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GRAPHICAL PROBABILISTIC SWITCHING MODEL: INFERENCE AND
CHARACTERIZATION FOR POWER DISSIPATION IN VLSI CIRCUITS

Shiva Shankar Ramani

ABSTRACT

Power dissipationin a VLSI circuit posesa seriouschallengein presentandfutureVLSI design.

A switchingmodel for the datadependentbehavior of the transistorsis essentialto modeldynamic,

load-dependentactive power andalsoleakagepower in active mode- the two componentsof power

in a VLSI circuit. A probabilisticBayesiannetwork basedswitchingmodelcanexplicitly modelall

spatio-temporaldependency relationshipsin a combinationalcircuit, resultingin zero-errorestimates.

However, thespace-timerequirementsof exactestimationschemes,basedonthismodel,increasewith

circuit complexity [5, 24]. This work exploresa non-simulative, importancesamplingbased,proba-

bilistic estimationstrategy thatscaleswell with circuit complexity. It hastheany-timeaspectof simula-

tion and theinput patternindependenceof probabilisticmodels.Experimentalresultswith ISCAS’85

benchmarkshows orderof magnitudereductionin maximumerror, standarddeviation speciallyfor

largerbenchmarkswith significantlylow time. Wealsopresentanovel probabilisticmethodthatis not

dependentonthepre-specificationof input-statisticsor theavailability of input-traces,to identify nodes

thatarelikely to beleaky evenin theactivezone.Thiswork emphasizesonstochasticdatadependency

andcharacterizationof theinput space,targetingdata-dependentleakagepower. Thecentralthemeof

this work lies in obtainingtheposteriorinput datadistribution, conditionedon the leakageat anindi-

vidualsignal.Weproposeaminimal,causal,graphicalprobabilisticmodel(BayesianBelief Network)

for computingtheposterior, basedon probabilisticpropagationflow againstthecausaldirection,i.e.

towardsthe input. We alsoprovide two entropy-basedmeasuresto characterizetheamountof uncer-

taintiesin theposteriorinput spaceasanindicatorof thelikelihoodof theleakageof a signal.Results

on ISCAS’85 benchmarkshows that conclusive judgmentscanbe madeon many nodeswithout any

prior knowledgeabouttheinput space.
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CHAPTER 1

INTRODUCTION

1.1 Need for Low Power VLSI design

GordonMoore (Moore’s law) predictedan exponentialgrowth in the numberof transistorsper

squareinch, nearlydoublethe numbereachyearandfurther expectedthis trendto continuefor the

foreseeablefuture[Figure1.1.]. Thisdrasticincreasein chipdensity, togetherwith decreasein feature

sizeshavemadepowerdissipationamajorissuein VLSI circuits.Theincreasein devicedensityevery

yearalsodemandsfor high operatingfrequency. As a result,theamountof power disspatedperunit

areaor thepower densityis boundto increasewhich necessiatestheuseof costlypackagingandheat

sinksto keepthetemperaturelevelsof thechip within its limits. A stagehasreachedwerewe have to

startanalyzingour designsfor power apartfrom areaandspeedconstraintsfor betterimplementation.

This hasmadeLow Power Designthe focusof VLSI researchanddevelopmentover the lastdecade.

Anotherfactorthatdrivestheneedfor low power designis therapidly increasingdemandfor portable

electronicsystems,which imposessevererestrictionson its size,weightandpower. Batterylife plays

a major role whenit comesto makinga choiceof a particularportableelectronicitem. Thespecific

weight,which is thestoredenergy perunit weight,of a batteryis notexpectedto have a revolutionary

changethat meetswith the expandingapplicationsof portablesystems.Hence,estimationandopt-

mizationof a designfor power apartfrom areaandtime asconstraintsbecomesabsolutelynecessary

to meetwith thedemandsin portablesystemsdesign.

To summaraize,theneedfor low power designis dueto following reasons:

� Reducedbatterylife dueto highenergy consumedby VLSI circuits.

� Reducedreliability andspeeddueto increasein power dissipation.

� Increasedcosts dueto additionalpackagingandcoolingsystemto reducetemperature.

� Environmentalconcernsdueto unnecessaryenergy consumptionandheat.
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Figure1.1.GraphdepictingMoore’s Law [1].

1.2 Components of Power dissipation

This sectionis devoted to give an overview on varioussourcesof power dissipationin CMOS

circuits. Averagepower consumptionin CMOS circuits is dueto 2 components.They aredynamic

power andstatic(leakage)power. Averagepowercanbeexpressedby thefollowing equation

Pavg � Pdynamic � Pleakage (1.1)

1.2.1 Dynamic power dissipation

Dynamicpowerconsumptionarisesdueto frequentcharging anddischarging of theparasiticca-

pacitanceduring switching. So far, dynamicpower hasbeenthe dominantcomponentof power and

accountsfor about75%of thetotal power dissipation.Interestedreaderis directedto [3] for detailed

understandingon thederivationsfor dynamicpower.

If thecharging andthedischarging cycle takesplaceata frequency f , thetotalpowerdissipatedin

aninverteris givenas

Pdynamic � Es f � CLV
2 f (1.2)

2



TheaboveequationEquation.1.2is animportantequationin CMOSVLSI designrepresentingthe

dynamicpower dissipiationof a singlegatewith loadcapacitanceCL. In general,thetotal power of a

circuit with n gatesis givenas:

Pdynamic � ∑
i

CiV
2
i fi (1.3)

VoltageVi in theEquation.1.3 is samefor all gatesin acircuit and fi is thefrequency of switchingfor

a particulargate.FromtheEquation1.3,we cannoticethat thedynamicpower is directly dependent

on thefrequency of switching. Henceanactive circuit will dissipatemorepower thanan idle circuit.

Accurateestimationof dynamicpower requiresacarefulanalysisontheswitchingprofileof eachgate.

First part of this thesisis focussedtoward estimatingthe switchingactivity at gatelevel underzero

delayassumption.

Anothercomponentof power thatis causeddueto inputsignalswitchingis theshort-circuit power

consumption.This componentis dueto a directpathfrom Vdd to ground,whenbothnmosandpmos

conductfor ashortwhile duringswitching.Consideraninvertercircuit shown in theFigure1.2..When

the input signalswitches,a brief periodexists duringwhich both transistors,that is, nmosandpmos

conduct.Thereasonis, PMOSturnson if theinputsignallevel is below Vt p (PMOSthresholdvoltage)

whereasfor NMOS the input signal level hasto be above Vtn (NMOS thresholdvoltage),asshown

in Figure1.2., thuscausinga direct flow of currentfrom the voltagesourceto ground. The power

dissipatedduringtheinput signaltransitionphaseis referredto astheshortcircuit power andis given

by Equation.1.4 [4]

Pshort � K
β
12

�
Vdd � 2VT � 3 f τ (1.4)

β is thegainfactorof aMOStransistor, VT is thethresholdvoltage,andτ is therise/fall timeof thegate

inputs.Shortcircuit power accountsfor 10%of theoverall power dissipationandis usuallynot taken

into considerationduringlow powerdesign.Factorsthataffect shortcircuit poweraregivenbelow:

� Theslopeanddurationof theinput signal.

� Theoutputloadingcapacitance.

� It alsodependson processtechnology, temperature,etc.

3
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DynamicandShortcircuit power dissipationdependon the switchingacticity andhencein idle

state(switchingactivity is zero)thecircuit shouldactuallynot consumeany power. In reality, thereis

anothercomponentcalledleakagepower thatcausespower dissipationin thesleepor staticmode.

1.2.2 Leakage power dissipation

Secondcomponentof power dissipationis the Static leakage power consumption. The reason

for this typeof dissipiationcanbeattributedto reversebiasdiodeleakage,sub-thresholdleakage,gate

oxidetunneling,leakagedueto hotcarrierinjection,Gate-InducedDrainLeakage(GIDL), andchannel

punchthrough.Notethat this typeof power dissipationdependson thelogic statesof a circuit thanits

switchingactivites.Currently, powerdissipateddueto leakageis not significantlyhighbut is expected

to increaseby year2005asthetechnologymovestowardsnanodimensions.Thetotal leakagepower

dissipationis givenby Equation1.5.

Pleakage � �
Idiode � Isubthreshold � Ioxide� tunneling � Ihot � carrier � IGIDL � Ichannel� punchthrough�	�Vdd (1.5)

1. Reverse BiasedPN-junction
�
I1 � : The diode leakageis due to the formationof PN junctions

betweensourceor drainof thetransistorandthebulk (substrate).Leakagecurrentflowsfrom the

junctionto thesubstratewhenthediodeis reversebiased.Themagnitudeof thecurrentdepends

onprocessparameters,areaof thePNjunction,biasvoltage,andtemperature.Equation1.6gives

diodeleakagecurrent.

Idiode � �
Is 
 � eV � Vth � 1��� (1.6)

4



� Is is thereversesaturationcurrentandit is dependenton temperature.Is doublesfor every

tendegreeincreasein temperature.

� Vth is thethermalvoltage,which is givenby kT 
 q.

The reversesaturationcurrentIs is of the orderof 1 � 5pA
 µm2. Note that the diodeleakage

currentoccursevenduringstand-bymode,thatis, whenthereis noswitching.Hence,thepower

disspationdueto thismechanismwill haveasignificantimpactonalargechipcontainingseveral

million transistors.

Note that for heavily dopedp andn regions,theBTBT(bandto bandtunneling)dominatesthe

diodeleakage[15]. High field acrossthereversebiasedpn junctioncausesa significantflow of

electrons,by thetunnelingprocess,from thevalencebandof thep-region to theconductionband

of then-region.

2. SubthresholdChannelLeakage
�
I2 � : The primary contributor to leakagepower is the sub-

thresholdor weak inversionconductioncurrent. Strictly speaking,whena transistoris in off

state,thereshouldnot beany currentin thechannel.But in reality, thereis a non-zerocurrent

flowing throughthechannelasshown in Figure1.3..Hencethetermsub-thresholdleakageasit

occursat a voltagelevel well below thegatevoltage.As thedevice dimensionscalesdown, the

power contributed by sub-thresholdleakagebecomesenormousandit exhibits an exponential

dependenceon thegatevoltage.Subthresholdcurrentis givenby equation1.7.

Isubthreshold � �
I0 
 � e

�
Vgs� Vt ��

αVth � � (1.7)

� Vt is thethresholdvoltage.

� I0 is thecurrentwhenVgs � Vt .

� α is aconstantdependenton thedevice fabricationprocess.

Sub-thresholdcurrentdependson fabricationprocess,temperaturevariations,andgatevoltage.

DIBL Drain InducedBarrier Loweringoccurswhenthe drain depletionregion interactswith

thesourcenearthechannelsurface,thusloweringthesourcepotentialbarrier. For shortchannel

devices,whenthedrainvoltageis increased,it lowersthebarrierheight,resultingin decreaseof

5
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Figure1.3.Leakagecurrentmechanismin deep-submicron[14].

thresholdvoltage.Thesourcetheninjectscarriersinto thechannelwithout the influenceof the

gatebias,thusincreasingthesubthresholdcurrent[14].

3. GateOxideTunneling
�
I3 � : As thedevicesizeshrinks,thereis acorrespondingreductionin gate

oxidethickness.Thisprocessresultsin asignificantincreasein theelectricfield acrossthegate.

The high electricfield togetherwith low gateoxide thicknessresultsin tunnelingof electrons

from thesubstrateto gateandalsofrom gateto substratethroughthegateoxide[14]. The two

forms of tunnelingacrossthe gateoxide are,namely, Fowler-NordheimTunnelingandDirect

Tunneling.

4. Hot Carrier InjectionfromSubstrate to GateOxide
�
I4 � : Shortchanneldevicesaresusceptible

to carrierinjectioninto thegateoxide,dueto high electricfield nearthesilicon-oxideinterface.

Electronsor holesgainsufficient energy to crossthe interfacebarrierandenterthegateoxide.

This effect is calledashot-carrierinjection[14].

5. GateInducedDrain Leakage
�
I5 � : GIDL is dueto thehighelectricfield in thegate/drainoverlap

region of a transistor. WhentheMOSis in theaccumulationregion,surfaceunderneaththegate

behaveslikeaheavily dopedregion thanthesubstrate,it causesthedepletionlayerat thesurface

to bemuchnarrower thanelsewhere.This form of leakageoccursat ahigh drainbiasandlower

gatebias.Then+ drainregionunderthegatebecomesdepletedandsometimesinvertedata low

gatebias. For minority carriersthe substrateis at a lower potential,hencethe carrierscaught

in thedepletionregion beneaththegatearesweptto thesubstrate.This effect is known asthe

6



GateInducedDrain Leakage.Lightly dopeddrain,highVDD andthin oxide thicknessenhance

GIDL [14].

6. Punchthrough
�
I6 � : In shortchanneldevices,theseperationbetweenthesourceanddraindeple-

tion layersreduceswith acorrespondingincreasein thereversebias(Vds) voltage.At asufficient

drainvoltage,thedepletionlayerstouchor mergedeepbelow thesurfacecausingpunchthrough.

Sincetheregion nearthesilicon surfaceis heavily doped(for a thresholdadjustimplant),there

is agreaterexpansionof thedepletionlayerdeepbelow thesurface(dueto lessdoping)ascom-

paredto thesurface.Thus,punchthroughoccursdeepbelow thesurface[14].

In this section,we discussedaboutthe two componentsof power, namely, dynamicandleakage.

As we move towardsthenano-domain,dynamiccomponentaswell asthe leakagecomponentof the

power is expectedto have a steadyincreasemainly dueto the increasein numberof transistorsper

chip. Thetotal power (Pt) expendedin a circuit canbeexpressedasthesumof individual gatepower

(Ptg), which in turn canbebrokenup into switchingandleakagecomponents[61].

Pt � ∑gPtg � Pdg � Psg

� 0 � 5α fclkV2
ddCload� wire � � 1 � α � ∑i Pleak� iβi

(1.8)

� Vdd is thesupplyvoltage.

� fclk is theclock frequency.

� Cload is loadcapacitance.

whereα denotesthe activity of the node,and β is the probability of remainingin a dominant

leakagestate(namelysignalat 0 or 1). Note thatβ aswell asα is dependenton theswitchingstates

of theinputsandthephysicalparameters.Thus,totalpower is a functionof theinput switchingstates,

andthedevice parameters.

