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

Shiva Shankar Ramani

ABSTRACT

Power dissipationin a VLSI circuit posesa seriouschallengen presenandfuture VLSI design.
A switchingmodelfor the datadependenbehaior of the transistords essentiato modeldynamic,
load-dependerdctive power andalsoleakagepower in actve mode- the two componentof power
in a VLSI circuit. A probabilisticBayesiannetwork basedswitchingmodelcanexplicitly modelall
spatio-temporatlependencrelationshipsn a combinationakircuit, resultingin zero-errorestimates.
However, thespace-timeequirement®f exactestimationschemeshasedn this model,increasavith
circuit compleity [5, 24]. This work exploresa non-simulatve, importancesamplingbased proba-
bilistic estimatiorstratgy thatscaleswvell with circuit compleity. It hastheary-time aspecof simula-
tion andthe input patternindependencef probabilisticmodels.Experimentatesultswith ISCAS’'85
benchmarkshaws order of magnitudereductionin maximumerror, standarddeviation speciallyfor
largerbenchmarksvith significantlylow time. We alsopresent novel probabilisticmethodthatis not
dependenbnthepre-specificatiomf input-statisticor theavailability of input-tracesto identify nodes
thatarelikely to beleaky evenin theactive zone.Thiswork emphasizesn stochasticlatadependengc
andcharacterizatiomnf theinput spacetametingdata-depende¢akagepower. The centralthemeof
this work lies in obtainingthe posteriorinput datadistribution, conditionedon the leakageat anindi-
vidual signal. We proposea minimal, causal graphicalprobabilisticmodel(BayesiarBelief Network)
for computingthe posterioy basedon probabilisticpropagatiorflow againstthe causaldirection,i.e.
towardsthe input. We alsoprovide two entropy-basedmeasures$o characterizéhe amountof uncer
taintiesin the posteriorinput spaceasanindicatorof thelikelihoodof the leakageof a signal. Results
on ISCAS’85 benchmarkshaws that conclusve judgmentscan be madeon mary nodeswithout ary

prior knowledgeabouttheinput space.



CHAPTER 1

INTRODUCTION

1.1 Need for Low Power VLSI design

GordonMoore (Moore’s law) predictedan exponentialgrownth in the numberof transistorsper
squareinch, nearly doublethe numbereachyearand further expectedthis trendto continuefor the
foreseeabléuture[Figure1.1.]. This drasticincreasean chip density togethemwith decreasén feature
sizeshave madepower dissipationa majorissuein VLSI circuits. Theincreasen device densityevery
yearalsodemanddor high operatingfrequeng. As aresult,the amountof power disspatedger unit
areaor the power densityis boundto increasevhich necessiatethe useof costly packagingandheat
sinksto keepthetemperaturdevels of the chip within its limits. A stagehasreachedverewe have to
startanalyzingour designdor power apartfrom areaandspeecdconstraintdor betterimplementation.
This hasmadelLow Pawer Designthe focusof VLSI researclanddevelopmentover the lastdecade.
Anotherfactorthatdrivesthe needfor low power designis the rapidly increasingdemandor portable
electronicsystemswhich imposessevererestrictionson its size,weightandpower. Batterylife plays
a major role whenit comesto makinga choiceof a particularportableelectronicitem. The specific
weight,whichis the storedenegy perunit weight, of a batteryis not expectedto have arevolutionary
changethat meetswith the expandingapplicationsof portablesystems.Hence,estimationand opt-
mizationof a designfor power apartfrom areaandtime asconstraintdbecomesabsolutelynecessary
to meetwith thedemandsn portablesystemslesign.

To summaraizethe needfor low power designis dueto following reasons:

¢ Reducedatterylife dueto high enegy consumedy VLSI circuits.

¢ Reducedeliability andspeeddueto increasen power dissipation.

e Increasedcosts dueto additionalpackagingandcoolingsystemto reducetemperature.

e Environmentalktoncerndueto unnecessargnegy consumptiorandheat.
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Figurel.1l.GraphdepictingMoore’s Law [1].

1.2 Componentsof Power dissipation

This sectionis devoted to give an overview on varioussourcesof power dissipationin CMOS
circuits. Averagepower consumptionn CMOS circuitsis dueto 2 components.They are dynamic

power andstatic(leakagepower. Averagepower canbe expressedy thefollowing equation

Pavg = denamic‘|‘ I:)Iealage (1-1)

1.2.1 Dynamic power dissipation

Dynamicpowerconsumptiorarisesdueto frequentchaging anddischaging of the parasiticca-
pacitanceduring switching. So far, dynamicpower hasbeenthe dominantcomponenbf powver and
accountdor about75% of the total power dissipation.Interestedeaderis directedto [3] for detailed
understandin@n the derivationsfor dynamicpower.

If thechaging andthe dischaging cycle takesplaceatafrequeny f, thetotal power dissipatedn
aninverteris givenas



Theabove equationEquation.1.2is animportantequationn CMOSVLSI designrepresentinghe
dynamicpower dissipiationof a singlegatewith load capacitanc€, . In generalthetotal power of a
circuit with n gateds givenas:

denamic: z CiVi2 fi (1-3)
I

VoltageV; in the Equation.1.3is samefor all gatesin acircuit and f; is thefrequeng of switchingfor
a particulargate. Fromthe Equationl1.3, we cannoticethatthe dynamicpower is directly dependent
on thefrequeng of switching. Hencean actwe circuit will dissipatemorepower thananidle circuit.
Accurateestimationof dynamicpower requiresa carefulanalysisonthe switchingprofile of eachgate.
First part of this thesisis focussedoward estimatingthe switchingactiity at gatelevel underzero
delayassumption.

Anothercomponenbf power thatis causediueto input signalswitchingis the short-circuit power
consumption.This componenis dueto a direct pathfrom Vygq to ground,whenboth nmosandpmos
conductfor ashortwhile duringswitching. Considemninvertercircuit shavn in theFigurel.2..When
the input signalswitches,a brief period exists during which both transistorsthatis, nmosandpmos
conduct.Thereasoris, PMOSturnsonif theinputsignallevel is belav \t, (PMOSthresholdvoltage)
whereador NMOS the input signallevel hasto be abore Vi, (NMOS thresholdvoltage),as shavn
in Figure 1.2., thus causinga direct flow of currentfrom the voltage sourceto ground. The power
dissipatedduringtheinput signaltransitionphaseis referredto asthe shortcircuit power andis given
by Equation.1.4[4]

Pshort = Klﬁz(vdd — ZVT)3fT (1.4)

B isthegainfactorof aMOS transistorVr is thethresholdvoltage,andrt is therise/fll time of thegate
inputs. Shortcircuit power accountdor 10% of the overall power dissipationandis usuallynot taken

into consideratiorduringlow power design.Factorsthataffect shortcircuit power aregivenbelow:
e Theslopeanddurationof theinputsignal.
e Theoutputloadingcapacitance.

¢ It alsodepend®n processechnologytemperatureetc.
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Dynamicand Shortcircuit power dissipationdependon the switchingacticity andhencein idle
state(switchingactvity is zero)the circuit shouldactuallynot consumeary power. In reality, thereis

anothercomponentalledleakagepower thatcausegpower dissipationin the sleepor staticmode.

1.2.2 Leakagepower dissipation

Secondcomponentof power dissipationis the Static leakaye power consumption The reason
for thistype of dissipiationcanbe attributedto reversebiasdiodeleakage sub-thresholdeakagegate
oxidetunneling Jeakagedueto hotcarrierinjection,Gate-Inducedrain LeakaggGIDL), andchannel
punchthroughNotethatthis type of power dissipationdepend®n thelogic statesof a circuit thanits
switchingactvites. Currently power dissipatediueto leakages not significantlyhigh but is expected
to increaseby year2005asthetechnologymovestowardsnanodimensions.The total leakagepower

dissipationis givenby Equationl.5.

I:)Iealage = (ldiode‘|‘ Isutthreshotl + Ioxide—tunnelng + Iha—carrier + lcipL + Ichannel—punchthrough) Vud (1-5)

1. Reverse BiasedPN-junction(l1): The diode leakageis dueto the formationof PN junctions
betweersourceor drainof thetransistorandthebulk (substrate)Leakagecurrentflows from the
junctionto the substratavhenthediodeis reversebiased.The magnitudeof the currentdepends
onprocesparametersareaof thePNjunction,biasvoltage,andtemperatureEquationl.6gives
diodeleakagecurrent.

ldiode = (|s*(ev/vth—1)) (1.6)



e |5 is thereversesaturationcurrentandit is dependendntemperaturels doublesfor every

tendegreeincreasan temperature.

e i, is thethermalvoltage whichis givenby kT /q.

The reversesaturationcurrentls is of the orderof 1 —5pA/un?. Note thatthe diodeleakage
currentoccursevenduringstand-bymode thatis, whenthereis no switching. Hence the power
disspatiordueto thismechanisnwill have asignificantimpactonalargechip containingseveral

million transistors.

Note thatfor heavily dopedp andn regions,the BTBT (bandto bandtunneling)dominatesghe
diodeleakagd15]. High field acrosghe reversebiasedpn junction causes significantflow of
electronspy thetunnelingprocessirom thevalencebandof the p-region to theconductiorband

of then-region.

. Subtheshold ChannelLeakaye (I2): The primary contritutor to leakagepower is the sub-
thresholdor weak inversionconductioncurrent. Strictly speakingwhen a transistoris in off
state thereshouldnot be arny currentin the channel.But in reality, thereis a non-zerocurrent
flowing throughthe channelasshavn in Figure1.3.. Hencetheterm sub-thresholdeakageasit
occursat a voltagelevel well belov the gatevoltage. As the device dimensionscalesdown, the
power contrituted by sub-thresholdeakagebecomesnormousandit exhibits an exponential

dependencen the gatevoltage.Subthresholdurrentis givenby equationl.7.

(Vgs—M)
Isutihreshott = (lo* (€ ©@%n) ") @.7)

¢ \} isthethresholdvoltage.
e lgisthecurrentwhenVgs=\.

e 0 is aconstantlependendnthedevice fabricationprocess.

Sub-thresholadurrentdepend®n fabricationprocesstemperaturevariations,andgatevoltage.

DIBL Drain InducedBarrier Lowering occurswhenthe drain depletionregion interactswith
the sourcenearthe channekurface thusloweringthe sourcepotentialbarrier For shortchannel

devices,whenthedrainvoltageis increasedit lowersthebarrierheight,resultingin decreasef

5
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Figurel.3.Leakagecurrentmechanisnin deep-submicrofil4].

thresholdvoltage. The sourcetheninjectscarriersinto the channelwithout the influenceof the

gatebias,thusincreasinghe subthresholaurrent[14].

. GateOxideTunneling(l3): Asthedevice sizeshrinks,thereis a correspondingeductionin gate
oxidethickness.This procesgesultsin asignificantincreasen theelectricfield acrosshegate.
The high electricfield togethemwith low gateoxide thicknessresultsin tunnelingof electrons
from the substratedo gateandalsofrom gateto substratehroughthe gateoxide [14]. Thetwo

forms of tunnelingacrossthe gate oxide are, namely Fowler-Nordheim Tunnelingand Direct

Tunneling

. Hot Carrier Injectionfrom Substate to Gate Oxide(l4): Shortchanneldevicesaresusceptible
to carrierinjectioninto the gateoxide, dueto high electricfield nearthe silicon-oxideinterface.
Electronsor holesgain sufiicient enegy to crossthe interfacebarrierandenterthe gateoxide.

This effectis calledashot-carrierinjection[14].

. GatelnducedDrain Leakaye (Is): GIDL is dueto the high electricfield in thegate/drairoverlap
region of atransistor Whenthe MOS is in theaccumulatiorregion, surfaceunderneathhe gate
behaeslike aheaily dopedregionthanthesubstrateit causeshedepletionlayeratthesurface
to bemuchnarraver thanelsavhere. This form of leakageoccursat a high drainbiasandlower
gatebias. Then+ drainregion underthe gatebecomeslepletecandsometimesnvertedat alow
gatebias. For minority carriersthe substratas at a lower potential,hencethe carrierscaught

in the depletionregion beneatlthe gateare sweptto the substrate This effectis known asthe



GatelnducedDrain Leakage.Lightly dopeddrain, high Vpp andthin oxide thicknessenhance

GIDL [14].

6. Pundhthrough(lg): In shortchanneldevices,the seperatiorbetweerthe sourceanddraindeple-
tion layersreducesvith acorrespondingncreasen thereversebias(Vys) voltage.At asufficient
drainvoltage thedepletionlayerstouchor mege deepbelow the surfacecausingounchthrough.
Sincetheregion nearthe silicon surfaceis heavily doped(for a thresholdadjustimplant),there
is agreaterexpansionof the depletionlayerdeepbelav the surface(dueto lessdoping)ascom-

paredto the surface. Thus,punchthrougloccursdeepbelon thesurface[14].

In this section,we discussedboutthe two component®f power, namely dynamicandleakage.
As we move towardsthe nano-domaindynamiccomponengaswell asthe leakagecomponenbf the
power is expectedto have a steadyincreasemainly dueto the increasen numberof transistorsper
chip. Thetotal power (P,) expendedn a circuit canbe expressedsthe sumof individual gatepower

(Pyg), whichin turn canbebroken up into switchingandleakagecomponent$61].

= 0.50fcikVCioads wire + (1— @) 3 PleakiBi

(1.8)

e Vyq isthesupplyvoltage.
o fok istheclockfrequeng.

e Cjoaq is load capacitance.

wherea denotesthe activity of the node,andf3 is the probability of remainingin a dominant
leakagestate(namelysignalat O or 1). Notethat3 aswell asa is dependenbn the switchingstates
of theinputsandthe physicalparametersThus,total power is a functionof theinput switchingstates,
andthedevice parameters.

