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ESTIMATION OF SWITCHING ACTIVITY IN SEQUENTIAL CIRCUITS USING
DYNAMIC BAYESIAN NETWORKS

Karthik eyanLingasubramanian

ABSTRACT

This thesispresentsa novel, non-simulative, probabilisticmodelfor switchingactivity in se-

quentialcircuits, capturingboth spatio-temporalcorrelationsat internal nodesandhigher order

temporalcorrelationsdueto feedback.Switchingactivity, oneof thekey componentin dynamic

powerdissipation,is dependenton inputstreamsandexhibitsspatio-temporalcorrelationamongst

thesignals.Onecanhandledependency modelingof switchingactivity in a combinationalcircuit

by BayesianNetworks [2] thatencapsulatestheunderlyingjoint probabilitydistribution function

exactly.

We presentthe underlyingswitchingmodelof a sequentialcircuit asthe time coupledlogic

induceddirectedacyclic graph(TC-LiDAG), thatcanbeconstructedfrom the logic structureand

prove it to be a dynamicBayesianNetwork. DynamicBayesianNetworks over n time slicesare

alsominimal representationof thedependency modelwherenodesdenotetherandomvariableand

edgeseitherdenotedirectdependency betweenvariablesatonetimeinstantor denotedependencies

betweentherandomvariablesatdifferenttimeinstants.DynamicBayesianNetworksareextremely

powerful in modelinghigherordertemporalaswell asspatialcorrelations;it is anexactmodelfor

theunderlyingconditionalindependencies.Theattractive featureof this graphicalrepresentation

of thejoint probabilityfunctionis thatnotonly doesit makethedependency relationshipsamongst

thenodesexplicit but it alsoservesasacomputationalmechanismfor probabilisticinference.

Weusestochasticinferenceenginesfor dynamicBayesianNetworkswhichprovidesany-time

estimatesandscaleswell with respectto sizeWeobserve thatlessthanathousandsamplesusually

convergeto thecorrectestimatesandthatthreetimeslicesaresufficient for theISCASbenchmark

circuits.Theaverageerrorsin switchingprobabilityof 0 � 006,with errorstightly distributedaround

themeanerrorvalues,onISCAS’89benchmarkcircuitsinvolving upto 10000signalsarereported.
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CHAPTER 1

INTR ODUCTION

Theability to form accurateestimatesof power usage,bothdynamicandstatic,of VLSI cir-

cuits is animportantissuefor rapiddesign-spaceexploration.Switchingactivity is oneimportant

componentin dynamicpowerdissipationthatis independentof thetechnologyof theimplementa-

tion of theVLSI circuit. Contribution to total power dueto switchingis dependenton thelogic of

thecircuit andtheinputsandwill bepresentevenif sizesof circuitsreduceto nanodomain.Apart

from contributing to power, switchingin circuits is alsoimportantfrom reliability point of view

andhencecanbeconsideredto befundamentalin capturingthedynamicaspectsof VLSI circuits.

Among differenttypesof VLSI circuits,switchingin sequentialcircuits,which alsohappens

to be the most commontype of logic, are the hardestto estimate. This is particularly due to

the complex higherorderdependenciesin the switchingprofile, inducedby the spatio-temporal

componentsof themaincircuit but mainly causedby thestatefeedbacksthatarepresent.These

statefeedbacksarenot presentin purecombinationalcircuits. Oneimportantaspectof switching

dependenciesin sequentialcircuits thatonecanexploit is thefirst orderMarkov property, i.e. the

systemstateis independentof all paststatesgivenjust thepreviousstate.This is truebecausethe

dependenciesareultimatelycreateddueto logic andre-convergence,usingjust thecurrentandlast

values.

The complexity of switching in sequentialcircuits arisedue to the presenceof feedbackin

basiccomponentssuchasflip-flops and latches. The inputs to a sequentialcircuit arenot only

the primary inputs but also thesefeedbacksignals. The feedbacklines can be looked upon as

determiningthe stateof the circuits at eachtime instant. The stateprobabilitiesaffect the state

feedbackline probabilitiesthat,in turn,affect theswitchingprobabilitiesin theentirecircuit. Thus,

formally, givena setof inputsit at a clock pulseandpresentstatesst , thenext statesignalst � 1 is

uniquelydeterminedasa functionof it andst . At

thenext clock pulse,we have a new setof inputs it � 1 alongwith statest � 1 asan input to the

circuit to obtain the next statesignal st � 2, and so on. Hence,the statisticsof both spatialand
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Figure1.1.A modelfor sequentialcircuit.

temporalcorrelationsat thestatelinesareof greatinterest.It is importantto beableto modelboth

kindsof dependenciesin theselines.

Previous works [1, 2, 3] have shown that switching activity in a combinationalcircuit can

be exactly expressedin a probabilisticBayesianNetwork, whosestructureis a logic induceddi-

rectedacyclic graph(LiDAG). Suchmodelscaptureboth the temporalandspatialdependencies

in a compactmannerusingconditionalprobabilityspecifications.For combinationalcircuits,first

order temporalmodelsaresufficient to completelycapturedependenciesunderzero-delay. The

attractive featureof thegraphicalrepresentationof thejoint probabilitydistribution is thatnotonly

doesit make theconditionaldependenciesamongthenodesexplicit, but it alsoservesasa com-

putationalmechanismfor efficient probabilisticupdating.TheLiDAG structure,however, cannot

modelcyclical logical structure,like thoseinducedby thefeedbacklines. This cyclic dependence

effectsthestateline probabilitiesthat,in turn,effect theswitchingprobabilitiesin theentirecircuit.

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

sequentialcircuitsusingtime coupledlogic
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inducedDAG (TC-LiDAG) structurethatexplicitly modelsthehigherordertemporalandspa-

tial dependenciesamongthefeedbacklines. This is achievedby couplingLiDAG representations

of thecombinationalcircuit from multiple time slices.Thenodesin TC-LiDAG representswitch-

ing randomvariableat the primary input, statefeedback,andinternal lines. Theserandomvari-

ablesdefinedover four states,representingfour possiblesignaltransitionsat eachline which are

� 0 � 0 	 0 � 1 	 1 � 0 	 1 � 1� . Edgesof TC-LiDAG denotedirectdependency. Someof themare

dependencieswithin onetime sliceandtheconditionalprobability specificationfor thesearethe

sameasin LiDAG, i.e. they capturetheconditionalprobabilityof switchingat an outputline of

a gategiven theswitchingat the input lines of thatgate. Restof theedgesaretemporal,i.e. the

edgesarebetweennodesfrom differenttime slices,capturingthestatedependenciesbetweentwo

consecutive time slices.We addanothersetof temporaledgesbetweenthesameinput line at two

consecutive slices,capturingthe implicit spatio-temporaldependenciesin the input switchings.

Temporaledgesbetweenjust consecutive slicesaresufficient becauseof the first orderMarkov

propertyof theunderlyinglogic.

We prove that theTC-LiDAG structureis a DynamicBayesianNetworks(DBN) capturingall

spatialandhigherordertemporaldependenciesamongtheswitchingsin asequentialcircuit. It is a

minimal representation,exploiting all the independencies.The model, in essence,builds a

factoredrepresentationof the joint probability distribution of the switchingsat all the lines in

the circuit. DynamicBayesianNetworks areextremelypowerful graphicalprobabilisticmodels

that encapsulatesHiddenMarkov Model (HMM) andLinear DynamicSystem(LDS) and have

beenemployed for genematching[25], speechprocessing[24] andobject trackingbut their use

in modelingVLSI eventsis new. DynamicBayesianNetworks arebasicallyBayesianNetworks

definedover multiple time slices.Thesalientfeaturesof usinga DynamicBayesianNetworksare

listedbelow:


 DBN exploitsconditionalindependenceamongsttherandomvariablesof interestfor factor-

izationandreductionof representationof theunderlyingjoint probabilitymodelof switch-

ing.

3




 Therearelearningalgorithmsthatcanconstructor refineBayesianNetwork structures.This

featureis notutilized in ourmodelasthestructureof ourmodelis fixedby thelogic andthe

feedback.


 Thetemporallinks modelhigherordertemporaldependencies,while thenon-temporallinks

modelshigherorderspatialdependencies.


 Thesearepowerful predictive modelsandhenceworksextremelywell for estimation.The

uniquenessof BayesianNetwork basedmodelingis that evidencecanbe provided for any

nodenot necessarilyjust at the inputs. In fact, this featureis usedin theprobabilisticinfer-

enceschemesto make theresultsinput patterninsensitive.


 Theinferencealgorithmscanbeparallelized,however, we donotexploit this in thispaper.

