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Chapter

1
Introduction

1.1 State-of-the-Art

1.1.1 IC Technology

For morethan20yearsnow, progressin IC technologyhasbeendrivenby theeverdecreas-
ing featuresizeandthusincreasingcomplexity of circuitsthatcanbeintegratedontoa sin-
gle chip. This developmentwas predictedby GordonMoore of Intel Corporation.It has
becomeknown asMoore‘s Law [Moor 75]: “The numberof transistors per chip and thus
design complexity doubles every 18 months”.

Table1-1 depicts the SIA-forecastfor trends in microelectronicsfor the next 15 years
[SIA 97].

With the advent of deepsubmicrontechnology, the major designlimitations andtherefore
theoptimizationobjectivesduring thedesignprocesshave changedsubstantially. Until the
early1990s,mostdesignswereareaandspeedlimited. Consequently, thefocusof theopti-
mizationefforts wasput on thesetwo points.But today, asmorethan10 million transistors
areavailableon a singlechip,areais not a majorconcernanymore.It hasbeenreplacedby
thequestionhow to copewith thecomplexity of a multi-million transistordesign.This fact
hasbecomepopularasthe“DesignGap”. It is not thesilicon technologythatrepresentsthe
bottleneckin microelectronics,but the productivity of the designerandthe tools that sup-

Year 1997 2001 2006 2012

minimum feature size [nm] 250 150 100 50

maximum clock frequency [MHz] 750 1500 3500 10.000

transistors/chip 11M 40M 200M 1.4G

Supply voltage [V] 1.8-2.5 1.2-1.5 0.9-1.2 0.5-0.6

power dissipation (stationary devices) [W] 70 110 160 175

power dissipation (mobile devices) [W] 1.2 1.7 2.4 3.2

Table 1-1: Trends in microelectronics
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port thedesignprocess.While thetechnologicallyfeasiblecomplexity is growing exponen-
tially over time, designproductivity, measuredin transistorsper designerand day for
instance, grows only little more than linearly (figure1-1).

A widely acceptedmeansto deal with complexity is the top down designstyle. Starting
from a highly abstractspecificationof the systemto be developed, the design team
approachesthe final solutionthroughstepby steprefinementof the original specification.
Thewholetopdown designprocesscanbedepictedwith theY-chart[Gajs83]. It represents
the3-dimensionaldesignspace.Eachaxisdepictsa specificview on thedesign:behavior,
structure,andgeometry. Theconcentriccirclesdenotethedifferentdesignlevels.Thelevel
of abstractiondecreasesfrom theouterlevels to the innerones.Thecenterwherethethree
axisintersect,representsthedesigngoal:thefinal layoutdataof thechip.Thedesignerusu-
ally startswith asystemspecificationon thebehavioral axis.Theintersectionsof thedesign
levelsandtheaxisdenotedesigndata,whereasthelinesbetweentheintersectionsrepresent
transformations.Thereexist severalpossiblewaysfrom thesystemspecificationto thecen-
ter of the Y-chart, which dependon the designstyle, e.g. full custom,standardcell, or
FPGA based.

All the designstepscanbe consideredeitherassynthesisstepswhich direct towardsthe
center, asanalysisstepswhich directaway from thecenter, or astransformationsfrom one
view to another[Retti 96]. Of course,in orderto closethedesigngap,it is highly desirable
to automateasmany stepsof thedesigncycleaspossible.OnRTL (RegisterTransferLevel)
andbelow, mostsynthesis,transformation,andanalysistasksarealreadywidely automated
andcommercialtoolslike logic synthesizers,VHDL simulators,or placeandroutetoolsare

Figure 1- 1: Design Gap [SIA 97]
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available.However, for today’s multimillion transistordesigns,similar toolsfor higherlev-
elsareindispensable.Althoughmuchresearchhasbeendonein this field andis still ongo-
ing, only analysis tools like simulators have reached commercial maturity so far.

But growing complexity anddecreasingfeaturesizesalsoinfluenceotherareasin IC tech-
nology [SIA 97]. Test becomesmore and more costly, since the numberof test vectors
which are requiredfor a certaintest coveragegrows exponentiallywith circuit size.The
wiring delayall of a suddenpredominatesthegatedelaysincethe transistorsandthegate
capacitanceshavebecomesosmall.Lastbut not least,thegrowing numberof transistorsper
chipandincreasingoperationfrequenciesresultin highpowerconsumption.This limits the
batterylivesof mobiledevicesbut it alsoinfluencesstationarymachinesthroughincreasing
cooling andpackagingcosts.Thus, low power designhasregainedlots of interestas the
third design paradigm, beside area and speed.

Figure 1- 2: The Y-chart [SIA 97]
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Consequently, new tools andmethodologiesfor low power designare required[SIA 97].
Feasibility of systemson a chip crucially dependson new analysisand simulationalgo-
rithms. Parallelismmust be exploited wherever possible.Novel designtools that support
andexploit hierarchicaldesignstylesmustbecomeavailablein orderto increasethedesign-
ers’ productivity.

1.1.2 Low Power Design

From all the problemsthat wereoutlined in the previous section,the focus is put on low
powerdesignin thissection.Thetermlow powerdesignincludesall efforts thataremadeto
optimize circuits for lower power consumption. It can be divided into two subcategories:

• Power Estimation:techniquesto estimatethe power consumptionof digital cir-
cuits.It is highly desirableto developestimationtechniquesfor ashighaspossible
designlevels.Therearetwo propertiesthatmakepowerestimationharderthane.g.
delayestimation.Power consumptiondoesnot only dependon staticcircuit prop-
erties like structureand supply voltage,but also on the input patternsthat are
appliedto thecircuit. Hence,only statisticalstatementscanbemade.Furthermore,
onhigherdesignlevels,it is notpossibleto giveanabsoluteestimateof theaverage
power consumptionin Watt. More abstractmetrics like signal activity, are used
insteadin orderto comparedifferentdesignsthat implementthesamefunctional-
ity.

• Power OptimizationandLow Power Synthesis.Circuitsoptimizedfor high speed
andlow areaconsumptionarein mostcasesnot theoptimumimplementationfrom
a power consumptionpoint of view. Therefore,dedicatedmethodsandsynthesis
tools for the designof low power circuits mustbe developedfor all levels of the
design hierarchy.

Today, commercialtoolsfor powerestimationandsynthesisarelimited to thetransistorand
gatelevel. The latterarestill on a very rudimentarylevel, though.EPICsoftware1 offersa
quite advancedset of tools for power analysison layout and transistorlevel [Huan95].
SYNOPSYShasextendedits gatelevel synthesistool designanalyzer[SyLi 96] by some
basicpowerestimationandlow powersynthesiscapabilities.Therearehardlyany commer-
cial tools available for RT level and above.

1.2 Objectives and Content of this Thesis
In theprevioussection,today’s mosturgentproblemsin IC technologyweredemonstrated.
In a singledissertationit is not possibleto cover themall. Eventhespecificareaslike anal-
ysis, test,andsynthesiscanbedivided into a multitudeof specific,unsolvedaspects.Each
of themrepresentsa field of researchfor itself with its specificmathematicalandphysical
terms, models, and methodologies.

1. EPIC software has just recently merged with Synopsys.
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This thesisis thereforerestrictedto asubdomainof thelow powerdesign.Themainfocusis
put on thedevelopmentof novel power estimationtechniqueson gatelevel. But sincelow
powerdesigncannotberestrictedto asinglelevel, someveryspecificdesignaspectsoncir-
cuit level will be touched too.

In thepower estimationdomain,two typesof toolscanbeobserved.They areeitherbased
on explicit simulationor on probabilisticmethods.Both have their specificadvantagesand
drawbacks.But for any tool, two mostlycontradictoryrequirementsexist: speedandaccu-
racy. For bothestimationmethodsnovel approachesareproposedin thiswork. By combina-
tion with advancedmethodsfrom theexisting literaturesignificantimprovementof thestate
of theartcouldbeobtained.It will beshown in a laterchapterthatpowerestimationongate
level can be reduced to the estimation of signal activities.

In contrastto the top down designmethodmentionedin section1.1.1,this thesisfollows a
bottomup strategy. This strategy hasprovento besuperiorfrom a didacticalpoint of view.
The rest of this work is therefore organized as follows.

Chapter2 reflectsthe mathematicalandphysical backgroundthat will be usedin the later
investigations.Graphtheory, Booleanfunctions,andprobability theoryare introducedas
well asCMOS technology. The origin of power dissipationanddifferent time modelsare
explained in detail because they are closely related to any power estimation method.

Chapter3 dealswith a new technologythat is just being developedat the Institute for
MicroelectronicsStuttgart (IMS) [Hipe 95]. The questionof suitablecircuit techniquesin
termsof high performanceand low power consumptionis investigatedunderthe specific
constraints of this new technology.

Chapters4 to 6 representthecoreof this thesis.They introducenovel ideasin powerestima-
tion on logic level. Chapter4 outlinesthestate-of-the-artin probabilisticandpatternsimu-
lation basedpower estimationbeforeit presentsa new, settheorybasedmethod.Sincethis
methodwas first limited to the zero delay model, chapter5 describesan approachthat
extendsit to any moresophisticateddelaymodel.This approachcould alsobe appliedto
another, very efficient simulationmethodthat waspublishedin the literatureandhasalso
beenrestrictedto thezerodelaymodelso far. Furthermore,theeffect of simplificationsin
thetime modelfor theestimationresultis investigated.Chapter6 dealswith theproblemof
improving accuracy as well as runtime for probabilisticsimulationmethods.Througha
combinationof traditional,BDD basedprobabilisticmethodsandpatternsimulation,it was
succeededin accuratelyhandlingcorrelationsbetweentheprimaryinputsignalsof acircuit.
They must be neglectedin most probabilisticsimulatorstoday. Significantspeedup was
tradedfor a slight loss in accuracy by a dynamicalpartition algorithmwhich is alsopre-
sentedin chapter6. All statementsin thechapters3 to 6 aresupportedby extensive simula-
tion results.

Chapter7 concludesthis work with a summaryof thenew methodswhich have beendevel-
opedin this work anda final discussionof theresults.It alsogivessomehints,wheremore
extensive investigations are promising and could be of interest.

Finally, chapter8 gives an extended summary of this thesis in German.
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Chapter

2
Background

This chaptercompactlypresentsthebackgroundwhich is necessaryto understandthe rest
of this work. Dueto thenatureof theproblemsin designandanalysisprocesses,theback-
ground is divided into two domains: mathematics and physics.

Mathematicsprovide theabstractmeansfor datamodelingandprocessing.Themathemati-
cal sectionstartswith a short introductioninto setandgraphtheory, asboth areusedfor
several purposesin this work. Anotherbasicdomainarethe Booleanfunctions.They are
formally definedand their specificpropertiesand theoremsarebriefly revisited. Boolean
functionscanbe efficiently representedandmanipulatedusingBinary DecisionDiagrams
(BDD). As they will beappliedfor probabilisticsignalactivity estimationlaterin thiswork,
their basicconceptsaswell asthemostfundamentalalgorithmsfor BDD manipulationare
outlined here.Finally, probability theory is explainedwith a specialemphasison binary
variables.Termslike signalandswitchingprobability or correlationandstatisticaldepen-
dence are defined.

Thephysicalbackgroundis divided into two subsections.Thefirst dealswith CMOStech-
nology asthe basisfor mostdigital circuit implementationstoday. Commonbulk technol-
ogy is explainedaswell asnew trendslikeSilicon-on-Insulator(SOI), T-gatetransistor, and
3D-integration. The secondpart takesa closerlook on the origin of power dissipationin
CMOScircuits. It will becomeobvious thatpower dissipationdividesinto threeclassesof
different importance: dissipation due to leakage, short circuit and capacitive currents.

Time modelsbelongsemanticallyto thephysicalbackground.Becauseof their importance
for thesimulationandpowerestimationprocess,they werereservedfor aseparate,lastsec-
tion.

2.1 Mathematical Background
This sectioncanonly have a refreshingcharacter. For deeperinsightpleaseconsulttheref-
erences given at the beginning of each subsection.

2.1.1 Set Theory

Settheoryprovidesa formal meansto handlesets,elementsof sets,andrelationsbetween
them. The definitions are in close accordance with [Lane67], [Marc66], and [Lipp92].
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Thetermsetis ubiquitousin mathematics.However, it is usuallyleft undefined.A setcon-
sistsof mathematicalobjectswhich arecalledelements. Thesetis thetotality of theseele-
ments[Marc 66]. If anelementx belongsto a setSwe sayx is elementof Sor . If an
elementx does not belong to the setS we write: .

Definition 2-1: Empty Set ∅
Theempty set is the set without any element. It is denoted by∅ .

Definition 2-2: Subset
If every elementx of a setX also belongs to a setY, thenX is asubset of Y and we
write: .
If  and , thenX andY areequal: .
If  but  thenX is aproper subset of Y and we write .

Definition 2-3: Union and Intersection
Theunionof two setsX andY is thesetwhichcontainsall elementsthatbelongeither
to X, toY, or to both:

The intersection of X andY is the set of all elements common toX andY:

Definition 2-4: Complement
ThecomplementX of asetX is thesetwhichcontainsall elementsthatdonotbelong
to X:

Definition 2-5: Ordered Pair
An ordered pair(x,y) denotes a set of two elements one of which is designated as the
first element of the pair. Thus  if and only if (iff)  and

.

Definition 2-6: Cartesian Product
TheCartesian product of X andY is the set of all ordered pairs(x,y) with x∈ X and
y∈ Y:

Definition 2-7: Binary Relation
For any two setsX andY, asubset is calledabinaryrelationonX to Y, or a
relation betweenX andY. Then  is usually written asxRy and reads: “x
bears relation R to y”. (x,y)∉ R is denoted asx /Ry.

x S∈
x S∉

X Y⊆
X Y⊆ Y X⊆ X Y=
X Y⊆ X Y≠ X Y⊂

X Y∪ x x X x Y∈∨∈{ }=

X Y∩ x x X x Y∈∧∈{ }=

X x x X∉{ }=

x1 y1,( ) x2 y2,( )= x1 x2=
y1 y2=

X Y× x y,( ) x X y Y∈∧∈{ }=

R X Y×⊂
x y,( ) R∈



Mathematical Background

31

Definition 2-8: Reflexivity
A relationR is reflexive if xRx for all x∈ X. If xRx for nox∈ X, thenR is calledantire-
flexive.

Definition 2-9: Symmetry
If for all pairs(x,y)xRyimpliesyRx, thenR is calledsymmetric. If therearesome(x,y)
with xRyandy /Rx,thenR is asymmetricandif xRyalwaysimplies y /Rx, thenR is anti-
symmetric.

Definition 2-10: Transitivity
If for all elementsx,y,z∈ X xRy andyRz impliesxRz thenR is transitive.

Definition 2-11: Equivalence Relation
A binary relationR on setX is called anequivalence relation if R is reflexive, sym-
metric, and transitive. For an equivalence relationR we usually writex~y instead of
xRy.

Definition 2-12: Partial Order
A binary relation≤ is called apartial order if it is reflexive, transitive, and antisym-
metric.

Definition 2-13: Power Set
GivenasetX, thesetof all subsetsof X (including∅ andX itself) is calledthepower
set of X and is denoted byP(X).

Definition 2-14: Partition
Let X beanon-emptyset.Any subsetΠ of P(X)whichdoesnotcontain∅ is calleda
partition if each element ofX belongs to one and only one of the elements ofΠ.

Definition 2-15: Cover
Let X be a non-empty set. Any subsetC of P(X) which does not contain∅  is called a
cover if each element ofX belongs to at least one of the elements ofC.

Definition 2-16: Block
The subsets of a cover or a partition are calledblocks.

Note that thedefinitionsfor a partitionandcover arequitesimilar, but whereasa partition
requiresthat eachelementof X belongsto exactly oneblock of the partition, the require-
mentsfor a cover areweaker: all elementsof X mustbe in at leastoneblock of thecover.
Thus,any partitionis a cover aswell, but not vice versa.Figure2-1 shows anexampleof a
partition anda cover. On the right handside,the hatchedregionsdenotethe overlapping
portions of the adjacent subsetsb, c, andb, e respectively.
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2.1.2 Graph Theory

Graphsare one of the basicmeansfor modelingand manipulationof dataand relations
betweendata in electronicdesignautomation(EDA). They are commonlyusede.g. for
netlist or Booleanfunction representation,aswell as for solving floorplanningandplace
androuteproblems.Thedefinitionsin this paragraphfollow thosein [Tutt 84], [DeMi 94],
and [Boll98].

Definition 2-17: Graph
A graphG(V,E) is anorderedpair (V, E). V is aset,its elementsvi arecalledvertices.
E is abinaryrelationonV, its elementsej arecallededges. Theedgesarepairsof ver-
tices, also calledend-points of the edge.

An edge isincident to a vertex if this vertex is one of the end-points of the edge.

Definition 2-18: Directed and Undirected Graph
A graph is adirected graph if the edges are ordered pairs, otherwise it isundirected.
Undirected edges are denoted by{vi,vj}, directed edges by(vi,vj) wherevi is thehead
andvj is thetail of the edge.

In thiswork, only finitegraphsshallbeconsidered,wherebothsets,V andE, arefinite sets.
Other graphs are calledinfinite.

Figure 2- 1: Partition and cover of the set X
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Graphsarecommonlyillustratedby diagrams.Theverticesaredepictedasdotsor circles,
whicharelabeledby thenameof thevertex. An edgebetweentwo verticesis representedby
a line whichconnectsthetwo vertices(figure2-2a).Directededgesaremarkedby anarrow
at theendof theline thattouchesthesecondvertex of theedge(figure2-2b).A graphis said
to be planar, if it hasa diagramon a planesurfacesuchthat no two edgescross.The two
graphs in figure2-2 are planar.

Thedegree of a vertex is the number of edges incident to it.

Besidestheir representationby a vertex setandanedgeset,a graphG(V,E) canalsoberep-
resented by anincidence matrix which is defined as follows.

Definition 2-19: Incidence Matrix
The incidence matrixB(G)=(bij) of a graphG(V,E) is then×m matrix defined by:

Thus,n corresponds to the number of vertices andm to the number of edges of
G(V,E). An incidence matrix can also be defined for undirected graphs. In that case,
bij=1 if vi is element of the edgeej.

Both, directedandundirectedgraphscanbeweighted.Weightscanbeattachedto vertices
and/or edges. In that case, a graph isvertex and/oredge weighted.

Figure 2- 2: Graph illustration
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bi j

1   if  vi is the head of ej

1   if  v– i is the tail of ej

0  otherwiseî
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Undirected Graphs

Definition 2-20: Isomorphic
Two graphsaresaidto be isomorphicif thereis aoneto onecorrespondencebetween
their vertex setsthatpreservesadjacency. ThusG1(V1,E1) is isomorphicto G2(V2,E2)
if there is a bijection  such that  iff .

Definition 2-21: Adjacency, Loop, Simple Graph, Multi-Graph
Two verticesareadjacentto eachotherif thereis anedgeincidentto bothvertices.An
edgewith two identicalend-pointsis calleda loop. A graphwithoutany loop is asim-
pleor astrict graph. Otherwise it is amulti-graph.

A second important matrix that can be defined on graphs is theadjacency matrix.

Definition 2-22: Adjacency Matrix
Given graphG(V,E), its adjacency matrixA(G) = (aij) is defined by:

The adjacency matrix for an undirected graph is always symmetric.

Note,definition2-22canbeappliedto directedgraphsif thebrackets{} arereplacedby ().

Definition 2-23: Walk, Trail, Path, Cycle
A walk is analternatingsequenceof verticesandedges.A trail is awalk with distinct
edges while apath is a walk with distinct vertices. Acycle is a closed walk with dis-
tinct vertices.

If all vertex pairsof a grapharejoinedby a path,this graphis connected. An acyclicgraph
hasno cyclesandif it is alsoconnected,it is calleda tree. Verticesof treesarealsocalled
nodes.Sometreeshave a distinct nodewhich is calledroot. Sucha treeis calleda rooted
tree. Nodes that are adjacent to only one other node areleaves.

A graphis saidto bechordal or triangulatedif every cycle with morethanthreeedgespos-
sesses achord, i.e. an edge which joins two non-consecutive vertices in the cycle.

Definition 2-24: Subgraph
A graphGS(VS, ES) is calledsubgraph of G(V,E) if  and . If ,
the subgraphinduced or spanned by U is the maximal subgraph ofG(V,E) whose
edges have both end-points inU.

Definition 2-25: Bipartition, Bipartite Graph
A bipartition of agraphG(U,E) is anorderedpair (V,W)of complementarysubsetsof
U such that each edge ofE has one end-point inV and the other inW. A bipartite
graph is one that has a bipartition.

∅ : V1 V2→ x y,{ } E1∈ ∅ x( ) ∅ y( ),{ } E2∈

ai j

1  if vi vi,{ } E G( )∈

0  otherwiseî



=

VS V⊆ ES E⊆ U V⊆
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A bipartitegraphcanhave neithera loop nor a chord.Figure2-3 shows a bipartitegraph.
The two setsV andW are marked grey and white.

Directed Graphs

Mostconceptsof undirectedgraphscanbestraightforwardlyextendedto directedgraphsby
replacingedgeswith edgeswith thesamedirection. But directedgraphsallow for somespe-
cific definitions that deal with the direction of the edges.

The indegreeandoutdegreeof a vertex are the numbersof edgeswherethe vertex is the
head and the tail, respectively.

Definition 2-26: Dag
A directed, acyclic graph is called adag. Dags represent partially ordered sets.

Thenetlistof a combinationalcircuit is a dag.In a dag,vertex v is calledthesuccessorof
vertex w if v is theheadof apathwhosetail is w. Wealsosay, w is reachablefrom v. Under
thesamepreliminaries,v is thepredecessorof w. If thereis anedge(v,w) thenv andw are
direct predecessor anddirect successor, respectively.

Definition 2-27: Polar Dag
A dag ispolar if it has two distinguished vertices with the following properties. One
vertex, thesink,is reachablefrom all otherverticeswhile from onevertex, thesource,
all other vertices are reachable.

The graph in figure2-2b is a polar dag, vertex a is its source and vertex c its sink.

Figure 2- 3: Bipartite graph
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2.1.3 Boolean Functions

Any combinationalor sequentialdigital circuit canbe expressedasa setof booleanfunc-
tions.Thus,the theoryof Booleanfunctionsprovidesthemathematicalfoundationfor cir-
cuit analysisandmanipulation.Theterminologyproposedin thissectioncorrespondsto the
one which is used in [Bait87] and [DeMi94].

Definition 2-28: Boolean Algebra
A Boolean algebra  is defined by a setB, two operations  and ,
andHuntington’s postulates:

1. Completeness: : and

2. Commutativity: :  and

3. Distributivity: :  and

4. One-element e: : :

Null-element n: : :

5. Complement: : :  and

Definition 2-29: Binary Boolean Algebra
In abinary Boolean algebra BA2=[{0,1},·,+]  the set B has only two elements.· is
calledconjunction, +  is calleddisjunction. 1 is the one-elemente, 0 is the null-ele-
mentn. 1=0 and0=1. A binary Boolean algebra is also calledswitching algebra.

In a binaryBooleanalgebra,· and+ aresometimesdenotedas& and∨, respectively. The
expressiona·b can be abbreviated byab and in(a·b)+(c·d) the brackets can be omitted.

Thefollowing propertiescanbedirectlyderivedfor binaryBooleanalgebrasfrom Hunting-
ton’s postulates:

1. Associativity: and

2. Idempotence: and

3. Absorption: and

4. DeMorgan’s Law: and

5. Involution:

Any instanceof a variable,eithernegatedor not, is calleda literal. A productof literals is
called acube and a sum of cubes is acubeset.

In this work only binary Boolean algebras are considered.

BA B ∇ ∆, ,[ ]= ∇ ∆

a b B∈,∀ a∇ b B∈ a∆b B∈

a b B∈,∀ a∇ b b∇ a= a∆b b∆a=

a b c, B∈,∀ a∇ b( )∆c a∆c( )∇ b∆c( )=

a∆b( )∇ c a∇ c( )∆ b∇ c( )=

e B∈∃ a B∈∀ a∇ e a=

n B∈∃ a B∈∀ a∆n a=

a B∈∀ a B∈∃ a∇ a n= a∆a e=

a b c+( )+ a b+( ) c+= a b c⋅( )⋅ a b⋅( ) c⋅=

a a+ a= a a⋅ a=

a a b⋅( )+ a= a a b+( )⋅ a=

a b+( ) a b⋅= a b⋅( ) a b+=

a( ) a=
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Definition 2-30: Boolean Function
A completely specified Boolean functionis a mapping from then-dimensional Bool-
ean space to them-dimensional Boolean space:

f: Bn → Bm

An incompletely specified, scalar Boolean functionis a mapping

fi: S→ B with S⊂ Bn.

The points wherefi is not defined are calleddon’t care conditions (DC). An incom-
pletely specified Boolean function can equivalently be defined as

f: Bn → {0,1,*} m,

where the symbol*  denotes a DC condition. For each output, the subsets of the
domainfor whichthefunctiontakesthevalues0, 1, and* arecalledtheoff set,onset,
and dc set, respectively.
Any specific vectorb = (b0b1...bn-1) is also called a pattern.bi = - is equivalent to

. The symbol- is calledinput don’t careor briefly don’t care (DC).

Definition 2-31: Cofactor
Thecofactor of a Boolean function  with respect to vari-
ablexi is . Thecofactor  of f
with respect to variablexi is .

The following theorem allows to decompose any Boolean function into cofactors.

Theorem 2-1: Shannon’s Expansion
Let f: Bn → B. Then∀ i=1...n

 = .

Shannon´sexpansionwas first published in [Shan38], a prove can also be found in
[Hach96]. Any function f: Bn → B canberepresentedasa sumof productswith n literals
by recursive expansion.Theseproductsare called minterms. Using the secondform of
Shannon’s expansion,thesamefunctioncanbeexpressedasaproductof sumsof n literals.
Thesesumsarecalledmaxterms. Thetwo representationsarealsocalledmintermandmax-
term canonical form, respectively.

For power estimation, the following operand is essentially important.

Definition 2-32: Boolean Difference, Boolean Derivative
TheBoolean difference or Boolean derivative of  with respect to

variablexi is .

The symbol⊕  denotes the XOR operation which is defined as by

bi 0 bi 1=∨=

f xi
f x1 x2 … xi … xn, , , , ,( )

f xi
x1 x2 …xi …, xn, , ,( ) f x1 x2 … 1, …, xn, , ,( )= f

xif
xi

f x1 x2 … 0, …, xn, , ,( )=

f x1 … xi … xn, , , ,( ) xi f xi
xi f

xi
⋅+⋅= xi f

xi
+( ) xi f

xi
+( )⋅

f x1 … xi … xn, , , ,( )

f∂
xi∂

------- f xi
f xi

⊕=
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Definition 2-33: XOR ⊕

TheBooleandifferenceindicateswhetherthe function f is sensitive to changesin thevari-
ablexi.

Althoughthefollowing two definitionsoriginatefrom thecodingtheory[Boss92] they are
also applied for power estimation purposes.

Definition 2-34: Hamming Weight
Given a Boolean vectorb = (b0b1...bn-1), its hamming weightwt(b) is defined by

.

Definition 2-35: Hamming Distance
Given two Boolean vectorsa= (a0a1...an-1) andb = (b0b1...bn-1) theirHamming Dis-
tance dist(a,b) is given by

.

Hence,theHammingWeightdenotesthenumberof 1s in a Booleanvectorwhile theHam-
ming Distance is the number of different literals between two Boolean vectors.

2.1.4 Binary Decision Diagrams

Binary Decision Diagrams (BDD) were first introduced by Lee [Lee59] and Akers
[Aker78]. But only after the publicationof Bryant [Brya 86] in 1986they have startedto
gain widespreadusein many areasof designautomationlike test,verification,andpower
estimation.This sectiongivesa shortoverview over BDDs andsomeof their extensions.
However, it cannotcover all the differentflavors of BDDs andFDDs that weredeveloped
for differentpurposesduringthelastdecade.Theinterestedreaderis referredto two excel-
lent textbookswhich provide an introductionto all kinds of decisiondiagrams:[Mina 96]
and [Sasa96].

Definition 2-36: Ordered Binary Decision Diagram
An Ordered Binary Decision Diagram (OBDD) is a rooted, directed graphG(V,E).
Each non-leaf vertex v has an attribute  and two children
low(v) andhigh(v)∈ V. index(v) assigns one of the input variables{x1,x2...,xn} to node
v. A leaf vertex has an attributevalue(v)∈ B.
For any vertex pair {v, low(v)} and{v, high(v)}suchthatnovertex is a leaf,thefollow-
ing expressions must be true:

index(v) < index(low(v))

index(v) < index(high(v)).

a b⊕ ab ab+=

wt b( ) bii 0=

n 1–∑=

wt a b,( ) ai bi⊕
i 0=

n 1–∑=

index v( ) 1 2 … n, , ,{ }∈
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The last two requirementsin definition2-36 introducea variableorder which guarantees
acyclic graphs.

Definition 2-37: OBDD evaluation
An OBDD with rootv denotes a functionfv such that:

1. If v is a leaf, then .
2. If v is not a leaf and , then .

Accordingto theorem2-1, f low(v) andf high(v) mustbethetwo cofactorsof f with respectto
variablexi. Hence,the decompositionof definition2-37.2representsa Shannon’s expan-
sion.

Two BDDsareisomorphicif thereis aone-to-onemappingbetweenthevertex setsthatpre-
serves adjacency, indexes, and leaf values.Two isomorphicOBDDs representthe same
Boolean function.

It is onemajor strengthof OBDDs that they offer a canonicalrepresentationof Boolean
functions. However, canonicity requires the removal of any redundancy in the OBDD.

Definition 2-38: Reduced Ordered Binary Decision Diagram
An OBDD is saidto bea reducedOBDD (ROBDD) if it containsneitherany vertex v
with , norany vertex pair{u,v} suchthatthesubgraphsrootedin u
and inv are isomorphic.

ROBDDscanbederivedeitherfrom OBDDsby areductionalgorithm[Brya 86] or they can
be directly reducedduring constructionusingthe unique-table. It implementsa hashtable
thatcontainsa key for eachvertex of a ROBDD. Thekey is a triple, which is composedof
thecorrespondingvariableandtheidentifiersof theleft andright children.Wheneveranew
vertex is to beaddedto theOBDD underconstruction,a lookup in theunique-tableallows

Figure 2- 4: OBDD and ROBDD for
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to checkwhetheravertex alreadyexiststhatimplementsthesamefunctionalityasrequired.
Figure2-4 shows an OBDD and its ROBDD. Unlessstatedotherwise,all BDDs shall be
reduced and ordered in the sequel of this thesis.

Definition 2-39: Shared BDD, Multi-Rooted ROBDD
A set of BDDs can be joined into one graph with multiple root nodes and shared sub-
graphs. Each root node represents the root of one BDD. Such a graph is called a
shared BDDor amulti-rooted BDD.

Figure2-5 shows a sharedBDD. Besideefficient memoryusage,sharedBDDs allow very
efficient implementationof someoperations.E.g. equivalencecheckingrequiresonly to
compare the root nodes.

Definition 2-40: ITE Operator
Given three scalar Boolean functions,f, g, andh,  which
is equivalent to“ If f Then gElse h”.

The benefit of the ITE operator is based on two facts:

1. It canbeusedto constructandmanipulateBDDs sinceall functionsof two argu-
ments can be implemented using the ITE operator (table2-1).

2. It can be very efficiently implemented using look-up tables [DeMi94].

BDDs arevery sensitive to the variableorder. For mostpracticalBooleanfunctions,good
variableordersexist suchthat thesizeof theBDD grows only linearly with thenumberof
variableswhile for unfavorableorders,they can grow exponentially. Thus, finding good

Figure 2- 5: Shared ROBDD for  and
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variableordersis crucialfor efficientBDD operations.However, theoptimalordercanonly
be found for relatively small functionssincethe problemis NP-complete[Sasa96]. For
larger functions heuristics are applied. Good variable orders have two empirical properties:

1. Local computability: variablesthatarecloselyrelatedto eachothershouldbekept
nearto eachother. For instance,given the function the

variable pairsx1 andx2, x3 andx4, x5 andx6 should be kept adjacent.

2. Power to control the output: the inputs that greatlyaffect the function shouldbe
locatedin higherpositions.E.g.theselectorinput of amultiplexer shouldbein the
highest position.

Unfortunately, both conditionsare often contradictoryand in sharedBDDs, the different
functionsmay have different optimal orders.Several heuristics,like the dynamicweight
assignmentmethod[Mina 90] or the minimumwidth method[Mina 96] and many others
wereproposedin thepast.But thedevelopmentof new heuristicsis still subjectto ongoing
research.Even the bestmethodsthat areknown today, performgoodon many circuits but
they fail on severalothersand/orhave very long runtimes.Furthermore,Bryanthasproven
that thereexist inherentlycomplex circuits which areexponentialin size for all possible
variable orders [Brya86]. Multipliers represent such a circuit type of practical importance.

Extensions to BDDs

Startingfrom ROBDDs,severalextensionsof BDDs wereproposedduring the last twelve
years. Those that did influence this work will be presented in the sequel.

The first classof extensionsareattributededges, like negativeedges, input inverters, and
variable shifters. They are used to further compress the BDD.

Definition 2-41: Negative Edge
A negative edge has an attribute•  which indicates that the function of the subgraph,
pointedto by theedge,shouldbecomplemented.In orderto keepcanonicity, two new
constraints must be introduced for BDDs with negative edges:

• Omit the 0-terminal.

• Don’t negate the 1-edge.

Operator ITE Form Operator ITE Form

0/1 0/1

Table 2-1: Boolean functions of two arguments and their ITE form

f i te f 0 1, ,( )

f g⋅ i te f g 0, ,( ) f g+ i te f 0 g, ,( )

f g⊕ i te f g g, ,( ) f g⊕ i te f g g, ,( )

f g+ i te f 1 g, ,( ) f g⋅ i te f g 1, ,( )

f x1x2 x3x4 x5x6+ +=
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Negative edges provide the following advantages compared to ordinary BDDs:

• BDD size is reduced up to one half.

• Negation can be performed in constant time.

• Logic operations are accelerated by specific rules such as

, , and .

Figure2-6ashowsanexampleof aBDD withoutandwith negativeedgeswhile theconver-
sion rules for the 0-node and negated 1-edges are depicted in figure 2-6b.

Input invertersaresimilar to negativeedges.They specifythatthe0- and1-edgesof thenext
nodeshouldbeexchanged.This canbeconsideredasinvertersfor theaccordinginput vari-
able.Justlike negative edges,input invertersrequirespecialconstraintsin orderto preserve
canonicity.

Variableshifterscanbeusefulif thereexist two subgraphsthatareisomorphicexceptfor a
differencein theindexes.Thevariableshifterindicatesthata certainintegernumbershould
be added to the indexes. A detailed description can be found in [Mina96].

Attributesarenot only attachedto edgesbut alsoto the BDD nodes,which changestheir
functionality.

Definition 2-42: Ordered Kronecker Functional Decision Diagram (OKFDD)
In anOrdered Kronecker Functional Decision Diagram (OKFDD) each variable has
an attribute that defines the decomposition type of the nodes with this variable index.
The decomposition type can be one of the following three types:

1. Shannon (S)

2. Positive Davio (pD)

Figure 2- 6: Negative Edges

f f⋅ 0= f f+ 1= f f⊕ 1=

a

b

0 1

a

f1

b

f2

a

b

1

f1 f2

(a) Effect

10

(b) Rules

f xi f xi
xi f

xi
⋅+⋅=

f f
xi

xi f
xi

f xi
⊕( )⋅⊕=
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3. Negative Davio (nD)

A vertex v with labelxi is then evaluated by

1. Shannon

2. Positive Davio

3. Negative Davio ,

depending on the attribute ofxi.

Hence,anOBDD canbeconsideredasanOKFDD, whereall variablesareof theShannon
type.Dueto theadditionaldegreeof freedom,OKFDDscanresultin substantiallysmaller
representationsthanBDDs. They still don’t solve theproblemof multiplier representation,
though.Like for BDDs, thereexist specialreductionrules and heuristicsfor OKFDDs.
Detailedexplanationwould go beyondthescopeof this introduction.Theinterestedreader
is referred to [Sasa96] and [Drec96].

2.1.5 Probability Theory

This sectiongives the most important definitions and resultsof the probability theory.
Detailedintroductionscanbefound in [Papo65] and[Haus77]. For topicsthatarerelated
to binary signals [Najm93] should be consulted.

Definition 2-43: Probability
Given is a setS of events{s1,s2,...sk}. The certain eventC is the union of all possible
eventssi:

Theprobability of an eventsi is a numberP(si) assigned to this event.P(si) has the
following properties:

•

•

•  if si andsj are mutually exclusive

Definition 2-44: Elementary Event, Probability Space
If all the elements ofS are mutually exclusive, thens1,s2,...sk are calledelementary
events andS is aprobability space. pi denotes the probability of the elementary event
si:

Theelementsof theprobabilityspaceSarearbitrary, abstractevents.Given for instance,a
setA thatconsistsof carsin thethreecolorsred,blue,andyellow. ThenS= {red,blue, yel-
low} andpred denotes the probability that a car, randomly chosen fromA, is red.

f f xi
xi f

xi
f xi

⊕( )⋅⊕=

f v xi f high v( ) xi f low v( )⋅+⋅=

f v f low v( ) xi f high v( )⋅⊕=

f v f low v( ) xi f high v( )⋅⊕=

C sii 1=
k∪=

P si( ) 0≥
P C( ) 1=

P si sj∪( ) P si( ) P sj( )+=

P si( ) pi=
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Definition 2-45: Conditional Probability
Given two eventsa, b with nonzero probability, then theconditional probability of a
assuming b is defined by

.

Bayestheoremdescribestherelationshipbetweentheconditionalprobabilitiesof two vari-
ables:

Theorem 2-2: Bayes Theorem

Definition 2-46: Statistical Independence
Two eventsa andb are calledstatistically independent if P(a∩b) = P(a)·P(b).

Hence,P(a|b) = P(a) if a andb are statistically independent.

Random V ariab les

Definition 2-47: Random Variable
A real random variablex: S→ R is a real function whose domain is the probability
spaceS such that:

1. The set{x≤x} is an event for any real numberx.

2. P({x=+∞}) = P({x=-∞}) = 0.

Theconceptof randomvariablesallowsto transferany abstractprobabilityspaceS, into the
domain of the real numbers where the following terms can be defined.

Definition 2-48: Distribution Function
Thedistribution function of the random variablex is the function

.

It is defined for any number from-∞ ≤ x ≤ +∞.

Definition 2-49: Probability Density
The function

is called theprobability densityor density functionof the random variablex.

Definition 2-50: Expected Value, Mean
Theexpected value or mean E(x) of a random variablex is defined as

E(x) is sometimes denoted asµx.

P a b( ) P a b∩( )
P b( )

---------------------=

P a b( ) P b( )⋅ P b a( ) P a( )⋅=

Fx x( ) P x x≤{ }( )=

f x x( )
Fx x( )d

xd
-----------------=

E x( ) xf x x( ) xd

∞–

∞

∫=
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Themean is a special case of the more general termmoment which is defined next.

Definition 2-51: Moment, central moment.
Thenth moment and thenth central moment of a random variablex are defined by

 and

,

respectively.

Somemomentsgot specialnamesdueto their practicalimportance.Thefirst momentis the
meanµx. Thesecondcentralmomentis calledvariance, its squareroot is thestandard devi-
ationσx. There exists an interesting relation between the variance and the second moment:

( 2-1 )

Sometimesit is necessaryto model the statisticalrelationsbetweentwo or more random
variables.Thereforemostdefinitionsof asinglevariablecanbeextendedto amulti-variable
form.

Multi-V ariab le Statistics

Definition 2-52: Joint Distribution, Joint Density
The joint distribution and thejoint density function of two random variablesx andy
are defined by

 and ,

respectively.

Definition 2-53: Joint Moments, Joint Central Moments
The joint momentsandthe joint central momentsof two randomvariablesx andy are
defined by

 and

,

respectively.

mn E xn( ) x
n
f x x( ) xd

∞–

∞

∫= =

cmn E x µx–( )n( ) x µx–( )n
f x x( ) xd

∞–

∞

∫= =

E x2( ) σx
2 µx

2
+=

Fxy x y,( ) P x x y y≤,≤{ }( )= f xy x y,( )
∂2

Fxy x y,( )
x y∂∂

----------------------------=

mkl E xkyl( ) x
k
y

l
f xy x y,( ) xd yd

∞–

∞

∫
∞–

∞

∫= =

cmkl E x µx–( )k y µy–( )l( ) x µx–( )k
y µy–( )l

f xy x y,( ) xd yd

∞–

∞

∫
∞–

∞

∫= =
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cm11 is also called covariance . Equation2-1 can be extendedfor two dimensional
moments:

( 2-2 )

Definition 2-54: Correlation Coefficient
Thecorrelation coefficient rxy of two random variablesx andy is defined by

.

Definition 2-55: Uncorrelated, Orthogonal, and Independent Random Variables

• Two random variables are calleduncorrelated if E(xy) = µxµy.

• They areorthogonal if E(xy) = 0.

• They areindependentif fxy(x,y)=fx(x)fy(y).

