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STIMULUS-FREE RT LEVEL POWER MODEL USING BELIEF PROPAGATION

Sathishkumar Ponrgj

ABSTRACT

Power consumptioris one of the major bottleneckin currentandfuture VLSI design. Early
microprocessorsvhich consumed few tensof wattsare now replacedby millions of transistors
andwith theintroductionof easy-to-desigtoolsto explore at unbeliezable minimum dimensions,
increasen chipdensityisincreasingataalarmingratenecessitatefgsterpowerestimationrmethods.
Gatelevel power estimationtechniquesare highly accuratemethodsbut whentime is the main
constrainpower hasto beestimatedlot higherin theabstractiorievel. Estimatingpower athigher
levelsalsosaresvaluabletime andcostinvolvedin redesigningvhendesignspecificationsiot met.
We estimatepower at every levels of abstractiorfor a breadthfirst design-spacexploration. This
work targetsa stimulus-freepattern-insensite RT level hierarchicalprobabilisticmodel, called
Behavioral InducedDirectedAcyclic Graph(BIDAG), thatcanfreely traversebetweerthe RT and
logic level and we prove that sucha model corresponddo a BayesianNetwork to map all the
dependencieandcanbeusedto modelthejoint probability distribution of a setof variables.Each
nodeor variablein this structurerepresents gatelevel DirectedAcyclic Graphstructure,called
the Logic InducedDirectedAcyclic Graph(LIDAG). We emplgy bayesiametworks for the exact
representationf underlyingprobabilisticframevork at RT level capturingthe dependencexactly
andagainusethe sameprobabilisticmodelfor the logic level. Bayesiannetworks are graphical
representationgsedto conciselyrepresenthe uncertainknovledgeof the system.In orderto get
an posteriorbelief of a querynodeor variable,with or without presetnodesor variablescalled
the evidencenodeswe usestochastidanferencealgorithm,basedon importancesamplingmethod,
calledtheEvidencePre-propagatioimportanceSampling(EPISyhichis arytime andscaleseally

well for RT andlogic networks. Experimenatatesultsindicatethatthis methodof estimatioryields



high accurag andis qualitatvely superiorto macro-modelsindera wider rangeof input patterns.
Themain highlightsof this work is thatasit is probabilisticmodel,it is input patternindependent

andnonsimulatre propertyimplieslesstime for power modelling.

Vi



CHAPTER 1

INTRODUCTION

Until recentlythemajorconcern®f theVLSI designresearctwereareaperformancegostand
reliability; the designpower wasof secondaryconcern.With the device sizesgraduallyshrinking
to have better performanceand packagingof millions of transistorsin a single chip the power
dissipationwhich increasessa result,hasbecomea morecritical designconcernthanspeedand
area.Theincreasén powerdissipationincreaseshecostfor coolingthe chip andtherebyincreases
the batteryweight. To overcometheseproblemsdesignersiadto make devicesthatoperateat low
power. Estimationof power consumptiorof the designis the first steptowardsintegrating power

minimizationtechniques.

1.1 VLSl Power Consumption

Theaveragepower dissipatedn a digital CMOScircuit is givenby theformula,

I:’avg = denamic+ Pshort—circuit + I:1e>al<a.ge + Pxatic (1-1)

where, Payg is the averagepower dissipation,Pyynamic iS the dynamic power dissipationdue to
switching of transistors Pshort_circuit 1S the short-circuitcurrentpower dissipationwhenthereis
adirectpathfrom power supplyto ground,Peaiage iS the power dissipationdueto leakagecurrents

andPg4ic Is the staticpower dissipation.

1.1.1 Static Power Consumption

The CMOScircuitsaredesignedn suchaway thatatary time for ainput stateonly oneof the

two networks, eitherthe pull-up or thepull-donvn network is "TON” andtheothernetwork is "OFF”.



Butin reality, thereis somesmallstaticdissipatiordueto thereversebiasleakagebetweerdiffusion

regionsandthe substrateThis subthresholddonductioncontrilbutesto the staticdissipation.

1.1.2 Short-Circuit Power Consumption

Thecurrentthatflows throughboththepull-up andpull-dowvn networksduringthetransitionpe-

riod, icc, is calledtheshort-circuitcurrentandhencethe shortcircuit power dissipation Pshort—circui -

1.1.3 Dynamic Power Consumption

The chaging and dischaging of the parasiticcapacitanceontritutesto the dynamicpower
dissipation,Pgynamic The dynamicpower hasbeenthe dominantcomponenin power dissipation

andcontritutesto about80% of thetotal power. The dynamicpoweris givenby theequation

Paynamic= 0-5f(:IkaZdCI S(x) (1.2)

wherePgynamic IS the dynamicpower dissipation,fe is the clock frequeng, Vyq is the supply
voltage,C is the load capacitanceand S(x) is the averageswitchingactiity of anoutputnodex.
It is evidentfrom equation 1.2 that exceptfor the load capacitancandthe switchingactiity of
a node,all the othervariablesare constants.Hencethe dynamicpower estimationcanbe easily
calculatedf theload capacitancandswitchingactvity areknown.

Power estimationhasbeenperformedat differnt levels of of abstractionnamelyarchitectural
level, algorithmiclevel, functional block level, logic level, circuit level. Readercanreferto the
Chapter2 for clearunderstandin@f variouspower estimationtechniquesat eachof theseabstrac-
tion levels. Powver canbe accuratelyestimatedat low level approachessuchasthe logic level and
the circuit level but the only problemwith the power estimationat the latter levels is that by the
time the circuit hasbeenspecifiedin gatesandtransistorsif the designspecificationsrenot met,
thewhole circuit hasto be designedagainwith differentimplementation Hencethe time involved
andthe heavy costfor redesignstepactasdriving forcestowardsthe high level power estimation.
Thoughpower is a little inaccuraten this level, the designeris allowed to performarchitectural

explorationandtry differentimplementationsot earlyin thedesigncycle. In thisthesiswe bringin



to focustheimportanceof RT level power estimationandproposeatechniqueof power estimation
atRT level usinga ProbabilisticGraphicalmodelcalledtheBayesiametworks Bayesiametworks
arediscussedn detailin Chapter3. At theRT level if thegatelevel implementatiorof thecircuitis
known the dynamicpower, which is the dominatingpower components completelydependenbn
the switchingactvity of the node. Switchinactvity of a nodedenotego the actualactvity of the
node whenthenodemalesatransitionfrom 0— 1 or 1 — 0. Higherswitchingactvity meansmore
numberof nodetransitionsandmoredynamicpower dissipation.To effectively modelthe switch-
ing activity of anodethefollowing factorsshouldbetakenin to concernarenodecorrelation jinput
statisticscircuit connectvity. The nodecorrelationis split in to two subcomponentsnamelyspa-
tial correlationsandtemporalcorrelations.The Tempoal correlationsrefersto the dependencef
nodesswitchingactvity onthesamenodespreviousvalue.The Spatialcorrelationrefersto thede-
pendencef onenodesvalueon thatof othernodesn the circuit andfinally, whenthe nodesvalue
depend®ntheothernodespreviousvaluesthenits Spatio-tempal correlation. Many workshave
beendoneon power estimatiorwith only inputactivity in to concernput thisassumptiomesultsin
enormousgerrorsin final pover. Our modeltakesin to concerrntheinput actvity, spatialcorrelation

andtemporalcorrelation.

