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STIMULUS-FREE RT LEVEL POWER MODEL USING BELIEF PROPAGATION

Sathishkumar Ponraj

ABSTRACT

Power consumptionis oneof the major bottleneckin currentandfuture VLSI design. Early

microprocessorswhich consumeda few tensof wattsarenow replacedby millions of transistors

andwith theintroductionof easy-to-designtools to exploreat unbelievableminimumdimensions,

increasein chipdensityis increasingataalarmingratenecessitatesfasterpowerestimationmethods.

Gatelevel power estimationtechniquesare highly accuratemethodsbut when time is the main

constraintpowerhasto beestimatedalot higherin theabstractionlevel. Estimatingpowerathigher

levelsalsosavesvaluabletimeandcostinvolvedin redesigningwhendesignspecificationsnotmet.

We estimatepower at every levelsof abstractionfor a breadthfirst design-spaceexploration. This

work targetsa stimulus-freepattern-insensitive RT level hierarchicalprobabilisticmodel, called

Behavioral InducedDirectedAcyclic Graph(BIDAG), thatcanfreely traversebetweentheRT and

logic level and we prove that sucha model correspondsto a BayesianNetwork to map all the

dependenciesandcanbeusedto modelthejoint probabilitydistribution of a setof variables.Each

nodeor variablein this structurerepresentsa gatelevel DirectedAcyclic Graphstructure,called

theLogic InducedDirectedAcyclic Graph(LIDAG). We employ bayesiannetworks for theexact

representationof underlyingprobabilisticframework at RT level capturingthedependenceexactly

andagainusethe sameprobabilisticmodel for the logic level. Bayesiannetworks aregraphical

representationsusedto conciselyrepresenttheuncertainknowledgeof thesystem.In orderto get

an posteriorbelief of a querynodeor variable,with or without presetnodesor variablescalled

theevidencenodes,we usestochasticinferencealgorithm,basedon importancesamplingmethod,

calledtheEvidencePre-propagationImportanceSampling(EPIS)whichis anytimeandscalesreally

well for RT andlogic networks.Experimenatalresultsindicatethatthismethodof estimationyields

v



high accuracy andis qualitatively superiorto macro-modelsundera wider rangeof input patterns.

Themainhighlightsof this work is thatasit is probabilisticmodel,it is input patternindependent

andnonsimulative propertyimplieslesstime for powermodelling.
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CHAPTER 1

INTRODUCTION

Until recentlythemajorconcernsof theVLSI designresearchwerearea,performance,costand

reliability; thedesignpower wasof secondaryconcern.With thedevice sizesgraduallyshrinking

to have betterperformanceand packagingof millions of transistorsin a single chip the power

dissipation,which increasesasa result,hasbecomea morecritical designconcernthanspeedand

area.Theincreasein powerdissipationincreasesthecostfor coolingthechipandtherebyincreases

thebatteryweight. To overcometheseproblemsdesignershadto make devicesthatoperateat low

power. Estimationof power consumptionof thedesignis thefirst steptowardsintegratingpower

minimizationtechniques.

1.1 VLSI Power Consumption

Theaveragepower dissipatedin adigital CMOScircuit is givenby theformula,

Pavg � Pdynamic � Pshort� circuit � Pleakage � Pstatic (1.1)

where,Pavg is the averagepower dissipation,Pdynamic is the dynamicpower dissipationdue to

switching of transistors,Pshort� circuit is the short-circuitcurrentpower dissipationwhen thereis

a directpathfrom power supplyto ground,Pleakage is thepower dissipationdueto leakagecurrents

andPstatic is thestaticpowerdissipation.

1.1.1 Static Power Consumption

TheCMOScircuitsaredesignedin suchaway thatatany time for a input stateonly oneof the

two networks,eitherthepull-upor thepull-down network is ”ON” andtheothernetwork is ”OFF”.
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But in reality, thereis somesmallstaticdissipationdueto thereversebiasleakagebetweendiffusion

regionsandthesubstrate.Thissubthresholdconductioncontributesto thestaticdissipation.

1.1.2 Short-Circuit Power Consumption

Thecurrentthatflowsthroughboththepull-upandpull-down networksduringthetransitionpe-

riod, icc, is calledtheshort-circuitcurrentandhencetheshortcircuit powerdissipation,Pshort� circuit .

1.1.3 Dynamic Power Consumption

The charging anddischarging of the parasiticcapacitancecontributesto the dynamicpower

dissipation,Pdynamic. The dynamicpower hasbeenthedominantcomponentin power dissipation

andcontributesto about80%of thetotalpower. Thedynamicpower is givenby theequation

Pdynamic � 0 � 5 fclkV
2
ddCl S� x� (1.2)

wherePdynamic is thedynamicpower dissipation,fclk is theclock frequency, Vdd is thesupply

voltage,Cl is the loadcapacitanceandS� x� is theaverageswitchingactivity of anoutputnodex.

It is evident from equation 1.2 that exceptfor the load capacitanceandthe switchingactivity of

a node,all the othervariablesareconstants.Hencethe dynamicpower estimationcanbe easily

calculatedif theloadcapacitanceandswitchingactivity areknown.

Power estimationhasbeenperformedat differnt levels of of abstraction,namelyarchitectural

level, algorithmic level, functionalblock level, logic level, circuit level. Readercanrefer to the

Chapter2 for clearunderstandingof variouspower estimationtechniquesat eachof theseabstrac-

tion levels. Power canbeaccuratelyestimatedat low level approaches,suchasthe logic level and

the circuit level but the only problemwith the power estimationat the latter levels is that by the

time thecircuit hasbeenspecifiedin gatesandtransistors,if thedesignspecificationsarenot met,

thewholecircuit hasto bedesignedagainwith differentimplementation.Hencethetime involved

andtheheavy costfor redesignstepactasdriving forcestowardsthehigh level power estimation.

Thoughpower is a little inaccuratein this level, the designeris allowed to performarchitectural

explorationandtry differentimplementationslot earlyin thedesigncycle. In this thesiswebringin

2



to focustheimportanceof RT level power estimationandproposea techniqueof power estimation

at RT level usingaProbabilisticGraphicalmodelcalledtheBayesiannetworks. Bayesiannetworks

arediscussedin detailin Chapter3. At theRT level if thegatelevel implementationof thecircuit is

known thedynamicpower, which is thedominatingpower componentis completelydependenton

theswitchingactivity of thenode.Switchinactivity of a nodedenotesto theactualactivity of the

node,whenthenodemakesatransitionfrom 0 � 1 or 1 � 0. Higherswitchingactivity meansmore

numberof nodetransitionsandmoredynamicpower dissipation.To effectively modeltheswitch-

ing activity of anodethefollowing factorsshouldbetakenin to concernarenodecorrelation,input

statistics,circuit connectivity. Thenodecorrelationis split in to two subcomponents,namelyspa-

tial correlationsandtemporalcorrelations.TheTemporal correlationsrefersto thedependenceof

nodesswitchingactivity onthesamenodespreviousvalue.TheSpatialcorrelationrefersto thede-

pendenceof onenodesvalueon thatof othernodesin thecircuit andfinally, whenthenodesvalue

dependson theothernodespreviousvaluesthenits Spatio-temporal correlation.Many workshave

beendoneonpowerestimationwith only inputactivity in to concern,but thisassumptionresultsin

enormouserrorsin final power. Our modeltakesin to concerntheinput activity, spatialcorrelation

andtemporalcorrelation.

1.2 Domains of Description

As statedin earlierpower estimationdoneat higherlevel of designspecificationareadvanta-

geousthancomparedto that donein the lower levels. To performsucha shift betweendifferent

levelsadetailedunderstandingof thedifferentmethodsof designrepresentationis vital. In [1] au-

thorspresentthreedomainsfor circuit representation.The threedomainsof circuit representation

areasfollows:

� Behavioral Domain.

� StructuralDomain.

� PhysicalDomain.

3
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Figure1.1.DesignRepresentation

The behavioral domainspecifiesthe behavior of the functionality of the design.At this stage

only thestaticanddynamiccomponentsof thecircuit areknown. Thestaticcomponentrefersto the

time invariantportion of descriptionnamelyparticularoperation- multiplication, subtractionand

thedynamiccomponentrefersto theorderingof operations- sequencing,pipeliningandtiming. At

thisaxesof domainspecification,interconnectionbetweenthedifferentcomponentsarenotknown.

Thelogical structureof thedesign,theinterconnectionbetweendifferentcomponentsarespecified

in thisdomain.Thestructuraldomainis theintermediatestagebetweenthebehavioral andphysical

domains.Thephysicaldomainof a circuit defineshow eachof thecomponentsdescribedin their

structuraldomainbeactuallyimplementedwith realphysicalcomponents.Speed,power andarea

constraintsarepartof thephysicaldomain.