As indicatedin [57], dynamicpower (indicatedas Pdynamic) will be 90% of the total power if

switchingactivity (averagenumberof switchingsin aclockcycle)ismorethan0.1.Furtherfrom[7], by

theyear2005theleakagecomponentof power, Pleakage, startsdominatingtheoverallpowerdissipation.

Reliability andperformanceof acircuit degradeswith excessiveaveragepowerconsumption,requiring

7
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Figure1.4.Accuracy vs.speedof powerestimationatvariouslevels[3].

theuseof costlypackagingandheatsinksto controltemperature.Hence,accurateestimationof power

during theearlydesignphasessuchasat transistor, logic, architecturalor evenbehavioral levels will

reducecomplicated,expensive designchangesat laterstagesdueto power dissipationconsiderations.

Thus,modelingandestimationof switchingactivitiesaswell asleakagepower remainto beimportant

problemsin low-powerdesign.Estimationof powerhasbeenperformedatvariouslevelsof abstraction,

namelybehavioral level, RT level, gatelevel, circuit level etc.,so that optimizationof designcanbe

performedat eachlevel beforesynthesizingto the lower levels. As depictedin Figure1.4., higher

the level of abstraction,fasteris the speedof estimationbut with low accuracy. The reasonis, at a

higherlevel thedesignerdoesnot have enoughknowledgeabouttheinternalsof a module,that is, the

implementationdetailsof a module.This thesispresentsmethodsto estimatethedynamiccomponent

of power aswell as leakagecomponentof power at the gate level. At this level sincewe know the

logic structure,we caneasilyestimatethegatecapacitanceandthemajorchallengelies in estimating

switchingactivity (0t � 11t � 1t � 10t ) andthe dominantleakagestate(0t � 10t � 1t � 11t ). Later in the same

section,we introduceazero-errorcompactswitchingmodelfor poweranalysis.

Thechallengesin dynamicpower estimationlies in assessingthe loadcapacitanceandswitching

activity sincethesupplyvoltageandclock frequency areknown to thedesigners.Switchingactivity is

thenumberof transistionsthata node(input or output)makesperclock cycle. Theswitchingactivity

of a nodeis affectedby variousfactorssuchas the connectivity of the circuit, the input statistics,

thecorrelationbetweennodes,thegatetype,andthegatedelays,thusmakingtheestimationprocess

a complex procedure. The correlationsamongthe nodesaffect switching activity and it hasbeen

observedthatmodelsthatdid notaccountfor nodecorrelationsyield lessaccuracy. Thereareplethora

of techniquesavailable to estimateswitchingactivity namely, simulation,statisticalsimulation,and

8
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Figure1.5.Two differentsignalshaving identicalfrequency [3].

probabilistictechniques.Section1.3 givesa brief introductionto the fundamentalsof simulative and

probabilisticpower analysistechniques.

1.3 Power Analysis Techniques

The ideabehindsimulation-basedapproachesis to mimic the circuit behavior over time. Simu-

lation softwarerecordsthe precisetime instantat which a signalevent occurs. However, simulation

techniquesarestonglyinput patterndependent. To completelysimulatea circuit for all possibleinput

vectorsis impossibleas the input vectorsdependon the chip in which the moduleis beingplaced.

Hence,for large circuits estimatingswitchingactivity throughsimualtionis computationallyexpen-

sive. Note thatsimulationtechniquesareaccurate,andtechnologyindependent.In probability-based

approaches,signalsareconsideredasrandomzero-oneprocess.Weno longerknow theexactinstants

at which the logic signaldoesits transition. Note that to estimatethe frequencyof a signal,thereis

no needto know the exact time of switching, that is, it is sufficient to recordthe numberof transi-

tions. For example,in Figure1.5.,althoughthesignalsappeardifferent,thenumberof signalevents

or transitionsis identical,whichmeansthefrequency of thesignalsremainthesame.Hence,for some

purposes(computingpower), thetwo signalsin Figure1.5.remainindistinquishable.Thereforeexact

characterizationof asignalby capturingall its historyto studypower is inefficient andcumbersome.

The problemof input patterndependencecanbe solved if we capturea few essentialstatistical

parametersof a signal. This way we canconstructa compactdescriptionof a signalandanalyzeits

effect on a circuit. By describingtheprimary input signalsusingthecharacteristicquantitieslike sig-

9



Table1.1.Probabilisticswitchingactivity estimationtechniques.

Canit handle
Methods Temporal Spatio- Input Speed Accuracy-Time

Corr.? TemporalCorr.? Corr.? trade-off
order � 1 (any-time

aspect)

CREST[27] Yes No Approx. Fast No
DENSIM[26] Yes No No Fast No
OBDD [28] Yes Yes No Slow No
TPS[35] Yes No Approx. Moderate-

Fast
No

Marculescu
etal. [56]

Yes No Approx. Slow No

Schneideret
al. [55]

Yes No No Moderate-
slow

No

Marculescu
etal. [29]

Yes No Approx. Moderate-
slow

No

Bhanja et
al. [5, 24]

Yes Yes Approx. Fast No

Thisthesis Yes Yes Approx. Fast Yes(zero-error)

nal probability, transitiondensity, etc, andpropagatingthe effectsof thesequantitiesto the internal

nodesandoutputof thecircuit, we canstudythepower from thecollective influenceof all the logic

signals. However the propagationof the signalslargely dependon the probabilistic modelused. As

statedbefore,accurateestimationof switchingactivity requirescompletedetailsonsignalcorrelations.

But mostof theprobabilisticmodels(discussedin Chapter2) do not considerthecorrelation(assume

temporaland/orspatialindependence)amongthenodes,asshown in Table1.1.Hence,they resultin

inaccurateestimates.It hasbeenestablishedthatfor zero-delaymodelof acombinationalcircuit, only

first ordertemporalcorrelationis exhibited[54], becausesignalspossessfirst orderMarkov property.

Thus,it is sufficient to considerjust first ordertemporalcorrelation,but all high orderspatialcorrela-

tions to modelall spatio-temporaldependenciesin thecombinationalcircuit. In this thesis,we usea

probabilisticmodelusingBayesianNetworks,for estimatingswitchingactivity, thatcapturesboththe

first ordertemporalaswell asall high orderspatialcorrelationsin a comprehensive manner, resulting

in accurateestimates.

10



1.3.1 Probabilistic Bayesian Network Model

Recently, we proposeda novel model [5, 24], for switchingactivity estimationin combinational

circuits using ProbabilisticBayesianNetworks [2], that capturesboth the temporaland spatialde-

pendenciesin a comprehensive manner, resultingin zero-errorestimates.BayesianNetworks area

DirectedAcyclic Graph(DAG) representations,whosenodesrepresentrandomvariablesandthelinks

denotedirectdependencies(capturingthespatialdependencies),quantifiedby conditionalprobabilities

of a nodegiven thestateof its parents.TheDAG structuremodelsthe joint probabilityover a setof

randomvariablesin acompactmanner.

The core idea of this thesisis to expressthe switching activity of a circuit as a joint probabil-

ity function which canbe mapped,one-to-one,onto a BayesianNetwork thuspreservingthe depen-

dency modelof theprobability function. We first constructa Logic-Induced-Directed-Acyclic-Graph

(LIDAG) basedon the logical structureof the circuit. In [24], the authorproves that the LIDAG

structure,correspondingto the combinationalcircuit is a minimal representationof the underlying

switchingdependency modelandhenceis aBayesianNetwork. Eachsignalin thecircuit is considered

asa randomvariablein the LIDAG that canhave four possiblestatesindicatingthe transitionsfrom

0t � 1 � 0t � 0t � 1 � 1t � 1t � 1 � 0t � 1t � 1 � 1t . Specificationof thesefour statesenablesusto completely

capturethe temporalcorrelation. Directededgesbetweenthe randomvariablesrepresentingswitch-

ing denotesthe probabilisticdependency amongthe signals. It is our observation that the Bayesian

Network is a powerful tool to modelswitchingactivity preservingthevariousdependenciesin a cir-

cuit. Further, elegant inferencemechanismsexist for BayesianNetwork computationthat make the

estimationtime-efficient andthus,usablefor largecircuits.

Theattractive featureof this graphicalrepresentationof thejoint probabilityfunctionis thatit can

notonly modelcomplex conditionalindependenceoverasetof variables,but theindependenciesserve

asa computationalschemefor smartprobabilisticupdating. In general,the belief updatingschemes

canbeclassifiedinto exactandapproximatetechniques.However, thespace-timecomplexity of exact

estimationschemesincreasewith circuit complexity. For instance,theinferenceschemethatweusedin

[5, 24], whichwasaclusterbasedscheme,resultedexactestimates,however, it wasmemoryintensive.

So,for complex circuit, wehadto resortto partitioningschemes,resultingin anapproximatemodelof

theswitchingactivities in termsof a setof looselycoupledcascadedBayesianNetworks. This model

11



producedestimateswith low meanerror, but dueto couplinglossesat theboundarynodes,it resulted

in largerstandard deviation andmaximumerror.

From a designpoint of view, it is sometimesdesirableto have an estimationstrategy whereone

caneasilytrade-off betweentime andaccuracy, essentiallyanany-time estimationalgorithm. This is

notpossiblewith thecurrentinferencescheme.For thesereasons,this work exploresadifferentsetof

stochasticinferencealgorithms(approximateBN inferencescheme)for threeprimaryreasons:

� As numberof transistorsincreaseundernano-domaindevice shrinkage,lossesin the partition

would degeneratetheestimateseven further, andwe needa differentnon-partitionbasedinfer-

encemechanism.

� With increasednano-domaincomplexity, we needan any-time algorithmthat shouldnot only

generateaccurateestimatesgiven enoughtime, but even undertime constraints,shouldyield

roughapproximatelyvalid estimates.

� it is not possibleto usea partitionedcascadedsetof BNs for probabilisticdiagnosisin casewe

wantto studythereverse-causaleffects,namelytheeffectof anevidencein anobservednodeon

theprimaryinputs.

In this thesis,weexplorethreeStochasticImportanceSamplingschemes:ProbabilisticLogic Sam-

pling (PLS)[10], Adaptive ImportanceSampling(AIS) [11] andEvidencePre-propagatedImportance

Sampling(EPIS) [12] basedon the zero-error, pure, BayesianNetwork switching model for belief

updating. Thesealgorithmscombinethe any-time featureof simulative approachesand input pat-

tern independenceof probabilisticapproaches.PLS[10], yieldsexcellentestimateswhenusedunder

predictive situationbut in diagnosticreasoning,especiallywhenevidenceis unlikely, theaccuracy de-

generates.However, thepredictive mechanismproducesthebestaccuracy-time trade-off. In AIS [11],

andEPIS[12] samplingschemes,eachsampledeterminestheposteriorprobabilityof theunderlying

model for the remainingsamples.The probability of randomvariableis proven to converge [11] to

the correctvaluesgiven enoughtime. AIS and EPIS,produceaccurateestimatesunderdiagnostic

situations,even thoughthe time for predictive mechanismis higher thanPLS. Experimentalresults

with ISCAS’85benchmarkshows orderof magnitudereductionin maximumerror, standarddeviation

speciallyfor largerbenchmarkswith significantlylow time,especiallyfor thePLSscheme.

12



Currently, leakagecurrentdrawn is not significantenoughbut is expectedto be on par with the

dynamiccomponentof powerby theyear2005asthetechnologymovestowardsnanodimensions[7].

As themagnitudeof leakagecurrentincreasesit becomesa majorcontributor to thepower consump-

tion, andhencethedesignershave to facetheaddedburdendueto the leakagepower dissipationand

optimizetheirdesignsfor low leakagepoweraswell. Notethat,it hasbeenfoundthatcircuitsnotonly

leakduringthesleepor idle modebut thereis alsoa significantcontribution to leakagepower evenin

active modes[61], [62], [63]. Hence,the designersshouldalsoconsiderthegatesthat staydormant

during mostpart of circuit operationwhile optimizing the circuit for leakagepower. Secondpart of

this thesisunveils a new techniquefor targetingthegatesthat contribute towardsleakageevenunder

theactive or run-timemode.

The issueandtheapproachpresentedin thesecondpartof the thesisfor LeakagePower analysis

arenew to our knowledge. Our work providesanotheraresenalfor the low power designersto focus

on leakagemitigationschemesat targetednodes,ratherthanjust consideringnodes(basedon critical

path)or usinga single (or a handfulof dataprofiles) to target at an optimizationscheme.How do

we identify the leaky nodes? We exploit the backtracking(reasoningfrom the evidenceto cause)

featureof BayesianNetworks to determinethe likely input space,given an observation. By using

this aspectof BayesianNetwork thedesignercandeterminethe likelihoodof a nodebeingin a leaky

state(0t � 10t or 1t � 11t ) mostof the time, evenwithout any prior knowledgeon the input space.Input

signalsaregenerallyunknown duringthedesignphasebecausethey dependonthesystemin whichthe

moduleor chipwill beused.Also, it is notpossibleto simulatethecicuit for all possibleinputvectors.

Designerscanexploit thebacktrackingattributeof BayesianNetworksto determinethetransistorthat

hasahighpossiblityto leakevenin therun-timemode,withoutprior knowledgeof theinputspace.We

useEvidencePre-propagatedImportanceSampling[12] stochasticinferencetechniqueto accurately

propagatebelief from evidenceto all othervariables. Methods,suchasdynamicthresholdvoltage

[59],[60], canuseour measureto selecttargetnodesfor optimization.We alsointroducetwo entropy

basedmeasuresto characterizetheamountof uncertainitiesin theposteriorinputspaceasanindicator

of theleakageof asignal.
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1.4 Contributions of this Thesis

1. BayesianNetwork modelsof switchingactivity areinherentlyzero-errormodels.They areinput

patterninsensitive.

2. BayesianNetworks modelsconditionalindependenciesbut doesany causalmodel like BDD.

However, the real merit of a BN is that it unifiesa graphicalmodelanda probabilisticmodel

invariantin termsof theconditionalindependenciesandtheDAG structureis actuallyaminimal

compactI-mapof probabilisticmodel.This probabilisticgraphicalmodelusestheadvantageof

bothgraph-basedandprobability-basedmodelfor efficient probabilisticupdating.