1.2 Domains of Description

As statedin earlierpower estimationdoneat higherlevel of designspecificationare advanta-
geousthancomparedo thatdonein the lower levels. To performsucha shift betweendifferent
levelsadetailedunderstandingf the differentmethodsof designrepresentatiors vital. In [1] au-
thorspresenthreedomainsfor circuit representationThe threedomainsof circuit representation

areasfollows:
e Behaioral Domain.
e StructuralDomain.

e PhysicalDomain.
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Figurel.1.DesignRepresentation

The behaioral domainspecifiesthe behaior of the functionality of the design. At this stage
only thestaticanddynamiccomponentsf thecircuit areknovn. Thestaticcomponentefersto the
time invariantportion of descriptionnamelyparticularoperation- multiplication, subtractionand
thedynamiccomponentefersto the orderingof operations sequencingpipeliningandtiming. At
this axesof domainspecificationjnterconnectiorbetweerthedifferentcomponentarenotknown.
Thelogical structureof the design theinterconnectiorbetweerdifferentcomponentsarespecified
in thisdomain.Thestructuraldomainis theintermediatestagebetweerthe behaioral andphysical
domains.The physicaldomainof a circuit defineshow eachof the componentslescribedn their
structuraldomainbe actuallyimplementedwith real physicalcomponentsSpeedpower andarea
constraintsaarepartof the physicaldomain.

During the designspecification gachof the threedomainsmay also containtwo nev compo-
nentsnamely descriptioncomponentndthe constaint component The initial specificationof

designwhich maybeeitherspecifiedby theuseror maybethe outputfrom a control systemforms



thedescriptioncomponentusuallythe descriptioncomponentefersto theinput specification.The
secondcomponentconstaint componentefersto the varioustarget requirementf the design,

namelyconstrainton areatiming andpower.

1.3 Levelsof Abstraction

Domainsof descriptionspecifiedin the previous sectioncanbe hierarchicallydecomposeah
to differentlevels of abstraction Figure1.1.shows the the differentdomainsalongthreeaxesand
differentlevelsof abstractioralongthe concentriccircles. Eachof thesecomponenetaredescribed

in detailin thefollowing section.

1.3.1 Architectural Level

Architecturallevel is thetop mostabstractionievel oftencalledasthe systemlevel. Thebeha-
ioral domainat the architecturalevel specifieghe behaior of the systemwithout consideringhe
detailson how the operationoccurs. The componentsuchasthe control units, processorsvhich
performsuchoperationsspecifiedoy the behaioral domainconstititethe structuraldomain. As it
thetop mostlevel of abstractionmoredetailedlogical structureis unavailable,andhencephysical

partitioningof the designdetailsarespecifiedoy the physicaldomain.

1.3.2 Algorithmic Level

Algorithmic level alsoknown as Behavioral level, describeghe behaioral of the domainin
termsof algorithms,flowcharts,processeandstructures.The hardware modulesthat are usedto
representhe Behavioral domain,suchasthecontrolpathanddatapath,is specifiedn the Structural
domain. Clusteringor partiotioningof similar operationghat might be describedn the structural

domainaredescribedn the Physicaldomain.

1.3.3 Functional Block L evel

Also calledasRegister TransferLevel (RTL), this level formsthe boundarybetweerthelogic

gatesandhigherlevel representationT hearithmeticandlogic operation®f thedatastoredin regis-



tersconstitutethebehaioral domainat RT Level. Many methodsareusedto representhebehaior,
namelythefunctionalor dataflav methodor throughstatemachineorientedmethods Components
suchasmultiplexors, arithmeticlogic units, comparatorsonstitutethe structuraldomain. They

physicaldomainatthis level dealswith thefloorplanningthe layoutof thedesign.

134 LogicLeve

In Logic Level, alsocalledasthe GateLevel the behaior is specifiedby booleanequations.
In the structuraldomaingatesare usedto implementthe specifiedbehaior. At this increasingly
detailedspecificationlevel, the timing constraintsmay detailedwith information on propagation

delay setupandholdtimes.

1.3.5 Circuit Leve

This is the bottommostabstractionevel with the behaior describedn termsof differential
equationgepresentinghe currentandvoltageterms,structuraldomainin termsof transistorsca-
pacitors diodes resistorsandthe physicaldomaincontributesto geometricspecificationsandtheir

placement.

1.4 Componentsof Register Transfer Level

RegisterTransferLevel designsarecomposeaf two componentshatinteractwith eachother
namelythe datapathandthe contoller path The datapathconsistsof the executionunits suchas
theaddersmultipliers, multipliexors, buffers andregisters. At higherlevel of designspecification
accurategpower estimationis difficult dueto thelack of sufiicientimplementatiordetail. The con-

troller consistof a setof statemachinesandgeneratesontrollinesfor the datapatlcomponents.

1.5 Contributionsof this Thesis

In this thesiswe presenta newv methodof power estimatiorthatutilizesthe behaioral descrip-
tion of the circuit andgatelevel implementatiordetailsto effectively modelthe pover. Whenthe

behaioral specificatioris givenandthe gatelevel detailsareknown, thentheload capacitancean



beeasilycalculated.The switchingactvity ateachnodeis thencalculatedusingthe BayesiarNet-
works. Modelshuilt basedonindependeninputs,randominputsarehighly inefficientaswhenthe
input for the circuit is an outputfrom anothercircuit the inputsare highly correlated.Our model
worksfor bothindependeninputsandhighly correlatednputs. Oncethe poweris estimatedising
onetypeof implementationanotheimplementatiorof the samecircuit canbeestimatedn notime
andthe bestof the two circuits canbe selectedbasedon the designspecifications.In this thesis
work, two typesof adderimplemenationsretestedfor differencein power of the whole circuit.
Thoughour modelis zero delay model resultingin somereductionin estimation,our modelis

highly time efficient.

1.5.1 Behavior Induced DAG

Thebehaioral descriptionis an DataFlow Graph(DFG) is usedto constructa BayesianNet-
work(BIDAG), with nodesrepresentindhe variablesandthe arcsrepresentatinghe dependencies
betweerthevariable. Oncethe bayesiametwork is constructedve useoneof the stochasticsam-
pling algorithm called the EvidencePre-propagatiomlgorithmto modelthe node dependencies.
Sicethe behaioral descriptionincludescomponentsuchasaddersmultipliers, registers subtrac-
tors, we identify eachof the componentsnputsandfeedit to anotherayesiametwork (LIDAG)

constructedisingthe componentsmplementatiordetails.

152 LogicInduced DAG

The terminal probabilitiesfrom the Behavioral BayesianNetwork are fed to a bayesiancon-
structedat the gatelevel. The Bayesiannetwork constructedat a Logic level is calledthe Logic
InducedDirected Acyclic Graph(LIDAG). Oncethe output probabilitiesare available from the
BIDAG calculatingpower for ary type of circuit implementations very fast. We usedHSPICE
to modeltheload capacitanceandto verify the outputswe usedour own gatelevel simulatorand
the resultsare presentedn 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 topdavn andbottomup methodologiesWe



prove that BIDAG is a bayesiametwork andthenestimatepower in RTL benchmarkcircuits to
illustrate our case.Oncethe nodalswitchings,which areinturn inputsto the internalcomponents
of thetop-level circuit, areknown, theseprobabilitiesarefed to an LID AG,whichis Logic Induced
DirectedAcyclic Graphthatareusedto representhe probabilisticknowledgeof the gatelevel im-
plementationWith this stepall theinternalnodeswitchingof thedifferentcomponent®f themain
circuit areextracted. The next stepinvolves calculationof Powver with capacitancextractedfrom
gatelevel implementation Sinceour methodis a combinationatop-davn, bottom-upmethod,the
capacitancealuesarealreadyextracted.Averageswitchingactiity is estimatedor the RTL com-
ponentsandusedto calculatepower. This power valueis comparedvith gatelevel power estimate

andresultstatulated.

1.6 Flow of thisThesis

Theoutlineof thisthesisis asfollows. Differentpower estimatiortechniquest RegisterTrans-
fer level arediscussedn the Chapter2. In Chapter3 we discusshe basictheoryof BayesianNet-
worksandmodellinga RTL circuit usingbayesiametwork. After the constructiorof the Bayesian
Network the inferencing,which is probabilisticupdating,is explainedin the Chapter4 andfinally

we presenburresultin Chapters.