During thedesignspecification,eachof the threedomainsmayalsocontaintwo new compo-

nentsnamely, descriptioncomponentandthe constraint component. The initial specificationsof

designwhichmaybeeitherspecifiedby theuseror maybetheoutputfrom acontrolsystemforms
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thedescriptioncomponent, usuallythedescriptioncomponentrefersto theinputspecification.The

secondcomponent,constraint componentrefersto the varioustarget requirementsof the design,

namelyconstraintson area,timing andpower.

1.3 Levels of Abstraction

Domainsof descriptionspecifiedin theprevious sectioncanbehierarchicallydecomposedin

to differentlevelsof abstraction.Figure1.1.shows thethedifferentdomainsalongthreeaxesand

differentlevelsof abstractionalongtheconcentriccircles.Eachof thesecomponenetsaredescribed

in detail in thefollowing section.

1.3.1 Architectural Level

Architecturallevel is thetopmostabstractionlevel oftencalledasthesystemlevel. Thebehav-

ioral domainat thearchitecturallevel specifiesthebehavior of thesystem,without consideringthe

detailson how theoperationoccurs.Thecomponentssuchasthecontrolunits,processorswhich

performsuchoperationsspecifiedby thebehavioral domainconstititethestructuraldomain.As it

thetop mostlevel of abstraction,moredetailedlogical structureis unavailable,andhencephysical

partitioningof thedesigndetailsarespecifiedby thephysicaldomain.

1.3.2 Algorithmic Level

Algorithmic level alsoknown asBehavioral level, describesthe behavioral of the domainin

termsof algorithms,flowcharts,processesandstructures.Thehardwaremodulesthatareusedto

representtheBehavioral domain,suchasthecontrolpathanddatapath,is specifiedin theStructural

domain.Clusteringor partiotioningof similar operationsthatmight bedescribedin thestructural

domainaredescribedin thePhysicaldomain.

1.3.3 Functional Block Level

Also calledasRegisterTransferLevel (RTL), this level formstheboundarybetweenthe logic

gatesandhigherlevel representation.Thearithmeticandlogic operationsof thedatastoredin regis-
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tersconstitutethebehavioral domainatRT Level. Many methodsareusedto representthebehavior,

namelythefunctionalor dataflow methodor throughstatemachineorientedmethods.Components

suchasmultiplexors, arithmetic logic units, comparatorsconstitutethe structuraldomain. They

physicaldomainat this level dealswith thefloorplanningthelayoutof thedesign.

1.3.4 Logic Level

In Logic Level, alsocalledasthe GateLevel the behavior is specifiedby booleanequations.

In the structuraldomaingatesareusedto implementthe specifiedbehavior. At this increasingly

detailedspecificationlevel, the timing constraintsmay detailedwith informationon propagation

delay, setupandhold times.

1.3.5 Circuit Level

This is the bottommostabstractionlevel with the behavior describedin termsof differential

equationsrepresentingthecurrentandvoltageterms,structuraldomainin termsof transistors,ca-

pacitors,diodes,resistorsandthephysicaldomaincontributesto geometricspecificationsandtheir

placement.

1.4 Components of Register Transfer Level

RegisterTransferLevel designsarecomposedof two componentsthatinteractwith eachother,

namelythedatapathandthecontroller path. Thedatapathconsistsof theexecutionunitssuchas

theadders,multipliers,multipliexors,buffersandregisters.At higherlevel of designspecification

accuratepower estimationis difficult dueto thelack of sufficient implementationdetail. Thecon-

troller consistsof asetof statemachinesandgeneratescontrollinesfor thedatapathcomponents.

1.5 Contributions of this Thesis

In this thesiswe presenta new methodof power estimationthatutilizesthebehavioral descrip-

tion of thecircuit andgatelevel implementationdetailsto effectively modelthepower. Whenthe

behavioral specificationis givenandthegatelevel detailsareknown, thentheloadcapacitancecan
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beeasilycalculated.Theswitchingactivity ateachnodeis thencalculatedusingtheBayesianNet-

works.Modelsbuilt basedon independentinputs,randominputsarehighly inefficient aswhenthe

input for thecircuit is an outputfrom anothercircuit the inputsarehighly correlated.Our model

worksfor bothindependentinputsandhighly correlatedinputs.Oncethepower is estimatedusing

onetypeof implementation,anotherimplementationof thesamecircuit canbeestimatedin notime

andthe bestof the two circuits canbe selectedbasedon the designspecifications.In this thesis

work, two typesof adderimplemenationsaretestedfor differencein power of the whole circuit.

Thoughour model is zero delay model resultingin somereductionin estimation,our model is

highly timeefficient.

1.5.1 Behavior Induced DAG

Thebehavioral descriptionis anDataFlow Graph(DFG) is usedto constructa BayesianNet-

work(BIDAG), with nodesrepresentingthevariablesandthearcsrepresentatingthedependencies

betweenthevariable.Oncethebayesiannetwork is constructedwe useoneof thestochasticsam-

pling algorithmcalled the EvidencePre-propagationalgorithmto model the nodedependencies.

Sicethebehavioral descriptionincludescomponentssuchasadders,multipliers,registers,subtrac-

tors,we identify eachof thecomponentsinputsandfeedit to anotherbayesiannetwork (LIDAG)

constructedusingthecomponentsimplementationdetails.

1.5.2 Logic Induced DAG

The terminalprobabilitiesfrom the Behavioral BayesianNetwork are fed to a bayesiancon-

structedat the gatelevel. The Bayesiannetwork constructedat a Logic level is calledthe Logic

InducedDirectedAcyclic Graph(LIDAG). Oncethe output probabilitiesare available from the

BIDAG calculatingpower for any type of circuit implementationis very fast. We usedHSPICE

to modeltheloadcapacitancesandto verify theoutputswe usedour own gatelevel simulatorand

the resultsarepresentedin the resultsection. This work focuseson mappinga Behavioral Data

Flow Graphs(DFG’s) in to GraphicalProbabilisticnetworks called the Bayesiannetworks. We

namedour structureBIDAG asit is a combinationof topdown andbottomup methodologies.We

7



prove that BIDAG is a bayesiannetwork andthenestimatepower in RTL benchmarkcircuits to

illustrateour case.Oncethenodalswitchings,which areinturn inputsto the internalcomponents

of thetop-level circuit, areknown, theseprobabilitiesarefed to anLIDAG,whichis Logic Induced

DirectedAcyclic Graphthatareusedto representtheprobabilisticknowledgeof thegatelevel im-

plementation.With thisstepall theinternalnodeswitchingof thedifferentcomponentsof themain

circuit areextracted.Thenext stepinvolvescalculationof Power with capacitanceextractedfrom

gatelevel implementation.Sinceour methodis a combinationaltop-down, bottom-upmethod,the

capacitancevaluesarealreadyextracted.Averageswitchingactivity is estimatedfor theRTL com-

ponentsandusedto calculatepower. This power valueis comparedwith gatelevel power estimate

andresultstabulated.

1.6 Flow of this Thesis

Theoutlineof this thesisis asfollows. DifferentpowerestimationtechniquesatRegisterTrans-

fer level arediscussedin theChapter2. In Chapter3 we discussthebasictheoryof BayesianNet-

worksandmodellingaRTL circuit usingbayesiannetwork. After theconstructionof theBayesian

Network theinferencing,which is probabilisticupdating,is explainedin theChapter4 andfinally

we presentour resultin Chapter5.
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CHAPTER 2

RELATED WORK

Low power designhasbeentheprimary concernfor currentVLSI researchers.Shrinkingthe

device sizesandpackingmillions of transistorsin a single chip increasesthe power dissipation

perunitareaandthis power hasto be estimatedin order to implementany low power technique.

Power estimationhasbeenperformedat different levels of abstraction,suchas the logic level,

functional block level, algorithmic level and architecturallevel. Power estimationat logic level

giveshigheraccuracy but is highly inefficient with time andcostasexplainedearlier. Thepower

estimationat Register TransferLevel is fasterthan the gatelevel power estimation. Survey of

differenttechniquesof powerestimationin RegisterTransferLevelhasbeenbestdiscussedin [2, 3].

TheRTL power estimationcanmethodscanbebroadlycategorizedin to two methods,namely

� top-downmethods.

� bottom-upmethods.

Top-downmethodsareusedwhenno informationis availableon theblock whosepower is to

be estiamted.The block actsas a black box and the power is modelledwith knowledgeof the

input statistics. Theseblack box modelsare called as the soft macros. Top-downmothodsare

dependenton the initial conditions,suchastheactivity andthecapacitance.If the internaldetails

of the functionalblock is known thenthesemethodarehighly inaccurate.Bottom-upmethodsare

usedwhentheinternalimplementationdetailsof thefunctinalblocksareknown. Thesefunctional

blockswith synthesizablegatelevel specificationof thehardwareblocksarecalledthehardmacros.