If two randomvariablesx, y areuncorrelated,theircorrelationcoefficient rxy andtheircova-
riance arezero.Dependingon thesignof rxy, we alsosaythey arepositivelyor nega-
tively correlated. Independent variables are always uncorrelated but not vice versa.

Stoc hastic Pr ocesses

Theconceptof stochasticprocessesis fundamentalto probabilistictreatmentof signalpro-
cessing systems.

Definition 2-56: Stochastic Process
Given an experimentE specified by its outcomess. The outcomes form the probabil-
ity spaceS, by certain subsets ofS calledevents and by the probabilities of these
events. If a time functionx(t,s) is assigned to every outcomes according to a certain
rule,x(t,s) is called astochastic process.Usually the second parameters can be omit-
ted.

Figure2-7 illustratesthedefinitionof a stochasticprocess.Thestochasticprocessconsists
of a functiongeneratorandoneor many multiplexers.The functiongeneratorG generates
anarbitrarynumberof time functionsxi(t). Eachmultiplexer selectsoneof thesefunctions,
dependingon therandomeventssa or sb. Thus,thesignalsx(t,sa) andx(t,sb) aresamplesof
stochasticprocesses.If sa andsb arerandomeventsof the samespaceS, thenx(t,sa) and
x(t,sb) aretwo samplesof onestochasticprocessx(t,s).TheNAND-gaterepresentsasystem
wherethesetwo signalsareappliedto. It is importantto note that the functionsxi(t) are
deterministic,it is theselectionof specificfunctionsthat introducestheprobabilisticchar-
acter. Thus,x(t1) is a randomvariablefor fixedt1. Thisallows to directly transferthedefini-
tions of distribution, density, moment, and all the related terms to stochastic processes.

σxy
2

σxy
2

E xy( ) µxµy–=

rxy

σxy
2

σxσy
------------=

σxy
2
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Definition 2-57: Distribution, Density
Given a stochastic processx(t) one defines the following terms:

• Density:

• Distribution:

• Joint Density:

• Joint Distribution:

The density and joint density are also calledfirstandsecond order distributions,
respectively.

Themomentsaredefinedaccordingto definitions2-51and2-53for specifictime instances
ti, for instance:

Definition 2-58: Mean
Themeanµx(t) is defined by

.

In general, all moments are functions of time.

Definition 2-59: Autocorrelation, Autocovariance
TheautocorrelationR(t1,t2) of a processx(t) is the joint moment of the random vari-
ablesx(t1) andx(t2):

Theautocovarianceis defined by

Figure 2- 7: A stochastic digital system

x(t,sa)

x(t,sb)

sa

sb

x1(t)

xn(t)
G

y(t)

Fx x t,( ) P x t( ) x≤{ }( )=

f x x t,( )
Fx x t,( )∂

x∂
---------------------=

Fxx x1 t1 x2 t2,;,( ) P x t1( ) x1 x t2( ) x2≤,≤{ }( )=

f xx x1 t1 x2 t2,;,( )
∂2

Fxx x1 t1 x2 t2,;,( )
x1 x2∂∂

----------------------------------------------=

µx t( ) E x t( )( ) xf x x t,( ) xd

∞–

∞

∫= =

R t1 t2,( ) E x t1( ) x t2( ),( ) x1x2f xx x1 t1 x2 t2,;,( ) x1d x2d

∞–

∞

∫
∞–

∞

∫= =
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Equations 2-1 and 2-2 can also be applied to the autocorrelation and the autocovariance.

If the autocorrelationof a processis not zero,the processis said to be temporally corre-
lated. If thecorrelationof two processesdoesnot disappear, they arespatiallyor mutually
correlated.

Definition 2-60: Strict Sense Stationary
A stochasticprocessx(t) is strict sensestationary(SSS)if its statisticsarenotaffected
by a shift in the time origin. Two processesx(t) andy(t) arejointly SSSif their joint
statistics are not affected by a shift in the time origin.

Definition 2-61: Wide Sense Stationary
A stochastic processx(t) is wide sense stationary (WSS)if its mean is constant:

and its autocorrelation does only depend onτ=t1-t2: .

Definition 2-62: Mean Ergodic
A stochastic process is calledmean ergodic if

Note that mean ergodicity requires constant mean.

Meanergodicity hasvery importantpracticalconsequences.Only for a meanergodic pro-
cessit is possibleto determineanestimateof µx by finite time observationof a singlesam-
ple ofx(t).

Logic Signals

For logic signalsthereareonly two events{0,1}. Najmhasprovenin [Najm 93] thata logic
signalis alwaysasampleof aSSSmean-ergodic0-1process. Moreover, thisprocesscanbe
built from a single signalx(t).

Definition 2-63: Companion Process
Given a logic signalx(t) and a random variableτ, uniformly distributed overR. The
companion process of x(t) is the 0-1 stochastic process given by:

.

Using thecompanionprocess,it is possibleto derive estimatesfor all statisticalproperties
of theprocessx(t) from asinglesamplex(t). In practice,x(t) canbeobtainedfrom asimula-
tion of the system under consideration.

Definition 2-64: Signal Probability
Thesignal probabilitypx or P(x)of a signalx(t) is the probability forx to be1:

C t1 t2,( ) E x t1( ) µx t1( )–[ ] x t2( ) µx t2( )–[ ]⋅( )=

µx t( ) µx= R t1 t2,( ) R τ( )=

1
T
--- x t( ) td

T 2⁄–

T 2⁄

∫T ∞→
lim µx=

x t( ) x t τ+( )=
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.

The signal probability is also calledequilibrium probability.

Thesignalprobability is identicalwith themeanof theaccordingcompanionprocessx(t).
In practice,theexactvalueof px is usuallynot known, but anestimate canbeobtained
by finite time observation ofx(t):

( 2-3 )

In aclockeddesign,x(t) changesits valueonly onceperclockcycle.In thatcasetheintegral
degenerates to a sum.

( 2-4 )

Estimates for other moments can be obtained accordingly.

Definition 2-65: Transition Density
Let nx(T) be the number of transitions in the logic signalx(t) in the interval
(-T/2, T/2]. Then thetransition density is defined as

.

The transition density gives the average number of transitions per time unit.

Theorem 2-3
Givenx(t) andy(t) as the companion processes of two logic signalsx(t) andy(t). If
x(t) andy(t) are uncorrelated then they are also statistically independent.

Prove
If x(t) andy(t) areuncorrelatedthen . And accordingto
definition 2-53:

 = .

Thus P(x∩y) = P(x)P(y).❑

px
1
T
--- x t( ) td

T 2⁄–

T 2⁄

∫T ∞→
lim=

p̂x

p̂x
1
T
--- x t( ) td

0

T

∫=

p̂x
1
n
--- x i T⋅( )

i 1=

n∑⋅ 1
n
--- xii 1=

n∑⋅= =

D x( )
nx T( )

T
--------------

T ∞→
lim=

E xy( ) µxµ y P x( )P y( )= =

E xy( ) xyf xy x y,( ) xd yd

∞–

∞

∫
∞–

∞

∫= 1 1 P x y∩( )⋅ ⋅ P x y∩( )=
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Markoff Chains

Markoff chainsare usedfor mathematicallydescribingfinite statemachines(FSM) and
switching operations in digital circuits.

Definition 2-66: Markoff Chain
Given an ordered set of random variables  where

. If for all xi we have

that means, each random variable depends only on its direct predecessor, then such a
set is called aMarkoff chain.

As alreadymentionedbefore,Markoff chainsare usedto model FSMs.xi representsthe
stateof themachinein clockcycle i anda1,a2,...aN arethe2m possiblestatesof anFSMthat
consistsof m flip flops.In anFSM, thenext statedependsonly on thecurrentstateandthe
current input vector but not on previous states.

Figure2-8 shows theautomatagraphof a two stateFSM.This FSM canbeinterpretedasa
Markoff chain witha1=a anda2=b.

2.2 Physical Background

2.2.1 CMOS Technology

The MOS (metal oxide silicon) technologyhasbecomethe dominanttechnologyfor the
designof VLSI circuitsfor severalreasons.MOStransistorsenablemuchhigherintegration
densitiesthantheir predecessors,thebipolar transistors,dueto their simplestructure.Fur-
thermore,they work at muchlower supplyvoltagesandstaticcurrentsarenegligible which
avoidsexpensive coolingdevices.Comparedto othermaterialslike the3-5 semiconductor
GaAs,silicon is cheapand easyto manufacture.Figure 2-9 shows the schematicsand a
cross-section of a CMOS inverter.

Figure 2- 8: Two state Markoff chain

x1 x2 … xn, , ,( )
xi a1 a2 … aN, , ,{ }∈

F xn xn 1– xn 2– … x1, , ,( ) F xn xn 1–( )=

a b
0

1
10



Physical Background

51

Besidesometechnologicalparameters,the maximumoperationfrequency of a MOS tran-
sistordependson thechannellengthL andtheparasiticcapacitanceswhich aredepictedin
figure2-10.Thelatterinfluencealsothedynamicenergy consumptionof thetransistor, asit
will be shown later.

Silicon-on-Insulator

While theconventionalMOS transistoris producedby diffusing thedrainsinto bulk mate-
rial, the SOI (Silicon-on-Insulator)transistoris build on top of a SiO2 substrate.SOI
reachesevenhigherintegrationdensitiessinceit doesn’t requireany areaconsumingwells
[Alle 97]. Furthermore,theparasiticdrainandsourcecapacitancesaredramaticallyreduced
becauseof theinsulationof thetransistors.This resultsinto fastercircuitswith lowerpower
consumption.

Problemsof the SOI technologyare relatedto productioncost and the channelcontact.
Today, the costfor an SOI wafer is ratherhigh comparedto a bulk CMOS wafer. But this
maychangein thenearfutureasproductioncapacitiesfor SOI will beincreased.Thechan-

Figure 2- 9: Schematic and cross-section of a CMOS inverter

Figure 2- 10: Parasitic capacitances and channel length of a MOS transistor
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nel contactposesa designproblemsinceany contactrequiresadditionalchip areaandcon-
sumesvaluablerouting space.If the active layer is thin enough,the channelcan be left
floatingwithout severeelectricaldrawbacks[Coli 91]. However, circuit level simulationof
floatingchanneltransistorsrequiresupto four timestheCPUtimeasbulk contactedtransis-
tors [Maye98] sincethe floating channelcannotbe efficiently modeledwith the existing
transistor models.

T-Gate

Figure2-12depictsaT-gatetransistor. TheT-shapedgateis obtainedby laterallygrowing a
spaceron an oxide edge[Dude96], [Dude97]. The thicknessof the spacercan be very
accuratelycontrolledby thetime of thegrowing process.Thus,theeffective channellength
of the transistorbecomesindependentfrom the lithographic resolution. According to
[Dude97] aneffective channellengthasshortas0.1µm canbereachedwith a 0.8µm pro-
cess.

Thereducedchannellengthresultsin ahigherdrivestrengthof thetransistorwhichenables
to designminimumwidth transistors.Sincetheareaof theparasiticgatecapacitoris deter-
minedby the channellengthandthe transistorwidth, the gatecapacitanceis dramatically
reduced.Both effects, reducedchannellength and minimum width transistors,result in
increased performance and lower power consumption.

3D-CMOS

In 3D-CMOSanNMOS anda PMOStransistorarestackedabove eachother. Thesimpli-
fied structureof a 3D-CMOStransistorpair is depictedin figure2-13 [Retti 96]. The junc-
tion of then- andp-drainworks in thetunnelbreakthroughmode[Roos93]. If thestacked

Figure 2- 11: Inverter in SOI technology

Figure 2- 12: T-gate transistor
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transistorsareoptimally utilized, thechip areacanbe reducedasmuchas40%[Abou 98]
which leadsto higherperformanceandlower power consumption.On the otherhand,the
3D-structureposeshighdemandsontheroutingtoolsbecauseof thehighcontactdensityon
the chip surface.Therefore,multiplexer basedlogic stylesareto be preferred.They allow
the stacked transistor pair to share their drain and gate contacts [Roos93].

2.2.2 Power Dissipation in CMOS Circuits

Power analysisand low power synthesisrequire a deepunderstandingof the physical
sourcesof powerdissipationin CMOScircuits.Thephysicalphenomenamustbedescribed
by mathematicalmodelsthatallow for accurateandyet runtimeefficient analysisandsyn-
thesis,evenfor largecircuits.This problemcanbeaddressedin two ways.Thefirst oneis a
technologicalapproach.It triesto extractsimpleequationsfrom thehighly nonlinearphysi-
cal behavior of theelectricaldeviceswhich form thecircuit. Thesecondapproachis more
empirical.It is preferredby somecommercialtool providersdueto its easierpracticalappli-
cability [SyLi 96]. It models power consumption from an abstract view.

In the low power literature,the distinctionbetweenenergy andpower is not asstrict asit
shouldbe.Of course,batterylife andcoolingeffort directly dependon averagepower con-
sumption.However, one can easily reducethe power consumptionby slowing down the
clock frequency, but thecircuit performancedecreasesfor thesameamount.Hence,thefig-
ure of merit is rathergiven by the energy dissipationper operationor its equivalent, the
power-delay-product. If we considera designwherethe operationfrequency f is fixed by
the specification, then power and energy become interchangeable by the equation:

P = E·f. ( 2-5 )

Figure 2- 13: 3D-CMOS
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Technological Vie w

From a technologicalpoint of view thereare four sourcesof power dissipationin digital
CMOS circuits. They are summarized in the following equation:

, ( 2-6 )

wherePsw denotesswitching power, Psc short circuit power, Pl powercausedby leakage
current, andPstatstaticpower. Thesefour typesof powerconsumptionarediscussedbriefly
in the sequel. For a more elaborate introduction the reader is referred to [Chan95].

Figure2-14 shows a staticCMOS inverter. The load capacitanceCL concentratesall para-
sitic capacitancesthatareeffectedby theoutputof theinverter:thedraincapacitancesof T1
andT2, wiring capacitances,andthegatecapacitancesof the transistorsthataredrivenby
the inverter. During thefirst time period,while the input is falling andtheoutputis rising,
CL is beingchargedacrossT1 by the supplyvoltage.If CL is fully charged, it storesthe
energy

. ( 2-7 )

It canbeproven[Chan95] that thesameamountof energy is beingdissipatedin T1 during
thecharging process.During thesecondcycle,while theinput is rising andtheoutputfall-
ing, CL is beingdischargedandtheenergy thathasbeenstoredin CL is beingdissipatedin
T2. Thus, the total energy dissipatedduring a completecharge-discharge cycle equals

and the averageenergy dissipatedper output transitionis given by equation2-7.
This typeof energy is usuallyreferredto asswitching energy Esw. TheswitchingpowerPsw
is defined as

Figure 2- 14: CMOS inverter
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, ( 2-8 )

wherefCLK denotestheclock frequency thecircuit is operatingat, Vdd thesupplyvoltage,
andα the average number of transitions per clock cycle, also calledtoggle rate.

Next, we will focuson theperiodτ while theinput voltageis rising or falling (figure2-15).
During this time,neitherT1 nor T2 arefully shutoff. They canratherbeconsideredasvari-
ableresistorswhich resultsin a shortcircuit currentIsc from Vdd to ground.Figure2-15b
illustrates the model of the inverter that is valid duringτ.

The short circuit energy esc of a single transition can be calculated by

( 2-9 )

whereT=1/fclk is acompleteclockperiod.Clearly, Isc is only non-zeroduringτ. Theoverall
short circuit powerPsc is then given by

. ( 2-10 )

denotesthe averageshortcircuit currentduring a completeclock cycle. Accordingto
[Chan95] it can be roughly estimated by

, ( 2-11 )

whereβ denotes the average gain factor of the PMOS-NMOS transistor pair.

Figure 2- 15: CMOS inverter during rising inputs
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Leakagecurrentcombinesthenon-idealbehavior of thetransistors.It consistsof thereverse
diodecurrentIrD (figure2-16a)andthesub-thresholdcurrentIsth thatflows betweensource
and drain when the transistor is off (figure2-16b).

The reverse diode current is given by

 for V = Vdd ( 2-12 )

whereIS is thereversesaturationcurrent,V is thediodevoltage. is thethermal
voltage,wherek is theBoltzmannconstant[Bron 87] andq is thechargeof thechargecarri-
ers,usually . Thecurrentin thesubthresholdregion Isthflows if thegate
voltageVGSis below the threshold voltageVth (VGS<Vth) and is given by

 for VDS >> VT ( 2-13 )

K andn aretechnologydependent,VT is the thermalvoltage,Vth is the thresholdvoltage,
andVDS andIDS denote the drain source voltage and current, respectively.

Staticpower consumptionis causedby staticcurrentpathsin bipolar, pseudo-NMOS,or
analogcircuits.Figure2-17showsapseudo-NMOSinverter. ThePMOStransistoractsasa
resistor. If the input is high, a staticcurrentfrom Vdd to GND causesthepower dissipation
Pstatic:

, ( 2-14 )

Figure 2- 16: Leakage current
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whereRpmosis theresistanceof thepmostransistor. In a staticCMOSdesign,staticpower
dissipationdoesnot exist sinceoneof thetwo complementarytransistorsis alwaysshutoff
during the steady state.

Thetypical shareof thedifferenttypesof power dissipationto theoverall dissipationvaries
widely amongdifferentpublicationsin the literature.While mostauthorsagreethatpower
dissipationdue to static and leakagecurrentcan be neglected,the figuresfor the typical
shareof dynamicandshortcircuit power vary widely. For a properlydesignedcircuit, short
circuit power accountsfor below 10%accordingto [Chan95] andfor up to 20%according
to [West93]. If less care is taken for buffer sizing it maybeup to 50% accordingto
[Turg 95] and [Nebe97].

If leakagecurrentis neglected,theoverall power consumptionof a circuit canbeestimated
as the sum of the switching and the short circuit power over all gates of the circuit:

( 2-15 )

In many publicationsthat focusswitchingactivity estimation,even shortcircuit power is
neglected for the sake of simplicity. This results in the well known formula2-16.

( 2-16 )

In theequations2-15and2-16,two typesof parameterscanbeobserved.Staticparameters
like theloadcapacitanceCL or theshortcircuit currentIsc thatcanbederivedfrom techno-
logicalparametersor thecircuit structure,andthedynamicparameterα i. Thelatterdoesnot

Figure 2- 17: pseudo-NMOS inverter
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only dependon thecircuit structurebut alsoon theinput patternsthatareappliedto thecir-
cuit. Thus,power estimationcanbebrokendown into two subdomains:technologicalchar-
acterization of logic gates and switching activity estimation.

Abstract Vie w

Theabstractview is preferredby somecommercialtool providers[SyLi 96] becauseof its
simpleimplementation.It basicallyrequiresa straightforwardmodificationof delaymodel
implementations.Theabstractview distinguishesonly betweenthreetypesof power dissi-
pation: external powerPext, internal powerPint, and static powerPstat.

Pext combinesthe power dissipationof a gatethat is causedby its load.All the non-static
power thatagateconsumesinternallyis calledinternalpowerPint. Comparedto thetechno-
logical view, Pint correspondsto Psc andPext to Psw aslong asoneconsiderssinglestage
cells like the inverter in figure 2-14. However, for cells with more than one stage,the
switchingpower of internalnodescontribute also to Pint of the cell. In figure2-18, CLint
concentratesthe input capacitancesof stagetwo. It representsthe load capacitanceof the
first stagebut cannotbe seenfrom outsidethe cell. Whenever the input switches,CLint is
charged or discharged as well, thus contributing to the cell’s internal power consumption.

Figure 2- 18: CMOS buffer
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Glitc hes

Glitchesar incompletetransitionsof theoutputthatarecausedby shortpulsesat the input
andthegate’s inertia.Sincethetransitionof theoutputfrom high to low or vice versatakes
a finite amountof time, incompletetransitionsmay occur at the output as depictedin
figure2-19.

In figure2-19(a) the pulsewidth δ1 at the buffer input A is longer than the gatedelay td.
Hence,theoutputperformstwo completetransitions.But in figure2-19(b) thepulsewidth
δ2 is shorterthan td. Thus,the outputY risesonly up to ∆V. The energy consumptionof a
glitch is given by [Rabe98]

. ( 2-17 )

2.3 Delay Models
Accurategatedelaymodelsplayanimportantroleduringfunctionalvalidationandverifica-
tion of digital circuits.Evensmall inaccuracies,e.g.in thesetuptime of a flip flop, canturn
malfunctioninto function which feignscorrectnessof an incorrectdesign.For power esti-
mation,accuracy is notascrucialasfor designvalidationsincethefigureof merit, theover-
all powerdissipation,is amoreintegral valueandthuslesssensitive to smallchangesin the
gatedelays.Nevertheless,if thedelaymodelis chosento simple,theestimationresultmay
becomevery inaccuratebecausesomeeffectscannotbecorrectlymodeledwhich areintro-
ducedby gatedelays.Hence,understandingdelaymodels,their effects,andlimits is essen-
tial for accuratepowerestimationaswell. A goodoverview over timemodelsin connection
with power estimation can be found in [Cong96].

Figure 2- 19: complete transition and glitch
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2.3.1 Zero Delay Model

The zero delaymodel(ZDM) is the mostsimpledelaymodel.It neglectsall gatedelays.
Hence,the finest granularityof time in the ZDM is one clock cycle. The ZDM tendsto
importantly underestimatepower dissipationsince it cannotcover the effects which are
introducedby gatedelays.Nevertheless,it maybeappliedfor a first roughestimationearly
in thedesigncyclewhennogatedelaysareavailable[Schn95] or duringtheprototypingof
new simulationalgorithms.Dueto its simplicity, it allows to concentrateon theimplemen-
tation of the new algorithmand it simplifiescomparisonto otherapproachesbecausethe
influencesof implementationdetailsandcell librariesarereduced.Figure2-20 shows a cir-
cuit which wassimulatedwith a ZDM. As soonasoneof the inputsA or B takesa new
value that effects the outputY, Yswitches without any delay.

2.3.2 Unit Delay Model

A first improvementof theZDM is theunit delaymodel(UDM). In theUDM all gatesare
assumedto have an equal delay of one time unit. Although this is still a rather rough
approximationof the real gatedelays,it allows to modelhazards. Hazardsareunwanted
signaltransitionsthatareintroducedby thegatedelays.Figure2-21 shows thesamecircuit
asfigure2-20with differentstimuli. A1 andA2 denotetheoutputsof thetwo inverters.If the
circuit wassimulatedwith theZDM, theoutputwouldnot switchatall sinceoneof thetwo
inputsA or B wouldalwaysbe‘0’ . However, dueto theUDM, bothinputsof theAND-gate,
A2 andB, become‘1’ at time t=3. That causesthe outputY to switch to ‘1’ onetime unit
later.

Like the ZDM, the UDM canbe usedto obtaina first roughapproximationof the power
consumptionbeforea designhasbeenmappedto a technologyanddelayvaluesbecome
available.However, theUDM tendsto overestimatepowerconsumptionbecauseof thehigh
hazard rate generated by this model.

Figure 2- 20: Circuit simulated with ZDM
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2.3.3 Real Delay Model

In therealdelaymodel(RDM), a gate‘sdelayis givenby a realnumber. Dependingon the
model,this numbermaydependon thegate‘sloadandotherparameters.Thus,theRDM is
the most flexible and accuratemodel. In somesimulators,the delaysare representedby
integersinsteadof realnumbersfor efficiency reasons[SyLi 96]. If thetime baseis chosen
properly, the accuracy of this type of simulatorsis comparableto thosethat usereal num-
bers.Therefore,they will be also includedinto the classof real delaysimulators.Beside
hazards,RDM simulatorsarealsocapableto detectglitcheswhich arefilteredout in most
implementations.

Thereexist severalrefinementsof theRDM thatarepresentedin thesequel.In thecell ori-
entedmodelall cellsof thesametypehave thesamedelayparameters,whereasin thepin
orientedmodel,thereexistsa setof delayparametersfrom eachinput to eachoutput,also
calledtiming arcs. Thehalfadderof figure2-22 hastwo inputsA andB andtwo outputsS
andC. Thus,therearefour possibletiming arcs:A to S, A to C, B to S, andB to C. Further-
more, it is possible to define different delays for rising and falling transitions at the output.

In general,thegatedelayis a functionof thegateloadCL andof theslew rateof the input
signalτin that causes the output to switch.

Figure 2- 21: Circuit simulated with UDM

Figure 2- 22: Halfadder
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Definition 2-67: Slew Rate
Theslew rate is thetime it takesfor thetransitionof asignalfrom aninitial high/low
voltage to a final low/high value. It is also calledriseor fall time(figure2-23).

Both,thegatedelaytd andtheoutputslew rateτout, canbemodeledwith a two dimensional
Taylor approximation:

( 2-18 )

( 2-19 )

Theconstantskij andk‘
ij arecalledk-parameters. Thek-parametersaredeterminedby ana-

log simulationsfor various(τin, CL) - pairs,followedby a parameterfit. Sinceanalogsimu-
lation is computationally intensive and the number of simulation runs required for
parameterdeterminationincreaseswith theorderof theTaylor series,only the lower order
versionsof equations2-18and2-19arecommonlyused.Themostcommonapproximations
are summarized in table2-2.

Figure 2- 23: Slew rate

n m Equation Remarks

0 0 Thedelayis aconstantof thegate.τout is
not required.

0 1 Thedelayincreaseslinearlywith theload
capacitanceCL. τout is not required.

1 1 k11 andk‘
11are assumed to be 0.

Table 2-2: Common delay and slew rate approximations
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Figure2-24 illustrates the load dependence oftd andτout.

Insteadof usinghigherorderformsof equations2-18and2-19,mostcommercialtoolslike
Synopsysusea lookuptable(LUT). This LUT storestd andτout for different(CL,τin) pairs.
Valuesin betweenthe tableentriesareinterpolated.Synopsysstorestwo LUTs per timing
arc,onefor risingandonefor falling transitions.Thismethodresemblesafirst orderTaylor
serieswith adjustable,but piecewiseconstantparameters.It is alsocalledpiecewiselinear
model. The accuracy of the LUT-basedapproachand the computationaleffort for LUT
determinationare comparableto the higher order Taylor approximations(equations2-18
and2-19)andfinding their coefficients,respectively. Thehigh memoryrequirementof the
LUTs poses no major problem today.

Pulse Pr opagation Models

Most gatelevel simulatorsdon‘t modelglitches(equation2-17).They usesomesimplifica-
tionsinstead.In thetransportdelaymodelevenshortpulsesaretreatedlikecompletetransi-
tions. The inertia of the gates is neglected.

Figure 2- 24: Load and slew rate dependence of gate delays

Figure 2- 25: Buffer with transport and inertial delay model
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In the inertial delay model, pulsesthat are shorterthan the gate delay are filtered out.
Figure2-25 illustrates the difference between the two models.

While the transportdelaymodel tendsto overestimatethe power consumptionbecauseof
additionalhazards,theinertial delaymodelis usuallymoreaccurate.Especiallyfor model-
ing multistagegates,sometoolsallow a combinationof transportandinertial delaymodel
[Lehm94]. Any pulseis delayedby the transportdelay, but if it is shorterthanthe inertial
delay, it is neglected.The ideabehindthis modelbecomesobvious whenconsideringthe
AND-gateof figure2-26. It consistsof a NAND-gatewith inertial delaytnand, followedby

aninverterwith inertialdelaytinv. Sinceusually any pulsethatis longenoughto
passtheNAND-gate( ) will alsopassthe inverter. Hence,theoverall delayof the
AND-gatetand is given by

, ( 2-20 )

while the inertial delay  is given by

. ( 2-21 )

Figure 2- 26: AND gate
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Chapter

3
Power Minimization at the Circuit

Level

New technologiesdo not only provide new possibilitiesopenedby higherintegrationden-
sity or higherperformance.Sometimesthey do alsointroducenew designconstraints.This
canbeacceptedaslongastheadvantagesclearlydominate.Recently, anew technologyhas
beenproposed.It combinesthreetechnologicalstepsthatcouldonly berealizedseparately
before[Hipe 95]: T-gatetransistors,SOI, and3D-integration.It is intendedto usethis new
technologyin a gatearrayenvironment.This chapterinvestigatesthedesignaspectsof this
novel approach.After demonstratingthedesignconstraintsimposedby thetechnology, sev-
eral circuit techniquesare investigated whetherthey can meet the constraintsor not. It
becomesobviousthatonly passtransistorstylesarepossible.Two experimentalcell librar-
iesweredevelopedon schematiclevel in theframeof this thesis.They wereusedto imple-
mentseveral 32-bit carry-look-aheadadders(CLA) in order to comparedelayandpower
consumption of the different circuit techniques.

The resultsthat were obtainedby simulatingthe demonstratorson transistorlevel, differ
remarkablyfrom thosepresentedin previous publications.It is shown that the reasonis
mostprobablydueto thespecificconstraintsthatareimposedby thegatearraytechnology,
which was used for the investigations here.

3.1 A 3D-CMOS T-Gate Technology
The technologywhich is depictedin figure 3-1 builds the foundationof the European
projectHiperlogic1(High Performanceat LowPowerLogic). It is calledHiperlogic technol-
ogy in thesequel.Thegoalof theprojectis to combinetheadvantagesof threerecenttech-
nologicalsteps,which werealreadyintroducedin chapter2.2.1:T-gatetransistor, SOI,and
3D-structure.Throughreducedarearequirementsandreducedparasiticcapacitanceswhich
arecombinedwith increaseddrive strengthof the transistors,circuits with extremely low
power consumption at high performance shall become possible.

1. Hiperlogicis supportedby theEuropeanCommissionunderHIPERLOGICESPRITIV, ProjectNo.
200023
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3.2 Circuit Techniques
The Institutefor MicroelectronicsStuttgart(IMS) intendsto usetheHiperlogic technology
for low power applicationsin the frameof their sea-of-gatesmicroarchitecture[Beun88],
[IMS 96]. This imposesspecificconstraintson the designstyle for circuits that aredevel-
opedin theHiperlogic technology. This sectioninvestigateswhich basiccircuit techniques
are best suited for the technological requirements.

3.2.1 Design Constraints in Hiperlogic

The Hiperlogic technology, the gate array designstyle and the low power requirements
imposethe following five constraints,which must be fulfilled by a suitablecircuit tech-
nique.

Constraint 1: Equal Number of PMOS and NMOS Transistors

Only if bothof thetwo stackedtransistorsin figure3-1 areused,theadvantagesof the3D-
structure can be fully exploited.

Constraint 2: Minimum W idth Transistors

The drive strengthof the T-gatetransistorsis strongenoughto designtransistorswith the
minimum width that is allowed by the design rules of the technology [Dude97].

Constraint 3: Contact Sharing

In gatearrays,the transistorcontactsconsumea considerableamountof area.This share
will beevenincreasedin theHiperlogictechnologyfor two reasons.If minimumwidth tran-
sistorsareused,their areaconsumptionis smallcomparedto othertechnologieswith wider

Figure 3- 1: The Hiperlogic-Technology
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transistors,while the arearequirementsof the contactsremainconstant.Furthermore,the
contactsof the lower NMOS transistorrequireadditionalareaat the surface.Theseprob-
lems can be reduced if the two stacked transistors share as many contacts as possible.

Constraint 4: Low Power Consumption

Circuit techniqueswith inherentlylow powerconsumptionareto be preferredin orderto
meettheprojectgoals.Especiallythesuitability for low VDD operationplaysanimportant
role.

Constraint 5: Robustness

In a gatearraytechnology, all transistorshave thesamefixedsize.Individual transistorsiz-
ing is not possible.Therefore,functionalrobustnessof thecircuit techniqueto varyinggate
loads plays an important role.

3.2.2 State-of-the-Art in Circuit Techniques

AlthoughstaticCMOShasbeenthequasistandardduringmorethanadecadenow,investi-
gationson alternativecircuit techniqueshaveregainedmuchattentionin thelow powerde-
sign domain as indicated by the high number of recent publications,e.g. [KoBa 95],
[Corr 96],and[Zimm 97].Besideall its advantages,staticCMOShastwo majordrawbacks.
Thelogic functionmustbeimplementedtwice: in thepull-downnetworkandin thepull-up
network[Farn94]. Furthermore,only theslowerPMOStransistorscanbeusedfor thepull-
up network.Hence,they mustbe designedwider than the NMOS transistorsandseveral
PMOStransistorsin seriesmustbeavoided.As aconsequence,mostalternativecircuit tech-
niquestry to avoidor simplify thepull-upnetwork.This sectionwill giveanoverviewover
circuit techniques that are attractive for low power applications.

Static CMOS

Figure3-2 showsanXOR in staticCMOS.Theadvantagesof staticCMOSarewell known.
Unlike in thePMOS-or NMOS-techniquewhicharethepredecessorsof staticCMOS,static
currentsarenegligible.Hence,theDC powerconsumptionis quasizerowhich resultsin a
low overallpowerconsumption.StaticCMOScircuitsareeasyto designsincetheyarefunc-
tionally insensitiveto varyinggateloads.Theybecomeslowerwith increasingloadbut they
donot fail completely.Furthermore,staticCMOSis robustagainstnoise.However,thema-
jor reasonfor its widespreaduseis thepowerfulCAD supportthatis availabletodayfor most
common tasks in the design flow.

Ontheotherhand,staticCMOShasalsosomedrawbackswhichwill besummarizedhereas
well. The relatively high transistorcountwasalreadymentionedbefore.Somebasiclogic
functions,like theXOR, resultin compleximplementationsin staticCMOS.Furthermore,
themaximumnumberof inputspergateis limited to four or lessin mosttechnologies.Cells
with moreinputsmustbe implementedthroughmultilevel gates,which aremoreareaand
power consuming.

StaticCMOS requiresthe samenumberof PMOSandNMOS transistorsbut the stacked
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transistorpair canonly sharethegatecontacts.Thedrainandsourcecontactsmustbeinde-
pendentlyaccessible.Althoughconstraint3 is only poorly fulfilled, staticCMOS,astoday’s
standard,is thereferencetechniquein termsof performanceandpowerconsumptionfor all
other circuit techniques that were investigated during this work.

Dynamic Logic Styles

Like in thepseudoNMOStechnique,dynamiclogicstylesreplacethePMOSnetworkbyone
singlePMOStransistor.Staticcurrentsareavoidedby clockingthePMOStransistorandan
additionalNMOS transistorwhich is addedin seriesto thepull-downnetwork.Figure3-3
depictsanXOR in dynamicDOMINO CMOS[Hünt 90]. During thelow phaseof theclock
inputclk, theprechargephase, thegatecapacitanceof theoutputinverteris chargedto high
voltagelevel.TheDC pathto groundis shutoff by theNMOStransistorthatis connectedto
clk. During thehigh phaseof clk, theevaluationphase, thepull-downnetworkevaluatesits
inputvaluesandconceivablydischargesthegatecapacitanceof theoutputinverter.Theout-
put valueoutbecomes valid at the end of the evaluation phase.

Themajoradvantagesof dynamiclogic stylesare:High numbersof PMOStransistorsin se-
riesareavoided.Thus,complexgateswith ahighnumberof inputsbecomepossible.If high-
input complexgatesareused,dynamiclogic hasa low transistorcountbecausetheoutput
invertercanbeneglectedthen.Furthermore,thefastestCMOScircuitsaredesignedin dy-
namic logic styles [Hünt90], [Farn94], [KoBa95].

On theotherhand,dynamicstylesarevery sensitiveto noisesincethegatecapacitancesof
theoutputinverteraresmallandcanbeeasilydischargedby randomexternalinterferences.
The design of dynamic circuits is further aggravatedby the charge sharing problem
[Hünt 90] andthehighclock loadsinceeachgateneedsto beconnectedto theclocksignal.

Figure 3- 2: XOR in static CMOS
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Thestatementsaboutthepowerconsumptionof dynamiclogic stylesarequitecontroversial
in theexistingliterature.While [Farn94] pointsout thelow powerconsumptioncausedby
reducedtransistorsizesandtransistorcount,otherpublicationsobserveamuchhigherpower
consumptionfor dynamicstylesthan for static CMOS becauseof the unconditionalpre-
charge[KoBa 95], [Raba96], [Zimm 97].Thelatterconsumesasignificantamountof power
even if the circuit inputs are stable.

Mostdynamiclogic styleslike DOMINO CMOSavoidPMOStransistors.Thisviolatescon-
straint1. In NORA [Farn94], gateswith NMOSnetworkandPMOSpull-up,andgateswith
PMOSnetworkandNMOSpull-downalternateeachother.Thisresultsin almostequalnum-
bersof NMOSandPMOStransistors.However,optimaluseof the3D-structureis hindered
since,in general,thestackedtransistorsdon’t belongto thesamecell, which violatescon-
straint 3 and aggravates routing.

Mainly becauseof thelastpoint andthenoisesensitivity, but alsobecauseof thecontrover-
sial situationconcerningpower consumption,dynamicstyleswerenot investigatedany fur-
ther in this thesis.

Complementar y Pass Transistor Logic

ComplementaryPassTransistorLogic (CPL) is anotherapproachto reducethe transistor
count.Similar to dynamiclogic styles,thelogic is implementedthroughonetransistortype
only,usuallytheNMOS.Thetransistorcountisevenlowerthanin DOMINO CMOS.There-
foreCPLresultsin thesmallestimplementationsof all logic styles.Forconventionalsupply
voltages(VDD > 3V) CPLhasalow powerconsumption[KoBa 95].However,asthesupply

Figure 3- 3: XOR in dynamic DOMINO logic
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voltagedecreasestheeffectof thevoltagedropacrossthepasstransistorsbecomesmoreand
moresignificant.It decreasesthegateperformanceandheavily increasespowerconsump-
tion becauseof leakagecurrentsacrosstheoutputinverter.Furthermore,theavailablenoise
margin is also decreased.

Like thedynamiclogic styles,CPL prefersNMOS transistors.However,if oneof the two
passtransistorsis replacedby a PMOStransistorit fulfills all thestructuralrequirementsof
the 3D-structure. Figure 3-5 depicts an XOR gate in this alternative CPL (aCPL).

Thevoltagedropacrossthepasstransistorscanbeovercomeif their thresholdvoltageVthp
is set to zero.

In ordertoestimatetheeffectof Vthpvariations,aNAND gatewith four inputswassimulated
with Vthp=0 andVthp=0.5V, Hiperlogic Spicetransistorparameters,andVDD=2V. The re-
sultsaredepictedin figure 3-6. Sincetheversionwith Vthp=0 outperformstheversionwith
the conventionalVthp=0.5V so clearly, the latter wasexcludedfrom any further consider-
ation.

Figure 3- 4: XOR in CPL

Figure 3- 5: XOR in alternative CPL
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Doub le Pass Logic

In [Suzu93] and[Suzu95] Suzukiet al. proposeDoublePassLogic (DPL) asanotherpass
transistortechnique.DPL hasattractedmuch attentionin the recentliterature[Pram94],
[KoBa 95], [Tcho95], [Corr 96],and[Zimm 97].Figure3-7showsanXORin DPL.In DPL,
thevoltagedropacrossthepathtransistorsis avoidedby alternativesignalpathsacrosscom-
plementary transistors.

Accordingto theliterature,DPL resultsin very fastcircuitssinceevencomplexlogic func-
tionslike anXOR or amultiplexercanbeimplementedin asinglelogic stage.Furthermore,
agoodpower-delayproductis reportedfor DPL in [KoBa 95].Structurally,DPL is verywell
suitedfor 3D-implementationbecauseit requiresequalnumbersof PMOSandNMOStran-
sistors, and the two stacked transistors can always share their gate and drain contacts.

Thesepropertiesseemedattractiveenoughto furtherinvestigateDPL. But ontheotherhand
therearealsosomedrawbacks.Many basiclogic functionsrequirecomplementarysignals

Figure 3- 6: Energy and delay for different Vthp

Figure 3- 7: XOR in DPL
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in their DPL implementation.This doesnot only aggravateroutingbut alsoimportantlyin-
creasethetransistorcount.As illustratedin figure 3-7, DPL gatesarenot alwaysconnected
to thesupplyvoltage.As a consequence,theslewratesdo significantly increaseif several
DPL stagesareconnectedin seriesto eachotherwithout invertersto restoretheslewrates.
Furthermore, there is no high level CAD support available for DPL above the circuit level.

Other Techniques

Thereexist a few other techniquesthat were proposedfor low power applications.Most
pass transistorstyles like SRPL, DCVSPG [Pram94], or CVSL [West93] had to be
droppedsincethey aredominatedby NMOStransistorsand/orrequirecarefultransistorsiz-
ing. In general,dynamictechniquessuffer from the high power consumptionduring the
precharge phase. They were excluded as well.

3.2.3 aCPL and DPL versus static CMOS

As aresultfrom thelastsection,only threecircuit techniquescanfulfill therequirementsof
theHiperlogic technology:aCPL,DPL, andpartly staticCMOS.For a first comparisonof
the threetechniques,threefairly simplegatesweredesignedon circuit level in eachtech-
niqueandwerecharacterizedfor powerconsumptionandworstcasedelay.Thethreegates
are:NAND, NOR, andXOR with four inputseach(nand4, nor4, andxor4, respectively).
Thenand4andnor4 in staticCMOSwereimplementedin onelogic stage,thexor4 in two
stages.In aCPLandDPL all circuitsrequiretwo logic stages.TheDPL circuitswereimple-
mentedwithout drive strengthrestoringinverters.Idealvoltagesourceswereusedasinput
drivers.All circuitsweresimulatedwith a loadCL=25fF whichcorrespondsto theinputca-
pacitanceof two inverters.Theresultsthatwerenormalizedto staticCMOSaresummarized
in figure 3-8.

