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We proposea novel, non-simulative, probabilisticmodelfor switchingactivity in sequentialcircuits, capturing

bothspatio-temporalcorrelationsat internalnodesandhigherordertemporalcorrelationsdueto feedback.This

model,which we refer to asthe temporaldependency model(TDM), canbe constructedfrom the logic struc-

tureandis shown to bea dynamicBayesianNetwork. DynamicBayesianNetworks areextremelypowerful in

modelinghigh ordertemporalaswell asspatialcorrelations;it is anexactmodelfor theunderlyingconditional

independencies.Theattractive featureof thisgraphicalrepresentationof thejoint probabilityfunctionis thatnot

only doesit make thedependency relationshipsamongstthenodesexplicit but it alsoservesasa computational

mechanismfor probabilisticinference.We reportaverageerrorsin switchingprobability of 0� 006, with errors

tightly distributedaroundthemeanerrorvalues,on ISCAS’89benchmarkcircuitsinvolving upto 10000signals.
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1. INTRODUCTION

Theability to form accurateestimatesof power usage,bothdynamicandstatic,of VLSI

circuits is an important issuefor rapid design-spaceexploration. In circuits that are in

activemodemostof thetimeor thosethatswitchbetweentheactiveandstandbymodes,the

totalpower(bothstaticandactive)becomesstronglyinputdependent[Nguyenetal. 2003;

Srivastava et al. 2004]. In this work, we capturethis input dependenceby constructinga

switchingmodel.

Notethattheswitchingmodelis extremelyrelevantof bothstaticanddynamiccompo-

nentof power asshown in Eqn.1 [Nguyenet al. 2003]. In this equation,Pdg represents

thedynamiccomponentof powerat theoutputof agateg. Theimpactof dataondynamic

componentof poweris encapsulatedin α, theindividualswitchingactivity. Thestaticcom-

ponentof power Psg is dominatedby Pleak� i , leakagelossin a leakagemodei. It hasto be

notedthateachleakagemodeis determinedby thesteadystatesignalsthateachtransistor

in thegatewould be in. For example,in a two input (sayA andB) NAND gate,thegate

would have four dominantleakagemode(i=4: A@0B@0 � A@0B@1 � A@1B@0 andA@1B@1).

β is the probability of eachmodei and for exampleβ1 � p � A@0 � B@1	 and is the joint

probabilityof multiple signalsin a gateandaredependenton theinput dataprofile.

Pt � ∑gPtg � Pdg 
 Psg

� 0 � 5α fV2
ddCload

�
wire 
 ∑i Pleak� iβi

(1)

Switchingactivity α in Eq.1 is oneof theimportantcomponentthatis adirectyield from

theswitchingmodelandcontributesto thedynamicpower dissipationthatis independent
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of thetechnologyof the implementationof theVLSI circuit. Contribution to total power

dueto switchingis dependenton thelogic of thecircuit andtheinputsandwill bepresent

evenif sizesof circuitsreduceto nanodomain.Apart from contributing to power, switch-

ing in circuitsis alsoimportantfrom reliability pointof view andhencecanbeconsidered

to befundamentalin capturingthedynamicaspectsof VLSI circuits.

Among different typesof VLSI circuits, switching in sequentialcircuits, which also

happensto be the mostcommontype of logic, is the hardestto estimate.Even thougha

largesetof researchwork is performedin this area,almostall of it areinput stimuli based

andfocusof the researchis centeredaroundobtaininga correctsetof prior probabilities

for the statenodes.This is particularlydueto the complex higherorderdependenciesin

the switchingprofile, inducedby the spatio-temporalcomponentsof the maincircuit but

mainly causedby thestateline feedbacksthatarepresent.Thesestateline feedbacksare

notpresentin purecombinationalcircuits.Oneimportantaspectof switchingdependencies

in sequentialcircuitsthatonecanexploit is thefirst orderMarkov property, i.e. thesystem

stateis independentof all paststatesgivenjust thepreviousstate.This is truebecausethe

dependenciesareultimatelycreateddueto logic andre-convergence,usingjust thecurrent

andlastvalues.

Thecomplexity of switchingin sequentialcircuitsarisesdueto thepresenceof feedback

in basiccomponentssuchasflip-flopsandlatches.Theinputsto asequentialcircuit arenot

only theprimaryinputsbut alsothesefeedbacksignals.Thefeedbacklinescanbelooked

uponasdeterminingthe stateof the circuits at eachtime instant. The stateprobabilities

affect the statefeedbackline probabilitiesthat, in turn, affect the switchingprobabilities

in the entirecircuit. Thus,formally, given a setof inputs it at a clock pulseandpresent

statesst , thenext statesignalst
�

1 is uniquelydeterminedasa functionof it andst . At the

next clock pulse,we have a new setof inputsit � 1 alongwith statest
�

1 asan input to the

circuit to obtainthenext statesignalst
�

2, andsoon. Hence,thestatisticsof bothspatial

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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Fig. 1. A modelfor sequentialcircuit.

andtemporalcorrelationsat thestatelinesareof greatinterest.It is importantto beableto

modelbothkindsof dependenciesin theselines.

Previouswork in [BhanjaandRanganathan2001]hasshown thata combinationalcir-

cuit canbeexactlymodeledin aprobabilisticBayesianNetwork(BN).Suchmodelscapture

boththetemporalandspatialdependenciesin a compactmannerusingconditionalproba-

bility specifications.For combinationalcircuits,first ordertemporalmodelsaresufficient

to completelycapturedependenciesunderzero-delay. Theattractive featureof thegraph-

ical representationof the joint probability distribution is that not only doesit make the

conditionaldependenciesamongthe nodesexplicit, but it alsoservesasa computational

mechanismfor efficientprobabilisticupdating.This BN structure,however, cannotmodel

cyclical logicalstructure,likethoseinducedby thefeedbacklines.Thiscyclic dependence

affects the stateline probabilitiesthat, in turn, affects the switching probabilitiesin the

entirecircuit.

ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.
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1.1 Overview

In this work, we proposea probabilistic,non-simulative, predictive modelof the switch-

ing in sequentialcircuits usingtemporaldependency model(TDM) structurethatexplic-

itly modelsthehigherordertemporalandspatialdependenciesamongthefeedbacklines.

The nodesin TDM representswitching activities at the primary inputs, stateline feed-

backs,and internal lines, in the form of randomvariables. Theserandomvariablesare

definedover four states,representingfour possiblesignal transitionsat eachline which

are � x00 � x01 � x10 � x11 	 . Edgesof TDM denotedirectdependency. Someof theedgesrepre-

sentdependencieswithin onetimesliceandwith eachnode(line) weassociateconditional

probabilityof switchingat theoutputline of agategiventheswitchingat theinput linesof

thatgate.Restof theedgesaretemporal,i.e. theedgesarebetweennodesfrom different

timeslices,capturingthestatedependenciesbetweentwo consecutivetimeslices.We add

anothersetof temporaledgesbetweenthesameinput line at two consecutive slices,cap-

turing theimplicit spatio-temporaldependenciesin the input switchings.Temporaledges

betweenjustconsecutiveslicesaresufficientbecauseof thefirst orderMarkov propertyof

the underlyinglogic. We prove that the TDM structureis a DynamicBayesianNetwork

(DBN) capturingall spatialandhigherordertemporaldependenciesamongtheswitchings

in a sequentialcircuit. It is a minimal representationin termsof size,exploiting all the

independencies.Themodel,in essence,builds a minimally factoredrepresentationof the

joint probabilitydistributionof theswitchingsat all thelinesin thecircuit.