CHAPTER 2

RELATED WORK

Low power designhasbeenthe primary concernfor currentVLSI researchersShrinkingthe
device sizesand packingmillions of transistorsin a single chip increaseshe power dissipation
perunitareaand this power hasto be estimatedn orderto implementary low power technique.
Paver estimationhas beenperformedat differentlevels of abstraction,suchas the logic level,
functional block level, algorithmiclevel and architecturallevel. Paver estimationat logic level
giveshigheraccurag but is highly inefficient with time and costasexplainedearlier The powver
estimationat Register TransferLevel is fasterthan the gatelevel power estimation. Surwey of
differenttechnique®f powverestimatiorin RegisterTransferLevel hasbeerbestdiscussedh [2, 3].

TheRTL power estimationcanmethodscanbe broadlycateyorizedin to two methodsnamely
e top-downmethods.
¢ bottom-upmethods.

Top-downmethodsare usedwhenno informationis available on the block whosepower is to
be estiamted. The block actsas a black box and the power is modelledwith knowledge of the
input statistics. Theseblack box modelsare called as the soft macios Top-downmothodsare
dependenon theinitial conditions,suchasthe actvity andthe capacitancelf theinternaldetails
of the functionalblock is known thenthesemethodarehighly inaccurate Bottom-upmethodsare
usedwhentheinternalimplementatiordetailsof the functinalblocksareknown. Thesefunctional
blockswith synthesizablgatelevel specificatiorof the hardwareblocksarecalledthehardmacos
Figure2.1.shavs whenbottom-upandtop-davn methodseapplied.In thefirst casefor the Adder,

Al noinformationis availableonthetypeimplimentationof adder It mightbearipple carryadder



carry propagateadder But whenimplementationdetailsare known it falls underto bottom-up

methods.

2.1 Top-Down Power Estimation Techniques

Sunwey of varioustopdowntechniqueghat operateat architectural behaior, instructionand
systemdomainshasbeendoneby Landmartal. [10]. In [5] Muller proposedmethodto calculate
power dissipationareaandspeedbasedon the informationfrom a knowledgebase.The userhas
to decideon the designdescriptiorlik e the estimatedyateequialents cells, switchingactvity and
capacitanceandaccurag depend®n the usergudgement.Thesetechniqueshave someaccurag
in areaswherecompl«ity parametersire easilyto estimate.In a similar techniquebasedon the
complity [4], Liuetal. proposediffernt compleity parametergor differentfunctionalblocks
andthe switching actvity factorwasstill assumedo be a userspecifiedconstant. Entropy and
Informationtheoreticmesauresvere usedto esitmatepowerin [6, 7] and [8, 9]. In [7] actiity
densityof the functionalblock, D is estimatedbasedon the entrogy. Giventhe probability of the

signalis p then,theentrogy of thenodeis givenby;,

1 1
H(x) = plogz—p +(1- p)logzlfp (2.1)

If thesignalcantake n variablesthenthe entropy is givenhby,

H(x) = é pilogz% (2.2)

UsingEquation2.2inputandoutputentropiesHinp, Hou , areestimatedandtheaverageentroyy,

Havg, Of thefunctionalblockis calculatedusingtheequation 2.3.

2/3

Entropy is goodrepresentationf thesignalactiity whenthesignalis consideredndependen=
0.5. Hencethesemethodsare bestsuitedwhenthe randominputsare consideredat the inputs. In

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

10
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but the gatelevel implementationsgependingn theinputandoutputactuity is proposedCharac-

terizationis basedn atechniqueof adaptve signalprocessingnown asleastmeansquaes

2.2 Bottom-Up Power Estimation Techniques

Severalbottom-uppower estimationtechniqueiave beenproposedecently Whentheimple-
mentatiordetailsareknown, bottom-uptechnique$iave moreaccurag thanthetop-downmethods.
Thoughextensie researcthasbeenin the estimationof averagepower, works on cycle-by-gcle
power hasalsobeenpresented Most bottom-upmethodsare basedon maciomodeling A power
macromodels constructedor afunctionalblock andis thenusedfor highlevel power estimation.

Macromodelsareclassifiedn to two types:
e equation-basedhaciomodels
¢ look-uptablebasedmaciomodel

The simplestpower macromodelingechniqueproposedin [15] called the power factor ap-
proximationmodelsthe averagepower with the assumptiorthattheinputsarehighly independent.
This assumptiorresultsin loss of accurag asthe power is dependenbn input correlations. In
[16] slightly improved approachwasproposedy Landmanet al.. Theinputsarenot completely
independentbut the temporalcorrelationsare consideredn the MSBs andthe LSBs are consid-
eredrandom. This assumptiorcanbe moreaccurateéf morestatisticslike the spatialcorrelations
andspatio-temporatorrelationsvereconsideredMore workson regressiorbasedmodelsinclude
[17, 18, 21]. Sinceregressionis dependenbn the training pattern,accurag is decreasedavhen
operatedunderdifferentinput patternghenthe onesusedto characterizéhe macromodelin [18]
two macromodelingechniquesvere proposedor time effective andmore accuratemacromodel-
ing, namelythe SamplemaciomodelingandAdaptivemaciomodeling In Samplemaciomodeling
techniqueinputs are sampledbasedon a randomsamplingmethodthereby reducingthe number
of cyclesin which the input statisticsare studiedtherebyreducingthe time for simulation. Adap-
tive maciomodelings basedn regressioranalysisutilizing gatelevel power simulationandhence

recordbetteraccuray.

12



One of the pioneeringwork by Najm et al. [21] usedLook-Up-Table basedcharacterization
approacho to build the power macromodebnd hasbeenshavn to have imporved accurag and
robustness. This work by Najm et al. is an extensionof the work by the sameauthorin [36].
In [36] a threedimensionattableis constructedvhoseaxes are avetage input probability (Pnp),
average inputtransitiondensity(Dinp) andaverage outputzeo delaytransitiondensity(Doy ). For
ary selectionof the threevaluesresultsin a power valuefor the module. But this hasmoreerror
sincetwo valuesof (Pnp), (Dinp), (Dou) doesnot alwaysresultin samepower. HenceNajmet
al. introduceda fourth dimensionin to thetable,Input SpatialCorrelationsSCi,p. In the previous
sentencemput probability, is the probabilitythatthe signalis '1’, transitiondensity is thenumber
transitionsperunit time, spatial Correlationrefersto the dependencef the particularnodeon ary

node.Theaveragepover basedn the four dimensionalookuptableis givenby;,

Pan: f(an’Dinp,$inpaD0u) (24)

Eachof the variablesthat constitutethe axes of the macromodelksatisfy the condition given

below,

Dj Dj
'2?" <Pnp<1- '2”" (2.5)
nDﬁ,p— Pinp
? < g:inp < I:)mp (2-6)

Similar Look-up-tablesareutilized in power macromodelingasin [20, 34, 22, 23]. Inputde-
pendenandinputindependenmodelsdependon characterizationCharacterizatioms the process
thatimprovesaccurag of power modelsby exploiting accuratesimulationsof the gatelevel imple-
mentationof the unit to be modeledyepeatedor significantinputtransitions. Applicationssuchas
noiseanalysis heatdissipationanalysisneedpower to be calculatedat every cycle. Cluteringap-
proachproposed[34] to calculatethecycle-by-g/cle power is basedntheassumptionthatclosely
relatedinput transitionshave similar power dissipation. This assumptioris not alwaystrue and

whenthe numberof clustersbecomedargeit resultsin inaccurateesults.An automatigorocedure
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for cycle-accuratanacromodebenerationwasproposedcby Wu etal. [19]. Improved characteri-
zationof macromodelsrreaddresseih [11, 20, 29, 28, 27, 30, 31]. [20] is aLook-up-tablebased
approachwhereinputsareclusteredor higheraccurag. Theaveragepower is thenangivenby,

