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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 sequen-

tial circuits, capturingboth spatio-temporalcorrelationsat internalnodesandhigherorder temporal

correlationsdue to feedback. Switchingactivity, oneof the key componentin dynamicpower dis-

sipation,is dependenton input streamsandexhibits spatio-temporalcorrelationamongstthesignals.

One canhandledependency modelingof switchingactivity in a combinationalcircuit by Bayesian

Networks[2] thatencapsulatestheunderlyingjoint probabilitydistribution functionexactly.

Wepresenttheunderlyingswitchingmodelof asequentialcircuit asthetimecoupledlogic induced

directedacyclic graph(TC-LiDAG), thatcanbeconstructedfrom thelogic structureandprove it to be

a dynamicBayesianNetwork. DynamicBayesianNetworksover n time slicesarealsominimal rep-

resentationof thedependency modelwherenodesdenotetherandomvariableandedgeseitherdenote

directdependency betweenvariablesat onetime instantor denotedependenciesbetweentherandom

variablesat differenttime instants.DynamicBayesianNetworksareextremelypowerful in modeling

higherordertemporalaswell asspatialcorrelations;it is anexactmodelfor theunderlyingconditional

independencies.Theattractive featureof thisgraphicalrepresentationof thejoint probabilityfunction

is thatnotonly doesit make thedependency relationshipsamongstthenodesexplicit but it alsoserves

asa computationalmechanismfor probabilisticinference.

We usestochasticinferenceenginesfor dynamicBayesianNetworks which provides any-time

estimatesandscaleswell with respectto sizeWe observe that lessthana thousandsamplesusually

converge to the correctestimatesand that threetime slicesaresufficient for the ISCAS benchmark

circuits.Theaverageerrorsin switchingprobabilityof 0 � 006,with errorstightly distributedaroundthe

meanerrorvalues,on ISCAS’89benchmarkcircuitsinvolving up to 10000signalsarereported.

iv



CHAPTER 1

INTR ODUCTION

Theability to form accurateestimatesof powerusage,bothdynamicandstatic,of VLSI circuitsis

animportantissuefor rapiddesign-spaceexploration.Switchingactivity is oneimportantcomponent

in dynamicpowerdissipationthatis independentof thetechnologyof theimplementationof theVLSI

circuit. Contribution to total power dueto switchingis dependenton the logic of the circuit andthe

inputsandwill bepresentevenif sizesof circuits reduceto nanodomain.Apart from contributing to

power, switchingin circuitsis alsoimportantfrom reliability pointof view andhencecanbeconsidered

to befundamentalin capturingthedynamicaspectsof VLSI circuits.

Amongdifferenttypesof VLSI circuits,switchingin sequentialcircuits,whichalsohappensto be

the mostcommontype of logic, arethe hardestto estimate.This is particularlydueto the complex

higherorderdependenciesin theswitchingprofile, inducedby thespatio-temporalcomponentsof the

maincircuit but mainly causedby thestatefeedbacksthatarepresent.Thesestatefeedbacksarenot

presentin purecombinationalcircuits. Oneimportantaspectof switchingdependenciesin sequential

circuits thatonecanexploit is thefirst orderMarkov property, i.e. thesystemstateis independentof

all paststatesgivenjust thepreviousstate.This is truebecausethedependenciesareultimatelycreated

dueto logic andre-convergence,usingjust thecurrentandlastvalues.

The complexity of switchingin sequentialcircuits arisedueto the presenceof feedbackin basic

componentssuchasflip-flops andlatches.The inputsto a sequentialcircuit arenot only theprimary

inputsbut alsothesefeedbacksignals.Thefeedbacklinescanbelookeduponasdeterminingthestate

of thecircuits at eachtime instant. Thestateprobabilitiesaffect thestatefeedbackline probabilities

that,in turn,affect theswitchingprobabilitiesin theentirecircuit. Thus,formally, givenasetof inputs

it at a clock pulseandpresentstatesst , thenext statesignalst � 1 is uniquelydeterminedasa function

of it andst . At thenext clock pulse,we have a new setof inputsit � 1 alongwith statest � 1 asaninput

to the circuit to obtainthe next statesignalst � 2, andso on. Hence,the statisticsof both spatialand

1
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Figure1.1.A Model for SequentialCircuit.

temporalcorrelationsat the statelines areof greatinterest. It is importantto be ableto modelboth

kindsof dependenciesin theselines.

Previous works [1, 2, 3] have shown that switchingactivity in a combinationalcircuit canbe ex-

actlyexpressedin aprobabilisticBayesianNetwork,whosestructureis alogic induceddirectedacyclic

graph(LiDAG). Suchmodelscaptureboththetemporalandspatialdependenciesin acompactmanner

usingconditionalprobability specifications.For combinationalcircuits, first order temporalmodels

aresufficient to completelycapturedependenciesunderzero-delay. Theattractive featureof thegraph-

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

dependenciesamongthenodesexplicit, but it alsoservesasa computationalmechanismfor efficient

probabilisticupdating. The LiDAG structure,however, cannotmodelcyclical logical structure,like

thoseinducedby thefeedbacklines. This cyclic dependenceeffectsthestateline probabilitiesthat,in

turn,effect theswitchingprobabilitiesin theentirecircuit.

In this work, we proposea probabilistic,non-simulative, predictive model of the switching in

sequentialcircuitsusingtimecoupledlogic inducedDAG (TC-LiDAG) structurethatexplicitly models

2



the higherorder temporalandspatialdependenciesamongthe feedbacklines. This is achieved by

couplingLiDAG representationsof thecombinationalcircuit from multiple time slices.Thenodesin

TC-LiDAG representswitchingrandomvariableat theprimaryinput,statefeedback,andinternallines.

Theserandomvariablesdefinedover four states,representingfour possiblesignaltransitionsat each

line whichare � 0 � 0 	 0 � 1 	 1 � 0 	 1 � 1� . Edgesof TC-LiDAG denotedirectdependency. Someof

themaredependencieswithin onetimesliceandtheconditionalprobabilityspecificationfor theseare

thesameasin LiDAG, i.e. they capturetheconditionalprobabilityof switchingat anoutputline of a

gategiventheswitchingat theinput linesof thatgate.Restof theedgesaretemporal,i.e. theedgesare

betweennodesfrom different time slices,capturingthe statedependenciesbetweentwo consecutive

timeslices.Weaddanothersetof temporaledgesbetweenthesameinputline attwo consecutiveslices,

capturingtheimplicit spatio-temporaldependenciesin theinput switchings.Temporaledgesbetween

justconsecutive slicesaresufficientbecauseof thefirst orderMarkov propertyof theunderlyinglogic.

Weprove thattheTC-LiDAG structureis aDynamicBayesianNetworks(DBN) capturingall spa-

tial andhigherordertemporaldependenciesamongtheswitchingsin asequentialcircuit. It is a

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

toredrepresentationof thejoint probabilitydistribution of theswitchingsat all thelinesin thecircuit.

DynamicBayesianNetworksareextremelypowerful graphicalprobabilisticmodelsthatencapsulates

HiddenMarkov Model (HMM) andLinearDynamicSystem(LDS) andhave beenemployedfor gene

matching[25], speechprocessing[24] andobject trackingbut their usein modelingVLSI eventsis

new. DynamicBayesianNetworksarebasicallyBayesianNetworksdefinedover multiple time slices.