We considertwo inferencealgorithmsto form theestimatesfrom thebuilt TDM repre-

sentations:oneis anexactschemeandtheotheris a hybrid scheme.Theexactinferences

scheme,which is basedon local messagepassing,is presentlypracticalfor smallcircuits

dueto computationaldemandson memory. For largecircuits,we resortto a hybrid infer-

encemethodbasedon a combinationof local messagepassingandimportancesampling.

Notethatthissamplingbasedprobabilisticinferenceis non-simulativeandisdifferentfrom

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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samplingsthatarecommonlyusedin circuit simulations.In the latter, the input spaceis

sampled,whereasin our caseboth the input andthe line statespacesaresampledsimul-

taneously, usinga strongcorrelative model,ascapturedby theBayesiannetwork. Dueto

this,convergenceis fasterandtheinferencestrategy is stimulus-free.

Thekey featuresof this work are:

(1) This is a completelyprobabilisticmodel.This meansthatwe do not performinput-

patterndrivensimulationratherfocuson a randomwalk in the probabilisticdependency

model.Hencewetargetthe“circuit problem”ratherthanthe“input problem”[Marculescu

et al. 1999].

(2) In thiswork weintroduceamethodfor handlinghigherordertemporaldependencies

in sequentialcircuitsusingdynamicbayesiannetworks.

(3) This work usea stochasticandaccurateinferenceschemesfor propagatingproba-

bilities in thedynamicBayesianNetworks.

(4) Sincewerepresentthejoint probabilitydistributionof theentirevariablesincluding

switchingof stateandsignals,our modelis capableof accuratelypredictingthecoupling

behavior of not only the individual switchingactivities, but also the probability of joint

occurrenceof eventsnamelyprobability of two neighboringsignalsin a transistorstack

remainingatzero. WealsogetP � X0� 1 � Y1� 0 	 for two neighboringlinesthatmeasureshow

oftenthesetwo signalswouldbein theworstcasecross-talksituation.

(5) Theseprobabilisticsetupareextremelycapableandaremostlyusedfor non-causal

backwardinferencingalongwith theforwardpropagation.For example,wewouldbeable

to seewhat type of input profile providesa low switchingfor a nodethat hashigh load

capacitanceand thesecould be usedto characterizethe input space. With probabilistic

forwardpropagation,we needto anevolutionarysearchto find suchcharacterization.

ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.
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2. PRIOR WORK

Sinceour work falls in thebroadcategory of probabilisticmethodsof estimation,we start

with a few break-throughsin probabilisticestimationfor combinationalcircuit. In [Najm

1993], the conceptof transitiondensity is introducedand is propagatedthroughoutthe

circuit by Booleandifferencealgorithm. However, thesemethodshave problemsin han-

dling correlationbetweennodesandhence,theestimatesareinaccuratewhenthenodesare

highly correlated.An accuratewayof switchingactivity estimationis proposedin [Bryant

1992] which hasa high spacerequirement. Taggedprobability simulation is proposed

in [Ding etal. 1998],which is basedon thelocalOBDD(orderedbinarydecisiondiagram)

propagation.Thesignalcorrelationsarecapturedby usinglocalOBDDs.However, spatio-

temporalcorrelationbetweenthe signalsis not discussed.Pair-wise correlationbetween

circuit lineswerefirst proposedby Ercolaniet al. in [Ercolaniet al. 1992]. Marculescuet

al. in [Marculescuet al. 1998], studiedtemporal,spatialandspatio-temporaldependen-

ciesasa compositionof pair-wisecorrelations.However, noneof thesemethodscouldbe

extendedfor modelingthedynamicsof feedbacksystem.

In one of a pioneeringwork, Marculescuet al. [Marculescuet al. 2000] proposeda

methodto find upperandlower boundsfor theswitchingactivity in finite statemachines

(FSMs), using a Markov chain model. This methodeven thoughprobabilistic is more

appropriatewhencircuit implementationof FSM is not known. In anotherapproachMar-

culescuet al. useddynamicMarkov modelto capturetheprobabilistictemporalstructure

of the input spacein sequentialcircuits.[Marculescuet al. 1999]. Oncea reducedlength

inputdata-setis obtained,thismethodreliesonsimulationof thecircuit for computingthe

power. In their own words,this work is focusedto solve the“input problem”[Marculescu

et al. 1999]ratherthanmodelingthecircuit probabilistically.

Bhanjaet al. [BhanjaandRanganathan2001], handlethe underlyingjoint probability

distribution for the combinationalcircuit. In [BhanjaandRanganathan2004], we have

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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alsomodeledtheprobabilisticframework for input spaceby learninga best-fittreestruc-

turedBayesianNetworks in inputswhich wasalsousedin the partitionsof intermediate

BayesianNetworks. Henceboth of thesemodelswerenot capableof handlingdynamic

temporalaspectsof a sequentialcircuits. In [BhanjaandRanganathan2004]we focused

on mainly threeaspects(1)issueof complexity andpartitioningheuristics(2) Capturing

correlationat theboundariesof adjacentlooselycoupledBayesianNetworksand(3) a tree

structurelearningalgorithmfor spatio-temporallycoupled(correlated)inputs. Sequential

circuitshave a differentproblem.Evenwith the random(spatio-temporallyindependent)

inputs,thespatio-temporalcorrelationis generatedin thecircuit dueto thefeedbackmech-

anismandthis increatesan induceddependency in the inputswhich needsto bemodeled

separatelyalongwith thestatefeedback.

Most existing techniquesfor switchingestimationin sequentialcircuits usestatistical

simulation. Almost all the statisticaltechniquesin oneway or the otheremploy sequen-

tial samplingof inputs,alongwith stoppingcriteriadeterminedby theassumedstatistical

model.Stamouliset al. [Stamoulis1996]considereda pathorientedtransitionprobability

computationto samplethe input signalspace,but the modeldid not accountfor correla-

tionsbetweenlatchandthe combinationalpart. Najm et al. [Najm et al. 1995]proposed

logic simulationto obtainthestateline probabilityandthenusedstatisticalsimulationfor

estimation.

Tsui et al. [Tsui et al. 1995] useda two-stepapproach.First, the stationarystateline

probabilitieswereestimatedinsteadof stateprobabilities,therebyreducingthe problem

complexity but sacrificingthe ability to model the spatialdependenciesamongthe state

lines. A set of non-linearequationsdescribedthe relationsof the next stateto the pri-

maryinputsandthecurrentstatelines.TheseequationsaresolvedusingthePicard-Peano

andNewton-Raphsonmethodsto arriveat locally optimalsolutionfor theindividual state

line probabilities.Next, giventhesestateprobabilityestimates,statisticalsimulations(or,

ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.
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for very small circuits, binary decisiondiagrams(BDD)) wereusedto obtainswitching

estimates.Yuanet al. [Yuanet al. 1997] exploited the observation that beyond a length

of samplesthe inputscanbe consideredindependent.Saxenaet al. [Saxenaet al. 2002]

simulatedmultiple copiesof a circuit, with mutually independentinput vectors,thereby

generatingmutually independentsamples. The entire sequentialcircuit estimateswere

formedby Monte-Carlosimulationwith theseinputs. Chenet al. [ChenandRoy 1997]

presentedatechniqueto estimateupperandlowerboundsof powerby consideringthesig-

nal probabilityandsignalactivity at theinputs.Kozhayaet al. [KozhayaandNajm 2001]

enhancedthis methodin theirwork to estimatepower in sequentialcircuits.

Even the bestsimulationbasedmethodssuffer from weakinput patterndependencies.

