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Abstract

Many tasksin CAD, suc as equivalencecheing, property
cheding, logic synthesisandfalse pathsanalysisrequire efficient
Booleanreasoningfor problemsderived from circuit structues.
Traditionally, canonicalrepresentationse.g., BDDs,or SAI-based
seach methodsare usedto solvea particular classof problems.
In this paperwe presenta combinationof techniquesfor Boolean
reasoningbasedon BDDs, structurl transformationsanda SAT
procedue nativelyworkingona shaedgraphrepresentatiorof the
problem. The describedntertwinedintegration of the three tech-
niguesresultsin a robustsummatiorof their orthogonal strengths.
Our experimentslemonstate the effectivenessf theapproad.

1 Introduction

Marny tasksin computeraided designsuchas equivalenceor
propertycheckinglogic synthesisstatictiming analysisandauto-
matic test-patterrgenerationrequire Booleanreasoningon prob-
lems derived from circuit structures. There are two main ap-
proachesisedalternatvely for suchapplications First, by corvert-
ing the probleminto a functionally canonicafform suchasBDDs,
thesolutioncanbeobtainedrom theresultingstructure Seconda
SAT searchperformedon the original circuit representatioeither
encountersndividual solutionsor, if all caseshave beenenumer
ated,concludeghatno solutionexists. Both approachegenerally
suffer from exponentiaworst-caseompleity. However, they have
distinct strengthsand weaknessewhich make them applicableto
different classesof practicalproblems. A monolithic integration
of SAT andBDD-basedechniquesould combinetheirindividual
strengthsaandresultin arobustsolutionfor a wider rangeof appli-
cations.

Mary practicalproblemsderivedfrom the abore mentionedap-
plicationshave a high degreeof structuralredundang Thereare
threemain sourcedor this redundang: First, the primary netlist
derived from an RTL specificationcontainsredundanciegener
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atedby languageparsingand processing.For example,in indus-
trial designs,between30 and 50% of generatechetlist gatesare
redundan{l]. A secondsourceof structuralredundang is inher
entto theactualproblemformulation. For example,a Miter struc-
ture [2], built for equivalencechecking,is globally redundant.It
also containsmary local redundanciesn termsof identical sub-
structuresusedin both designsto be compared. A third source
of structuralredundang originatesfrom repeatednvocationsof
Booleanreasoningon similar problemsderived from overlapping
partsof the design.For example theindividual pathschecled dur-
ing false pathsanalysisare composedf sharedsub-pathsvhich
getrepeatedlyincludedin subsequenthecks.Similarly, a combi-
nationalequivalencecheckof large designsis decomposedhto a
seriesof individual checksof outputandnext statefunctionswhich
often sharea large part of their structure. An approachthat de-
tectsandreusesstructuralandlocal functionalredundancieduring
problemconstructiorcouldsignificantlyreducethe overheadof re-
peatedprocessingf identical structures.Further a tight integra-
tion with the actualreasoningrocessanincreasets performance
by providing amechanisnto efficiently handlelocal decisions.

In this paperwe presentan approachthat integrates BDD
sweeping3], local structuraltransformationsanda circuit-based
SAT proceduren oneframavork. All threetechniquesvork ona
sharedAND/INVERTER graphrepresentiomf theproblem.BDD
sweepingandSAT solver areappliedin anintertwinedmanneiboth
controlledby resourcdimits thatare increasediuring eachitera-
tion [4]. BDD sweepingncrementallysimplifiesthe graphstruc-
ture, which effectively reduceghe searchspaceof the SAT solver
until the problemcanbe solved. The setof local transformations
basedn functionalhashinggetsinvoked whenthe sweepingalgo-
rithm causes structuralchangepotentiallysolvingthe problemor
simplifying thegraphfor the SAT search.