Thesalientfeaturesof usingaDynamicBayesianNetworksarelistedbelow:

1. DBN exploits conditionalindependenceamongsttherandomvariablesof interestfor factoriza-

tion andreductionof representationof theunderlyingjoint probabilitymodelof switching.

2. Thereare learningalgorithmsthat canconstructor refineBayesianNetwork structures.This

featureis not utilized in our modelasthe structureof our model is fixed by the logic andthe

feedback.

3. The temporallinks model higher order temporaldependencies,while the non-temporallinks

modelshigherorderspatialdependencies.

3



4. Theseare powerful predictive modelsand henceworks extremely well for estimation. The

uniquenessof BayesianNetwork basedmodelingis thatevidencecanbeprovidedfor any node

not necessarilyjust at the inputs. In fact, this featureis usedin the probabilistic inference

schemesto make theresultsinput patterninsensitive.

5. Theinferencealgorithmscanbeparallelized,however, we donotexploit this in thispaper.

We considertwo inferencealgorithmsto form theestimatesfrom thebuilt TC-LiDAG representa-

tions: oneis anexact schemeandtheotheris a hybrid scheme.Theexact inferencesscheme,which

is basedon local messagepassing,is presentlypracticalfor small circuits dueto computationalde-

mandson memory. For large circuits,we resortto a hybrid inferencemethodbasedon combination

local messagepassingandimportancesampling.Notethatthis samplingbasedprobabilisticinference

is non-simulative andis different from samplingsthat arecommonlyusedin circuit simulations. In

the later, the input spaceis sampled,whereasin our caseboth the input andthe line statespacesare

sampledsimultaneously, usinga strongcorrelative model,ascapturedby theBayesiannetwork. Due

to this,convergenceis fasterandtheinferencestrategy is input patterninsensitive.

1.1 Contrib ution of the Thesis

1. This is thefirst andonly probabilisticmodelingframework thatcanbeusedto modelswitching

in both sequentialandcombinationalcircuits. This is the only completelyprobabilistic model

proposedfor sequentialcircuits.

2. In this thesis,we theoreticallyprove thattheunderlyingdependency modelof switchingactivity

is a dynamicBayesianNetwork as shown in Figure 3.4.c. The adoptedstrategy is not logic

unraveling. Switchingin every nodeis inherentlyconnectedwith theswitchingat thenext time

instant.If onewereto usejustunraveling, thentheconnectionbetweentimeslicesshouldreally

look likeFigure3.4.b. Whereas,thedynamicBayesiannetwork, beingaminimalrepresentation,

needsfewerconnectionsbetweentimeslicesasshown in Figure3.4.c.

3. Themostsignificantcontribution of this thesisis modelingdependenciesin the inputs. This is

crucial asconsecutive input patternsareactuallyrandom,however, while modelingswitching,

they would implicitly bedependentandquantifyingthisdependencewasnot trivial. Apart from

4



that,wecapturestatedependenciesbetweentwo consecutive timeandquantifythem.Thesetwo

classesof dependenciesareresponsibleandcrucialfor capturingaccuratehigherordertemporal

correlationsbetweentime stepsandsignificantlyaffect the ability to modelsequentialcircuit

switching.

4. Lastbut not the least,We usea non-partitionbasedstochasticinferenceschemethat (1) scales

very well and(2) canresultin anytime estimates.Ramaniet al. [47] recentlyintroducedthese

stochasticinferenceschemesto switchingestimationthat resultsin almostzero-errorestimates

in combinationalcircuits. We usethis inferencefor thedynamicBayesianNetworks. Partition-

basedinferenceproposedby Bhanjaetal. [3, 2] degenerates

as the error in one time slice is fed back into the next oneandpropagatesthroughthe entire

system.

1.2 Organization

Wediscussrelevant issuesandresearchwork in Chapter2. Thischapterdealsmostlywith statisti-

cal simulation-basedestimationtechniquesasour work is thefirst completelyprobabilisticapproach.

Next in Chapter3, we discussaboutthe fundamentalsof BayesianNetworks andthe modelingof a

combinationalcircuit into aBayesiannetwork. Thenwesketchthefundamentalsof dynamicBayesian

Networksandalsodescribethetime-coupled-LiDAG modelfor sequentialcircuits. We depictproba-

bilistic inferencein Chapter4 andpresentexperimentalresultsin Chapter5. Weconcludethepaperin

Chapter6.
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CHAPTER 2

PRIOR WORK

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

be themostcommontype of logic, arethehardestto estimate.Therearemany methodsthat handle

combinationalcircuit [11, 13, 8, 34, 37, 31, 32, 30, 1, 2, 33] by simulative andprobabilisticmethods.

Many of themcannotbedirectly appliedto sequentialcircuits.This is particularlydueto thecomplex

higherorderdependenciesin theswitchingprofile, inducedby thespatio-temporalcomponentsof the

maincircuit but mainly causedby thestatefeedbacksthatarepresent.Thesestatefeedbacksarenot

presentin purecombinationalcircuits. Oneimportantaspectof switchingdependenciesin sequential

circuits thatonecanexploit is thefirst orderMarkov property, i.e. thesystemstateis independentof

all paststatesgivenjust thepreviousstate.This is truebecausethedependenciesareultimatelycreated

dueto logic andre-convergence,usingjust thecurrentandlastvalues.

The complexity of switchingin sequentialcircuits arisedueto the presenceof feedbackin basic

componentssuchasflip-flops andlatches.The inputsto a sequentialcircuit arenot only theprimary

inputsbut alsothesefeedbacksignals.Thefeedbacklinescanbelookeduponasdeterminingthestate

of thecircuits at eachtime instant. Thestateprobabilitiesaffect thestatefeedbackline probabilities

that,in turn,affect theswitchingprobabilitiesin theentirecircuit. Thus,formally, givenasetof inputs

it at a clock pulseandpresentstatesst , thenext statesignalst � 1 is uniquelydeterminedasa function

of it andst . At thenext clock pulse,we have a new setof inputsit � 1 alongwith statest � 1 asaninput

to the circuit to obtainthe next statesignalst � 2, andso on. Hence,the statisticsof both spatialand

temporalcorrelationsat the statelines areof greatinterest. It is importantto be ableto modelboth

kindsof dependenciesin theselines.

Existing techniquesfor switching estimationin sequentialcircuits useinput patternsimulation.

Puresimulation[21] thoughaccurateareexpensive in termsof computationaltime andarestrongly

patterndependent.Almostall thestatisticaltechniquesin onewayor theotherhasemployedsequential

6



samplingof inputsalongwith a stoppingcriteriadeterminedby theassumedstatisticalmodel. These

methodsareweakly patterndependent,andrequiresspecialattentionfor modelingthe mutli-modal

power profile. Moreover successof thesemethodsrely greatlyon theknowledgeof exact input trace

eithergivenby theuseror generatedby aprobabilisticmodel.

In thischapter, wewill discussafew dominantmethodsfor powerestimationandbriefly gooverthe

only probabilisticmodelingeffort by Ghoshet al. [13]. Sincestateline statisticsareof greatconcern,

Tsui et al. [14] presentedanexactmethodusingChapman-Kolmogrov methodto estimateswitching

activity in sequentialcircuit stateline andcomparedit with anapproximatemethodwhich wasbased

oncalculatingthestateline probabilitiesby solvingasetof nonlinearequations.Theseequationswere

derivedfrom thenext statelogic. By doingthis they wereestimatingthestateline probabilitiesinstead

of stateprobabilities,therebyreducingthecomplexity of the problem. But theadverseeffect of this

methodis the inability to modelthespatialdependenciesamongthestatelines. Thesetof nonlinear

equations,givenin Equation.2.1,wereobtainedby consideringthesteadystateprobabilitiesfor state

linesandassumingthatinputprobabilitieswereknown.