Besides,for any changein primary input statistics,simulationsneedto be rerun. For

thesereasons,we preferprobabilisticstrategies,particularlythosethat modelthe under-

lying joint probability distribution of the nodeswitching. Suchprobabilisticmodels,not

only allows oneto estimatethe switchingprobabilities,but alsoreadily facilitatescondi-

tional estimation,i.e. estimationconditionedon theknowledgeof theswitchingstatistics

at somenodes,not necessarilytheinput lines. In this work, we proposea graphicalprob-

abilistic modelover all thestatenodes,inputs,andinternallines to accuratelymodelthe

joint switchingprobabilitiesof thewholecircuit. Themodelaccountsfor high ordertem-

poral andspatialdependencies.The exact spatio-temporalcorrelationis modeledover n

timeslicesto capturehigher( 
 1) ordertemporaleffectsthatarepresentin sequentialcir-

cuits. Circuitsmodeledusingn slicescapturesn-th ordertemporaldependencies.Similar

strategy wasusedby Tsui et al. [Tsui et al. 1995],who “unrolled” thecircuitsn timesto

arriveat thestatisticsof theindividualstatelines,whichwerethenusedin simulations.We

do not restrictourselvesto just statelines. Our comprehensive probability model,span-

ning multiple time slices,is over all the linesandsimultaneouslyestimatestheswitching

probabilitiesat all thelines(primaryinput, internal,andstatelines).

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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3. BACKGROUND ON DYNAMIC BAYESIAN NETWORKS

In thissection,wediscussthestructureandfundamentalsof dynamicBayesianNetworks,

which underliesour modelingof sequentialcircuits asTDMs. SinceDynamicBayesian

NetworksarestructurallyBayesianNetworksthemselves,wewill highlight importantfea-

turesof BayesianNetworks aswell. The following discussionis fashionedafter [Pearl

1988;Kjaerulff 1995].As apeekahead,thereadercanlook atFig. 2 for anexampleof the

representationfor asmallcircuit.

A Bayesiannetwork is a directedacyclic graph(DAG) representationof theconditional

factoringof a joint probabilitydistribution. Any probability functionP � x1 ��������� xn 	 canbe

written in theform of conditionalprobabilitiesas1

P � x1 ��������� xN 	�� P � xn � xn � 1 � xn � 2 ��������� x1 	 P � xn � 1 � xn � 2 � xn � 3 ��������� x1 	 ����� P � x1 	 (2)

This expressionholds for any orderingof the randomvariables. In most applications,

a variableis usuallynot dependenton all othervariables. Thereare lots of conditional

independenciesembeddedamongtherandomvariables,which canbeusedto reorderthe

randomvariablesandto simplify theconditionalprobabilities.

P � x1 ��������� xN 	�� ΠvP � xv �Pa � Xv 	�	 (3)

wherePa � Xv 	 aretheparentsof thevariablexv, representingits directcauses.For example

in Fig. 2a X1, X2 arethe parentsof X3, X2 is theparentof X4. This factoringof the joint

probabilityfunctioncanberepresentedasa directedacyclic graph(DAG), with nodes(V)

representingtherandomvariablesanddirectedlinks (E) from theparentsto thechildren,

denotingdirectdependencies.Thesizeof therepresentation,andhencethecomputational

complexity would bedependenton thenumberof parentspernode.

This sectiondiscussessomefundamentalconceptsbehindtheBayesianNetwork based

modeling. This is fashionedafter [BhanjaandRanganathan2003]andis re-iteratedhere

1Probabilityof theeventXi � xi will bedenotedsimplyby P � xi � or by P � Xi � xi � .
ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.
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for theclarityof thereaders.Theimportantaspectsthatsignifiesadirectedacyclic graphas

a BayesianNetwork areconditionalindependenceandd-separation. TheDAG structure

preservesall the independenciesamongsetsof randomvariablesand is referredto asa

Bayesiannetwork. The conceptof Bayesiannetwork canbe preciselystatedby defining

thenotionof conditionalindependenceamonga setof randomvariables.

Definition 1: Let U= � α � β ��������� bea finite setof

variablestaking on discretevalues. Let P ��� 	 be the joint probability function over the

variablesin U , andlet X, Y andZ beany threesubsets(maybeoverlapping)of U . X andY

is saidto beconditionallyindependentgivenZ if

P � x � y� z	�� P � x � z	 wheneverP � y� z	 
 0 (4)

Following Pearl[Pearl1988],we denotethis conditionalindependency amongstX, Y,

andZ by I � X � Z � Y 	 ; X andY aresaidto beconditionallyindependentgivenZ. For example

in Fig. 2a(withoutthe feedbackline), we have I � X6 � X3 � X1 	 which denotesX6 andX1 are

conditionallyindependentgivenX3.

Next, we introducetheconceptof d-separation of variablesin a directedacyclic graph

structure(DAG), which is the underlyingstructureof a Bayesiannetwork. This notion

of d-separation is thenrelatedto the notion of independenceamongsttriple subsetsof a

domain.

Definition 2: If X, Y andZ arethreedistinctnodesubsetsin aDAG D, thenX is saidto

bed-separatedfromY by Z, � X �Z �Y 
 , if thereis nopathbetweenany nodein X andany

nodein Y alongwhich thefollowing two conditionshold: (1) everynodeon thepathwith

convergingarrows is in Z or hasadescendentin Z and(2) everyothernodeis outsideZ.

Along with theabovedefinitionsthefollowing definitionsfor conditionalindependence

mapor I-mapandminimalI-map justifiestheacceptanceof a DAG asaBN.

Definition 3: A DAG D is said to be an I-map of a dependency model M if every

d-separation condition displayedin D correspondsto a valid conditional independence

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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relationshipin M, i.e., if for every threedisjoint set of nodesX, Y and Z we have, �
X �Z �Y 
�� I � X � Z � Y 	 .

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

edgescanbedeletedwithout destroying theunderlyingdependency model.

Definition 5: GivenaprobabilitydistributionP onasetof variableU , aDAGD is called

a BayesianNetworkof P if D is aminimumI-mapof P.

Thereis an elegantmethodof inferring the minimal I-map of P that is basedon the

notionof aMarkov blanketanda boundaryDAG, whicharedefinedbelow.

Definition 6: A Markov blanket of elementXi � U is an subsetS of U for which

I � Xi � S� U  S  Xi 	 andXi !� S. A setis calleda Markov boundary, Bi of Xi if it is a min-

imal Markov blanket of Xi , i.e. noneof its propersubsetssatisfythetriplet independence

relation.

Definition 7: Let M be a dependency model definedon a set U � � X1 ��������� Xn � of

elements,and let d be an ordering � Xd1 � Xd2 ��������� of the elementsof U . The bound-

ary strata 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 theminimal setsatisfyingBi # U andI � Xdi � Bi � Ui  Bi 	 .
TheDAG createdby designatingeach Bi as theparentsof thecorrespondingvertex Xi is

calleda boundaryDAG of M relativeto d.

This leadsusto thefinal theoremthatrelatestheBayesiannetwork to I-maps,whichhas

beenprovenin [Pearl1988]. This theoremis thekey to constructinga Bayesiannetwork

overmultiple time slices(DynamicBayesianNetworks).

Theorem1: If agraphstructureD is aboundaryDAGof adependency modelM relative

to orderingd, thenD is a minimal I-mapof M.

Proof:Pleasereferto [Pearl1988].

ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.
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3.1 DBN Structure

A DynamicBayesianNetwork (DBN) is a generalizationof Bayesiannetworksto handle

temporaleffectsof anevolving setof randomvariables.While BN handlesdependencies

at onetimesliceDBN handlesdependenciesbetweenvarioustimesliceswhile preserving

the internal dependenciesat eachtime slice. Other formalismssuchashiddenMarkov

modelsandlineardynamicsystemsarespecialcases.Thenodesandthelinks of theDBN

aredefinedasfollows. For any time periodor slice,ti , let a directedacyclic graph(DAG),

Gti � � Vti � Eti 	 , representtheunderlyingdependency graphicalmodelfor thecombinational

part.Thenthenodesof theDBN, V, is theunionof all thenodesfor eachtimeslice.