2 PreviousWork

SAT searchhasbeenextensiely researcheth severalcommu-
nities. Mary of the publishedapproachesarebasedon the Davis-
Putnanprocedurd5] whichexecutesasystematicasesplitto per
form an exhaustve searchin the solution space. Over the years,
mary searchtactic improvementshave beenpublished,the most
noticeablémplementatioris GRASR aCNF-base®AT solver[6].
Graspusesan implication graphfor initiating non-chronological
backtracksduring the searchprocessand for learningadditional
CNF clausesto avoid symmetricalconflict casesin the future.
ClassicSAT solverssuchas GRASParedifficult to integratewith
BDD sweepingand dynamic circuit transformationshecauseof
the CNF representatiof the problem. In this paperwe present
an efficient implementationof a SAT procedureworking on an



AND/INVERTER graphallowing atight interactionwith sweeping
andlocalcircuit graphtransformationsWe describeamodifiedim-
plementationof the non-chronologicabacktrackingand conflict-
basedearningandpresentan efficient meango learnstaticimpli-
cationswhichreuseghehashtableof the AND/INVERTERgraph.

Trading off compactnes®f Booleanfunction representations
with canonicityfor efficient reasoningin CAD applicationshas
beenthe subjectof mary publications BDDs[7] represenbneex-
tremeof the spectrumwhich mapBooleanfunctionsontoa canon-
ical graphrepresentionDecidingwhetherafunctionis atautology
canbedonein constantime, atthepossibleexpenseof anexponen-
tial graphsize. XBDDs [8] proposeto divert from the strict func-
tional canonicityby addingfunction nodesto the graph. The node
functionis controlledby anattribute atthe referencingarcandcan
represenan AND or OR operation.Similarto BDDs,complemen-
tationis expressedy a secondarc attribute andstructuralhashing
identifiesisomorphicsubgraph®nthefly. The proposedautology
checkis similar to atechniquepresentedn [9] andis basedon re-
cursive inspectionof all cofactors.This schemeeffectively checks
the BDD branchingstructuresequentiallyresultingin exponential
runtimefor problemswhereBDDs areexcessvely large.

Another form of a non-canonicaffunction graph representa-
tion are BEDs [10]. BEDs usea circuit graphwith six possible
vertex operations.The innovative componenof BEDs is the ap-
plication of local functional hashing,which mapsary four-input
sub-structurento a canonicalrepresention.The proposedautol-
ogy checkis basedon converting the BED structureinto a BDD
by moving the variable from the bottomto the top of the struc-
ture. Similar to mary purecutpoint-basedanethodsthis approach
is highly sensitve to theorderingin which thevariablesarepushed
up. In our approach,we apply an extendedfunctional hashing
schemeto an AND/INVERTER graphrepresentation.Since our
graphpreseresthe AND clustering,the hashingcantake adwan-
tageof its commutatvity which makesit lesssensitve to the order
in which the structureis built. If the structuralmethodfails, we
apply BDD sweepingon the circuit graphfor checkingtautology
Dueto themultiple frontiers,it is significantlymorerobustthanthe
BED to BDD corversion.

Several publicationshave suggestedn integrationof SAT and
BDD techniquedor Booleanreasoning.In [11] a cutpoint-based
equivalencecheckingapproacthis presentedFirst, a partial output
BDD is built usingthe cutsetasauxiliary inputs. Thenthe onset
cubesof this BDD are enumeratedind a SAT searchis applied
for justifying thosecubesfrom the primaryinputs. This approach
becomesntractableif the BDD includesmary cubesin its onset.
Further the actualjustificationof individual cubesmay timeoutif
the cutsetis choserunwisely A modificationof this approach12]
suggestssearchingthroughall co-factorsof the BDD insteadof
enumeratingall cubes. Another proposalto combineBDD and
SAT is basedon partitioningthecircuit structureinto a setof com-
ponents[13]. As mostcutpoint-basednethods,this approachis
highly sensitve to the choserpartitioning.

A commonproblemwith the mentionedntegrationapproaches
is the insertionof BDD operationsnto the inner loop of a struc-
tural SAT search StructuralSAT is efficientif theunderlyingprob-
lem structurecanbe exploited for effective local searchheuristics.
BDDs work well if redundang of the problem structureeludes
an exponentialgrowth during construction.A spatialpartitioning
of the applicationspacefor BDDs and SAT blurs their individ-
ual global scopeand separateshe applicationof their orthogonal
strengthdo differentparts.