Figure2.1.showswhenbottom-upandtop-down methodsbeapplied.In thefirst casefor theAdder,

A1 no informationis availableonthetypeimplimentationof adder. It mightbearipplecarryadder,

9



carry propagateadder. But when implementationdetailsare known it falls underto bottom-up

methods.

2.1 Top-Down Power Estimation Techniques

Survey of varioustopdowntechniquesthat operateat architectural,behavior, instructionand

systemdomainshasbeendoneby Landmanetal. [10]. In [5] Muller proposedamethodto calculate

power dissipation,areaandspeedbasedon the informationfrom a knowledgebase.Theuserhas

to decideon thedesigndescriptionlike theestimatedgateequivalents,cells,switchingactivity and

capacitancesandaccuracy dependson theusersjudgement.Thesetechniqueshave someaccuracy

in areaswherecomplexity parametersareeasilyto estimate.In a similar techniquebasedon the

complexity [4], Liuet al. proposeddiffernt complexity parametersfor differentfunctionalblocks

and the switchingactivity factorwasstill assumedto be a user-specifiedconstant. Entropy and

Informationtheoreticmesaureswereusedto esitmatepower in [6, 7] and [8, 9]. In [7] activity

densityof the functionalblock, D is estimatedbasedon theentropy. Given theprobabilityof the

signalis p then,theentropy of thenodeis givenby,

H � x� � plog2
1
p � � 1 	 p� log2

1
1 	 p

(2.1)

If thesignalcantake n variablesthentheentropy is givenby,

H � x� �
n

∑
i 
 1

pi log2
1
pi

(2.2)

UsingEquation2.2inputandoutputentropies,Hinp, Hout , areestimatedandtheaverageentropy,

Havg, of thefunctionalblock is calculatedusingtheequation2.3.

Havg � 2� 3
n � m

� Hinp � 2Hinp � (2.3)

Entropy isgoodrepresentationof thesignalactivity whenthesignalis consideredindependentp �
0 � 5. Hencethesemethodsarebestsuitedwhentherandominputsareconsideredat the inputs. In

[14] power estimationfor soft macros,functionalblock for which synthesizableHDL is available

10
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but thegatelevel implementations,dependingon theinputandoutputactivity is proposed.Charac-

terizationis basedon a techniqueof adaptive signalprocessingknown asleastmeansquares.

2.2 Bottom-Up Power Estimation Techniques

Severalbottom-uppower estimationtechniqueshave beenproposedrecently. Whentheimple-

mentationdetailsareknown,bottom-uptechniqueshavemoreaccuracy thanthetop-downmethods.

Thoughextensive researchhasbeenin the estimationof averagepower, works on cycle-by-cycle

power hasalsobeenpresented.Most bottom-upmethodsarebasedon macromodeling. A power

macromodelis constructedfor a functionalblockandis thenusedfor high level power estimation.

Macromodelsareclassifiedin to two types:

� equation-basedmacromodels.

� look-uptablebasedmacromodel.

The simplestpower macromodelingtechniqueproposedin [15] called the power factor ap-

proximationmodelstheaveragepower with theassumptionthattheinputsarehighly independent.

This assumptionresultsin lossof accuracy as the power is dependenton input correlations. In

[16] slightly improved approachwasproposedby Landmanet al.. The inputsarenot completely

independent,but the temporalcorrelationsareconsideredin the MSBs andthe LSBs areconsid-

eredrandom.This assumptioncanbemoreaccurateif morestatisticslike thespatialcorrelations

andspatio-temporalcorrelationswereconsidered.Moreworkson regressionbasedmodelsinclude

[17, 18, 21]. Sinceregressionis dependenton the training pattern,accuracy is decreasedwhen

operatedunderdifferentinput patternsthentheonesusedto characterizethemacromodel.In [18]

two macromodelingtechniqueswereproposedfor time effective andmoreaccuratemacromodel-

ing, namelytheSamplermacromodelingandAdaptivemacromodeling. In Samplermacromodeling

techniqueinputsaresampledbasedon a randomsamplingmethodthereby reducingthe number

of cyclesin which the input statisticsarestudiedtherebyreducingthe time for simulation.Adap-

tivemacromodelingis basedonregressionanalysisutilizing gatelevel power simulationandhence

recordbetteraccuracy.
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Oneof the pioneeringwork by Najm et al. [21] usedLook-Up-Tablebasedcharacterization

approachto to build the power macromodelandhasbeenshown to have imporved accuracy and

robustness.This work by Najm et al. is an extensionof the work by the sameauthorin [36].

In [36] a threedimensionaltable is constructedwhoseaxesareaverage input probability � Pinp � ,
average input transitiondensity � Dinp � andaverage outputzero delaytransitiondensity� Dout � . For

any selectionof the threevaluesresultsin a power valuefor themodule. But this hasmoreerror

sincetwo valuesof � Pinp � , � Dinp � , � Dout � doesnot always result in samepower. HenceNajmet

al. introduceda fourth dimensionin to thetable,Input SpatialCorrelationsSCinp. In theprevious

sentencesinputprobability, is theprobabilitythatthesignalis ’1’, transitiondensity, is thenumber

transitionsperunit time,spatialCorrelationrefersto thedependenceof theparticularnodeon any

node.Theaveragepower basedon thefour dimensionallookuptableis givenby,

Pavg � f � Pinp  Dinp  SCinp  Dout � (2.4)

Eachof the variablesthat constitutethe axes of the macromodelsatisfy the condition given

below,

Dinp

2
�

Pinp
�

1 	 Dinp

2
(2.5)

nD2
inp 	 Pinp

n 	 1
�

SCinp
�

Pinp (2.6)

Similar Look-up-tablesareutilized in power macromodelingasin [20, 34, 22, 23]. Input de-

pendentandinput independentmodelsdependon characterization.Characterizationis theprocess

thatimprovesaccuracy of powermodelsby exploiting accuratesimulationsof thegatelevel imple-

mentationof theunit to bemodeled,repeatedfor significantinput transitions.Applicationssuchas

noiseanalysis,heatdissipationanalysisneedpower to becalculatedat every cycle. Cluteringap-

proachproposed[34] to calculatethecycle-by-cycle power is basedontheassumptionthatclosely

relatedinput transitionshave similar power dissipation. This assumptionis not always true and

whenthenumberof clustersbecomeslargeit resultsin inaccurateresults.An automaticprocedure

13



for cycle-accuratemacromodelgenerationwasproposedby Wu et al. [19]. Improvedcharacteri-

zationof macromodelsareaddressedin [11, 20, 29, 28, 27, 30, 31]. [20] is aLook-up-tablebased

approach,whereinputsareclusteredfor higheraccuracy. Theaveragepower is thenangivenby,

Pavg � f � PL
inp  PH

inp  DL
inp  DH

inp  Dout � (2.7)

PL
inp is theprobabilityof thelow switchinginput,PH

inp is theprobabilityof highswitchinginput,DL
inp

densityof thelow switchinginput,DH
inp is thedensityof thehigh switching, Dout is thedensityof

the output. Clusteringthe inputsbasedon the switching in to high and low switching increases

thedimensionof theLookupTableandthereby increasesthecharacterizationtime. Power model

usingnodesamplingwasproposedin [29]. Theassumptionthatpowercanbemodeledwith partial

knowledgeof few nodesis highly proneto errors.Anothernodesamplingtechniquewasproposed

in [27] whereinsteadof internalnodesaresampledinsteadof theinputnodes.Anothercyclepower

estimationtechniqueproposedby Potlapallyetal. in [11] is basedon seperatingtheinputspacein

to regionswith similarpower behavior andseperatemacromodelsareconstructedfor eachof these

input spaces.The selectionof the appropriatepower modelfor a given spaceis determinedby a

functioncalledPowermodeIdentificationFunction(PIF). Power macromodelingbasedon power

sensitivity wasproposedin [33]. Power is representedasa functionof powersensitivity to primary

inputactivity ζa � xi � givenby Equation2.8andpowersensitivity to primaryinputprobabilityζP � xi �
givenby Equation 2.9. Thefinal power is cumof power dueto normalaveragepower dissipation

Pnorm andsensitivity andis givenby theEquation2.10.Spuriousactivity in RegisterTransferLevel

is addressedin [24, 25].

ζa � xi � � δPoweravg

δa � xi � � ∑
i � primaryinputs

f anout � j � δa � j �
δa � xi � (2.8)

ζa � xi � � δPoweravg

δP � xi � � ∑
i � primaryinputs

f anout � j � δa � j �
δP � xi � (2.9)

Power � Powernom � ∑
i � primaryinputs

� ζa � xi ����� a � xi � � � ζPxi ��� P � xi � (2.10)
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CHAPTER 3

BAYESIAN NETWORKS FOR REGISTER TRANSFER LEVEL POWER MODELING

To solve a complex problemoneneedsto have a clearknowledgeof thenatureof theproblem

andthereasonwhy it hadhappened.In mostof thereallife situationstheknowledgeof theproblem

is obscureand coming to conculsionsbasedon theseuncertainknowledgeis highly erraneous,

thus requiringa differentmethodof representation.Bayesiannetworks, alsocalledasBayesian

belief networks, casualnetworks or probabilisticnetworks, aregraphicalmodels,that utilize the

probabilisticandstatisticaltechniques,to conciselyrepresenttheknowledgeof theuncertainity.