V �
n'

i ( 1

Vti (5)

However, the links, E, of the DBN are not just the union of the links in the time-slice

DAGs,but alsoincludelinks betweentime-slices,i.e. temporaledges,Eti � ti ) 1, definedas

Eti � ti ) 1 � �*� Xi � ti � Xj � ti ) 1 	+�Xi � ti � Vti � Xj � ti ) 1 � Vti ) 1 � (6)

whereXj � tk is the j-th nodeof theDAG for timeslicetk. Notethatin ageneralizedstructure

(Fig. 2b), temporaledgescanbedrawn from any nodeof the time slice tk to any nodeof

the time slice tk� 1. However, the overall representationhasbe the minimal I-map of the

underlyingprobabilisticmodel(Fig. 2c).

Thusthecompletesetof edgesE is

E � Et1 ,
n'

i ( 2

� E � ti 	-
 Eti . 1 � ti 	 (7)

Apart from the independenciesamongthe variablesfrom onetime slice,we alsohave

the following independencemapover variablesacrosstime slicesif we assumethat the

randomvariablesrepresentingthe nodesfollow Markov property[Hachtel et al. 1994],

which is truefor switching.

I /�� Xj � t1 ��������� Xj � ti . 1 �0� Xj � ti � � Xj � ti ) 1 ��������� Xi � ti ) k �21 is true 3 i 
 1 � k 
 1 (8)

ACM TransactionsonDesignAutomationof ElectronicSystems,Vol. , No. , 20.
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whereI(X,Z,Y) impliesconditionalindependence.

4. TDM MODELING

The coreideais to expressthe switchingactivity of a circuit asa joint probability func-

tion, which can be mappedone-to-oneonto a BayesianNetwork, while preservingthe

dependencies.To modelswitchingat a line, we usea randomvariable,X, with four pos-

siblestatesindicatingthe transitionsfrom � x00 � x01 � x10 � x11 � . For combinationalcircuits,

directededgesaredrawn from the randomvariablesrepresentingswitchingof eachgate

input to the randomvariablefor switchingat the outputsof that gate. At eachnode,we

alsohave conditionalprobabilities,giventhestatesof parentnodes.If theDAG structure

follows the logic structurethen it is guaranteedto mapall the dependenciesinherentin

thecombinationalcircuit. However, sequentialcircuitscannotbehandledin this manner.

We have proposeda switching activity estimationmodel for combinationalcircuits. A

straightforward extensionof this modelwould result in a graphstructureshown in Fig-

ure2(a),which is not aDAG andhenceis not a Bayesiannetwork.

4.1 Structure

Let usconsidergraphstructureof a smallsequentialcircuit shown in Fig. 2(a).Following

logic structurewill not resultin aDAG; therewill bedirectedcyclesdueto feedbacklines.

To handlethis, we do not representthe switchingat a line asa single randomvariable,

Xk, but ratherasa setof randomvariables,representingtheswitchingat consecutive time

instants,� Xk � t1 ��������� Xk � tn � , andthenmodelthe logical dependenciesbetweenthemby two

typesof directedlinks.

(1) For any time instant,edgesareconstructedbetweennodesthat are logically con-

nectedin thecombinationalpartof thecircuit, i.e. without thefeedbackcomponent.Edges

aredrawn from eachrandomvariablerepresentingswitchingactivity ateachinputof agate

to therandomvariablerepresentingoutputswitchingof thegate.

ACM Transactionson DesignAutomationof ElectronicSystems,Vol. , No. , 20.



A Stimulus-free Graphical Probabilistic Switching Model for Sequential Circuits using Dynamic Bayesian Networks � 15

1 2

3

4

56

(b)

(c)

X X

X

X

XX

1 2

3

4

56

X X

X

X

XX

1 2

3

4

56

X X

X

X

XX

1 2

3

4

56

X X

X

X

XX

1 2

3

4

56

21

4
3

6 5

(a)

X X

X

X

XX

1 2

3

4

56

X X

X

X

XX

1 2

3

4

56

X X

X

X

XX

Fig. 2. Comparisonof possiblegraphicalmodelsof a sequentialcircuit (left of part (a)). The representations

shown in right sideof (a)andin (b) arenotused.(a) If onewereto treatthecircuit asacombinationalcircuit one

getsa logically inducedgraphstructure[BhanjaandRanganathan2001]. (b) Time unrolledrepresentation.(c)

TDM representationthatwepropose.Nodesin thegraphsrepresentline switchings.

(2) We connectrandomvariablesrepresentingthesamestateline from two consecutive

time instants,Xs
k � ti 4 Xs

k � ti ) 1
, to capturethetemporaldependenciesbetweentheswitchings

at statelines. Moreover, we alsoconnecttherandomvariablesrepresentingtheswitching

at primaryinput linesat consecutive times,Xp
k � ti 4 Xp

k � ti ) 1
. This is doneto capturethecon-

straintin theprimaryline switchingbetweentwo consecutivetimeinstants.For instance,if

aninputhasswitchedfrom 0 4 1 at time ti , thenswitchingat thenext time instantcannot
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be0 4 0.

Let us considerFigure2(b), note that we have all randomvariablesconnectedto the

previoustime slicefor every slice. This is requiredasour randomvariablesareswitching

activitiesandnot logic. Hence,everyrandomvariableXi � ti . 1 in thisexperimenthasanedge

connectingthevariableXi � ti . However, thisrepresentationis notaDBN asit is notminimal.

Markov blanketof theswitchingvariablesat a time instantti arestill its parentsandhence

for individual nodeXi � ti , I � Xi � ti � Pa � Xi � ti 	 � Xi � ti . 1 	 is true, and this implies that given the

setof parentsPa � Xi � ti 	 , Xi � ti is independentof Xi � ti . 1. Hencewe could remove edgesfrom

Xi � ti . 1 to Xi � ti without hamperingthe dependency model. However, for primary inputs,

we have to make surethat P � Xp
k � ti ) 1 �Xp

k � ti 	 handlesthe switchingconstraintsproperly. In

sequentialcircuit, eachinput signalvaluesareconsideredrandom,however, for modeling

theswitchingvariablesthetemporaledgesin inputsareessentialandeliminatestheneed

for explicit temporaldependenciesof theintermediaterandomvariables.

Wecall thisgraphstructureasthetemporaldependency modelor TDM. Fig. 2(c)shows

the TDM for the examplesequentialcircuit in Fig. 2 (a); we just show threetime slices

here.Thedash-dotedgesshowsthesecondtypeof edgesmentionedabove,whichcouples

adjacentDAGs. We have X2 asinput andX1 asthepresentstatenode. Randomvariable

X6 representsthenext statesignal.Notethat this graphis a DAG. We next prove that this

TDM structureis aminimal representation,henceis a dynamicBayesiannetwork.

Theorem 2: The TDM structure,correspondingto the sequentialcircuit is a minimal

I-map of the underlyingswitchingdependency modelandhenceis a dynamicBayesian

network.

Proof: Let usordertherandomvariables� Xi � ti � , suchthat(i) for two randomvariables

from onetime ti , Xp � ti andXc � ti , wherep is aninput line to a gateandc is anoutputline to

thesamegate,Xp � ti , appearsbeforeXc � ti in this orderingand(ii) the randomvariablesfor

the next time slice t � i 
 1	 , � X1 � ti ) 1 ��������� Xn � ti ) 1 � appearafter the randomvariablesat time
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sliceti .

With respectto this ordering,theMarkov boundaryof a node,Xi � ti , is givenasfollows.