3. The theoreticalcontribution of our thesisis that the joint probability function of a setof ran-

dom variablesis exactly mappedcapturingall higher order correlationsbetweenthe signals

accuratelyusingBayesianNetwork model.This impliesthatwecanmodelspatio-temporalcor-

relationsof any order(first ordertemporalis sufficient for zero-delaymodel)andhenceit is an

exactswitchingmodel. Moreover, we useindependencerelationsnot only to modeldependen-

ciesexactly, but alsoto useit in ourcomputationaladvantageduringBayesianinferencing.

4. BayesianNetworksareuniqueprobabilisticcausalmodelin capturingthe induceddependence

betweenindependentparentsof anodegivenanobservedstatefor thenode.

5. BayesianNetworksallow multi-directionalbeliefflow. Themodelcanacceptevidencefrom any

nodeandpropagateit in any direction.

6. In this thesis,we usenon-partitionbasedstochasticinferenceschemesfor switchingestimation

that

� scaleswell.

� resultsin anytime estimate(for accuracy-time trade-off).

We [9], showed that the stochasticinferenceschemes,namely, ProbabilisticLogic Sampling

(PLS)[10], Adaptive ImportanceSampling(AIS) [11] andEvidencePre-propagatedImportance

Sampling(EPIS)[12] resultin zero-errorestimatesfor switchingactivity estimationin combi-

nationalcircuits. Thesealgorithmscombinetheany-time featureof simulative approachesand
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input patternindependenceof probabilisticapproaches.We achieved an order of magnitude

improvementover thepaststateof theart [5, 24] in termsof maximumerrorandstandarddevi-

ation. PLS[10], yieldsexcellentestimateswhenusedunderpredictive situationwhile AIS and

EPIS,produceaccurateestimatesunderdiagnosticsituations,eventhoughthetimefor predictive

mechanismis higherthanPLS.

7. BayesianNetworks are extremely effective to perform backtracking,the featureof Bayesian

Network thatis beingexploitedin thesecondpartof my thesis.Not only canit propagateprob-

abilitiesfrom input to theoutputin acausalflow, it canalsopropagateprobabilitiesfrom known

evidenceor observation to its unknown cause.This is usefulandstraight-forward for analysis

andto resolve querieslike “what inputscancausea switchingprobabilityof 0 � 8 at a particular

nodeof interest?”,which would requirea searchin the input spacefor otherprobabilisticor

simulative framework.

8. It is impossibleto simulateacircuit for all possibleinputcombinations.It dependsonthechipin

which themodulebeingdesignedis finally placed.We presenta new techniquethatdetermines

the likely input spaceof a node,sayX, given that thenodeX is fixedat oneof its states(in our

casethe possiblestatesof a nodeare0 � 0 � 0 � 1 � 1 � 0 � 1 � 1). Chapter5 exploits the

backtrackingattribute of BayesianNetworks to targetnodesthat stayidle evenduring the run-

time mode.We usetwo entropy basedmeasures(absoluteentropy, relative entropy) to quantify

the information contentof the posteriorinput spaceto determinethe possiblity of a nodeto

leak. Experimentalresultswith ISCAS’85benchmarksuiteshow thatgreaterpartof thecircuit

remaindormantespeciallyin activemodeandhence,they arethenodesthatshouldbedefinitely

consideredwhile performingleakagepoweroptimization.

1.5 Organization

The rest of the thesisis organizedas follows. Chapter2 containsa literaturesurvey of power

estimationtechniques.In Chapter3, we discussaboutthe fundamentalsof BayesianNetworks and

themodelingof a combinationalcircuit into a Bayesiannetwork. We discussin detail aboutvarious

probabilisticinferenceschemesfor estimatingswitchingactivity in Chapter4 andconcludethechapter
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with experimentalresultson ISCASbenchmarkcircuits. In Chapter5, we discussin detailabouttwo

characterizationschemesto investigatethe likelihoodof a nodeto be at a leaky stateeven in active

mode.Weconcludethethesisin Chapter6.
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CHAPTER 2

PRIOR WORK

2.1 Existing Dynamic Power Estimation Techniques

Theprimarycomponentof logic level power estimationis switchingactivity estimation.Another

importantcomponentis capacitanceestimationwhich is simplifieddueto theknowledgeof thecircuit

structureandtheexistenceof librariesof capacitancesfor standardcells. Theeffect of reducinggate

delayandgrowing interconnectdelaywill alsobedominantin futureestimationtechniques.However,

switchingactivity will remainanimportantparameterto estimateevenin thenanodomainmainlydue

to its dependenceon inputdataandon correlationsexhibitedin inputsandin theinternalnodes.

Definition1: Switchingactivity atanodecanbedefinedastheaveragenumberof signaltransitions

in a clockcycle.

In probabilisticterms,Sw
�
X � is theprobabilityof occurrenceof a transitionin a nodeX duringa

clock period.

Sw
�
X � � P

�
X0� 1 � � P

�
X1� 0 � (2.1)

whereX0� 1 andX1� 0 denotesa signaltransitionfrom 0 to 1 and1 to 0 at nodeX respectively. It

is clearthat switchingactivity requiressecondorderstatistics.Switchingactivity Sw
�
X � canalsobe

denotedastransitionprobabilityof X.

Definition2: Thesignalprobabilityof a nodeP
�
X � 1� is theaveragefractionof clock cycle that

thenodeX remainsat logic 1.

Switchingactivity of anodeis affectedby thecorrelationsexhibited.Therecanbethree/fourtypes

of correlation.They are

1. TemporalCorrelation:Thisarisessincethepreviousvalueof asignalcanbecorrelatedwith the

presentvalueof thesignal.
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2. SpatialCorrelation:Spatialcorrelationariseswhenthe two spatiallyconnectedsignalsarede-

pendenton eachother. It is causedin generalby re-convergent fan-outs,by feedbackandby

alreadycorrelatedprimaryinputs.

3. Spatio-temporal:Spatio-temporalcorrelationis dependenceof a signalto thepreviousvalueof

aspatiallyconnectedsignal.Hence,it is acombinationof spatialandtemporalcorrelation.

4. Sequential:It is partof spatialcorrelationwhenthedependenceis amongstthe feedbackstate

lines.

Switching activity can be estimatedat variouslevels of abstractionnamelyat architectural,be-

havioral, RTL, logic (discussedextensively in this chapter),or transistorlevels. As discussedbefore,

estimationat eachlevel hasits own advantagesanddisadvantages(Figure1.4.). More power savings

canbe achieved aspower is estimatedandoptimizedat the higher levels, whereasthe estimatesare

significantlymoreaccurateat thetransistorlevel. This work is concentratedat the logic or gatelevel

switchingactivity estimation.Switchingactivity estimationstrategiescanbedivided into threebroad

categories:estimationby simulation,estimationby statisticalsimulationandestimationby probabilis-

tic techniques.

Estimationby puresimulation[38, 40, 44, 49] thoughtime consuming,is extremelyaccurate.To

decreasethetimecomplexity, severalimprovedsimulationtechniqueshave beenproposed[33, 39, 41,

42, 43, 48]. Many of themusevectorcompactionandmodelingof inputsamplespace[45, 46,47] and

sequencegenerationto reducethe samplesneededfor simulation. The simulation-basedtechniques

arestronglyinputpatterndependent.In general,all simulationtoolshavehigheraccuracy comparedto

otherexistingmethodsbut with highertime requirement.

In statisticalsimulation,statisticalmethodsareappliedin conjunctionwith simulationin orderto

determinethestoppingcriterionfor thesimulation.Theearliestworksin thisareacanbefoundin [25]

and [50]. Thesemethodsareefficient in termsof thetime requiredandif thestatisticaldistribution of

theinputdatais modeledcorrectlythey canyield accurateestimates.However, onehasto becarefulin

modelingthestatisticalpatternsat theinputsandspecialattentionhasto begivento notgettrappedin

a local minima.Theseestimationstrategiesarebasedon theknowledgeof theinputs,theroleof input
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Figure2.1.Techniquesfor estimatingswitchingactivity in CombinationalCircuits.
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patternsbecomevery importantin termsof whetherthesamplesetrepresentstheentirepopulationor

asubsetof it.

Probabilistictechniquesarefastandmoretractable,but typically involve assumptionsaboutjoint

correlations.Theprimary conceptualdifferenceis that, the input statisticsarefirst gatheredin terms

of probabilitiesandthentheseprobabilitiesarepropagated.Hence,the abstractedknowledgeabout

inputsareusedto estimatetheswitchingactivity of internalnodes.Hence,thesetechniquescanmore

easilymodelchangesin input patternefficiently thanothermethods.Unlike simulationandstatisti-

cal simulation,we needto know the dependenciesin the circuit structureto propagateprobabilities

efficiently. Moreover, issuesthat drasticallyhamperprobabilisticpropagation,suchas correlations

andfeedback,have to be modeledaccurately. Probabilistictechniquescanbe further classifiedinto

probabilisticsimulation[35, 27,37], andpurelyprobabilisticmethods[30, 28, 36].

The earliesteffort involved probabilisticpropagationof signalprobability [31]. Under temporal

independence,switchingactivity canbe modeledby signalprobability. However, the estimatesare

grosslyinaccurate.Moreover, spatialindependencewasalsoassumed.

Most laterworksuseBinaryDecisionDiagrams(BDD) [28] to computesignalprobabilitiesfor all

theinternalnodes.Theuseof BDD for signalprobabilitywasfirst proposedby Chakravarti etal. [34].

For mostlaterprobabilisticmodels,BDD is usedfor probabilisticpropagation.

In someof thepioneeringworksbasedon probabilisticsimulation,Najm et al. [27] estimatedthe

meanandvarianceof currentusingprobabilitywaveforms.It startswith aninputprobabilitywaveform,

which is then propagatedthroughoutthe circuit. Probability waveform consistsof probability of a

signal to be 1 for a certaintime interval and probabilitiesof transitionfrom low to high and from

high to low at a particulartime instantin the waveform. Najm et al. in CREST[27] accountedfor

temporalcorrelationsduring the propagationof the signalandthe transitionprobabilities. However,

spatialindependencewasassumedwhichresultedin inaccurateestimates,especiallyin thepresenceof

re-convergentfan-outs.

Najmetal. [26] introducedtheconceptof transitiondensity(denotedby D, ameasureof switching

activity), which is alsoapropagationbasedstrategy usingsocalledBooleandifferencealgorithm.
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For simplegates,transitiondensityD canbecalculateddirectly whereasonecanutilize BDD for

complex logic gates.This modelcansomewhatmodeltheeffect of realdelaybut have reportedvery

higherrorsdueto underlyingindependenceassumptionsin theinputsof a function.

In summary, dependency modelingof switchingactivity hasbeenperformedby many of theabove

methods,but only partially. Presentformalismsarenot able to accountfor all typesof spatialde-

pendencies.Someof the pioneeringworks, that enhancedthe accuracy of estimationby addressing

correlationanddependency issuesarediscussedin theremainingpartof thesection.

Kapoor [52] hasmodeledstructuraldependenciesapproximatelyby partitioning the circuit into

local BDDs for signalprobability. To improve speed,local BDDs have becomeincreasinglycom-

mon[29, 35]. Moreover, apartitioningstrategy thatwasfollowedin [52], triedto maximizethenumber

of correlatednodesin eachpartition.

Schneideret al. [54] usedone-lagMarkov modelto capturetemporaldependence.Thefirst order

temporalmodelis valid only underzerodelaymodel,where,thepresentvalueof anodeis independent

of all the pastvaluesgiven just the previous value. This is not the correctpictureunderreal-delay

model.

Schneideret al. [55] proposeda fast estimationtechniquebasedon ROBDD. An approximate

solutionbasedon partitioningapproachis proposedto attribute reconvergentspatialcorrelationwith

reducedtime complexity. It is not clear, how accuratethis modelingis in termsof theorderof spatial

correlation.

Modelingspatialcorrelationusingpair-wisecorrelationbetweencircuit lineswasfirst proposedby

Ercolaniet al. [51]. Tsui et al. [53] modeledfirst orderspatialcorrelationefficiently usingcorrelation

coefficientsandutilizing themin probabilisticpropagation.

Marculescuet al. [56], studiedtemporal,spatialdependenciesjointly. In this work, conditional

probabilitieswereusedfor the lag-oneMarkov modelto capturetemporalcorrelationandthe ideaof

transitioncorrelationcoefficient wasintroduced.

In summary, eventhebestexistingpropagationsalgorithmsdonotaccountfor higherorderspatial

correlation.Underzero-delaymodel,first ordertemporaleffect aresufficient to capturethe temporal

effects exhibited in the circuit. In fact, in this thesis,the conditional independencerelationshipis
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utilized completelyandwe have computationaladvantagein modelingaccuratehigherorderspatial

correlationpropagation.

We tabulatethesalientaspectsof theworksthataremostcloselyrelatedto our thesis,in chapter1

Table1.1. to placeour thesisin the context of theseearlierefforts. Our proposedBayesiannetwork

basedformalismis ableto handletemporalandspatialcorrelationsin detail. We do not requirethe

inputsto beindependentandareableto modelcorrelationamongthem.

We [5] modeledswitchingactivity, capturingall higherorderdependencies,usingBayesianNet-

works. It hasto benotedthatconditionalindependenceis usedin BayesianNetwork to modeldepen-

dencies,aswell as,to constructefficientcomputationalinferenceschemes.Theuniquenessof Bayesian

Network basedmodelis that it makesa graphicalmodelandunderlyingswitchingmodelinvariantin

termsof conditionalindependencemap(thesetof all conditionalindependencerelationsbetweenany

subsetof randomvariables).This makeselegantinferenceschemespossiblebasedon local message

passing.However, they [5] usedclusteringinferenceschemewhich is an exact algorithmfor updat-

ing theprobabilitiesof eachnode. Exactalgorithmswhenappliedto networks with large numberof

nodesrequiresprohibitive amountof storageandarecomputationintensive. Weemployedpartitioning

scheme [5] to alleviate the problemof complexity. However, lossesin the partitionswerehigh and

couldaffect intermediatenodessignificantlyresultingin high maximumerrorandstandarddeviation.