3 On-the-Fly Reduction of Circuit Graphs

In this sectionwe describethe basicAND/INVERTER graph
representationandthe setof local transformationghat allow an
efficient structuralreduction. The datastructurefor all threeal-
gorithmsis basedon a graphusing two-input AND verticesand
INVERTER attributeson the edges.Similar to BDDs a hashtable
is usedto remove structuralredundang during construction.Fur-

Al gorithm and( p1,p2) {
/* constant folding */
if (p1 == CONST.0) return CONST.0;
if (p2 == CONST.0) return CONST.(;
if (p1 == CONST.1)return po;
if (p2 == CONST.1) return pi;
if (p1 == p2) return pi;
if (p1 == p2) return CONST.0;
/* rank order inputs */
if (rank(pl) > rank(p2)) swap(pl,p2);
/* check for isonmorphic entry in hash table */
if (p = hashlookup(pl,p2)) return p;
/* 3 cases depending on position in circuit */
if (iswvar(pl) && isvar(p2))
return new.and_vertex( pl, p2);
else if (iswvar(pl))return and_3(pl,p2);
else if (iswvar(p2))return and_-3(p2,pl);
el se return and.-4( pl,p2);

}

Al gorithm and4(l,r) {
u left_child(?) ;
ir right_child( ) ;
rl left_child( r) ;
rr right_child( r) ;
index = get_canonical_case(l,7);
swi tch(indez) {
/* First set:

grandchildren are shared */

case 144: /* exanple of Figure 2 */
return —and(rl,rr);

/* Second set: grandchildren are not shared */
case 244: /* [ and r both non-inverted */

case 245: /* only [ inverted */
if (share(l,rl) || share(ll,rl) || share(ir,rl)) {
return and(and(!,rl), rr);

}
if (share(l,rr) || share(ll,rr) || share(ir,rr)) {
return and(and(i,rr), rl);

}
if (share(il,r) || share(ir,7)) {
return —and( —and( —il,r), ~and( —lr,7));

br eak;
case 246: /* only r inverted */

/* no reduction or rewiting */
return new.and_vertex(l,r);

}

Al gori t hm new_and._vertex( p1, p2) {
p = alloc_vertex( p1, p2) ;
add_to_hash_table( p, p1, p2) ;
/* learn inplication shortcuts for SAT */
if ((b1 = hashlookup(—pl, p2)) != NULL) learn(p, b1);
if ((b2 = hash_lookup(pl, =p2)) != NULL) learn(p, b2);
/* reschedul e for BDD sweepi ng */
put_on_heap( bdd_from_vertex( p1) , upper_size_limit) ;
put_on_heap( bdd_from_vertex( p2) , upper_size_limit) ;
return p;

Figure 1: Algorithm for circuit graphconstructionincluding on-
the-fly reduction.
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Figure 2: Exampleof local reductionusing algorithm and_4 of
Figurel: (a) reductionof f = (a V b) A ab usingcasel44, (b)
reductionof g = (a V b) A abc usingcase245 andthenrecursvely
casel44.

ther, we apply a two-level lookup schemethat convertsary local
four-input sub-structurénto a canonicarepresentatiorgffectively
removing local redundang Note that dueto its finer granularity
this approachis strictly more powerful thana hashingschemeus-
ing four-input vertices[1]. If the local two-level lookup doesnot
apply we usesimple rewriting rulesto further reducethe circuit
graph.

