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1. INTRODUCTION

The ability to form accurateestimatef power usage pboth dynamicandstatic,of VLSI
circuits is an importantissuefor rapid design-spacexploration. In circuits that arein
actvemodemostof thetime or thosethatswitchbetweertheactiveandstandbymodesthe
total power (bothstaticandactive) becomestronglyinputdependen{Nguyenetal. 2003;
Srivastava et al. 2004]. In this work, we capturethis input dependencéy constructinga

switchingmodel.

Notethatthe switchingmodelis extremelyrelevantof both staticanddynamiccompo-
nentof powerasshowvn in Eqn.1 [Nguyenetal. 2003]. In this equation Pyg represents
thedynamiccomponenbf power atthe outputof agateg. Theimpactof dataon dynamic
componenbf poweris encapsulateih a, theindividual switchingactivity. Thestaticcom-
ponentof power Psg is dominateddy Peakj, leakageossin aleakagemodei. It hasto be
notedthateachleakagemodeis determinedyy the steadystatesignalsthateachtransistor
in the gatewould bein. For example,in atwo input (sayA andB) NAND gate,the gate
would have four dominanteakagemode(i=4: A@oB@o, A@oBa1,A@1Bao and A@1Ba1).
B is the probability of eachmodei and for example 1 = p(A@o,B@1) andis the joint

probability of multiple signalsin a gateandaredependenbdn theinput dataprofile.

R = ZgRg:Pdg+Psg (1)

0.5a fvdzdcload+wire + 3 PleakiBi
Switchingactivity o in Eq.1is oneof theimportantcomponenthatis adirectyield from

the switchingmodelandcontributesto the dynamicpower dissipationthatis independent
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of the technologyof the implementatiorof the VLSI circuit. Contribution to total power
dueto switchingis dependenbn thelogic of thecircuit andtheinputsandwill be present
evenif sizesof circuitsreduceto nanodomain.Apart from contributing to power, switch-
ing in circuitsis alsoimportantfrom reliability pointof view andhencecanbe considered

to befundamentain capturingthe dynamicaspect®f VLSI circuits.

Among differenttypesof VLSI circuits, switchingin sequentiakircuits, which also
happengo be the mostcommontype of logic, is the hardesto estimate.Eventhougha
large setof researciwork is performedn this area,almostall of it areinput stimuli based
andfocusof the researchs centeredaroundobtaininga correctsetof prior probabilities
for the statenodes. This is particularlydueto the complex higherorderdependenciem
the switchingprofile, inducedby the spatio-temporatomponent®f the main circuit but
mainly causedy the stateline feedbackghatare present.Thesestateline feedbacksre
notpresentn purecombinationatircuits. Oneimportantaspecbf switchingdependencies
in sequentiatircuitsthatonecanexploit is thefirst orderMarkov propertyi.e. thesystem
stateis independenof all paststateggivenjustthe previousstate. Thisis true becausehe
dependenciesreultimately createddueto logic andre-corvergenceusingjustthecurrent

andlastvalues.

Thecompleity of switchingin sequentiatircuitsarisesdueto thepresencef feedback
in basiccomponentsuchasflip-flops andlatches.Theinputsto asequentiatircuit arenot
only the primaryinputsbut alsothesefeedbacksignals. The feedbacKines canbelooked
uponasdeterminingthe stateof the circuits at eachtime instant. The stateprobabilities
affect the statefeedbackine probabilitiesthat, in turn, affect the switching probabilities
in the entirecircuit. Thus,formally, givena setof inputsi; at a clock pulseandpresent
statess, thenext statesignals.+1 is uniquelydeterminedasa functionof i; ands. At the
next clock pulse,we have a new setof inputsii;1 alongwith states, 1 asaninputto the

circuit to obtainthe next statesignals», andsoon. Hence the statisticsof both spatial
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Combinational Block

Sequential Circuit

Fig.1. A modelfor sequentiatircuit.

andtemporalcorrelationsatthe statelinesareof greatinterest.It is importantto beableto

modelbothkindsof dependencieis thesdines.

Previouswork in [Bhanjaand Ranganatha2001] hasshown thata combinationakir-
cuit canbeexactlymodeledn aprobabilisticBayesiarNetwork(BN). Suchmodelscapture
boththetemporalandspatialdependencieism a compactmannerusingconditionalproba-
bility specificationsFor combinationatircuits, first ordertemporalmodelsare sufficient
to completelycapturedependenciesnderzero-delay The attractve featureof the graph-
ical representatiomf the joint probability distribution is that not only doesit make the
conditionaldependencieamongthe nodesexplicit, but it alsosenesasa computational
mechanisnfor efficient probabilisticupdating.This BN structure however, cannotmodel
cyclical logical structurejik e thoseinducedby thefeedbacKines. This cyclic dependence
affectsthe stateline probabilitiesthat, in turn, affectsthe switching probabilitiesin the

entirecircuit.
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1.1 Overview

In this work, we proposea probabilistic,non-simulatve, predictve modelof the switch-
ing in sequentiatircuits usingtemporaldependeng model (TDM) structurethat explic-
itly modelsthe higherordertemporalandspatialdependencieamongthe feedbacKines.
The nodesin TDM represenswitching actiities at the primary inputs, stateline feed-
backs,andinternallines, in the form of randomvariables. Theserandomvariablesare
definedover four states representindour possiblesignal transitionsat eachline which
are(Xoo,Xo1,X10,X11). Edgesof TDM denotedirectdependeng Someof the edgesepre-
sentdependenciewithin onetime sliceandwith eachnode(line) we associateonditional
probability of switchingatthe outputline of a gategiventhe switchingattheinputlinesof
thatgate. Restof the edgesaretemporal,i.e. the edgesarebetweemodesfrom different
time slices,capturingthe statedependencielsetweertwo consecutretime slices.We add
anothersetof temporaledgeshetweenthe sameinput line at two consecutie slices,cap-
turing theimplicit spatio-temporatlependenciem the input switchings. Temporaledges
betweerjust consecutie slicesaresuficientbecausef thefirst orderMarkov propertyof
the underlyinglogic. We prove thatthe TDM structureis a DynamicBayesianNetwork
(DBN) capturingall spatialandhigherordertemporaldependencieamongthe switchings
in a sequentiakircuit. It is a minimal representatiomn termsof size, exploiting all the
independenciesThe model,in essencebuilds a minimally factoredrepresentationf the

joint probability distribution of the switchingsatall thelinesin thecircuit.

We considentwo inferencealgorithmsto form the estimategrom the built TDM repre-
sentationsoneis anexactschemendthe otheris a hybrid scheme The exactinferences
schemewhich is basedon local messag@assingjs presentlypracticalfor small circuits
dueto computationademandsn memory For large circuits, we resortto a hybrid infer-
encemethodbasedon a combinationof local messag@assingandimportancesampling.

Notethatthis samplingoasedrobabilisticinferenceas non-simulatve andis differentfrom
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samplingsthatarecommonlyusedin circuit simulations.In the latter, the input spaces
sampledwhereasn our caseboththe input andtheline statespacesare sampledsimul-
taneouslyusinga strongcorrelatve model,ascapturedy the Bayesiametwork. Dueto
this, corvergences fasterandtheinferencestrateyy is stimulus-free.