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 thenumberof

flipflops.

In generaltheseequationswerewritten asY � P� 
 0 andP 
 G � P� . The approximatestateline

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

G � P� usingPicard-Peanomethod.

Theaccuracy of theestimatewasenhancedby unrolling thenext statelogic by someuserdefined

limit, asshown in Fig. 2.1.. This actually increasedthe numberof variablesandequations,thereby

increasingtheaccuracy.

Chenet al. [17] presenteda statisticaltechniqueto obtain upperand lower boundsof average

power dissipationin sequentialcircuits taking into accountthe signalprobabilitiesandsignalactivi-

7
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ties. Throughthis work theauthorsemphasizedthatuncertaintiesin primary inputscanleadto huge

uncertaintiesin power dissipation.Sothebasisof this work wasto find out power sensitivities dueto

primaryinputactivitiesandprobabilities.ThesecharacteristicswereobtainedusingEquations.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 primaryinput activity, ζP � xi � is normalizedpower

sensitivity to primaryinput probabilityanda j is normalizedactivity at node j.

Theinitial powerwasobtainedusingthesenormalizedvalues.Thenthesignalpropertiesof thepri-

maryinputswerechangedoneatatimeandthecircuit wasresimulated.Dueto thetediouscalculations

in this method,it is not suitablefor largecircuits.

Chouet al. [18] presenteda MonteCarlobasedstatisticaltechniqueto estimateswitchingactivity

in sequentialcircuits. In this work theauthorshave defineda setof statesto benear-closedsetif all

statesinside it have a very small probability to reachany stateoutsideit andvice versa. Onesuch

near-closedsetwasassumedto be the initial stateanda warmupsimulationperiodis appliedbefore

eachsamplelengthperiodto calculatetheprobabilityof theinitial near-closedset. In orderto obtain

a stoppingcriterion, thenumberof sampleswasincreasedandthesamplelengthwasreducedwhile

maintainingtheproductof thenumberof samplesandsamplelengthasa constant.By doingthis they

wereableto overcometheproblemof increasedsampledeviationwhenthesamplemeanwasstill close

to average.

Yuanet al. [16] presenteda statisticalsimulationmethodto estimateaveragepower dissipation

in sequentialcircuits. The flow chartof this methodis illustratedin Figure.2.2.. Sincea statistical

estimationmethodneedsrandomsamplesandthepower samplesfrom thesequentialcircuitsarenot

random,they proposeda methodto obtainrandompower samples.This methodincludeda coupleof

stepsnamelya randomnesstestandthedeterminationof anindependenceinterval. Theindependence

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

9



is 1 thenevery alternatesamplesarechosen)thushaving a randomsequenceof samples.At first with

an initial independenceinterval the sampleswerechosenandthey weretestedfor randomness.The

successof thetestresultedin acceptanceof theindependenceinterval asthesuitableone,andthefailure

resultsin incrementingthe interval and repeatingthe process. In the randomnesstest, a particular

sequenceof sampleswas consideredto be randomif it hasone or more successive occurrenceof

identicalsamplesfollowedor precededby differentsamples.Clusteringof identicalsamplesor mixing

of differentsamplesareconsideredto benonrandomsequenceof samples.

Murugavel etal. [21] proposedasimulationbasedwork for powerestimationin bothcombinational

andsequentialcircuitsusingPetriNet. They cameup with a new form of Petrinetcalledhierarchical

coloredhardwarePetrinet(HCHPN).

Najm et al. [12] proposeda logic simulationtechniqueto obtain the stateline probabilitiesand

furtheremployeda statisticalsimulationmethodfor power estimationin sequentialcircuits.Thelogic

simulationwasbasedontheMonteCarlomethodandit is employedontheregistertransferlevel (RTL)

of thecircuit.

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

statisticalsimulationmethod. Multiple copiesof a circuit were simulatedusing mutually indepen-

dentinput vectors,therebyobtainingmutually independentsamples.Thesimulationswerebasedon

Equation.2.4.

lim
k � ∞

Pk � xi �X0 � 
 P � xi � (2.4)

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

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

Stamoulis[15] proposedapathorientedMonteCarlomethodto estimatetransitionprobabilitiesin

sequentialcircuits. This work wasmainly focusedon thestatelines. Thetransitionprobabilitieswere

calculatedfor eachrandomlyselectedpathwith a randomlyselectedstateasits headwhile applying

randomvectorsto theprimary inputs. The transitionprobabilitiesover all thesepathswereaveraged

to obtainaverageswitchingprobabilitiesover thestatelines.

Kozhayaet al. [19] formulateda power estimationtechniquefor sequentialcircuitswherea setof

inputvectorswerechosenfrom alargevectorsetto obtainupperandlowerboundsof power. Theinput

10
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vectorswereseparatedinto blocksandeachblockwassimulatedto getcorrespondingupperandlower

boundsof power. A transitionfrom 0 � 1 or from 1 � 0 at theoutputwasaccountedfor upperbound

anda 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)

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 clockcyclek.

We presentthe researchwork donein sequentialcircuits in the taxonomydiagramshown in Fig-

ure 2.3.. As it canbe seenmostof the previous work, aresimulative andhencepatterndependent.

Ghoshetal. [13] proposedthefirst attemptfor modelingsequentialcircuitsprobabilistically, however,

they methodassumedmany independenceand henceinaccurate.This work is the first attemptfor

modelingthe sequentialcircuit probabilisticallycapturingall correlationsboth temporalandspatial

andwith reducedpatterndependenceof theestimates.

Bhanjaet al [1, 2] proposedBayesianNetwork basedmodelfor capturingfirst ordertemporaland

higherorderspatialdependencefor combinationalcircuit. Thiswork usesdynamicBayesianNetwork

basedmodelfor capturingthefeedbackeffect. Wediscussthefundamentalsandprobabilisticmodeling

issuesin thenext chapter.
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CHAPTER 3

DEPENDENCY MODELS FOR SEQUENTIAL CIRCUITS

In thischapter, wedevelopthedependency modelfor sequentialcircuits.Sequentialcircuits,aswe

know possessesall thechallengesof spatio-temporaldependency modelingthatis presentin combina-

tionalcircuits.Moreover, theadditionalhigherordertemporaldependenciesthroughthestatefeedback

contributesto directedcycles in the probabilisticmodel. Thesehigherorder temporaldependencies

not only make the representationcomplex but also inducesadditionalspatio-temporaldependencies

amongstthepresentstateandthepresentinputs.

In thischapter, wewouldfirst sketchthefundamentalsof BayesianNetwork andthenexplainsome

basicdefinitionsand theoremsthat are usedto structurea BayesianNetwork. In the next section,

we would presentthe fundamentalsof a DynamicBayesianNetwork followed by discussionabout

the structureof DynamicBayesianNetworks. We will concludethis chapterwith the modelingand

specificissuespertainingto sequentialcircuit emphasizingthe input dependenciesandquantification

of thetemporaledgesconnectingtheinputsin adjacenttime slices.