The algorithmand in Figure 1 shavs the pseudo-codéor the
basicAND operation.The = symboldenotesomplementatiomf
theinverteredgeattribute. Similar to typical BDD datastructures,
thisattributeis implementedy a singlebit of thereferencepointer

Thefirst part performsconstanfolding anda tablelookup for
isomorphicpre-«isting vertices. Thena two-level lookup scheme
corvertsthelocal function of thefour grandchildrerinto a canoni-
calrepresentatiorDuring circuit constructiorfrom the primaryin-
puts,thefirst level of verticesdoesnot have four grandchildrerand
thereforemustbe treatedspecially If bothimmediatechildrenare
primary inputs, the algorithm calls the function new_and_vertex,
which is also shawvn in Figure 1. It allocatesthe datastructure,
performsstatic learningfor the SAT search(seeSection4), and
reinitializesBDD sweepingfor processingnew fanouts(seeSec-
tion 5). If only oneof the childrenis a primary input, a canonical
three-inputsubstructurés createdusingthe functionand_3, in all
othercasegheroutineand_4 is called. The function of thesetwo
routinesis very similar, thuswe will limit our descriptiongo the
routineand_4, whichis givenin Figurel. Thefunctionand_3 sim-
ply implementsa subsebf the presentedases.

Thealgorithmand_4 first analyzeghelocal structureandcom-
putesa signaturewhich uniquelyreflects(1) the equalityrelation-
ship of the four grandchildrerand(2) the inverterattributesof the
six edges Thesignaturds thencateyorizedinto two setsof cases:

e Thefirst setincludesthe local structureswith sharedgrand-
children. Here all substructuresvith identical or comple-
mentedBooleanfunctionsget mappedto anisomorphicim-
plementation,effectively remaving local redundang The
pseudo-codén Figure 1 provides an examplefor casel44
illustratingthis transformatiorfor thefunctionzy v zg. Fig-
ure2ashaws a particularinstanceof sucha structure.ln gen-
eral, this mechanismis calledrecursvely which oftenresults
in a significantglobal reductionof the graph. More detailsof
this methodcanbefoundin [1].

e Thesecondsetof casegdo not shareary grandchildren.The
signatureglistinguishbetweerthe four casef differentpo-
larity combination®f thechildren. For eachcasejf ary shar
ing is found betweengrandchildrenor great-grandchildren,
specificrewriting rulesareapplied. Case245 in Figurel il-
lustrateghatschemdor invertedleft children. The algorithm
share determinesf ary of theimmediatepredecessorsf the
amgumentsare shared.For example,if ary of the childrenof
r sharea predecessaoof [, the AND expressionis rearranged
suchthat a two-level hashingcaseof the first setcanbe ap-
plied. Figure 2b shawvs a rewriting examplethat first rear
rangedhestructureandthenappliedthe previousexamplefor
simplification. Note thatrecursve rewriting potentiallyloops
unlessspecialprecautioris taken.

4 SAT Solver

The SAT solver implementsa basic Davis-Putnamprocedure
onthepresentedAND/INVERTER graph. It attemptgo find a set
of consistentassignmentshat resultin a logical 0 at the output.
Tautologyis provenif an exhaustve enumeratiordoesnot result
in suchan assignment. Figure 3 provides the basicflow of the
algorithm.

Al gorit hm sat_justify( vertez, value, limit) {
if (!imply(vertex,value) return UNSAT;
return justify(limit) ;

Al gori t hm justify(limit) {
if (backtracks > limit) return UNDECIDED;
mark = tail_pointer( assignment_list);
if (v = next.vertex_from_queue( justification_queue)) {
if (imply(v->left, 0) {
if (res = justify(limit) !'= UNSAT) return res;

undo_assignments( mark) ;
if (imply(v->right, 0) {
if (res = justify(limit) !'= UNSAT) return res;

undo_assignments( mark) ;

return SAT; /* queue is enpty */
}

Al gorithm imply(vertez, value) {
assign( vertex, value) ;
lvalue = get_value( vertex- >left);
rvalue = get_value( vertez- >right) ;
nezt_state= lookup( value, lvalue, rvalue) ;
switch (nezt_state) {
case CONFLICT:
return 0;
case CASE_SPLIT:
add_vertex_to_queue( vertez, justification_queue) ;
return 1;

case PROP_LEFT_AND_RIGHT:
i f (imply(vertex- >left, next_state- >lvalue &&
imply( vertez- >right, next_state- >rvalue) {
return 1;
return O;

return 1;

}

Figure3: GeneraDavis-PutnanbasedSAT procedure.