Thekey featuresof thiswork are:

(1) Thisis acompletelyprobabilisticmodel. This meanghatwe do not performinput-
patterndriven simulationratherfocuson a randomwalk in the probabilisticdependeng
model.Hencewe targetthe“circuit problem”ratherthanthe“input problem”[Marculescu

etal. 1999].

(2) Inthisworkweintroduceamethodfor handlinghigherordertemporaldependencies

in sequentiatircuitsusingdynamichayesiametworks.

(3) Thiswork usea stochastiandaccuratenferenceschemedor propagatingproba-

bilities in thedynamicBayesiarNetworks.

(4) Sincewerepresenthejoint probabilitydistribution of the entirevariablesncluding
switchingof stateandsignals,our modelis capableof accuratelypredictingthe coupling
behaior of not only the individual switching activities, but alsothe probability of joint
occurrenceof eventsnamelyprobability of two neighboringsignalsin a transistorstack
remainingatzeo. We alsogetP(Xo_,1, Y1,0) for two neighboringinesthatmeasuresow

oftenthesetwo signalswould bein theworstcasecross-talksituation.

(5) Theseprobabilisticsetup areextremelycapableandaremostly usedfor non-causal
backwardinferencingalongwith theforwardpropagationFor example we would beable
to seewhat type of input profile providesa low switchingfor a nodethat hashigh load
capacitancend thesecould be usedto characterizehe input space. With probabilistic

forward propagationye needto anevolutionarysearcho find suchcharacterization.
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2. PRIOR WORK

Sinceourwork fallsin the broadcateyory of probabilisticmethodsof estimationwe start
with a few break-throughén probabilisticestimationfor combinationakircuit. In [Najm
1993], the conceptof transitiondensityis introducedandis propagatedhroughoutthe
circuit by Booleandifferencealgorithm. However, thesemethodshave problemsin han-
dling correlationbetweemodesandhencetheestimatesreinaccurateavhenthenodesare
highly correlated An accuratevay of switchingactivity estimationis proposedn [Bryant
1992] which hasa high spacerequirement. Taggedprobability simulationis proposed
in [Ding etal. 1998],whichis basecnthelocal OBDD(orderedbinarydecisiondiagram)
propagationThesignalcorrelationsarecapturedy usinglocal OBDDs. However, spatio-
temporalcorrelationbetweenthe signalsis not discussed Pair-wise correlationbetween
circuit lineswerefirst proposedy Ercolanietal. in [Ercolanietal. 1992]. Marculescuet
al. in [Marculescuet al. 1998], studiedtemporal,spatialand spatio-temporatiependen-
ciesasa compositionof pairwise correlations However, noneof thesemethodscouldbe

extendedfor modelingthe dynamicsof feedbacksystem.

In one of a pioneeringwork, Marculescuet al. [Marculescuet al. 2000] proposeda
methodto find upperandlower boundsfor the switchingactiity in finite statemachines
(FSMs), using a Markov chain model. This methodeven though probabilisticis more
appropriatevhencircuit implementatiorof FSMis not known. In anotherapproachMvar-
culescuet al. useddynamicMarkov modelto capturethe probabilistictemporalstructure
of theinput spacen sequentiatircuits. [Marculescuet al. 1999]. Onceareducedength
input data-sets obtainedthis methodrelieson simulationof thecircuit for computingthe
power. In their own words,this work is focusedto solve the “input problem”[Marculescu

etal. 1999]ratherthanmodelingthe circuit probabilistically

Bhanjaet al. [Bhanjaand Ranganatha2001], handlethe underlyingjoint probability

distribution for the combinationalcircuit. In [Bhanjaand Ranganatha2004], we have
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alsomodeledthe probabilisticframework for input spaceby learninga best-fittreestruc-
tured BayesianNetworks in inputswhich wasalsousedin the partitionsof intermediate
BayesianNetworks. Henceboth of thesemodelswere not capableof handlingdynamic
temporalaspectof a sequentiatircuits. In [BhanjaandRanganatha@004]we focused
on mainly threeaspectg1)issueof compleity and partitioning heuristics(2) Capturing
correlationattheboundarie®f adjacentooselycoupledBayesiarNetworksand(3) atree
structurelearningalgorithmfor spatio-temporallycoupled(correlated)nputs. Sequential
circuits have a differentproblem. Evenwith the random(spatio-temporallyndependent)
inputs,thespatio-temporatorrelationis generatedh thecircuit dueto thefeedbackmech-
anismandthis increatesaninduceddependengin the inputswhich needsto be modeled

separatehalongwith the statefeedback.

Most existing techniquedor switching estimationin sequentiakircuits usestatistical
simulation. Almost all the statisticaltechniquesn oneway or the otheremploy sequen-
tial samplingof inputs,alongwith stoppingcriteriadeterminedy the assumedtatistical
model. Stamoulisetal. [Stamoulis1996]consideredh pathorientedtransitionprobability
computationto samplethe input signalspace put the modeldid not accountfor correla-
tions betweenatch andthe combinationapart. Najm et al. [Najm et al. 1995]proposed
logic simulationto obtainthe stateline probability andthenusedstatisticalsimulationfor

estimation.

Tsui et al. [Tsui et al. 1995] useda two-stepapproach.First, the stationarystateline
probabilitieswere estimatednsteadof stateprobabilities,therebyreducingthe problem
compleity but sacrificingthe ability to modelthe spatialdependencieamongthe state
lines. A setof non-linearequationsdescribedthe relationsof the next stateto the pri-
maryinputsandthe currentstatelines. Theseequationsaresolved usingthe Picard-Peano
andNewton-Raphsomethoddo arrive atlocally optimal solutionfor the individual state

line probabilities.Next, giventhesestateprobability estimatesstatisticalsimulations(or,
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for very small circuits, binary decisiondiagrams(BDD)) were usedto obtain switching
estimates.Yuanetal. [Yuanet al. 1997] exploited the obsenation that beyond a length
of sampleghe inputscanbe consideredndependentSaxenaet al. [Saxenaet al. 2002]
simulatedmultiple copiesof a circuit, with mutually independeninput vectors,thereby
generatingmutually independensamples. The entire sequentiakircuit estimatesvere
formed by Monte-Carlosimulationwith theseinputs. Chenet al. [ChenandRoy 1997]
presentedtechniqueo estimataipperandlower boundsof power by consideringhe sig-
nal probabilityandsignalactivity attheinputs. Kozhayaetal. [KozhayaandNajm 2001]

enhancedhis methodin their work to estimatepower in sequentiatircuits.