Figure 3- 8: Comparison of CMOS, CPL, and DPL
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Obviously,aCPLdoesn‘toffer anyadvantageoverDPL. It is slowerandhasaveryhighen-
ergyconsumption.The latter is not surprisingsincethedeviceswith Vthp=0V haveanex-
tremely high static current.This techniquewas thereforealso excludedfrom any further
investigations.

However,theDPL experimentsconfirmtheresultsfrom [Suzu93] and[KoBa 95]. Theyin-
dicatean interestingpower-delaytrade-offcomparedto staticCMOS.Moreover,for com-
plexgateslike thexor4, DPL is fasterandhasalowerenergyconsumptionat thesametime.
TheDPL experimentsarequite idealisticthough.The inherentbuffer problemof DPL has
beenavoidedsofar.All circuitsweredrivenby idealvoltagesources.Thus,furthermorere-
alistic experiments are indispensable.

3.3 A Double Pass Logic Cell Library
In orderto comparethepropertiesof DPL andstaticCMOSmorethoroughly,two small li-
braries were designed on circuit level. Both libraries use the following basic parameters:

• TheNMOStransistorshave theminimumwidth thatis allowedby thedesignrules
of the Hiperlogic technology:wnmos=2.2 µm [IMS 97].

• In accordanceto the0.8µm GateForesttechnology[IMS 96], wheretheHiperlo-
gic technologywasderived from, the PMOStransistorwasdesigned50% wider
thanthe NMOS in orderto partly compensatethe reducedmobility of the charge
carriers. Thuswpmos=3.3 µm.

• Both libraries were designed for VDD=2V.

All cells were implementedin DPL and static CMOS. In the following, only the DPL
library is presentedin more detail. A detaileddescriptionof the static CMOS cells was
omitted because they are state-of-the-art. It can be found in [Gers97].

3.3.1 Library Specification

Figure3-9 depictsthebasiccell thatwasusedto designall logic andsequentialfunctionsof
theDPL library. It implementsa 2:1 multiplexer. In fact,accordingto Shannon’s expansion
theorem(theorem2-1), any logic function canbe decomposedinto 2:1 multiplexers.The
basecell of figure3-9 fulfills all thetopologicalconstraintspostulatedin section3.2.1.Both
gatesaswell asbothdrainsof thestackedtransistorpair areconnectedto eachother.Thus,
thenumberof contactspertransistorpair is reducedfrom six to four. Furthermoreit guaran-
tees equal numbers of PMOS and NMOS transistors.

Using this basecell, several basiclogic andsequentialcells weredesigned.Thoseare in
particular:

• Inverter, buffer.

• NANDs and NORs with two, three, and four inputs.

• 2:1 multiplexer, 2-input XOR.
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• D-latchesandD-flip flops in five differentvariations:active low, active high, and
with several variations of set and reset inputs.

A detailedpresentationof theschematicsof all cellswouldexceedtheframeof thiswork. It
can be found in [Gers97].

It has alreadybeenstatedin section3.2.2 that most DPL gatesrequire complementary
inputs.Therefore,all cells weredesignedsuchthat they yield complementaryoutputs.In
generaltherearetwo possibilitiesfor logic cells to realizethe complementaryoutputsig-
nals. The parallel structureof figure 3-7 hasbeencalled dual rail DPL or fast DPL in
[KoBa95] sinceboth signalspassonly onelogic stage.Anotherpossibility is depictedin
figure 3-10 wherean inverter is usedto realizethe complementaryoutputout. out passes
two logic statesbut the circuit of figure 3-10 requiresonly six transistorsinsteadof eight
and consumesless power. Therefore,this option has been called low power DPL in
[KoBa95]. Any cell canbenegatedjust by switchingtheoutputsignalsbecauseeachlogic
gate provides complementary output signals.

Sequentialcells like theD-latch,which is depictedin figure 3-11, naturallyyield thecom-
plementaryoutputs.Thus,thereexistsno distinctionbetweenlow powerDPL anddual rail
DPL for the sequential cells.

Figure 3- 9: The DPL base cell

Figure 3- 10: XOR in Low Power DPL
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Besidetheoutputinvertersof thelow powerversions,no additional,slewraterestoringin-
verterswereinsertedinto thebasiccells.Thisproblemwill bediscussedin thenextsection.

3.3.2 Buffering

Thebasiclogic gatesin DPL arenotalwaysconnectedto VDD andto GND (seefigure3-7).
Insteadthey propagatedirectly the input signalsto theoutputs.While full voltageswing is
guaranteedthroughcomplementarypaths,thedrivestrengthandtheslew ratesof theoutput
signalsdecreaseif several DPL gatesare connectedin series.Hence,slew rate restoring
invertersneedto be inserted.They will be calledbuffers in the sequel.The buffers canbe
put either at the outputs of a cell or at its inputs, as depicted in figure 3-12.

In combinationwith the low powerDPL approach(figure3-10),outputbuffering resultsin
thesmallestDPL implementationif specialcareis takenfor insertingthebuffers.Theextra
outputbufferscanbeomittedif anoutputis exclusively connectedto transistorgatesin the

Figure 3- 11: DPL D-Latch

Figure 3- 12: Nand2 in DPL with output and input buffers

(a) Output buffers (b) Input buffers
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following stage.Thus,many inverterscanbeavoided.E. g. if thegatein figure3-12ais to
bedrivenby anothergate,only outputswhichdrive inputsa or b haveto bebuffered,but not
those that drivea or b.

The circuit in figure 3-12b with buffered inputs has an interestingproperty. It doesn’t
requirecomplementaryinput signals.Hence,additionaloutputinvertersor dual rail imple-
mentationscan be avoided. Furthermore,the primary inputs are connectedto transistor
gatesonly. This simplifiesthecharacterizationof thecells for state-of-the-artlogic synthe-
sisandanalysistools.Suchcellsbehave just likeany staticCMOScell sincetheoutputload
cannotbe “seen” from theinput pinsandthe input capacitancesdon’t dependon the input
pattern of the cell.

3.3.3 Demonstrator Circuits

Realisticcomparisonof staticCMOSandthedifferentDPL strategiesis notpossibleon the
basisof basiclogic gatesonly. Too many idealistic assumptionsmust be made.Specific
conditionsandsideeffectswhich aresymptomaticfor eachcircuit techniquecanonly be
taken into account if larger circuits are considered.In accordancewith [KoBa95],
[Corr 96], and[Zimm 97], 32-bit carry-look-aheadadders(CLA) [Patt 96] werechosenas
demonstrator circuits.

Besidean implementationin static CMOS (cadder) the following DPL variationswere
designed:

1. dadder:ThisCLA is basedon low powerDPL andusestheinverteravoidingstrat-
egy that was described in section 3.3.2.

2. dbadder: It is alsobasedon low power DPL. But in contrastto thedadder, all gate
outputs are buffered by inverters.

3. dsadder: Thedsadder uses the input buffers as described in section 3.3.2.

4. ddadder: Theddadderis similar to thedadderbut usesthedual rail implementa-
tion of figure 3-7.

5. ddbadder: Theddbadder is the dual rail pendant to thedbadder.

6. madder:The maddercombinesDPL and static CMOS. The output invertersin
DPL areuselessfrom a logic point of view. They areonly requiredfor slew rate
regeneration.In the madder(mixed adder) the inverterswere replacedby static
CMOSgateslike NANDs or NORswherever possible.Thus,they performa logic
operation while they restore the slew rates at the same time.

In orderto preserve a fair comparisonof thedifferentcircuit techniquesandto accountfor
thegatearrayapproach,no furtheroptimizationslike buffer sizingor specificlogic optimi-
zationswere performed.Figure 3-13 depictsthe transistorcountsof the different CLA
implementations.
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3.4 Simulation Results
The simulationresultsare basedon the latestHiperlogic transistorparametersthat were
available (appendixA) and the Spectre [Kund95] analog simulator from Cadence
[Cade95]. Unfortunately, the transistorparametersmodelonly the T-gatebulk effect. SOI
and 3D-CMOS parameterswere not available. Wiring capacitanceswere not taken into
accountsincethesimulationswereperformedon schematiclevel. A setof 59 testpatterns
wasgeneratedsuchthat thecritical pathwasstimulatedfor any CLA implementation.The
power consumptionvaluesarebasedon thesamesetof testpatterns.Thesimulationresults
in termsof theworstcasedelayandthepowerconsumptionaredepictedin figures3-14and
3-15.

Figure 3- 13: Transistor counts of the 32-bit CLAs

Figure 3- 14: Worst case delays of the 32-bit CLAs
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Obviously, thestaticCMOSimplementationoutperformsall DPL versionsin termsof worst
casedelayand,even moreclearly, in termsof power consumption.It is a little surprising
that thedadderis not only theDPL adderwith thelowestpower consumption,but alsothe
fastestone. Obviously, the much lower cell loads in the dadder compensatethe speed
advantagethat hadbeenassumedat a first glancefor the dual rail implementations.The
mixed implementation(madder) alsodoesn’t offer any advantageover staticCMOSor the
dadder.

Comparison to Other Pub lications

Theresultsthataredepictedin figure3-14andfigure3-15differ remarkablyfrom thosethat
werepresentedin [KoBa95] whereDPL wassuperiorto staticCMOS in both, the worst
casedelay as well as the energy consumption.The major differencebetweenKo et al.’s
investigationsandthe experimentsthat wereobtainedin this work is that Ko et al. useda
full customdesignstyle.They judiciouslyscaledall thetransistors;they usedwider onesin
thecritical pathandsmalleronesin noncriticalpartsof thedesign.Hence,they cantake full
advantageof a propertywhich is specific to all passtransistorlogic styles: if the drive
strengthof a DPL gateis to beincreased,it is sufficient to enlargethetransistorsin theout-
put invertersandto keepthepasstransistorssmall,whereasin staticCMOSall transistors
mustbe enlarged.Thus,DPL implementationscanresult in smaller, moreenergy efficient
designs.In the Hiperlogic technology, this advantagecannotbe exploited for two reasons.
In a gatearraytechnology, the prefabricatedtransistorsprohibit individual transistorscal-
ing. Further, the drive strengthof the minimum sizetransistorsis sufficient in mostcases
becauseof theT-gate.Hence,minimumwidth transistorscanalsobeusedin staticCMOS,
which diminishes one of the advantages of DPL.

Figure 3- 15: Energy consumption per operation of the 32-bit CLAs
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In [Zimm 97] Zimmermannet al. usedsimilar constraintslike theonesthatwereappliedin
this work. But they allowed the transistorsof their library cells to be scaledin predefined
steps.However, individual scalingfor eachcell instantiationwasnot allowed.Their results
are comparable to those presented here.

In orderto “simulate“Ko etal.’sdriversizingandsoto estimatethepotentialsof DPL com-
paredto static CMOS, the following experimentwas carriedout. 4-bit CLAs1 in static
CMOSandthemostpromisingDPL version(dadder) weresimulatedwith varyingtransis-
tor widths.They reachedfrom 1-5 timestheoriginal widths.In staticCMOSall transistors
werescaled,in DPL only thosein the output inverters.The resultsaredepictedin figure
3-16 where is the scalingfactor mentionedbefore.Obviously, the delays
remainalmostconstant,with a small decreasefor DPL at the beginning.This justifiesthe
assumptionthat minimum width transistorsaresufficient in mostcases.The energy con-
sumptionper input patternon the other handincreaseslinearly for static CMOS and for
DPL, whereDPL hasahigheroffsetbut a lowergradient.Thebreakevenpoint,whereboth
lines intersect, is approximately at .

While this experimentis only a roughapproximationof a full customapproachwith opti-
mumdriver sizing,it clearlyshows that thechoiceof thebestcircuit techniquein termsof
power consumptionandperformancedependsheavily on thedesignstyleandspecifictech-
nological constraints, e.g. whether minimum width transistors are applicable or not.

1. For theseexperimentssmallercircuitswerechosenfor practicalreasons.Thesimulationtimesof a
single 32-bit CLA came close to one day on the available hardware.

Figure 3- 16: DPL versus static CMOS with varying driver sizes
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3.5 Summary
TheHiperlogic technologycombinesthreerecenttechnologicalsteps:3D-structure,T-gate
transistors,andSilicon on Insulator(SOI). This chapterdealtwith the questionwhich cir-
cuit techniqueoptimally supportsthis new technologyin a gatearraydesignenvironment,
particularly for low power applications.From all the circuit techniquesthat were investi-
gated,only DPL andamodifiedform of CPL (aCPL)couldfulfill thestructuralconstraints.
Simulationswith somebasiccircuits revealedvery quickly that aCPL had to be rejected
becauseof its high energy consumption.In orderto moredeeplyinvestigateDPL, two cell
librariesweredesigned,onein DPL anda similar onein staticCMOS. The propertiesof
both techniqueswere comparedby 32-bit CLAs that were implementedon the basisof
theselibraries. Becauseof the needfor complementarysignalsand the buffer problem
which is inherentto DPL, six different DPL implementationswere investigated.Analog
simulationsof theCLAs oncircuit level haveshown thatnoneof theDPL CLAs canoutper-
form thestaticCMOSimplementation.While someDPL variationsarecomparableto static
CMOSin termsof theworstcasedelay, eventhebestDPL implementationconsumes50%
moreenergy thanstaticCMOS.This left thequestionwhy otherresearcherscameto differ-
ent results.Experimentswith somesmallercircuits andvarying transistorsizesshow that
DPL offers high optimizationpotentialsthroughefficient driver sizing. However, this can
only be exploited in full custom approaches.

If the Hiperlogic technologyis to be usedin a semi customenvironment,static CMOS
yieldsmuchbetterresults.However, staticCMOSrequiresthat the two stacked transistors
canbeindividually contactedwhich resultsin a largeareaoverheadsincethethreecontacts
of theburiedNMOStransistormustbemadeindependentlyaccessibleat thechip’ssurface.
Theoverheadcanonly beavoidedif thegatearrayapproachis givenup in favor of a stan-
dard cell technology. In that case, very encouraging results were presented in [Abou98].
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Chapter

4
Zero Delay Power Estimation in

Combinational Circuits

Capacitive andshortcircuit currentsare the main sourcesfor power dissipationin digital
circuits.Capacitivecurrentdominatesin mostcircuitsandaccountsfor 80-90%of theover-
all power consumption.But no matterwhethershortcircuit currentis takeninto accountor
not,switchingactivity estimationis acrucialstepin theoverallpowerestimationprocedure.
Thus,therestof thiswork dealswith thequestionhow to efficiently andyetaccuratelyesti-
mateswitching activity. The focus is put on purely combinationalcircuits. The chapter
startswith anoverview over power estimationmethodsthatcanbefoundin therecentliter-
ature.Most of the algorithmswhich arepresentedin the following arelimited to the zero
delaymodel (ZDM). Despiteits inaccuracy, the ZDM methodsrepresentthe coreof any
simulator with more sophisticated delay models.

Most of thepower estimationmethodsbelongto oneof two categories:logic simulationor
probabilisticsimulation.While power estimationby logic simulationis a straightforward
extensionof common,commerciallyavailable logic simulators[SyPo96], probabilistic
methodsestimatepower dissipationin onesingleanalysisrun by propagatingprobabilities
through the circuit. The advantagesand drawbacks of both categories are discussed.
Although all the methodsthat arepresentedin this chaptercanonly be appliedon purely
combinationalcircuits,a specialsectioncommentson therelationbetweenswitchingactiv-
ity estimationfor combinationalandsequentialcircuits. It is shown that power estimation
for sequentialcircuits heavily relieson the methodsfor combinationalcircuits plus some
additional algorithms for state probability estimation.

After this overview over the stateof the art in signalactivity estimation,a new, setbased
approachis presented.It can be classifiedbetweenlogic and probabilisticmethods.The
simulationresultsreveal that this setbasedapproachperformsparticularlywell on sequen-
tial, andsmallandmediumsizedcombinationalcircuits.For largercircuits,anextensionis
proposedthatenablesanefficient speed-accuracy trade-off. This is demonstratedby experi-
ments on several benchmark circuits.

4.1 Preliminaries
Figure4-1 depictsa combinationalcircuit with input vector X and output vector Y. The
BooleanfunctionF transformstheinput vectorto theoutputvector. In a combinationalcir-
cuit, F hasneitherfeedback loopsnor any memorieslike flip flops or latches.Thus,Y(t)
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dependsonly on thecurrentinput vectorX(t). Therefore,thetime parametert canbeomit-
ted unless the focus is put on temporal relations.

Underthezerodelayassumption,any signalchangesits at mostonceduringa clock cycle.
Under this assumption, we can write for any signalx(t):

( 4-1 )

whereT is the clock period andi indicates the clock cycle.

Equations2-15 and2-16, the latter beingrepeatedherefor convenience,requireto deter-
minetheswitchingactivity αi of theoutputof eachgatei in thecircuit. If theoutputwave-

forms yi of all gates are available, the signal toggles can be countedby scanningyi.
However, sometimes it may be advantageous to define the switching signaltr i by

. ( 4-2 )

αi results then in

. ( 4-3 )

For probabilisticswitchingactivity estimationyi andtr i areexpressedby Booleanequations
while for logic simulation they are representedby signal waveforms.In the latter case,
equation4-3 yields only an estimate of αi and sincey0 does not exist,  is defined by:

, ( 4-4 )

wheren denotes the last clock cycle.

Unlessstatedotherwise,theestimatedvaluesareconsideredasaccuratefor logic simulation
based approaches and no special distinctions betweenα and  will be made.

4.2 Logic Simulation
Power estimationby meansof logic simulationhasseveraladvantages.Existingsimulators
needonly to beextendedby acapabilityto countthesignaltoggles,whichrepresentsonly a
minor modification.Althoughthesesimulatorsmaynot exploit optimizationpotentialsthat

Figure 4- 1: General combinational circuit
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exist if only toggleratesbut no exactsignalwaveformsarerequired,all theadvantagesof a
mature commercial tool come for free:

• good tool flow integration

• high sophisticated time models

• easy to use user interface.

Logic simulatorsinherentlyhandlecorrelationsandsequentialcircuits.Both requirespecial
treatmentin otherapproachesasit is shown in a latersection.But therearealsosomesevere
drawbackscomingalongwith logic simulationbasedpower estimation.For logic simula-
tion, a largesetof inputpatternsis required,whichmustrepresentthetypicaloperatingcon-
ditionsof thecircuit. If “real” datais available,it is to bepreferred.Thismaybethecasee.g.
in audioor imageprocessingsystems.However, in mostotherapplications,thepatternsare
generatedthrougha high level simulationon systemlevel. In [Dres93] it wasproposedto
usethe samepatternsasfor functionalverificationof the high level system.It is doubtful
though,whetherthesepatternsrepresentthetypical operationmodeof a circuit. Theinten-
tion for generatingsuchpatternsis to stimulateeachpathexactly once,while in thetypical
operationmodethe differentpathsarestimulatedwith significantlydifferentprobabilities.
Thus, test patterns for power estimation must be generated separately.

Sometimesa high level modelis eithernot availableor high level patterngenerationmaybe
impracticalfor otherreasons,e.g.in aMonteCarloapproach.In thesecases,theinputstim-
uli mustbegeneratedin anotherway. A trivial ideawould beto performanexhaustive sim-
ulation, i.e. applyinga setof input vectorscorrespondingto a transitionfrom any possible
input patternto any other. This impliesa total of 22n vectorsfor n input variables,which is
impracticaleven for small circuits.Furthermore,suchpatternsusuallydon’t representthe
typical operationmode.The input stimuli mustberathergeneratedwith a randomnumber
generator. This is easily possibleas long as spatially correlatedPIs are not required.In
[Rade96] a tool is presentedthatgeneratesrandominput patternswith userdefinedspatio-
temporal correlationswithin limited groups of primary input variables.It is basedon
Markoff chainsin order to model temporaland spatialdependencies.As theseMarkoff
chainsgrow exponentiallywith groupsize,they becomeimpracticalfor groupslarger than
sevenvariableswith a first ordertemporalcorrelation.Moreover, the tool becomeshardto
use even for smaller groupssince the consistentdefinition of correlationsis not trivial
[Rade97].

In logic simulationbasedpower estimationapproaches,the accuracy increaseswith the
numberof input patterns.But sodoesthe runtime.Hence,mostwork in this field concen-
trates on improving the runtime behavior and on limiting the number of input patterns.

4.2.1 Speeding up Simulation

Onewayto reducesimulationtime is to speedupsimulationby parallelism.In theapproach
from [Dres93] theauthorsusea parallellogic simulatorthatwasextendedby somepower
estimationfeatures.Thecircuit is dividedinto partitionswhich arethensimulatedin paral-
lel on the different processorsof a multicomputer. The simulator can handleany delay
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model,but becauseof ahighcommunicationoverheadbetweenthedifferentprocessors,the
speedupdoesn’t scalelinearly with the numberof processorsinvolved. It meetsan upper
boundbetweenfour andeight with eight processors[Lanc95]. If the numberof CPUsis
furtherincreased,theadditionalcommunicationoverheadis higherthantheadditionalcom-
pute power, thus simulation speed decreases.

Thecommunicationproblemof thepreviousapproachis avoidedin a methodthatwaspre-
sentedby Schneiderin [Schn95]. Insteadof simulatingdifferentcircuit partitionsin parallel,
thebitparallelapproach,whichwasfirst usedin thetestarea[Waic85],wasadaptedto power
estimationpurposes.The basicideaof bitparallelsimulationis to exploit the full machine
word lengthw during simulation by simulatingw clock cycles at a time.

E.g. considerthe AND-gate of figure 4-2. It is to be simulatedwith 32 input patterns.
Assumefurther that the simulatoris runningon a 32-bit machine.Thusw=32. The input
patternscanbe storedin two machinewords,WA andWB, andcanbe processedwith one
singlemachineinstruction.This resultsin a theoreticalspeedupof 32 over bitwisesimula-
tion. A lookuptable(LUT) basedmethodis usedfor efficient determinationof thenumber
of transitionsperword.SincetheLUT growsexponentiallywith w, its sizewaslimited to 8-
bit words,resultingin w/8 LUT accessespermachineword anda certainperformancepen-
alty. The author reportsan averagespeedupof 24 over bitwise simulation on a 64 bit
machine.His algorithmis limited to thezerodelaymodelandto purelycombinationalcir-
cuits. In sequentialcircuits the valuesof somesignalsdependon the previous clock cycle
but for bitparallel simulation all values of w successive clock cycles must be known.
[Goud91] presentsa methodto extendthe bitparallelapproachto sequentialcircuits.The
authorsintroducea new signalvalue“unknown” which is iteratively replacedby ‘0’ or ‘1’ .
However, this extension suffers from a performancepenalty, that reducesthe average
speedupto 6.3.Thefiguresthatwerepresentedin [Schn95] and[Goud91] arehardto com-
pare since Gouders et al. don’t focus on signal toggles and use a 32-bit machine.

4.2.2 Input Vector Determination

Assumeanexperimentwherea circuit is simulatedwith n testpatterns.Thedesiredoutput
of this experimentbetheaverageenergy consumptionperclock cycle E1. A secondexperi-
mentwith a differentsetof testpatternsbut the samestatisticalpropertieswould yield a

Figure 4- 2: Bitparallel AND
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slightly different result E2. The averageenergy consumptionper experimentcan be esti-
mated by the mean of the two experiments. But how reliable is this estimate?

According to the rulesof statistics,the standarddeviation of the estimatedvalues,either
absolutepower, energy, or switchingactivity, decreaseswith thenumberof randomlygener-
atedinput patternsthatareappliedto thecircuit. Thus,for accuracy reasons,a high number
of input patternsis desirable.On theotherhand,simulationtime increaseslinearly with the
numberof input patterns.Thus,a trade-off betweenaccuracy andruntimeis needed.A first
approachin this direction was presentedin [Burc 93]. The authorsuse a Monte Carlo
method in order to stop the simulation procedureas soon as the requiredaccuracy is
reached.

Considera circuit with m internalnodes.This circuit is simulatedwith n randomlygener-
atedpatterns.It is assumedthatthesimulationyieldstheoverall energy consumptione. The
simulationprocessis calledan experimentandthe resultof an experimentis alsocalleda
sample. Thesamplee canbeconsideredasthesumof n-1 independentatomicexperiments
ea. Eachatomicexperimentea is arepresentativeof arandomvariableea with unknown dis-
tribution. Sinceea is a randomvariable,e is a representative of anotherrandomvariablee.
Accordingto thecentrallimit theorem[Bron 87], its distribution canbeapproximatedby a
normaldistribution if n is chosenlargeenough(usuallyn=100 is sufficient).N experiments
of sizen resultin N differentsamplesei. Themeane of theseexperimentsis anormallydis-
tributedrandomvariableitself. But we still don’t know thevarianceof e. Thereforeanesti-
mate of the standard deviation ofe is built:

. ( 4-5 )

UsingS ande we can build a new random variableX:

( 4-6 )

whereE is the unknown averageenergy consumptionper experimentof sizen. X canbe
consideredas the normalizederror of the currentestimate.X is Student-tdistributedand
doesnot dependon thestandarddeviationsof e andS. For X we cansaywith (1-β) confi-
dence:

. ( 4-7 )

Fromequation4-7wecanderiveastatementaboutthemaximumrelativeerrorε of thecur-
rent estimatee and the confidence(1-β) of this statement:

. ( 4-8 )

A tableof the t-function t(β,N) aswell as its exact definition canbe found in [Bron 87].
Equation4-8 enablesto checkaftereachexperimentwhetherε meetsa givenboundεl with
a givenconfidence1-β.TheMonteCarloapproachcanbeappliedto any circuit type,either
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combinationalor sequential,andto any patternbasedpower simulatorwhereit yieldsgood
accuracy at reasonableruntime.However, theMonteCarloapproachstill suffers from two
drawbacks:

1. While spatialor temporalcorrelationscausenoproblemfor thesimulationprocess
itself, generation of adequate test patterns maybe difficult [Rade96].

2. the numberof experimentsN* which are requiredto meetthe accuracy require-
mentsis still unpredictedin [Burc 93]. The authorsonly prove that N* typically
decreases or remains constant with circuit sizem.

Theproblemof a-priori estimationof N* wasaddressedin [Hill 95]. It is assumedthat the
averageswitchingactivity perclock cycle s of a specificcircuit nodeis to bedetermined.s
is a sampleof the randomvariables andis obtainedby thesimulationof N patterns.Thus
we get

( 4-9 )

wheretog is the total number of toggles during the experiment. The mean ofs is given by

( 4-10 )

wherepi is theprobability thata singleinput patternproducesexactly i togglesat thenode
under consideration. Its varianceσ2 can be estimated by

. ( 4-11 )

For sufficiently large N, s is normally distributedandHill et al. replacethe unknown, real
value of  by . The required limitN* results then in

( 4-12 )

for a given confidenceβ. Where Φ-1(x) is the inverseof the probability integral Φ(x)
[Bron 87] andε’  denotes the absolute error:

. ( 4-13 )

The question,how the probabilitiespi in equation4-12 can be determined,is still open.
Accordingto theauthors,they canbeestimatedwith sufficient accuracy from a shortsimu-
lation with n=100. This assumptionwas justified by simulation results, which were
obtained by simulation of a variety of benchmark circuits.

Low activity nodesimposespecialproblemsfor MonteCarloapproachessincethey require
amuchhighernumberof inputpatternsto obtainthesamerelativeaccuracy ashighactivity
nodes.On the otherhand,the contribution of low activity nodesto the overall power con-
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sumptionis low, thusa higher relative error is acceptable.Accordingly, in [Xake94] the
authorsdistinguishbetweenhigh andlow activity nodes.For the former, they usetherela-
tive error, for thelatter theabsoluteerrorasstoppingcriteria.Their resultsshow thatabout
20%of all circuit nodescanbeconsideredusuallyaslow active,which resultsin a consid-
erable runtime improvement without significant loss in overall accuracy.

4.3 Probabilistic Methods
In thecaseof logic simulation,a largeamountof inputpatternsis propagatedthroughacir-
cuit in orderto determineits averageswitchingactivity. However, for power estimation,the
exactwaveformsof thecircuit nodesarenot reallyneeded.Equations2-15and2-16require
only theswitchingactivity α, which is a scalarvalue.Sinceα is a statisticalpropertyof the
circuit nodes,it is anobvioussolutionto determinethestatisticalpropertiesof theprimary
input signalsandto propagatethosepropertiesthroughthecircuit in onesinglesimulation
run. Dependingon the approachchosen,the statistical propertiesaresignalprobabilities,
transition densities, switching probabilities, and/or signal correlation coefficients.

4.3.1 Properties

Theresultof powerestimationby probabilisticmeansis equivalentto logic simulationwith
aninfinite numberof inputpatterns.Undertheassumptionthatthestatisticpropertiesof the
primary inputs are accuratelymodeled,probabilisticsimulationyields the exact result in
onesinglesimulationrun.Hence,atafirst glanceprobabilisticapproachesseemto befaster
andmoreaccuratethanpatternsimulationbasedapproaches.In somecasesit mayalsobe
an advantage that probabilistic approaches don’t require explicit test patterns.

Statisticalindependenceplaysanimportantrole for probabilisticcircuit simulation.Only if
statisticalindependenceof the circuit inputs is guaranteed,the following simplepropaga-
tion rules hold:

For spatiallycorrelatedsignalsa andb, simplerulesdo only exist if a andb aredisjoint.
Those rules are summarized in table 4-2.

Obviously, the major problemsof probabilisticapproachesareimposedby signalcorrela-
tions.From a methodicalpoint of view, they canbe classifiedinto threeclasses:temporal

Logic Operation Signal Probability

Table 4-1: Rules for probability propagation for independent signals

y a= py 1 pa–=

y a b⋅= py pa pb⋅=

y a b+= py pa pb pa pb⋅–+=
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correlations,spatialcorrelationscausedby reconvergentfanout,andspatiallycorrelatedpri-
mary input signals.The latterareneglectedby mostapproachesso far. For somemethods,
concurrent switching of primary inputs represents an additional source of estimation error.

4.3.2 State-of-the-Art in Probabilistic Simulation

Probabilistictreatmentof digital circuits wasfirst proposedby Parker andMcCluskey in
orderto solve problemsin the areaof testpatterngeneration[Park75]. The authorsintro-
ducethe signal probability and presentmethodsto propagate it throughdigital circuits,
assumingthe PIs areuncorrelatedandtheir signalprobabilitiesaregiven. For eachnode,
they computeits Booleanfunctionasacanonicalsumof products(CSP).It canbeobtained
e.gby exhaustive Shannon’s expansion.Sinceall addendsaredisjoint in a CSP, therulesof
table4-2 arevalid. While CSPsguaranteethatcorrelationsdueto reconvergentfanoutsare
correctlymodeled,they becomevery largefor practicalcircuits.[Savi 84] presentsanalgo-
rithm to reducethis complexity. Its validity hasbeenmathematicallyproven in [Mark 87].
This approachallows to incrementallycomputethe probabilitiesby cutting reconvergent
fanoutlinesin thecircuit. But insteadof absolutevalues,this algorithmgivesonly intervals
for the probabilities.

Both algorithmsestimateonly staticsignalprobabilitiesfor testpurposes.Thefirst applica-
tions of probabilistic methods for power estimation can be found in [Burc 88] and
[Najm 90]. Both publicationsdealwith power estimationon circuit level. The circuits are
partitionedinto p- and n-blocks which are representedby graphs.The graphsare then
reducedto singleedgesbetweenVdd or GND usingprobabilisticserial/parallelreduction.
For eachnode,therearetwo graphsto bebuild: onefor thestaticprobabilitiesandonefor
the transitionprobabilities.The algorithmassumesuncorrelatedPIs but canhandlespatial
correlationsthat are introducedby reconvergent fanoutusingthe supergateapproachthat
wasfirst presentedin [Seth85]. Thecircuit is partitionedsuchthatthereconvergentfanouts
arehiddeninsidethepartitions.Thesepartitionsarecalleda supergateandtheir inputsare
supposedto be spatially uncorrelated.The algorithmswere implementedin a simulator
calledCREST(CuRentESTimator). SinceCRESTcanalsomodelgatedelays,it wasused
to computecurrentwaveformsin digital circuits.Comparedto SPICEruns,it yieldsspeed-
ups of two or three orders of magnitude at error rates below 20%, according to the authors.

The theoreticalbasisof probabilisticpower estimationwasfirst formulatedin [Najm 93],
whereNajm introducessomefundamentaltermslike the companionprocess,the equilib-
rium probability or the transitiondensity(seedefinitions2-63, 2-64 and2-65). They are

Logic Operation Signal Probability

Table 4-2: Rules for probability computation for disjoint signals

y a b⋅= py 0=
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appliedwith somemodificationsandspecializationsin many later publications.Najm has
proventhata logic signalis alwaysastrict sensestationary, meanergodic0-1process,such
that the limits in definitions2-64 and2-65 alwaysexist. For transitiondensityestimation,
Najm appliestheBooleandifferenceoperator(definition2-32) in thefollowing way. Given
any internalnodej of acircuit with primaryinputsx1...xn, thetransitiondensityD(yj) is esti-
mated by

( 4-14 )

where denotestheprobability that theBooleandifference resultsinto
‘1’ . Equation4-14 is only an approximation.It does not correctly cover simultaneous
switching inputs sinceit doesnot includeany higher order termswith mixed derivatives
(e.g. terms like ). This assumptionmaybe reasonablefor asynchronous
designsor for somevery specific,low active circuits.However, in a synchronousdesignall
the primary inputs changesimultaneously. This may lead to large estimationerrors as
shown in thefollowing example.ConsidertheXOR-circuit of figure4-3. AssumethatD(a)
andD(b) are given and they switch statistically independently.

The logic function of the XOR is denoted by

. ( 4-15 )

Obviously, the output y switchesif either a or b switches,but not if both inputs toggle
simultaneously. Thus,

. ( 4-16 )

However, equation4-14 results in

. ( 4-17 )

Equation4-14tendsto overestimatethecircuit activity. It canbeeasilyproventhattheerror
increases with increasing switching densitiesD(a), D(b).

This approachwas implementedinto the simulator DENSIM [Najm 93]. The supergate
approachwas applied in order to handle correlationsthat are causedby reconvergent
fanouts.ThePIsaresupposedto bespatiallyuncorrelated.Theresultsaregoodin runtime
and in accuracy, as long as the partitions(supergates)arechosencarefully. However, for
somelargerbenchmarkcircuits from theISCAS-85benchmarkset[Brgl 85] a lowestlevel

Figure 4- 3: XOR circuit
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partitioningwaschosen,whereeachlogic gate is a supergate itself. In this casethe error
increasesto valuesup to 40%. It will be shown in chapter6 that even betterpartitioning
won’t improve this result as long as simultaneous switching is neglected.

Nevertheless,[Najm 93] presentsa BDD basedmethodto computesignal probabilities.
Becauseof its importancefor this work, it shall be describedin moredetail.Considerthe
BDD of figure4-4. Assumethat theprimary input variablesx1, x2, andx3 areuncorrelated
and their signal probabilitiesP(x1), P(x2), andP(x3) are given.

For any Booleanfunctiony=f(x1, x2, ...,xn) the1-probabilityof thefunctioncanbeobtained
in linear time in the sizeof the BDD. Eachnoderepresentsa Shannon’s expansionof the
subfunction defined by the node. Thus,

. ( 4-18 )

Thetwo addendsof equation4-18aredisjoint sincex1x1=0, andwecanapplytheresultsof
table4-2 to computeP(y):

. ( 4-19 )

Since the cofactorsof x1 do not dependon x1 and since all variablesare independent,
table4-1 can be applied to evaluate the products:

. ( 4-20 )

The probabilitiesof the cofactorscanbe computedaccordingly. Thus,P(y) canbe deter-
minedrecursively by a depth-firsttraversalof theBDD of y. TheBDD mustbeorderedbut
not necessarilyreduced.In this way, the probabilities of the Boolean differencesin
equation4-14canbeeasilyevaluatedfor any internalcircuit nodeif its BDDsareavailable.
The BDDs can become very large, though. In the example of figure4-4 we obtain:

. ( 4-21 )

Figure 4- 4: ROBDD for
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Several researcherstried to improve Najm’s approach.In [Kapo94] two methodsarepre-
sented.Thefirst speedsup thesimulationprocessby a smartreuseof theBDDs thatwere
createdduring theevaluationof precedinggates.Thesecondtries to improve theaccuracy
by apartitioningalgorithmthatpackscorrelatednodesinto onesupergate.However, thereis
no statement about general accuracy, only the percentage of low error nodes is mentioned.

[Schn94] and[Schl95] addresstheproblemof concurrentlyswitchinginputsby a modifi-
cationof equation4-14. Insteadof building the Booleandifferenceswith respectto each
input variablexi, they usetheswitchingfunction try (equation4-2). try is representedby a
BDD which is alsocalledXOR-BDDbecauseof theXOR-operationin equation4-2.While
traversingthe XOR-BDD, they take into accountthe temporalcorrelationsof the primary
input variablesxi, that aregiven by their switchingprobability . The variableorderfor
the XOR-BDD is chosen such that and  are adjacent (figure4-5).

Thefour possiblepathsin figure4-5 areevaluatedusingthefollowing equations[Schl95],
[KapD 98]:

( 4-22 )

( 4-23 )

( 4-24 )

( 4-25 )

WhereP00(xi) denotesthe path where and , P01(xi) is the path where
and , etc.Equations4-22 - 4-25canbeeasilyverifiedusinga two state

Markoff chain where the two nodes represent the two possible values ofxi.

In [Marc 94] and[Marc 95] globalBDDs andtheproblemsthatarerelatedto circuit parti-
tioning, areavoidedby thedefinitionof staticcorrelationcoefficientsandtransitioncorre-
lation coefficients. They are propagated through the circuit in addition to the static

Figure 4- 5: Part of an XOR-BDD
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probabilitiesof theprimary input variables.Thecorrelationcoefficientsarederived from a
four stateMarkoff chainthatallows to modelall thefirst orderspatialandtemporalcorrela-
tionsof two variables.Higherordercorrelationsareneglected,but accordingto theresults,
they have no major influence on the accuracy.

The approachpresentedin [Chou94] is basicallyan extensionof [Najm 93]. The Taylor
expansionof equation4-14wasextendedby higherorderterms.Thus,theeffectsof simul-
taneousswitching inputs can be taken into account,which yields high improvementsin
accuracy. However, like in [Najm 93], the runtimebehavior heavily dependson a careful
partitioning of the circuit.

Probabilisticmethodsseemto offer amuchfasterandmoreaccuratesolutionto theproblem
of switchingactivity estimationthanpatternsimulationwith aconventionallogic simulator.
However, correctcorrelationhandling imposesa major problem.Thus, simple methods,
which neglect all correlationsare very fast but suffer from high estimationerrors.BDD
basedmethodsaremoreaccuratebut slower. Dependingon the approach,they canmodel
spatialcorrelationscausedby reconvergent fanoutandtemporalcorrelationsmoreor less
accurately. However, accuratehandlingof spatiallycorrelatedPIsis still aproblemfor most
of today’s probabilisticapproaches.Thepracticalimportanceof thelatterbecomesobvious
in the next section.

4.4 Sequential Circuits
Thecircuit in figure4-6 depictsa synchronoussequentialcircuit. It canbemathematically
modeledby a finite statemachine(FSM). Analysisanddesignof asynchronouscircuitsare
out of thescopeof this thesis.The interestedreaderis referredto [Brzo 95] and[Lava93]
for generalintroductionsto asynchronouscircuits and to [Birt 95] for specialaspectsof
asynchronous FSM design.

A synchronousFSM consistsof two combinationalcircuits F andG, anda registerbank
thatstoresthecurrentstateZi. F andG arefunctionsof theprimaryinput vectorXi andthe
currentstateZi. F is calledtheoutputfunctionor outputlogic. G is thenext statefunctionor
next statelogic. The outputof G is the next stateZi+1. At eachactive edgeof the system
clock clk, Zi+1 is storedin the registerbankand forwardedto the registeroutputs.So, it
becomes the current stateZi.

The FSM in figure4-6 is a Mealy machine becausethe outputY i dependson the current
stateZi and the input vectorXi:

. ( 4-26 )

If F is only a function of the current stateZi, the FSM is called aMoore machine:

. ( 4-27 )

F F X
i
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i( )=



Sequential Circuits

93

Summarizing,an FSM consistsof two combinationalnetworks F andG, anda feedback
loop with a registerbankthat storesthe currentstateZi. As soonasthe waveformsor the
statisticalpropertiesof thecurrentstateZi and/orthenext stateZi+1 areknown, thepower
consumption of the FSM can be reduced to a purely combinational problem.

However, the spatialcorrelationsbetweenthe currentstatebits Zi aswell asthe temporal
correlationsbetweenZi and Zi+1 must be taken into accountin order to obtain correct
results.In [Gosh92] Goshet al. proposetheconfigurationof figure4-7 asa generalmodel
of this problem.