If Xp
i � ti representsswitchingof aninputsignalline, thenits Markov boundaryis thevariable

representingthesameinputin timesliceXp
i � ti . 1

. If Xs
i � ti representsswitchingof astatesignal,

thenits Markov boundaryis the variablerepresentingthe switchingat the previous time

sliceXs
i � ti . 1

. And, sincetheswitchingof any gateoutputline is justdependentontheinputs

of thatgate,theMarkov boundaryof a variablerepresentingany gateoutputline consists

of just thosethat representthe inputs to that gate. In the TDM structurethe parentsof

eachnodeareits Markov boundaryelementshencetheTDM is aboundaryDAG. And, by

Theorem2 the TDM is a minimal I-map andthusa Bayesiannetwork. Sincenodesand

theedgesin theTDM definedover n time slicescanbedescribedby Eqn.5, andEqn.7,

theTDM is adynamicBayesianNetwork (DBN).

4.2 Conditional Probability Specifications

The joint probability function is modeledby a Bayesiannetwork as the productof the

conditionalprobabilitiesdefinedbetweena nodeand its parentsin the TDM structure:

P � xv �Pa � Xv 	�	 . Theseconditionalprobabilitiescanbeeasilyspecifiedusingthecircuit logic.

Therearethreebasictypesof conditionalprobabilityspecifications:(i) internallines,(ii)

primaryinput lines,and(iii) statelines.For theinternallines,thespecificationfollowsthe

gatelogic. For statelines,theconditionalprobabilitymodelsthelogic of abuffer, asshown

in TableI(b). For primary input lines, theconditionalprobabilitiesmodelsthe switching

constraintsbetweentwo time instants,aslisted in TableI(a). For instance,if theprimary

line switchedfrom 0 to 1, thenat thenext time slice the line caneitherswitch from 1 to

0 or remainat 1. Since,we areconsideringrandominputs,we distributetheprobabilities

equallybetweenthesetwo options. For correlatedinputs,theseconditionalprobabilities

canbeadjusted.
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TableI. Conditionalprobability specificationbetween(a) primary input line switchingsat consecutive time in-

stants:P � xp
k 5 ti 6 1 7 xp

k 5 ti � , and(b) stateline switchingsat consecutive time instants:P � xs
k 5 ti 6 1 7 xs

k 5 ti �
(a) (b)

Xp
k 5 ti 6 1

Xp
k 5 ti

x00 x01 x10 x11

0.5 0.5 0 0 x00

0 0 0.5 0.5 x01

0.5 0.5 0 0 x10

0 0 0.5 0.5 x11

Xs
k 5 ti 6 1

Xs
k 5 ti

x00 x01 x10 x11

1 0 0 0 x00

0 1 0 0 x01

0 0 1 0 x10

0 0 0 1 x11

5. INFERENCE IN TDM

In thissectionwe presentthreeinferenceschemesfor BayesianNetworks.Thefirst oneis

anexact inferenceschemewhich we usedto validateour model.This methodis basedon

local messagepassingandis computationallyexpensive. This methodis currentlyprac-

tical only for smallercircuits. For larger circuits we usedthe next two schemeswhich

arehybrid schemes.Both of theschemesarebasedon stochasticinference.In particular,

we useimportancesamplingbasedmethod.The first one: EvidencePre-propagatedIm-

portanceSampling(EPIS)[YuanandDruzdzel2003]worksefficiently for predictionand

alsofor probabilisticbacktrackingwith evidence. The secondalgorithmis excellent for

estimation/predictionhowever, degeneratesfor backtracking.

5.1 Exact Inference

This inferencemethodwasusedto validateourmodel.We inferencedthesmallestcircuit,

s27,usingthismethod.In thefollowingdiscussion,thereaderis requestedto referto Fig.3

andFig. 4 asexamples,sincethey aredrawn basedon s27. The exact inferencescheme

is basedon local messagepassingon a treestructure,whosenodesaresubsets(cliques)

of randomvariablesin theoriginal DAG [Cowell et al. 1999],[Hugin ]. (Fig. 3(a) repre-

sentsthe original DAG structureof s27.) This treeof cliquesis obtainedfrom the initial
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Fig. 3. (a)BN modelof s27for onetime slice,(b)Triangulatedundirectedgraphof s27for onetime slice
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Fig. 4. Junctiontreeof cliquesof s27for (a)onetimeslice,(b)two time slices

DAG structurevia a seriesof transformationsthatpreserve therepresenteddependencies.

The original DAG is first convertedinto an undirectedMarkov graphstructure,which is

referredto asthe moral graph(Fig. 3(b) without the thick line), modelingthe underlying

joint probability distribution. This moral graphis obtainedfrom the DAG structure,by

addingundirectedlinks betweenthe parentsof a commonchild node. Theseadditional

links directly capturethedependenciesthatwereonly implicitly representedin theDAG.
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In a moralgraph,every parent-childsetform a completesubgraph.Dueto theundirected

natureof themoralgraph,someof the independenciesrepresentedin theDAG would be

lost, resultingin a non-minimalrepresentation.The dependency structureis, however,

preserved. This lossof minimal representationwill eventuallyresultin increasedcompu-

tationaldemands,but doesnot sacrificeaccuracy. Next, a chordalgraphis obtainedfrom

themoralgraphby triangulatingit(Fig. 3(b)). Triangulationis theprocessof breakingall

cyclesin the graphto be a compositionof cyclesover just 3 nodesby addingadditional

links. To controlthecomputationaldemands,thegoalis to form atriangulatedmoralgraph

with minimumnumberof additionallinks. Variousheuristicsexist for this. For instance,

theBayesiannetwork inferencesoftwareHUGIN (www.hugin.com),which weusein this

work, usesefficient andaccurateminimum fill-in heuristicsto calculatetheseadditional

links.

Fig. 4(a)representthejunctiontreeof cliquesfor theTDM structureof s27 for onetime

slice. Cliquesof thechordalgraphrepresentedin Fig. 3(b) form thenodesof thejunction

tree.Thetreestructureis usefulfor local messagepassing.Givenany evidence,messages

consistof the updatedprobabilitiesof the commonvariablesbetweentwo neighboring

cliques.Globalconsistency is automaticallymaintainedby constructingthetreein sucha

way thatany two cliques,sharinga setof commonvariables,shouldhave thesecommon

variablespresentin all thecliquesthat lie in theconnectingpathbetweenthetwo cliques.

A junction treewith this propertycanbe easilyobtainedfrom the sameminimum fill-in

heuristicalgorithmthatis usedto triangularizethegraph[BhanjaandRanganathan2003].

Let usconsidertwo neighboringcliquesto understandthekey featureof theBayesian

updatingscheme.Let two cliquesA andB have probabilitypotentialsφA andφB, respec-

tively, obtainedby multiplying the conditionalprobabilities,in the DAG basedBayesian

network, involving thenodesin eachclique. Let S be the setof commonnodesbetween

cliquesA andB. Thetwo neighboringcliqueshave to agreeon probabilitieson thenode
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setS, which is termedtheir separator. To achievethis,wefirst computethemarginalprob-

ability of S from probabilitypotentialof cliqueA andthenusethatto scaletheprobability

potentialof B. Thetransmissionof this scalingfactor, which is neededin updating,is re-

ferredto asmessagepassing.New evidenceis absorbedinto thenetwork by passingsuch

local messages.The patternof the messageis suchthat the processis multi-threadable

andpartially parallelizable.Becausethejunctiontreehasno cycles,messagesalongeach

branchcanbetreatedindependentof theothers.

