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A COMPLETE PROBABILISTIC FRAMEW ORK FOR LEARNING INPUT MODELS FOR
POWER AND CROSSTALK ESTIMATION IN VLSI CIRCUITS

Nirmal Munuswamy Ramalingam

ABSTRACT

Pawer disspiationis a growing concernin VLSI circuits. In this work we modelthe datadepen-
denceof power dissipationby learninganinput modelwhich we usefor estimationof both switching
actvity and crosstalkfor every nodein the circuit. We useBayesiannetworks to effectively model
the spatio-temporatiependence theinputsandwe usethe probabilisticgraphicalmodelto learnthe
structureof the dependengin the inputs. The learnedstructureis representate of the input model.
Sincewe learna causalmodel, we canusea larger numberof independenciegvhich guarantees
minimal structure.The Bayesiametwork is cornvertedinto a moralgraph,whichis thentriangulated.
Thejunctiontreeis formedwith its nodesrepresentinghe cliques.Thenwe uselogic samplingon the
junctiontreeandthe samplerequiredis really low. Experimentakesultswith ISCAS 85 benchmark
circuits shav that we have acheved a very high compactionratio with averageerror lessthan 2%.
As HSPICEwasusedthe resultsare the mostaccuratein termsof delay consideration.The results
canfurtherbe usedto predictthe crosstalkbetweentwo neighboringnodes. This predictionhelpsin

designingthecircuit to avoid theseproblems.



CHAPTER 1

INTRODUCTION

Moore’s Law which stateghatthe numberof transistorgerintegratedcircuit would doubleevery
coupleof yearshasbeenone of the driving forcesfor the developmentteamsto breakdown these
barriers. But the power consumechasnot reducedandis not predictedto reduceevenin the nano-
domain. Paver densityor power dissipatedoer unit areais increasingdueto the packingof millions
of transistoran a singlewafer (shavn in Fig. 1.1.). Now, becausef the increasen power density
costincreasedor highercooling andincreasedatteryweight, not to forget the reductionin system
reliability. Designersdhadto malke low power devicesto overcometheseproblems,andhe impetuson
low-power design,saw anincreasedattentionto power estimation. The total pover consumedy a

circuitis calledthe averagepower is givenby theformula,

Pavg = denamic+ Pshort+ I:)Iealage (1-1)

CMOScircuits consistof a pull-up andpull-donvn network, which have afinite input fall/risetime
larger than zero. During this shorttime interval, when both the pull-up and pull-dovn network are
conductinga currentic flows from supplyto ground,calledthe short-circuitcurrent,resultingin short
circuit power.

Staticleakaggpower dissipiationcanbeattributedto reversebiasdiodeleakagesub-thresholteak-
age,gateoxide tunneling,leakagedueto hot carrierinjection, Gate-Inducedrain Leakage(GIDL),
andchannelpunchthrough.Note that this type of power dissipationdependson the logic statesof a
circuit thanits switchingactvites.

Themostimportantis the dynamiccomponentvhich constitutesabout80% of the averagepower.
Thecurrentiy thatflows dueto thechaging anddischaging of theparisiticcapacitanceuringswitch-

ing causeshe power dissipationPyynamic
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Figurel.1.Powerdensityaspredictedn [26].

Having a gatelevel implementatiorof a taiget circuit, to estimatethe total power dissipationwe
cansumover all the gatesin the circuit the averagepower dissipationdue to capacitve switching
currentsthatis:

Pavg = 0.5fckVy S (Cn.Swih) (1.2)
n

where fyk is the clock frequeng, Vyq is the supplyvoltage,C,, andsw, arethe capacitancendthe
averageswitchingactvity of the gaten, respectrely. Fromthis equationwe canseethatthe average
switching actiity of every gatein the circuit is a key parametethat needsto estimatedaccurately
particulalryif oneneedghenode-by-nodg@ower asthevoltageandclock frequeng areknown to the
designers Switchingactvity is a measurdor the numberof gatesandtheir outputsthatchangetheir
bit-valueduringaclock cycle. Thetogglingbetweerlogic zeroandlogic one,capacitancegetchaged

anddischaged.

1.1 Power Estimation

Averagepower estimationtechniqueganbedividedinto threebroadcateyories,namelyestimation
by simulation,statisticalsimulationandprobabilistictechniquesisshavn in Fig. 1.2.

Simulationbasedpower analysisrequiresa setof simulationvectorsat the primary inputsof the
circuit to trigger the circuit actiities. To obtainthe power dissipationof the circuit, the switching

actvity informationis collectedand appliedto powver modelsafter simulation. Thesevectorshave



Average Power Estimation for Combinational Cicuits
(Logic Level)

Simulation - . .
Statistical Simulation

———Benini et al.’93 [27] Burch et al'93[3

T Kangetal'86[28] | _\aim et al 98[3s
Murugavel et al."02 [29]

Yacoub et al.’89 [30]

—Krodel '91 [31]

——Deng et al.’88 [32]

——Tjarnstrom '89 [33]

Probabilistic

4]—>Parker et al.”75 [36]
y}——Cirit et al.’87 [37]
——Bryant et al.’86 [38]
——Ercolini et al. [39]

———Chakravarti et al.’89 [40]

——Burch et al.’88 [41]
—Najm et al.’90 [42]
——Ghosh et al."92 [43]
——Stamoulis et al.’93 [44]
—Najm et al.’93 [45]
—Kapoor et al.’94 [46]
——Schneider et al."94 [47]

Marculescu et al.’94 [48]
———Schneider et al."96 [49]
——Ding et al.’98 [50]

Marculescu et al.’98 [21]
——Bhanja et al.’02 [1]

Figurel.2.Paver EstimationTechniques.



substantialmpacton the power valuesbecauséahe power dissipationreliesheavily on the switching
actvity. Eachvectorcausesomeenegy to be dissipatedandthe total power is the summatiorof the
enegy of eachvectoranddividing over the total simulationtime. Usually thesetechniquegprovide
sufiicientaccurag atthe expenseof large runningtimesasthesemethodsusea very large setof input
vectors.However the methodbecomesinrealisticto rely on whendoneon large circuits.

Statisticamethodsareusedn combinatiorwith simulationtechinquedn statisticakimulation[41],
[42] to determinethe stoppingcriterion. Thoughthesetechniquesreefficient in termsof thetime re-
quired,onehasto be carefulin modelingstatisticalpatternsat the inputsandcareshouldbe takento
notgettrappedn alocalminima.

In probabilistictechniquesheinput statistics(e.g.,switchingactiity of theinputs,signalcorrela-
tions, etc.) arefirst gatheredntermsof probabilitiesandthenthey arepropagatedThey arefastand
more adaptablebut involve an assumptioraboutjoint correlations.They provide suficient accurag
with alow computationabverheadput factorssuchasslew rates glitch generatiorandpropagatiorare
difficult to capture. Anotherchallengen the methodis the ability to accountfor internaldependencies

dueto recomvergentfanout of thetametcircuit.

1.2 Input Model

It is crucialthatthe vectorsusedin simulationrepresenthe typical conditionsat which the power
estimates sought.If thesimulationvectorsdonotcontaintheproperinstructionmix thepoweranalysis
resultwill beskewed. Regardles®f how thesimulationvectorsaregeneratedf we simulatethecircuit
with only severalvectorsthepower dissipatiorresultobtaineds nottruthful becaus¢hevectorlength
istooshort.Mostpartof thecircuitis probablynot exercisedenoughto obtainactualtogglingactvites.
Ontheotherhandwe cansimulatethe circuit for a very large numberof vectorsto obtainanaccurate
measureof the power dissipation. But is it necessaryastingcomputerresourcego simulatethat
mary vectors?How muchextra accurag canwe acheve by simulatinga million vectorsversusonly
athousandrectors?How do we know thatwe have simulatedenoughvectorlength?Whatis the cost
involved?

As saidin [5] thevectorcompactiorproblemreduceshegapbetweersimulative andnonsimulatre

approachesTheinputstatisticshatmustbe capturecandthelengthof theinputsequenceshichmust



be appliedaresomeof the issueghat mustbe takeninto consideration Generatinga minimal length
sequencé¢hatstaisfieghe above conditionsis notatrivial task. Sovectorcompactioris thetechnique
by which a smallersetof vectorsis derived from a larger setby a seriesof stepssuchthatthe smaller
derivedsetpreserestheoriginal statisticalpropertiesof thelargerinitial set.

Comingbackto thequestioronthelengthof thevectors simulationmethodsareaccuratéout sufer
costandmemoryoverheadwhich limit the size of the input vectorsetto hundredsor thousandof
vectors.But thisresultsin inaccurag in the power estimationprocessecausehe pover consumption
in digital circuitsis input patterndependanthatis dependingn theinput vectorsappliedto thetarget
circuit very differentpower estimatesnay be obtained.To obtainanaccuratgower estimate a setof
inputsthat resemblehe characteristicef the datafor typical applicationds required. Soto acheve
this goalthevectorsethasa sizeof millions of vectors.Vectorsof the sizeof hundredsor thousandsif
selectedandomlyfrom thelargevectorsetmaynotbeableto capturehetypicalbehaior andthusmay
leadto anunderestimatiomr overestimatiorof the power consumedy thecircuit. So our methodof
vectorcompactiorsolvesthe problemby compactinghe millions of vectorsinto a characteristiénput
setof a muchsmallerlength, yet statisticallyequivalentto the original larger vector thusprovding a
power estimatevery closeto the power estimatedy thelargersequence.

Switching model of a VLSI circuit is a comprehense representaiorof switching behaior of
all the signalsin the circuit. At eachsignalwe storethe stateat time t andthe stateattimet — 1.
The dependenc amongall the switchingvariablecanbe capturedasa joint Probability distribution
function. One might look into switching modelasa way to establishthe role of dataasinputsto
the circuits. In essencethe switchingmodelcaptureghe data-diven uncertaintyin VLSI circuitsin
a comprehense probabilisticframenvork. Needlesgo saythat, modelinginputsbecomean integral
partof the switchingmodel,eventhougha handfulof prior work in power or switchinganalysis has
modeledinputsefficiently. Evenanalysisthatarevectordriven (simulationandstatisticalsimulation)
have mostlybecomeassumedhput priorsasrandominputs. In thiswork, we take alook into modeling
inputsthrougha causalgraphicalprobabilisticapproachwhich modelsinput spacein a compactway.
Thisinputmodelthencanbefusedwith avectorlesgprobabilisticmodelor beusedto generatsamples

for statisticalor simulatve approacheby arandomwalk in the probabilsiticnetwork.



