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Introduction N

1

1.1 State-of-the-Art

1.1.1 IC Technology

For morethan20 yearsnow, progressn IC technologyhasbeendrivenby the ever decreas-
ing featuresizeandthusincreasingcompleity of circuitsthatcanbeintegratedontoa sin-

gle chip. This developmentwas predictedby GordonMoore of Intel Corporation.It has
becomeknown asMoore's Law [Moor 75]: “The numberof transistos per chip and thus

design compbaty doubles eery 18 months”

Tablel1l-1 depictsthe SlA-forecastfor trendsin microelectronicsfor the next 15 years
[SIA 97].

Year 1997 2001 2006 2012
minimum feature size [nm] 250 150 100 50
maximum clock frequernyc[MHz] 750 1500 3500 | 10.000
transistors/chip 11M 40M 200M 1.4G
Supply wltage [V] 1.8-25| 1.2-1.5| 0.9-1.2| 0.5-0.6
power dissipation (stationary dees) [W] 70 110 160 175
power dissipation (mobile deces) [W] 1.2 1.7 2.4 3.2

Table 1-1: Trends in microelectronics

With the advent of deepsubmicrontechnologythe major designlimitations andtherefore
the optimizationobjectvesduring the designprocesshave changedsubstantiallyUntil the
early 1990s mostdesignsvereareaandspeedimited. Consequentljthefocusof the opti-
mizationefforts wasput on thesetwo points.But today asmorethan10 million transistors
areavailableon a singlechip, areais nota majorconcernanymore.lt hasbeenreplacedoy
the questionhow to copewith the compleity of a multi-million transistordesign.This fact
hasbecomepopularasthe”DesignGag'. It is notthesilicontechnologythatrepresentshe
bottleneckin microelectronicsbut the productvity of the designerandthe tools that sup-

23



Introduction

portthe designprocessWhile thetechnologicallyfeasiblecompleity is growving exponen-
tially over time, design productvity, measuredn transistorsper designerand day for
instance, gras only little more than linearly (figurke-1).

10
2
=
©
5 7
S
E —— Technology
Ny —-— Design
2
x
9 4
Q.
=
o
o

1

Year

Figure 1- 1: Design Gap [SIA 97]

A widely acceptedneansto dealwith compleity is the top down designstyle. Starting
from a highly abstractspecificationof the systemto be developed, the designteam
approacheshe final solutionthroughstepby steprefinementof the original specification.
Thewholetop down designprocessanbe depictedwith the Y-chart[Gajs83]. It represents
the 3-dimensionablesignspace Eachaxis depictsa specificview on the design:behaior,
structure andgeometry The concentriccirclesdenotethe differentdesignlevels. Thelevel
of abstractiordecreaseffom the outerlevelsto theinnerones.The centerwherethe three
axisintersectyepresentthedesigngoal:thefinal layoutdataof the chip. Thedesigneusu-
ally startswith a systemspecificatioron the behaioral axis. Theintersection®f thedesign
levelsandthe axisdenotedesigndata,whereaghelinesbetweertheintersectiongepresent
transformationsThereexist several possiblewaysfrom the systemspecificatiorto the cen-
ter of the Y-chart, which dependon the designstyle, e.g. full custom,standardcell, or
FPGA based.

All the designstepscan be considereceither as synthesisstepswhich direct towardsthe
center asanalysisstepswhich directaway from the center or astransformationgrom one
view to anotherfRetti 96]. Of coursejn orderto closethe designgap,it is highly desirable
to automateasmary stepsof thedesigncycle aspossible OnRTL (RegisterTransferLevel)
andbelow, mostsynthesisfransformationandanalysistasksarealreadywidely automated
andcommerciatoolslik e logic synthesizersyHDL simulatorsor placeandroutetoolsare
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available.However, for today’s multimillion transistordesignssimilar toolsfor higherlev-
elsareindispensableAlthough muchresearcthasbeendonein this field andis still ongo-
ing, only analysis tools l& simulators hae reached commercial maturity s f

Behavior Structure
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S Controller / datapatt

Register transfé
/ .
Boolean e(}uatlon

Logic gates
Transistors

Differential ethuatio
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“—e@-Mask polygons

Logic Level
N
Retﬁter Transfer Level—® Cells

Algorithms

Macro cells
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\TPartitioning

Geometry

Figure 1- 2: The Y-chart [SIA 97]

But growing compleity anddecreasindeaturesizesalsoinfluenceotherareasn IC tech-
nology [SIA 97]. Test becomesanore and more costly, sincethe numberof test vectors
which are requiredfor a certaintest coveragegrows exponentiallywith circuit size. The
wiring delayall of a suddenpredominateshe gate delaysincethe transistorsandthe gate
capacitancebave becomesosmall.Lastbut notleast,the growing numberof transistorper
chip andincreasingoperationfrequenciegesultin high power consumptionThis limits the
batterylivesof mobiledevicesbut it alsoinfluencesstationarymachineghroughincreasing
cooling and packagingcosts.Thus, low power designhasregainedlots of interestasthe
third design paradigm, beside area and speed.
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Consequentlynew tools and methodologiedor low power designare required[SIA 97].

Feasibility of systemson a chip crucially dependson newv analysisand simulationalgo-
rithms. Parallelism must be exploited wherever possible.Novel designtools that support
andexploit hierarchicabdesignstylesmustbecomeavailablein orderto increaseéhedesign-
ers’ productvity.

1.1.2 Low Power Design

From all the problemsthat were outlinedin the previous section,the focusis put on low
power designin this section.Thetermlow powerdesignincludesall effortsthataremadeto
optimize circuits for laver paver consumption. It can bewuitied into two subcatgories:

» Pawver Estimation:techniquego estimatethe power consumptionof digital cir-
cuits. It is highly desirableto develop estimationtechniquedor ashigh aspossible
designlevels. Therearetwo propertiegshatmake power estimatiorharderthane.g.
delayestimation.Pover consumptiordoesnot only dependon staticcircuit prop-
erties like structureand supply voltage, but also on the input patternsthat are
appliedto thecircuit. Henceonly statisticalstatementsanbe made Furthermore,
onhigherdesignlevels,it is not possibleto give anabsoluteestimateof theaverage
power consumptionin Watt. More abstractmetricslike signal activity, are used
insteadin orderto comparedifferentdesignshatimplementthe samefunctional-
ity.

» Power OptimizationandLow Power SynthesisCircuits optimizedfor high speed
andlow areaconsumptiorarein mostcasesiot the optimumimplementatiorfrom
a power consumptiorpoint of view. Therefore ,dedicatedmethodsand synthesis
tools for the designof low power circuits mustbe developedfor all levels of the
design hierarch

Today commerciatoolsfor power estimatiorandsynthesisarelimited to thetransistorand
gatelevel. Thelatterarestill on a very rudimentarylevel, though.EPIC software* offersa
quite adwvancedset of tools for power analysison layout and transistorlevel [Huan95].
SYNOPSY Shasextendedits gatelevel synthesigool designanalyzer[SyLi 96] by some
basicpower estimationandlow power synthesisapabilities.Therearehardlyany commer-
cial tools aailable for R level and abwee.

1.2 Objectives and Content of this Thesis

In the previous section today’s mosturgentproblemsin IC technologyweredemonstrated.
In asingledissertatiorit is not possibleto cover themall. Eventhe specificareadik e anal-
ysis, test,andsynthesisanbe dividedinto a multitude of specific,unsohed aspectsEach
of themrepresents field of researcHor itself with its specificmathematicabnd physical
terms, models, and methodologies.

1. EPIC software has just recently merged with Synopsys.
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Thisthesisis thereforerestrictedto a subdomairof thelow powver design.Themainfocusis
put on the developmentof novel power estimationtechniquesn gatelevel. But sincelow
power designcannotberestrictedto a singlelevel, somevery specificdesignaspect®n cir-
cuit level will be touched too.

In the power estimationdomain,two typesof tools canbe obsered. They areeitherbased
on explicit simulationor on probabilisticmethodsBoth have their specificadvantagesand
dravbacks.But for ary tool, two mostly contradictoryrequirement®xist: speedandaccu-
ragy. For bothestimatiormethodsovel approacheareproposedn thiswork. By combina-
tion with advancedmethoddrom the existing literaturesignificantimprovementof the state
of theartcouldbeobtainedlt will beshavn in alaterchapteithatpower estimationon gate
level can be reduced to the estimation of signaViiets.

In contrastto the top down designmethodmentionedn sectionl.1.1,this thesisfollows a
bottomup stratey. This stratgy hasprovento be superiorfrom a didacticalpoint of view.
The rest of this wrk is therefore @anized as follass.

Chapter2 reflectsthe mathematicahnd physical backgroundhatwill be usedin the later
investigations. Graphtheory Booleanfunctions,and probability theory are introducedas
well as CMOS technology The origin of power dissipationand differenttime modelsare
explained in detail because thare closely related to gpower estimation method.

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

Chaptergl to 6 representhecoreof thisthesis.They introducenovel ideasin power estima-
tion on logic level. Chapter4 outlinesthe state-of-the-arin probabilisticand patternsimu-
lation basedpower estimationbeforeit presentsa new, settheorybasedmethod.Sincethis
methodwas first limited to the zero delay model, chapter5 describesan approachthat
extendsit to any more sophisticatedlelay model. This approachcould also be appliedto

another very efficient simulationmethodthat was publishedin the literatureand hasalso
beenrestrictedto the zerodelaymodelsofar. Furthermorethe effect of simplificationsin

thetime modelfor the estimatiornresultis investigated.Chapter6 dealswith the problemof

improving accurag as well asruntime for probabilistic simulation methods.Througha
combinationof traditional,BDD basedprobabilisticmethodsandpatternsimulation,it was
succeedeth accuratelyhandlingcorrelationdbetweerthe primaryinputsignalsof a circuit.

They mustbe neglectedin most probabilisticsimulatorstoday Significantspeedup was
tradedfor a slight lossin accurag by a dynamicalpartition algorithmwhich is also pre-
sentedn chapter6. All statement the chapters3 to 6 aresupportedy extensve simula-
tion results.

Chapter7 concludeghis work with a summaryof the nev methodswhich have beendevel-
opedin this work anda final discussiorof theresults.It alsogivessomehints,wheremore
extensve investigations are promising and could be of interest.

Finally, chapte8 gives an gtended summary of this thesis in German.
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2

This chaptercompactlypresentghe backgroundwvhich is necessaryo understandhe rest
of this work. Dueto the natureof the problemsin designandanalysisprocesseghe back-
ground is drided into two domains: mathematics andygits.

Mathematicgprovide the abstracmeandor datamodelingandprocessingT he mathemati-
cal sectionstartswith a shortintroductioninto setand graphtheory asboth are usedfor

several purposesn this work. Anotherbasicdomainare the Booleanfunctions.They are
formally definedand their specificpropertiesand theoremsare briefly revisited. Boolean
functionscanbe efficiently representednd manipulatedusing Binary DecisionDiagrams
(BDD). As they will beappliedfor probabilisticsignalactiity estimationaterin this work,

their basicconceptsaaswell asthe mostfundamentahlgorithmsfor BDD manipulationare
outlined here.Finally, probability theory is explainedwith a specialemphasison binary
variables.Termslik e signaland switching probability or correlationand statisticaldepen-
dence are defined.

The physical backgrounds divided into two subsectionsThe first dealswith CMOStech-
nology asthe basisfor mostdigital circuit implementationdgoday Commonbulk technol-
ogyis explainedaswell asnew trendsdlik e Silicon-on-Insulator(SOI), T-gatetransistoyand
3D-intgyration. The secondpart takes a closerlook on the origin of power dissipationin
CMOScircuits. It will becomeobviousthat power dissipationdividesinto threeclasseof
different importance: dissipation due to leakage, short circuit and capatitrents.

Time modelsbelongsemanticallyto the physicalbackgroundBecauseof theirimportance
for the simulationandpower estimationprocessthey werereseredfor a separatelastsec-
tion.

2.1 Mathematical Background

This sectioncanonly have arefreshingcharacterFor deepelinsight pleaseconsultthe ref-
erences gen at the bginning of each subsection.

2.1.1 Set Theory

Settheoryprovidesa formal meando handlesets,elementf sets,andrelationsbetween
them. The definitions are in close accordance with [l6afje[Marc66], and [Lipp92].
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Thetermsetis ubiquitousin mathematicsHowever, it is usuallyleft undefinedA setcon-
sistsof mathematicabbjectswhich arecalledelementsThe setis the totality of theseele-
ments[Marc 66]. If anelementx belongsto a setSwe sayx is elemenof Sor x I S. If an
elemenix does not belong to the setve write:x 0 S.
Definition 2-1: Empty Set [

Theempty seis the set without anelement. It is denoted hy.

Definition 2-2: Subset

If every elemenk of a setX also belongs to a s¥tthenX is asubsebf Y and we
write: X O Y.

If XOY andY O X, thenX andY areequal X = Y.

If XOY but X#£Y thenXis aproper subsetdfY and we writeX O Y.

Definition 2-3: Union and Intersection

Theunionof two setsX andY is thesetwhich containsall elementghatbelongeither
to X, to, or to both:
XOY = {x|xOXOxOY}

Theintersectionof X andY is the set of all elements commondandY:
XnY ={x|xOXOxOY}

Definition 2-4: Complement

ThecomplemenkX of asetX is the setwhich containsall elementghatdo not belong
toX: B
X = {x|xOX}

Definition 2-5: Ordered Pair
An ordered pair(x,y) denotes a set of melements one of which is designated as the
first element of the pailThus(xy, y;) = (X5, Y,) if and only if (ff) x; = X, and
Y1 = Yo

Definition 2-6: Cartesian Product

The Cartesian poductof X andY is the set of all ordered paipsy) with x(OX and
yoly.
XxY = {(x,y)|xOXOyOY}

Definition 2-7: Binary Relation

For any two setsX andY, asubsetR [ X x Y is calledabinaryrelationonXtoY, ora
relationbetweerX andY. Then(x, y) O R is usually written agRyand reads:x
bears relation R to ¥. (X,y)JR is denoted agRy.
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Definition 2-8: Reflexivity

A relationR is reflexive if xRxfor all xOX. If xRxfor noxOOX, thenR is calledantire-
flexive

Definition 2-9:  Symmetry
If for all pairs(x,y)xRyimpliesyRx thenRis calledsymmetriclf therearesome(x,y)

with xRyandyRx,thenR is asymmetri@andif xRyalwaysimplies yRx thenR s anti-
symmetric

Definition 2-10: Transitivity
If for all element,y,Z1X xRyandyRzimpliesxRzthenR is transitive

Definition 2-11: Equivalence Relation

A binary relationR on setX is called arequivalenceelationif R is refleive, sym-
metric, and transite. For an equialence relatiofiR we usually writex~yinstead of
XRy

Definition 2-12: Partial Order

A binary relatiors is called gpartial order if it is reflexive, transitve, and antisym-
metric.

Definition 2-13: Power Set

GivenasetX, thesetof all subset®f X (includingd andX itself) is calledthe power
set of Xand is denoted biy(X).

Definition 2-14: Partition

Let X beanon-emptyset.Any subsefl of P(X)which doesnot contain] is calleda
partition if each element ok belongs to one and only one of the element3. of

Definition 2-15: Cover

Let X be a non-empty set. ArsubseC of P(X) which does not contail is called a
coverif each element oK belongs to at least one of the elementS.of

Definition 2-16: Block
The subsets of a ger or a partition are callddodks.

Note thatthe definitionsfor a partition and cover are quite similar, but whereasa partition
requiresthat eachelementof X belongsto exactly one block of the partition, the require-
mentsfor a cover arewealer: all elementof X mustbein atleastoneblock of the cover.
Thus,ary partitionis a cover aswell, but not vice versa.Figure2-1 shavs anexampleof a
partition and a cover. On the right handside, the hatchedregions denotethe overlapping
portions of the adjacent subsbts;, andb, erespectrely.
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Partition Cover

Figure 2- 1: Partition and cover of the set X

2.1.2 Graph Theory

Graphsare one of the basicmeansfor modelingand manipulationof dataand relations
betweendatain electronicdesignautomation(EDA). They are commonlyusede.g. for
netlist or Booleanfunction representationas well asfor solving floorplanningand place
androuteproblems.The definitionsin this paragrapHollow thosein [Tutt 84], [DeMi 94],
and [Boll98].

Definition 2-17: Graph
A graphG(V.E) is anorderedpair (V, E). V is a set,its elementsy; arecalledvertices

Eis abinaryrelationonV, its elements, arecallededges Theedgesarepairsof ver-
tices, also calleénd-pointsof the edge.

An edge isncidentto a \ertex if this vertex is one of the end-points of the edge.

Definition 2-18: Directed and Undirected Graph

A graph is airected gaphif the edges are ordered pairs, otherwiseundirected.
Undirected edges are denoted{tayv;}, directed edges bfy;,vj) wherey; is thehead
andy,; is thetail of the edge.

In thiswork, only finite graphsshallbe consideredwherebothsets,V andE, arefinite sets.
Other graphs are callexfinite.
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Graphsarecommonlyillustratedby diagrams.The verticesare depictedasdotsor circles,
which arelabeledby the nameof thevertex. An edgebetweertwo verticesis representetly
aline which connectghetwo vertices(figure 2-2a). Directededgesaremarked by anarrow
attheendof theline thattoucheghe secondrertex of theedge(figure2-2b). A graphis said
to be planar, if it hasa diagramon a planesurfacesuchthat no two edgescross.The two
graphs in figur@-2 are planar

(a) undirected graph (b) directed graph

Figure 2- 2: Graph illustration
Thedagyreeof a \ertex is the number of edges incident to it.

Besidegheir representatioby a vertex setandanedgeset,a graphG(V,E) canalsoberep-
resented by aimcidence matrixvhich is defined as foles.

Definition 2-19: Incidence Matrix
Theincidence matridB(G)=(b;) of a graphG(VE) is thenxm matrix defined by:

0 1 if visthe head ofe
O

bij = 0 -1 if v;isthe tail ofe;
0
0 O otherwise

Thus,n corresponds to the number @trtices andn to the number of edges of
G(VE). An incidence matrix can also be defined for undirected graphs. In that case,
b;=1 if v; is element of the edge:

Both, directedand undirectedgraphscanbe weighted Weightscanbe attachedo vertices
and/or edges. In that case, a grapreisex and/oredge weighted.
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Undirected Graphs

Definition 2-20: Isomorphic

Two graphsaresaidto beisomorphicif thereis aoneto onecorrespondendeetween
their vertex setsthatpreseresadjaceng. ThusG;(V4,E,) isisomorphicto G,(V,,E))
if there is a bijectior] : V; - V, such thaf x, y} O E, iff {O(x), O(y)} DE,.

Definition 2-21: Adjacency, Loop, Simple Graph, Multi-Graph

Two verticesareadjacentto eachotherif thereis anedgeincidentto bothvertices An
edgewith two identicalend-pointss calledaloop. A graphwithoutary loopis asim-
ple or astrict graph Otherwise it is anulti-graph.

A second important matrix that can be defined on graphs &lfaeency matrix.

Definition 2-22: Adjacency Matrix
Given graphG(VE), its adjacency matriA(G) = (g;) is defined by:

01 if {v;,v;} OE(G)
P — |:|
% 0 0 otherwise

The adjacencmatrix for an undirected graph isvays symmetric.
Note,definition2-22 canbeappliedto directedgraphsf thebraclets{} arereplacedy ().

Definition 2-23: Walk, Trail, Path, Cycle
A walkis analternatingsequencef verticesandedgesaA trail is awalk with distinct

edges while pathis a valk with distinct ertices. Acycleis a closed alk with dis-
tinct vertices.

If all vertex pairsof agrapharejoinedby a path,this graphis connectedAn acyclicgraph
hasno cyclesandif it is alsoconnectedit is calledatree Verticesof treesarealsocalled
nodes.Sometreeshave a distinct nodewhich is calledroot. Sucha treeis calleda rooted
tree Nodes that are adjacent to only one other nodkeaves

A graphis saidto be chordal or triangulatedif every cycle with morethanthreeedgegpos-
sesses ehord, i.e. an edge which joins banon-consecute \ertices in the ycle.
Definition 2-24: Subgraph

A graphGgVg Eg) is calledsubgaphof G(VE) if VoOV andEgOE.If U OV,

the subgrapinduced or spanned by id the maximal subgraph &i(V,E) whose

edges hee both end-points ib.

Definition 2-25: Bipartition, Bipartite Graph

A bipartition of agraphG(U,E) is anorderedpair (V,W) of complementargubset®f
U such that each edge Bthas one end-point M and the other iV, A bipartite
graphis one that has a bipartition.
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A bipartitegraphcanhave neithera loop nor a chord.Figure2-3 shaws a bipartite graph.
The two setsvV andW are markd grg and white.

Figure 2- 3: Bipartite graph
Directed Graphs

Most conceptof undirectedgraphscanbe straightforvardly extendedo directedgraphsby
replacingedgeswith edgeswith thesamedirection But directedgraphsallow for somespe-
cific definitions that deal with the direction of the edges.

The indegree and outdgyree of a vertex arethe numbersof edgeswherethe vertex is the
head and the tail, respaaly.
Definition 2-26: Dag

A directed, agclic graph is called dag. Dags represent partially ordered sets.

The netlistof a combinationakircuit is a dag.In a dag,vertex v is calledthe successopf
vertex wif vis theheadof a pathwhosetail is w. We alsosay w is readablefrom v. Under
the samepreliminariesy is the predecessoof w. If thereis anedge(v,w) thenv andw are
direct pedecessoanddirect successorespectiely.

Definition 2-27: Polar Dag

A dag ispolar if it has two distinguished ertices with the follawing properties. One
vertex, thesink,is reachabldrom all otherverticeswhile from onevertex, thesource
all other \ertices are reachable.

The graph in figur@-2b is a polar dag,ertex a is its source andertex c its sink.
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2.1.3 Boolean Functions

Any combinationalor sequentialigital circuit canbe expressedasa setof booleanfunc-
tions. Thus,the theoryof Booleanfunctionsprovidesthe mathematicafoundationfor cir-
cuit analysisandmanipulation.Theterminologyproposedn this sectioncorrespondso the
one which is used in [Bafi7] and [DeMi94].
Definition 2-28: Boolean Algebra

A Boolean algbra BA = [B, [, A] is defined by a s&, two operations] andA,

andHuntingtons postulates
1. Completeness: a, b0B: aldb0B andaAb B
2. Commutatity: [a b B: allb = bJa andaAb = bAa
3. Distributivity:  Oa, b, c0B: (aldb)Ac = (aAc)l(bAc) and
(aAb)c = (allc)A(bOc)
4. One-elemente: [(E0B: DallB: alle = a
Null-elementn: ChOB: JaldB: aAn = a
5. Complement: OalB:[&OB:ala = n andala = e

Definition 2-29: Binary Boolean Algebra

In abinary Boolean algbra BA,=[{0,1},-,+] the seB has only tw elements: is
calledconjunction + is calleddisjunction 1 is the one-elemem O is the null-ele-
mentn. 1=0 and0=1. A binary Boolean algebra is also calksitching algebra.

In a binary Booleanalgebra,. and+ aresometimesienotedas& and[l] respectrely. The
expressiom:-bcan be abbreated byab and in(a-b)+(c-d) the brackts can be omitted.

Thefollowing propertiecanbedirectly derivedfor binaryBooleanalgebragrom Hunting-
ton’s postulates:

1. Associatvity: a+t(b+c) = (a+b)+c and allblt) = (alb) [t
2. ldempotence: ata=a and ala=a

3. Absorption: at+(alb) = a and al{a+b) = a

4. DeMorman's Lav: (a+b) = alb and (alb) = a+b

5. Involution: (a = a

Any instanceof a variable,eithernegatedor not, is calleda literal. A productof literalsis
called acubeand a sum of cubes isabeset

In this work only binary Boolean algebras are considered.
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Definition 2-30: Boolean Function

A completely specified Boolean functiera mapping from the-dimensional Bool-
ean space to the-dimensional Boolean space:

f:B" - BM
An incompletely specified, scalar Boolean funci®a mapping

f: S - Bwith SIB".

The points wherég is not defined are calletbn't care conditions (DC)An incom-
pletely specified Boolean function can egléntly be defined as

f:B" - {0,1,5}™,
where the symbdi denotes a DC conditionoFeach output, the subsets of the
domainfor whichthefunctiontakesthevalues0, 1, and* arecalledtheoff set,onset,
anddc sefrespectiely.
Any specific ectorb = (bgh;...13,.1) is also called pattern.b; = - is equvalent to
b, = 00b; = 1. The symbot is calledinput dont care or briefly don't care (DC).

Definition 2-31: Cofactor

Thecofactor f, of a Boolean functiorf (xy, X, ..., X;, ..., X;,) with respect to ari-
ablex; is f, (Xg, Xp, ... Xy ooy X)) = F(Xq, X9, 2001, 00, X)) Thecofactorf)z of f

with respect to ariablex; is fo = f(Xp % 00,0 X))
The following theorem allvs to decompose @rBoolean function into cefctors.

Theorem 2-1: Shannon’s Expansion
Letf: B" - B. Thendi=1...n

F(Xg oo Xy ooy X)) = % Oy X O =+ ) QX +10).

Shannon’sexpansionwas first publishedin [Shan38], a prove can also be found in
[Hach96]. Any functionf: B" — B canberepresentea@sa sumof productswith n literals
by recursve expansion.Theseproductsare called minterms Using the secondform of
Shannors expansionthe samefunctioncanbe expressedisa productof sumsof n literals.
ThesesumsarecalledmaxtermsThetwo representationarealsocalledmintermandmax-
term canonical formrespecitiely.

For powver estimation, the folleing operand is essentially important.

Definition 2-32: Boolean Difference, Boolean Derivative
TheBoolean diferenceor Boolean derivativef f(xy, ..., X, ..., X,) with respect to

variablex is 91 = f, 0 1.

The symboll denotes the XOR operation which is defined as by
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Definition 2-33: XOR [
allb = ab+ab

The Booleandifferenceindicateswhetherthe functionf is sensitve to changesn the vari-
ablex;.

Althoughthe following two definitionsoriginatefrom the codingtheory[Boss92] they are
also applied for pwer estimation purposes.

Definition 2-34: Hamming Weight
Given a Booleanactorb = (bgb;...b,.1), its hamming weighivt(b) is defined by

n-1

wi(b) = 3 b;.

i=0
Definition 2-35: Hamming Distance

Given two Boolean ectorsa= (g@a;...8,.1) andb = (lyb;...h,.;) theirHamming Dis-
tance disté,b) is gven by

wi(ab) = ' 'a 0b;.

Hence the HammingWeightdenotegshe numberof 1sin a Booleanvectorwhile the Ham-
ming Distance is the number of féifent literals between twBoolean ectors.

2.1.4 Binary Decision Diagrams

Binary Decision Diagrams (BDD) were first introduced by Lee [Lee59] and Akers
[Aker 78]. But only after the publicationof Bryant [Brya 86] in 1986they have startedto

gain widespreadisein mary areasof designautomationlik e test, verification,and power

estimation.This sectiongives a shortoverviev over BDDs and someof their extensions.
However, it cannotcover all the differentflavors of BDDs and FDDs that were developed
for differentpurposesluringthe lastdecadeTheinterestedeaderis referredto two excel-

lent textbookswhich provide an introductionto all kinds of decisiondiagrams]Mina 96]

and [Sas®6].

Definition 2-36: Ordered Binary Decision Diagram

An Ordered Binary Decision Digram (OBDD)is a rooted, directed gra@(V,E).
Each non-leaf ertex v has an attribte index(v) {1, 2, ..., n} and two children
low(v) andhigh(v)JV. index(v) assigns one of the inpuarnables{x4,%...,x,} to node
v. A leaf \ertex has an attribte value(v)JB.

For ary vertex pair{v, low(v)} and{v, high(v)} suchthatno vertex is aleaf, thefollow-
ing expressions must be true:

index(v) < index(low(Vv))
index(v) < index(high(v)).
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The last two requirementsn definition2-36 introducea variable order which guarantees
agyclic graphs.
Definition 2-37: OBDD evaluation

An OBDD with rootv denotes a functioff such that:

1. If vis a leaf, therf ' = value(v). _ i
2. If vis not a leaf andndex(v) = i, thenf’ = x Of Y™ 4 x f ")

Accordingto theorem2-1, f ') andf M9h) mustbe the two cofactorsof f with respecto
variablex. Hence,the decompositiorof definition2-37.2representsa Shannors expan-
sion.

Two BDDs areisomorphicif thereis aone-to-onemappingbetweerthevertex setsthatpre-
senes adjaceny, indexes, and leaf values.Two isomorphicOBDDs representhe same
Boolean function.

It is one major strengthof OBDDs that they offer a canonicalrepresentatiorf Boolean
functions. Hevever, canonicity requires the rewal of ary redundang in the OBDD.

Definition 2-38: Reduced Ordered Binary Decision Diagram

An OBDD is saidto beareducedOBDD (ROBDD) if it containsneitherary vertex v
with low(v) = high(v), norary vertex pair{u,v} suchthatthesubgraphsootedin u
and inv are isomorphic.

OBDD

low(Vv) high(v)

Figure 2- 4: OBDD and ROBDD for C + ab

ROBDDscanbederivedeitherfrom OBDDsby areductionalgorithm[Brya 86] or they can
be directly reducedduring constructionusing the unique-table It implementsa hashtable
thatcontainsa key for eachvertex of a ROBDD. Thekey is atriple, which is composedf
thecorrespondingariableandtheidentifiersof theleft andright children.Wheneer anev
vertex is to be addedto the OBDD underconstructiona lookupin the unique-tableallows
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to checkwhethera vertex alreadyexiststhatimplementshe samefunctionalityasrequired.
Figure2-4 shavs an OBDD andits 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
shaed BDDor amulti-rooted BDD.

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

Figure 2- 5: Shared ROBDD for f; = C+ aband f, = al{b+ C)

Definition 2-40: ITE Operator

Given three scalar Boolean functiohsy, andh, ite(f, g, h) = f [g+ f [h which
is equvalent to" If f Then gElse h”.

The benefit of the ITE operator is based oa facts:

1. It canbeusedto constructand manipulateBDDs sinceall functionsof two argu-
ments can be implemented using the ITE operator (2ab)e
2. It can be ery eficiently implemented using look-up tables [De®4].
BDDs arevery sensitve to the variableorder For mostpracticalBooleanfunctions,good

variableordersexist suchthatthe sizeof the BDD grows only linearly with the numberof
variableswhile for unfavorable orders,they can grow exponentially Thus, finding good
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Operator | ITE Form Operator | ITE Form
0/1 0/1 f ite(f, 0, 1)
fg ite(f, g, 0) f+g ite(f, 0, Q)

fOg ite(f, g, 9) fOg ite(f,g,9)
f+g ite(f, 1, 9) fy ite(f,0, 1)

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

variableordersis crucialfor efficient BDD operationsHowever, the optimalordercanonly
be found for relatively small functionssincethe problemis NP-completegfSasad6]. For
larger functions heuristics are applied. Goadable orders he two empirical properties:

1. Local computability variablesthatarecloselyrelatedto eachothershouldbe kept
nearto eachother For instance giventhe function f = x;X, + X3X, + X5Xg the

variable pairs; andx,, X3 andxy, X5 andxg should be &pt adjacent.

2. Powerto contmol the outpu: the inputsthat greatly affect the function shouldbe
locatedin higherpositions E.g.the selectorinput of a multiplexer shouldbein the
highest position.

Unfortunately both conditionsare often contradictoryandin sharedBDDs, the different
functionsmay have different optimal orders.Several heuristics,like the dynamicweight
assignmentnethod[Mina 90] or the minimumwidth method[Mina 96] and mary others
wereproposedn the past.But the developmentof new heuristicsis still subjectto ongoing
researchEven the bestmethodsthat are known today performgoodon mary circuits but
they fail on several othersand/orhave very long runtimes.FurthermoreBryanthasproven
that there exist inherentlycomplex circuits which are exponentialin size for all possible

variable orders [Bry&6]. Multipliers represent such a circuit type of practical importance.

Extensions to BDDs

Startingfrom ROBDDs, several extensionsof BDDs were proposediuring the lasttwelve
years. Those that did influence thisnwwill be presented in the sequel.

The first classof extensionsare attributed edges like negative edges input inverters, and
variable shiftes. They are used to further compress the BDD.
Definition 2-41: Negative Edge

A negative edg has an attribte« which indicates that the function of the subgraph,

pointedto by theedge shouldbecomplementedn orderto keepcanonicity two new
constraints must be introduced for BDDs witlyaté&ve edges:

e Omit the O-terminal.
« Don'’t nggate the 1-edge.
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Negative edges pnade the follaving adwantages 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

fOof = 0, f+f=1,andfOf = 1.

Figure2-6ashavs anexampleof aBDD without andwith negative edgeswhile the corver-
sion rules for the 0-node andga¢ed 1-edges are depicted in figurél®-

AZA

(a) Effect (b) Rules

Figure 2- 6: Negative Edges

Inputinvertersaresimilarto negative edgesThey specifythatthe0- and1-edge®f thenext
nodeshouldbe exchangedThis canbe consideredsinvertersfor theaccordingnput vari-

able.Justlik e negative edgesjnputinvertersrequirespecialconstraintsn orderto presere
canonicity

Variableshifterscanbe usefulif thereexist two subgraphshatareisomorphicexceptfor a
differencein theindexes.Thevariableshifterindicatesthata certainintegernumbershould
be added to the inges. A detailed description can be found in [Me&.

Attributesare not only attachedo edgesbut alsoto the BDD nodes,which changegheir
functionality.

Definition 2-42: Ordered Kronecker Functional Decision Diagram (OKFDD)

In anOrdered Kionedker Functional Decision Digram (OKFDD)each ariable has
an attritute that defines the decomposition type of the nodes withahae ind&.
The decomposition type can be one of the failhg three types:

1. Shannon f=x O, +x 0 (S)

2. Positve Davio f = f)?i 0 x; E(f; [ fxi) (pD)
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3. Negative Davio  f = f, Ox Qf-0f,)  (nD)

A vertex v with labelx; is then galuated by

1. Shannon fV = X |:fhigh(v) + )?I Eflow(v)
2. Positve Davio fy = Flowew) B X Bhighw)

3. Negative Davio  f,, = o) 0 % Frigney)
depending on the atttilte ofx;.

Hence,an OBDD canbe considerecasan OKFDD, whereall variablesare of the Shannon
type.Dueto the additionaldegreeof freedom,OKFDDs canresultin substantiallysmaller
representationhanBDDs. They still don't solve the problemof multiplier representation,
though. Like for BDDs, there exist specialreductionrules and heuristicsfor OKFDDs.
Detailedexplanationwould go beyondthe scopeof this introduction.Theinterestedeader
is referred to [Sas@6] and [Dre96].

2.1.5 Probability Theory

This sectiongives the most important definitions and results of the probability theory
Detailedintroductionscanbe foundin [Papo65] and[Haus77]. For topicsthatarerelated
to binary signals [Najm3] should be consulted.

Definition 2-43: Probability

Given is a seb of events{s;,s,,...5}. The certainentC is the union of all possible
eventss:

The probability of an @ents; is a numbeP(5) assigned to thisvent.P(5) has the
following properties:

* P(s)=0
« P(C) =1
* P(s O sj) = P(s)) + P(sj) if 5 ands; are mutually rclusive

Definition 2-44: Elementary Event, Probability Space
If all the elements of are mutually rclusive, thens,,s,,...s are callecelementary
eventsandSis aprobability spacep; denotes the probability of the elementavere
s:P(s) = p

The elementf the probability spaceS arearbitrary abstracievents.Givenfor instancea

setA thatconsistsf carsin thethreecolorsred, blue,andyellow. ThenS= {red,blug yel-
low} andp,.q denotes the probability that a ceandomly chosen from, is red.
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Definition 2-45: Conditional Probability

Given two eventsa, b with nonzero probabilitythen theconditional pobability of a
assuming bs defined by

P(an b)
P(b) -

Bayestheoemdescribegherelationshipbetweerthe conditionalprobabilitiesof two vari-
ables:

P(alb) =

Theorem 2-2: Bayes Theorem
P(alb) [P(b) = P(bja) [P(a)

Definition 2-46: Statistical Independence

Two eventsa andb are calledstatistically independent P(anb) = 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 ariablex: S - R s a real function whose domain is the probability
spaceSsuch that:

1. The sefx<x} is an @ent for ary real numbex.
2. P({x=+o}) = P({x=-0}) = 0.

Theconcepbf randomvariablesallows to transferarny abstracprobabilityspaces into the
domain of the real numbers where the feilog terms can be defined.

Definition 2-48: Distribution Function
Thedistribution functionof the random ariablex is the function

F.(X) = P({x=<x}).
It is defined for ap number fromroo < X < +00.

Definition 2-49: Probability Density
The function
Hnet dF (x)
) = dx

is called theprobability densityor density functiof the random ariablex.

Definition 2-50: Expected Value, Mean
Theexpected valuer meanE(x) of a ranogom ariablex is defined as

E(x) = Ixfx(x)dx
E(x) is sometimes denoted pg —o0
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Themeanis a special case of the more general telwmentwhich is defined ne.

Definition 2-51: Moment, central moment.
Thenth momenand thenth cental momenbf a random ariablex are defined by

m, = E(x) = J’xnfx(x)dx and

cm,, = E((x—p,)") = J’(x—px)nfx(x)dx,

respectely.

Somemomentggot specialnamesdueto their practicalimportanceThefirst moments the
meany,. Thesecondcentralmoments calledvariance its squareootis the standad devi-
ation a,. There &ists an interesting relation between tlagiance and the second moment:

E(X°) = -+ (2-1)

Sometimesgt is necessaryo modelthe statisticalrelationsbetweentwo or more random
variablesThereforemostdefinitionsof asinglevariablecanbeextendedo a multi-variable
form.

Multi-V ariab le Statistics

Definition 2-52: Joint Distribution, Joint Density

Thejoint distribution and thgoint density functiorof two random wariablesx andy
are defined by

0°F,y (X, Y)

Fy(X,y) = P({x<x,y<y}) andf, (x,y) = oxdy

respectely.

Definition 2-53: Joint Moments, Joint Central Moments

Thejoint momentandthejoint cental moment®f two randomvariablesx andy are
defined by

m,, = E(xky') = J’ J’xkylfxy(x, y)dxdy and
cmy, = E((X—ux)k(y—uy)') = J'J'(X—ux)k(y—uy)lfxy(x, y)dxdy,

respectely.
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. . 2 . . .
cmy, is also called covariance oy, . Equation2-1 can be extendedfor two dimensional
moments:

2
ny = E(Xy) - ux“y ( 2-2 )
Definition 2-54: Correlation Coefficient

Thecorrelation co€icient Iy Of two random wariablesx andy is defined by

2
N

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

+ Two random wariables are calledncorrelatedif E(xy) = pyj.
* They areorthogonalif E(xy) = 0.
* They areindependentf f,,(x,y)=f (x)f,(y).

If two ragdomvariablesg y areuncorrelatedtheir correlationcoeficientr, andtheir cova-
riance oy, arezero.Dependingonthesignof r,,, we alsosaythey arepositivelyor nega-
tively correlated. Independerdiniables are alays uncorrelatedud not vice ersa.