We considertwo inferencealgorithmsto form theestimatesfrom thebuilt TC-LiDAG repre-

sentations:oneis anexactschemeandtheotheris ahybridscheme.Theexactinferencesscheme,

which is basedon local messagepassing,is presentlypracticalfor smallcircuitsdueto computa-

tional demandson memory. For large circuits, we resortto a hybrid inferencemethodbasedon

combinationlocal messagepassingandimportancesampling.Notethatthis samplingbasedprob-

abilistic inferenceis non-simulative and is different from samplingsthat arecommonlyusedin

circuit simulations.In thelater, theinput spaceis sampled,whereasin our caseboththeinput and

the line statespacesaresampledsimultaneously, usinga strongcorrelative model,ascapturedby

theBayesiannetwork. Dueto this,convergenceis fasterandtheinferencestrategy is input pattern

insensitive.

1.0.1 Contrib ution of the Thesis

1. This is thefirst andonly probabilisticmodelingframework thatcanbeusedto modelswitch-

ing in bothsequentialandcombinationalcircuits. This is theonly completelyprobabilistic

modelproposedfor sequentialcircuits.

2. In this thesis,we theoreticallyprove that the underlyingdependency model of switching

activity is a dynamicBayesianNetwork asshown in Figure3.4.c. Theadoptedstrategy is

not logic unraveling. Switching in every nodeis inherentlyconnectedwith the switching

4



at the next time instant. If onewere to usejust unraveling, then the connectionbetween

time slicesshouldreally look like Figure3.4.b. Whereas,the dynamicBayesiannetwork,

beinga minimal representation,needsfewer connectionsbetweentime slicesasshown in

Figure3.4.c.

3. Themostsignificantcontribution of this thesisis modelingdependenciesin theinputs.This

is crucialasconsecutive inputpatternsareactuallyrandom,however, while modelingswitch-

ing, they would implicitly be dependentand quantifying this dependencewas not trivial.

Apart from that,we capturestatedependenciesbetweentwo consecutive time andquantify

them. Thesetwo classesof dependenciesareresponsibleandcrucial for capturingaccurate

higherordertemporalcorrelationsbetweentime stepsandsignificantlyaffect theability to

modelsequentialcircuit switching.

4. Last but not the least,We usea non-partitionbasedstochasticinferenceschemethat (1)

scalesvery well and(2) canresult in anytime estimates.Ramaniet al. [47] recentlyintro-

ducedthesestochasticinferenceschemesto switchingestimationthatresultsin almostzero-

error estimatesin combinationalcircuits. We usethis inferencefor the dynamicBayesian

Networks.Partition-basedinferenceproposedby Bhanjaet al. [3, 2] degenerates

astheerrorin onetime sliceis fed backinto thenext oneandpropagatesthroughtheentire

system.

1.0.2 Organization

We discussrelevant issuesandresearchwork in Chapter2. This chapterdealsmostly with

statisticalsimulation-basedestimationtechniquesasour work is thefirst completelyprobabilistic

approach.Next in Chapter3, we discussaboutthe fundamentalsof BayesianNetworks andthe

modelingof acombinationalcircuit into aBayesiannetwork. Thenwe sketchthefundamentalsof

dynamicBayesianNetworksandalsodescribethetime-coupled-LiDAG modelfor sequentialcir-

cuits.Wedepictprobabilisticinferencein Chapter4 andpresentexperimentalresultsin Chapter5.

Weconcludethepaperin Chapter6.
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CHAPTER 2

PRIOR WORK

Among differenttypesof VLSI circuits,switchingin sequentialcircuits,which alsohappens

to be the mostcommontype of logic, arethe hardestto estimate.Therearemany methodsthat

handlecombinationalcircuit [11, 13, 8, 34, 37, 31, 32, 30, 1, 2, 33] by simulative andprobabilistic

methods.Many of themcannotbedirectly appliedto sequentialcircuits. This is particularlydue

to thecomplex higherorderdependenciesin theswitchingprofile, inducedby thespatio-temporal

componentsof themaincircuit but mainly causedby thestatefeedbacksthatarepresent.These

statefeedbacksarenot presentin purecombinationalcircuits. Oneimportantaspectof switching

dependenciesin sequentialcircuits thatonecanexploit is thefirst orderMarkov property, i.e. the

systemstateis independentof all paststatesgivenjust thepreviousstate.This is truebecausethe

dependenciesareultimatelycreateddueto logic andre-convergence,usingjust thecurrentandlast

values.

The complexity of switching in sequentialcircuits arisedue to the presenceof feedbackin

basiccomponentssuchasflip-flops and latches. The inputs to a sequentialcircuit arenot only

the primary inputs but also thesefeedbacksignals. The feedbacklines can be looked upon as

determiningthe stateof the circuits at eachtime instant. The stateprobabilitiesaffect the state

feedbackline probabilitiesthat,in turn,affect theswitchingprobabilitiesin theentirecircuit. Thus,

formally, givena setof inputsit at a clock pulseandpresentstatesst , thenext statesignalst � 1 is

uniquelydeterminedasa functionof it andst . At thenext clock pulse,wehaveanew setof inputs

it � 1 alongwith statest � 1 asan input to thecircuit to obtainthenext statesignalst � 2, andsoon.

Hence,thestatisticsof bothspatialandtemporalcorrelationsat thestatelinesareof greatinterest.

It is importantto beableto modelbothkindsof dependenciesin theselines.

Existingtechniquesfor switchingestimationin sequentialcircuitsuseinputpatternsimulation.

Puresimulation[21] thoughaccurateareexpensive in termsof computationaltimeandarestrongly

patterndependent.Almost all the statisticaltechniquesin one way or the other hasemployed

sequentialsamplingof inputsalongwith a stoppingcriteriadeterminedby theassumedstatistical

model. Thesemethodsareweaklypatterndependent,andrequiresspecialattentionfor modeling

6



themutli-modalpower profile. Moreover successof thesemethodsrely greatlyon theknowledge

of exactinput traceeithergivenby theuseror generatedby aprobabilisticmodel.

In this chapter, we will discussa few dominantmethodsfor power estimationandbriefly go

over the only probabilisticmodelingeffort by Ghoshet al. [13]. Sincestateline statisticsareof

greatconcern,Tsui et al. [14] presentedan exact methodusingChapman-Kolmogrov methodto

estimateswitchingactivity in sequentialcircuit stateline andcomparedit with an approximate

methodwhich wasbasedon calculatingthe stateline probabilitiesby solving a setof nonlinear

equations.Theseequationswerederived from thenext statelogic. By doing this they wereesti-

matingthestateline probabilitiesinsteadof stateprobabilities,therebyreducingthecomplexity of

theproblem.But theadverseeffect of this methodis the inability to modelthespatialdependen-

ciesamongthestatelines.Thesetof nonlinearequations,givenin Equation.2.1,wereobtainedby

consideringthesteadystateprobabilitiesfor statelinesandassumingthatinput probabilitieswere

known.

y1 � p1 � g1 � p1 	 p2 	������	 pN � � 0

y2 � p2 � g2 � p1 	 p2 	������	 pN � � 0

���������
yN � pN � gN � p1 	 p2 	������	 pN � � 0

(2.1)

where,pi ’s arestateline probabilities,gi ’s arenonlinearfunctionsof pi ’s andN is thenumber

of flipflops.

In generaltheseequationswerewrittenasY � P� � 0 andP � G � P� . Theapproximatestateline

probabilitieswerecomputedby solvingY � P� � 0 usingNewton-Raphsonmethodor by solving

P � G � P� usingPicard-Peanomethod.

The accuracy of the estimatewas enhancedby unrolling the next statelogic by someuser

definedlimit, asshown in Fig. 2.1..Thisactuallyincreasedthenumberof variablesandequations,

therebyincreasingtheaccuracy.

Chenet al. [17] presenteda statisticaltechniqueto obtainupperandlower boundsof average

power dissipationin sequentialcircuits taking into accountthesignalprobabilitiesandsignalac-

tivities. Throughthis work the authorsemphasizedthat uncertaintiesin primary inputscanlead

to hugeuncertaintiesin power dissipation.Sothebasisof this work wasto find out power sensi-

7
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tivities dueto primaryinput activities andprobabilities.Thesecharacteristicswereobtainedusing

Equations.2.2and 2.3.

ζa � xi � � ∑
jεallnodes

f anout � j �
∂a j

∂a � xi �
(2.2)

ζP � xi � � ∑
jεallnodes

f anout � j �
∂a j

∂P � xi �
(2.3)

whereζa � xi � is normalizedpower sensitivity to primary input activity, ζP � xi � is normalized

power sensitivity to primaryinput probabilityanda j is normalizedactivity atnode j.