It implies that the statisticalinformationsaboutthe currentinput vectorXi, the next input
vectorXi+1, andthe currentstateZi aresufficient to solve the power estimationproblem.
Theinformationaboutthenext statecanbecomputedusingthenext statelogic G. With the
symbolicsimulationequationsof F andG, thesignalactivity of theFSM canbecomputed
then.Yet, theauthorshaven’t specifiedin detailwhichstatisticalinformationthey requireat

Figure 4- 6: Synchronous sequential circuit

Figure 4- 7: Modeling correlations
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lastandhow thenext statelogic block transformsits input variablesto its outputvalues.It
becomesobviousthoughthat theinformationaboutthenext stateZi+1 canbederivedfrom
the current input vectorXi and the current stateZi.

Thesymbolicsimulationequationsrepresentany combinationalpowerestimator, eitherpat-
tern basedor probabilistic.For patternbasedmethodsthe next statelogic consistsof the
Booleanequationsof G. For probabilisticapproachesit computestheprobabilitiesandcor-
relations of the next state by applying one of the following three approaches:

1. High level simulation

2. State transition graph

3. State line probabilities.

Thefollowing sectionsfocuson thedetailsof thesethreeapproachesto implementthenext
state logic.

4.4.1 High Level Simulation

If theFSM is a partof a largerdesign,thereexistsusuallya formal high level modelof the
system.If this modelcanbesimulated,thedesiredwaveformsor their statisticscanbegen-
eratedthroughhigh level simulation.This approachis straight forward and can be per-
formedfor a high numberof patternssincehigh level simulatorsarevery fastbecauseof
their high abstractionlevel. However, onehasto be awarethat the properchoiceof input
patternssuffers from thesameproblemsaspatternsimulationon logic level. Furthermore,
sequentialcircuits requirea much higher numberof input patternsfor the samelevel of
accuracy than combinational circuits because of the history effect of the registers.

Examplesfor high level specificationlanguagesare StateCharts [Hare87], behavioral
VHDL or SDL [Ells 97].

4.4.2 State Transition Graph

Figure4-8 depictsthestatetransitiongraph(STG)of aMealymachinewith four states,one
input, andoneoutputvariable.The nodesrepresentthe stateswith their symbolicnames
andcodes.Theedgesdepictthestatetransitions.They arelabeledwith thetransitioncondi-
tions andthe outputvalues(condition/outputvalue). The STG canbe derived from a high
level modelor it canbeextractedfrom theBooleanfunctionsF andG. Theexactstateprob-
abilities can be computedusing the Chapman-Kolmogorov equationsfor discretetime
Markoff Chains [Deva94].

In anFSM with K statess1...K, we associatea variableP(si) for eachstatesi, corresponding
to the steady-stateprobability of the machinebeing in statesi for time . For each
edgee in theSTGwe have e.Curr, e.Next, ande.In which signify thehead,thetail, andthe
input condition of the edge, respectively. For each statesi we can write an equation

. ( 4-28 )

t ∞→

P si( ) P e.In( ) P e.Curr( )⋅
e e.Next,∀ si=

∑=
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If theinputvariablesareassumedto beuncorrelatedandtheir signalprobabilitiesaregiven,
P(e.In) canbeeasilycomputed.GivenK states,weobtainK equationsoutof whichany sin-
gle equationcanbe derived from the remainingK-1 equations.Hence,oneof the K equa-
tions is redundant. It must be replaced by

. ( 4-29 )

This linearsetof equationscanbesolvedto obtaintheP(si) usingtheGaussalgorithm.This
resultsin a problemof complexity K3. As soonastheP(si)s areknown, thestatetransition
probabilities can be easily computed.

The major drawback of this approachis its average-caseexponentialcomplexity: for an
FSMwith n flip flopswehaveK=2n states,makingthismethodimpracticalfor largeFSMs.

4.4.3 State Line Probabilities

As shown in the previous section,exact stateprobability computationis impractical for
large FSMs.A first approximationthat overcomesthis problemis presentedin [Gosh92].
Insteadof stateprobabilities,state line probabilitiesare computed.Spatial correlations
betweenthestateline probabilitiesareneglected.In orderto furthersimplify theproblem,
Gosh et al. make the following additional assumptions:

1. TheprobabilitythattheFSMis in any of its 2n statesis uniform.Thus,P(zi) is also
uniform.

2. Theprobabilityof theprimary inputsP(xi) aswell astheir switchingprobabilities
 are given.

3. The primary input signals and their switching activities are spatially uncorrelated.

Figure 4- 8: A state transition graph
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The next stagelogic consistsof Booleanequationswhich modelthe temporalcorrelations
betweenthepresentandthenext statelines.Thesecorrelationsareexpressedby thetransi-
tion probabilitiesof thestatelines . Consideringfigure4-6, theinformationaboutXi and
Zi is representedby theprimaryinput probabilitiesP(xi) andthepresentstateline probabil-
ities P(zi), while theswitchingprobabilities and areinterpretedasthe information
aboutXi+1 andZi+1.

Feedbac k Loop

Themajordrawbackof thepreviousapproachis its assumptionfor uniform stateprobabili-
ties which is not given in mostpracticalapplications.[Deva94], [Tsui 94], and[Tsui 95]
presenta meansto solve this problem.The authorstake advantageof the observation that
the steadystate probabilities of the current state lines and the next state lines

areidentical.Thesameis truefor theprimaryinputsXi. Hence,they formulatethe
following equations for each state linezi:

. ( 4-30 )

It resultsin a systemof m nonlinearequationsfor the m statelines.This systemis solved
with thePicar-Peanoor theNewton-Raphsonmethod[Bron 87]. Thetransitionprobabilities
canthenbecomputedusingthesamemethodas[Gosh92]. Equation4-30canbeillustrated
with a feedback loop in the next state logic (figure4-9).

While this methodallows to accountfor non-uniformstateline probabilities,it canstill not
cover spatial correlations between the state bits.

k-Unr olled Netw ork

In [Deva94] and[Tsui 95], Devadaset al. proposethemethodof k-unrolled networksasa
generalizationof the feedbackmethodin orderto modelspatialcorrelationsbetweenstate
lines. Considerthe configurationof figure4-10. The next statelogic hasbeenunrolledk
times.As before,a setof nonlinearequationscorrespondingto this k-unrollednetwork can
beconstructed.Whencomputingthestateline probabilitiesP(zi), theseequationspartially
take into accountcorrelationsbetweenthe statelines zi. The methodof figure4-9 corre-
spondsto a k-unrolled network with k=1. The exact probabilitieswould be obtainedfor

.

Figure 4- 9: Feedback loop
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m-Expanded Netw orks

While thek-unrollednetwork takesinto accountthecorrelationsbetweenthestatelinesdur-
ing stateline probability computation,the correlationscan still not be expressedfor the
symbolic simulation equations.m-expandednetworksallow to model the correlations
betweenm-tuplesof thepresentstatelines[Tsui 95]. Considerfor instancethe2-expanded
network of figure4-11. It modelsthe correlationsbetweenthe first two statebits by sepa-
ratelycomputingtheir joint signalprobabilities.In thenext statelogic, ak-unrollednetwork
can be used, thus combining the two approaches.

Experimentson a wide varietyof benchmarksindicatethattheapproximationmethodspre-
sentedbeforeareaccurateto within 5%. Dependingon the valuesof k andm an average
error below 1% becomeseven possibleat the costof a highercomputationaleffort. How-
ever, all these experiments assume spatially uncorrelated primary inputsXi.

Input Modeling FSMs

Theproblemof spatiallycorrelatedprimary inputsXi canbeaddressedusingInput Model-
ing FSMs(IMFSM) [Mont 95]. The IMFSM are virtually designedto generatethe input
waveformsXi with thedesiredstatistics(steadystateandtransitionprobabilities,andspatial
correlations)from a white noiseinput stream(figure4-12).FromtheIMFSM thestatistical
parametersof theprimaryinputsXi of theFSMundertestcanthenbeextractedusingoneof
the previous methods.

Figure 4- 10: k-unrolled network

Figure 4- 11: A 2-expanded network
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4.5 A New Set Based Simulation Method
In this section,a novel techniquewill be presentedthat enablesaccurateestimationof the
nodeactivity in combinationalCMOScircuits.Theapproachis basedon settheory. It can
beclassifiedbetweenlogic andprobabilistictechniques.It is ableto take into accounttem-
poralaswell asspatialcorrelations.Theresultswill show that theapproachis particularly
efficient for the simulation of circuits with highly correlatedand/or low active primary
inputs.Sinceboth typesof signalsarecharacteristicfor FSMs,setbasedsimulationis best
suited to be applied in connection with the methods that were presented in section 4.4.

4.5.1 Basic Method

Venn Dia grams

Venn diagramsprovide a clear way to visualize relations betweensets. Consider for
instancefigure4-13.It depictsthreeVenndiagramsof two variablesa, b, with differentcor-
relationcoefficients.The shadedregionsdenotethe intersectionof the two signalscorre-
spondingto a logic AND. Thevariablesarenegatively correlated,uncorrelated,andhighly
correlated,in diagramsa, b, andc, respectively. Althoughtheareasof a andb which corre-
spondto pa andpb, areequalin all threediagrams,their intersectionsaresignificantlydif-
ferentbecauseof the differentcorrelationcoefficients.Obviously, Venndiagramsallow to

Figure 4- 12: Input modeling FSM

Figure 4- 13: Venn diagrams of two signals a and b
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modelcorrelationsin a simpleandaccurateway. How this modelcanbeappliedto switch-
ing activity estimation in digital circuits is shown in the sequel.

From Logic Operations to Set Operations

Firstly thesignalrepresentationis changed.Insteadof storingthesignalsbit by bit they are
representedas1-blocksor simply blocks. A block is a groupof consecutive ’1’s in thesig-
nal. Only the position (clock cycle) of the first and the last '1' of eachblock are stored
(figure4-14).

If the signalsareto be propagatedthrougha logic gate,the blocksareconsideredassets.
Thus,all logic operationsareto be replacedby setoperations.Table4-3 depictsthe rela-
tionsbetweenthebasiclogic, set,andprobabilisticoperations.Note that the latterassume
uncorrelatedsignals. Any function of higher complexity can be decomposedinto a
sequence of these basic operations.

While for probabilisticsimulationthelogic signalwaveformsarecompressedto onesingle
value, the signal probability p, the compressionrate is lower for the set representation
becauseeachblock requirestwo values,and several blocks per signal are possible.The
blocksizescorrespondto signalprobabilitiesandthepositionsof theblocksof onevariable
in relationto thepositionsof theblocksof anothervariableexpressthecorrelationsbetween
variables.

4.5.2 Exact Optimization

Thesetoperationsaremoreefficient if theaveragenumberof blockspersignalis low since
the costsof the setoperationsgrow linearly with the numberof blocks.This means,low
active signalsprofit most from the set representation.However, in practicalapplications

Figure 4- 14: Signal representation with blocks

Logic Operation Set Operation Probabilistic
Operation

Operation Symbol Symbol Operation

AND x·y x∩y Intersection

OR x+y x∪ y Union

NOT y y Inversion

Table 4-3: Logic, set, and probabilistic operations

clk 1 2 3 4 5 6 7 8 9 ...

Bits 0 1 1 0 0 0 1 1 1 1 1 0 0 1 1 1 1

Blocks 2-3 7-11 14-17

px py⋅

px py p–+ x py⋅

1 py–
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thereexist alwayssomesignalswith high switchingactivity. Their averageblock sizecan
be increased,andthusthe averagenumberof blocksdecreased,throughreorderingof the
input patterns.However, simplepatternrearrangementdoesnot only effect the numberof
blockspersignal.It doesalsochangethesignalactivity of thesignalsandimportantlydete-
rioratetheaccuracy of thesimulationresult.In orderto avoid this accuracy loss,thenotion
of thephysical signal is introduced.

Definition 4-1: Physical Signal
Thephysicalsignalx(t) is theorderedpair of thesignalx(t) anda copy of x(t) which
is delayed by one clock cycleT:

.

Figure4-15 depictstwo arbitraryphysical signalsa andb. Note that aT(1) andbT(1) are
obtained by wrapping around the undelayed signals:

 and . ( 4-31 )

Each column representsnow two consecutive input patternsand containsall static and
dynamicinformationrequiredto computecorrectsignalactivities,regardlessof theorderof
thecolumns.Thereforethe time is omittedandthecolumnscanbearbitrarily reorderedin

orderto reducetheblock numbers.Figure4-16 shows a possibleoptimizationof the input
sequence of figure4-15 where the number of blocks was reduced from 10 to 5.

Figure 4- 15: Arbitrary physical signals

Figure 4- 16: Rearranged Input Sequence

x t( ) x t( ) x t T–( ),( ) x xT,( )= =

aT 1( ) a 9( )= bT 1( ) b 9( )=

time 1 2 3 4 5 6 7 8 9

a 0 0 1 0 1 0 0 1 0

aT 0 0 0 1 0 1 0 0 1

b 1 1 1 0 0 0 1 1 0

bT 0 1 1 1 0 0 0 1 1

a 0 0 0 1 1 1 0 0 0

aT 0 0 0 0 0 0 1 1 1

b 1 1 1 1 1 0 0 0 0

bT 0 0 1 1 1 0 1 1 0
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4.5.3 Optimization Methods

As mentionedalreadyin the lastsection,thegoalof theoptimizationis to createblocksas
largeaspossible,in orderto reducethesimulationcosts.A bruteforcemethod,which cor-
respondsto a full searchover all possiblerearrangementsof theinput patterns,is impracti-
cal evenfor a low numberof input patternsN. Thecostof the full searchcanbeestimated
by [Dall 98]

. ( 4-32 )

Even for as few asN=100 patterns,equation4-32 resultsin the unimaginablenumberof
8.5·10160 possiblerearrangements.On theotherhand,theproblemof finding thebestrear-
rangementis NP-complete.Thus,theproblemcanonly besolvedapproximatelyby suitable
heuristics which will be described in the sequel.

Considera circuit with n primary input signals(PI) anda setof N testpatternsfrom which
anoptimalsetrepresentationshallbederived.If or if the input streamsarehighly
correlated,identicalinput patternsarevery likely1. They aremergedtogetherin a first step,
which is also calledduplicate-removal. If but also for highly correlatedsignals,
heuristic rearrangement can further improve the set representation.

Themethodsfor duplicate-removal weremostlypresentedin [Dall 98]. They arebasedona
combinationof hashandlookup tables(LUT), dependingon thenumberof PIs.Thecom-
putationaleffort is quite low with runtimes2 below 0.5s.As detailsof theseapproachesare
not part of this thesis, the interested reader is referred to the above-mentioned reference.

Heuristic Rearrang ement

For the heuristicrearrangementsit is assumedthat duplicateswere alreadyremoved, N*

shall be the numberof different input patterns.If , Gray codelike arrangements
yield the best results.

In figure4-17thecolumnsrepresenta four bit Graycode.In orderto accountfor duplicates,
the columns,which correspondto input patterns,are weightedby the numberof occur-

1. There are22n possible input patterns forn PIs, since we always consider physical signals.
2. Theexperimentswerecarriedout on a SunUltra Sparc1, 170MHz, with 192MB mainmemory,

running Solaris 2.5. 10,000, 15 bit wide vectors were searched for duplicates.

Figure 4- 17: Gray code arrangement
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rencesof the specificpatterns.If N*=22n it canbe very easilyproven that the Gray code
arrangement is the best possible solution.

Proof

Assumethata GraycodearrangementG of arbitrarywidth with g blocksandno duplicates
is given.In eachcolumnof G thereexistsexactly oneblock thatbeginsor endsin this col-
umn sinceexactly onebit changesits value from onecolumnto the next. Let us assume
now, a secondarrangementK with k<g blockswasfound.k<g impliesthat thereis at least
onecolumnwith no changeto thenext column.However, in this casethetwo columnsare
identicalwhich contradictsour original assumptionthat all duplicateshave beenremoved
beforehand. Thus, andK cannot be a better arrangement thanG. ❑

[Dall 98] presentsamethodto generateaGraycodearrangementin lineartime in N* . How-
ever, in mostpracticalapplications holds.ThentheGraycodearrangementis only
suboptimalandother, moreefficientheuristicsmustbefound.Theseheuristicsarebasedon
thehammingdistanceof binaryvectors[Boss92] (seechapter2.1.3).Theinputpatternsare
arrangedsuch that two succeedingvectorshave the lowest possiblehammingdistance.
Fromthis point of view, theGraycodearrangementcorrespondsto thespecialcasewhere
thehammingdistanceof two succeedingpatternsis always1. In thesequel,threeheuristics
based on the hamming distance will be presented.

1. CompleteSearch (CS). Two setsA andB arecreatedwhereA is unorderedandB is
ordered.Initially, A containsall the input vectors,B is empty. A first vectorv1 is
arbitrarily removedfrom A andattachedto B. ThenA is searchedfor thevectorv2
with thelowesthammingdistanceto v1. It is removedfrom A andattachedto B as
thesuccessorof v1. This processis repeatedfor thebestsuccessorof v2 etc.until
setA is empty. B contains then the optimized arrangement.
Thecostof thisapproachis O(N*2) becausefor any vectorvi all theremainingvec-
tors inB must be investigated in the worst case.

2. Pool Search (PS). In this case,a third setP (Pool) is introduced.Initially P is filled
with p vectorsfrom set A. Then PS works just like CS, but the vectorsthat are
attachedto setB arechosenfrom P andP is alwaysrefilledwith anarbitraryvector
from A. The cost ofPSis reduced top·O(N*) since the search space is reduced.

3. Gray code+ Pool search (GPS). The resultsof the pool searchcanbe improved
without a significant increasein complexity if PS is precededby a Gray code
arrangement.

For all the searchsteps,the samehashandLUT methodscanbe appliedasfor duplicate-
removal [Dall 98].

4.5.4 Optimization Results

The algorithmsdescribedso far have beenimplementedinto a computerprogramcalled
ASSeT(Activity SimulatorBasedon SetTheory). In this section,the optimizationalgo-
rithmsareinvestigatedbeforetheexperimentalresultswill bepresentedthatwereobtained

k g≥

N
*

2
2n

«
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with ASSeT. Five differentoptimizationmethodswereevaluatedfor their runtimeandeffi-
ciency under different statistical assumptions for the input streams:

1. No optimization at all (NoOpt)

2. Duplicate-removal only (NoDup)

3. NoDup + PS with pool sizep=16 (PS)

4. NoDup + GPS with pool sizep=16 (GPS)

5. NoDup + CS (CS)

Unlessstatedotherwise,20000, uniformly distributedtestpatternswereusedper experi-
ment.Their staticaswell astheir switchingprobabilitieswerechosento 0.5.An optimiza-
tion is saidto be successfulif the numberof blockscould be reducedby morethan50%.
Otherwise,the original arrangementis to be preferredsinceit doesn’t requirethe delayed
signalsx(t-T), which reducesthe numberof blocksby half. In the following figures,PIs
denotesthe numberof primary input signals,blocks arethe numberof blocks,and time is
the optimization or simulation time.

Uncorrelated P atterns

For the first experimentsthe input patternsareuncorrelatedwhite noise.Accordingto the
resultsdepictedin figure4-18,NoDupis only successfulfor PIs<8, while CSandGPSsuc-
ceed up to .

FSM-Like Patterns

In FSMswith dozensof flip flops,only a small fraction of all possiblestatesareactually
reachable.Moreover, the stateprobabilitiesareusuallyextremelynon-uniform.Thereare
statesthatcorrespondto theregularoperationmodeof theFSM andotherstatesthatrepre-
sentexceptionalmodes.The former have high probabilities,the latter probabilitiesnear
zero.This behavior wasmodeledin the experimentswhoseresultsaredepictedin figure

Figure 4- 18: Optimization for uncorrelated vectors

PI s 16≈
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4-19. Thesetfrom which the input patternswerechosen,hadbeenrestrictedto 10%of all
possibleinput patterns.The non-uniformstateprobabilitieswere modeledby a binomial
distribution.Undertheseassumptionsthelimits for successareshiftedto highernumbersof
PIs. WhileNoDup is successful untilPIs=8, GPSand CSsucceed even forPIs=32.

Spatiall y Correlated P atterns

For theexperimentsof thissectionthePIsweredividedinto groupsof eightsignals.For cir-
cuitswith lessthannineinputs,groupsizefour waschosen.Thetestvectorsweregenerated
suchthat thesecondto the fourth or eighthsignalof eachgroupequalthefirst signalwith
probability0.8.Signalsof differentgroupsareuncorrelated.Theresultsfor spatiallycorre-

Figure 4- 19: Optimization for FSM-like vectors

Figure 4- 20: Optimization for spatially correlated vectors
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latedpatterns(figure4-20) areslightly worsebut comparableto thoseof theFSM-like pat-
terns.Thus,theoriginal assumptionis confirmedthatheuristicrearrangementis bestsuited
for correlated patterns.

Low Active Signals

In many practical applications,only few signals have a switching activity as high as
. In orderto investigatetheeffect of lower switchingactivities, wasreduced

to 0.1 for theexperimentswhoseresultsaredepictedin figure4-21. Obviously, low active
signalscanonly beimprovedif . For circuitswith morePIstheheuristicsmayeven
deterioratetheresults.Theblock sizesin theoriginal signalrepresentationaresogoodthat
they cannotbeimprovedby theheuristicswhichfocusratheron local thanonglobaloptimi-
zations.

CPU Time

This sectionprovidestheaverageruntimesof thepreviousexperiments.They aredepicted
in figure4-22.Theoptimizationtimesfor 4 PIswereomittedsincethey arenegligible, just
asthe CPU timesfor NoDup. All patternoperations,like comparingtwo patternsor com-
putingtheir hammingdistance,becomemoreexpensive with anincreasingnumberof input
signals.Therefore,the optimizationtimesincreasewith the numberof PIs.However, it is
surprisingthatGPSrequiresconsiderablylessCPUtimethanPS. Obviously thepre-optimi-
zationwith theGrayCodearrangementdoesnot only improve thefinal optimizationresult
but doesalso speedup the following Pool Search sincesimilar patternsarealreadyvery
close.

Discussion

Theresultsshow that it hasto beclearlydistinguishedbetweenlow active andhigh active
input streams.For the former, the heuristicscannotdecreasethe total numberof blocks

Figure 4- 21: Optimization for low active vectors
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sincelow active patternsconsistof largeblocksfrom thestart.In thatcase,furtheroptimi-
zationis only possibleif the numberof PIs is eight or less.Otherwise,the heuristicseven
tendto deterioratetheoriginalarrangement.As aconsequence,rearrangementaswell asthe
delayed signals should be omitted for low active circuits.

In all otherexperimentsthe completesearchalgorithm(CS) yields the bestresults.Dupli-
cate-removal (NoDup) is very fast,but asit wasto beexpected,it is only successfulfor cir-
cuitswith a low numberof PIs.Thesuccessof thepool search(PS) is rathermodest.But it
canbesignificantlyimprovedwith aprecedingGraycoderearrangement(GPS). GPSis sig-
nificantly fasterandyieldsmuchbetterresultsthanPS. CSstill outperformsGPSin termsof
block reduction by some 20-25% at the cost of 2-3 times increased CPU time.

GPSandCSarequite successfulfor smallernumbersof PIs,but all methodsbecomeless
successfulwith anincreasingnumberof PIs.Thiscanbeexplainedasfollows.Considerthe
exampleof figure4-16wheremany PIsimply thesamenumberof rows.If two columnsare
to be exchangedin order to optimize the block length in onerow, it is very likely that a
block in one or more other rows gets destroyed, thus nullifying the intended optimization.

Block optimizationis only reasonableaslong asthe numberof blockscanbe reducedby
half or more.Otherwise,a simplesetsimulationwithout rearrangementis to be preferred
becausethedelayedsignalcanbeomitted,whichreducestheblocknumberby 50%.Hence,
accordingto theresultsof this section,block optimizationfor uncorrelatedinput patternsis
promisingonly up to 25 PIs. The approachis better suited for spatially correlatedPIs.
There, the limit is between 25 and 32 PIs or even higher.

Some Comments Concerning Runtime of the Optimization Algorithms

Usually,a largenumberof typical input patternsis obtainedthroughhigh level simulation.
Severalcircuit alternativesare then investigatedusing the samepatterns.However,rear-
rangementmustonly beperformedoncefor all thealternatives.Underthis assumption,the

Figure 4- 22: Average optimization times
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runtime of the rearrangementis less crucial for theoverall development process.

4.5.5 Simulation Results

After the optimizationalgorithmswere empirically investigated,the experimentalresults
that are presentedin this section,focus on the effect of patternrearrangementto the set
basedsimulation.The following circuitswerechosenfor theseexperimentsaftermapping
them on the static CMOS library from chapter 3.

Thefiguresin thefollowing subsectionswill give thesimulationtimesfor logic simulation,
simple,unoptimizedsetsimulationwithout delayedsignals,andsetsimulationwith GPS
andCS. They will bedenotedas logic, NoDel,GPS,andCS, respectively. Theaccuracy is
consciouslyomittedsincetheresultsof thesetsimulationsarealwaysequalto theresultsof
logic simulations.Unlessstatedotherwise,thetestpatternsweregeneratedunderthesame
assumptionsas in section4.5.4. The following figures won’t be commentedin detail,
becausethetrendsof thesimulationtimescorrespondsto theblock numberreductionsthat
have beenpresentedanddiscussedin thelastchapter. Summarizingcommentsareleft for a
final discussion at the end of this section.

Uncorrelated V ector s

circuit f51m alu2 alu4 c1908 c3540

gates 112 270 551 245 791

PIs 8 10 14 33 50

Table 4-4: Parameters of the benchmark circuits

Figure 4- 23: Simulation times for uncorrelated vectors
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FSM-Like Vector s

Spatiall y Correlated V ector s

Figure 4- 24: Simulation times for FSM-like vectors

Figure 4- 25: Simulation times for correlated vectors
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Low Active Signals

Sequential Cir cuits

As a lastexperiment,somesequentialcircuitsweresimulatedusingtheconfigurationof fig-
ure4-7. ThecircuitsweremappedontheGFN120gatelibrary [IMS 91]. Thestatebitswere
generatedwith theapproachof figure4-9. Thenext statelogic wasrealizedby RTL-simula-
tion with randominput patterns1. Hence,thetotal numberof PIsof eachbenchmarkcircuit
is givenby thenumberof PIsof theoriginal sequentialcircuit plusthenumberof its regis-
ters.Table4-5, figure4-27,andfigure4-28depictthemajorcircuit properties,theoptimiza-
tion results, and the simulation times, respectively.

In particular, the resultsof the experimentswith the large sequentialcircuits canbe com-
paredto thosewith low active patterns.In fact, as the numberof flip flops increases,the
numberof flip fopswith low active outputsignalsincreasesaswell. This canbeexplained
asfollows: while the typical operationmodeof a sequentialcircuit requiresusuallyonly a
small fraction of all possiblestates,a major part of all statesmustbe reserved for excep-

Figure 4- 26: Simulation times for low active signals

1.This pattern generation method will be referred to asRTL-generated patterns in the sequel.

circuit s382 s820 s1196 s1494 s5378 s9234

gates 162 293 553 649 2781 5584

PIs 3 18 14 8 35 36

FF 21 5 18 6 179 211

PIs+FF 24 23 32 14 214 247

Table 4-5: Parameters of the benchmark circuits
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tional stateslike error or resetmodes.The flip flops that areusedfor coding thesestates
have a low switching activity.

Discussion

In general,theruntimesof thesimulationsreflecttheresultsof theblockoptimizationmeth-
ods.However, the speedupsarenot ashigh asimplied by the latter. The reasonis that the
blocksarepartly destroyedasthey propagatethroughthecircuits.Thus,block optimization
can only speedup the simulation process for circuits with a relatively low number of PIs.

On theotherhand,setbasedsimulationwithout any optimizations,which is referredto as
NoDel, is very efficient if therearemany low active PIs amongthe primary input signals.
Thesimulationresultsshow thatthecombinationalpartsof largesequentialcircuitsbelong

Figure 4- 27: Block optimization for sequential circuits

Figure 4- 28: Simulation times of sequential circuits
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to this class.In that case,the CPU time of the simulation processcan be importantly
reducedcomparedto logic simulationwithout the needof time consumingoptimization
steps.Hence,set simulation is especiallywell suitedfor applicationsthat are connected
with the methods that were presented in section 4.4.

4.6 Trading Speed versus Accuracy
Patternrearrangementacceleratesthesimulationonly undercertainconditions.In general,a
high numberof uncorrelatedprimary inputspreventsefficient rearrangement.On theother
hand,in many applicationsit would beacceptableto sacrificesomeaccuracy for speed.In
this section an approach will be proposed that makes such a trade-off possible.

4.6.1 Grouping

It wasmentionedbeforethattheinputstreamsareeithercreatedby high level simulationor
they arebasedon realdata.If suchstreamsareanalyzedmoreclosely, it revealsthat there
often exist certaingroupsof correlatedsignals,while the correlationsbetweensignalsof
differentgroupsarenegligible. Suchgroupsof highly correlatedsignalswill becalledcor-
relation groups in the sequel or simplygroups, depending on the context.

Considere.g.themodelfrom figure4-11. It impliescorrelationgroupsfor theregisterout-
putsof FSMs.Furtherexamplesareprotocolor codeprocessingdeviceslikebusinterfaces,
LAN adapters,or processors.In any code,thecodewordscanbepartitionedinto fieldswith
specific purposes.E.g. figure 4-29 depictsthe typical format of a two-addressmachine
instruction.It consistsof threefields: the operationcode,the addressof the first operand,
and the addressof the secondoperand.While the threefields are independent,the bits
within thefieldsmaybecorrelatedsincesomeopcodesaremorelikely thanothers[Patt 96]
and most memory accesses have a local character [Raba96].

Figure4-30 shows anabstractmodelof a circuit thathasto processsuchaninput stream.It
haseightinputsa-h. It is assumedthatthereexist two correlationgroupsG1={a, b, c, d} and
G2={e, f, g, h}.

Becauseof thestatisticalindependencebetweengroups,theassignmentof rows in G1 and
G2 to eachotheris arbitraryandcanbechangedrandomly. Thus,it seemslikely to breakthe
input vectorsinto partial vectorsthat are definedby the correlationgroups(figure4-31).
The partial vectorsarethenoptimizedseparatelyasdepictedin figure4-32. Thus,the two
major requirementsfor efficient block optimizationcanbe met: low numberof rows and
highly correlatedpatterns.However, the questionariseshow thesepartial vectorscan be

Figure 4- 29: Two-address instruction

Opcode Address 1 Address 2
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correctlyhandledby thesimulationalgorithm.It wouldbeaninterestingpossibilityto intro-
ducea multidimensionalsignalrepresentation.Eachdimensionwould representonecorre-
lationgroup.While theoperationswithin agroupwouldn’t change,processingof signalsof
different groupswould lead to multidimensionalset operations.Even in the two dimen-

Figure 4- 30: Correlation groups

Figure 4- 31: Partial vectors

Figure 4- 32: Separately optimized partial vectors
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sionalcase,whereefficientalgorithmscouldbeadoptedfrom otherapplicationslikedesign
rule checking, theseoperationsare still quite costly in termsof CPU time and memory
requirements;not to mentiontherequirementsin casethedatais to bemodeledwith three
or moredimensions.Hence,thereremaintwo openquestions:how to determinethecorrela-
tion groups and how two process signals of different correlation groups efficiently.

4.6.2 Determination of Correlation Groups

If correspondinginformationis availablefrom systemdesign,thecorrelationgroupscanbe
manuallyidentifiedby thedesigner. However, analgorithmicsolutionis to bepreferredin
order to support today’s highly automated design flows and for reliability reasons.

The algorithm that is proposedhere, is basedon the pairwise correlation coefficient
(definition2-54).It consistsof threephases.During thefirst phase,themagnitudescij of the
correlationcoefficientsarecomputed.They arestoredin thearraySC. A completeentry in
SCconsistsof the correlationcoefficientscij plus referencesto the accordingvariablesxi
andxj:

. ( 4-33 )

Listing 4- 1: The grouping algorithm

SC k( ) ci j * xi * x j, ,( )=

For all variables x i , x j (i ≤j) compute magnitude of the pairwise
correlation coefficients c ij =|r ij |

Store the correlation coefficients in array SC:
SC[k]=(c ij ,*x i ,*x j )

Sort SC in decreasing order of SC[k].c ij

k=0
while(SC[k] > L 2){

if(x i  belongs to a group)

Gi := the group x i  belongs to

else
Gi :={x i }

if(x j  belongs to a group)

Gj := the group x j  belongs to

else
Gj :={x j }

if(|G i |+|G j | ≤LG OR SC[k] > L 1){

Gi  := G i ∪ Gj

delete(G j )

}
k:=k+1

}
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During the secondphase,signalsare merged into groups.The vector SC is processedin
descendingorderof its correlationcoefficientsSC[k].cij . Thecorrespondingsignalpairsare
conceivably merged into one group using the following operations:

• If eitherxi or xj don’t belongto any group,a new groupGn is createdcontainingxi
andxj.

• If xi andxj belongto two differentgroupsGi andGj, respectively, the two groups
are merged into one single group.

• If xi andxj already belong to the same group, no action is necessary.

The secondphaseendswhenSC[k].cij is below a certainlimit L1. Then,during the third
phase,merging is only allowed if the resultinggroupsdo not exceeda limited group size
LG. This prevents the groupsfrom becomingto large, in casethat the signalsare only
weakly correlated.

As soonasSC[k].cij is below a secondlimit L2 thegroupingalgorithmstops,theremaining
correlations are negligible. Listing 4-1 depicts the grouping algorithm in a C-like
pseudocode notation.

For theexperimentsthatarepresentedlater, the limits have beenchosento and
, while thegroup size LG has been a variable parameter.

4.6.3 Vector Recomposition

The original set simulator can be usedto simulatethe separatelyoptimized correlation
groupsif thegroupsarearbitrarily recomposedto new, completeinput patterns,asdepicted
in figure4-33.

However, this recompositionis not of the randomtype that wasrequiredin section4.6.1,
sinceall the groupshave passedidenticaloptimizationsteps.Therefore,new correlations
betweenpreviously uncorrelatedsignalsof different groupshave been introduced.For
instance,in figure4-33 signalsa andf aswell asb ande becameidentical.This effect can

Figure 4- 33: Input patterns after recomposition
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be alleviated to someextend if the groupingalgorithm of section4.6.2 is extendedby a
fourth phase.During this phase,small groups and the remaining uncorrelatedPIs are
mergeduntil their groupsizereachesLG. Thus,theprobabilityfor equalsignalsin different
groupsand the correlationscoefficients betweengroupsare decreasedat the expenseof
some optimization efficiency.

4.6.4 Results

For eachexperiment,10000testpatternsweregenerated.GroupsizesLG of 2, 4, 8, and12
PIswereinvestigatedwith uncorrelatedandcorrelatedvectors.Theexperimentswith corre-
latedvectorswereperformedwith thecombinationalpartof sequentialcircuits1. GPSwas
chosenfor vectoroptimizationasanacceptabletrade-off betweenruntimeandoptimization
quality. The experimentswerecarriedout with six combinationalandfive sequentialcir-
cuits.For thesake of clarity only theaverageresultsaredepictedhere.Detailedtablescan
be found in appendixC.2.3.

The following statistics were recorded during the experiments:

• speedupof the simulation with signal grouping over simulation without signal
grouping.

• global error: the relative error in the overall toggle rate.

• local error: the averagerelative error per gate (equation4-34). As suggestedin
[Schn95], only signalswith a switching activity αi>0.01 were considered.The
reasonfor disregardingsignalswith lower switchingactivities is that their contri-
bution to theoverall power consumptionis very smallbut on theotherhand,they
causelarge relative errors.Imaginea signalmakingtwo transitionsduring a 20k
patternsimulation but it should only make one; the relative error is 100% but
power dissipation of this signal can be neglected.

( 4-34 )

Figure4-34 depictsthe speedupthroughsignalgrouping.While the speedupis quite high
for small group sizes, it decreaseswith increasinggroup sizesincethe heuristicoptimiza-
tionsbecomelessefficient.Thespeedupsfor thesequentialcircuitsdecreaseslower thanfor
combinationalcircuits. The reasonfor this behavior is in the grouping algorithm. The
parametergroupsizelimits theactualgroupsizeonly for weaklycorrelatedsignals.Thus,if
large groupsof highly correlatedPIs exist like in large sequentialcircuits, the grouping
algorithmmergestheminto onesinglecorrelationgroup,regardlessthegroupsizeparame-
ter, resultingin a poor speedupfor small LG. On the other hand,thesehighly correlated
groupscan be much better optimized than similar groupsof uncorrelatedsignals.This
results into relatively high speedups for largeLG.

1. For more details see section 4.5.5,sequential circuits.

errorlocal average
α iexact

α iestimated
–

α iexact

-------------------------------------
 
 
 

all gates i withα i 0.01>

=



Zero Delay Power Estimation in Combinational Circuits

116

The global errorsaredepictedin figure4-35. As expected,larger group sizesyield more
accurateresults.But evenfor agroupsizeassmallas2, theaverageglobalerroris farbelow
5%for uncorrelatedPIs.Ontheotherhand,for thesequentialcircuits,theaverageerrorsare
higher. This demonstratestheeffect of theapproximationsmadeby thegroupingheuristic
of listing 4-1 where several correlationsare neglected.However, the averageerrors are
below 15% andthusstill acceptablefor many applications.The result for group size4 is
unexpectedsincethe error is higherthanfor smallergroups.The major reasonis the ran-
domerror compensationeffect that wasfirst reportedof in [Kapo94]. Whensummingup
the signal togglesover the whole circuit, underestimatednodesand overestimatednodes
maypartly compensateeachother. If theaverageactualgroupsizeof two simulationruns
differ only slightly, asindicatedby thespeedupsfor sequentialcircuitsfor groupsize2 and
4, this random effect can become dominant for the global error.

Figure 4- 34: Speedup with signal grouping

Figure 4- 35: Global error with signal grouping

0

10

20

30

40

50

60

70

80

2 4 8 12

combinational

sequential

3
.3

2.
36.

5

3.
5

S
pe

ed
up

 F
ac

to
r

0

3

6

9

12

15

2 4 8 12

combinational

sequential

1
.7

0.
3

0.
1

0.
1

G
lo

ba
l E

rr
or

 [
%

]



Summary

117

This theoryis furthersupportedby theaveragegaterelatederrorswhicharedepictedin fig-
ures4-36.They clearly increasewith decreasinggroupsizesincethey don’t profit from the
randomerror compensationeffect. Thelocalerrorsareparticularlyimportantfor logic opti-
mization algorithmssincethoserely on accuratedatafor individual gates.For combina-
tional circuits,thelocal errorsareacceptablefor groupsize4 andhigher. For thesequential
circuits, evengroup size 12 yields an average local error of 14%.

Conc lusion

As a generalconclusionof theseexperiments,two observationscanbemade.If theoverall
power consumptionof a circuit is to beestimated,grouporientedpatternoptimizationfol-
lowed by arbitraryvectorrecompositionyields remarkablespeedupsandacceptableaccu-
racy evenfor a groupsizeassmallas2. However, astheinput patternsgetmorecorrelated
like in thecombinationalpartof sequentialcircuits,largergroupsbetween8 and12 signals
areto bepreferred,tradingsomespeedfor accuracy. However, theperformancepenaltydue
to increasinggroupsizeis relatively modestfor highly correlatedPIscomparedto uncorre-
latedPIs.On theotherhand,if high accuracy is requiredfor eachsinglegatein thecircuit,
the group sizeLG must be further increasedto at least4 and 12 for combinationaland
sequential circuits, respectively.

4.7 Summary
Thischapterstartedwith adetailedoverview overstate-of-the-arttechniquesfor poweresti-
mationon logic level. The focuswasput on switchingactivity estimationunderthe zero
delayassumptionwheretwo, fundamentallydifferentapproachesexist: logic andprobabi-
listic simulation.While both suffer from long runtimesif high accuracy is required,there
exist other problems that are specific to each approach.For logic simulation based
approachesthey arerelatedto patterngeneration,for probabilisticmethods,accuratecorre-
lation handling posesthe major challenge.It was shown which basic methodsexist to

Figure 4- 36: Local error with signal grouping
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addresstheseproblems.Most of themare limited to purely combinationalcircuits. How-
ever, sincesequentialcircuitsrepresentanimportantcircuit class,severalmethodsfrom the
literaturewerepresentedwhich allow to apply the estimationmethodsfor combinational
circuits to sequential ones.

In thesecondpartanew, setbasedsimulationapproachwasproposed.Fromamathematical
point of view, it fits in thegapbetweenlogic andprobabilisticsimulation.However, it still
dependson inputpatterns.Thebasicapproachhasprovento bequiteefficient for low active
circuits like the combinationalpart of large sequentialcircuits.For other typesof circuits
severaloptimizationswereproposed,which rely onvectorrearrangement.Theefficiency of
theseapproachesdependsstronglyon thestatisticalpropertiesof the input patterns.But in
general,efficiency is decreasedwith the numberof primary input signalsof the circuit.
Therefore,amethodwaspresentedin thelastsectionthatenablesa trade-off betweenaccu-
racy andCPUtime. Its mainidearelieson partitioningthePIsinto smallergroupsof corre-
latedsignals.Thesegroupsarethenarbitrarily recomposedafter separateoptimization.It
was shown by experimentalresults that averagespeedupsas high as 75 times can be
obtainedover theaccurateapproach.Theglobalaccuracy lossdependsupontheparameter
group sizeandthe statisticalpropertiesof the primary input streams.For uncorrelatedPIs
theglobalerroris farbelow 10%evenfor agroupsizeassmallas2. If thePIsaremorecor-
related or if high gate oriented accuracy is required, largergroup sizes must be chosen.
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Chapter

5
Real Delay Power Estimation

TheZDM is aconvenientsimplificationduringthedevelopmentof anovel simulationalgo-
rithm. It canalsobe appliedearly in the designcycle. A ZDM simulatorcanyield a first
roughestimateof theactualpower consumptionbeforetechnologymapping,whenthecir-
cuit structureandgatedelaysarenot availableyet [Schn95]. However, if gatedelaysare
neglected,certaineffectscannotbetaken into account.This may leadto importantestima-
tion errors.