As indicatedin [57], dynamicpower (indicatedas Pgynamid Will be 90% of the total power if
switchingactvity (averagenumberof switchingsin aclockcycle)is morethan0.1. Furtherfrom[7], by
theyear2005theleakagecomponentf power, Peajage, Startsdominatingtheoverall power dissipation.

Reliability andperformancef acircuit degradeswith excessve averagepower consumptionrequiring
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Figurel.4.Accuray vs. speedf power estimationat variouslevels[3].

theuseof costly packagingandheatsinksto controltemperatureHence accurateestimationof power
during the early designphasesuchasat transistor logic, architecturabr even behaioral levels will
reducecomplicatedgxpensve designchangest later stagesiueto power dissipationconsiderations.
Thus,modelingand estimationof switchingactiities aswell asleakaggpowver remainto beimportant
problemsn low-powerdesign.Estimationof power hasbeenperformedatvariouslevelsof abstraction,
namelybehaioral level, RT level, gatelevel, circuit level etc., so that optimizationof designcanbe
performedat eachlevel before synthesizingo the lower levels. As depictedin Figure 1.4., higher
the level of abstractionfasteris the speedof estimationbut with low accurag. The reasonis, at a
higherlevel the designerdoesnot have enoughknowvledgeaboutthe internalsof a module,thatis, the
implementatiordetailsof a module. This thesispresentsnethoddo estimatehe dynamiccomponent
of powver aswell asleakagecomponenbf power at the gatelevel. At this level sincewe know the
logic structure we caneasilyestimatethe gatecapacitanceandthe major challengdies in estimating
switchingactvity (0—11;,1;_10;) andthe dominantleakagestate(0;—10;,1;_11;). Laterin the same
sectionwe introducea zero-errocompactswitchingmodelfor power analysis.

The challengesn dynamicpower estimationlies in assessinghe load capacitancandswitching
actvity sincethe supplyvoltageandclock frequeng areknown to the designersSwitchingactvity is
the numberof transistionghata node(input or outputymakesper clock cycle. The switchingactivity
of a nodeis affected by variousfactorssuchasthe connectyity of the circuit, the input statistics,
the correlationbetweemodes the gatetype, andthe gatedelays,thusmakingthe estimationprocess
a complex procedure. The correlationsamongthe nodesaffect switching actvity andit hasbeen
obseredthatmodelsthatdid notaccountor nodecorrelationsyield lessaccurag. Thereareplethora

of techniquesavailable to estimateswitchingactvity namely simulation, statisticalsimulation,and
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Figurel.5.Two differentsignalshaving identicalfrequengy [3].

probabilistictechniques.Sectionl.3 givesa brief introductionto the fundamental®f simulative and

probabilisticpowver analysistechniques.

1.3 Power Analysis Techniques

The ideabehindsimulation-base@pproachess to mimic the circuit behaior over time. Simu-
lation software recordsthe precisetime instantat which a signalevent occurs. However, simulation
techniquesarestonglyinput patterndependentTo completelysimulatea circuit for all possibleinput
vectorsis impossibleasthe input vectorsdependon the chip in which the moduleis beingplaced.
Hence,for large circuits estimatingswitchingactvity throughsimualtionis computationallyexpen-
sive. Note that simulationtechniquesareaccurateandtechnologyindependentin probability-based
approachessignalsareconsideredasrandomzero-ongprocessWe no longerknow the exactinstants
at which the logic signal doesits transition. Note thatto estimatethe frequencyof a signal,thereis
no needto know the exacttime of switching, thatis, it is sufficient to recordthe numberof transi-
tions. For example,in Figure 1.5., althoughthe signalsappeadifferent,the numberof signalevents
or transitionss identical,which meanghefrequeng of the signalsremainthe same Hence for some
purposegcomputingpower), the two signalsin Figure1.5.remainindistinquishable Thereforeexact
characterizationf a signalby capturingall its historyto studypower is inefficientandcumbersome.

The problemof input patterndependencean be solved if we capturea few essentiaktatistical
parameter®f a signal. This way we canconstructa compactdescriptionof a signalandanalyzeits

effect on a circuit. By describingthe primary input signalsusingthe characteristiquantitiedik e sig-



Tablel.1.Probabilisticswitchingactiity estimationtechniques.

Canit handle
Methods Temporal | Spatio- Input Speed Accurag-Time
Corr.? TemporalCorr.? | Corr.? trade-of
order>>1 (ary-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- No
Fast
Marculescu | Yes No Approx. Slow No
etal. [56]
Schneideret | Yes No No Moderate- No
al. [55] slow
Marculescu | Yes No Approx. Moderate- No
etal. [29] slow
Bhanja et| Yes Yes Approx. Fast No
al. [5, 24
Thisthesis | Yes Yes Approx. Fast Yes(zero-error)

nal probability, transitiondensity etg and propagatinghe effects of thesequantitiesto the internal
nodesandoutputof the circuit, we canstudythe power from the collective influenceof all the logic
signals. However the propagatiorof the signalslargely dependon the probabilistic modelused. As
statedbefore, accurateestimationof switchingactivity requirescompletedetailson signalcorrelations.
But mostof the probabilisticmodels(discussedn Chapter2) do not considerthe correlation(assume
temporaland/orspatialindependenceamongthe nodes,asshavn in Table1.1. Hence they resultin
inaccurateestimateslt hasbeenestablishedhatfor zero-delaynodelof a combinationakircuit, only
first ordertemporalcorrelationis exhibited [54], becausesignalsposseséirst orderMarkov property
Thus,it is suficient to considerjust first ordertemporalcorrelation,but all high orderspatialcorrela-
tionsto modelall spatio-temporatiependencies the combinationakircuit. In this thesis,we usea
probabilisticmodelusingBayesiarNetworks, for estimatingswitchingactiity, thatcapturedoththe
first ordertemporalaswell asall high orderspatialcorrelationsgn a comprehense manneyresulting

in accurateestimates.

10



1.3.1 Probabilistic Bayesian Network M odel

Recently we proposeda novel model[5, 24], for switchingactivity estimationin combinational
circuits using ProbabilisticBayesianNetworks [2], that capturesboth the temporaland spatial de-
pendenciesn a comprehense manney resultingin zero-errorestimates.BayesianNetworks area
DirectedAcyclic Graph(DAG) representationsyhosenodesrepresentandomvariablesandthelinks
denotedirectdependencie@apturingthespatialdependenciesjjuantifiedoy conditionalprobabilities
of a nodegiventhe stateof its parents.The DAG structuremodelsthe joint probability over a setof
randomvariablesin acompacimanner

The coreidea of this thesisis to expressthe switching actvity of a circuit asa joint probabil-
ity function which canbe mapped,one-to-onepnto a BayesianNetwork thus preservingthe depen-
deny modelof the probability function. We first constructa Logic-Induced-Directed\cyclic-Gragh
(LIDAG) basedon the logical structureof the circuit. In [24], the authorproves that the LIDAG
structure,correspondingo the combinationalcircuit is a minimal representatiorof the underlying
switchingdependencmodelandhences aBayesiarNetwork. Eachsignalin thecircuitis considered
asarandomvariablein the LIDAG thatcanhave four possiblestatesindicatingthe transitionsfrom
01— 0,01 — 1,11 — G, 11 — 1. Specificatiorof thesefour statesenablesusto completely
capturethe temporalcorrelation. Directededgesbetweenthe randomvariablesrepresentingwitch-
ing denoteghe probabilisticdependenc amongthe signals. It is our obseration that the Bayesian
Network is a powerful tool to modelswitchingactivity preservingthe variousdependenciem a cir-
cuit. Further elegantinferencemechanismexist for BayesianNetwork computationthat make the
estimationtime-eficient andthus,usablefor large circuits.

Theattractve featureof this graphicalrepresentationf the joint probability functionis thatit can
notonly modelcomple conditionalindependenceverasetof variablesput theindependenciesene
asa computationakchemefor smartprobabilisticupdating. In general the belief updatingschemes
canbe classifiednto exactandapproximatdechniquesHowever, the space-timeompleity of exact
estimatiorschemesncreasevith circuit compleity. Forinstancetheinferenceschemehatwe usedn
[5, 24], whichwasaclusterbasedschemeresultedexactestimateshowever, it wasmemoryintensve.
So,for comple circuit, we hadto resortto partitioningschemestesultingin anapproximatenodelof

the switchingactiities in termsof a setof looselycoupledcascadedayesianNetworks. This model

11



producedestimateswith low meanerror, but dueto couplinglossesat the boundarynodesit resulted
in larger standad deviation andmaximunerror.

From a designpoint of view, it is sometimeslesirableto have an estimationstratgy whereone
caneasilytrade-of betweentime andaccurag, essentiallyan any-time estimationalgorithm. Thisis
not possiblewith the currentinferencescheme For thesereasonsthis work exploresa differentsetof

stochastignferencealgorithms(approximateBN inferenceschemejor threeprimaryreasons:

e As numberof transistorancreaseundernano-domairdevice shrinkage Jossesin the partition
would degeneratdhe estimatesven further, andwe needa differentnon-partitionbasednfer-

encemechanism.

¢ With increasechano-domaircomplity, we needan ary-time algorithmthat shouldnot only
generateaccurateestimategyiven enoughtime, but even undertime constraintsshouldyield

roughapproximatelyvalid estimates.

e it is not possibleto usea partitionedcascadedetof BNs for probabilisticdiagnosisn casewe
wantto studythereverse-causadffects,namelythe effect of anevidencein anobserednodeon

the primaryinputs.

In thisthesiswe explorethreeStochastidmportancesamplingschemesProbabilisticLogic Sam-
pling (PLS)[10], Adaptive ImportanceSampling(AIS) [11] andEvidencePre-propagatetinportance
Sampling(EPIS) [12] basedon the zero-error pure, BayesianNetwork switching modelfor belief
updating. Thesealgorithmscombinethe ary-time featureof simulatve approachesnd input pat-
ternindependencef probabilisticapproachesPLS[10], yields excellentestimatesvhenusedunder
predictive situationbut in diagnosticreasoningespeciallywhenevidenceis unlikely, theaccurag de-
generatesHowever, the predictve mechanisnproducegshe bestaccurag-time trade-of. In AIS [11],
andEPIS[12] samplingschemeseachsampledetermineghe posteriorprobability of the underlying
modelfor the remainingsamples.The probability of randomvariableis provento corverge [11] to
the correctvaluesgiven enoughtime. AIS and EPIS, produceaccurateestimatesunderdiagnostic
situations,even thoughthe time for predictve mechanisms higherthan PLS. Experimentalresults
with ISCAS’85benchmarlshavs orderof magnitudereductionin maximumerror, standardeviation

speciallyfor largerbenchmarksvith significantlylow time, especiallyfor the PLSscheme.
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Currently leakagecurrentdravn is not significantenoughbut is expectedto be on par with the
dynamiccomponenbf power by theyear2005asthetechnologymovestowardsnanodimensiong7].
As the magnitudeof leakagecurrentincreasest becomes major contritutor to the power consump-
tion, andhencethe designersave to facethe addedburdendueto the leakagepower dissipationand
optimizetheir designdor low leakagepower aswell. Notethat,it hasbeenfoundthatcircuitsnotonly
leak duringthe sleepor idle modebut thereis alsoa significantcontrikution to leakagepower evenin
actve modes[61], [62], [63]. Hence,the designershouldalsoconsiderthe gatesthat stay dormant
during mostpart of circuit operationwhile optimizing the circuit for leakagepower. Secondpart of
this thesisunveils a new techniquefor tamgetingthe gatesthat contritute towardsleakageeven under
theactive or run-timemode.

Theissueandthe approaclpresentedn the secondpart of the thesisfor LeakagePower analysis
arenew to our knowledge. Our work providesanotheraresenafor the low power designergo focus
on leakagemitigation schemest targetednodes ratherthanjust consideringnodes(basedon critical
path) or usinga single (or a handful of dataprofiles)to target at an optimizationscheme.How do
we identify the leaky nodes? We exploit the backtracking(reasoningirom the evidenceto cause)
featureof BayesianNetworks to determinethe likely input space,given an obsenation. By using
this aspecof BayesiarNetwork the designercandeterminethe likelihoodof a nodebeingin aleaky
state(0;,—10; or 1;_11;) mostof thetime, evenwithout ary prior knowledgeon the input space.Input
signalsaregenerallyunknavn duringthedesignphasebecaus¢hey depencbnthesystenin whichthe
moduleor chipwill beused.Also, it is not possibleto simulatethe cicuit for all possiblenputvectors.
Designerscanexploit the backtrackingattribute of BayesianNetworksto determinghetransistorthat
hasahigh possiblityto leakevenin therun-timemode withoutprior knovledgeof theinputspace We
useEvidencePre-propagatetinportanceSampling[12] stochastidnferencetechniqueto accurately
propagatebelief from evidenceto all othervariables. Methods,suchas dynamicthresholdvoltage
[59],[60], canuseour measurdo selecttarget nodesfor optimization. We alsointroducetwo entropy
basedneasure$o characterizéhe amountof uncertainitiesn the posteriorinput spaceasanindicator

of theleakageof asignal.
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1.4 Contributions of this Thesis

1. BayesiarNetwork modelsof switchingactvity areinherentlyzero-erromodels.They areinput

patterninsensitive

2. BayesianNetworks modelsconditionalindependenciebut doesary causalmodellike BDD.
However, the real merit of a BN is thatit unifiesa graphicalmodelanda probabilisticmodel
invariantin termsof the conditionalindependencieandthe DAG structureis actuallya minimal
compact-map of probabilisticmodel. This probabilisticgraphicalmodelusesthe adwvantageof

bothgraph-basedndprobability-basednodelfor efficient probabilisticupdating.