The initial power wasobtainedusingthesenormalizedvalues. Thenthe signalpropertiesof

theprimaryinputswerechangedoneat a time andthecircuit wasresimulated.Dueto thetedious

calculationsin this method,it is not suitablefor largecircuits.

Chou et al. [18] presenteda Monte Carlo basedstatisticaltechniqueto estimateswitching

activity in sequentialcircuits. In this work the authorshave defineda set of statesto be near-

closedsetif all statesinsideit have a very smallprobability to reachany stateoutsideit andvice

versa.Onesuchnear-closedsetwasassumedto betheinitial stateandawarmupsimulationperiod

is appliedbeforeeachsamplelengthperiodto calculatethe probability of the initial near-closed

set. In orderto obtaina stoppingcriterion, thenumberof sampleswasincreasedandthesample

lengthwasreducedwhile maintainingtheproductof thenumberof samplesandsamplelengthas

a constant.By doing this they wereableto overcometheproblemof increasedsampledeviation

whenthesamplemeanwasstill closeto average.

Yuanetal. [16] presentedastatisticalsimulationmethodto estimateaveragepowerdissipation

in sequentialcircuits.Theflow chartof thismethodis illustratedin Figure.2.2..Sincea statistical

estimationmethodneedsrandomsamplesandthepower samplesfrom thesequentialcircuitsare

not random,they proposeda methodto obtain randompower samples. This methodincluded

a coupleof stepsnamelya randomnesstestand the determinationof an independenceinterval.

The independenceinterval wasactuallyusedto selectsampleswhich arenot consecutive (i.e., if

independenceinterval is 1 theneveryalternatesamplesarechosen)thushaving arandomsequence

of samples.At first with an initial independenceinterval thesampleswerechosenandthey were

testedfor randomness.Thesuccessof thetestresultedin acceptanceof theindependenceinterval

9
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Figure2.2.Flowchartfor thestatisticalestimationof averagepower dissipationin sequentialcir-
cuitsby Yuanetal. [16]

asthesuitableone,andthe failure resultsin incrementingthe interval andrepeatingtheprocess.

In the randomnesstest,a particularsequenceof sampleswasconsideredto be randomif it has

oneor moresuccessive occurrenceof identicalsamplesfollowedor precededby differentsamples.

Clusteringof identical samplesor mixing of different samplesareconsideredto be nonrandom

sequenceof samples.

Murugavel et al. [21] proposeda simulationbasedwork for power estimationin bothcombi-

nationalandsequentialcircuitsusingPetriNet. They cameup with a new form of Petrinetcalled

hierarchicalcoloredhardwarePetrinet(HCHPN).

Najmetal. [12] proposeda logic simulationtechniqueto obtainthestateline probabilitiesand

furtheremployed a statisticalsimulationmethodfor power estimationin sequentialcircuits. The
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logic simulationwasbasedon theMonteCarlomethodandit is employedon theregistertransfer

level (RTL) of thecircuit.

Saxenaet al. [20] enhancedthis techniquein their work on obtainingstateline probabilities

usingstatisticalsimulationmethod. Multiple copiesof a circuit weresimulatedusingmutually

independentinputvectors,therebyobtainingmutuallyindependentsamples.Thesimulationswere

basedonEquation.2.4.

lim
k� ∞

Pk � xi �X0 � � P � xi � (2.4)

wherexi representsa statesignal,X0 is a stateat time 0 andP � xi � is thestateline probability.

Pk � xi �X0 � wasestimatedfor increasingvaluesof k until it converges.

Stamoulis[15] proposeda path orientedMonte Carlo methodto estimatetransitionproba-

bilities in sequentialcircuits. This work was mainly focusedon the statelines. The transition

probabilitieswerecalculatedfor eachrandomlyselectedpathwith a randomlyselectedstateasits

headwhile applyingrandomvectorsto the primary inputs. The transitionprobabilitiesover all

thesepathswereaveragedto obtainaverageswitchingprobabilitiesover thestatelines.

Kozhayaetal. [19] formulatedapowerestimationtechniquefor sequentialcircuitswhereaset

of input vectorswerechosenfrom a large vectorsetto obtainupperandlower boundsof power.

The input vectorswereseparatedinto blocksandeachblock wassimulatedto get corresponding

upperand lower boundsof power. A transitionfrom 0 � 1 or from 1 � 0 at the output was

accountedfor upperboundanda transitionfrom 0 � 0 or from 1 � 1 wasaccountedfor lower

bound.Thentheupperandlower boundvaluesarecalculatedusingEquations.2.5and 2.6.

Pu
K � i � �

1
KT

i � K � 1

∑
k� i

eu � k � (2.5)

Pl
K � i � �

1
KT

i � K � 1

∑
k� i

el � k � (2.6)

whereK is blocksize,T is clock periodand

eu � k � �
1
2∑

j

V2
ddCjn

u
k � j � (2.7)

12



el � k � �
1
2 ∑

j

V2
ddCjn

l
k � j � (2.8)

whereCj is nodecapacitance,nu
k � j � andnl

k � j � arelower andupperboundson thenumberof

logic transitionsmadeby node j in clock cyclek.

We presentthe researchwork donein sequentialcircuits in the taxonomydiagramshown in

Figure2.3.. As it canbeseenmostof thepreviouswork, aresimulative andhencepatterndepen-

dent.Ghoshetal. [13] proposedthefirst attemptfor modelingsequentialcircuitsprobabilistically,

however, they methodassumedmany independenceandhenceinaccurate.Thiswork is thefirst at-

temptfor modelingthesequentialcircuit probabilisticallycapturingall correlationsbothtemporal

andspatialandwith reducedpatterndependenceof theestimates.

Bhanjaet al [1, 2] proposedBayesianNetwork basedmodelfor capturingfirst ordertemporal

andhigherorderspatialdependencefor combinationalcircuit. This work usesdynamicBayesian

Network basedmodelfor capturingthe feedbackeffect. We discussthefundamentalsandproba-

bilistic modelingissuesin thenext chapter.
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CHAPTER 3

DEPENDENCY MODELS FOR SEQUENTIAL CIRCUITS

In this chapter, we develop thedependency modelfor sequentialcircuits. Sequentialcircuits,

asweknow possessesall thechallengesof spatio-temporaldependency modelingthatis presentin

combinationalcircuits. Moreover, theadditionalhigherordertemporaldependenciesthroughthe

statefeedbackcontributesto directedcyclesin the probabilisticmodel. Thesehigherordertem-

poral dependenciesnot only make the representationcomplex but alsoinducesadditionalspatio-

temporaldependenciesamongstthepresentstateandthepresentinputs.

In this chapter, we would first sketchthefundamentalsof BayesianNetwork andthenexplain

somebasicdefinitionsandtheoremsthat areusedto structurea BayesianNetwork. In the next

section,we would presentthefundamentalsof a DynamicBayesianNetwork followedby discus-

sion aboutthestructureof DynamicBayesianNetworks. We will concludethis chapterwith the

modelingandspecificissuespertainingto sequentialcircuit emphasizingthe input dependencies

andquantificationof thetemporaledgesconnectingtheinputsin adjacenttime slices.

3.1 BayesianNetwork Fundamentals

BayesianNetwork is a graphicalprobabilisticmodelbasedon the minimal graphicalrepre-

sentationof theunderlyingjoint probability function. Due to theprobabilisticcausalnature,this

graphicalmodel is directedand acyclic. On a whole a BayesianNetwork can be definedas a

directedacyclic graph(DAG) whosenodesarerandomvariablesandedgesareprobabilisticde-

pendencies.Theconditionalindependencethatis observed in theprobabilisticmodelis preserved

in the graphicalstructureandmoreover noneof the edgesin the graphcanbe removed without

destroying the conditionalindependency relationshipsof the probabilisticmodel. Thesefeatures

induceanotionof minimal compactrepresentation.

In a combinationalcircuit, the entireswitchingprofile of the circuit canbe representedasa

uniquejoint probabilityfunction.Thepriorsto this functionaretheprimaryinputs.Representation

of combinationalcircuitsasBayesianNetworkshasalreadybeenproposedby Bhanjaet al. in her

dissertationworks[1], [2], [3].
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A Bayesiannetwork is adirectedacyclic graph(DAG) representationof theconditionalfactor-

ing of a joint probabilitydistribution. Any probabilityfunctionP � x1 	����	 xn � canbewritten as1

P � x1 	����	 xN � � P � xn � xn � 1 	 xn � 2 	����	 x1 � P � xn � 1 � xn� 2 	 xn � 3 	����	 x1 � ��� P � x1 � (3.1)

This expressionholdsfor any orderingof the randomvariables.In mostapplications,a variable

is usuallynot dependenton all othervariables.Therearelots of conditionalindependenciesem-

beddedamongthe randomvariables,which canbe usedto reorderthe randomvariablesandto

simplify theconditionalprobabilities.