Thefinal junctiontreeof cliquesfor theTDM structureof s27for two timeslicesis more

complicated,asshown in Fig. 4(b). Notice the increasednumberof cliques. In general,

thesizeof themaximalcliquewill increase.Thisresultsin increasedmemoryrequirement

to storetheprobabilitypotentialover thenodesin thecliques;the increaseis exponential

in the maximalclique size. Thus, it is obvious that the exact modelcannotbe usedfor

large circuits. Availablememorywould determinethe maximumcircuit sizethat canbe

modeledexactly. In this work, we usethis inferenceonly for modelvalidationwith small

circuits.

5.2 Hybrid Scheme

For largecircuits,a hybrid scheme,specificallytheEvidencePre-propagatedImportance

Sampling(EPIS)[YuanandDruzdzel2003],whichuseslocalmessagepassingandstochas-

tic sampling,is appropriate.Thismethodscaleswell with circuit sizeandis provento con-

vergeto correctestimates.Theseclassesof algorithmsarealsoanytime-algorithmssince

they canbestoppedat any point of time to produceestimates[RamaniandBhanja2004;

RejimonandBhanja2006].Of course,theaccuracy of estimatesincreaseswith time.

TheEPISalgorithmis basedon ImportanceSamplingthatgeneratessampleinstantia-

tionsof thewholeDAG network, i.e. all for line switchingin our case.Thesesamplesare

thenusedto form the final estimates.This samplingis doneaccordingto an importance

function. In a BayesianNetwork, the productof the conditionalprobability functionsat
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all nodesform the optimal importancefunction. Let X � � X1, X2 ��������� Xm � be the setof

variablesin a BayesianNetwork, Pa � Xk 	 betheparentsof xk, andE2 betheevidenceset.

Then,theoptimalimportancefunctionis givenby

P � X �E 	8�
m

∏
k ( 1

P � xk �Pa � Xk 	 � E 	 (9)

This importancefunctioncanbeapproximatedas

P � X �E 	8�
m

∏
k ( 1

α � Pa � Xk 	�	 P � xk �Pa � Xk 	�	 λ � Xk 	 (10)

whereα � Pa � Xk 	�	9� P � xk �E � 	 andλ � Xk 	9� P � E � � xk 	 , with E
�

andE � beingtheevidence

from aboveandbelow, respectively, asdefinedby thedirectedlink structure.For theproof

of Eqn.10 pleaserefer [YuanandDruzdzel2003]. Calculationof λ is computationally

expensive and for this, Loopy Belief Propagation(LBP) [Murphy et al. 1999] over the

Markov blanketof thenodeis used.Yuanet al. [YuanandDruzdzel2003]provedthatfor

a poly-tree,thelocal loopy belief propagationis optimal. Theimportancefunctioncanbe

furtherapproximatedby replacingsmallprobabilitieswith a specificcutoff value.

5.2.1 LoopyBeliefPropagation. Loopy Belief Propagation(LBP) is an approximate

inferencemechanism.It usesthePearl’s belief propagationalgorithm[Pearl1988]to cal-

culatetheposteriorbelief of eachnode.Here,we briefly summarizePearl’s belief propa-

gationalgorithm.EachnodeX computesits posteriorprobabilitybasedontheinformation

obtainedfrom its neighbors.i.e., Bel � x	:� P � X � x �E 	 , whereE representstheevidence

set. In a polytree,any nodeX d-separatesE into 2 subsets,E
�
x which is the evidence

connectedto nodeX throughits parentsetZ andE �
x is theevidenceconnectedto nodeX

throughits child setY. Now, thenodeX cancomputeits belief by separatelycombining

themessagesobtainedfrom its parentsandchildren.

Bel � x	9� αλ � x	 π � x	 (11)

2Setof nodesthathave alreadyobservedstates.
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whereλ � x	 andπ � x	 aregivenby

λ � x	8� ∏
U ; CHX

λU � x	 (12)

CHX is setof all childrenof X.

π � x	9� ∑
z1 � z2 � < < < � zj

� P � x � z1 � z2 ��������� zj 	
j

∏
i ( 1

πX � zi 	�	 (13)

wherez1 � z2 ��������� zj areparentsof nodeX.

Oncethenodecomputesits belief it sendstheupdatedmessagesto its neighbors.The

messageto theparentsof nodeX is givenby:

λX � w	9� ∑
x
� ∑
z1 � z2 � < < < � zk

� P � x �w� z1 � z2 ��������� zk 	
k

∏
i ( 1

πX � zi 	�	�	 λ � x	 (14)

Themessagefrom nodeX to its child is givenby:

πY � x	9� π � x	 ∏
C ; CHX � Y

λC � x	 (15)

For network with loops,during eachiterationall nodescalculatetheir outgoingmes-

sagesbasedontheincomingmessagesfrom theirneighborsduringpreviousiteration.The

iterationstopsoncethebeliefconverges.

5.3 Probabilistic Logic Sampling

ProbabilisticLogic Sampling(PLS)developedby Henrionin 1988is creditedto bethefirst

stochasticsamplingmethodfor inferencingBayesianNetworks [Henrion 1988]. In this

methodsamplingis performedin the forward direction(from parentsto children). The

algorithmworksasfollows,

— In thecircuit, which is representedasa Bayesiannetwork, each

nodeis selectedandthey aresampled.

— While inferencing,theBayesiannetwork thesamplesaregroupedinto setsandthe

observed valuesin eachsamplein a setare comparedwith the correspondingevidence

values.
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— If they areinconsistentwith eachotherthewholesamplesetis discarded.

— Thesamemethodis repeatedwith eachsampleset.

— Usingtheselectedsampleset,thebeliefdistributionsarecalculatedby averagingthe

frequencieswith which therelevanteventsoccur.

With regardsto thecomputationalmerits,this methodhassomedisadvantages.Sinceit is

basedon forwardsampling,theevidencethathave alreadyoccurredcannotbeaccounted

for until thecorrespondingvariablesaresampled.Theoccurrenceof unlikely evidencecan

result in rejectionof large numberof samplestherebyhinderingthe performanceof this

method.Dueto thisPLSis alwaysconsideredto bebetterfor BayesianNetwork inference

withoutevidence.

Theabovesetof stochasticsamplingstrategiesdiscussedin subsection5.2and5.3work

becausein a BayesianNetwork the productof the conditionalprobability functionsfor

all nodesis the optimal importancefunction. Becauseof this optimality, the demandon

samplesis low. We have foundthat just thousandsamplesaresufficient to arrive at good

estimatesfor theISCAS89benchmarkcircuits.Notethat thissamplingbasedprobabilistic

inferenceis non-simulativeandis differentfromsamplingsthatare usedin circuit simula-

tions. In the latter, theinput spaceis sampled,whereasin our caseboththe input andthe

line statespacesaresampledsimultaneously, usingastrongcorrelativemodel,ascaptured

by theBayesianNetwork. Dueto this, convergenceis fasterandthe inferencestrategy is

stimulus-free.

5.4 Time and Space Complexity

Exact Infer ence:Spacecomplexity of theexactinferenceof BayesianNetwork isO � n � 4 =Cmax= 	 [Bhanja

andRanganathan2004]where �Cmax� is thenumberof randomvariablesin largestcliquein

thejunctiontree,n is thetotalnumberof randomvariablesandusually �Cmax� is muchless

thann. Thetimecomplexity of theexactinferenceis O � p � 4 =Cmax= 	 wherep is thenumberof
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cliquesin thejunctiontreewhich is alsomuchlessthann. Eventhough �Cmax� is lessthan

n, for largercircuits,theexponentialnaturemakestheinferencecomputationalyexpensive.

Hybrid Infer ence: The spacerequirementof the Bayesiannetwork representationis

determinedby thespacerequiredto storetheconditionalprobability tablesat eachnode.