3. Thetheoreticalcontritution of our thesisis that the joint probability function of a setof ran-
dom variablesis exactly mappedcapturingall higher order correlationsbetweenthe signals
accuatelyusingBayesiarNetwork model. Thisimpliesthatwe canmodelspatio-temporator
relationsof ary order(first ordertemporalis suficient for zero-delaymodel)andhenceit is an
exact switchingmodel. Moreover, we useindependenceelationsnot only to modeldependen-

ciesexactly, but alsoto useit in our computationahdwantageduring Bayesiarinferencing.

4. BayesianNetworks are uniqueprobabilisticcausalmodelin capturingthe induceddependence

betweenndependenparentf a nodegivenanobsenred statefor thenode.

5. BayesiarNetworksallow multi-directionalbeliefflow. Themodelcanacceptvidencefrom ary

nodeandpropagatet in ary direction.

6. In this thesis,we usenon-partitionbasedstochastiganferenceschemedor switchingestimation

that

e scaleswell.

e resultsin arytime estimatefor accurag-time trade-of).

We [9], shaved that the stochastidnferenceschemesnamely ProbabilisticLogic Sampling
(PLS)[10Q], Adaptive ImportanceSampling(AlS) [11] andEvidencePre-propagatebmportance
Sampling(EPIS)[12] resultin zero-errorestimatedor switchingactiity estimationin combi-

nationalcircuits. Thesealgorithmscombinethe arny-time featureof simulatve approachesnd
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input patternindependencef probabilisticapproaches.We achiered an order of magnitude
improvementover the paststateof theart[5, 24] in termsof maximumerrorandstandardievi-
ation. PLS[10], yields excellentestimatesvhenusedunderpredictie situationwhile AIS and
EPIS,produceaccurateestimatesinderdiagnosticsituations gventhoughthetime for predictve

mechanisms higherthanPLS.

. BayesianNetworks are extremely effective to perform backtracking,the featureof Bayesian
Network thatis beingexploitedin the secondpartof my thesis.Not only canit propagategrob-
abilitiesfrom input to the outputin a causaflow, it canalsopropagaterobabilitiesfrom known
evidenceor obsenation to its unknavn cause.This is usefulandstraight-forvard for analysis
andto resohe querieslike “what inputscancausea switchingprobability of 0.8 at a particular
nodeof interest?”,which would requirea searchin the input spacefor other probabilisticor

simulative frameawork.

. It isimpossibleio simulatea circuit for all possibleénputcombinationslt depend®nthechipin
which the modulebeingdesigneds finally placed.We preseni new techniquethatdetermines
thelikely input spaceof a node,sayX, giventhatthe nodeX is fixed at oneof its state(in our
casethe possiblestatesof a nodeare0 — 0, 0 — 1, 1 — 0, 1 — 1). Chapter5 exploits the
backtrackingattribute of BayesianNetworks to target nodesthat stayidle even duringthe run-
time mode.We usetwo entrofy basedmeasuregabsoluteentropy, relative entrofy) to quantify
the information contentof the posteriorinput spaceto determinethe possiblity of a nodeto
leak. Experimentalesultswith ISCAS’85benchmarksuiteshav thatgreaterpartof the circuit
remaindormantespeciallyin actve modeandhencethey arethenodeghatshouldbedefinitely

consideredvhile performingleakagepower optimization.

1.5 Organization

The rest of the thesisis organizedas follows. Chapter2 containsa literature surey of power

estimationtechniques.In Chapter3, we discussaboutthe fundamentalof BayesianNetworks and

the modelingof a combinationakircuit into a Bayesiametwork. We discussin detail aboutvarious

probabilisticinferenceschemesor estimatingswitchingactiity in Chapter andconcludethechapter
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with experimentakesultson ISCAS benchmaricircuits. In Chapters, we discussn detailabouttwo
characterizatioschemego investigatethe likelihood of a nodeto be at a leaky stateevenin actve

mode.We concludethethesisin Chaptel6.
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CHAPTER 2

PRIOR WORK

2.1 Existing Dynamic Power Estimation Techniques

The primary componendf logic level power estimationis switchingactivity estimation.Another
importantcomponents capacitancestimatiorwhich is simplified dueto the knowledgeof the circuit
structureandthe existenceof librariesof capacitancefor standardcells. The effect of reducinggate
delayandgrowing interconnectelaywill alsobedominantin future estimationtechniqguesHowever,
switchingactiity will remainanimportantparameteto estimateavenin thenanodomainmainly due
to its dependencen input dataandon correlationsxhibitedin inputsandin theinternalnodes.

Definition1: Switchingactiity atanodecanbedefinedasthe averagenumberof signaltransitions
in aclockcycle.

In probabilisticterms,Sn(X) is the probability of occurrenceof a transitionin a nodeX duringa

clock period.

Sw(X) = P(Xo-1) +P(X1-0) (2.2)

whereXp_,1 andX;_,o denotesa signaltransitionfrom 0 to 1 and1 to O at nodeX respectrely. It
is clearthat switchingactiity requiressecondorder statistics. Switchingactvity Sw(X) canalsobe
denotedastransitionprobability of X.

Definition2: Thesignalprobabilityof anodeP(X = 1) is theaveragefraction of clock cycle that
thenodeX remainsatlogic 1.

Switchingactvity of anodeis affectedby the correlationsexhibited. Therecanbethree/fourtypes

of correlation.They are

1. TemporalCorrelation:This arisessincethe previous valueof a signalcanbe correlatedwith the

presentalueof thesignal.
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2. SpatialCorrelation: Spatialcorrelationariseswhenthe two spatially connectedsignalsarede-
pendenton eachother It is causedn generalby re-corvergent fan-outs,by feedbackand by

alreadycorrelatedorimaryinputs.

3. Spatio-temporalSpatio-temporatorrelationis dependencef a signalto the previous value of

aspatiallyconnectedignal. Hence,t is acombinationof spatialandtemporalcorrelation.

4. Sequential:lt is partof spatialcorrelationwhenthe dependence amongsthe feedbackstate

lines.

Switching actvity can be estimatedat variouslevels of abstractiomnamelyat architectural be-
havioral, RTL, logic (discusseaxtensvely in this chapter),or transistorlevels. As discussedefore,
estimationat eachlevel hasits own adwantagesanddisadwantagegFigure1.4.). More power savings
canbe achiered as power is estimatedand optimizedat the higherlevels, whereashe estimatesare
significantlymoreaccurateat the transistorievel. This work is concentratect the logic or gatelevel
switchingactvity estimation.Switchingactvity estimationstratgiescanbe divided into threebroad
cateories:estimationby simulation,estimationby statisticalsimulationandestimationby probabilis-
tic techniques.

Estimationby puresimulation[38, 40, 44, 49] thoughtime consumingjs extremelyaccurate.To
decreas¢hetime complity, severalimproved simulationtechniquedave beenproposed33, 39, 41,
42, 43, 48]. Mary of themusevectorcompactiorandmodelingof inputsamplespacg45, 46,47] and
sequenceaenerationo reducethe samplesneededor simulation. The simulation-basedechniques
arestronglyinput patterndependentln generalall simulationtoolshave higheraccurag comparedo
otherexisting methodsbut with highertime requirement.

In statisticalsimulation,statisticalmethodsareappliedin conjunctionwith simulationin orderto
determinghestoppingcriterionfor thesimulation. Theearliestworksin this areacanbefoundin [25]
and [50]. Thesemethodsareefficientin termsof thetime requiredandif the statisticaldistribution of
theinputdatais modeledcorrectlythey canyield accurateestimatesHowever, onehasto becarefulin
modelingthe statisticalpatternsatthe inputsandspecialattentionhasto be givento notgettrappedn

alocal minima. Theseestimationstratgiesarebasedn the knowvledgeof theinputs,therole of input
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Average Power Estimation for Combinational Cicuits
(Logic Level)

Simulation

Statistical Simulation

———— Benini et al.’93 [33] Burch et al.’93 [26

—— Kang et al.’86 [38]

—— Najm et al.’98 [50]
Murugavel et al.’02 [40]

Yacoub et al.’89 [49]

— Krodel '91 [39]

Deng et al.’88 [41]

—— Tjarnstrom '89 [48]

Probabilistic

| Parker et al.’75 [36]
Cirit et al.’87 [31]

—— Bryant et al.’86 [28]

— Ercolini et al.’92 [51]

Chakravarti et al.’89 [34]

— Burch et al.’88 [80]

— Najm et al.’90 [27]

Ghosh et al.’92 [30]
—— Stamoulis et al.’93 [37]

— Najm et al.’93 [26]
—— Kapoor et al.’94 [52]
— Schneider et al.’94 [54]

Marculescu et al.’94 [56]
—— Schneider et al.’96 [55]
Ding et al.’98 [35]

Marculescu et al.’98 [29]
—— Bhanja et al.’02 [5,24]

—— This work’04 [9]

Figure2.1. Techniquedor estimatingswitchingactvity in CombinationalCircuits.
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patterndbecomevery importantin termsof whetherthe samplesetrepresentshe entirepopulationor
asubsef it.

Probabilistictechniquesarefastandmoretractable but typically involve assumptiongboutjoint
correlations. The primary conceptuabifferenceis that, the input statisticsarefirst gatheredn terms
of probabilitiesand thentheseprobabilitiesare propagated.Hence,the abstractecknowvledge about
inputsareusedto estimatethe switchingactvity of internalnodes.Hence thesetechniquesanmore
easily modelchangesn input patternefficiently than othermethods. Unlike simulationand statisti-
cal simulation,we needto know the dependenciem the circuit structureto propagateprobabilities
efficiently. Moreover, issuesthat drasticallyhamperprobabilisticpropagationsuchas correlations
andfeedbackhave to be modeledaccurately Probabilistictechniquescan be further classifiedinto
probabilisticsimulation[35, 27, 37], andpurely probabilisticmethodq30, 28, 36].

The earliesteffort involved probabilisticpropagatiorof signal probability [31]. Undertemporal
independenceswitching activity canbe modeledby signal probability However, the estimatesare
grosslyinaccurateMoreover, spatialindependencevasalsoassumed.

Most laterworksuseBinary DecisionDiagramsBDD) [28] to computesignalprobabilitiesfor all
theinternalnodes.The useof BDD for signalprobabilitywasfirst proposedy Chakraarti etal. [34].
For mostlaterprobabilisticmodels BDD is usedfor probabilisticporopagation.

In someof the pioneeringworks basedon probabilisticsimulation,Najm et al. [27] estimatedhe
meanandvarianceof currentusingprobabilitywaveforms.It startswith aninputprobabilitywaveform,
which is then propagatedhroughoutthe circuit. Probability waveform consistsof probability of a
signalto be 1 for a certaintime intenval and probabilitiesof transitionfrom low to high and from
high to low at a particulartime instantin the waveform. Najm et al. in CREST[27] accountedor
temporalcorrelationsduring the propagatiorof the signalandthe transitionprobabilities. However,
spatialindependence/asassumedvhichresultedn inaccurateestimatesespeciallyin the presencef
re-cowvergentfan-outs.

Najmetal. [26] introducedhe concepbf transitiondensity(denotedy D, ameasuref switching

actvity), whichis alsoa propagatiorbasedstratgy usingsocalledBooleandifferencealgorithm.
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For simplegates transitiondensityD canbe calculateddirectly whereasonecanutilize BDD for
comple logic gates.This modelcansomeavhat modelthe effect of real delaybut have reportedvery
high errorsdueto underlyingindependencassumption# theinputsof afunction.

In summarydependencmodelingof switchingactivity hasbeenperformedoy mary of theabove
methods,but only partially Presentformalismsare not able to accountfor all typesof spatialde-
pendencies.Someof the pioneeringworks, that enhancedhe accurag of estimationby addressing
correlationanddependengcissuesarediscussedn the remainingpartof the section.

Kapoor[52] hasmodeledstructuraldependencieapproximatelyby partitioning the circuit into
local BDDs for signal probability To improve speed,local BDDs have becomeincreasinglycom-
mon[29, 35]. Moreover, apartitioningstratgy thatwasfollowedin [52], triedto maximizethenumber
of correlatechodesn eachpartition.

Schneideetal. [54] usedone-lagMarkov modelto capturetemporaldependenceThefirst order
temporalmodelis valid only underzerodelaymodel,where the presenwalueof anodeis independent
of all the pastvaluesgiven just the previous value. This is not the correctpicture underreal-delay
model.

Schneideret al. [55] proposeda fast estimationtechniqguebasedon ROBDD. An approximate
solutionbasedon partitioningapproachs proposedo attribute recorvergent spatialcorrelationwith
reducedime compleity. It is not clear how accuratahis modelingis in termsof the orderof spatial
correlation.

Modelingspatialcorrelationusingpairwise correlationbetweercircuit lineswasfirst proposedy
Ercolanietal. [51]. Tsuietal. [53] modeledfirst orderspatialcorrelationefficiently usingcorrelation
coeficientsandutilizing themin probabilisticpropagation.

Marculescuet al. [56], studiedtemporal,spatialdependenciepintly. In this work, conditional
probabilitieswere usedfor the lag-oneMarkov modelto capturetemporalcorrelationandthe ideaof
transitioncorrelationcoeficient wasintroduced.

In summaryeventhe bestexisting propagationslgorithmsdo not accountfor higherorderspatial
correlation.Underzero-delaymodel,first ordertemporaleffect aresufiicient to capturethe temporal

effects exhibited in the circuit. In fact, in this thesis,the conditionalindependenceelationshipis
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utilized completelyandwe have computationabdwantagein modelingaccuratehigher order spatial
correlationpropagation.