P � x1 	����	 xN � � ΠvP � xv �Pa � Xv �� (3.2)

wherePa � Xv � arethe parentsof the variablexv, representingits direct causes.This factoringof

thejoint probabilityfunctioncanberepresentedasadirectedacyclic graph(DAG), with nodes(V)

representingtherandomvariablesanddirectedlinks (E) from theparentsto thechildren,denoting

directdependencies.

3.2 Conditional IndependenceMaps

The DAG structurepreserves all the independenciesamongsetsof randomvariablesand is

referredto asa Bayesiannetwork. The conceptof Bayesiannetwork canbe preciselystatedby

first definingthenotion of conditional independenceamongthreesetsof randomvariables.The

following definitionsandtheoremsappearin [5, 1] andareusedlaterin thispaperto prove thatthe

TC-LiDAG structureis aBayesiannetwork.

Definition 1: Let U= � α 	 β 	����� bea finite setof variablestakingon discretevalues.Let P ��� �
be the joint probability functionover thevariablesin U , andlet X, Y andZ be any threesubsets

(maybeoverlapping)of U . X andY is saidto beconditionallyindependentgivenZ if

P � x � y	 z� � P � x � z� whenever P � y	 z��� 0 (3.3)
1Probabilityof theeventXi � xi will bedenotedsimplyby P � xi � or by P � Xi � xi � .
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Following Pearl[5], wedenotethisconditionalindependency amongstX,Y, andZ by I � X 	 Z 	 Y � ;
X andY aresaidto beconditionallyindependentgivenZ. A dependency model,M, of a domain

shouldcaptureall thesetriplet conditionalindependenciesamongstthe variablesin that domain.

A joint probabilitydensityfunction is onesuchdependency model. The notionof independence

exhibitspropertiesthatcanbeaxiomatizedby thefollowing theorem[5].

Theorem 1: Let X, Y andZ bethreedistinctsubsetof U . If I � X 	 Z 	 Y � standsfor therelation

“X is independentof Y givenZ” in someprobabilisticmodelP, thenI mustsatisfythefollowing

four independentconditions:

I � X 	 Z 	 Y ��� I � Y	 Z 	 X � (3.4)

I � X 	 Z 	 Y  W ��� I � X 	 Z 	 Y � & � X 	 Z 	 W � (3.5)

I � X 	 Z 	 Y  W �!� I � X 	 Z  W	 Y � (3.6)

I � X 	 Z 	 Y � & I � X 	 Z  Y	 W �!� I � X 	 Z 	 Y  W � (3.7)

Next, weintroducetheconceptof d-separationof variablesin adirectedacyclic graphstructure

(DAG), which is the underlyingstructureof a Bayesiannetwork. This notion of d-separation is

thenrelatedto thenotionof independenceamongsttriple subsetsof adomain.

Definition 2: If X, Y andZ arethreedistinct nodesubsetsin a DAG D, thenX is saidto be

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

alongwhich thefollowing two conditionshold: (1) every nodeon thepathwith converging arrows

is in Z or hasadescendentin Z and(2) every othernodeis outsideZ.

Definition 3: A DAG D is saidto beanI-mapof adependency modelM if every d-separation

conditiondisplayedin D

correspondsto a valid conditionalindependencerelationshipin M, i.e., if for every threedis-

joint setof nodesX, Y andZ we have, " X �Z �Y �#� I � X 	 Z 	 Y � .
Definition 4: A DAG is a minimal I-map of M if noneof its edgescanbe deletedwithout

destroying its dependency modelM.

Note that every joint probability distribution function P over a set of variablesrepresentsa

dependency modelM, sinceit capturesall theconditionalindependencies.

Definition 5: Givenaprobabilitydistribution P on aset
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of variableU , aDAG D is calledaBayesianNetworkof P if D is a minimumI-mapof P.

Thereis anelegantmethodof inferring theminimal I-mapof P thatis basedon thenotionof a

Markov blanket andaboundaryDAG, whicharedefinedbelow.

Definition 6: A Markov blanket of elementXi $ U is ansubsetSof U for which I � Xi 	 S	 U �
S � Xi � andXi %$ S. A setis calledaMarkov boundary, Bi of Xi if it is aminimalMarkov blanket of

Xi, i.e. noneof its propersubsetssatisfythetriplet independencerelation.

Definition 7: Let M be a dependency modeldefinedon a setU � � X1 	����	 Xn � of elements,

andlet d beanordering � Xd1 	 Xd2 	����� of theelementsof U . Theboundarystrata of M relative to

d is anorderedsetof subsetsof U , � Bd1 	 Bd2 	����� suchthateachBi is aMarkov boundary(defined

above) of Xdi with respectto thesetUi �'& U � � � Xd1 	 Xd2 	����	 Xd ( i � 1) � , i.e. Bi is theminimal set

satisfyingBi & U andI � Xdi 	 Bi 	 Ui � Bi � . TheDAG createdbydesignatingeach Bi astheparentsof

thecorrespondingvertex Xi is calleda boundaryDAG of M relativeto d.

This leadsusto thefinal theoremthatrelatestheBayesiannetwork to I-maps,which hasbeen

provenin [5]. This theoremis the

key to constructinga Bayesiannetwork over multiple time slices(Dynamic BayesianNet-

works).

Theorem 2: Let M beany dependency modelsatisfyingtheaxiomsof independencelistedin

Eqs.3.4- 3.7. If graphstructureD is a boundaryDAG of M relative to orderingd, thenD is a

minimal I-mapof M.

3.3 Combinational circuit asa BayesianNetwork

Figure.3.1.(a)representsa simplecombinationalcircuit andtheDAG in Figure.3.1.(b)illus-

tratesits BayesianNetwork representation.Theconditionsfor a DAG structureto bea Bayesian

Network areasfollows,


 thepresenceof conditionallyindependentsetof randomvariablesin theprobabilisticmodel

P.


 thepresenceof d-seperationof randomvariablesin theDAG D.


 theDAG D shouldbetheminimal I-mapof theprobabilityfunctionP.
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Figure3.1.A simpleCombinationalCircuit

Thefollowing discussionis basedon thedefinitionsandtheoremspresentedin Section.3.2.

In theswitchingprobabilisticmodel,X5 is conditionallyindependentof X2 givenX3 andX4. In

theDAG structureillustratedin Figure.3.1.(b),from theconditionsof d-seperation,wecanclearly

point out thatX5 is d-seperatedfrom X2 by X3 	 X4.

Themethodof obtainingminimalI-mapof theprobabilisticfunction,sayP is basedonMarkov

blanket anda boundaryDAG. In theDAG structureillustratedin Figure.3.1.(b),consideringthe

randomvariableX5, S=X3,X4 is a Markov blanket, sincegivenX3,X4, X5 is independentof therest

of the randomvariablesin the domain. In the DAG structureillustratedin Figure.3.1.(b), the

boundarystrataof underlyingdependency modelover thedomainis givenby,

BM � �*� X1 	 X2 �+	'� X3 	 X4 �+	'� X2 �*� (3.8)

ThisclearlydepictsthattheDAG in Figure.3.1.(b)is aboundaryDAG.

Usingthesecharacteristicsit hasalreadybeenproved[5] that,if agraphstructureis aboundary

DAG of the dependency model, then the graphstructureis a minimal I-map of the dependency

model. Theseaspectscollectively prove that the DAG structurein Figure.3.1.(b) is a Bayesian

Network.
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Figure3.2.Timeslicemodelwith snapshotof theevolving temporalprocess[26]

3.4 Dynamic BayesianNetwork

The focusof this work is towardsthe realizationof sequentialcircuits asa graphicalproba-

bilistic model. Due to the feedbackprocessin sequentialcircuits they cannotbe representedas

a directedacyclic graph. So eventually they cannotbe modeledasa BayesianNetwork. Hence

we modelsequentialcircuit as time coupledBayesianNetworks which arealsocalleddynamic

BayesianNetworks.

Not only the digital circuits but mostof the commonprocessesneedto be observed at each

point of time andpossessdifferentprobabilisticdependenciesat different instantof time. Such

dynamicactivities arenormallyanalyzedat eachtime instantanda final outputis obtained.The

basicBayesianNetwork wasnot designedto handlesuchdynamicactivities. In thebeginningthe

researchers,whenthey startedformulatingBN in anew direction,they hadto resortto two identical

yet differentmodelsnamely, temporalanddynamic.Thetemporalmodelwasstatedto beasubset

of dynamicmodel,becauseit caresonly aboutthechangein timeandnotaboutthechangein state.