Notethatthe switchingmodelis extremelyrelevantof bothstaticanddynamiccomponenbf powver
asshovnin Eq.1.3.In Eq. 1.3, Py representshedynamiccomponenbf power atthe outputof agate
g. Theimpactof dataon dynamiccomponenf power is encasulatedh a, the singletonswitching
actvity. Thestaticcomponenbf power Psgis dominatedoy Peaki, leakagdossin aleakagemodei. It
hasto be notedthateachleakagemodeis determinedy the steadystatesignalsthateachtransistorin
the gatewould bein. For example,in atwo input(sayA andB) NAND gate,the gatewould have four
dominantleakagemode(i=4: A@oBao, AeoBa1, A@1Bao and AgiBg1). B is the probability of each
modei. Probabilisticallyboth a and aresingletonprobability of switchingandjoint probability of
multiple signalsin agaterespectrely andaredependentntheinputdataprofile. Theswitchingmodel
is affectedby variousfactorssuchasthe topology of the circuit, the input statistics,the correlation
betweennodes,the gatetype, and the gate delays, thus making the estimationprocessa comple

procedure.

R = ZQPtg = Pdg+P59
= 0.50fV2Cioadrwire + 3i Pleaki Bi

(1.3)

In this work, we focus on modelingthe inputs and generatea probabilisticstructureamongthe
inputsthat canbe usedto studythe behaiors of internalnodes.Eventhoughestimationof singleton
switchinghasbeendiscussedn greatdepthandmary of the proceduresreinput driven (simulative
andstatisticalsimulative), inputsarestudiedin alimited setof works[2, 3, 57].

Eqg. 1.4 demonstratethe effect of input model. Let X; be an intermediatesignalwhich could be
singletorswitchingvariablerepresentingwitchingstateq0; 10,011,110, and1;_11;), of asignal
or X; could be compositesignals(A,B) in a transistorstackand can have compositestatesnamely
A=0_10, B=0_10;. In estimatingX;, asshavn in Eq. 1.4, we have two componentsnhamelythe
setP(Xi|{l;}), {lj} denotingthe primaryinputsof the circuits, wherej is thejth inputandP({l;}) a
prior probability of thetheinput space.Thefirst componentanbeanalysedyy probabilisticmeasure
consideringjoint pdf of theentiresignalsthrougha probabilisticiramevork asin [43, 21, 1] or canbe
measured28, 20] for specificinputpatternsTheseconccomponen®P({l;}) however, isimportantfor
both stimulus-sensitie approachtandstimulus-freeapproactwherewe needto modelthe dependenc

structureof the inputsandtheneitheruseit in the joint pdf of the signalsfor probabilisticmethodsor



useit to generateepresentate specificinputsamplegor measurement-basedtimatesThethemeof

thiswork is to obtaincorrectpriorsin theinputspaceP({l; }) andthento generatesampleshatclosely
emulatethe behaior of theinput spaceor to fusethe prior onto anexisting probabilisticset-up.Note
that, we do not concentrat@n compactionput our claimis thatthe samplesaresocloseto the actual
distribution thatthe samplerequirementsarereally low anda high compactiorratio is automatically

achieved.

P(X%i) = PCG[{111)-P({1;}) (1.4)

Note thatinput modelingis not a simpletaskandcanbe usefulin otherareadike testvectorand
patterngenerationThiswork is aneffort to learna causaktructuren theinputdata.Causaktructures
arecommonto obtainfor real-life dataandhave beenprovensuccessfuin modelingcomplex data-sets
like gene-matchingndspeectprocessingA causamodelcanencapsulatevo additionalindependen-
cies(induceddependencamongthecauseof acommonchild, andweaklytransitve dependeng over
andabove their undirectedMarkov modelsthatmakesit speciallyattractve in reducingthe structure.
To our knowledge,this is the first modelwherecausalityin the datais utilized in learninga structure
for aninputmodelin VLSI.

We usedependencanalysisin inputsto arrive at a BayesiarNetwork which involvesthreesteps,
drafting, thickeningandthinning asdonein [16]. In thefirst stepmutualinformationbetweenpairs
of nodesis calculatedand an approximategraph basedon the informationis created. In the next
steparcsareaddedwhenthe pairsof nodesare not conditionallyindependenbn a ceratincondition
set. If the modelis DAG faithful, the graphobtainedhereis an I-map of the model. In the last step
eacharcaddedis checled usingconditionalindependenceestsandwill be removedif the nodesare
conditionallyindependentThefinal resultis a P-mapof the underlyingmodel.

Bayesiannetworks aredirectedacgyclic graph(DAG) representationehosenodesrepresentan-
dom variablesandthe links denotedirect dependenciesyhich are quantifiedby conditional prob-
abilities of a nodegiven the statesof its parents. This DAG structureessentiallymodelsthe joint
probability function over the setof randomvariablesunderconsiderationin a compactmanner The

attractve featureof this graphicakepresentationf thejoint probabilityfunctionis thatnotonly doesit



make conditionaldependengcrelationshipamongthenodesexplicit but alsosernesasacomputational
mechanisnior efficient probabilisticwalk generatingsamples.

ProbabilisticLogic Samplingis doneinsidethe cliquesof thejunctiontreeto obtainthe necessary
samples. The stepsinvolved in formationthe juction treeis the creationof a moral graph,andthe
procesds calledcompilation,thenthe moralgraphis triangulated.The clique setis identifiedandthe
junctiontreeof cliquesis formed. Givena Bayesiametwork, a moral graphis obtainedoy 'marrying
parents’ thatis addingundirectededgedetweerthe parentof acommonchild node.Beforethis step,
all thedirectionsin the DAG areremoved. The moralgraphis saidto be triangulatedf it is chordal.
TheundirectedgraphG is calledchordalor triangulatedf every on of its cyclesof lengthgreaterthan
or equalto 4 posessea chord[9], thatis we add additionallinks to the moral graph,so that cycles
longerthan 3 nodesare broken into cyclesof threenodes. The juntion treeis definedasa treewith
nodesrepresentingliques(collectionof completelyconnectedhodes)andbetweertwo cliquesin the
treeT thereis auniquepath.Probabilistid_ogic Samplingis amethodproposedy Henrion[56] which
employs astochastisimulationapproacho make probabilisticinferencesn large multiply connected
networks. If we representt Bayesiametwork by a sampleof m deterministicscenarios=1,2,.....m
andLg(x) is thetruth of eventx in scenarics, thenuncertaintyaboutx canbe representedby a logic

sample.

1.3 CrosstalkEstimation

An evaluationnodeis a circuit nodethatforms a connectiorbetweenchannelconnecteccompo-
nentsin the design.Noisecanbe definedasarnything that causeghe voltageof anevaluationnodeto
deviate from the nominalsupplyor groundrails whenit shouldnormally have a stablehigh or low as
determinedy thelogic of the circuit in considerationThe noisesourceghatareof interestto digital
designareleakagenoise,chage-sharingioise,power supplynoiseandcrosstalknoise.

Leakageis dueto the off currentof FETs, andis largely dueto the subthresholdurrentandis
directly determinedby the thresholdvoltage and temperature.Whereaspower supply noiseis the
noise appearingon the supply and ground nets and coupledonto evaluation nodesthrougha FET
conductionpath. Chage sharingnoiseis causedueto the chage redistrilution betweerthe dynamic

evaluationnodeand internal nodesof the circuit. Crosstalknoiseis the voltageinducedon a node
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dueto capacitve couplingto a switchingnode of anothernet. It canalsobe saidasthe capacitve
andinductive interferencecausedy the nodevoltagedevelopedon signallineswhenthe nearbylines
changestate.lt is afunctionof the separatiorbetweersignallines,thelineardistancethatsignallines
runparallelwith eachother In today5slogic devicesthefasteredgerategreatlyincreaseshepossibility
of couplingor crosstalkbetweenthe signals. Crosstalkis oneof the issuesthat hamperdesignerso
acheve higherspeedsandsoit mustbereducedo levelswhereno extratime is requiredfor thesignal
to stabilize. The importanceto estimatecrosstalkcanbe further understoodaswe discussthe faults

thatit maybeinducedbetweertwo coupledinterconnectsnamelytheaggressoandthevictim.

1. DelayFault
It occurswhensignalsof thetwo coupledinterconnectionsindego oppositeswings. This fault
affectsthe gatedelaywhichinturn canchangehecritical pathdelayandcauseglitches.

2. Logic Fault

Herea logic error occurswhenthe voltageinducedin the victim interconnecty the aggres-
sor interconnecis greaterthana threshold. This causeghe circuit malfunctionwhenthe risk

toleranceboundis exceeded.

3. Noise-inducedRaceFailures



Theracefailuresareaconsequencef thedelayfault. Thechangen thedelaycauses hold-time

violation,commonlynoticedin pipelinedcircuits.

In asimplifiedmodelasshavn in Fig. 1.3.,couplingcanbe consideredetweerthetwo linesasa
capacitve voltagedivider. Higherintegrationcausesargermutualcapacitanc€,, andsmallerintrinsic
capacitanc&; of a line, both worseningcrosstalk. The sameis valid for the inductive couplingas
the mutualinductancel, grows significantly in denserstructures. Taking the outputresistance®
andthe input capacitancesf the receving circuitsinto accountthe model shawvs a crosstalkvoltage

propotionalto the couplingwire length.

1.4 Contribution of the Thesis

The contrikution of this work is two-fold. First, we arrive at a probabilisticgraphicalmodelin
the inputsthatis (i) edge-minimal(ii) exactin termsof dependencand (iii) easyto learn. Second,
it is eleggantasa modelandalsoasa sourceof generatingsamplesfrom this graphicalprobabilistic
structurethat closelyresemblehe dependencin theinputsanda few samplecornvergesto themean
of theunderlyingdistribution. Thus,this input-modelcanbe of dualpurpose(i) It canbefusedwith a
graph-basegrobabilisticsetup for thecircuit dependengc[1] andmake thewhole estimationprocess
stimulus-freeand(ii) canbeusedo generatsamplesghatcloselymatchtheoriginaldependencmodel
in inputsfor statisticalsimulationandsimulationbasedestimation.

The salientfeaturesof the proposedBayesianNetwork (BN) learning model for inputs are as

follows.
1. It geneatesan edge-minimal structue that modelsdependencyxactly under a causaldata
ervironment

2. Thecomputationsare easyand learning algorithmsare O(N?) to O(N%) in termsof numberof

inputs

3. Thedependencynodelof the inputscan be fusedwith grphical structue of theinternal circuit

makingthe estimationstimulus-feeandinsensitiveo measuements

10



4. The dependencynodelcan be probabilistically eficiently sampledsud that samplesclosely
emulatehedependencieis theinputsfor statisticalsimulationandsimulationbasedestimation

process.

5. The performancethat is seenthe ISCAScircuits geneatesa maximumerror of 1.8% with a

compessiorratio up to 300.

11



CHAPTER 2

RELATED WORK

2.1 Vector Compaction

The pioneeringwork in this field doneby MarculescLet. al, [2]-[7], have approachedhe problem
first usinga StochasticSequenciaMachineandlaterby usingMarkov Networks.