We takulatethe salientaspect®f theworksthataremostcloselyrelatedto our thesis,in chapterl
Table 1.1.to placeour thesisin the context of theseearlierefforts. Our proposedBayesiametwork
basedformalismis ableto handletemporaland spatialcorrelationsin detail. We do not requirethe
inputsto beindependenadndareableto modelcorrelationamongthem.

We [5] modeledswitchingactuity, capturingall higherorderdependenciesjsingBayesianNet-
works. It hasto be notedthatconditionalindependencés usedin BayesianNetwork to modeldepen-
denciesaswell as,to construcefficientcomputationainferenceschemesTheuniquenessf Bayesian
Network basedmodelis thatit makesa graphicalmodelandunderlyingswitchingmodelinvariantin
termsof conditionalindependencenap(the setof all conditionalindependenceelationsbhetweerary
subsetof randomvariables). This makes elegantinferenceschemegossiblebasedon local message
passing.However, they [5] usedclusteringinferenceschemewhich is an exactalgorithmfor updat-
ing the probabilitiesof eachnode. Exactalgorithmswhenappliedto networks with large numberof
nodegequiresprohibitive amountof storageandarecomputatiorintensve. We emplo/ed partitioning
scheme [5] to alleviate the problemof compleity. However, lossesin the partitionswere high and
could affectintermediatenodessignificantlyresultingin high maximumerrorandstandardieviation.
The goal of this work is to useapproximatestochastianferenceschemedor BayesianNetwork in-
ferencesuchthat estimatesare uniformly accurate. Thesealgorithmsis a smartcombinationof the
ary-time featureof simulatve approachandpatterninsensitvity of probabilisticapproachMoreover,
we achiere anorderof magnitudémprovementover the paststateof theartin termsof maximumerror
andstandardleviation. Thetheoreticacontritution of ourthesiss thatthejoint probabilityfunctionof
asetof randomvariableds exactly mappeccapturingall higherorder correlationsbetweerthesignals
accuiately using BayesianNetwork model. This implies that we can model spatio-temporatorre-
lations of ary order (first ordertemporalis suficient for zero-delaymodel)and henceit is an exact
switchingmodel. Moreover, we useindependenceelationsnot only to modeldependenciesxactly,
but alsoto useit in our computationahdvantageduring Bayesiannferencing.

Earlier efforts eithertreatedthe distribution asa compositionof pairwise correlatedsignalsbe-

tweenall signals[29, 51] or useanapproximatesolutionfor capturingspatialcorrelation[55]. More-
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over, the BayesiarNetwork modelsconditionalindependencef a subsebf signalsunlike in [29]. As
aresult,complex dependencieexhibited betweensetscanbe modeled.Also, in contrasto [29], the
propagatiormechanisndoesnot assumeny signalisotropy of conditionalindependence.

Further BayesianNetwork basedmodelingis an unified approachfor modelingand propagating
probabilities. We can model correlationsboth in the circuits aswell asin the inputs. Our effort in
capturingthe joint probability distribution function of the whole circuit is uniqueandhasenabledus
to modelhigherordercorrelationgatherthanjust pairwise correlations.The propagatioralgorithms
alwaysmaintainthe overall probability equilibrium of the whole BN andnot just betweeninputsand

outputsof agate.

2.2 Existing L eakage Power Estimation Techniques

As technologyscalesdown, supplyvoltagemustbereducedo keepthe dynamicpower within its
limits. To avoid the nggative impacton circuit delay dueto the supplyvoltagereduction thethreshold
voltage of the transistorhasto be scaledproportionately However, scalingof thresholdvoltageto
maintainspeedf operatiorhasanadwerseeffectonleakagethatis, leakagancreasessthethreshold
voltagescalesdown. Hencedesignerdave to startanalyzingandoptimizing their designfor leakage
power aswell. Onecrucial, well-establishedpbsenration is that both dynamicand static power are
datadependent.Dynamic power is obviously datadependent.Stand-byleakageis also dependent
on input states2.2. [69]. Leakagepower optimizationtechniqueshave mostly consideredstand-by
mode[64, 65, 66, 85], andhenceareblind to the data-dependence.

The accurag of leakagepower estimationmodelis dependenbn the stand-byleakagecurrent
model [82]. Sinceleakagepower dependson the primary input combinations, [82], suggestghat
the leakagepower could be minimizedif we apply the input combinationscorrespondingo the min-
imum leakagepower. To obtainthe minimumandmaximumvaluesfor leakagepower dissipation,in
[82], the authorsdevelopedan accuratdeakagemodelconsideringhe effectsof transistorstacksand
implementedt in thegeneticalgorithmframework. Also, in aneffort to estimatehe properinputcom-
binationfor minimum leakagevector[83], usesa randomsearchiechniqueto determindow leakage
stateswithout consideringhe functionality of the circuit. The boundsobtainedarenot sotight. [84],

introducesa new approacHor accurateandefficient calculationof the averageleakagecurrentin cir-
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Figure2.2.2-InputNandGateandatableshaving the dependencef leakageon inputs.

cuits by determiningthe dominantleakage statesand useof stateprobabilites. They alsousegraph

reductiontechniqguesandnonlinearsimulationto speedughe simulationtime while achiezing desired
accrag. Theauthorin [86], presents non-simulatre, graph-basedlgorithmsfor estimatinghe max-

imum leakagepower. The algorithmusedis patternindependentThe leakageestimationtechniques
have only consideredhe stand-bymodeleakage.But the gatesdisspiateeakagepower even during

the active modes. Hence,for accurateestimationof leakagepower we have to considerthe leakage
occuringin theactve or run-timemodeaswell.

Runtime leakagemitigationscheme$67, 68, 69] have alsobeenproposedo dynamicallychange
circuit conditionsin responseo low leakagehigh leakagesituations.[69] introducesa methodto
identify the Minimum LeakageVector(MLV) for leakagepower reduction. Sincethe leakagepower
dependn the input pattern,the centralideain [69] is to apply miminum-leakageroducinginput
combinatiorto thecircuit whenit is in theinactve mode to controltheleakagepower dissipation.An
excellentreview on run-timetechniquesanbe obtainedin [70], which discusseshe issueof limit of
leakagereductionandperformancegenaltiesassociateavith thetechniques.

Leakagedoesnot just happerduring stand-bymodeseakageis alsopresentduring active period
andis acrucialcomponenbf total power optimization[61, 62,63], however, theseareharderto model

andhandle.Circuitswhich arein active modemostof thetime, or switchesfrequentlybetweeractive
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andstand-bymodeswill alsohave nodeghatwouldleaksignificantlyduringtheactve mode.And, this
leakagewnould bedatadependentThis components clearly capturedoy Nguyenetal. [61], wherethe
staticcomponenbf power duringactive regionis dependentn (1-a) wherea is ameasuref actity.
They proposedlinearprogrammingLP) basedptimizationframevork for simultaneousissignment
of thresholdvoltage and sizing. They also proposeda dual Vyg extensionof the problemby ILP
formulation. A heuristicis usedn [63] for dualVdd, dualVth andsizingwherethey shav optimization
for threedifferentswitchingscenarioln [62], the datadependencef theleakagegpowver duringactive
zoneis notconsideredTheoptimizationcriterionusedfor power optimizationis itself datadependent,
which male it hardto make generalizedgstatementsiboutthe optimality of any operatingpoint found
by optimizing it somesetof inputs. It is not clearif the optimizedvaluesfound for one setof input
statisticawill hold for anothersetof input statistics.Thisis aseriousconcernwhendesigningmodular
circuitsthatwill beeventuallyusedin differentcontexts.

In this work, we focusin determiningthe gatesthat remainshibernatingeven in actve mode.
Deteminingthesenodesis crucial for leakagepower analysisbecausehey contrikute significantlyto
leakagepower. Moreover, a chip or moduledesignedor anapplicationmight be usedin ary environ-
ment,we mightnothave ary prior knowledgeabouttheinputvectorstreamsthatis, duringsimulation,
appliedto this module.Simulatingthe circuit for power estimatiorwould requirea conditionalsearch
of the input spacein a simulatve framewvork, which is computationallyexpensve. Probabilisticin-
ferenceusingBayesianNetworksis the only consistenuncertaintycalculusto handlesuchsituations
in an efficient manner We exploit the backtrackingaspectof BayesianNetworks to determinethe
likely input spaceof ary module,givenanevidence .We do this by first forcing aninternalnodein the
moduleto be ataleaky state(0;_10; or 1;_;1;) andusebacktrackingo determinethe plausibleinput
space(explainationfor the evidence)for theinternalnodeto be at the assignedeaky state.In Chap-
ter5, we presentwo entropy basedneasure$o characterizéhis posteriorinput spaceo determineghe

possibility of anodeto leak.
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CHAPTER 3

MODELING USING BAYESIAN NETWORKS

In thischapterweintroducethefundamentalsf BayesiarNetworksandtheconcepbf conditional
independenceWe focuson two importantaspeciof BayesianNetworks: dependenc modeling,and
the notionof minimal representation.

Next, we corvertacombinationatircuit to a Logic InducedDirectedAcyclic Graph(LIDAG) and
we thenprove thatLIDAG is a BayesianNetwork for the underlyingswitching modeland hencean
exactmodelfor the underlyingjoint probability distribution of thewhole circuit. Any correlationthat
is presenin thejoint probability distribution is capturedn sucha detailedmodeling. We discussour

choiceof variables statesedgesandthe assignmentf conditionalprobabilitiesin LIDAG.

3.1 Bayesian Network Fundamentals

Any probabilityfunctionover a setof randomvariableg(Xy,- - -, Xny) canberepresenteds

P(Xg,- -, Xn) = P(Xn[Xn—1,Xn—2, "+, X1) P(Xn—1|Xn—2, Xn—3, -+, X1) - - - p(X1) (3.1)

The above expressionholdsfor ary orderingof the randomvariables. This exact representation
of the probabilisticknowvledge requiresencodingof all entriesin P(Xy,---,Xn). As the numberof
randomvariablesincreaserepresentatiomnd inferenceof the probabilisticknowledge basedon the
abore mentionedprobabilisticmodelbecomesntractable. Theexactrepresentatioassumeshatevery
variableis dependenbn every otherrandomvariable presentin the set. It doesnot take adwvantage
of the conditionalindependenciepresentamongthe variables. Given the stateof the parentsthe
conditionof therestof the circuit is irrelavantto the output. For example,the outputof a digital gate
doesnot dependenbn the conditionof therestof the ciruit givenits inputs. This propertyis calledas

conditionalindependencelhisleadsto theideato encodeheprobabilisticknowledge thatis, thejoint
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Figure3.1.BayesianGraphicalModel.

probability distribution of a finite setof variables,conciselyusinggraphicalmodels,which captures
conditionalindependenciesmbedde@mongtherandomvariablesandarrivesatthe minimalfactored

representatiom Eq. 3.2,whichis aprobabilisticmodelof a BayesiarNetwork.

This form of minimal representatiof the joint probability function canbe representeésa di-
rectedagyclic graph(DAG), with nodesrepresentinghe randomvariablesandthelinks betweerran-
domvariablesrepresentinglirectprobabilisticdependencies.

Let us consideran examplewhich illustratesthe conceptof conditionalindependencen the Fig-
ure 3.1., X4 is dependenbn X, and X3 (andX; by inheritance).Given Xz, X4 is conditionallyinde-
pendentof Xs. Let us considerevaluatingthe joint probability distribution of the randomvariables

X1, X2, X3, X4, X5. Usingthe exactrepresentation,
P(X17 X27 X37 X4’ X5) = P(X5|X4’ X37 X27 Xl) P(X4|X3a X27 Xl) P(X3‘x27 Xl) P(X2|Xl) P(Xl) (33)

The conserative assumptiorthatevery randomvariableis dependenbn every otherrandomvariable
malkestherepresentatioandupdatingof theprobabilisticknowledgeusingthe exactmodelinefficient.

BayesiarNetworksresohesthisissueby exploiting the conditionalindependencamongrandomvari-
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ables.Henceby Figure3.1.,thejoint probabilityfunctionfactorizegso

P(X1, X2, X3, X4, X5) = P(Xs5|X3) P(Xa| X3, X2) P(X3) P(X2| X1) P(Xy) (3.4)

Theattractve featureof this graphicalrepresentatioof the joint probability functionis thatit cannot
only modelcomplex conditionalindependencever a setof variables but theindependenciesene as

acomputationaschemdor smartandefficient probabilisticupdating.

3.2 Mathematical Formalism

In this section,we discussthe fundamentamodelingissueselevantto BayesianNetwork. Inter-
estedreadelis recommendetb read[2] for detailedunderstandingAs we mentionedefore, Bayesian
Networks are compactgraphicalprobabilisticmodelfor the underlyingjoint probability distribution
function. Eachnodein the DAG structureis a randomvariablerepresentingwitchingand canhave
four state§0— 0,0 — 1,1 — 0,1 — 1) for completecaptureof temporaldependencanderzero-delay
scenario. Edgesin the DAG denotescauseand effect relationshipin the probabilisticmodelandis
quantifiedby the conditionalprobability of a child nodegivenits parents.

To formalizetheconcepof dependenciesyefirst presentheconcepof conditionalindependence.
We bggin with the definitionof conditionalindependencamongthreesetsof randomvariables.