Eventhe bestsimulationbasedmethodssuffer from weakinput patterndependencies.
Besides,for any changein primary input statistics,simulationsneedto be rerun. For
thesereasonsye prefer probabilisticstratgies, particularlythosethat modelthe under
lying joint probability distribution of the nodeswitching. Suchprobabilisticmodels,not
only allows oneto estimatethe switchingprobabilities,but alsoreadily facilitatescondi-
tional estimation,.e. estimationconditionedon the knowledgeof the switchingstatistics
at somenodes hot necessarilfheinputlines. In this work, we proposea graphicalprob-
abilistic modelover all the statenodes,inputs,andinternallinesto accuratelymodelthe
joint switchingprobabilitiesof the whole circuit. The modelaccountdor high ordertem-
poral and spatialdependenciesThe exact spatio-temporatorrelationis modeledover n
time slicesto capturehigher(> 1) ordertemporaleffectsthatarepresenin sequentiatir-
cuits. Circuits modeledusingn slicescapturesi-th ordertemporaldependenciesSimilar
stratgly wasusedby Tsui etal. [Tsui et al. 1995], who “unrolled” the circuits n timesto
arrive atthestatisticsof theindividual statelines,whichwerethenusedin simulations We
do not restrictourselhesto just statelines. Our comprehensie probability model, span-
ning multiple time slices,is over all the lines andsimultaneoushestimateghe switching

probabilitiesat all the lines (primaryinput, internal,andstatelines).
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3. BACKGROUND ON DYNAMIC BAYESIAN NETWORKS

In this sectionwe discusghe structureandfundamental®f dynamicBayesiarNetworks,
which underliesour modelingof sequentiatircuitsasTDMs. SinceDynamicBayesian
NetworksarestructurallyBayesiarNetworksthemseles,we will highlightimportantfea-
turesof BayesianNetworks aswell. The following discussionis fashionedafter [Pearl
1988;Kjaerulff 1995]. As a peekaheadthereadercanlook atFig. 2 for anexampleof the
representatiofor asmallcircuit.

A Bayesiametwork is a directedagyclic graph(DAG) representatioof the conditional
factoringof ajoint probability distribution. Any probability function P(xs, - - -, x,) canbe

writtenin the form of conditionalprobabilitiesast

P(X17 e ;XN) = P(Xn|xn—l;xn—2; e ;Xl) P(Xn—l|Xn—2;Xn—Sa e ;Xl) tt P(Xl) (2)

This expressionholds for ary ordering of the randomvariables. In most applications,
a variableis usually not dependenbn all othervariables. Therearelots of conditional
independenciesmbeddedmongthe randomvariableswhich canbe usedto reorderthe

randomvariablesandto simplify the conditionalprobabilities.
P(X1,---,xn) = MyP(x[Pa(Xy)) 3)

wherePa(X,) aretheparentof thevariablex,, representingts directcausesFor example
in Fig. 2a X1, X arethe parentsof X3, X, is the parentof X4. This factoringof the joint
probabilityfunctioncanberepresentedsa directedagyclic graph(DAG), with nodes(V)
representinghe randomvariablesanddirectedlinks (E) from the parentgo the children,
denotingdirectdependenciesthe sizeof therepresentatiorandhencethe computational
compleity would bedependenbn the numberof parentpernode.

This sectiondiscussesomefundamentatonceptdehindthe BayesiarNetwork based

modeling. This is fashionedafter[Bhanjaand Ranganatha@003] andis re-iteratechere

1probabilityof theeventX; = x; will bedenotedsimply by P(x;) or by P(X = x).
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for theclarity of thereadersTheimportantaspectshatsignifiesadirectedacgyclic graphas
a BayesianNetwork are conditionalindependencandd-sepaation. The DAG structure
preseresall the independencieamongsetsof randomvariablesandis referredto asa
Bayesiametwork. The conceptof Bayesiametwork canbe preciselystatedby defining
thenotionof conditionalindependencamonga setof randomvariables.

Definition 1: Let U={a,B,---} beafinite setof

variablestaking on discretevalues. Let P(.) be the joint probability function over the
variablesn U, andlet X, Y andZ beary threesubsetg§maybeoverlapping)of U. X andY

is saidto be conditionallyindependengivenZ if
P(Xly,2) = P(x|z) wheneverP(y,z) > 0 4)

Following Pearl[Pearl1988], we denotethis conditionalindependeng amongstX, Y,
andZ by 1(X,Z,Y); X andY aresaidto beconditionallyindependengivenZ. For example
in Fig. 2a(withoutthe feedbacHine), we have | (Xs, X3, X1) which denotesXs andX; are
conditionallyindependengiven Xs.

Next, we introducethe conceptof d-sepaation of variablesin a directedacyclic graph
structure(DAG), which is the underlyingstructureof a Bayesiannetwork. This notion
of d-sepaation is thenrelatedto the notion of independencamongsttriple subsetf a
domain.

Definition 2: If X, Y andZ arethreedistinctnodesubsetsn a DAG D, thenX is saidto
bed-sepagatedfromY by Z, < X|Z|Y >, if thereis no pathbetweerarny nodein X andary
nodein Y alongwhich thefollowing two conditionshold: (1) every nodeon the pathwith
corvergingarronsis in Z or hasadescenderin Z and(2) every othernodeis outsideZ.

Along with the above definitionsthefollowing definitionsfor conditionalindependence
mapor I-mapandminimal l-mapjustifiesthe acceptancef a DAG asaBN.

Definition 3: A DAG D is saidto be an I-map of a dependeng model M if every

d-sepaation condition displayedin D correspondgo a valid conditionalindependence
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relationshipin M, i.e., if for every threedisjoint set of nodesX, Y andZ we have, <
X|Z]Y >=1(X,Z,Y).
Definition 4: A DAG D is a minimal I-map of a dependeng modelM if noneof its

edgescanbedeletedwithout destrying the underlyingdependengmodel.

Definition 5: Givena probabilitydistribution P onasetof variableU, aDAG D is called

aBayesiarNetworkof P if D is aminimumI-mapof P.

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

notionof a Markov blanketanda boundaryDAG, which aredefinedbelow.

Definition 6: A Markov blanket of elementX; € U is an subsetS of U for which
[(X,SU—S—X) andX ¢ S. A setis calleda Markov boundary B; of X; if it is a min-
imal Markov blanket of X;, i.e. noneof its propersubsetsatisfythetriplet independence

relation.

Definition 7: Let M be a dependeng model definedon a setU = {Xg,---, Xy} of
elements,and let d be an ordering {Xg1, Xd2,---} of the elementsof U. The bound-
ary strata of M relative to d is an orderedset of subsetof U, {By1,Bqz,---} suchthat
eachB; is a Markov boundary(definedabove) of Xgi with respectto the setUi(Cc U) =
{Xa1, Xa2; -+, Xq(i—1) }» i-€. By is the minimal setsatisfyingB; C U andl(Xqi, Bi,Ui — Bj).
The DAG createdby designatingeac B; asthe parentsof the correspondingvertex X; is

calleda boundaryDAG of M relativeto d.

Thisleadsusto thefinal theorenthatrelateshe Bayesiametwork to I-maps,which has
beenprovenin [Pearl1988]. This theoremis the key to constructinga Bayesiametwork

over multiple time slices(DynamicBayesiarNetworks).

Theorem1: If agraphstructureD is aboundaryDAG of adependengmodelM relative

to orderingd, thenD is a minimal I-map of M.

Proof: Pleasaeferto [Pearl1988].

ACM Transaction®n DesignAutomationof ElectronicSystemsyol. , No., 20.