Pavg = f (Rl Php: Df

np> Cinp Inp’DmpaDOLt) (2.7)

Php is theprobabilityof thelow switchinginput, Py, is theprobabilityof high switchinginput, D, ,

densityof thelow switchinginput, Di'ﬂ]p is thedensityof the high switching, Doy is the densityof
the output. Clusteringthe inputs basedon the switchingin to high andlow switchingincreases
the dimensionof the Lookup Tableandthereby increaseshe characterizatiotime. Pover model
usingnodesamplingwasproposedn [29]. Theassumptionthatpower canbemodeledwith partial
knowledgeof few nodesis highly proneto errors.Anothernodesamplingtechniquewasproposed
in [27] whereinsteadof internalnodesaresamplednsteadof theinputnodes.Anothercycle power
estimationtechniqueproposedy Potlapallyetal. in [11] is basedn seperatingheinputspacen
to regionswith similar power behaior andseperatenacromodelsireconstructedor eachof these
input spaces.The selectionof the appropriatepower modelfor a given spaceis determinedoy a
function called Power modeldentificationFunction (PIF). Pover macromodelindbasedon power
sensitvity wasproposedn [33]. Paweris representedsafunctionof power sensitvity to primary
inputactvity (%) givenby Equation2.8andpower sensitvity to primaryinputprobability {p(x;)
givenby Equation 2.9. Thefinal power is cum of power dueto normalaveragepower dissipation

Prorm @ndsensitvity andis givenby theEquation2.10. Spuriousactvity in RegisterTransfer_evel

is addresseth [24, 25].

 _ OPOWehyg . %a(j)
Gali) = da(x) ieprimaryinpusfanou(])aa(xi) (28)

 _ OPowehyg - a(i)
Za()ﬁ) a 6F’(Xi) - ieprim;yinpus fanOU(J) 6P(Xi) (2.9)
Power= Powelom+ > (Ca(x))Daxi) + (Lpx ) AP(X) (2.10)

ieprimaryinpus
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CHAPTER 3

BAYESIAN NETWORKSFOR REGISTER TRANSFER LEVEL POWER MODELING

To solve a complex problemoneneedgo have a clearknowledgeof the natureof the problem
andthereasorwhy it hadhappenedin mostof thereallife situationgheknowledgeof theproblem
is obscureand coming to conculsionsbasedon theseuncertainknowledgeis highly erraneous,
thusrequiring a different methodof representationBayesiannetworks, also called as Bayesian
belief networks, casualnetworks or probabilisticnetworks, are graphicalmodels,that utilize the
probabilisticandstatisticattechniquesto conciselyrepresenthe knowledgeof the uncertainity

To illustratebetteraboutthe needfor Bayesiametworks, considercircuit of afull addershavn
in Figure3.1.. Theprobabilitydistribution, thatgivesthe currentknowledgeor belief of the curcuit
or alsocalledasthe belieffor the addey is a functionwith every input, outputand presenistateof

thegateandis representeds,

P(A,B,C,11,12,13,14,15,16, Sum Carry) (3.2)

Therealtime intelligent systemdomainsare hugewith morenumberof variablesin the prob-
abilistic distribution. Increasein numberof variableseventually makes the belief updatingun-
tractable.The graphicalprobabilisticmodelson the otherhandutilize the dependencbetweerthe
nodesandthe resultingprobability distribution is simpler Bayesianmetwork for the full adderis
shawvn in the Figure 3.2., where eachof the nodesrepresenthe randomvariablesandthe links
betweenthe nodesdeterminethe influenceof onenodeover other HerenodesA, B, C areinput
nodes, 1, 12, 13, 14 areinternalnodesand Sum, Carry areoutputnodes. Whenthe belief of the
nodesl 1 andl4 areknown thenthe posteriorbelief of Sum canbe updatedwith knowledgeof its

parent| 1 andl4. Thisindependencof achild nodeover all othernodesgiventheits parentnodes
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Figure3.1.Full AdderLogic Circuit

beliefis calledasthe conditionalindependenceA Bayesiametwork representshe exponentially
sizedjoint probability distribution in a compactmanner Thejoint probability distribution for a net

with n variableswith belief of parentPa(Xy),is givenby;,

P(X1,--+, X |‘| (Xk|Pa(X (3.2)

Hencegraphicalmodelsthat utilize the conditionalindependencegreusedto conciselyrepre-
sentthe probabilisticknowledgeof the circuit. The domainrefersto a collectionof variablesin a
set. Eachof thesevariableshave a discretespacefrom wherethey gettheirvalues.ThetermBelief
updatingrefersto updatingthe knowledgeof the prior belief with posteriorbelief. The graphsthat
areusedto representhebayesiametwork andupdatethecurrentbelief of anetwork canbeof three
types,namelydirected undirectedandhybrid. Thenodesn thegraphrepresenthevariableandthe
edgebetweerthe nodesrepresenthe directdependencbetweerthe nodes. As thenamesuggests
in undirectedgraphsasshawvn in Figure3.3.() thenodesareconnectedy anundirectededgeand
thepathrepresentetly < N1,N5,N7,N8 >. Thedirectedgraphis shavn in theFigure3.3.@) with

the edgebetweenthe nodesreplacedwith directedarcs. The graphis directedagyclic graphand
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BAYESIAN NETWORK FOR AN FULL ADDER

Figure3.2.BayesiarNetwork for the Full Adder
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Figure3.3.GraphicalModelsusedto Represena Digital Circuit

the pathis represete@s < N4,N6,N7,N8,N10 > andevery nodehasaincomingheadandhasan

outgoingheadof thearrown. A hybrid graphis combinationof cyclic andacgyclic graphs.

3.1 Bayesian Networks

Bayesiametwork is agraphicalmodelthatefficiently encodeshejoint probability distribution

for large setof variables Eachvariablev; getsits valuefrom afinite spaceD,,. In our casein order

to modelthe switchingactiity at the nodesof the bayesiametwork, the finite spacefor eachof

thevariabless four in length,eachcontainingknowledgeon switchingnamely 0 —+ 0,0 — 1,1 —
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0,1 — 1. Thedesignspacds thenthecartesiarproductof the spacedor thevariables.Eachof the
elementin D, is calleda configuration. The uncertainitiesn the dependencéetweervariables
arerepresentedn termsof a probability function P definedover the variables. P(X = x|Y =)
representshe belief on thetruth of x giventhetruth of y andis termedasconditionalprobability
andunconditionalistribution over theentiredomainis referredto as/joint probability distribution.
In thefollowing sectionwe will discussvariousnotationsanddefinitionsfrom Pearl[44].
Definition 1: Let U={U;,U,,---U,} be afinite setof variablesthat canassumediscreteval-
ues. Let P(.) bethe joint probability function over the variablesin U, andlet X, Y andZ be ary
threesubsetof U. X, Y andZ may or may not be disjoint. X andY aresaidto be conditionally

independengivenZ if

P(x|y,2) = P(x|z) wheneerP(y,z) >0 (3.3)

1(X,Z,Y) representshe conditionalindependencef X andY, which statesthat X andY are
independenon eachotherwhenthe knowledgeof the othersubset is known. In the Figure3.3.
having a knowledge of the node, |1, makes the variablesA and Sum independenbf eachother
A dependencmodel,M, of a domainshouldcaptureall thesetriplets namely (A, 11, Sum). The
propertiesnvolving the notionof independencareaxiomatizedoy thefollowing theorem.