The goal of this work is to useapproximatestochasticinferenceschemesfor BayesianNetwork in-

ferencesuchthat estimatesareuniformly accurate.Thesealgorithmsis a smartcombinationof the

any-time featureof simulative approachandpatterninsensitivity of probabilisticapproach.Moreover,

weachieveanorderof magnitudeimprovementover thepaststateof theart in termsof maximumerror

andstandarddeviation. Thetheoreticalcontributionof ourthesisis thatthejoint probabilityfunctionof

asetof randomvariablesis exactlymappedcapturingall higherordercorrelationsbetweenthesignals

accurately using BayesianNetwork model. This implies that we canmodel spatio-temporalcorre-

lationsof any order(first order temporalis sufficient for zero-delaymodel)andhenceit is an exact

switchingmodel. Moreover, we useindependencerelationsnot only to modeldependenciesexactly,

but alsoto useit in ourcomputationaladvantageduringBayesianinferencing.

Earlier efforts either treatedthe distribution asa compositionof pair-wise correlatedsignalsbe-

tweenall signals[29, 51] or useanapproximatesolutionfor capturingspatialcorrelation[55]. More-

22



over, theBayesianNetwork modelsconditionalindependenceof a subsetof signalsunlike in [29]. As

a result,complex dependenciesexhibitedbetweensetscanbemodeled.Also, in contrastto [29], the

propagationmechanismdoesnotassumeanysignalisotropyof conditionalindependence.

Further, BayesianNetwork basedmodelingis an unified approachfor modelingandpropagating

probabilities. We canmodelcorrelationsboth in the circuits aswell as in the inputs. Our effort in

capturingthe joint probabilitydistribution functionof thewholecircuit is uniqueandhasenabledus

to modelhigherordercorrelationsratherthanjust pair-wisecorrelations.Thepropagationalgorithms

alwaysmaintaintheoverall probabilityequilibriumof thewholeBN andnot just betweeninputsand

outputsof agate.

2.2 Existing Leakage Power Estimation Techniques

As technologyscalesdown, supplyvoltagemustbereducedto keepthedynamicpower within its

limits. To avoid thenegative impactoncircuit delay, dueto thesupplyvoltagereduction,thethreshold

voltageof the transistorhasto be scaledproportionately. However, scalingof thresholdvoltageto

maintainspeedof operationhasanadverseeffecton leakage,thatis, leakageincreasesasthethreshold

voltagescalesdown. Hencedesignershave to startanalyzingandoptimizingtheir designfor leakage

power aswell. Onecrucial, well-established,observation is that both dynamicandstaticpower are

datadependent.Dynamicpower is obviously datadependent.Stand-byleakageis also dependent

on input states2.2. [69]. Leakagepower optimizationtechniqueshave mostly consideredstand-by

mode[64, 65, 66, 85], andhenceareblind to thedata-dependence.

The accuracy of leakagepower estimationmodel is dependenton the stand-byleakagecurrent

model [82]. Sinceleakagepower dependson the primary input combinations, [82], suggeststhat

the leakagepower couldbeminimizedif we apply the input combinationscorrespondingto themin-

imum leakagepower. To obtaintheminimumandmaximumvaluesfor leakagepower dissipation,in

[82], theauthorsdevelopedanaccurateleakagemodelconsideringtheeffectsof transistorstacksand

implementedit in thegeneticalgorithmframework. Also, in aneffort to estimatetheproperinputcom-

binationfor minimumleakagevector[83], usesa randomsearchtechniqueto determinelow leakage

states,without consideringthefunctionalityof thecircuit. Theboundsobtainedarenot sotight. [84],

introducesa new approachfor accurateandefficient calculationof theaverageleakagecurrentin cir-
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Figure2.2.2-InputNandGateanda tableshowing thedependenceof leakageon inputs.

cuits by determiningthe dominantleakage statesanduseof stateprobabilites.They alsousegraph

reductiontechniquesandnonlinearsimulationto speedupthesimulationtime while achieving desired

accracy. Theauthorin [86], presentsanon-simulative,graph-basedalgorithmsfor estimatingthemax-

imum leakagepower. Thealgorithmusedis patternindependent.The leakageestimationtechniques

have only consideredthestand-bymodeleakage.But thegatesdisspiateleakagepower even during

the active modes.Hence,for accurateestimationof leakagepower we have to considerthe leakage

occuringin theactive or run-timemodeaswell.

Runtime leakagemitigationschemes[67, 68, 69] have alsobeenproposedto dynamicallychange

circuit conditionsin responseto low leakagehigh leakagesituations.[69] introducesa methodto

identify the Minimum LeakageVector(MLV) for leakagepower reduction. Sincethe leakagepower

dependson the input pattern,the centralideain [69] is to apply miminum-leakageproducinginput

combinationto thecircuit whenit is in theinactive mode,to controltheleakagepowerdissipation.An

excellentreview on run-timetechniquescanbeobtainedin [70], which discussestheissueof limit of

leakagereductionandperformancepenaltiesassociatedwith thetechniques.

Leakagedoesnot just happenduringstand-bymodes,leakageis alsopresentduringactive period

andis acrucialcomponentof totalpoweroptimization[61, 62,63], however, theseareharderto model

andhandle.Circuitswhich arein active modemostof thetime,or switchesfrequentlybetweenactive
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andstand-bymodeswill alsohavenodesthatwouldleaksignificantlyduringtheactivemode.And, this

leakagewouldbedatadependent.Thiscomponentis clearlycapturedby Nguyenetal. [61], wherethe

staticcomponentof powerduringactive region is dependenton(1-α) whereα is ameasureof activity.

They proposeda linearprogramming(LP) basedoptimizationframework for simultaneousassignment

of thresholdvoltageand sizing. They also proposeda dual Vdd extensionof the problemby ILP

formulation.A heuristicis usedin [63] for dualVdd,dualVth andsizingwherethey show optimization

for threedifferentswitchingscenario.In [62], thedatadependenceof theleakagepower duringactive

zoneis notconsidered.Theoptimizationcriterionusedfor poweroptimizationis itself datadependent,

which make it hardto make generalizedstatementsabouttheoptimality of any operatingpoint found

by optimizing it somesetof inputs. It is not clearif theoptimizedvaluesfound for onesetof input

statisticswill hold for anothersetof inputstatistics.This is aseriousconcernwhendesigningmodular

circuitsthatwill beeventuallyusedin differentcontexts.

In this work, we focus in determiningthe gatesthat remainshibernatingeven in active mode.

Deteminingthesenodesis crucial for leakagepower analysisbecausethey contribute significantlyto

leakagepower. Moreover, a chip or moduledesignedfor anapplicationmight beusedin any environ-

ment,wemightnothaveany prior knowledgeabouttheinputvectorstreams,thatis, duringsimulation,

appliedto thismodule.Simulatingthecircuit for power estimationwould requireaconditionalsearch

of the input spacein a simulative framework, which is computationallyexpensive. Probabilisticin-

ferenceusingBayesianNetworks is theonly consistentuncertaintycalculusto handlesuchsituations

in an efficient manner. We exploit the backtrackingaspectof BayesianNetworks to determinethe

likely inputspaceof any module,givenanevidence.Wedo thisby first forcinganinternalnodein the

moduleto beat a leaky state(0t � 10t or 1t � 11t ) andusebacktrackingto determinetheplausibleinput

space(explainationfor theevidence)for the internalnodeto beat theassignedleaky state.In Chap-

ter5, wepresenttwo entropy basedmeasuresto characterizethisposteriorinputspaceto determinethe

possibilityof anodeto leak.
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CHAPTER 3

MODELING USING BAYESIAN NETWORKS

In thischapter, weintroducethefundamentalsof BayesianNetworksandtheconceptof conditional

independence.We focuson two importantaspectof BayesianNetworks: dependency modeling,and

thenotionof minimal representation.

Next, weconvert acombinationalcircuit to aLogic InducedDirectedAcyclic Graph(LIDAG) and

we thenprove that LIDAG is a BayesianNetwork for the underlyingswitchingmodelandhencean

exactmodelfor theunderlyingjoint probabilitydistribution of thewholecircuit. Any correlationthat

is presentin the joint probabilitydistribution is capturedin sucha detailedmodeling.We discussour

choiceof variables,states,edges,andtheassignmentof conditionalprobabilitiesin LIDAG.

3.1 Bayesian Network Fundamentals

Any probabilityfunctionover asetof randomvariables(X1 ��������� XN) canberepresentedas

P
�
X1 ��������� XN � � p

�
Xn �Xn � 1 � Xn � 2 ��������� X1 � p � Xn � 1 �Xn � 2 � Xn � 3 ��������� X1 � ����� p � X1 � (3.1)

The above expressionholdsfor any orderingof the randomvariables.This exact representation

of the probabilisticknowledgerequiresencodingof all entriesin P(X1 ��������� XN). As the numberof

randomvariablesincreaserepresentationand inferenceof the probabilisticknowledgebasedon the

abovementionedprobabilisticmodelbecomesintractable.Theexactrepresentationassumesthatevery

variableis dependenton every other randomvariablepresentin the set. It doesnot take advantage

of the conditional independenciespresentamongthe variables. Given the stateof the parentsthe

conditionof therestof thecircuit is irrelavant to theoutput. For example,theoutputof a digital gate

doesnot dependenton theconditionof therestof theciruit givenits inputs.This propertyis calledas

conditionalindependence.Thisleadsto theideato encodetheprobabilisticknowledge,thatis, thejoint
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Figure3.1.BayesianGraphicalModel.

probability distribution of a finite setof variables,conciselyusinggraphicalmodels,which captures

conditionalindependenciesembeddedamongtherandomvariablesandarrivesat theminimal factored

representationin Eq.3.2,which is aprobabilisticmodelof aBayesianNetwork.

P
�
X1 ��������� XN � � n

∏
k� 1

P
�
Xk �Pa

�
Xk � (3.2)

This form of minimal representationof the joint probability function canbe representedasa di-

rectedacyclic graph(DAG), with nodesrepresentingtherandomvariablesandthelinks betweenran-

domvariablesrepresentingdirectprobabilisticdependencies.

Let usconsideranexamplewhich illustratestheconceptof conditionalindependence.In theFig-

ure 3.1., X4 is dependenton X2 andX3 (andX1 by inheritance).Given X3, X4 is conditionally inde-

pendentof X5. Let us considerevaluatingthe joint probability distribution of the randomvariables

X1 � X2 � X3 � X4 � X5. Usingtheexactrepresentation,

P
�
X1 � X2 � X3 � X4 � X5 � � P

�
X5 �X4 � X3 � X2 � X1 � P � X4 �X3 � X2 � X1 � P � X3 �X2 � X1 � P � X2 �X1 � P � X1 � (3.3)

Theconservative assumptionthatevery randomvariableis dependenton every otherrandomvariable

makestherepresentationandupdatingof theprobabilisticknowledgeusingtheexactmodelinefficient.

BayesianNetworksresolvesthis issueby exploiting theconditionalindependenceamongrandomvari-
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ables.Henceby Figure3.1.,thejoint probabilityfunctionfactorizesto

P
�
X1 � X2 � X3 � X4 � X5 � � P

�
X5 �X3 � P � X4 �X3 � X2 � P � X3 � P � X2 �X1 � P � X1 � (3.4)

Theattractive featureof this graphicalrepresentationof thejoint probabilityfunctionis thatit cannot

only modelcomplex conditionalindependenceover a setof variables,but theindependenciesserve as

acomputationalschemefor smartandefficientprobabilisticupdating.

3.2 Mathematical Formalism

In this section,we discussthefundamentalmodelingissuesrelevant to BayesianNetwork. Inter-

estedreaderis recommendedto read[2] for detailedunderstanding.As wementionedbefore,Bayesian

Networks arecompactgraphicalprobabilisticmodel for the underlyingjoint probability distribution

function. Eachnodein the DAG structureis a randomvariablerepresentingswitchingandcanhave

four states(0 � 0 � 0 � 1 � 1 � 0 � 1 � 1) for completecaptureof temporaldependenceunderzero-delay

scenario.Edgesin the DAG denotescauseandeffect relationshipin the probabilisticmodelandis

quantifiedby theconditionalprobabilityof achild nodegivenits parents.

To formalizetheconceptof dependencies,wefirstpresenttheconceptof conditionalindependence.

Webegin with thedefinitionof conditionalindependenceamongthreesetsof randomvariables.

Definition1: Let U= � U1 � U2 ������� Un � beafinite setof variablesthatcanassumediscretevalues.Let

P
� ��� bethejoint probabilityfunctionover thevariablesin U , andlet X, Y andZ beany threesubsetsof

U . X, Y andZ mayor maynotbedisjoint. X andY aresaidto beconditionallyindependentgivenZ if

P
�
x � y� z� � P

�
x � z� whenever P

�
y� z� � 0 (3.5)

Following Pearl[2], this conditionalindependenceamongstX, Y, andZ is denotedasI
�
X � Z � Y � in

whichX andY aresaidto beconditionallyindependentgivenZ. Conditionalindependenceimpliesthat

knowledgeof Z makesX andY independentof eachother. In Figure3.2. for example,let usdenote

theswitchingactivity at line i by randomvariableXi. U is definedasaset=� X1 ������� X8 � . Switchingin a

combinationalcircuit follows directedMarkov property, that is, theoutputof a gateis dependentonly
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Figure3.2.A combinationalcircuit.

on its inputs. Thusthe randomvariableX7 is completelyindependentof X4 given � X5 � X6 � . Hence,

I(X7 � � X5 � X6 �!� X4) is oneof themany independenciesthatarepresentin thecircuit.

A dependency model,M, of adomainshouldcaptureall thesetripletsnamely
�
X � Z � Y � conditional

independenciesamongstthe variablesin that domain. The joint probability densityfunction is one

suchdependency model. Thepropertiesinvolving thenotionof independenceareaxiomatizedby the

following theorem.

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

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

independentconditions:

I
�
X � Z � Y �#" I

�
Y� Z � X � (symmetry) (3.6)

I
�
X � Z � Y $ W �#" I

�
X � Z � Y � & � X � Z � W � (decomposition) (3.7)

I
�
X � Z � Y $ W �#" I

�
X � Z $ W� Y � (weakunion) (3.8)

I
�
X � Z � Y � & I

�
X � Z $ Y � W �%" I

�
X � Z � Y $ W � (contraction) (3.9)

Proof: For proof,see[13].
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Figure3.3.Bayesiannetwork correspondingto thecircuit in Figure3.2..