In [3] theapproacho tacklethis problemwasbasedn the stochasticsequentiamachines(SSMs)
theoryandemphasisvason thoseaspectselatedto Moore-typemachinesFinite Automataaremath-
ematicalmodelsfor varioussystemswith a finite numberof states. Thesemodelsacceptparticular
inputs, at discretetime intervals and emit outputsaccordingly The automatas consideredo shav
stochaticbehaior asthe currentstateof the machineandthe input given determineaccordinglythe
next stateandthe outputof the automaton Herethe authorssynthesizdirst a stochastianachinethat
is probabilisticallyequvalentto theinitial sequenceThen,by applyingrandomlygeneratednputsto
the stochastianachine a randomwalk throughthe statesf the transitiongraphis doneanda shorter
sequncas generated.The ideaproposedn this paperis thatthe automatorwhenin statex; andre-
ceving inputn, canmove into a new statex; with a positive probability p(x;,n). The basictaskis of
synthesizingan SSMwhich is capableof generatingconstrainednput sequenceanduseit in powver
estimation. The methodproposedor power estimationof a target circuit for a given input vectorse-
qguenceof lengthLg is to derive a probabilisticmodelbasedon SSMsandgenerate shortersequence
L, whichis usedto calculatethe power of thetargetcircuit.

The methodusedin [3] hassomelimitations asthe authorsuseprobabilisticautomataheoryto
synthesisestochastiomachineswherethe compactiontechniquebecomesa multi-stepprocess. An
initial passhroughthesequenceés performedirst to extractthe statisticsneededandthenthestochas-
tic machines synthesiseto generateéhe nev compactedgequenceThis methodbearsahugeloadon

computemmemoryandtime especiallywhenvectorsequencearevery large. Also, somedistributions

12
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of thetransitionprobabilitiestendto leantowardsa smallnumberof degeneratamatrices,in contrast
to the otherswhich take muchlongerdecompositionsSincethevaluesin theinitial matrixthemseles
areimportantin thedecompositioprocessthedecompositiompartof thematrixbecomesnimportant
stepasfar astherunningtime is concernedHere, thereforeoneshouldallow limited precisionin the
calculationgo simplify the decompositiorprocess.Thesedisadwantagesaretakeninto consideration
in [4]-[7], with the useof DMC modeling. Hereto estimatethe power consumptiorof a targetcircuit
for agiveninputsequencé1(Fig. 2.2.a),aMarkov modelof theinputsequences first dervedthrough
one-passraversaltechniqueandthen,with the help of this compactepresentatioa smallersequence
L, equialentto L1 is generatedwhich is usedin power simulatorsto determinethe pover consump-
tion of the circuit,(Fig. 2.2.b). After having the initial sequencdéossycompressiommethodis usedto
generatghe compactedsequenceThe foundationof the approacthereis dependenbn the adaptve
modelingof the binaryinput streamsasfirst-orderMarkov sourcesf information.

In [6], anothemmethodcalledthe hierarchicalMarkov modelingis introduced. Thoughthe foun-
dation of the approachis probabilisticand relies on adaptve modeling of binary input streamsas
first-orderMarkov sourcesof information, hierarchicalMarkov modelsareusedto structurethe input

spacento a hierarchyof micro andmacrostates.Thefirst(high)level in the hierarchyarethe Markov
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Figure2.2. DataCompactiorfor Pover Estimation.

chainof macrostatesnd at the the second(la) level, eachmacrostatds in turn characterizedy a
Markov chainfor all its constituentmicrostates. After the hierarchyfor an input sequences con-
structed startingwith somemacrostatea compactiornprocedurewith the needeccompactiorratio is
appliedto compactthe setof microstatewithin thatmacrostate Thenthe control returnsto a higher
lever hierarchyand basedon the conditionalprobabilitiesthat characterizéhe Markov chainat this
level, annew macrostatés enteredandthe processs repeatedin [2] two differenttechniquesrepro-
posedto accomodatéemporalcompatability The first methoddiscardshe temporalincompatibility
betweerthe pairsof consecutie vectors. The next methodadressethis problemby makingsurethe
consecutiely generatedectorsaretemporallycompatible by proposinga greedymechanism.

The compactiontechniqueusedin [8] is basedon fractal concepts.The corrrelationin the input
vectorsis exploited andthe algorithmdividesthe larger vectorsetinto smallerfractal subsets.Then
the fractal subsetshat are similiar to a particularsubsetare removed from the original vector set,
and thus obtaininga compactedvector set. The authorsin [12] categorize the input patternpairs
into several groupsaccordingto their power characteristicsThenthe shortersequencés obtainedby
consecutie sampling.In the methodproposedn [14], a setof testvectorsis generatedisingary test
generatioralgorithm. ThenthecompactiorprocedureCOMPACT is used andthetestsobtainecdhere,
arecomparedo the othertestswhich aregenerategreviously. If the setgeneratedy COMPACT is
compatablewith the otherteststhenthe latter setis replacedoy the commonvectors. Threedynamic

testvectorcompactionrmethodsare specifiedherein [15] for a reducedestsequencegeneration.in
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all the methodgthe sequencgeneratedrom an Automatic TestPatternGenerator(APG) for a single
fault, is assignedspecificvaluesfor unspecifiedorimary inputs. In the first methodcalled the Best
RandomFill, all theunspecifiedorimaryinputsaregivenfinite numberof randomnumbersandeach
onesimulatedto determinewhich detectghe mostnumberof faults. The next methodcalledthe Best
RandomFill 2 hasslight modificationsof the previous algorithm. Hereeachfault is given a weight,
the harderonegettingthe highest,andthefill which getsthe highestnumberof harderto-find faults
is selected.This algorithmis mademore effective by not producingsimilar randomfills. The next
methodknown asthe WeightedDeterministicFill, givesdeterministiovaluesto theunspecifiednputs.
First the numberof stuck-at-Oand stuck-at-1faults propogateds found. Thenthe gatewith highest

numberof faultspassedo it is foundandits inputsareassignedy backtrackingo primaryinputs.

2.2 CrosstalkEstimation

In [24] the authorsaim to find the setof interconnectiorpairswhich will not posecrosstalkprob-
lemsduring normal operationof the circuit. They statethat the effect of the environmentuponary
taget circuit, more specificallyon its layout thatit is designedo work, and underconditonswhich
areassumedo be known to thedesignercanbe modeledby capturingtheinput patterndependencies.
Takinginto accountthis type of modelingcanresultin a muchsimplercircuit thanwhenit designed
discardingheinputpatterncorrelationsln [25] thenecessityo considen-chipsimultaneouswitch-
ing noise(SSN)is dealtwith, particularlywhendeterminingthe propagatiordelay of a CMOS logic
gatein ahigh speedsynchronousCMOSICs. Thepaperpresentanalyticalexpressionsvhich charac-
terizeon-chipSSNandalsothe effect of SSNon the propagatiordelayandoutputvoltageof alogic
gate.In [51] theauthorsextractthe electricalparameter$or a basesetof adjacentwire configuration.
This stepis doneonly oncedependenbn the the technologythenthe geometryof the completechip
routing spacess extracted. The adjaceng lengthsbetweenthe chosenvictim andits agressorgon-
sideringthe wire widths and spacingds calculated.Thenthe effective ouputresistanceifluencing
the signalslopesandthe amountof couplednoiseis determinedFinally the switchingtimesof victim
andagressotines from the chip’s timing reportis readandall timing-uncriticalwire adjacenciesire
disregarded. A comprehense methodolgyfor understandingnd analyzingthe noiseimmunity of

digital integratedcircuitsis presentedn [52]. A noiseclassificatiorbasedn noiselevel relative to the
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supplyandgroundrailsis introduced.A noisestability metricasa practicalformal basisfor ensuring
noiseimmunity is described.A staticnoiseanlaysisapproachis also explained,which canbe used
asa techniquefor identifying all possibleon-chip functionalfailureswithout full patterndependent
dynamicalsimulation. The Harmorty is thenusedto combinestatictiming analysisandreducedorder

modellingwith transistotlevel analysis.
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CHAPTER 3

LEARNING BAYESIAN NETWORKS

3.1 BayesianNetworks

BayesiarNetwork is agraphicalprobabilisticmodelbasedntheminimal graphicalrepresentation
of the underlyingjoint probability function. It canbe definedasa directedagyclic graph(DAG) with
a probability table for eachnodeandthe nodesin the network representhe propositional(ranoim)
variablesin the domainandthe arcsbetweerthe nodesrepresenthe dependengcrelationshipamong
thevariables.Beforedelvingdeepinto the definitionlet usdiscusssomebasicconcepts.

Definition: Let E andF beeventssuchthatP(F) # 0. Thenthe conditionalprobability of E given

F, is givenby
P(ENF)

p(F) (3.1)

P(E |F) =

Bayes’ Theorem : The Bayestheoremdevolepedby ThomasBayesin 1763 forms the basisof

BayesianNetworks.

Definition: Giventwo eventsk anfF suchthatP(E) # 0 andP(F) # 0, then

P(E | F)P(E)

|
PE (3.2)

P(E|F) =

Proof. we useEg. 3.1to derive the Bayestheorem.

PE|F)= P(PE(E)F) andsimilarly we canwrite,

P(F | E) =205

Multiplying theseequalitiesby thedenominatgrwe get,
P(E|F)P(F) =P(F | E)P(E) asP(ENF) =P(FNE), so
P(E|F)P(E
P(E|F) =G E.
Somebasicdefinitionsrelatedto Bayesiametworks areasgivennext:
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Figure3.1.Examplefor aDAG.

Definition 1 : A directedgraph G denotedas (V,E), whereV is a finite, non-emptysetwhose
elementsarecalledverticesor nodesandE is asetof orderedpairsof distinctelementof V. Elements
of E arealsocalledthe edgesor arcs. If (x,y)€E, we cansaythatthereis a directededgefrom x to y
andthatx andy areincidentto theedge.lIt is denotedby anarrov from x toy , andwe cansaythatx
andy areincidentto theedge.

x andy aresaidto be adjacentor neighborsf thereis anedgefrom x to y or fromy to x. If the
startof thearraw is atx andthe endpointaty, thenx is calledthe parentof y andy is calledthe child
of x. Similarly x is calledtheancestoof y andy the descenderf x. The setof edgesconnectinghe
nodesx andy is calledthe pathfrom x to y.

A directedcycleis a pathfrom a nodeto itself. A simplepathis onewith no subpathavhich are
directedcycles.

Definition 2: A directedgraphthatcontainsno directedloopsor cyclesis calledadirectedacyclic
graph(DAG).

An exampleof a DirectedAcyclic Graph(DAG) is shavn in Fig. 3.1.

Definition 3: Let U be a finite setof discretevalue variables. Let P(.) be a joint probability
functionover thevariablesin U, andlet X,Y,Z beary threesubset®f variablesn U. X andY aresaid
to beconditionallyindependengivenZ if P(x|y,z) = P(x| 2),i fP(y,z) > 0. Conditionalindependence
meanghatknowledgeof Z makesX andY independentf eachother

Definition 4: A DAG G is a dependencynap (D-map)of a dependencmodelM, if every inde-

pendenceelationshipderivedfrom M canbeexpressedn G.
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Definition 5: A DAG G is anindependencenap (I-map) of a dependenc model M, if every
independenceelationshipderivedfrom G correspondso avalid conditionalindependenceelationship
in M.