To illustratebetterabouttheneedfor Bayesiannetworks,considercircuit of a full addershown

in Figure3.1..Theprobabilitydistribution, thatgivesthecurrentknowledgeor belief, of thecurcuit

or alsocalledasthebelief for theadder, is a functionwith every input, outputandpresentstateof

thegateandis representedas,

P � A  B  C  I1  I2  I3  I4  I5  I6  Sum Carry� (3.1)

Thereal time intelligentsystemdomainsarehugewith morenumberof variablesin theprob-

abilistic distribution. Increasein numberof variableseventually makes the belief updatingun-

tractable.Thegraphicalprobabilisticmodelson theotherhandutilize thedependency betweenthe

nodesandthe resultingprobability distribution is simpler. Bayesiannetwork for the full adderis

shown in the Figure3.2., whereeachof the nodesrepresentthe randomvariablesand the links

betweenthe nodesdeterminethe influenceof onenodeover other. HerenodesA, B, C areinput

nodes,I1, I2, I3, I4 areinternalnodesandSum, Carry areoutputnodes.Whenthe belief of the

nodesI1 andI4 areknown thentheposteriorbeliefof Sumcanbeupdatedwith knowledgeof its

parent,I1 andI4. This independency of achild nodeoverall othernodes,giventheits parentnodes
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Figure3.1.Full AdderLogic Circuit

belief is calledastheconditionalindependence.A Bayesiannetwork representstheexponentially

sizedjoint probabilitydistribution in a compactmanner. Thejoint probabilitydistribution for a net

with n variables,with belief of parentPa � Xk � ,is givenby,

P � X1 ������� XN � �
n

∏
k
 1

P � Xk �Pa � Xk � (3.2)

Hencegraphicalmodelsthatutilize theconditionalindependence,areusedto conciselyrepre-

senttheprobabilisticknowledgeof thecircuit. Thedomainrefersto a collectionof variablesin a

set.Eachof thesevariableshaveadiscretespace,from wherethey gettheirvalues.ThetermBelief

updatingrefersto updatingtheknowledgeof theprior belief with posteriorbelief. Thegraphsthat

areusedto representthebayesiannetwork andupdatethecurrentbeliefof anetwork canbeof three

types,namelydirected, undirectedandhybrid. Thenodesin thegraphrepresentthevariableandthe

edgebetweenthenodesrepresentthedirectdependencebetweenthenodes.As thenamesuggests,

in undirectedgraphsasshown in Figure3.3.(b) thenodesareconnectedby anundirectededgeand

thepathrepresentedby � N1  N5  N7  N8 � . Thedirectedgraphis shown in theFigure3.3.(a) with

the edgebetweenthe nodesreplacedwith directedarcs. The graphis directedacyclic graphand
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(b)  HYBRID GRAPH
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(b)  DIRECTED GRAPH(a) UNDIRECTED GRAPH

Figure3.3.GraphicalModelsusedto RepresentaDigital Circuit

thepathis represetedas � N4  N6  N7  N8  N10 � andevery nodehasa incomingheadandhasan

outgoingheadof thearrow. A hybridgraphis combinationof cyclic andacyclic graphs.

3.1 Bayesian Networks

Bayesiannetwork is agraphicalmodelthatefficiently encodesthejoint probabilitydistribution

for largesetof variables.Eachvariablevi getsits valuefrom afinite spaceDvi . In ourcasein order

to model the switchingactivity at the nodesof the bayesiannetwork, the finite spacefor eachof

thevariablesis four in length,eachcontainingknowledgeon switchingnamely, 0 � 0  0 � 1  1 �
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0  1 � 1. Thedesignspaceis thenthecartesianproductof thespacesfor thevariables.Eachof the

elementin Dvi , is calleda configuration.The uncertainitiesin the dependencebetweenvariables

are representedin termsof a probability function P definedover the variables. P � X � x �Y � y�
representsthebelief on the truth of x given the truth of y andis termedasconditionalprobability

andunconditionaldistribution over theentiredomainis referredto as/joint probabilitydistribution.

In thefollowing sectionwewill discussvariousnotationsanddefinitionsfrom Pearl[44].

Definition 1: Let U= � U1  U2 ������ Un � be a finite setof variablesthat canassumediscreteval-

ues. Let P ����� be the joint probability function over thevariablesin U , andlet X, Y andZ be any

threesubsetsof U . X, Y andZ mayor maynot be disjoint. X andY aresaidto beconditionally

independentgivenZ if

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

I � X  Z  Y � representsthe conditionalindependenceof X andY, which statesthat X andY are

independenton eachotherwhentheknowledgeof theothersubsetZ is known. In theFigure3.3.

having a knowledgeof the node,I1, makes the variablesA andSum independentof eachother.

A dependency model,M, of a domainshouldcaptureall thesetriplets namely � A  I1  Sum� . The

propertiesinvolving thenotionof independenceareaxiomatizedby thefollowing theorem.

Theorem1: Let X, Y, andZ bethreedistinctsubsetsof U . If I � X  Z  Y � standsfor therelation

“X is independentof Y givenZ” in someprobabilisticmodelP, thenI mustsatisfythe following

four independentconditions:

I � X  Z  Y ��� I � Y Z  X � (symmetry) (3.4)

I � X  Z  Y � W ��� I � X  Z  Y � & � X  Z  W � (decomposition) (3.5)

I � X  Z  Y � W ��� I � X  Z � W Y � (weakunion) (3.6)
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I � X  Z  Y � & I � X  Z � Y  W ��� I � X  Z  Y � W � (contraction) (3.7)

Symmetryaxiom statesthat if an observation of Z is availableand if X hasno influenceon

Y, thenY hasno informationon X. Thedecompositionaxiomstatesthat if two setsareirrelevant

to X having a knowledgeof Z, then they are individually irrelevant. The axiom of weak union

suggeststhatlearninganirrelevantinformationW cannotmakeY morerelevantof X. If W is found

irrelevantto X afterlearningsomeirrelevant informationY, thenW wasirrelevantto X evenbefore

we learnedY.

Definition 2: If X, Y, andZ arethreedistinct nodesubsetsin a DAG D, thenX is saidto be

d-separatedfrom Y by Z, � X �Z �Y � , if thereis no pathbetweenany nodein X andany nodein Y

alongwhich thefollowing two conditionshold: (1) every nodeon thepathwith converging arrows

is in Z or hasa descendentin Z and(2) every othernodeis outsideZ. If thereexist sucha path

wheretheabove two conditionshold, thepathis calledanactive path.

In the Figure3.3., considerthe nodesSum, I4 and I1. NodeSum is connectedwith B via I2

and I4. Thereexists two intermediatenodesin betweenthe primary nodeandthe productnode.

ThenodeI2 d-seperatesthenodesI4 andB, which inturn is deseperatedfrom nodeSumby the I2.

I4 andI1 actingasdirectparentsto theSumnodecannotbefurtherd-seperated. Next we discuss

abouttheDAG with with suchd-seperationswith conditionalindependence.

Definition3: A DAG D is saidto beanI-mapof a dependency modelM if every d-separation

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

for every threedisjoint setsof verticesX, Y, andZ, we have, � X �Z �Y � � I � X  Z  Y � .
In the Figure3.3. nodesSum, I4, Is exhibit conditionalindependence,whennodeSum is un-

changedno matterby thepresenceof absenceof theknowledgeof I2, which is shown in theequa-

tion 3.8. Furtherseperationof the nodesresultsin lossof dependency andinformationandthus

this minimizedd-seperatedgraphsform theminimal I-mapandtheDAG with minimumI-mapsis

calledasaBayesianNetwork. This is illustratedin thefollowing definitions.

p � Sum�A  B  C  I1  I2  I4� � p � Sum� I1  I4� (3.8)

21



Definition 4: A DAG is a minimal I-map of M if noneof its edgescan be deletedwithout

destroying its dependency modelM.

Definition 5: Given a probability function P on a set of variablesU , a DAG D is called a

BayesianNetworkof P if D is aminimumI-mapof P.

Definition6: A Markov blanketof elementXi ! U isasubsetSof U for whichI � Xi  S U 	 S 	 Xi �
andXi "! S. A setis calledaMarkov boundary, Bi of Xi if it is aminimalMarkov blanket of Xi, i.e.,

noneof its propersubsetssatisfythetriplet independencerelation.