After somedefinitionsandthedetailedpresentationof thelimits of aZDM basedsimulator,
this chaptershows how the setbasedsimulationapproachcanbe extendedto any desired
delay model. A new signal representationis introducedthat extendssignal waveforms,
which areusuallyrepresentedby singledimensionalvectors,to 2-dimensionalarrays.The
RDM simulationalgorithmitself canbeconsideredasanextensionof common,eventbased
logic simulators.Theapproachpresentedherecanbeappliedto awholeclassof simulation
algorithms.This is shown by applyingit to thebitparallelpower estimatorwhich wasfirst
presentedin [Schn95]. While beingvery efficient in runtimeit hasalsobeenrestrictedto
the ZDM so far. Besidethe basictechnique,two methodsto improve the runtimearepro-
posed:an exact approachand an approximation.Detailedexperimentalresultsprove the
runtimeefficiency of the novel algorithmsandgive new insightsaboutthe impactof the
delay models on the accuracy of the simulation result.

5.1 Limits of the Zero Delay Model
The set basedsimulationmethodthat was presentedin chapter4 hasbeenbasedon the
ZDM sofar. Thus,it suffersfrom all thedrawbacksof any ZDM basedpowerestimatorasit
cannotmodeleffectsthatareintroducedby thegatedelayslike hazardsandglitches.Con-
sider the circuit of figure 5-1. YZDM andYUDM depict the outputwaveform of the circuit
undertwo differentdelayassumptions:the ZDM andthe unit delaymodel(UDM). Obvi-
ously, theZDM doesnotcapturethehazardontheoutputYwhich is causedby thedelaysof
thetwo inverters.As it is shown later, hazardshave animportantcontribution to theoverall
powerconsumption.As theZDM generallytendsto underestimatethesignalactivity, it also
underestimates the power consumption.

Most RDM logic simulatorsrely on an event basedtechnique[Lehm94]. An event is an
orderedpair which consistsof a signalvalueandthe time whentheaccordingsignaltakes
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this new value.Signalwaveformsarestoredin event lists. Whentheoutputwaveformof a
gate is to be computed,the eventson its input waveformsmustbe processedin temporal
order. Thecorrecttemporalorderof theeventprocessingis guaranteedby theglobalsimu-
lation timet which controls the simulation flow.

Probabilisticsimulatorscanbeextendedto moresophisticateddelaymodelswith thecon-
ceptof probability waveforms[Najm 90]. In this case,any event is definedby thenew sig-
nal value, the event time, and the probability that the event actually occurs. These
probabilities can then be propagated through the circuit using common probabilistic
approaches.While todaysuitabletechniquesfor logic andprobabilisticsimulationarestate-
of-the-art, no such method exists yet for the set based approach.

5.2 Real Delay Model
Thetargetdelaymodelof thealgorithmthatis presentedin thesequel,is basedon themod-
elsof table2-2 with n=0 andm=1. It representsacommonlyusedmodelin existingsimula-
tors, like the standard delay model in [SyLi 96]. The algorithm can be easily adaptedto
othermodels,though.Furthermore,VHDL’s inertial delaymodelis assumed,includingdif-
ferentdelaysfor falling andrising edges.This resultsinto two additionalrequirementsfor
the RDM simulationalgorithm.It mustdetectanddistinguishbetweenfalling and rising
edgesin orderto applythecorrectdelays.Furtherit needsaglitch detectionmechanismthat
filters output pulses that are shorter than the gate delay.

5.2.1 Signal Representation

Setrepresentationis cycleoriented.Eachsignaltakesonesinglevalueperclockcycle.Now
considerthe signalwaveform of figure 5-2. It depictsan arbitraryexamplefor the output
waveform of a gatein a real delaysimulator. The vertical dashedlines indicatethe begin-

Figure 5- 1: Circuit simulated with ZDM and UDM
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ning of a new clock cycle. Analysisof the waveform revealstwo shortcomingsof the set
representation.Firstly, there may exist multiple signal changesduring one clock cycle.
Hence,thetime resolutionof ‘1 clock cycle’ is toocoarse.Secondly, any signalchangegets
a time stamp attached to it.

In ZDM simulators,signalwaveformsareusually representedassingledimensionalvec-
tors.Eachentryin thevectorcorrespondsto thesignalvalueduringaspecificclockcycle.It
wasoutlinedbeforethat sucha representationis not sufficient if realgatedelaysareto be
taken into account.In orderto managetheadditionalinformationthat is introducedby the
RDM, thetimeaxisis dividedinto clockcycles.Insteadof representingtimeasasinglesca-
lar value, it is represented by an ordered pairtp, also calledCO-time.

Definition 5-1: CO-Time
Given the scalartime anda clock period τ, then the CO-Time (Cycle-Offset
Time) is the ordered pair

 where .

cc and∆t are given by

 and .

The setT is usuallyZ or R.

Figure 5-3 depicts the signal of figure 5-2 in the CO-time notation withτ=10.

Figure 5- 2: RDM signal

Figure 5- 3: RDM signal in CO-time notation
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Note that the labelsat they-axis arenot uniqueanymore.Hence,thescalartime ts canbe
computed from the CO-time by:

. ( 5-1 )

Using the CO-timerepresentation,the signalwaveform cannow be representedasa two
dimensionalarray. Thecolumnsrepresentthesignalvaluesduringoneclock cycle cc while
eachrow correspondsto a time offset∆t. Thearraynotationof thesignalwaveformof fig-
ure5-3 is depictedin table5-1. Notethefirst row with ∆t<0. It representsthesignalvalues
at the endof the previous clock cycles.Obviously it correspondsto the last row at ∆t=4
shifted right by one position.

Thearrayrepresentationof table5-1 is calledthescheduleof a signalor simplyschedule. A
completescheduleconsistsof two arrays:thetwo dimensionalarraywhichcontainsthesig-
nalvalues,alsocalledvaluearray, andasingledimensionalarray, whichstoresthetimeoff-
sets∆t thatcorrespondto therows in thevaluearray. Thelatter is calledtheoffsetvector. It
is depictedasthefirst columnfrom theleft in table5-1. Therows of thevaluearrayinclud-
ing their time offset∆t aresometimescalleda vectoreventor briefly event. Thevaluesof a
vectorevent of signalX at ∆t arereferredto asX(∆t). Consequently, X(cc,∆t) denotesthe
signal value ofX in a specific clock cyclecc at a specific time offset∆t.

The rows of the valuearraycannow easilybe representedwith sets.The setsarealready
indicatedin table5-1 by the shadedandunshadedregions.In the following examplesthis
kind of illustration is retained for easier comprehension.

5.2.2 The Simulation Algorithm

Basedon thesignalrepresentationof the lastsection,thesimulationalgorithmcannow be
described.The algorithmcomputesfor eachgatethe completeoutputwaveform beforeit
proceedsto thenext gate.Thewaveformsarerepresentedasschedules.Theschedulesthat
describethe input andoutputwaveformsof a gatearecalled the gate’s input andoutput
schedules, respectively. The outputscheduleof eachgate is computedby simultaneously
scanningthe gate’s input schedules.The input eventsareprocessedin ascendingorderof
their time offsets∆t. Complete processing of an input event requires four operations:

1. Perform the logic operation of the gate.

2. Delay determination.

3. Glitch detection and removal.

cc

∆t 0 1 2 3 4

<0 0 0 1 1 1

1 1 1 0 1 1

4 0 1 1 1 0

Table 5-1: Array representation of signal waveforms

ts τ cc ∆t+⋅=
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4. Count transitions and possibly distinguish hazards from useful transitions.

Theseoperationsaredescribedin moredetail in the following sections.Eachstepis illus-
tratedby the following example.Considerthe2-inputAND gateG of figure5-4. Its input
schedulesaredepictedon the left of the samefigure. The accordinginput waveformsare
graphically illustrated in figure 5-5.

Beforethedetailsof thesimulationalgorithmcanbeexplained,we needto definethe fol-
lowing three terms.

Definition 5-2: Current Simulation Time ∆t
The current simulationtime ∆t denotesthe time offset of the input event that is cur-
rently being processed.

Figure 5- 4: AND gate with input schedules

Figure 5- 5: The input waveforms of figure 5-4
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Thecurrentsimulationtime hasa similar meaningasin traditional,eventbasedlogic simu-
lators.Themajordifferenceis that it doesnot refer to onesinglepoint in time but it rather
denotes a time offset that refers to all clock cycles simultaneously.

Definition 5-3: Transition try(∆ti)
The transition try(∆ti) is a binary vector of size n wheren is the numberof clock
cycles that are simulated and

try(∆ti) is sometimesalsoreferredto as or simplyas if thereferencevariabley
is obvious.

Definition 5-4: Falling and Rising Transition
The falling transition is a binary vectorof sizen. n denotesthe numberof
clockcyclesthataresimulated. if thesignaly hasa1 to 0 transition
at CF-time (cc,∆ti), otherwiseit is 0. The rising transition is accordingly
defined for 0 to 1 transitions.
Sometimesthenotion is usedwhich denoteseithera falling or a rising tran-
sition.

All vectors in definitions 5-3 and 5-4 are represented by sets.

Logic Operation

Firstly, theoutputscheduleneedsto be initialized by performingthe logic operationof the
gate on the initial valuesof its input schedules(∆t<0). Sincethesesvaluesrepresentthe
steadystatesthathavebeenreachedin thepreviousclockcycles,thevaluesareimmediately
available at the beginning of the current cycles and need not to be delayed.

Then∆t proceedsto thefirst event in the input schedules.Assumethat this eventoccursat
∆t1 on input x. All otherinputsaresupposedto remainstable.Thenew outputvalueof the
gate is computedand enteredinto the output scheduleby applying the changed
valueof x(∆t1). Theactualvalueof thetime offset∆tx of thenew entryin theoutputsched-
ule remainsopenfor the time being.Concurrenteventson several inputscanbeprocessed
accordingly.

In the example of figure 5-4 the initial value of the outputy is given by

. ( 5-2 )

The first input event occurs at∆t=1 on inputa. Thus we obtain

( 5-3 )

and the preliminary schedule of table 5-2.

try cc ∆ti,( )
1 if signal x changes its value at CF-timecc ∆ti,( )

0 otherwiseî



=

tr yi
tr i

tr y
f ∆t i( )

tr y
f

cc ∆t i,( ) 1=
tr y

r ∆t i( )

tr y
x ∆t i( )

y ∆tx( )

y<0 a<0 b<0⋅ 00111 11011⋅ 00011= = =

y∆tx
a1 b<0⋅ 11011 11011⋅ 11011= = =
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Delay Determination

Thesimulationtime∆tx whenthenew entryis to bescheduledhasbeenleft openin thelast
section.Sincethe delaymodelallows differentdelaysfor rising andfalling transitionstup
andtdown, respectively, the two differenttransitiontypesneedto bedetectedusingthe fol-
lowing three equations:

( 5-4 )

( 5-5 )

, ( 5-6 )

wherey(∆ti-1) is the entry in the output schedule which directly precedesy(∆tx).

While equation5-4 detectstransitionsof any type,equations5-5 and5-6 filter falling and
rising edges,respectively. Now the correctdelayscan be applied.The falling and rising
transitionvectorstry

f andtry
r aretemporarilystoredin asecondschedule,alsocalledtransi-

tion schedule. It is usedduringprocessingof succeedingevents.Thetransitionschedulecan
be removed after the completeoutput scheduleof a gate has beencomputed,henceit
doesn’t require much additional memory.

If it is thefirst inputeventthatis beingprocessed,y(∆tx) canbeimmediatelyreplacedby the
final outputvaluesy(∆t+tdown) andy(∆t+tup). Undertheassumptionthat , they
can be computed by

( 5-7 )

. ( 5-8 )

If , tdown and tup aswell as the superscripts‘ r’ and ‘ f ’ must be exchangedin
equations 5-7 and 5-8.

If equations5-4 to 5-8 areappliedto thegivenexample,the following intermediateresults
will be obtained:

( 5-9 )

( 5-10 )

y cc

∆t 0 1 2 3 4

<0 0 0 0 1 1

∆tx 1 1 0 1 1

Table 5-2: Preliminary schedule of y after two logic operations

try ∆tx( ) y ∆tx( ) y ∆ti 1–( )⊕=

try
f ∆ti tdown+( ) try ∆tx( ) y ∆ti 1–( )⋅=

try
r ∆ti tup+( ) try ∆tx( ) y ∆tx( )⋅=

tdown tup<

y ∆ti tdown+( ) try
f ∆ti tdown+( ) y ∆ti 1–( )⊕=

y ∆ti tup+( ) y ∆tx( )=

tdown tup>

try ∆tx( ) y ∆tx( ) y ∆t<0( )⊕ 11011 00011⊕ 11000= = =

try
f

1 tdown+( ) try ∆tx( ) y ∆t<0( )⋅ 11000 00011⋅ 00000= = =
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. ( 5-11 )

Thus,wehaveonly two risingevents.Sinceweareprocessingthefirst event,wecanimme-
diately compute the output values:

, ( 5-12 )

which results in the schedule of table 5-3.

Glitc h Remo val

Glitch detectionandremoval canonly be omittedduring the processingof the first input
event.For all succeedingeventsit is indispensable.Accordingto chapter2.2.2,any output
pulsethat is shorterthanthegatedelayis a glitch. Sincethecontribution of glitchesto the
overall power consumptionis small [Malu 98], they will be neglected1. Hence,pulses
shorterthanthe gatedelaymustbe filtered out. In the transitionschedule,a glitch canbe
identified by two criteria:

1. Two transitionvectorsareseparatedby lessthanthedelayof thelatertransitionand

2. the two transition vectors have a ‘1’ in the same column.

Thus,asa new entry tr i is to beenteredinto theoutputschedule,condition2 mustchecked
for any previousentrytr j with ascheduledoffset∆tj greaterthanthecurrentsimulationtime
∆t (∆tj>∆t). Checkingandfiltering canbeperformedsimultaneouslywith thefollowing two
equations:

( 5-13 )

( 5-14 )

The old values oftr i andtr j are then replaced by their filtered versions:

 and , ( 5-15 )

yj will only be recalculated when∆t becomes greater than∆tj.

In thesequeltheseresultsshallbeappliedto our example.Table5-4 shows thepreliminary
output scheduleduring processingof the secondinput event which occurson input b at

y cc try cc

∆t 0 1 2 3 4 ∆t 0 1 2 3 4

<0 0 0 0 1 1 <0 ---

1+tup 1 1 0 1 1 1+tup 1 1 0 0 0

Table 5-3: Final schedule of y after two logic operations

1. However, it would be perfectly possible to incorporate the models of [Rabe98] into the simulator.

try
r

1 tup+( ) try ∆tx( ) y ∆tx( )⋅ 11000 11011⋅ 11000= = =

y 1 tup+( ) y ∆tx( ) 11011= =

tr j' tr j tri⊕( ) tr j⋅=

tri' tr j tri⊕( ) tri⋅=

tri :=tri' tr j :=tr j'
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∆t=3. Delay determinationhasalreadytaken place.Thereexist threefalling transitionsin
clock cycles 1, 3, and 4 which are entered into the last row of the transition schedule.

Let usassumethat1+tup > 3. Otherwiseno glitch detectionwould berequiredsincethere
would be no entry j in the transitionschedulewith tj > ∆t. Application of equations5-13
and 5-14 yields:

( 5-16 )

. ( 5-17 )

Theresultingscheduleis depictedin table5-5. Obviously, thepulseat y(1,1+tup) hasbeen
deleted. Note thaty(1+tup)has not been updated yet with the new value oftr(1+tup).

Transition and Hazar d Counting

As thesimulationproceedsandthecurrentsimulationtime ∆t increases,entriestry(∆ti) in
thetransitionschedulebecomedispensableas∆t becomesgreaterthantheir scheduledtime
∆ti. Beforethey canbe removed from the memory, the total togglenumberof the gate tgy
must be updated using the following formula:

( 5-18 )

whereej andsj denotetheindexesof theendandthestartof setj, respectively. At thesame
time the value array has to be updated by

. ( 5-19 )

y cc try cc

∆t 0 1 2 3 4 ∆t 0 1 2 3 4

<0 0 0 0 1 1 <0 ---

1+tup 1 1 0 1 1 1+tup 1 1 0 0 0

3+tdown 1 0 0 0 0 3+tdown 0 1 0 1 1

Table 5-4: Preliminary schedule of y after three logic operations

y cc try cc

∆t 0 1 2 3 4 ∆t 0 1 2 3 4

<0 0 0 0 1 1 <0 ---

1+tup 1 1 0 1 1 1+tup 1 0 0 0 0

3+tdown 1 0 0 0 0 3+tdown 0 0 0 1 1

Table 5-5: Final schedule of y after three logic operations

tr'3 tdown+ tr3 tdown+ tr1 tup+⊕( ) tr3 tdown+⋅ 10011 01011⋅ 00011= = =

tr'1 tup+ tr3 tdown+ tr1 tup+⊕( ) tr1 tup+⋅ 10011 11000⋅ 10000= = =

tgy := tgy ej sj– 1+
for all sets j of try ∆ti( )

∑+

y ∆ti( ) try ∆ti( ) y ∆ti 1–( )⊕=
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After all input eventshave beenprocessedandthetotal numberof togglesof thegatehave
beencomputed,thehazardrateof this gatehy canbedetermined.Before,theusefultransi-
tionsuy need to be calculated by

, ( 5-20 )

whereyn is the last entry in the output schedule. The number of hazards results then in

. ( 5-21 )

The number of useful transitionstgu can be determined by applying equation 5-18 onuy.

In the example, we findtgy=6. uy results in

. ( 5-22 )

Thus, we have 2 useful transitions and 4 hazards.

Table5-6 depictsthe final outputscheduleafterall input eventshavebeenprocessed.The
gatedelayswereassumedto tup=3 andtdown=1. Note that theeventsat 1+tup and3+tdown
were joined to one single event since1+tup = 3+tdown = 4.

5.2.3 Results

Thealgorithmthatwaspresentedin the lastsectionhasbeenintegratedinto ASSeT. It was
testedon severalcircuitsfrom theISCAS-85[Brgl 85] andISCAS-89[Brgl 89] benchmark
sets.Thecircuitsweremappedon theGFN 120gateforestcell library [IMS 91]. For each
experiment,25000 randomtestpatternsweregeneratedusing the sameparametersas in
chapter4: thestaticprobabilitiespi andtheswitchingprobabilitiesαi of thePIsare0.5. The
sequentialcircuitsweresimulatedwith 20000RTL-generatedpatterns1. Theblock optimi-
zationalgorithmswereomittedsincethey don’t improve thesimulationtimesfor sequential
or largecombinationalcircuits.The runtimesof thesetbasedsimulatorwerecomparedto
logic simulation.ASSeTin a logic simulationmodewasusedfor thelatter in orderto guar-
anteea fair comparison.This ensuresthat exactly the samedelaymodelsareappliedand
avoids the influenceof implementationspecificdetailsthatcanlargely effect theruntimes,
likeprogramminglanguages,differentcompilers,andcompileroptions.Thespeedupof the

y cc

∆t 0 1 2 3 4

<0 0 0 0 1 1

4 1 0 0 0 0

5 0 0 0 0 0

11 0 0 1 1 0

Table 5-6: Final output schedule after processing of all input events

1. For details about pattern generation see chapter4.5.5, sectionSequential Circuits.

uy y<0 yn⊕=

hy tgy tgu–=

uy y<0 y11⊕ 00011 00110⊕ 00101= = =
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setbasedsimulatorover logic simulationandthecommerciallogic simulatorof Synopsys
[SyPo96] are depicted in figure 5-6, labeled byLogic andSynopsys, respectively.

As in the zero delay simulationsthat were presentedin the last chapter, the set oriented
approachis bettersuitedfor sequentialcircuits. With averagespeedupsof 3.2 and61 for
combinationalandsequentialcircuits,respectively, theabsoluteaccelerationis higherthan
for ZDM simulation, though.Obviously, the vectorsin the scheduletend to be sparse,
resulting in a more efficient set representation than in a zero delay simulation.

The speedupsover Synopsysareslightly smaller, dependingon the circuit. However, the
two simulatorsare hardly comparablesincethey rely on completelydifferent simulation
methods.Synopsysrequiresthesimulationto beprecededby ananalysisstepin which the
original netlist is translatedinto native machinecodeof themachine,thesimulatoris run-
ningon.Figure5-6 is basedonpuresimulationtimeswhichdon‘t includetheanalysisstep.
Furthermore,the simulatorversionthat was available for theseexperimentsoffers some
more functionality, but did not count signal toggles on the other hand.

Figure 5- 6: Speedup of set based over logic simulation

Figure 5- 7: Hazard rate
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Figure5-7 shows thehazardrateswhich illustratetheerrorthatis beingmadeif gatedelays
areneglected.Ontheaverage,23%of all transitionsarehazards.Thus,gatedelaymodeling
is indispensable for accurate power estimation.

For theexperimentsof figure5-6 andfigure5-7, theloaddependenceof thegatedelayshad
to be neglectedsincethis dependencewasnot includedin the availableSynopsyslibrary.
Figure5-8 depictsthespeedupfor ASSeTwith loaddependentdelays.Obviously, thereare
slight differences but the general trend is comparable to figure5-6.

5.3 Application to a Bitparallel Simulator
Thebitparallelapproachfrom [Schn95] waspresentedin chapter4.2.1.Bitparallelsimula-
tion hasbeenknown sincethemid 1980sin thetestarea[West93], but it hasbeenlimited to
theZDM so far. Thebitparallelandthesetbasedapproachhave a commonproperty:they
bothsimulateseveral input patternsat once.While thebitparallelapproachsimulatespack-
etsof a fixed size,usually the machineword length,the packet sizesdependon the input
patternsin the set approach.Nevertheless,the algorithm of section5.2 can be directly
appliedto thebitparallelapproachwithout majorchanges.Definitions5-1 to 5-4 aswell as
equations5-2 to 5-17do not baseon a specificsignalrepresentationmodel.Bitparallelsig-
nal representationcanjustaswell beusedassetrepresentation.Thisemphasizesthegeneral
applicabilityof thisapproachto awholeclassof simulationmethods.Only duringtransition
andhazardcounting,thebitparallelapproachenablessomemoreoptimizationsthataredis-
cussed in the next section.

5.3.1 Transition and Hazard Counting

Schneideret al. proposea LUT basedapproachfor transition determination.The LUT
assignsn-bit wordsto the numberof transitionsin the word. Sincethe sizeof the LUT is
exponentialin theword width n, they partitiontheprocessorwordsinto blocksof 8 bits.A
transitionbetweenthelastbit in thelast8-bit wordandthefirst bit of thecurrent8-bit word
cannotberecognizedif the8-bit wordsareconsideredindividually. Thus,thelastbit of the

Figure 5- 8: Speedup with load dependence
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last8-bit word is appendedto thecurrent8-bit word, resultingin n=9. 4 LUT accessesare
then required in order to evaluate one 32-bit machine word.

In this work, a slightly moreefficient approachwaspossiblesincethetransitionvectorstry
areavailable.Themachinewordsin thetransitionvectorsarepartitionedinto 16-bit words
which areevaluatedwith a LUT. But insteadof mapping16-bit wordsto transitionnum-
bers,the LUT maps16-bit wordsto their hammingweight sinceeach‘1’ in the transition
vectorcorrespondsto a signaltransition.Thehigherefficiency resultsfrom only two LUT
accessesper32-bit word, from omitting theappend-operation,andfrom the fact thatmost
processorsoffer specialmachineinstructionsto accesshalf wordsfrom machineregisters
[Pram94].

5.3.2 Results

Similar experimentsas in section5.2.3 were carried out in order to test the bitparallel
approach.However, the sequentialcircuits were also simulatedwith purely randompat-
terns, so they can be considered here as large combinational circuits.

Figure5-9 showsthespeedupof thebitparallelsimulatorrunningona32-bitmachine,com-
paredto the samesimulator in a bitwise mode1. On the average5.3 times speedupwas
obtained.This valueis 65%timeshigherthanfor thesetapproach,but it is still far below
thetheoreticalvalueof 32.Severalmethodsto improve this valueareaddressedin thenext
section.

5.4 Optimizations
Thealgorithmof thelastsectionstill offerssomeoptimizationpotentials.Firstly, thereis a
certainoverheadif only singleprocessorwordsarepropagatedthroughthecircuit. Memory
needsto bedynamicallyallocatedanddeallocated.Further, someintermediateresultsareto
becomputedandstoredfor eachgateoutput,e.g.thenumberof togglesthathave occurred
so far on a specific signal. Secondly, for somecircuits the schedulestend to have an

1. The logic simulations of section 5.2.3 were performed using the same mode.

Figure 5- 9: Speedup of bitparallel over bitwise simulation
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extremelyhighnumberof sparsevectors.While thespeedupof thesetapproachis basedon
this sparseness,it increasestheruntimeandreducethememoryefficiency of thebitparallel
simulator.

5.4.1 Dynamic Package Sizing

The simulation overheadcan be reducedif packagesof several words are propagated
together, insteadof propagating singlewords throughthe circuit. The overheadwould be
minimized if all the test patternswere processedin one single run. On the other hand,
increasedpackagesizesleadto increasedschedulelengthsandmemoryrequirements.In the
worstcase,theavailablemainmemorymemmaxcanbeexceeded,causingtheoperatingsys-
tem to useswappingspaceon the harddisk which in turn decreasesthe performancefor
several orders of magnitude. Hence, swapping must be absolutely avoided.

Theoptimumpackagesizedependsonthecircuit structure,thecell library, aswell asonthe
testvectors.Therefore,analgorithmhasbeendevelopedfor dynamicallyadjustingtheopti-
mumpackagesizeduringthesimulationprocess.This algorithmis calleddynamicpackage
sizing(DPS). DPSconsistsof two phases.During thefirst phaseit determinestheoptimum
packagesize.This sizeis thenusedduring the secondphasefor simulatingthe restof the
input patterns without any further checks.

Phaseoneis initializedwith theminimumpackagesizeof onemachineword,usually32or
64 bit. After eachsimulationrun, the packagesizen is doubled.For eachrun the average
CPU time per input patterntn

pat aswell as the memoryrequirementsmemn arerecorded.
Thelatteris usedto estimatethememoryrequirementsof thenext runwith doublepackage
size2n, . Phase one ends under two conditions:

1. tn
pat > tn/2

pat: the optimum package size isn/2.

2. : the optimum package size isn.

Results

The experimentalresultsof DPS are depictedin the following two figures.Figure 5-10
shows theoverall speedupof bitparallelsimulationwith DPSover bitwisesimulation.Fig-
ure5-11focusesontheeffectof DPSaloneby illustratingthespeedupof bitparallelsimula-
tion with DPS over bitparallel simulation without DPS.

The averagespeedupof bitparallelsimulationwith DPSis 23. Thus,the valueof the pure
bitparallel approachcould be improved by factor 4.3 without any accuracy loss. As
figure5-11 indicates,somecircuits profit considerablymorefrom DPSthanothers.If the
speedupsof figure 5-11 arecomparedto thoseof figure 5-6, it becomesobvious that the
higher the speedupof the pure bitparallel approachthe higher is the profit from DPS as
well.

The question,why somecircuits performworsethanothersandhow the speedupcanbe
improved for those circuits, is investigated in the next section.

memˆ
2n

memˆ
2n memmax>
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5.4.2 Schedule Compression

Figure5-12depictsthepackagesizesthatwerechosenby DPSin thepreviousexperiments.
Obviously, the circuits for which DPSchooseslarge packages,result in a higherspeedup.
Thereasonis asfollows: largepackagesizescanonly reducethesimulationoverheadif the
schedulesaredense.Thishappensif theoutputeventsof aspecificgateconcentrateononly
few time offsets∆ti. On the otherhand,if the offsetsof all eventsof a gatearedifferent,
eacheventrequiresaseparatevectorof full lengthin theschedule.In thatcase,asthepack-
agesize is increased,the schedulesbecomelonger, resulting in longer simulation times
since the degree of parallelism is decreased.

For this circuit type,furtherspeedupis possibleif someaccuracy lossis acceptableusinga
techniquecalledschedulecompression. The basicideabehindschedulecompressionis to
join eventsi with similareventtimes∆ti by assigningtheeventtimesto equivalenceclasses

. ( 5-23 )

Equation5-23 correspondsto roundingthe event times∆ti to multiplesof Θ. Sinceglitch
filtering heavily dependson thevaluesof thegatedelaysandgatedelaysvary by morethan

Figure 5- 10: Speedup of bitparallel simulation with DPS over bitwise simulation

Figure 5- 11: Speedup of bitparallel simulation with DPS over bitparallel simulation without DPS
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one order of magnitude([IMS 91] and [IMS 96]), Θ cannotbe chosenas a static value.
Instead,Θ is determinedindividually for eachgateasa fractionδ of thegatedelay. δ is also
called thecompression rate in the sequel.

Results

Figures5-13 and5-14 summarizethespeedupsthatwereobtainedwith schedulecompres-
sion. 5%, 20%, and 50% denotethe resultsfor different compressionratesδ, while in
figure5-13 0% repeatsthe resultof bitparallelsimulationwith DPSonly, for comparison.
Theaveragespeedupsoverbitwisesimulationresultin 32,69,and131for δ=5%, 20%,and
50%, respectively.

Obviously, the circuits that got leasteffectedby DPSprofit mostfrom schedulecompres-
sion,so that thespeedupfiguresbecomemoreandmorehomogeneousasthecompression
rateδ increases.Hence,theassumptionthatthepoorspeedupsof bitparallelsimulationwith
andwithout DPSis causedby long, sparseschedulescouldbe justifiedandschedulecom-
pression offers a means to improve the simulation times for such circuits.

Figure 5- 12: Packages sizes for DPS

Figure 5- 13: Speedup over bitwise simulation
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On theotherhand,schedulecompressionintroducesa certainestimationerrorbecausethe
eventtimesaremodified.Theglobalandlocal errors(accordingto equation4-34)aresum-
marizedin figures5-15 and5-16, respectively. Thelocal errorsareabouttwo to threetimes
higherthantheglobalerrorand,asexpected,theerrorsincreasewith thecompressionrate.
But eventhelocal error is below 4% for ashigh a compressionrateas50%.Theerrorsthat
are introducedby other sources,e.g. the power modelsof the gates,are usually much
higher. Hence,theerrorthat is causedby schedulecompressionis negligible in mostappli-
cations.Theglobalerrorsfor c1908ands15850areunexpectedsincethey slightly decrease

from compressionrate 5% to 20%. Again, the causemay again be found in the random
error compensation effectthat was described in chapter 4.6.4.

Figure 5- 14: Speedup of schedule compression and DPS over DPS only

Figure 5- 15: Global error
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5.5 Summary
In this chapter, the set basedsimulationapproachwas extendedto real delay modelsby
combiningit with anovel eventbasedmethod.While in ordinarylogic simulatorsthesignal
waveformsare representedas vectors,this representationwas extendedto a two dimen-
sionalarrayin orderto take full advantageof thesetbasedsignalrepresentation.Thesimu-
lation algorithmallows differentdelaysfor falling andrising edges,andglitch detection.
The latter are simply neglected like in most of today’s commercial logic simulators
[SyPo96]. Additionally, a combinationwith moresophisticatedglitch modelslike thoseof
[Rade96], would be possible.The resultingsimulationalgorithm was testedon several
benchmarksfrom theISCASbenchmarksets.Thesimulationtimeswerecomparedto those
of apurelogic simulationwith thesamesimulatorandto thoseof thecommercialsimulator
from Synopsys.As in the ZDM approach,the speedupsfor combinationalandsequential
circuitsdiffer remarkably. For theformer, anaveragespeedupof 3.2wasreached,while for
thelatteravalueof 61couldbeobtained.Hence,thetendency from chapter4 thatsetsimu-
lation is bestsuitedfor sequentialcircuits, is even increased,if gatedelaysaretaken into
account.Comparisonswith thecommercialsimulator, revealedslightly lower but compara-
ble speedups.

The samereal delaysimulationconceptcould alsobe appliedto the bitparallelsimulator
PAPSASthatwasfirst presentedin [Schn95] andwhich wasrestrictedto theZDM so far.
Experimentson severalbenchmarkcircuitsrevealedanaveragespeedupof 5.3over bitwise
simulation. This value could be importantly improved by two optimization techniques:
dynamic package sizing (DPS) and schedule compression. While DPS dramatically
improvesthesimulationtimesfor somecircuits, its successis only modestfor others.The
simulationof the latter canbe importantlyacceleratedby schedulecompression. By com-
biningbothmethods,analmosthomogeneousspeedupof up to 131timesoverbitwisesim-
ulation could be obtained.However, schedulecompressionyields only an approximate

Figure 5- 16: Local error
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result sinceit is basedon a reducedprecisionin the time scale.But even for the highest
compressionratethatwastested,theglobalandlocalerrorswerebelow 2%and4%,respec-
tively. These error rates are negligible in most applications.

On theotherhand,it wasfound that theaveragehazardratesduringall simulationexperi-
mentswere between25% and 50% of all transitions,dependingon the circuit typesand
delaymodels.For onecircuit (c6288), asmany as90%hazardswerefound.Sincehazards
canonly betakeninto accountin a realdelaysimulation,gatedelaymodelingis mandatory
for accuratepower estimation.However, high precisionof thedelaymodelsis lesscrucial
for the estimationresultas it could be shown by the experimentswith schedulecompres-
sion.
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Chapter

6
Probabilistic Simulation

Pattern simulation basedpower estimationreachesits limits if high accuracy demands
requirethesimulationof a hugeamountof testpatternsor if patterngenerationis not feasi-
ble becauseof complex spatialcorrelationsbetweentheprimaryinput signals.Thenproba-
bilistic methodsoffer a viable alternative. Justlike patternbasedapproaches,probabilistic
methodsrely onapropagationtechnique.But insteadof propagatingcompletesignalwave-
forms in the form of long binaryvectors,probabilisticmethodspropagatestatisticalinfor-
mations.In theidealcasethis informationconsistsof only two valuesperPI: thestaticand
theswitchingprobability. Thus,probabilisticapproachesexactly solve theestimationprob-
lemin onesingle“propagationrun”. However, theproblemsof mostof today’sprobabilistic
approachesaretwofold: they areeitherfastandinaccurateor accurateandslow. Thereason
for both areeitherspatialor temporalsignalcorrelationsandconcurrentswitchingof the
primary inputs.

In this chaptertwo methodsarepresentedwhich addresstheseproblems.The problemof
correlationhandlingis solvedby combiningBDD basedprobabilisticmethodswith logic or
setbasedsimulation.Throughthenovel correlationlayer technique,it becomespossibleto
correctlymodelthecorrelationgroups,proposedin chapter4. Runtimebehavior andmem-
ory requirementsareimportantlyimprovedby theconceptof local BDDs. Detailedexperi-
mental results reveal that neglecting spatial correlationsbetweenthe PIs can highly
deterioratethe accuracy of the estimationresult.Thus,the correlationlayer techniquecan
dramaticallyincreasethe accuracy. On the otherhand,the conceptof local BDDs reduces
thememoryrequirementsimportantlywhile its influenceon theestimationresultis below
5% on theaverage.Hence,the local BDDs reducethedependenceon goodvariableorders
for the BDDs, a problem commonly confronted with in any BDD application.

6.1 Analysis of the State-of-the-Art
Most of today’s developmentsin the areaof probabilisticpower estimationon gate and
logic level rely basicallyon Najm’s algorithm[Najm 93]. Examplesfrom the latestlitera-
tureare[Lim 97] and[Mont 97]. Najm’s algorithm,aswell assomeextensionsto it, were
outlinedin detail in chapter4.3.2.The major resultsshall be briefly repeatedhere.While
Najm’s BDD approachcancorrectlyhandlecorrelationscausedby reconvergentfanout,it
hasstill threeshortcomings:the runtimebehavior andthe fact that concurrentlyswitching
inputsaswell asspatialdependenciesbetweenthe PIs arenot taken into account.In most
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publications the authors overcome the runtime problem by circuit partitioning, e.g.
[Najm 93], [Chou94]. However, they nevermentiontheappliedpartitioningalgorithm.The
circuitsareonly saidto bepartitioned“cautiously”.Thus,it mustbeassumedthat this task
is performedmanually. To the author’s knowledge,the only dedicatedpartitioning algo-
rithm for power estimationpurposeswaspublishedin [Kapo94]. It is presentedin more
detail in section6.3. Here it shall only be mentionedthat the resultsarenot satisfactory,
especially in terms of accuracy.

Theproblemof concurrentlyswitchingPIscanbeaddressedby XOR-BDDs(chapter4.3.2),
while no extensionfor Najm’s approachhasbeenpublishedso far that takesinto account
spatially correlated PIs.

6.2 Probabilistic - Logic Simulation
The approachwhich is presentedin this section,is basedon the switchingfunction tr i of
equation4-2, representedby XOR-BDDs.SincetheBDD-package[Some98] thatwasused
for the implementationof the BDD-algorithms,is basedon negative edges,the following
examples do also apply this technique.

6.2.1 Correlation Layers

It wasoutlinedin chapter4 thatcorrelationgroupscanbeidentifiedin many practicalappli-
cations.They caneitherbefoundthroughinvestigationof thesystemin which thecircuit is
embedded,e.g.with m-expandednetworks,or throughanalysisof theinputstreamsthatare
applied to the circuit, e.g. using the algorithm of listing4-1.

For probabilisticsimulation,the Booleanfunction yi andthe switchingfunction tr i of any
circuit node i are representedby BDDs. Their variableorder is free but it must be fixed
beforetheBDDs areactuallybuilt. Usually thevariableorderis chosensuchthat theBDD
representationresultsin a minimum numberof nodes.The following examplepresentsa
novel extensionfor BDD-basedprobabilisticsimulationsthat allows to take into account
correlationgroupsif therequirementfor minimumsizeBDDsis relaxed.ConsidertheBDD
of figure2-4, repeatedherefor conveniencein figure6-1. Figure6-1a shows an optimal
variableorder(a,b,c). Now assumethatvariablesa andc arecorrelatedbut not b. Thevari-
ablesarenow reorderedsuchthat a andc areadjacent,e.g.(a,c,b).The resultingBDD is
depictedin figure6-1b1 whereall nodesindexedby thevariablesa or c appearnow in one
layer. Such a layer is called acorrelation layer in the sequel.

If thesignalprobabilityP(y) is to becalculated,equation4-20mustbemodifiedbecausethe
independenceof x andfx is not givenwithin correlationlayers.Instead,y is expandeduntil
the end of the correlation layer according to the following equation:

. ( 6-1 )

1. Of course a better variable order (c,a,b) would be possible and meet the constraints as well.

P y( ) P ac( ) P f ac( ) P ac( ) P f ac( ) P ac( ) P f ac( ) P ac( ) P f
ac

( )⋅+⋅+⋅+⋅=
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Obviously, the formerly independenttermslike or have beenreplacedby
thejoinedprobabilities , etc.Thejoint probabilitiesarecalledpathprobabili-
tiessinceeachonerefersto exactly onepaththroughthecorrelationlayer. Largercorrela-
tion groupscanbe taken into accountif all variablesof onegroupareorderedadjacently,
thusbuilding a larger correlationlayer. The variableswithin a correlationlayer aswell as
the correlationlayers themselves can be arbitrarily reorderedfor optimizationpurposes.
Nevertheless,the correlationlayers reducethe total numberof possiblevariableorders.
Sincejust thevariableorderfor minimumsizeBDDs maybeprohibited,someruntimeand
memory efficiency has to be sacrificed for accuracy.

6.2.2 The Simulation Algorithm

After highlighting the generalidea, the simulationalgorithm will be explained in more
detail.In general,therearetwo typesof nodeoperations:probabilisticevaluationat thelim-
its betweencorrelationlayersandevaluationwithin correlationlayers.While theformerhas
been introduced in chapter4.3, the latter is explained in this section.

Vector Pr obability

Thevectorprobability playsa key role during theevaluationwithin correlationlayers.For
easier comprehension,it is introduced by a concreteexample. Assume the BDD of
figure6-2 which correspondsto anAND-gate.It hastwo input variablesx1 andx2, andtwo
nodesA andB.

Thevariablesx1 andx2 aresupposedto belongto thesamecorrelationlayer. Therefore,four
differentinputvectorsandpathprobabilitiescanbedefined.They aredepictedin table6-1.

Figure 6- 1: Two representations for
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Eachof thepathsresultsinto ‘1’ with a certainprobability. Theseprobabilitiesaredepicted
in thevector probability (table6-2).

The elementsof the vector probability give the probabilitiesthat a subfunctionwhich is
selectedby a certaininput vector, resultsinto ‘1’. In figure6-2 thereis only onesuchsub-
function.It is the1-terminalnode.If it is reachedvia a positive edge(path3), the1-proba-
bility of this path is 1.0, otherwise it is 0.0.