Definition 6: A DAG G is aminimall-map of a dependencmodelM if it is anl-mapof M and
deletionof ary of its edgedrom G destrys theindependenceelationof M.

Definition 7: A DAG G is bothaD-mapandanl-mapof thedependencmodelM, if it is aperfect
map(P-map)of M.

Definition 8: A DAG G is called a BayesianNetwork of a probability function P on a set of
variablesU, if Gisaminimal l-mapof P.

Also a Bayesiametwork is a directedagyclic graph(DAG) representationf the conditionalfac-

toring of ajoint probability distribution. Any probability functionP(xy, - - -, X,) canbewritten as'

P(Xt,-,Xn) = P(Xn|Xn—1,Xn=2, "+, X1)P(Xn—1[Xn—2, Xn—3, -, X1) - - - P(Xa) (3.3)

This expressiorholdsfor any orderingof therandomvariables.The representatioandinfernceusing
this equationbecomesvery tediouswhenn becomesvery large. In mostapplications,a variableis
usuallynot dependenbn all othervariables. Therearelots of conditionalindependencieesmbedded
amongthe randomvariables. The abore equationdoesnot considertheseindependeciedhut these

dependenciesanbe usedto reordertherandomvariablesandto simplify the conditionalprobabilities.

P(X1,---,Xn) = MNyP(x|Pa(Xy)) (3.4)

wherePa(X,) arethe parentsof the variablex,, representingts direct causes.This factoringof the
joint probability function canbe represente@sa directedagyclic graph(DAG), with nodes(V) rep-
resentinghe randomvariablesanddirectedlinks (E) from the parentgo the children,denotingdirect
dependencies.

Definition 9: A Bayesiametwork G of adistribution P determines setof independenceelations.
Theseindependenceelationsin turn may entail others,in the sensehatevery probability distribution

having independenceelationswill alsohave furtherindependenceelationsasexplainedin [18]. In

IProbabilityof theeventX; = x; will bedenotedsimply by P(x;) or by P(X; = x).
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otherwordsG of the distribution P may not representll the conditionalindependenceelationsof P.

But, whenG canactuallyrepresenall the conditionalindependenceelationsof P, thenP andG are

faithful to eachother In [10], G is calleda perfectmapof P andP is calledthe DAG-Isomorphof G.
Definition : A dependencmodelM is saidto be causalor a DAG isomorphif thereis a DAG D

thatis a perfectmapof M relative to d-separationi.e.,

1(X,Z,Y)m << X|Z]Y >p (3.5)

Theorem : A necessarycondition for a depndeng model M to be a DAG isomorphis that

[(X,Z,Y)u satisfieghefollowing independenaxioms.

Symmetry
1(X,Z,Y) < 1(Y,Z,X) (3.6)
Composition/Decompositian
1(X,Z,Y UW) <> I(X,Z,Y)&I(X,Z,W) (3.7)
Intersection:
[(X,ZUW,Y)&I(X,ZUY,W) = I (X,Z,Y UW) (3.8)
Weakunion:
1(X,Z,YUW) = |(X,ZUW,Y) (3.9)
Contraction:
(X, ZUY,W)&I(X,Z,Y) = 1(X,Z,Y UW) (3.10)
WeakTransitivity :
1(X,Z,Y)&I(X,ZUy,Y) = (X, Z,y)orl (y,Z,Y) (3.11)
Chomrality :
(o, yUd,B)&l(y,aUB,8) = I(at,, B)orl (ar, 3, B) (3.12)
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Why BayesianNetworks?
1. BayesNetworksprovide a naturalrepresentatiofor conditionalindependence.

2. Topology andthe Conditionalprobability tablesprovide a compactrepresentatiomf the joint

distribution.

3. Bayesiametworksaregenerallyeasyto construct. An equivalentrepresentationamelyMarkov
networks aretediousto constructandmoreoser they areundirectionalandinferencingbecomes

moretime andmemoryconsuming.

4. Inferencein Bayesnetworksis easier for examplepolytreeinferencingis an NP hardproblem

ongeneralgraphs.

5. Learningof Bayesiametworks provide a compactrepresentatioof the data.Having thisrepre-

sentatiorof thedata,inferencingis easierandfaster

3.2 Learning

In a Bayesiannetwork, the graph, called the Directed Acyclic Graph(DAG), is the structureof
the BayesianNetwork, andthe conditionalprobability distribution is calledthe parameter Both the
parameteandthe structurecanbe seperatelyearnedfrom the data. While learningthe parameterwe
assumehatwe know the structureof the DAG, but in structurelearningwe startwith only a setof
randomvariableswith unknawvn relative frequeng distribution. Learningstructurecanalsobe done
with missingdataitems,andhiddenvariablesandalsoin the caseof continuousrariablesasdiscussed
in [11]. Therearetwo majormethodgo Bayesiametwork learning,namelysearchandscoringmethod
anddependencanalysismethodsln this experimentwe areusingthe dependencanalysismethodto
learnthe bayesiametwork structurefrom data. Theinput to learnthe Bayesiametwork is a database
table. Eachnodein the network is a representate of the fieldsin the database Eachrecordin the
givendatabasés a completeinstantiationof the randomvariables.We assumehatthe databas¢able
hasdiscretevaluesandthe datasetis completewith no missingvalues.Also, thevolumeof thedataset
shouldbe large enoughso thatreliable Cl testscould be performed.In dependencanalysismethod,

conditionalindependencelay an importantrole, and by using the conceptof direction dependent
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Figure3.2. Examplefor d-separation.

separatioror d-separatiorfPearl,1988),all theindependenceelationsof the Bayesiametwork canbe
computed.

Definition: ForaDAG G = (V,E), whereX,Y € V andX # Y, andC C V\ X,Y, we saythatX
andY ared-seperategivenC in G if andonly if thereexists no adjaceng pathP betweenX andY,
suchthat:

(i) every corverging arrav onPis in C or hasadescenderin C and

(ii) noothernodeson pathPisin C. Cis calledthe cut-set.If X andY arenotd-seperategiven
C,we saythatX andY ared-connectedjivenC.

In moresimpleterms,we canexplain d-separationvith theanexampleasshawvn in Fig. 3.2..

A simpleexplanationis givenas,two nodesared-separatediventhethird if all actve pathsfrom
thefirst nodeto the seconchodeareblocked giventhethird. It canalsobe explainedas,if knowledge
aboutthe first nodegives no extra informationaboutthe secondoncethe third nodeis knowvn. That
is, oncewe know aboutthe third node thefirst nodeaddsnothingto whatwe alreadyknow aboutthe

seconchode.
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In the exampe,Fig. 3.2. Z is d-separatedrom B, givenY asall pathsfrom X to Y areblocked
givenZ. Also Z is notd-separatedr it is d-connectedrom B givenC asall pathsbetweerZ andB are
notblocked asthereexistsa paththroughy.

If two nodesare dependentthenthe knowledgeof the value of one nodewill give us somein-
formation of the value of the othernode. This information gain can be measuredy using mutual
information. Thereforetheknowledgeof mutualinformationcantell usaboutthe dependencrelation

betweerntwo nodes.The mutualinformationof two nodesX;,X; is expresseas:

P(Xivxj)
(X, X;) = P(x,Xj)log———"— (3.13)
( J) xi’zxj ( J) P(X|)P(XJ)
andthe conditionalmutualinformationis definedas
P(%,X | €)
1(%,X] |C) =¥ P(x,x;,c)log (3.14)
110 = 2 P 0l09 5T op i [0

whereC is a setof nodes.Whenl (X, X;) is smallerthana certainthresholde, we saythat X, X;
aremauginally independentWhenl (X, X; | C) is smallerthane, we saythatX;, X; areconditionally

independengivenC.

3.3 Algorithm for Learning BayesianNetwork Given Node Ordering

The algorithmis the work of Cheng et.al [16] which constructsa Bayesiannetwork basedon
dependengc analysisfrom a databaseable asinput. A similar work is the Chow-Liu algorithmas
explainedin [10].

Therearethreestepsthatthealgorithmperforms namelydrafting, thickeningandthinning. In the
first stepa draftis createdbasedon the mututalinformationof eachpair of nodes.In the secondstep
known asthickening, arcsare addedwhenthe pair of nodesare not conditionallyindependenbased
on a certainconditionset. We getan I-map at the endof this stepwhich is of the underlyingdepen-
deny modelgivenit is DAG faithful. In thelaststepthe arcsaddedin the previous steparechecled
using conditionalindependencéestsandthe arc will be removedif ary two nodesare condtionally

independentSoattheendof thethird stepwe geta perfectmapof the modelwhenit is DAG faithful.

23



3.3.1 Stepl:Drafting

We initiate agraphG(V, E), whereV hasall the attributesof a datasetandE is anemptyset. We
alsoinititate an emptylist L. For (vi,v; € V andi # j, for eachpair of nodes(v;,v;), we compute
mutualinformationusingequation3.13. Thenwe sortthe pairsof nodesin ascendingrderthathave
mutualinformationgreaterthana certainsmallvaluee andareputinto thelist L. The pointerp points
to thefirst pair of nodesin L. Thenthefirst pair of nodesis removedfrom L andthe arcsareaddedto
E, andthe directionof the arcdepend®n the nodeordering. The pointeris movedto the next pair of
nodes.We getthe pair of nodespointerby L, andif thereis no openpath, the correspondingrcis
addedo E, andthe pairof nodeds removedfrom L. Thesestepsarerepeatedill thewe coverall pairs
of nodes.Thereasonto sortthe mutualinformationin ascendingrderis heuristic,which stateshat
highermutualinformationrepresents directconnectiorthana lower one. It hasbeenproven correct
if the underlyinggraphis a singly connectedyraph.A flow chartrepresentatioof the stepsis shavn
below.

This steptries to find a draft which is more like the final model as much as possibleby only
using pairwisemutualinformationtestswithout involving conditionalindependencéests. The result
obtainedat the end of the stepcanbe arnything from an empty graphto a completegraphwithout
affectingthefinal graphattheendof all thestepsof thealgorithm. Thedraftlearningprocedureeomes
to a stopwhenevery pairwisedependengcis expressedy anopenpathin thedraft.

The working mechanisntanebe graphicallyillustratedby the following simple multi-connected
network borrovedfrom [18].

For eachpair of nodeswe getthemutualinformation,asexplainedbefore.In theexample suppose
we have | (B,D) > I(C,E) > I(B,E) > I(A,B) > I(B,C) > I(C,D) > I(D,E) > I(A,D) > | (AE) >
[ (A,C), andthesepairshave mutualinformationgreatetthane. Now thelist L containd{B,D}, {C,E},
{B,E}, {A,B}, {B,C}, {C,D}, {D,E}, {AD}, {A,E}, {A,C}]. Next we geta pair of nodesiteratively
from thelist L, andconnectthetwo nodesby anarc,andremove the pair from thelist L, if thereis no
previously existing openpathbetweerthem.In this example thelist L equald{C,D}, {D,E}, {A,D},
{A,E}, {A,C}] atthe endof the phaseasthesepairs of nodesare not directly connectedn the first
phasebut they do have the mutualinformationgreaterthane. The graphgeneratedat the endof this

stepis shavn in Fig. 3.4.(b).
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(a) (b)

(c) (d)

Figure3.4.Working Mechanism.