3.1 BayesianNetwork Fundamentals

BayesianNetwork is a graphicalprobabilisticmodelbasedon the minimal graphicalrepresenta-

tion of theunderlyingjoint probability function. Dueto theprobabilisticcausalnature,this graphical

model is directedandacyclic. On a whole a BayesianNetwork canbe definedasa directedacyclic

graph(DAG) whosenodesarerandomvariablesandedgesareprobabilisticdependencies.Thecondi-

tional independencethat is observed in theprobabilisticmodelis preserved in thegraphicalstructure

andmoreover noneof theedgesin thegraphcanberemovedwithout destroying theconditionalinde-

pendency relationshipsof theprobabilisticmodel.Thesefeaturesinduceanotionof minimal compact

representation.
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In acombinationalcircuit, theentireswitchingprofileof thecircuit canberepresentedasaunique

joint probabilityfunction.Thepriorsto this functionaretheprimaryinputs.Representationof combi-

nationalcircuitsasBayesianNetworkshasalreadybeenproposedby Bhanjaet al. in herdissertation

works[1], [2], [3].

A Bayesiannetwork is a directedacyclic graph(DAG) representationof theconditionalfactoring

of a joint probabilitydistribution. Any probabilityfunctionP � x1 	�������	 xn � canbewrittenas1

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

This expressionholds for any orderingof the randomvariables. In mostapplications,a variableis

usuallynot dependenton all othervariables.Therearelots of conditionalindependenciesembedded

amongthe randomvariables,which canbe usedto reorderthe randomvariablesandto simplify the

conditionalprobabilities.

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

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

joint probability functioncanbe representedasa directedacyclic graph(DAG), with nodes(V) rep-

resentingtherandomvariablesanddirectedlinks (E) from theparentsto thechildren,denotingdirect

dependencies.

3.2 Conditional IndependenceMaps

TheDAG structurepreservesall theindependenciesamongsetsof randomvariablesandis referred

to asaBayesiannetwork. Theconceptof Bayesiannetwork canbepreciselystatedby first definingthe

notionof conditional independenceamongthreesetsof randomvariables.The following definitions

andtheoremsappearin [5, 1] andareusedlater in this paperto prove that theTC-LiDAG structureis

aBayesiannetwork.

Definition 1: Let U= � α 	 β 	�������� be a finite setof variablestaking on discretevalues. Let P ��� � be

the joint probability functionover thevariablesin U , andlet X, Y andZ beany threesubsets(maybe
1Probabilityof theeventXi � xi will bedenotedsimplyby P � xi � or by P � Xi � xi � .
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overlapping)of U . X andY is saidto beconditionallyindependentgivenZ if

P � x � y	 z� 
 P � x � z� whenever P � y	 z��� 0 (3.3)

Following Pearl[5], we denotethis conditionalindependency amongstX, Y, andZ by I � X 	 Z 	 Y � ;
X andY are said to be conditionally independentgiven Z. A dependency model, M, of a domain

shouldcaptureall thesetriplet conditionalindependenciesamongstthe variablesin that domain. A

joint probabilitydensityfunctionis onesuchdependency model.Thenotionof independenceexhibits

propertiesthatcanbeaxiomatizedby thefollowing theorem[5].

Theorem1: Let X, Y andZ be threedistinct subsetof U . If I � X 	 Z 	 Y � standsfor the relation“X

is independentof Y given Z” in someprobabilisticmodelP, then I mustsatisfy the following 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, we introducethe conceptof d-separation of variablesin a directedacyclic graphstructure

(DAG), which is theunderlyingstructureof a Bayesiannetwork. This notionof d-separation is then

relatedto thenotionof independenceamongsttriple subsetsof adomain.

Definition 2: If X, Y andZ arethreedistinct nodesubsetsin a DAG D, thenX is said to be d-

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

which 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 said to be an I-map of a dependency modelM if every d-separation

conditiondisplayedin D correspondsto a valid conditionalindependencerelationshipin M, i.e., if for

every threedisjoint setof nodesX, Y andZ wehave, " X �Z �Y �#� I � X 	 Z 	 Y � .
Definition4: A DAG is aminimalI-mapof M if noneof its edgescanbedeletedwithoutdestroying

its dependency modelM.
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Notethatevery joint probabilitydistribution functionP over a setof variablesrepresentsa depen-

dency modelM, sinceit capturesall theconditionalindependencies.

Definition5: GivenaprobabilitydistributionP onasetof variableU , aDAG D is calledaBayesian

Networkof P if D is aminimumI-mapof P.

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

Markov blanket andaboundaryDAG, whicharedefinedbelow.

Definition6: A Markov blanketof elementXi $ U is ansubsetSof U for which I � Xi 	 S	 U � S � Xi �
andXi %$ S. A setis calleda Markov boundary, Bi of Xi if it is a minimal Markov blanket of Xi, i.e.

noneof its propersubsetssatisfythetriplet independencerelation.

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

let d beanordering � Xd1 	 Xd2 	������� of theelementsof U . Theboundarystrata of M relative to d is an

orderedsetof subsetsof U , � Bd1 	 Bd2 	������&� suchthateachBi is a Markov boundary(definedabove) of

Xdi with respectto thesetUi �(' U � 
 � Xd1 	 Xd2 	�������	 Xd ) i � 1* � , i.e. Bi is theminimalsetsatisfyingBi ' U

and I � Xdi 	 Bi 	 Ui � Bi � . TheDAG createdby designatingeach Bi as the parentsof the corresponding

vertex Xi is calleda boundaryDAG of M relativeto d.

This leadsus to the final theoremthat relatesthe Bayesiannetwork to I-maps,which hasbeen

provenin [5]. This theoremis the

key to constructinga Bayesiannetwork over multiple timeslices(DynamicBayesianNetworks).

Theorem 2: Let M be any dependency model satisfying the axiomsof independencelisted in

Eqs.3.4-3.7. If graphstructureD is aboundaryDAG of M relative to orderingd, thenD is aminimal

I-mapof M.

3.3 Combinational Cir cuit asa BayesianNetwork

Figure.3.1.(a)representsa simplecombinationalcircuit andtheDAG in Figure.3.1.(b)illustrates

its BayesianNetwork representation.The conditionsfor a DAG structureto be a BayesianNetwork

areasfollows,

1. thepresenceof conditionallyindependentsetof randomvariablesin theprobabilisticmodelP.

2. thepresenceof d-seperationof randomvariablesin theDAG D.
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Figure3.1.A SimpleCombinationalCircuit.

3. theDAG D shouldbetheminimal I-mapof theprobabilityfunctionP.

Thefollowing discussionis basedon thedefinitionsandtheoremspresentedin Section.3.2.

In theswitchingprobabilisticmodel,X5 is conditionallyindependentof X2 givenX3 andX4. In the

DAG structureillustratedin Figure.3.1.(b),from theconditionsof d-seperation,we canclearlypoint

out thatX5 is d-seperatedfrom X2 by X3 	 X4.

The methodof obtainingminimal I-map of the probabilisticfunction, sayP is basedon Markov

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

domvariableX5, S=X3,X4 is a Markov blanket, sincegivenX3,X4, X5 is independentof therestof the

randomvariablesin thedomain.In theDAG structureillustratedin Figure.3.1.(b),theboundarystrata

of underlyingdependency modelover thedomainis givenby,

BM 
 �+� X1 	 X2 �,	(� X3 	 X4 �,	(� X2 �+� (3.8)

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

Using thesecharacteristicsit hasalreadybeenproved [5] that, if a graphstructureis a boundary

DAG of thedependency model,thenthegraphstructureis aminimal I-mapof thedependency model.