Sincethesubfunctionsalwayscorrespondto their rootnodeX, wecall themthesubfunction
of nodeX, SF(X). The subfunctionprobability P(SFP(X)) denotesthe probability that the
subfunctionthat is definedby nodeX, resultsinto ‘1’ . In figure6-2 SF(X)is trivial, it is the
1-terminal node and we get .

After this illustrative introduction,amoreformaldefinitionof thetermswill begiven.Con-
sidera correlationlayerL thatconsistsof n variables.ThereareN=2n possiblepatternsfor
thesevariables.Thevector containstheprobabilitiesof all possi-

Figure 6- 2: BDD of an AND-gate

Vector number 0 1 2 3

Path Probability p0 p1 p2 p3

x0 0 0 1 1

x1 0 1 0 1

Table 6-1: Path probabilities and possible input vectors of a 2-input circuit

Vector number 0 1 2 3

Vector probability 0.0 0.0 0.0 1.0

Table 6-2: Vector probability of a 2-input AND-gate

x1

1

x0

y = ( x0 ⋅ x1 )

A

B

P SFP ′1′( )( ) 1.0=

p X( )T
p0 … pN 1–=
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ble patternsandshallbegiven.p(X) is a propertyof thespecificcorrelationlayerL. There-
fore, it is also denotedas p(L). p(L) is called path probability vector or briefly path
probabilities.

Definition 6-1: L-Path, T-Node
Supposea correlationlayerL anda node . Any pathwith headX, which con-
tainsexactly onenode , is calledanL-Path.Obviously, thenodeT canonly be
the tail of the L-path. It is calledT-node.

From any node there exist  L-paths.

Definition 6-2: Vector Probability
Supposea correlationlayerL anda nodeX ∈ L with m L-paths.T0,...,Tm-1 aretheT-
nodes of the L-paths. Then the vector probability ofX is given by the vector

.

Definition 6-3: Selection Matrix
Supposea correlationlayerL anda nodeX ∈ L. Theselectionmatrix S(X)=(sij) of X
is them×N matrix defined by:

The subfunction probability of any nodeX ∈ L is then given by

( 6-2 )

In the example of figure6-2 the previously defined terms result in

and application of equation6-2 yieldsSFP(B) = p1+p3 andSFP(A) = p3.

X L∈
T L∉

X L∈ m N≤

v X( ) SFP T0( ) … SFP Tm 1–( )=

si j
1 if input patterni selects L-pathj

0 otherwiseî



=

SFP X( ) v X( ) S X( ) p L( )⋅⋅=

p L( )T
p0 p1 p2 p3=

S B( ) 1 0 1 0

0 1 0 1
= S A( )

1 1 0 0

0 0 1 0

0 0 0 1

=

v B( ) 0.0 1.0= v A( ) 0.0 0.0 1.0=
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6.2.3 Probability Propagation

SupposetheBDD of figure6-3 is given.Thepartof theBDD thatis beingconsideredhere,
consistsof the threenodesA, B, and C. They belongto the samecorrelationlayer L. R
denotes the multi-BDD where the nodesB andC fanout to. It is of no further interest.

Now supposethat the pathprobabilitiesp(L) of the layer L, the vectorprobabilitiesv(B),
v(C), and the selectionmatricesS(B) and S(C) are given or have beencomputedbefore.
Thus,all parametersareknown for nodesB andC that arerequiredto computetheir sub-
functionprobabilitiesSFP(B)andSFP(C). This sectiondealswith thequestion,how v(A),
S(A), andSFP(A) can be computed if all parameters of the child nodes ofA are known.

According to the evaluation rules for BDDs (definition 2-37)SF(A) is given by

. ( 6-3 )

Thus,x1=0 selectsSF(B)andx1=1 selectsSF(C). Consequently, theselectionmatrix of A
S(A) can be composed fromS(B) andS(C) with the following rule:

, ( 6-4 )

where x0 and x0 correspondto the signal waveforms accordingto table6-1. The mask
operator⊗ is defined by the following definition.

Figure 6- 3: Arbitrary BDD

x0A

x1B

x2C

R

L

SF A( ) x1 SF B( ) x1 SF C( )⋅⊕⋅=

S A( )
S B( ) x0⊗

- - - - - - - -

S C( ) x0⊗

=
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Definition 6-4: Mask Operator ⊗
Given an m×n binary matrix M with m rows Mi anda binary vectorx of sizen, the
resultof the maskoperationM⊗ x is definedas the m×n binary matrix R wherethe
rows r i of R are given by

.

Note that‘·’  denotes the bitwise AND-operation.

The vector probabilityv(A) of A is given by

( 6-5 )

where

( 6-6 )

and1 denotes a 1-matrix with the same dimensions asv(X).

If nodeX doesnotbelongto thesamecorrelationlayerasA, theselectionmatrixandvector
probability ofX are chosen as

( 6-7 )

. ( 6-8 )

Comple xity Reduction

In general,thesizesof theselectionmatrixS(A) andof thevectorprobabilityv(A) grow lin-
earlywith thecorrespondingsizesof thechild nodes.S(A) andv(A) canbecomevery large
sincethenumberof L-pathsis exponentialin thenumberof input variablesof the layerL.
However, if two entriesi andj in the vector probability are equal:

, ( 6-9 )

the two corresponding rows in the selection matrixS(A) can be joined by:

. ( 6-10 )

Si can then be replaced bySi
’ . Sj andvj can be removed fromS(A) andv(A), respectively.

Thefulfillment of equation6-9seemsto beveryunlikely. But besidea few accidentalhits it
is alwaysfulfilled if two L-pathssharetheir T-nodesandtheir numbersof negative edges
havethesameparity. This limits thenumberof rows in theselectionmatricesandthesizeof
thevectorprobabilitiesto two timesthenumberof T-nodesof a layer. Thus,BDDs with a
high nodesharingratealso result in compactselectionmatricesandvectorprobabilities,
which can be processed efficiently in terms of CPU time and memory.

ri M i x⋅=

v A( ) v' B( ) v' C( )=

v' X( )
v X( ) if edge (A,X) is positive

1 v X( ) if edge (A,X) is negative–î



=

S X( ) 1=

v X( ) SFP X( )[ ]=

vi A( ) v j A( )=

Si' Si Sj+=
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Example

The following examplewill illustrate the useof the definitionsand rules that have been
introduced so far. Consider the following BDD:

NodesA andB can be easily evaluated because they are uncorrelated to any other variable:

SFP(A) = 0.3 ( 6-11 )

SFP(B) = 0.25 ( 6-12 )

The nodesC, D, andE belongto the samecorrelationlayer L. Its pathprobability vector
p(L) can be deduced from table6-3:

. ( 6-13 )

The vector probabilities and selection matrices of nodesC andD are given by

( 6-14 )

Figure 6- 4: Example BDD

x1

x2 x2

x3

1

x4

x0 F

E

C D

B

A

Pattern 0 1 2 3

p 0.4 0.2 0.3 0.1

x1 0 0 1 1

x2 0 1 0 1

Table 6-3: Pattern numbers and probabilities

Variable Probability

x0 0.8

x3 0.25

x4 0.3

Table 6-4: Variable probabilities
T

L

p L( )T
0.4 0.2 0.3 0.1=

v C( ) 1 SFP B( )– SFP B( ) 0.75 0.25= =
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. ( 6-15 )

With x2 derived from table 6-3, their node matrices result in

. ( 6-16 )

The subfunction probabilities of nodeC andD can now be computed:

( 6-17 )

. ( 6-18 )

Thenext nodeto beevaluatedis E. It belongsto thesamelayerasits two child nodesC and
D. Therefore

( 6-19 )

. ( 6-20 )

v0(E) andv2(E) are equal, therefore rows0 and2 in S(E) can be joined:

 and . ( 6-21 )

Hence

. ( 6-22 )

Finally the root nodeF can be processed:

( 6-23 )

v D( ) SFP B( ) SFP A( ) 0.25 0.3= =

S C( ) S D( )
1 x2⊗

- - - - -

1 x2⊗

1 0 1 0

0 1 0 1
= = =

SFP C( ) v C( ) S C( ) p L( )⋅⋅ 0.6= =

SFP D( ) v D( ) S D( ) p L( )⋅⋅ 0.265= =

v E( ) 1 v C( )– | v D( ) 0.25 0.75 0.25 0.3= =

S E( )
S C( ) x1⊗

- - - - - - - -

S D( ) x1⊗

1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

= =

v E( ) 0.25 0.75 0.3= S E( )
1 0 1 0

0 1 0 0

0 0 0 1

=

SFP E( ) v E( ) S E( ) p L( )⋅⋅ 0.355= =

v F( ) 1 SFP E( )– SFP D( ) 0.645 0.265= =
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Formally we can introduce the patterns for x0 and the according probabilities:

The pattern probability of the layerLF with the single variablex0 results then in

( 6-24 )

and the selection matrix is given by

. ( 6-25 )

Now the final probability of the BDD which is equal toSFP(F) can be computed

. ( 6-26 )

In this case,equation6-26canbesimplifiedsincethecorrelationlayerconsistsof a single
variable.The computationof v(F), S(F), and p(LF) canbe avoided by the following for-
mula:

. ( 6-27 )

6.2.4 Logic Operations

There appear two logic operationsduring layer evaluation1: the mask operationsin
equation6-4 andtheOR-operationin equation6-10.For theseoperationseitherthebitpar-
allel approachfrom chapter5.3 or the setapproachof chapter4 canbe applied.The input
vectorsin table6-1 andtherows of theselectionmatricesSarethenrepresentedby proces-
sor words or by sets, respectively.

For thesetapproachthepatternprobabilitiesp(L) mustbeconvertedinto block sizeswith
the following trick: each columnj is repeatednj times wherenj is given by

. ( 6-28 )

rnd() is theroundingoperator, andK is aconstantthatshouldbechosensufficiently largein
orderto obtainaccurateapproximationsof therealpatternprobabilities.Thesenew patterns
can now be represented by sets. Equation 6-2 degenerates than to

Pattern 0 1

p 0.2 0.8

x0 0 1

Table 6-5: Pattern numbers and probabilities for the single variable x0

1. This is the reason for the nameProbabilistic - Logic Simulation.

p LF( )T
0.2 0.8=

S F( )
1 x0⊗

1 x0⊗
1 0

0 1
= =

SFP F( ) v F( ) S F( ) p LF( )⋅⋅ 0.341= =

SFP F( ) 1 p x0( )–[ ] 1 SFP E( )–[ ] p x0( ) SFP D( )⋅+⋅=

nj rnd pj L( ) K⋅( )=
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( 6-29 )

wherewt(Si) is theHammingweightof the ith row of theselectionmatrix S(X). Hence,the
probabilistic-logicsimulationcanbe consideredasa moresophisticatedalternative to the
vector recompositionmethod proposedin chapter4.6. However, in contrast to vector
recomposition,this approachhandlesuncorrelatedsignalscorrectly and doesnot suffer
from theunwantedcorrelationsthatarecausedby recomposition.Thus,verysmallandeffi-
cient signal groups must not be avoided anymore.

6.2.5 Results

The algorithmspresentedin the previous sectionswere testedon several benchmarkcir-
cuits.All theexperimentswereexecutedonaSparcUltra 2, 300MHz, SunSolaris2.6with
1.4GB mainmemory. However, thelatterhadbeenlimited to 1 GB. If thememoryrequire-
mentsof an experimentwere higher, it was cancelled.The benchmarkcircuits were not
mappedon a specific library but were simulatedwith the genericgatesas publishedin
[Brgl 85] and[Brgl 89]. Unlessstatedotherwise,theswitchingactivity aswell asthestatic
probabilitiesof thePIswerechosento 0.5, theswitchingactivity for thesequentialcircuits
waschosento 0.25.For thelogic operationsthebitparallelapproachwasusedbecauseit has
proven to be more efficient in the ZDM ([Schn95] and chapter 4, respectively).

In afirst setof experimentstheinfluenceof thevariableorderonmemoryrequirementsand
runtimeis considered.For all laterexperiments,accuracy is themajorissue.Thesecondset
of experimentsdealswith the question,how a referenceresult for the accuracy investiga-
tions can be obtained.Thirdly, Najm’s approximation[Najm 93] is comparedto XOR-
BDDs [Schn94], assuminguncorrelatedPIs in orderto estimatetheeffect of Najm’s sim-
plifications. Finally, several experimentswith correlatedinput patternsdemonstratethe
accuracy improvementsdueto theprobabilistic-logicapproachcomparedto othermethods
that neglect the spatial correlations between the PIs.

Variab le Order

It wasalreadymentionedbeforethatthesizeof a BDD is highly influencedby thevariable
order. In orderto quantify this effect, severalmediumsizedcircuitsweresimulatedusinga
randomandanoptimizedvariableorder. Sincealgorithmicdeterminationof goodvariable
ordersis very time consuming,optimizedordersfrom [Some98] and[Dors98] wereused
here.Note that theseordersmay not representthe actualoptimum for the XOR-BDDs
becausethey wereoriginally generatedfor the logic functionsof the circuits andnot for
their switching functions. But it can be assumed that they are a rather good approximation.

Figures6-5 and6-6 show the resultsin termsof the runtimeandthe numberof generated
BDD nodes,respectively. Thelatteris ameasurefor thememoryrequirements.Thenumber
of BDD nodeswaspreferredhereto theactualmemoryrequirementsbecausethelatterare
highly biasedfor smallercircuitsby theprogramcodeitself andotherstaticvariables.The

SFP X( ) 1
K
---- v X( )

wt S0 X( )( )

…
wt Sm 1– X( )( ) 

 
 
 

⋅⋅ 1
K
---- vi wt Si( )⋅

i 0=

m 1–

∑⋅= =
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optimizedversionssimulate2-10timesfasterthanthosewith a randomvariableorder. The
differencesin the nodenumbersare even more significant.It shouldbe notedhere that
larger circuits could not usedfor theseexperimentssincesimulationswith randomorders
exceededthe 1 GB memorylimit. Thus,the availability of goodvariableordersis crucial
for large circuits.

Accurac y of Logic Sim ulation

In the following, the previously presentedprobabilisticsimulationapproaches,i.e. Najm’s
approximation,XOR-BDDs, and the probabilistic-logicapproachare investigatedfor the
threepropertiesthatareimportantfrom apracticalpointof view: runtimeof thesimulation,
memoryrequirements,and most important,accuracy of the results.Especiallythe latter
imposesa seriousproblem:it implies theknowledgeof theexact resultswhich areusually
not available.By definition, the exact resultequalsthe limit that is approachedby a logic

Figure 6- 5: Simulation times for random and optimized variable orders

Figure 6- 6: Number of BDD nodes for random and optimized variable orders

0

1

2

3

4

5

6

7

c432 s1196 s1238 s1488 s1494 

random

optimized

T
im

e 
[s

]

0

50

100

150

200

250

c432 s1196 s1238 s1488 s1494 

random

optimized

N
od

es
 /

 1
00

0



Probabilistic - Logic Simulation

151

simulationwith an infinite numberof typical, randominput patterns.Obviously, infinite
simulationis notapracticalsolution.Alternatively, probabilisticsimulationyieldstheexact
resultaswell, aslong asthe PIs areuncorrelated.However, for arbitrarily spatiallycorre-
latedinputstreamsexactprobabilisticmethodsdon’t exist. In thatcase,it is only possibleto
obtainanapproximationthroughlogic simulationof ahighnumberof inputpatterns.Monte
Carlo simulation[Najm 93] offers onepossibility. But the numberof testpatternsthat are
requiredfor acertainaccuracy heavily dependson thecircuit structureandthesignalstatis-
tics [Hill 95]. It cannot be estimated before the actual simulation.

In orderto getanideaof thequality of logic simulation,thefollowing experimentwascar-
ried out on sevencombinationalcircuits from theISCAS-85benchmarkset[Brgl 85]. Two
typesof simulationswereperformed:probabilisticsimulationswith XOR-BDDs,assuming
spatiallyuncorrelatedPIs,andlogic simulationswith differentnumbersof spatiallyuncor-
relatedtestpatterns.Under theseassumptions,the resultsof the probabilisticsimulations
represent the exact values.

Figure6-7 depictsthe deviations betweenlogic and probabilisticsimulationwhich were
averagedover the seven circuits. As before,the global and local deviationsaredepicted.
Even for asfew as1000input patternstheglobal resultsof logic andprobabilisticsimula-
tions arevery close,while the local deviationsareoneorderof magnitudehigher, hence
requiringsubstantiallymorepatternsfor thesameaccuracy. But theresultsof thelogic sim-
ulationclearly convergeversustheprobabilisticsimulationwith increasingnumberof test

patternsfor bothtypesof deviations.This justifiestheassumptionthatprobabilisticsimula-
tion yields theexact resultif thecorrelationsareaccuratelymodeled.However, if accurate
modelingis notpossible,logic simulationwith 20000vectorsor morewill beusedasrefer-

Figure 6- 7:  Deviations between logic and probabilistic simulation
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encein agreementwith [Schn95]. But onehasalwaysto beawareof theaccuracy limits of
thisapproach.Thereforethetermerror will beconsciouslyavoidedin thesequelin favor of
the termdeviation.

Najm’s Appr oximation ver sus XOR-BDDs

Theconceptof thecorrelationlayerscanbeappliedto any BDD-basedsignalactivity esti-
mation approach.Equation4-14 indicatesthat Najm’s approximationleadsto more but
smallerBDDs becauseNajm’s BDDs requireonly half as many variablesas the XOR-
BDDs. The following two figuresdepictthe resultsthatwereobtainedby a comparisonof
Najm’s approximation and the XOR-BDDs on several benchmark circuits.

Figure6-8 summarizestheruntimes(CPU) andtotal numberof BDD nodesthatwerecre-
atedduring the simulationswith XOR-BDDs.The valuesarenormalizedto the according
valuesof simulationswith Najm’s approximation.Thus,valuesgreaterthan1 indicatethat

therequirementsfor XOR-BDDswerehigher. TheresultsrevealthatNajm’sapproximation
requireslessresourcesin mostcases,only for c432andc7552the XOR-BDDs aremore
economical.However, theglobalerrors,whicharedepictedin figure6-9, nullify thisadvan-
tagefor any practicalapplication.Error ratesof morethan100%make theestimationresult
absolutely useless, a fact that was already indicated by equation4-17.

As a consequenceof theseresults,only XOR-BDDsareusedfor all following experiments
wheretheinfluenceof theprobabilistic-logicsimulationapproachon thesimulationof spa-
tially correlatedinput streamsis investigated.Two typesof spatialcorrelationsareconsid-
ered:thefirst arecreatedby therandomtestpatterngenerator[Dall 98] andthesecondby
RTL simulationof sequentialcircuits.They arecalledcorrelatedsignalsandFSMsignals
in thefollowing. For detailsaboutthesesignaltypesandtestpatterngenerationseechapter
4.5.5. The experimentswith correlatedsignalsare usually performedwith the combina-
tional benchmarkcircuits from [Brgl 85] (e.g.c499), while theexperimentswith FSM sig-
nals are carried out with the sequential benchmark circuits from [Brgl 89] (e.g. s298).

Figure 6- 8: CPU and memory requirements of Najm’s approximation versus XOR-BDDs
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For both correlationtypesthe global and local deviationsaredepictedin detail. Firstly if
correlationsareneglectedandsecondlyif probabilistic-logicsimulationis applied.Thecor-
relation groups for the latter were identified with the algorithm of listing 4-1.

Correlated Signals

For this setof experiments25000testvectorsweregeneratedandthePIswerepartitioned
into groupsof four correlatedsignals.Fromthesetestvectorsthestatisticpropertiesandthe
correlationgroupswerederivedfor probabilisticandprobabilistic-logicsimulation.Thetest
vectors were directly used to obtain the reference results through logic simulation.

Figure 6- 9: Global error of Najm’s approximation

Figure 6- 10: Global deviations for probabilistic and probabilistic-logic simulation
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Figures6-10 and 6-11 comparethe local and global deviations of pure probabilisticand
probabilistic-logic simulation, respectively. Obviously, the probabilistic-logic approach
yieldssignificantimprovements.Its deviationsto logic simulationareoneto two ordersof
magnitudelower as for the pureprobabilisticmethodwhich neglectsany spatialcorrela-
tions.

FSM signals

Thesameexperimentsasbeforewerecarriedout on sequentialcircuitswith FSM signals.
Figure6-12shows thelargeestimationerrorsif thecorrelationsareneglectedby pureprob-
abilistic simulation.In someexamplesthe global deviations are as high as 30% and the
local errors as high as 65%.

Figure 6- 11: Local deviations for probabilistic and probabilistic-logic simulation

Figure 6- 12: Global and local deviation if correlations are neglected
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For theresultsin figure6-13 probabilistic-logicsimulationwasapplied.As in theprevious
experiments,theestimationresultsareimportantlyimproved;notethedifferentscalesof the
y-axis in figures6-12 and6-13. The averageglobal andlocal deviationsarereducedfrom
20%to 5% andfrom 40%to 8%, respectively. Theabsolutedeviation ratesbecomenot as

low as in the experimentsof the previous subsectionbecausethe probabilistic-logic
approachcanonly acceptlimited groupsizes.Thus,minor correlationsmustbeneglected,
which leads to higher estimation errors.

6.3 Covering

6.3.1 Problems of BDD approaches

Theprobabilistic-logicapproach,which waspresentedin thelastsection,shows very accu-
rateresults.However, thesizeof theBDDs andtheruntimedependheavily on thevariable
order. For unfavorableordersthe memoryrequirementsof the BDDs easily exceed1GB
even for smallercircuits like C432.Thus,good variableordersare crucial. On the other
hand,the problemof finding the bestvariableorder is NP-complete[Sasa96] andall the
approximate,heuristicsolutionsproposedsofararevery timeconsuming.Further, thereare
classesof circuitswhereit hasbeenproventhatthesizeof their BDDs is exponentialin the
number of variables for any variable order, e.g. multipliers (C6288) [Brya86].

The problemof the variableordersis even increasedby the correlationlayerswherethe
variableorder is given by signalpropertiesratherthancircuit properties.Thus,the search
spacefor goodvariableordersis limited andjust thebestordersmaybeprohibited.For this
reasononly mediumsizedcircuitscouldbechosenfor theexperimentsin section6.2.5.The
practicalsignificanceof any BDD basedapproachcould be importantly improved if the
influence of the variable order was decreased.

Figure 6- 13: Global and local deviation if correlations are taken into account
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6.3.2 Local BDDs as Speed - Accuracy Trade-off

It wasalreadyobservedin thepast[Marc 95] thattheinfluenceof spatialsignalcorrelations
becomeslesssignificantif thecorrelatedsignalspassmany gatesbeforethey reachthegate
wherethey areactuallylinkedtogether. For gatesthatarefar away from thePIs,thereexist
threeeffectswhich reducethe influenceof thespatialcorrelationsbetweenthePIs.Firstly,
therearemany othervariableswhich influencetheswitchingactivity of sucha gateaswell
andthusreducesthe influenceof eachsinglePI. Second,thereareover- andunderestima-
tion effectsthatcompensateeachother. Finally, new correlationsdevelopwhich arecaused
by reconvergent fanout. They may dominate the correlations between the PIs.

Thus, it seemsto be useful to partition the circuit into smallersubcircuitswith a limited
numberof primary inputs.In fact, this approachwastaken by most researcherswho pre-
sented BDD based approachesfor switching activity estimation, e.g. [Najm 93] or
[Chou94]. However, only in [Kapo94] a systematicdedicatedpartitioningalgorithmwas
proposed.Theheuristicthatwaspresentedthere,splitsthecircuit into partitionswith a lim-
ited numberof inputsanda maximumnumberof gates.The partitionsarethensimulated
separatelyunderthe assumptionof spatialindependenceof the partition inputs.This can
leadto importantestimationerrorsat the partition bordersasthe following exampleillus-
trates.Assumethatthetwo partitionswhich aredepictedin figure6-14 arepartsof a larger
circuit. The signalactivity of the outputof gateY is to be estimated.Its input signalsare

consideredspatiallyindependentbecauseall threeinputsof gateY originatefrom gatesthat
belongto anotherpartition.However, this assumptioncannotbemadesincesignalsa andb
arestronglyconnected(b=a), which resultsin a high estimationerrorfor this specificgate.
Consequently, Kapoordidn’t mentionabsoluteestimationerrorsof his approachbut only
“ improvements in the number of low error nodes” compared to other approaches.

Local BDDs

Theswitchingactivity of a gatethat is connectedto theoutputof gateY, mayresultinto a
smallerestimationerror becausethe gate’s input signalshave alreadypassedanothergate
sincethepartitionborders.Thus,acertainerrorcompensationeffectexistsalready. In order

Figure 6- 14: Circuit with two partitions
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to obtainthesamecompensationeffect for all gatesit seemsusefulto build anindependent
“partition“ for eachgatewith a definedmaximumnumberof inputs.However, thesecircuit
partsdon’t representa mathematicalpartitionanymorebecausethey arenot disjoint. They
ratherform a cover. In connectionwith BDDs theblocksof thecover arealsocalled local
BDDs and the input variables of the local BDDs are called secondaryinputs (SI).
Figure6-15 shows a circuit with two 3-input blocks, for gatea and gate c, respectively.

For our purpose,the following threepropertiesarerequiredfor the local BDDs, which are
calledaccuracy preserving requirements:

1. The maximum number of SIs is limited to an upper boundL.

2. The local BDDs should cover a maximum number of gates.

3. Reconvergent fanouts should be hidden in the local BDDs as far as possible.

While thefirst claim guaranteesreasonablelimited BDD sizes,claimstwo andthreeensure
the maximum accuracy of the estimation algorithm.

6.3.3 The Covering Algorithm

Assumean arbitrarycircuit, e.g. the circuit of figure 6-16. The taskof the covering algo-
rithm is to find the largestpossibleblock for gatea with L inputs(e.g.L=3). For this pur-
pose we define three sets,B, IB, andEX:

Figure 6- 15: Circuit with 3 input blocks for gate a and c

Figure 6- 16: Circuit for which a local BDD is searched
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1. B containsall gatesthathave beenmergedto thecurrentblock so far. It is initial-
ized with the gate for which the local BDD is to be built.

2. IB contains the input signals of the current block.

3. TheextensionsetEX containstheadditionalSIsthatwouldoccurif asetof gatesX
was added to the current blockB.

For the covering algorithmwe will usethe following convention:all signalsget the same
nameasthegatethey fanoutfrom. Thus,B∪ IB is theunionof thegatesof B andthegates
where the signals fromIB fanout from.

In the example of figure 6-16B andIB are initialized as:

B={a}

IB={b,c}.

The numberfB of free SIs for the current block is given by

. ( 6-30 )

Thealgorithmtries to addsubsetsXi from IB to thecurrentblock B. Themaximumsizeof
the subsetsXi is limited to two for runtimereasons.Hence,only singlegatesor gatepairs
canbeaddedto B duringonestepof thealgorithm.For eachcandidateXi the input set
andtheextensionsets arecomputed.Thenumberof additionalinputsn+ that
would result from addingXi to the current blockB is given by

. ( 6-31 )

In orderto accountfor reconvergentfanouts,it is importantto computethenumberof input
signalsnc that are shared between the gates inXi or between the gates inXi andB:

. ( 6-32 )

In thegivenexample,therearethreepossiblesubsetsXi. They arestoredtogetherwith their
properties in a sorted cost list. This list is depicted in table 6-6 for the initial block{a}.

i X i nc n+ EX

0 b,c 1 1 d,e,g

1 b 0 1 d,e

2 c 0 1 d,g

Table 6-6:  Properties of possible extensions for initial block {a}

f B L IB–=

I Xi

EXi
I Xi

\ IB=

n+ EX i
X i–=

nc Ix
all gates x from Xi

∑ 
  EX i

–=



Covering

159

In orderto meetthe accuracy preservingrequirements, the cost list is sortedaccordingto
the following criteria in ascending order of their priority:

If two entrieshave equalsort criteria they aresortedin a randomway. While criterion 1
causesreconvergentfanoutsto gethiddenin blocks,criteria2 and3 ensureblockswith larg-
est possible size.

The cost list is thenscannedfrom top to bottomandthe first elementthat meetsthe con-
straint

( 6-33 )

is addedto thecurrentblock. In theexamplefB=1, i.e. elementX0 is added.This elementis
removed from the cost list andall otherentriesareupdated.The gatesthat have just been
addedto theblockB areremovedfrom all remainingentriesin thecostlist andtheirproper-
ties(nc, n+, Ex) arerecalculated.Possibly, someentriesmustberemovedfrom thecostlist
sincethey becameempty. Then,thenext elementis chosenfrom thecostlist andaddedto
theblock. Only if thecostlist becomesemptyor if no elementof thecostlist meetstheSI
constraint,thecostlist is refilledby investigatingtheSIsof thecurrentblockB. So,all paths
in the block to become similar in depth.

Thelargestpossibleblock is foundif no moregatescanbeaddedto theblock without vio-
lating theSI constraint.Listing 6-1 detailsthecoveringalgorithmin pseudocode.An elab-
orate example can be found in appendixD.

6.3.4 Results

Bloc k Size

Obviously, theestimationerrordecreasesasthenumberof SIsfor thelocalBDDs increases
becausemorecorrelationsthroughreconvergentfanoutcanbetakeninto account.But runt-
imeandmemoryrequirementswill increaseat thesametime.This increaseis very likely to
beexponentialsincegoodvariableordersarenot availablefor thelocal BDDs.Hence,it is
necessaryto find an acceptabletrade-off betweenaccuracy on the onehand,andmemory
andCPU requirementson the otherhand.The numberof SIs of a block is referredto as
block size in the sequel.

Priority Criteria

1 Descending in the number of common signalsnc.

2 Ascending in the numbern+ of additional secondary inputs.

3 Descending in the number of gates to be added to the block: |Xi|.

Table 6-7: Sort criteria for the cost list

EX f B≤
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In orderto find an acceptabletrade-off betweenaccuracy andresourcerequirements,nine
combinationalcircuits1 weresimulatedusingXOR-BDDs without correlationlayers.The
referenceresultswereobtainedfrom a logic simulationwith 25 000uncorrelatedtestvec-
tors.Theblock sizeof theprobabilisticsimulationwasvariedbetween4 and19 for all cir-
cuits.Figure6-17 depictsthe resourcerequirements.They arenormalizedto the valuesof
the initial block size4. The accuracy resultsaresummarizedin figure 6-18. All resultsin
figures 6-17 and 6-18 are averaged over the nine benchmark circuits.

Listing 6- 1: The covering algorithm

1. c432,c499,c880,c1355,c1908,c2670,c3540,c5315,andc7552.c6288hadto beomittedhere
because it could not be simulated withblock size>15.

1. Build the initial block containing the root gate a: B={a}

2. Build the input set I B containing the SIs of block B
and compute the number of remaining free inputs f B=L-|I B|

3. For each possible subset X of I B with |X| ≤2

Begin

Compute the input set

Compute the extension set E X=I X\I B

Compute n + and n c according to equations 6-31 and 6-32

Insert the entry (X,n c,n +,E X) into the cost list

End
4. Sort the cost list according to the criteria of table 6- 7
5. Select the highest element X s from the cost list with n + ≤ f B

6. If no element is found that fulfills requirement 5. then
If cost list hasn’t changed since last execution of 3. then

return B as the maximum block with |I B| ≤ L

Else
continue with 3.

7. Add X s to the current block: B = B ∪ Xs

f B = |I B|

Remove X s from the cost list

For all remaining elements X i  of the cost list

Begin
Xi  = X i \X s

Recompute the cost criteria n c, n +, and  of X i

End
8. continue with 4.

I X I x iall gates x i of X
∪=

I B= I B\X S( ) E XS( )∪

EXi
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The resourcerequirementsin figure6-17 show clearly theexponentialbehavior that could
have beenexpectedbefore,becauseoptimizedvariableordersarenot availablefor thelocal
BDDs.Notethat theactualfiguresof theCPUandmemoryrequirementsarerelatedto the
left andright axis,respectively. Both curvesremainrelatively flat until block size12 or 13.
Thenthey startto riseconsiderably. Thedentsat block size19 arecausedby onesinglecir-
cuit (c2670).It resultsby chanceinto very efficient local BDDs for this specificblock size.
Largerblocksizescouldnotbesimulatedsincesomecircuitsexceededthememorylimit of
1 GB.

Theaccuracy curveswhicharedepictedin figure6-18arenotassmoothasthecurvesof the
resourcerequirements.A larger block sizecannotalwaysguaranteemoreaccurateresults
becauseof theunpredictablerandomerrorcompensationeffect (chapter4.6.4).However, as
the curvesof figure6-18 reveal clearly, the probabilityof estimationerrorsdecreaseswith
increasing block size.

For blocksizesgreaterthan12, theglobalandlocaldeviationsreachvaluesthatarecompa-
rableto thoseof anaccurateprobabilisticsimulation.Thus,theeffect of thelocal BDDs on
theaccuracy becomesnegligible if theblock sizeis greaterthan12, at leastaslong asthe
PIs are spatially uncorrelated.For all following experimentsblock size 13 was chosen
because of its modest resource requirements and high accuracy.

Figure 6- 17: Increase of CPU and memory requirements with block size
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Combinational Cir cuits with Uncorrelated and Correlated Signals

This sectiondetailsthe resultsthatwereobtainedby simulatingseveralcombinationalcir-
cuits with uncorrelatedand correlatedinputs, and the probabilistic-logicapproachwith
local BDDs.Figure6-19 depictstheglobaldeviationsfrom logic simulation.They arewell
below 5%in all caseswith averagevaluesof 0.5%and0.7%for uncorrelatedandcorrelated
signals, respectively.

The local deviationsaredepictedin figure6-20. They averageto 2.6%and3.4%,respec-
tively. Consequently, they aresome5 timeshigherthantheglobaldeviationsbut mostval-
uesarestill below 5%. In general,the averagedeviationsarehigherfor correlatedsignals

Figure 6- 18: Influence of block size to estimation accuracy

Figure 6- 19: Global deviations for uncorrelated and correlated PIs with local BDDs
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than for uncorrelatedsignals.This demonstratesthe influenceof the spatialcorrelations
betweenthePIswhich areneglectedat theblock inputs.However, this influenceis moder-
ate,which justifiesthe assumptionthat spatialcorrelationsbetweenthe PIs only influence
the switching activity of gates close to the circuit inputs.

FSM Signals

Theexperimentswith sequentialcircuitsandFSM signalsfrom section6.2.5werealsocar-
ried out with local BDDs.Thelatterenabledthesimulationof muchlargercircuits,though.
Theaccuracy resultsaresummarizedin figure6-21.Theglobalandlocaldeviationsaverage
to 5.9%and9.1%,respectively. Like in previousexperiments,thedeviationsto logic simu-
lationsaregreaterthanfor combinationalcircuitswith correlatedinputsbecauseminor cor-
relationsmustbeneglected.Comparedto figure6-13, theincreasein thedeviationsreaches
from negligible for s298,s820,ands1238to a factor2 for s1488ands1494.Obviously, the

Figure 6- 20: Local deviations for uncorrelated and correlated PIs with global BDDs

Figure 6- 21: Global and local deviation from logic simulation
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latter is very sensitive to correctcorrelationhandling.A fact that canalsobe observed by
comparingfigures6-12and6-13.Nevertheless,theglobaldeviationsremainbelow 10%for
all circuits and the local deviations are also around 10% in most cases.

Runtimes

Finally, figure6-22summarizesthespeedupsthatwereobtainedwith thelocalBDDs.Note
that not all circuits from the previous subsectionscanbe presentedhere.Somelarger cir-
cuitslikec6288couldnotbesimulatedwith theexactapproachsincetheirmemoryrequire-
ments exceeded the 1GB limit.

Local BDD basedsimulationis 65 times fasterthan the exact approach,on the average.
However, thereis a high variationin thespeedupfigures,rangingfrom 1 for s298to more
than500for c499. Thisvariationhasthefollowing reason:thesimulationtimesof theexact

approachdependon the BDD sizes,ratherthanon the circuit size,while the local BDD
approachdependsmoreon the actualcircuits sizebecausethe sizesof all local BDDs are
roughlyconstant.Thus,circuits thathave anefficient BDD representationarelesslikely to
beacceleratedby local BDDs.This effect is evenincreasedif optimizedvariableordersare
used,as it was necessaryfor the combinationalcircuits in theseexperimentsin order to
remainwithin thememorylimits. However, it wasalreadymentionedthat in practicegood
variableordersarenotknown in mostcases.Thus,thehigherfiguresof figure6-22aremore
likely to represent the relevant case.

6.4 Summary
Today, two major approachesfor probabilisticswitchingactivity estimationexist: Najm’s
approximationandXOR-BDDs. Botharebasedon functionrepresentationby BDDs. It was
shown thatNajm’sapproximationis lessresourceconsumingbut producesestimationerrors
of morethan100%.On theotherhand,it couldbedemonstratedthatXOR-BDDsareaccu-
rateaslong astheprimaryinput variablesarespatiallyuncorrelated.However, this method
becomesinaccurateif spatial correlationsbetweenthe PIs are not negligible. A novel
approachwaspresentedthat addressesthat problem.Its basicidearelieson choosingthe
variableorderof theBDDssuchthatcorrelatedvariablesareadjacent.Thus,thereexist lay-

Figure 6- 22: Speedup with local BDDs over pure probabilistic-logic simulation
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ersof correlatedvariablesin theXOR-BDDs,alsocalledcorrelationlayers. Insidethecor-
relation layers signal correlations are taken into account by replacing probabilistic
computationsthroughpath probabilities.For the operationsinside the correlationlayers,
ordinarylogic operationsplayanimportantrole.Therefore,thenew methodhasbeencalled
probabilistic-logic simulation.

The problemof finding an accuratereferenceresultwasaddressednext. If all correlations
canbecorrectlymodeled,theresultof probabilisticsimulationis exactandcorrespondsto
logic simulationwith aninfinite numberof testvectors.This couldbejustifiedby compar-
ing probabilisticsimulationto logic simulationwith an increasingnumberof uncorrelated
testvectors.However, asthe testvectorsget spatiallycorrelated,exact probabilisticmeth-
odsdo not exist anymore.Therefore,it wasdecidedto usethe resultof a logic simulation
with 25000 test patterns as the reference.

The probabilistic-logicsimulation methodwas implementedinto a prototypesimulator.
Several experimentswere carriedout on combinationalcircuits with correlatedinputs as
well asonsequentialcircuits.In bothcasesthedeviationsfrom thereferenceresultcouldbe
reducedby oneto two ordersof magnitudecomparedto approachesthatneglectspatialcor-
relations between the PIs.

However, any BDD basedapproachdependson the availability of goodvariableordersin
orderto keepCPUandmemoryrequirementswithin reasonablelimits. Findinggoodvari-
ableordersis a very time consumingtask,though.This problemis evenaggravatedby the
probabilistic-logicapproachbecausethe correlationlayersrestrict the numberof possible
variableorders.Thus,in its pureform it is limited to small andmediumsizedcircuits. In
orderto overcomethis seriousrestriction,the conceptof local BDDs wasdeveloped.It is
basedon the assumptionthat the influenceof spatial correlationsbetweenthe PIs on a
gate’s switching activity decreasesas the distanceof the gate from the circuit’s PIs
increases,andcanfinally beneglected.Ontheotherhand,thesizeof aBDD dependsonthe
numberof variablesratherthanon thenumberof gatesthatarecoveredby theBDD. There-
fore,anovel technique,similar to traditionalcircuit partitioningalgorithms,wasdeveloped.
For eachgate,a specificblock with a limited numberof inputsanda maximumnumberof
gatesis searched.Themajordifferenceto circuit partitioningis that theblocksarenot dis-
joint but ratherbuild a cover of the circuit. For theseblocksthe local BDDs arebuilt. As
long as someof the inputs of a block are PIs, their spatial correlationsare taken into
account.All other inputs are assumedto be spatially uncorrelated.Hence,probabilistic-
logic simulationis only appliedfor gateswhich arecloseto thePIs.Thesimulationdegen-
eratesto the traditionalprobabilisticapproachasit proceedsto gatesthat areburied more
deeply in the circuit.

The local BDD optionwasintegratedinto theprobabilistic-logicsimulator. In a first setof
experiments,resourcerequirementsand accuracy was recordedover the block size. As
expected,theresourcerequirementsincreasewith increasingblocksizewhile thedeviations
decrease.Block size13 hasproven to be a goodtrade-off betweenresourcerequirements
and accuracy. The resourcerequirementsremainalmoststableuntil this limit while the
accuracy does not much further increase for larger block sizes.
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Experimentswith many circuits revealedthat much larger circuits canbe simulatedwith
local BDDs at only a moderatedecreasein accuracy, despitethe 1GB limit. In fact, all
benchmarkcircuits of the ISCAS-85andISCAS-89setcompletedsuccessfullyregardless
the variableorderthat wasused.Further, mostsimulationswereconsiderablyaccelerated.
Hence,theconceptof local BDDs doesalsodefusetheimportanceof goodvariableorders
for power estimation purposes.
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Chapter

7
Conclusion

After bipolar, staticPMOS,andNMOS technologieshave beenwidely replacedby static
CMOS, staticcurrenthaspracticallydisappearedin digital circuits. Thus,the problemof
power consumptionwasthoughtto besolved.However, with increasingintegrationdensi-
ties and operationfrequencies,combinedwith the advent of complex portabledevices,
designfor low power hasregainedits importanceasthethird designgoal,besidedelayand
areaconsumption.But in contrastto thepast,today, dynamicpower consumptionis domi-
nantby far. The domainof low powerdesigncanbe divided into two major subdomains:
power estimationandactualcircuit designfor low power, thelatter includingall efforts for
power optimizationandlow power synthesis.In this thesis,specificaspectsof bothsubdo-
mains were treated on different levels.