This stepof the procesdriesto modelthe graphascloseto thefinal modelaspossibleusingonly
pairwise mutualinformationtests thatis no conditionalindependenceestsareinvolved. Thoughthe
graphobtainedrom herecanbearywherefrom anemptygraphto the exactfinal result,the efficiency
is improvedif thegraphis closeto the final model. Whensearchinghe draft, we try to minimize the
numberof missingor wrongly addedarcs. A stop conditionis usedto minimisetheseerrors. This
drafting stependswhenevery pairwise dependengis expressediy an openpathin the draft. This
stepis essentiallythe Chow-Liu algorithmandit guarenteethe constructedhetwork is the sameasthe
final one. Thereforethis algorithmcanbe viewd asa specialcasefor the Bayesiametworksthathave

treestructures.

3.3.2 Step2:Thickening

Thestepshereareagaineasilyexplainedwith the help of anotherflow chart.

In this stepCl testsandd-separatiomnalysisareusedto find outif the pair of nodesthatwereleft
outin stepl becausehey alreadyhadsomeopenpaths shouldbeconnectear not. We cannotbe sure
if the connectionis really neededput we canknow thatno arcswill be missedat the endof this step

aswe useonly oneCl testto make a desicion.Theprocedurdind-cut-setriesto geta cut-setthatcan
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d-seperatéhetwo nodesandthisis donefor every pair of nodes.Thenit usesa Cl testto seeif thetwo
nodesareindependentonditionalon the cut-set. The arcis addedif the nodesare not conditionally
independentSomearcscanbe wrongly added becausesomeneededarcsmay be missingandthey
hinderfinding a propercut-set.

The graphafterthe secondstepis shavn in Fig. 3.4.(c). Arc (D,E) is addedbecausé® andE are
notindependengiven B, whichis the smallestcut-setbetweerD andE. Also, arc (A,C) is notadded
becausehe conditionalindependenceestsshav thatA andC areindependengiven B. Similarly, for
thesamereasonsve donotaddarcs(A,D), (C,D), (A,E). Fromthegrpahwe canalsoseethatafterthis

stpethe graphobtaineds anl-map of theunderlyingmodel.

3.3.3 Step3: Thinning

For the two nodesunderconsiderationif thereare otherpaths,otherthanthe arc,thenthearcis
temporarilyremovedfrom E, andthe procedurés calledagainto find a cut-setthatcand-seperatéhe
two nodes Now giventhacut-setthe Cl testis doneto find outwhetherthetwo nodesareconditionally
independentlf so,thearcis permanentlyemoved or elseit is addedback. This stepis basicallyto
find the arcswhich may be beenwrongly addedin the previous steps.Herewe alsomalke sureall the
addesarcsareneededandthereareno extra ones,by usingonly oneCl test. Sincethe currentgraph
hadbecomeanl-mapatthe endof the previous step,we canbe surethatthe descionto remove arcsis
correct. In this step,we try to find thatan arc connectinga pair of nodesarealsoconnectedy other
paths.Thisis donebecausét is possiblethatthe dependengcbetweerpair of nodescould not be due
to thedirectarc. Thenthealgorithmremorvesthis arcandusesthe procedureo find the cut-set. Then
the conditionalindependenceestis usedto checkif thetwo nodesareindependentondtionalon the
cut-set.If so,thearcis permanentlyemovedasthetwo nodesareindependentr elsethearcis plced
backsincethey areconditonallydependentThis is repeatedill all thearcsareexamined.

This stepis shavn in Fig. 3.4.(d)for theexample,andit hasthefinal completegraph.Herewe can
seeedge(B,E) is removed permanenthbecausd3 andE arelndependengiven C,D. So at the endof

thisthird stepthe correctBayesiametwork is obtained.
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3.3.4 Finding Minimum Cut-Sets

In the stepsl and 2 we call the procedurefind-cut-setto get a cut-setbetweenthe two nodes
andthenusethis cut-setin the conditionalindependencéest.[19] alsoproposesn algorithmto find

minimum cut-setswhich provesthata minimum cut-setbetweerntwo nodescanbe alwaysfound.

Begi n
i nput nodel, node2;
Expl ore(listOf Path, nodel, node2);
Store(ListOfPath, OpenPath, C osepath);
Do
Vhile there are open paths with only one node Do
put these nodes of each such path in cut-set;
take off all the blocked paths by these nodes fromthe open and closed path set;
Find paths, fromthe closed path set, opened by the nodes
in the block set and nove themto the open path set;
Renmove the nodes that are also in the cut-set to shorten such paths
End Wile
If there are open paths Do
In the cut-set find and put the node that can bl ock the max number of remaining paths;
Rermove al |l the bl ocked paths by the node fromboth the open and closed path set;
Find paths, fromthe closed path set, opened by this node and
nmove themto the open path set;
Rermove the nodes that are also in the cut-set to shorten such paths
End If
Until there is no open path

End

We have two setsnamelytheopenandclosedpathset. Wefind first all theadjacenyg pathsbetween

thetwo nodesandandput the pathsinto the two sets.In the cut-setwe put the non-coweming paths
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thatareconnectedo boththenodes.Thisis donebecaus¢hesehave to bein every valid cut-set.This
is repeatedo find a nodethat canblock the maximumnumberof paths. Putthis in the cut-setand

repeatill all theopenpathsareblocked.

3.3.5 Complexity Analysis

In general,mostof the runningtime of learningalorithmsis consumedoy dataretrieval from
databasesSupposadatasethasN attributes,the maximumnumberof possiblevaluesof ary attribute
is r, and an attribute hasa maximumof k parents. The computationof mutualinformationrequires
atthe mostO(r?) basicoperationsand computaionof conditionalmutualinformationrequiresat the
mostO(rt2) basicoperations sincethe condition sethask nodesat the most. So, the conditional
mutualinformationtesthasacompleity of O(rN). Thefirst stephasacomplexity of O(NlogN) steps,
for sortingthe mutualinformationof pairs. The procedurehasO(N) basicoperations.Soasawhole
with respecto the Cl tests,Step1 needsO(N?) mutualinformationcomputationsindStep2 needsat
mostO(N?) numberof ClI tests.Similarly Step3 requiresat mostO(N?) numberof Cl tests because

adescisiorrequiresoneCl test. SoasawholethealgorithmrequiresO(N?) Cl testsin theworstcase.
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CHAPTER 4

SAMPLING

Bayesiametworks arethe bestsuitedto represenjoint probability distributions, asthey include
the conditionalindependenceelationshipsamongthe variablesin the network. An attractve feature
of Bayesiametwork is thatits amenabilityto recursve andincrementacomputatiorof schemesLet
H denoteanhypothesisg, = €', €, ...€" denotea sequencef dataobseredin the past,ande denotea
new fact. Theoriginal way to calculatethe beliefin H, P(H | ey, €) would beto addthe new datae to
thepastdatae, andperforma overall computatiorof the effect on H of theentiredatasete ;1 = ey, e.
This computationis time andmemoryintensve becaus¢he computatiorof P(H | &,,€) becomesnore
andmorecomplex asthesizeof the setincreasesThis calculationcanbe simplified by discardingthe

pastdataoncewe have computedP(H | e,). Now we cancalculatethevalueof thenew databy Eq.4.1

P(H | en,e) =P(H | %)%T‘;’:) (4.2)
Also, we know from Eq. 3.2
PR @2

ComparingEq. 4.1 andEq. 4.2 we canseethatthe old belief P(H | e;) assumesherole of prior
probability in the computationof the nev impact. It canalsobe seenthatit completelysummarizes
the pastexperiencesandif we needupdating,we needto multiply only by that likelihood function
P(e| en,H), whichaswe canseegiventhe hypothesisandpastobserationsit measuretheprobability
of the new datae. Likelihoodis the hypotheticalprobability that an event that hasalreadyoccured
would yield a specificoutcome. The conceptdiffers from that of a probability in that a probability
refersto the occurenceof future events,while alikelihoodrefersto pasteventswith knowvn outcomes.

This recursve formulation still would be cumbersoméout for the fact that the likelihood function
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is oftenindependentf the pastdataandinvolves only e andH. Using the condtionalindependence

conditionwe canwrite,

P(e|en,H) =P(e|H) and P(e| e, ~H) =P(e| —H) (4.3)

anddividing Eq. 4.1 by thecomplementargquationfor —-H, we canwrite

O(H | ent1) = O(H | &)L (e[ H) (4.4)

If we multipy the currentposterioroddsO(H | e,) by the likehoodratio of e, uponthe arrival of
eachnew datae, asshavn in Eqg. 4.4, shawvs a simplerecursve proceduregor updatingthe posterior
odds.Oddsis the probability thatthe evenwill occurdivided by the probabilitythatthe eventwill not
occur O(H | ey) is theprior oddsrelative to thenext obseration,while O(H) is the posterioroddsthat

hasevolvedfrom the previous obseration notincludedin e,. Takingthelogarithmof Eq. 4.4,

logO(H | ey) =logO(H | ey) +logL(e| H) (4.5)

The simplicity of the log-likelihood calculationhadled to a variety of applicationsgspeciallyin
intelligencegatheringasks.For eachnew report,we canestimatehelikelihoodratio L, which canbe

easilyincorporatedn thealreadyaccumulateaverall beliefin H.

4.1 CausalNetworks

Theimportantrequiremenbf Bayesiannetwork is thatit incorporatesi-separatiorpropertiesof
thedomainmodeledandit neednot reflectcause-déct relations.But thereis, however, agoodreason
to strive for causalnetworks. Causationis one of the basicprimitives of probability becauset is
anindispensibletool for structuringand specifyingprobabilisticknowledge. Sincethe semanticof
causarelationshipsarepresered by the syntaxof probabilisticmanipulationsio auxillary devicesare
neededo force conclusions.For exampleif | figuredout thatthe causeof my slippingwasdueto a
wet pavement,l could no longerconsiderothereventsasthe wetnessof the pavementis confirmed.
The factsthat it rainedthat day or the sprinklerwas on or my friend also slippedand broke a leg

shouldnolongerbe consideredncethe wetnesof the pavementis identifiedasthe directcauseof the
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° (a)

Figure4.1.CausaDiagram.

accident.Theasymmetryconveyedby thecausalirectionalitycanbeusedfor encodingnorecomplex

andintricate patternsof relationships.lt cannow be understoodhat oncea consequences obsered

its causescan no longerremainindependenbecauseconfirming one causelowersthe likelihood of

the other Causaldirectionality corveys the messagehattwo eventsdo not becomereleventto each
othermerely by virtue of predictinga commonconsequencedyut they do becomerelevant whenthe
consequencés actually obsered. The oppositeis true for two consequencesf a commoncause,
typically thetwo becomendependenaponlearningthecauseasdiscussedvhenlearningthestructure
from data.