Theoem1: Let X, Y, andZ bethreedistinctsubsetof U. If |(X,Z,Y) standdor therelation
“X is independentf Y givenZ” in someprobabilisticmodel P, thenl mustsatisfythe following

four independentonditions:

1(X,Z,Y)=1(Y,Z,X) (symmetry) (3.4)
1(X,Z,YUW) = I(X,Z,Y)&(X,Z,W) (decomposition) (3.5)
1(X,Z,YUW) = [(X,ZUW,Y) (weakunion) (3.6)
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1(X,Z,Y)&(X,ZUY,W) = | (X,Z,YUW) (contraction) (3.7)

Symmetryaxiom statesthatif an obseration of Z is availableandif X hasno influenceon
Y, thenY hasnoinformationon X. The decompositioraxiom stateshatif two setsareirrelevant
to X having a knowledgeof Z, thenthey are individually irrelevant. The axiom of weak union
suggestshatlearninganirrelevantinformationW cannotmake Y morerelevantof X. If W is found
irrelevantto X afterlearningsomeirrelevantinformationY, thenW wasirrelevantto X evenbefore
we learnedy.

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

In the Figure 3.3., considerthe nodesSum 14 and11. Node Sumis connectedvith B via 12
andl4. Thereexiststwo intermediatenodesin betweenthe primary nodeandthe productnode.
Thenodel 2 d-sepeatesthe nodes 4 andB, whichinturnis deseperateftom nodeSumby thel 2.
I4 andl1 actingasdirect parentgo the Sumnodecannotbe further d-sepeated Next we discuss
aboutthe DAG with with suchd-seperationgiith conditionalindependence.

Definition3: A DAG D is saidto beanl|-map of adependencmodelM if every d-sepaation
conditiondisplayedin D correspondso avalid conditionalindependenceelationshipin M, i.e., if
for every threedisjoint setsof verticesX, Y, andZ, we have, < X|Z|Y >= (X, Z,Y).

In the Figure 3.3. nodesSum, 14, Is exhibit conditionalindependenceyhennodeSum s un-
changedho matterby the presencef absencef the knovledgeof 12, whichis shavn in theequa-
tion 3.8. Furtherseperatiorof the nodesresultsin loss of dependenc andinformationandthus
this minimizedd-seperategraphsform the minimal I-map andthe DAG with minimum I-mapsis

calledasaBayesiarNetwork. This is illustratedin the following definitions.

p(SUMA, B,C,11,12,14) = p(Sumi1,14) (3.8)
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Definition 4: A DAG is a minimal I-map of M if noneof its edgescan be deletedwithout
destrging its dependencmodelM.

Definition 5: Given a probability function P on a set of variablesU, a DAG D is calleda
BayesiarNetworkof P if D is aminimumI-mapof P.

Definition6: A Markov blanketof elementX; € U isasubseSofU for whichl (Xi,SU — S—X;)
andX; € S. A setis calledaMarkov boundary B; of X; if it is aminimal Markov blanket of X;, i.e.,

noneof its propersubsetsatisfythetriplet independenceelation.

Definition 7: Let M be a dependenc model definedon a setU = {Xy,---,X,} of elements,
andlet d be an orderingXy1, X42, - - - of the elementsof U. The boundarystrata of M termedas
Bwm relative to d is an orderedsetof subsetf U, {Bg1,Bdz,---} suchthateachBy; is a Markov
boundary(definedabore) of Xy with respecto the setUgi(C U) = {Xq1, Xa2, - - ,Xd(i,l)}, i.e. By
is the minimal setsatisfyingBgi C U and| (Xqi, Bgi,Udi — Bgi). The DAG createdby designating
ead By asthe parentsof the correspondingvertex Xg; is called a boundaryDAG of M relative
to d. It shouldbe notedherethatthe only orderingrestrictionis thatthe variablesin the Markov
Boundaryset(of a particularvariable)have to be orderedbeforetherandomvariable.

Theoem?2: Let M beary dependenc modelsatisfyingthe axiomsof independencéisted in
Eqgs.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. We usetheseto prove ourtheorenregardingthe structureof Bayesiametwork to capture
the switchingactvity of acombinationatircuit.

Definition8: At a Behavioral level, the DirectedAcyclic Graph(DAG) representshe behaior
of thesystemwhereeachnoderepresentthevariablesjncludingprimary intermediateandoutput,
and edgesspecify the direct depedeng of the nodesbeing connected. The intermediatenodes
arethe resultof outputsfrom multipliers, addersor comparators.Eachnodecarry the switching
probability informationwhich is thentraversedto the child nodesto which the out going directed

graphsfrom primary node are connected. The DAG for the behaioral specifiation,called the
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Figure3.4.Parentsfor Eachof the OutputBits of an4-Bit Adder

Behavior InducedDirectedAcyclic Graph(BIDAG) is shavn for anlIR Filter Figure3.7..Herethe
nodesA0, Al, A2, A3, Ad, BO, B1, B2, B3, B4, B5 arethe primarynodes|1,12,13,14,15,16, 17,
I8, aretheintermediatenodesasa resultof additionor multiplicationandYou is the outputnode.
Thedependenciegf the outputbits of an4-Bit Adderis shavn in Figure3.4..1t is evidentfrom
the figure thatasthe size of the Adderincreasesthe netnumberof parentsfor eachof the output
bit alsoincreasesndtherebythe joint probability distribution for arny higherorderoutputbit is a
complex function. In the exampleshowvn in Figure3.4., numberof parentsfor the S bitis 9. In
orderto overcomethe comple functionsthatresultfrom the previous structure dummynodesare
introducedin the circuit to minimize the size of the probability distribution. Thesedummynodes
effectively capturethe dependenceelationbetweena nodeto its parents.Introductionof dummy
nodesin 4-Bit Adder circuit is shavn in Figure3.5.wherenodesC1, C2, C3, C4 arethedummy
nodeshatcontribute to acasewhereary outputnodeis dependenbnly onamaximumof 3 inputs.
Theoem3: The BIDAG structureis a minimal I-map of the underlyingswitchingdependenc

modelandhences a Bayesiametwork. Proof: To betterunderstandet ustake thedataflow graph
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of the fulladdershavn in  3.5., wherenodes,A, B representsetof all the bit inputsto the adder
andthe bits C, S denotethe carry or dummynodesandthe sumnodes.lt is clearfrom the figure
thatSumnodesaredependenbnthepreviousbit adderoutputCarry, whichin turnis conditionally
dependenbntheprimaryinputsatthatpreviousstage. ThoughAQ, BO, A1, B1,C1,C2 constitutethe
distantandimmediateparentof thenodeS2, knowledgeof switchingattheintermediatanodewhich
form its immediateparentor calledasthe Markov boundary C2 is sufficient enoughto modelthe
SumandCarry, thusproving thatl (S2|C2|Al) andary switchingin theinputnodeswill have causal
effect on the outputnodes,n our case Adders. ThusformedBIDAG is a DirectedAcyclic Graph
structurecorrespondsxactly to the DAG structureonewould arrive by consideringprinciplesof
causalitywhich stateghatonecanarrive ata appropriatBayesiarNetwork by directinglinks from
nodeghatarecauseso nodeghatrepresenimmediateeffects,with thedirectedink theimmediate

cause®f switchingthatquality.

3.2 Behavior Induced Directed Acyclic Graph

Thepower modelingpresentedh thisthesiswork utilizesinformationfrom two levelsof design
specificationnamelygatelevel and RagigerTransferLevel, thustwo differenttypesof bayesian
networks arerequiredto be constructedThe constructiorof suchbayesiametworks, BIDAGsfor
Behavioral level, andGatelevel LID AGsareexplainedin the following section.