Theseaspectscollectively prove thattheDAG structurein Figure.3.1.(b)is aBayesianNetwork.
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Figure3.2.TimeSliceModelwith Snapshotof theEvolving TemporalProcess[26].

3.4 Dynamic BayesianNetwork

Thefocusof this work is towardstherealizationof sequentialcircuitsasa graphicalprobabilistic

model. Due to the feedbackprocessin sequentialcircuits they cannotbe representedasa directed

acyclic graph.Soeventuallythey cannotbemodeledasaBayesianNetwork. Hencewemodelsequen-

tial circuit astime coupledBayesianNetworkswhicharealsocalleddynamicBayesianNetworks.

Not only thedigital circuitsbut mostof thecommonprocessesneedto beobserved at eachpoint

of time andpossessdifferentprobabilisticdependenciesat different instantof time. Suchdynamic

activities arenormallyanalyzedat eachtime instantandafinal outputis obtained.ThebasicBayesian

Network wasnot designedto handlesuchdynamicactivities. In thebeginning the researchers,when

they startedformulatingBN in anew direction,they hadto resortto two identicalyet differentmodels

namely, temporaland dynamic.The temporalmodel was statedto be a subsetof dynamicmodel,

becauseit caresonly aboutthechangein time andnot aboutthechangein state.If a systemremains

in thesamestateatdifferenttime instants,thenit is a temporalmodel.If thereis changein statealong

with time, thenit is adynamicmodel.

In thediscussionaboutstructuringaDynamicBayesianNetwork, onemight resortto two different

approachesasshown in Figures.3.2.and 3.3..

Figure.3.2. representsa time slicedmodelwhereeachtime slice consistsof a sub-modelrepre-

sentingthe belief network at a particularpoint of time or time interval. The adjacenttime slicesare

temporallyconnected.Figure3.3.representsa temporalmodelwherethebelief network is duplicated

into identicalsub-modelsovereachtimeslicehowever thestatevariablesarenotallowedto bedepen-

dentin onetimeslice.Hence,thestructureof Figure3.3.is not idealfor sequentialcircuits.Theadvent

of theideaof timesliceshasformedthebasisof structuringasequentialcircuit into aBN.
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Figure3.3.TemporalModelwith DuplicatedTimeSlices[26].

As discussedbefore,DynamicBayesianNetwork (DBN) is ageneralizationof Bayesiannetworks

to handletemporaleffectsof an evolving setof randomvariables.Otherformalismssuchashidden

Markov modelsandlineardynamicsystemsarespecialcases.Thenodesandthelinks of theDBN are

definedasfollows. For any time periodor slice,ti , let a directedacyclic graph(DAG), Gti 
 � Vti 	 Eti � ,
representthe underlyingdependency graphicalmodelfor the combinationalpart. Thenthenodesof

theDBN, V, is theunionof all thenodeseachtime slice.

V 

n-

i � 1

Vti (3.9)

However, thelinks, E, of theDBN arenot just theunionof thelinks in thetime-sliceDAGs,but also

includelinks 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 �10 Eti 2 1 � ti � (3.11)

Apart from theindependenciesamongthevariablesfrom onetimeslice,wealsohavethefollowing

independencemapovervariableacrosstimeslicesif weassumethattherandomvariablesrepresenting
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thenodesfollow Markov property, which is truefor switching.

I 3�� Xj � t1 	�������	 Xj � ti 2 1 �,	 Xj � ti 	(� Xj � ti � 1 	�������	 Xi � ti � k �54 is true 6 i � 1 	 k � 1 (3.12)

3.5 Modeling SequentialCir cuit

As we have discussedbefore,dependency modelingof the underlyingswitching model for se-

quentialcircuits canonly be performedby a dynamicBayesianNetworks duethe feedback.In this

section,we will discussspecificissueswith modelingtheMarkov Blanket of individual variablesand

quantificationof dependencies.

Thecoreideais to expresstheswitchingactivity of a circuit asa joint probabilityfunction,which

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

switchingataline,weusearandomvariable,X, with fourpossiblestatesindicatingthetransitionsfrom

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

representingswitchingof eachgateinput to the randomvariablefor switchingat the outputsof that

gate. At eachnode,we alsohave conditionalprobabilities,given the statesof parentnodes. If the

DAG structurefollows the logic structure,i.e. we have a logically inducedDAG (LiDAG), then it

is guaranteedto mapall thedependenciesinherentin thecombinationalcircuit. However, sequential

circuitscannotbehandledin thismanner.

3.5.1 Structur e

Let usconsidergraphstructureof a smallsequentialcircuit shown in Fig. 3.4.(a).Following logic

structurewill not resultin a DAG; therewill bedirectedcyclesdueto feedbacklines. To handlethis,

wedonotrepresenttheswitchingata line asasinglerandomvariable,Xk, but ratherasasetof random

variables,representingtheswitchingat consecutive time instants,� Xk � t1 	�������	 Xk � tn � , andthenmodelthe

logicaldependenciesbetweenthemby two typesof directedlinks.

1. For any time instant,edgesareconstructedbetweennodesthat are logically connectedin the

combinationalpartof thecircuit, i.e. without the feedbackcomponent.Edgesaredrawn from

eachrandomvariablerepresentingswitchingactivity at eachinput of a gateto therandomvari-
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Figure3.4.(a) A SimpleSequentialCircuit andits GraphicalModel. (b) Time UnraveledRepresenta-
tion. (c) TC-LiDAG Representation.
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ablerepresentingoutputswitchingof thegate.This givesustheLiDAG structure,capturingthe

non-sequentialnature.

2. We connectrandomvariablesrepresentingthe samestateline from two consecutive time in-

stants,Xs
k � ti � Xs

k � ti � 1
, to capturethetemporaldependenciesbetweentheswitchingsatstatelines.

Moreover, we also connectthe randomvariablesrepresentingthe switching at primary input

lines at consecutive times,Xp
k � ti � Xp

k � ti � 1
. This is doneto capturethe constraintin the primary

line switchingbetweentwo consecutive timeinstants.For instance,if aninputhasswitchedfrom

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

We call this graphstructureasthe time coupled,logically inducedDAG or TC-LiDAG. Fig. 3.4.(b)

shows theTC-LiDAG for theexamplesequentialcircuit in Fig. 3.4. (a); we just show two time slices

here. The dash-dotedgesshows the secondtype of edgesmentionedabove, which couplesadjacent

LiDAGs.WehaveX2 asinputandX1 asthepresentstatenode.RandomvariableX6 representsthenext

statesignal.Notethat this graphis a DAG. We next prove that this TC-LiDAG structureis a minimal

representation,henceis adynamicBayesiannetwork.

Theorem3: TheTC-LiDAG structure,correspondingto thesequentialcircuit is a minimal I-map

of theunderlyingswitchingdependency modelandhenceis adynamicBayesiannetwork.

Proof: Let us order the randomvariables � Xi � ti � , such that (i) for two randomvariablesfrom

onetime ti, Xp � ti andXc� ti , wherep is an input line to a gateandc is a output line to the samegate,

Xp� ti , appearsbeforeXc� ti in this orderingand(ii) therandomvariablesfor thenext time slice t � i 0 1� ,
� X1� ti � 1 	�������	 Xn � ti � 1 � appearaftertherandomvariablesat time sliceti .