A Stimulus-free Graphical Probabilistic Switching Model for Sequential Circuits using Dynamic Bayesian Networks
3.1 DBN Structure

A DynamicBayesiarNetwork (DBN) is a generalizatiorof Bayesiametworksto handle
temporaleffectsof anevolving setof randomvariables.While BN handlesdependencies
atonetime slice DBN handlesdependencieetweenvarioustime sliceswhile preserving
the internal dependencieat eachtime slice. Otherformalismssuchas hiddenMarkov
modelsandlineardynamicsystemsarespecialcasesThenodesandthelinks of the DBN
aredefinedasfollows. For ary time periodor slice,t;, let adirectedagyclic graph(DAG),
G; = (W, By ), representheunderlyingdependenggraphicaimodelfor thecombinational

part. Thenthe nodesof the DBN, V, is the unionof all the nodesfor eachtime slice.
n
i=1

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

DAGs, but alsoincludelinks betweertime-slicesj.e. temporaledgesk v, ,, definedas

tiy1
Boin = {6, Xi60) Xt € Vos Xjgiyg € Voo } (6)

whereX;, is the j-th nodeof the DAG for time slicety. Notethatin ageneralizedtructure
(Fig. 2b), temporaledgescanbe drawvn from arny nodeof the time slicety to any nodeof
thetime slicety ;. However, the overall representatiomasbe the minimal I-map of the
underlyingprobabilisticmodel(Fig. 2c).

Thusthecompletesetof edgesE is

E= Et1 U U(E(ti) + E'[i—l,ti) (7)
i=2

Apart from the independencieamongthe variablesfrom onetime slice, we alsohave
the following independencenap over variablesacrosstime slicesif we assumehat the
randomvariablesrepresentinghe nodesfollow Markov property[Hachtelet al. 1994],
whichis truefor switching.

I ({xjytIJ"'Jijti—l}ij,ti’{Xj:ti+17'“7><i:ti+k}) istrueVi >1,k>1 8

ACM Transaction®n DesignAutomationof ElectronicSystemsyol. , No., 20.
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wherel(X,Z,Y) implies conditionalindependence.

4. TDM MODELING

The coreideais to expressthe switchingactiity of a circuit asa joint probability func-
tion, which can be mappedone-to-oneonto a BayesianNetwork, while preservingthe
dependenciesTo modelswitchingat aline, we usea randomvariable, X, with four pos-
sible statesindicatingthe transitionsfrom {xoo, Xo1,X10,X11}. For combinationakircuits,
directededgesare dravn from the randomvariablesrepresentingwitching of eachgate
input to the randomvariablefor switchingat the outputsof thatgate. At eachnode,we
alsohave conditionalprobabilities,giventhe statesof parentnodes.If the DAG structure
follows the logic structurethenit is guaranteedo mapall the dependenciesiherentin
the combinationalkircuit. However, sequentiatircuits cannotbe handledin this manner
We have proposeda switching actity estimationmodelfor combinationalcircuits. A
straightforvard extensionof this modelwould resultin a graphstructureshavn in Fig-

ure2(a),whichis nota DAG andhenceis not a Bayesiametwork.

4.1 Structure

Let usconsidergraphstructureof a smallsequentiatircuit shovn in Fig. 2(a). Following
logic structurewill notresultin aDAG; therewill bedirectedcyclesdueto feedbacKines.
To handlethis, we do not representhe switching at a line asa single randomvariable,
X, but ratherasa setof randomvariablesrepresentinghe switchingat consecutie time
instants {Xt,,- -+, X, }» andthenmodelthe logical dependenciebetweerthemby two

typesof directedlinks.

(1) For ary time instant,edgesare constructecbetweennodesthat are logically con-
nectedn thecombinationapartof thecircuit, i.e. withoutthefeedbaclkcomponentEdges
aredravn from eachrandomvariablerepresentingwitchingactivity ateachinputof agate

to therandomvariablerepresentingutputswitchingof thegate.
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NRA

©

Fig. 2. Comparisornof possiblegraphicalmodelsof a sequentiakircuit (left of part(a)). The representations
shawn in right sideof (a) andin (b) arenotused.(a) If onewereto treatthecircuit asacombinationaktircuit one
getsalogically inducedgraphstructure[Bhanjaand Ranganatha@001]. (b) Time unrolledrepresentation(c)

TDM representatiothatwe propose Nodesin thegraphsrepresentine switchings.

(2) We connecrandomvariablesepresentinghe samestateline from two consecutie
time instants,)(if’ti — th,tm- to capturethetemporaldependencielsetweerthe switchings
at statelines. Moreover, we alsoconnectthe randomvariablesrepresentinghe switching
atprimaryinputlinesat consecutietimes,xk?ti - Xkﬁ’tiﬂ. Thisis doneto capturethecon-
straintin theprimaryline switchingbetweertwo consecutretime instants.For instanceif

aninput hasswitchedfrom 0 — 1 attimet;, thenswitchingatthe next time instantcannot
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be0— 0.

Let us considerFigure 2(b), note that we have all randomvariablesconnectedo the
previoustime slice for every slice. Thisis requiredasour randomvariablesare switching
actvitiesandnotlogic. Hence gveryrandomvariableX;y, , in thisexperimentasanedge
connectinghevariableX; ;. However, thisrepresentatiors notaDBN asit is notminimal.
Markov blanket of the switchingvariablesat atime instantt; arestill its parentsandhence
for individual node X, 1(Xig, Pa(Xiy), Xit_,) is true, andthis implies that given the
setof parentsPa(Xy,), Xy is independenbf Xy, ,. Hencewe couldremove edgesrom
Xy, t0 Xy without hamperingthe dependeng model. However, for primary inputs,
we have to make surethat P(Xk?ti+l|xkﬁ’ti) handlesthe switching constraintsproperly In
sequentiatircuit, eachinput signalvaluesare consideredandom however, for modeling
the switchingvariablesthe temporaledgesn inputsareessentiabndeliminatesthe need
for explicit temporaldependenciesf theintermediateandomvariables.

We call this graphstructureasthetemporaldependengmodelor TDM. Fig. 2(c) shavs
the TDM for the examplesequentiakircuit in Fig. 2 (a); we just showv threetime slices
here.Thedash-doedgeshonsthesecondype of edgesnentionedabore, which couples
adjacentDAGs. We have X asinput and X; asthe presentstatenode. Randomvariable
Xg representshe next statesignal. Note thatthis graphis a DAG. We next prove thatthis
TDM structureis aminimal representatiorhences a dynamicBayesiametwork.

Theorem 2: The TDM structure,correspondindo the sequentiakircuit is a minimal
I-map of the underlyingswitching dependeng modeland henceis a dynamicBayesian
network.

Proof: Let usordertherandomvariables{Xy }, suchthat (i) for two randomvariables
from onetimet;, Xpy; andXcy, wherep is aninputline to a gateandc is anoutputline to
the samegate Xy, appeardeforeXcy, in this orderingand(ii) the randomvariablesfor

the next time slicet(i + 1), {X1t.,, -+, Xny., } appearafterthe randomvariablesat time
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slicet;.

With respecto this ordering,the Markov boundaryof anode, Xy, is givenasfollows.
If Xiﬁi representswitchingof aninputsignalline, thenits Markov boundaryis thevariable
representinghesamenputin timeslicexiﬁifl. If Xfti representswitchingof astatesignal,
thenits Markov boundaryis the variablerepresentinghe switching at the previous time
inceXftH. And, sincethe switchingof any gateoutputline is justdependentn theinputs
of thatgate,the Markov boundaryof a variablerepresentingry gateoutputline consists
of just thosethat representhe inputsto that gate. In the TDM structurethe parentsof
eachnodeareits Markov boundaryelementshencethe TDM is aboundaryDAG. And, by
Theorem2 the TDM is a minimal I-map andthusa Bayesiamnetwork. Sincenodesand

the edgesin the TDM definedover n time slicescanbe describedy Eqn.5, andEqn. 7,

the TDM is adynamicBayesiarNetwork (DBN).