ConsidettheFig 4.1.,whichrepresentadiseasd andtwo testsA andB. It is usuallyrepresented
by the physicianasshavn in Fig 4.1. (b), generallyas opposedo the modelFig 4.1. (a). But it is
not correctto representhe situationasdonein Fig 4.1. (b) becaus¢hetwo testsareindependentand
to correctthe model,we mustintroducean extra link asshavn in Fig 4.1. (c). Now the structureis
not minimal andto geta correctmodel, it is not sufficient to acquireP(D | A, B) togetherwith P(A)
and P(B). The conditionalprobabilitiesfor Fig 4.1. (a) reflectthe generalpropertiesof the relation
betweendiseasesindtestsandthey arethe onesthata manufcturerof testscanpublish,whereaghe
conditionalprobabilitiesfor Fig 4.1.(b) area mixture of disease-teselationsandprior frequencie®f

thediseaseThe presencef interventionsprovide anothergoodreasorfor the useof causahetworks.
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Figure4.2.A SmallCircuit.

An intenentionis anactionthathasanimpacton the stateof particularvariables.Soin causaimodels
the impactof the interventionwill spreadn the causaldirectionandnotin the oppositeway. If the
modeldoesnot reflectcausaldirectionsit cannotbe usedto simulatetheimpactof interventions.

As definedbefore, Bayesiametworks aredirectedagyclic graphsin which eachnoderepresenta
uncertaingquantityor randomvariable which cantake two or morevalues.Thearcswhich connecthe
nodessignify the existenceof direct causalinfluencesbetweenthe linked nodesor variablesandthe
strengthof theseinfluencesarequantifiedby the conditionalprobabilities. The advantageof network
representatiofs thatit is easyto expressdirectly the fundamentatjualitatve representationf direct
dependenciesAlso, it candisplaya consistensetof additionaldirectandindirectdependencieand
preseresit asa stablepart of the model,independenbf the numericalestimates.The directionality
of thearrows is essentiato displaynontransitie dependenciethatis if two causesreindependento
eachother they arestill relevantto the effect andinduceddependencieghatis oncea consequence
is obsered, its causesanno longerremainindependentbecausenecausdowersthelik elihood of
theother If thearcsarestrippedof their directionssomeof therelationshipsvould be misinterpreted.
Thusby diplaying irrelevancesin the domainmodelled,the causalschemataminimizesthe number
of relationshipghatneedto be consideredvhile a modelis constructedandthis in effect legitimizes
mary futurelocal references.

A Markov network is anundirectedgraphwhoselinks represensymmetricalprobabilistic,while
a bayesiametwork is a directedagyclic graphwhosearraws representausalinfluences. The main
weaknes®f Markov networksis theirinability to modelin the structuretheinducedandnon-transitie

dependenciesln this representatiomry two independenvariableswill be directly connectedy an
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Figure4.3.BN Correspondingo the Circuit.

edge,merely becausesomeothewariabledependn both. Due to this methodof modelling, mary
usefulindependenciego unrepresenteth the network, thusmakingit long andcomplex. Bayesian
networks efficiently overcomeshis deficieng by usinga muchricher languageof directedgraphs.
Sothesedirectionsof arravs help usto distinguishgenuinedependenciefom spuriousdependen-
ciesinducedby hypotheticalobserations. The conceptof d-separatiorasexplainedin Section3.2,is
efficently usedto addresghesedependenciesAn even biggeradwantageof directedgraphicalrepre-
sentaionss that, they malke it easyto quantify links with local, conceptuallymeaningfulparameters
thatturn the network asawholeinto globally consistenknowledgebase.

From thesediscussionst is clear that causalrepresentatioris bestsuitedfor representatiorof
variousphenomenonsThusit is no problemto configurea graphwhich representphenomenavith
explicit notionsof neighborhooar adjaceng like electroniccircuitsandcommunicatiometworks,as
discussedh [10]. Thedeterminatiorof directionof thenetwork to bemodelledoecomesheimporatant
taskin causahetworks. In modellinglogic circuits, thedirectionof flow is knowvn andit becomesnuch
easielto constructa causahetwork. SoBayesiametworks arethe bestsuitedfor therepresentatioof

VLSI circuits,thanundirectedgraphdik e Markov networks.
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Figure4.4.Moral Graph.

4.2 Inference

The Bayesiannetwork not only modelscausalitybut also makesinferencemucheasier Thein-
ferencedonehereis split into mary steps. First convert the network into a junction tree of cliques
andthenuseprobabilisticlogic samplingto acheve our purpose.The stepsinvolve the formationof a
moralgraph,andthe processs calledcompilation thenthemoralgraphis triangulated Theclique set

is identifiedandthejunctiontreeof cliquesis formed.

4.2.1 Moral Graph

Given a Bayesiametwork, a moral graphis obtainedby 'marrying parents’,thatis addingundi-
rectededgesbetweenthe parentsof a commonchild node. Before this step, all the directionsin
the DAG areremoved. This stepensureghat every parentchild setis a completesubgraph.These
undirectedinks are calledthe moral links. The moral graphrepresentshe Markov structureof the
underlyingjoint function. Someof theindependenciedisplayedn theoriginal DAG structurewill not
be graphicallyvisible in the moralgraphasit is undirectedandhasadditionallinks addedto it. Some
of the independenciethat are lost in the transformationcontritutesto the increaseccomputational

efficiengy, but doesnot affecttheaccurag. Themoralgraphof theFig. 4.3.is shavn in Fig. 4.4.
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Figure4.5. Triangulatedaraph.

In thefigureit seenthatthedirectionof the edgeshave beenremoved andthe parentof acommon
child have been’'married’, thatis a link is addedbetweerthem. The addedlinks areshavn asdotted
linesandwe canseethatthey connectX; andX,, Xz andXy4, Xs andXg andbetweenX; andXg. If the

underlyingDAG structureis denotedasD, thenthe moralgraphis denotedasD™.

4.2.2 Triangulation

Themoralgraphis saidto betriangulatedf it is chordal. The undirectedgraphG is calledchordal
or triangulatedf every on of its cyclesof lengthgreaterthanor equalto 4 posessea chord[9], thatis
we addadditionallinks to the moralgraph,sothatcycleslongerthan3 nodesarebrokeninto cyclesof
threenodes.

In the Fig. 4.5. we have addeda dash-dottedine betweenX, and X; to triangulatethe moral
graph.Theeasiestvay maybeto addall possibleinks betweemodesto make the graphchordal,also
transformingit into a completegraph. But the challenges to useminimal possibleadditionallinks,
whichis in generala NP-hardproblemandvariousheuristicsareused.In HUGIN, a minimumfill-in

edgesheuristicdgs usedasexplainedin [9].
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Figure4.6.JunctionTree.

4.2.3 Junction Tree

The juntion treeis definedas a tree with nodesrepresentingcliques (collection of completely
connectedhodesjandbetweerC; andC; in thetreeT thereis a uniquepath. Therunningintersection
property statesthat in the intersectionsetC; NC; are presentin all the cliqguesin that unique path
betweenC; andC;. This propertyof the junction tree is usedin the local messageassing. The
constructiorof the junctiontreebreaksdown to the formationof chordalgraphfrom the moralgraph,
wherethe setof potentialcliquesis createdreferredto astheeliminationset. Thenthe eliminationset
of cliquesis reducedandtreelinks betweerthe cliquesareaddedorming the junctiontree.

In constructingthe chordalgraphand elimination setfrom the moral graph,first all the vertices
of the moral graphareunnumberedThe vertex thatneedsthe minimum numberof additionaledges
betweerits neighborgs choserandis giventhe highesavailablenodenumber sayi, startingfrom the
numberequalto thetotal numberof nodes.Thenthe setC; is formedof the selectedrertex andits still
unnumberedheighbors.Edgesarethenfilled in betweenary two unlinked nodesin this setandthe
nodenumberis decrementedby 1. This procesds repeatedill thereareno unnumberedodes.The
resultantgraphis chordalandthe cliquesC;’s aretermedthe eliminationsetof the graph,subsetof

whichis usedto constructhejunctiontree.
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In our examplemoralgraph,nodeXg is first selecteasincenofill-in edgeis neededecausaill the
neighborgremembethe moral graphis undirected)arealreadylinked. This nodeXg is assignedhe
number9 - the total numberof nodesin the graph. The setCy is thenformedby nodes{Xg, Xg, X7}.
ThenodesXg andX; arenot yet numberedFor the secondcycle, the nodesXg, X7, Xs, and X4 cannot
be selectedasthey eachwould requireonefill-in edgesamongsits neighborswhereashe neighbors
of X3 doesnot requireary fill-in edges.HenceXs is numbered in our exampleandCg is formedby
{X3,%4,%s}. For thethird cycle, we thenselectX,, numberingit as7 andforming C; = {Xz, X1, Xs}.
In thefourth cycle, nodeX; is assigned® andCs = { X1} is formed.We thenselectXs, assigranumber
5, andform Cs = {Xs, Xs, X7}. NodeXg is assignedhumber4, andC, = {Xg, X7, X4} is formed.In this
step,afill-in edgebetweenX, andX; is added.Wethenassigrthenumber3 to X7, thenumber2 to X,
andthenumberl to X.

Theresultaneliminationset{C;} (whichis thesupersetf theclique-setpbtainedrom therunning

exampleare

{Co,-++,C1} = {{Xo, X8, X7}, {X3, X4, Xe}, {X2, X1, X5}, {X1},{Xs, X6, X7},
{X8a X?, X4}’ {X7a X67 X4}’ {XG}’ {X4}}

For eachcliqueC; of the Cliquesetorderedo have runningintersectiorproperty we have to adda
link to cliqueC; wherej is anyone of theset{1,2,.--,i — 1} suchthatC;N (C,UC,U---UCij_1) CC;
Figure 4.6. shaws the junction treefor the exampleconsidered.It canbe obsered that the cliques
in our exampleareC; = {X4, Xs, X7}, Co = {X7,X4,Xg}, C3 = {Xs5,Xe, X7}, C4 = {X1, X2, X5}, C5 =
{X3,%4,%e}, andCs = {X7,Xg, X9}. This cliquesareobtainedby reducingthe eliminationset. For our
examplein Figure4.6.,for thecliqueCg, we have to find the setthatcontainghefollowing intersection

set

CeN(CLUCU---UCgs) = {{X7,Xg, X9} N{Xa,Xe, X7, Xg, X5, X1, X2, X3} }
= {X7,%e}
It is obviousthat{X7,Xg} C Cp, hencewe adda link betweerCs andC,. The separatosetis the
non-nullsetof nodescommonbetweerevery cliguewith anedgebetweerthem. Theseseparatosets

areusedfor evidencepropagationlf thereweretwo cliquesthatarenot connectedby anedgeandstill
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hare commonvariablesthenthesevariablesmustbe presentn all the cliquesin betweenthe unique
path betweenthe two cliquesto guaranteecorrectprobability valuesfor the randomvariablesof the
entirenetwork while probabilitiesareupdatedoy local propagationAs it canbe seenthatCsz andCg
bothcontainX; andX; is alsopresenin all thecliquesin the pathfrom C3 to Cg namelyin C; andC,.
This helpsto presere probabilitiesof the randomvariablesof the entire network while updatingan

evidenceby local messag@assing.