Thestartingpoint for thedesignaspectswasgivenby a new technology, which is currently
being developedat the Institute for MicroelectronicsStuttgart (IMS) in the frame of the
EuropeanprojectHiperlogic. It combinesthreerecenttechnologicalsteps:3D-structure,T-
gate transistors,andSilicon on Insulator(SOI). It is intendedto usethis technologyin a
semi-customdesignenvironmenton the basisof a gatearraymasterfor high performance
applicationsat low power consumption.For this purpose,a suitablebasiccircuit technique
hadto befound.Thefollowing five constraintscouldbederivedfrom theprojectgoalsand
the specific structural properties of theHiperlogic technology:

• Equal numbers of PMOS and NMOS transistors.

• Use of minimum width transistors.

• The stacked transistors should share as many contacts as possible.

• Low power consumption.

• Functional robustness against varying gate loads.

Fromall existingcircuit techniques,thestructuralconstraintsarebestfulfilled by thedouble
passlogic (DPL). A completesmalllibrary wasimplementedin DPL on transistorlevel. As
a reference,a similar library wasdesignedin staticCMOS. Performanceandpower con-
sumptionof bothtechniqueswerecomparedon thebasisof several32-bit carry lookahead
adders (CLA), whichwereimplementedwith bothlibraries.In orderto moredeeplyinvesti-
gatespecificDPL propertieslike the buffer problemandthe needfor complementarysig-
nals, six different DPL versionswere implemented.Analog simulationsof all CLAs
revealedthat the performanceof the fastestDPL implementationsis comparableto static
CMOS.However, on the power consumptionsideeven the mosteconomicalDPL version
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consumes50%morepower thanstaticCMOS.It couldbeshown by someadditionalexper-
imentsthatDPL heavily dependson efficient driver optimization,which is not possiblein a
gatearraytechnology. Hence,if thepotentialsof Hiperlogic areto befully exploited,static
CMOSshouldbepreferred.However, staticCMOScannotbeoptimallysupportedby apre-
fabricatedmasterbasedon stacked transistorpairs. As a consequence,a standardcell
approach promises to yield significantly better results.

Themainfocusof this thesiswasput on power estimationtechniquesfor thelogic andgate
level. Themajorsourcefor powerconsumptionin digital, staticCMOScircuitsaredynamic
capacitive andshortcircuit currents.Both dependon thecircuit structure,theoperationfre-
quency, sometechnologicalparameters,and the switching activities of the circuit gates.
While all parametersexcepttheswitchingactivity arestaticandcanbederivedfrom thecir-
cuit layoutandthetechnology, thelatterdoesalsodependon thetypical input patternsthat
areappliedto thecircuit. Accordingly, thetaskof powerestimationwasmorepreciselycon-
fined on signalactivity estimation.Most of today’s switchingactivity estimationmethods
arebasedon eitherpatternsimulationor probabilisticsimulation.Both approachessuffer
from long runtimes if high accuracy is required.

This problemwasaddressedby a new, setbasedsimulationmethod.Froma mathematical
pointof view, it classifiesbetweenlogic andprobabilisticsimulation.Thefundamentalidea
relieson setbasedsignalrepresentation.Consecutive ‘1’s in thelogic signalwaveformsare
representedby sets.Duringcircuit simulation,all logic operationsof thelogic gatesarethen
beingreplacedby accordingsetoperations.Sincetheswitchingalgebraandthesetalgebra
arebothimplementationsof a Booleanalgebra,it canbeguaranteedthatthis is alwayspos-
sible.This basicapproachwasimplementedinto the simulatorASSeT. It hasproven to be
quiteefficient for low active circuitslike thecombinationalpartof largesequentialcircuits.
An averagespeedupof factor5 over logic simulationcould be obtainedat the sameaccu-
racy. For othercircuit types,severaloptimizationalgorithmswereproposed,which improve
thesetrepresentation.However, theefficiency of theseapproachesdependsstronglyon the
statisticsof the input patterns.In general,the efficiency decreaseswith the numberof pri-
mary inputsof the circuits.Therefore,a methodwasdevelopedthat allows to tradesome
accuracy for speed.Its mainidearelieson partitioningthePIsinto smallergroupsof corre-
latedinput signals.Thesegroupsarethenseparatelyoptimizedandarbitrarily recomposed.
However, grouprecompositionintroducesa certainestimationerror, causedby additional
signalcorrelations.Thespeedupaswell astheestimationerrordependuponthegroupsize
and the statisticalpropertiesof the input streams.For uncorrelatedpatterns,an average
speedupashigh as40 timescouldbeobtainedat globalandlocal estimationerrorsbelow
8%. For patternsof sequentialcircuits the speedupis only modestat much higher error
rates.

Thefirst implementationof ASSeTwasbasedon thezerodelaymodel(ZDM). Thus,effects
like hazardsandglitcheswereneglected.They canonly be modeledif the gatedelaysare
taken into account.ConsequentlyASSeTwasextendedby a realdelaymodel(RDM). This
extensionis basedon a combinationof setbasedsimulationanda novel eventbasedsched-
uling algorithm.Thetraditionalvectorbasedsignalrepresentationwasextendedto anarray
representation,alsocalledschedule. In theschedulethecolumnsdenotethesignalvaluesin
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a specific clock cycle, while the rows representdifferent time offsets during the clock
cycles.All operationslike event andglitch detection,anddistinctionbetweenfalling and
rising edgeswere implementedthrough basic logic operators.Thus, they can take full
advantageof thesetbasedsignalrepresentation.Theunderlyingdelaymodelenablesload
dependentdelayswith differentvaluesfor falling andrising edges.Glitchesarefilteredout.
Theirpowerconsumptionis neglected.With averagespeedupsof 3.2and61over logic sim-
ulation for patternsof combinationaland sequentialcircuits, respectively, the set based
approachhasprovento bebestsuitedfor RDM simulationswith sequentialpatterns.On the
otherhand,it wasfoundthatbetween25%and50%of all transitionsarehazards,depend-
ing onthecircuit typeandthedelaymodels.So,gatedelaymodelingis mandatoryfor accu-
rate power estimation.

Thesameeventbasedschedulingalgorithmcouldalsobeappliedto thebitparallelsimula-
tor PAPSASthatwaspublishedin the literature.It wasrestrictedto theZDM sofar andso
suffered from the sameaccuracy problemsas ASSeTin its first implementation.Experi-
mentswith PAPSASonawidevarietyof benchmarkcircuitsrevealedanaveragespeedupof
5 overbitwisesimulationonpurelyrandompatterns.While PAPSAScannotprofit from spe-
cial statisticsof theinput streams,it is 65%fasterthanASSeTfor white noisepatterns.The
efficiency of PAPSAScouldbe further improvedby two optimizationtechniques:dynamic
package sizing(DPS)andschedulecompression.DPSis an exact method,while schedule
compressionyieldsanapproximation.Theformeroptimizesthenumberof testpatternsthat
aresimulatedin onesimulationrun while thelatterrelieson a gatespecificreductionof the
precisionof thetime scale.DPScoulddramaticallyimprove theefficiency on somecircuits
but hadalmostnoeffectonothers.However, thesimulationtimesof thelattercanbeimpor-
tantly reducedby schedulecompression. Combiningbothmethods,anaveragespeedupof
131 over bitwise simulationcould be obtainedwith global andlocal errorsbelow 2% and
4%, respectively. Hence,it couldbeshown thatalthoughgatedelaymodelingis crucial for
accuratepower estimation,highly accurategatedelaymodelsplay only a minor part.In its
currentimplementation,ASSeTis limited to purely combinationalcircuits. For the ZDM
model,extensionsto sequentialcircuitswereproposedfor bitparallelsimulators.In subse-
quentworks it shouldbe checked how theseextensionscan be incorporatedinto ASSeT.
Furtherimprovementscouldfocusonmoresophisticatedglitch anddelaymodelsaswell as
higher valued logic types.

As a lasttopic of this work, probabilisticsimulationwasaddressed.Thebasicideaof prob-
abilistic simulationrelieson propagating statisticalvaluesthroughthe circuit. Ideally two
valuesper input signalaresufficient for anexactestimationof theaveragetogglerates:the
signalandtheswitchingprobability. Theproblemsof accurateprobabilisticsimulationare
introducedby signalcorrelations.Fromanalgorithmicpoint of view, they canbeclassified
into threecategories:temporalcorrelations,spatialcorrelationsof the primary inputs,and
spatialcorrelationscausedby reconvergent fanout.The latter can be coveredby a BDD
basedalgorithmthat wasfirst proposedby Najm. The techniqueof XOR-BDDsallows to
extendNajm’s basicapproachto correcthandlingof concurrentlyswitchinginputs.How-
ever, spatial correlationsbetweenthe primary inputs were still an open issuethat was
addressedin this work with thenovel conceptof correlation layers. Input variableswhich



Conclusion

170

belongto thesamecorrelationgroupareadjacentlyarrangedin theXOR-BDDs, thusform-
ing a layerof correlatedvariables.Within sucha correlation layer theprobabilisticopera-
tions, which rely on spatial independence,are replacedby path probabilities.Since the
processingof the path probabilitiesis basedon logic operations,this approachhasbeen
calledprobabilistic-logic simulation. The logic operationscanbe efficiently implemented
throughsetor bitparallelmethods.It couldbeshown by experimentson severalbenchmark
circuitsthat theprobabilistic-logic approachimprovestheaccuracy by at leastoneorderof
magnitude compared to previous approaches which neglect spatial correlations.

For any BDD basedapproach,theavailability of goodvariableordersis crucial in orderto
keepthe CPU andmemoryrequirementswithin reasonablelimits. This problemis aggra-
vatedin theprobabilistic-logic approachsincethenumberof admissiblevariableordersis
restrictedby thecorrelation layers. Thus,thebasicapproachallows only to simulatesmall
andmediumsizedcircuits without exceedingconventionalmemorylimits. Therefore,cir-
cuit partitioningwasproposedin the past,in orderto limit the numberof BDD variables.
However, traditional partitioning produceslarge estimationerrors at the block borders.
Theseerrorscanbe reducedwith the novel conceptof local BDDs. It relieson the basic
assumptionthat the influenceof spatialcorrelationsbetweenthe primary inputsdecreases
asa gate’s distancefrom thecircuit inputsincreases.Justlike circuit partitioning,the local
BDDs arebuilt for subsetsof the circuit. However, thesesubsetsneednot to be disjoint.
Thus, the local BDDs form a circuit cover. A dedicatedcovering algorithm searchesfor
eachgatea specificblock with a limited numberof input variableswhich coversa maxi-
mum numberof gates.For the primary input signalsthe correlationgroupsaretaken into
account;all othervariablesaresupposedto be uncorrelated.Several experimentsdemon-
stratedthat the conceptof local BDDs enablesthe simulationof circuits with more then
10000 gateswithout exceedingconventionalmemorylimits and independentof the vari-
ableorder, while theglobalandlocalestimationerrorsarebelow 10%ontheaverage.Thus,
the local BDDscansignificantlydefusetheproblemof variableordersfor powerestimation
purposes.For some50% of all circuits they could also importantly reducethe simulation
times.

Thecurrentimplementationof theprobabilistic-logicsimulatoris limited to thezerodelay
model.Thus,futurework shouldincludetheextensionof thedelaymodel.Furtheraccuracy
improvementswould bepossibleif correlationsbetweentheinputsof the local BDDswere
more accurately modeled.

Designfor low power hasbecomea major issuefor mobile and stationarydevices.This
work addressedlow power design aspectsunder specific technologicalconditions and
power estimationon the logic level. Especiallyfor the latter, the state-of-the-artcould be
significantlyimprovedin termsof runtime,memoryrequirements,andaccuracy by several
novel approaches.An overview over thecompletepower estimationsystemthatwasdevel-
oped during this work is depicted in figure 7-1.
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Figure 7- 1: The complete power estimation system
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Kapitel

8
Zusammenfassung

Seit mehr als 20 Jahrenwird der Fortschritt in der Mikroelektronik getragenvon immer
kleinerenStrukturgrößenunddamitständigwachsenderKomplexität von Schaltungen,die
auf einemeinzigenChip integriert werdenkönnen.DieseEntwicklungwurdeschon1970
von Gordon Moore, Mitbegründer der Intel Corporation, vorhergesehen.In dem als
Moore‘s Law bekanntgewordenenZitat sagteer schondamals[Moor 75]: „Die Anzahl
aktiver Transistorenpro Chip und damit die Entwurfskomplexität verdoppeltsich alle 18
Monate“.DieserTrendspiegelt sichauchin derSIA-VorhersageüberTrendsin derMikro-
elektronik [SIA97] wieder, wie Tabelle 8-1 belegt.

Nebender Entwurfskomplexität tritt heuteein andererGesichtspunktimmer mehr in den
Vordergrund:dieVerlustleistung.NachdemNMOS,PMOSundbipolareTechnologienwei-
testgehenddurchstatischesCMOSverdrängtwordenwaren,hattemanlangeZeit geglaubt,
diesesProblemsei endgültigüberwunden.Zwar ist die statischeVerlustleistungin stati-
schemCMOSin derTat vernachlässigbar, wachsendeIntegrationsdichtenundBetriebsfre-
quenzen,vor allem in Verbindungmit dem Wunschnach immer komplexeren mobilen
Geräten,führeninzwischendazu,daßderEntwurf vonSchaltungenmit reduzierterVerlust-
leistung,sog.Low Power Design, seineBedeutungals drittesEntwurfsziel,nebenFläche
und Verzögerungszeit,wiedergewonnenhat. Im Gegensatzzu früherenTechnologienwird
die Verlustleistung jedoch heute von dynamischen Komponenten dominiert.

Jahr 1997 2001 2006 2012

Minimale Strukturgröße [nm] 250 150 100 50

Maximale Taktfrequenz [MHz] 750 1500 3500 10000

Transistoren pro Chip 11M 40M 200M 1,4G

Versorgungsspannung [V] 1,8-2,5 1,2-1,5 0,9-1,2 0,5-0,6

Verlustleistung (stationäre Geräte) [W] 70 110 160 175

Verlustleistung (mobile Geräte) [W] 1,2 1,7 2,4 3,2

Tabelle 8- 1: Trends in der Mikroelektronik
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Im BereichdesLow PowerDesignlassensichzweiwesentlicheForschungsbereicheerken-
nen: Entwicklung von Methodenzur frühzeitigenAbschätzungder Verlustleistungsowie
die Erforschungvon VerfahrenzumEntwurf von Schaltungenmit geringerVerlustleistung.
Letztereschließtalle Bemühungender Verlustleistungsoptimierungund der Synthesevon
Schaltungenmit niedrigerVerlustleistungmit ein. In der hier vorliegendenArbeit wurden
spezifischeAspekte beider Forschungsbereicheauf unterschiedlichenEntwurfsebenen
behandelt.

8.1 Minimierung der Verlustleistung auf der
Schaltkreisebene

Den Ausgangspunktder Verlustleistungsoptimierungenauf Schaltkreisebenewurdedurch
eineneueTechnologiegegeben,die derzeitamInstitut für MikroelektronikStuttgart (IMS)
im RahmendeseuropäischenProjektsHiperlogic1 entwickelt wird. Hiperlogicsoll erstmals
drei technologischeEntwicklungenausjüngsterZeit miteinanderverbinden:3D-Integra-
tion, T-GateTransistorenund Silicon on Insulator(SOI). Abbildung 8-1 zeigt die Drauf-
sichtunddenQuerschnitteinesTransistorpaarsin derHiperlogic-Technologie.Deutlich zu

erkennensind die übereinandergestapeltenPMOS-und NMOS-Transistorensowie die T-
förmigenTransistorGates.In Verbindungmit derSOI-TechnologieführenerhöhteIntegra-
tionsdichten,verminderteparasitäreKapazitätenund erhöhteTreiberleistungder T-Gate
Transistorenzu extrem schnellenSchaltungenmit sehrniedrigerVerlustleistung.Im Rah-
mendesProjektsHiperlogic ist beabsichtigt,dieseTechnologiein einerSemi-CustomEnt-
wurfsumgebung auf der BasiseinesGateArray Masterseinzusetzen,mit dem Ziel, den
Entwurf extremschneller, verlustarmerSchaltungenzu ermöglichen.EinederGrundlagen,
die zum ErreichendiesesZiels erforderlichsind, ist der Einsatzeiner geeignetenSchal-
tungstechnik,die optimalandie Hiperlogic-Technologieangepaßtist. Ausgehendvon den

1. Hiperlogicwird unterstütztvonderEuropäischenKommissionunterdemTitel HIPERLOGICES-
PRIT IV, Project No. 200023

Abbildung 8- 1: Die Hiperlogic-Technologie
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Projektzielenund denspeziellenstrukturellenEigenschaftender Technologiemüssendie
folgenden fünf Bedingungen von einer Schaltungstechnik erfüllt werden:

1. Gleiche Anzahl von PMOS- und NMOS-Transistoren.

2. Einsatz von Transistoren minimaler Breite.

3. Die zwei übereinanderliegendenTransistorensolltenso viele Kontaktewie mög-
lich gemeinsam nutzen.

4. Niedrige Verlustleistung.

5. Funktionale Robustheit gegenüber unterschiedlicher Gatterlast.

Die strukturellenBedingungen1. bis 3. werdenam bestenvon der Double PassLogic
(DPL) erfüllt. Vor allem die Verlustleistungvon DPL Schaltungenwird jedochin der exi-
stierendenLiteratur unterschiedlichbeurteilt [KoBa95] bzw. [Zimm 97]. Um die Bedin-
gungen4. und 5. genauerzu untersuchen,wurde eine kleine Zellbibliothek in DPL auf
Transitorebeneentworfen.Sieenthältalle für denEntwurf beliebigerSchaltungennotwen-
digenkombinatorischenund sequentiellenGatter. Alle Gatterwurdenauf der Basiseiner
einzigenGrundzelle,einem2:1 Multiplexer, aufgebaut.Als Referenzhierzu wurde eine
ähnlicheBibliothek in statischemCMOSentworfen,derenGatterdie gleichenGrundfunk-
tionenwie die derDPL-Bibliothekrealisieren.Die typischenVerzögerungszeitenundVer-
lustleistungenbeiderSchaltkreistechniken wurdenanhandvon 32-Bit Carry-Look-Ahead
Addierern verglichen,die auf derBasisbeiderZellbibliothekenimplementiertwurden.Um
DPL-spezifischeBesonderheiten,wie dasPufferproblemoderdieErzeugungkomplementä-
rerSignale,genauerzuerforschen,wurdensechsverschiedeneVariationendesDPL-Addie-
rersaufgebaut.Die Verzögerungszeitensowie derEnergieverbrauchpro Operationwurden
aufgrundvon Analogsimulationenauf Transistorebeneermittelt.Hierbeistelltesichheraus,
daßdie schnellstenDPL-Variantenzwar ähnlicheVerzögerungszeitenaufweisenwie stati-
schesCMOS, ihr Energieverbrauch,und damit ihre Verlustleistung,ist jedochum minde-
stens50%höher. DurchweitereExperimentekonntegezeigtwerden,daßDPL-Schaltungen
durchTreiberoptimierungenwesentlichoptimiertwerdenkönnen.Dadiesin derHiperlogic
TechnologieausverschiedenenGründennicht möglich ist, sollte statischemCMOS der
Vorzuggegebenwerden,fallsmandieVorteilederHiperlogicTechnologievoll ausschöpfen
möchte.StatischesCMOS kannjedochauf einemvorgefertigtenMastermit übereinander
gestapeltenTransistorennichtoptimalrealisiertwerden,dasichzweiübereinanderliegende
Transistorennur ihren Gateanschlußteilen können.Dies bedeutet,daßpro Transistorpaar
fünf Kontaktebenötigtwerden.Damit ist die platzsparendeAnordnungvon Abbildung8-1
nichtmehrmöglich.UnterdiesemGesichtspunktsolltedeshalbvonSeitendesIMS darüber
nachgedachtwerden,ob ein Ansatzmit Standardzellennicht erfolgversprechenderwäre.
Dies wurde auch schon in [Abou98] angedeutet.

8.2 Abschätzung der Verlustleistung
DasHauptaugenmerkwurdein dieserArbeit auf die EntwicklungneuartigerMethodenzur
AbschätzungderLeistungsaufnahmein digitalenSchaltungengelegt. In einemhierarchisch
gegliedertenEntwurf werdenauf höherenEbenenEntwurfsentscheidungengetroffen, die
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den Verlauf der Entwicklung auf den unterenEbenenvorausbestimmen.Entwurfsfehler
oderungünstigeEntscheidungenauf höherenEntwurfsebenenlassensich deshalbauf den
nachfolgendenEbenennur sehreingeschränktkorrigierenunderfordernmeistaufwendige
und teureNachbesserungen.Aus diesemGrund ist eswichtig, demEntwerferrechnerba-
sierte Hilfsmittel zur Hand zu geben,die ihn zuverlässigbei der Entscheidungsfindung
unterstützen.Die in dieserArbeit vorgestelltenMethodenzur Abschätzungder Leistungs-
aufnahmekonzentrierensichdeshalbauf die Logik- undGatterebeneunderlaubenso,ver-
schiedeneSchaltungsalternativenzuuntersuchen,langebevor dieMaskendatenodergardie
fertigenSchaltungenzur Verfügungstehen.Kapazitive StrömeundKurzschlußströmestel-
len die wichtigstenUrsachendar für die Entstehungvon Verlustleistungin digitalen,stati-
schen CMOS Schaltungen. Beide hängen ab von der Schaltungsstruktur, der
BetriebsfrequenzderSchaltung,einigentechnologischenParameternundderSchaltaktivi-
tät der einzelnenGatterinnerhalbder Schaltung.Alle Parameteraußerder Schaltaktivität
sind statischerNatur und könnenentwedervon denTechnologiedatenoderder Schaltung
selbstabgeleitetwerden.Die Schaltaktivität hängt jedoch nebender Schaltungsstruktur
auchvon denTestmusternab,mit denendie Schaltungtypischerweisebetriebenwird. Sie
ist alsonicht nur eineEigenschaftderSchaltungselbst,sondernwird auchvon derUmge-
bungderSchaltungbeeinflußtundist damiteinestatistischeGröße.SomitläßtsichdieLei-
stungsabschätzungauf Gatterebenein zwei Bereicheuntergliedern: eine technologische
Komponente,die sichhauptsächlichmit derModellierungderauftretendenStrömebefaßt,
und eine technologieunabhängigeKomponente,deren Ziel es ist, die Schaltaktivitäten
innerhalbeiner Schaltungzu bestimmen.Der Schwerpunktder hier vorliegendenArbeit
beschränkt sich auf letzteres.

Die meisten,heutebekanntenMethodenzur Abschätzungder Schaltaktivität beruhenent-
wederaufexpliziter SimulationvorgegebenerTestmusteroderaufprobabilistischerSimula-
tion. Für beide Ansätzestellt sich jedoch das Problemlanger Rechenzeiten,falls hohe
Anforderungenan die Genauigkeit gestellt werden.Um die Rechenzeitenzu verkürzen
wurde deshalb ein neuartiges,mengenbasiertesSimulationsverfahren vorgestellt. Aus
mathematischerSicht kann diesesVerfahren zwischen logischer und probabilistischer
Simulationeingeordnetwerden.AufeinanderfolgendeEinsenin der logischenSignaldar-
stellungwerdenhierbeidurchMengenrepräsentiert(Abbildung8-2). WährendderSimula-

tion werden dann alle logischenOperationendurch entsprechendeMengenoperationen
ersetzt.Dasowohl dieMengenlehrealsauchdieSchaltalgebraspezielleImplementierungen
derBoolschenAlgebradarstellen,ist sichergestellt,daßdieserÜbergangvonderLogik- zur
mengenbasiertenSimulationstetsmöglich ist. Die Transformationender logischenGrund-

Abbildung 8- 2: Mengenbasierte Signaldarstellung

Takt 1 2 3 4 5 6 7 8 9 ...

Logisches Signal 0 1 1 0 0 0 1 1 1 1 1 0 0 1 1 1 1

Mengendarstellung 2-3 7-11 14-17
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funktionenin ihre Mengenäquivalentesind in Tabelle8-2 zusammengestellt.Darauskön-
nen beliebige logische Operationen bzw. Mengenoperationen zusammengesetzt werden.

Die grundlegendeIdeedermengenbasiertenSimulationwurdeprototypischin einenSimu-
lator namensASSeT(Activity Simulator basedon Set Theory)implementiert.Experimente
mit einerVielzahlvon SchaltungenausdenISCAS-bzw. LGSynth-BenchmarkSammlun-
gen ([Brgl 85], [Brgl 89] bzw. [LGSY 91]) zeigten,daß sich ASSeT besondersfür die
Simulationvon Schaltungenmit niedrigerSchaltaktivität eignetwie z.B. der kombinatori-
scheTeil großersequentiellerSchaltungen.Hier konntenim Vergleichzur Logiksimulation
die Simulationszeitenauf ein fünftel reduziertwerdenbei gleicherGenauigkeit. Für andere
SchaltungenwurdenverschiedeneHeuristiken vorgestellt,um die Mengendarstellungzu
optimieren.Sie beruhenauf einer Umordnungder Signale,um größereTeilmengenzu
erzielen.Da eineUmordnungderEingangssignaleganzerheblichdie Schaltaktivität beein-
flussenkann,wurdedassogenanntephysikalische Signaleingeführt.Es bestehtauseinem
originalenSignalunddemum einenTakt verschobenenoriginalenSignal.Dadurchstehen
in jedemTakt nebendenInformationenüberdie Signalwerteauchdie Informationenüber
die Signalaktivitäten zur Verfügung.Die Testmusterkönnendamit umgeordnetwerden,
ohnedasSimulationsergebniszu beeinflussen.Die EffizienzdieserAnsätzeist jedochstark
abhängigvon denstatistischenEigenschaftender zu optimierendenSignale.Im allgemei-
nen nimmt die Effizienz ab, je mehr Primäreingängeeine Schaltunghat. Deshalbwurde
eineMethodeentwickelt, die einenKompromißzwischenGenauigkeit undSimulationszeit
erlaubt.Sie beruhtauf einer Partitionierungder Eingangssignalein Gruppenkorrelierter
Signale,sogenannterKorrelationsgruppen. Zum AuffindengeeigneterKorrelationsgruppen
wurde ein heuristischerAlgorithmus vorgestellt. Die Korrelationsgruppenwerdendann
getrenntoptimiertunddanachwiederwillkürlich zukomplettenTestvektorenzusammenge-
setzt.WährendderOptimierungenbleibenzwar alle KorrelationeninnerhalbderKorrelati-
onsgruppenkorrekt erhalten,durch das Zusammensetzenwerden jedoch Korrelationen
zwischenSignalenausunterschiedlichenKorrelationsgruppenerzeugt,was die Simulati-
onsergebnisseverfälscht.Es wurdeexperimentellgezeigt,daßsowohl die Beschleunigung
der Simulation als auch der Schätzfehlervon der Gruppengrößeund den statistischen
Eigenschaftender Eingangssignaleabhängen.Geradefür Schaltungenmit unkorrelierten
Signalen,die demreinenmengenbasiertenAnsatznur schlechtzugänglichwaren,konnten
erheblicheBeschleunigungenum denFaktor 40 erreichtwerden,wobei die globalenund
lokalenFehlerunter8%blieben.FürTestmustersequentiellerSchaltungenist dieserAnsatz

Logische Operation Mengenoperation

Operation Symbol Symbol Operation

UND x·y x∩y Schnittmenge

ODER x+y x∪ y Vereinigung

NICHT y y Inversion

Tabelle 8- 2: Zusammenhang zwischen logischen Operationen und Mengenoperationen
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jedochwenigergeeignet.Die erzielteBeschleunigungist rechtgeringund die Fehlerraten
sind um den Faktor fünf bis zehn höher.

Die ersteImplementierungvon ASSeTbeschränktesichderEinfachheithalberauf ein ver-
zögerungsfreiesGattermodell(engl. Zero Delay Model, ZDM). DadurchkonntenEffekte
wie Hasardsund Glitches,die durch die Gatterverzögerungenverursachtwerden,nicht
berücksichtigtwerden.DageradeHasardseinensehrhohenAnteil dergesamtenSignalakti-
vität ausmachenkönnen,hatdiesnatürlichnegative Auswirkungenauf die Genauigkeit des
Simulationsergebnisses.DeshalbwurdeASSeTsoerweitert,daßbeliebige,realitätsnähere
Gatterverzögerungen(engl.RealDelayModel,RDM) währendderSimulationberücksich-
tigt werdenkönnen.DieseErweiterungberuhtaufeinemneuartigenAlgorithmuszurereig-
nisbasiertenAblaufplanung.Die herkömmliche,vektorbasierteSignaldarstellungwurdezu
einer zweidimensionalenMatrix, dem sogenanntenSchedule, erweitert. Abbildung8-3

zeigt ein RDM-Signal mit dazugehörigemSchedule.Die Spaltenrepräsentierendie logi-
schenSignalwertewährendeinesTaktzykluscc, währenddie Zeilen die Signalwertezu
einembestimmtenZeitversatz∆t seitBeginnderTaktzyklendarstellen.Genauwie bei der
ZDM-Simulationkönnennun die Zeilen desSchedulesdurchMengendargestelltwerden.
Alle Operationenwie Ereignis-und Glitcherkennungsowiedie Differenzierungzwischen
fallendenund steigendenFlankenwurde mittels logischerOperatorenrealisiert. Damit
kommendie Vorteile der Mengendarstellungvoll zum Tragen.Das der prototypischen
ImplementierungzugrundeliegendeVerzögerungsmodellerlaubtlastabhängigeVerzöge-
rungenmit unterschiedlichenWertenfür fallendeund steigendeFlanken.Glitcheswerden
ausgefiltert,ihre Verlustleistungwird vernachlässigt.Experimentemit den schonzuvor
genanntenBenchmarkschaltungenergabenmittlereBeschleunigungenum die Faktoren3,2
für unkorrelierteTestmusterbzw. 61 für TestmustersequentiellerSchaltungengegenüber
einerLogiksimulation.Damit ist die BeschleunigungzumTeil wesentlichhöheralsbei der
ZDM-Simulation,aberauchnochstärkerabhängigvon der Statistikder Eingangssignale.
Gleichzeitigstelltesichheraus,daßim Mittel je nachSchaltungstypundVerzögerungsmo-
dell ca. 25% bis 50% aller TransitionendurchHasardsverursachtwerden.Hierausfolgt,

Abbildung 8- 3: RDM-Signal mit Schedule
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daßdie Laufzeitmodellierungunverzichtbarist zur zuverlässigenAbschätzungderVerlust-
leistung auf der Gatterebene.

Der gleiche,ereignisgesteuerteAlgorithmuszur Ablaufsteuerungkonnteauchauf denbit-
parallelenSimulatorPAPSASangewendetwerden,der in [Schn95] veröffentlicht wurde.
PAPSAS ist ein Logiksimulator. Er beruht auf der Idee, die gesamteWortbreite w der
Maschineauszunutzen,aufderdieLogiksimulationausgeführtwird, indemstetsw Testvek-
toren gleichzeitigsimuliert werden.Genauwie ASSeTin seinererstenImplementierung
war PAPSASbisherauf verzögerungsfreieGattermodellebeschränkt.Prinzipbedingtkann
PAPSASzwar nicht von speziellenstatistischenEigenschaftender Eingangssignaleprofi-
tieren,abergeradebei reinzufälligen,unkorreliertenTestmusternkonnteeinedurchschnitt-
liche Beschleunigungder Simulation um den Faktor fünf gegenübereiner bitweisen
Logiksimulationnachgewiesenwerden.Damit ist PAPSAS bei dieserSignalklasseetwa
65% schnellerals ASSeT. Die Effizienz von PAPSAS konntedurch zwei Optimierungs-
maßnahmenweiterverbessertwerden:DynamicPackage Sizing(DPS)undScheduleCom-
pression. DPSist eineexakteMethode,die die Anzahl der in einemSchaltungsdurchlauf
simuliertenTestvektorwörteroptimiert.Bei einigenSchaltungenkonnteDPSdie Simulati-
onszeitenerheblichverkürzen,währendbeianderenseinEinflußpraktischvernachlässigbar
ist. Geradebei solchenSchaltungenbrachtejedochScheduleCompressionerheblicheVer-
besserungen.Esbasiertdarauf,die AuflösungderZeitachsegatterspezifischzu reduzieren.
Dadurchwerdendie Scheduleskompakter, waszu kürzerenBearbeitungszeitenführt aber
unter UmständenauchdasSimulationsergebnisleicht verfälscht.Durch die Kombination
von DPS und ScheduleCompressionwurde eine relativ homogene,mittlere Beschleuni-
gung um den Faktor 131 gegenübereiner bitweisenLogiksimulationerreicht,wobei die
globalenund lokalenSchätzfehlerunter2% bzw. 4% blieben.Damit konntegezeigtwer-
den,daßzur ErmittlungderSignalaktivität Gatterverzögerungenzwar nicht vernachlässig-
barsind,dieGenauigkeit derVerzögerungsmodellejedocheineuntergeordneteRollespielt.

In ihren momentanenImplementierungensind sowohl ASSeTals auchPAPSASauf rein
kombinatorischeSchaltungenbeschränkt.AnschließendeArbeiten könnteneine Erweite-
rung auf sequentielleSchaltungenbetreffen. Verfahrenhierzu wurdenfür PAPSAS unter
VernachlässigungderVerzögerungszeitenschonin [Goud91] vorgeschlagen.Weiteremög-
liche Verbesserungenbetreffen dasVerzögerungs-und dasGlitchmodellsowie die Imple-
mentierung mehrwertiger Logik.

Als letztesThemadieserArbeit wurdenprobabilistischeSimulationsverfahrenbehandelt.
ProbabilistischeVerfahrenbieteneine interessanteAlternative zu Verfahren,die auf der
expliziten Simulation von Testmusternbasieren.Im Idealfall genügtes für eine exakte
Ermittlung der Schaltaktivitäten, zwei Werte pro Eingangssignaldurch die Schaltungzu
propagieren:die statischeSignalwahrscheinlichkeit und die Schaltaktivität. Die genaue
KenntnisderTestmusterist nicht notwendig,wasin manchenFällenvon Vorteil seinkann.
Damit ist die probabilistischeSimulationauf denerstenBlick wesentlichschnelleralstest-
musterbasierteSimulationsverfahren.ProbabilistischeMethodenwerden allerdings sehr
aufwendig,sobaldSignalkorrelationenin die Berechnungenmit einbezogenwerdensollen.
Von algorithmischerSeitehergesehen,könnendrei Arten von Korrelationenunterschieden
werden:zeitlicheKorrelationen,räumlichkorrelierteprimäreEingangssignaleund räumli-
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cheKorrelationen,diedurchrekonvergentesFanouthervorgerufenwerden.ZeitlicheKorre-
lationen werden durch die Signalaktivität ausgedrückt.Durch rekonvergentes Fanout
verursachteKorrelationenkönnenmit demvon Najm vorgestellten,BDD basiertenAlgo-
rithmus [Najm 93] korrekt behandeltwerden.Hierbei werden alle Funktionen,die zur
Berechnungder Schaltaktivitätenbenötigtwerden,auf BDDs mit ausschließlichprimären
Eingangsvariablenzurückgeführt.DieseBDDswerdenauchglobaleBDDsgenannt.Mittels
XOR-BDDs[Schn94], [Schl95] kannNajmsgrundlegenderAlgorithmussoerweitertwer-
den,daßauchgleichzeitigschaltendeSignalekorrekt miteinbezogenwerdenkönnen.Das
Problem räumlich korrelierter primärer Eingangssignalekonnte bislang allerdings mit
Najms Algorithmus nicht zufriedenstellendgelöst werden.Zu diesemZweck wurde im
RahmendieserArbeit dasneuartigeKonzeptderKorrelationsschichtenentwickelt. Ähnlich
wie bei der optimiertenMengensimulationwerdenGruppenkorrelierterEingansvariablen
gebildet.Variablen,die zur gleichenKorrelationsgruppegehören,werdenin den XOR-
BDDs benachbartangeordnet.Die Korrelationsgruppenerscheinendamit im BDD als

SchichtenkorrelierterVariablen(Abbildung 8-4). Währendan denÜbergängenzwischen
den Korrelationsgruppenherkömmliche,probabilistischeVerfahren angewandt werden,
werdendieseinnerhalbder Korrelationsgruppendurch Pfadwahrscheinlichkeiten ersetzt.
Zur inkrementellenAuswertungvon BDDs mit Korrelationsschichtenwurde ein auf der
MatrizenrechnungberuhendesVerfahrenentwickelt. Da bei der Auswertungder Matrizen
logischeOperationeneinewichtigeRolle spielen,wurdedasSimulationsverfahrenalspro-
babilistisch-logische Simulationbezeichnet.Die logischenOperationenkönneneffizient
mittels mengenbasiertenoder bitparallelenMethodenimplementiertwerden.Damit kann
die probabilistisch-logischeSimulationauchals Verfeinerungder korrelationsgruppenori-
entiertenMengensimulationbetrachtetwerden.Anhandvon ausführlichenExperimenten
wurdezunächstgezeigt,daßNajmsursprünglicherAnsatzselbstbei räumlichunkorrelier-
ten Variablenzu Schätzfehlernvon weit über100%führenkann.Deshalbwurdenfür die
probabilistisch-logischeSimulationausschließlichXOR-BDDs eingesetzt.Betrachtetman

Abbildung 8- 4: BDD für  ohne und mit Korrelationsschicht

(a) Knotenoptimales BDD (b) BDD mit Korrelationsschicht
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Anwendungenmit räumlichkorreliertenPrimäreingängen,sostellt sichheraus,daßmittels
probabilistisch-logischerSimulationdieAbweichungvomReferenzergebnisumdenFaktor
fünf bis zehnreduziertwerdenkanngegenüberherkömmlichenVerfahren,die solcheKor-
relationenprinzipbedingtvernachlässigen.So wurdenbeispielsweisefür Signalesequenti-
eller Schaltungendie mittlerenglobalenundlokalenAbweichungenvom Referenzergebnis
von 20% auf 5% bzw. von 40% auf 8% reduziert.

Für BDD-basierteAnwendungenist die Variablenordnungin den BDDs von zentraler
Bedeutung,wasdie CPU- und Speicheranforderungenangeht.DiesesProblemwird durch
denprobabilistisch-logischenAnsatznochverstärkt,dadieAnzahlzulässigerVariablenord-
nungendurch die Korrelationsschichteneingeschränktwird. Damit beschränktsich die
grundlegendeprobabilistisch-logischeMethodeauf die Simulation kleiner und mittlerer
Schaltungen.Für großeSchaltungenwerdenmeist die heuteüblicherweiseverfügbaren
Hauptspeichergrößenvon ca. 1 GB überschritten.Deshalbwurden in der Vergangenheit
Algorithmen zur Schaltungspartitionierungvorgeschlagen.Damit kann die Anzahl der
BDD-Variablenund damit die BDD-Größebegrenztwerden.HerkömmlicheSchaltungs-
partitionierunghat jedochevtl. großeSchätzfehlerzur Folge,damit denheuteverfügbaren
Methodendie räumlichenKorrelationenan den Partitionsgrenzenvernachlässigtwerden
müssen.DieseFehlerkönnenmit demneuartigenAnsatzder lokalenBDDsverringertwer-
den.Er beruhtauf derAnnahme,daßderEinflußderKorrelationenzwischendenprimären
Eingangssignalenauf die Schaltaktivität einesGattersabnimmt,je weiterdiesesGattervon
denPrimäreingängender Schaltungentferntist, wohingegender Einfluß durch rekonver-
gentesFanoutzunimmt.Um dieserAnnahmeRechnungzutragen,werdenlokaleBDDsaus
Untermengender zu betrachtendenSchaltunggebildet.Andersals bei der Partitionierung
könnensichdieseUntermengenjedochüberlappen,siebildenalsoeineSchaltungsüberdek-
kung.DerÜberdeckungsalgorithmus,derim RahmendieserArbeit entwickelt wurde,sucht
für jedesGattereineneigenenBlock mit einervorgegebenenZahl an Eingangsvariablen,
dereinemaximaleAnzahlvon Gatternüberdeckt.Sollteein Block primäreEingangsvaria-
blen überdecken, so werdenderenKorrelationsgruppenmit einbezogen,andereVariablen
werdenhingegen als statistischunabhängigbetrachtet.D.h., naheden Primäreingängen
einerSchaltungwird probabilistisch-logischsimuliert.Die probabilistisch-logischeSimula-
tion wird allmählichdurcheinereinprobabilistischeSimulationersetzt,je tieferdieSimula-
tion in die Schaltungeindringt. Mittels umfangreicherExperimentekonntedemonstriert
werden,daßdasKonzeptder lokalenBDDs denAnwendungsbereichder probabilistisch-
logischenSimulationauf Schaltungenmit mehrals10.000Gatternerweitert,ohnedenver-
fügbarenHauptspeichervon 1 GB zu überschreiten.Gleichzeitigbleibendie globalenund
lokalenAbweichungvomErgebnisderLogiksimulationim Mittel unter10%.Damitkonnte
für BDD-Anwendungenim Bereich der Signalaktivitätsbestimmungdas Problem der
ErmittlungguterVariablenordnungenbedeutendentschärftwerden.Gleichzeitigführteder
Einsatz lokaler BDDs bei ca. 50% der betrachtetenSchaltungenzu einer signifikanten
Reduzierung der Laufzeit der Simulationen.