If asystemremainsin thesamestateatdifferenttime instants,thenit is a temporalmodel.If there

is changein statealongwith time, thenit is a dynamicmodel.

In the discussionaboutstructuringa Dynamic BayesianNetwork, one might resort to two

differentapproachesasshown in Figures.3.2.and 3.3..

Figure.3.2.representsa time slicedmodelwhereeachtime sliceconsistsof a sub-modelrep-

resentingthebelief network at a particularpoint of time or time interval. Theadjacenttime slices

aretemporallyconnected.Figure3.3.representsa temporalmodelwherethebelief network is du-

plicatedinto identicalsub-modelsover eachtime slicehowever thestatevariablesarenotallowed

to bedependentin onetimeslice.Hence,thestructureof Figure3.3.is not idealfor sequentialcir-

19



Figure3.3.Temporalmodelwith duplicatedtimeslices[26]

cuits. Theadventof theideaof time sliceshasformedthebasisof structuringa sequentialcircuit

into aBN.

As discussedbefore,DynamicBayesianNetwork (DBN) is a generalizationof Bayesiannet-

worksto handletemporaleffectsof anevolving setof randomvariables.Otherformalismssuchas

hiddenMarkov modelsandlineardynamicsystemsarespecialcases.Thenodesandthe links of

theDBN aredefinedasfollows. For any timeperiodor slice,ti , let adirectedacyclic graph(DAG),

Gti � � Vti 	 Eti � , representthe underlyingdependency graphicalmodel for the combinationalpart.

Thenthenodesof theDBN, V, is theunionof all thenodeseachtimeslice.

V �
n,

i � 1

Vti (3.9)

However, the links, E, of theDBN arenot just theunionof the links in the time-sliceDAGs,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 � (3.10)

whereXj � tk is the j-th nodeof theDAG for time slicetk. Thusthecompletesetof edgesE is

E � Et1  
n,

i � 2

� E � ti �-/ Eti 0 1 � ti � (3.11)
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Apart from the independenciesamongthe variablesfrom one time slice, we also have the

following independencemapovervariableacrosstimeslicesif weassumethattherandomvariables

representingthenodesfollow Markov property, which is truefor switching.

I 1'� Xj � t1 	����	 Xj � ti 0 1 �+	 Xj � ti 	'� Xj � ti � 1 	����	 Xi � ti � k �32 is true 4 i � 1 	 k � 1 (3.12)

3.5 Modeling SequentialCir cuit

As we have discussedbefore,dependency modelingof the underlyingswitching model for

sequentialcircuits can only be performedby a dynamicBayesianNetworks due the feedback.

In this section,we will discussspecificissueswith modelingthe Markov Blanket of individual

variablesandquantificationof dependencies.

The core ideais to expressthe switchingactivity of a circuit asa joint probability function,

which canbe mappedone-to-oneonto a BayesianNetwork, while preservingthe dependencies.

To modelswitchingat a line, we usea randomvariable,X, with four possiblestatesindicatingthe

transitionsfrom � x00 	 x01 	 x10 	 x11 � . For combinationalcircuits,directededgesaredrawn from the

randomvariablesrepresentingswitchingof eachgateinput to the randomvariablefor switching

at theoutputsof thatgate. At eachnode,we alsohave conditionalprobabilities,given thestates

of parentnodes.If theDAG structurefollows thelogic structure,i.e. we have a logically induced

DAG (LiDAG), thenit is guaranteedto mapall the dependenciesinherentin the combinational

circuit. However, sequentialcircuitscannotbehandledin thismanner.

3.5.1 Structur e

Let usconsidergraphstructureof a small sequentialcircuit shown in Fig. 3.4.(a). Following

logic structurewill not result in a DAG; therewill be directedcyclesdueto feedbacklines. To

handlethis,wedonotrepresenttheswitchingata line asasinglerandomvariable,Xk, but ratheras

asetof randomvariables,representingtheswitchingatconsecutive time instants,� Xk � t1 	����	 Xk � tn � ,
andthenmodelthelogicaldependenciesbetweenthemby two typesof directedlinks.

1. For any time instant,edgesareconstructedbetweennodesthat are logically connectedin

thecombinationalpartof thecircuit, i.e. without thefeedbackcomponent.Edgesaredrawn

21



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

Figure3.4.(a) Logically inducedgraphstructureof a sequentialcircuit. (b) TC-LiDAG represen-
tationof thesamecircuit. Nodesin thegraphsrepresentline switchings.
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from eachrandomvariablerepresentingswitchingactivity at eachinput of agateto theran-

domvariablerepresentingoutputswitchingof thegate.This givesus theLiDAG structure,

capturingthenon-sequentialnature.

2. We connectrandomvariablesrepresentingthe samestateline from two consecutive time

instants,Xs
k � ti � Xs

k � ti � 1
, to capturethetemporaldependenciesbetweentheswitchingsatstate

lines.Moreover, wealsoconnecttherandomvariablesrepresentingtheswitchingatprimary

input linesat consecutive times,Xp
k � ti � Xp

k � ti � 1
. This is doneto capturetheconstraintin the

primary line switchingbetweentwo consecutive time instants.For instance,if an input has

switchedfrom 0 � 1 at time ti , thenswitchingat thenext time instantcannotbe0 � 0.

Wecall thisgraphstructureasthetimecoupled,logically inducedDAG or TC-LiDAG.Fig. 3.4.(b)

shows the TC-LiDAG for the examplesequentialcircuit in Fig. 3.4. (a); we just show two time

sliceshere.Thedash-dotedgesshows thesecondtypeof edgesmentionedabove, which couples

adjacentLiDAGs. We have X2 as input andX1 as the presentstatenode. RandomvariableX6

representsthenext statesignal.Notethatthis graphis aDAG. Wenext prove thatthisTC-LiDAG

structureis aminimal representation,henceis adynamicBayesiannetwork.

Theorem 3: The TC-LiDAG structure,correspondingto the sequentialcircuit is a minimal

I-mapof theunderlyingswitchingdependency modelandhenceis adynamicBayesiannetwork.

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

one time ti, Xp � ti andXc � ti , where p is an input line to a gateandc is a output line to the same

gate,Xp � ti , appearsbeforeXc � ti in this orderingand(ii) therandomvariablesfor thenext time slice

t � i / 1� , � X1 � ti � 1 	����	 Xn � ti � 1 � appearaftertherandomvariablesat time sliceti .

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

representsswitchingof aninput signalline, thenits Markov boundaryis thevariablerepresenting

the sameinput in time slice Xp
i � ti 0 1

. If Xs
i � ti representsswitchingof a statesignal,thenits Markov

boundaryis thevariablerepresentingtheswitchingat theprevioustimesliceXs
i � ti 0 1

. And, sincethe

switchingof any gateoutputline is justdependenton theinputsof thatgate,theMarkov boundary

of avariablerepresentingany gateoutputline consistsof just thosethatrepresenttheinputsto that

gate.In theTC-LiDAG structuretheparentsof eachnodeareits Markov boundaryelementshence

the TC-LiDAG is a boundaryDAG. And, by Theorem2 the TC-LiDAG is a minimal I-map and
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thusa Bayesiannetwork (BN). Sincenodesandtheedgesin theTC-LiDAG definedover n time

slicescanbedescribedby Equation.3.9,andEquation.3.11,theTC-LiDAG is adynamicBayesian

Network (DBN).

3.5.2 Spatial DependencyQuantification

In TC-LiDAG, we have therandomvariablesthat representswitchingat eachsignalat a time

instantt which indicatesthetransitionsfrom 0 � 0 	 0 � 1 	 1 � 0 	 1 � 1.

In thissectionwewill discussthespatialedgesi.e. thedependenciesthatarisebetweensignals

in oneinstantof time. Directededgesaredrawn from therandomvariablesrepresentingswitching

of theinputsto therandomvariablefor switchingat theoutputof eachgate.Notethatthesedepen-

denciesdenotethespatialcorrelationsamongstthevariablesin onetime instant.Theconditional

probability of randomvariablerepresentingswitchingat an outputvariablegiven its parentsare

determinedpurelyfrom thelogical structures.