Stoc hastic Pr ocesses

The conceptof stodasticprocessess fundamentato probabilistictreatmenbf signalpro-
cessing systems.

Definition 2-56: Stochastic Process

Given an gperimentE specified by its outcomes The outcomes form the probabil-
ity spaceS by certain subsets &calledeventsand by the probabilities of these
events. If a time functior(t,s) is assigned tovery outcomes according to a certain
rule, x(t,s) is called sstotastic pocesslUsually the second parametezan be omit-
ted.

Figure2-7 illustratesthe definition of a stochastiqgprocessThe stochastigorocessconsists
of afunctiongeneratoandoneor mary multiplexers. The function generatoiG generates
anarbitrarynumberof time functionsx;(t). Eachmultiplexer selectsoneof thesefunctions,
dependingn therandomeventss, or s,. Thus,the signalsx(t,s,) andx(t,s,) aresamplesof
stochastigrocessedf s, ands, arerandomeventsof the samespaceS, thenx(t,s,) and
X(t,5,) aretwo sampleof onestochastiprocesx(t,s). TheNAND-gaterepresentsa system
wherethesetwo signalsare appliedto. It is importantto note that the functionsx;(t) are
deterministic,it is the selectionof specificfunctionsthatintroducesthe probabilisticchar-
acter Thus,x(t,) is arandomvariablefor fixedt,. This allowsto directly transferthe defini-
tions of distrilution, densitymoment, and all the related terms to stochastic processes.
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Sa

X . X(t,S5)

Xn:(t) -
Sb - (1)

X(t,Sp)

Figure 2- 7: A stochastic digital system

Definition 2-57: Distribution, Density
Given a stochastic procesd) one defines the folaing terms:

« Density F,(x,t) = P({x(t)<x})

oF, (X, 1)
[1)4

* Distribution: f (x,t) =

» Joint Density F,, (X, t;;Xo, t5) = P({X(ty) < X4, X(t5) < X5})
2
0 F (Xq, t X5, 1)

+ Joint Distribution: f,, (X, t;;X5, t,) = o
10%2

The density and joint density are also cafiest andsecond ader distritutions,
respectiely.

The momentsaredefinedaccordingto definitions2-51 and2-53for specifictime instances
t;, for instance:

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

(o]

K (t) = E(x(t)) = Ixfx(x, t)dx.

—00

In general, all moments are functions of time.

Definition 2-59: Autocorrelation, Autocovariance

TheautocorelationR(t;,t,) of a process(t) is the joint moment of the randoran+
ablesx(t;) andx(ty):

00 00

R(ty, t,) = E(X(ty), X(t,)) = J’J’xlxzfxx(xl, t1:Xo, ty)dx dx,

—00 —00

Theautocovarianceis defined by
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Cty, tp) = E([x(ty) —py(t)] OX(t5) — py(tr)])
Equations 2-1 and 2-2 can also be applied to the autocorrelation and theaaoce.
If the autocorrelatiorof a procesds not zero, the processs saidto be tempoally corre-
lated. If the correlationof two processesloesnot disappearthey arespatially or mutually
correlated
Definition 2-60: Strict Sense Stationary

A stochastiprocess(t) is strict sensestationary(SSSJf its statisticsarenotaffected
by a shift in the time origin.wWo processes(t) andy(t) arejointly SSSf their joint
statistics are not fcted by a shift in the time origin.

Definition 2-61: Wide Sense Stationary

A stochastic procesgt) is wide sense stationary (W3Bi}s mean is constant:
K, (t) = p, and its autocorrelation does only depend®an-t,: R(t;, t,) = R(T).

Definition 2-62: Mean Ergodic
A stochastic process is callatean egodicif

1 T/2
m 3 [ 0 b
-T/2

Note that mean godicity requires constant mean.

Meanergodicity hasvery importantpracticalconsequence©nly for a meanergodic pro-
cessit is possibleto determinean estimateof i, by finite time obsenation of a singlesam-
ple ofx(t).

Logic Signals

For logic signalsthereareonly two events{0,1}. Najm hasprovenin [Najm 93] thatalogic
signalis alwaysa sampleof a SSSnean-egodic0-1 processMoreover, this procescanbe
built from a single signat(t).

Definition 2-63: Companion Process

Given a logic signak(t) and a randomariablet, uniformly distrituted wer R. The
companion pocess of x(tjs the 0-1 stochastic processean by:

x(t) = x(t+71).

Using the companionprocessit is possibleto derive estimatedor all statisticalproperties
of theprocesx(t) from a singlesamplex(t). In practice x(t) canbe obtainedrom a simula-
tion of the system under consideration.

Definition 2-64: Signal Probability
Thesignal pobability p, or P(x) of a signal(t) is the probability fox to bel:
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1T/2
Py = TlleT I x(t)dt.
-T/2

The signal probability is also calledjuilibrium piobability.

The signalprobability is identicalwith the meanof the accordingcompanionprocess(t).
In practice the exactvalueof p, is usuallynot known, but anestimatep, canbe obtained
by finite time obsemtion ofx(t):

)
e = X0k (23)
0

In aclockeddesign x(t) changests valueonly onceperclock cycle. In thatcasetheintegral
degenerates to a sum.

Py = %Dzr: XUH) = %Dzr: " (2-4)

Estimates for other moments can be obtained accordingly

Definition 2-65: Transition Density

Let ny(T) be the number of transitions in the logic sigr@l in the interal
(-T/2, T/2] Then thdransition densitys defined as

n,(T)
-

D(x) = Ilim
T 5 o0

The transition density ges the gerage number of transitions per time unit.

Theorem 2-3
Givenx(t) andy(t) as the companion processes ab tagic signals(t) andy(t). If
x(t) andy(t) are uncorrelated then thare also statistically independent.

Prove
If x(t) andy(t) areuncorrelatedhenE(xy) = HyHy = P(x)P(y).Andaccordingo
definition 2-53:

o0 ©0

E(xy) = I Ixyfxy(x, y)dxdy =1L [P(xny) = P(xny).

—00 —00

Thus P(xy) = P(X)P(y).o
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Mark off Chains

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

Definition 2-66: Markoff Chain

Given an ordered set of rando@rsables(x,, X, ..., X,) where
x; O{ay, a,, ..., ay} . If for all x; we hae

F(xn|xn_l, Xp_o eeey X1) = F(xn|xn_1)

that means, each randomriable depends only on its direct predecegben such a
set is called Markoff chain.

As alreadymentionedbefore,Markoff chainsare usedto model FSMs. x; representshe
stateof themachinen clockcyclei anday,a,,...a arethe 2™ possiblestatesof anFSMthat
consistof mflip flops.In an FSM, the next statedependnly on the currentstateandthe
current input ector lut not on preious states.

Figure2-8 shawvs the automatagraphof a two stateFSM. This FSM canbeinterpretedasa
Markoff chain witha;=a anday=b.

Figure 2- 8: Two state Markoff chain

2.2 Physical Background

2.2.1 CMOS Technology

The MOS (metal oxide silicon) technologyhasbecomethe dominanttechnologyfor the
designof VLSI circuitsfor severalreasonsMOS transistorsenablemuchhigherintegration
densitieghantheir predecessorshe bipolar transistorsdueto their simplestructure Fur-
thermore they work at muchlower supplyvoltagesandstaticcurrentsarenegligible which
avoids expensve cooling devices.Comparedo othermaterialslik e the 3-5 semiconductor
GaAs, silicon is cheapand easyto manufcture.Figure 2-9 showvs the schematicsand a
cross-section of a CMOSverter

50



Physical Background

y GND
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|: n-substrate

E \etal ZZ2 p*-diffusion S np*-diffusion

B Sio, == Polysilicon gate (input a)

\Y

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

Besidesometechnologicaparametersthe maximumoperationfrequeny of a MOS tran-
sistordepend®n the channelengthL andthe parasiticcapacitancewhich aredepictedn
figure2-10. Thelatterinfluencealsothe dynamicenegy consumptiorof thetransistoyasit
will be shavn later

Metal

|
= Si0,

TCGate 772 ntdi .
CSource-l— | —|— Drain p™-diffusion
== Polysilicon gate

n-substrate

SN n*-diffusion

Figure 2- 10: Parasitic capacitances and channel length of a MOS transistor

Silicon-on-Insulator

While the corventionalMOS transistoris producedoy diffusing the drainsinto bulk mate-
rial, the SOI (Silicon-on-Insulator)transistoris build on top of a SiO, substrate.SOI

reachesven higherintegrationdensitiessinceit doesnt requireary areaconsumingwells

[Alle 97]. Furthermorethe parasiticdrainandsourcecapacitancearedramaticallyreduced
becaus®f theinsulationof thetransistorsThis resultsinto fastercircuitswith lower power

consumption.

Problemsof the SOI technologyare relatedto productioncost and the channelcontact.
Today the costfor an SOl waferis ratherhigh comparedo a bulk CMOS wafer. But this
may changen the nearfuture asproductioncapacitiesor SOl will beincreasedThechan-
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nel contactposesa designproblemsinceary contactrequiresadditionalchip areaandcon-
sumesvaluablerouting space.lf the active layer is thin enough,the channelcan be left
floating without severeelectricaldravbacks[Coli 91]. However, circuit level simulationof
floatingchanneltransistorsequiresupto four timesthe CPUtime asbulk contactedransis-
tors [Maye 98] sincethe floating channelcannotbe efficiently modeledwith the existing
transistor models.

Vop y GND . \etal
== Sio,
; == Polysilicon gate
v v N N
W77 NN N\ ey
&N nt L— n

Figure 2- 11: Inverter in SOI technology
T-Gate

Figure2-12 depictsa T-gatetransistor The T-shapedjateis obtainedby laterally growing a
spaceron an oxide edge[Dude 96], [Dude97]. The thicknessof the spacercan be very
accuratelycontrolledby thetime of the growing processThus,the effective channelength
of the transistorbecomesindependentfrom the lithographic resolution. According to
[Dude 97] aneffective channelengthasshortas0.1 pum canbereachedvith a 0.8 um pro-
cess.

l  \etal
= SiO,

zz1 p*-diffusion

== Polysilicon T-gate

N-substrate

Figure 2- 12: T-gate transistor

Thereducedchannelengthresultsin a higherdrive strengthof thetransistomwhich enables
to designminimumwidth transistorsSincethe areaof the parasiticgate capacitoris deter-
minedby the channellengthandthe transistorwidth, the gate capacitanceés dramatically
reduced.Both effects, reducedchannellength and minimum width transistorsresultin
increased performance andavier paver consumption.

3D-CMOS

In 3D-CMOSan NMOS anda PMOStransistorare stacled above eachother The simpli-
fied structureof a 3D-CMOStransistorpair is depictedin figure 2-13 [Retti 96]. Thejunc-
tion of the n- andp-drainworksin the tunnelbreakthroughmode[R00s93]. If the stacled
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transistorsare optimally utilized, the chip areacanbe reducedasmuchas40% [Abou 98]
which leadsto higherperformanceandlower pover consumptionOn the otherhand,the
3D-structurgposesigh demand®ntheroutingtoolsbecaus®f the high contactdensityon
the chip surface.Therefore multiplexer basedogic stylesareto be preferred.They allow
the stackd transistor pair to share their drain aategontacts [Rod33].

n- p-
source source

drain
. \letal

== Polysilicon Gates

Field

vz2 p*-diffusi
p"-diffusion oxide

S n*-diffusion

Figure 2- 13: 3D-CMOS

2.2.2 Power Dissipation in CMOS Circuits

Paver analysisand low power synthesisrequire a deep understandingpf the physical

sourcef powerdissipationn CMOScircuits. The physicalphenomenanustbedescribed
by mathematicamodelsthatallow for accurateandyet runtime efficient analysisandsyn-

thesis,evenfor large circuits. This problemcanbe addresseth two ways.Thefirst oneis a

technologicabpproachlt triesto extractsimpleequationgrom the highly nonlinearphysi-

cal behavior of the electricaldeviceswhich form the circuit. The secondapproachs more

empirical.lt is preferredoy somecommerciatool providersdueto its easiempracticalappli-

cability [SyLi 96]. It models pwer consumption from an abstractwie

In the low power literature,the distinction betweenenegy and power is not asstrict asit
shouldbe. Of course patterylife andcooling effort directly dependon averagepower con-
sumption.However, one can easily reducethe power consumptionby slowing down the
clock frequeng, but thecircuit performancelecreaser the sameamount.Hence thefig-
ure of merit is rathergiven by the enegy dissipationper operationor its equvalent, the
powerdelay-poduct If we considera designwherethe operationfrequeng f is fixed by
the specification, then p@r and engy become interchangeable by the equation:

P=Ef (2-5)
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Technological Vie w

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

P=Pg, +P*+P+P (2-6)

stat
wherePg,, denotesswitching power Py short circuit power P, power causedy leakage
current andPg,;Staticpower Thesefour typesof power consumptiorarediscussedbriefly
in the sequel. 6 a more elaborate introduction the reader is referred to [€%jan

Figure2-14 shaws a staticCMOS inverter The load capacitancés; concentratesll para-
sitic capacitancethatareeffectedby the outputof theinverter:thedraincapacitancesf T,
andT,, wiring capacitancesandthe gate capacitancesf the transistorghat aredriven by
theinverter During thefirst time period,while the input is falling andthe outputis rising,
C, is being chaged acrossT; by the supply voltage.If C, is fully chaged,it storesthe
enegy

1

2

__Vdd
ViN ——qL " Vout
U — ﬂ
— L

\%

Figure 2- 14: CMOS inverter

It canbe proven[Chan95] thatthe sameamountof enegy is beingdissipatedn T, during
the chaging processDuring the secondcycle, while the input s rising andthe outputfall-

ing, C,_is beingdischagedandthe enegy thathasbeenstoredin C, is beingdissipatedn

T,. T2hus, the total enegy dissipatedduring a complete chage-dischage cycle equals
C, V44 andthe averageenepy dissipatedper outputtransitionis given by equation2-7.

Thistype of enegy is usuallyreferredto asswitching enegy Eg,, The switching powerPg,,
is defined as
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1 2
wherefc|  denoteghe clock frequeng the circuit is operatingat, V4 the supplyvoltage,
anda the aerage number of transitions per clogkle, also calledoggle rate

Next, we will focuson the periodt while theinputvoltageis rising or falling (figure 2-15).
During this time, neitherT, nor T, arefully shutoff. They canratherbe consideredisvari-
ableresistorswhich resultsin a shortcircuit currentlg. from V44 to ground.Figure2-15b
illustrates the model of theviarter that is alid duringt.

\
dd Vdd
V T
IN 4(21 1 Rpmos
Co—— | ——
sc lsc
S T2
anOS
T
(a) circuit (b) model
Figure 2- 15: CMOS inverter during rising inputs
The short circuit engy e5; of a single transition can be calculated by
T
€ = Vg DIISC(t)dt (2-9)
0

whereT=1/f. is acompleteclock period.Clearly, Is.is only non-zeroduringt. Theoverall
short circuit paver Py is then gven by

P.=ale, Ok = 0 DVygHg- (2-10)

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

=B v, . _ovyt i
e = Tty (Vaa=2V)" I, (2-11)

wheref3 denotes thewverage gin factor of the PMOS-NMOS transistor pair
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Leakagecurrentcombineghenon-idealbehaior of thetransistorslt consistof thereverse
diodecurrentl, (figure2-16a)andthe sub-thresholadurrentl i, thatflows betweersource
and drain when the transistor i$ @fgure 2-16Db).

Gate Vyg

o
(a) reverse diode current (b) sub-threshold current
Figure 2- 16: Leakage current
The reverse diode current is\g@n by
v
oV, 0O
lip = Isge —1E=—|SforV:Vdd (2-12)

wherelgis thereversesaturatiorcurrent,V is thediodevoltage V; = kT/qisthethermal
voltage,wherek is the BoItzmannconstan(Bron 87] andq is thechageof thechagecarri-
ers,usuallyqg = 1, 609x10°J. Thecurrentin thesubthresholdegion I, flows if the gate
voltageVggis belav the threshold ®tageVy, (Vo<<Vyy) and is gren by

Ves—Vin Vbs Ves—Vin

0
" 1-e VTg: ke ™ forVpg>> Vy (2-13)

lsh = Ips = Ke
K andn aretechnologydependentV/ is the thermalvoltage,Vy, is the thresholdvoltage,

andVpg andlpgdenote the drain sourceltage and current, respeely.

Static power consumptionis causedby static currentpathsin bipolar, pseudo-NMOSpr
analogcircuits.Figure2-17 shavs a pseudo-NMOSnverter The PMOStransistoractsasa
resistor If theinputis high, a staticcurrentfrom V4 to GND causeghe power dissipation

Pstatié

(2-14)
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whereR,y0siS the resistancef the pmostransistor In a staticCMOS design staticpower
dissipationdoesnot exist sinceoneof thetwo complementaryransistorss alwaysshutoff
during the steady state.

C

>

W o0

\%

Figure 2- 17: pseudo-NMOS inverter

Thetypical shareof thedifferenttypesof power dissipationto the overall dissipatiornvaries
widely amongdifferentpublicationsin the literature.While mostauthorsagreethat power
dissipationdue to static and leakagecurrentcan be neglected,the figuresfor the typical
shareof dynamicandshortcircuit power vary widely. For a properlydesignecircuit, short
circuit power accountdor belov 10% accordingto [Chan95] andfor up to 20% according
to [West93]. If lesscareis taken for buffer sizing it maybeup to 50% accordingto
[Turg 95] and [Neb&7].

If leakagecurrentis neglected the overall power consumptiorof a circuit canbe estimated
as the sum of the switching and the short circuigycover all gates of the circuit:

P="% Ps+Py =Vl > o [%CLind"'lscH (2-15)

all gates i all gates i

In mary publicationsthat focus switching actvity estimation,even shortcircuit power is
neglected for the sakof simplicity This results in the well knen formula2-16.

1_2
P = Z PSWi = éD/d EfClk |:| z GI [CLi (2'16)

all gates i all gates i

In theequation2-15and2-16,two typesof parametersanbe obsened. Staticparameters
like theload capacitanc&; or the shortcircuit currentlg. thatcanbe derived from techno-

logical parametersr thecircuit structure andthedynamicparameten;. Thelatterdoesnot
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only dependon thecircuit structurebut alsoon theinput patternghatareappliedto the cir-
cuit. Thus,power estimationcanbe broken down into two subdomainstechnologicathar-
acterization of logic gtes and switching aetty estimation.

Abstract Vie w

The abstractview is preferredby somecommercialtool providers[SyLi 96] becausef its
simpleimplementationlt basicallyrequiresa straightforvard modificationof delaymodel
implementationsThe abstractview distinguishenly betweenthreetypesof power dissi-
pation: eternal paver Py, internal paver Pj,;, and static poer P4t

Pext COMbinesthe power dissipationof a gatethatis causedy its load. All the non-static
power thata gateconsumednternallyis calledinternal powerP;,;. Comparedo thetechno-
logical view, Pj,; correspondso Py, and Py to Pg,, aslong asone considerssingle stage
cells like the inverter in figure 2-14. However, for cells with more than one stage,the
switching power of internal nodescontritute alsoto P;,; of the cell. In figure2-18, C i

concentrateshe input capacitancesf stagetwo. It representshe load capacitancef the
first stagebut cannotbe seenfrom outsidethe cell. Wheneer the input switches,C, ¢ is
chaged or dischayed as well, thus contuiing to the celk internal pwer consumption.

Buff er
Stage 1 Stage 2
— [ — L
| — —
ST N - Le,
1CLint l
\Y v

Figure 2- 18: CMOS buffer
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Glitc hes

Glitchesar incompletetransitionsof the outputthat are causedy shortpulsesat the input
andthegatesinertia. Sincethetransitionof the outputfrom highto low or vice versatakes
a finite amountof time, incompletetransitionsmay occur at the output as depictedin
figure2-19.

Va | Vy
() 8>ty T | Vg
' t
5! t
| A l\ Y
Va . L Vy
|
(b) 3o<ty T . Vaal
T Tt AV
62 td t

Figure 2- 19: complete transition and glitch

In figure2-19(a) the pulsewidth &, at the buffer input A is longerthanthe gate delayty.
Hence the outputperformstwo completetransitions But in figure 2-19(b) the pulsewidth
9, is shorterthanty. Thus,the outputY risesonly up to AV. The enegy consumptiorof a
glitch is given by [Rab&8]

Egiiten = CL IV gq DAV, (2-17)

2.3 Delay Models

Accurategatedelaymodelsplay animportantrole duringfunctionalvalidationandverifica-

tion of digital circuits. Evensmallinaccuraciese.g.in the setuptime of aflip flop, canturn

malfunctioninto function which feignscorrectnes®f anincorrectdesign.For power esti-

mation,accurag is notascrucialasfor designvalidationsincethefigure of merit, the over-

all power dissipationjs a moreintegral valueandthuslesssensitve to smallchangesn the

gatedelays.Neverthelessif the delaymodelis choserto simple,the estimationresultmay

becomevery inaccuratebecausesomeeffectscannotbe correctlymodeledwhich areintro-

ducedby gatedelays.Hence,understandinglelaymodels their effects,andlimits is essen-
tial for accurategower estimationaswell. A goodoverview overtime modelsin connection
with power estimation can be found in [Co86].
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2.3.1 Zero Delay Model

The zeo delay model(ZDM) is the mostsimple delay model. It neglectsall gate delays.
Hence,the finestgranularity of time in the ZDM is one clock cycle. The ZDM tendsto
importantly underestimatgower dissipationsinceit cannotcover the effects which are
introducedby gatedelays.Neverthelessit maybeappliedfor a first roughestimationearly
in thedesigncycle whenno gatedelaysareavailable[Schn95] or duringthe prototypingof
new simulationalgorithms.Dueto its simplicity, it allows to concentraten the implemen-
tation of the new algorithmandit simplifies comparisonto otherapproachedecausehe
influencesof implementatiordetailsandcell librariesarereducedFigure2-20 shawvs a cir-
cuit which was simulatedwith a ZDM. As soonasone of the inputs A or B takesa new
value that dects the outpuY, Y switches without andelay

W >

W_jy B ﬂ

et
1 2 3 4 5

Figure 2- 20: Circuit simulated with ZDM

2.3.2 Unit Delay Model

A first improvementof the ZDM is the unit delaymodel(UDM). In the UDM all gatesare
assumedo have an equal delay of one time unit. Although this is still a ratherrough
approximationof the real gate delays,it allows to model hazads Hazardsare unwanted
signaltransitionsthatareintroducedby the gatedelays.Figure2-21 shovs the samecircuit
asfigure 2-20 with differentstimuli. A; andA, denotethe outputsof thetwo inverters.If the
circuit wassimulatedwith the ZDM, the outputwould not switchatall sinceoneof thetwo
inputsA or B would alwaysbe ‘0’ . However, dueto the UDM, bothinputsof the AND-gate,
A, andB, becomée'l’ attime t=3. That causeghe outputY to switchto ‘1’ onetime unit
later.

Like the ZDM, the UDM canbe usedto obtaina first roughapproximationof the power

consumptionbeforea designhasbeenmappedto a technologyand delay valuesbecome
available.However, the UDM tendsto overestimatg@ower consumptiorbecaus@f the high

hazard rate generated by this model.
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Figure 2- 21: Circuit simulated with UDM
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2.3.3 Real Delay Model

In therealdelaymodel(RDM), a gate‘sdelayis givenby arealnumber Dependingon the
model,this numbermmay dependon the gate‘sload andotherparametersThus,the RDM is
the mostflexible and accuratemodel. In somesimulators,the delaysare representedy
integersinsteadof realnumberdor efficiency reasongSyLi 96]. If thetime baseis chosen
properly the accurag of this type of simulatorsis comparabldo thosethat usereal num-
bers.Therefore,they will be alsoincludedinto the classof real delay simulators.Beside

hazardsRDM simulatorsare alsocapableto detectglitcheswhich arefiltered out in most
implementations.

HA

Figure 2- 22: Halfadder

Thereexist severalrefinementof the RDM thatarepresentedn the sequelln thecell ori-
entedmodelall cells of the sametype have the samedelay parametersywhereasn the pin
orientedmodel,thereexists a setof delayparameterérom eachinput to eachoutput,also
calledtiming arcs. The halfadderof figure 2-22 hastwo inputs A and B andtwo outputsS
andC. Thus,therearefour possibletiming arcs:Ato S Ato C, Bto S andB to C. Further-
more, it is possible to define flifent delays for rising analfing transitions at the output.

In generalthe gatedelayis a function of the gateload C; andof the slew rate of theinput
signalt;, that causes the output to switch.
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Definition 2-67: Slew Rate

Theslew rateis thetime it takesfor thetransitionof a signalfrom aninitial high/lov
voltage to a final hv/high value. It is also calledse or fall time (figure 2-23).

Y Y
A

Vad Vd-

| |

| |

| |
———— s Tt

(a) rise time (b) fall time

Figure 2- 23: Slew rate

Both, thegatedelayty andtheoutputslew ratet,,, canbemodeledwith atwo dimensional
Taylor approximation:

R R -
=3 oY, oki TinCl (2-18)

_ n m . i j
Tout = D292 =01 Hin L (2-19)

The constants; andk‘ij arecalledk-parametes. The k-parametersiredeterminedy ana-
log simulationsfor various(tj,, C,) - pairs,followedby a parametefit. Sinceanalogsimu-

lation is computationally intensve and the number of simulation runs required for

parametedeterminationncreasewvith the orderof the Taylor series,only the lower order
versionof equation-18and2-19arecommonlyused.Themostcommonapproximations
are summarized in tabR2.

n m Equation Remarks

0 0 Thedelayis aconstanbf thegate.t,is

not required.

ty = Koo

0 1 tg = Koo+ Ko1CyL Thedelayincrease$inearlywith theload
capacitanc€, . T, is not required.

T 1 | ty=KkotKkopCL +Kiolin | kg andk 5 are assumed to be 0.
Tout = Koot Ko1Cp +K'ygTip

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

\Y
Y A
A /1 Vdd ﬁ_
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1+ / 2»
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Figure 2- 24: Load and slew rate dependence of gate delays

Insteadof usinghigherorderformsof equation-18and2-19, mostcommerciakoolslike
Synopsysusealookuptable(LUT). This LUT storesty andt,, for different(C,,t;,) pairs.
Valuesin betweerthetableentriesareinterpolated Synopsysstorestwo LUTS pertiming
arc,onefor rising andonefor falling transitions.This methodresembles first orderTaylor
serieswith adjustableput piecavise constanfparameterdlt is alsocalledpieceaviselinear
model The accurag of the LUT-basedapproachand the computationaleffort for LUT
determinationare comparableto the higher order Taylor approximationgequations2-18
and2-19)andfinding their coeficients,respectrely. The high memoryrequiremenof the
LUTs poses no major problem today

Pulse Pr opagation Models

Most gatelevel simulatorsdon‘t modelglitches(equation2-17). They usesomesimplifica-
tionsinsteadln thetransportdelaymodelevenshortpulsesaretreatedik e completeransi-
tions. The inertia of theages is nglected.

A (a) transport delay model

|
T ra Vy (b) inertial delay model

Figure 2- 25: Buffer with transport and inertial delay model
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In the inertial delay mode| pulsesthat are shorterthan the gate delay are filtered out.
Figure2-25 illustrates the diérence between the twnodels.

While the transportdelay modeltendsto overestimatehe power consumptiorbecausef
additionalhazardsthe inertial delaymodelis usuallymoreaccurateEspeciallyfor model-
iIng multistagegates,sometools allow a combinationof transportandinertial delay model
[Lehm 94]. Any pulseis delayedby the transportdelay but if it is shorterthantheinertial
delay it is neglected.The ideabehindthis modelbecomeshvious when consideringthe
AND-gateof figure 2-26. It consistof a NAND-gatewith inertial delayt, 4,4 followed by

=
_

Figure 2- 26: AND gate

aninverterwith inertial delayt;,,. Sinceusuallyt;,,, <t,,,q ary pulsethatis longenougho
passthe NAND-gate (d >t ,,4) Will alsopasstheinverter Hence the overall delayof the
AND-gatet,,qis given by

JFt (2-20)

tand = tnan inv?’

while the inertial delayi,mI is given by

| (2-21)

tand = tnand :

64



Power Minimization at the Circuit Chapter

Level 3

New technologiesio not only provide new possibilitiesopenedoy higherintegrationden-
sity or higherperformanceSometimegshey do alsointroducenew designconstraintsThis
canbeacceptedisiong astheadvantage<learlydominate Recentlyanew technologyhas
beenproposedit combineghreetechnologicaktepsthatcould only be realizedseparately
before[Hipe 95]: T-gatetransistorsSOI, and3D-integration.It is intendedto usethis new
technologyin a gatearrayervironment.This chapterinvesticatesthe designaspectf this
novel approachAfter demonstratinghe designconstraintsmposedoy thetechnologysev-
eral circuit techniquesare investigated whetherthey can meetthe constraintsor not. It
becomeobviousthatonly passtransistorstylesarepossible. Two experimentalcell librar-
lesweredevelopedon schematidevel in the frameof this thesis.They wereusedto imple-
mentseveral 32-bit carry-look-aheadgdders(CLA) in orderto comparedelay and power
consumption of the dirent circuit techniques.

The resultsthat were obtainedby simulatingthe demonstrator®n transistorlevel, differ
remarkablyfrom thosepresentedn previous publications.It is shavn that the reasonis
mostprobablydueto the specificconstraintshatareimposedby the gatearraytechnology
which was used for the uestications here.

3.1 A 3D-CMOS T-Gate Technology

The technologywhich is depictedin figure 3-1 builds the foundationof the European
projectHiperlogicl(High Performanceat Low PowerLogic). It is calledHiperlogic technol-

ogy in thesequel.The goalof the projectis to combinethe advantage®f threerecenttech-
nologicalstepswhich werealreadyintroducedin chapter2.2.1: T-gatetransistoy SOI, and

3D-structureThroughreducedarearequirementandreducedparasiticcapacitancewhich

are combinedwith increasedirive strengthof the transistorscircuits with extremely low

power consumption at high performance shall become possible.

1. Hiperlogicis supportedy theEuropearCommissiorunderHIPERLOGICESPRITIV, ProjectNo.
200023
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Figure 3- 1: The Hiperlogic-Technology

3.2 Circuit Techniques

The Institutefor Microelectonics Stuttgart(IMS) intendsto usethe Hiperlogictechnology
for low power applicationsin the frame of their sea-of-gtesmicroarchitectur¢gBeun88],
[IMS 96]. This imposesspecificconstraintson the designstyle for circuits that are devel-
opedin the Hiperlogictechnology 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
iImposethe following five constraintswhich must be fulfilled by a suitablecircuit tech-
nique.

Constraint 1: Equal Number of PMOS and NMOS Tansistors

Only if bothof thetwo stacledtransistorsn figure 3-1 areused the advantage®f the 3D-
structure can be fullyxploited.

Constraint 2: Minimum W idth Transistors

The drive strengthof the T-gate transistorgs strongenoughto designtransistorswith the
minimum width that is allved by the design rules of the technology [DAdg

Constraint 3: Contact Sharing

In gate arrays,the transistorcontactsconsumea considerableamountof area.This share
will beevenincreasedn theHiperlogictechnologyfor two reasonslf minimumwidth tran-
sistorsareused their areaconsumptionis smallcomparedo othertechnologiesvith wider
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transistorswhile the arearequirement®of the contactsremainconstantFurthermorethe
contactsof the lower NMOS transistorrequireadditionalareaat the surface. Theseprob-
lems can be reduced if thedwtacled transistors share as rpanontacts as possible.

Constraint 4: Low Power Consumption

Circuit techniqueswith inherentlylow powerconsumptiorareto be preferredin orderto
meetthe projectgoals.Especiallythe suitability for low Vyp operationplaysanimportant
role.

Constraint 5: Robustness

In agatearraytechnologyall transistordhave the samefixed size.Individual transistorsiz-
ing is not possible Therefore functionalrobustnes®f the circuit techniqueto varying gate
loads plays an important role.

3.2.2 State-of-the-Art in Circuit Techniques

AlthoughstaticCMOS hasbeenthe quasistandardiuringmorethana decadenow, investi-
gationson alternativecircuit techniquesaveregainednuchattentionin thelow powerde-
sign domain as indicated by the high numberof recentpublications,e.g. [KoBa 95],
[Corr 96], and[Zimm 97]. Besideall its advantagesstaticCMOS hastwo majordrawbacks.
Thelogic functionmustbeimplementedwice: in the pull-down networkandin the pull-up
network[Farn94]. Furthermorepnly the slowerPMOStransistorsanbe usedfor the pull-
up network. Hence,they must be designedwider thanthe NMOS transistorsand several
PMOStransistorsn seriesnustbeavoided As aconsequencenostalternativecircuit tech-
niquestry to avoidor simplify the pull-up network.This sectionwill give anoverviewover
circuit techniques that are attractive for low power applications.

Static CMOS

Figure3-2 showsan XOR in staticCMOS. Theadvantagesf staticCMOSarewell known.
Unlike in thePMOS-or NMOS-techniquavhich arethe predecessorsf staticCMOS, static
currentsarenegligible.Hence the DC powerconsumptioris quasizerowhich resultsin a
low overallpowerconsumptionStaticCMOScircuitsareeasyto designsincetheyarefunc-
tionally insensitiveto varyinggateloads.Theybecomeslowerwith increasindoadbutthey
donotfail completely.FurthermorestaticCMOSis robustagainsinoise.However the ma-
jor reasorfor its widespreadiseis thepowerful CAD supporthatis availabletodayfor most
common tasks in the design flow.

Ontheotherhand,staticCMOShasalsosomedrawbacksvhichwill besummarizedhereas
well. The relatively high transistorcountwas alreadymentionedbefore.Somebasiclogic

functions,like the XOR, resultin compleximplementationsn staticCMOS. Furthermore,
themaximumnumberof inputspergateis limited to four or lessin mosttechnologiesCells

with moreinputs mustbe implementedhroughmultilevel gates which aremoreareaand
power consuming.

Static CMOS requiresthe samenumberof PMOS and NMOS transistorsbut the stacked
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transistorpair canonly sharethe gatecontactsThedrainandsourcecontactanustbeinde-
pendentlyaccessibleAlthoughconstrainB is only poorlyfulfilled, staticCMOS,astoday’s
standardis thereferenceechniquan termsof performanceindpowerconsumptiorfor all
other circuit techniques that were investigated during this work.

vdd

o

o.f—l l#

b . .out

L

ignd ignd gnd

Figure 3- 2: XOR in static CMOS
Dynamic Logic Styles

Like in thepseuddNMOStechniquedynamiclogic stylesreplacehePMOSnetworkby one
singlePMOStransistor Staticcurrentsareavoidedby clockingthe PMOStransistorandan
additionaNMOS transistorwhich is addedin seriesto the pull-down network.Figure 3-3
depictsan XOR in dynamicDOMINO CMOS[Hnt 90]. During the low phaseof the clock
inputclk, the prechargephase the gatecapacitancef the outputinverteris chargedo high
voltagelevel. TheDC pathto groundis shutoff by theNMOS transistorthatis connectedo
clk. During the high phaseof clk, the evaluationphase the pull-downnetworkevaluatests
inputvaluesandconceivablydischargeshegatecapacitancef theoutputinverter. Theout-
put valueoutbecomes valid at the end of the evaluation phase.

Themajoradvantagesf dynamiclogic stylesare:High numbersf PMOStransistorsn se-
riesareavoided.Thus,complexgateswith ahighnumberof inputsbecomepossiblelf high-
input complexgatesareused,dynamiclogic hasa low transistorcountbecausehe output
invertercanbe neglectedhen.Furthermorethe fastestCMOS circuits aredesignedn dy-
namic logic styles [HUr@0], [Farn94], [KoBa95].

Ontheotherhand,dynamicstylesarevery sensitiveto noisesincethe gatecapacitanceef
the outputinverteraresmallandcanbe easilydischargedy randomexternalinterferences.
The designof dynamic circuits is further aggravatedby the charge sharing problem
[HUnt 90] andthe high clock load sinceeachgateneedgo be connectedo the clock signal.
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Thestatementaboutthe powerconsumptiorof dynamiclogic stylesarequite controversial
in the existingliterature.While [Farn 94] pointsout thelow powerconsumptiorcausecdy
reducedransistoisizesandtransistorcount,otherpublicationsobserveamuchhigherpower
consumptionfor dynamicstylesthanfor static CMOS becauseof the unconditionalpre-
chargdKoBa 95],[Raba96], [Zimm 97]. Thelatterconsumesasignificantamountof power
even if the circuit inputs are stable.

Mostdynamiclogic styleslike DOMINO CMOSavoidPMOStransistorsThisviolatescon-
straintl. In NORA [Farn94], gateswith NMOS networkandPMOSpull-up, andgateswith

PMOSnetworkandNMOS pull-downalternateeachother.Thisresultsn almostequalnum-
bersof NMOS andPMOStransistorsHowever,optimaluseof the 3D-structurds hindered
since,in generalthe stackedransistordon’t belongto the samecell, which violatescon-
straint 3 and aggravates routing.

out

Ql

ol

gnd gnd

Figure 3- 3: XOR in dynamic DOMINO logic

Mainly becausef thelastpointandthe noisesensitvity, but alsobecaus®f the controver-
sial situationconcerningoower consumptiongynamicstyleswerenotinvestigatedary fur-

ther in this thesis.
Complementar y Pass Transistor Logic

ComplementaryassTransistorLogic (CPL) is anotherapproacho reducethe transistor
count.Similar to dynamiclogic styles,thelogic is implementedhroughonetransistortype
only, usuallytheNMOS. Thetransistoicountis evenlowerthanin DOMINO CMOS.There-
fore CPL resultsin thesmallesimplementation®f all logic styles.For conventionakupply
voltagegVpp > 3V) CPL hasalow powerconsumptiorjiKoBa 95]. However,asthesupply
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voltagedecreasetheeffectof thevoltagedropacrosghepasgransistorbecomesnoreand
moresignificant.lt decreasethe gateperformanceandheavilyincreasepowerconsump-
tion becaus®f leakagecurrentsacrosshe outputinverter.Furthermorethe availablenoise
margin is also decreased.

|

—
L 11 :

'

Figure 3-4: XOR in CPL

Like thedynamiclogic styles,CPL prefersNMOS transistorsHowever,if oneof thetwo
passransistorgs replacedoy a PMOStransistorit fulfills all the structuralrequirementsf
the 3D-structure. Figure 3-depicts an XOR gate in this alternative CRCPRL).

vdd vdd
b a
a . E out b .H Sut
b a

gnd gnd

Figure 3-5: XOR in alternative CPL

Thevoltagedropacrossthe passtransistorcanbe overcomeif their thresholdvoltageViy,
IS set to zero.