Definition1: Let U={U;,U5,--- Uy} beafinite setof variableshatcanassumeliscretevalues.Let
P(.) bethejoint probabilityfunctionoverthevariablesn U, andlet X, Y andZ beary threesubset®f

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

P(Xly,z) = P(x|z) wheneer P(y,z) > 0 (3.5)

Following Pearl[2], this conditionalindependencamongsiX, Y, andZ is denotedas! (X,Z,Y) in
which X andY aresaidto beconditionallyindependengivenZ. Conditionalindependencanpliesthat
knowledgeof Z makesX andY independenbf eachother In Figure3.2.for example,let us denote
the switchingactiity atlinei by randomvariableX;. U is definedasaset=<X,--- Xg}. Switchingin a

combinationactircuit follows directedMarkov property thatis, the outputof a gateis dependentnly
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Figure3.2.A combinationatircuit.

on its inputs. Thusthe randomvariableX; is completelyindependenof X4 given {Xs,Xs}. Hence,
[(X7,{Xs, X5}, X4) is oneof themary independenciethatarepresenin thecircuit.

A dependencmodel,M, of adomainshouldcaptureall thesetripletsnamely(X,Z,Y) conditional
independencieamongstthe variablesin that domain. The joint probability densityfunctionis one
suchdependencmodel. The propertiesnvolving the notion of independencareaxiomatizedoy the
following theorem.

Theoem1: Let X, Y, andZ be threedistinct subsetof U. If 1(X,Z,Y) standsfor the relation
“X isindependenof Y givenZ” in someprobabilisticmodelP, thenl mustsatisfythe following four

independentonditions:

1(X,Z,Y)=1(Y,Z,X) (symmetry) (3.6)
1(X,Z,YUW) = 1(X,Z,Y)&(X,Z,W) (decomposition) (3.7)
1(X,Z,YUW) = [(X,ZUW,Y) (weakunion) (3.8)
1(X,Z,Y)&1(X,ZUY,W) = 1(X,Z,YUW) (contraction) (3.9)

Proof: For proof,se€g[13].
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Figure3.3.Bayesiametwork correspondingo thecircuit in Figure3.2..

Next, we introducethe conceptof d-sepaation of variablesin a directedagyclic graphstructure
(DAG), which is the underlyingstructureof a Bayesiametwork. This notion of d-sepaation is then
relatedto the notionof independencamongstriple subset®f adomain.

Definition 2: If X, Y, andZ arethreedistinctnodesubsetsn a DAG D, thenX is saidto be d-
sepaatedfromY by Z, < X|Z|Y >, if thereis no pathbetweerary nodein X andary nodein Y along
which thefollowing two conditionshold: (1) every nodeon the pathwith corverging arronvsis in Z or
hasadescenderin Z and(2) every othernodeis outsideZ. If thereexist sucha pathwherethe above
two conditionshold, the pathis calledanactie path.

ConsidettheexampleDAG in Figure3.3.,let X = {Xs}, Y = {Xg} andZ = {X;}. PathXs — X7 +
Xg is active sincegiveninformationon nodeXz, Xs andXg arenot d-seperatedt is worth mentioning
thatif any onepathis active, eventhoughthe otherpathsareblocked,thenodesarenotd-separatedn
the sameexample, X is d-separateétom X, by X5 sincethe only pathX, — X5 — X7 is blocked.

Definition 3: A DAG D is saidto be an I-map of a dependenc modelM if every d-sepaation
conditiondisplayedn D correspond$o avalid conditionalindependenceelationshipin M, i.e., if for
every threedisjoint setsof verticesX, Y, andZ, we have, < X|Z|Y >= 1(X,Z,Y). In Figure3.3.,
for example< X7|Xs|X; > impliestheindependenceelationl (X7, Xs, X1) in thedependencmodelM
formed by the randomvariablesdepictingswitchingactvity at a line in the combinationakircuit in
Figure3.2..

Notethatthe Definition 3 holdsthe unifying featureof the graphbasedorobability modelin away
that connectghe DAG D to the probabilisticmodel P. In BayesianNetworks, we not only suggest
that DAG D is a dependenc modelfor P (becauseall the d-separationsn D imply a conditional

independenca P), but alsothenotionof acompactminimal representatiors built in. Let usconsider
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Figure3.4.BayesiarNetworks: MarriagebetweenGraphicalandProbabilisticModels.

the exampleof a probabilisticmodel P over four randomvariables{Xi, Xz, X3, and X4} asshavn in
Figure3.4.. Notethat, the DAG in Figure 3.4.a,all the nodesare consideredndependenandhence
I-map of D is greaterthanthat of P which indicatesthat D underrepresents. In Figure 3.4.d,the
I-map of D is lessthanthatof P asD is a completeDAG exhibiting maximumdependenciesThis
modelwould generateaccurateresultsbut are overrepresentatiomnd hencethe computationefforts
would belarge. A BayesiarNetwork hasto bethe DAG wherethe l-mapfor DAG matcheghel-map
of the P andhencaeit is theexactrepresentatiothatis minimalin structure.

Eqg. 3.1 denoteghe exact probabilisticmodel over randomvariablesand using conditionalinde-
pendenciegin Eq.3.10),we canarrive atthe minimal factoredrepresentatioshovn in Eg. 3.2which

is the probabilisticmodelof BayesiariNetwork.

P(Xi[Xi—1,Xi—2,-+ -, %) = p(x[Pa(xi)) (3.10)

Definition4: A DAG isaminimall-mapof M if noneof its edgesanbedeletedwvithoutdestrying
its dependencmodelM.
Definition5: Givena probabilityfunction P on a setof variabledJ, a DAG 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-mapsgiven a probability distribution function or a graphical
representationThereis an elegantmethodof inferring the minimal I-map of P thatis basedon the

notionof a Markov blanket anda boundaryDAG, which aredefinednext.

Definition6: A Markov blanket of elementX; € U is asubsetSof U for which (X, SU — S—X;)
andX; ¢ S. A setis calleda Markov boundary B; of X; if it is a minimal Markov blanket of X;, i.e.,

noneof its propersubsetsatisfythetriplet independenceelation.

Definition7: Let M beadependencmodeldefinedonasetU = {Xy,---,X,} of elementsandlet
d beanordering{Xq1, X4z, - - - } of theelementf U. Theboundarystrataof M termedasBy relative
to d is anorderedsetof subset®f U, {By1,Bqz, - - - } suchthateachBy; is a Markov boundary(defined
above) of Xg; with respectto the setUqi(C U) = {Xa1,Xdz,- -+, Xq(i-1) }, i-€. Bgi is the minimal set
satisfyingBg; € U andl (Xqi, Bgi,Ugi — Bgi). TheDAG createdby designatingead By asthe parents
of the correspondingvertex Xg; is called a boundaryDAG of M relativeto d. It shouldbe noted
herethatthe only orderingrestrictionis thatthe variablesin the Markov Boundaryset(of a particular
variable)have to be orderedbeforetherandomvariable.

This leadsus to the final theoremthat relatesthe Bayesiannetwork to I-maps, which hasbeen
provenin [2]. Thistheoremis thekey to constructinga Bayesiametwork.

Theoem 2: Let M be ary dependenc model satisfyingthe axioms of independencdisted in
Eqgs.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. We usetheseto prove ourtheorenregardingthe structureof Bayesiametwork to capturethe
switchingactivity of acombinationakircuit.

Let a combinationalcircuit consistof gates{Gs,---,Gn} with n primary input signalsdenoted
by theset{ls,---,In}. Let the outputof gateG; be denotedby O;. Theinputsto a gateareeithera
primary input signalor outputof anothergate. The switching of theseinput signaland outputlines,
{l1,--+,1n,041,---,0n}, aretherandomvariablesof interest. Note thatthe setof outputlinesinclude

both intermediatdines andthe final outputlines. Let X; be the switchingat the i-th line, which is
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eitheraninput or an outputline, taking on four possiblevalues,{Xgo, Xo1, X10, X11}, correspondindo
thepossibleransitions:0 — 0,0 — 1,1 — 0, and1 — 1.

Definition8: A Logic InducedDirectedAcyclic Graph(LID AG) structure D, correspondingo a
combinationakircuit consistsof nodes X;s, representinghe switchingat eachline andlinks between
themis constructedas follows: The parentsof a randomvariablerepresentinghe switching at an
outputline, O;, of agateG; arethe nodesrepresentingwitchingsat theinput lines of thatgate. Each
inputline is eitheroneof {I4,---,l,} or anoutputof anothergate. The DAG shawn in Figure3.3.is a
LIDAG correspondingo the combinationatircuit shovn in Figure3.2..

Theoem 3: The LIDAG structure,LD, correspondingo the combinationalcircuit is a minimal
I-map of the underlyingswitchingdependencmodelandhenceis a Bayesiametwork.

It is interestingto notethatthe LIDAG structurecorrespondsxactly to the DAG structureone
wouldarrive by consideringheprinciple of causality which stateshatonecanarrive attheappropriate
Bayesiametwork structureby directinglinks from nodesthatrepresentauseso nodesthatrepresent
immediateeffects[2]. Thus,directedinks in thegraphdenotemmediatecauseandeffectrelationship.
In a combinationakircuit the immediatecausesf switchingat a line arethe switchingsat the input

linesof thecorrespondingyate.

3.3 Formation of the LIDAG-BN

Wefirst illustratewith anexamplehow switchingin a combinationaktircuit at circuit level canbe
representedby a LIDAG structuredBayesiannetwork (LIDAG-BN). Thenwe shav how the condi-
tional probabilitiesthatquantifythelinks of LID AG-BN arespecified.

Let us considerthe circuit with fivesgatesshavn in Figure 3.2. We areinterestedn the switch-
ing at eachof the 8 numberedines in the circuit. Eachline cantake four valuescorrespondingo
the four possibletransitions: {xoo, X1, X10,X11}. Note that this way of formulating the randomvari-
able effectively modelstemporalcorrelationsince only first ordertemporalcorrelationis exhibited
in combinationalcircuit underzero-delayscenario[54]. To captureall higherorder spatialcorrela-
tions, we form the interconnectior(throughedges)andquantify themby the conditionalprobabilities

for the child-parentgroupin the LIDAG. The probability of switchingat a line would be given by
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P(Xi = Xo1) + P(Xi = x10)*. The LIDAG structurefor the circuit is shavn in Figure3.3.. Dependence
amongthe nodesthat are not connectedlirectly is implicit in the network structures.For example,
nodesX; and X, areindependenbf eachother however, they are conditionallydependengiventhe
value of saynodeXs. Or the transitionat line 5, Xs, is dependenbn the transitionsat lines 1 and
2, representedby the randomvariables,X; and Xy, respectiely. Thus, the transitionsof line 5 are
conditionallyindependentf all transitionsat otherlines giventhetransitionstatesof lines 1 and2.

For the Bayesiannetwork structurein Figure. 3.3. the correspondingoint probability densityis
given by thefollowing factoredform. It hasto be notedthatthis factoredform canonly be obtained

for circuitswithout afeedback.

P(x,++,%) = P(xg|xa)P(x7 x5, %) P(Xe| X3, Xa) P(Xs[ X1, X2) P(Xa) P(x3) P(x2) P(x1) (3.11)

The conditional probabilitiesof the lines that are directly connectedoy a gate can be obtained
knowing the type of the gate. For example,P(Xs = Xo1|X1 = Xo1, X2 = Xo0) Will be always1 because
if oneof the inputs of an OR gatemakes a transitionfrom 0 to 1 andthe other staysat 0 thenthe
outputalwaysmakesa transitionfrom 0 to 1. A completespecificatiorof the conditionalprobability
of P(xs|x1,%2) will have 4% entriessince eachvariable has4 states. Theseconditional probability
specificationsare determinedby the gatetype. Thus,for a NAND gate,if oneinput switchesfrom
0 to 1 andthe otherfrom 1 to 0O, the outputremainsat 1. We describethe conditional probability
specificatiorfor atwo inputNAND andatwo inputOR gatein Table3.1.andin Table3.2.respectrely.
By specifyinga detailedconditionalprobability we ensurethat the spatio-temporagffect (first order
temporalandhigherorderspatial)of any nodeareeffectively modeled.

Thelastfour termsin theright handsideof Eq.3.11representhestatisticsof theinputlines. Given
the statisticsof the input lines, we would like to infer the probabilitiesof all the othernodes.A brute
forceway of achieving this would be to computethe maginal probabilitiesby summingover possible
statesthus,P(xg,X1) = 3, ..x, P(X1,* -+, X9). This, obviously, is computationallyery expensve and,
in addition,doesnotscalewell. In thenext chapterwe shawv how thestructureof the Bayesiametwork

canbeusedto efficiently computetherequiredprobabilities.

LProbabilityof theeventX; = x; will bedenotedsimply by P(x) or by P(X; = x).
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Table 3.1. Conditionalprobability specificationgor the outputandthe input line transitionsfor two
input NAND gate.

Two InputNAND gate
P(Xoupulxinpulaxinpuz)
for Xoupu = Xinpu1 | Xinpu2
{0 X1 X0 X1} = =
0 0O O 1 X00 X00
0 0 0 1 Xoo Xo1
0 0 0 1 Xoo X10
0 0 0 1 Xoo X11
0 0 0o 1 Xo1 X00
0 0 1 0 Xo1 Xo1
0 0 0 1 Xo1 X10
0 0 1 0 Xo1 X11
0 0 0 1 X10 Xoo
0 0 0 1 X10 Xo1
0 1 0 0 X10 X10
0 1 0 0 X10 X11
0 0 0 1 X11 Xoo
0 0 1 0 X11 Xo1
0 1 0 0 X11 X10
1 0 0 0 X11 X11
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Table 3.2. Conditionalprobability specificationgor the outputandthe input line transitionsfor two
input OR gate.