Theconditionalprobabilitiesof thelinesthataredirectly connectedby a gatecanbeobtained

knowing thetypeof thegate.For example,P � X3 � x01 �X1 � x01 	 X2 � x00 � will bealways0 because

if oneof theinputsof anAND gatemakesa transitionfrom 0 to 1 andtheotherstaysat 0 thenthe

outputdoesnot changeandhenceP � X3 � x01 �X1 � x01 	 X2 � x00 � � 0. A completespecification

of theconditionalprobabilityof P � x3 � x1 	 x2 � will have 43 entriessinceeachvariablehas4 states.

Theseconditionalprobability specificationsaredeterminedby the gatetype. Thus,for an AND

gate,if one input switchesfrom 0 to 1 andthe other from 1 to 0, the output remainsat 0. We

describetheconditionalprobabilityspecificationfor a two input AND anda two input AND gate

in Table3.1.. By specifyinga detailedconditionalprobabilitywe ensurethat thespatio-temporal

effect (first ordertemporalandhigherorderspatial)of any nodeareeffectively modeled.

It hasto benotedthatin a singleBayesianNetwork, thetemporaldependenciesarein general

not modeled.For combinationalcircuit, Bhanjaet al. [2] usedthestatesasfour possibletemporal

transitionsof asignal0 � 0, 0 � 1, 1 � 0, 1 � 1 to modelfirst ordertemporaldependencewhich

is sufficient for modelingzero-delaycombinationalcircuits. In next subsection,wewill discussthe

modelingissuespertainingto thehigherordertemporaldependencies.
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Table3.1.Conditionalprobabilityspecificationsfor theoutputandtheinput line transitionsfor two
input AND gate[2].

Two Input AND gate
P � Xout put �Xinput1 	 Xinput2 �

for Xout put � Xinput1 Xinput2

� x00 x01 x10 x11 � = =
1 0 0 0 x00 x00

1 0 0 0 x00 x01

1 0 0 0 x00 x10

1 0 0 0 x00 x11

1 0 0 0 x01 x00

0 1 0 0 x01 x01

1 0 0 0 x01 x10

0 1 0 0 x01 x11

1 0 0 0 x10 x00

1 0 0 0 x10 x01

0 0 1 0 x10 x10

0 0 1 0 x10 x11

1 0 0 0 x11 x00

0 1 0 0 x11 x01

0 0 1 0 x11 x10

0 0 0 1 x11 x11
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Table3.2.Conditionalprobabilityspecificationbetweenstateline switchingsat consecutive time
instants:P � xs

k � ti � 1 � xs
k � ti �

Xs
k � ti � 1 � Xs

k � 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

Table3.3.Generalexampleof switchingof a signalXk representingthevalueof thesignalat each
time instantt

Time Input Switching Input Switching
ti I1 X1 I2 X2

0 0 0 � 0 1 0 � 1
1 1 0 � 1 1 1 � 1
2 1 1 � 1 1 1 � 1
3 0 1 � 0 1 1 � 1
4 1 0 � 1 0 1 � 0
5 0 1 � 0 1 0 � 1
6 0 0 � 0 0 1 � 0
7 0 0 � 0 0 0 � 0

3.5.3 Temporal DependencyQuantification

The joint probability function is modeledby a Bayesiannetwork astheproductof thecondi-

tionalprobabilitiesdefinedbetweenanodeandits parentsin theTC-LiDAGstructure:P � xv �Pa � Xv �� .
Theseconditionalprobabilitiescanbeeasilyspecifiedusingthecircuit logic. Wedemonstratehan-

dling theinternallinesin theprevioussubsection.Therearetwo basictypesof conditionalproba-

bility specificationsfor thetemporaledgesbetween(i) primaryinput lines,and(ii) statelines.For

statelines,theconditionalprobabilitymodelsthelogic of abuffer, asshown in Table3.2..

Pleaseconsidertheexampleof an input patternin Table3.3.. Eachrow of the tableindicate

onetime instant,column2 and4 show theactualvaluesof thesignalsandcolumn3 and5 show

the correspondingswitchings. Note that the inputsarepurely independent,however, switchings

arenot. If switchingis 0 � 1 in row 2, it cannotbe0 � 0 in row 3. Henceunderpurelyrandom

input situations,switchingof a variablecantake only two values(say0 � 1, 0 � 0) out of four

statesin (t+1) givenoneparticularvalue(say0 � 0) at t.
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Table3.4.Conditionalprobabilityspecificationbetweenprimaryinput line switchingsat consecu-
tive time instants:P � xp

k � ti � 1 � xp
k � ti �

Xp
k � ti � 1 � Xp

k � 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

Hencefor primary input lines, the conditionalprobabilitiesmodelsthe switchingconstraints

betweentwo time instants,aslistedin Table3.4..For instance,if theprimaryline switchedfrom 0

to 1, thenat thenext time slicetheline caneitherswitchfrom 1 to 0 or remainat 1. Since,we are

consideringrandominputs,we distribute theprobabilitiesequally(with 0.5 probability)between

thetwo options.For correlatedinputs,theseconditionalprobabilitieswill have to beadjusted.
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CHAPTER 4

PROBABILISTIC INFERENCE

In the previous section,we discussedmodelingof sequentialcircuits as dynamicBayesian

Networks.Theattractive featureof thismodelingis thattheconditionalindependencerelationships

not only help in modelingcausalitybut is alsoan instrumentfor probabilisticinference. In this

section,we first discussoneof theexact inferenceschemesthatwe useto validateour modeling.

Theexact inferencesscheme,which is basedon local messagepassing,is presentlypracticalfor

smallcircuitsdueto computationaldemandson memory. For largecircuits,we resortto a hybrid

inferencemethodbasedon combinationlocalmessagepassingandsampling.

4.1 Exact Inference

Theexactinferenceschemeis basedon localmessagepassingona treestructure,whosenodes

aresubsets(cliques)of randomvariablesin theoriginalDAG [4, 9]. This treeof cliquesis obtained

from theinitial DAG structurevia a seriesof transformationsthatpreserve therepresenteddepen-

dencies.Theoriginal DAG is first convertedinto anundirectedMarkov graphstructure,which is

referredto asthemoral graph, modelingtheunderlyingjoint probabilitydistribution. This moral

graphis obtainedfrom the DAG structure,by addingundirectedlinks betweenthe parentsof a

commonchild node. Theseadditionallinks directly capturethedependenciesthatwereonly im-

plicitly representedin theDAG. In amoralgraph,everyparent-childsetform acompletesubgraph.

Dueto theundirected

natureof themoralgraph,someof the independenciesrepresentedin theDAG would belost,

resultingin a non-minimalrepresentation.Thedependency structureis, however, preserved. This

lossof minimal representationwill eventuallyresultin increasedcomputationaldemands,but does

not sacrificeaccuracy.

Next, achordalgraphis obtainedfrom themoralgraphby triangulatingit. Triangulationis the

processof breakingall cyclesin thegraphto becompositionof cyclesover just3 nodesby adding

additionallinks. To control thecomputationaldemands,thegoal is to form a triangulatedmoral

graphwith minimumnumberof additionallinks. Variousheuristicsexist for this. For instance,the
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30



X3 X1X7

Moralization

Triangularization

X17

To Present State Lines

X16

X12

X15

X10

X14

X13

X11 X9

X8

X6X4X5X2

Figure4.3.Triangulatedundirectedgraphstructureof s27.

31



C4 C10 C2

C9 C5C8

C7C6

C1 = {X8,X9,X14}
C2 = {X9,X14,X10,X13}
C3 = {X8,X14,X15}
C4 = {X8,X1}

 C5 = {X9,X13,X11}
C6 = {X11,X12,X7}
C7 = {X11,X3,X12}
C8 = {X9,X10,X4}

C9 = {X14,X15,X5}
C10 = {X8,X9,X6}
C11 = {X15,X16}
C12 = {X8,X15,X17}

C11 C12

C3

C1

Figure4.4.Junctiontreeof cliquesfor onetimeslicemodelof s27.

Bayesiannetwork inferencesoftwareHUGIN (www.hugin.com),which we usein this work, uses

efficientandaccurateminimumfill-in heuristicsto calculatetheseadditionallinks.

Cliquesof this chordalgraphform thenodesof the junction tree. The treestructureis useful

for local messagepassing. Given any evidence,messagesconsistof the updatedprobabilities

of the commonvariablesbetweentwo neighboringcliques. Global consistency is automatically

maintainedby constructingthe treein sucha way thatany two cliques,sharinga setof common

variables,shouldhave thesecommonvariablespresentin all thecliquesthat lie in theconnecting

pathbetweenthe two cliques. A junction treewith this propertycanbeeasilyobtainedfrom the

sameminimumfill-in heuristicalgorithmthatis usedto triangularizethegraph[2].