In orderto estimatetheeffectof Vi, variationsaNAND gatewith fourinputswassimulated
with Vih,=0 andVy,,=0.5V, Hiperlogic Spicetransistorparametersand Vpp=2V. The re-

sultsaredepictedn figure 3-6. Sincethe versionwith Vi, ;=0 outperformsthe versionwith

the conventionaVy,,=0.5V so clearly, the latter was excludedfrom any further consider-
ation.
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Figure 3- 6: Energy and delay for different Vi,

Double Pass Logic

In [Suzu93] and[Suzu95] Suzukietal. proposeDoublePassLogic (DPL) asanothempass
transistortechnique DPL hasattractedmuch attentionin the recentliterature[Pram94],

[KoBa 95],[Tcho 95], [Corr 96],and[Zimm 97]. Figure3-7 showsanXOR in DPL.In DPL,

thevoltagedropacrosshepathtransistorss avoidedby alternativesignalpathsacrosscom-
plementary transistors.
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Figure 3-7: XOR in DPL

Accordingto theliterature,DPL resultsin very fastcircuits sinceevencomplexlogic func-
tionslike anXOR or amultiplexercanbeimplementedn asinglelogic stage Furthermore,
agoodpower-delayroductis reportedor DPL in [KoBa 95]. Structurally,DPL is verywell
suitedfor 3D-implementatiorbecausé requiresequalnumbersof PMOSandNMOS tran-
sistors, and the two stacked transistors can always share their gate and drain contacts.

Thesepropertiesseemedttractiveenougho furtherinvestigateDPL. But ontheotherhand
therearealsosomedrawbacksMany basiclogic functionsrequirecomplementargignals
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in their DPL implementationThis doesnot only aggravateouting but alsoimportantlyin-
creasdhetransistorcount.As illustratedin figure 3-7, DPL gatesarenot alwaysconnected

to the supplyvoltage.As a consequencehe slew ratesdo significantly increasaf several

DPL stagesareconnectedn seriesto eachotherwithout invertersto restorethe slewrates.
Furthermore, there is no high level CAD support available for DPL above the circuit level.

Other Techniques

Thereexist a few othertechniqueghat were proposedfor low power applications.Most
passtransistorstyles like SRPL, DCVSPG [Pram94], or CVSL [West93] had to be
droppedsincethey aredominatedby NMOS transistorsand/orrequirecarefultransistorsiz-
ing. In general,dynamictechniquessuffer from the high powver consumptionduring the
prechage phase. Thewere &cluded as well.

3.2.3 aCPL and DPL versus static CMOS

As aresultfrom thelastsection,only threecircuit techniqueganfulfill therequirement®f
the Hiperlogictechnology:aCPL,DPL, andpartly static CMOS. For a first comparisorof
the threetechniquesthreefairly simple gatesweredesignedon circuit level in eachtech-
niqueandwerecharacterizedor powerconsumptiorandworstcasedelay.Thethreegates
are:NAND, NOR, and XOR with four inputseach(nand4 nor4, andxor4, respectively).
The nand4andnor4 in staticCMOSwereimplementedn onelogic stagethe xor4 in two
stagesin aCPLandDPL all circuitsrequiretwo logic stagesThe DPL circuitswereimple-
mentedwithout drive strengthrestoringinverters.ldeal voltagesourcesvere usedasinput
drivers.All circuitsweresimulatedwith aload C; =25fF which correspondso theinputca-
pacitanceof two inverters.Theresultsthatwerenormalizedo staticCMOSaresummarized
in figure 38.

Normalized Energy Normalized Delay
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nord nand4 Kord nor4 nand4 Kord

Figure 3- 8: Comparison of CMOS, CPL, and DPL
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Obviously,aCPLdoesn‘toffer anyadvantag@everDPL. It is slowerandhasavery high en-
ergy consumptionThe latteris not surprisingsincethe deviceswith V,~=0V havean ex-
tremely high static current. This techniquewas thereforealso excludedfrom any further
investigations.

However the DPL experimentgonfirmtheresultsfrom [Suzu93] and[KoBa 95]. Theyin-
dicateaninterestingpower-delaytrade-offcomparedo staticCMOS. Moreover,for com-
plex gatedike thexor4, DPL is fasterandhasalower energyconsumptioratthe sametime.
The DPL experimentsarequiteidealisticthough.Theinherentbuffer problemof DPL has
beenavoidedsofar. All circuitsweredrivenby idealvoltagesourcesThus,furthermorere-
alistic experiments are indispensable.

3.3 A Double Pass Logic Cell Library

In orderto comparethe propertiesof DPL andstaticCMOS morethoroughly,two smallli-
braries were designed on circuit level. Both libraries use the following basic parameters:

* TheNMOS transistordiave the minimumwidth thatis allowed by thedesignrules
of the Hiperlogic technologwmes2.2 pm [IMS 97].

* In accordancéo the 0.8 um GateForesttechnology{IMS 96], wherethe Hiperlo-
gic technologywas derived from, the PMOS transistorwas designedb0% wider
thanthe NMOS in orderto partly compensaté¢he reducedmobility of the chage
carriers. Thusv,mes3.3 pm.

» Both libraries were designed foip)y=2V.

All cells were implementedin DPL and static CMOS. In the following, only the DPL
library is presentedn more detail. A detaileddescriptionof the static CMOS cells was
omitted because thiare state-of-the-art. It can be found in [G&T&

3.3.1 Library Specification

Figure3-9 depictsthe basiccell thatwasusedto designall logic andsequentiafunctionsof

the DPL library. It implementsa 2:1 multiplexer. In fact,accordingto Shannors expansion
theorem(theorem2-1), ary logic function canbe decomposednto 2:1 multiplexers. The
basecell of figure 3-9 fulfills all thetopologicalconstraintgpostulatedn section3.2.1.Both

gatesaswell asbothdrainsof the stackedransistompair areconnectedo eachother.Thus,
thenumberof contactertransistorpairis reducedrom six to four. Furthermoreat guaran-
tees equal numbers of PMOS and NMOS transistors.

Using this basecell, several basiclogic and sequentiakells were designed.Thosearein
particular:

* Inverter buffer.
* NANDs and NORs with tw, three, and four inputs.
e 2:1 multiplexer, 2-input XOR.
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» D-latchesandD-flip flopsin five differentvariations:active low, active high, and
with several \ariations of set and reset inputs.

m

m

Figure 3-9: The DPL base cell

A detailedpresentatiof theschematic®f all cellswould exceedtheframeof thiswork. It
can be found in [Gerg7].

b.—-U.i
S

5.—-ﬂ-—o
; ’ out
> 1 -
. ou

Figure 3- 10: XOR in Low Power DPL

It hasalreadybeenstatedin section3.2.2 that most DPL gatesrequire complementary
inputs. Therefore all cells were designedsuchthat they yield complementaryutputs.in
generaltherearetwo possibilitiesfor logic cells to realizethe complementarputputsig-
nals. The parallel structureof figure 3-7 hasbeencalled dual rail DPL or fast DPL in
[KoBa95] sinceboth signalspassonly onelogic stage.Another possibility is depictedin
figure 3-10 wherean inverteris usedto realizethe complementanputputout. out passes
two logic statesbut the circuit of figure 3-10 requiresonly six transistoransteadof eight
and consumesless power. Therefore,this option has been called low power DPL in
[KoBa95]. Any cell canbe negatedjust by switchingthe outputsignalsbecauseachlogic
gate proides complementary output signals.

Sequentiatellslike the D-latch, which is depictedin figure 3-11, naturallyyield the com-
plementaryoutputs.Thus,thereexistsno distinctionbetweendow powerDPL anddual rail
DPL for the sequential cells.
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Figure 3- 11: DPL D-Latch

Besidethe outputinvertersof thelow powerversionsno additional,slewraterestoringin-
verterswereinsertednto thebasiccells. This problemwill bediscussedh the nextsection.

3.3.2 Buffering

Thebasiclogic gatesin DPL arenotalwaysconnectedo Vpp andto GND (seefigure 3-7).
Insteadthey propa@tedirectly theinput signalsto the outputs.While full voltageswingis
guaranteethroughcomplementarypaths the drive strengthandthe slew ratesof the output
signalsdecreasef several DPL gatesare connectedn 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 figiize 3-

o =

b fﬂ °H'—'{[ .

A y
I J D
(a) Output buffers (b) Input buffers

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

In combinationwith the low powerDPL approachfigure 3-10), outputbuffering resultsin
thesmallestDPL implementationif specialcareis takenfor insertingthe buffers. The extra
outputbuffers canbe omittedif anoutputis exclusively connectedo transistorgatesin the
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following stage.Thus,mary inverterscanbe avoided.E. g. if the gatein figure 3-12ais to
bedrivenby anothemate,only outputswhich driveinputsa or b have to be buffered,but not
those that dviea orb.

The circuit in figure 3-12b with buffered inputs has an interestingproperty It doesnt

requirecomplementarynput signals.Hence additionaloutputinvertersor dual rail imple-

mentationscan be avoided. Furthermore the primary inputs are connectedto transistor
gatesonly. This simplifiesthe characterizatiomwf the cells for state-of-the-artogic synthe-
sisandanalysigools.Suchcellsbehae justlik e ary staticCMOScell sincethe outputload
cannotbe“seen” from the input pinsandthe input capacitancedon’t dependon the input
pattern of the cell.

3.3.3 Demonstrator Circuits

Realisticcomparisorof staticCMOSandthedifferentDPL strateyiesis not possibleonthe
basisof basiclogic gatesonly. Too mary idealistic assumptionsnust be made.Specific
conditionsand side effects which are symptomaticfor eachcircuit techniquecanonly be
taken into accountif larger circuits are considered.In accordancewith [KoBa95],
[Corr 96], and[Zimm 97], 32-bit carry-look-aheadddersCLA) [Patt 96] werechosenas
demonstrator circulits.

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

1. dadder:ThisCLA is basednlow powver DPL andusesheinverteravoiding strat-
egy that vas described in section 3.3.2.

2. dbadder It is alsobasedon low power DPL. But in contrastto the dadder all gate
outputs are Wfered by iwverters.

3. dsadder Thedsadderuses the inputdifers as described in section 3.3.2.

4. ddadder The ddadderis similar to the dadderbut usesthe dual rail implementa-
tion of figure 37.

5. ddbadder Theddbadderis the dual rail pendant to tkbadder

6. madder: The maddercombinesDPL and static CMOS. The outputinvertersin
DPL areuselesdrom a logic point of view. They areonly requiredfor slew rate
regenerationlIn the madder(mixed adde) the inverterswere replacedby static
CMOS gateslike NANDs or NORswherever possible.Thus,they performalogic
operation while thgrestore the sk rates at the same time.

In orderto presere a fair comparisorof the differentcircuit techniquesandto accountfor
the gatearrayapproachno furtheroptimizationdlik e buffer sizing or specificlogic optimi-
zationswere performed.Figure 3-13 depictsthe transistorcountsof the different CLA
implementations.
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Figure 3- 13: Transistor counts of the 32-bit CLAs

3.4 Simulation Results

The simulationresultsare basedon the latestHiperlogic transistorparametershat were
available (appendixA) and the Specte [Kund95] analog simulator from Cadence
[Cade95]. Unfortunately the transistorparametersnodelonly the T-gate bulk effect. SOI
and 3D-CMOS parametersvere not available. Wiring capacitancesvere not taken into
accountsincethe simulationswere performedon schematidevel. A setof 59 testpatterns
wasgenerateduchthatthe critical pathwasstimulatedfor any CLA implementationThe
power consumptiorvaluesarebasedn the samesetof testpatternsThe simulationresults
in termsof theworstcasedelayandthe power consumptioraredepictedn figures3-14 and

3-15.
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Figure 3- 14: Worst case delays of the 32-bit CLAs

77



Power Minimization at the Circuit Level

5 O B T T T T

.-

Y SR Y m—

BN EE E= ER ER ER R

Energy per Operation [pJ]

WE BN EE BE BN SR B8 =

cadder dadder dsadder dbadder ddadder ddbadder madder

Figure 3- 15: Energy consumption per operation of the 32-bit CLAs

Obviously, the staticCMOSimplementatioroutperformsall DPL versionsn termsof worst
casedelayand,even moreclearly, in termsof power consumptionlt is a little surprising
thatthe dadderis not only the DPL adderwith the lowestpower consumptionput alsothe
fastestone. Obviously, the much lower cell loadsin the dadder compensatehe speed
adwantagethat had beenassumedt a first glancefor the dual rail implementationsThe
mixed implementationmadde} alsodoesnt offer arny advantageover staticCMOS or the
dadder

Comparison to Other Pub lications

Theresultsthataredepictedn figure 3-14 andfigure 3-15 differ remarkablyfrom thosethat
were presentedn [KoBa95] whereDPL was superiorto static CMOS in both, the worst
casedelay as well asthe enegy consumption.The major differencebetweenKo et al!s
iInvestigationsandthe experimentsthat were obtainedin this work is that Ko et al. useda
full customdesignstyle. They judiciouslyscaledall thetransistorsthey usedwider onesin
thecritical pathandsmalleronesin noncriticalpartsof thedesign Hence they cantake full
adwantageof a propertywhich is specificto all passtransistorlogic styles:if the drive
strengthof a DPL gateis to beincreasedit is suficientto enlagethetransistorsn the out-
put invertersandto keepthe passtransistorssmall, whereasn staticCMOS all transistors
mustbe enlaged. Thus,DPL implementationganresultin smaller moreenepy efficient
designsin the Hiperlogic technology this advantagecannotbe exploited for two reasons.
In a gate arraytechnology the prefabricatedtransistorgprohibit individual transistorscal-
ing. Further the drive strengthof the minimum size transistorgs sufficient in mostcases
becaus®f the T-gate.Hence minimumwidth transistorscanalsobe usedin staticCMOS,
which diminishes one of the aaivtages of DPL.
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In [Zimm 97] Zimmermanret al. usedsimilar constraintdik e the onesthatwereappliedin
this work. But they allowed the transistorsof their library cells to be scaledin predefined
stepsHowever, individual scalingfor eachcell instantiationrwasnot allowed. Their results
are comparable to those presented here.

In orderto “simulate”Ko etal’s driver sizingandsoto estimatethe potentialsof DPL com-

paredto static CMOS, the following experimentwas carried out. 4-bit CLAs! in static
CMOS andthe mostpromisingDPL version(dadde) weresimulatedwith varyingtransis-
tor widths. They reachedrom 1-5 timesthe original widths. In staticCMOS all transistors
were scaled,in DPL only thosein the outputinverters.The resultsare depictedin figure

3-16 where w0/ Wpp IS the scalingfactor mentionedbefore. Obviously, the delays
remainalmostconstantwith a small decreasdor DPL at the beginning. This justifiesthe

assumptiorthat minimum width transistorsare sufficient in mostcases.The enegy con-

sumptionper input patternon the other handincreasedinearly for static CMOS and for

DPL, whereDPL hasa higheroffsetbut alower gradient.The breakevenpoint, whereboth

lines intersect, is approximately\at,,os/ Wpp,. = 3.5.
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Figure 3- 16: DPL versus static CMOS with varying driver sizes

While this experimentis only a roughapproximationof a full customapproachwith opti-
mumdriver sizing, it clearly shavs thatthe choiceof the bestcircuit techniquen termsof
power consumptiorandperformancalepend$eaily onthedesignstyle andspecifictech-
nological constraints, e.g. whether minimum width transistors are applicable or not.

1. Fortheseexperimentsmallercircuitswerechoserfor practicalreasonsThesimulationtimesof a
single 32-bit CLA came close to one day on the available hardware.
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3.5 Summary

The Hiperlogictechnologycombineghreerecenttechnologicabkteps:3D-structure T-gate
transistorsand Silicon on Insulator(SOI). This chapterdealtwith the questionwhich cir-
cuit techniqueoptimally supportsthis new technologyin a gatearraydesignenvironment,
particularly for low power applications.From all the circuit techniqueghat were investi-
gated,only DPL anda modifiedform of CPL (aCPL)couldfulfill the structuralconstraints.
Simulationswith somebasiccircuits revealedvery quickly thataCPL hadto be rejected
becausef its high enegy consumptionln orderto moredeeplyinvestigate DPL, two cell
librarieswere designedpnein DPL anda similar onein static CMOS. The propertiesof
both techniqueswvere comparedby 32-bit CLAs that were implementedon the basisof
theselibraries. Becauseof the needfor complementarysignalsand the buffer problem
which is inherentto DPL, six different DPL implementationsvere investicated. Analog
simulationsof the CLAs on circuit level have shovn thatnoneof the DPL CLAS canoutper-
form the staticCMOSimplementationWhile someDPL variationsarecomparabléo static
CMOSin termsof theworstcasedelay eventhe bestDPL implementatiorconsume$0%
moreenegy thanstaticCMOS. This left the questionwhy otherresearchersameto differ-
entresults.Experimentswith somesmallercircuits and varying transistorsizesshaov that
DPL offers high optimizationpotentialsthroughefficient driver sizing. However, this can
only be &ploited in full custom approaches.

If the Hiperlogic technologyis to be usedin a semi customervironment, static CMOS

yields muchbetterresults.However, staticCMOS requiresthat the two stacled transistors
canbeindividually contactedvhich resultsin alarge areaoverheadsincethethreecontacts
of theburiedNMOS transistormustbe madeindependentlyaccessiblatthe chip’s surface.

Theoverheadcanonly be avoidedif the gatearrayapproachs givenup in favor of a stan-
dard cell technologyin that case,ery encouraging results were presented in [AG®ju
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Zero Delay Power Estimation in
Combinational Circuits

Chapter

Capacitve and shortcircuit currentsare the main sourcesfor power dissipationin digital
circuits. Capacitve currentdominatesn mostcircuitsandaccountgor 80-90%of the over-
all power consumptionBut no matterwhethershortcircuit currentis takeninto accountor
not, switchingactvity estimations acrucialstepin theoverall power estimationprocedure.
Thus,therestof this work dealswith the questionhow to efficiently andyet accuratelyesti-
mate switching activity. The focusis put on purely combinationalcircuits. The chapter
startswith anoverview over power estimationrmethodgshatcanbefoundin therecentliter-
ature.Most of the algorithmswhich are presentedn the following arelimited to the zero
delay model (ZDM). Despiteits inaccurag, the ZDM methodsrepresenthe core of ary
simulator with more sophisticated delay models.

Most of the power estimationmethodsbelongto oneof two cateyories:logic simulationor
probabilisticsimulation.While power estimationby logic simulationis a straightforvard
extensionof common,commercially available logic simulators[SyPo96], probabilistic
methodsestimatepower dissipationin onesingleanalysisrun by propagting probabilities
through the circuit. The adwantagesand dravbacks of both cateyories are discussed.
Although all the methodsthat are presentedn this chaptercanonly be appliedon purely
combinationaktircuits,a specialsectioncommentsn therelationbetweerswitchingactiv-
ity estimationfor combinationaland sequentiaktircuits. It is shavn that power estimation
for sequentiakircuits heavily relieson the methodsfor combinationalcircuits plus some
additional algorithms for state probability estimation.

After this overview over the stateof the artin signalactvity estimation,a new, setbased
approachis presentedIt can be classifiedbetweenlogic and probabilisticmethods.The
simulationresultsrevealthatthis setbasedapproachperformsparticularlywell on sequen-
tial, andsmallandmediumsizedcombinationakircuits. For larger circuits, an extensionis
proposedhatenablesanefficient speed-accurgdrade-of. Thisis demonstratedly experi-
ments on seeral benchmark circuits.

4.1 Preliminaries

Figure4-1 depictsa combinationalcircuit with input vector X and output vector Y. The
Booleanfunction F transformsheinput vectorto the outputvector In a combinationakir-
cuit, F hasneitherfeedbackloopsnor any memoriedlike flip flops or latches.Thus, Y(t)
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dependnly on the currentinput vector X(t). Therefore the time parametet canbe omit-
ted unless the focus is put on temporal relations.

X Y

— F —>

Figure 4- 1. General combinational circuit
Underthe zerodelayassumptionary signalchangests at mostonceduringa clock cycle.
Under this assumption, we can write foy amgnalx(t):
x(t) = x(i OT) = X (4-1)
whereT is the clock period anidindicates the clockycle.

Equations2-15 and 2-16, the latter being repeatecherefor corvenience requireto deter-
minethe switchingactvity a; of the outputof eachgatei in thecircuit. If the outputwave-
P:%D\/ T D Y o (2-16)

all gates i

forms y; of all gatesare available, the signal toggles can be countedby scanningy;.
However, sometimes it may be aalvtageous to define the switching signaby

-1

tr = yi() Oy;(t=T) =y Oy, (4-2)
a; results then in
o, = P(tr)). (4-3)

For probabilisticswitchingactiity estimationy; andtr; areexpressedy Booleanequations
while for logic simulationthey are representedy S|gnal waveforms.In the latter case,
equatiord-3 yields only an estimatg of a; and since/y does not eist, tr is defined by:

1 1
tr,” =y Dyin, (4-4)

wheren denotes the last clockde.

Unlessstatedotherwisetheestimated/aluesareconsideredsaccuratdor logic simulation
based approaches and no special distinctions betmvaadd will be made.

4.2 Logic Simulation

Pawver estimationby meansof logic simulationhasseveral advantagesExisting simulators
needonly to beextendedby a capabilityto countthe signaltoggleswhichrepresentsnly a
minor modification.Althoughthesesimulatorsmay not exploit optimizationpotentialsthat

82



Logic Simulation

exist if only toggleratesbut no exactsignalwaveformsarerequired,all theadwantage®f a
mature commercial tool come for free:

» good tool flav integration
» high sophisticated time models
* easy to use user intade.

Logic simulatorsnherentlyhandlecorrelationsandsequentiatircuits. Both requirespecial
treatmentn otherapproacheasit is shavn in alatersection But therearealsosomesevere
drawvbackscomingalongwith logic simulationbasedpower estimation.For logic simula-
tion, alarge setof input patternds required which mustrepresenthetypical operatingcon-
ditionsof thecircuit. If “real” datais available,it is to be preferredThis maybethecasee.g.
in audioor imageprocessingystemsHowever, in mostotherapplicationsthe patternsare
generatedhrougha high level simulationon systemlevel. In [Dres93] it wasproposedo
usethe samepatternsasfor functionalverification of the high level system.It is doubtful
though,whetherthesepatterngepresenthetypical operationmodeof a circuit. The inten-
tion for generatingsuchpatterndgs to stimulateeachpathexactly once,while in the typical
operationmodethe differentpathsare stimulatedwith significantly differentprobabilities.
Thus, test patterns for per estimation must be generated separately

Sometimes high level modelis eithernot availableor high level patterngeneratiormaybe
impracticalfor otherreasonse.g.in aMonte Carloapproachin thesecasestheinput stim-
uli mustbe generatedn anothemvay:. A trivial ideawould beto performanexhaustve sim-
ulation, i.e. applyinga setof input vectorscorrespondindo a transitionfrom arny possible
input patternto ary other This impliesa total of 22" vectorsfor n input variableswhich is

impracticaleven for small circuits. Furthermore suchpatternsusuallydon't representhe
typical operationmode.The input stimuli mustbe rathergeneratedvith a randomnumber
generatarThis is easily possibleas long as spatially correlatedPls are not required.In

[Rade96] atool is presentedhatgeneratesandominput patternswith userdefinedspatio-
temporal correlationswithin limited groupsof primary input variables.It is basedon

Markoff chainsin orderto model temporaland spatial dependenciesAs theseMarkoff

chainsgrow exponentiallywith groupsize,they becomempracticalfor groupslargerthan
sevenvariableswith afirst ordertemporalcorrelation.Moreover, the tool becomesardto

use even for smaller groupssince the consistentdefinition of correlationsis not trivial

[Rade97].

In logic simulation basedpower estimationapproachesthe accurag increaseswith the
numberof input patternsBut so doesthe runtime.Hence,mostwork in this field concen-
trates on impraing the runtime behaor and on limiting the number of input patterns.

4.2.1 Speeding up Simulation

Oneway to reducesimulationtime is to speedup simulationby parallelism.In theapproach
from [Dres 93] the authorsusea parallellogic simulatorthatwasextendedby somepower
estimationfeaturesThe circuit is divided into partitionswhich arethensimulatedin paral-
lel on the different processorf a multicomputer The simulator can handleary delay
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model,but becaus®f a high communicatioroverheadbetweerthedifferentprocessorghe
speedupoesnt scalelinearly with the numberof processorsnvolved. It meetsan upper
boundbetweenfour and eight with eight processorgLanc 95]. If the numberof CPUsis
furtherincreasedtheadditionalcommunicatioroverheads higherthantheadditionalcom-
pute paever, thus simulation speed decreases.

The communicatiorproblemof the previousapproachs avoidedin a methodthatwaspre-
sentedby Schneidem [Schn95]. Insteadbf simulatingdifferentcircuit partitionsin parallel,
thebitparallelapproachwhichwasfirst usedn thetestaregWaic 85], wasadaptedo power
estimationpurposesThe basicideaof bitparallelsimulationis to exploit the full machine
word lengthw during simulation by simulating clock g/cles at a time.

ClockCycle 1 2 3456 7 .. 32
A [1]olo]a|1]1]o] .. |o

A_
5 Y B |1]o|1]1|o[2|1] . |2
Yy |1]ofo]1]o]z]o] .. |0

Figure 4- 2: Bitparallel AND

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

patternscan be storedin two machinewords, W, andWg, and canbe processedavith one
singlemachineinstruction.This resultsin atheoreticalspeedupf 32 over bitwise simula-
tion. A lookuptable(LUT) basedmethodis usedfor efficient determinatiorof the number
of transitiongperword. Sincethe LUT grows exponentiallywith w; its sizewaslimited to 8-

bit words,resultingin w/8 LUT accesseper machineword anda certainperformanceen-
alty. The authorreportsan averagespeedupof 24 over bitwise simulationon a 64 bit

machine His algorithmis limited to the zerodelaymodelandto purely combinationakir-

cuits. In sequentiakircuits the valuesof somesignalsdependon the previous clock cycle

but for bitparallel simulation all valuesof w successie clock cycles must be known.

[Goud91] presentsaa methodto extendthe bitparallelapproachto sequentiakircuits. The
authorsintroducea new signalvalue“unknown” whichis iteratvely replacedoy ‘0’ or ‘1’.

However, this extension suffers from a performancepenalty that reducesthe average
speedupto 6.3. Thefiguresthatwerepresentedh [Schn95] and[Goud91] arehardto com-
pare since Gouders et al. dofgcus on signal toggles and use a 32-bit machine.

4.2.2 Input Vector Determination

Assumean experimentwherea circuit is simulatedwith n testpatternsThe desiredoutput
of this experimentbethe averageenegy consumptiorperclock cycle E;. A secondexperi-
mentwith a differentsetof testpatternsbut the samestatisticalpropertieswould yield a
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slightly differentresultE,. The averageenegy consumptionper experimentcan be esti-
mated by the mean of thedvexperiments. But he reliable is this estimate?

Accordingto the rules of statistics,the standarddeviation of the estimatedvalues,either
absolutepower, enegy, or switchingactiity, decreasewith thenumberof randomlygener-
atedinput patternghatareappliedto the circuit. Thus,for accurag reasonsa high number
of input patternds desirable On the otherhand,simulationtime increasesinearly with the
numberof input patternsThus,a trade-of betweeraccurag andruntimeis neededA first
approachin this direction was presentedn [Burc 93]. The authorsuse a Monte Carlo
methodin order to stop the simulation procedureas soon as the required accurag is
reached.

Considera circuit with m internalnodes.This circuit is simulatedwith n randomlygener-
atedpatternslt is assumedhatthe simulationyieldsthe overall enegy consumptiore. The
simulationprocesss calledan experimentandthe resultof an experimentis alsocalleda
sample The samplee canbe consideredsthe sumof n-1independenatomicexperiments
e,. Eachatomicexperimente, is arepresentate of arandomvariablee, with unknown dis-
tribution. Sincee, is arandomvariable,e is a representatie of anotherrandomvariablee.
Accordingto the centrallimit theorem[Bron 87], its distribution canbe approximatedy a
normaldistribution if nis chosenarge enough(usuallyn=100is sufficient). N experiments
of sizenresultin N differentsampless. Themeane of theseexperimentss anormally dis-
tributedrandomvariableitself. But we still don't know the varianceof e. Thereforean esti-
mate of the standard dation ofeis huilt:

- TN (e—e? _
S_/\/NDZizl(ei e)”. (4-5)
UsingSande we can hbild a nav random wariableX:
X:%D/N—l (4-6)

whereE is the unknovn averageenegy consumptiorper experimentof sizen. X canbe
consideredas the normalizederror of the currentestimate X is Student-tdistributed and
doesnot dependon the standarddeviationsof e andS. For X we cansaywith (1-3) confi-
dence:

IX] <t(B,N). (4-7)
Fromequationd-7 we canderive a statemenaboutthe maximumrelative errore of the cur-
rent estimate and the confidendd -B) of this statement:

e= =B <S5 _n@EnN). (4-8)

ell/N-1

A table of the t-functiont(p,N) aswell asits exact definition can be found in [Bron 87].
Equation4-8 enablego checkaftereachexperimentwhethere meetsa givenboundg; with
agivenconfidencel-.The Monte Carloapproactcanbe appliedto arny circuit type, either

e
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combinationabr sequentialandto ary patternbasedoower simulatorwhereit yieldsgood
accurag at reasonableuntime.However, the Monte Carlo approactstill suffersfrom two
drawbacks:

1. While spatialor temporalcorrelationscauseno problemfor the simulationprocess
itself, generation of adequate test patterns mayhbeuliffRade96].

2. the numberof experimentsN* which are requiredto meetthe accurag require-
mentsis still unpredictedn [Burc 93]. The authorsonly prove thatN typically
decreases or remains constant with circuit size

The problemof a-priori estimationof N* wasaddressedh [Hill 95]. It is assumedhatthe
averageswitchingactivity perclock cycle s of a specificcircuit nodeis to be determineds
is a sampleof the randomvariables andis obtainedby the simulationof N patternsThus
we get

- tog ]
s = N (4-9)

wheretog is the total number of toggles during thgperiment. The mean afis given by
1t .
E(s) = NZi:l'Epi (4-10)

wherep; is the probability thata singleinput patternproducesxactly i togglesat the node
under consideration. Itsviances? can be estimated by

s2 _ o2 2o lpct 2 Ot o O -

6° = E(8)-E(s) = 55 i -1, _,iPE g (4-11)
For sufficiently large N, s is normally distributedandHill et al. replacethe unknown, real
value ofc by 6. The required limitN* results then in

-1 2
~® _(B/2)0 o2 t - 0o
NO= =0 O, -y, P (4-12)
for a given confidenceP. Where ®1(x) is the inverseof the probability integral ®(x)
[Bron 87] ande’ denotes the absolute error:

g = [s—E(s)]. (4-13)

The question,how the probabilitiesp; in equatiord-12 can be determinedjs still open.
Accordingto the authorsthey canbe estimatedvith sufficientaccurag from a shortsimu-
lation with n=100. This assumptionwas justified by simulation results, which were
obtained by simulation of aaviety of benchmark circuits.

Low actvity nodesmposespecialproblemsfor Monte Carloapproachesincethey require
amuchhighernumberof input patterndo obtainthe samerelatve accurag ashigh actiity
nodes.On the otherhand,the contribution of low actwvity nodesto the overall powver con-
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sumptionis low, thus a higherrelative error is acceptableAccordingly, in [Xake 94] the
authorsdistinguishbetweenrhigh andlow actvity nodes For the former, they usetherela-
tive error, for the latterthe absoluteerror asstoppingcriteria. Their resultsshav thatabout
20% of all circuit nodescanbe consideredisuallyaslow active, which resultsin a consid-
erable runtime imprement without significant loss irverall accurag

4.3 Probabilistic Methods

In the caseof logic simulation,alargeamountof input patterngs propagtedthrougha cir-
cuitin orderto determindts averageswitchingactvity. However, for power estimationthe
exactwaveformsof thecircuit nodesarenotreally neededEquation2-15and2-16require
only the switchingactvity o, whichis a scalarvalue.Sincea is a statisticalpropertyof the
circuit nodesit is anobvious solutionto determinethe statisticalpropertiesof the primary
input signalsandto propagtethosepropertieghroughthe circuit in onesinglesimulation
run. Dependingon the approachchosen the statistical propertiesare signal probabilities,
transition densities, switching probabilities, and/or signal correlatioficeats.

4.3.1 Properties

Theresultof power estimationby probabilisticmeands equvalentto logic simulationwith

aninfinite numberof input patternsUndertheassumptiorihatthe statisticpropertieof the
primary inputs are accuratelymodeled,probabilistic simulationyields the exact resultin

onesinglesimulationrun. Hence atafirst glanceprobabilisticapproacheseento befaster
andmoreaccuratehan patternsimulationbasedapproachedn somecasest may alsobe
an adwantage that probabilistic approaches toequire &plicit test patterns.

Statisticalindependencplaysanimportantrole for probabilisticcircuit simulation.Only if
statisticalindependencef the circuit inputsis guaranteedthe following simple propa@-
tion rules hold:

Logic Operation Signal Probability
y=a py = 1-p,
y = alb Py = Pa Py
y =atb Py = Pat Py~ PPy

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

For spatially correlatedsignalsa andb, simplerulesdo only exist if a andb aredisjoint.
Those rules are summarized in tabl2.4-

Obviously, the major problemsof probabilisticapproacheareimposedby signal correla-
tions. From a methodicalpoint of view, they canbe classifiedinto threeclassestemporal
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Logic Operation Signal Probability
y = alb py =0
y:a+b py:pa+pb

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

correlationsspatialcorrelationscausedy recorvergentfanout,andspatiallycorrelatedori-
mary input signals.The latter are neglectedby mostapproacheso 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 and McCluskey in

orderto solve problemsin the areaof testpatterngeneratiorfPark 75]. The authorsintro-

ducethe signal probability and presentmethodsto propagte it throughdigital circuits,
assuminghe Pls are uncorrelatecandtheir signal probabilitiesare given. For eachnode,
they computets Booleanfunctionasa canonicalsumof products(CSP).It canbe obtained
e.gby exhaustve Shannors expansionSinceall addendsredisjointin a CSR therulesof

table4-2 arevalid. While CSPsguaranteghat correlationsdueto recorvergentfanoutsare
correctlymodeledthey becomevery large for practicalcircuits.[Savi 84] presentanalgo-
rithm to reducethis complity. Its validity hasbeenmathematicallyprovenin [Mark 87].

This approachallows to incrementallycomputethe probabilitiesby cutting recorvergent
fanoutlinesin thecircuit. But insteadof absolutevalues this algorithmgivesonly intervals
for the probabilities.

Both algorithmsestimateonly staticsignalprobabilitiesfor testpurposesThefirst applica-
tions of probabilistic methodsfor 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 representedy graphs.The graphsare then
reducedto singleedgesbetweenV jq or GND using probabilisticserial/parallereduction.
For eachnode,therearetwo graphsto be build: onefor the staticprobabilitiesandonefor
the transitionprobabilities.The algorithmassumesincorrelatedPls but canhandlespatial
correlationsthat are introducedby recorvergentfanoutusing the supegate approachthat
wasfirst presentedn [Seth85]. Thecircuit is partitionedsuchthattherecorvergentfanouts
arehiddeninsidethe partitions.Thesepartitionsare calleda supegateandtheir inputsare
supposedo be spatially uncorrelated.The algorithmswere implementedin a simulator
calledCREST(CuRentESTmator). SinceCRESTcanalsomodelgatedelays,it wasused
to computecurrentwaveformsin digital circuits. Comparedo SPICEruns, it yields speed-
ups of two or three orders of magnitude at error ratesvib@@%, according to the authors.

The theoreticalbasisof probabilisticpower estimationwasfirst formulatedin [Najm 93],
whereNajm introducessomefundamentatermslik e the companionprocessthe equilib-
rium probability or the transition density(seedefinitions2-63, 2-64 and 2-65). They are
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appliedwith somemodificationsand specializationsn mary later publications.Najm has
proventhatalogic signalis alwaysa strict sensestationary meanergodic0-1 processsuch
thatthe limits in definitions2-64 and 2-65 always exist. For transitiondensityestimation,
Najm appliesthe Booleandifferenceoperator(definition 2-32) in the following way. Given
ary internalnodej of acircuit with primaryinputsx;...x,, thetransitiondensityD(y;) is esti-
mated by

D(y) = ¥ P?—%Hﬁ(xi) (4-14)

i=1

WhereP(ayj/ 0x;) denoteghe probability thatthe Booleandifferenceayj/ 0x; resultsinto
‘1’. Equationd-14 is only an approximation.Ilt doesnot correctly cover simultaneous
switching inputs sinceit doesnot include any higherordertermswith mixed dervatives
(e.g. termslike E')Zyl/éxléx2 ). This assumptionmaybe reasonableor asynchronous
designsor for somevery specific,low active circuits. However, in a synchronouslesignall
the primary inputs changesimultaneously This may lead to large estimationerrors as
shawn in thefollowing example.Considerthe XOR-circuit of figure4-3. AssumethatD(a)
andD(b) are gven and thg switch statistically independently

a N
b - y

Figure 4- 3: XOR circuit

The logic function of the XOR is denoted by
y = ab+ab. (4-15)

Obviously, the outputy switchesif eithera or b switches,but not if both inputstoggle
simultaneouslyThus,

D(y) = D(a) + D(b) —2D(a)D(b) . (4-16)
However, equatior-14 results in
D(y) = D(a) + D(b). (4-17)

Equation4-14tendsto overestimatehecircuit actvity. It canbeeasilyproventhattheerror
increases with increasing switching densiféa), D(b).

This approachwas implementedinto the simulator DENSIM [Najm 93]. The supegate
approachwas applied in order to handle correlationsthat are causedby recorvergent
fanouts.The PIsaresupposedo be spatiallyuncorrelatedThe resultsaregoodin runtime
andin accurag, aslong asthe partitions(supegates)are chosencarefully However, for
somelarger benchmarlcircuitsfrom the ISCAS-85benchmarlset[Brgl 85] a lowestlevel

89



Zero Delay Power Estimation in Combinational Circuits

partitioningwas chosenwhereeachlogic gateis a supegateitself. In this casethe error
increasego valuesup to 40%. It will be shavn in chapter6 that even betterpartitioning
won’t improve this result as long as simultaneous switching géecéed.

Nevertheless[Najm 93] presentsa BDD basedmethodto computesignal probabilities.
Becauseof its importancefor this work, it shall be describedn moredetail. Considerthe
BDD of figure4-4. Assumethatthe primary input variablesx,, x5, andxz areuncorrelated
and their signal probabilitie3(x;), P(>), andP(x3) are gven.