4.2 Conditional Probability Specifications

The joint probability function is modeledby a Bayesiannetwork as the productof the
conditional probabilitiesdefinedbetweena node and its parentsin the TDM structure:
P(xv|Pa(Xy)). Theseconditionalprobabilitiescanbeeasilyspecifiedusingthecircuitlogic.
Therearethreebasictypesof conditionalprobability specifications{(i) internallines, (i)

primaryinputlines,and(iii) statelines. For theinternallines,the specificatiorfollowsthe
gatelogic. For statelines,theconditionalprobabilitymodelsthelogic of abuffer, asshavn
in Tablel(b). For primaryinputlines, the conditionalprobabilitiesmodelsthe switching
constraintdbetweentwo time instants,aslisted in Tablel(a). For instancejf the primary
line switchedfrom 0 to 1, thenat the next time slice the line caneitherswitchfrom 1 to
0 or remainat 1. Since,we areconsideringandominputs,we distribute the probabilities
equally betweenthesetwo options. For correlatednputs, theseconditionalprobabilities

canbeadjusted.
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Tablel. Conditionalprobability specificationbetween(a) primary input line switchingsat consecutie time in-

stants:P(xE‘ti+l|xE_ti ), and(b) stateline switchingsat consecutie time instants:P(xg . . x¢;.)
o @) (b) S

Xk[fti-#l Xk‘?ti stli+1 st-,ti

X0 Xo1 X100 X1 X0 X1 X100 X1
05 0.5 0 0 X00 1 0 0 0 X00
0 0 05 05| xom 0 1 0 0 Xo1
05 0.5 0 0 X10 0 0 1 0 X10
0 0 05 05| x1 0 0 0 1 X11

5. INFERENCE IN TDM

In this sectionwe presenthreeinferenceschemegor BayesiarNetworks. Thefirst oneis
anexactinferenceschemewhich we usedto validateour model. This methodis basedon
local messaggassingandis computationallyexpensve. This methodis currently prac-
tical only for smallercircuits. For larger circuits we usedthe next two schemeswhich
arehybrid schemesBoth of the schemesrebasedon stochastidnference.ln particular
we useimportancesamplingbasedmethod. The first one: EvidencePre-propagatetn-
portanceSampling(EPIS)[YuanandDruzdzel2003] works efficiently for predictionand
alsofor probabilisticbacktrackingwith evidence. The secondalgorithmis excellentfor

estimation/predictiomowever, degeneratefor backtracking.

5.1 Exact Inference

Thisinferencemethodwasusedto validateour model.We inferencedhe smallestircuit,
s27,usingthismethod.In thefollowing discussionthereadeiis requestedo referto Fig. 3
andFig. 4 asexamplessincethey aredravn basedon s27. The exactinferencescheme
is basedon local messaggassingon a tree structure whosenodesare subsetgcliques)
of randomvariablesin the original DAG [Cowell et al. 1999],[Hugin ]. (Fig. 3(a)repre-

sentsthe original DAG structureof s27.) This treeof cliquesis obtainedfrom the initial
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COZoRC0 QURC0R

To Present State lines

(a) (b)

Fig.3. (a)BNmodelof s27for onetime slice, (b) Triangulatedundirectedgraphof s27for onetime slice

Fig. 4. Junctiontreeof cliquesof s27for (a)onetime slice, (b)two time slices

DAG structurevia a seriesof transformationsghat presere the representedependencies.
The original DAG is first convertedinto an undirectedMarkov graphstructure which is
referredto asthe moral graph(Fig. 3(b) without the thick line), modelingthe underlying
joint probability distribution. This moral graphis obtainedfrom the DAG structure,by
addingundirectediinks betweenthe parentsof a commonchild node. Theseadditional

links directly capturethe dependenciethatwereonly implicitly representeth the DAG.
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In amoral graph,every parent-childsetform a completesubgraph Dueto the undirected
natureof the moral graph,someof the independenciegepresenteih the DAG would be
lost, resultingin a non-minimalrepresentation.The dependeng structureis, however,

presered. This lossof minimal representatiomwill eventuallyresultin increaseccompu-
tationaldemandsbut doesnot sacrificeaccurag. Next, a chordalgraphis obtainedfrom

the moral graphby triangulatingit(Fig. 3(b)). Triangulationis the procesof breakingall

cyclesin the graphto be a compositionof cyclesover just 3 nodesby addingadditional
links. To controlthecomputationatiemandsthegoalis to form atriangulatednoralgraph
with minimum numberof additionallinks. Variousheuristicsexist for this. For instance,
the Bayesiametwork inferencesoftwareHUGIN (www.hugin.com)which we usein this
work, usesefficient and accurateminimumffill-in heuristicsto calculatetheseadditional

links.

Fig. 4(a)representhejunctiontreeof cliquesfor the TDM structureof s27 for onetime
slice. Cliquesof the chordalgraphrepresenteth Fig. 3(b) form the nodesof thejunction
tree. Thetreestructureis usefulfor local messag@assing Givenary evidence messages
consistof the updatedprobabilitiesof the commonvariablesbetweentwo neighboring
cligues.Globalconsisteng is automaticallymaintainedby constructinghetreein sucha
way thatary two cliques,sharinga setof commonvariables shouldhave thesecommon
variablespresenin all thecliquesthatlie in the connectingpathbetweerthe two cliques.
A junction treewith this propertycanbe easily obtainedfrom the sameminimum fill-in

heuristicalgorithmthatis usedto triangularizethe graph[BhanjaandRanganathaf003].

Let us considerntwo neighboringcliquesto understandhe key featureof the Bayesian
updatingscheme.Let two cliquesA andB have probability potentialsga and@s, respec-
tively, obtainedby multiplying the conditionalprobabilities,in the DAG basedBayesian
network, involving the nodesin eachclique. Let S be the setof commonnodesbetween

cliguesA andB. Thetwo neighboringcliqueshave to agreeon probabilitieson the node
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setS, whichis termedtheir separatarTo achieve this, we first computethe maiginal prob-
ability of Sfrom probability potentialof clique A andthenusethatto scalethe probability
potentialof B. Thetransmissiorof this scalingfactor which is neededn updating,is re-
ferredto asmessag@assing.New evidenceis absorbednto the network by passingsuch
local messagesThe patternof the messages suchthatthe processs multi-threadable
andpartially parallelizable Becausdhejunctiontreehasno cycles,messagealongeach
branchcanbetreatedndependentf the others.

Thefinal junctiontreeof cliquesfor the TDM structureof s27 for two time slicesis more
complicatedasshavn in Fig. 4(b). Notice the increasechumberof cliques. In general,
thesizeof themaximalcliquewill increaseThisresultsin increaseanemoryrequirement
to storethe probability potentialover the nodesin the cliques;the increasas exponential
in the maximalclique size. Thus, it is obvious that the exact model cannotbe usedfor
large circuits. Available memorywould determinethe maximumcircuit sizethat canbe
modeledexactly. In this work, we usethis inferenceonly for modelvalidationwith small

circuits.

5.2 Hybrid Scheme

For large circuits, a hybrid schemespecificallythe EvidencePre-propagatetimportance
Sampling(EPIS)[YuanandDruzdzel2003],whichusedocalmessageassingandstochas-
tic sampling s appropriateThis methodscalesvell with circuit sizeandis provento con-
vergeto correctestimates.Theseclasse®f algorithmsare alsoanytime-algorithmssince
they canbe stoppedat ary point of time to produceestimategRamaniand Bhanja2004;
RejimonandBhanja2006]. Of coursetheaccuray of estimatesncreasesvith time.