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

andlet d be an orderingXd1  Xd2 ������ of the elementsof U . The boundarystrata of M termedas

BM relative to d is an orderedsetof subsetsof U , � Bd1  Bd2 ������#� suchthat eachBdi is a Markov

boundary(definedabove) of Xdi with respectto thesetUdi �%$ U � � � Xd1  Xd2 ������& Xd ' i � 1( � , i.e. Bdi

is the minimal setsatisfyingBdi $ U and I � Xdi  Bdi  Udi 	 Bdi � . TheDAG createdby designating

each Bdi as the parentsof the correspondingvertex Xdi is called a boundaryDAG of M relative

to d. It shouldbe notedherethat theonly orderingrestrictionis that the variablesin theMarkov

Boundaryset(of aparticularvariable)have to beorderedbeforetherandomvariable.

Theorem2: Let M be any dependency modelsatisfyingthe axiomsof independencelisted in

Eqs.3.4-3.7. If thegraphstructureD is a boundaryDAG of M relative to orderingd, thenD is a

minimal I-mapof M.

This theoremalongwith definitions2, 3, and4 above, specifiesthe structureof the Bayesian

network. Weusetheseto proveour theoremregardingthestructureof Bayesiannetwork to capture

theswitchingactivity of acombinationalcircuit.

Definition8: At a Behavioral level, theDirectedAcyclic Graph(DAG) representsthebehavior

of thesystem,whereeachnoderepresentsthevariables,includingprimary, intermediateandoutput,

and edgesspecify the direct depedency of the nodesbeing connected.The intermediatenodes

arethe resultof outputsfrom multipliers, addersor comparators.Eachnodecarry the switching

probability informationwhich is thentraversedto thechild nodesto which theout goingdirected

graphsfrom primary nodeare connected. The DAG for the behavioral specifiation,called the
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Figure3.4.Parentsfor Eachof theOutputBits of an4-Bit Adder

Behavior InducedDirectedAcyclic Graph(BIDAG) is shown for anIIR Filter Figure3.7..Herethe

nodesA0, A1, A2, A3, A4, B0, B1, B2, B3, B4, B5 aretheprimarynodes,I1, I2, I3, I4, I5, I6, I7,

I8, aretheintermediatenodesasa resultof additionor multiplicationandYout is theoutputnode.

Thedependenciesof theoutputbitsof an4-Bit Adderis shown in Figure3.4.. It is evidentfrom

thefigure thatasthesizeof theAdder increases,thenetnumberof parentsfor eachof theoutput

bit alsoincreasesandtherebythe joint probabilitydistribution for any higherorderoutputbit is a

complex function. In theexampleshown in Figure3.4., numberof parentsfor the S3 bit is 9. In

orderto overcomethecomplex functionsthatresultfrom thepreviousstructure,dummynodesare

introducedin thecircuit to minimize thesizeof theprobabilitydistribution. Thesedummynodes

effectively capturethedependencerelationbetweena nodeto its parents.Introductionof dummy

nodesin 4-Bit Addercircuit is shown in Figure3.5.wherenodes,C1, C2, C3, C4 arethedummy

nodesthatcontributeto acasewhereany outputnodeis dependentonly onamaximumof 3 inputs.

Theorem3: TheBIDAG structureis a minimal I-mapof theunderlyingswitchingdependency

modelandhenceis aBayesiannetwork. Proof: To betterunderstand,let ustake thedataflow graph
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of the fulladdershown in 3.5., wherenodes,A  B representsetof all the bit inputs to the adder

andthebits C  S denotethecarry or dummynodesandthe sumnodes.It is clearfrom thefigure

thatSumnodesaredependentonthepreviousbit adderoutputCarry, which in turn is conditionally

dependentontheprimaryinputsat thatpreviousstage.ThoughA0  B0  A1  B1  C1  C2 constitutethe

distantandimmediateparentof thenodeS2,knowledgeof switchingattheintermediatenodewhich

form its immediateparentor calledastheMarkov boundary, C2 is sufficient enoughto modelthe

SumandCarry, thusproving thatI � S2 �C2 �A1� andany switchingin theinputnodeswill havecausal

effect on theoutputnodes,in our case,Adders.ThusformedBIDAG is a DirectedAcyclic Graph

structurecorrespondsexactly to the DAG structureonewould arrive by consideringprinciplesof

causalitywhichstatesthatonecanarriveataappropriateBayesianNetwork by directinglinks from

nodesthatarecausesto nodesthatrepresentimmediateeffects,with thedirectedlink theimmediate

causesof switchingthatquality.

3.2 Behavior Induced Directed Acyclic Graph

Thepowermodelingpresentedin thisthesiswork utilizesinformationfrom two levelsof design

specification,namelygatelevel andRegisterTransf erLevel, thustwo different typesof bayesian

networksarerequiredto beconstructed.Theconstructionof suchbayesiannetworks,BIDAGsfor

Behavioral level, andGatelevel LIDAGsareexplainedin thefollowing section.

At the behavioral level, the circuit is specifiedin termsof registers,arithmeticunits, suchas

adders,multipliersanda typicalDataFlow Graph(DFG) is suitableenoughto representthecircuit,

asshown for a IIR filter in Figure.3.6.. This graphcanbe transformedin to a bayesiannetwork

with nodesactingasthevariablesandthearithmeticfunctions,addition,subtraction,multiplication,

berepresentedby a directedarc. This directedarccapturesall thedependenciesof thechild node,

eg. I1 multiplier output,on the parentnodeA0. Eachvariableor nodein the network holdsthe

probabilityof eachtypeof transitions� A000  A001  A010  A011 � . Four bit inputsareconsideredand

henceeachA0 is subdividedin to A00,A01,A02,A03andareindependentof eachotherunlessthey

areoutputsfrom anothercomponentthatmight decidethe input of thecurrentcircuit in hand,the
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Figure3.7.DirectedAcyclic Graphfor anIIR Filter

IIR filter. Theflow of messages,for belief updatingdiscussedin thenext chapter, dependson the

conditionalprobabilitytableconstructedfor theeachof theunits,multipliers,adders.

In thecaseof anadder, whichdeterminesnodesI7, I8 andYout, behavioral formatof theadder’s

outputsumandcarry, theequationformat,is utilizedto constructtheConditionalProbabilityTable.

To make it moreclear, theadderSumandCarry equationsaregivenby Equations.3.9and 3.10.

Sumi � 1 � � Ai � 1 � Bi � 1 � Carryi � 1 � %2 (3.9)

Carryi � ��� Ai � 1 � Bi � 1 � Carryi � 1 �)	 Sumi �
2

(3.10)

Switching in the Sum andCarry is studiedby observingthe previous valuesof the Sum and

Carry. The ConditionalProbability tablefor the Sum of the Adder structureis shown in the Ta-
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Figure3.8.TerminalNodeSwitchingPropagatedto theLIDAG

bles.3.1.. HereX00, X01, X10, X11 representswitchingfrom 0 � 1, 0 � 1, 1 � 0, 1 � 1 for inputs

Xinput1, Xinput2, Xinput3 andoutputXout put . ConditionalProbabiltytablesof suchkind arebuilt for

eachof theintermediatenodesanda full Bayesiannetwork is constructedwith all thenodesof the

circuit. This bayesiannetwork with the informationon the input nodeprobability determinesthe

outputprobabilitesof eachintermediatenodeseffectively.

3.3 Logic Induced Directed Acyclic Graph

Sinceour methodis sandwitchmethodwith knowledgeof both higherlevel specificationand

lowerlevel implementationdetails,in ordertocomputepowerlogic levelbayesiannetwork (LIDAG)

isconstructedwith theknowledgeof switchingfromtheBehavioral levelBayesianNetwork (BIDAG).