As anexampleof clique treeconstructionprocess,we considerthegatelevel circuit diagram

for s27,shown in Fig. 4.1..ThecorrespondingDAG Bayesiannetwork model,overonetimeslice,

is shown in Fig. 4.2..Wefirst illustratetheprocessonthispartialmodel.Theinferenceschemefor

thecompletedynamicBayesiannetwork model,ascapturedby theTC-LiDAG, would besimilar.

Themoralizedandtriangularizedform is shown in Fig. 4.3.. Thecliquetreeis shown in Fig. 4.4..

Oneinterestingfeatureof this exactmodelingis thatprobabilisticupdatingis really fastoncethe

compilationis performed,andhenceis useful for fast design-spaceexploration. The probabili-

ties arepropagatedthroughthe junction treejust by local message-passingbetweenthe adjacent

cliques. Let us considertwo neighboringcliquesto understandthe key featureof the Bayesian
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C10 = {X14b,X8b,X5b,X15b}
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C14 = {X11b,X11a,X17b,X3a}
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C18 = {X8a,X8b,X1b}
C19 = {X11b,X3a,X3b}
C20 = {X8a,X1b,X1a}
C21 = {X11a,X2b,X2a}

C22 = {X11b,X3b,X12b}
C23 = {X15b,X16b}
C24 = {X8b,X15b,X17b}
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C27 = {X11a,X2a,X7a}
C28 = {X15a,X16a}

Figure4.5.Junctiontreeof cliquesfor two timeslicesof s27.
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updatingscheme.Let two cliquesA andB have probabilitypotentialsφA andφB, respectively, ob-

tainedby multiplying theconditionalprobabilities,in theDAG basedBayesiannetwork, involving

the nodesin eachclique. Let S be the setof commonnodesbetweencliquesA andB. The two

neighboringcliqueshavetoagreeonprobabilitiesonthenodesetS, whichis termedtheirseparator.

To achieve this,we first computethemarginal probabilityof S from probabilitypotentialof clique

A andthenusethat to scaletheprobabilitypotentialof B. Thetransmissionof this scalingfactor,

which is neededin updating,is referredto asmessagepassing.New evidenceis absorbedinto

thenetwork by passingsuchlocal messages.Thepatternof themessageis suchthat theprocess

is multi-threadableandpartially parallelizable.Becausethejunctiontreehasno cycles,messages

alongeachbranchcanbetreatedindependentof theothers.

The final junction tree of cliquesfor the TC-LiDAG structureof s27 for two time slicesis

morecomplicated,asshown in Fig. 4.5.. Notice the increasednumberof cliques. In general,the

sizeof themaximalcliquewill increase.This resultin increasedmemoryrequirementto storethe

probabilitypotentialoverthenodesin thecliques;theincreaseis exponentialin themaximalclique

size.Thus,it is obvious that theexactmodelcannotbeusedfor largecircuits. Availablememory

would determinethemaximumcircuit sizethatcanbemodeledexactly. In this work, we usethis

inferenceonly for modelvalidationwith smallcircuits.

4.2 Hybrid Scheme

For largecircuits,ahybridscheme,specificallythepre-propagatedimportancesampling(EPIS)[22,

23], whichuseslocalmessagepassingandstochasticsampling,is appropriate.Thismethodscales

well with circuit sizeandis proven to converge to correctestimates.Theseclassesof algorithms

arealsoanytime-algorithmssincethey canbestoppedat any point of time to produceestimates.

Of course,theaccuracy of estimatesincreaseswith time. Theotherusefulmethodis Probabilistic

Logic Sampling(PLS)method.

The EPISalgorithmis basedon importancesamplingthat generatessampleinstantiationsof

the whole DAG network, i.e. all for line switching in our case. Thesesamplesare then used

to form the final estimates. This samplingis doneaccordingto an importancefunction. In a

Bayesiannetwork, theproductof theconditionalprobabilityfunctionsatall nodesform theoptimal
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importancefunction.LetX � � X1, X2 	����	 Xm � bethesetof variablesin aBayesiannetwork,Pa � Xk �
betheparentsof Xk, andE betheevidenceset.Then,theoptimalimportancefunctionis givenby

P � X �E � �
m

∏
k � 1

P � xk �Pa � xk 	 E � (4.1)

This importancefunctioncanbeapproximatedas

P � X �E � �
m

∏
k � 1

α � Pa � Xk �� P � xk �Pa � Xk �� λ � Xk � (4.2)

whereα � Pa � Xk �� � P � xk �E � � andλ � Xk � � P � E � � xk � , with E � andE � beingthe

evidencefrom above andbelow, respectively, asdefinedby thedirectedlink structure.Calcu-

lation of λ is computationallyexpensive andfor this, Loopy Belief Propagation(LBP) [27] over

theMarkov blanket of thenodeis used.Yuanetal. [23] provedthatfor apoly-tree,thelocal loopy

belief propagationis optimal. The importancefunctioncanbefurtherapproximatedby replacing

smallprobabilitieswith aspecificcutoff value[22].

This stochasticsamplingstrategy works becausein a BayesianNetwork the productof the

conditionalprobabilityfunctionsfor all nodesis theoptimal importancefunction. Becauseof this

optimality, thedemandon samplesis low. Wehave foundthatjust thousandsamplesaresufficient

to arrive at goodestimatesfor the ISCAS89benchmarkcircuits. Note that this samplingbased

probabilisticinferenceis non-simulative and is different from samplingsthat areusedin circuit

simulations.In the latter, the input spaceis sampled,whereasin our caseboth the input andthe

line statespacesaresampledsimultaneously, usinga strongcorrelative model,ascapturedby the

Bayesiannetwork. Due to this, convergenceis fasterandthe inferencestrategy is input pattern

insensitive.

ProbabilisticLogic Samplingdevelopedby Henrionin 1988is creditedto bethefirst stochastic

samplingmethodfor inferencingBayesianNetworks. In thismethodsamplingis performedin the

forward direction(fromparentsto children). In the circuit which is representedas a Bayesian

network eachnodeis selectedin top-down fashionandthey aresampled.While inferencingthe

Bayesiannetwork the samplesaregroupedinto setsandthe observed valuein eachsamplein a

setis comparedwith thecorrespondingevidencevalues. If they areinconsistentwith eachother
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the whole sampleset is discarded.The samemethodis repeatedwith eachsampleset. In the

selectedsamplesetthebelief distributionsarecalculatedby averagingthefrequencieswith which

the relevant eventsoccur. As comparedto the computationalmerits, this methodalsohassome

disadvantages.Sinceit is basedon forward sampling,the evidencethat have alreadyoccurred

cannotbe accounteduntil the correspondingvariablesaresampled.The occurrenceof unlikely

evidencecanresultin rejectionof largenumberof samplestherebyhinderingtheperformanceof

thismethod.
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CHAPTER 5

EXPERIMENT AL RESULTS

Wehave usedthesequentialcircuitsfrom theISCAS89benchmarksuiteto verify ourmethod.

To generatethe “ground truth” estimatesto compareagainstthe circuits were simulated,with

zerogatedelay, for 100,000testvectors.The root nodesof theTC-LiDAG representationof the

sequentialcircuits,whicharethestatelinesof thefirst timesliceandtheprimaryinput,needprior

probabilityspecifications.Thepriorsfor theprimaryinput linesin thefirst time-sliceof DBN were

chosento be equal,i.e. equallyprobableswitchingstates.A startupsimulationwith 50 random

testvectorswasperformedandthesestartupestimatesof thepresentstatelinesaregivento thefirst

time-sliceof theDBN. Theexactinferenceon the

TC-LiDAG structurewasdoneusingthecommerciallyavailableHUGIN software. And, we

useda tool named”GeNIe” [7] to implementthehybrid inferencestrategy basedon samplingand

loopy belief propagation(EPIS).The testswereperformedon a PentiumIV, 2.00GHz,Windows

XP computer.

First, we show someresultsthat validatesthe TC-LiDAG model. For this, we usethe s27

benchmarkcircuit. Table5.1. lists theswitchingestimatesat eachline in thecircuit ascomputed

by (i)

simulation,(ii) theexact inferenceschemebasedon treeof cliques,and(iii) thehybrid EPIS

scheme.We used10 time slicesfor theTC-LiDAG representation.Note theexcellentagreement

of theexactinferenceschemewith simulation,thusvalidatingthattheTC-LiDAG is capturingthe

highordertemporalandspatialcorrelations.Thehybrid inferenceschemealsoresultsin excellent

estimates,closeto theexactones.