Die momentaneImplementierungderprobabilistisch-logischenSimulationbeschränktsich
auf ein verzögerungsfreiesGattermodell(ZDM). Es ist jedochzu erwarten,daßsich die
MethodederProbability Waveforms[Najm 90] problemlosauf die probabilistisch-logische
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Simulationanwendenläßt. Die Genauigkeit der Simulationmit lokalen BDDs ließe sich
weiter erhöhen,wenn Korrelationenzwischenden Eingangsvariablender lokalen BDDs
genauermodelliertwerdenkönnten.Hierbeiist jedochnochnichtganzklar, wie diesein die
Simulationmiteingebundenwerdenkönnen,so daßhier noch weitererForschungsbedarf
besteht.

Die Verlustleistungist heuteeinewichtigerGesichtspunktbeimEntwurf von mobilenund
stationärendigitalenSystemen.Die in dieserArbeit vorgestelltenMethodenbefassensich
mit Entwurfsaspektenunter speziellentechnologischenRandbedingungensowie mit der
AbschätzungderVerlustleistungauf derLogikebene.Besondersim BereichderVerlustlei-
stungsbestimmungkonntenbedeutendeFortschrittegegenüberdem aktuellenStandder
Technikerzieltwerdenwasdie Laufzeit-unddie Speicheranforderungensowie die Genau-
igkeit angeht.Abbildung 8-5 gibt einenabschließendenÜberblick überdaskomplette,in
dieserArbeit entstandeneSystemzur Abschätzungder Signalaktivität und damit der Ver-
lustleistung.
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Abbildung 8- 5: Das komplette System zur Ermittlung der Schaltaktivität
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Appendix

A
Hiperlogic Transistor

Parameters

This appendixgivesthemostrecenttransistorparametersfor theHiperlogic technologyin
the SPICE format. They were used for all analog simulations in chapter 3.

NMOS Transistor

.MODEL nmos NMOS LEVEL = 3
+ TOX = 5E-9 NSUB = 1.55596E17 GAMMA = 0.65815
+ PHI = 0.837411 VTO = 0.447166 DELTA = 0
+ UO = 130.566 ETA = 0 THETA = 0.49758
+ VMAX = 1.41532E5 KAPPA = 0.864159 JS = 100u
+ NFS = 1.4086E12 XJ = 1.90546E-9 LD = 0
+ CGDO = 0.3E-9 CGSO = 0.3E-9 CGBO = 0.00
+ CJ = 17E-4 PB = 0.8 MJ = 0.5
+ FC = 0.5 CJSW = 2.5E-10 MJSW = 0.3
+ RSH = 630

PMOS Transistor

.MODEL pmos PMOS LEVEL = 3
+ TOX = 5E-9 NSUB = 6.9346e16 GAMMA = 0.494853
+ PHI = 1 VTO = -0.34 DELTA = 0
+ UO = 36.97 ETA = 1.770645e-4 THETA = 0.5239953
+ VMAX = 5.178528E4 KAPPA = 1.6525353 RD = 0
+ RS = 0 RSH = 576 JS = 100u
+ NFS = 9.969E11 XJ = 1.1e-9 LD = 0
+ WD = 0 CGDO = 3E-10 CGSO = 3E-10
+ CGBO = 0.0 CJ = 6E-4 PB = 0.8
+ MJ = 0.5 FC = 0.5 CJSW = 6E-10
+ MJSW = 0.3
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Appendix

B
The Benchmark Circuits

For all experiments in this work benchmarkcircuits from [Brgl 85], [Brgl 89] and
[LGSY 91] were used.They are referred to as ISCAS-85, ISCAS-89 and LGSYNTH,
respectively. Genericnetlistsof all circuits areavailablevia the internetat [BENCH]. The
ISCAS-85circuitsarepurelycombinational,while circuits from ISCAS-89aresequential.
In the following tables,Generic,HL andGFN120denotethenumberof gatesin theorigi-
nal, genericdescription,whenmappedon theHiperlogiccell library, andwhenmappedon
the GFN120 library [IMS96], respectively.

ISCAS-85

Cir cuit Function Inputs Outputs
Gates

Generic HL GFN120

c17 unknown 6 2 6 7 6

c432 Priority Decoder 37 7 160 126 163

c499 ECAT 42 32 202 270 202

c880 ALU + Control 61 26 383 287 383

c1355 ECAT 42 32 514 300 514

c1908 ECAT 34 25 880 245 880

c2670 ALU + Control 234 140 997 400 997

c3540 ALU + Control 51 22 1446 791 1446

c5315 ALU + Selector 179 123 1994 1203 1996

c6288 16-Bit Multiplier 33 32 2461 2339 2461

c7552 ALU + Control 208 108 2978 1319 2978

Table B-1: Statistics of the ISCAS-85 benchmark circuits
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ISCAS-89

LGsynth91

Cir cuit Inputs
Flip

Flops
Inputs +

Flip Flops
Outputs

Gates

Generic GFN120

s27 4 3 7 1 17 14

s298 3 14 17 6 137 123

s344 9 15 24 11 179 164

s382 3 21 24 6 183 162

s386 7 6 13 7 167 161

s820 18 5 23 19 298 293

s1196 14 18 32 14 551 553

s1238 14 18 32 14 530 512

s1488 8 6 14 19 661 655

s1494 8 6 14 19 655 649

s5378 35 179 214 49 2960 2781

s9234 19 228 247 22 5812 5584

s13207 31 669 700 121 8593 7924

s15850 14 597 611 87 10310 9713

s35932 35 1728 1763 320 17796 16068

Table B-2: Statistics of the ISCAS-89 benchmark circuits

Cir cuit Inputs Outputs
Gates

Generic HL

misex2 25 18 36 69
f51m 8 8 16 112
bw 5 25 56 135
alu2 10 6 59 270
misex3 14 14 73 300
alu4 15 8 112 551

Table B-3: Statistics of the LGSYNTH benchmark circuits
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Appendix

C
Detailed Results

All theresultsthatweregraphicallypresentedin themaintext will berepeatedherein atab-
ular form. In eachsectionthecorrespondingsectionin themaintext will bespecifiedin ital-
ics.

All testpatternsweregeneratedwith thetestvectorgeneratorstvgenfrom [Dall 98] or kktv-
gen from [KapD 98]. They allow thegenerationof pseudorandomtestvectorswith a vari-
ety of statisticalproperties.All theexperimentswereexecutedon a SunUltra Sparc2, 300
MHz, 1.4 GB main memory, running Sun Solaris 2.6.

C.1 Power Minimization on the Circuit Level
Related to chapter3.

C.1.1 aCPL with V thp =0V and V thp =0.5V

Related to section3.2.2.

The thresholdvoltageof the inverterswaschosento Vthp=0.5V, the inputsof the NAND-
gates were driven by inverters.

Vthp [V] Delay [ns]
Energy per

Clock Cycle [pJ]

0.0 0.44 0.86

0.5 1.40 1.10

Table C-1: CPL with Vthp=0V and Vthp=0.5V for the pass transistors
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C.1.2 CPL and DPL versus CMOS

Related to section3.2.3.

C.1.3 32-Bit CLAs

Related to sections3.3.3 and 3.4.

Cir cuit
Delay [ps] Energy per Clock Cycle [fJ]

CMOS CPL DPL CMOS CPL DPL

nor4 700 298 220 45 435 106

nand4 534 243 195 43 490 101

xor4 525 462 200 206 1932 144

Table C-2: CPL and DPL versus CMOS

Cir cuit Transistors Delay [ns]
Energy per

Clock Cycle [pJ]

cadder 2008 5.46 14.3

dadder 2648 5.79 22.7

dsadder 3340 5.62 25.5

dbadder 3426 8.00 31.4

ddadder 4748 7.91 38.4

ddbadder 5176 8.44 41.6

madder 3548 6.47 27.6

Table C-3: Results from the 32-bit CLAs
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C.1.4 4-Bit CLAs with Varying Transistor Sizes

Related to section 3.4.

C.2 Zero Delay Simulation
Related to chapter4.

C.2.1 Optimization Results

Related to section4.5.4.

Uncorrelated P atterns

Delay [ns]
Energy per Clock Cycle

[pJ]

CMOS DPL CMOS DPL

1 2.21 2.54 1.73 3.10

2 2.08 2.10 3.11 3.83

3 2.04 2.00 4.48 4.65

4 2.02 1.99 5.85 5.55

5 2.00 2.02 7.23 6.42

Table C-4: 4-bit CLAs with varying transistor sizes

PIs
NoOpt NoDup PS GPS CS

Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks

4 39 802 0.03 516 0.04 246 0.04 133 0.04 147

8 80 067 0.08 69 055 7.19 39 772 1.89 13 959 9.62 10 678

16 160 206 0.40 160 206 20.77 111 649 12.52 75 117 50.28 57 337

25 289 648 0.58 249 260 33.68 189 122 27.37 150 934 58.39 119 984

32 319 955 0.71 319 955 73.83 250 972 48.55 212 232 96.49 172 094

Table C-5: Optimization times and results for uncorrelated PIs

wCMOS

wDPL
------------------
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FSM-like Patterns

Spatiall y Correlated P atterns

Low Active Signals

PIs
NoOpt NoDup PS GPS CS

Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks

4 36 510 0.03 333 0.04 167 0.04 117 0.03 104

8 73 412 0.07 1 075 0.07 537 0.09 343 0.08 280

16 158 528 0.35 99 641 8.73 66 294 3.89 29 908 18.82 22 190

25 249 878 0.60 232 834 29.33 172177 18.49 99 743 50.71 69 879

32 319 505 0.76 297 562 63.90 227 910 39.23 136 862 82.66 96 507

Table C-6: Optimization times and results for FSM-like PIs

PIs
NoOpt NoDup PS GPS CS

Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks

4 40 069 0.03 500 0.03 221 0.04 131 0.04 136

8 79 740 0.07 30 165 1.39 15 964 0.70 5 900 1.71 4 864

16 160 166 0.41 158 412 21.25 90 075 6.13 47 286 42.42 35 109

25 249 775 0.57 249 775 33.31 162 236 15.30 112 974 59.55 84 456

32 318 611 0.70 318 611 72.22 218 611 24.34 160 566 99.42 124 471

Table C-7: Optimization times and results for spatially correlated PIs

PIs
NoOpt NoDup PS GPS CS

Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks Time [s] Blocks

4 9 038 0.02 383 0.03 212 0.03 140 0.02 125

8 16 092 0.06 11 589 0.54 9 399 0.46 4 362 0.94 3 523

16 32 397 0.34 32 390 10.08 32 825 8.93 48 686 39.49 31 190

25 50 163 0.44 50 162 164.10 50 355 24.87 110 205 59.76 53 940

32 64 062 0.52 64 062 315.14 64 240 50.99 160 869 126.49 65 990

Table C-8: Optimization times and results for low active PIs
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C.2.2 Simulation Results

Related to section4.5.5.

Uncorrelated P atterns

FSM-Like Patterns

Cir cuit
Name

Gates PIs
Toggles/

1000

Simulation Time [s]

Logic NoDel GPS CS

misex2 69 25 249 0.17 0.15 0.19 0.18

f51m 112 8 80 0.25 0.24 0.11 0.09

bw 135 5 789 0.33 0.23 0.01 0.01

c1908 245 33 1 666 0.51 0.49 0.91 0.89

alu2 270 10 1 488 0.67 0.53 0.51 0.41

misex3 300 14 140 0.75 0.53 0.58 0.47

c1355 300 41 410 0.71 0.81 1.48 1.32

alu4 551 14 2 819 1.33 0.94 1.36 1.01

c3540 791 50 4 956 1.97 1.93 3.68 3.23

c6288 2 239 32 18 449 5.65 5.09 10.04 9.46

Table C-9: Simulation times for uncorrelated PIs

Cir cuit
Name

Gates PIs
Toggles/

1000

Simulation Time [s]

Logic NoDel GPS CS

misex2 69 25 285 0.18 0.16 0.12 0.09

f51m 112 8 798 0.26 0.22 0.01 0.01

bw 135 5 255 0.33 0.07 0.01 0.01

c1908 245 33 1 658 0.50 0.48 0.55 0.42

alu2 270 10 1 462 0.66 0.51 0.03 0.03

misex3 300 14 1 336 0.80 0.50 0.13 0.10

c1355 300 41 2 342 0.64 0.76 0.90 0.73

alu4 551 14 2 801 1.32 0.93 0.24 0.22

c3540 791 50 4 932 1.99 1.96 2.32 1.76

c6288 2 239 32 18 393 5.48 4.92 6.12 4.89

Table C-10: Simulation times for FSM-like PIs
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Spatiall y Correlated P atterns

Low Active P atterns

Cir cuit
Name

Gates PIs
Toggles/

1000

Simulation Time [s]

Logic NoDel GPS CS

misex2 69 25 310 0.17 0.17 0.16 0.12

f51m 112 8 862 0.26 0.24 0.05 0.05

bw 135 5 723 0.33 0.21 0.01 0.01

c1908 245 33 1 634 0.50 0.49 0.81 0.72

alu2 270 10 1 360 0.65 0.49 0.25 0.21

misex3 300 14 1 431 0.80 0.55 0.42 0.29

c1355 300 41 2 186 0.65 0.71 1.25 1.15

alu4 551 14 2 550 1.33 0.86 0.54 0.55

c3540 791 50 4 975 1.97 1.95 3.08 2.59

c6288 2 239 32 17 598 5.52 4.75 8.13 7.34

Table C-11: Simulation times for spatially correlated PIs

Cir cuit
Name

Gates PIs
Toggles/

1000

Simulation Time [s]

Logic NoDel GPS CS

misex2 69 25 75 0.16 0.03 0.11 0.07

f51m 112 8 261 0.25 0.06 0.03 0.03

bw 135 5 255 0.33 0.07 0.01 0.01

c1908 245 33 828 0.50 0.21 0.71 0.44

alu2 270 10 544 0.66 0.16 0.22 0.17

misex3 300 14 420 0.77 0.13 0.35 0.26

c1355 300 41 1 146 0.61 0.29 1.12 0.65

alu4 551 14 1 043 1.29 0.28 0.92 0.57

c3540 791 50 1 881 1.92 0.52 2.56 1.21

c6288 2 239 32 10 870 5.25 2.31 8.26 5.63

Table C-12: Simulation times for low active PIs
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Sequential Cir cuits

C.2.3 Signal Grouping

Related to section4.6.4

Theexperimentsin this sectionwereperformedon a SunUltra Sparc1, 170MHz, 192MB
main memory, running Sun Solaris 2.5.

Legend

Gr parametergroup size
Gr = ’-’ without any optimization
Gr = ’opt’ optimized withCS

Blocks number of blocks

Time [s]: simulation time in seconds

Combinational Cir cuits

Cir cuit
Name

Gates PIs FF
Simulation Time [s] Blocks

Logic NoDel CS before after

S382 162 3 21 0.32 0.06 0.01 35 060 2 023

S386 161 7 6 0.30 0.09 0.04 394 336 7 861

S820 293 18 5 0.74 0.26 0.36 97 630 64 173

S1196 533 14 18 1.16 0.45 0.81 121 138 87 150

S1494 649 8 6 1.30 0.28 0.12 48 563 10 007

S5378 2781 68 179 5.01 1.68 4.02 576 726 586 610

S9234 5601 19 228 8.97 0.56 2.41 174 408 167 112

Table C-13: Simulation times for patterns of sequential circuits

Cir cuit Gr

Uncorrelated Patterns FSM-lik e Patterns

Blocks
Time

[s]

Err or [%]
Blocks Time

Err or [%]

global local max. global local max.

c499

- 410 191 401 910

opt 292 058 1.05 273 957 0.96

12 90 504 0.73 0.12 0.84 18.9 12 256 0.20 0.17 1.32 21.64

8 44 778 0.57 0.26 1.26 35.9 8 152 0.12 0.34 1.75 37.15

4 1 166 0.03 0.39 4.38 28.4 941 0.02 0.19 5.27 57.29

2 192 0.01 1.21 22.15 270.7 197 0.01 0.47 12.99 201.22

Table C-14: Combinational circuits with different group sizes
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c880

- 598 610 588 854

opt 465 453 1.86 445 326 1.74

12 126 823 0.67 0.03 2.22 40.6 26 877 0.19 0.07 5.15 66.22

8 53 993 0.37 0.33 2.24 23.4 16 137 0.14 0.53 4.24 35.05

4 1 602 0.03 0.04 11.53 125.5 1 429 0.03 0.13 13.36 100.00

2 258 0.02 2.96 33.63 137.7 287 0.02 0.30 31.15 101.76

c1908

- 329 256 324 321

opt 220 935 3.00 204 093 2.76

12 80 345 1.76 0.17 0.96 23.6 10 509 0.33 0.05 0.89 34.69

8 38 386 1.17 0.07 1.37 39.9 6 422 0.22 0.27 2.19 28.96

4 981 0.08 0.10 5.67 100.0 693 0.07 1.39 7.90 97.79

2 134 0.06 2.20 17.33 108.3 140 0.05 1.04 14.93 327.87

c6288

- 319 955 314 206

opt 212 232 12.03 195 235 11.98

12 62 822 8.13 0.10 1.17 17.0 6 838 1.56 0.26 2.97 34.56

8 21 985 4.31 0.01 1.85 16.0 6 430 1.48 0.08 3.08 44.10

4 758 0.35 0.19 8.67 98.7 664 0.29 0.31 10.00 83.10

2 143 0.17 2.40 25.99 236.6 129 0.17 0.90 23.69 258.79

c7552

- 2 071 326 2 036 899

opt 1 852 682 19.62 1 807 714 19.63

12 502 340 11.79 0.09 1.22 23.5 43 201 2.05 0.08 3.37 56.13

8 202 622 5.56 0.10 1.79 31.6 53 314 2.06 0.04 3.26 93.48

4 5 147 0.91 0.56 8.42 95.6 5 071 0.88 0.40 9.90 280.65

2 926 0.76 0.09 23.80 337.3 908 0.80 0.05 22.70 221.89

Cir cuit Gr

Uncorrelated Patterns FSM-lik e Patterns

Blocks
Time

[s]

Err or [%]
Blocks Time

Err or [%]

global local max. global local max.

Table C-14: Combinational circuits with different group sizes
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FSMs

Cir cuit Gr Blocks
Time

[s]

Err or [%]

global local max.

s328

- 35 060

opt 3 071 0.06

12 518 0.02 8.28 16.53 144.9

8 370 0.02 7.82 22.35 162.8

4 108 0.02 24.40 46.30 475.8

2 76 0.02 18.90 41.42 539.4

s820

- 97 630

opt 87 427 0.53

12 25 252 0.14 4.60 11.03 86.4

8 11 215 0.05 7.63 15.03 150.7

4 527 0.02 5.08 33.00 246.9

2 101 0.02 0.22 54.13 509.8

s1196

- 123 138

opt 112 972 1.17

12 23 003 0.28 11.17 18.14 110.8

8 6 313 0.09 16.73 23.78 179.8

4 572 0.04 18.27 37.68 661.5

2 203 0.03 21.82 71.88 940.0

s1494

- 48 563

opt 15 440 0.27

12 2 231 0.06 4.50 0.85 10.1

8 2 272 0.07 3.86 4.16 13.9

4 253 0.04 6.75 2.11 13.6

2 96 0.04 6.75 21.67 36.1

s9234

- 174 408

opt 235 701 3.18

12 40 196 1.60 14.88 14.23 126.9

8 26 370 1.55 18.63 20.99 121.4

4 16 765 1.46 24.25 27.36 175.2

2 16 448 1.46 2.36 29.11 220.2

Table C-15: The logic parts of some FSMs with different group sizes
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C.3 Real Delay Power Estimation
Related to chapter 5.

Legend

bitwise: ASSeT in a bitwise mode

pure: pure set simulation withoutDPS andschedule compression

DPS: simulation with DPS

5%, 20%, 50% schedule compression with δ=5%, 20% or 50%

word: PAPSAS withoutDPS andschedule compression

Max. Error: maximum gate related error

Std. Deviation: standard deviation of the gate related errors

C.3.1 ASSeT versus Synopsys

Related to section 5.2.3.

Cir cuit
Name

Load Independent Delays Load Dependent Delays

Hazard
Rate [%]

Simulation Times [s] Hazard
Rate [%]

Simulation Times [s]

bitwise ASSeT Synopsys bitwise ASSeT

c432 24.6 136.5 35.4 130.6 29.0 139.3 35.4

c499 28.6 173.0 39.0 178.0 28.6 176.6 38.2

c880 33.3 301.5 164.8 298.0 34.2 305.1 160.7

c1355 54.5 484.0 238.9 282.3 33.2 430.5 236.2

c1908 43.5 741.1 206.7 369.2 45.0 749.3 776.5

c2670 29.0 988.5 301.4 1769.3 45.2 480.8 299.1

s820 4.9 137.8 1.7 24.9 13.9 137.9 2.2

s1196 9.2 232.1 7.4 45.5 15.4 233.9 9.3

s5378 6.0 1167.5 23.5 523.0 5.8 1168.7 34.5

s9234 9.8 2299.1 35.8 844.9 9.6 2300.4 43.4

s13207 10.0 3485.7 33.4 3285.4 11.3 3519.2 35.9

s15850 27.0 4227.3 119.9 2851.3 25.1 4218.0 154.1

Table C-16: Simulation times of ASSeT and Synopsys
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C.3.2 ASSeT, PAPSAS and Optimizations

Related to 5.3.2, 5.4.1, and 5.4.2.

In theseexperimentstheloaddependenceof thegatedelayswastakeninto account.Sincea
suitableSynopsyslibrary wasnot available, the compareto Synopsyshad to be omitted.
The sequentialcircuits s13207, s15850, and s35932were simulatedwith purely random
patterns. Hence, they can be considered as large combinational circuits here.

Runtimes

In thefollowing tabletheruntimesof bitwisesimulation,ASSeTandPAPSASaredepicted.
For ASSeT pure denotesset basedsimulation without schedulecompression.DPS was
omittedfor thesmallercircuits,sinceit doesnot improve theperformanceof ASSeT. How-
ever, for the larger circuits DPSwasusedto keepthe memoryrequirementsbelow 1GB.
Those circuits are marked with an asterisk.

Cir cuit
Name

Hazards
[%]

Runtime [s]

Bit-
wise

ASSeT PAPSAS

pure 5% 20% 50% word DPS 5% 20% 50%

c432 29.0 139 35 26 13 9 21 6 3 1.6 1.0

c499 28.6 177 38 11 8 6 27 8 2 1.1 0.9

c880 34.2 305 161 92 46 26 49 18 11 4.8 2.7

c1355 33.2 431 236 95 44 30 72 19 10 4.6 2.9

c1908 45.0 749 776 250 120 64 204 139 34 10.7 5.0

c2670 45.2 1091 299 183 118 82 199 61 28 14.0 9.4

c3540* 51.5 1408 722 670 537 329 432 369 170 33.5 12.4

c5315* 50.8 2221 1276 1087 895 303 611 465 139 36.4 16.6

c6288* 92.5 7758 11680 9140 5357 3064 7301 7136 2519 282.1 88.4

c7552* 53.5 3410 2186 1869 1483 879 1066 797 212 57.1 25.9

s13207* 13.1 5679 484 435 357 253 528 66 17 15.6 33.2

s15850* 25.7 7190 1736 1836 1518 643 919 191 124 73.4 47.4

s35932* 55.3 16585 8788 4652 2528 1926 3966 349 237 176.7 143.3

Table C-17: Hazard rates and runtimes of real delay simulations with random patterns
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Errors of Sc hedule Compression

Sequential Cir cuits

The patternsfor the following experimentweregeneratedby high level simulationof the
sequential circuits.

Cir cuit
Name

Global Err or [%] Local Err or [%] Max. Err or [%] Std. Deviation [%]

5% 20% 50% 5% 20% 50% 5% 20% 50% 5% 20% 50%

c432 0.0 0.1 0.3 0.0 0.1 0.7 0 1 5 0.1 0.2 1.3

c499 0.5 0.2 0.4 0.7 1.3 0.7 5 9 5 0.9 2.1 1.1

c880 0.0 0.1 0.9 0.0 0.1 2.6 0 3 55 0.1 0.3 8.1

c1355 6.7 1.5 2.5 6.6 2.4 4.8 54 14 43 13.0 3.2 6.5

c1908 0.0 0.0 0.8 0.3 1.4 3.2 9 17 25 0.8 2.5 5.3

c2670 0.1 0.3 3.5 0.1 2.7 7.6 27 963 1677 0.9 28.4 49.3

c3540 0.1 0.2 0.7 0.2 1.3 3.3 29 70 46 1.0 3.5 6.1

c5315 0.2 0.6 0.6 0.2 2.3 3.2 22 35 33 0.9 4.8 5.1

c6288 0.5 0.8 1.4 1.1 1.5 4.0 7 25 25 1.3 1.9 4.7

c7552 0.1 0.2 0.3 0.2 1.6 3.0 42 115 110 1.2 6.6 5.3

s13207 0.0 0.1 1.1 0.0 0.7 2.4 8 83 78 0.2 3.8 8.2

s15850 0.3 0.3 0.7 0.3 1.0 1.9 56 68 89 2.3 4.2 5.2

s35932 1.7 0.3 0.3 1.9 0.8 1.4 27 21 12 4.5 2.7 2.3

average 0.2 0.3 0.7 0.3 1.1 2.5 22 110 169 2.1 4.9 8.4

Table C-18: Error rates of schedule compression for different δ

Cir cuit
Name

Hazards
[%]

Runtime [s]

Bit-
wise

ASSeT PAPSAS

pure 5% 20% 50% word DPS 5% 20% 50%

s820 13.9 139 2.2 2.1 1.9 1.5 2.2 9.4 0.9 0.9 0.8

s1196 15.4 235 9.3 8.1 6.0 4.3 21.5 4.4 3.5 2.4 1.6

s5378 5.8 1171 34.5 28.6 20.9 15.0 79.9 11.9 9.5 6.9 5.2

s9234 9.6 1563 43.2 38.8 29.8 22.3 121.7 17.9 15.9 12.4 9.3

s13207 11.3 3510 35.8 35.2 33.1 29.4 189.3 19.3 19.1 18.4 17.2

s15850 25.1 2883 154.7 106.1 73.5 51.7 240.7 46.9 41.6 31.4 24.3

Table C-19: Hazard rates and runtimes of real delay simulations with RTL generated patterns
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C.4 Probabilistic Simulation
Related to chapter 6.

For all simulationswith BDDsamemorylimit of 1GBwasused.C6288couldonly besim-
ulated with local BDDs. Otherwise its BDDs exceed the memory limit.

Legend

vectors/1000: number of test vectors for logic simulation divided by 1000
prob.: probabilistic simulation with XOR-BDDs

max: maximum gate related deviation from/to logic simulation.

C.4.1 Correlation Layers

Related to section 6.2.5.

Accurac y of Logic Sim ulation

Cir cuit
Name

Vectors/
1000

CPU [s] Memory [MB]
Deviation [%]

global local max

c432

prob. 2.81 14.681 --- --- ---

1 0.07 1.418 1.006 5.135 23.171

2.5 0.12 1.770 1.028 3.050 10.361

10 0.34 3.564 0.072 0.931 4.353

25 0.87 7.112 0.039 0.752 3.576

100 3.56 24.888 0.003 0.736 3.459

250 9.16 60.409 0.013 0.793 3.266

1000 42.27 238.060 0.043 0.846 3.689

c499

prob. 163.41 365.069 --- --- ---

1 0.09 1.508 0.297 3.729 48.387

2.5 0.13 1.910 0.138 2.168 26.452

10 0.41 3.941 0.053 0.995 14.839

25 0.96 7.996 0.113 0.701 7.871

100 3.99 28.280 0.036 0.504 4.516

250 10.56 68.879 0.005 0.410 2.872

1000 47.67 271.893 0.023 0.320 2.502

Table C-20: Probabilistic compared to logic simulation
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c880

prob. 31.20 95.913 --- --- ---

1 0.17 1.779 0.500 4.714 34.783

2.5 0.24 2.344 0.289 2.969 28.000

10 0.68 5.260 0.357 1.777 21.333

25 1.56 11.052 0.126 1.039 11.373

100 6.55 40.109 0.078 0.890 5.097

250 17.01 98.215 0.002 0.758 4.850

1000 78.82 388.883 0.034 0.820 3.707

c1355

prob. 530.04 836.019 --- --- ---

1 0.21 1.811 0.102 3.484 48.387

2.5 0.28 2.229 0.176 2.165 26.452

10 0.72 4.302 0.056 0.903 14.839

25 1.70 8.447 0.146 0.732 7.871

100 6.31 29.156 0.096 0.621 4.516

250 16.09 70.616 0.070 0.545 2.872

1000 78.69 277.947 0.074 0.477 2.502

c1908

prob. 57.93 111.338 --- --- ---

1 0.29 2.016 0.802 3.519 50.000

2.5 0.39 2.393 0.305 2.011 41.176

10 0.98 4.261 0.150 0.759 17.647

25 2.17 7.972 0.117 0.716 8.267

100 8.42 26.592 0.050 0.575 6.615

250 21.78 63.825 0.056 0.542 6.646

1000 105.22 249.947 0.066 0.530 4.640

c2670

prob. 12.44 74.859 --- --- ---

1 0.71 3.597 0.213 3.672 46.667

2.5 1.02 5.834 0.171 2.496 25.333

10 2.74 16.942 0.052 1.173 10.667

25 6.29 39.159 0.011 1.074 7.467

100 25.80 150.324 0.013 0.789 6.167

250 69.54 372.655 0.000 0.702 4.267

1000 memory limit exceeded

Cir cuit
Name

Vectors/
1000

CPU [s] Memory [MB]
Deviation [%]

global local max

Table C-20: Probabilistic compared to logic simulation
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Najm’s Appr oximation ver sus XOR-BDDs

c5315

prob. 7.61 46.916 --- --- ---

1 1.22 4.326 0.380 3.767 47.541

2.5 1.58 6.129 0.218 2.368 31.818

10 3.62 15.148 0.036 1.052 12.667

25 7.74 33.154 0.014 0.820 7.297

100 29.75 123.192 0.047 0.678 4.848

250 75.58 303.318 0.084 0.596 4.293

1000 memory limit exceeded

c7552

prob. 9.57 52.446 --- --- ---

1 1.93 5.530 0.379 4.115 84.615

2.5 2.39 7.652 0.287 2.453 40.645

10 5.48 18.269 0.140 1.077 22.029

25 10.92 39.486 0.053 0.924 13.231

100 41.26 145.597 0.062 0.635 6.492

250 104.71 357.770 0.043 0.557 4.696

1000 memory limit exceeded

Cir cuit
Name

XOR-BDDs Najm’s Approximation

CPU [s]
Memory

[MB]
CPU [s]

Memory
[MB]

Err or [%]

global local max

c432 21.751 3.48 19.522 4.45 96.714 114.415 565.5

c499 372.409 160.33 58.172 45.73 558.698 6.580 48.4

c880 107.685 32.34 37.750 16.20 147.845 193.730 6513.3

c1355 840.041 520.18 362.341 132.78 334.412 56.531 303.2

c1908 117.712 57.71 54.084 18.40 220.759 111.742 8183.3

c2670 120.333 16.79 80.250 15.68 128.798 63.833 1386.2

c5315 81.683 10.94 56.304 9.72 138.624 37.595 15157.8

c7552 92.882 13.44 99.206 27.12 134.751 48.315 3074.2

Table C-21: Najm’s approximation versus XOR-BDDs

Cir cuit
Name

Vectors/
1000

CPU [s] Memory [MB]
Deviation [%]

global local max

Table C-20: Probabilistic compared to logic simulation
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XOR-BDDs with and without Correlation La yers

C.4.2 Local BDDs

Related to section 6.3.4.

Bloc k Size for Local BDDs

Thefollowing 9 circuitswereusedto investigatethedependenceof resourcerequirements
and accuracy on block size: c432, c499, c880, c1355,c1908,c2670,c3540,c5315and
c7552.Becauseof thehugeamountof data,tableC-23 presentsonly theaveragesover all
five circuits.

Cir cuit
Name

without Corr elation Layers with Corr elation Layers

CPU
[s]

Memory
[MB]

Deviation [%] CPU
[s]

Memory
[MB]

Deviation [%]

global local max global local max

c499 162.39 373.6 1.81 3.32 59.1 1948.33 952.6 0.02 0.69 9.5

c880 32.30 107.7 0.85 10.29 109.5 128.67 115.1 0.15 1.01 13.0

c1908 57.85 117.8 0.56 2.37 75.6 1036.73 248.9 0.05 0.58 12.2

c2670 16.80 120.4 0.52 18.48 433.2 197.75 103.3 0.17 0.89 14.8

c5315 10.89 81.6 1.60 12.56 385.7 107.81 68.5 0.05 0.70 12.4

c7552 13.35 92.8 2.05 11.12 459.7 147.80 77.6 0.04 0.67 28.1

s298 0.39 8.6 20.67 66.70 795.2 0.50 7.4 1.65 4.09 63.9

s820 25.02 68.1 10.34 26.08 341.4 185.49 72.5 5.86 9.19 93.0

s953 3.28 15.3 10.25 22.15 107.9 56.41 22.1 7.26 12.48 114.7

s1196 6.97 27.1 12.73 15.02 49.8 265.43 204.2 8.05 9.88 34.3

s1238 6.88 27.1 13.85 15.68 49.8 263.64 200.7 8.73 10.26 34.3

s1488 2.23 10.8 33.97 67.57 667.9 21.23 13.7 2.87 4.01 46.2

s1494 2.27 10.8 35.26 67.03 684.4 20.61 13.0 2.86 3.95 44.5

Table C-22: XOR-BDDs with and without correlation layers

Block
size

CPU [s] Memory [MB]
Deviation fr om Logic Simulation[%]

global local max

4 4.48 58.3 1.10 6.03 224.6

5 4.60 58.4 0.90 4.66 200.1

6 4.75 58.5 0.54 3.90 174.3

7 4.94 58.7 0.51 3.85 215.2

8 5.18 59.0 0.50 3.77 220.8

9 5.49 59.3 0.55 3.47 222.0

Table C-23: Resource requirements and accuracy for different block sizes
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Local BDDs f or Combinational Cir cuits and FSMs

10 5.85 59.7 0.42 3.18 148.9

11 6.46 60.5 0.37 2.64 111.6

12 7.22 62.5 0.40 2.68 99.4

13 8.13 63.3 0.28 2.37 124.8

14 11.16 77.1 0.29 2.31 124.9

15 15.76 90.5 0.28 2.30 118.9

16 22.09 101.2 0.28 2.21 109.3

17 33.76 130.2 0.29 2.12 106.7

18 62.52 197.0 0.25 2.01 99.2

19 72.47 199.7 0.19 1.91 94.0

Cir cuit
Name CPU [s]

Memory
[MB]

Deviation fr om Logic Simulation [%]

global local max

c432 3.09 15.4 1.79 5.29 63.8

c499 3.69 16.7 0.26 1.15 18.1

c880 33.85 57.0 0.02 2.16 26.2

c1355 5.59 25.4 0.23 0.68 17.6

c1908 4.61 24.2 0.08 1.04 77.3

c2670 135.34 79.8 0.42 3.06 141.4

c3540 16.81 50.6 0.05 5.66 252.1

c5315 80.78 97.5 0.37 2.75 245.6

c6288 138.01 673.4 3.60 8.32 299.3

c7552 118.37 115.4 0.18 4.05 1188.8

s298 0.53 7.9 1.65 4.09 63.9

s820 4.94 11.0 6.39 10.80 262.6

Table C-24: Local BDDs for combinational circuits and FSMs

Block
size

CPU [s] Memory [MB]
Deviation fr om Logic Simulation[%]

global local max

Table C-23: Resource requirements and accuracy for different block sizes
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s953 8.49 12.7 8.46 14.01 114.5

s1196 18.00 20.2 7.14 9.29 42.2

s1238 17.70 20.2 7.62 9.91 42.1

s1488 12.10 20.1 6.26 9.13 447.8

s1494 12.52 20.1 6.72 9.49 454.7

s5378 104.21 134.8 8.18 14.17 288.9

s9234 169.50 381.2 5.96 7.88 123.8

s13207 116.70 345.4 0.29 1.76 529.5

Cir cuit
Name CPU [s]

Memory
[MB]

Deviation fr om Logic Simulation [%]

global local max

Table C-24: Local BDDs for combinational circuits and FSMs
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Appendix

D
Example for the Covering

Algorithm

This appendixgivesan elaborateexampleof the covering algorithmthat waspresentedin
chapter6. Consider the circuit of figure6-16, which is repeated here for convenience.

A subcircuitB with a maximumnumberof gatesanda limited numberof secondaryinputs
L for gatea is to be found.

Initial P arameter s

• L = 3

• B = {a}

• IB = {b, c}

• fB = L-|IB| = 1

Step 1

We start with building the subsetsXi from the input setIB and build the according cost list:

Figure D- 1: Circuit to find a local BDD for

i X i nc n+ EX

0 b, c 1 1 d, e, g

1 b 0 1 d, e

2 c 0 1 d, g

Table D-1: Cost list of gates b and c

a
b

c
d

e

f

g

h

j
m

n

k

l
i
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X0 is addedto the currentblock sinceit hashighestpriority and . X0 is removed
from the cost list and the other two entries are updated, resulting in an empty cost list.

Current P arameter s

• B = {a, b, c}

• IB = {d, e, g}

• fB = 0

Note that the algorithm continues although .

Step 2

The cost list needs to be recomputed on the basis of the currentIB since it is empty:

The covering algorithm choosesX0 to be added to the current blockB.

Current P arameter s

• B = {a, b, c, d}

• IB = {e, f, g}

• fB := fB - n+(X0) = 0

Figure D- 2: Gates b and c have been added

i X i nc n+ EX

0 d 1 0 f

1 d, g 1 1 f, i, j

2 e, g 1 1 h, i, j

3 e, d 1 1 f, h, j

4 g 0 1 i, j

5 e 0 1 h, j

Table D-2: Cost list of gates d, e and g

n+ 0
f B≤

a
b

c
d

e

f

g

h

j
m

n

k

l
i

f B 0=
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Step 3

X0 is removed from the cost list and the remaining entries are updated:

fB=0 but all remainingelementsof thecostlist requireanadditionalSI. Therefore,thecost
list is recomputed on the basis of the currentIB.

Figure D- 3: Gate d has been added

i X i nc n+ EX

0 e, g 1 1 h, i, j

1 g 0 1 i, j

2 e 0 1 h, j

Table D-3: Cost list after eliminating gate d from all entries

i X i nc n+ EX

0 f, g 2 0 i, j

1 e, f 1 1 h, i, j

2 e, g 1 1 h, i, j

3 f 0 1 i, j

4 g 0 1 i, j

5 e 0 1 h, j

Table D-4: Cost list of gates e, f and g

a
b

c
d

e

f

g

h

j
m

n

k

l
i



Example for the Covering Algorithm

210

Now, anotherpairX0={f , g} canbeaddedto theblockwithout increasingthenumberof SIs.

Current P arameter s

• B = {a, b, c, d, f, g}

• IB = {e, i, j}

• fB = 0

Step 4

Updating the cost list yields

Now, gatee can be added without any additional cost.

Current P arameter s

• B = {a, b, c, d, e, f, g}

• IB = {h, i, j}

Figure D- 4: Gates f and g have been added

i X i nc n+ EX

0 e 1 0 h, j

Table D-5: Cost list after gates f and g have been removed

Figure D- 5: Gates f and g have been added

a
b

c
d

e

f

g

h

j
m

n

k

l
i

a
b

c
d

e

f

g

h

j
m

n

k

l
i
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• fB = 0

Step 5

Sincegatee hasbeenremoved,thecostlist is emptyandmustberecomputedon thebasis
of the currentIB.

X0 is added to the current block, since it has highest priority and it even increasesfB.

Current P arameter s

• B = {a, b, c, d, e, f, g, h}

• IB = {i, j}

• fB = 1

i X i nc n+ EX

0 h 1 -1

1 h, i 1 0 k, l

2 h, j 1 0 m, n

3 i 0 1 k, l

4 j 0 1 m, n

5 i, j 0 2 k, l, m, n

Table D-6: Cost list of gates h, i and g

Figure D- 6: Gate h has been added

a
b

c
d

e

f

g

h

j
m

n

k

l
i
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Step 3

The cost list then results in

Theorderof X0 andX1 hasbeenchosenarbitrarily sincebothentrieshave equivalentprop-
erties.Now X0 is addedto B andwe obtainthefinal block thatcannotbeextendedany fur-
ther:

Final Parameter s

• B = {a, b, c, d, e, f, g, h, i}

• IB = {j, k, l}

• fB = 0

i X i nc n+ EX

0 i 0 1 k, l

1 j 0 1 m, n

2 i, j 0 2 k, l, m, n

Table D-7: Cost list after gate h has been removed from all entries

Figure D- 7: Final block

a
b

c
d

e

f

g

h

j
m

n

k

l
i
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