Figure 4-4: ROBDD for y = X3+ XX,

For ary Booleanfunctiony=f(x4, X5, ...,%,) the 1-probability of the functioncanbe obtained
in lineartime in the sizeof the BDD. Eachnoderepresents Shannors expansionof the
subfunction defined by the node. Thus,

y = Xqfy + X g (4-18)
Thetwo addend®f equatiord-18aredisjoint sincex;x;=0, andwe canapplythe resultsof
table4-2 to computd(y):

P(y) = P(lexl) + P()‘(lf).(l) : (4-19)
Since the cofactorsof x; do not dependon x; and since all variablesare independent,
table4-1 can be applied tovaluate the products:

P(y) = P(x)P(f, ) + P(x)P(fg ). (4-20)
The probabilitiesof the cofactorscanbe computedaccordingly Thus, P(y) canbe deter-
minedrecursvely by a depth-firsttraversalof the BDD of y. The BDD mustbe orderedbut
not necessarilyreduced.In this way, the probabilities of the Boolean differencesin

equatiod-14 canbeeasilyevaluatedor ary internalcircuit nodeif its BDDs areavailable.
The BDDs can becomeewy lage, though. In thexample of figuret-4 we obtain:

P(y) = P(xp)[P(xz) + P(X2)P(X3)] + P(X1)P(X3) - (4-21)
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Severalresearchertried to improve Najm’s approachln [Kapo 94] two methodsare pre-
sented.Thefirst speedsip the simulationprocesshy a smartreuseof the BDDs thatwere
createdduring the evaluationof precedinggates.The secondriesto improve the accuray
by a partitioningalgorithmthatpackscorrelatechodesnto onesupegate.However, thereis
no statement about general accyyanly the percentage ofoerror nodes is mentioned.

[Schn94] and[Schl 95] addresghe problemof concurrentlyswitchinginputsby a modifi-

cation of equatiord-14. Insteadof building the Booleandifferenceswith respectto each
input variablex;, they usethe switchingfunctiontr, (equatiord-2). try is representety a
BDD whichis alsocalled XOR-BDDbecaus®f the XOR-operationn equatiord-2. While

traversingthe XOR-BDD, they take into accountthe temporalcorrelationsof the primary
input variablesy;, thataregiven by their switching probability a, . The variableorderfor

the XOR-BDD is chosen such thdtandx! ~* are adjacent (figur-5).

G) G

/S /5

Figure 4-5: Part of an XOR-BDD

Thefour possiblepathsin figure 4-5 areevaluatedusingthe following equationgSchl 95],
[KapD 98]:

Poo(X;) = 1—P(xi)—% (4-22)
Py, (x) = 9‘21 (4-23)
PL(x) = ‘% (4-24)
Pi(x) = P(xi)—% (4-25)

Where Py(x). denotesthe path where xij = 0 and xij_1 = 0, Po1) is the path where
xiJ = 0and xiJ -7 = 1, etc. Equations4-22 - 4-25 canbe easilyverified usinga two state
Markoff chain where the tavnodes represent thedwossible &lues ofx;.

In [Marc 94] and[Marc 95] global BDDs andthe problemsthatarerelatedto circuit parti-
tioning, areavoidedby the definition of static correlation coeficientsandtransitioncorre-
lation coeficients They are propagted through the circuit in addition to the static
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probabilitiesof the primary input variables.The correlationcoeficientsarederved from a
four stateMarkoff chainthatallows to modelall thefirst orderspatialandtemporalcorrela-
tions of two variablesHigherordercorrelationsareneglected but accordingto theresults,
they have no major influence on the accwac

The approachpresentedn [Chou94] is basicallyan extensionof [Najm 93]. The Taylor
expansionof equationd-14wasextendedby higherorderterms.Thus,the effectsof simul-
taneousswitching inputs can be taken into account,which yields high improvementsin
accurag. However, like in [Najm 93], the runtime behaior heavily dependon a careful
partitioning of the circuit.

Probabilisticnethodsseento offer amuchfasterandmoreaccuratesolutionto the problem
of switchingactvity estimationthanpatternsimulationwith a corventionallogic simulator

However, correctcorrelationhandlingimposesa major problem. Thus, simple methods,
which neglect all correlationsare very fastbut suffer from high estimationerrors.BDD

basedmethodsare more accuratebut slower. Dependingon the approachthey canmodel
spatialcorrelationscausedoy recorvergentfanoutand temporalcorrelationsmore or less
accuratelyHowever, accuraténandlingof spatiallycorrelatedPIsis still a problemfor most
of today’s probabilisticapproachesrl he practicalimportanceof the latterbecome®hbvious
in the net section.

4.4 Sequential Circuits

Thecircuit in figure4-6 depictsa synchronousequentiatircuit. It canbe mathematically
modeledby a finite statemadine (FSM). Analysisanddesignof asynchronousircuitsare
out of the scopeof this thesis.The interestedeaders referredto [Brzo 95] and[Lava 93]
for generalintroductionsto asynchronougircuits and to [Birt 95] for specialaspectsof
asynchronous FSM design.

A synchronoud=SM consistsof two combinationalcircuits F and G, and a register bank
thatstoresthe currentstateZ'. F andG arefunctionsof the primaryinput vectorX' andthe
currentstateZ'. F is calledthe outputfunctionor outputlogic. G is the next statefunctionor
next statelogic. The outputof G is the next stateZ'*1. At eachactive edgeof the system
clock clk, Z*1 is storedin the register bank and forwardedto the register outputs.So, it
becomes the current state

The FSM in figure4-6 is a Mealy madine becauseahe output\_(i dependn the current
stateZ' and the input ectorX':

F=Fx.2). (4-26)
If Fis only a function of the current stae the FSM is called Bloore madine
i

F=FZ). (4-27)
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X N ,
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> G
3 i+1
z . z

qe
clk

Figure 4- 6: Synchronous sequential circuit

Summarizing,an FSM consistsof two combinationalnetworks F and G, and a feedback
loop with a registerbankthat storesthe currentstateZ'. As soonasthe waveformsor the
statisticalpropertiesof the currentstateZ' and/orthe next stateZ* areknown, the power
consumption of the FSM can be reduced to a purely combinational problem.

However, the spatialcorrelationsbetweenthe currentstatebits Z; aswell asthe temporal
correlationsbetweenzZ' and Z*1 must be taken into accountln order to obtain correct
results.In [Gosh92] Goshet al. proposethe configurationof figure 4-7 asa generaimodel
of this problem.

P> Symbolic

Simulation

X.i ——> Next State z"t Equations

' —e—p Logic G »  ofFandG
>

Figure 4- 7: Modeling correlations

It implies that the statisticalinformationsaboutthe currentinput vectorX', the next input
vector X1, andthe currentstateZ' are sufficient to solve the power estimationproblem.
Thelnformatlonaboutthe next statecanbe computedusingthe next statelogic G. With the
symbolicsimulationequationsof F andG, the signalactvity of the FSM canbe computed
then.Yet,theauthorshaven't specifiedn detailwhich statisticalinformationthey requireat
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lastandhow the next statelogic blodk transformsts input variablesto its outputvalues.It
become®hviousthoughthatthe informationaboutthe next stateZ** canbe derived from
the current inputectorX' and the current stag.

Thesymbolicsimulationequationgepresenarny combinationapower estimatoyeitherpat-
tern basedor probabilistic. For patternbasedmethodsthe next statelogic consistsof the
Booleanequationf G. For probabilisticapproacheg& computeghe probabilitiesandcor-
relations of the nd state by applying one of the folling three approaches:

1. High level simulation
2. State transition graph
3. State line probabilities.

Thefollowing sectiondocuson the detailsof thesethreeapproaches implementthe next
state logic.

4.4.1 High Level Simulation

If theFSMis apartof alargerdesign thereexists usuallyaformal high level modelof the

systemlf this modelcanbe simulatedthe desiredwaveformsor their statisticscanbe gen-
eratedthrough high level simulation. This approachis straightforward and can be per-

formedfor a high numberof patternssincehigh level simulatorsare very fastbecauseof

their high abstractiorievel. However, one hasto be awarethat the properchoiceof input

patternssuffers from the sameproblemsaspatternsimulationon logic level. Furthermore,
sequentiakircuits requirea much higher numberof input patternsfor the samelevel of

accurag than combinational circuits because of the histdigcebdf the rgisters.

Examplesfor high level specificationlanguagesare State Charts [Hare87], behavioal
VHDL or SDL[Ells 97].

4.4.2 State Transition Graph

Figure4-8 depictsthe statetransitiongraph(STG) of a Mealy machinewith four statespne
input, and one outputvariable. The nodesrepresenthe stateswith their symbolic names
andcodesTheedgedepictthe statetransitions.They arelabeledwith thetransitioncondi-

tions andthe outputvalues(conditionoutputvalug. The STG canbe derived from a high

level modelor it canbe extractedfrom the BooleanfunctionsF andG. The exactstateprob-

abilities can be computedusing the Chapman-KImogoros equationsfor discretetime

Markoff Chains [De&a 94].

In anFSMwith K statess; , we associata variableP(5) for eachstates;, corresponding
to the steady-statgrobability of the machinebeingin states; for time t — o . For each
edgee in the STG we have e.Curr, e Next, ande.In which signify the head thetail, andthe

input condition of the edge, respeely. For each statg we can write an equation

P(s) = g P(e.In) [(P(e.Curr). (4-28)
Ue, e.Next = s
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0/1 0/0

1/1

Figure 4- 8: A state transition graph

If theinputvariablesareassumedo be uncorrelatecdndtheir signalprobabilitiesaregiven,
P(eln) canbeeasilycomputedGivenK stateswe obtainK equationut of which ary sin-
gle equationcanbe derived from the remainingK-1 equationsHence,one of the K equa-
tions is redundant. It must be replaced by

K
> P(s) = 1. (4-29)
i=1

Thislinearsetof equationsanbe solvedto obtainthe P(5) usingthe Gaussalgorithm.This

resultsin a problemof compleity K3, As soonasthe P(s)s areknown, the statetransition
probabilities can be easily computed.

The major drawvback of this approachis its average-cas@&xponentialcompleity: for an
FSMwith nflip flopswe have K=2" statesmakingthis methodimpracticalfor large FSMs.

4.4.3 State Line Probabilities

As shavn in the previous section,exact state probability computationis impractical for

large FSMs. A first approximationthat overcomeghis problemis presentedn [Gosh92].

Insteadof state probabilities, state line probabilitiesare computed.Spatial correlations
betweerthe stateline probabilitiesare neglected.In orderto further simplify the problem,
Gosh et al. makthe follaving additional assumptions:

1. Theprobabilitythatthe FSMis in ary of its 2" stateds uniform. Thus,P(z) is also
uniform.

2. Theprobability of the primaryinputsP(x) aswell astheir switchingprobabilities
a, are gven.

3. The primary input signals and their switching @tigs are spatially uncorrelated.
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The next stagelogic consistsof Booleanequationsvhich modelthe temporalcorrelations
betweerthe presenfandthe next statelines. Thesecorrelationsareexpressedy thetransi-
tion probabilitiesof thestatelines a, . Considerindigure4-6, theinformationaboutX' and
Zis representedy the prlmarylnput probabilitiesP(x) andthe presenstateline probabil-
ities P(z), while the switching probabllltlescx and a, _areinterpretedasthe information
aboutx*1 andz*1.

Feedback Loop

Themajordravbackof the previous approachs its assumptiorfor uniform stateprobabili-
ties which is not given in mostpracticalapplications[Deva 94], [Tsui 94], and[Tsui 95]
presenta meansto solwve this problem.The authorstake ad\antageof the obsenration that
the steadystate probabilities of the current state lines P(z ) and the next statelines
P(z ) areidentical. Thesames truefor theprlmarylnputsx' Hence they formulatethe
foIIowmg equations for each state lige

P(z;) = P(fi(Xqy Xoy vy X 295 25, ooy Zp)) - (4-30)

It resultsin a systemof m nonlinearequationdor the m statelines. This systemis solved
with the PicarPeanmr the Newton-Raphsomethod[Bron 87]. Thetransitionprobabilities
canthenbecomputedisingthe samemethodas[Gosh92]. Equation4-30canbeillustrated
with a feedback loop in the xiestate logic (figure-9).

T_.
(==Y

—P»  Next State Z >
T’ LOgiC G ]

Figure 4- 9: Feedback loop

INL X

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

k-Unrolled Netw ork

In [Deva 94] and[Tsui 95], Devadaset al. proposethe methodof k-unrlled networksasa
generalizatiorof the feedbackmethodin orderto modelspatialcorrelationsbetweernstate
lines. Considerthe configurationof figure4-10. The next statelogic hasbeenunrolled k
times.As before,a setof nonlinearequationorrespondingdo this k-unrollednetwork can
be constructedWhencomputingthe stateline probabilitiesP(z), theseequationgartially
take into accountcorrelationsbetweenthe statelines z. The methodof figure4-9 corre-
spondsto a k-unrolled network with k=1. The exact probabilitieswould be obtainedfor
kK - o,

96



Sequential Circuits

Xl XZ Xk_l
x° ;I.> ;I.y zk1
1y, ¢y Ly "Ly © a

Figure 4- 10: k-unrolled network

m-Expanded Netw orks

While thek-unrollednetwork takesinto accounthe correlationsetweerthe statelinesdur-

ing stateline probability computationthe correlationscan still not be expressedor the

symbolic simulation equations.m-expandednetworks allow to model the correlations
betweermm-tuplesof the presenttatelines[Tsui 95]. Considerfor instancethe 2-expanded
network of figure4-11. It modelsthe correlationsbetweernthe first two statebits by sepa-
ratelycomputingtheir joint signalprobabilities.In the next statelogic, a k-unrollednetwork

can be used, thus combining thetapproaches.

i+1 .
y 74} — 2,111
A i+1 .
P Next State zy 1 - 2450
; ° 9 i+1
7 | - [ - 4% oy
L ——) Logic G 1 1,2
Z—n>

Figure 4- 11: A 2-expanded network

Experimentn awide variety of benchmarksndicatethatthe approximatiormethodspre-
sentedbeforeare accurateto within 5%. Dependingon the valuesof k andm an average
error belov 1% becomeseven possibleat the costof a highercomputationakffort. How-

ever, all these gperiments assume spatially uncorrelated primary inguts

Input Modeling FSMs

The problemof spatiallycorrelatedprimaryinputs X' canbe addressedsing Input Model-
ing FSMs (IMFSM) [Mont 95]. The IMFSM are virtually designedio generatethe input
waveformsX' with the desiredstatisticysteadystateandtransitionprobabilities andspatial
correlations)from awhite noiseinput stream(figure 4-12). Fromthe IMFSM the statistical
parametersf theprimaryinputsX' of the FSM undertestcanthenbeextractedusingoneof
the preious methods.
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White i Yi
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Figure 4- 12: Input modeling FSM

4.5 A New Set Based Simulation Method

In this section,a novel techniquewill be presentedhat enablesaccuratesstimationof the
nodeactvity in combinationalCMOS circuits. The approachs basedon settheory It can
be classifiedbetweerogic andprobabilistictechniquesilt is ableto take into accounttem-
poralaswell asspatialcorrelationsThe resultswill shav thatthe approachs particularly
efficient for the simulation of circuits with highly correlatedand/orlow actve primary
inputs. Sincebothtypesof signalsarecharacteristidor 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 Diagrams

Venn diagramsprovide a clear way to visualize relations betweensets. Consider for
instancdigure4-13. It depictsthreeVenndiagramsof two variablesa, b, with differentcor-
relation coeficients. The shadedregions denotethe intersectionof the two signalscorre-
spondingto alogic AND. Thevariablesarenegatively correlateduncorrelatedandhighly
correlatedjn diagramsa, b, andc, respectiely. Althoughthe areasof a andb which corre-
spondto p, andp,, areequalin all threediagramstheir intersectionsare significantly dif-
ferentbecausef the differentcorrelationcoeficients. Obviously, Venndiagramsallow to

(@) (b) ()

Figure 4- 13: Venn diagrams of two signals a and b
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modelcorrelationgn a simpleandaccuratevay. How this modelcanbe appliedto switch-
ing actvity estimation in digital circuits is skm in the sequel.

From Logic Operations to Set Operations

Firstly the signalrepresentatiors changedInsteadof storingthe signalsbit by bit they are
representeds1-blodksor simply blodks A blockis a groupof consecutie’1's in the sig-
nal. Only the position (clock cycle) of the first andthe last '1' of eachblock are stored
(figure4-14).

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

Figure 4- 14: Signal representation with blocks

If the signalsareto be propagtedthrougha logic gate,the blocksare consideredas sets.
Thus, all logic operationsareto be replacedby setoperationsTable4-3 depictsthe rela-

tions betweerthe basiclogic, set,andprobabilisticoperationsNote that the latter assume
uncorrelatedsignals. Any function of higher complity can be decomposednto a

sequence of these basic operations.

Logic Operation Set Operation Probabilistic
Operation | Symbol | Symbol | Operation Operation
AND X-y xny | Intersection Py Epy
OR X+y xOy Union P+ Py, —P, by
NOT y y Inversion 1-p,

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

While for probabilisticsimulationthe logic signalwaveformsarecompressetb onesingle
value, the signal probability p, the compressiorrate is lower for the set representation
becausesachblock requirestwo values,and several blocks per signal are possible.The
block sizescorrespondo signalprobabilitiesandthe positionsof the blocksof onevariable
in relationto thepositionsof theblocksof anothewariableexpresshecorrelationsetween
variables.

4.5.2 Exact Optimization

Thesetoperationsaaremoreefficientif the averagenumberof blockspersignalis low since
the costsof the setoperationsggrow linearly with the numberof blocks. This means|ow
active signalsprofit most from the set representationHowever, in practicalapplications
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thereexist always somesignalswith high switchingactvity. Their averageblock size can
be increasedandthusthe averagenumberof blocks decreasedhroughreorderingof the
input patterns However, simple patternrearrangemerdoesnot only effect the numberof
blockspersignal.lt doesalsochangethe signalactiity of the signalsandimportantlydete-
rioratetheaccurag of the simulationresult.In orderto avoid this accurag loss,the notion
of thephysical signals introduced.

Definition 4-1: Physical Signal
The physicalsignalx(t) is the orderedpair of the signalx(t) anda copy of x(t) which
is delayed by one clockscle T:

x(1) = (x(1), x(t=T)) = (X Xg).

Figure4-15 depictstwo arbitrary physical signalsa andb. Note that a;(1) and by(1) are
obtained by wrapping around the undelayed signals:

ar(1) = a(9) andb;(1) = b(9). (4-31)
tme|1| 2|34, 5,6|7|8]9
alojoj1 o2, 0/ 01O
arJ]oj/ojo0of1/0}|1 0 0|1
b J1/11 0|0 01|10
br fOJ1/1|1 0|0 0|1 1

Figure 4- 15: Arbitrary physical signals

Each column representsiow two consecutie input patternsand containsall static and
dynamicinformationrequiredto computecorrectsignalactvities, regardlesof the orderof
the columns.Thereforethe time is omittedandthe columnscanbe arbitrarily reorderedn

oo 0|12 11
ar 0 |0 [0 [0 |0
1 (1 |1 |1 |1
oo 1 |1 1

0 |0
1 |1
0 |0
1 O

0
1
0
1

eoNNoRENeREN

Figure 4- 16: Rearranged Input Sequence

orderto reducethe block numbersFigure4-16 shavs a possibleoptimizationof the input
sequence of figuré-15 where the number of blocksagreduced from 10 to 5.
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4.5.3 Optimization Methods

As mentionedalreadyin the lastsection,the goal of the optimizationis to createblocksas
large aspossiblejn orderto reducethe simulationcosts.A bruteforce methodwhich cor-

responddo afull searchover all possiblerearrangementsf the input patternsjs impracti-

cal evenfor alow numberof input patternaN. The costof the full searchcanbe estimated
by [Dall 98]

cost D%[(N—l)!. (4-32)

Even for asfew asN=100 patterns.equatiord-32 resultsin the unimaginablenumberof
8.5-13%° possiblerearrangement®n the otherhand,the problemof finding the bestrear-
rangemenis NP-completeThus,the problemcanonly be solvedapproximatelyby suitable
heuristics which will be described in the sequel.

Considera circuit with n primaryinput signals(Pl) anda setof N testpatternsrom which
anoptimal setrepresentatioshallbe derived. If N »2°" orif theinput streamsarehighly
correlatedjdenticalinput patternsarevery Ilkely They arememgedtogetherin afirst step,
which is also called duplicate-emawal. If N « 22n but alsofor highly correlatedsignals,
heuristic rearrangement can further immrahe set representation.

Themethoddor duplicate-remaal weremostly presentedn [Dall 98]. They arebasedna
combinationof hashandlookuptables(LUT), dependingon the numberof Pls. The com-
putationaleffort is quite low with runtime$ below 0.5s.As detailsof theseapproachesre
not part of this thesis, the interested reader is referred to the-aiEntioned reference.

Heuristic Rearrang ement

For the heuristicrearrangements is assumedhatdupllcateswere alreadyremoved, N*
shall be the numberof differentinput patternsIf N = 27" , Gray codelike arrangements
yield the best results.

a 0 /1 1 0 O0 1 2 0o 0|2 2 O O 2 |2 (O
ar /0 /O |2 2 12 1 O0 O O O (2 (2 1 |1 O |O
b0 0|00 |2z 2 2 1 1 (2 (1 (1 O [0 |0 |O
b+ 0 |O O O O[O OO 2 1 |2 (2 1 (2 1 1

Figure 4- 17: Gray code arrangement

In figure4-17 the columnsrepresenafour bit Graycode.In orderto accountor duplicates,
the columns,which correspondo input patterns,are weightedby the numberof occur-

1. There are?" possible input patterns farPls, since we always consider physical signals.
2. The experimentsverecarriedout on a SunUItra Sparcl, 170 MHz, with 192 MB main memory,
running Solaris 2.5. 10,000, 15 bit wide vectors were searched for duplicates.
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rencesof the specificpatterns.f N'=22" it canbe very easily proven that the Gray code
arrangement is the best possible solution.

Proof

Assumethata Gray codearrangemen® of arbitrarywidth with g blocksandno duplicates
is given.In eachcolumnof G thereexists exactly oneblock thatbegins or endsin this col-
umn sinceexactly one bit changesdts value from one columnto the next. Let us assume
now, a secondarrangemenk with k<g blockswasfound. k<g impliesthatthereis at least
onecolumnwith no changeto the next column.However, in this casethe two columnsare
identicalwhich contradictsour original assumptiorthat all duplicateshave beenremoved
beforehand. Thuk = g andK cannot be a better arrangement t@an 0

[Dall 98] presents methodto generateaGraycodearrangemenh lineartimein N*. How-

ever, in mostpracticalapplicationsN « 22" holds. Thenthe Graycodearrangemeris only

suboptimakndother moreefficient heuristicsmustbefound. Theseheuristicsarebasedn

thehammingdistanceof binaryvectorgBoss92] (seechapter2.1.3). Theinput patternsare
arrangedsuch that two succeedingvectorshave the lowest possiblehammingdistance.
From this point of view, the Gray codearrangementorrespondso the specialcasewhere
thehammingdistanceof two succeedingatterngs always1. In the sequelthreeheuristics
based on the hamming distance will be presented.

1. CompleteSeach (CS) Two setsA andB arecreatedvhereA is unorderedandB is
ordered.Initially, A containsall the input vectors,B is empty A first vectorv, is
arbitrarily removedfrom A andattachedo B. ThenA is searchedor the vectorv,
with thelowesthammingdistanceto v,. It is removedfrom A andattachedo B as
the successoof v;. This procesds repeatedor the bestsuccessoof v, etc. until
setA is empty B contains then the optimized arrangement.

Thecostof thisapproachs O(N*z) becauséor ary vectory; all theremainingvec-
tors inB must be imesticated in the wrst case.

2. Pool Seach (PS) In this caseathird setP (Pool) is introducedInitially P is filled
with p vectorsfrom setA. Then PSworks just like CS but the vectorsthat are
attachedo setB arechoserfrom P andP is alwaysrefilled with anarbitraryvector
from A. The cost oPSis reduced t@-O(N) since the search space is reduced.

3. Gray code+ Pool seach (GPS) The resultsof the pool searchcanbe improved
without a significantincreasein compleity if PSis 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 beenimplementednto a computerprogramcalled
ASSeT(Activity Simulator Basedon SetTheory) In this section,the optimization algo-
rithmsareinvestigatedbeforethe experimentalresultswill be presentedhatwereobtained
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with ASSeTFive differentoptimizationmethodswvere evaluatedfor their runtimeandeffi-
cieng/ under diferent statistical assumptions for the input streams:

1. No optimization at alljloOp)

2. Duplicate-remwal only (NoDup

3. NoDup+ PSwith pool sizep=16 (PS

4. NoDup+ GPSwith pool sizep=16 (GP9
5. NoDup+CS(C9

Unlessstatedotherwise,20 000, uniformly distributed test patternswere usedper experi-
ment. Their staticaswell astheir switchingprobabilitieswerechoserno 0.5. An optimiza-
tion is saidto be successfulf the numberof blockscould be reducedoy more than50%.
Otherwise the original arrangemenis to be preferredsinceit doesnt requirethe delayed
signalsx(t-T), which reducesthe numberof blocks by half. In the following figures,Pls
denoteghe numberof primary input signals,blocks arethe numberof blocks,andtimeis
the optimization or simulation time.

Uncorrelated P atterns

For the first experimentsthe input patternsare uncorrelatedvhite noise.Accordingto the
resultsdepictedn figure4-18, NoDupis only successfufor PIs<8, while CSandGPSsuc-
ceed up td’ls= 16.

aso
aoo [
350 [
g ool - 31 B oot
(=S 1+ 1+ N SRR SRRSO SOOI B | () WU 1 ) I I A
= C T ] 0 FPs
C I N [] GPs
g 150 f E &s
& [ | h
100 [ R .
0 -|_I|_L L 1 —l_l'Kl 1 i ri T I P X 1 i
4 d 16 25 a2
Pls

Figure 4- 18: Optimization for uncorrelated vectors
FSM-Like P atterns

In FSMswith dozensof flip flops, only a small fraction of all possiblestatesare actually
reachableMoreover, the stateprobabilitiesare usually extremely non-uniform.Thereare
stateghatcorrespondo theregularoperationmodeof the FSM andotherstateshatrepre-
sentexceptionalmodes.The former have high probabilities,the latter probabilitiesnear
zero. This behaior was modeledin the experimentswhoseresultsare depictedin figure
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4-19. The setfrom which the input patternswvere chosenhadbeenrestrictedto 10% of all
possibleinput patterns.The non-uniformstate probabilitieswere modeledby a binomial
distribution. Undertheseassumptionghelimits for successreshiftedto highernumber=of
Pls. WhileNoDupis successful untPls=8, GPSandCSsucceeden forPls=32
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Figure 4- 19: Optimization for FSM-like vectors
Spatiall y Correlated P atterns

For theexperimentf this sectionthe Plsweredividedinto groupsof eightsignals.For cir-
cuitswith lessthannineinputs,groupsizefour waschosenThetestvectorsweregenerated
suchthatthe secondo the fourth or eighthsignalof eachgroupequalthefirst signalwith
probability 0.8. Signalsof differentgroupsareuncorrelatedThe resultsfor spatiallycorre-
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Figure 4- 20: Optimization for spatially correlated vectors
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latedpatterngfigure 4-20) areslightly worsebut comparabldo thoseof the FSM-like pat-
terns.Thus,the original assumptions confirmedthatheuristicrearrangemens bestsuited
for correlated patterns.

Low Active Signals

In mary practical applications,only few signalshave a switching actwity as high as

= 0.5. In orderto investigatethe effect of lower switchingactuities, a, wasreduced
to 0 1for the experimentswhoseresultsare depictedin figure 4-21. Ob\/lously low active
signalscanonly beimprovedif Pls< 8. For circuitswith morePIsthe heuristicsnayeven
deteriorateheresults.The block sizesin the original signalrepresentatioareso goodthat
they cannotbeimprovedby the heuristicswhichfocusratheronlocalthanon globaloptimi-
zations.

200 T T T T T T T T T T T T T T T T T T T T
150 [ 1.
=2 Moot
= H MaoDup
~ I ] 1 O Fs
2 _ ] CE
M i af
B0 i o WA | |
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O _|_|| 1 1 I |_||—l_|7_|'k_| 1 I 1 I 1 - K i
4 2 16 25 3z
Pls
Figure 4- 21: Optimization for low active vectors
CPU Time

This sectionprovidesthe averageruntimesof the previous experiments.They aredepicted
in figure4-22. The optimizationtimesfor 4 Plswereomittedsincethey arenegligible, just
asthe CPUtimesfor NoDup All patternoperationslike comparingtwo patternsor com-
putingtheirhammingdistance becomemoreexpensve with anincreasinghumberof input
signals.Therefore the optimizationtimesincreasewith the numberof Pls. However, it is
surprisingthat GPSrequiresconsiderablyessCPUtime thanPS Obviously the pre-optimi-
zationwith the Gray Codearrangementloesnot only improve the final optimizationresult
but doesalso speedup the following Pool Seach sincesimilar patternsare alreadyvery
close.

Discussion

Theresultsshaw thatit hasto be clearly distinguishedbetweenow active andhigh actve
input streams For the former, the heuristicscannotdecreasehe total numberof blocks
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Figure 4- 22: Average optimization times

sincelow active patternsconsistof large blocksfrom the start.In that case further optimi-
zationis only possibleif the numberof Plsis eightor less.Otherwise the heuristicseven
tendto deteriorateheoriginalarrangementAs aconsequenceearrangemeraswell asthe
delayed signals should be omitted fowlactive circuits.

In all otherexperimentsthe completesearchalgorithm (CS yields the bestresults.Dupli-
cate-remwal (NoDup is very fast,but asit wasto be expectedjt is only successfufor cir-
cuitswith alow numberof Pls. The succes®f the pool search(P§ is rathermodestBut it
canbesignificantlyimprovedwith a precedingsraycoderearrangemen(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 successfufor smallernumbersof Pls, but all methodsbecomeless
successfulith anincreasinghumberof Pls. This canbe explainedasfollows. Considerthe
exampleof figure4-16 wheremary Plsimply the samenumberof rows. If two columnsare
to be exchangedn orderto optimize the block lengthin onerow, it is very likely thata
block in one or more otherws gets destyaed, thus nullifying the intended optimization.

Block optimizationis only reasonableslong asthe numberof blockscanbe reducedoy

half or more. Otherwise,a simple setsimulationwithout rearrangemens to be preferred
becaus¢he delayedsignalcanbeomitted,whichreducegheblock numberby 50%.Hence,
accordingto theresultsof this section,block optimizationfor uncorrelatednput patterngs

promising only up to 25 PIs. The approachis better suitedfor spatially correlatedPIs.

There, the limit is between 25 and 32 Plswarehigher

Some Comments Concerning Runtime of the Optimization Algorithms

Usually,alargenumberof typical input patterngs obtainedthroughhigh level simulation.
Severalcircuit alternativesare then investigatedusing the samepatterns.However,rear-
rangemenmustonly be performedoncefor all the alternativeslUnderthis assumptionthe
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runtime of the rearrangemeistless crucial for theveralldevelopment process.

4.5.5 Simulation Results

After the optimizationalgorithmswere empirically investigated, the experimentalresults
that are presentedn this section,focus on the effect of patternrearrangemernto the set
basedsimulation.The following circuits werechosenfor theseexperimentsafter mapping
them on the static CMOS library from chapter 3.

circuit f51m alu2 alu4 c1908 c3540
gates 112 270 551 245 791
Pls 8 10 14 33 50

Table 4-4: Parameters of the benchmark circuits

Thefiguresin thefollowing subsectionsvill give the simulationtimesfor logic simulation,
simple, unoptimizedset simulationwithout delayedsignals,and setsimulationwith GPS
andCS They will bedenotedaslogic, NoDel, GPS,andCS respectiely. Theaccurayg is

consciouslyomittedsincetheresultsof the setsimulationsarealwaysequalto theresultsof

logic simulations.Unlessstatedotherwise the testpatternsveregeneratedinderthe same
assumptionsas in section4.5.4. The following figures won’'t be commentedin detail,

becausehetrendsof the simulationtimescorrespondso the block numberreductionghat
have beenpresentednddiscussedn thelastchapter Summarizingcommentsareleft for a
final discussion at the end of this section.

Uncorrelated V ector s

4 r
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g 2:* """"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" o [] GPS
15 E [] CS

alu2 alu4 c1908 c3540

Figure 4- 23: Simulation times for uncorrelated vectors
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FSM-Like Vector s
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Figure 4- 24: Simulation times for FSM-like vectors
Spatiall y Correlated V ector s
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Figure 4- 25:; Simulation times for correlated vectors
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Low Active Signals
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Figure 4- 26: Simulation times for low active signals
Sequential Cir cuits

As alastexperiment somesequentiatircuitsweresimulatedusingthe configurationof fig-
ure4-7. Thecircuitsweremappednthe GFN120gatelibrary [IMS 91]. Thestatebitswere
generatedvith theapproactof figure4-9. Thenext statelogic wasrealizedby RTL-simula-
tion with randominput patternd. Hence the total numberof PlIs of eachbenchmarlcircuit
Is given by the numberof Pls of the original sequentiatircuit plusthe numberof its regis-
ters.Table4-5, figure4-27, andfigure4-28 depictthe majorcircuit propertiesthe optimiza-
tion results, and the simulation times, respedtyi

circuit s$382 s820 s1196 S1494 s5378 s9234
gates 162 293 553 649 2781 5584
Pls 3 18 14 8 35 36
FF 21 5 18 6 179 211
Pls+FF 24 23 32 14 214 247

Table 4-5: Parameters of the benchmark circuits

In particular the resultsof the experimentswith the large sequentiakircuits canbe com-
paredto thosewith low active patterns.n fact, asthe numberof flip flopsincreasesthe
numberof flip fopswith low active outputsignalsincreasesswell. This canbe explained
asfollows: while the typical operationmodeof a sequentiatircuit requiresusuallyonly a
small fraction of all possiblestatesa major partof all statesmustbe resened for excep-

1.This pattern generation method will be referred tRak-generated patterria the sequel.
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tional stateslike error or resetmodes.The flip flops that are usedfor codingthesestates
have a lav switching actrity.
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Figure 4- 27: Block optimization for sequential circuits
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Figure 4- 28: Simulation times of sequential circuits
Discussion

In generaltheruntimesof the simulationsreflecttheresultsof theblock optimizationmeth-
ods.However, the speedupsire not ashigh asimplied by the latter The reasonis thatthe
blocksarepartly destroyedasthey propagtethroughthecircuits. Thus,block optimization
can only speedup the simulation process for circuits with avelatow number of Pls.

On the otherhand,setbasedsimulationwithout any optimizationswhich is referredto as
NoDel is very efficientif therearemary low active Pls amongthe primary input signals.
Thesimulationresultsshav thatthe combinationapartsof large sequentiatircuits belong
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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 simulationis especiallywell suitedfor applicationsthat are connected
with the methods that were presented in section 4.4.

4.6 Trading Speed versus Accuracy

Patternrearrangemerdcceleratethe simulationonly undercertainconditions.In generala
high numberof uncorrelategrimary inputs preventsefficient rearrangemenOn the other
hand,in mary applicationst would be acceptabldo sacrificesomeaccurag for speedlin
this section an approach will be proposed thatesakich a tradefgbossible.

4.6.1 Grouping

It wasmentionedbeforethattheinput streamsareeithercreatedoy high level simulationor
they arebasedon realdata.lf suchstreamsareanalyzedmoreclosely it revealsthatthere
often exist certaingroupsof correlatedsignals,while the correlationsbetweensignalsof
differentgroupsarenggligible. Suchgroupsof highly correlatedsignalswill be calledcor-
relation goupsin the sequel or simplgroups,depending on the contie

Considere.g.the modelfrom figure 4-11. It implies correlationgroupsfor the registerout-

putsof FSMs.Furtherexamplesareprotocolor codeprocessingleviceslik e businterfaces,
LAN adaptersor processordn ary code the codewordscanbepartitionedinto fieldswith

specific purposesE.qg. figure 4-29 depictsthe typical format of a two-addressmachine
instruction.It consistsof threefields: the operationcode,the addressf the first operand,
and the addressof the secondoperand.While the threefields are independentthe bits

within thefields maybecorrelatedsincesomeopcodesaremorelik ely thanothers[Patt 96]

and most memory accessesda local character [RalS&].

Opcode Address 1 Address 2

Figure 4- 29: Two-address instruction

Figure4-30 shavs anabstracimodelof a circuit thathasto processuchaninput stream It
haseightinputsa-h. It is assumedhatthereexist two correlationgroupsG,={a, b, ¢, d} and
Gy={e, f, g, h}.

Becauseof the statisticalindependenceetweengroups,the assignmenbf rows in G; and
G, to eachotheris arbitraryandcanbechangedandomly Thus,it seemdikely to breakthe
input vectorsinto partial vectorsthat are definedby the correlationgroups(figure4-31).
The partial vectorsarethenoptimizedseparatelyasdepictedin figure4-32. Thus,the two
major requirementdor efficient block optimizationcanbe met: low numberof rows and
highly correlatedpatterns.However, the questionariseshow thesepartial vectorscan be
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Figure 4- 30: Correlation groups
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Figure 4- 31: Partial vectors

correctlyhandledby the simulationalgorithm.It would beaninterestingoossibilityto intro-
ducea multidimensionakignalrepresentatiorEachdimensionwould represenbnecorre-
lation group.While the operationsvithin agroupwouldn’t changeprocessingf signalsof
different groupswould lead to multidimensionalset operations Even in the two dimen-

Gy G,
13245 54 1 3 2
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Figure 4- 32: Separately optimized partial vectors
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sionalcasewhereefficientalgorithmscould be adoptedrom otherapplicationdik e design
rule cheding, theseoperationsare still quite costly in termsof CPU time and memory
requirementsnot to mentionthe requirementsn casethe datais to be modeledwith three
or moredimensionsHence thereremaintwo openquestionshow to determinehe correla-
tion groups and hw two process signals of fifrent correlation groupsfefiently.

4.6.2 Determination of Correlation Groups

If correspondingnformationis availablefrom systemdesign the correlationgroupscanbe
manuallyidentified by the designerHowever, an algorithmicsolutionis to be preferredin
order to support today’highly automated designWs and for reliability reasons.

The algorithm that is proposedhere, is basedon the pairwise correlation coeficient
(definition2-54).1t consistf threephasesDuring thefirst phasethe magnitudes; of the
correlationcoeficientsarecomputed.They arestoredin thearraySC A completeentryin
SCeconsistsof the correlationcoeficients ¢ plus referencego the accordingvariablesx;
andx;:

SC(K) = (¢ij, *Xj, *X;). (4-33)

For all variables Xj, Xj (i j) compute magnitude of the pairwise
correlation coefficients ¢ i =10 |
Store the correlation coefficients in array SC:
SCIKI=(C ij X i.*X ;)
Sort SC in decreasing order of SCIK].c i
k=0
while(SCIk] > L %l
if(x ; belongs to a group)

G := the group x i belongs to
else
G:={x i}
if(x j belongs to a group)
G := the group x j belongs to
else
G= ;}
ifIG i [+|G j| sLgORSCIK]>L  1{
G =G ;UG
delete(G ;)
}
k:=k+1

Listing 4- 1: The grouping algorithm
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During the secondphase signalsare merged into groups.The vector SCis processedn
descendingrderof its correlationcoeficientsSCk].g;. Thecorrespondingignalpairsare
concevably meged into one group using the folling operations:

* If eitherx; or x; don't belongto ary group,anew groupG, is createdcontainingx;
andx.

* If x; andx; belongto two differentgroupsG; andG;, respectiely, the two groups
are meged into one single group.