A circuit-basedimplementationof the Davis Putnamalgo-
rithm cantake specificadvantageof the underlyingproblemstruc-
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ture which allows a smoothintegrationinto the presentedverall

schemeFor example thefactthatonly onevertex functionis used
allows an efficient propagationof logic implicationsusing a fast
tablelookupschemeThealgorithmimply iteratesover the circuit

graphanddeterminesteachvertex new implied valuesandthedi-

rectionsfor further processingFigure4 givesanexcerptfrom the

implication lookuptable. For Booleanlogic only onecase,alog-

ical 0 atthe outputof an AND vertex, requiresa new casesplit to

be scheduledn the justification_queue. All othercasescause
a conflict, in which casethe algorithm returnsfor backtracking,
furtherimplications,or a returnto procesghe next elementfrom

the justi fication_queue. Thelookuptableis programmabléor

differentlogics. For example,it canbeappliedto implementa par

allel, one-level recursve learningschemausing nine-valuedlogic.

Dueto its uniformity andlow overheadthe presentedmplication

algorithmis highly efficient. As anindication,on a 400MHz Pen-
tium classmachineit canexecuteseveral hundredthousandack-
trackspersecondFroma performanceoint of view, ary gainthat
is potentially achiered by using additionalanalysishasto offset
the resultingslowdown of the imply function. In [14] a similar

reasonings givenfor anefficient ATPGalgorithms.

An effective mechanismto exploit the structure of the
AND/INVERTER graphis illustratedin Figure5. Usingthe hash
table, a pair of vertices,which implementp;p2 andpipz canbe
detectedby two constantime lookups. This configurationoccurs
quiteoftenin practicaldesignsfor example,in multiplexer circuits
to exchangedata streamsbetweentwo sourcesand two destina-
tions. By addingtwo additionalverticesto the graph,an impli-
cation shortcutcan utilize the existing imply function. If alog-
ical 0 is scheduledor both outputvertices,the implication pro-
cedurecanimmediatelyjustify the entire structureandbypassthe

two casesplits. This learningstructureis createdstatically and
integratedinto the circuit constructionprocessas shawvn in algo-
rithm new_and_vertex in Figure 1. Note thatthe learnedvertices
arebuilt usingtheregularand routinewhich may causeadditional
circuit restructuringor learningevents.

AdvancedSAT solversuseconflict analysisto skip the evalua-
tion of assignmenta/hicharesymmetricto previously encountered
conflicts[6]. Two mechanismare usedfor this purpose: First,
non-chronologicabacktrackingskipsthe evaluationof casealter
nativesif the correspondingsplitting variablewasnot involved in
ary lower-level conflict. Secondconflict-basedearningcreatesan
additionalstructurewhich reflectsthe assignmenthathave caused
aparticularconflict. Thisredundanstructurecausesdditionalim-
plicationswhich detectsymmetricconflictsearlier

Conflict analysisrequirestracking the logical impact of case
split assignment®n the conflict points. Previously, this wasim-
plementedy animplicationgraphfor whichthenodescorrespond
to variablesandedgeseflectsingleimplication steps.In the given
setting,the conflictgraphmanipulatiorduring eachstepof theim-
ply routinewould severelyimpactits performanceTo reducethis
penalty we apply a mechanisnthatdirectly collectsthe responsi-
ble caseassignmentasa sidefunctionof theimplication process.
This mechanisnusesaconflictbit-vectorwhereeachbit represents
a caseassignmenin the decisiontree. The tablelookupin func-
tionimply is expandedo alsodeterminghecontrollingsourcesor
the propagatiorof the conflict bit-vectors. The actualpropagation
is doneby bitwise OR operationsalongtheimplication sequence.
This schemereduceghe speedof the implication processy typ-
ically lessthan50%, a penaltythatis easily offsetby the average
gain.