At the behaioral level, the circuit is specifiedin termsof registers,arithmeticunits, suchas
addersmultipliersandatypical DataFlow Graph(DFG)is suitableenoughto representhecircuit,
asshawvn for a lIR filter in Figure.3.6.. This graphcanbe transformedn to a bayesiametwork
with nodesactingasthevariablesandthearithmeticfunctions,addition,subtractionmultiplication,
berepresentetdy a directedarc. This directedarc capturesall the dependenciesf the child node,
eg. 11 multiplier output, on the parentnode AO. Eachvariableor nodein the network holdsthe
probability of eachtype of transitions{ AOgo, AOp1, AO10,A011}. Four bit inputsareconsideredand
hencesachAQ is subdvidedin to A00,A01, A02, A03 andareindependentf eachotherunlessthey

areoutputsfrom anothercomponenthat might decidethe input of the currentcircuit in hand,the
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Figure3.6.DataFlow Graphfor anlIR Filter
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BAYESIAN NET FOR IIR FILTER

Figure3.7.DirectedAcyclic Graphfor anlIR Filter

IIR filter. Theflow of messagedpr belief updatingdiscussedn the next chapter dependnthe
conditionalprobability tableconstructedor the eachof the units, multipliers,adders.

In thecaseof anaddeywhichdeterminesioded 7, | 8 andYou, beha&ioral formatof theadders
outputsumandcarry, theequatiorformat,is utilized to constructhe ConditionalProbability Table.

To make it moreclear theadderSumandCarry equationsaregiven by Equations3.9and 3.10.

Sum_1 = (Ai_1+Bi_1+Carry_1)%2 (3.9)

Carryi = ((Ai_1+Bi1 +(;al’l’)/i—1) —Sum) (3.10)

Switchingin the Sum andCarry is studiedby observingthe previous valuesof the Sum and

Carry. The ConditionalProbability table for the Sum of the Adder structureis shavn in the Ta-
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Figure3.8. TerminalNodeSwitchingPropagatedb the LIDAG

bles.3.1.. Here Xgg, Xo1, X10, X11 represenswitchingfrom0— 1,0 — 1,1 — 0,1 — 1 for inputs
Xinpu1, Xinpu2, Xinpuz andoutputXoype. ConditionalProbabiltytablesof suchkind are built for
eachof theintermediatenodesanda full Bayesiametwork is constructedvith all the nodesof the
circuit. This bayesiametwork with the informationon the input nodeprobability determineghe

outputprobabilitesof eachintermediatenodeseffectively.

3.3 Logic Induced Directed Acyclic Graph

Sinceour methodis sandwitchmethodwith knowledgeof both higherlevel specificationrand
lowerlevelimplementatiordetails,in orderto computepowerlogic level bayesiametwork (LIDAG)
is constructedvith theknowledgeof switchingfrom theBehavioral level BayesiarNetwork (BIDAG).
This is bestillustratedin the Figure. 3.8.. Oncethe belief updatingis donefor the behaioral
bayesiametwork, terminalprobabilitiesof thedifferentcomponentsrefedto thegatelevel bayesian
network. The terminalprobabilitiesof the outputof adderandmultiplier, 17 andI5 arefed to the

gatelevel BayesianNetwork, LIDAG. Sincethis freedomof designselectionis available, these
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Table3.1.ConditinalProbability Tablefor the SumBit of anAdder
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Table 3.2. Conditional Probability Specificationdor Outputand Input Line Transitionsfor Two
Input AND Gate

Two Input AND gate
P(xou:pu|xinpulaxinpu2)
for Xoupu = Xinpu1 | Xinpu2
{X0 Xo1 X0 Xu1} = =
1 0 O 0 X00 X00
1 0 0 0 X00 Xo1
1 0 0 0 Xoo X10
1 0 0 0 Xoo X11
1 0 0 0 Xo1 X00
0 1 0 0 Xo1 Xo1
1 0 0 0 Xo1 X10
0 1 0 0 Xo1 X11
1 0 0 0 X10 Xoo
1 0 0 0 X10 Xo1
0 0 1 0 X10 X10
0 0 1 0 X10 X11
1 0 0 0 X11 Xoo
0 1 0 0 X11 Xo1
0 0 1 0 X11 X10
0 0 0 1 X11 X11

terminalbehaior form the BIDAG canbefedto ary type of the gatelevel circuit implementation.
Gatelevel bayesiametwork is a DirectedAcyclic Graphwith nodesrepresentinghe variablesand
the edgesgiving the dependenciebetweerthe connectechodes. At the gatelevel the edgeshold
the conditionalprobabilityinformationof the particulargatetype,eg. XOR gate,NAND gate.The
conditional probability table for an AND gatethatis usedin the full adderis shawvn in the Ta-
ble. 3.2.. Here {Xoo, Xo1, X10, X11} represenswitchingfrom {0 -+ 1,0— 1,1 — 0,1 — 1} for
inputs{Xinpu1, Xinpu2 andoutputXoype- As thegatelevel specificationsireknown in this method,
switchingactiity at eachnodeis calculatedwith the knowledgeof capacitancdérom the compo-
nentlibrary. Thusconstructinga differentimplementatiorof the samefunction, eg. addition,can
betestedfor powver andthe bestof the two implementationganthat meetsuserspecificationsan
beusedin thefinal model. We usedtwo implementation®f addersnamelyripplecarryadderand

carrypropagatexddey to addresghe shift in implementationgnddifferencein power.
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CHAPTER 4

BAYESIAN NETWORK INFERENCE

Inferencein probabilisticexpertsystemgefersto calculatingprobability distribution of aquery
nodegivenanobserationor evidence.Thetwo maintasksof bayesiametwork inferencearebelief
updatingandbeliefrevision Beliefupdatingis the procesf calculatingthe posteriorprobability
of an query node, X, given the obsenred value of the evidencenode, E, which is given by the
equation4.1

P(X/E,E=¢)

PX[E=¢) = “PE=9 (4.1)

Belief revision refersto the most probableinstantiationof the variables,given the obsered
evidence.Whenthe variablesthatareto tbe computedarenon evidencenodesthenthe methodis
alsocalledascomputinga mostprobableexplanation,MPE. Most probableexplanationrefersto
computingmostprobableexplanation.

Bayesianinfluencealgorithmsare broadly classifiedin to two types,namely ExactInference
andApproximatelnference Exactinferencealgorithmsarebestsuitedfor small circuits and Ap-
proximateinferencealgorithmsare usedwhenbelief updatingis to be donefor large circuits with

highernumberof nodes.

4.1 Exact Inference Algorithms

ExactInferencealgorithmsare bestsuitedfor small circuits with lessnumberof loops, also
calledathecliqgues Numberof exactinferencealgorithmswereproposedPerlproposedexactin-
ferencealgorithmsfor messag@assingpoly trees,oneof which is loop cutsetconditioningwhere

the connectiity of a network is changedby an algorithmanda subsetf nodescalledloop cutset
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areformed. Polytreealgorithmis usedto solve thesesingly connectedoop cutsets.As different
instantiationshave to be consideredvhile forming theloop cutsetghesemethodsare highly com-
plex andfail for higher numberof nodes. Clique-treepropagationis anothercommonbayesian
network inferencealgorithm,wherea multiply connectedetwork is corvertedin tot cliquetreeby
clusteringthetriangulatedmoralgraphof theundirectedgraph. The clique treealgorithmalsofails
for complex networks. Othermethodsof exactinferencealgorithmsincludethe conditioning arc
reversal, Symbolicprobabilistic infrence elimination and differential methods. In the Arc rever
sal/nodereductionmethod,links betweendifferentnodesareinversedusing Bayesrule to sucha
statethatthe evidencenodesaredirectly connectedo the querynodes.In the differentialmethod
partial derevativesof multivariatepolynomialof the bayesiametwork is usedto computethe prob-
abilistic queriesof the hypothesisnodes. Bayesiametwork inferencealgorithmsdiscussedo far
canbeappliedto networkswith lessnumberof nodesandthataresimpler Whenthecompleity of
the network increasesandwith theincreasen the nodesize, belief updatingby exactinferenceis
impossibleandhencewe go for anothersetof inferencealgorithmscalled Approximatelnference

Algorithms.