* If x; andx; already belong to the same group, no action is necessary

The secondphaseendswhen SC[K].¢; is below a certainlimit Lq. Then,during the third
phase meming is only allowed if the resultinggroupsdo not exceeda limited group size
L. This preventsthe groupsfrom becomingto large, in casethat the signalsare only
weakly correlated.

As soonasSCIK].g; is below asecondimit L, thegroupingalgorithmstops theremaining
correlations are negligible. Listing 4-1 depicts the grouping algorithm in a C-like
pseudocode notation.

For the experimentgthat are presentedater, the limits have beenchosento L; = 0.3 and
L, = 0.1, while thegroup size  has been aariable parameter

4.6.3 Vector Recomposition

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

12 3 45
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C':'1 cli1/ol1]1]0

~ d|1f1]1]0]0 .
elo(o|0|1]1
flojo|1|1]0

Gy gl1l1]2]1]0
hiol1/0]1]|0

Figure 4- 33: Input patterns after recomposition

However, this recompositioris not of the randomtype that wasrequiredin section4.6.1,
sinceall the groupshave passeddentical optimizationsteps.Therefore,new correlations
betweenpreviously uncorrelatedsignalsof different groups have beenintroduced.For
instancejn figure4-33 signalsa andf aswell asb ande becamddentical. This effect can
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be alleviated to someextend if the groupingalgorithm of section4.6.2is extendedby a
fourth phase.During this phase,small groups and the remaining uncorrelatedPlIs are
megeduntil their groupsizereached . Thus,the probabilityfor equalsignalsin different
groupsand the correlationscoeficients betweengroupsare decreaseat the expenseof
some optimization &tiengy.

4.6.4 Results

For eachexperiment,10 000testpatternsaveregeneratedGroupsizes. g of 2, 4, 8, and12
Plswereinvesticatedwith uncorrelatecdindcorrelatedsectors.The experimentswith corre-
lated vectorswere performedwith the combinationabartof sequentiatircuitst. GPSwas
choserfor vectoroptimizationasanacceptablérade-of betweerruntimeandoptimization
quality. The experimentswere carriedout with six combinationaland five sequentiakir-
cuits. For the sale of clarity only the averageresultsaredepictedhere.Detailedtablescan
be found in appendi€.2.3.

The following statistics were recorded during thxperiments:

» speedupof the simulationwith signal grouping over simulation without signal
grouping.
* global ermor: the relatve error in the werall toggle rate.

» local error: the averagerelative error per gate (equation4-34). As suggestedn
[Schn95], only signalswith a switching actiity a;>0.01 were consideredThe
reasonfor disregardingsignalswith lower switchingactiities is that their contri-
bution to the overall power consumptions very small but on the otherhand,they
causelarge relative errors.Imaginea signalmakingtwo transitionsduring a 20k
patternsimulation but it should only malke one; the relative error is 100% but
power dissipation of this signal can begtexted.

0
errorlocal = averagea lexact Iestimated% (4_34)

all gates i witha; > 0.01

q;

exact

Figure4-34 depictsthe speedughroughsignalgrouping.While the speedups quite high

for small group sizes it decreasewith increasinggroup sizesincethe heuristicoptimiza-
tionsbecomdessefficient. The speedup$or thesequentiatircuitsdecreasslower thanfor

combinationalcircuits. The reasonfor this behaior is in the grouping algorithm. The
parametegroupsizelimits theactualgroupsizeonly for weakly correlatedsignals.Thus,if

large groupsof highly correlatedPlIs exist like in large sequentialkircuits, the grouping
algorithmmeigestheminto onesinglecorrelationgroup,regardlesghe group sizeparame-
ter, resultingin a poor speedugfor small Lg. On the other hand,thesehighly correlated
groupscan be much better optimized than similar groupsof uncorrelatedsignals. This

results into relawiely high speedups for lge L.

1. For more details see section 4.%&gquential circuits.

115



Zero Delay Power Estimation in Combinational Circuits

80

071 O — . —

r ] combinational
40 R e R ]

r | i | ] [ ] sequential
30 - S . L

Speedup Factor

20 0 B - |

10 - - — PR T -
| ™ o~

Figure 4- 34: Speedup with signal grouping

The global errorsare depictedin figure4-35. As expected,larger group sizesyield more
accurateesults But evenfor agroupsizeassmallas2, theaverageglobalerroris far belov

5% for uncorrelatedls.Ontheotherhand for thesequentiatircuits,theaverageerrorsare
higher This demonstratethe effect of the approximationgnadeby the groupingheuristic
of listing 4-1 where several correlationsare neglected. However, the averageerrors are
belov 15% andthusstill acceptabldor mary applications.The resultfor group size4 is

unexpectedsincethe erroris higherthanfor smallergroups.The major reasonis the ran-

domerror compensatioreffect that wasfirst reportedof in [Kapo 94]. Whensummingup

the signaltogglesover the whole circuit, underestimatedodesand overestimatechodes
may partly compensateachother If the averageactualgroupsizeof two simulationruns
differ only slightly, asindicatedby the speedup$or sequentiatircuitsfor groupsize2 and
4, this random déct can become dominant for the global error

l 5 ‘ T T ‘ ‘ T T T

PR NN H—

[] combinational

[] sequential

Global Error [%]

Figure 4- 35: Global error with signal grouping
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Summary

Thistheoryis further supportedy the averagegaterelatederrorswhich aredepictedn fig-

ures4-36. They clearlyincreasewith decreasingroupsizesincethey don't profit from the
randomerror compensatioeffect Thelocal errorsareparticularlyimportantfor logic opti-

mization algorithmssincethoserely on accuratedatafor individual gates.For combina-
tional circuits,thelocal errorsareacceptabldor group size4 andhigher For the sequential
circuits, &engroup sizel?2 yields aneerage local error of 14%.
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Figure 4- 36: Local error with signal grouping

Conclusion

As a generalconclusionof theseexperimentstwo obsenationscanbe made.If the overall
power consumptiorof a circuit is to be estimatedgroup orientedpatternoptimizationfol-
lowed by arbitrary vectorrecompositioryields remarkablespeedupsnd acceptableaccu-
ragy evenfor agroupsizeassmallas2. However, asthe input patternsggetmorecorrelated
like in the combinationapartof sequentiatircuits, largergroupsbetweerB and12 signals
areto be preferredtradingsomespeedor accurag. However, the performanceenaltydue
to increasinggroupsizeis relatvely modestfor highly correlatedPls comparedo uncorre-
latedPls.On the otherhand,if high accurag is requiredfor eachsinglegatein thecircuit,
the group size Lg must be further increasedo at least4 and 12 for combinationaland
sequential circuits, respeatly.

4.7 Summary

This chapterstartedwith adetailedoverview over state-of-the-artechniquegor power esti-
mationon logic level. The focuswas put on switching activity estimationunderthe zero
delayassumptiorwheretwo, fundamentallydifferentapproachesxist: logic and probabi-
listic simulation.While both suffer from long runtimesif high accurag is required,there
exist other problemsthat are specific to each approach.For logic simulation based
approachethey arerelatedto patterngenerationfor probabilisticmethodsaccuratecorre-
lation handling posesthe major challenge.lt was shavn which basic methodsexist to
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addresgheseproblems.Most of them are limited to purely combinationalcircuits. How-

ever, sincesequentiatircuitsrepresenanimportantcircuit class,severalmethodsrom the
literaturewere presentedvhich allow to apply the estimationmethodsfor combinational
circuits to sequential ones.

In thesecondparta new, setbasedsimulationapproaclwasproposedFromamathematical
point of view, it fits in the gap betweenogic and probabilisticsimulation.However, it still
depend®ninputpatternsThe basicapproacthasprovento be quite efficient for low active
circuits like the combinationalpart of large sequentiakircuits. For othertypesof circuits
several optimizationswereproposedyhich rely onvectorrearrangemeni he efficiency of
theseapproacheslependsstronglyon the statisticalpropertiesof the input patternsBut in
general,efficiengy is decreasedavith the numberof primary input signalsof the circuit.
Thereforeamethodwaspresentedn thelastsectionthatenablesatrade-of betweeraccu-
racy andCPUtime. Its mainidearelieson partitioningthe Plsinto smallergroupsof corre-
lated signals.Thesegroupsare thenarbitrarily recomposedfter separateptimization. It
was shavn by experimentalresultsthat averagespeedupsas high as 75 times can be
obtainedover the accurateapproachThe globalaccurag lossdependsiponthe parameter
group sizeandthe statisticalpropertiesof the primary input streamsFor uncorrelatedls
theglobalerroris farbelov 10%evenfor agroupsizeassmallas?2. If thePlsaremorecor-
related or if high gte oriented accurgds required, lagergroup sizesnust be chosen.
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5

TheZDM is aconvenientsimplificationduringthe developmenif a novel simulationalgo-
rithm. It canalsobe appliedearly in the designcycle. A ZDM simulatorcanyield a first
roughestimateof the actualpower consumptiorbeforetechnologymapping,whenthe cir-
cuit structureand gate delaysare not available yet [Schn95]. However, if gatedelaysare
neglected certaineffectscannotbe takeninto account.This may leadto importantestima-
tion errors.

After somedefinitionsandthe detailedpresentatiorf thelimits of aZDM basedsimulator

this chaptershavs how the setbasedsimulationapproachcanbe extendedto ary desired
delay model. A new signal representations introducedthat extends signal waveforms,
which areusuallyrepresentetby singledimensionalectors,to 2-dimensionahrrays.The

RDM simulationalgorithmitself canbe consideredsanextensionof common eventbased
logic simulators.The approaclpresentedherecanbeappliedto a whole classof simulation
algorithms.This is shovn by applyingit to the bitparallelpower estimatorwhich wasfirst

presentedn [Schn95]. While beingvery efficient in runtimeit hasalsobeenrestrictedto

the ZDM so far. Besidethe basictechnique two methodsto improve the runtimeare pro-

posed:an exact approachand an approximation.Detailed experimentalresultsprove the

runtime efficiengy of the novel algorithmsand give new insightsaboutthe impact of the

delay models on the accuyaaf the simulation result.

5.1 Limits of the Zero Delay Model

The set basedsimulationmethodthat was presentedn chapter4 hasbeenbasedon the
ZDM sofar. Thus,it suffersfrom all thedravbacksof ary ZDM basedower estimatorasit
cannotmodeleffectsthatareintroducedby the gatedelayslik e hazardsandglitches.Con-
siderthe circuit of figure 5-1. Yzp\ and Yypum depictthe outputwaveform of the circuit
undertwo differentdelay assumptionsthe ZDM andthe unit delay model(UDM). Obvi-
ously, theZDM doesnot capturethehazardontheoutputY whichis causedy thedelaysof
thetwo inverters.As it is shavn later, hazardhave animportantcontrikution to the overall
power consumptionAs theZDM generallytendsto underestimatéhe signalactuity, it also
underestimates the ywer consumption.

Most RDM logic simulatorsrely on an event basedtechnique[lLehm 94]. An eventis an
orderedpair which consistsof a signalvalueandthetime whenthe accordingsignaltakes
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W >

Yzpm

Yubm .

Figure 5- 1: Circuit simulated with ZDM and UDM

this new value.Signalwaveformsarestoredin eventlists. Whenthe outputwaveform of a
gateis to be computedthe eventson its input waveformsmustbe processedn temporal
order The correcttemporalorderof the eventprocessings guaranteedby the global simu-
lation timet which controls the simulation fAo

Probabilisticsimulatorscanbe extendedto more sophisticatedielay modelswith the con-
ceptof probability waveformgNajm 90]. In this case ary eventis definedby the new sig-
nal value, the event time, and the probability that the event actually occurs. These
probabilities can then be propagted through the circuit using common probabilistic
approachedVhile todaysuitabletechniquegor logic andprobabilisticsimulationarestate-
of-the-art, no such methodists yet for the set based approach.

5.2 Real Delay Model

Thetargetdelaymodelof thealgorithmthatis presentedn the sequeljs basedon the mod-
elsof table2-2 with n=0 andm=1. It representa commonlyusedmodelin existing simula-
tors, like the standad delay modelin [SyLi 96]. The algorithm can be easily adaptedto
othermodelsthough.FurthermoreVHDL's inertial delaymodelis assumedincluding dif-
ferentdelaysfor falling andrising edges.This resultsinto two additionalrequirementgor
the RDM simulationalgorithm. It mustdetectand distinguishbetweenfalling and rising
edgesn orderto applythe correctdelays Furtherit needsaglitch detectiormechanisnthat
filters output pulses that are shorter than thte gelay

5.2.1 Signal Representation

Setrepresentatiors cycle oriented Eachsignaltakesonesinglevalueperclock cycle. Now
considerthe signalwaveform of figure 5-2. It depictsan arbitrary examplefor the output
waveform of a gatein areal delaysimulator The vertical dashedinesindicatethe begin-
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ning of a new clock cycle. Analysis of the waveform revealstwo shortcomingsof the set
representationFirstly, there may exist multiple signal changesduring one clock cycle.
Hence thetime resolutionof * 1 clock cyclé is too coarse Secondlyary signalchangegets
a time stamp attached to it.

0 2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 t

Figure 5- 2: RDM signal

In ZDM simulators,signalwaveformsare usually representeds single dimensionalvec-
tors.Eachentryin thevectorcorrespondso the signalvalueduringa specificclock cycle. It
wasoutlinedbeforethat sucha representatioms not sufiicient if real gatedelaysareto be
takeninto accountIn orderto managehe additionalinformationthatis introducedby the
RDM, thetime axisis dividedinto clock cycles.Insteadof representingime asa singlesca-
lar value, it is represented by an ordered paialso calledCO-time

Definition 5-1: CO-Time
Giventhe scalartime t,J T anda clock periodt, thenthe CO-Time (Cycle-Ofset
Time) is the ordered pair

ty, = (cc,At) 0Z x X whereX = {x|xOTOO<x<T}.
ccandAt are gven by
cc = |ty/T| andAt = tymodt.
The sefT is usuallyZ or R.
Figure 53 depicts the signal of figuresin the CO-time notation witt=10.

02 46 802 46 802 46802 4680246820 At

Figure 5- 3: RDM signal in CO-time notation
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Note thatthe labelsat the y-axis are not uniquearymore. Hence the scalartime tg canbe
computed from the CO-time by:

t, = T [Ec+At. (5-1)

Using the CO-time representationthe signalwaveform cannow be representeds a two

dimensionahrray The columnsrepresenthe signalvaluesduringoneclock cycle cc while

eachrow correspondso a time offsetAt. The arraynotationof the signalwaveform of fig-

ure5-3 is depictedn table5-1. Notethefirst row with At<0. It representshesignalvalues
at the end of the previous clock cycles. Obviously it correspondgo the lastrow at At=4

shifted right by one position.

cC

At 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

Thearrayrepresentationf table5-1 is calledthe scheduleof a signalor simply schedule A
completescheduleconsistof two arrays:thetwo dimensionahrraywhich containghesig-
nalvaluesalsocalledvaluearray, andasingledimensionabrray which storeshetime off-
setsAt thatcorrespondo therows in thevaluearray Thelatteris calledthe offsetvector It
Is depictedasthefirst columnfrom theleft in table5-1. Therows of thevaluearrayinclud-
ing their time offset At aresometimesalleda vectoreventor briefly event The valuesof a
vectorevent of signal X at At arereferredto as X(At). ConsequentlyX(ccAt) denotegshe
signal \alue ofX in a specific clockycle cc at a specific time &detAt.

The rows of the valuearray cannow easily be representedvith sets.The setsarealready
indicatedin table5-1 by the shadedandunshadedegions. In the following examplesthis
kind of illustration is retained for easier comprehension.

5.2.2 The Simulation Algorithm

Basedon the signalrepresentationf the last section,the simulationalgorithmcannow be
describedThe algorithm computedor eachgate the completeoutputwaveform beforeit
proceedgo the next gate. The waveformsarerepresentedsschedulesThe scheduleshat
describethe input and output waveformsof a gate are called the gate's input and output
schedulesrespectiely. The outputscheduleof eachgateis computedby simultaneously
scanningthe gate's input schedulesThe input eventsare processedn ascendingorder of
their time ofsetsAt. Complete processing of an inpweat requires four operations:

1. Perform the logic operation of thatg.
2. Delay determination.
3. Glitch detection and remal.
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4. Count transitions and possibly distinguish hazards from useful transitions.

Theseoperationsaredescribedn moredetailin the following sections Eachstepis illus-
tratedby the following example.Considerthe 2-input AND gate G of figure 5-4. Its input
schedulesare depictedon the left of the samefigure. The accordinginput waveformsare
graphically illustrated in figure 5-

d cC
At 0 1 2 3 4
<0 0 0 1 1 1
1 1 1 0 1 1 G
4 0 1 1 1 0 a
b — y
J cC
At 0 1 2 3 4
<0 1 1 0 1 1
3 1 0 0 0 0
8 1 0 1 1 0

Figure 5- 4: AND gate with input schedules

A' I I I I I
|ccO | ccl | cc?2 | cc3 | cc4 |
17l I i i i i
a I i i i i i
0 +H | | I I —
1 L | | | | I
b | | I I I I
0. | | | L
0 a4 6802 4680246802 468054680 T A

Figure 5- 5: The input waveforms of figure 5-4

Beforethe detailsof the simulationalgorithmcanbe explained,we needto definethe fol-
lowing three terms.

Definition 5-2: Current Simulation Time At

The currentsimulationtime At denoteghe time offset of the input eventthatis cur-
rently being processed.
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Thecurrentsimulationtime hasa similar meaningasin traditional,eventbasedogic simu-
lators. The major differenceis thatit doesnot referto onesinglepointin time but it rather
denotes a time ftsfet that refers to all clockycles simultaneously

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

1L if signal x changes its value at CF-tirfez, At;)
try(cc, At) = 0O _
O 0 otherwise
tr(At;) is sometimeslsoreferredto astr, or simplyastr; if thereferencevariabley
IS obvious.

Definition 5-4: Falling and Rising Transition
The falling transitiontr;(Ati) Is a binary vectorof sizen. n denoteghe numberof
clockcyclesthataresimulatedtr, (cc, At;) = 1 if thesignaly hasa1 to O transition
at CF-time (ccAt;), otherwiseit is 0. The rising transition trry(Ati) is accordingly
defined for O to 1 transitions.
Sometimeghenotion trg(Ati) is usedwhich denoteseitherafalling or arising tran-
sition.

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

Firstly, the outputscheduleneedso be initialized by performingthe logic operationof the
gate on the initial valuesof its input schedulegAt<0). Sincethesesvaluesrepresenthe
steadystateghathave beenreachedn thepreviousclock cycles,thevaluesareimmediately
available at the kginning of the currentycles and need not to be delayed.

ThenAt proceedso thefirst eventin the input schedulesAssumethatthis eventoccursat
At; oninputx. All otherinputsaresupposedo remainstable.The new outputvalueof the
gate y(At,) is computedand enteredinto the output scheduleby applying the changed
valueof x(At;). Theactualvalueof thetime offsetAt, of the new entryin the outputsched-
ule remainsopenfor thetime being.Concurrenteventson several inputscanbe processed
accordingly

In the kample of figure 3 the initial \alue of the outpuwy is given by
Yoo = 8 b = 00111011011 = 00011. (5-2)
The first input @ent occurs aht=1 on inputa. Thus we obtain

Ya, = & [boy = 1101111011 = 11011 (5-3)

and the preliminary schedule of tabl@5-
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cC

At 0 1 2 3 4

<0 | o 0 0 1
A, |1 1 0 1

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

Delay Determination

Thesimulationtime At, whenthenew entryis to be scheduledhasbeenleft openin thelast
section.Sincethe delay modelallows differentdelaysfor rising andfalling transitionst,,
andty,n respectiely, the two differenttransitiontypesneedto be detectedusingthe fol-
lowing three equations:

tr,(At) = y(At) Oy (At _y) (5-4)
try (AL + tgoun) = try(At) (AL _y) (55)
try (At +t,,) = tr (At,) Gy(At,), (5-6)

wherey(At;_;) is the entry in the output schedule which directly precg@ss).

While equation5-4 detectstransitionsof ary type, equationss-5 and5-6 filter falling and
rising edges respectrely. Now the correctdelayscan be applied. The falling and rising
transitionvectorstryf andtryr aretemporarilystoredin asecondschedulealsocalledtransi-
tion schedule It is usedduringprocessingf succeedingvents.Thetransitionschedulean
be removed after the completeoutput scheduleof a gate has beencomputed,henceit
doesnt require much additional memory

If it is thefirstinput eventthatis beingprocessedy(At,) canbeimmediatelyreplacedy the
final outputvaluesy(At+t g,y andy(At+t,y). Underthe assumptiorthat ty,,,, <t,,, they
can be computed by

f
y(Ati + tdown) = try(Ati + tdown) O y(Ati —1) ( S-7 )

y(At| + tup) = y(Atx) : ( 5-8 )

If tgown > tup: tdown @ndtyp aswell asthe superscriptsr’ and‘f’ mustbe exchangedn
equations 5-7 and 5-8.

If equationsb-4 to 5-8 areappliedto the given example,the following intermediateesults
will be obtained:

tr,(At) = y(At,) 0y(At) = 110110 00011 = 11000 (59)

try (L + tgoun) = try(At,) B/(Aty) = 1100000011 = 0000C (5-10)
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try(1+1t,,) = tr,(At,) [y(At,) = 11000011011 = 1100C. (5-11)

Thus,we have only two rising events.Sincewe areprocessinghefirst event,we canimme-
diately compute the outputiues:

y(1+1,,) = y(At) = 11011, (5-12)

which results in the schedule of tabl&5-

ccC cC
At o | 1| 2 | 3 | 4 At o | 1| 2 | 3 | 4
< [ o] o] of1 |1 <0
wy, (22 | 0o |2 | 2 wy, 2] 2| 0| 0] 0

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

Glitc h Removal

Glitch detectionand removal canonly be omitted during the processingof the first input
event. For all succeedingventsit is indispensableAccordingto chapter2.2.2,ary output
pulsethatis shorterthanthe gatedelayis a glitch. Sincethe contritution of glitchesto the
overall power consumptionis small [Malu 98], they will be neglected. Hence, pulses
shorterthanthe gate delay mustbe filtered out. In the transitionschedulea glitch canbe
identified by tvo criteria:

1. Two transitionvectorsareseparatedby lessthanthedelayof thelatertransitionand
2. the two transition ectors hae a 1’ in the same column.
Thus,asanew entrytr; is to be enterednto the outputschedulecondition2 mustchecled
for ary previousentrytr; with ascheduleaffsetAt; greatethanthe currentsimulationtime

At (At>At). Checkingandfiltering canbe performedsimultaneouslyvith thefollowing two
equations:

tr'

tr.'

(tr; Otr;) O, (5-14)
The old \alues oftr; andtr; are then replaced by their filtereersions:

try:=tr;" andtr;:=tr;’, (5-15)
y; will only be recalculated whefit becomes greater tha.

In the sequeltheseresultsshallbe appliedto our example.Table5-4 shavs the preliminary
output scheduleduring processingof the secondinput event which occurson input b at

1. However, it would be perfectly possible to incorporate the models of [B83hrto the simulator.
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At=3. Delay determinatiorhasalreadytaken place.Thereexist threefalling transitionsin
clock grcles 1, 3, and 4 which are entered into the lagtafothe transition schedule.

cc cc

At 0 1| 2| 3| a At 0| 1| 2
<0 ol oo 1] 1 <0
My, [ 2 [ 2| o | 1|1 14y, 1 [ 1] o
3gan | 2 | O ] 0 | 0 | O 3gam | O | 2 | ©

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

Let usassumehat 1+t,, > 3. Otherwiseno glitch detectionwould be requiredsincethere
would be no entryj in the transitionschedulewith t; > At. Application of equations5-13
and 5-14 yields:

tr'3+tdown = (tr3+tdown U trl+tup) Dr3+tdown = 10011001011 = 00011 (5-16)

try .y, = (tgay,, Oty ) Oy, = 10011011000 = 1000C. (5-17)

Theresultingschedules depictedin table5-5. Obviously, the pulseaty(1,1+t,,) hasbeen
deleted. Note that(1+t,;)has not been updated yet with thevnelue oftr(1+t,,).

cc cc

At 0 1| 2| 3| a At 0| 1| 2

<0 o]l oo 1] 1 <0
y, 2 2] o] 1] 1 14t 1] o
3gan | 2 | O ] 0 | 0 | O B#tgon | O | O

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

Transition and Hazar d Counting

As the simulationproceedsandthe currentsimulationtime At increasesentriestr, (At;) in
thetransitionscheduldbecomedispensablasAt becomegreatetthantheir scheduledime
At;. Beforethey canbe removed from the memory the total toggle numberof the gatetg,
must be updated using the fallmg formula:

tg, = tg, + &-5+1
for all setsT] of t(At;)

(5-18)

whereg ands; denotetheindexesof theendandthe startof setj, respectrely. At thesame
time the \alue array has to be updated by

y(At) = tr (Af) Oy(At_,). (5-19)
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After all input eventshave beenprocessedndthe total numberof togglesof the gatehave
beencomputedthe hazardrateof this gateh, canbe determinedBefore,the usefultransi-
tionsuy, need to be calculated by

U, = YooYy, (5-20)
wherey,, is the last entry in the output schedule. The number of hazards results then in
hy = tg, —tg,. (5-21)

The number of useful transitiotg, can be determined by applying equation 5-18yon

In the example, we findg,=6. uy results in
u, = YUy, = 000110 00110 = 00101. (5-22)

Thus, we hee 2 useful transitions and 4 hazards.

Table5-6 depictsthefinal outputscheduleafter all input eventshavebeenprocessedlhe
gatedelayswereassumedo t,,=3 andtyo,1. Note thatthe eventsat 1+t,, and3+tyonn
were joined to one singleent sincel+t, = 3+tyoyn= 4.

cc
At 0 1 2 3 4
<0 0 0 0 1 1
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

5.2.3 Results

The algorithmthatwaspresentedn the last sectionhasbeenintegratedinto ASSeTIt was
testedon severalcircuitsfrom the ISCAS-85[Brgl 85] andISCAS-89[Brgl 89] benchmark
sets.The circuits weremappedon the GFN 120 gateforestcell library [IMS 91]. For each
experiment,25 000 randomtest patternswere generatedising the sameparameterasin
chapterd: the staticprobabilitiesp; andthe switchingprobabilitiesa; of thePlsare0.5. The
sequentiatircuitsweresimulatedwith 20 000 RTL-geneatedpatterns. The block optimi-
zationalgorithmswereomittedsincethey don't improve the simulationtimesfor sequential
or large combinationakircuits. The runtimesof the setbasedsimulatorwerecomparedo
logic simulation.ASSein alogic simulationmodewasusedfor thelatterin orderto guar-
anteea fair comparisonThis ensureghat exactly the samedelay modelsare appliedand
avoidstheinfluenceof implementatiorspecificdetailsthat canlargely effect the runtimes,
like programmindanguagesdifferentcompilers,andcompileroptions.The speedupf the

1. For details about pattern generation see chdpbeh, sectiorSequential Circuits
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setbasedsimulatorover logic simulationandthe commerciallogic simulatorof Synopsys
[SyP096] are depicted in figure &-labeled by ogic andSynopsysrespectiely.

120 ‘ ‘
] O Logic - 1
100 ] Synopsys| P N A 1 S 7
B0 o L ]
60 [t L o ]
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20 ’
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c432  c499 880 1355 1908 2670 s820  s1196 s5378 s$9234 s13207 s15850

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

As in the zero delay simulationsthat were presentedn the last chaptey the setoriented
approachs bettersuitedfor sequentiakircuits. With averagespeedup®f 3.2 and61 for

combinationabndsequentiatircuits, respectrely, the absoluteaccelerations higherthan
for ZDM simulation, though. Obviously, the vectorsin the scheduletend to be sparse,
resulting in a more &€ient set representation than in a zero delay simulation.

The speedup®ver Synopsysare slightly smaller dependingon the circuit. However, the
two simulatorsare hardly comparablesincethey rely on completelydifferent simulation
methods Synopsysequiresthe simulationto be precededy ananalysisstepin which the
original netlistis translatednto natve machinecodeof the machine the simulatoris run-
ning on. Figure5-6 is basedn puresimulationtimeswhich don‘t includethe analysisstep.
Furthermore the simulator versionthat was available for theseexperimentsoffers some
more functionalitybut did not count signal toggles on the other hand.
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Figure 5- 7: Hazard rate
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Figure5-7 shavs the hazardrateswhichillustratethe errorthatis beingmadeif gatedelays
arengylected Ontheaverage23%of all transitionsarehazardsThus,gatedelaymodeling
is indispensable for accuratevper estimation.

For the experimentsof figure 5-6 andfigure 5-7, theloaddependencef the gatedelayshad
to be ngglectedsincethis dependencavas not includedin the available Synopsydibrary.
Figure5-8 depictsthe speedugor ASSeTwith load dependentielays.Obviously, thereare
slight differences bt the general trend is comparable to figan@
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Figure 5- 8: Speedup with load dependence

5.3 Application to a Bitparallel Simulator

ThebitparallelapproacHrom [Schn95] waspresentedn chapter4.2.1.Bitparallelsimula-
tion hasbeenknown sincethemid 1980sin thetestarea|West93], but it hasbeenlimited to

the ZDM sofar. The bitparallelandthe setbasedapproachhave a commonproperty:they

both simulateseveralinput patternsat once.While the bitparallelapproactsimulatespack-
etsof a fixed size,usuallythe machineword length,the paclet sizesdependon the input

patternsin the set approach.Neverthelessthe algorithm of section5.2 can be directly

appliedto the bitparallelapproachwithout major changesDefinitions5-1to 5-4 aswell as
equations$-2to 5-17 do not baseon a specificsignalrepresentatiomodel.Bitparallel sig-

nalrepresentationanjustaswell beusedassetrepresentationl hisemphasizethegeneral
applicabilityof this approachio awholeclassof simulationmethodsOnly duringtransition
andhazardcounting,the bitparallelapproactenablesomemoreoptimizationsthataredis-

cussed in the ¢ section.

5.3.1 Transition and Hazard Counting

Schneideret al. proposea LUT basedapproachfor transition determination.The LUT
assigna-bit wordsto the numberof transitionsin the word. Sincethe size of the LUT is
exponentialin theword width n, they partitionthe processowordsinto blocksof 8 bits. A
transitionbetweerthelastbit in thelast8-bit word andthefirst bit of the current8-bit word
cannotberecognizedf the 8-bit wordsareconsideredndividually. Thus,the lastbit of the

130



Optimizations

last 8-bit word is appendedo the current8-bit word, resultingin n=9. 4 LUT accesseare
then required in order tosaluate one 32-bit machineowd.

In this work, a slightly moreefficient approachwaspossiblesincethe transitionvectorstr
areavailable. The machinewordsin thetransitionvectorsare partitionedinto 16-bit words
which are evaluatedwith a LUT. But insteadof mapping16-bit wordsto transitionnum-
bers,the LUT maps16-bit wordsto their hammingweightsinceeach‘l’ in the transition
vectorcorresponds$o a signaltransition.The higherefficiency resultsfrom only two LUT
accesseper 32-bit word, from omitting the append-operatiorgndfrom the factthat most
processor®ffer specialmachineinstructionsto accessalf 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 thecan be considered here agiacombinational circuits.

Figure5-9 shavsthe speedupf thebitparallelsimulatorrunningon a 32-bitmachinecom-
paredto the samesimulatorin a bitwise modé". On the average5.3 times speedupwas
obtained.This valueis 65%timeshigherthanfor the setapproachhut it is still far below
thetheoreticalvalueof 32. Severalmethodgo improve this valueareaddresseth the next
section.
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Figure 5- 9: Speedup of bitparallel over bitwise simulation

5.4 Optimizations

Thealgorithmof the lastsectionstill offers someoptimizationpotentials Firstly, thereis a
certainoverheadf only singleprocessowordsarepropa@tedthroughthe circuit. Memory
needdo bedynamicallyallocatedanddeallocatedFurther someintermediatgesultsareto
be computedandstoredfor eachgateoutput,e.g.the numberof togglesthathave occurred
so far on a specific signal. Secondly for some circuits the schedulesend to have an

1. The logic simulations of section 5.2.3 were performed using the same mode.
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extremelyhigh numberof sparsesectors While the speeduf the setapproachs basedn
this sparsenesd, increasesheruntimeandreducethe memoryefficiengy of the bitparallel
simulator

5.4.1 Dynamic Package Sizing

The simulation overheadcan be reducedif packagesof several words are propagted
togethey insteadof propagting single wordsthroughthe circuit. The overheadwould be
minimized if all the test patternswere processedn one single run. On the other hand,
increasegbackagesizesleadto increasedcheduldengthsandmemoryrequirementsin the
worstcasetheavailablemainmemorymem, ,canbeexceededcausinghe operatingsys-
tem to useswappingspaceon the hard disk which in turn decreaseshe performanceor
several orders of magnitude. Hence apping must be absolutelyaded.

Theoptimumpackagesizedepend®nthecircuit structurethecell library, aswell asonthe
testvectors.Thereforeanalgorithmhasbeendevelopedfor dynamicallyadjustingthe opti-
mum packagesizeduringthe simulationprocessThis algorithmis calleddynamicpadkage
sizing(DPS) DPSconsistof two phasesDuring thefirst phasat determineghe optimum
packagesize.This sizeis thenusedduring the secondphasefor simulatingthe restof the
input patterns without grfurther checks.

Phaseoneis initialized with the minimum packagesizeof onemachineword, usually32 or
64 bit. After eachsimulationrun, the packagesizen is doubled.For eachrun the average
CPU time per input patternt, P2 aswell asthe memoryrequirementsnem, arerecorded.
Thelatteris usedto estimatethe memoryrequirement®f the next run with doublepackage
size2n, memy, . Phase one ends undepoteonditions:

1. t,P%>1t P23 the optimum package sizerif2.

2. memyn > mem,,, - the optimum package sizeris

Results

The experimentalresultsof DPS are depictedin the following two figures. Figure 5-10
shaws the overall speedupf bitparallelsimulationwith DPSover bitwise simulation.Fig-
ure5-11focusenntheeffectof DPSaloneby illustratingthe speedumf bitparallelsimula-
tion with DPS weer bitparallel simulation without DPS.

The averagespeedupf bitparallelsimulationwith DPSis 23. Thus,the value of the pure
bitparallel approachcould be improved by factor 4.3 without ary accurag loss. As
figure5-11 indicates,somecircuits profit considerablymore from DPSthanothers.If the
speedup®f figure 5-11 are comparedo thoseof figure 5-6, it becomeshvious that the
higher the speedupof the pure bitparallel approachthe higheris the profit from DPS as
well.

The question,why somecircuits performworsethan othersand how the speedupcanbe
improved for those circuits, isvestigated in the nd section.
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Figure 5- 10: Speedup of bitparallel simulation with DPS over bitwise simulation
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Figure 5- 11: Speedup of bitparallel simulation with DPS over bitparallel simulation without DPS

5.4.2 Schedule Compression

Figure5-12 depictsthe packagesizesthatwerechoserby DPSin the previousexperiments.
Obviously, the circuits for which DPS choosedarge packagestesultin a higherspeedup.
Thereasons asfollows: large packagesizescanonly reducethe simulationoverheadf the
schedulesiredenseThis happensf theoutputeventsof a specificgateconcentrat@n only
few time offsetsAt;. On the otherhand,if the offsetsof all eventsof a gate are different,
eacheventrequiresa separaterectorof full lengthin thescheduleln thatcaseasthe pack-
agesizeis increasedthe scheduledbecomelonger resultingin longer simulationtimes
since the dgree of parallelism is decreased.

For this circuit type, further speedups possibleif someaccurag lossis acceptableisinga
techniquecalled schedulecompession The basicideabehindschedulecompressions to
join eventsi with similar eventtimesAt; by assigninghe eventtimesto equivalenceclasses
At',

av; = (bt + 20 div o|ce. (5-23)

Equation5-23 correspondso roundingthe eventtimesAt; to multiplesof ©. Sinceglitch
filtering heavily depend®nthevaluesof the gatedelaysandgatedelaysvary by morethan
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Figure 5- 12: Packages sizes for DPS

one order of magnitude([IMS 91] and [IMS 96]), © cannotbe chosenas a static value.
Instead © is determinedndividually for eachgateasa fractiond of thegatedelay d is also
called thecompession atein the sequel.

Results

Figures5-13 and5-14 summarizehe speedupshatwereobtainedwith schedulecompres-
sion. 5%, 20%, and 50% denotethe resultsfor different compressiorratesd, while in
figure5-13 0% repeatghe resultof bitparallel simulationwith DPSonly, for comparison.
Theaveragespeedupsver bitwise simulationresultin 32,69,and131for 6=5%, 20%,and
50% respectiely.
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Figure 5- 13: Speedup over bitwise simulation

Obviously, the circuits that got leasteffectedby DPS profit mostfrom schedulecompres-
sion, sothatthe speedugdiguresbecomemoreandmorehomogeneouasthe compression
rated increasesHence theassumptiorthatthe poorspeedupsf bitparallelsimulationwith
andwithout DPSis causedy long, sparseschedulesould be justified andschedulecom-
pression ders a means to impve the simulation times for such circuits.
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Figure 5- 14: Speedup of schedule compression and DPS over DPS only

On the otherhand,schedulecompressiornntroducesa certainestimationerror becausehe
eventtimesaremodified. Theglobalandlocal errors(accordingto equatior4-34) aresum-
marizedin figures5-15and5-16, respectrely. Thelocal errorsareabouttwo to threetimes
higherthanthe global errorand,asexpectedthe errorsincreasewith the compressiomate.
But eventhelocal erroris belov 4% for ashigh a compressiomateas50%. The errorsthat
are introducedby other sources,e.g. the powver modelsof the gates,are usually much
higher Hence the errorthatis causedy schedulecompressiors negligible in mostappli-
cations.Theglobalerrorsfor c1908ands15850areunexpectedsincethey slightly decrease
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Figure 5- 15: Global error

from compressiorrate 5% to 20% Again, the causemay again be found in the random
error compensation &fctthat was described in chapter 4.6.4.
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Figure 5- 16: Local error
5.5 Summary

In this chapter the set basedsimulationapproachwas extendedto real delay modelsby

combiningit with anovel eventbasednethod While in ordinarylogic simulatorghe signal
waveformsare representeds vectors,this representationwas extendedto a two dimen-
sionalarrayin orderto take full advantageof the setbasedsignalrepresentationlhe simu-

lation algorithm allows differentdelaysfor falling andrising edges,and glitch detection.
The latter are simply neglected like in most of todays commerciallogic simulators
[SyP096]. Additionally, a combinationwith moresophisticatedjlitch modelslik e thoseof

[Rade96], would be possible.The resulting simulation algorithm was testedon several

benchmark$rom the ISCASbenchmarksets. The simulationtimeswerecomparedo those
of apurelogic simulationwith the samesimulatorandto thoseof the commerciakimulator
from SynopsysAs in the ZDM approachthe speedupgor combinationaland sequential
circuitsdiffer remarkablyFor the former, anaveragespeedupf 3.2 wasreachedwhile for

thelatteravalueof 61 couldbe obtained Hence thetendeng from chapter4 thatsetsimu-

lation is bestsuitedfor sequentiakircuits, is even increasedif gate delaysaretaken into

accountComparisonsvith the commercialsimulator revealedslightly lower but compara-
ble speedups.