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 saidto 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. If thereexist sucha pathwheretheabove

two conditionshold, thepathis calledanactive path.

ConsidertheexampleDAG in Figure3.3.,let X � � X5 � , Y � � X6 � andZ � � X7 � . PathX5 � X7 '
X6 is active sincegiveninformationon nodeX7, X5 andX6 arenot d-seperated.It is worth mentioning

thatif any onepathis active,eventhoughtheotherpathsareblocked,thenodesarenotd-separated.In

thesameexample,X7 is d-separatedfrom X2 by X5 sincetheonly pathX2 � X5 � X7 is blocked.

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 setsof verticesX, Y, andZ, we have, & X �Z �Y �(" I
�
X � Z � Y � . In Figure3.3.,

for example & X7 �X5 �X1 � impliestheindependencerelationI
�
X7 � X5 � X1 � in thedependency modelM

formedby the randomvariablesdepictingswitchingactivity at a line in the combinationalcircuit in

Figure3.2..

NotethattheDefinition3 holdstheunifying featureof thegraphbasedprobabilitymodelin away

that connectsthe DAG D to the probabilisticmodelP. In BayesianNetworks, we not only suggest

that DAG D is a dependency model for P (becauseall the d-separationsin D imply a conditional

independencein P), but alsothenotionof acompactminimal representationis built in. Let usconsider

30



X3

X1 X2

X4X3

X1 X2

X4

X1 X2

X3 X4

X3 X4

X2X1

C D

BA

Figure3.4.BayesianNetworks: MarriagebetweenGraphicalandProbabilisticModels.

theexampleof a probabilisticmodelP over four randomvariables� X1 � X2 � X3 � and X4 � asshown in

Figure3.4.. Note that, theDAG in Figure3.4.a,all thenodesareconsideredindependentandhence

I-map of D is greaterthanthat of P which indicatesthat D under-representsP. In Figure3.4.d,the

I-map of D is lessthanthat of P asD is a completeDAG exhibiting maximumdependencies.This

modelwould generateaccurateresultsbut areover-representationandhencethecomputationefforts

would belarge. A BayesianNetwork hasto betheDAG wheretheI-mapfor DAG matchestheI-map

of theP andhenceit is theexactrepresentationthatis minimal in structure.

Eq. 3.1 denotesthe exact probabilisticmodelover randomvariablesandusingconditionalinde-

pendencies(in Eq.3.10),we canarrive at theminimal factoredrepresentationshown in Eq.3.2which

is theprobabilisticmodelof BayesianNetwork.

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

�
xi �Pa

�
xi ��� (3.10)

Definition4: A DAG is aminimalI-mapof M if noneof its edgescanbedeletedwithoutdestroying

its dependency modelM.

Definition5: GivenaprobabilityfunctionP on asetof variablesU , aDAG D is calleda Bayesian

Networkof P if D is aminimumI-mapof P.
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In general,it is hardto find all the I-mapsgivena probabilitydistribution functionor a graphical

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

notionof aMarkov blanket andaboundaryDAG, whicharedefinednext.

Definition6: A Markov blanket of elementXi ) U is a subsetSof 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.

Definition7: Let M bea dependency modeldefinedona setU � � X1 ��������� Xn � of elements,andlet

d beanordering � Xd1 � Xd2 �������+� of theelementsof U . Theboundarystrata of M termedasBM relative

to d is anorderedsetof subsetsof U , � Bd1 � Bd2 �������+� suchthateachBdi is a Markov boundary(defined

above) of Xdi with respectto the setUdi
�-,

U � � � Xd1 � Xd2 ��������� Xd . i � 1/ � , i.e. Bdi is the minimal set

satisfyingBdi
,

U andI
�
Xdi � Bdi � Udi � Bdi � . TheDAG createdby designatingeach Bdi astheparents

of the correspondingvertex Xdi is called a boundaryDAG of M relative to d. It shouldbe noted

herethat theonly orderingrestrictionis that thevariablesin theMarkov Boundaryset(of a particular

variable)have to beorderedbeforetherandomvariable.

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

provenin [2]. This theoremis thekey to constructingaBayesiannetwork.

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

Eqs.3.6-3.9. If the graphstructureD is a boundaryDAG of M relative to orderingd, thenD is a

minimal I-mapof M.

Proof: For proof,see[13].

This theoremalong with definitions2, 3, and 4 above, specifiesthe structureof the Bayesian

network. Weusetheseto proveour theoremregardingthestructureof Bayesiannetwork to capturethe

switchingactivity of acombinationalcircuit.

Let a combinationalcircuit consistof gates � G1 ��������� GN � with n primary input signalsdenoted

by the set � I1 ��������� In � . Let the outputof gateGi be denotedby Oi. The inputsto a gateareeithera

primary input signalor outputof anothergate. The switchingof theseinput signalandoutputlines,

� I1 ��������� In � O1 ��������� ON � , arethe randomvariablesof interest.Note that thesetof outputlines include

both intermediatelines and the final output lines. Let Xi be the switchingat the i-th line, which is
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eitheran input or an outputline, taking on four possiblevalues, � x00 � x01 � x10 � x11 � , correspondingto

thepossibletransitions:0 � 0 � 0 � 1 � 1 � 0 � and1 � 1.

Definition8: A Logic InducedDirectedAcyclic Graph(LIDAG) structure,LD, correspondingto a

combinationalcircuit consistsof nodes,Xis, representingtheswitchingat eachline andlinks between

them is constructedas follows: The parentsof a randomvariablerepresentingthe switching at an

outputline, Oi , of a gateGi arethenodesrepresentingswitchingsat theinput linesof thatgate.Each

input line is eitheroneof � I1 ��������� In � or anoutputof anothergate.TheDAG shown in Figure3.3. is a

LIDAG correspondingto thecombinationalcircuit shown in Figure3.2..

Theorem3: The LIDAG structure,LD, correspondingto the combinationalcircuit is a minimal

I-mapof theunderlyingswitchingdependency modelandhenceis aBayesiannetwork.

It is interestingto note that the LIDAG structurecorrespondsexactly to the DAG structureone

wouldarriveby consideringtheprincipleof causality, whichstatesthatonecanarriveattheappropriate

Bayesiannetwork structureby directinglinks from nodesthatrepresentcausesto nodesthatrepresent

immediateeffects[2]. Thus,directedlinks in thegraphdenoteimmediatecauseandeffectrelationship.

In a combinationalcircuit the immediatecausesof switchingat a line aretheswitchingsat the input

linesof thecorrespondinggate.

3.3 Formation of the LIDAG-BN

We first illustratewith anexamplehow switchingin a combinationalcircuit at circuit level canbe

representedby a LIDAG structuredBayesiannetwork (LIDAG-BN). Thenwe show how the condi-

tional probabilitiesthatquantifythelinks of LIDAG-BN arespecified.

Let us considerthe circuit with fivesgatesshown in Figure3.2. We areinterestedin the switch-

ing at eachof the 8 numberedlines in the circuit. Eachline can take four valuescorrespondingto

the four possibletransitions: � x00 � x01 � x10 � x11 � . Note that this way of formulatingthe randomvari-

able effectively modelstemporalcorrelationsinceonly first order temporalcorrelationis exhibited

in combinationalcircuit underzero-delayscenario[54]. To captureall higherorderspatialcorrela-

tions,we form theinterconnection(throughedges)andquantifythemby theconditionalprobabilities

for the child-parentgroup in the LIDAG. The probability of switchingat a line would be given by
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P
�
Xi � x01 � � P

�
Xi � x10 � 1. TheLIDAG structurefor thecircuit is shown in Figure3.3.. Dependence

amongthe nodesthat arenot connecteddirectly is implicit in the network structures.For example,

nodesX1 andX2 areindependentof eachother, however, they areconditionallydependentgiven the

valueof saynodeX5. Or the transitionat line 5, X5, is dependenton the transitionsat lines 1 and

2, representedby the randomvariables,X1 andX2, respectively. Thus, the transitionsof line 5 are

conditionallyindependentof all transitionsat otherlinesgiventhetransitionstatesof lines1 and2.

For the Bayesiannetwork structurein Figure.3.3. the correspondingjoint probability densityis

givenby the following factoredform. It hasto benotedthat this factoredform canonly beobtained

for circuitswithout a feedback.

P
�
x1 ��������� x8 � � P

�
x8 � x4 � P � x7 � x5 � x6 � P � x6 � x3 � x4 � P � x5 � x1 � x2 � P � x4 � P � x3 � P � x2 � P � x1 � (3.11)

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

knowing the typeof thegate. For example,P
�
X5 � x01 �X1 � x01 � X2 � x00 � will bealways1 because

if oneof the inputsof an OR gatemakesa transitionfrom 0 to 1 and the otherstaysat 0 then the

outputalwaysmakesa transitionfrom 0 to 1. A completespecificationof theconditionalprobability

of P
�
x5 � x1 � x2 � will have 43 entriessinceeachvariablehas4 states. Theseconditionalprobability

specificationsaredeterminedby the gatetype. Thus, for a NAND gate,if one input switchesfrom

0 to 1 and the other from 1 to 0, the output remainsat 1. We describethe conditionalprobability

specificationfor atwo inputNAND andatwo inputORgatein Table3.1.andin Table3.2.respectively.

By specifyinga detailedconditionalprobabilitywe ensurethat thespatio-temporaleffect (first order

temporalandhigherorderspatial)of any nodeareeffectively modeled.

Thelastfour termsin theright handsideof Eq.3.11representthestatisticsof theinput lines.Given

thestatisticsof the input lines,we would like to infer theprobabilitiesof all theothernodes.A brute

forceway of achieving this would beto computethemarginal probabilitiesby summingover possible

states,thus,P
�
x8 � x1 � � ∑x2 � 0 0 0 � x7

P
�
x1 ��������� x9 � . This, obviously, is computationallyvery expensive and,

in addition,doesnotscalewell. In thenext chapter, weshow how thestructureof theBayesiannetwork

canbeusedto efficiently computetherequiredprobabilities.

1Probabilityof theeventXi 1 xi will bedenotedsimplyby P 2 xi 3 or by P 2 Xi 1 xi 3 .
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Table3.1. Conditionalprobability specificationsfor the outputandthe input line transitionsfor two
input NAND gate.

Two InputNAND gate
P
�
Xout put �Xinput1 � Xinput2 �

for Xout put � Xinput1 Xinput2� x00 x01 x10 x11 � = =
0 0 0 1 x00 x00

0 0 0 1 x00 x01

0 0 0 1 x00 x10

0 0 0 1 x00 x11

0 0 0 1 x01 x00

0 0 1 0 x01 x01

0 0 0 1 x01 x10

0 0 1 0 x01 x11

0 0 0 1 x10 x00

0 0 0 1 x10 x01

0 1 0 0 x10 x10

0 1 0 0 x10 x11

0 0 0 1 x11 x00

0 0 1 0 x11 x01

0 1 0 0 x11 x10

1 0 0 0 x11 x11
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Table3.2. Conditionalprobability specificationsfor the outputandthe input line transitionsfor two
input OR gate.

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

for Xout put � Xinput1 Xinput2� x00 x01 x10 x11 � = =
1 0 0 0 x00 x00

0 1 0 0 x00 x01

0 0 1 0 x00 x10

0 0 0 1 x00 x11

0 1 0 0 x01 x00

0 1 0 0 x01 x01

0 0 0 1 x01 x10

0 0 0 1 x01 x11

0 0 1 0 x10 x00

0 0 0 1 x10 x01

0 0 1 0 x10 x10

0 0 0 1 x10 x11

0 0 0 1 x11 x00

0 0 0 1 x11 x01

0 0 0 1 x11 x10

0 0 0 1 x11 x11
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CHAPTER 4

BAYESIAN INFERENCE FOR SWITCHING ACTIVITY ESTIMATION

In thepreviouschapter, we provedthattheBayesianNetwork modelstheexponentiallysizedjoint

probabilitydistribution in a compactmannerby exploiting theconditionalindependencerelationships

presentamongtherandomvariables.Theattractive featureof thisgraphicalrepresentationof thejoint

probabilityfunctionis thatit cannot only modelcomplex conditionalindependenceover asetof vari-

ables,but the independenciesserve asa computationalschemefor smartprobabilisticupdating.This

chapterstartswith a quick introductionto ”what is probabilisticinference?”, andthe two important

inferenceschemesusedto estimatethebeliefsor probabilitiesin a BayesianNetwork. Major partof

this chapteris devotedtowardsexploringdifferentsetof stochasticimportancesampling(approximate

Bayesianinferencescheme)schemesnamely, ProbabilisticLogic Sampling[10], Adaptive Importance

Sampling(AIS) [11] andEvidencepre-propagatedImportancesampling[12] for Bayesianinferencing.

Weconcludethischapterwith experimentalresultson ISCASbenchmarkcircuits.

4.1 Probabilistic Inference

Probabilisticinferenceor commonlyreferredasbelief updatingamountsto calculatingtheprob-

ability distribution of a query nodegiven an observation or evidence. This amountsto computing

P
�
X �E � (bayestheorem).

P
�
X �E � e� � P

�
X 
 E � E � e�
P
�
E � e� (4.1)

Computationof theprobabilityof evidenceis P(E=e)requiressummationover all thevariablesin

thesetexcepttheevidencevariablesandthis is expressedin equation4.2.

P
�
E � e� � ∑

X � E P
�
X 
 E � E � e� (4.2)
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For smallnetworks,computationof theprobabilityof evidenceusingtheexact representationthat is,

equation4.2 is simple. However, asnetwork sizeincreasescomputationof P
�
E � e� efficiently be-

comesacomputationalcomplex problem.Differentschemesto processtheequation4.2givedifferent

inferencealgorithms. Two importantBayesianNetwork inferencealgorithmsare1) exact inference,

2) approximateinference.Exact inferencealgorithmslike clustering,pearl’s polytreealgorithmetc.

provide exactestimate[13, 23], however for very largenetworksthey stumbledueto NP-hardnessof

inference[16]. Exactinferenceappliedon largenetworksareeitherstorageintensive or computation-

ally extensive. To resolve this issueapproximateinferencemethodslike Model Simplification,Search

based,Loopy belief propagation,stochasticimportancesamplingweredeveloped.While approximate

inferenceis proved to be NP-hardaswell [17], it is theonly alternative way to arrive at an estimate

for largeandcomplex ciruits. A prominentsubclassof approximateinferencealgorithmsarestochas-

tic samplingalgorithms. Someinstancesof theseareProbabilisticLogic Sampling[10], Likelihood

weighting[18, 19], backwardsampling[20], andimportancesampling[19]. In thischapter, weexplore

threeimportantstochasticimportancesamplingschemes:ProbabilisticLogic Sampling[10], Adaptive

ImportanceSampling(AIS) [11] andEvidencepre-propagatedImportancesampling[12] for Bayesian

inferencing.Thesealgorithmscombinetheany-timefeatureof simulativeapproachesandinputpattern

independenceof probabilisticapproaches.