For a nodewith np parents,thesizeof thetableis 4np
�

1. Thenumberof parentsof anode

is equalto thefan-inat thenode.In theDBN modelwebreakall fan-insgreaterthan2 into

a logically equivalent,hierarchicalstructureof 2 fan-ingates.For nodeswith fan-in f , we

wouldneed > f ? 2@ extraBayesiannetwork nodes,eachrequiringonly 43 sizedconditional

probabilitytable.For theworstcase,let all nodesin theoriginalcircuit havethemaximum

fan-in, fmax. Thenthetotal numberof nodesin theBN structureis n 
 fmaxn ? 2. Thus,the

worst casespacerequirementis linear, i.e. O43 � nfmax	 wheren is the numberof nodes,

fmax is themaximumfan-in.

Thetimecomplexity, basedonthestochasticinferencescheme,is alsolinearin n, specif-

ically, it is O � nN	 , whereN is the numberof samples,which, from our experiencewith

testedcircuits, is in theorderof 1000’s for circuitswith 32� 424nodesin theDBN model

with threetimeslices.

6. EXPERIMENTAL RESULTS

We have usedthe sequentialcircuits from the ISCAS89benchmarksuite to verify our

method. To generatethe simulationresultsthe circuits weresimulatedfor 1000000test

vectors.Thesequentialcircuitsaremodeledasa DBN with 3 time-slices.A startupsimu-

lationwith 50randomtestvectorswasperformedandthesestartupestimatesof thepresent

statelinesaregivento thefirst time-sliceof theDBN, i.e. thesearetheprior probabilities

of thestatelines. Thepriorsfor theprimaryinput linesin thefirst time-sliceof DBN was

chosento beunique,i.e. equallyprobableswitchingstates.Theapproximatecomputation

of theDBN wasdoneby atool named”GeNIe” [Genie]. Theexactcomputationwasdone
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by a tool named”Hugin” [Hugin ].

Thetestswereperformedon aPentiumIV, 2.00GHz,WindowsXP computer.

First, we show someresultsthat validatesthe TDM model. For this, we usethe s27

benchmarkcircuit. TableII lists theswitchingestimatesat eachline in thecircuit ascom-

putedby (i) simulation,(ii) theexact inferenceschemebasedon treeof cliques,and(iii)

the hybrid EPISscheme.We used10 time slicesfor the TDM representation.Note the

excellentagreementof the exact inferenceschemewith simulation,thusvalidating that

theTDM modelis capturingthehigh ordertemporalandspatialcorrelations.Thehybrid

inferenceschemealsoresultsin excellentestimates,closeto theexactones.

TableIII lists theerrorstatisticsof thecircuitsby TDM-EPISandTDM-PLS inference

schemes.A samplesizeof 1000sampleswasconsideredfor both the schemes.Switch-

ing error is the error betweenthe in-houselogic simulationand the switchingestimates

obtainedfrom Bayesianinference.We tabulateboththeaverageerror, µE, andmaximum

error, maxE, over all thenodesin column2 andcolumn3 in bothTableIII(a) & (b). We

also list the percentageof nodeswith switchingerror above 2 standarddeviationsfrom

themeanerror. Thefourth columnin bothTableIII(a) & (b) indicatetherun-timeof the

circuit with the specificinferencescheme.The listed elapsedtimesareobtainedby the

f timecommandin theWINDOWS environment,andis thesumof CPU,memoryaccess

andI/O time.

We seethat the meanerror is extremelysmall for bothTDM-EPIS in TableIII(a) and

for TDM-PLS in TableIII(b) for mostbenchmarkcircuitsevenfor largerbenchmarkslike

s5378,s15850. Even the maximumerrorsfor mostcircuits arelow. However, for some

circuits,i.e. s208� s953ands5378,themaximumseemto behigh,but theseerrorsseemto

beisolatedto afew nodesasis seenfrom thelow fractionof nodeswith errorabove2σ. In

mostcases,only 5%of thenodesexceedthiserrorbound.In s208,weseethat% of nodes

in µ 
 2σ rangeis around9%. We alsofoundtheaccuracy of our modelis excellenteven
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TableII. Switchingprobabilityestimatesateachline of thes27benchmarkcircuit ascomputedby simulation,by

theexactscheme,andby thehybridEPISmethod.

Simulation Exact Hybrid

Nodes (CliqueTree) (EPIS)

1 0.498 0.500 0.512

2 0.598 0.500 0.494

3 0.501 0.500 0.487

4 0.500 0.500 0.508

5 0.450 0.452 0.463

6 0.123 0.123 0.123

7 0.333 0.333 0.368

8 0.498 0.500 0.512

9 0.078 0.078 0.073

10 0.460 0.461 0.476

11 0.333 0.333 0.334

12 0.333 0.333 0.329

13 0.311 0.311 0.311

14 0.229 0.230 0.234

15 0.123 0.123 0.126

16 0.123 0.123 0.126

17 0.450 0.452 0.461

for largerbenchmarklike s15850(µE � 0.004)

Note that thecomputationtime reportedfor ProbabilisticLogic Samplingbasedinfer-

enceis almosttentimesfasterthanthatby TDM-EPISbasedmethod.However, theimpor-

tanceof TDM-EPISbasedinferenceschemeguaranteesconvergenceto theexactvalueand

alsois moreefficient thanLogic Samplingwhereobservationis madeat any nodesother

thaninputsandplausibleinputprobabilitiesfor suchanobservationis estimated.Thishas

importantapplicationin input spacecharacterizationfor a desiredoutcome. TDM-PLS
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TableIII. Experimentalresultson switchingactivity estimationby DynamicBayesiannetwork modelingusing

(a)TDM-EPIS[YuanandDruzdzel2003]and(b)TDM-PLS[Henrion1988]for ISCAS’89benchmarksequential

circuits(3 time slices).

(a) (b)

Circuits µE maxE Time % of nodes

(s) A µ B 2σ

s27 0.015 0.068 0.047 5.88

s208 0.014 0.234 0.719 9.02

s382 0.002 0.096 2.094 4.95

s444 0.003 0.083 2.734 4.88

s526 0.003 0.044 3.922 3.23

s713 0.008 0.043 9.093 4.92

s820 0.002 0.049 10.06 8.33

s953 0.009 0.162 8.343 7.50

s1196 0.001 0.050 15.06 4.81

s1238 0.001 0.038 14.62 5.00

s1423 0.010 0.127 21.12 6.15

s5378 0.002 0.402 378.68 5.08

Circuits µE maxE Time % of nodes

(s) A µ B 2σ

s27 0.028 0.092 0.016 5.88

s208 0.014 0.224 0.281 9.02

s382 0.000 0.082 0.750 7.14

s444 0.005 0.067 0.843 3.90

s526 0.002 0.048 1.234 1.84

s713 0.009 0.067 1.968 4.70

s820 0.002 0.042 2.125 4.17

s953 0.012 0.185 1.922 7.95

s1196 0.001 0.043 2.735 5.17

s1238 0.003 0.035 2.703 5.00

s1423 0.012 0.114 3.266 6.02

s5378 0.001 0.389 23.128 4.98

s15850 0.003 0.434 146.992 3.07

methodis moreefficient for relatively largercircuitsdueto its rapidity. TDM-PLS works

betterfor circuit evaluationthanfor circuit characterization.

We alsopresentestimationresultswith non-randominputs,in TableIV. Heretwo cate-

goriesof biasedinputswerechosen,(1) low switchinginputs,whereprobabilityfor switch-

ing is 0.2 (2) high switchinginputswith probabilityof switching0 � 6. Thesimulationre-

sultsand the TDM-EPIS resultswere comparedanderrorswere found to be similar to

thosewith randominputs.

