
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Thevarianceof zJ) is proportionakhevarianceof i(X). In order
to getanoptimalimportance€unctionthatcancomputeheintegral,
the varianceof i(X) shouldbe zeroprovided b(X) > 0. Thus,the

optimal importancefunction is representeds, i(X) = (JX) The
main goal of the ImportanceSamplingalgorithmis achieving the
importancefunction. The stochasticsamplingstratey works be-
causen a BayesianNetwork the productof the conditionalprob-
ability functionsfor all nodesis the optimalimportancefunction.
Becausef this optimality, thedemandon sampless low.

3.1 Probabilistic Logic Sampling

ProbabilisticLogic Sampling(PLS) s thefirst andthe simplest
samplingalgorithmsproposedor BayesianNetworks [12]. The
flow of thealgorithmis asfollows:

1. Completesetof samplesaregeneratedor the BayesiariNet-
work usingthe importancefunction, which is initialized to
joint probability function P(X). Theimportancefunctionis
never updatecdbnceits initialized. Withoutevidence P(X) is
theoptimalimportancefunctionfor the evidenceset.

2. Sampleghatareincompatiblewith the evidencesetaredis-
regarded.

3. Theprobabilityof all thequerynodesareestimatedasedn
countingthe frequeng with which the relevanteventsoccur
in the sample. In predictive inference logic samplinggen-
eratesprecisevaluesfor all the querynodesbasedon their
frequeng of occurrencebut with diagnosticreasoningthis
schemefails to provide accurateestimatesecausef large
variancebetweenthe optimal importancefunction and the
actualimportancefunction used. The disadwantageof this
approachs thatin caseof unlikely evidence we have 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 thatis modeledby a BN canbe expressedas
the productof the conditional probability of the nodesgiven its
parentnodess provento beanoptimumimportanceunction. The
stepsfor this algorithmarepresentedbelon:

1. Thenodesarearrangedn topologicalorder Eachevidence
nodeis instantiatedo its obsered stateandis omittedfrom
further samplegenerations Eachroot nodeis randomlyin-
stantiatedo oneof its possiblestatesaccordingo theimpor
tanceprior probability of thenode.

2. Eachnodewhoseparentswere alreadyinstantiatedwill be
instantiatedo oneof its possibleoutcomesaccordingto its
importanceconditionalprobability table, which canalsobe
derived from theimportancefunction.

3. Conditionalprobability of the evidencesetgiventhe sample
instantiationis calculatedandstoredandusedto updatethe
importancefunction after a few run by applying Bayesian
Network learningalgorithms.Thisfunctionwill thenbeused

for thenext stageof sampling.Theposterioprobabilitiesare
thencalculatedrom the samples.

3.3 Hybrid Scheme

For large circuits, a hybrid scheme,specifically the Evidence
Pre-propagatetmportanceSampling(EPIS) [10], which useslo-
cal messag@assingandstochasticsampling,is appropriate.This
methodscaleswell with circuit sizeandis provento converge to
correctestimates. Theseclassesf algorithmsare also arnytime-
algorithmssincethey canbe stoppedat ary point of time to pro-
duceestimatesOf coursetheaccurag of estimatesncreasesvith
time.

The EPISalgorithmis basedon ImportanceSamplingthatgen-
eratessampleinstantiationf thewholeDAG network, i.e. all for
line switchingin our case. Thesesamplesare thenusedto form
the final estimates.This samplingis doneaccordingto animpor-
tancefunction. In a BayesianNetwork, the productof the condi-
tional probability functionsat all nodesform the optimal impor-
tancefunction. Let X = {X1, Xp,---,Xm} bethe setof variables
in a BayesianNetwork, Pa(X) bethe parentsof X, andE bethe
evidenceset. Then,the optimalimportancefunctionis given by

m
P(X|E) = [] P(xIPa(x, E)) @)
=1
Thisimportancgunctioncanbeapproximateds

P(X|E) = |'| o (Pa(Xic) ) P(xic [ Pa(Xic) )A (Xi) )
wherea (Pa(Xy)) = P(x<|ET) andA(X) = P(E~|x), with E* and
E~ beingthe evidencefrom above andbelow, respectiely, asde-
fined by the directedlink structure. Calculationof A is computa-
tionally expensve andfor this, Loopy Belief PropagatiofLBP) [13]
overtheMarkov blanketof thenodeis used.Yuanetal. [10] proved
thatfor a poly-tree,the local loopy belief propagatioris optimal.
Theimportancefunctioncanbefurtherapproximatedy replacing
smallprobabilitieswith a specificcutof value.

Theabove setof stochasticamplingstratgiesdiscussedh sub-
section3.1, 3.2, and 3.3 work becausén a BayesianNetwork the
productof the conditionalprobability functionsfor all nodesis the
optimal importancefunction. Becauseof this optimality, the de-
mandon sampless low. We have foundthatjustthousandamples
are sufiicient to arrive at good estimatedor the ISCAS85bench-
mark circuits. Note that this samplingbasedprobabilistic infer-
ences non-simulativeandis differentfromsamplingghatare used
in circuit simulations. In the latter, the input spaceis sampled,
whereasin our caseboth the input and the line statespacesare
sampledsimultaneouslyusinga strongcorrelatve model,ascap-
turedby the BayesiarNetwork. Dueto this, convergenceis faster
andtheinferencestratay is input patterninsensitve.