4.2 Stochastic Inference Algorithms for Switching Activity Estimation

StochasticsamplingalgorithmsareapproximateBN inferenceschemes.Probabilitiesareinferred

by acompletesetof samplesor instantiationsthataregeneratedfor eachnodein thenetwork according

to the importanceconditionalprobabilitydistribution of this nodegiven thevaluesof theparents.In

thesesamplingschemes,eachsampledeterminesthe posteriorprobability of the underlyingmodel

for the remainingsamples. The probability of a randomvariableis proven to converge [11] to its

correctvaluegivenenoughtime. Thesalientfeaturesof thesealgorithmsare:(1) They scaleextremely

well for largersystemsmakingthema target inferencefor nano-domainbillion transistorscenario(2)

They areany-time algorithm,providing adequateaccuracy-time trade-off and(3) Thesamplesarenot

basedon inputsandtheapproachis input patterninsensitive. Theclassesof algorithmsselectedhere

are known as ImportanceSamplingalgorithms[11, 12, 10] which are not only good predictorsor
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estimators,predictingthebehaviors of descendentnodes(intermediateones)givensomepropertiesof

theprimary inputs,but alsoaccuratediagnostictool thatwould provide possiblepatternof the inputs

givenaparticularsetof behavior (evidence)onany internalnodes.

Beforewe review variousstochasticinferencemethods,it is extremelynecessaryto understand

the theory behindimportancesampling,which actsas the backbonefor thesestochasticinference

methods.Readersinterestedin moredetailsaredirectedto the literatureon Monte carlo methodsin

finite integralscomputation[58]. Let usconsidertheapproximatecomputationof theintegral J,

J � 4
Θ

b
�
X � dX (4.3)

Let b
�
X � be a function of k variablesX � �

X1 � X2 � �+�+�+� Xk � over a domainΘ
,

Rk. The integral in

equation4.3canbesolvedby numericalintegartiontechniqueslike Trapezoidalrule, Simpson’s rule,

Montecarlomethod.Theintegral in equation4.3 is usuallycomputedby meansof eitherTrapezoidal

ruleor Simpson’sruleasthey arriveatpreciseestimates.But for multivaluedintegrals,useof theabove

methodsis computationallyintensive andhencewe resortto Montecarlomethod.In this section,we

will useMonte carlo basedtechniquefor the approximateevaluationof the integral J. Monte carlo

methodsuserandomnumbersto performnumericalintegration. For accuarcy, samplingof random

numbersis performedon a distribution thatis a reasonableapproximationto theactualfunctionb
�
X � .

Hence,we introduceanarbitrarydensityfunctionalsocalledasthe importancefunction i
�
X � in this

integral,J �65 Θ b . X /
i . X / i � X � dX. Theimportancefunction i

�
X � is aprobabilitydensityfunctionsuchthat

i
�
X � � 0 for any X

,
Θ. After samplingthe importancefunctionover M instantiationsX1 � X2 � �+�+�+� XM,

theapproximatevalueof theintegral is calculatedasfollows,

�̂
J � � 1

M

M

∑
i � 1

b
�
Xi �

i
�
Xi � (4.4)

For largevaluesof M, thedistributionof i
�
X � approachesthedistributionof b

�
X � andhencethethe

accuracy of
�̂
J � increases.Thevariancebetweenthetwo distributionsis minimizedwheni

�
X � is pro-

portionalto � b � X � � . Themaingoalof theImportanceSamplingalgorithmis achieving theimportance

function. While AIS arrivesat an importancefunction by learningfrom the samplesgenerateddur-

ing eachiteration,EPISarrivesat animportancefunctionby usingyet anotherapproximateinference
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schemecalledtheLoopy Belief Propagation.Notethat,it is possibleto useb
�
X � asaguidein choosing

i
�
X � . Thereasonwhy importancesamplingtechniqueis usedbecomesevidentwhenwe comparethe

equation4.2 andequation4.3 andconcludethat they arealmostidenticalexcept for the integration

which is replacedby summationandthedomainΘ is replacedby X

E. Thestochasticsamplingstrategy worksbecausein a BayesianNetwork theproductof thecondi-

tional probabilityfunctionsfor all nodesis theoptimalimportancefunction.

4.2.1 Probabilistic Logic Sampling

ProbabilisticLogic Sampling(PLS) is thefirst andthesimplestsamplingalgorithmsproposedfor

BayesianNetworks[10]. Theflow of thealgorithmis asfollows:

1. Completesetof samplesaregeneratedfor theBayesianNetwork usingtheimportancefunction,

which is initialized to joint probabilityfunctionP
�
X � . Theimportancefunctionis neverupdated

onceits initialized. Without evidence,P
�
X � is theoptimalimportancefunctionfor theevidence

set.

2. Samplesthatareincompatiblewith theevidencesetarediscarded.

3. Theprobabilityof all thequerynodesareestimatedbasedoncountingthefrequency with which

therelevanteventsoccurin thesample.In predictive inference,logic samplinggeneratesprecise

valuesfor all thequerynodesbasedontheir frequency of occurrencebut with diagnosticreason-

ing, thissystemfails to provideaccurateestimatesbecauseof largevariancebetweentheoptimal

importancefunctionandtheactualimportancefunctionused.Thedisadvantageof thisapproach

is that in caseof unlikely evidence,we have to discardmostsamplesandthustheperformance

of thePLSapproachdeteriorates.

4.2.2 Adaptive Importance Sampling

Our objective is estimatingthe probability of evidenceP
�
E � e� . The posteriorprobability is

givenby equation4.1. Theoptimal importancefunctionfor calculatingP
�
E � e� is P

�
X �E � e� [11].

Although we know the mathematicalexpressionfor the optimal importancefunction, it is computa-

tionally expensive to obtainthis functionexactly. By exploiting thestructuraladvantageof Bayesian

Network (thejoint probabilityfunctionthatis modeledby aBN canbeexpressedastheproductof the
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conditionalprobabilityof thenodesgivenits parentnodes)wecanarriveatanapproximateimportance

function.Theapproximateimportancefunctionis givenas,

ρ
�
X 
 E � � m

∏
k� 1

P
�
Xk �Pa

�
Xk � E ��� (4.5)

This function considersthe effect of evidenceon rest of the circuit. P
�
E � e� � P . X � E � E � e/

ρ . X � E / is an

estimateof theprobabilityof evidence(P(E=e)).Theequation4.5 is theimportanceconditionalprob-

ability table(ICPT) of a nodeX andit representsthe tableof posteriorprobabilities.The ICPT table

will be updatedbasedon the samplesat variousstages.A significantsaving in computationtime is

reportedin [11] if thenodesthatarenot theancestorsof theevidencenodesarenotconsideredduring

learning.HenceICPT of thenodesthatarenot theancestorsof theevidencenodesareequalto their

CPTthroughoutthelearningprocess.

Thestepsfor this algorithmarepresentedbelow:

1. Thenodesarearrangedin topologicalorder. Eachevidencenodeis instantiatedto its observed

stateandis omittedfrom furthersamplegenerations.Eachroot nodeis randomlyinstantiatedto

oneof its possiblestatesaccordingto theimportanceprior probabilityof thenode.

2. Eachnodewhoseparentswerealreadyinstantiatedwill be instantiatedto oneof its possible

outcomes,accordingto its importanceconditionalprobability table,which canbederivedfrom

theimportancefunction.

3. Conditionalprobabilityof theevidencesetgiventhesampleinstantiationis calculatedandstored

andusedto updatetheimportancefunctionaftera few runby applyingBayesianNetwork learn-

ing algorithms. This function will thenbe usedfor the next stageof sampling. The posterior

probabilitiesarethencalculatedfrom thesamples.

4.2.3 Hybrid Scheme

For largecircuits,ahybridscheme,specificallytheEvidencePre-propagatedImportanceSampling

(EPIS)[12], which useslocal messagepassingandstochasticsampling,is appropriate.This method

scaleswell with circuit sizeandis provento convergeto correctestimates.Theseclassesof algorithms
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arealsoanytime-algorithmssincethey canbe stoppedat any point of time to produceestimates.Of

course,theaccuracy of estimatesincreaseswith time.

TheEPISalgorithmis basedon ImportanceSamplingthatgeneratessampleinstantiationsof the

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

final estimates.This samplingis doneaccordingto an importancefunction. In a BayesianNetwork,

theproductof theconditionalprobabilityfunctionsatall nodesform theoptimalimportancefunction.

Let X � � X1, X2 ��������� Xm � be thesetof variablesin a BayesianNetwork, Pa
�
Xk � betheparentsof Xk,

andE betheevidenceset.Then,theoptimalimportancefunctionis givenby

P
�
X �E � � m

∏
k � 1

P
�
Xk �Pa

�
Xk � E ��� (4.6)

This importancefunctioncanbeapproximatedas

P
�
X �E � � m

∏
k � 1

α
�
Pa
�
Xk ��� P � xk �Pa

�
Xk ��� λ � Xk � (4.7)

whereα
�
Pa
�
Xk ��� is a normalizingconstantdependenton Pa

�
Xk � andλ

�
Xk � � P

�
E � � xk � , with E � and

E � beingtheevidencefrom parentsetandchild set,respectively, asdefinedby thedirectedlink struc-

ture.Calculationof λ is computationallyexpensive andfor this,Loopy Belief Propagation(LBP) [21]

over theMarkov blanketof thenodeis used.Yuanetal. [12] provedthatfor apoly-tree,thelocal loopy

beliefpropagationis optimal.Theimportancefunctioncanbefurtherapproximatedby replacingsmall

probabilitieswith aspecificcutoff value.

4.2.3.1 Loopy Belief Propagation

In thispart,wewouldoutlinePearl’s [2], [81] distributedlocalmessagepassingschemethatallows

efficient backtrackingin poly-treeand show an approximationof the poly-treecalled loopy belief

propagation(LBP) [21] whichextendsto network with loop (re-convergence)for many applications.

Here,we briefly summarizePearl’s belief propagationalgorithmon theFigure4.1. that is a poly-

tree.EachnodeX computesits posteriorprobabilitybasedon theinformationobtainedfrom its neigh-

bors. i.e., Bel
�
x� � P

�
X � x �E � , whereE representsthe evidenceset. In a poly-tree,any nodeX

d-separatesE into 2 subsets,E �x which is theevidenceconnectedto nodeX throughits parentsZ and

42



Z1

λ (x)Ymλ Y1 (x)

λ X (z1)

π X (z1)

λX (zn)

Y1 (x)π (x)Ymπ

X (zn)π

Z

1

n

Y Ym

X

Figure4.1.Probabilisticinferenceusinglocal messagepassing.

E �x is theevidenceconnectedto nodeX throughits childrenY. Now, thenodeX cancomputeits belief

by separatelycombiningthemessagesobtainedfrom its parentsandchildren.

Bel
�
x� � αλ

�
x� π � x� (4.8)

whereλ
�
x� andπ

�
x� aregivenby

λ
�
x� � ∏

U
λU
�
x� (4.9)

U is asetcontainingall childrenof X.

π
�
x� � ∑

z1 � z2 � 0 0 0 � zn

�
P
�
x � z1 � z2 ��������� zn � n

∏
i � 1

πX
�
zi ��� (4.10)

whereZ1 � Z2 ��������� Zn areparentsof nodeX.

Oncethe nodecomputesits belief it propagatesthe updatedmessagesto its neighborsand this

iterationis carrieduntil theconvergenceof theposteriors.Themessageto theparentZl of nodeX is

givenby:

λX
�
zl � � ∑

x

�
∑

z1 � z2 � 0 0 0 � zk

�
P
�
x � zl � z1 � z2 ��������� zk � k

∏
i � 1 � i 7� l

πX
�
zi ����� λ � x� (4.11)
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whereZ1 � Z2 � �+�+� � Zl ������� Zk areotherparentsof X. Themessagefrom nodeX to its child is givenby:

πY
�
x� � π

�
x� ∏

C 8 CHX � Y

λC
�
x� ; (4.12)

Pearl’s belief propagationalgorithm can be appliedto networks with loops wherethe belief of

a nodeis continuouslyupdatedin a loop till belief hasconverged. Many applicationshave shown

enormoussuccessandcorrectconvergenceusingLBP. In [21] it is shown to be connectedwith the

Kikuchi approximationof variationalBethefree energy in statisticalphysics. Note that, we arenot

usingLBP directly, we useLBP to arrive at animportancefunctionfor stochasticinferencediscussed

in theprevioussection.Importancesamplingalgorithmshave beenshown [11] to converge correctly

evenwhentheimportancefunctionvariesslightly from theoptimumone.

Theabovesetof stochasticsamplingstrategiesdiscussedin subsection4.2.1,4.2.2,and4.2.3work

becausein a BayesianNetwork the productof the conditionalprobability functionsfor all nodesis

theoptimal importancefunction. Becauseof this optimality, thedemandon samplesis low. We have

foundthatjust thousandsamplesaresufficient to arriveatgoodestimatesfor theISCAS85benchmark

circuits. Notethat this samplingbasedprobabilistic inferenceis non-simulativeand is different from

samplingsthat are usedin circuit simulations. In the latter, the input spaceis sampled,whereasin

ourcaseboththeinput andtheline statespacesaresampledsimultaneously, usingastrongcorrelative

model, as capturedby the BayesianNetwork. Due to this, convergenceis fasterand the inference

strategy is inputpatterninsensitive.

4.3 Experimental Results

We experimentedwith the combinationalcircuits from the ISCAS85benchmarksuite. We first

mappedtheISCAScircuits to their correspondingDAG structuredBayesianNetworks. Eachnodein

theBayesianNetwork takesfour possibleoutcomes( x00 � x01 � x10 � x11). Theconditionalprobabilityof

eachnodeis formedbasedon theknowledgeof typeof gateconnectingtheparentandthechild. The

experimentalset-upof ”GeNIe” [22], a graphicalnetwork interfaceis usedfor our experimentation.