This is best illustratedin the Figure. 3.8.. Oncethe belief updatingis donefor the behavioral

bayesiannetwork, terminalprobabilitiesof thedifferentcomponentsarefedto thegatelevelbayesian

network. The terminalprobabilitiesof theoutputof adderandmultiplier, I7 andI5 arefed to the

gatelevel BayesianNetwork, LIDAG. Sincethis freedomof designselectionis available, these
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Table3.1.ConditinalProbabilityTablefor theSumBit of anAdder

P * Xout put +Xinput1 , Xinput2 -
for Xout put . Xinput1 Xinput2 Xinput3/

x00 x01 x10 x11 0 = = =
1 0 0 0 x0 x0 x0

0 1 0 0 x0 x0 x1

0 0 1 0 x0 x0 x2

0 0 0 1 x0 x0 x3

0 1 0 0 x0 x1 x0

1 0 0 0 x0 x1 x1

0 0 0 1 x0 x1 x2

0 0 1 0 x0 x1 x3

0 0 1 0 x0 x2 x0

0 0 0 1 x0 x2 x1

1 0 0 0 x0 x2 x2

0 1 0 0 x0 x2 x3

0 0 0 1 x0 x3 x0

0 0 1 0 x0 x3 x1

0 1 0 0 x0 x3 x2

1 0 0 0 x0 x3 x3

0 1 0 0 x1 x0 x0

1 0 0 0 x1 x0 x1

0 0 0 1 x1 x0 x2

0 0 1 0 x1 x0 x3

1 0 0 0 x1 x1 x0

0 1 0 0 x1 x1 x1

0 0 1 0 x1 x1 x2

0 0 0 1 x1 x1 x3

0 0 0 1 x1 x2 x0

0 0 1 0 x1 x2 x1

0 1 0 0 x1 x2 x2

1 0 0 0 x1 x2 x3

0 0 1 0 x1 x3 x0

0 0 0 1 x1 x3 x1

1 0 0 0 x1 x3 x2

0 1 0 0 x1 x3 x3

P * Xout put +Xinput1 , Xinput2 -
for Xout put . Xinput1 Xinput2 Xinput3/

x00 x01 x10 x11 0 = = =
0 0 1 0 x2 x0 x0

0 0 0 1 x2 x0 x1

1 0 0 0 x2 x0 x2

0 1 0 0 x2 x0 x3

0 0 0 1 x2 x1 x0

0 0 1 0 x2 x1 x1

0 1 0 0 x2 x1 x2

1 0 0 0 x2 x1 x3

1 0 0 0 x2 x2 x0

0 1 0 0 x2 x2 x1

0 0 1 0 x2 x2 x2

0 0 0 1 x2 x2 x3

0 1 0 0 x2 x3 x0

1 0 0 0 x2 x3 x1

0 0 0 1 x2 x3 x2

0 0 1 0 x2 x3 x3

0 0 0 1 x3 x0 x0

0 0 1 0 x3 x0 x1

0 1 0 0 x3 x0 x2

1 0 0 0 x3 x0 x3

0 0 1 0 x3 x1 x0

0 0 0 1 x3 x1 x1

1 0 0 0 x3 x1 x2

0 1 0 0 x3 x1 x3

0 1 0 0 x3 x2 x0

1 0 0 0 x3 x2 x1

0 0 0 1 x3 x2 x2

0 0 1 0 x3 x2 x3

1 0 0 0 x3 x3 x0

0 1 0 0 x3 x3 x1

0 0 1 0 x3 x3 x2

0 0 0 1 x3 x3 x3
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Table3.2. ConditionalProbabilitySpecificationsfor Output and Input Line Transitionsfor Two
Input AND Gate

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

for Xout put � Xinput1 Xinput2

� x00 x01 x10 x11 � = =
1 0 0 0 x00 x00

1 0 0 0 x00 x01

1 0 0 0 x00 x10

1 0 0 0 x00 x11

1 0 0 0 x01 x00

0 1 0 0 x01 x01

1 0 0 0 x01 x10

0 1 0 0 x01 x11

1 0 0 0 x10 x00

1 0 0 0 x10 x01

0 0 1 0 x10 x10

0 0 1 0 x10 x11

1 0 0 0 x11 x00

0 1 0 0 x11 x01

0 0 1 0 x11 x10

0 0 0 1 x11 x11

terminalbehavior form theBIDAG canbefed to any typeof thegatelevel circuit implementation.

Gatelevel bayesiannetwork is aDirectedAcyclic Graphwith nodesrepresentingthevariablesand

theedgesgiving thedependenciesbetweentheconnectednodes.At thegatelevel theedgeshold

theconditionalprobabilityinformationof theparticulargatetype,eg. XOR gate,NAND gate.The

conditionalprobability table for an AND gatethat is usedin the full adderis shown in the Ta-

ble. 3.2.. Here � X00, X01, X10, X11 � representswitchingfrom � 0 � 1, 0 � 1, 1 � 0, 1 � 1 � for

inputs � Xinput1, Xinput2 andoutputXout put . As thegatelevel specificationsareknown in thismethod,

switchingactivity at eachnodeis calculatedwith theknowledgeof capacitancefrom thecompo-

nentlibrary. Thusconstructinga differentimplementationof thesamefunction,eg. addition,can

betestedfor power andthebestof thetwo implementationscanthatmeetsuserspecificationscan

beusedin thefinal model.We usedtwo implementationsof adders,namelyripplecarryadderand

carrypropagateadder, to addresstheshift in implementationsanddifferencein power.
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CHAPTER 4

BAYESIAN NETWORK INFERENCE

Inferencein probabilisticexpertsystemsrefersto calculatingprobabilitydistribution of aquery

nodegivenanobservationor evidence.Thetwo maintasksof bayesiannetwork inferencearebelief

updatingandbelief revision. Beliefupdatingis theprocessof calculatingtheposteriorprobability

of an query node,X, given the observed value of the evidencenode,E, which is given by the

equation.4.1

P � X �E � e� � P � X � E  E � e�
P � E � e� (4.1)

Belief revision refersto the most probableinstantiationof the variables,given the observed

evidence.Whenthevariablesthatareto tbecomputedarenonevidencenodes,thenthemethodis

alsocalledascomputinga mostprobableexplanation,MPE. Most probableexplanationrefersto

computingmostprobableexplanation.

BayesianInfluencealgorithmsarebroadlyclassifiedin to two types,namely, ExactInference

andApproximateInference. Exactinferencealgorithmsarebestsuitedfor small circuits andAp-

proximateinferencealgorithmsareusedwhenbelief updatingis to bedonefor largecircuitswith

highernumberof nodes.

4.1 Exact Inference Algorithms

Exact Inferencealgorithmsarebestsuitedfor small circuits with lessnumberof loops,also

calleda thecliques. Numberof exactinferencealgorithmswereproposed.Perlproposedexactin-

ferencealgorithmsfor messagepassingpoly trees,oneof which is loop cutsetconditioningwhere

theconnectivity of a network is changedby analgorithmanda subsetof nodescalledloop cutset
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areformed. Polytreealgorithmis usedto solve thesesingly connectedloop cutsets.As different

instantiationshave to beconsideredwhile forming theloop cutsetsthesemethodsarehighly com-

plex and fail for highernumberof nodes. Clique-treepropagationis anothercommonbayesian

network inferencealgorithm,whereamultiply connectednetwork is convertedin tot cliquetreeby

clusteringthetriangulatedmoralgraphof theundirectedgraph.Thecliquetreealgorithmalsofails

for complex networks. Othermethodsof exact inferencealgorithmsincludetheconditioning, arc

reversal, Symbolicprobabilistic infrence, eliminationanddifferential methods.In the Arc rever-

sal/nodereductionmethod,links betweendifferentnodesareinversedusingBayesrule to sucha

statethat theevidencenodesaredirectly connectedto thequerynodes.In thedifferentialmethod

partialderevativesof multivariatepolynomialof thebayesiannetwork is usedto computetheprob-

abilistic queriesof thehypothesisnodes.Bayesiannetwork inferencealgorithmsdiscussedso far

canbeappliedto networkswith lessnumberof nodesandthataresimpler. Whenthecomplexity of

thenetwork increasesandwith the increasein thenodesize,belief updatingby exact inferenceis

impossibleandhencewe go for anothersetof inferencealgorithmscalledApproximateInference

Algorithms.

4.2 Approximate Inference

To meetwith theNP-hardnatureof beliefupdatingin densenetworkswith largenodesizes,ap-

proximatealgorithmsareusedto gettheprobabilityof anquerynodefor agivenevidence.Approx-

imateinferencealgorithmswork by generatingrandomsamplesfor thevariablesusinganpseudo

randomnumbergeneratorandapproximatingtheconditionalprobabilitiesof thequerynodes.Since

theprobabilitiesof nodesconverge to a valueonly whenalmostall thepossiblecombinationsare

capturedby the given sample,thesemethodsareeffective whengiven a long samplesandwhen

time is not a constraint. Input samplesare randomlygeneratedandhencethey are independent

on eachother. ApproximateInferencealgorithmsalsocalledasStochasticSimulationAlgorithms,

arebroadlyclassifiedin to two types,namelyImportanceSamplingAlgorithmsandMarkov Chain

MonteCarlo methods.

StochasticSimulationAlgorithmsarebroadlyclassfiedin to thefollowing two types:
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� Forward Sampling

� Backward Sampling

In the Forward samplingstochasticsimulationalgorithmspseudorandomnumbersaregenerated

andpropagatedfrom the input nodestraversedby the topologicalorderwhereasBackward sam-

pling stochasticsimulationalgorithmsstartfrom theevidencenodesandfind thebestfit for restof

the nodeprobabilites.Forward samplingtechniquescanbe Probabilistic Logic Sampling, Likeli-

hoodweighingandBackwardsamplingtechniquesincludeImportancesamplingalgorithms,such

asAdaptiveImportanceSampling, EvidencePre Propagation ImportanceSampling, to generate

samplesbasedon animportancefunction. BackwardSamplingalgorithmsaremainly usefulwhen

thereis unlikely evidencenodeswhenforwardsamplingtechniquesarehighly inaccuratein calcu-

lating theposteriorprobabilities.