Two Input OR gate
P(XOL[pL[IXianIla Xinpuz)
for Xoupu = Xinpu1 | Xinpu2
{0 X1 X0 X1} = =
1 0O O 0 X00 X00
0 1 0 0 Xoo Xo1
0 0 1 0 Xoo X10
0 0 0 1 Xoo X11
O 1 0 0 Xo1 X00
0 1 0 0 Xo1 Xo1
0 0 0 1 Xo1 X10
0 0 0 1 Xo1 X11
0 0 1 0 X10 Xoo
0 0 0 1 X10 Xo1
0 0 1 0 X10 X10
0 0 0 1 X10 X11
0 0 0 1 X11 Xoo
0 0 0 1 X11 Xo1
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 the previous chapterwe provedthatthe BayesiarNetwork modelsthe exponentiallysizedjoint
probability distribution in a compactmannerby exploiting the conditionalindependenceelationships
presenamongtherandomvariables.The attractve featureof this graphicalrepresentationf thejoint
probability functionis thatit cannot only modelcomplex conditionalindependencever a setof vari-
ables,but theindependenciesene asa computationakchemeor smartprobabilisticupdating. This
chapterstartswith a quick introductionto "what is probabilisticinference?”, andthe two important
inferenceschemesisedto estimatethe beliefsor probabilitiesin a BayesianNetwork. Major part of
this chaptelis devotedtowardsexploring differentsetof stochastiémportancesampling(approximate
Bayesiarinferenceschemeychemesamely ProbabilisticLogic Sampling[10], Adaptive Importance
Sampling(AlS) [11] andEvidencepre-propagatetinportancesampling[12] for Bayesiannferencing.

We concludethis chaptemwith experimentaresultson ISCAS benchmarlcircuits.

4.1 Probabilistic Inference

Probabilisticinferenceor commonlyreferredasbelief updatingamountsto calculatingthe prob-
ability distribution of a query nodegiven an obseration or evidence. This amountsto computing

P(X|E) (bayestheorem).

PXIE=¢) = % (4.1)

Computatiorof the probability of evidenceis P(E=e)requiressummatiorover all the variablesin

the setexceptthe evidencevariablesandthisis expressedn equatioré.2.
P(E=¢) = ; P(X/E,E=¢) (4.2)
XJE
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For small networks, computationof the probability of evidenceusingthe exactrepresentatiothatis,
equation4.2 is simple. However, asnetwork sizeincreasesomputationof P(E = e) efficiently be-
comesa computationatomplex problem.Differentschemeso processhe equatiord.2 give different
inferencealgorithms. Two importantBayesianNetwork inferencealgorithmsare 1) exactinference,
2) approximatdnference. Exactinferencealgorithmslik e clustering,pearls polytreealgorithmetc.
provide exactestimate[13, 23], however for very large networksthey stumbledueto NP-hardnessf
inference]16]. Exactinferenceappliedon large networks areeitherstoragentensve or computation-
ally extensve. To resole thisissueapproximaténferencemethoddike Model Simplification,Search
based]oopy belief propagationstochastiamportancesamplingweredeveloped.While approximate
inferenceis proved to be NP-hardaswell [17], it is the only alternatve way to arrive at an estimate
for large andcomple ciruits. A prominentsubclas®f approximatanferencealgorithmsarestochas-
tic samplingalgorithms. Someinstanceof theseare ProbabilisticLogic Sampling[10], Likelihood
weighting[18, 19], backwardsampling[20], andimportancesampling[19]. In thischapterwe explore
threeimportantstochastiémportancesamplingschemesProbabilisticLogic Sampling[10], Adaptive
ImportanceSampling(AlS) [11] andEvidencepre-propagatetinportancesampling[12] for Bayesian
inferencing.Thesealgorithmscombinetheary-time featureof simulative approacheandinput pattern

independencef probabilisticapproaches.

4.2 Stochastic Inference Algorithmsfor Switching Activity Estimation

StochastisamplingalgorithmsareapproximateBN inferenceschemesProbabilitiesareinferred
by acompletesetof sample®r instantiationghataregeneratedor eachnodein thenetwork according
to theimportanceconditionalprobability distribution of this nodegiven the valuesof the parents.In
thesesamplingschemesgachsampledetermineghe posteriorprobability of the underlyingmodel
for the remainingsamples. The probability of a randomvariableis proven to corverge [11] to its
correctvaluegivenenoughtime. Thesalientfeaturesf thesealgorithmsare: (1) They scaleextremely
well for larger systemsmakingthema tamgetinferencefor nano-domairbillion transistorscenario(2)
They areary-time algorithm,providing adequateccurag-time trade-of and(3) The samplesarenot
basedon inputsandthe approachs input patterninsensitve. The classe®f algorithmsselectechere

are known as ImportanceSamplingalgorithms[11, 12, 10] which are not only good predictorsor
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estimatorspredictingthe behaiors of descendemodes(intermediateones)given somepropertiesof
the primary inputs, but alsoaccuratediagnostictool thatwould provide possiblepatternof the inputs
givenaparticularsetof behaior (evidence)onary internalnodes.

Before we review variousstochastianferencemethodsiit is extremely necessaryo understand
the theory behindimportancesampling, which acts as the backbonefor thesestochasticinference
methods.Readersnterestedn more detailsaredirectedto the literatureon Monte carlo methodsin

finite integralscomputatior[58]. Let usconsiderthe approximatecomputatiorof theintegral J,

I= /@ b(X)dX 4.3)

Let b(X) be a function of k variablesX = (X1, X», ....Xx) over adomain® C R¥. Theintegralin
equatiord.3 canbe solved by numericalintegartiontechniquesik e Trapezoidakule, Simpsons rule,
Monte carlomethod.Theintegral in equatior4.3is usuallycomputedby meansof eitherTrapezoidal
ruleor Simpsonsrule asthey arrive atpreciseestimatesBut for multivaluedintegrals,useof theabove
methodss computationallyintensve andhencewe resortto Monte carlo method.In this section,we
will useMonte carlo basedtechniquefor the approximateevaluationof the integral J. Monte carlo
methodsuserandomnumbersto performnumericalintegration. For accuarg, samplingof random
numberds performedon a distribution thatis a reasonabl@pproximatiorto theactualfunctionb(X).
Hence,we introducean arbitrary densityfunction alsocalled asthe importancefunctioni(X) in this
integral,J = fe. i(X)dX. Theimportanceunctioni(X) is a probabilitydensityfunctionsuchthat
i(X) > 0for ary X C ©. After samplingthe importancefunction over M instantiationsX, Xa, ....Xw,

theapproximatevalueof theintegral is calculatedasfollows,

( |$| %l b(X (4.4)

For largevaluesof M, thedistribution of i (X) approachethedistribution of b(X) andhencethethe
accurag of zJ) increasesThe variancebetweerthe two distributionsis minimizedwheni(X) is pro-
portionalto |b(X)|. The maingoal of the ImportanceSamplingalgorithmis achieving theimportance
function. While AIS arrivesat animportancefunction by learningfrom the samplesgeneratediur

ing eachiteration,EPISarrivesat animportancefunction by usingyet anotherapproximatdnference
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schemecalledtheLoopy Belief PropagationNotethat,it is possibleto useb(X) asaguidein choosing
i(X). Thereasorwhy importancesamplingtechniqueis usedbecomesvidentwhenwe comparethe
equation4.2 and equation4.3 and concludethat they are almostidentical exceptfor the integration
whichis replacedby summatiorandthe domain® is replacedoy X

E. Thestochasticsamplingstratgy works becauseén a BayesianNetwork the productof the condi-

tional probability functionsfor all nodess the optimalimportanceunction.

4.2.1 Probabilistic Logic Sampling

ProbabilisticLogic Sampling(PLS)is thefirst andthe simplestsamplingalgorithmsproposedor

BayesiarNetworks[10]. Theflow of thealgorithmis asfollows:

1. Completesetof samplesaregeneratedor the BayesiarNetwork usingtheimportanceunction,
whichis initialized to joint probabilityfunctionP(X). Theimportanceunctionis never updated
onceits initialized. Without evidence P(X) is the optimalimportancefunctionfor the evidence

set.
2. Sampleghatareincompatiblewith the evidencesetarediscarded.

3. Theprobabilityof all thequerynodesareestimatedasedn countingthefrequeng with which
therelevanteventsoccurin thesample.n predictive inference)ogic samplinggenerateprecise
valuesfor all thequerynodeshasedntheirfrequeng of occurrencdout with diagnostiaeason-
ing, this systentails to provide accurateestimatedbecausef large variancebetweertheoptimal
importancdunctionandtheactualimportancefunctionused.Thedisadwantageof thisapproach
is thatin caseof unlikely evidence we have to discardmostsamplesandthusthe performance

of the PLSapproactdeteriorates.

4.2.2 Adaptive Importance Sampling

Our objectve is estimatingthe probability of evidenceP(E = e). The posteriorprobability is
givenby equatiord.1. The optimalimportancefunctionfor calculatingP(E = e) is P(X|E = e) [11].
Althoughwe know the mathematicakxpressionfor the optimal importancefunction, it is computa-
tionally expensve to obtainthis function exactly. By exploiting the structuraladvantageof Bayesian

Network (thejoint probabilityfunctionthatis modeledoy aBN canbe expresseasthe productof the
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conditionalprobabilityof thenodeggivenits parentnodes)ve canarrive atanapproximatemportance

function. Theapproximatémportancefunctionis givenas,

o(X/E) = [ POXIPRLX ) 45)
This function considersthe effect of evidenceon restof the circuit. P(E =€) = % is an
estimateof the probability of evidence(P(E=e)).Theequatiord.5is theimportanceconditionalprob-
ability table (ICPT) of anodeX andit representshe table of posteriorprobabilities. The ICPT table
will be updatedbasedon the samplesat variousstages.A significantsavzing in computationtime is
reportedn [11] if thenodeghatarenottheancestor®f theevidencenodesarenot considerediuring
learning. HencelCPT of the nodesthatare not the ancestor®f the evidencenodesareequalto their
CPTthroughouthelearningprocess.

Thestepsfor this algorithmarepresentedbelow:

1. Thenodesarearrangedn topologicalorder Eachevidencenodeis instantiatedo its obsered
stateandis omittedfrom further samplegenerationsEachroot nodeis randomlyinstantiatedo

oneof its possiblestatesaccordingio theimportanceprior probability of thenode.

2. Eachnodewhoseparentswere alreadyinstantiatedwill be instantiatedto one of its possible
outcomesaccordingto its importanceconditionalprobability table,which canbe derived from
theimportancefunction.

3. Conditionalprobabilityof theevidencesetgiventhesamplenstantiations calculatedandstored
andusedto updatetheimportancgunctionafterafew run by applyingBayesiarNetwork learn-
ing algorithms. This functionwill thenbe usedfor the next stageof sampling. The posterior

probabilitiesarethencalculatedrom the samples.

4.2.3 Hybrid Scheme

For large circuits,ahybrid schemespecificallythe EvidencePre-propagatebnportancesampling
(EPIS)[12], which useslocal messaggassingand stochasticsampling,is appropriate.This method

scaleswvell with circuit sizeandis provento corvemeto correctestimatesTheseclasse®f algorithms
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arealsoarytime-algorithmssincethey canbe stoppedat ary point of time to produceestimates.Of
coursetheaccurayg of estimatesncreasesvith time.

The EPISalgorithmis basedon ImportanceSamplingthat generatesampleinstantiationsof the
whole DAG network, i.e. all for line switchingin our case. Thesesamplesarethenusedto form the
final estimates.This samplingis doneaccordingto animportancefunction. In a BayesianNetwork,
the productof the conditionalprobability functionsat all nodesform the optimalimportancefunction.
Let X = {Xq, Xo,---,Xm} bethe setof variablesin a BayesiarNetwork, Pa(X) be the parentsof X,

andE bethe evidenceset. Then,the optimalimportancgunctionis givenby

m

P(X|E) = [T P(XdPa(X E)) (4.6)

k=1

Thisimportancgunctioncanbeapproximateds
P(X|E) = [ a(Pa(Xc)) P(x|Pa(Xi))A (%) (4.7)
k=1

wherea(Pa(X)) is a normalizingconstandependenon Pa(Xy) andA (Xy) = P(E~|x), with ET and
E~ beingtheevidencefrom parentsetandchild set,respectrely, asdefinedby thedirectedlink struc-
ture. Calculationof A is computationallyexpensve andfor this, Loopy Belief PropagatiolLBP) [21]
overtheMarkov blanket of thenodeis used.Yuanetal. [12] provedthatfor apoly-tree thelocalloopy
beliefpropagations optimal. Theimportanceunctioncanbefurtherapproximatedy replacingsmall

probabilitieswith a specificcutof value.

4.2.3.1 Loopy Belief Propagation

In thispart,we wouldoutlinePearls [2], [81] distributedlocal messagg@assingschemehatallows
efficient backtrackingin poly-tree and shav an approximationof the poly-tree called loopy belief
propagatior(LBP) [21] which extendsto network with loop (re-corvergence)for mary applications.

Here,we briefly summarizePearls belief propagatioralgorithmon the Figure4.1.thatis a poly-
tree.EachnodeX computests posteriomprobabilitybasedn theinformationobtainedrom its neigh-
bors. i.e., Bel(x) = P(X = x|E), whereE representshe evidenceset. In a poly-tree,ary node X

d-separatek into 2 subsetsE; which is the evidenceconnectedo nodeX throughits parentsZ and
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Figure4.1.Probabilisticinferenceusinglocal messag@assing.

E; istheevidenceconnectedo nodeX throughits childrenY. Now, thenodeX cancomputets belief

by separatelyombiningthe messagesbtainedfrom its parentsandchildren.
Bel(x) = aA(X)T1(X) (4.8)

whereA(x) andm(x) aregivenby

M = M9 49)

u

U is asetcontainingall childrenof X.