4.2 Approximate Inference

To meetwith the NP-hardnatureof beliefupdatingin densenetworkswith large nodesizes ap-
proximatealgorithmsareusedto getthe probabilityof anquerynodefor agivenevidence . Approx-
imateinferencealgorithmswork by generatingandomsampledor the variablesusingan pseudo
randomnumbermeneratoandapproximatingheconditionalprobabilitiesof thequerynodes.Since
the probabilitiesof nodescorverge to a valueonly whenalmostall the possiblecombinationsare
capturedby the given sample thesemethodsare effective when given a long samplesandwhen
time is not a constraint. Input samplesare randomly generatecand hencethey are independent
on eachother ApproximatelnferencealgorithmsalsocalledasStodastic SimulationAlgorithms
arebroadlyclassifiedn to two types,namelylmportanceSamplingAlgorithmsandMarkov Chain
MonteCarlo methods.

StochasticSimulationAlgorithmsarebroadlyclassfiedn to the following two types:
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e Forward Sampling
e Badkward Sampling

In the Forward samplingstochasticsimulationalgorithmspseudorandomnumbersare generated
and propagatedrom the input nodestraversedby the topologicalorderwhereasBadkward sam-
pling stochastisimulationalgorithmsstartfrom the evidencenodesandfind the bestfit for restof
the nodeprobabilites. Forward samplingtechniquescanbe Probabilistic Logic Sampling Likeli-
hoodweighingand Backward samplingtechniquesnclude Importancesamplingalgorithms,such
as AdaptivelmportanceSampling EvidencePre Propagation ImportanceSampling to generate
sampledasedon animportancefunction. Backward Samplingalgorithmsaremainly usefulwhen
thereis unlikely evidencenodeswhenforward samplingtechniquesrehighly inaccuraten calcu-

lating the posteriorprobabilities.

4.2.1 Probabilistic Logic Sampling

The first and the mostsimple methodof stochastidnferencingis the probabilisticlogic sam-
pling [52]. Givenevidencefor certainnodes,a randomnumbergeneratoandtraversedto trough
the topology of the network to the child node. During eachrun, the probabilitesat eachnodeis
capturecandthe averageof the nodeprobabilityis calculatedat theendof the sampling.Whenev-
idencenodesarepresentthenthe samplegduring which theinconsistenprobabilitiesof evidence
nodevaluesarerejectedand simulationis donefor matchingevidencenodeprobabilites. Proba-
bilistic Logic Samplingis highly erraneousvhenthe evidenceis very unlikely, whenthe number
of sampleswhich satisfythe setevidenceis very few thanthe actualnumberof sampleseedfor
the probabilitiesto corverge. ProbabilisticLogic Samplingtechniquesaresuitedfor small circuits

with very few or no evidencenodes.

4.2.2 Likelihood Weighting

Problemcauseddueto the ProbabilisticLogic Samplingis handledin addresseth theLikeli-
hoodweightingalgorithm[54]. Unlike the previous methodwherethe samplesarerejectedfor in-

consistenevidencevalues theobseredvalueof theevidencevariableareusedto calculateveight
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of thesamplecalledasthe scoee for the probability of anevent. Scoremodelsthe fractionof prob-
ability of aneventin thesamplethatmatchewith the evidenceto the probability of the sameevent
consideringevery sampleno matterit matchesvidenceor not.
Importancesamplingalgorithmsexhibit improved samplingapproachoy usinganimportance
samplingfunction, to approximatethe posteriorprobability distribution. To computelntegral as
shavn in Equation.4.2, similar to computingthe probability of a node,importancesamplingap-

proachis givenin Equation4.3. Thefunction f (X) is theimportancefunction

| = /e g(X)dX 4.2)
o [ 9X)
=, F 1) 4.3)

Sampleghatareusedto approximatehe conditionalprobability aredependenon the function

f(X). Oncethesamplingis donetheintegral functionis givenby,

= g %f(xmx (4.4)

The varianceof the probability table is inversely proportionalto increasein the numberof
nodes. The importancealgorithmscan be classifiedbasedon two classespnamely Selsampling
algorithm and heuristicimportancesampling Circuit importancefunction is updated,usingthe
scoreggeneratedn the algorithm,to revise the conditionalprobability tablesin orderto make the
samplingalgorithmapproacho the estimaton In the heuristicimportancesamplingmethodedges
areremovedin the network to make it similar to polytreesandthena poly treealgorithmis usedto

computethelikelihoodfunctions.If the heuristicimportancegunctionevaluaredis closeenoughto

the optimalimportancethenit canleadto a significantimprovementin performance.

4.2.3 Adaptive Importance Sampling

Chengetal. in [50] proposedanimportancesamplingalgorithmcalledthe Adaptive Importance

Sampling(AIS), thatminimizesthesamplingvarianceby varyingtheimportancdunctionsothatit
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is closeenougho theoptimalimportancdunction. Theoptimalimportancesamplingfunction,that
is acomplex mathematicaéxpressionfor calculatingthe posteriorprobabilitiesgiventheevidence
of querynodesis identicalto the importancesamplingfunction when samenetwork structureis
usedduringthe evidence.Thenoptimalimportancewhich capturesffect of all evidenceon every

nodein thenetwork is givenby Equation4.5

p(X/E) = kﬁ P(XPa(Xi. E)) (4.5)
=1

ImportanceConditionalProbabilityTables(ICPT) areusedto updatethe posteriomprobabilities
of eachnodeconditionalon the evidencenodes. Insteadof incrementingthe occuranceasin the
previous samplingtechniques]CPT tablesvery similar to the Conditionalprobabilitly tablesare
updatedduringtheimportancegunctionlearningprocess.

Thethird mainreasorfor improvedresultsin Adaptive ImportanceSamplingaraisedrom the
initialization of theimportancdunction. Two heuristicsaarepresentedor betterperformanceWhile
learning the importancefunction, if the initial value of the importancefunction is closeto the
optimalimportancefunction, corvergenceis achieved at an earliertime. Theimmediateancestral
nodesto the evidencenodesarethe mostaffectednodesthanonesthatarefurther down the path.
Chengt al. had proposedthat by initializing the ImportanceConditional Probability Tablesof
immediateancestrahodeshighercornvergenceratesare achieved. Addressinguncertainevidence
problemin theprevioustechniqueshehadsuggestethatif athreshold® canbesetsuchthatwhen
ary nodeprobabilityis below thethresholdvalueit is replacedvith thethresholdvalue. In turn this

thresholds deductedrom the largestprobabiliyin the sameconditionalprobability distribution.

4.2.4 Evidence Pre Propagated I mportance Sampling

Proposeddy Yuanetal. in [51], EvidencePre-propagatetmportancesamplinguseslocal
messagegassingand stochasticsamplingtechniquedo effectively calculatethe probabilitiesof
guerynodedor givenevidencenodes EPISis similarto the Adaptive Importancesamplingmethod
exceptthatthelearningto learntheapproximation®f theICPTsaredirect. If X = {Xq, X2,---, %}

is asetof variablesn Bayesiametwork, let Pa(X;) betheparentof Xi andE bethesetof evidence.
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Theoptimalimportancdunctionis thengivenby theEquatiord.6,whereP(X;|Pa(X;, E)) is defined

astheimportanceconditionalprobability table.

P(X|E) = ﬂpoqpam,E)) (4.6)

Definition: An importanceconditionalprobabililty tableon X; is atableof posteriomprobabili-
tiesP(Xi|Pa(X;, E)) conditionalon the evidenceandindexedby it immediatepredecessor&a(X;).

Every nodein the poly treed-seperatem to two subsetsalledthe E~ andE™. E~ denotes
the evidenceconnectedo the childrenandE™ denoteghe evidenceconnectedo the parentof ary
nodeX;. Thetwo subsetareindependenbn eachotherandthe evidencemessagéhuspassedre
termedas,A(X) message$or thosesentby the parentsand 1i(x) messagefor thosesentfrom the

childrento the parents.