4.2.1 Probabilistic Logic Sampling

The first andthemostsimplemethodof stochasticinferencingis theprobabilisticlogic sam-

pling [52]. Givenevidencefor certainnodes,a randomnumbergeneratorandtraversedto trough

the topologyof the network to the child node. During eachrun, the probabilitesat eachnodeis

capturedandtheaverageof thenodeprobabilityis calculatedat theendof thesampling.Whenev-

idencenodesarepresent,thenthesamplesduringwhich theinconsistentprobabilitiesof evidence

nodevaluesarerejectedandsimulationis donefor matchingevidencenodeprobabilites.Proba-

bilistic Logic Samplingis highly erraneouswhentheevidenceis very unlikely, whenthenumber

of sampleswhich satisfythesetevidenceis very few thantheactualnumberof samplesneedfor

theprobabilitiesto converge. ProbabilisticLogic Samplingtechniquesaresuitedfor smallcircuits

with very few or no evidencenodes.

4.2.2 Likelihood Weighting

Problemcauseddueto theProbabilisticLogic Samplingis handledin addressedin theLikeli-

hoodweightingalgorithm[54]. Unlike thepreviousmethodwherethesamplesarerejectedfor in-

consistentevidencevalues,theobservedvalueof theevidencevariableareusedto calculateweight

33



of thesamplecalledasthescore for theprobabilityof anevent.Scoremodelsthefractionof prob-

ability of aneventin thesamplethatmatcheswith theevidenceto theprobabilityof thesameevent

consideringevery sampleno matterit matchesevidenceor not.

Importancesamplingalgorithmsexhibit improved samplingapproachby usingan importance

samplingfunction, to approximatethe posteriorprobability distribution. To computeIntegral as

shown in Equation.4.2, similar to computingtheprobability of a node,importancesamplingap-

proachis givenin Equation.4.3.Thefunction f � X � is theimportancefunction

I �
1

Θ
g � X � dX (4.2)

�̂ I � �
1

Θ

g � X �
f � X � f � X � dX (4.3)

Samplesthatareusedto approximatetheconditionalprobabilityaredependenton thefunction

f � X � . Oncethesamplingis donetheintegral functionis givenby,

�̂ I � �
1

Θ

g � Si �
fSsi

f � X � dX (4.4)

The varianceof the probability table is inverselyproportionalto increasein the numberof

nodes. The importancealgorithmscanbe classifiedbasedon two classes,namely, Selsampling

algorithm andheuristic importancesampling. Circuit importancefunction is updated,using the

scoresgeneratedin thealgorithm,to revise theconditionalprobability tablesin orderto make the

samplingalgorithmapproachto theestimaton.In theheuristicimportancesamplingmethodedges

areremovedin thenetwork to make it similar to polytreesandthenapoly treealgorithmis usedto

computethelikelihoodfunctions.If theheuristicimportancefunctionevaluavedis closeenoughto

theoptimalimportancethenit canleadto asignificantimprovementin performance.

4.2.3 Adaptive Importance Sampling

Chengetal. in [50] proposedanimportancesamplingalgorithmcalledtheAdaptive Importance

Sampling,(AIS), thatminimizesthesamplingvarianceby varyingtheimportancefunctionsothatit
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is closeenoughto theoptimalimportancefunction.Theoptimalimportancesamplingfunction,that

is acomplex mathematicalexpression,for calculatingtheposteriorprobabilitiesgiventheevidence

of querynodesis identical to the importancesamplingfunction whensamenetwork structureis

usedduringtheevidence.Thenoptimal importancewhich captureseffect of all evidenceon every

nodein thenetwork is givenby Equation4.5

ρ � X � E � �
m

∏
k
 1

P � Xk �Pa � Xk  E ��� (4.5)

ImportanceConditionalProbabilityTables(ICPT)areusedto updatetheposteriorprobabilities

of eachnodeconditionalon the evidencenodes.Insteadof incrementingthe occuranceasin the

previous samplingtechniques,ICPT tablesvery similar to the Conditionalprobabilitly tablesare

updatedduringtheimportancefunctionlearningprocess.

Thethird mainreasonfor improvedresultsin Adaptive ImportanceSamplingaraisesfrom the

initializationof theimportancefunction.Twoheuristicsarepresentedfor betterperformance.While

learningthe importancefunction, if the initial value of the importancefunction is closeto the

optimal importancefunction,convergenceis achievedat anearliertime. The immediateancestral

nodesto theevidencenodesarethemostaffectednodesthanonesthatarefurtherdown thepath.

Chenget al. had proposedthat by initializing the ImportanceConditionalProbability Tablesof

immediateancestralnodeshigherconvergenceratesareachieved. Addressinguncertainevidence

problemin theprevioustechniques,hehadsuggestedthatif athresholdΘ canbesetsuchthatwhen

any nodeprobabilityis below thethresholdvalueit is replacedwith thethresholdvalue.In turn this

thresholdis deductedfrom thelargestprobabiliyin thesameconditionalprobabilitydistribution.

4.2.4 Evidence Pre Propagated Importance Sampling

Proposedby Yuanet al. in [51], EvidencePre-propagatedImportancesamplinguseslocal

messagepassingand stochasticsamplingtechniquesto effectively calculatethe probabilitiesof

querynodesfor givenevidencenodes.EPISis similar to theAdaptive Importancesamplingmethod

exceptthatthelearningto learntheapproximationsof theICPTsaredirect. If X � � X1, X2 ������� Xi �
is asetof variablesin Bayesiannetwork, let Pa � Xi � betheparentof Xi andE bethesetof evidence.

35



Theoptimalimportancefunctionis thengivenby theEquation4.6,whereP � Xi �Pa � Xi  E ��� is defined

astheimportanceconditionalprobabilitytable.

P � X �E � �
n

∏
k
 1

P � Xi �Pa � Xi  E ��� (4.6)

Definition: An importanceconditionalprobabililty tableon Xi is a tableof posteriorprobabili-

tiesP � Xi �Pa � Xi  E ��� conditionalon theevidenceandindexedby it immediatepredecessors,Pa � Xi � .
Every nodein the poly treed-seperatesin to two subsetscalledthe E � andE 2 . E � denotes

theevidenceconnectedto thechildrenandE 2 denotestheevidenceconnectedto theparentof any

nodeXi. Thetwo subsetsareindependenton eachotherandtheevidencemessagethuspassedare

termedas,λ � x� messagesfor thosesentby theparentsandπ � x� messagesfor thosesentfrom the

childrento theparents.

λ � x� � P � Xi �Pa � X �E � ��� (4.7)

π � x� � P � Xi �Pa � X �E 2 ��� (4.8)

After themessagesarepropagatedandconvergenceis achievedtheposteriorbelief on any nodeis

givenby,

Bel � x� � αλ � x� π � x� (4.9)

Perlsbelief propagationalgorithmcanbe appliedto networks with loopswherethe belief of the

nodeis continuouslyupdatedin a loop till belief converges. Similar to the AIS method,in EPIS

methodthe thresholdfor the low probability in the network is identifiedandreplacedwith an θ

thresholdandat thesametime thelargestprobabilityof thenetwork is subtractedby thiscutoff.

Stochasticsamplingtechniquesdiscussedabovework finefor bayesiannetworksastheoptimal

importancefunction is the productof the conditionalprobability function of all nodes. We used

EPISalgorithmsto estimatetheswitchingactivty for ourcircuits,andwefoundthatsamplesaslow

as5000aresufficient enoughfor all thecircuits. In additionto theinput, theinput statespacesare
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 Calculate Component Power

Approximate Inferencing method
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Construct Bayesian Network for the 

complete circuit

 Calculate Component Power

(EPIS)

Switching from BIDAG Inference

Get Individual component Input

Figure4.1.PowerEstimationSteps

sampledsimultaneouslyusingastrongcorrective modelascapturedby Bayesiannetwork. Another

importantadvantageof thismethodis thatit is input patterninsensitive andtheconvergencerateis

very high.
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CHAPTER 5

EXPERIMENTAL RESULTS

In thissectionwediscussthepowerestimatesatRT level benchmarkcircuits.For everybench-

mark,we convert theminto a data-flow graphwhosenodesaretheresourceslike adder, multiplier

and edgesare inputs and outputsof the respective resources.We then translatethis DFG to a

Behavioral-DAG (BIDAG) which is proven to a BayesianNetworkswhich theminimal I-map for

theunderlyinglogical dependencey inherentin thealgorithm.Theestimationstepsarehighlighted

in Figure4.1.. Oncewe obtaintheBIDAG, we infer theprobabilitiesof the inputs/outputsusing

EvidencePre-propagatedImportanceSamplingwhichmodelstheuncertaintyin thesystemandthe

probabilitiesthatwe obtainmatchthebelief of thesystem.