Second,we presentresultson restof the ISCAS’89 circuits in the form of estimationerror

statistics,asshown in Table5.2.. We list both the averageerror, Eµ, andmaximumerror, Emax,

over all the nodes. We also list the percentageof nodeswith switchingerror above 2 standard

deviationsfrom themeanerror; this givesan ideaabouttheerrordistribution. The listedelapsed

timesareobtainedby the f timecommandin theWINDOWSenvironment,andis thesumof CPU,

memoryaccessand I/O time. TheTC-LiDAG structure,modelingthesequentialcircuits,used3
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Table5.1.Switchingprobabilityestimatesat eachline of thes27 benchmarkcircuit ascomputed
by 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

time-slicesandjust 1000samplingiterationswereusedfor thehybrid inferencescheme.We see

thatevenfor largerbenchmarkslikes5378themeanerroris extremelysmall.Themaximumerrors

for mostcircuits arealsolow, exceptfor s208	 s953 ands5378. However, thesemaximumerrors

seemto beisolatedto a few nodesasis seenfrom the low fractionof nodeswith errorabove 2σ.

In mostcases,only 5%of thenodesexceedthiserrorbound,exceptfor s208,whereweseethat%

of nodesin � Eµ / 2Eσ rangeis around9%. We alsofoundtheaccuracy of ourmodelis excellent

even for larger benchmarkcircuits like s15850(Eµ � 0.004),but at the expenseof computation

time (45minutes).

Third, we studytheeffectof varyingthemodelingandinferenceparameters,i.e thenumberof

time slicesmodeledby the TC-LiDAG andnumberof samplingiterationof thehybrid inference

scheme.In Table5.3.,we presentresultsbasedon 3000samplingiterations.The time slicesare

still restrictedto three. We seethat the averageof the meanerror estimatesfor ten benchmarks

is 0 � 006. The averagetime for estimationhas,of course,increased,from 6 � 66 secondsfor 1000

samplesto 9 � 48 secondsfor 3000samples.The averagemaximumerror is reducedfrom 0 � 086

to 0 � 083for thetenbenchmarks.Increasingthesamplingiterationsto 5000,shown in Table5.4.,
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Table5.2. Switching activity estimationerror statisticsbasedon TC-LiDAG modeling,using 3
timeslices,andhybridinferencescheme,using1000samples,for ISCAS’89benchmarksequential
circuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ / 2Eσ

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 10.060 8.33
s953 0.009 0.162 8.343 7.50
s1196 0.001 0.050 15.060 4.81
s1238 0.001 0.038 14.620 5.00
s1423 0.010 0.127 21.120 6.15
s5378 0.002 0.402 378.680 5.08

Table5.3. Switching activity estimationerror statisticsbasedon TC-LiDAG modeling,using 3
timeslices,andhybridinferencescheme,using3000samples,for ISCAS’89benchmarksequential
circuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ / 2Eσ

s27 0.023 0.085 0.063 5.88
s208 0.015 0.225 1.219 9.02
s382 0.002 0.094 3.625 5.49
s444 0.004 0.052 4.328 4.88
s526 0.003 0.058 6.359 2.31
s713 0.008 0.056 12.984 4.25
s820 0.003 0.047 14.172 5.45
s953 0.010 0.187 12.031 8.18
s1196 0.001 0.019 20.296 6.06
s1238 0.000 0.017 19.766 4.82
s1423 0.007 0.121 27.547 5.35
s5378 0.001 0.393 404.886 5.21
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Table5.4. Switching activity estimationerror statisticsbasedon TC-LiDAG modeling,using 3
timeslices,andhybridinferencescheme,using5000samples,for ISCAS’89benchmarksequential
circuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ / 2Eσ

s27 0.019 0.081 0.078 5.88
s208 0.015 0.211 1.672 9.02
s382 0.001 0.089 5.157 5.49
s444 0.004 0.052 6.110 3.41
s526 0.000 0.048 8.796 2.31
s713 0.006 0.044 16.891 9.62
s820 0.001 0.035 18.282 5.77
s953 0.009 0.171 15.765 7.73
s1196 0.001 0.022 25.546 5.35
s1238 0.000 0.017 25.609 5.55
s1423 0.009 0.131 33.000 5.48
s5378 0.001 0.389 432.908 5.11

Table5.5. Switching activity estimationerror statisticsbasedon TC-LiDAG modeling,using 3
and10 time slices,andhybrid inferencescheme,using1000samples,for ISCAS’89 benchmark
sequentialcircuits.

3 Timeslices 10 Timeslices
Circuits Eµ Emax Time(s) Eµ Emax 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

we get averagemeanerror of 0 � 005, maximumerror of 0 � 077 in 12� 39 secondson an average

for tenbenchmarks.Theseexperimentsshow that1000samplesaresufficient to achieve thebest

accuracy-time trade-off.

In Table5.5., we show the effect of consideringincreasednumberof time slicesin the TC-

LiDAG model; we consider10 slicesas opposedto 3. We observe that ten time slicesdo not

enhancethequalityof estimates.Thisshows thatthird ordertemporalmodelsaregoodenoughfor

ourbenchmarks.Interestingly, thisobservationmatcheswith theobservationsmadein [14, 16].

Table.5.6.givesthesimulationresultsof thesequentialcircuitsinferencedusingProbabilistic

Logic Sampling.Theseresultswereobtainedfor 3 time-slicemodelsof thesequentialcircuitswith
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Table5.6. Experimentalresultson switchingactivity estimationby DynamicBayesiannetwork
modelingfor ISCAS’89benchmarksequentialcircuits(3timeslicesand1000samples)usingLogic
Sampling[48]. Circuits Eµ Emax Time % of nodes

(s) 5 µ 6 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

1000samples.Themeanerrorandthemaximumerrorfor thecircuitsarealmostidenticalto those

of EPISmethod. The main advantageof this methodis clearly depictedthroughthe estimation

time. PLSmethodis, by anorderof magnitude,fasterthanEPISmethod.
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CHAPTER 6

CONCLUSION

We presenta unified graphbasedprobabilisticframework for switching activity estimation

methodthattakesinto accounthighorderspatio-temporaldependenciesthatarepresentin sequen-

tial circuits andcombinationalcircuits. To our knowledge,this is the first work that presentsa

completelyprobabilisticapproachto switchingestimationin sequentialcircuits.

We proved that a time coupled,logically induced,directedgraphstructure(TC-LiDAG) can

modelall theindependenciesandis aBayesiannetwork, describinga joint probabilitydistribution

over all the circuit line switchings,both stateandcircuit lines. This model is compact,minimal

anddependency preserving.

The TC-LiDAG structurealsoaffords efficient probabilisticinferenceschemes.We studied

both an exact inferencescheme,basedon the tree of cliques, and a scalablehybrid inference

scheme,basedon samplingandlocal messagepassing.We demonstratedthehigh quality of esti-

matesformedusingthismodelonISCAS’89benchmarkcircuits.Boththemeanandthemaximum

errorswerefoundto below. Themodelscaleswell to largecircuits.

Thepresentscopeof themodelis limited to thezero-delayscenario,whichwe planto address

in futurepossiblyby expandingthedomainof theswitchingrandomvariables.

In thischapter, we alsopresenttheattemptsthatled usto theTC-LiDAG models.

1. Our initial attemptwasto feedthe outputstateprobabilitiesbackto the input statestill it

converges. The convergencewas not a problem,however, the systemwas converging to

wrongvaluesasthetemporalandspatialdependencieswerelost in thefeedbackprocess.

2. To overcomethis, we actually unraveled the circuit for ten time slices. Eachtime slice

werefedby independentinputsandoutputstateline probabilitieswerefed to theinputstate

probabilitiesof thenext time slice. Therandomvariablesof interestwereswitchingat each

signals.Thismodelalsofailedastheinduceddependenceof theinputsandthepresentstates

arenotmodeledhere.
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3. Next, to model the input dependencies,we connectedinputs of all the time slicesby an

identity buffer to modeltheinducedspatio-temporaldependencies.Theerrorswerecloseto

40%.

4. Wemodeledthedependenciesbetweenrandomvariablesthatrepresentswitchingin theinput

betweentwo timeslicesaccuratelyandfor s27theerrorswerecloseto zero.

5. WeappliedtheCascadedBN approachproposedby Bhanjaet al. [3], andwe foundthatthe

estimatesdegeneratedueto theerrorfeedback.

6. We usedthe stochasticinferenceschemeusedby Ramaniet al. [47] for handling larger

ISCASbenchmarkandtheany-timeestimatesproducedaccurateresultsfor thebenchmarks.

Our futuredirectionwouldbeaddressingdelay, interconnectandcapacitanceestimationin this

problem.We intendto usethisunifiedframework alsoatRT level.
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