The samereal delay simulationconceptcould also be appliedto the bitparallel simulator
PAPSAShatwasfirst presentedn [Schn95] andwhich wasrestrictedto the ZDM sofar.
Experimenton severalbenchmaricircuitsrevealedan averagespeedupf 5.3 over bitwise
simulation. This value could be importantly improved by two optimization techniques:
dynamic padkage sizing (DPS) and schedule compession. While DPS dramatically
improvesthe simulationtimesfor somecircuits, its successs only modestfor others.The
simulationof the latter canbe importantly acceleratedy schedulecompession By com-
bining bothmethodsanalmosthomogeneouspeedumf up to 131 timesover bitwise sim-
ulation could be obtained.However, schedulecompressioryields only an approximate
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resultsinceit is basedon a reducedprecisionin the time scale.But even for the highest
compressiomatethatwastestedtheglobalandlocal errorswerebelonv 2% and4%, respec-
tively. These error rates areghigible in most applications.

On the otherhand,it wasfoundthatthe averagehazardratesduring all simulationexperi-

mentswere between25% and 50% of all transitions,dependingon the circuit typesand

delaymodels.For onecircuit (6289, asmary as90% hazardsverefound. Sincehazards
canonly betakeninto accountin arealdelaysimulation,gatedelaymodelingis mandatory
for accuratepower estimation.However, high precisionof the delaymodelsis lesscrucial

for the estimationresultasit could be shavn by the experimentswith schedulecompres-
sion.
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Pattern simulation basedpower estimationreachesits limits if high accurag demands
requirethe simulationof a hugeamountof testpatternsor if patterngenerations notfeasi-
ble becaus®f comple spatialcorrelationsbetweerthe primaryinput signals.Thenproba-
bilistic methodsoffer a viable alternatve. Justlik e patternbasedapproachesprobabilistic
methodsely on a propagtiontechniqueBut insteadof propa@tingcompletesignalwave-
formsin the form of long binary vectors,probabilisticmethodspropagte statisticalinfor-
mations.In theideal casethis informationconsistsof only two valuesperPI: the staticand
the switchingprobability Thus,probabilisticapproachesxactly solve the estimationprob-
lemin onesingle“propagationrun”. However, the problemsof mostof today’s probabilistic
approachearetwofold: they areeitherfastandinaccurateor accurateandslow. Thereason
for both are either spatialor temporalsignal correlationsand concurrentswitching of the
primary inputs.

In this chaptertwo methodsare presentedvhich addressheseproblems.The problemof

correlationhandlingis solvedby combiningBDD basedorobabilisticmethodswith logic or

setbasedsimulation.Throughthe novel correlationlayer techniquejt becomegossibleto

correctlymodelthe correlationgroups,proposedn chapter4d. Runtimebehaior andmem-
ory requirements&reimportantlyimproved by the conceptof local BDDs. Detailedexperi-

mental results reveal that neglecting spatial correlationsbetweenthe Pls can highly

deterioratethe accurag of the estimationresult. Thus,the correlationlayer techniquecan

dramaticallyincreasethe accurag. On the otherhand,the conceptof local BDDs reduces
the memoryrequirementsmportantlywhile its influenceon the estimationresultis belov

5% on the average Hence thelocal BDDs reducethe dependencen goodvariableorders
for the BDDs, a problem commonly confronted with iy &DD application.

6.1 Analysis of the State-of-the-Art

Most of todays developmentsin the areaof probabilistic power 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 assomeextensiondo it, were
outlinedin detailin chapter4.3.2. The major resultsshall be briefly repeatechere.While
Najm’s BDD approachcancorrectly handlecorrelationscausedoy recorvergentfanout, it
hasstill threeshortcomingsthe runtime behaior andthe factthat concurrentlyswitching
inputsaswell asspatialdependenciebetweenthe Pls are not taken into account.n most
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publications the authors overcome the runtime problem by circuit partitioning, e.g.
[Najm 93], [Chou94]. However, they never mentionthe appliedpartitioningalgorithm.The
circuitsareonly saidto be partitioned“cautiously”. Thus,it mustbe assumedhatthis task
is performedmanually To the authors knowledge,the only dedicatedpartitioning algo-
rithm for power estimationpurposeswvas publishedin [Kapo 94]. It is presentedn more
detail in section6.3. Hereit shall only be mentionedthat the resultsare not satisactory
especially in terms of accunsac

Theproblemof concurrentlyswitchingPlscanbeaddressetly XOR-BDDs (chapter.3.2),
while no extensionfor Najm’s approachhasbeenpublishedso far that takesinto account
spatially correlated Pls.

6.2 Probabilistic - Logic Simulation

The approachwhich is presentedn this section,is basedon the switchingfunction tr; of
equatiord-2, representetty XOR-BDDs. Sincethe BDD-packagdgSome98] thatwasused
for the implementationof the BDD-algorithms,is basedon negative edgesthe following
examples do also apply this technique.

6.2.1 Correlation Layers

It wasoutlinedin chapter thatcorrelationgroupscanbeidentifiedin mary practicalappli-
cations.They caneitherbefoundthroughinvestigationof the systemin which thecircuit is
embeddede.g.with m-expandecdhetworks, or throughanalysisof theinput streamgshatare
applied to the circuit, e.g. using the algorithm of lis#ing.

For probabilisticsimulation,the Booleanfunctiony; andthe switchingfunctiontr; of ary

circuit nodei arerepresentedy BDDs. Their variableorderis free but it mustbe fixed
beforethe BDDs areactuallybuilt. Usuallythe variableorderis chosersuchthatthe BDD

representatiomesultsin a minimum numberof nodes.The following example presentsa
novel extensionfor BDD-basedprobabilisticsimulationsthat allows to take into account
correlationgroupsif therequirementor minimumsizeBDDsis relaxed. Consideithe BDD

of figure2-4, repeatedherefor corveniencein figure6-1. Figure6-la shavs an optimal
variableorder(a,b,c) Now assumehatvariablesa andc arecorrelatedout notb. Thevari-

ablesarenow reorderedsuchthata andc areadjacentge.g.(a,c,b). TheresultingBDD is

depictedin figure 6-1b' whereall nodesindexed by the variablesa or ¢ appeamow in one
layer. Such a layer is calledcarrelation layerin the sequel.

If thesignalprobabilityP(y)is to be calculatedequation4-20mustbe modifiedbecausé¢he
independencef x andf, is not givenwithin correlationlayers.Insteady is expandeduntil
the end of the correlation layer according to the Yalhg equation:

P(y) = P(ac) [P(f,.) + P(ac) [P(f,.) + P(ac) [(P(f ) + P(ac) D:’(fa—c) . (6-1)

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

Figure 6- 1: Two representations fory = C+ ab

Obviously, the formerly independentermslike P, [P. or P, [P, have beenreplacedby

thejoinedprobabilitiesP(ab) , P(ab) etc.Thejoint probabilitiesarecalledpath probabili-

ties sinceeachonerefersto exactly one paththroughthe correlationlayer. Larger correla-
tion groupscanbe takeninto accountf all variablesof onegroupare orderedadjacently
thushbuilding a larger correlationlayer. The variableswithin a correlationlayer aswell as
the correlationlayersthemseles can be arbitrarily reorderedfor optimization purposes.
Neverthelessthe correlationlayersreducethe total numberof possiblevariable orders.
Sincejust the variableorderfor minimum sizeBDDs maybeprohibited,someruntimeand
memory eficiengy has to be sacrificed for accuyac

6.2.2 The Simulation Algorithm

After highlighting the generalidea, the simulation algorithm will be explainedin more
detail.In generaltherearetwo typesof nodeoperationsprobabilisticevaluationatthelim-

its betweercorrelationlayersandevaluationwithin correlationlayers.While theformerhas
been introduced in chaptér3, the latter isxplained in this section.

Vector Pr obability

The vectorprobability playsa key role during the evaluationwithin correlationlayers.For
easier comprehensionjt is introduced by a concrete example. Assumethe BDD of
figure 6-2 which corresponds$o an AND-gate.It hastwo input variablesx; andx,, andtwo
nodesA andB.

Thevariables; andx, aresupposedo belongto thesamecorrelationlayer. Therefore four
differentinput vectorsandpathprobabilitiescanbe defined.They aredepictedn table6-1.
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Figure 6- 2: BDD of an AND-gate

Vector number 0 1 2 3

Path Probability Po P1 P2 P3

X 0 0 1 1
X1 0 1 0 1

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

Eachof the pathsresultsinto ‘1’ with a certainprobability Theseprobabilitiesaredepicted
in thevector pobability (table6-2).

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

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 the 1-terminalnode.If it is reachedvia a positive edge(path3), the 1-proba-
bility of this path is 1.0, otherwise it is 0.0.

Sincethe subfunctionsalwayscorrespondo theirrootnodeX, we call themthe subfunction
of node X, SF(X) The subfunctionprobability P(SFP(X) denoteshe probability that the
subfunctionthatis definedby nodeX, resultsinto ‘1’. In figure 6-2 SF(X)is trivial, it is the
1-terminal node and we gB{(SFP('1")) = 1.0.

After thisillustrative introduction,a moreformal definition of thetermswill begiven.Con-
sidera correlationlayerL thatconsistsof n variables ThereareN=2" possiblepatternsfor

thesevariables.'I'hevector;_)(X)T = [po pN_J containgthe probabilitiesof all possi-
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ble patternsandshallbe given. p(X) is a propertyof the specificcorrelationlayerL. 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 correlationlayer L anda node X [J L. Any pathwith headX, which con-
tainsexactly onenodeT [ L, is calledanL-Path. Obviously, thenodeT canonly be
the tail of the L-path. It is callettnode

From ary nodeX [ L there &ist m< N L-paths.

Definition 6-2: Vector Probability

Suppose correlationlayerL andanodeX O L with m L-paths.T,...,T,.; arethe T-
nodes of the L-paths. Then thector probability oiX is given by the ector

V(X) = [SFP(Ty) ... SFP(T,_y)]-

Definition 6-3: Selection Matrix

Supposea correlationlayerL andanodeX U L. The selectionmatrix S(X)=(g;) of X
is themxN matrix defined by:

_ 1 if input patterni selects L-pathj
i EO otherwise

The subfunction probability of gmodeX [ L is then gien by
SFP(X) = v(X) I5(X) Cp(L) (6-2)

In the kample of figures-2 the pregiously defined terms result in

p(L)" = [po Py P, Py

1100
S®)=[101ﬂ S(A) =]o010
0101 0001

v(B) = [0.0 1.0] V(A) = [0.00.0 1.0

and application of equatid2 yieldsSFP(B) = g+pzandSFP(A) = .
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6.2.3 Probability Propagation

Supposehe BDD of figure6-3 is given. The partof the BDD thatis beingconsideredere,
consistsof the threenodesA, B, and C. They belongto the samecorrelationlayer L. R
denotes the multi-BDD where the nod2andC fanout to. It is of no further interest.

Figure 6- 3: Arbitrary BDD

Now supposehat the path probabilitiesp(L) of the layer L, the vector probabilitiesv(B),
v(C), andthe selectionmatrices§B) and §C) are given or have beencomputedbefore.
Thus,all parametersre known for nodesB and C thatarerequiredto computetheir sub-
function probabilitiesSFP(B)and SFP(C) This sectiondealswith the questionhow v(A),
SA), andSFP(A)can be computed if all parameters of the child nodésasé knavn.

According to the ealuation rules for BDDs (definition 2-38F(A)is given by
SF(A) = x, (BF(B) O x, (BF(C). (6-3)

Thus,x;=0 selectsSF(B)andx;=1 selectsSF(C) Consequentlythe selectionmatrix of A
S(A) can be composed fro8{B) andS(C) with the follonving rule:

S(A) = |------- , (6-4)

where Xy and xg correspondto the signal waveforms accordingto table6-1. The mask
operator] is defined by the follwing definition.
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Definition 6-4: Mask Operator [

Given an mxn binary matrix M with m rows M; anda binary vectorx of sizen, the
resultof the maskoperationMx is definedasthe mxn binary matrix R wherethe
rowsr; of Rare gven by

=M, X.
Note that-’ denotes the bitwise AND-operation.

The \ector probabilityy(A) of A is given by

V(A) = [V(B) | v(C) (6-5)
where

V(X) = E v(X) if'edge (A,X) is' positiw% (6-6)
1 —v(X) if edge (A,X) is negativ:

and1 denotes a 1-matrix with the same dimensiong>as

If nodeX doesnotbelongto the samecorrelationlayerasA, the selectionmatrix andvector
probability of X are chosen as

S(X) = 1 (6-7)
v(X) = [SFP(X)]. (6-8)
Comple xity Reduction

In generalthe sizesof the selectiomrmatrix §A) andof the vectorprobabilityv(A) grow lin-
earlywith the correspondingizesof the child nodes.§A) andv(A) canbecomevery large
sincethe numberof L-pathsis exponentialin the numberof input variablesof the layerL.
However, if two entries andj in the \ector probability are equal:

Vi(A) = vi(A), (69)
the two corresponding ks in the selection matri®A) can be joined by:

S' = §+5. (6-10)
§ can then be replaced ISV § andy; can be remeed from3(A) andy(A), respectrely.

Thefulfillment of equation6-9 seemso bevery unlikely. But besidea few accidentahitsit

is alwaysfulfilled if two L-pathssharetheir T-nodesand their numbersof negative edges
have the sameparity. Thislimits thenumberof rows in the selectiormatricesandthe sizeof

the vectorprobabilitiesto two timesthe numberof T-nodesof a layer. Thus,BDDs with a

high nodesharingrate alsoresultin compactselectionmatricesand vector probabilities,
which can be processedieiently in terms of CPU time and memory
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Example

The following examplewill illustrate the use of the definitionsand rules that have been
introduced sodr. Consider the foliing BDD:

Xo ) F
______ N S R Pattern| O | 1 | 2 | 3
p 04(02/03]|0.1
=l x, |olo|1]1
L Xo 0 1 0 1
C( X X, ) D Table 6-3: Pattern numbers and probabilities
B( X3 Variable Probability
- _ Yy — - Xg 0.8
Xa ) A X3 0.25
_ LS — Xq 0.3
111 Table 6-4: Variable probabilities

Figure 6- 4: Example BDD
NodesA andB can be easilywaluated because thare uncorrelated to gother \ariable:
SFP(A) =0.3 (6-11)
SFP(B) = 0.25 (6-12)

The nodesC, D, andE belongto the samecorrelationlayer L. Its path probability vector
p(L) can be deduced from talfe3:

p(L)" = [0.40.2030.1- (6-13)

The \ector probabilities and selection matrices of nddesdD are gven by

v(C) = [1-SFP(B) SFP(B)] = [0.750.25 (6-14)
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v(D) = [sFP(B) SFP(A)| = [0.250.3 -

With x, derived from table &, their node matrices result in

Lo 1010
sor=sor =[] [o2g

The subfunction probabilities of no@andD can nev be computed:

SFP(C) = v(C) [B(C) [p(L) = 0.6

SFP(D) = v(D) [5(D) [p(L) = 0.265.

(6-15)

(6-16)

(6-17)

(6-18)

Thenext nodeto beevaluateds E. It belongsto the samédayerasits two child nodesC and

D. Therefore

V(E) = [1-v(C) | v(D)| = [0.250.750.250.3

S(E) = _lo100

""" ; 0010
= 0001

Vo(E) andv,y(E) are equal, thereforews 0 and2 in SE) can be joined:

1010

V(E) = [0.250.750.3 andS(E) = (0100 -

0001

Hence
SFP(E) = v(E) [5(E) [p(L) = 0.355.

Finally the root nod€& can be processed:

V(F) = [1-SFP(E) SFP(D)| = [0.6450.265

(6-19)

(6-20)

(6-21)

(6-22)

(6-23)
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Formally we can introduce the patterns fgraxd the according probabilities:

Pattern | O 1

p |02|08
Xo 0 1

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

The pattern probability of the laykeg with the single &riablexyresults then in

p(Le)' = [0.20.4 (6-24)
and the selection matrix isvgin by
S(F)=!1D)_(ci=[lo] (6-25)
10x, |01
Now the final probability of the BDD which is equal$&-P(F)can be computed
SFP(F) = v(F) [5(F) Cp(Lg) = 0.341. (6-26)

In this case equation6-26 canbe simplified sincethe correlationlayer consistof a single
variable. The computationof v(F), S(F), andp(Lg) canbe avoided by the following for-
mula:

SFP(F) = [1-p(Xy)] Q1-SFP(E)] + p(xy) LBFP(D). (6-27)

6.2.4 Logic Operations

There appeartwo logic operationsduring layer evaluatior: the mask operationsin

equationt-4 andthe OR-operationin equation6-10. For theseoperationseitherthe bitpar-
allel approachfrom chapters.3 or the setapproachof chapter4 canbe applied.The input
vectorsin table6-1 andtherows of the selectionmatricesS arethenrepresentetly proces-
sor words or by sets, respegtly.

For the setapproachthe patternprobabilitiesp(L) mustbe corvertedinto block sizeswith
the follaving trick: each columnis repeated times wheren, is given by

n; = rnd(p;(L) IK). (6-28)

rnd() is theroundingoperatoyandK is a constanthatshouldbe chosersufficiently largein
orderto obtainaccuratepproximation®f therealpatternprobabilities. Thesenew patterns
can nav be represented by sets. Equation 6-@ederates than to

1. This is the reason for the nareobabilistic - Logic Simulation.
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0 wt(Sy(X)) N m—1
v)H .. = %Dz v, Cwt(S) (6-29)
Wt(S,,_,(X))0 =0

SFP(X) =

Nl

wherewt(S) is the Hammingweightof theith row of the selectionmatrix §X). Hence the
probabilistic-logicsimulationcan be consideredas a more sophisticatedilternatve to the
vector recompositionmethod proposedin chapter4.6. However, in contrastto vector
recomposition this approachhandlesuncorrelatedsignals correctly and doesnot suffer
from theunwantedcorrelationghatarecausedy recompositionThus,very smallandeffi-

cient signal groups must not beoaded agymore.

6.2.5 Results

The algorithmspresentedn the previous sectionswere testedon several benchmarkcir-
cuits.All theexperimentsvereexecutedon a SparcUltra 2, 300MHz, SunSolaris2.6 with
1.4GB mainmemory However, thelatterhadbeenlimited to 1 GB. If thememoryrequire-
mentsof an experimentwere higher it was cancelled.The benchmarkcircuits were not
mappedon a specificlibrary but were simulatedwith the genericgatesas publishedin
[Brgl 85] and[Brgl 89]. Unlessstatedotherwise the switchingactiity aswell asthe static
probabilitiesof the PIswerechoseno 0.5, the switchingactvity for the sequentiatircuits
waschoserto 0.25.For thelogic operationghebitparallelapproactwasusedoecausd has
proven to be more &€ient in the ZDM ([Schr®5] and chapter 4, respely).

In afirst setof experimentgheinfluenceof the variableorderon memoryrequirementsand

runtimeis consideredFor all laterexperimentsaccurag is themajorissue.The secondset
of experimentsdealswith the question,how a referenceresultfor the accurag investica-

tions can be obtained.Thirdly, Najm’s approximation[Najm 93] is comparedio XOR-

BDDs [Schn94], assuminguncorrelatedPIsin orderto estimatethe effect of Najm’s sim-

plifications. Finally, several experimentswith correlatedinput patternsdemonstratethe

accurag improvementsdueto the probabilistic-logicapproaclcomparedo othermethods
that nglect the spatial correlations between the Pls.

Variable Order

It wasalreadymentionedbeforethatthe sizeof a BDD is highly influencedby the variable
order In orderto quantify this effect, several mediumsizedcircuits weresimulatedusinga
randomandan optimizedvariableorder Sincealgorithmicdeterminatiorof goodvariable
ordersis very time consuming pptimizedordersfrom [Some98] and[Dors 98] were used
here. Note that theseordersmay not representhe actual optimum for the XOR-BDDs
becausdahey were originally generatedor the logic functionsof the circuits and not for
their switching functions. But it can be assumed that #ne a rather good approximation.

Figures6-5 and6-6 shawv theresultsin termsof the runtime andthe numberof generated
BDD nodesfrespectiely. Thelatteris ameasurdor thememoryrequirementsThenumber
of BDD nodeswaspreferredhereto the actualmemoryrequirementdecausehe latterare
highly biasedfor smallercircuits by the programcodeitself andotherstaticvariables.The
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Figure 6- 5: Simulation times for random and optimized variable orders
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Figure 6- 6: Number of BDD nodes for random and optimized variable orders

optimizedversionssimulate2-10timesfasterthanthosewith a randomvariableorder The
differencesin the node numbersare even more significant. It should be noted herethat
larger circuits could not usedfor theseexperimentssincesimulationswith randomorders
exceededhe 1 GB memorylimit. Thus,the availability of goodvariableordersis crucial
for large circuits.

Accurac y of Logic Sim ulation

In the following, the previously presentegrobabilisticsimulationapproaches,e. Najm’s
approximation XOR-BDDs, and the probabilistic-logicapproachare investicatedfor the
threepropertieghatareimportantfrom a practicalpoint of view: runtimeof the simulation,
memory requirementsand mostimportant,accurag of the results.Especiallythe latter
imposesa seriousproblem:it impliesthe knowledgeof the exact resultswhich areusually
not available.By definition, the exact resultequalsthe limit thatis approachedby a logic
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simulationwith an infinite numberof typical, randominput patterns.Obviously, infinite
simulationis not a practicalsolution.Alternatively, probabilisticsimulationyieldsthe exact
resultaswell, aslong asthe Pls areuncorrelatedHowever, for arbitrarily spatially corre-
latedinput streamsexactprobabilisticmethodsdon't exist. In thatcasejt is only possibleto
obtainanapproximatiorthroughlogic simulationof a high numberof input patternsMonte
Carlo simulation[Najm 93] offers one possibility But the numberof testpatternsthatare
requiredfor a certainaccurag heavily depend®n thecircuit structureandthe signalstatis-
tics [Hill 95]. It cannot be estimated before the actual simulation.

In orderto getanideaof the quality of logic simulation,the following experimentwascar-

ried out on seven combinationakircuits from the ISCAS-85benchmarkset[Brgl 85]. Two

typesof simulationswereperformedprobabilisticsimulationswith XOR-BDDs,assuming
spatiallyuncorrelated’ls, andlogic simulationswith differentnumbersof spatiallyuncor-

relatedtest patterns.Undertheseassumptionsthe resultsof the probabilisticsimulations
represent thexact \alues.

Figure6-7 depictsthe deviations betweenlogic and probabilistic simulationwhich were
averagedover the seven circuits. As before,the global andlocal deviations are depicted.
Evenfor asfew as1000input patternghe global resultsof logic andprobabilisticsimula-
tions are very close,while the local deviations are one order of magnitudehigher hence
requiringsubstantiallymorepatterndor the sameaccurag. But theresultsof thelogic sim-

ulation clearly corverge versusthe probabilisticsimulationwith increasingnumberof test

10

—¢—global

———local

Deviation [%6]

0,01 e N
1000 10 10°
Input Patterns for Logic Simulation

Figure 6- 7: Deviations between logic and probabilistic simulation

patterndor bothtypesof deviations.This justifiesthe assumptiorthatprobabilisticsimula-
tion yieldsthe exactresultif the correlationsareaccuratelynodeled . However, if accurate
modelingis not possiblejogic simulationwith 20 000vectorsor morewill beusedasrefer-
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encein agreementith [Schn95]. But onehasalwaysto be avareof theaccurag limits of
thisapproachThereforehetermerror will be consciouslyavoidedin thesequein favor of
the termdeviation.

Najm’s Appr oximation ver sus XOR-BDDs

The conceptof the correlationlayerscanbe appliedto any BDD-basedsignalactvity esti-
mation approach.Equatiord-14 indicatesthat Najm’s approximationleadsto more but
smaller BDDs becausaNajm’s BDDs require only half as mary variablesas the XOR-
BDDs. The following two figuresdepictthe resultsthat were obtainedby a comparisorof
Najm’s approximation and the XOR-BDDs orveral benchmark circuits.

Figure6-8 summarizeshe runtimes(CPU) andtotal numberof BDD nodesthatwerecre-
atedduring the simulationswith XOR-BDDs. The valuesare normalizedto the according
valuesof simulationswith Najm’s approximationThus,valuesgreaterthan1 indicatethat
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Figure 6- 8: CPU and memory requirements of Najm’s approximation versus XOR-BDDs

therequirement$or XOR-BDDswerehigher TheresultsrevealthatNajm’s approximation
requireslessresourcesn mostcasespnly for c432and c7552the XOR-BDDs are more
economicalHowever, theglobalerrors,which aredepictedn figure 6-9, nullify thisadwan-
tagefor any practicalapplication. Error ratesof morethan100%make the estimationresult
absolutely useless, adt that vas already indicated by equatié7.

As a consequencef theseresults,only XOR-BDDs areusedfor all following experiments
wheretheinfluenceof the probabilistic-logicsimulationapproaclton the simulationof spa-
tially correlatednput streamds investigated.Two typesof spatialcorrelationsare consid-
ered:thefirst arecreatedby the randomtestpatterngeneratofDall 98] andthe secondby

RTL simulationof sequentiatircuits. They are calledcorrelatedsignalsand FSM signals
in thefollowing. For detailsaboutthesesignaltypesandtestpatterngeneratiorseechapter
4.5.5. The experimentswith correlatedsignalsare usually performedwith the combina-
tional benchmaricircuits from [Brgl 85] (e.g.c499), while the experimentswith FSM sig-

nals are carried out with the sequential benchmark circuits frogh 8t (e.g. 299).
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Figure 6- 9: Global error of Najm’s approximation

For both correlationtypesthe global andlocal deviations are depictedin detail. Firstly if
correlationsareneglectedandsecondlyif probabilistic-logicsimulationis applied.Thecor-
relation groups for the latter were identified with the algorithm of listidg 4-

Correlated Signals

For this setof experiments25 000 testvectorsweregeneratec&ndthe Plswerepartitioned
into groupsof four correlatedsignals Fromthesetestvectorsthe statisticpropertiesandthe
correlationgroupswerederivedfor probabilisticandprobabilistic-logicsimulation. The test
vectors were directly used to obtain the reference results through logic simulation.
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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, respectrely. Obviously, the probabilistic-logic approach
yields significantimprovements|ts deviationsto logic simulationareoneto two ordersof

magnitudelower asfor the pure probabilisticmethodwhich neglectsary spatialcorrela-
tions.
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Figure 6- 11: Local deviations for probabilistic and probabilistic-logic simulation
FSM signals

The sameexperimentsasbeforewere carriedout on sequentiatircuits with FSM signals.
Figure6-12 shavs thelarge estimationerrorsif thecorrelationsareneglectedby pureprob-
abilistic simulation.In someexamplesthe global deviations are as high as 30% and the
local errors as high as 65%.
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Figure 6- 12: Global and local deviation if correlations are neglected
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For the resultsin figure 6-13 probabilistic-logicsimulationwasapplied.As in the previous
experimentstheestimatiorresultsareimportantlyimproved;notethedifferentscaleof the
y-axisin figures6-12 and6-13. The averageglobal andlocal deviationsarereducedrom
20%to 5% andfrom 40%to 8%, respectiely. The absolutedeviation ratesbecomenot as
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Figure 6- 13: Global and local deviation if correlations are taken into account

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

6.3 Covering

6.3.1 Problems of BDD approaches

The probabilistic-logicapproachwhich waspresentedn the lastsection shovs very accu-
rateresults.However, the sizeof the BDDs andthe runtimedependheaily onthevariable
order For unfavorable ordersthe memoryrequirementf the BDDs easily exceed1GB
even for smallercircuits like C432. Thus, good variable ordersare crucial. On the other
hand,the problemof finding the bestvariableorderis NP-completd Sasa96] and all the
approximateheuristicsolutionsproposedsofar arevery time consumingFurther thereare
classe®f circuitswhereit hasbeenproventhatthe sizeof their BDDs is exponentialin the
number of ariables for ap variable ordere.g. multipliers (C6288) [Bry&6].

The problemof the variableordersis even increasedoy the correlationlayerswherethe

variableorderis given by signal propertiesratherthancircuit properties.Thus, the search
spacdor goodvariableordersis limited andjust the bestordersmay be prohibited.For this

reasoronly mediumsizedcircuitscouldbe choserfor the experimentsn section6.2.5.The

practical significanceof ary BDD basedapproachcould be importantly improved if the

influence of the ariable order &s decreased.
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6.3.2 Local BDDs as Speed - Accuracy Trade-off

It wasalreadyobseredin the past[Marc 95] thattheinfluenceof spatialsignalcorrelations
becomedesssignificantif the correlatedsignalspassmary gatesbeforethey reachthe gate
wherethey areactuallylinkedtogether For gatesthatarefar away from the Pls, thereexist
threeeffectswhich reducethe influenceof the spatialcorrelationsbetweernthe Pls. Firstly,
therearemary othervariableswhich influencethe switchingactwvity of sucha gateaswell
andthusreducegheinfluenceof eachsingle Pl. Secondthereare over andunderestima-
tion effectsthatcompensateachother Finally, new correlationsdevelopwhich arecaused
by reconergent inout. Thg may dominate the correlations between the Pls.

Thus, it seemdo be usefulto partition the circuit into smallersubcircuitswith a limited
numberof primary inputs.In fact, this approachwastaken by mostresearchersvho pre-
sented BDD based approachesfor switching actvity estimation, e.g. [Najm 93] or
[Chou94]. However, only in [Kapo 94] a systematiaddedicatedpartitioning algorithmwas
proposedThe heuristicthatwaspresentedhere,splitsthe circuit into partitionswith alim-
ited numberof inputsanda maximumnumberof gates.The partitionsarethensimulated
separatelyunderthe assumptiorof spatialindependencef the partition inputs. This can
leadto importantestimationerrorsat the partition bordersasthe following exampleillus-
trates. Assumethatthe two partitionswhich aredepictedn figure 6-14 arepartsof alarger
circuit. The signalactvity of the outputof gateY is to be estimatedIts input signalsare
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R 2 Ly /
|
I
| eoe 4|>(:)7| /

|
~ - _ Partition Pl P Partition P2 //

— - —
— - ~
— — — /
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Figure 6- 14: Circuit with two partitions

consideredpatiallyindependenbecausall threeinputsof gateY originatefrom gatesthat
belongto anothemartition. However, this assumptiorcannotbe madesincesignalsa andb
arestronglyconnectedb=a), which resultsin a high estimatiorerrorfor this specificgate.
ConsequentlyKapoordidn't mentionabsoluteestimationerrorsof his approachbut only
“improvements in the number of low @rnodes compared to other approaches.

Local BDDs

The switchingactvity of a gatethatis connectedo the outputof gateY, may resultinto a
smallerestimationerror becausehe gate’s input signalshave alreadypassedanothergate
sincethe partitionborders.Thus,a certainerrorcompensatioeffect existsalready In order
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to obtainthe samecompensatiorffect for all gatesit seemsusefulto build anindependent
“partition” for eachgatewith a definedmaximumnumberof inputs.However, thesecircuit
partsdon’t representa mathematicapartition anymore becausehey arenot disjoint. They
ratherform a cover. In connectionwith BDDs the blocksof the cover arealsocalledlocal
BDDs and the input variables of the local BDDs are called secondaryinputs (SI).
Figure6-15 shaevs a circuit with tvo 3-input blocks, for gtea and gatec, respectively.
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Figure 6- 15: Circuit with 3 input blocks for gate a and c

For our purposethefollowing threepropertiesarerequiredfor the local BDDs, which are
calledaccuracy peserving equirrments

1. The maximum number of Sls is limited to an upper bdund

2. The local BDDs should e®r a maximum number ob¢es.

3. Recowemgent finouts should be hidden in the local BDDsaasak possible.

While thefirst claim guaranteeseasonablémited BDD sizes claimstwo andthreeensure
the maximum accurgaf the estimation algorithm.

6.3.3 The Covering Algorithm

Assumean arbitrary circuit, e.g.the circuit of figure 6-16. The task of 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 ses | g, andEy:

Figure 6- 16: Circuit for which a local BDD is searched
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1. B containsall gatesthathave beenmemgedto the currentblock sofar. It is initial-
ized with the gte for which the local BDD is to beuitt.

|g contains the input signals of the current block.
3. TheextensionsetEy containgheadditionalSIsthatwould occurif asetof gatesX
was added to the current bloBk

For the covering algorithmwe will usethe following corvention:all signalsgetthe same
nameasthe gatethey fanoutfrom. Thus,BUlg is the union of the gatesof B andthe gates
where the signals frorg fanout from.

In the example of figure 66 B andlg are initialized as:

B={a}
Ig={b,c}.
The numbefg of free Sis for the current block isvgn by
fg = L—|lg|- (6-30)

Thealgorithmtriesto addsubsetsK; from I to the currentblock B. The maximumsize of
the subsetsX; is limited to two for runtimereasonsHence,only single gatesor gate pairs
canbe addedto B during onestepof the algorithm.For eachcandidateX; theinputset|

andtheextensionsetskEy = Iy \ Ig arecomputed.Thenumberof additionalinputsn, that
would result from adding; to the current blocB is gven by
n, = |Ex|—[Xi|- (6-31)

In orderto accountfor recorvergentfanoutsjt is importantto computethe numberof input
signalsn; that are shared between treges inX; or between theajes inX; andB:

ne=H Y |WE-|Ex/- (6-32)
all gates x from X

In thegivenexample therearethreepossiblesubsetss;. They arestoredtogethemwith their
properties in a sorted cost list. This list is depicted in taldléds-the initial block{a}.

i X Ne n, Ex
0 b,c 1 1 d.e,g
1 b 0 1 de
2 c 0 1 d,g

Table 6-6: Properties of possible extensions for initial block {a}
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In orderto meetthe accuracy preservingrequirementsthe costlist is sortedaccordingto
the following criteria in ascending order of their priority:

Priority Criteria
1 Descending in the number of common sigmals
2 Ascending in the number, of additional secondary inputs.

3 Descending in the number cditgs to be added to the block;||X

Table 6-7: Sort criteria for the cost list

If two entrieshave equalsort criteriathey are sortedin a randomway. While criterion 1
causesecorvergentfanoutso gethiddenin blocks,criteria2 and3 ensureblockswith larg-
est possible size.

The costlist is thenscannedrom top to bottomandthe first elementthat meetsthe con-
straint

Ex|<fg (6-33)

is addedto the currentblock. In theexamplefg=1, i.e. elementX; is added This elemenis

removed from the costlist andall otherentriesare updated.The gatesthat have just been
addedo theblock B areremovedfrom all remainingentriesin the costlist andtheir proper-
ties(n., ny, E,) arerecalculatedPossibly someentriesmustbe removedfrom the costlist

sincethey becameempty Then,the next elementis choserfrom the costlist andaddedto

the block. Only if the costlist becomesmptyor if no elementof the costlist meetsthe Si

constraintthecostlist is refilled by investigatingthe Sisof the currentblock B. So,all paths
in the block to become similar in depth.

Thelargestpossibleblockis foundif no moregatescanbe addedto the block without vio-
lating the SI constraintListing 6-1 detailsthe coveringalgorithmin pseudacode.An elab-
orate @ample can be found in appendix

6.3.4 Results
Block Size

Obviously, the estimatiorerrordecreaseasthe numberof Sisfor thelocal BDDs increases
becausenorecorrelationghroughrecorvergentfanoutcanbetakeninto accountBut runt-
ime andmemoryrequirementsvill increaseatthe sametime. Thisincreasas very likely to
be exponentialsincegoodvariableordersarenot availablefor thelocal BDDs. Hence,it is
necessaryo find an acceptabldrade-of betweenaccurag on the one hand,and memory
and CPU requirement®on the other hand.The numberof Sis of a block is referredto as
block sizein the sequel.
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1. Build the initial block containing the root gate a: B={a}

2. Build the input set | g containing the Sis of block B
and compute the number of remaining free inputs f g=L-|l gl
3. For each possible subset X of | g With |X] <2
Begin
Compute the input set |y = [] |
all gates x ; of X :
Compute the extension set E x=1 x\I g
Compute n , and n . 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-
5. Select the highest element X s from the cost list with n + <1
6. If no element is found that fulfills requirement 5. then
If cost list hasn't changed since Ilast execution of 3.
return B as the maximum block with || Bl <L
Else
continue with 3.
7. Add X g to the current block: B =B OXs
I g=(I g\X S)LI E(Xs)
fg=Il gl
Remove X 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 L and EXi of X
End

8. continue with 4.

B

then

Listing 6- 1: The covering algorithm

In orderto find an acceptabldrade-of betweenaccurag andresourcerequirementsnine
combinationalkircuits' were simulatedusing XOR-BDDs without correlationlayers. The
referencaesultswere obtainedfrom a logic simulationwith 25 000 uncorrelatedestvec-
tors. Theblock sizeof the probabilisticsimulationwasvariedbetween4 and19 for all cir-
cuits. Figure 6-17 depictsthe resourcerequirementsThey arenormalizedto the valuesof
theinitial block size4. The accurag resultsare summarizedn figure 6-18. All resultsin

figures 617 and 618 are geraged wer the nine benchmark circuits.

1. c432,c499,c880,c1355,c1908,c2670,c3540,c5315,andc7552.c6288hadto be omittedhere

because it could not be simulated whtbck size>15
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Figure 6- 17: Increase of CPU and memory requirements with block size

Theresourcerequirementsn figure6-17 shawv clearly the exponentialbehaior that could
have beenexpectedbefore,becaus®ptimizedvariableordersarenot availablefor thelocal
BDDs. Notethatthe actualfiguresof the CPU andmemoryrequirementsrerelatedto the
left andright axis, respectrely. Both curvesremainrelatively flat until block size12 or 13.
Thenthey startto rise considerablyThe dentsat block size19 arecausedy onesinglecir-
cuit (c2670).1t resultsby chancento very efficient local BDDs for this specificblock size.
Largerblock sizescould not be simulatedsincesomecircuits exceededhe memorylimit of
1 GB.

Theaccurayg curveswhich aredepictedn figure 6-18 arenotassmoothasthe curvesof the
resourcerequirementsA larger block size cannotalways guaranteenore accurateresults
becaus®f the unpredictableandomerrorcompensatioreffect (chapter4.6.4).However, as
the curvesof figure 6-18 reveal clearly, the probability of estimationerrorsdecreasewith

increasing block size.