Theresultingconflict bit-vectorsareusedto directly controlthe
backtrackingmechanism.If all choicesof a decisionlevel result
in a conflict, the backtracklevel is determinedby the lowestlevel
thatwasinvolvedin a conflict. Thisis implementecefficiently by
bit-vectoroperations.The combinedconflict bit-vectorreflectsall
responsibleassignmentdor that part of the decisiontree and is
passedipwardto the next backtrackindevel.

Further the conflict bit-vectoris examinedfor compactstruc-
turesto learn.Similarto thelearnedstructureof Figureb, its setting
is directly mappedinto a circuit graphrepresentinghat conflict.
To avoid excessvely large learnedstructureswe apply a variable
limitation similar to [6]. However, insteadof just restrictingthe
maximumnumberof conflict variables we alsotake their assign-
mentinto account effectively estimatingthe sizeof the eliminated
decisionsubtrees.

Thetight integration of the SAT solwver into the overall frame-
work requiresan execution control by providing resourcelimits
suchas the numberof backtracks. This supportsan interleaved
applicationof the SAT searchwith BDD sweeping. Further by
preservingthe decisionstackbetweensubsequeninvocations the
SAT algorithm can continueits searchfrom the point it stopped
beforewithout repeatingprevious cases.

5 BDD Sweeping

For completenessye briefly presenthe BDD sweepingalgo-
rithm. Figure 6 givesthe generalprocedure;a numberof details
suchasthe BDD variable invocation, multi-layer BDD process-
ing, and false-ngative processingare omitted and can be found
in [3]. Thetaskof BDD sweepingis to efficiently find vertices



thatarefunctionallyidenticalor complementedif a pair of equiv-

alentverticesis found, the algorithmmer ge_vertices meigesthem
andrehuilds their fanoutstructureforward until no changeoccurs.
Thisrekuilding is basedntheand functionpresentedn Section3

including the local restructuringscheme. The memging stepmay
combinechildrenor grandchildrerof formerly unrelatedvertices,
which potentiallyresultsin a significantforward simplification of

thecircuit graphstructure.This schemas particularlyeffective for

equivalencecheckingto “crush” the Miter circuit until equivalence
is proven.

To enablere-invocation of BDD sweepingthe original algo-
rithm is modified. Insteadof deletingthe BDDs which exceedthe
sizelimit, they are*hidden” in theheap.Whenthe sweepingalgo-
rithm is thenreirvokedwith a highersizelimit, theseBDDs “reap-
pear”for further processing An overall bdd_upper _size_limit is
usedto remove andfree excessvely largeBDDs.

Al gor it hm bdd_sweep( heap, v, bddlower_size_limit) {
/* check if there are any BDDs on heap with
si ze(bdd) < bddlower_sizelimit */
whi | e (!is.heap_empty( heap, bddlower_size limit)) do {
bdd = get_smallest_bdd( heap) ;
v = get_vertex_from_bdd( bdd) ;
/* check if previously encountered */
if (get_bdd_from_vertex(wv)) conti nue;
store_bdd_at_vertex( v, bdd) ;
for all fanout.vertices v,y Of v do {
bddie;: = get_bdd_from_vertex( get_left_child( vout))
bddrignt= get_bdd_from_vertex( get_right_child( vout) ) ;

bdd,.s = bdd_and(bddicys,bddright);
Vpes = get_vertex_from_bdd( bddys) ;
if (v'r-es) {

merge.vertices( vres, Vout) ;
/* return if problem solved */
if (v == CONST.1) return UNSAT;
if (v == CONST.0) return SAT;

} else {
store_vertex_at_-bdd( bddres, Vout) ;

put_on_heap( heap, bddres, bdd_upper_size_limit) ;

}
return UNDECIDED;

}

Figure6: BDD sweepingalgorithm.