In TableV, weshow themodelingfor threetimeslicesversustentimeslicesfor random

inputs.Weobservethattentimeslicesdonotenhancethequalityof estimates.Thisshows
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Table IV. ESTIMATION WITH NON-RANDOM BIASED INPUTS using TDM-EPIS [Yuan and Druzdzel

2003](a)Low switching(b) High switching
(a) (b)

Circuits µE maxE % of nodes

A µ B 2σ

s27 0.026 0.062 0.00

s208 0.009 0.173 7.38

s382 0.001 0.116 7.14

s444 0.007 0.091 4.39

s526 0.002 0.122 5.53

s713 0.012 0.102 6.26

s820 0.002 0.055 4.87

s953 0.009 0.157 7.27

s1196 0.000 0.039 3.92

s1238 0.000 0.030 4.63

s1423 0.014 0.122 4.41

s5378 0.001 0.457 5.61

Circuits µE maxE % of nodes

A µ B 2σ

s27 0.015 0.113 5.88

s208 0.020 0.232 9.02

s382 0.000 0.081 5.49

s444 0.001 0.082 7.32

s526 0.001 0.045 7.37

s713 0.008 0.055 6.71

s820 0.001 0.038 2.88

s953 0.005 0.125 5.68

s1196 0.001 0.042 5.88

s1238 0.001 0.049 4.07

s1423 0.012 0.140 6.28

s5378 0.003 0.358 4.41

that third order temporalmodelsare good enoughfor our benchmarks,which matches

with the observationsmadein [Tsui et al. 1995; Yuan et al. 1997]. For somespecific

circuits50 randominput vectorswill leadto wrongstartingprobabilityvalues.Soin such

circuitsmaximumerrorwill keepon increasingfor moretime slices.We needmorethan

50 randomvectorsto get a properstartingprobability values. s27ands526areperfect

examplefor suchcircuits. In TableV, noticethatMaxE is increasingfor 10 time slicesof

s27ands526.

Notethattheswitchingmodelis extremelyrelevantof bothstaticanddynamiccompo-

nentof power asshown in Eq.1. In this equation,Pdg representsthedynamiccomponent

of power at theoutputof a gateg. Theimpactof dataon dynamiccomponentof power is

encapsulatedin α, theindividual switchingactivity. Thestaticcomponentof power Psg is
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TableV. Experimentalresultson switchingactivity estimationby DynamicBayesiannetwork modelingfor IS-

CAS’89benchmarksequentialcircuitsfor two differenttime slices.

Circuits 3 Timeslices 10Timeslices

µE MaxE Time(s) µE MaxE Time(s)

s27 0.015 0.068 0.047 0.018 0.078 0.172

s208 0.014 0.234 0.719 0.006 0.197 7.532

s298 0.015 0.169 1.422 0.010 0.170 13.87

s382 0.002 0.096 2.094 0.000 0.079 21.28

s444 0.003 0.083 2.734 0.005 0.062 26.30

s526 0.003 0.044 3.922 0.001 0.081 42.28

TableVI. Jointprobabilitiesbetweenspecificnodes.

s1238

202 201

0t . 10t 0t . 11t 1t . 10t 1t . 11t

0.0001 0.0008 0.0007 0.1556 0t . 10t

0.0005 0.0003 0.0426 0.1965 0t . 11t

0.0004 0.0449 0.0001 0.1776 1t . 10t

0.0123 0.0544 0.0533 0.2599 1t . 11t

640 639

0t . 10t 0t . 11t 1t . 10t 1t . 11t

0.6649 0.0964 0.1038 0.0204 0t . 10t

0.0404 0.0033 0.0072 0.0011 0t . 11t

0.0462 0.0091 0.0031 0.0001 1t . 10t

0.0033 0.0001 0.0002 0.0004 1t . 11t

dominatedby Pleak� i , leakagelossin a leakagemodei. It hasto benotedthateachleakage

modeis determinedby thesteadystatesignalsthateachtransistorin thegatewould bein.

For example,in a two input (sayA andB) NAND gate,thegatewouldhavefour dominant

leakagemode(i=4: A@0B@0 � A@0B@1 � A@1B@0 andA@1B@1). β is theprobabilityof each

modei andfor exampleβ1 � p � A@0 � B@1	 andis thejoint probabilityof multiplesignalsin

agateandaredependentontheinputdataprofile. Thesejoint probabilitiescanbecaptured

throughourmodelasshown in Table.VI.

Hencerun-timeleakagepower is dependenton thejoint probabilitiesof thesignalsthat
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arepresentin a transisterstack. A combinationof steadystate00 at all the signalsthe

transistorstackproduceslessleakagethana steadystate11 in all of them. Also dueto

gateleakagethe combinations00 and11 in two of the stacked signalsalsocanproduce

considerableamountof total leakagecurrentat sub-100nm level technologies[Srivastava

et al. 2004]. TableVI shows joint probability of a few nodesthat arefan-insto a single

gate.Notethat in s1238,signal201and202arefed to a transistorstack.Theprobability

thatboththesignalsremainat logic 0 is 0.01%,while theprobabilitythatboththesignals

remainat logic 1 is 26%. This resultsignifiesthat the worst casesubthresholdleakage

condition is highly probable. The other prominentcondition for leakage(gateleakage

during subthreshold)occurswhen one signal (top of the stack)remainsat logic 1 and

the otheroneis at 0. In TableVI we seethat the probability of signal201 remainingat

logic 0 while signal202remainingat logic 1 is 15.5%(considerablyhigh). Likewisewe

canestimateprobabilitiesof all thedominantleakagemodethroughthejoint probabilities

extractedthroughourmodel.

Jointprobabilitiesareof importancein determiningtheupperboundof capacitive cou-

pling noiseor crosstalk.Theworstcasecapacitivecouplingnoiseoccurswhentheneigh-

boringsignalsswitchtheoppositeway. It meansfrom 0 4 1 on onesignaland1 4 0 on

the other. For examplein TableVI, considerthe neighboringsignals639 and640. The

probability thatsignal639switchesfrom 0 4 1 while signal640switchesfrom 1 4 0 is

0.72%,andtheprobabilitythatsignal639switchesfrom 1 4 0 while signal640switches

from 0 4 1 is 0.91%.Bothof theseconditionsarefavorablefor placingthemtightly close

to eachother. But thesameanalysisshow differentresultsin theneighboringsignals201

and202. Theprobability thatsignal201switchesfrom 0 4 1 while signal202switches

from 1 4 0 is 4.26%,andtheprobabilitythatsignal201switchesfrom 1 4 0 while signal

202switchesfrom 0 4 1 is 4.49%.Bothof theseconditionsareconsiderablyprobableand

moreattentionneedsto be taken for placingthesetwo neighbors.Likewise we canalso
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estimatethe relative probabilitiesof logic anddelayfaultsthroughthe joint probabilities

extractedthroughourmodel.

7. CONCLUSIONS

This paperintroducesa switching activity estimationtool that encapsulatesall the de-

pendencies,in sequentialcircuits in reasonabletime andwith high accuracies.We use

graphicalprobabilisticmodel(compact,minimalanddependency preserving)of thewhole

circuit asa singlejoint distribution functionby a BayesianNetwork. This is to be noted

thattheBayesianNetwork basedapproachunifiestheestimationof switchingprobabilities

of statenodesandalsothecircuit nodes.Wehaveshown resultsof theestimatedswitching

activity for pseudo-randominputsaswell asfor biasedinputs.Themodelhandleshigher

orderspatio-temporaldependenciesbetweenthenodesunderzero-delayscenario.Our fu-

ture effort will focuson studyingthe trade-off betweenvarioustime slices,convergence

issuesandalsothe role andlengthof initial stateprobabilitieson convergenceandaccu-

racy underrealisticdelaymodels.Oneapproachthatis outlinedin [ManichandFigueras

1997]canbeusedto modelswitchingunderrealisticdelay.
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