4. RESULTS AND CONCLUSIONS

We experimentedwith the combinationalcircuits from the IS-
CAS85benchmarksuite. We first mappedthe ISCAS circuits to
their correspondindAG structuredBayesianNetworks. The ex-
perimentabket-upof "GeNle” [14], agraphicalnetwork interfaceis
usedfor our experimentation.The testswereperformedon a Pen-
tium IV, 2.00GHz,Windows XP computer For comparisonwe
performedzero-delayogic simulationon theISCAS85benchmark
circuits, which provides accuratesstimatesof switching. The to-
tal elapsedime reportedn all the experimentds thesumof CPU,
memoryaccesandl/O time.
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Figure 2: Graph shawing the time accuracytrade off for c6288

Table 1: Experimental results comparing Approximate Cas-
caded Bayesian Network model and Probabilistic Logic Sam-

pling

Table 2: Experimental resultsusing AIS algorithm for various
samples.

AIS: 500samples AIS: 1000samples

Me OE Mxe [ T(s) He OE 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

c354(| 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| 394.7§

Table 3: Experimental resultsusing EPIS algorithm for various
samples.

EPIS:500samples EPIS:1000samples

Me OE Mxe [ T(s) He OE 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

Approx. CBN model[2] PLS:1000samples

c880 || 0.000| 0.014| 0.078| 2.82 || 0.002| 0.010| 0.056| 3.36

Me OE Mxe | T(s) He OE Mxe | T(s)

c1355| 0.002| 0.019| 0.056| 6.95 0.001| 0.009| 0.051| 7.82

c432 || 0.00 | 0.02 | 0.28 | 3 0.00 | 0.00 | 0.04 | 0.40

c1908| 0.004| 0.015| 0.067| 15.42 || 0.001| 0.009| 0.044| 16.64

c499 || 0.00 | 0.00 | 0.00 | 9.03 0.00 | 0.01 | 0.04 | 0.45

c354(| 0.002| 0.013| 0.070| 52.34 || 0.001| 0.009| 0.042| 54.76

c880 || 0.00 | 0.00 | 0.04 | 2.52 0.00 | 0.01 | 0.05 | 1.05

c6288| 0.002| 0.012| 0.069| 143.23| 0.001| 0.009| 0.052| 144.33

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

c354(| 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 shavsthemean standardieviation,maximumerrorand
thetime elapsedor the ISCAS circuitswith PLS andwe compare
theresultswith thatobtainedusingtheprior approximateCascaded
BayesiarNetworks (CBN) [2]. Columns2, 3,4 and5 in thistable
representthemearerror(pg), standaraleviation of theerror(og),
maximumerror (Mxg), andthe elapsedime (T) for switchingac-
tivity. It canbe easilyseenthateventhoughgoodmeanerrorsare
obtainedby approximateCBN methods the stochasticPLS pro-
vides better estimatesn termsof mean, standarddeviation and
shaws significantimprovementover the maximumerrorandcom-
putationaltime.

Tables2 and3 shaw the error statisticsfor predictive aswell as
diagnostianferenceusingAdaptive ImportanceSamplingandEv-
idencePre-propagatiotmportanceSamplingfor 500, 1000 sam-
ples. Comparisorof boththe tablesshav the two algorithmscon-
verge closeto accurateestimateswvithin 500 samples. The mean
andstandardieviation of the errorandthe maximumerror are ex-
tremely low for both the modelseven for larger benchmarkcir-
cuitslike c3540,c6288eventhoughEPISis moreefficientin terms
of time. Note that both AIS and EPIS methodsare efficient in
probabilistic backtracking(from known obseration to unknavn
causeandoutperforms€PLS aswell asthe ApproximateCascaded
BayesiarNetwork methods.

Figures2, correspondindo, c6288benchmarlcircuits, respec-
tively, shav the variationof errors,obtainedusingAlS, EPISand
PLS.Analysisof thegraphshavs thattheestimatesorvergefaster
within a small samplespaceand estimatescan always be formed
evenwhenthe samplespacds smallor insufiicient (arny-time).

In this paper we have demonstratethe resultsof the estimated
switching activity usingvariousary-time stochasticsamplingin-
ferencealgorithmsnamelyEPIS,AIS, andPLS. We find that PLS
yieldsthebestaccurag-timetradeof if usedundemredictive situa-
tion. In diagnosticsituation,casesvhenevidenceis unlikely, EPIS
and AlS algorithmswould yield accurateestimates.The present

scopeof this modelis limited to zero-delayscenario,which we
planto addressn future. We concludethatthe BayesianNetwork
basedmodelingof switching activity andinferenceyields higher
accuray in significantlylower time.
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