Next, we uselogic level implementationof individual resourcesandmodelthemasLiDAGs.

Weusetheinferredprobabilitiesfrom theBIDAG to thecorrespondingLiDAG structureandusethe

samebelief propagationto obtaintheswitchingprofile of theindividual internalsignals,thepower

dissipationof the entiresystemis thuscomputed.Thus,we partition our probleminto handling

logic level dependency usingtheBIDAG structureandhandlethestructuraldependency usingthe

LIDAG structure.

We useWINDOWS XP computerwith PentiumIV, 2.00GHzprocessorto run our Inference

algorithmsandSunSolarismachinesfor our gatelevel simulations.We testedour modelfor three

Table5.1.Resultson TotalDynamicPowerDissipationfor BenchmarkCircuits

Low InputSwitching/
x00 . 0 3 5x01 . 0 3 15x10 . 0 3 15x11 . 0 3 2 0

Circuit No 3 of NodesEPIS Simultion 4 %error 4
FIR 1573 0.00143 0.00143 0.00
IIR 1522 0.00141 0.001411 0.00
ELLIPTIC 9081 0.0069 0.0070 1.4
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Table5.2.TotalDynamicPowerDissipationfor BenchmarkCircuits

RandomInputSwitching/
x00 . 0 3 25x01 . 0 3 25x10 . 0 3 25x11 . 0 3 250

Circuit No 3 of NodesEPIS Simultion 4 %error 4
FIR 1573 0.002438 0.00244 0.08
IIR 1522 0.002430 0.002428 0.08
ELLIPTIC 9081 0.001 0.0103 2.90

Table5.3.TotalDynamicPowerDissipationfor BenchmarkCircuits

High InputSwitching/
x00 . 0 3 1x01 . 0 3 4x10 . 0 3 4x11 . 0 3 1 0

Circuit No 3 of NodesEPIS Simultion 4 %error 4
FIR 1573 0.002811 0.002811 0.00
IIR 1522 0.002798 0.002798 0.00
ELLIPTIC 9081 0.01154 0.01177 1.90

typesof input behavior andfor ELLIPTIC filter which have reconvergencepathswe have a maxi-

mumerrorof only 3%. Thefirst sampleis anfor low inputswitchingbehavior, shown in Table 5.1.

whereascircuit power for high input switchingbehavior is shown in Table 5.3.. Thecompletely

randominput behavior which is theconditionin nonfeedbackcircuits is discussedin Table 5.2..

Thusourmodelhaslessthen3%andis input patternindependent.In Table5.4.we have presented

the power for the filters that resultdueto a differenttype of adder, Carry PropagateAdder under

threeinput switchingbehavior. Finally we have discussedtheclosenessof our BiDAG switching

estimateswith thegatelevel switchingestimates.Table5.5., 5.6., 5.7.shows theaverageoutput

nodeswitchingin eachcomponentin theFIR filter, table.5.8., 5.9., 5.10.showstheaverageoutput

nodeswitchingin eachcomponentin theIIR filter andTable5.11., 5.12., 5.13.shows theaverage

outputnodeswitchingin eachcomponentin theELLIPTIC filter. Wecomparedthisswitchingwith

gatelevel switchingestimateandthemaximumerrorof 2%wasrecordedfor the4 bit multiplier.
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Table5.4.Resultson Total DynamicPower Dissipationfor BenchmarkCircuits for DifferentIm-
plementaitonof Adder

Power for DifferentInputSwitching
Circuit No. of

Nodes
SampleI Sample2 Sample3

FIR 4388 0.0027 0.0041 0.0046
IIR 3769 0.0025 0.0039 0.0042
ELLIPTIC 27939 0.0131 0.0184 0.0201

Table5.5.Resultson BIDAG SwitchingvsActualSwitchingfrom Simulationfor FIR Filter

SampleI
Modlue Simulation EPIS 4 %error 4
4MULT 0.254 0.25645 0.9
8ADD 0.334 0.3347 0.2
9ADD 0.3498 0.3510 0.3
10ADD 0.3767 0.3802 0.9
11ADD 0.3339 0.3291 1.4

Table5.6.Resultson BIDAG SwitchingvsActualSwitchingfrom Simulationfor FIR Filter

SampleII
Modlue Simulation EPIS 4 %error 4
4MULT 0.4206 0.4254 1.1
8ADD 0.4432 0.4407 0.05
9ADD 0.4280 0.4248 0.07
10ADD 0.4208 0.4178 0.07
11ADD 0.3808 0.3809 0.02

Table5.7.Resultson BIDAG SwitchingvsActualSwitchingfrom Simulationfor FIR Filter

SampleIII
Modlue Simulation EPIS 4 %error 4
4MULT 0.4532 0.4534 0.00
8ADD 0.4580 0.4583 0.06
9ADD 0.4340 0.4313 0.62
10ADD 0.4173 0.4142 0.74
11ADD 0.3884 0.3866 0.46

Table5.8.Resultson BIDAG SwitchingvsActualSwitchingfrom Simulationfor IIR Filter

SampleI
Module Simulation EPIS 4 %error 4
4MULT 0.2629 0.2575 2.0
8ADD 0.3344 0.3351 0.2
9ADD 0.3555 0.351 1.2
10ADD 0.3682 0.3641 1.1
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Table5.9.Resultson BIDAG SwitchingvsActualSwitchingfrom Simulationfor IIR Filter

SampleII
Module Simulation EPIS 4 %error 4
4MULT 0.4202 0.4206 0.09
8ADD 0.4436 0.4428 0.1
9ADD 0.4279 0.4255 0.5
10ADD 0.4155 0.4172 0.4

Table5.10.Resultson BIDAG Switchingvs ActualSwitchingfrom Simulationfor IIR Filter

SampleIII
Module Simulation EPIS 4 %error 4
4MULT 0.4532 0.4519 0.28
8ADD 0.4581 0.4579 0.04
9ADD 0.4340 0.4356 0.36
10ADD 0.4239 0.4256 0.39

Table5.11.ResultsonBIDAG SwitchingvsActualSwitchingfrom Simulationfor ELLIPTIC Filter

SampleI
Module Simulation EPIS 4 %error 4
4SUB 0.4179 0.4245 1.5
4MULT 0.2635 0.2664 1.08
8ADD 0.3005 0.3019 0.46
4ADD 0.4091 0.4081 0.24
9SUB 0.3191 0.3211 0.62
8SUB 0.3212 0.3208 0.12
9MULT 0.1865 0.1843 1.19
8MULT 0.209 0.2093 0.14
18ADD 0.2200 0.219 0.45
19ADD 0.2204 0.2192 0.54

Table5.12.ResultsonBIDAG SwitchingvsActualSwitchingfrom Simulationfor ELLIPTIC Filter

SampleII
Module Simulation EPIS 4 %error 4
4SUB 0.4716 0.4735 0.40
4MULT 0.4001 0.4137 3.2
8ADD 0.3807 0.3933 3.2
4ADD 0.4989 0.4997 0.16
9SUB 0.3949 0.3936 0.33
8SUB 0.3876 0.3886 0.27
9MULT 0.2629 0.2628 0.03
8MULT 0.2716 0.2721 0.18
18ADD 0.2756 0.2762 0.21
19ADD 0.2673 0.2669 0.14

41



Table5.13.ResultsonBIDAG SwitchingvsActualSwitchingfrom Simulationfor ELLIPTIC Filter

SampleIII
Module Simulation EPIS 4 %error 4
4SUB 0.4434 0.4507 1.6
4MULT 0.4297 0.4443 3.3
8ADD 0.3929 0.4059 3.3
4ADD 0.5310 0.5318 0.15
9SUB 0.3873 0.3997 3.2
8SUB 0.3936 0.3955 0.4
9MULT 0.2781 0.2770 0.39
8MULT 0.2850 0.2855 0.17
18ADD 0.2848 0.2842 0.21
19ADD 0.2735 0.2719 0.58

42



CHAPTER 6

CONCLUSION

Power estimationhasbeenan active researchtopic for more than a decade.This thesisin-

troducescombinationalTop-down Bottom-upmethodto accruatelymodel the power at Register

TransferLevel. We have shown theresultsof Power for variousRTL behchmarkcircuits. Weused

Bayesiannetworksto get theprobabilityof any querynodegiventheevidencefor any othernode.

WeusedanImportancesamplingcalledEvidencePre-propagationImportanceSamplingmethodto

updatethebelief. Since5000samplesresultedin goodconvergencein theprobabilities,it is much

fasterthanpower macromodelingwherethetableconstructiontake mostof thetime. Our probelm

is zerodelaymodelandhencetheextensionof ourwork wouldberealdealymodelfor RTL power

estimation.
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