The EPISalgorithmis basedon ImportanceSamplingthat generatesampleinstantia-
tionsof thewhole DAG network, i.e. all for line switchingin our case. Thesesamplesare
thenusedto form the final estimates.This samplingis doneaccordingto animportance

function. In a BayesianNetwork, the productof the conditionalprobability functionsat
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all nodesform the optimalimportancefunction. Let X = {X3, Xo,---,Xm} be the setof
variablesin a BayesiarNetwork, Pa(X) bethe parentsof x,, and E? betheevidenceset.

Then,theoptimalimportancdunctionis givenby
m
P(X|E) = [ P(x/Pa(X), E) ©)
k=1

Thisimportancegunctioncanbe approximateds

m

P(X|E) = rlld(Pa(Xk))P(Xle’a(Xk))A(Xk) (10)

K=
wherea(Pa(Xy)) = P(x|E™) andA(Xy) = P(E~|x), with E* andE~ beingtheevidence
from above andbelow, respectiely, asdefinedby thedirectedlink structure For the proof
of Eqn. 10 pleaserefer [YuanandDruzdzel2003]. Calculationof A is computationally
expensve and for this, Loopy Belief Propagation(LBP) [Murphy et al. 1999] over the
Markov blanket of thenodeis used.Yuanetal. [YuanandDruzdzel2003]provedthatfor
apoly-tree thelocal loopy belief propagatioris optimal. Theimportancefunctioncanbe

furtherapproximatedy replacingsmall probabilitieswith a specificcutoff value.

5.2.1 LoopyBelief Propagation. Loopy Belief Propagatior{LBP) is an approximate
inferencemechanismlit usesthe Pearls belief propagatioralgorithm[Pearl 1988]to cal-
culatethe posteriorbelief of eachnode. Here,we briefly summarizePearls belief propa-
gationalgorithm.EachnodeX computests posteriomprobabilitybasedntheinformation
obtainedfrom its neighbors.i.e., Bel(x) = P(X = x|E), whereE representshe evidence
set. In a polytree,ary nodeX d-separate€ into 2 subsetsE; which is the evidence
connectedo nodeX throughits parentsetZ andEy is the evidenceconnectedo nodeX
throughits child setY. Now, the nodeX cancomputeits belief by separatelycombining

themessagesbtainedrom its parentsandchildren.
Bel(x) = aA(X)TY(x) (11)

2Setof nodesthathave alreadyobsered states.
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whereA(x) andi(x) aregivenby

AX) = Au(X) (12)
UeCHy

CHy is setof all childrenof X.

j
)= 3 (PKz,2z,,z) rlﬂx(Za)) (13)
21,25,+2j i=

wherez;,z, - - -, zj areparentsof nodeX.

Oncethe nodecomputesdts beliefit sendshe updatedmessageto its neighbors.The

messag¢o the parentf nodeX is givenby:

M =3 (Y POz, 2) [ @A (14)

X 21,2, % i=

Themessagérom nodeX to its child is givenby:

mO =T ] Ack¥ (15)
CeCHx —Y
For network with loops, during eachiteration all nodescalculatetheir outgoingmes-

sagedasedntheincomingmessagefom their neighborsduring previousiteration. The

iterationstopsoncethe belief corverges.

5.3 Probabilistic Logic Sampling

ProbabilisticLogic Sampling(PLSHevelopedby Henrionin 1988is creditedto bethefirst
stochasticsamplingmethodfor inferencingBayesianNetworks [Henrion 1988]. In this
methodsamplingis performedin the forward direction (from parentsto children). The

algorithmworksasfollows,

— Inthecircuit, whichis representedsa Bayesiametwork, each

nodeis selectechndthey aresampled.

— While inferencing,the Bayesiametwork the samplesaregroupedinto setsandthe
obsened valuesin eachsamplein a setare comparedwith the correspondingevidence

values.
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— If they areinconsistentvith eachotherthewhole samplesetis discarded.
— Thesamemethodis repeatedvith eachsampleset.

— Usingtheselectedsampleset,thebeliefdistributionsarecalculatecby averagingthe

frequenciesvith which therelevanteventsoccut

With regardsto the computationamerits,this methodhassomedisadwantagesSinceit is
basedon forward sampling,the evidencethat have alreadyoccurredcannotbe accounted
for until thecorrespondingariablesaresampled Theoccurrencef unlikely evidencecan
resultin rejectionof large numberof samplegherebyhinderingthe performanceof this
method.Dueto this PLSis alwaysconsideredo bebetterfor BayesiarNetwork inference
withoutevidence.

Theabove setof stochasticamplingstratgiesdiscussedh subsectiorb.2and5.3work
becausean a BayesianNetwork the productof the conditional probability functionsfor
all nodesis the optimalimportancefunction. Becauseof this optimality, the demandon
sampless low. We have foundthatjust thousandsamplesaresufficient to arrive at good
estimategor thelSCAS89benchmarlcircuits. Notethatthis samplingbasedprobabilistic
inferenceis non-simulativeandis differentfrom samplingghat are usedin circuit simula-
tions. In the latter, theinput spaceis sampledwhereasn our caseboththe inputandthe
line statespacearesampledsimultaneouslyusinga strongcorrelative model,ascaptured
by the BayesianNetwork. Dueto this, cornvergences fasterandthe inferencestrateyy is

stimulus-free.

5.4 Time and Space Complexity

Exact Infer ence: Spacecomplexity of theexactinferenceof BayesiarNetwork is O(n.4/%ma{) [Bhanja
andRanganathaB004]where|Cnay is thenumberof randonvariablesn largestcliquein
thejunctiontree,n is thetotal numberof randomvariablesandusually|Cnay is muchless

thann. Thetime complexity of theexactinferencds O(p.4/“ma¢) wherep is thenumberof
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cliquesin thejunctiontreewhichis alsomuchlessthann. Eventhough|Cmay is lessthan
n, for largercircuits,theexponentiahaturemalkestheinferencecomputationalyexpensve.

Hybrid Inference: The spacerequiremenbf the Bayesiannetwork representationis
determinedby the spacerequiredto storethe conditionalprobability tablesat eachnode.
For anodewith ny, parentsthesizeof thetableis 41, The numberof parentsof anode
is equalto thefan-inatthenode.In the DBN modelwe breakall fan-insgreatethan?2 into
alogically equivalent,hierarchicaktructureof 2 fan-ingates.For nodeswith fan-in f, we
would need[ f /2] extra Bayesiametwork nodesgachrequiringonly 43 sizedconditional
probabilitytable. For theworstcase]et all nodesn theoriginal circuit have the maximum
fan-in, fmax Thenthetotal numberof nodesin the BN structureis n+ fnan/2. Thus,the
worst casespacerequirements linear, i.e. 043(nfmay) Wheren is the numberof nodes,
fmax 1S the maximumfan-in.

Thetime compleity, basednthestochastiéinferenceschemeis alsolinearin n, specif-
ically, it is O(nN), whereN is the numberof sampleswhich, from our experiencewith
testedcircuits, is in the orderof 1000’ for circuits with 32,424 nodesin the DBN model

with threetime slices.