6 Overall Algorithm

The overall algorithm combining structural transformations,
BDD sweepingand SAT is outlinedin Figure7. It first checksif
the structuralhashingalgorithmdid solve the problem.Next BDD
sweepingandthe SAT solver areinvoked in anintertwinedman-
ner[4]. During eachiteration,thesizelimit for BDD sweepingand
thebacktrackimit for the SAT solverareincreasedNotethatin the
givensetting thesealgorithmsdo notjustindependenthattemptto
solve the problem. EachBDD sweepingiteration incrementally
compressethestructurefrom theinputstowardthe outputswhich
effectively reduceghe searctspacefor the SAT solver. Thisinter
leavedschemalynamicallydetermineshe minimumeffort needed
by the sweepingalgorithmto malke the SAT searchsuccessful.

7 Experiments

In orderto evaluatethe effectivenesf the presente@pproach
we performedanumberof extensie experimentsising488circuits

Al gorithm check SAT(v) {
if (v == CONST.0) return SAT;
if (v == CONST.1) return UNSAT;

while (!is.heap_empty( heap,co)) do {
res = bdd_sweep( heap, v, bddlower_size_limit,) ;
if (res !'= UNDECIDED) return res;
res = satjustify( v, 0, sat-backtrack-limit) ;
if (res != UNDECIDED) return res ;

bdd_lower_size_limit += delta_bdd limit;
sat_backtrack-limit += delta_sat-limit,

return satjustify( v, 0, maz_sat_backtrack_limit) ;

Figure 7: Overall algorithmintegrating BDD sweepingand SAT
search.

randomlyselectedrom a numberof microprocessordesignsThe
circuits rangein sizefrom a few 100 to 100K gateswith a size
distribution givenin Figure8. The numberof outputsandinputs
per circuit rangefrom a few 100 to more than 10,000. The ex-
perimentswereperformedon a RS/6000model270with a 64-bit,
two-way Paver3 processorunningat 375 MHz and 8 GBytesof
mainmemory

In the first experiment,we evaluatedthe effectivenessof the
AND/INVERTER graph structure and the multi-level hashing
scheme. For this we constructedthe circuit graph for the de-
sign specificationand comparedhe resultsof the simple hashing
methodwith thesizegeneratedy thenewv multi-inputmethodpre-
sentedn Section3. Thehistogramfor the sizereductionof thecir-
cuit graphsis plottedin Figure9. As shawvn, on averagethe given
sampleof circuit representationsanbe reducedby 50%, the run-
time overheadfor all runswasnegligible. In afew casesthesize
actuallygrows, however, thisincreases easilyoffsetby sazingsin
other partsof the circuit. The resultssuggestghat the presented
on-the-fly circuit compressioimethodcould be usefulfor general
applicationghatprocessetlists.

In the secondexperiment we evaluatedthe effectiveneswof the
combinatiorof BDD sweepingstructuratransformationandSAT
in thecontext of equivalencechecking.For thegivensetof designs
we ranafull equivalencecheckusingthe presentedpproachand
comparedt with the original BDD sweepingalgorithmpresented
in [3]. Theresultsaregivenin Figure10. As shavn, the majority
of circuits could be comparedusingsignificantlylesstime, some-
timesby two ordersof magnitudefaster The memoryconsump-
tion remainedaboutthe same.The performancdor a particularly
comple circuit is marked in both diagrams.This designcontains
55,096gates302primaryinputs,2,876outputs,and2,200latches.
Theverificationrun included5,076comparison&nd231,232con-
sisteng checksandcould be accomplishedn 246 secondsrersus
8.3 hoursusing82 MBytesversus357 MBytesfor thenew andold
method respectrely.

8 Conclusions

In this paperwe presenteda combinationof techniquesfor
Booleanreasoningusing BDD sweeping,structuraltransforma-
tions, anda SAT solver in a tight integration. All threemethods
work on a sharedAND/INVERTER graphrepresentatiorof the
problemand are invoked in an intertwinedmanner This unique
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integrationresultsin a robustsummatiorof their natively orthogo-
nal strength.Thedescribedapproachexpandson previouswork by
presentingnew details,in particularin the areaof structuraltrans-
formations,theimplementatiorof the SAT solver, andthe overall
integrationof the componentsThe evaluationof the approactus-
ing an extensie setof industrialproblemsdemonstratedts effec-
tivenesdor awide rangeof applications.
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