The testswereperformedon a PentiumIV, 2.00GHz,Windows XP computer. For comparison,we

performedzero-delaylogic simulationon the ISCAS85benchmarkcircuits,which providesaccurate

estimatesof switching.
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Table 4.1.showsthemean,standarddeviation,maximumerrorandthetimeelapsedfor theISCAS

circuitswith PLSandwecomparetheresultswith thatobtainedusingtheprior approximateCascaded

BayesianNetworks(CBN) [5]. Columns2, 3, 4 and5 in this tablerepresentsthemeanerror(µE), stan-

darddeviationof theerror(σE), maximumerror(MxE), andtheelapsedtime(T) for switchingactivity.

It canbe easilyseenthateven thoughgoodmeanerrorsareobtainedby approximateCBN methods,

thestochasticPLSprovidesbetterestimatesin termsof standarddeviation andshows significantim-

provementover themaximumerror. Thetotal elapsedtime,which is thesumof CPU,memoryaccess

andI/O time (computedusingthe ftime commandin WINDOWS environment)is alsosignificantly

low for PLS.High maximumerror in theapproximateCascadedBayesianNetwork (CBN) modelis

attributedto partitioningof thenetwork, which resultsin lossof informationat theboundarynodes.

ThePLSschemeconvergesto accurateestimateswhenpropagatingevidencealongthecausallinks,

but for diagnosticreasoningthe estimatesobtainedthroughthis approachdeteriorates.Tables4.2.

and4.3.show theerrorstatisticsfor predictive aswell asdiagnosticinferenceusingAdaptive Impor-

tanceSamplingandEvidencePre-propagationImportanceSamplingfor 500,1000samples.Compari-

sonof boththetablesshow thetwo algorithmsconvergecloseto accurateestimateswithin 500samples.

Themeanandstandarddeviation of theerrorandthemaximumerrorareextremelylow for both the

modelsevenfor largerbenchmarkcircuits like c3540,c6288.This canbeattributedto theformation

of a goodimportancefunctionthatis closeto theoptimal importancefunction. However, EPISshows

fasterconvergencethanAIS asit avoids the costly learningprocessin AIS algorithm. Note that the

diagnosticfeaturethat both AIS andEPISmethodsoffer over the ApproximateCascadedBayesian

Network methodsis oneof ourkey motivationsfor usingstochasticinference.

Figures4.2.,4.3.,and4.4.,correspondingto c432,c1355,c6288benchmarkcircuits,respectively,

show thevariationof errors,obtainedusingAIS, EPISandPLS.Analysisof thegraphshows that the

estimatesconverge fasterwithin a smallsamplespaceandestimatescanalwaysbeformedevenwhen

thesamplespaceis smallor insufficient (any-time).
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Figure4.2.Graphshowing thetimeaccuracy tradeoff for c432.

100 200 300 400 500 600 700 800 900 1000

0.01

0.02

0.03

0.04

0.05

0.06

EPIS

AIS

SAMPLES

E
R

R
O

R

c1355

PLS

Figure4.3.Graphshowing thetimeaccuracy tradeoff for c1355.
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Figure4.4.Graphshowing thetimeaccuracy tradeoff for c6288.

Table4.1.ExperimentalresultscomparingApproximateCascadedBayesianNetwork modelandProb-
abilistic Logic Sampling.

Approx. CBN model[5] PLS:1000samples
µE σE MxE T(s) µE σE MxE T(s)

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

Table4.2.ExperimentalresultsusingAIS algorithmfor varioussamples.

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

c432 0.004 0.014 0.056 16.42 0.001 0.009 0.041 16.68
c499 0.001 0.012 0.097 19.42 0.000 0.009 0.041 19.67
c880 0.000 0.013 0.057 40.29 0.000 0.010 0.043 40.82
c1355 0.001 0.013 0.064 62.48 0.000 0.009 0.052 63.68
c1908 0.002 0.015 0.069 97.75 0.000 0.010 0.044 99.62
c3540 0.001 0.012 0.065 205.7 0.001 0.009 0.048 212.8
c6288 0.001 0.014 0.085 389.33 0.002 0.010 0.056 394.78
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Table4.3.ExperimentalresultsusingEPISalgorithmfor varioussamples.

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

c432 0.004 0.011 0.049 0.72 0.002 0.009 0.048 1.04
c499 0.001 0.012 0.055 0.94 0.001 0.008 0.039 1.03
c880 0.000 0.014 0.078 2.82 0.002 0.010 0.056 3.36
c1355 0.002 0.019 0.056 6.95 0.001 0.009 0.051 7.82
c1908 0.004 0.015 0.067 15.42 0.001 0.009 0.044 16.64
c3540 0.002 0.013 0.070 52.34 0.001 0.009 0.042 54.76
c6288 0.002 0.012 0.069 143.23 0.001 0.009 0.052 144.33
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CHAPTER 5

ENTROPY BASED INPUT CHARACTERIZATION FOR DATA-DEPENDENT LEAKAGE
POWER ANALYSIS

Theaveragepowerdissipationin CMOSis sumof two factors,namely, dynamicpowerandleakage

power. Tradiationally, themostsignificantcontributor to powerdissipationin CMOScircuitshasbeen

thedynamicpower dissipation.To attenuatethis problemdesignersreliedon scalingdown thesupply

voltagedueto thequadraticdependenceof dynamicpower on supplyvoltage.A majordisadvantage

of this techniqueis that it affectsthe switchingspeedof the circuit. Sustenanceof the circuit speed

requiresaproportionatedecreasein thethresholdvoltage.Downscalingof thethresholdvoltageaggra-

vatesleakagepowerdissipation(dueto anexponentialincreasein sub-thresholdleakagecurrent).Also,

asthedevice densityincreasesleakagepower startsdominatingthe total power dissipation.Leakage

power dissipationcanaccountfor morethan50%of total power dissipationin 65nmIC’s. An effec-

tive strategy for mitigatingleakagepower is to usedual thresholdvoltagecells(placinglow threshold

voltagecells in the critical pathto maintainperformanceandhaving high thresholdvoltagecells in

the non-criticalpathsto reduceleakage).It shoulf be notedthat, leakagedoesnot only happendur-

ing stand-bymodes,it is alsopresentduringactive periodandis a crucial componentof total power

dissipation[61], [62], [63]. This chapterintroducesa novel techniqueusingBayesianNetworks that

identifiesgateswhich aredormanteven in the run-time mode. Designerscan target thesegatesas

candidategatesfor leakagepower optimization. The intensionof this chapteris not to focuson the

methodsof leakageoptimizationbut to provide designerswith anothertechniqueto target gatesfor

leakagepower optimization.
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5.1 Why do we need Input Characterization?

The total power (Pt) expendedin a circuit canbe expressedasthe sumof individual gatepower

(Ptg), which in turn canbebrokenup into switchingandleakagecomponents[61].

Pt � ∑gPtg � Pdg � Psg

� 0 � 5α fV2
ddCload� wire � � 1 � α � ∑i Pleak� iβi

(5.1)

whereα denotestheactivity of thenode,andβ is theprobabilityof remainingin a dominantleakage

state(namelysignalat0or1). Notethatβ aswell asα isdependenton � yi �9) � 0t � 10t � 0t � 11t � 1t � 10t � 1t � 11t �
the switchingstatesof the inputsandthe physicalparametersof the gate,θ. Thus, total power is a

functionof theinput switchingstates,
�
y1 ��������� yN � , andthedevice parameters,θ, i.e. Pt

�
y1 ��������� yN � θ � .

Givenaninput trace,oneusuallycomputes∑ . y1 � 0 0 0:� yN / Pt
�
y1 ��������� yN � θ � , which is akin to computingthe

expectedvalueof thetotalpower, E
�
Pt � , with theparticularinput trace.Theoptimizationproblemcan

thenbeexpressedas:

min
θ

E
�
Pt � � min

θ ∑
y1 � 0 0 0:� yN

Pt
�
y1 ��������� yN � θ � p � y1 � ��������� p � yN � (5.2)

Theoptimalpoint, θopt , thusfoundwill bea functionof theassumedinput statistics,p
�
y1 � ��������� p � yN �

1. Notethat,poweroptimizedoperatingpoint arrivedat for asingleinput switchingpoint,or a few set

of input statistics,is not sufficient. Thespaceof all possibleinput switchingstatisticsis just too large,

in fact it is muchlarger thanthe sizeof the input spaceitself; it is the setof all possibleprobability

distributions over not the input states,but the input switching states. Moreover, simplistic random

input assumptionson the input spaceis a seriousproblem. Inputsof onecircuits arethe outputsof

another, andhencecanexhibit strongcorrelations.For instance,Figure.5.1. shows theprobabilistic

dependenciesamongsttenof theoutputsof c432(4 bit ALU) benchmark.We provide randominputs

to theprimaryinputsof c432andlearnacausalprobabilisticgraphicalmodelamongsttheoutputs(the

learningprocessusedis not in thescopeof this thesis).Theprobabilisticdependency betweenthese

nodesdefinitelyarefar from randomandevenmodelingusingjust biasedinputs(low/high switching)

is not sufficient. Clearly, there is needfor a statisticalinput characterizationmeasurefor leakage
1In thechapter, we usecapitals,e.g.Y, to denoterandomvariables,correspondingsmall letters,e.g. y to denotevalues.

Wealsousep 2 y3 to denotep 2 Y 1 y3 , i.e. theprobabilityof theeventY 1 y
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Figure5.1.Thecorrelationsamongtheoutputlinesof c432with randominputs. Theoutputlinesof
oneblock aretheinput linesof another.

optimizationthat is not basedon prior knowledgeof input trace. Of course,if completedatatrace

specificationsfor anapplicationdomainareknown, any estimationalgorithmcanpredictthelikelihood

of a signal to leak. However, in practicethis is hard to accomplish,especiallyin the nano-domain,

wheredueto themulti-objective optimizationneeds,thesizeof thedatatracerequirementsincrease,

soasto beableto exerciseall the“modes”of theobjective functions.

Insteadof consideringtotal power basedon a prior over theinput space,which hasbeentheusual

practice,weconsidertheposteriorover theinputspace,conditionedonstatesof internalnodes.Using

theseposteriordistributionsover theinputs,we identify nodesthatarelikely to be leaky in theactive

zone. It doesnot requirethepre-specificationof input-statisticsor input-traces.Mathematically, we

considerp
� � yi �;�Xj � 0t � 10t � , whereXj representsa randomvariableinternalto thecircuit andp

� � yi �
is the profile of input setthat generatesthe observation Xj � 0t � 10t . We usethe conceptof entropy

of this posteriordistribution to characterizethe input space.The conceptof entropy in itself is not

new andis usedin almostall researchdisciplines.Excellentintroductionto axiomaticbasisof entropy

conceptscanbe found in [73, 74, 75]. Entropy is a measureof uncertaintyin a finite system.High

entropy indicateshigh uncertainty. Completelyrandominputswould beassociatedwith high entropy.

In this work, we generatean upperboundof the entropy of the posteriorinput spacedistribution

by consideringindependentinputs. if no prior informationaboutthe input is known, the conceptof

absoluteentropy canbe used. However, if someknowledgeof the input is available,suchaswhen

oneknows thattheinputsaretheoutputsof anotherlogic block, thenin suchcase,we canuserelative

entropy asa distancemeasurebetweentheknown input spaceandtheposteriorinput spaceunderthe

evidence/observation.
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We useBayesianBelief Network basedmodelingto computethe input posteriors.Why Bayesian

Networks? Simply becausethesecausal,graphicalmodelsare minimal representationscompletely

capturingtheunderlyingjoint probabilitydensityfunction(pdf); it inducesanoptimalfactorizationof

thejoint pdf [2]. Theminimality of therepresentationmanifestsin thereducednumberof thelinks in

thegraphrepresentation,which in turn facilitatesfastbelief propagationschemes.Theseprobabilistic

beliefpropagationschemesarenotdirection-sensitive,eventhoughtheunderlyinggraphrepresentation

hasdirectedlinks betweencauseandeffect;duringupdatingmessagesarepassedin bothdirections.In

fact,thisprobabilisticmodelis pattern-insensitive for predictivepurposes,whereweknow thepossible

causesandwe want to know theeffects. But, the realpower of probabilisticmodelsis thatgiven an

observation,we cancharacterizetheplausiblecausesthatcanproducethegiven observation, that is,

the probabilisticmodelsprovide the Most ProbableExplanationthat cancausethe observation. We

useEvidencePre-propagatedImportanceSampling[12] stochasticinferencetechniqueto accurately

propagatebelief from evidenceto all othervariables.

The issueandthe approachpresentedin this chapterarenew to our knowledge. For a different

context of dynamicpower, dataspecification,or ratherlack of specification,issueshasbeenstudied

using power sensitivity [76], whereupper/lower boundson averagedynamicpower wascomputed.

Note that this typeof treatmentdependson a few simulation-based(pattern-sensitive) points,around

which sensitivity is computedandtreatsonly the dynamiccomponentof power. With regardto the

conceptof entropy, it hasbeenusedin RT power asanupperboundof switchingactivity by Nemani

et al. [77] andnot for input spacecharacterization.With regardsto Bayesiannetworks, it wasfirst

proposedin [8] andthenin [78]. However, thecontributionshavebeenlimited to switchingestimation

andtiming predictionthatdo notexploit thebacktrackingaspectof probabilisticreasoning.Our work

providesanotherarsenalfor the low power designersto focusleakagemitigationschemesat targeted

nodes,ratherthanjustconsideringnodes(basedoncritical path)or usingasingle(or ahandfulof data

profiles)to target theoptimizationschemes.Methodsthatusemeasureson every transistors,suchas

dynamicthresholdvoltage[67, 68], canuseourmeasureto selectthetargetnodes.
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5.2 Input Characterization

Weapproachtheinput spacecharacterizationproblemasaprocessto find out theplausiblecauses

of anobservation. In ourcase,supposewewantto getameasureof leakiness(Xi � 0t � 10t � Xi � 1t � 11t )

or amountof switching(Xi � 0t � 11t � Xi � 1t � 10t ) of aninternalsignalXi, predictive inferencestrategies

wouldactuallyconsidertheconditionalprobabilityp
�
Xi � 0t � 10t � y1 ��������� yN � whereknowledgeof input

switchingstatesy1 ��������� yN � areassumedto beknown apriori. On theotherhand,diagnosticinference

would analyzep
���

y1 ��������� yN � �Xi � 0t � 10t � andthenusetheposteriorinput distribution to characterize

the input spacefor theobservation
�
Xi � 0t � 10t � . Beforewe discuss,in Section5.3,how to compute

this input posterior, we presentthe entropy basedcharacterizationthat we advocate. Note that, we

will beusinguppercasealphabets(namelyX � Y ) to denoterandomvariablesandlowercasealphabets

(namelyx � y� yi � y j ) to denotethediscretestatesthattherandomvariablecantake.