6. EXPERIMENTAL RESULTS

We have usedthe sequentialkircuits from the ISCAS89benchmarksuite to verify our
method. To generatehe simulationresultsthe circuits were simulatedfor 1000000test
vectors.Thesequentiatircuitsaremodeledasa DBN with 3 time-slices.A startupsimu-
lationwith 50randomtestvectorswvasperformedandthesestartupestimate®f thepresent
statelinesaregivento thefirst time-sliceof the DBN, i.e. thesearethe prior probabilities
of the statelines. The priorsfor the primaryinputlinesin thefirst time-sliceof DBN was
choserto beunique,i.e. equallyprobableswitchingstates.The approximatecomputation

of theDBN wasdoneby atool named'GeNle” [Genie]. Theexactcomputationwvasdone
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by atool named’Hugin” [Hugin].
Thetestswereperformedon a PentiumlV, 2.00GHz Windows XP computer

First, we shov someresultsthat validatesthe TDM model. For this, we usethe s27
benchmaricircuit. Tablell lists the switchingestimatest eachline in the circuit ascom-
putedby (i) simulation,(ii) the exactinferenceschemebasedon treeof cliques,and(iii)
the hybrid EPIS scheme.We used10 time slicesfor the TDM representationNote the
excellentagreemenbdf the exact inferenceschemewith simulation,thus validating that
the TDM modelis capturingthe high ordertemporalandspatialcorrelations.The hybrid

inferenceschemalsoresultsin excellentestimatesgloseto the exactones.

Tablelll lists the error statisticsof the circuitsby TDM-EPISandTDM-PLS inference
schemes A samplesize of 1000sampleswvasconsideredor boththe schemes . Switch-
ing error is the error betweenthe in-houselogic simulationand the switching estimates
obtainedfrom Bayesiarninference.We takulateboth the averageerror, pg, andmaximum
error, max, over all thenodesin column2 andcolumn3in both Tablelll(a) & (b). We
alsolist the percentagef nodeswith switching error above 2 standarddeviationsfrom
the meanerror. Thefourth columnin both Tablelll(a) & (b) indicatethe run-time of the
circuit with the specificinferencescheme. The listed elapsedimes are obtainedby the
ftime commandn the WINDOWS ervironment,andis the sumof CPU, memoryaccess

andl/O time.

We seethatthe meanerroris extremelysmall for both TDM-EPISin Tablelll(a) and
for TDM-PLSin Tablelll(b) for mostbenchmarlcircuitsevenfor largerbenchmarkdike
s5378,515850. Even the maximumerrorsfor mostcircuits arelow. However, for some
circuits,i.e. s208 s953ands5378,the maximumseemto be high, but theseerrorsseento
beisolatedto afew nodesasis seenfrom thelow fractionof nodeswith erroraborve 20. In
mostcasespnly 5% of the nodesexceedthis errorbound.ln s208,we seethat% of nodes

in g+ 20 rangeis around9%. We alsofoundthe accurag of our modelis excellenteven
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Tablell. Switchingprobabilityestimatest eachline of the s27 benchmarlcircuit ascomputedby simulation by

theexactschemeandby the hybrid EPISmethod.

Simulation Exact Hybrid

Nodes (CliqueTree) | (EPIS)
1 0.498 0.500 0.512
2 0.598 0.500 0.494
3 0.501 0.500 0.487
4 0.500 0.500 0.508
5 0.450 0.452 0.463
6 0.123 0.123 0.123
7 0.333 0.333 0.368
8 0.498 0.500 0.512
9 0.078 0.078 0.073
10 0.460 0.461 0.476
11 0.333 0.333 0.334
12 0.333 0.333 0.329
13 0.311 0.311 0.311
14 0.229 0.230 0.234
15 0.123 0.123 0.126
16 0.123 0.123 0.126
17 0.450 0.452 0.461

for largerbenchmarkik e s15850(ug = 0.004)

Note thatthe computatiortime reportedfor ProbabilisticLogic Samplingbasednfer-
enceis almosttentimesfasterthanthatby TDM-EPISbasednethod.However, theimpor-
tanceof TDM-EPISbasednferenceschemeauaranteesornvergenceo theexactvalueand
alsois moreefficientthanLogic Samplingwhereobsenationis madeat any nodesother
thaninputsandplausibleinput probabilitiesfor suchanobsenationis estimatedThis has

importantapplicationin input spacecharacterizatiorfior a desiredoutcome. TDM-PLS
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Tablelll. Experimentakesultson switchingactvity estimationby DynamicBayesiametwork modelingusing

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

circuits (3 time slices).

(b)

(@
Circuits He maxe Time % of nodes
(s) > U+ 20
s27 0.015 | 0.068 | 0.047 5.88
s208 0.014 | 0.234 | 0.719 9.02
s382 | 0.002 | 0.096 | 2.094 4.95
s444 0.003 | 0.083 | 2.734 4.88
s526 0.003 | 0.044 | 3.922 3.23
s713 | 0.008 | 0.043 | 9.093 4.92
s820 | 0.002 | 0.049 | 10.06 8.33
s953 0.009 | 0.162 | 8.343 7.50
s1196 | 0.001 | 0.050 | 15.06 4.81
s1238 | 0.001 | 0.038 | 14.62 5.00
s1423 | 0.010 | 0.127 | 21.12 6.15
s5378 | 0.002 | 0.402 | 378.68 5.08

Circuits He maxe Time % of nodes
(s) > U+ 20

s27 0.028 | 0.092 | 0.016 5.88
s208 | 0.014 | 0.224 | 0.281 9.02
s382 0.000 | 0.082 0.750 7.14
s444 0.005 | 0.067 0.843 3.90
s526 | 0.002 | 0.048 | 1.234 1.84
s713 | 0.009 | 0.067 | 1.968 4.70
s820 0.002 | 0.042 2.125 4.17
s953 | 0.012 | 0.185| 1.922 7.95
s1196 | 0.001 | 0.043| 2.735 5.17
s1238 | 0.003 | 0.035 2.703 5.00
s1423 | 0.012 | 0.114 3.266 6.02
s5378 | 0.001 | 0.389 | 23.128 4.98
s15850 | 0.003 | 0.434 | 146.992 3.07

methodis moreefficientfor relatively largercircuits dueto its rapidity. TDM-PLS works

betterfor circuit evaluationthanfor circuit characterization.

We alsopresenestimatiornresultswith non-randomnputs,in TablelV. Heretwo cate-

goriesof biasednputswerechosen(1) low switchinginputs,whereprobabilityfor switch-

ing is 0.2 (2) high switchinginputswith probability of switching0.6. The simulationre-

sultsand the TDM-EPIS resultswere comparedand errorswere found to be similar to

thosewith randominputs.