With respectto this ordering,the Markov boundaryof a node,Xi � ti , is given as follows. If Xp
i � ti

representsswitchingof aninput signalline, thenits Markov boundaryis thevariablerepresentingthe

sameinput in time sliceXp
i � ti 2 1

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

is thevariablerepresentingtheswitchingat theprevious time sliceXs
i � ti 2 1

. And, sincetheswitchingof

any gateoutput line is just dependenton the inputsof that gate,the Markov boundaryof a variable

representingany gateoutputline consistsof just thosethatrepresenttheinputsto thatgate.In theTC-

LiDAG structuretheparentsof eachnodeareits Markov boundaryelementshencetheTC-LiDAG is

aboundaryDAG. And, by Theorem2 theTC-LiDAG is aminimal I-mapandthusaBayesiannetwork
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(BN). Sincenodesand the edgesin the TC-LiDAG definedover n time slicescanbe describedby

Equation.3.9,andEquation.3.11,theTC-LiDAG is adynamicBayesianNetwork (DBN).

3.5.2 Spatial DependencyQuantification

In TC-LiDAG,wehavetherandomvariablesthatrepresentswitchingateachsignalatatimeinstant

t which indicatesthetransitionsfrom 0 � 0 	 0 � 1 	 1 � 0 	 1 � 1.

In this sectionwe will discussthespatialedgesi.e. thedependenciesthatarisebetweensignalsin

oneinstantof time. Directededgesaredrawn from therandomvariablesrepresentingswitchingof the

inputsto the randomvariablefor switchingat theoutputof eachgate. Note that thesedependencies

denotethespatialcorrelationsamongstthevariablesin onetime instant. Theconditionalprobability

of randomvariablerepresentingswitchingatanoutputvariablegivenits parentsaredeterminedpurely

from thelogical structures.

The conditionalprobabilitiesof the lines that are directly connectedby a gatecan be obtained

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

if oneof the inputsof an AND gatemakesa transitionfrom 0 to 1 andthe otherstaysat 0 thenthe

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

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

conditionalprobabilityspecificationsaredeterminedby thegatetype. Thus,for anAND gate,if one

inputswitchesfrom0 to 1andtheotherfrom 1 to0, theoutputremainsat0. Wedescribetheconditional

probabilityspecificationfor a two input AND gatein Table3.1.By specifyinga detailedconditional

probabilitywe ensurethat thespatio-temporaleffect (first ordertemporalandhigherorderspatial)of

any nodeareeffectively modeled.

It hasto be notedthat in a singleBayesianNetwork, the temporaldependenciesare in general

not modeled. For combinationalcircuit, Bhanjaet al. [2] usedthe statesas four possibletemporal

transitionsof a signal0 � 0, 0 � 1, 1 � 0, 1 � 1 to modelfirst ordertemporaldependencewhich

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

modelingissuespertainingto thehigherordertemporaldependencies.

24



Table3.1.ConditionalProbabilitySpecificationsfor theOutputandtheInputLine 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
TimeInstantt.

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

Thejoint probability functionis modeledby a Bayesiannetwork astheproductof theconditional

probabilitiesdefinedbetweena nodeandits parentsin theTC-LiDAG structure:P � xv �Pa � Xv ��� . These

conditionalprobabilitiescanbeeasilyspecifiedusingthecircuit logic. We demonstratehandlingthe

internallines in theprevioussubsection.Therearetwo basictypesof conditionalprobabilityspecifi-

cationsfor thetemporaledgesbetween(i) primary input lines,and(ii) statelines. For statelines,the

conditionalprobabilitymodelsthelogic of abuffer, asshown in Table3.2..

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

time instant,column 2 and 4 show the actualvaluesof the signalsand column 3 and 5 show the

correspondingswitchings.Notethattheinputsarepurelyindependent,however, switchingsarenot. If

switchingis 0 � 1 in row 2, it cannotbe0 � 0 in row 3. Henceunderpurelyrandominputsituations,

switchingof a variablecantake only two values(say0 � 1, 0 � 0) out of four statesin (t+1) given

oneparticularvalue(say0 � 0) at t.
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Table3.4.ConditionalProbabilitySpecificationbetweenPrimaryInputLine SwitchingsatConsecutive
TimeInstants: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 switchingconstraintsbe-

tweentwo time instants,aslisted in Table3.4.. For instance,if the primary line switchedfrom 0 to

1, thenat thenext time slice theline caneitherswitchfrom 1 to 0 or remainat 1. Since,we arecon-

sideringrandominputs,we distribute theprobabilitiesequally(with 0.5 probability)betweenthetwo

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

PROBABILISTIC INFERENCE

In the previous section,we discussedmodelingof sequentialcircuits asdynamicBayesianNet-

works. The attractive featureof this modelingis that the conditionalindependencerelationshipsnot

only help in modelingcausalitybut is alsoan instrumentfor probabilisticinference.In this section,

we first discussoneof the exact inferenceschemesthat we useto validateour modeling. The exact

inferencesscheme,which is basedon local messagepassing,is presentlypracticalfor small circuits

dueto computationaldemandson memory. For largecircuits,we resortto a hybrid inferencemethod

basedoncombinationlocalmessagepassingandsampling.

4.1 Exact Inference

Theexactinferenceschemeis basedon localmessagepassingona treestructure,whosenodesare

subsets(cliques)of randomvariablesin theoriginal DAG [4, 9]. This treeof cliquesis obtainedfrom

the initial DAG structurevia a seriesof transformationsthat preserve the representeddependencies.

Theoriginal DAG is first convertedinto anundirectedMarkov graphstructure,which is referredto as

themoral graph, modelingtheunderlyingjoint probabilitydistribution. This moralgraphis obtained

from the DAG structure,by addingundirectedlinks betweenthe parentsof a commonchild node.

Theseadditionallinks directly capturethe dependenciesthat wereonly implicitly representedin the

DAG. In amoralgraph,every parent-childsetform acompletesubgraph.Dueto theundirected

natureof the moral graph,someof the independenciesrepresentedin the DAG would be lost,

resultingin a non-minimalrepresentation.The dependency structureis, however, preserved. This

lossof minimal representationwill eventuallyresultin increasedcomputationaldemands,but doesnot

sacrificeaccuracy.

Next, a chordalgraphis obtainedfrom the moral graphby triangulatingit. Triangulationis the

processof breakingall cycles in the graphto be compositionof cyclesover just 3 nodesby adding
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C10 = {X8,X9,X6}
C11 = {X15,X16}
C12 = {X8,X15,X17}

C11 C12

C3

C1

Figure4.4.JunctionTreeof Cliquesfor OneTimeSliceModelof s27.

additionallinks. To controlthecomputationaldemands,thegoalis to form a triangulatedmoralgraph

with minimumnumberof additionallinks. Variousheuristicsexist for this. For instance,theBayesian

network inferencesoftwareHUGIN (www.hugin.com),which we usein this work, usesefficient and

accurateminimumfill-in heuristicsto calculatetheseadditionallinks.

Cliquesof this chordalgraphform the nodesof the junction tree. The tree structureis useful

for local messagepassing.Given any evidence,messagesconsistof the updatedprobabilitiesof the

commonvariablesbetweentwo neighboringcliques. Globalconsistency is automaticallymaintained

by constructingthetreein suchaway thatany two cliques,sharinga setof commonvariables,should

have thesecommonvariablespresentin all the cliquesthat lie in the connectingpath betweenthe

two cliques.A junction treewith this propertycanbeeasilyobtainedfrom thesameminimumfill-in

heuristicalgorithmthatis usedto triangularizethegraph[2].