T(X) = z (P(x|zl,22,---,zq)]jnx(a)) (4.10)

7,757 7
whereZy,Zy, - -, Z, areparentf nodeX.
Oncethe nodecomputests belief it propagateshe updatedmessageso its neighborsand this
iterationis carrieduntil the corvergenceof the posteriors.The messagéeo the parentZ, of nodeX is
givenby:

Ma@)=3( 5 (PX2z,z1,22,--+,2) |'_|¢|fo(2a)))7\(><) (4.11)
X 21,22,,Z i=1,i
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whereZ,, 2, ..., Z,- - - Zx areotherparentof X. Themessagérom nodeX to its child is givenby:

TR (X) = TI(X) CGJ;LYAC(X); (4.12)

Pearls belief propagationalgorithm can be appliedto networks with loops wherethe belief of
a nodeis continuouslyupdatedin a loop till belief hasconverged. Many applicationshave shavn
enormoussuccessand correctconvergenceusing LBP. In [21] it is shavn to be connectedwith the
Kikuchi approximationof variationalBethefree enegy in statisticalphysics. Note that, we are not
usingLBP directly, we useLBP to arrive at animportancegunctionfor stochastianferencediscussed
in the previous section.Importancesamplingalgorithmshave beenshavn [11] to converge correctly
evenwhentheimportanceunctionvariesslightly from the optimumone.

Theabove setof stochasticamplingstratgiesdiscussedn subsectiort.2.1,4.2.2,and4.2.3work
becausen a BayesianNetwork the productof the conditionalprobability functionsfor all nodesis
the optimalimportancefunction. Becausef this optimality, the demandon sampless low. We have
foundthatjustthousandamplesaresuficientto arrive at goodestimategor theISCAS85benchmark
circuits. Notethat this samplingbasedprobabilistic inferenceis non-simulativeand s different from
samplingsthat are usedin circuit simulations. In the latter, the input spaceis sampledwhereasn
our caseboththeinput andtheline statespacesaresampledsimultaneouslyusinga strongcorrelatve
model, as capturedby the BayesianNetwork. Due to this, convemgenceis fasterandthe inference

stratgy is input patterninsensitve.

4.3 Experimental Results

We experimentedwith the combinationalcircuits from the ISCAS85benchmarksuite. We first
mappedhe ISCAS circuitsto their correspondinddAG structuredBayesiarNetworks. Eachnodein
theBayesiarNetwork takesfour possibleoutcomes Xgo, Xo1, X10, X11)- Theconditionalprobability of
eachnodeis formedbasedon the knowledgeof type of gateconnectinghe parentandthe child. The
experimentalset-upof "GeNle” [22], a graphicalnetwork interfaceis usedfor our experimentation.
The testswere performedon a PentiumlV, 2.00GHz,Windowvs XP computer For comparisonwe
performedzero-delaylogic simulationon the ISCAS85benchmarkcircuits, which providesaccurate

estimate®f switching.
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Table 4.1.shavsthe mean standardieviation, maximumerrorandthetime elapsedor theISCAS
circuitswith PLSandwe compareheresultswith thatobtainedusingthe prior approximateCascaded
BayesiarNetworks(CBN) [5]. Columns2, 3,4 and5 in thistablerepresentthemeanerror (lg), stan-
darddeviation of theerror(og), maximumerror(Mxg), andtheelapsedime (T) for switchingactvity.
It canbe easilyseenthat eventhoughgood meanerrorsare obtainedby approximateCBN methods,
the stochastid’LS providesbetterestimatesn termsof standarddeviation andshaws significantim-
provementover the maximumerror Thetotal elapsedime, whichis the sumof CPU,memoryaccess
and|/O time (computedusingthe ftime commandin WINDOWS ervironment)is alsosignificantly
low for PLS. High maximumerrorin the approximateCascadedayesianNetwork (CBN) modelis
attributedto partitioningof the network, which resultsin lossof informationat the boundarynodes.

ThePLSschemeorvemesto accuratestimatesvhenpropagatingvidencealongthecausalinks,
but for diagnosticreasoningthe estimatesobtainedthroughthis approachdeteriorates. Tables4.2.
and4.3. show the error statisticsfor predictve aswell asdiagnosticinferenceusing Adaptive Impor-
tanceSamplingandEvidencePre-propagatioimportanceSamplingfor 500,1000samplesCompari-
sonof boththetablesshav thetwo algorithmscorveme closeto accurateestimatesvithin 500samples.
The meanandstandarddeviation of the errorandthe maximumerror areextremelylow for both the
modelsevenfor larger benchmarlcircuits like ¢3540,c6288. This canbe attributedto the formation
of agoodimportancegunctionthatis closeto the optimalimportancegunction. However, EPISshavs
fastercorvergencethanAlS asit avoids the costly learningprocessn AlS algorithm. Note thatthe
diagnosticfeaturethat both AIS and EPIS methodsoffer over the ApproximateCascadedayesian
Network methodds oneof our key motivationsfor usingstochastignference.

Figures4.2.,4.3.,and4.4.,correspondingo c432,c1355,c6288benchmaricircuits, respectiely,
shaow thevariationof errors,obtainedusingAlS, EPISandPLS. Analysisof the graphshaws thatthe
estimatesorverge fasterwithin a smallsamplespaceandestimatesanalwaysbe formedevenwhen

thesamplespacds smallor insuficient (ary-time).
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Figure4.2. Graphshaving thetime accurag tradeoff for c432.
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Figure4.3.Graphshaving thetime accurag tradeoff for c1355.
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Figure4.4.Graphshaving thetime accuray tradeoff for c6288.

Table4.1.ExperimentatesultscomparingApproximateCascade@ayesiarNetwork modelandProb-
abilistic Logic Sampling.

Approx. CBN model[5] PLS:1000samples
He O Mxe | T(s) || He O 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
€3540|| 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. ExperimentatesultsusingAlS algorithmfor varioussamples.

AIS: 500samples AIS: 1000samples
He Ot Mxe | T(s) || He Ot 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
€880 || 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| 389.3§ 0.002| 0.010| 0.056| 394.78
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Table4.3. ExperimentatesultsusingEPISalgorithmfor varioussamples.

EPIS:500samples EPIS:1000samples
He O Mxe | T(s) || He O 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
€880 || 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
€6288|| 0.002| 0.012| 0.069| 143.23 0.001| 0.009| 0.052| 144.33
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CHAPTERS

ENTROPY BASED INPUT CHARACTERIZATION FOR DATA-DEPENDENT LEAKAGE
POWER ANALYSIS

Theaveragepowerdissipatiorin CMOSis sumof two factors namely dynamicpower andleakage
power. Tradiationally the mostsignificantcontrilutor to power dissipationin CMOS circuitshasbeen
thedynamicpower dissipation.To attenuatehis problemdesignerselied on scalingdown the supply
voltagedueto the quadraticdependencef dynamicpower on supplyvoltage. A major disadantage
of this techniqueis thatit affectsthe switchingspeedof the circuit. Sustenancef the circuit speed
requiresaproportionatalecreas thethresholdvoltage.Downscalingof thethresholdvoltageaggra-
vatedeakagepower dissipationdueto anexponentiaincreasen sub-thresholdeakagecurrent).Also,
asthe device densityincreaseseakagepower startsdominatingthe total power dissipation.Leakage
power dissipationcanaccountfor morethan50% of total power dissipationin 65nmIC’s. An effec-
tive stratgy for mitigatingleakagepower is to usedualthresholdvoltagecells (placinglow threshold
voltagecellsin the critical pathto maintainperformanceand having high thresholdvoltagecellsin
the non-critical pathsto reduceleakage).lt shoulf be notedthat, leakagedoesnot only happendur
ing stand-bymodesiit is also presentduring active periodandis a crucial componenbf total power
dissipation[61], [62], [63]. This chapterintroducesa novel techniqueusingBayesianNetworks that
identifiesgateswhich are dormanteven in the run-time mode. Designerscan tamget thesegatesas
candidategatesfor leakagepower optimization. The intensionof this chapteris not to focuson the
methodsof leakageoptimizationbut to provide designerswith anothertechniqueto tamget gatesfor

leakagepower optimization.
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5.1 Why do we need Input Characterization?

The total power (R;) expendedin a circuit canbe expressedasthe sumof individual gatepower
(Pyg), whichin turn canbebroken up into switchingandleakagecomponent$61].

R = YgRg=Pi+Psg 5.1)

= 050 fVCioadrwire + (1 — Q) ¥ ReakiPi
wherea denoteghe activity of the node,andf3 is the probability of remainingin a dominantieakage
state(namelysignalatOor 1). Notethatp aswell asa isdependendn{y;} € {010,011, 210, Li—11; }
the switching statesof the inputs andthe physicalparameter®f the gate,6. Thus,total power is a
function of theinput switchingstates|y,---,yn), andthe device parameters, i.e. P (y1,--,yn,0).
Givenaninputtrace,oneusuallycomputesy , ... ) P (Y1, -, YN, 6), whichis akin to computingthe
expectedvalueof thetotal power, E(P;), with the particularinput trace. The optimizationproblemcan

thenbeexpresseds:

mnE(R) = min 5 R(ys,--,y:0)P(ys), -, PIYN) (5.2)
Y1, 59N

The optimal point, B, thusfoundwill bea function of the assumednput statistics,p(y1), -, P(Yn)

1. Notethat, power optimizedoperatingpoint arrivedat for a singleinput switchingpoint, or afew set
of input statisticsjs not sufiicient. The spaceof all possibleinput switchingstatisticds justtoo large,
in factit is muchlarger thanthe size of the input spaceitself; it is the setof all possibleprobability
distributions over not the input states,but the input switching states. Moreover, simplistic random
input assumption®n the input spaceis a seriousproblem. Inputsof one circuits are the outputsof

another andhencecanexhibit strongcorrelations.For instance Figure.5.1. shavs the probabilistic
dependencieamongsten of the outputsof c432(4 bit ALU) benchmarkWe provide randominputs
to theprimaryinputsof c432andlearna causabprobabilisticgraphicalmodelamongsthe outputs(the
learningprocesausedis notin the scopeof this thesis). The probabilisticdependenc betweenthese
nodesdefinitelyarefar from randomandeven modelingusingjust biasedinputs(low/high switching)

is not sufiicient. Clearly, thereis needfor a statisticalinput characterizatiormeasurefor leakage

Lin the chapterwe usecapitals,e.g. Y, to denoterandomvariables correspondingmall letters,e.g. y to denotevalues.
We alsousep(y) to denotep(Y =), i.e. the probabilityof theeventY =y
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Figure5.1. The correlationsamongthe outputlines of c432with randominputs. The outputlines of
oneblock aretheinputlinesof another

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

specificationgor anapplicationdomainareknown, ary estimatioralgorithmcanpredictthelikelihood

of a signalto leak. However, in practicethis is hardto accomplish,especiallyin the nano-domain,
wheredueto the multi-objective optimizationneedsthe size of the datatracerequirementsncrease,
soasto beableto exerciseall the “modes” of the objective functions.

Insteadof consideringotal power basedon a prior over theinput spacewhich hasbeenthe usual
practice we considetthe posteriorover theinput spaceconditionedon statesof internalnodes.Using
theseposteriordistributions over theinputs, we identify nodesthatarelikely to be leaky in the actve
zone. It doesnot requirethe pre-specificatiorof input-statisticsor input-traces.Mathematically we
considerp({y; }|Xj = 0—10;), whereX; represents randomvariableinternalto the circuit and p({y; }
is the profile of input setthat generateshe obseration X; = 0;_10;. We usethe conceptof entrofy
of this posteriordistribution to characterizehe input space. The conceptof entropy in itself is not
new andis usedin almostall researchiisciplines.Excellentintroductionto axiomaticbasisof entrogy
conceptsanbefoundin [73, 74, 75). Entropy is a measureof uncertaintyin a finite system. High
entropy indicateshigh uncertainty Completelyrandominputswould be associatedvith high entropy.
In this work, we generatean upperboundof the entrofy of the posteriorinput spacedistribution
by consideringindependeninputs. if no prior informationaboutthe input is known, the conceptof
absoluteentrofy canbe used. However, if someknowledgeof the input is available, suchaswhen
oneknows thattheinputsarethe outputsof anotherogic block, thenin suchcase we canuserelative
entrofy asadistancemeasuréetweernthe known input spaceandthe posteriorinput spaceunderthe

evidence/obsemntion.
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We useBayesiarBelief Network basednodelingto computethe input posteriors.Why Bayesian
Networks? Simply becausdhesecausal,graphicalmodelsare minimal representationsompletely
capturingthe underlyingjoint probability densityfunction (pdf); it inducesanoptimalfactorizationof
thejoint pdf [2]. Theminimality of the representatiomanifestdan thereducedhumberof thelinks in
thegraphrepresentationyhichin turn facilitatesfastbelief propagatiorschemesTheseprobabilistic
beliefpropagatiorschemesarenotdirection-sensitie, eventhoughtheunderlyinggraphrepresentation
hasdirectedinks betweercauseandeffect; duringupdatingmessagearepassedn bothdirections.In
fact,this probabilisticmodelis pattern-insensite for predictive purposeswherewe know the possible
causesaandwe wantto know the effects. But, the real power of probabilisticmodelsis that givenan
obsenation, we cancharacterizethe plausiblecauseghat canproducethe given obseration, that is,
the probabilisticmodelsprovide the Most Probable Explanationthat can causethe obseration. We
useEvidencePre-propagatetinportanceSampling[12] stochastidnferencetechniqueto accurately
propagatéelieffrom evidenceto all othervariables.