For block sizesgreaterthan12, theglobalandlocal deviationsreachvaluesthatarecompa-
rableto thoseof anaccuraterobabilisticsimulation.Thus,the effect of thelocal BDDs on

the accurag becomesgyligible if the block sizeis greaterthan12, at leastaslong asthe

Pls are spatially uncorrelated For all following experimentsblock size 13 was chosen
because of its modest resource requirements and high accurac
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Figure 6- 18: Influence of block size to estimation accuracy
Combinational Cir cuits with Uncorrelated and Correlated Signals

This sectiondetailsthe resultsthat were obtainedby simulatingseveral combinationakir-
cuits with uncorrelatedand correlatedinputs, and the probabilistic-logic approachwith
local BDDs. Figure6-19 depictsthe global deviationsfrom logic simulation.They arewell
belowv 5%in all casesvith averagevaluesof 0.5%and0.7%for uncorrelatecgndcorrelated
signals, respectely.
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Figure 6- 19: Global deviations for uncorrelated and correlated Pls with local BDDs

The local deviations are depictedin figure 6-20. They averageto 2.6% and 3.4%, respec-
tively. Consequentlythey aresome5 timeshigherthanthe global deviationsbut mostval-
uesarestill belov 5%. In generalthe averagedeviationsare higherfor correlatedsignals
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than for uncorrelatedsignals. This demonstrateshe influenceof the spatial correlations
betweenthe Plswhich areneglectedat the block inputs.However, this influenceis moder-
ate,which justifiesthe assumptiorthat spatialcorrelationsbetweenthe Pls only influence
the switching actiity of gates close to the circuit inputs.
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Figure 6- 20: Local deviations for uncorrelated and correlated Pls with global BDDs
FSM Signals

Theexperimentsvith sequentiatircuitsandFSM signalsfrom section6.2.5werealsocar-
ried out with local BDDs. The latterenabledhe simulationof muchlarger circuits, though.
Theaccuray resultsaresummarizedn figure6-21. Theglobalandlocal deviationsaverage
to 5.9%and9.1%,respectrely. Like in previous experimentsthe deviationsto logic simu-
lationsaregreaterthanfor combinationatircuitswith correlatednputsbecauseninor cor-
relationsmustbe neglected.Comparedo figure 6-13, theincreasan the deviationsreaches
from negligible for s298,5820,ands1238to afactor2 for s1488ands1494.0bviously, the
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Figure 6- 21: Global and local deviation from logic simulation
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latter is very sensitve to correctcorrelationhandling.A factthatcanalsobe obsened by
comparingfigures6-12 and6-13. Neverthelessthe globaldeviationsremainbelonv 10%for
all circuits and the local g@etions are also around 10% in most cases.

Runtimes

Finally, figure 6-22 summarizeshe speedupshatwereobtainedwith thelocal BDDs. Note
that not all circuits from the previous subsectiongan be presentecere.Somelarger cir-
cuitslike c6288couldnot be simulatedwith the exactapproactsincetheir memoryrequire-
ments &ceeded the GB limit.

Local BDD basedsimulationis 65 times fasterthan the exact approachon the average.
However, thereis a high variationin the speedugigures,rangingfrom 1 for s298to more
than500for c499 This variationhasthefollowing reasonthe simulationtimesof the exact
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Figure 6- 22: Speedup with local BDDs over pure probabilistic-logic simulation

approachdependon the BDD sizes,ratherthan on the circuit size, while the local BDD
approachdependsnore on the actualcircuits size becausehe sizesof all local BDDs are
roughly constant.Thus,circuitsthathave an efficient BDD representatioarelesslikely to
beacceleratedby local BDDs. This effectis evenincreasedf optimizedvariableordersare
used,asit was necessaryor the combinationalcircuits in theseexperimentsin order to
remainwithin the memorylimits. However, it wasalreadymentionedhatin practicegood
variableordersarenotknown in mostcasesThus,thehigherfiguresof figure6-22 aremore
likely to represent the refent case.

6.4 Summary

Today two major approachesor probabilisticswitching activity estimationexist: Najm’s
approximationandXOR-BDDs Both arebasedn functionrepresentatioby BDDs. It was
shovn thatNajm’s approximatioris lessresourceconsumingout producesestimatiorerrors
of morethan100%.0n the otherhand,it could be demonstratethat XOR-BDDsareaccu-
rateaslong asthe primary input variablesarespatiallyuncorrelatedHowever, this method
becomesinaccurateif spatial correlationsbetweenthe Pls are not negligible. A novel
approachwas presentedhat addresseghat problem.lts basicidearelies on choosingthe
variableorderof the BDDs suchthatcorrelatedvariablesareadjacentThus,thereexist lay-
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ersof correlatedvariablesin the XOR-BDDs, alsocalledcorrelationlayers. Insidethe cor-
relation layers signal correlations are taken into account by replacing probabilistic
computationghrough path probabilities.For the operationsinside the correlationlayers,
ordinarylogic operationglay animportantrole. Thereforethe new methodhasbeencalled
probabilistic-lagic simulation.

The problemof finding an accurateeferenceesultwasaddressedext. If all correlations
canbe correctlymodeled theresultof probabilisticsimulationis exactandcorrespondso

logic simulationwith aninfinite numberof testvectors.This could bejustified by compar-
ing probabilisticsimulationto logic simulationwith anincreasingnumberof uncorrelated
testvectors.However, asthe testvectorsget spatially correlated gxact probabilisticmeth-
odsdo not exist arymore. Therefore it wasdecidedto usethe resultof alogic simulation
with 25000 test patterns as the reference.

The probabilistic-logic simulation methodwas implementedinto a prototype simulator
Several experimentswere carried out on combinationalcircuits with correlatedinputs as
well ason sequentiatircuits.In bothcaseghedeviationsfrom thereferencaesultcouldbe
reducedby oneto two ordersof magnitudecomparedo approachethatneglectspatialcor-
relations between the PIs.

However, ary BDD basedapproachdependson the availability of goodvariableordersin

orderto keepCPU and memoryrequirementsvithin reasonabldimits. Finding goodvari-

ableordersis a very time consumingiask,though.This problemis evenaggraatedby the
probabilistic-logicapproachbecausehe correlationlayersrestrictthe numberof possible
variableorders.Thus,in its pureform it is limited to small and mediumsizedcircuits. In

orderto overcomethis seriousrestriction,the conceptof local BDDs wasdeveloped.lt is

basedon the assumptiorthat the influenceof spatial correlationsbetweenthe Pls on a
gates switching actvity decreasess the distanceof the gate from the circuit's Pls
increasesandcanfinally beneglected Ontheotherhand,thesizeof aBDD depend®nthe
numberof variablesratherthanon the numberof gatesthatarecoveredby the BDD. There-
fore,anovel techniquesimilar to traditionalcircuit partitioningalgorithms wasdeveloped.
For eachgate,a specificblock with a limited numberof inputsanda maximumnumberof

gatesis searchedThe major differenceto circuit partitioningis thatthe blocksarenot dis-

joint but ratherbuild a cover of the circuit. For theseblocksthe local BDDs arebuilt. As

long as someof the inputs of a block are Pls, their spatial correlationsare taken into

account.All otherinputs are assumedo be spatially uncorrelatedHence, probabilistic-
logic simulationis only appliedfor gateswhich arecloseto the Pls. The simulationdegen-
eratesto the traditional probabilisticapproachasit proceeddo gatesthatare buried more
deeply in the circuit.

Thelocal BDD optionwasintegratedinto the probabilistic-logicsimulator In a first setof
experiments,resourcerequirementsand accurag was recordedover the block size. As
expectedtheresourcaequirementincreasavith increasinglock sizewhile thedeviations
decreaseBlock size 13 hasprovento be a goodtrade-of betweernresourcerequirements
and accurag. The resourcerequirementgemain almoststableuntil this limit while the
accurayg does not much further increase fogkr block sizes.
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Experimentswith mary circuits revealedthat much larger circuits can be simulatedwith
local BDDs at only a moderatedecreasen accurayg, despitethe 1GB limit. In fact, all
benchmarlkcircuits of the ISCAS-85andISCAS-89setcompletedsuccessfullyregardless
the variableorderthat wasused.Further mostsimulationswere considerablyaccelerated.
Hence the conceptof local BDDs doesalsodefusethe importanceof goodvariableorders
for power estimation purposes.
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After bipolar, staticPMOS,and NMOS technologieshave beenwidely replacedby static
CMOS, static currenthaspractically disappearedh digital circuits. Thus,the problemof
power consumptionvasthoughtto be solved. However, with increasingntegrationdensi-
ties and operationfrequenciescombinedwith the adwent of complex portable devices,
designfor low power hasregainedits importanceasthethird designgoal, besidedelayand
areaconsumptionBut in contrastto the past,today dynamicpower consumptioris domi-
nantby far. The domainof low powerdesigncanbe divided into two major subdomains:
power estimationandactualcircuit designfor low power, the latterincluding all efforts for
power optimizationandlow power synthesisin this thesis,specificaspect®of both subdo-
mains were treated on flifent levels.

Thestartingpoint for the designaspectsvasgivenby a new technologywhich is currently
being developedat the Institute for MicroelectronicsStuttcart (IMS) in the frame of the
EuropearprojectHiperlogic. It combineghreerecenttechnologicakteps:3D-structure,T-
gate transistorsand Silicon on Insulator (SOI). It is intendedto usethis technologyin a
semi-custondesignervironmenton the basisof a gatearray masterfor high performance
applicationsat low power consumptionFor this purposea suitablebasiccircuit technique
hadto be found. The following five constraintscould be derived from the projectgoalsand
the specific structural properties of tHgerlogic technology:

* Equal numbers of PMOS and NMOS transistors.

* Use of minimum width transistors.

» The stackd transistors should share as yneontacts as possible.
* Low power consumption.

* Functional robstness agnst \arying date loads.

Fromall existing circuit techniquesthe structuralconstraintsarebestfulfilled by thedouble
passlogic (DPL). A completesmalllibrary wasimplementedn DPL ontransistodevel. As
areferencea similar library was designedn static CMOS. Performanceand power con-
sumptionof bothtechniquesverecomparecdn the basisof several 32-bit carry lookahead
addes (CLA), whichwereimplementedvith bothlibraries.In orderto moredeeplyinvesti-
gate specificDPL propertiedike the buffer problemandthe needfor complementarsig-
nals, six different DPL versionswere implemented.Analog simulationsof all CLAs
revealedthat the performanceof the fastestDPL implementationss comparabldo static
CMOS. However, on the power consumptiorside even the mosteconomicalDPL version
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consume$0% morepowerthanstaticCMOS. It couldbe shavn by someadditionalexper-
imentsthatDPL heavily depend®n efficientdriver optimization,whichis not possiblein a
gatearraytechnologyHence,if the potentialsof Hiperlogic areto befully exploited, static
CMOSshouldbepreferred However, staticCMOS cannotbe optimally supportedy apre-
fabricatedmasterbasedon stacled transistorpairs. As a consequencea standardcell
approach promises to yield significantly better results.

Themainfocusof this thesiswasput on power estimationtechniquedor thelogic andgate
level. Themajorsourcefor power consumptionn digital, staticCMOScircuitsaredynamic
capacitve andshortcircuit currents Both dependon the circuit structure the operatiorfre-
gueng, sometechnologicalparametersand the switching actiities of the circuit gates.
While all parametersxceptthe switchingactvity arestaticandcanbederivedfrom thecir-
cuit layoutandthetechnologythelatter doesalsodependon the typical input patternshat
areappliedto thecircuit. Accordingly, thetaskof power estimationvasmorepreciselycon-
fined on signalactiity estimation.Most of today’s switchingactvity estimationmethods
are basedon either patternsimulationor probabilisticsimulation.Both approachesufer
from long runtimes if high accurads required.

This problemwasaddressetby a new, setbasedsimulationmethod.From a mathematical
pointof view, it classifiedbetweenogic andprobabilisticsimulation.The fundamentaldea
relieson setbasedsignalrepresentationConsecutie ‘1’sin thelogic signalwaveformsare
representedly sets During circuit simulation,all logic operationf thelogic gatesarethen
beingreplacedoy accordingsetoperationsSincethe switchingalgebraandthe setalgebra
arebothimplementation®f a Booleanalgebrajt canbe guaranteedhatthisis alwayspos-
sible. This basicapproachwasimplementednto the simulatorASSeTIt hasprovento be
quite efficient for low actie circuitslik e the combinationapartof large sequentiatircuits.
An averagespeeduf factor5 over logic simulationcould be obtainedat the sameaccu-
ragy. For othercircuit types,severaloptimizationalgorithmswereproposedwhich improve
the setrepresentatiortiowever, the efficiency of theseapproachedependstronglyonthe
statisticsof the input patternsln generalthe efficiency decreasewith the numberof pri-
mary inputs of the circuits. Therefore,a methodwas developedthat allows to tradesome
accurag for speedlts mainidearelieson partitioningthe Plsinto smallergroupsof corre-
latedinput signals.Thesegroupsarethenseparatelyptimizedandarbitrarily recomposed.
However, group recompositionntroducesa certainestimationerror, causedoy additional
signalcorrelationsThe speedu@swell asthe estimationerrordependuponthe groupsize
and the statisticalpropertiesof the input streams.For uncorrelatedpatterns,an average
speedupshigh as40 timescould be obtainedat global andlocal estimationerrorsbelow
8%. For patternsof sequentialkircuits the speedups only modestat much higher error
rates.

Thefirstimplementatiorof ASSewasbasednthezerodelaymodel(ZDM). Thus,effects
like hazardsandglitcheswere neglected. They canonly be modeledif the gatedelaysare
takeninto accountConsequenthASSeTwasextendedby a realdelaymodel(RDM). This
extensionis basedon a combinationof setbasedsimulationanda novel eventbasedsched-
uling algorithm.Thetraditionalvectorbasedsignalrepresentatiowasextendedo anarray
representatiorglsocalledschedule In the scheduldghe columnsdenotethe signalvaluesin
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a specific clock cycle, while the rows representdifferent time offsets during the clock
cycles.All operationdike eventandglitch detection,and distinction betweenfalling and
rising edgeswere implementedthrough basic logic operators.Thus, they can take full
adwantageof the setbasedsignalrepresentationThe underlyingdelay modelenabledoad
dependentielayswith differentvaluesfor falling andrising edgesGlitchesarefiltered out.
Their power consumptions neglected With averagespeedupsf 3.2and61 overlogic sim-
ulation for patternsof combinationaland sequentialcircuits, respectrely, the set based
approacthasprovento bebestsuitedfor RDM simulationswith sequentiapatternsOnthe
otherhand,it wasfoundthatbetween25% and50% of all transitionsarehazardsgdepend-
ing onthecircuit typeandthedelaymodels.So,gatedelaymodelingis mandatoryfor accu-
rate paver estimation.

The sameeventbasedschedulingalgorithmcould alsobe appliedto the bitparallelsimula-
tor PAPSAShatwaspublishedin theliterature.lt wasrestrictedto the ZDM sofar andso
suffered from the sameaccurag problemsas ASSeTin its first implementation Experi-
mentswith PAPSASn awide variety of benchmarlcircuitsrevealedanaveragespeedupf
5 over bitwise simulationon purelyrandompatternsWhile PAPSASannotprofit from spe-
cial statisticsof the input streamsit is 65%fasterthan ASSeTor white noisepatternsThe
efficiency of PAPSAScould be furtherimproved by two optimizationtechniquesdynamic
padkage sizing (DPS)and schedulecompession.DPSis an exact method,while schedule
compessioryieldsanapproximationTheformeroptimizesthe numberof testpatternghat
aresimulatedn onesimulationrun while the latterrelieson a gatespecificreductionof the
precisionof thetime scale.DPScould dramaticallyimprove the efficiency on somecircuits
but hadalmostno effect on others.However, thesimulationtimesof thelattercanbeimpor-
tantly reducedby schedulecompession Combiningboth methods an averagespeeduf
131 over bitwise simulationcould be obtainedwith globalandlocal errorsbelov 2% and
4%, respectrely. Hence,it couldbe shavn thatalthoughgatedelaymodelingis crucialfor
accuratgpower estimation highly accurategatedelaymodelsplay only a minor part.In its
currentimplementation ASSeTis limited to purely combinationalcircuits. For the ZDM
model,extensionso sequentiaktircuits wereproposedor bitparallelsimulators.In subse-
guentworks it shouldbe checled how theseextensionscan be incorporatednto ASSeT
Furtherimprovementscouldfocuson moresophisticatedjlitch anddelaymodelsaswell as
higher \alued logic types.

As alasttopic of thiswork, probabilisticsimulationwasaddressedl he basicideaof prob-
abilistic simulationrelies on propagting statisticalvaluesthroughthe circuit. Ideally two
valuesperinput signalaresuficient for anexactestimationof the averagetogglerates:the
signalandthe switchingprobability The problemsof accurateprobabilisticsimulationare
introducedby signalcorrelationsFromanalgorithmicpoint of view, they canbe classified
into threecateyories:temporalcorrelations spatialcorrelationsof the primary inputs,and
spatial correlationscausedby recorvergent fanout. The latter can be coveredby a BDD
basedalgorithmthat wasfirst proposedoy Najm. The techniqgueof XOR-BDDsallows to
extend Najm’s basicapproachto correcthandlingof concurrentlyswitchinginputs. How-
ever, spatial correlationsbetweenthe primary inputs were still an openissuethat was
addressedh this work with the novel conceptof correlation layers. Input variableswhich
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belongto the samecorrelationgroupareadjacentlyarrangedn the XOR-BDDs thusform-
ing a layer of correlatedvariables.Within sucha correlation layer the probabilisticopera-
tions, which rely on spatialindependenceare replacedby path probabilities. Since the
processingof the path probabilitiesis basedon logic operationsthis approachhasbeen
called probabilistic-lggic simulation The logic operationscan be efficiently implemented
throughsetor bitparallelmethodslt could be shavn by experimentson severalbenchmark
circuitsthatthe probabilistic-lagic approachmprovesthe accurag by atleastoneorderof
magnitude compared to pieus approaches which glect spatial correlations.

For any BDD basedapproachthe availability of goodvariableordersis crucialin orderto
keepthe CPU and memoryrequirementsvithin reasonabldimits. This problemis aggra-
vatedin the probabilistic-lagic approactsincethe numberof admissiblevariableordersis
restrictedby the correlation layers. Thus,the basicapproachallows only to simulatesmall
and mediumsizedcircuits without exceedingcorventionalmemorylimits. Therefore cir-
Cuit partitioningwas proposedn the past,in orderto limit the numberof BDD variables.
However, traditional partitioning produceslarge estimationerrors at the block borders.
Theseerrorscan be reducedwith the novel conceptof local BDDs It relieson the basic
assumptiorthat the influenceof spatialcorrelationsbetweenthe primary inputsdecreases
asa gates distancefrom the circuit inputsincreasesJustlik e circuit partitioning,the local
BDDs are built for subsetsf the circuit. However, thesesubsetsieednot to be disjoint.
Thus, the local BDDs form a circuit cover. A dedicatedcovering algorithm searchedor
eachgate a specificblock with a limited numberof input variableswhich coversa maxi-
mum numberof gates.For the primary input signalsthe correlationgroupsare taken into
account;all othervariablesare supposedo be uncorrelatedSereral experimentsdemon-
stratedthat the conceptof local BDDs enablesthe simulationof circuits with more then
10000 gateswithout exceedingcorventionalmemorylimits andindependenof the vari-
ableorder while theglobalandlocal estimatiorerrorsarebelov 10%ontheaverage Thus,
thelocal BDDscansignificantlydefusethe problemof variableordersfor power estimation
purposesFor some50% of all circuits they could alsoimportantly reducethe simulation
times.

The currentimplementatiorof the probabilistic-logicsimulatoris limited to the zerodelay
model.Thus,futurework shouldincludethe extensionof the delaymodel.Furtheraccurag
improvementswvould be possibleif correlationsetweertheinputsof thelocal BDDswere
more accurately modeled.

Designfor low power hasbecomea major issuefor mobile and stationarydevices. This
work addressedow power design aspectsunder specific technologicalconditions and
power estimationon the logic level. Especiallyfor the latter, the state-of-the-artould be
significantlyimprovedin termsof runtime,memoryrequirementsandaccurag by several
novel approachesAn overview over the completepower estimationsystemthatwasdevel-
oped during this wrk is depicted in figure I-
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Zusammenfassung Kapitel

8

Seit mehrals 20 Jahrenwird der Fortschrittin der Mikroelektronik getragernvon immer
kleinerenStruktugréfRenund damit standigwachsendeKomplexitat von Schaltungendlie
auf einemeinzigenChip integriert werdenkénnen.Diese Entwicklungwurde schon1970
von Gordon Moore, Mitbegrinder der Intel Corporation, vorhegesehen.ln dem als
Moore's Law bekanntgevordenenZitat sagteer schondamals[Moor 75]: ,Die Anzahl
aktiver Transistorerpro Chip und damit die Entwurfslomplexitat verdoppeltsich alle 18
Monate“.DieserTrendspiegelt sichauchin der SIA-VorhersagéiberTrendsin der Mikro-
elektronik [SIA97] wieder wie Tabelle 81 belat.

Jahr 1997 2001 2006 2012
Minimale Struktugrof3e [nm] 250 150 100 50
Maximale Bktfrequenz [MHz] 750 1500 3500 | 10000
Transistoren pro Chip 11M 40M 200M 1,4G
Versogungsspannung [V] 18-25| 1,2-1,5| 0,9-1,2| 0,5-0,6
Verlustleistung (stationare Geréate) [W] 70 110 160 175
Verlustleistung (mobile Geréate) [W] 1,2 1,7 2,4 3,2

Tabelle 8- 1: Trends in der Mikroelektronik

Nebender Entwurfslomplexitat tritt heuteein andererGesichtspunkimmer mehrin den
Vordegrund:die VerlustleistungNachdenNMOS, PMOSundbipolareTechnologierwei-

testgehendlurchstatische€CMOSverdrangtwordenwaren,hattemanlangeZeit geglaubt,
diesesProblemsei endgiltig tiberwundenZwar ist die statischeVerlustleistungn stati-
schemCMOS in der Tat vernachlassigbawachsendéntegrationsdichterund Betriebsfre-
guenzenyor allem in Verbindungmit dem Wunschnach immer komplexeren mobilen
Geratenfuhreninzwischendazu,dal3der Entwurf von Schaltungemnit reduzierteNerlust-
leistung,sog. Low Power Design seineBedeutungals drittes Entwurfsziel,nebenFlache
und Verzégerungszeityiedegenvonnenhat. Im Gegensatzu friherenTechnologienwird

die \erlustleistung jedoch heutew dynamischen gmponenten dominiert.
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Im BereichdesLow Pawer Designlassersichzweiwesentliché-orschungsbereicherken-
nen: Entwicklung von Methodenzur frihzeitigenAbschatzungder Verlustleistungsowie
die Erforschungvon Verfahrenzum Entwurf von Schaltungemit geringerVerlustleistung.
Letztereschliel3talle Bemuhungerder Verlustleistungsoptimierungnd der Synthesevon
Schaltungemit niedrigerVerlustleistungmit ein. In der hier vorliegendenArbeit wurden
spezifische Aspekte beider Forschungsbereichauf unterschiedlichenEntwurfsebenen
behandelt.

8.1 Minimierung der Verlustleistung auf der
Schaltkreisebene

Den Ausgangspunkider Verlustleistungsoptimierungeauf Schaltkreisebene/urde durch
eineneueTechnologiegegebendie derzeitam Institut flir Mikroelektronik Stuttgart (IMS)
im RahmerdeseuropaischefrojektsHiperlogic entwickelt wird. Hiperlogicsoll erstmals
drei technologischeentwicklungenausjiingsterZeit miteinanderverbinden:3D-Integra-
tion, T-Gate Transistorerund Silicon on Insulator (SOI). Abbildung 8-1 zeigt die Drauf-
sichtunddenQuerschniteinesTransistorpaars derHiperlogic-Technologie Deutlich zu

. \etall
— = Sio,
= == Polysilizium
= vz2 pt
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Abbildung 8- 1: Die Hiperlogic-Technologie

erkennensind die UbereinandgrestapeltelPMOS- und NMOS-Transistorersowie die T-
formigenTransistorGates.In Verbindungmit der SOI-Technologigthrenerhdhtelntegra-
tionsdichten,verminderteparasitareKapazitatenund erhdhte Treiberleistungder T-Gate
Transistorereu extrem schnellenSchaltungemmit sehrniedrigerVerlustleistunglm Rah-
mendesProjektsHiperlogicist beabsichtigtdieseTechnologien einerSemi-Custontnt-
wurfsumgeling auf der BasiseinesGate Array Masterseinzusetzenmit dem Ziel, den
Entwurf extrem schnelley verlustarmeiSchaltungerzu erméglichenEine der Grundlagen,
die zum ErreichendiesesZiels erforderlichsind, ist der Einsatzeiner geeigneterSchal-
tungstechnikdie optimal an die Hiperlogic-Technologieangepalist. Ausgehendson den

1. Hiperlogicwird unterstitztzonderEuropaischeiKommissionunterdemTitel HIPERLOGICES-
PRIT IV, Project No. 200023
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Abschatzung der Verlustleistung

Projektzielenund den speziellenstrukturellenEigenschafterder Technologiemissendie
folgenden funf Bedingungerou einer Schaltungstechnik erfillt werden:

1. Gleiche Anzahl en PMOS- und NMOS+hRnsistoren.
2. Einsatz wn Transistoren minimaler Breite.

3. Die zwei UbereinanderligendenTransistorersollten so viele Kontaktewie még-
lich gemeinsam nutzen.

4. Niedrige \érlustleistung.
5. Funktionale Robstheit ggentiber unterschiedlicher Gatterlast.

Die strukturellenBedingungenl. bis 3. werdenam bestenvon der Double PassLogic
(DPL) erfillt. Vor allem die Verlustleistungron DPL Schaltungerwird jedochin der exi-
stierenderLiteratur unterschiedlichbeurteilt[KoBa95] bzw. [Zimm 97]. Um die Bedin-
gungen4. und 5. genauerzu untersuchenwurde eine kleine Zellbibliothek in DPL auf
Transitoebeneentworfen. Sie enthéltalle fir denEntwurf beliebigerSchaltungemotwen-
digen kombinatorischerund sequentiellerGatter Alle Gatterwurdenauf der Basiseiner
einzigenGrundzelle,einem 2:1 Multiplexer, aufgebautAls Referenzhierzu wurde eine
ahnlicheBibliothek in statischenCMOS entworfen, derenGatterdie gleichenGrundfunk-
tionenwie die der DPL-BibliothekrealisierenDie typischenVerzégerungszeitemnd Ver-
lustleistungerbeider Schaltkreistechngn wurdenanhandvon 32-Bit Carry-Look-Ahead
Addierern verglichen,die auf der BasisbeiderZellbibliothekenimplementiertwurden.Um
DPL-spezifischéesonderheiterwie dasPufferproblemoderdie Erzeugundgomplementa-
rer Signale genaueru erforschenywurdensechsrerschieden®ariationendesDPL-Addie-
rersaufgebautDie Verzogerungszeitesowie der Enegieverbrauchpro Operationwurden
aufgrundvon Analogsimulationemmuf Transistorebenermittelt. Hierbeistelltesichheraus,
daRdie schnellsterDPL-Variantenzwar &hnlicheVerzégerungszeiteaufweiserwie stati-
schesCMOS, ihr Enegieverbrauchund damitihre Verlustleistungjst jedochum minde-
stens50%hoher DurchweitereExperimentekonntegezeigtwerden dalRDPL-Schaltungen
durchTreiberoptimierungewesentlichoptimiertwerdenkénnen.Dadiesin derHiperlogic
Technologieaus verschiedenerGrindennicht mdglich ist, sollte statischemCMOS der
Vorzuggegebenwerden falls mandie VorteilederHiperlogic Technologievoll ausschépfen
mdochte.StatischeSCMOS kannjedochauf einemvorgefertigtenMastermit Gbereinander
gestapelteransistoremicht optimalrealisiertwerdendasichzwei libereinandeliegende
Transistoremur ihren Gateanschlufeilen kbnnen.Dies bedeutetdal3pro Transistorpaar
funf Kontaktebenotigtwerden.Damitist die platzsparend@&nordnungvon Abbildung 8-1
nichtmehrmaoglich. UnterdiesemGesichtspunksollte deshalbvon SeitendesIMS dariber
nachgedachiverden,ob ein Ansatzmit Standardzellemicht erfolgversprechendewére.
Dies wurde auch schon in [Ab&8] angedeutet.

8.2 Abschatzung der Verlustleistung

DasHauptaugenmertwurdein dieserArbeit auf die EntwicklungneuartigeMethodenzur
AbschatzunglerLeistungsaufnahmia digitalenSchaltungemgelagt. In einemhierarchisch
gagliedertenEntwurf werdenauf hherenEbenenEntwurfsentscheidungegetrofen, die
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den Verlauf der Entwicklung auf den unterenEbenenvorausbestimmenEntwurfsfehler
oderungunstigeEntscheidungeauf héherenEntwurfsebenetassensich deshalbauf den
nachfolgenderEbenemur sehreingeschrénkkorrigierenund erfordernmeistaufwendige
und teureNachbesserungeus diesemGrundist eswichtig, dem Entwerferrechnerba-
sierte Hilfsmittel zur Hand zu geben,die ihn zuwverlassigbei der Entscheidungsfindung
unterstitzenDie in dieserArbeit vorgestelltenMethodenzur Abschatzungler Leistungs-
aufnahmekonzentrierersich deshalbauf die Logik- und Gattereben&nd erlauberso, ver-
schiedené&chaltungsalternatenzu untersucherniangebevor die Maskendaterodergar die
fertigenSchaltungerzur VerfugungstehenKapazitve Stromeund Kurzschlu3strémetel-
len die wichtigstenUrsacherdar fur die Entstehungron Verlustleistungn digitalen, stati-
schen CMOS Schaltungen. Beide hé&ngen ab von der Schaltungsstruktur der
Betriebsfrequenger Schaltungeinigentechnologischearameterrund der Schaltakivi-
tat der einzelnenGatterinnerhalbder Schaltung Alle Parameterauf3erder Schaltakiitéat
sind statischeMNatur und kbnnenentwedervon den Technologiedatewder der Schaltung
selbstabgeleitetwerden.Die Schaltakwitat hangtjedoch nebender Schaltungsstruktur
auchvon denTestmusterrab, mit denendie Schaltungtypischerweiséetriebenwird. Sie
ist alsonicht nur eine Eigenschafder Schaltungselbst,sonderrnwird auchvon der Umge-
bungder Schaltungbeeinflutundist damiteinestatistischesré3e.Somitlaltsichdie Lei-
stungsabschatzunguf Gatterebenen zwei Bereicheuntegliedern: eine technologische
Komponentedie sich hauptsachlichmit der Modellierungder auftretenderstromebefalit,
und eine technologieunabhé&ngig€komponente,deren Ziel es ist, die Schaltakwitaten
innerhalbeiner Schaltungzu bestimmenDer Schwerpunktder hier vorliegendenArbeit
beschréankt sich auf letzteres.

Die meisten heutebekannterMethodenzur Abschatzungler Schaltakwitat beruhenent-
wederauf expliziter Simulationvorgegebeneilestmustepderauf probabilistischeSimula-
tion. Fur beide Anséatzestellt sich jedoch das Problemlanger Rechenzeitenfalls hohe
Anforderungenan die Genauigleit gestelltwerden.Um die Rechenzeiterzu verkirzen
wurde deshalbein neuartiges,mengenbasierteSimulationserfahren vorgestellt. Aus
mathematischeiSicht kann diesesVerfahren zwischen logischer und probabilistischer
Simulationeingeordnetverden.Aufeinanderfolgendétinsenin der logischenSignaldar-
stellungwerdenhierbeidurchMengenreprasentier(Abbildung 8-2). Wahrendder Simula-

Takt 1/2/3/4/5/6/7/8|9
Logisches Signal |[0/1|1/0/0/0j1(1/2/1/1/0|0/1/1|1|1
Mengendarstellung 2-3 7-11 14-17

Abbildung 8- 2: Mengenbasierte Signaldarstellung

tion werdendann alle logischen Operationendurch entsprechendélengenoperationen
ersetztDasowvohl die Mengenlehralsauchdie Schaltalgebrapezielldmplementierungen
derBoolschenilgebradarstellenijst sichegestellt,daRdieserUbeigangvon derLogik- zur
mengenbasierteB8imulationstetsmoglichist. Die Transformationemler logischenGrund-
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funktionenin ihre Mengenéaquialentesind in Tabelle8-2 zusammengestellDarauskon-
nen beliebige logische Operationen bxengenoperationen zusammengesetzt werden.

Logische Operation Mengenoperation
Operation | Symbol | Symbol Operation
UND Xy xny | Schnittmenge
ODER X+y xOy Vereinigung
NICHT y y Inversion

Tabelle 8- 2: Zusammenhang zwischen logischen Operationen und Mengenoperationen

Die grundlggendeldeeder mengenbasierteBimulationwurde prototypischin einenSimu-
lator namensASSeTActivity Simulator basedon Set Theory)implementiert Experimente
mit einerVielzahlvon SchaltungerausdenISCAS- bzw. LGSynth-BenchmarlSammlun-
gen ([Brgl 85], [Brgl 89] bzw. [LGSY 91]) zeigten,dald sich ASSeT besonderdur die
Simulationvon Schaltungemnit niedrigerSchaltakiitat eignetwie z.B. der kombinatori-
scheTeil gro3ersequentielleSchaltungenHier konntenim Vergleich zur Logiksimulation
die Simulationszeiterauf ein finftel reduziertwerdenbei gleicherGenauiglit. Fir andere
Schaltungenvurden verschiedendHeuristiken vorgestellt,um die Mengendarstellungu
optimieren. Sie beruhenauf einer Umordnungder Signale,um groéRereTeilmengenzu
erzielen.Da eineUmordnungder Eingangssignalganzerheblichdie Schaltakivitat beein-
flussenkann,wurde dassogenannt@hysikalistie Signaleingefuhrt.Es bestehtauseinem
originalenSignalund demum einenTakt verschobenenriginalenSignal. Dadurchstehen
in jedemTakt nebendenInformationeniiberdie Signaiverteauchdie Informationentiber
die Signalaktvitaten zur Verfiugung.Die Testmusteikdnnendamit umgeordnetwerden,
ohnedasSimulationsegebniszu beeinflusserDie Effizienz dieserAnsatzeist jedochstark
abhangigvon den statistischerEigenschaftemer zu optimierenderSignale.Im allgemei-
nen nimmt die Effizienz ab, je mehr Primareingdngeine Schaltunghat. Deshalbwurde
eineMethodeentwiclelt, die einenKompromif3zwischenGenauiglkit und Simulationszeit
erlaubt. Sie beruhtauf einer Partitionierungder Eingangssignalen Gruppenkorrelierter
Signale sogenannteiKorrelationsgruppenZum AuffindengeeigneteKorrelationsgruppen
wurde ein heuristischerAlgorithmus vorgestellt. Die Korrelationsgruppemwerdendann
getrennoptimiertunddanachwiederwillkiirlich zukomplettenTestwektorenzusammenge-
setzt. Wahrendder Optimierungerbleibenzwar alle Korrelationennnerhalbder Korrelati-
onsgruppenkorrekt erhalten,durch das Zusammensetzewerden jedoch Korrelationen
zwischenSignalenaus unterschiedlicherKorrelationsgruppemrzeugt,was die Simulati-
onsegebnisseverfalscht.Es wurde experimentellgezeigt,daRsovohl die Beschleunigung
der Simulation als auch der Schatzfehlervon der Gruppengrof3eund den statistischen
Eigenschafterder Eingangssignaleabhé&ngenGeradefur Schaltungemit unkorrelierten
Signalendie demreinenmengenbasierteAnsatznur schlechtzugénglichwaren,konnten
erheblicheBeschleunigungenm den Faktor 40 erreichtwerden,wobei die globalenund
lokalenFehlerunter8% blieben.Fir Testmustesequentielle6Gchaltungenmst dieserAnsatz
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jedochwenigergeeignetDie erzielteBeschleunigungst rechtgeringund die Fehlerraten
sind um den &ktor funf bis zehn hoher

Die erstelmplementierungron ASSeTbeschranktsich der Einfachheithalberauf ein ver-
zdgerungsfreie§attermodell(engl. Zero Delay Model, ZDM). DadurchkonntenEffekte
wie Hasardsund Glitches, die durch die Gattenerzégerungerverursachtwerden, nicht
bertcksichtigiverden Da geradeHasardsinensehrhohenAnteil dergesamtersignalakii-
vitdt ausmachekonnen hatdiesnatirlichnegative Auswirkungenauf die Genauigleit des
SimulationsegebnissesDeshalbwurde ASSeTso erweitert,dal3beliebige realitatsnahere
Gattenerzdgerungeirfengl. RealDelay Model, RDM) wahrendder Simulationberticksich-
tigt werdenkdnnen.DieseErweiterungberuhtauf einemneuartigerAlgorithmuszur ereig-
nisbasierterAblaufplanungDie herkbmmlicheyvektorbasiertéSignaldarstellungvurdezu
einer zweidimensionalerMatrix, dem sogenannterSdedule erweitert. Abbildung8-3

ccl ich icc3 i iccn Takizykius cc
1 I - - -- I At 1 2 3 n
Nl =T
o I D S R R 2 T 1] o 1
024 024 024 024 At [ 4 |o [ 11 0
RDM-Signal Schedule

Abbildung 8- 3: RDM-Signal mit Schedule

zeigt ein RDM-Signal mit dazugehérigenscheduleDie Spaltenreprésentierewlie logi-
schenSignalwertewahrendeines Taktzyklus cc, wahrenddie Zeilen die Signalwertezu
einembestimmterZeitversatzAt seit Beginnder TaktzyklendarstellenGenauwie beider
ZDM-Simulationkdnnennun die Zeilen desSchedulesiurchMengendargestellwerden.
Alle Operationerwie Ereignis-und Glitcherkennungsowie die Differenzierungzwischen
fallenden und steigendenFlanken wurde mittels logischer Operatorenrealisiert. Damit
kommendie Vorteile der Mengendarstellungoll zum Tragen.Das der prototypischen
ImplementierungzugrundeliegendeVerzdgerungsmodekrlaubtlastabhéangigé/erzége-
rungenmit unterschiedlicheWertenfir fallendeund steigende~lanken.Glitcheswerden
ausgefiltert,ihre Verlustleistungwird vernachlassigtExperimentemit den schonzuvor
genannteBenchmarkschaltungesrgabemittlere Beschleunigungeom die Faktoren3,2
fur unkorrelierteTestmusteibzw. 61 flr TestmusteisequentielleiSchaltungergegeniber
einerLogiksimulation.Damitist die Beschleunigungum Teil wesentlichh6heralsbeider
ZDM-Simulation,aberauchnoch starkerabhéngigvon der Statistik der Eingangssignale.
GleichzeitigstelltesichherausgdalRim Mittel je nachSchaltungstypund Verzégerungsmo-
dell ca. 25% bis 50% aller Transtionen durch Hasardsverursachtwerden.Hierausfolgt,
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daRdie Laufzeitmodellierunginverzichtbarist zur zuverlassigerAbschatzungier Verlust-
leistung auf der Gatterebene.