As anexampleof clique treeconstructionprocess,we considerthegatelevel circuit diagramfor

s27, shown in Fig. 4.1.. The correspondingDAG Bayesiannetwork model,over one time slice, is

shown in Fig. 4.2.. We first illustrate the processon this partial model. The inferenceschemefor

the completedynamicBayesiannetwork model, as capturedby the TC-LiDAG, would be similar.

The moralizedandtriangularizedform is shown in Fig. 4.3.. The clique tree is shown in Fig. 4.4..

One interestingfeatureof this exact modeling is that probabilisticupdatingis really fast oncethe

compilationis performed,andhenceis usefulfor fastdesign-spaceexploration. Theprobabilitiesare
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Figure4.5.JunctionTreeof Cliquesfor Two TimeSlicesof s27.
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propagatedthroughthe junction treejust by local message-passingbetweentheadjacentcliques.Let

us considertwo neighboringcliquesto understandthe key featureof theBayesianupdatingscheme.

Let two cliquesA andB have probabilitypotentialsφA andφB, respectively, obtainedby multiplying

theconditionalprobabilities,in theDAG basedBayesiannetwork, involving thenodesin eachclique.

Let Sbethesetof commonnodesbetweencliquesA andB. Thetwo neighboringcliqueshave to agree

onprobabilitiesonthenodesetS, whichis termedtheirseparator. To achieve this,wefirst computethe

marginalprobabilityof Sfrom probabilitypotentialof cliqueA andthenusethatto scaletheprobability

potentialof B. The transmissionof this scalingfactor, which is neededin updating,is referredto as

messagepassing.New evidenceis absorbedinto the network by passingsuchlocal messages.The

patternof themessageis suchthattheprocessis multi-threadableandpartiallyparallelizable.Because

thejunctiontreehasno cycles,messagesalongeachbranchcanbetreatedindependentof theothers.

The final junction treeof cliquesfor the TC-LiDAG structureof s27 for two time slicesis more

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

themaximalcliquewill increase.This resultin increasedmemoryrequirementto storetheprobability

potentialover thenodesin thecliques;theincreaseis exponentialin themaximalcliquesize.Thus,it

is obvious that theexactmodelcannotbeusedfor largecircuits. Availablememorywould determine

the maximumcircuit sizethat canbe modeledexactly. In this work, we usethis inferenceonly for

modelvalidationwith smallcircuits.

4.2 Hybrid Scheme

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

23], whichuseslocalmessagepassingandstochasticsampling,is appropriate.Thismethodscaleswell

with circuit sizeandis proven to converge to correctestimates.Theseclassesof algorithmsarealso

anytime-algorithmssincethey canbestoppedatany pointof timeto produceestimates.Of course,the

accuracy of estimatesincreaseswith time. The otherusefulmethodis ProbabilisticLogic Sampling

(PLS)method.

The EPISalgorithmis basedon importancesamplingthat generatessampleinstantiationsof the

wholeDAG network, i.e. all for line switchingin our case.Thesesamplesarethenusedto form the

final estimates.Thissamplingis doneaccordingto animportancefunction. In aBayesiannetwork, the
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productof theconditionalprobabilityfunctionsatall nodesform theoptimalimportancefunction.Let

X 
 � 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.Calculation

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

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

tion is optimal. Theimportancefunctioncanbefurtherapproximatedby replacingsmallprobabilities

with aspecificcutoff value[22].

This stochasticsamplingstrategy worksbecausein a BayesianNetwork theproductof thecondi-

tionalprobabilityfunctionsfor all nodesis theoptimalimportancefunction.Becauseof thisoptimality,

thedemandonsamplesis low. Wehavefoundthatjust thousandsamplesaresufficient to arriveatgood

estimatesfor the ISCAS89benchmarkcircuits. Note that this samplingbasedprobabilisticinference

is non-simulative and is different from samplingsthat areusedin circuit simulations. In the latter,

the input spaceis sampled,whereasin our caseboth the input andthe line statespacesaresampled

simultaneously, usinga strongcorrelative model,ascapturedby the Bayesiannetwork. Due to this,

convergenceis fasterandtheinferencestrategy is inputpatterninsensitive.

ProbabilisticLogic Samplingdevelopedby Henrionin 1988is creditedto be the first stochastic

samplingmethodfor inferencingBayesianNetworks. In this methodsamplingis performedin the

forwarddirection(fromparentsto children). In thecircuit which is representedasa Bayesiannetwork

eachnode is selectedin top-down fashionand they are sampled. While inferencingthe Bayesian

network thesamplesaregroupedinto setsandtheobservedvaluein eachsamplein a setis compared

with thecorrespondingevidencevalues.If they areinconsistentwith eachotherthewholesampleset
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is discarded.Thesamemethodis repeatedwith eachsampleset. In theselectedsamplesetthebelief

distributions are calculatedby averagingthe frequencieswith which the relevant eventsoccur. As

comparedto thecomputationalmerits,this methodalsohassomedisadvantages.Sinceit is basedon

forwardsampling,theevidencethathavealreadyoccurredcannotbeaccounteduntil thecorresponding

variablesaresampled.Theoccurrenceof unlikely evidencecanresultin rejectionof largenumberof

samplestherebyhinderingtheperformanceof thismethod.
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CHAPTER 5

EXPERIMENT AL RESULTS

We have usedthe sequentialcircuits from the ISCAS89benchmarksuite to verify our method.

To generatethe “ground truth” estimatesto compareagainstthe circuits weresimulated,with zero

gatedelay, for 100,000testvectors.Theroot nodesof theTC-LiDAG representationof thesequential

circuits, which arethe statelines of the first time slice andthe primary input, needprior probability

specifications.Thepriors for theprimary input lines in thefirst time-sliceof DBN werechosento be

equal,i.e. equallyprobableswitchingstates.A startupsimulationwith 50 randomtestvectorswas

performedandthesestartupestimatesof thepresentstatelinesaregiven to thefirst time-sliceof the

DBN. Theexactinferenceon the

TC-LiDAG structurewasdoneusingthecommerciallyavailableHUGIN software.And, weuseda

tool named”GeNIe” [7] to implementthehybrid inferencestrategy basedonsamplingandloopy belief

propagation(EPIS).ThetestswereperformedonaPentiumIV, 2.00GHz,Windows XP computer.

First, we show someresultsthatvalidatestheTC-LiDAG model. For this, we usethes27 bench-

markcircuit. Table5.1.lists theswitchingestimatesateachline in thecircuit ascomputedby (i)

simulation, (ii) the exact inferenceschemebasedon tree of cliques,and (iii) the hybrid EPIS

scheme.Weused10timeslicesfor theTC-LiDAG representation.Notetheexcellentagreementof the

exactinferenceschemewith simulation,thusvalidatingthattheTC-LiDAG is capturingthehighorder

temporalandspatialcorrelations.Thehybridinferenceschemealsoresultsin excellentestimates,close

to theexactones.

Second,wepresentresultsonrestof theISCAS’89circuitsin theform of estimationerrorstatistics,

asshown in Table5.2..Welist boththeaverageerror, Eµ, andmaximumerror, Emax, overall thenodes.