4.2.4 Propagationin Junction Trees

After the junction tree of cliquesis formed, the next stepis to form the distribution function of
cliques.It hasbeenprovedin [9] thatthe dependencpropertiesof a DAG, which carry overto moral
graphs,are also presered in the triangulatedmoral graph. Also, the joint probability function that
factorizeson the moral graphwill alsodo so on the triangulatedon since eachclique in the moral
graphis eithera clique in this graphor a subsebf a clique. Let {x.} bethe setof nodesin clique c
in thejunctiontree. Thejoint probability function over thesevariablesis denotedby p(Xc). Let {Xs}
bethe setof nodesin a separatosets betweentwo cliquesin the junctiontree. Thejoint probability
function over thesevariablesis denotedby p(xs). Let CSdenotethe setof all cliquesandSSdenote
the setof separatoretweerthe adjacentcliquesin thejunctiontree. The joint probability function

factorizesover thejunctiontreein thefollowing form [9]:

(X1, XN) = p(Xc)/ |g p(Xs) (4.6)
ccCS €SS

A separatosetsis containedn two neighboringcliques,c; andc,. If we associateeachof the
producttermsover the separatorsn the denominatomwith oneits two neighboringcliques,say ci,
thenwe canwrite the joint probability functionin a pure productform asfollows. Let @, (X¢,) =

p(Xe, )/ P(Xs) anda, (Xe,) = P(Xc,), thenthejoint probability functionasexpresseds:

P(Xg, -+, XN) = @(Xc) 4.7
ceCS
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Figure4.7.Two Cliqueswith the SeparatofSet.

wherethe factorsq:(Xc) arealsocommonlyreferredto asthe potentialfunction over the nodes{x}
in cligue c, andCS s the setof cliques. Thesefunctions,@:(Xc)s, canbe formedby multiplying the
conditionalprobabilities from theinput Bayesiametwork specificationpf nodesn thecliquec.

Let two cliqguesA andB have probability potentials@, and @s, respectirely and S be the setof
nodesthatseparate#& andB asshawvn in Fig 4.7. Whenthereis new evidencefor somenode,it will
changdheprobabilitiesof all theothernodessuchthattheneigboringcliquesagreeontheprobabilities
of S, the separatoset. To achieve this we first computethe maiginal probability of Sfrom probability
potentialof clique A andthenusethatto scalethe probability potentialof B ascapturedby Eq. 4.9.
To achieve this we needto transmitthe scalingfactoralongthelink andthis processs referredto as
messageassing.We have to repeatthis procesdn the reversedirectionby computingthe mamginal
probabilityof Sfrom probabilitypotentialof cliqueB andthenusethatto scalethe probability potential
of A. Thiswill ensurghatevidenceatboththecliquesaretakeninto accountNew evidenceis absorbed
into the network by passingsuchlocal messagesl he patternof themessagés suchthatthe processs
multi-threadableandpatrtially parallelizable.Becauseahejunctiontreehasno cycles,messagealong

eachbranchcanbetreatedndependentlyf the othersandhenceparallelmessag@assings possible.

®= > ¢ (4.8)
XeAXES
" 03
= qp S 4.9
% =@y (4.9)

However we neednotinitiate the messag@assingover thewhole network for every new evidence
asthereis atwo phasemessag@assingschemehat canintegrateall nen evidencein two passesA
clique is selectedo be the root node,thenall the leaf nodessendmessagesowardsthe root node,

which arere-computedising Egs.4.8 and 4.9 at eachnode. Thenasthe messagefrom all the leaf
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nodesarereceved,they arepassedackfrom theroot cliquetowardstheleaves. Notethatthisensures
thatalongary onelink, we have messagealongboth directions,thus, ensuringall nodeshave been

updatedbasedon informationfrom all the new evidence.

4.2.5 Probabilistic Logic Sampling

ProbabilisticLogic Samplingis a methodproposeddy Henrion[56] which employs a stochastic
simulationapproachto make probabilisticinferencesin large multiply connectedchetworks. If we
representr Bayesiametwork by a sampleof m deterministicscenarios=1, 2,.....mandLs(X) is the
truth of eventx in scenarics, thenuncertaintyaboutx canberepresentetly alogic samplethatis the

thevectorof truth valuesfor the sampleof scenarios:

L= [L1(9, La(X), --Lm()]- (4.10)

If we have the prior probability ps, we canusea randomnumbergeneratorto producea logic
samplefor x. This methodof samplingproceedsasexplainedbelav, given a Bayesiametwork with

priorsspecifiedfor all sourcevariablesandconditionaldistributionsfor all others:

1. Usearandomnumbergeneratotto producea samplevaluefor eachroot nodein the network
and a sampleimplication rule for eachparametemf eachconditionaldistribution, using the

correspondingprobabilities.

2. Proceeddown throughthe network following the direction of the arrowvs from the root nodes
using simple logical operationsto obtain the truth of eachvariablefrom its parentsand the

implicationrules.
3. Repeasteps? and3 m timesto obtainalogic samplefor eachvariable.

4. Estimateprior mamginal probability of any event by computingthe numberof timesin which

they aretrue.

5. Estimateposteriorprobability on any of the alreadycomputedvariable asthe fraction of the
numberof timesthe event occursout of the possiblescenariosn which the given conditionis

true.
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We stopwith step3 aswe needonly the logic sampleandwe do not computethe posteriorprob-
abilites. We usethis logic samplingmethodinside eachclique of the junctiontree. To startwith, the
first cliqueis consideredandthe samplingis doneinsideto arrive at the sampledor the nodesinside
theclique. Oncevaluesarefixedfor thesenodesthey arepropagatedo the next cliquewith the help
of the separatoset. As the nodesof the separatosetarein boththe cliques,oneor moreof thenodes
areinstantiated With thesevaluestherestof the nodesaresampledwith logic samplingandthis goes

ontill theendof thejunctiontree.
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CHAPTER 5

EXPERIMENT AL RESULTS

This model proves to be an efficient techniquefor power estimationby providing a minimum
numberof samples.As said beforethe methodbridgesthe gap betweensimulatve and probabilistic
techniquesThisis achevedby aneffecientmodelof Bayesiametwork, by learningthe structurefrom
theinput data. The learnedstructureof the Bayesiametwork representshe graphicalstructureof the
inputdata.Thelearnedstructurecannow be usedto generatary numberof vectors.Thegeneratiorof
the vectorsetis doneefficiently by exploiting the samplingtechniquesppliedon Bayesiametworks.
Samplingis doneto derive vectorsin ary neededcompactiorratio. Thereducedvectorsetis thenfed
into HSPICEto getan accurateestimateof the averagepower. The power estimateis thencompared
with the value got from simulatingthe large vectorset. If ais the original length of the vectorand
b is the compactedength,thena/b is calledthe compactiorratio (CR). We have acheved very high
compactiorratiosof upto300which have never beenacheved before.

We have fixed the larger vector setto be 60,000 highly-correlatedinput patternsgeneratedy
simulatingthe variousbenchmarkcircuits. The vectorswere thentaken from randomoutputnodes
of thesecircuits. This is doneto inducea high correlationbetweenthe vectorsso that they areas
closeaspossibleto the real world data. Also differentbenchmarkcircuits were usedfor generating
thesevectors for exampleto obtainvectorsfor C499thecircuit C3540wassimulated.Thecorrelation
betweerthevectorscanbe seenn theconstructedayesiametwork.

The overall procesdlow is asshavn in Fig. 5.1.. As shavn, we first generatehe thelarge vector
set. Thenthe power consumedy eachbenchmarlcircuit is calculatedusingthelarge vectorsetasthe
input stimuli. This valueis usedasthe basisfor comparisorwith the power estimategeneratedrom
the compacted/ectorset.

Thenthesecondstepis to usethisvectorsetto learntheBayesiametwork. WeusePaver Construc-

tor [16] to acheve our purpose.The power constructoiis anefficient tool which providesanaccurate

44



Generate the larger Learn Bayesian Sample the network and
sequence Network generate required length

hspice power estimate hspice power estimate

Figure5.1. Procesd-low.

Bayesianmnetwork in the HUGIN [23] readabldformat. The algorithmusedheretakes a databases
inputandconstructghebelief network structureasoutput. This algorithmextendsthe Chow andLiu’s
tree constructionalgorithmto belief network constructionby using a three phasemechanism.The
threephasesarenamelydrafting, thickeningandthinning. In the first phasethis algorithmcomputes
the mutualinformationof eachpair of nodesasa measureof closenessnd createsa draft basedon
this information. In the secondphasethe algorithmaddsedgeswvhenthe pair of nodesthatcannotbe
d-separatedThethird phasegachedgeof the the currentgraphis examinedusing Cl testsand will
beremovedif thetwo nodesof the edgecanbe d-separatedThe algorithmguarenteethatthe perfect
map of the underlyingmodelis generated.The processs mountedon a 32-bit windows systemson
PCandcanberunonWindows 9x andXP versions.Sincethe constructiorengineis anActiveX DLL,
it canbeintegratedinto otherbelief network, datamining or knovledgebasesystems Also, modified
conditionalindependenctestmethodis usedto make theresultsmorereliablewhenthedatasetis not
large enough.

After constructingthe Bayesiametwork, the next stepasshawvn in the procesdlow graphis the
generatiorof a compactedrector sequencelt is doneby samplingthe belief network usinga code
writtenin HUGIN API. Thefunctionsin Hugin aregivenin termsof ISO/ANSI C functionprototypes.
It containsa high performancenferenceenginethatcanbe usedasthe coreof knowledgebasedsys-

temsbuilt usingBayesiarbelief networksor influencediagrams With the probabilisticdescriptionf
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Table5.1.Power Estimatef ISCAS’'85 BenchmarkSuite.

Circuit || No of Inputs 60K CompactiorRatio
40 80 200 300
C17 5 2.9973 2.9826| 2.9889| 2.9829| 2.9799
C432 36 4.1304 4.1669| 4.1980| 4.1474| 4.1545
C499 41 3.0005 2.9972| 3.0177| 3.0927| 3.1116
C1355 41 3.2257 3.2348| 3.2478| 3.3319| 3.3245
C1908 33 5.3925 5.3634| 5.4259| 5.4095| 5.3511
C3540 50 1.5969 1.5875| 1.5866| 1.5499| 1.5769
C6288 32 2.2521 2.3112| 2.3116| 2.3142| 2.3197
Avg % Error | 0.77 1.02 1.83 1.86

Table5.2.Error Estimatesn Powver Estimation.