In TableV, we shav themodelingfor threetime slicesversugentime slicesfor random

inputs.We obsenethattentime slicesdo notenhancehe quality of estimatesThis shavs
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Table V. ESTIMATION WITH NON-RANDOM BIASED INPUTS using TDM-EPIS [Yuan and Druzdzel

2003](a) Low switching(b) Hi%h switching
@ (b)

Circuits Me maxe | % of nodes Circuits Me max: | % of nodes
> u+20 > U420

s27 0.026 | 0.062 0.00 s27 0.015 | 0.113 5.88
s208 | 0.009 | 0.173 7.38 s208 | 0.020 | 0.232 9.02
s382 0.001 | 0.116 7.14 s382 0.000 | 0.081 5.49
s444 0.007 | 0.091 4.39 s444 0.001 | 0.082 7.32
s526 | 0.002 | 0.122 5.53 s526 | 0.001 | 0.045 7.37
s713 | 0.012 | 0.102 6.26 s713 | 0.008 | 0.055 6.71
s820 0.002 | 0.055 4.87 s820 0.001 | 0.038 2.88
s953 | 0.009 | 0.157 7.27 s953 | 0.005 | 0.125 5.68
s1196 | 0.000 | 0.039 3.92 s1196 | 0.001 | 0.042 5.88
s1238 | 0.000 | 0.030 4.63 s1238 | 0.001 | 0.049 4.07
s1423 | 0.014 | 0.122 4.41 s1423 | 0.012 | 0.140 6.28
s5378 | 0.001 | 0.457 5.61 s5378 | 0.003 | 0.358 4.41

that third ordertemporalmodelsare good enoughfor our benchmarkswhich matches
with the obsenationsmadein [Tsui et al. 1995; Yuanet al. 1997]. For somespecific
circuits 50 randominput vectorswill leadto wrongstartingprobabilityvalues.Soin such
circuits maximumerrorwill keepon increasingor moretime slices. We needmorethan
50 randomvectorsto get a properstartingprobability values. s27 and s526 are perfect
examplefor suchcircuits. In TableV, noticethatMaxe is increasingor 10 time slicesof
s27ands526.

Notethatthe switchingmodelis extremelyrelevantof both staticanddynamiccompo-
nentof powerasshowvnin Eqg. 1. In this equation Pyg representshe dynamiccomponent
of power at the outputof a gateg. Theimpactof dataon dynamiccomponenbf poweris

encapsulateth a, theindividual switchingactiity. The staticcomponenbdf power Psg is
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TableV. Experimentakesultson switchingactvity estimationby DynamicBayesiametwork modelingfor IS-

CAS’'89 benchmarlsequentiatircuitsfor two differenttime slices.

Circuits 3 Timeslices 10Timeslices
Me Maxg Time(s) | e Maxg Time(s)

s27 0.015 0.068 | 0.047 0.018 | 0.078 | 0.172
s208 0.014 | 0.234 | 0.719 0.006 | 0.197 | 7.532
s298 0.015 | 0.169 | 1.422 0.010 | 0.170 | 13.87
s382 0.002 0.096 2.094 0.000 | 0.079 | 21.28
s444 0.003 | 0.083 | 2.734 0.005 | 0.062 | 26.30
s526 0.003 | 0.044 | 3.922 0.001 | 0.081 | 42.28

TableVI. Jointprobabilitiesbetweerspecificnodes.

s1238
202 201 640 639
610 01l L0 gl 0-10 G2l L10 La
0.0001 0.0008 0.0007 0.1556 | 0;_10; 0.6649 0.0964 0.1038 0.0204 || 0;_10;
0.0005 0.0003 0.0426 0.1965 | O_11: 0.0404 0.0033 0.0072 0.0011 | O_11
0.0004 0.0449 0.0001 0.1776|| 1_10 0.0462 0.0091 0.0031 0.0001 | 2110
0.0123 0.0544 0.0533 0.2599 || 1;-11 0.0033 0.0001 0.0002 0.0004 | 2;_11;

dominatedoy Peaxi, leakagdossin aleakagemodei. It hasto be notedthateachleakage
modeis determinedy the steadystatesignalsthateachtransistorin the gatewould bein.
For example,in atwo input (sayA andB) NAND gate the gatewould have four dominant
leakagemode(i=4: A@oB@o, A@oBa1, A@1Ba@o and AgiBa1). B is theprobabilityof each
modei andfor examplef1 = p(Aao, B@1) andis thejoint probabilityof multiple signalsin
agateandaredependenbntheinputdataprofile. Thesgoint probabilitiescanbecaptured
throughour modelasshovnin Table.VI.

Hencerun-timeleakagepoweris dependenon thejoint probabilitiesof the signalsthat
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are presentin a transisterstack. A combinationof steadystate00 at all the signalsthe

transistorstackproducedessleakagethan a steadystatell in all of them. Also dueto

gateleakagethe combination900 and 11 in two of the stacled signalsalso canproduce
considerableamountof total leakagecurrentat sub-100nm level technologiegSrivastaa
etal. 2004]. TableVI shows joint probability of a few nodesthatarefan-insto a single
gate.Notethatin s1238,signal201 and202 arefed to a transistorstack. The probability
thatboththe signalsremainatlogic 0 is 0.01%,while the probability thatboththe signals
remainat logic 1 is 26%. This resultsignifiesthat the worst casesubthresholdeakage
conditionis highly probable. The other prominentcondition for leakage(gateleakage
during subthresholdpccurswhen one signal (top of the stack) remainsat logic 1 and
the otheroneis at 0. In TableVI we seethat the probability of signal201 remainingat
logic 0 while signal202 remainingat logic 1 is 15.5%(considerablyhigh). Likewise we

canestimateprobabilitiesof all the dominantieakagemodethroughthejoint probabilities

extractedthroughour model.

Jointprobabilitiesareof importancein determiningthe upperboundof capacitve cou-
pling noiseor crosstalk.The worstcasecapacitve couplingnoiseoccurswhenthe neigh-
boring signalsswitchthe oppositeway. It meansrom 0 — 1 ononesignaland1 — 0 on
the other For examplein TableVI, considerthe neighboringsignals639 and640. The
probability that signal 639 switchesfrom 0 — 1 while signal640 switchesfrom 1 — 0 is
0.72%,andthe probability thatsignal639 switchesfrom 1 — 0 while signal640switches
from 0 — 1is 0.91%.Both of theseconditionsarefavorablefor placingthemtightly close
to eachother But the sameanalysisshow differentresultsin the neighboringsignals201
and202. The probability that signal201 switchesfrom 0 — 1 while signal202 switches
from 1 — 0is 4.26%,andtheprobabilitythatsignal201 switchesrom 1 — 0 while signal
202switchedrom 0 — 1is 4.49%.Both of theseconditionsareconsiderablyrobableand

more attentionneedsto be takenfor placingthesetwo neighbors.Lik ewise we canalso
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estimatethe relative probabilitiesof logic anddelayfaultsthroughthe joint probabilities

extractedthroughour model.

7. CONCLUSIONS

This paperintroducesa switching actiity estimationtool that encapsulatesll the de-
pendenciesin sequentiakircuits in reasonabléime and with high accuracies.We use
graphicalprobabilisticmodel(compactminimalanddependengpreservingpf thewhole
circuit asa singlejoint distribution function by a BayesianNetwork. This is to be noted
thattheBayesiarNetwork basedapproachunifiestheestimatiorof switchingprobabilities
of statenodesandalsothecircuit nodes We have shavn resultsof the estimatedwitching
activity for pseudo-randormputsaswell asfor biasedinputs. The modelhandleshigher
orderspatio-temporallependencielsetweerthe nodesunderzero-delayscenario Our fu-

ture effort will focuson studyingthe trade-of betweenvarioustime slices,corvergence
issuesandalsotherole andlengthof initial stateprobabilitieson corvergenceandaccu-
racy underrealisticdelaymodels.Oneapproacltthatis outlinedin [Manich andFigueras

1997]canbeusedto modelswitchingunderrealisticdelay
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