We alsolist thepercentageof nodeswith switchingerrorabove 2 standarddeviationsfrom themean

error; this gives an idea about the error distribution. The listed elapsedtimes are obtainedby the

f timecommandin theWINDOWSenvironment,andis thesumof CPU,memoryaccessandI/O time.

37



Table5.1.SwitchingProbabilityEstimatesateachLine of thes27BenchmarkCircuit asComputedby
Simulation,by theExactScheme,andby theHybrid EPISMethod.

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

TheTC-LiDAG structure,modelingthesequentialcircuits,used3 time-slicesandjust 1000sampling

iterationswereusedfor the hybrid inferencescheme.We seethat even for larger benchmarkslike

s5378themeanerror is extremelysmall. Themaximumerrorsfor mostcircuitsarealsolow, except

for s208	 s953 ands5378. However, thesemaximumerrorsseemto be isolatedto a few nodesasis

seenfrom thelow fractionof nodeswith errorabove 2σ. In mostcases,only 5% of thenodesexceed

thiserrorbound,exceptfor s208,whereweseethat% of nodesin � Eµ 0 2Eσ rangeis around9%. We

alsofoundtheaccuracy of ourmodelis excellentevenfor largerbenchmarkcircuitslikes15850(Eµ 

0.004),but at theexpenseof computationtime (45minutes).

Third,westudytheeffectof varyingthemodelingandinferenceparameters,i.e thenumberof time

slicesmodeledby theTC-LiDAG andnumberof samplingiterationof thehybrid inferencescheme.In

Table5.3.,we presentresultsbasedon 3000samplingiterations.Thetime slicesarestill restrictedto

three.We seethat theaverageof themeanerrorestimatesfor tenbenchmarksis 0 � 006. Theaverage

time for estimationhas,of course,increased,from 6 � 66 secondsfor 1000samplesto 9 � 48 secondsfor

3000samples.The averagemaximumerror is reducedfrom 0 � 086 to 0 � 083 for the ten benchmarks.

Increasingthesamplingiterationsto 5000,shown in Table5.4.,we getaveragemeanerrorof 0 � 005,
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Table5.2.SwitchingActivity EstimationErrorStatisticsbasedonTC-LiDAG Modeling,using3 Time
Slices,andHybrid InferenceScheme,using1000Samples,for ISCAS’89BenchmarkSequentialCir-
cuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ 0 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.SwitchingActivity EstimationErrorStatisticsbasedonTC-LiDAG Modeling,using3 Time
Slices,andHybrid InferenceScheme,using3000Samples,for ISCAS’89BenchmarkSequentialCir-
cuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ 0 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.SwitchingActivity EstimationErrorStatisticsbasedonTC-LiDAG Modeling,using3 Time
Slices,andHybrid InferenceScheme,using5000Samples,for ISCAS’89BenchmarkSequentialCir-
cuits.

Circuits MeanError Maximum Time(s) % of nodes
(Eµ) Error (Emax� (CPU+I/O) � Eµ 0 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.SwitchingActivity EstimationErrorStatisticsbasedonTC-LiDAGModeling,using3and10
TimeSlices,andHybrid InferenceScheme,using1000Samples,for ISCAS’89BenchmarkSequential
Circuits.

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

maximumerrorof 0 � 077in 12� 39 secondsonanaveragefor tenbenchmarks.Theseexperimentsshow

that1000samplesaresufficient to achieve thebestaccuracy-time trade-off.

In Table5.5.,we show theeffect of consideringincreasednumberof timeslicesin theTC-LiDAG

model; we consider10 slicesasopposedto 3. We observe that ten time slicesdo not enhancethe

qualityof estimates.Thisshowsthatthird ordertemporalmodelsaregoodenoughfor ourbenchmarks.

Interestingly, thisobservationmatcheswith theobservationsmadein [14, 16].

Table.5.6. gives the simulationresultsof the sequentialcircuits inferencedusing Probabilistic

Logic Sampling. Theseresultswereobtainedfor 3 time-slicemodelsof the sequentialcircuits with

1000samples.Themeanerrorandthemaximumerrorfor thecircuitsarealmostidenticalto thoseof
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Table5.6.ExperimentalResultsonSwitchingActivity Estimationby DynamicBayesiannetwork Mod-
eling for ISCAS’89 BenchmarkSequentialCircuits(3 Time Slicesand 1000 Samples)using Logic
Sampling[48]. Circuits Eµ Emax Time % of nodes

(s) 7 µ 8 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

EPISmethod.Themainadvantageof thismethodis clearlydepictedthroughtheestimationtime. PLS

methodis, by anorderof magnitude,fasterthanEPISmethod.
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CHAPTER 6

CONCLUSION

Wepresentaunifiedgraphbasedprobabilisticframework for switchingactivity estimationmethod

that takesinto accounthigh orderspatio-temporaldependenciesthatarepresentin sequentialcircuits

andcombinationalcircuits. To our knowledge,this is thefirst work thatpresentsa completelyproba-

bilistic approachto switchingestimationin sequentialcircuits.

Weprovedthata timecoupled,logically induced,directedgraphstructure(TC-LiDAG) canmodel

all theindependenciesandis aBayesiannetwork, describingajoint probabilitydistribution overall the

circuit line switchings,bothstateandcircuit lines. This modelis compact,minimal anddependency

preserving.

The TC-LiDAG structurealsoaffords efficient probabilisticinferenceschemes.We studiedboth

anexactinferencescheme,basedon thetreeof cliques,andascalablehybrid inferencescheme,based

on samplingandlocal messagepassing.We demonstratedthehigh quality of estimatesformedusing

this modelon ISCAS’89 benchmarkcircuits. Both themeanandthemaximumerrorswerefound to

below. Themodelscaleswell to largecircuits.

Thepresentscopeof themodelis limited to thezero-delayscenario,which we planto addressin

futurepossiblyby expandingthedomainof theswitchingrandomvariables.

In thischapter, we alsopresenttheattemptsthatled usto theTC-LiDAG models.

1. Our initial attemptwasto feedtheoutputstateprobabilitiesbackto the input statestill it con-

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

valuesasthetemporalandspatialdependencieswerelost in thefeedbackprocess.

2. To overcomethis,we actuallyunraveledthecircuit for tentime slices.Eachtime slicewerefed

by independentinputsandoutputstateline probabilitieswerefed to theinput stateprobabilities

of the next time slice. The randomvariablesof interestwereswitchingat eachsignals. This
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modelalsofailedastheinduceddependenceof theinputsandthepresentstatesarenotmodeled

here.

3. Next, to modeltheinput dependencies,we connectedinputsof all thetime slicesby anidentity

buffer to modeltheinducedspatio-temporaldependencies.Theerrorswerecloseto 40%.

4. We modeledthe dependenciesbetweenrandomvariablesthat representswitchingin the input

betweentwo timeslicesaccuratelyandfor s27theerrorswerecloseto zero.

5. We appliedthe CascadedBN approachproposedby Bhanjaet al. [3], andwe found that the

estimatesdegeneratedueto theerrorfeedback.

6. We usedthestochasticinferenceschemeusedby Ramaniet al. [47] for handlinglarger ISCAS

benchmarkandtheany-timeestimatesproducedaccurateresultsfor thebenchmarks.

Our future directionwould be addressingdelay, interconnectandcapacitanceestimationin this

problem.We intendto usethisunifiedframework alsoatRT level.
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