Beforeproviding the definitions,let us intuitively seewhy we useentropy. Entropy of a system

measurestheamountof uncertaintyin thesystem.A morelikely eventis boundto havehigherentropy

thana lesslikely event [74]. Considera randomvariableYi , representingthe i-th input. For our case,

eachYi cantakenon oneof four possibleswitchingstatesvalues,yi ) � 0t � 10t � 0t � 11t � 1t � 10t � 1t � 11t � .
Entropy of this randomvariableis givenby

H
�
Yi � � � ∑

yi

p
�
yi � log p

�
yi � (5.3)

If randomswitching,p
�
yi � � 1
 4 andH

�
Yi � is log4, themaximumpossible.If thestateof variableis

known for sure,H
�
Yi � is zero.

Entropy canalsobe computedfor a seta randomvariableby consideringtheir joint probability

functionandit canbeshown that[79].

H
�
Y1 ��������� YN � � N

∑
i � 1

H
�
Yi � � Y1 ��������� Yi � 1 � Yi � 1 ��������� YN ��� (5.4)

Whentherandomvariablesareindependentof eachotherjoint entropy is suchthesumof theindividual

entropies

Hu � Y1 ��������� YN � � N

∑
i � 1

H
�
Yi � (5.5)
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It canbeshown thatHu < H whereyi ’sarenotmutuallyindependent,or is anupperboundonthejoint

entropy. Weusethisupperboundentropy measureontheposteriorinputspaceasa leakagepossibility

characterizationmeasurefor node,Xj .

Hu
xj

�
Y1 ��������� YN � � � N

∑
i � 1

p
�
yi � x j � logp

�
yi � x j � (5.6)

We can useentropicmeasures,even for situationswherewe might know somethingabout the

input statistics.In suchcaseswe considerthe relative entropy, which is alsoknown astheKullback-

Liebler distance,crossentropy, discriminationinformation,directeddivergence,or I-divergence.Let

q
�
y1 � ��������� q � yN � , denotethe known input statistics. Then the relative entropy betweenthe posterior

distribution andtheknown oneis givenby

H r
xj � ∑ p

�
y1 ��������� yN � x j � log

p
�
y1 ��������� yN � x j �

q
�
y1 � ��������� q � yN � (5.7)

This servesasa measureof leakagepossibility. If the relative entropy is high betweenthe posterior

inputspace,conditionedonaleaky state,x j , of anode,Xj , andthegiveninputspace,thenit is unlikely

thatparticularnode,Xj , will leak.And viceversa,if thedistanceis less.

Like for simpleentropy, it canbe shown that the relative entropy measureunderindependence

assumptioncan provide us with an upperbound. The upperboundrelative entropy can expressed

simplyas

H r
xj � ∑ p

�
y1 � y2 ��������� yN � log

p
�
y1 � y2 ��������� yN �

q
�
y1 � y2 ��������� yN � (5.8)

� ∑ p
�
y1 � p � y2 � ����� p � yN � ∑

i

log
p
�
yi �

q
�
yi � (5.9)

� ∑
i � s p

�
yi � log

p
�
yi �

q
�
yi � ∏=

j 7� i

�
∑
s

p
�
y j ��� (5.10)

� ∑
i � s p

�
yi � log

p
�
yi �

q
�
yi � (5.11)

Equation.5.9exploitsthefactorizationthatis possiblebasedonindependence.In Eq.5.10,∑s p
�
y j ��� �

1. Notethatundertheindependenceassumption,therelative entropy computationis inexpensive.
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5.3 Computing Posterior Input Distributions

In this section,we discusstheprobabilisticmodelandthebackwardpropagationschemesthatare

usedto computetheposteriordistributionsover theinputspace.Any probabilityfunctionoverasetof

randomvariables(X1 ��������� XM � y1 ��������� yN), whereXi, aretherandomvariablesrepresentingi-th internal

signals,Yj is the j-th primaryinput,canberepresentedas

P
�
x1 ��������� xM � y1 ��������� yN �

� P
�
xM � xM � 1 � xM � 2 ��������� x1 � y1 ��������� yN �

P
�
xM � 1 � xM � 2 � xM � 3 ��������� x1 � y1 ��������� yN � �������	� P � y1 �	� ����� P � yN ���

(5.12)

Theaboveexpressionholdsfor any orderingof therandomvariables.Thisbruteforcerepresentationof

probabilisticknowledgerequirestabulationof all theentriesin P
�
x1 �������	� xM � y1 ��������� yN � , which areex-

ponentialin number. Theexactrepresentationassumesthatevery variableis dependenton every other

randomvariablepresentin theset.It doesnot takeadvantageof theconditionalindependenciespresent

amongthevariables.Until very recently, thecommonstrategy hasbeento make thenaive assumption

of completeindependenceof thevariables,i.e. P
�
x1 ��������� xM � � P

�
x1 � ��������� P � xM � . However, this fails to

exploit thefull powerof probabilisticmodeling.Powerful directedacyclic graph(DAG) basedmodels

have beenrecentlyproposedthatexploits all theindependenciesamongtherandomvariablesto arrive

at a minimal modelof the joint probability graph. ThesearetermedBayesiannetworks, causalnet-

works,or belief networks [2]. This graphicalprobabilisticmodelinducesa factoredrepresentationof

the joint probability function in termof theconditionalprobabilitiesof eachrandomvariables,given

thestatesof their correspondingparentsin thegraphstructure.

P
�
x1 ��������� xM � y1 ��������� yN � � M

∏
k� 1

P
�
xk �Pa

�
xk ��� N

∏
j � 1

P
�
y j � (5.13)

The power of BayesianNetworks is in the fact that not only can it do predictive inference,i.e.

computeprobabilitiesof the outputs(effects)basedon evidenceaboutthe inputs(causes),but it can

alsodo diagnosticinference,i.e. computeprobabilitiesaboutthe inputs(causes)conditionedon the

outputs(effects). While simulative approaches,suchasthoseusedin VLSI estimation,might suffice

for predictive inference,they arenotatall efficient for diagnosticinference.Oneexampleof diagnostic
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queryis “What inputscancausea switchingprobabilityof 0 � 8 at a particularnodeof interest?”This

would requirea conditionalsearchof the input spacein a simulative framework, which is computa-

tionally expensive. Probabilisticinferenceis the only consistentuncertaintycalculusto handlesuch

situationsin anefficientmanner. WeuseEPIS(astochasticsamplingtechniquediscussedin chapter4,

section4.2.3)techniqueto estimatetheposteriorinput distributionsgivenanobservation. For our ex-

periments,we usedtheBayesiannetwork computationalpackageandlibrary known as”GeNIe” [22]

andSMILE.

Notethat this samplingbasedprobabilistic inferenceis non-simulativeand is different fromsam-

plingsthatareusedin circuit simulations.In thelatter, theinputspaceis sampled,whereasin ourcase

both the input andthe line statespacesaresampledsimultaneously, usinga strongcorrelative model,

ascapturedby theBayesianNetwork. Dueto this, convergenceis fasterandthe inferencestrategy is

input patterninsensitive.

5.4 Results and Conclusions

We illustratetheideaspresentedin this chapterusingtheISCAS’85benchmarkcircuits. All com-

putationsarerun on a PentiumIV, 2.00GHz,Windows XP computer. Table5.1. shows the profiles

of nodesthat are testedfor known datatraces. We testedwith two sets. The first set is wherethe

input switchingis moderate(switchingactivity 0.5) andthesecondsetis for a biasedlow switching

inputs(switchingactivity 0.3). Column2 and3 denotesthe numberof nodesthat would be leaking

60-80%andabove 80%of the time during theactive modeof operation(input switchingis assumed

to 0.5). For anexamplec3540,wouldhave 841nodesleakingmorethan80%time andc1908has362

nodesleakingfor morethan80 % of time. Note that theabove datais reportedon individual signals.

However, for anNMOS stack,oneof theinput at 1 might not make it a leaky state.For thetruecom-

putation,we shouldconsiderthe joint instantiationof the inputsto either0t � 10t or to 1t � 11t andthen

calculateentropy. Note that thecalculationeffort of sucha combinationwould not bedifferentfrom

singleinstantiation.

Figure.5.2., 5.3., 5.4. shows the detailedprofile of the nodebreakupof the percentageof time

leakingat statezero, for threecircuits andwith two different input statistics;for onecase,primary

inputsareswitching50%of thetime andin theothercase,primaryinputsareswitching30%of time.
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Table5.1.Leakageprofile for known datatraces.

Circuits Numberof nodesleakingin activezone
Inputactivity 0.5 Inputactivity 0.3

(60-80)%of
time > 80% of

time
(60-80)%of
time > 80% of

time
c432 178 37 363 102
c499 54 88 235 88
c880 252 123 610 224
c1355 402 280 743 306
c1908 372 362 1224 395
c3540 896 841 2068 1040
c6288 1997 292 2856 555

Noticethata largernumberof nodeswouldbeleakingsignificantlyduringactive zonefor activity 0.3.

Datashown in Table5.1.,aswell asin Figure.5.2., 5.3., 5.4.,aregeneratedby thesameprobabilistic

framework andinferencethat is usedfor the posteriorcomputation.All thedataarenon-simulative,

hencepatterninsensitive andmodelsall dependenciesin thecircuits.

In Table5.2.,weshow theresultsoninputspacecharacterizationby absoluteentropy. Notethatthis

tableis for theentropy computationwhenposteriorinputdistributionwerecomputedforcingindividual

signalsto leak at logic zero. Signalsthat producedan entropy measurethat lies within 30% of the

maximumentropy arereportedatcolumn3 andthesenodesaretargetsfor leakagemitigationschemes.

Minimum andmaximumentropy is reportedin column4 and5 respectively. Column2 reportsnodes

arehighly unlikely to leakatzero:thesesignalsproducedentropy thatwithin 30%of thelowestentropy

seenfor thosecircuits.Notethatfor c880andc1908,therearenodesthatdonot leakatany timeatzero

for any inputcombinations.Somecircuitsshowedlargerrangein entropy thanothers.For example,in

c3540thedifferencebetweenmaximumandminimumentropy is 10 whereasc499andc1355entropy

rangeis small. This indicatesthedatatracesaremoreimportantto obtainfor thelattergroups(c499).

Also, we found out a few nodesthat cannotbe leakingat zero irrespective of the input space.This

happenswhenposteriordistribution is impossible.

In Table 5.3., we presentresultson the relative entropy. Note that, relative entropy measures

distancefrom a referencedistribution andhencesignalsthat generateslow H r , aremorelikely to be

leaky atzerogiventheexpectedreferencedistribution. Wereportnumberof nodesthatgeneratedhigh

input KL distancemeasure(within 30%of themaximumH r) in column2 andnumberof nodesthat
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Figure5.2.Graphshowing thebreak-upof leakageprofile for differentswitchingprofile for c432.

Table5.2.Entropy basedinput characterizationfor leakagecondition

Circuits Numberof nodesgenerating Rangeof Entropy
Low input High input
entropy entropy min max

c17 4 2 4.14 6.92
c432 2 321 44.66 49.86
c499 31 321 53.95 56.78
c1355 128 793 53.95 56.79
c1908 4 1871 0 45.74
c3540 5 3220 58.91 69.25
c6288 6 4172 37.81 44.33
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Figure5.4.Graphshowing thebreak-upof leakageprofile for differentswitchingprofile for c3540.
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Table5.3.Relative entropy basedinput characterizationfor leaky signals

Circuits Numberof nodesgenerating Rangeof Hr

High Hr Low Hr Min Hr Max Hr

c17 4 2 0.01 2.78
c432 1 303 0.04 4.77
c499 30 322 0.05 2.88
c1355 127 794 0.05 2.88
c1908 13 1760 0.04 5.6
c3540 4 3221 0.06 10.39
c6288 5 4175 0.04 6.55

generatedlow (bottom30%) input H r measurein column3. Columns4 and5 reports,minimumand

maximumrelative entropy, respectively, thatwe observe for thecircuits.
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CHAPTER 6

CONCLUSION

Switching activity estimationis a complex problemthat have beenresearchedfor more than a

decade.This thesisintroducesaswitchingactivity estimationtool for combinationalcircuitsthatmod-

els all the temporalandspatialdependenciesin a circuit with high accuracy. We have demonstrated

theresultsof theestimatedswitchingactivity usingvariousany-time stochasticsamplinginferenceal-

gorithmsnamelyEPIS,AIS, andPLS.We find thatPLSyieldsthebestaccuracy-time tradeoff if used

underpredictivesituation.In diagnosticsituation,caseswhenevidenceis unlikely, EPISandAIS algo-

rithmswouldyield accurateestimates.WethusconcludethattheBayesianNetwork basedmodelingof

switchingactivity andinferenceyieldshigheraccuracy in significantlylower time. Thepresentscope

of this modelis limited to zero-delayscenario,whichwe planto addressin future.

We alsopresenteda novel probabilisticframework for measuringleakinesspotentialof a signal

duringactive switchingmode,without any prior assumptionaboutthe input space.We usetheprob-

abilistic BayesianNetwork to propagatebelief from observation to the plausiblecausesandusethe

attributeslike entropy of theposteriorto determinethelikelinessof thesignalsto beatzero.Ourwork

providesanotherarsenalfor the low power designersto focusleakagemitigationschemesat targeted

nodes,ratherthan just consideringnodes(basedon critical path)or usinga single (or a handfulof

dataprofilesto targetoptimizationscheme.Methods,suchasdynamicthresholdvoltage,canuseour

measureto selectthetargetnodesfor leakageoptimization.
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