A(X) = P(X|Pa(X|E ")) (4.7)

m(x) = P(Xi|Pa(X|E™)) (4.8)

After the messageare propagatedndcornvemgenceis achieved the posteriorbelief on ary nodeis
givenby,
Bel(x) = aA(X)T1(X) 4.9)

Perlsbelief propagatioralgorithm canbe appliedto networks with loopswherethe belief of the
nodeis continuouslyupdatedin aloop till belief converges. Similar to the AIS method,in EPIS
methodthe thresholdfor the low probability in the network is identified and replacedwith an 6
thresholdandatthe sametime the largestprobability of the network is subtractedy this cutof.
Stochasticamplingtechniquesliscusse@bore work fine for bayesiametworksasthe optimal
importancefunction is the productof the conditionalprobability function of all nodes. We used
EPISalgorithmsto estimatehe switchingactivty for our circuits,andwe foundthatsamplesaslow

as5000aresufiicient enoughfor all thecircuits. In additionto theinput, theinput statespacesare
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sampledsimultaneouslyisinga strongcorrective modelascapturecby Bayesiametwork. Another

importantadwantageof this methodis thatit is input patterninsensitve andthe corvergencerateis

very high.
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CHAPTERS

EXPERIMENTAL RESULTS

In this sectionwe discusghe power estimatesat RT level benchmarlcircuits. For every bench-
mark, we corvert theminto a data-flav graphwhosenodesarethe resourcedik e addey multiplier
and edgesare inputs and outputsof the respectre resources. We then translatethis DFG to a
Behavioral-DAG (BIDAG) which is provento a BayesiarNetworks which the minimal I-map for
theunderlyinglogical dependengeinherentin the algorithm. The estimationstepsarehighlighted
in Figure4.1.. Oncewe obtainthe BIDAG, we infer the probabilitiesof the inputs/outputsising
EvidencePre-propagatetinportanceSamplingwhich modelsthe uncertaintyin the systemandthe
probabilitiesthatwe obtainmatchthe belief of the system.

Next, we uselogic level implementatiorof individual resourceand modelthemasLiDAGs.
We usetheinferredprobabilitiesfrom the BIDAG to thecorrespondind.iD AG structureandusethe
samebelief propagatiorto obtainthe switchingprofile of theindividual internalsignals,the pover
dissipationof the entire systemis thus computed. Thus, we partition our probleminto handling
logic level dependencusingthe BIDAG structureandhandlethe structuraldependenc usingthe
LIDAG structure.

We use WINDOWS XP computerwith PentiumlV, 2.00GHzprocessoto run our Inference

algorithmsand SunSolarismachinedor our gatelevel simulations.We testedour modelfor three

Table5.1.Resultson Total DynamicPawer Dissipationfor BenchmarkCircuits

Low Input Switching
{Xoo = 0.5%g1 = 0.15%10 = 0.15%11 = 0.2}
Circuit No.ofNodes EPIS Smultion | ||%error||
FIR 1573 0.00143 | 0.00143 | 0.00
IR 1522 0.00141 | 0.001411 | 0.00
ELLIPTIC || 9081 0.0069 0.0070 14
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Table5.2. Total DynamicPower Dissipationfor BenchmarkCircuits

Randominput Switching
{Xoo = 0.25%p1 = 0.25%10 = 0.25%11 = 0.25}
Circuit No.ofNodes EPIS Smultion | ||%error||
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. Total DynamicPawer Dissipationfor BenchmarlCircuits

High Input Switching
{Xoo = 0.1xp1 = 0.4%10 = 0.4%X11 = 0.1}
Circuit No.ofNodes EPIS Smultion | ||%error||
FIR 1573 0.002811 | 0.002811 | 0.00
IR 1522 0.002798 | 0.002798 | 0.00
ELLIPTIC || 9081 0.01154 | 0.01177 1.90

typesof input behaior andfor ELLIPTIC filter which have recovergencepathswe have a maxi-
mumerrorof only 3%. Thefirst samples anfor low input switchingbehaior, shavn in Table 5.1.
whereascircuit power for high input switchingbehaior is shavn in Table 5.3.. The completely
randominput behaior which is the conditionin nonfeedbackcircuitsis discussedn Table 5.2..
Thusour modelhaslessthen3% andis input patternindependentln Table5.4.we have presented
the power for the filters that resultdueto a differenttype of adder Carry Propagatedderunder
threeinput switchingbehaior. Finally we have discussedhe closenes®f our BIDAG switching
estimateswith the gatelevel switchingestimates.Table5.5., 5.6., 5.7.shavs the averageoutput
nodeswitchingin eachcomponenin theFIR filter, table.5.8., 5.9., 5.10.shavs the averageoutput
nodeswitchingin eachcomponentn thellR filter andTable5.11., 5.12., 5.13.shavs the average
outputnodeswitchingin eachcomponentn the ELLIPTIC filter. We comparedhis switchingwith

gatelevel switchingestimateandthe maximumerrorof 2% wasrecordedor the4 bit multiplier.
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Table5.4. Resultson Total Dynamic Paver Dissipationfor BenchmarkCircuits for Differentim-

plementaitorof Adder

Pawer for Differentinput Switching
Circuit No. of | Samplel Sample2 Sample3
Nodes
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 Switchingvs Actual Switchingfrom Simulationfor FIR Filter

Samplel
Modlue Simulation | EPIS ||%error||
4AMULT 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 Switchingvs Actual Switchingfrom Simulationfor FIR Filter

Sampléll
Modlue Smulation | EPIS [|%error||
4AMULT 0.4206 0.4254 11
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 Switchingvs Actual Switchingfrom Simulationfor FIR Filter

Sampldlll
Modlue Smulation | EPIS [|%error||
AMULT 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 Switchingvs Actual Switchingfrom Simulationfor IIR Filter

Samplel
Module Simulation | EPIS ||%error||
4AMULT 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 Switchingvs Actual Switchingfrom Simulationfor IIR Filter

Sampléll
Module Simulation | EPIS ||%error||
4AMULT 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 Actual Switchingfrom Simulationfor IIR Filter

Sampldll
Module Smulation | EPIS [|%error||
AMULT 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.Resultson BIDAG Switchingvs Actual Switchingfrom Simulationfor ELLIPTIC Filter

Samplel

Module Simulation | EPIS ||%error||
4SUB 0.4179 0.4245 1.5
4AMULT 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.Resulton BIDAG Switchingvs Actual Switchingfrom Simulationfor ELLIPTIC Filter

Sampléll

Module Smulation | EPIS ||%error||
4SUB 0.4716 0.4735 0.40
AMULT 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
8SuUB 0.3876 0.3886 0.27
9MULT 0.2629 0.2628 0.03
S8MULT 0.2716 0.2721 0.18
18ADD 0.2756 0.2762 0.21
19ADD 0.2673 0.2669 0.14

41



Table5.13.Resultson BIDAG Switchingvs Actual Switchingfrom Simulationfor ELLIPTIC Filter

Samplélll

Module Simulation | EPIS ||%error||
4SUB 0.4434 0.4507 1.6
AMULT 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
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CHAPTER 6

CONCLUSION

Pawer estimationhasbeenan active researchopic for more than a decade. This thesisin-
troducescombinationalTop-davn Bottom-upmethodto accruatelymodelthe power at Register
TransferLevel. We have shavn theresultsof Power for variousRTL behchmarlcircuits. We used
Bayesiametworksto getthe probability of ary querynodegiventhe evidencefor ary othernode.
We usedanIimportancesamplingcalledEvidencePre-propagatioimportanceSamplingmethodto
updatethe belief. Since5000samplegesultedin goodconvergencein the probabilities,it is much
fasterthanpower macromodelingvherethetableconstructiontake mostof thetime. Our probelm

is zerodelaymodelandhencethe extensionof our work would berealdealymodelfor RTL power

estimation.
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