Der gleiche,ereignisgesteuert&lgorithmuszur Ablaufsteuerungonnteauchauf denbit-
parallelenSimulator PAPSASangevendetwerden,der in [Schn95] verdffentlicht wurde.
PAPSAS ist ein Logiksimulator Er beruhtauf der Idee, die gesamteWortbreite w der
Maschineauszunutzergufderdie Logiksimulationausgefuhrivird, indemstetsw Test\ek-
toren gleichzeitigsimuliert werden.Genauwie ASSeTin seinererstenimplementierung
war PAPSAS bisherauf verzogerungsfrei&attermodelldbeschranktPrinzipbedingtkann
PAPSAS zwar nicht von speziellenstatistischerEigenschafterder Eingangssignalgrofi-
tieren,abergeradebeirein zufalligen,unkorreliertenTestmusterikonnteeinedurchschnitt-
liche Beschleunigungder Simulation um den Faktor finf gegenibereiner bitweisen
Logiksimulation nachgaiesenwerden.Damit ist PAPSAS bei dieser Signalklasseetwa
65% schnellerals ASSeT Die Effizienz von PAPSAS konnte durch zwei Optimierungs-
malinahmemveiter verbessernwverden:DynamicPadkage Sizing(DPS)und SdheduleCom-
pression DPSist eine exakte Methode,die die Anzahl derin einemSchaltungsdurchlauf
simuliertenTestwektorwdrteroptimiert. Bei einigenSchaltungerkonnteDPSdie Simulati-
onszeitererheblichverkirzenwahrendoei andererseinEinflu praktischvernachlassigbar
ist. Geradebei solchenSchaltungerbrachtejedochScheduleCompressiorerheblicheVer-
besserungerks basiertdarauf,die Auflésungder Zeitachsegatterspezifisclzu reduzieren.
Dadurchwerdendie Schedulekompaktey was zu kirzerenBearbeitungszeitefiihrt aber
unter Umstanderauchdas Simulationsegebnisleicht verfalscht.Durch die Kombination
von DPS und ScheduleCompressiorwurde eine relatv homogenemittlere Beschleuni-
gung um den Faktor 131 gegenibereiner bitweisenLogiksimulation erreicht,wobei die
globalenund lokalen Schatzfehleunter 2% bzw. 4% blieben.Damit konntegezeigtwer-
den,dal3zur Ermittlung der Signalaktvitat Gattenerzogerungemzwar nicht vernachlassig-
barsind,die Genauiglkit derVerzogerungsmodeljedocheineuntegeordnetdRolle spielt.

In ihren momentanernmplementierungersind sovohl ASSeT als auchPAPSAS auf rein
kombinatorischeSchaltungerbeschranktAnschlieRendeéirbeiten kdnnteneine Erweite-
rung auf sequentielleéSchaltungerbetrefen. Verfahrenhierzu wurdenfir PAPSAS unter
VernachlassigunderVerzégerungszeiteschonin [Goud 91] vorgeschlagenwWeiteremdg-
liche Verbesserungebetrefen dasVerzogerungsund dasGlitchmodellsavie die Imple-
mentierung mehrwertiger Logik.

Als letztesThemadieserArbeit wurdenprobabilistischeSimulationserfahrenbehandelt.
Probabilistischeverfahrenbieten eine interessantéilternatve zu Verfahren,die auf der
expliziten Simulation von Testmusterrbasieren.Im Idealfall genlgtes flr eine exakte
Ermittlung der Schaltaktvitaten, zwei Werte pro Eingangssignaddurch die Schaltungzu
propagierendie statischeSignalvahrscheinlichkit und die Schaltaktvitat. Die genaue
Kenntnisder Testmusterst nicht notwendig,wasin mancherFallenvon Vorteil seinkann.
Damitist die probabilistischeSimulationauf denerstenBlick wesentlichschnelleralstest-
musterbasierteSimulationserfahren. ProbabilistischeMethodenwerden allerdings sehr
aufwendig,sobaldSignallorrelationenn die Berechnungemit einbezogemnverdensollen.
Von algorithmischeiSeitehergesehenkdnnendrei Arten von Korrelationerunterschieden
werden:zeitlicheKorrelationenyaumlich korrelierteprimareEingangssignaleind raumili-
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cheKorrelationendie durchrekornvergenteg-anouthenorgerufenwerden Zeitliche Korre-
lationen werden durch die Signalaktvitat ausgedrickt.Durch rekorvergentes Fanout
verursachte&orrelationenkénnenmit demvon Najm vorgestelltenBDD basiertenAlgo-
rithmus [Najm 93] korrekt behandeltwerden. Hierbei werden alle Funktionen,die zur
Berechnungler Schaltakwitadtenbenotigtwerden,auf BDDs mit ausschlieRlictpriméren
EingangswariablenzuruckgefiihrtDieseBDDs werdenauchglobaleBDDsgenanntMittels
XOR-BDDgSchn94], [Schl95] kannNajmsgrundlegenderAlgorithmusso erweitertwer-
den,dalBauchgleichzeitigschaltendesignalekorrekt miteinbezogerwerdenkénnen.Das
Problem r&umlich korrelierter primérer Eingangssignalekonnte bislang allerdings mit
Najms Algorithmus nicht zufriedenstellendjeléstwerden.Zu diesemZweck wurde im
RahmendieserArbeit dasneuartigeonzeptder Korrelationssbichtenentwickelt. Ahnlich
wie bei der optimiertenMengensimulatiorwerdenGruppenkorrelierterEingans\ariablen
gebildet. Variablen,die zur gleichenKorrelationsgruppegyehdren,werdenin den XOR-
BDDs benachbartangeordnetDie Korrelationsgruppererscheinendamit im BDD als

y=f(a,b,c) y=f(a,b,c)

a, ¢ sind
—>
korreliert

(a) Knotenoptimales BDD (b) BDD mit Korrelationsschicht

Abbildung 8- 4: BDD fir y = C + ab ohne und mit Korrelationsschicht

SchichtenkorrelierterVariablen(Abbildung 8-4). Wahrendan den Ubelgangenzwischen
den Korrelationsgrupperhnerkémmliche, probabilistischeVerfahren angevandt werden,
werdendieseinnerhalbder Korrelationsgruppemlurch Pfadwahrscheinlichkiten ersetzt.
Zur inkrementellenAuswertungvon BDDs mit Korrelationsschichtemvurde ein auf der
Matrizenrechnundperuhende¥erfahrenentwickelt. Da bei der Auswertungder Matrizen
logischeOperationereinewichtige Rolle spielen,wurdedasSimulationserfahrenals pro-
babilistis-logische Simulation bezeichnetDie logischenOperationenkénnen effizient
mittels mengenbasierteader bitparallelenMethodenimplementiertwerden.Damit kann
die probabilistisch-logisch&imulationauchals Verfeinerungder korrelationsgruppenori-
entiertenMengensimulatiorbetrachtetwerden.Anhand von ausfihrlichenExperimenten
wurdezunachsgezeigt,dalRNajmsurspringlicheAnsatzselbstbei raumlichunkorrelier-
ten Variablenzu Schatzfehlerrvon weit tiber 100%fuhrenkann. Deshalbwurdenfir die
probabilistisch-logisch&imulationausschlie3liciKOR-BDDs eingesetztBetrachtetman
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Anwendungemnit rAumlichkorreliertenPriméreingangerso stellt sich herausdal3mittels

probabilistisch-logischeBimulationdie Abweichungvom Referenzegebnisum denFaktor
funf bis zehnreduziertwerdenkanngegeniibetherkémmlicherVerfahren,die solcheKor-

relationenprinzipbedingtvernachlassigerso wurdenbeispielsweisédir Signalesequenti-
eller Schaltungemnlie mittlerenglobalenundlokalen Abweichungenvom Referenzegebnis
von 20% auf 5% bzwon 40% auf 8% reduziert.

Fur BDD-basierteAnwendungenist die Variablenordnungn den BDDs von zentraler
Bedeutungwasdie CPU-und Speicheranforderungeangeht.DiesesProblemwird durch
denprobabilistisch-logischeAnsatznochverstarkt,dadie Anzahlzulassigeiariablenord-
nungendurch die Korrelationsschichteringeschrankiwird. Damit beschrankitsich die
grundlgendeprobabilistisch-logischéMethode auf die Simulation kleiner und mittlerer
SchaltungenFur gro3e Schaltungenwerden meist die heute tiblicherweiseverfiigbaren
HauptspeichgroRenvon ca. 1 GB uberschrittenDeshalbwurdenin der Vergangenheit
Algorithmen zur SchaltungspartitionierungorgeschlagenDamit kann die Anzahl der
BDD-Variablenund damit die BDD-GroRRebegrenztwerden.HerkdmmlicheSchaltungs-
partitionierunghatjedochevtl. groReSchéatzfehlezur Folge,damit denheuteverfligbaren
Methodendie raumlichenKorrelationenan den Partitionsgrenzervernachlassigtverden
missenDieseFehlerkdnnenmit demneuartigerAnsatzderlokalenBDDsverringertwer-
den.Er beruhtauf der Annahme daf3der EinfluR der Korrelationerzwischendenpriméaren
Eingangssignaleauf die Schaltakiitat einesGattersabnimmt,je weiter diesesGattervon
den Priméreingangewnler Schaltungentferntist, wohingeyen der Einfluf3 durch rekorver-
genteg-anoutzunimmt.Um dieserAnnahmeRechnungutragenwerdenlokale BDDs aus
Untermengerder zu betrachtende®chaltunggebildet. Andersals bei der Partitionierung
konnensichdieseUntermengeledochiberlappensiebildenalsoeineSchaltungstiberdek-
kung.Der Uberdeckungsalgorithmuderim RahmerdieserArbeit entwickelt wurde,sucht
fur jedesGattereineneigenenBlock mit einervorgegebenerZahl an Eingangswariablen,
dereinemaximaleAnzahlvon GatterniberdecktSollte ein Block primareEingangswaria-
blen Uberdeckn, so werdenderenKorrelationsgruppemit einbezogenandereVariablen
werdenhingegen als statistischunabhéngigbetrachtet.D.h., nahe den Primareingdngen
einerSchaltungwird probabilistisch-logisclsimuliert. Die probabilistisch-logisch&imula-
tion wird allméhlichdurcheinerein probabilistische&imulationersetztje tiefer die Simula-
tion in die Schaltungeindringt. Mittels umfangreicherExperimentekonnte demonstriert
werden,daRdasKonzeptder lokalen BDDs den Anwendungsbereicder probabilistisch-
logischenSimulationauf Schaltungemit mehrals 10.000Gatternerweitert,ohnedenver-
fugbarenHauptspeichevon 1 GB zu uberschreitenGleichzeitigbleibendie globalenund
lokalenAbweichungvom ErgebnisderLogiksimulationim Mittel unter10%.Damitkonnte
fur BDD-Anwendungenim Bereich der Signalaktvitatsbestimmungdas Problem der
Ermittlung guterVariablenordnungehedeutenantscharfiverden.Gleichzeitigfihrte der
Einsatzlokaler BDDs bei ca. 50% der betrachteterSchaltungerzu einer signifikanten
Reduzierung der Laufzeit der Simulationen.

Die momentanémplementierungler probabilistisch-logische8imulationbeschréanksich
auf ein verzogerungsfreieGattermodell(ZDM). Esist jedochzu erwarten,dafdsich die
Methodeder Probability WaveformgNajm 90] problemlosauf die probabilistisch-logische
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Simulationanwendenaf3t. Die Genauigleit der Simulationmit lokalen BDDs liel3e sich
weiter erhéhen,wenn Korrelationenzwischenden Eingangswariablender lokalen BDDs
genauemodelliertwerdenkdnnten Hierbeiist jedochnochnicht ganzklar, wie diesein die
Simulationmiteingelundenwerdenkdnnen,so dalR hier noch weiterer Forschungsbedarf
besteht.

Die Verlustleistungst heuteeinewichtiger Gesichtspunkbeim Entwurf von mobilenund
stationarerdigitalen SystemenDie in dieserArbeit vorgestelltenMethodenbefassersich
mit Entwurfsaspektemnter speziellentechnologischerRandbedingungesowie mit der
Abschatzungler Verlustleistungauf der Logikebene Besondersm Bereichder Verlustlei-
stungsbestimmungonnten bedeutendd-ortschritte gegentiberdem aktuellen Stand der
Technikerzieltwerdenwasdie Laufzeit-und die Speicheranforderungesowie die Genau-
igkeit angeht.Abbildung 8-5 gibt einenabschlieRendetberblick tber daskomplette,in

dieserArbeit entstanden&ystemzur Abschatzungler Signalaktvitat und damit der Ver-

lustleistung.
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Abbildung 8- 5: Das komplette System zur Ermittlung der Schaltaktivitat
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Hiperlogic Transistor
Parameters

Appendix

A

This appendixgivesthe mostrecenttransistorparametersor the Hiperlogictechnologyin
the SPICE format. Tlyewere used for all analog simulations in chapter 3.

NMOS Transistor

.MODEL nmos NMOS LEVEL =3

+ TOX = 5E-9

+ PHI = 0.837411

+ UO =130.566

+ VMAX = 1.41532E5
+ NFS = 1.4086E12
+ CGDO =0.3E-9
+CJ=17E-4

+FC =05

+ RSH =630

PMOS Transistor

NSUB = 1.55596E17
VTO =0.447166
ETA=0

KAPPA = 0.864159
XJ = 1.90546E-9
CGSO =0.3E-9
PB=0.8

CJSW = 2.5E-10

.MODEL pmos PMOS LEVEL =3

+ TOX =5E-9
+PHI=1

+ UO = 36.97

+ VMAX =5.178528E4
+RS=0

+ NFS = 9.969E11
+WD=0

+ CGBO =0.0
+MJ=05

+ MJSW =0.3

NSUB = 6.9346e16
VTO =-0.34

ETA = 1.770645e-4
KAPPA = 1.6525353
RSH =576
XJ=1.1e-9

CGDO = 3E-10
CJ=6E-4

FC=0.5

GAMMA = 0.65815
DELTA=0
THETA = 0.49758
JS =100u

LD=0

CGBO =0.00
MJ=0.5

MJISW = 0.3

GAMMA = 0.494853
DELTA=0

THETA = 0.5239953
RD=0

JS =100u

LD=0

CGSO = 3E-10
PB=0.8

CJSW = 6E-10
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The Benchmark Circuits

Appendix

For all experimentsin this work benchmarkcircuits from [Brgl 85], [Brgl 89] and
[LGSY 91] were used. They are referredto as ISCAS-85,ISCAS-89 and LGSYNTH,
respectrely. Genericnetlistsof all circuits areavailablevia the internetat [ BENCH]. The
ISCAS-85circuits are purely combinationalwhile circuits from ISCAS-89are sequential.
In the following tables,Generic,HL and GFN120denotethe numberof gatesin the origi-
nal, genericdescriptionwhenmappedon the Hiperlogic cell library, andwhenmappedon

the GFN120 library [IM®6], respectiely.

ISCAS-85
o _ Gates
Circuit Function Inputs | Outputs
Generic HL GFN120
cl7 unknawn 6 6 7 6
c432 Priority Decoder 37 160 126 163
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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The Benchmark Circuits

ISCAS-89
Circuit Inputs Flip Ir_1puts N Outputs cates
Flops | Flip Flops Generic | GFN120
s27 4 3 7 17 14
s298 3 14 17 137 123
s344 9 15 24 11 179 164
s382 3 21 24 6 183 162
$386 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
$35932 35 1728 1763 320 17796 16068
Table B-2: Statistics of the ISCAS-89 benchmark circuits
LGsynth91
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Gates
Cir cuit Inputs | Outputs

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




Detailed Results  Jf§FS

C

All theresultsthatweregraphicallypresentedn themaintext will berepeatedherein atab-
ularform. In eachsectionthecorrespondingectionin themaintext will be specifiedn ital-
iCS.

All testpatternsveregenerateavith thetestvectorgeneratorsvgenfrom [Dall 98] or kktv-
genfrom [KapD 98]. They allow the generatiorof pseudaandomtestvectorswith a vari-
ety of statisticalpropertiesAll the experimentsvereexecutedon a SunUltra Sparc2, 300
MHz, 1.4 GB main memoryunning Sun Solaris 2.6.

C.1 Power Minimization on the Circuit Level

Related to kbapter3.

C.1.1 aCPL with V thp=0V and Vthp:O.SV
Related to sectio.2.2.

VoM | Delaylns] | ot Be
0.0 0.44 0.86
0.5 1.40 1.10

Table C-1: CPL with Vi,=0V and Vy,,=0.5V for the pass transistors

The thresholdvoltageof the inverterswas chosento Vi, =0.5V, the inputs of the NAND-
gates were dvien by irverters.
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Detailed Results

C.1.2 CPL and DPL versus CMOS
Related to sectio.2.3.

o Delay [ps] Energy per Clock Cycle [fJ]
cireut 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
C.1.3 32-Bit CLAs
Related to sectior3.3.3 and 3.4.
Cir cuit Transistors Delay [ns] Clir;(eé%éze[g 3]
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
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Zero Delay Simulation

C.1.4 4-Bit CLAs with Varying Transistor Sizes

Related to section 3.4

m Delay [ns] Energy pe[Iraﬁlock Cycle
WorL 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

C.2 Zero Delay Simulation

Related to kbapter4.

C.2.1 Optimization Results

Related to sectiod.5.4

Uncorrelated P atterns

NoOpt NoDup PS GPS Cs
Pis Blocks | Time [s] | Blocks | Time [s]| Blocks | Time[s] | Blocks | Time[s] | Blocks
4| 39802 0.03 516 0.04 246 0.04 133 0.04 147
8| 80067 0.08/ 69055 7.19] 39772 1.89| 13959 9.62| 10678
16| 160 206 0.40| 160 206 20.77| 111 649 12.52| 75117 50.28| 57 337
25| 289 648 0.58| 249 260 33.68| 189 122 27.37| 150 934 58.39| 119984
32| 319955 0.71] 319955 73.83| 250972 48.55| 212232 96.49| 172 094

Table C-5: Optimization times and results for uncorrelated Pls
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FSM-like P atterns

NoOpt NoDup PS GPS Cs
Pls
Blocks | Time [s] | Blocks | Time [s]| Blocks | Time[s] | Blocks | Time[s] | Blocks
4| 36510 0.03 333 0.04 167 0.04 117 0.03 104
8| 73412 0.07 1075 0.07 537 0.09 343 0.08 280
16| 158 528 0.35| 99641 8.73| 66294 3.89] 29908 18.82| 22190
25| 249 878 0.60| 232834 29.33| 172177 18.49| 99743 50.71| 69879
32| 319505 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 Pls
Spatiall y Correlated P atterns
NoOpt NoDup PS GPS Cs
Pls
Blocks | Time [s] | Blocks | Time [s]| Blocks | Time[s] | Blocks | Time[s] | Blocks
40 069 0.03 500 0.03 221 0.04 131 0.04 136
8| 79740 0.07| 30165 1.39| 15964 0.70 5900 1.71 4 864
16| 160 166 0.41| 158 412 21.25| 90075 6.13| 47286 42.42| 35109
25| 249 775 0.57| 249775 33.31| 162 236 15.30| 112974 59.55| 84 456
32| 318611 0.70| 318611 72.22| 218611 24.34| 160 566 99.42| 124 471
Table C-7: Optimization times and results for spatially correlated Pls
Low Active Signals
NoOpt NoDup PS GPS Cs
Pls
Blocks | Time [s] | Blocks | Time [s]| Blocks | Time[s] | Blocks | Time[s] | Blocks
4 9038 0.02 383 0.03 212 0.03 140 0.02 125
8| 16092 0.06| 11589 0.54 9 399 0.46 4 362 0.94 3523
16| 32397 0.34| 32390 10.08| 32825 8.93| 48686 39.49| 31190
25| 50163 0.44| 50162 164.10 50355 24.87| 110 205 59.76| 53940
32| 64062 0.52| 64062 315.14] 64240 50.99| 160869 126.49| 65990
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Zero Delay Simulation

C.2.2 Simulation Results

Related to sectiod.5.5

Uncorrelated P atterns

Cir cuit Toggles/ Simulation Time [s]
Name Gates | Pls 1000 .
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
€1908 245 33 1666 0.51 0.49 0.91 0.89
alu2 270 10 1488 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 2819 1.33 0.94 1.36 1.01
c3540 791 50 4 956 1.97 1.93 3.68 3.23
c6288 2239 32 18 449 5.65 5.09 10.04 9.46
Table C-9: Simulation times for uncorrelated Pls
FSM-Like P atterns
Cir cuit Toggles/ Simulation Time [s]
Name Gates | Pls 1000 :
Logic NoDel GPS CS

misex2 69 25 285 0.18 0.16 0.12 0.09
f51m 112 798 0.26 0.22 0.01 0.01
bw 135 255 0.33 0.07 0.01 0.01
c1908 245 33 1658 0.50 0.48 0.55 0.42
alu2 270 10 1462 0.66 0.51 0.03 0.03
misex3 300 14 1336 0.80 0.50 0.13 0.10
c1355 300 41 2342 0.64 0.76 0.90 0.73
alu4 551 14 2801 1.32 0.93 0.24 0.22
c3540 791 50 4932 1.99 1.96 2.32 1.76
c6288 2239 32 18 393 5.48 4,92 6.12 4.89

Table C-10: Simulation times for FSM-like Pls
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Spatiall y Correlated P atterns

Cir cuit Toggles/ Simulation Time [s]
Name Gates | Pls 1000 :
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 1634 0.50 0.49 0.81 0.72
alu2 270 10 1360 0.65 0.49 0.25 0.21
misex3 300 14 1431 0.80 0.55 0.42 0.29
c1355 300 41 2186 0.65 0.71 1.25 1.15
alu4 551 14 2550 1.33 0.86 0.54 0.55
c3540 791 50 4975 1.97 1.95 3.08 2.59
c6288 2239 32 17 598 5.562 4.75 8.13 7.34
Table C-11: Simulation times for spatially correlated Pls
Low Active P atterns
Cir cuit Toggles/ Simulation Time [s]
Name Gates | Pls 1000 :
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 1146 0.61 0.29 1.12 0.65
alu4 551 14 1043 1.29 0.28 0.92 0.57
c3540 791 50 1881 1.92 0.52 2.56 1.21
c6288 2239 32 10 870 5.25 231 8.26 5.63

Table C-12: Simulation times for low active Pls




Zero Delay Simulation

Sequential Cir cuits

C,:\;;(r:#g Gates | pis | B . Simulation Time [s] Blocks
Logic NoDel CS before after
S382 162 21 0.32 0.06 0.01 35 060 2023
S386 161 7 6 0.30 0.09 0.04 394 336 7861
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

C.2.3 Signal Grouping

Related to sectioa.6.4

Theexperimentdn this sectionwereperformedon a SunUltra Sparcl, 1770MHz, 192MB
main memoryrunning Sun Solaris 2.5.

Legend

Gr
Gr="-
Gr ="opt’

Blocks

Time [s]:

parametegroup size
without ary optimization
optimized withCS

number of blocks

simulation time in seconds

Combinational Cir cuits

Uncorrelated Ratterns FSM-like Patterns
Circuit | Gr Time Error [%] _ Err or [%]
Blocks Blocks | Time
[S] | global | local | max. global | local | max.
-] 410191 401 910

opt] 292058 1.05 273957 0.96

cag9 | 12 90504/ 0.73| 0.12| 0.84] 18.9 12 256/ 0.20| 0.17| 1.32| 21.64

8 44778 0.57| 0.26] 1.26 35.9 8152| 0.12| 0.34| 1.75| 37.15

4 1166/ 0.03| 0.39| 4.38| 284 941| 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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Uncorrelated Ratterns FSM-lik e Patterns
Circuit | Gr Time Error [%] _ Err or [%]
Blocks Blocks | Time
[SI | global | local | max. global | local | max.
-] 598610 588 854
opt] 465453 1.86 445 326 1.74
cgso | 12| 126823 0.67| 0.03| 2.22| 40.6 26 877 0.19| 0.07| 5.15| 66.22
8 53993| 0.37| 0.33| 2.24| 234 16 137| 0.14| 0.53| 4.24| 35.05
4 1602| 0.03| 0.04| 11.53| 125.5 1429| 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
-1 329256 324 321
opt] 220935 3.00 204 093 2.76
c1908 | 12 80345/ 1.76| 0.17| 0.96] 23.6 10509 0.33| 0.05| 0.89| 34.69
8 38386| 1.17| 0.07| 1.37| 39.9 6422 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
-] 319955 314 206
opt] 212232 12.03 195 235 11.98
c6288 | 12 62 822| 8.13| 0.10| 1.17| 17.0 6838 1.56| 0.26| 2.97| 34.56
8 21985 4.31| 0.01| 1.85| 16.0 6430, 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
-12071 326 2 036 899
opt] 1 852 682 19.62 1807 714 19.63
c7552 | 12| 502340 11.79] 0.09] 1.22| 235 43201 2.05| 0.08| 3.37| 56.13
8| 202622 556/ 0.10f 1.79| 31.6 53 314| 2.06| 0.04| 3.26| 93.48
4 5147| 091| 0.56| 8.42| 95.6 5071 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
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Zero Delay Simulation

FSMs

Circuit | Gr Blocks Time Frror )
[s] global | local max.
- 35 060
opt 3071 0.06
$328 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
- 97 630
opt 87 427 0.53
$820 12 25 252 0.14 460, 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
- 123138
opt 112 972 1.17
s1196 | 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
- 48 563
opt 15 440 0.27
s1494 | 12 2231 0.06 4.50 0.85 10.1
8 2272 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
- 174 408
opt 235701 3.18
s9234 | 12 40 196 1.60| 14.88| 14.23 126.9
8 26 370 155 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 bapter 5.

Legend
bitwise:
pure:
DPS:

5%, 20%, 50%

word:

Max. Error:
Std. Deiation:

ASSeTn a bitwise mode

pure set simulation withol@PSandsdedule compssion

simulation with DPS

schedule commssionwith 6=5%, 20% or 50%

PAPSASwithoutDPSandsdedule compssion

maximum @te related error

C.3.1 ASSeT versus Synopsys

Related to section 5.2.3.

standard daation of the gte related errors

Load Independent Delays Load Dependent Delays

C;;?#g Hazard Simulation Times [s] Hazard Simulation Times [s]

Rate [%] | pitwise | ASSeT | Synopsys| Rate [%] 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
€880 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
51196 9.2 232.1 7.4 45,5 15.4 233.9 9.3
s5378 6.0 1167.5 235 523.0) 5.8 1168.7 34.5
9234 9.8 2299.1 35.8 844.9| 9.6 2300.4 43.4
513207 10.0 3485.7 33.4 3285.4| 11.3 3519.2 35.9
515850 27.0 4227.3 119.9 2851.3| 25.1 4218.0 154.1
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Real Delay Power Estimation

C.3.2 ASSeT, PAPSAS and Optimizations
Related to 5.3.2, 5.4.1, and 5.4.2

In theseexperimentgheloaddependencef the gatedelayswastakeninto accountSincea
suitableSynopsydibrary was not available,the compareto Synopsyshadto be omitted.
The sequentiakircuits s13207 s15850 and s35932were simulatedwith purely random
patterns. Hence, thecan be considered asdarcombinational circuits here.

Runtimes

In thefollowing tablethe runtimesof bitwise simulation ASSeTandPAPSASaredepicted.
For ASSeT pure denotesset basedsimulation without schedulecompressionDPS was
omittedfor the smallercircuits, sinceit doesnotimprove the performancef ASSeT How-

ever, for the larger circuits DPSwas usedto keepthe memoryrequirementdelov 1GB.

Those circuits are magkl with an asterisk.

Runtime [s]

(f\:;‘:]“et Haff/jﬁrds Bit. ASSeT PAPSAS

WIS€ | pure | 5% | 20% | 50% | word | DPS | 5% | 20% | 50%
c432 29.0] 139] 35| 26| 13 9 21 6 3| 16| 1.0
c499 286 1771 38| 11 8 6 27 8 2| 11| o009
c880 342 305| 161 92| 46| 26| 49 18 11| 48| 27
c1355 33.2] 431 236/ 95| 44| 30| 72 19 10| 46| 29
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| 140/ 9.4
3540 51.5] 1408] 722| 670 537| 329 432| 369| 170| 335 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
515850 25.7] 7190] 1736| 1836| 1518| 643| 919| 191| 124| 73.4| 47.4
$35932 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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Detailed Results

Errors of Sc hedule Compression

Cir cuit Global Error [%] Local Error [%] Max. Err or [%] Std. Deviation [%0]
Name | 505 | 209% | 50% | 5% | 20% | 50% | 5% | 20% | 50% | 5% | 20% | 50%
c432 00/ o0.1| o3| o0o0| 01| 07 0 1 5] 01| 02| 13
c499 05/ 02| 04] 07| 13| 07 5 9 5] 09| 21| 11
c880 00| 01| 09| 00| 01| 26 0 3| 55| 01| 03] 81
c1355 6.7| 15| 25| 66| 24| 48| 54| 14| 43] 130/ 32| 65
c1908 0.0, 00| 08] 03| 14| 32 9| 17| 25| 08| 25| 53
c2670 01| 03| 35| 01| 27| 7.6] 27| 963| 1677] 09| 28.4| 49.3
3540 01| 02| o07] 02| 13| 33| 29| 70| 46] 10| 35| 6.1
c5315 02| 06| o06] 02| 23| 32| 22| 35 331 09| 48| 51
c6288 05/ 08| 14| 11| 15| 40 71 25| 25| 13| 19| 47
c7552 01| 02| 03] 02| 16| 30| 42| 115 110] 12| 66| 53
$13207 0.0/ 01| 11] 00| 07| 24 8| 83| 78] 0.2 38| 82
515850 03| 03| 07| 03| 10| 19] 56| 68 89| 23| 42| 52
$35932 17| 03| 03] 19| o8| 14| 27| 21| 12 45| 27| 23
average 02| 03] o07] 03] 11| 25| 22| 110 169] 21| 49| 84

Table C-18: Error rates of schedule compression for different &

Sequential Cir cuits

The patternsfor the following experimentwere generatedy high level simulationof the
sequential circuits.

Runtime [s]

([3\:;‘;“1’2 H?f/?]rds Bit. ASSeT PAPSAS

WIS€ | pure | 5% | 20% | 50% | word | DPS | 5% | 20% | 50%
$820 139 139] 22| 21| 19| 15| 22 94| 09| 09| 08
51196 15.4] 235 93| 81| 60| 43| 215 44| 35 24| 16
s5378 5.8 1171] 345 286| 20.9| 15.0| 79.9| 119| 95/ 69| 5.2
s9234 9.6] 1563 43.2| 38.8| 29.8| 22.3| 121.7| 17.9| 159 12.4| 9.3
513207 11.3| 3510 35.8| 35.2| 33.1| 29.4| 189.3| 19.3| 19.1| 18.4| 17.2
515850 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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Probabilistic Simulation

C.4 Probabilistic Simulation

Related to bapter 6.

For all simulationswith BDDs a memorylimit of 1GB wasused.C6288couldonly besim-
ulated with local BDDs. Otherwise its BDDsoeed the memory limit.

Legend

vectors/1000:

proh:

max:

number of testectors for logic simulation dided by 1000
probabilistic simulation with XOR-BDDs

maximum @te related deation from/to logic simulation.

C.4.1 Correlation Layers

Related to section 6.2.5.

Accurac y of Logic Sim ulation

. . 1ati 0,
Cl\:;(r:#(g V(ic(:)tggs/ CPU [s] | Memory [MB] Deviation [%]
global local max

proh 2.81 14.681
1 0.07 1.418 1.006 5.135 23.171

25 0.12 1.770 1.028 3.050 10.361

c432 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

proh 163.41 365.069

1 0.09 1.508 0.297 3.729 48.387

25 0.13 1.910 0.138 2.168 26.452

c499 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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Detailed Results

. . 1ati 0,
(,:\:;f;‘g Vi%tggs/ CPU[s] | Memory [MB] peviation D4l
global local max
proh 31.20 95.913
1 0.17 1.779 0.500 4714 34.783
2.5 0.24 2.344 0.289 2.969 28.000
€880 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
proh 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
c1355 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 4516
250 16.09 70.616 0.070 0.545 2.872
1000 78.69 277.947 0.074 0.477 2.502
proh 57.93 111.338
1 0.29 2.016 0.802 3.519 50.000
25 0.39 2.393 0.305 2.011 41.176
€1908 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
proh 12.44 74.859 --- --- ---
1 0.71 3.597 0.213 3.672 46.667
c2670 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 xceeded

202

Table C-20: Probabilistic compared to logic simulation




Probabilistic Simulation

. . 1ati 0,
Crout V‘i‘g&?/ CPU[s] | Memory [MB] peviation [
global local max
proh 7.61 46.916 - - -
1 1.22 4.326 0.380 3.767 47.541
c5315 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 ceeded
proh 9.57 52.446
1 1.93 5.530 0.379 4.115 84.615
25 2.39 7.652 0.287 2.453 40.645
c7552 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
Table C-20: Probabilistic compared to logic simulation
Najm’s Appr oximation ver sus XOR-BDDs
XOR-BDDs Najm’s Approximation
C|\I|;(r::let CPU [s] Memory | o, is] Memory Error [%]
[MB] [MB] 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
€880 107.685 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
€1908 117.712 57.71 54.084 18.40 220.759 111.742 8183.3
€2670 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
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Detailed Results

XOR-BDDs with and without Correlation La  yers
without Corr elation Layers with Corr elation Layers
C,\:;?:g CPU | Memory Deviation [%] CPU | Memory Deviation [%]
[s] [MB] | global | local | max [s] [MB] | 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| 124
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] 56.41 221 7.26| 12.48| 114.7
51196 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
51488 2.23 10.8| 33.97| 67.57| 667.9] 21.23 13.7 2.87| 4.01| 46.2
Sl494| 2.27 10.8| 35.26| 67.03] 684.4] 20.61 13.0 2.86| 3.95| 445

Table C-22: XOR-BDDs with and without correlation layers

C.4.2 Local BDDs

Related to section 6.3.4.
Bloc k Size for Local BDDs

Thefollowing 9 circuits were usedto investigatethe dependencef resourcerequirements
and accurag on block size: c432, c499, ¢880, c1355,¢1908,¢c2670,c3540,c5315and
c7552.Becausef the hugeamountof data,tableC-23 presentnly the averagesover all

five circuits.

Block Deviation from Logic Simulation[%]
. CPU [s] | Memory [MB]

Siz€ 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
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Probabilistic Simulation

Blpck CPU[s] | Memory [ME] Deviation from Logic Simulation[%]
Size global local max
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 0.29 212 106.7
18 62.52 197.0 0.25 2.01 99.2
19 72.47 199.7 0.19 1.91 94.0

Table C-23: Resource requirements and accuracy for different block sizes

Local BDDs f or Combinational Cir cuits and FSMs

Circuit Memory Deviation from Logic Simulation [%0]
Name | CPU [s]
[MB] 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
€880 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
€2670 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 1154 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
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Detailed Results

206

Circuit Memory Deviation from Logic Simulation [%0]
Name | CPU [s]
[MB] global local max

s953 8.49 12.7 8.46 14.01 1145
s1196 18.00 20.2 7.14 9.29 42.2
$1238 17.70 20.2 7.62 9.91 42.1
51488 12.10 20.1 6.26 9.13 447.8
51494 12.52 20.1 6.72 9.49 4547
s5378 104.21 134.8 8.18 14.17 288.9
$9234 169.50 381.2 5.96 7.88 123.8
513207 116.70 345.4 0.29 1.76 529.5

Table C-24: Local BDDs for combinational circuits and FSMs




Example for the Covering

Algorithm D

Appendix

This appendixgivesan elaborateexampleof the covering algorithmthat was presentedn
chapter6. Consider the circuit of figu®&16, which is repeated here for ¥enience

Figure D- 1: Circuit to find a local BDD for

A subcircuitB with a maximumnumberof gatesanda limited numberof secondarynputs
L for gatea is to be found.

Initial P arameter s
e L=3
° B = {a}

« Ig={b, c}
« fg=Llgl=1

Step 1
We start with hilding the subsetk; from the input sellg and lwild the according cost list:

[ X Ne N, Ex
0 b, c 1 1 ded
1 b 0 1 d, e
2 C 0 1 dg

Table D-1: Cost list of gates b and ¢
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Example for the Covering Algorithm

Xg is addedto the currentblock sinceit hashighestpriority and n, < fg. Xo is removed
from the cost list and the otherdvwentries are updated, resulting in an empty cost list.

Figure D- 2: Gates b and ¢ have been added

Current P arameter s

« B={a, b, c}
« lg={d, e g}
o« fg=0
Note that the algorithm continues althoufyh = 0.
Step 2
The cost list needs to be recomputed on the basis of the dgsemte it is empty:
i X Ne N, Ex
0 d 1 0 f
1 d, g 1 1 fi, ]
2 e, g 1 1 h,i,]j
3 e, d 1 1 f,h,]
4 g 0 1 Ny
5 e 0 1 h, j

Table D-2: Cost list of gates d, e and g

The cwering algorithm chooses, to be added to the current bldgk
Current P arameter s
« B={a, b,c,d}

« Ig={e,f, g}
* fg:=fg-n(Xg) =0
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Figure D- 3: Gate d has been added

Step 3
Xp is remaed from the cost list and the remaining entries are updated:
i X Ne n, Ex
0 e g 1 1 h,i,]j
1 g 0 1 I, ]
2 e 0 1 h, |

Table D-3: Cost list after eliminating gate d from all entries

fg=0 but all remainingelementof the costlist requireanadditionalSI. Therefore the cost
list is recomputed on the basis of the curignt

[ Xi Ne N, Ex
0 f,g 2 0 iy j
1 e,f 1 1 h, i, ]
2 e, g 1 1 h, i, ]
3 f 0 1 iy j
4 g 0 1 I ]
5 e 0 1 h, |

Table D-4: Cost list of gates e, fand g
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Example for the Covering Algorithm

Now, anothempair Xo={f, g} canbeaddedo theblockwithoutincreasinghenumberof Sis.

'

Figure D- 4: Gates f and g have been added
Current P arameter s
« B={a,b,c,d,f g}

« lg={e i, }}
. fB:O
Step 4

Updating the cost list yields

[ X Ne N, Ex

0 e 1 0 h, j

Table D-5: Cost list after gates f and g have been removed

Now, gatee can be added without yaadditional cost.

Figure D-5: Gates f and g have been added
Current P arameter s
- B={a,b,cdefqg}
« Ig={hij}
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b fB: 0
Step 5

Sincegate e hasbheenremoved,the costlist is emptyandmustbe recomputedn the basis
of the currentg.

i X Ne n; Ex

0 h 1 -1

1 h, i 1 0 K, |

2 h, j 1 0 m, n
3 [ 0 1 k, |

4 j 0 1 m, n
5 I 0 2 k,I,m, n

Table D-6: Cost list of gates h, i and g

Xp is added to the current block, since it has highest priority andntiacreasef.

Figure D- 6: Gate h has been added
Current P arameter s
« B={a,b,c,defgh}
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Example for the Covering Algorithm

Step 3

The cost list then results in

i X Ne n; Ex

0 [ 0 1 K, |

1 ] 0 1 m, n
2 I ] 0 2 k,l, m,n

Table D-7: Cost list after gate h has been removed from all entries

Theorderof Xy andX; hasbeenchoserarbitrarily sinceboth entrieshave equivalentprop-

erties.Now X is addedto B andwe obtainthe final block that cannotbe extendedary fur-
ther:

Figure D- 7: Final block
Final P arameter s
« B={a,b,cdefaqgh,i}
e Ig={.k I}
() fB = O
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