Circuit | Noof Inputs | Percentag&rrorfor CR
40 | 80 | 200 | 300
C17 5 0.49| 0.44| 0.48| 0.58
C432 36 0.88| 1.6 | 0.41| 0.58
C499 41 0.10| 0.57| 3.07| 3.7
C1355 41 0.28| 0.68| 3.2 | 3.0
C1908 33 0.50| 0.61| 0.31| 0.76
C3540 50 0.58| 0.64| 29 | 1.25
C6288 32 26 | 26 | 2.7 | 3.0
Avg % Error | 0.77| 1.02 | 1.83| 1.86
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causalelationshipsn the domain,onecanbuild knowledgebaseshatmodelthe applicationdomain.
Giventhis descriptionfastandaccurateeasoningcanbe donewith theinferenceengine.

Beforethe network canbe usedfor inference,it mustbe compiled. During compilation,first the
links to decisionnodesareremoved. Thenthe network is corvertedinto its moral graph,thatis the
parentsof eachnodeare”married” andthe directionsof the edgesare droppedandthe utility nodes
areremoved. Thenthe moral graphis triangulated thatis fill-in links are addedso that eachcycle
of lengthgreaterthanthreehasa chord (an edgeconnectingtwo non-consecuie nodes). Thenthe
cligues(maximalcompletesets)of thetriangulatedgraphareidentified,andthe collectionof cliquesis
organisedasatree,with thecliquesformingtheverticesof thetree.Suchatreeis calledajunctiontree.
If theoriginaltreeis disconnectedherewill beatreefor eachconnectedomponentLastly potentials
areassociateavith the cliquesandthelinks of eachjunctiontree. Thesepotentialsareinitialized from
the conditionalprobabilitytables,usinga sumpropagationVectorsof valuesover the setof variables
in the network (sampling)canbe generatedvith respecto the conditionaldistribution. If thedomain
is compiled samplingthe configurationwith respectto the currentdistribution on the junction tree
canbedone. Sincethedistribution is aninfluencediagram,all the decisionamustbeinstantiatecand
propagated.The network mustbe an agyclic directedgraphandis truein our case.Also, all chance
nodesmusthave a valid conditionalprobability distributions, which is alsotruein our caseandthen
thedecisionsareinstantiated.

Table 5.1. shaws the power estimatesof the ISCAS "85 benchmarksuite. The secondcolumn
shaws the numberof inputsin eacheachcircuit andthe Bayesiannetwork modelhasthe numberof
nodesequalto the numberof inputs. SothelargestBayesiametwork usedwas50 for C3540andthe
smallestis of 5 nodesfor C17. Table5.2. shavs the percentagerror obtainedfor eachcircuit andfor
eachcompactiorratio. It is seenthatasthe compactiorratio increaseshe error%increasesbut it is
notthatsignificant.Also, theerrorwasonly 0.77%for CR 40 with amaximumerrorof 1.86%for CR
300, with the highesterror of 3.7%for C499for CR 300. Circuit C1908is seento have the lowest
error%for all compactiorratiosandC6288having high errorsfor mostCR'’s.

The following tablesshawv the crosstalkestimationvaluesfor the variousbenchmarkcircuits for
boththe biggervectorsetandthe compacteanewith thecompactiorratio of 40. Thesevaluesdenote

thejoint probability of thetwo nodesin considerationHSPICEis usedto print the voltagesvaluesfor
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Table5.3. JointProbability SwitchingEstimatefor Nodes300and330of C432for 60K.

Node300 Node330
State 00 01 10 11
00 0.06| 0.19| 0.19| 0.54

01 0 0 0 0
10 0 0 0 0
11 0 0 0 0

Table5.4. JointProbability Switching Estimatefor Nodes300and3300f C432for CR 40.

Node300 Node330
State 00 01 10 11
00 0.053| 0.19| 0.19| 0.56

01 0 0 0 0
10 0 0 0 0
11 0 0 0 0

the particularinput vectorsof the two nodeswhich arethenchangedo their switchingvalues.From
thesevoltagevaluesthejoint probabilityis calculatedoy finding the numberof occurencesThe main
ideaof this partof theresultis to estimateheworst-caserosstalk put thetablealsogivesanestimate
of the probability of leakageoccuringin the nodes.We have limited to only a few nodesdueto high
runningtime taken by HSPICE ,otherwiseary numberor all of thenodescanbe estimated.

The tables5.3. and 5.4. were plotted for the nodes300 and 330 which are the inputsto a gate
selectedat random. The table5.4.shavs that the compactedrector setgave the similar crosstalkes-
timation resultsas the original vector setusedin 5.3., proving that the smallervector setis equally
efficientin modellingcrosstalk.The simultaneouswitchingnoiseof onenodeswitchingfrom Oto 1
andtheotherswitchingl to O atthe sametime yieldsthe maximumcrosstalk Herewe canseethatthe
particularsetof input usedhaszeroor very low worstcaseswitchingnoise. Also we canseethatthe
leakages pretty high, andsothe designershouldpay moreattentionto reducingtheleakage.

Thetwo tabless.5.and5.6.arefor thecircuit C499,consideringhenodess57and558. We cansee
heretoo thatthe compacted/ectorsetyieldedsimilar valueswith respecto theresultfrom thelarger
vectorset. For this setof inputsthe couplingnoiseis assignificantasthe leakage. The worst-case
crosstalkprobabilityis .07 for node557 switchingfrom 0 to 1 andnode558 switchingfrom 1 to 0 and

.07 for 557 switchingfrom 1 to 0 and558 switchingfrom O to 1.
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Table5.5. JointProbability SwitchingEstimatefor Nodes557 and558 of C499for 60K.

Node557 Node558

State 00 01 10 11
00 0.054| 0.058| 0.059| 0.057
01 0.066| 0.06 | 0.07 | 0.066
10 0.06 | 0.071| 0.063| 0.065
11 0.065| 0.062| 0.068| 0.07

Table5.6. Joint Probability Switching Estimatefor Nodes557 and558 of C499for CR 40.

Node557 Node558

State 00 01 10 11
00 0.056| 0.057| 0.059| 0.057
01 0.064| 0.06 | 0.07 | 0.064
10 0.06 | 0.07 | 0.063| 0.067
11 0.066| 0.06 | 0.068| 0.07

Table5.7.JointProbability SwitchingEstimatefor Nodes141and113of C1355for 60K.

Nodel41 Nodel1l3
State 00 01 10 11
00 0.25| O 0 0

01 0 1024 O 0
10 0 0 |025| O
11 0 0 0 |0.24

Table5.8.JointProbability SwitchingEstimatefor Nodes141and113of C1355for CR 40.

Nodel41 Nodel113
State 00 01 10 11
00 0.25| 0 0 0

01 0 [024| O 0
10 0 0 [025| O
11 0 0 0 |0.24
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Table5.9. JointProbability SwitchingEstimatefor Nodes2427and23400f C1908for 60K.

Node2427 Node2340
State 00 01 10 11
00 0.19] 0.02| 0.02| O
01 0.05| 0.17| 0 | 0.02
10 0.05| 0 | 0.16] 0.02
11 0.01] 0.04| 0.04| 0.14

Table5.10.JointProbability SwitchingEstimatefor Nodes2427and23400f C1908for CR 40.

Node2427 Node2340
State 00 | 01 | 10 | 11
00 0.19| 0.02| 0.02| ©
01 0.06| 0.2 0 |0.02
10 0.06| 0 | 0.16| 0.02
11 0.01| 0.04| 0.04| 0.15

The tables5.7. and 5.8. representshe joint probablity distribution of hodes141 and 113 which
arethetwo inputsof a NAND gate. The particularinput setshaws thatthereis a high probability of
leakagewhenboththe nodesareswitchingfrom 0 to O andfrom 1 to 1.

Thetables5.9.and5.10.capturegshe nodes2427and2340which areinputsof a NOR gate.Here
we canseea high probability of leakagethancrosstalknoiseasboth nodesswitchingfrom 0 to 0 and
1to 1 have ahighjoint probability

The nodesconsideredare 4899and4925in the tables5.11.and5.12.. Herewe canseethatthe

switchingfrom 1 to 1 in boththenodeshasthehighestprobability shaving high probabilityof leakage.

Table5.11.JointProbability SwitchingEstimatefor Nodes4899and49250f C3540for 60K.

Node4899 Node4925
State 00|(01|10]| 12
00 0| 0| O ]O0.09
01 0| 0| 0021
10 0| 0| 0021
11 0| 0| O0]0.48
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Table5.12.JointProbability Switching Estimatefor Nodes4899and49250f C3540for CR 40.

Node4899 Node4925
State 00|01|10| 12
00 0| 0| O0]O0.09
01 0| 0| 0021
10 0| 0| 0021
11 0| 0| O ]0.48
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CHAPTER 6

CONCLUSION

Herewe areableto modela frameavork for learninginput modelsandusethemto estimatepower
andcrosstalk.Thoughlot of researctwork hasbeendonein bothsimulatve nadprobabilisticmethods,
they remainas two seperateentities. This work senes as a bridge effectively connectingthe two
methodsThetechniqueproposeds uniqueandeffectively modelsthespatialcorrelationandfirst order
temporalcorrelationbetweertheinputs. Also usingBayesiametworkswe arealsoableto includethe
causalitybetweerthenodeswhich cannotbe modelledusingundirectedgrpahdike Markov networks.
Amongthe majoradwvantage®f thismethodarethe excellentscalabilityto large circuitsandthe ability

to modelinput dependenciegsingthe conceptof tree-dependerBayesiarNetworks.

1. We presenta unified graphbasedprobabilisticframenork for power estimationthat takesinto

accounthigh orderspatialandfirst ordertemporaldependenciethatarepresenin theinputs.

2. Modeling temporalcorrelationat the input nodesis automaticin way we setup the statesof
the randomvariablesof the BN. For spatial correlationamongthe input nodes,we learnan

approximatdree-dependemtistributionsin the primaryinputsbasecn theinput statistics.

3. Theeasawith whichtheBayesiametwork s built consideringhetimetakenmakestheapproach
highly favorableover building Markov networks, asconstructinghe latteris both memoryand

timeintensve.

4. We alsotried othersamplingmethodsusingMatlabfrom BayesNet Toolboxfor matlab(BNT),
anopensourcesoftwareby Kevin Murphy [54] andalsothe opensourceProbabilisticNetwork
Library(PNL) from Intel [55], which is a C++ versionof the BayesNet toolbox for matlabby

Kevin Murphy. But neitherof themsuitedour purposeandsoHugin [23] wasused.
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5. Samplingthe Bayesiannetwork can also be doneusing Geniewith arny one of the approxi-
mateinferencemethods.The resultsobtainedweresimilar andit canbe usedto samplea large

Bayesiametwork.

6. Experimentafesultsshav thatthemethodproposedy thisthesiss highly efficientandeffective
in variouswaysnamelythevery lesstime takento constructthe input modelandalsosampling

it, notto forgetthevery low errorpercentagandhigh compactiorratios.

Our future directionwould be integarting this methodwith a vectorlessapproach.We intendto
usethis unified framewvork alsowith sequentiakircuits. Also, the presentwork modelsonly first
ordertemporalcorrelation.DynamicBayesiametworks mustbe usedto acheve higerordertemporal

correlation.
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