The issueandthe approachpresentedn this chapterare new to our knowledge. For a different
context of dynamicpower, dataspecificationor ratherlack of specificationjssueshasbeenstudied
using power sensitvity [76], whereupper/laver boundson averagedynamic power was computed.
Note thatthis type of treatmentdependon a few simulation-basedpattern-sensite) points,around
which sensitvity is computedandtreatsonly the dynamiccomponenf power. With regardto the
conceptof entroyy, it hasbeenusedin RT power asanupperboundof switchingactvity by Nemani
et al. [77] andnot for input spacecharacterization With regardsto Bayesiannetworks, it wasfirst
proposedn [8] andthenin [78]. However, the contritutionshave beenlimited to switchingestimation
andtiming predictionthatdo not exploit the backtrackingaspecbf probabilisticreasoning Our work
providesanotherarsenafor the low power designerso focusleakagemitigation schemest targeted
nodesyatherthanjust consideringnodesbasedn critical path)or usinga single(or a handfulof data
profiles)to tamgetthe optimizationschemesMethodsthatusemeasure®n every transistorssuchas

dynamicthresholdvoltage[67, 68], canuseour measurdo selectthetamgetnodes.
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5.2 Input Characterization

We approachheinput spacecharacterizatioproblemasa procesgo find out the plausiblecauses
of anobsenration. In our case supposeave wantto getameasuref leakinesgX, = 0;_10;, X = 1;_1L)
oramountof switching(X; = 0._11;, X; = 1;_10;) of aninternalsignalX;, predictve inferencestratgies
wouldactuallyconsidettheconditionalprobability p(X; = 0;_10;|y1, - - -, yn) whereknowledgeof input
switchingstatesys,---,yn) areassumedo be known apriori. Onthe otherhand,diagnosticinference
would analyzep((y1,---,Yn)|X = G—10;) andthenusethe posteriorinput distribution to characterize
the input spacefor the obseration (X; = 0;_10;). Beforewe discussjn Section5.3, how to compute
this input posterior we presentthe entropy basedcharacterizatiorthat we adwocate. Note that, we
will beusinguppercasalphabetgnamelyX, Y ) to denoterandomvariablesandlowercasealphabets
(namelyx, vy, Vi, y;) to denotethe discretestateghatthe randomvariablecantake.

Before providing the definitions,let us intuitively seewhy we useentrogy. Entropy of a system
measuretheamountof uncertaintyin thesystem.A morelikely eventis boundto have higherentrogy
thanalesslikely event[74]. ConsiderarandomvariableY;, representinghei-th input. For our case,
eachy; cantakenon one of four possibleswitchingstatesvalues.y; € {010,011, 210, 111 }.

Entropy of thisrandomvariableis givenby

H(Y) == p(yi)logp(yi) (5.3)
Yi

If randomswitching,p(y;) = 1/4 andH (Y;) is log4, the maximumpossible.If the stateof variableis
known for sure,H(Y;) is zero.
Entropy canalsobe computedfor a seta randomvariableby consideringtheir joint probability

functionandit canbe shown that[79].
N
H (Yl’ Tt 7YN) = ZlH (YI|(Y1a e 7Yi—17Yi+1’ e 7YN)) (54)
i=

Whentherandonvariablesareindependentf eachotherjoint entropy is suchthesumof theindividual
entropies

H(, W) = 3 HOY (5.5)
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It canbeshavn thatHY > H wherey;’s arenot mutuallyindependentr is an upperboundon thejoint
entiopy. We usethis upperboundentrofy measurenthe posteriorinput spaceasaleakagepossibility

characterizatiomeasurdor node,X;|.

N

We can use entropic measuresgven for situationswherewe might knov somethingaboutthe
input statistics.In suchcaseswve considerthe relative entropy, which is alsoknown asthe Kullback-
Liebler distance crossentropy, discriminationinformation,directeddivergence,or I-divergence.Let
a(y1),---,q(yn), denotethe known input statistics. Thenthe relatve entroy betweenthe posterior

distribution andthe known oneis givenby

Py, YN X))

ay),-+,a(yn) (5.7)

Zpyla ) ayN|XJ |Og

This senesasa measureof leakagepossibility If the relatve entropy is high betweenthe posterior
inputspaceconditionedon aleaky state x;, of anode X, andthegiveninputspacethenit is unlikely
thatparticularnode,X;, will leak. And vice versa,if thedistances less.

Like for simple entropy, it canbe shavn that the relatve entrofy measureunderindependence

assumptiorcan provide us with an upperbound. The upperboundrelative entrofy canexpressed

simplyas
r_ P(Y1, Y2, -, YN)

g = 2 Phwyzsw)log o= 00 (5.8)
= 3 POWP) PN 3 loa F) (5.9)
_ p(yi)
— ZpyI Iogq( )vl;!. ZpyJ (5.10)
_ 1og PO
= ép(yl)logq(yi) (5.11)

Equation5.9exploitsthefactorizatiorthatis possiblebasednindependencdn Eq.5.10,5 s p(y;)) =

1. Notethatundertheindependencassumptiontherelative entrofy computations inexpensve.
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5.3 Computing Posterior Input Distributions

In this section we discusghe probabilisticmodelandthe backward propagatiorschemeshatare
usedto computethe posteriordistributionsover theinput space Any probabilityfunctionover a setof
randomvariables(Xy, - -+, Xu, Y1, -, Yn), WhereX;, aretherandomvariablesrepresenting-th internal

signals,Y; is the j-th primaryinput, canberepresenteds

P(Xla"'aXMayla"' ayN)
= P(XM ‘XM*LXM*Za Ty X1, Y1, ayN) (512)
P(XM—1|XM—27XM—37 X1, Y1, ayN)a Tty P(yl) U P(yN))

Theabove expressiorholdsfor ary orderingof therandomvariables.This bruteforcerepresentatioof
probabilisticknowledgerequirestakulation of all the entriesin P(xg, -+, Xu, Y1, -+, Yn), Which areex-
ponentialin number The exactrepresentatioassumeshatevery variableis dependenon every other
randomvariablepresentn theset. |t doesnottake advantageof theconditionalindependenciegresent
amongthevariables.Until very recently the commonstratgy hasbeento make the naive assumption
of completeindependencef thevariablesj.e. P(x3,---,xu) = P(x1),---,P(xm). However, thisfailsto
exploit thefull power of probabilisticmodeling.Pawverful directedagyclic graph(DAG) basedmodels
have beenrecentlyproposedhatexploits all theindependencieamongtherandomvariableso arrive
at a minimal model of the joint probability graph. ThesearetermedBayesiannetworks, causalnet-
works, or belief networks[2]. This graphicalprobabilisticmodelinducesa factoredrepresentatioof
thejoint probability functionin termof the conditionalprobabilitiesof eachrandomvariables,given

the statesof their correspondingparentsn the graphstructure.

M
P(X1, =+ XM, Y15+, IN) = [ P Pa(x |‘|1PyJ (5.13)
k=1

The power of BayesianNetworks is in the fact that not only canit do predictive inference,i.e.
computeprobabilitiesof the outputs(effects) basedon evidenceaboutthe inputs(causes)but it can
alsodo diagnosticinference,i.e. computeprobabilitiesaboutthe inputs (causeskonditionedon the
outputs(effects). While simulative approachessuchasthoseusedin VLSI estimation might sufice

for predictve inferencethey arenotatall efficientfor diagnostidnference Oneexampleof diagnostic
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qgueryis “What inputscancausea switching probability of 0.8 at a particularnodeof interest?” This
would requirea conditional searchof the input spacein a simulative framework, which is computa-
tionally expensve. Probabilisticinferenceis the only consistenuuncertaintycalculusto handlesuch
situationsin anefficientmanner We useEPIS(a stochasticamplingtechniquediscussedh chapter4,
section4.2.3)techniqueo estimatethe posteriorinput distributions given an obseration. For our ex-
perimentswe usedthe Bayesiametwork computationapackageandlibrary knovn as’GeNle” [22]
andSMILE.

Notethat this samplingbasedprobabilisticinferenceis non-simulativeand is different from sam-
plingsthatare usedin circuit simulations.In thelatter, theinput spaces sampledwhereasn our case
boththe input andthe line statespacesare sampledsimultaneouslyusinga strongcorrelatve model,
ascapturedoy the BayesianNetwork. Dueto this, corvergenceis fasterandthe inferencestratey is

input patterninsensitve.

5.4 Reaultsand Conclusions

Weillustratethe ideaspresentedhn this chapterusingthe ISCAS’85benchmaricircuits. All com-
putationsare run on a PentiumlV, 2.00GHz,Windows XP computer Table5.1. shaws the profiles
of nodesthat are testedfor known datatraces. We testedwith two sets. The first setis wherethe
input switchingis moderatgswitchingactvity 0.5) andthe secondsetis for a biasedlow switching
inputs (switchingactiity 0.3). Column2 and3 denoteshe numberof nodesthat would be leaking
60-80%andabove 80% of the time during the active modeof operation(input switchingis assumed
to 0.5). For anexamplec3540,would have 841 nodedeakingmorethan80%time andc1908has362
nodesleakingfor morethan80 % of time. Note thatthe abore datais reportedon individual signals.
However, for anNMOS stack,oneof theinputat 1 might not make it aleaky state.For thetruecom-
putation,we shouldconsiderthe joint instantiationof theinputsto either0;_;0; or to 1;_11; andthen
calculateentropy. Notethatthe calculationeffort of sucha combinationwould not be differentfrom
singleinstantiation.

Figure.5.2., 5.3., 5.4.shavs the detailedprofile of the nodebreakupof the percentagef time
leaking at statezero, for threecircuits and with two differentinput statistics;for one case,primary

inputsareswitching50% of thetime andin the othercase primaryinputsare switching30% of time.
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Table5.1.Leakageprofile for known datatraces.

Circuits Numberof nodedeakingin active zone
Inputactiity 0.5 Inputactiity 0.3
(60-80)%o0f | > 80% of | (60-80)%o0f | > 80% of
time time time time
€432 178 37 363 102
€499 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 nodeswould beleakingsignificantlyduringactive zonefor actwity 0.3.
Datashavn in Table5.1.,aswell asin Figure.5.2., 5.3., 5.4.,aregeneratedy the sameprobabilistic
framewvork andinferencethatis usedfor the posteriorcomputation.All the dataare non-simulatie,
hencepatterninsensitve andmodelsall dependencie thecircuits.

In Table5.2.,we shawv theresultsoninputspacecharacterizatioby absoluteentrofy. Notethatthis
tableis for theentrofy computatiorwhenposteriorinputdistribution werecomputedorcingindividual
signalsto leak at logic zero. Signalsthat producedan entrofy measurehatlies within 30% of the
maximumentrofy arereportedatcolumn3 andthesenodesaretamgetsfor leakagemitigationschemes.
Minimum andmaximumentropy is reportedin column4 and5 respectiely. Column2 reportsnodes
arehighly unlikely to leakatzero:thesesignalsproducedentrogy thatwithin 30%of thelowestentrogy
seerfor thosecircuits. Notethatfor c880andc1908 therearenodeghatdonotleakatarny timeatzero
for any inputcombinationsSomecircuitsshavedlargerrangein entropy thanothers.For example,in
¢3540the differencebetweemaximumandminimumentropy is 10 whereax499andc1355entrofy
rangeis small. This indicatesthe datatracesaremoreimportantto obtainfor thelatter groups(c499).
Also, we found out a few nodesthat cannotbe leakingat zeroirrespectre of the input space. This
happensvhenposteriordistribution is impossible.

In Table 5.3., we presentresultson the relatve entroy. Note that, relative entrofy measures
distancefrom a referencealistribution andhencesignalsthat generatesow H', aremorelikely to be
leaky at zerogiventheexpectedreferencelistribution. We reportnumberof nodeshatgeneratedhigh

input KL distancemeasurgwithin 30% of the maximumH") in column2 andnumberof nodesthat
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Table5.2.Entropy basednput characterizatioffior leakagecondition

Circuits Numberof nodesgenerating| Rangeof Entropy

Low input High input

entropy entropy min max
cl7 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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Figure5.3. Graphshaving the break-upof leakageprofile for differentswitchingprofile for 1908.
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Table5.3. Relatve entroy basednput characterizatiofior leaky signals

Circuits || Numberof nodesgenerating Rangeof H'
High H' Low H' Min H" || MaxH'
cl7 4 2 0.01 2.78
€432 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

generatedow (bottom30%)inputH" measuren column3. Columns4 and5 reports,minimumand

maximumrelative entrogy, respecitely, thatwe obsene for the circuits.
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CHAPTER 6

CONCLUSION

Switching activity estimationis a comple problemthat have beenresearchedor morethana
decadeThisthesisintroducesa switchingactvity estimatiortool for combinationatircuitsthatmod-
els all the temporalandspatialdependencies a circuit with high accurag. We have demonstrated
theresultsof the estimatedswitchingactivity usingvariousary-time stochasticamplinginferenceal-
gorithmsnamelyEPIS,AIS, andPLS.We find thatPLSyieldsthe bestaccurag-time tradeof if used
underpredictive situation.In diagnosticsituation,casesvhenevidenceis unlikely, EP1SandAlIS algo-
rithmswouldyield accurateestimatesWe thusconcludethatthe BayesiarNetwork basednodelingof
switchingactvity andinferenceyieldshigheraccurag in significantlylower time. The presensscope
of this modelis limited to zero-delayscenariowhich we planto addressn future.

We also presentedh novel probabilisticframeavork for measuringeakinesspotentialof a signal
during active switchingmode,without ary prior assumptioraboutthe input space.We usethe prob-
abilistic BayesianNetwork to propagatebelief from obseration to the plausiblecausesand usethe
attributeslik e entrogy of the posteriorto determinghelik elinessof the signalsto beat zero. Ourwork
providesanotherarsenafor the low power designerso focusleakagemitigation schemest targeted
nodes,ratherthan just consideringnodes(basedon critical path) or using a single (or a handful of
dataprofilesto tamget optimizationscheme Methods,suchasdynamicthresholdvoltage,canuseour

measureo selectthetagetnodesfor leakageoptimization.
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