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Abstract

Many tasksin CAD, such as equivalencechecking, property
checking, logic synthesis,andfalsepathsanalysisrequire efficient
Booleanreasoningfor problemsderived from circuit structures.
Traditionally, canonicalrepresentations,e.g., BDDs,or SAT-based
search methodsare usedto solvea particular classof problems.
In this paperwepresenta combinationof techniquesfor Boolean
reasoningbasedon BDDs,structural transformations,anda SAT
procedurenativelyworkingona sharedgraphrepresentationof the
problem. Thedescribedintertwinedintegration of the threetech-
niquesresultsin a robustsummationof their orthogonalstrengths.
Our experimentsdemonstratetheeffectivenessof theapproach.

1 Introduction

Many tasksin computer-aideddesignsuchas equivalenceor
propertychecking,logic synthesis,statictiming analysis,andauto-
matic test-patterngenerationrequireBooleanreasoningon prob-
lems derived from circuit structures. There are two main ap-
proachesusedalternatively for suchapplications.First,by convert-
ing theprobleminto a functionallycanonicalform suchasBDDs,
thesolutioncanbeobtainedfrom theresultingstructure.Second,a
SAT searchperformedon theoriginal circuit representationeither
encountersindividual solutionsor, if all caseshave beenenumer-
ated,concludesthatno solutionexists. Both approachesgenerally
suffer from exponentialworst-casecomplexity. However, they have
distinct strengthsandweaknesseswhich make themapplicableto
different classesof practicalproblems. A monolithic integration
of SAT andBDD-basedtechniquescouldcombinetheir individual
strengthsandresultin a robustsolutionfor a wider rangeof appli-
cations.

Many practicalproblemsderivedfrom theabove mentionedap-
plicationshave a high degreeof structuralredundancy. Thereare
threemain sourcesfor this redundancy: First, the primary netlist
derived from an RTL specificationcontainsredundanciesgener-
�
This work wasmostlydonewhile authorwaswith IBM.

Permissionto make digital or hardcopiesof all or part of this work for
personalor classroomuseis grantedwithout fee provided that copiesare
not madeor distributedfor profit or commercialadvantageandthatcopies
bearthisnoticeandthefull citationon thefirst page.To copy otherwise,to
republish,to postonserversor to redistributeto lists,requiresprior specific
permissionand/ora fee.
DAC 2001,June18-22,2001,LasVegas,Nevada,USA.
Copyright 2001ACM 1-58113-297-2/01/0006...$5.00.

atedby languageparsingandprocessing.For example,in indus-
trial designs,between30 and 50% of generatednetlist gatesare
redundant[1]. A secondsourceof structuralredundancy is inher-
ent to theactualproblemformulation.For example,a Miter struc-
ture [2], built for equivalencechecking,is globally redundant.It
also containsmany local redundanciesin termsof identical sub-
structuresusedin both designsto be compared. A third source
of structuralredundancy originatesfrom repeatedinvocationsof
Booleanreasoningon similar problemsderived from overlapping
partsof thedesign.For example,theindividual pathscheckeddur-
ing falsepathsanalysisarecomposedof sharedsub-pathswhich
get repeatedlyincludedin subsequentchecks.Similarly, a combi-
nationalequivalencecheckof large designsis decomposedinto a
seriesof individualchecksof outputandnext statefunctionswhich
often sharea large part of their structure. An approachthat de-
tectsandreusesstructuralandlocal functionalredundanciesduring
problemconstructioncouldsignificantlyreducetheoverheadof re-
peatedprocessingof identicalstructures.Further, a tight integra-
tion with theactualreasoningprocesscanincreaseits performance
by providing amechanismto efficiently handlelocaldecisions.

In this paper we presentan approachthat integratesBDD
sweeping[3], local structuraltransformations,anda circuit-based
SAT procedurein oneframework. All threetechniqueswork on a
sharedAND/INVERTERgraphrepresentionof theproblem.BDD
sweepingandSAT solverareappliedin anintertwinedmannerboth
controlledby resourcelimits that are increasedduring eachitera-
tion [4]. BDD sweepingincrementallysimplifiesthegraphstruc-
ture,which effectively reducesthesearchspaceof theSAT solver
until the problemcanbe solved. The setof local transformations
basedon functionalhashinggetsinvokedwhenthesweepingalgo-
rithm causesastructuralchange,potentiallysolvingtheproblemor
simplifying thegraphfor theSAT search.

2 Previous Work

SAT searchhasbeenextensively researchedin severalcommu-
nities. Many of thepublishedapproachesarebasedon theDavis-
Putnamprocedure[5] whichexecutesasystematiccasesplit to per-
form an exhaustive searchin the solutionspace.Over the years,
many searchtactic improvementshave beenpublished,the most
noticeableimplementationis GRASP, aCNF-basedSAT solver[6].
GRASPusesanimplicationgraphfor initiating non-chronological
backtracksduring the searchprocessand for learningadditional
CNF clausesto avoid symmetricalconflict casesin the future.
ClassicSAT solverssuchasGRASParedifficult to integratewith
BDD sweepingand dynamic circuit transformationsbecauseof
the CNF representationof the problem. In this paperwe present
an efficient implementationof a SAT procedureworking on an



AND/INVERTERgraphallowing atight interactionwith sweeping
andlocalcircuit graphtransformations.Wedescribeamodifiedim-
plementationof the non-chronologicalbacktrackingandconflict-
basedlearningandpresentanefficient meansto learnstaticimpli-
cationswhichreusesthehashtableof theAND/INVERTERgraph.

Trading off compactnessof Booleanfunction representations
with canonicity for efficient reasoningin CAD applicationshas
beenthesubjectof many publications.BDDs [7] representoneex-
tremeof thespectrumwhichmapBooleanfunctionsontoa canon-
ical graphrepresention.Decidingwhetherafunctionis a tautology
canbedonein constanttime,atthepossibleexpenseof anexponen-
tial graphsize. XBDDs [8] proposeto divert from thestrict func-
tional canonicityby addingfunctionnodesto thegraph.Thenode
functionis controlledby anattributeat thereferencingarcandcan
representanAND or ORoperation.Similar to BDDs,complemen-
tation is expressedby a secondarcattributeandstructuralhashing
identifiesisomorphicsubgraphson thefly. Theproposedtautology
checkis similar to a techniquepresentedin [9] andis basedon re-
cursive inspectionof all cofactors.This schemeeffectively checks
theBDD branchingstructuresequentially, resultingin exponential
runtimefor problemswhereBDDs areexcessively large.

Another form of a non-canonicalfunction graph representa-
tion are BEDs [10]. BEDs usea circuit graphwith six possible
vertex operations.The innovative componentof BEDs is the ap-
plication of local functional hashing,which mapsany four-input
sub-structureonto a canonicalrepresention.The proposedtautol-
ogy checkis basedon converting the BED structureinto a BDD
by moving the variablesfrom the bottomto the top of the struc-
ture. Similar to many purecutpoint-basedmethods,this approach
is highly sensitive to theorderingin which thevariablesarepushed
up. In our approach,we apply an extendedfunctional hashing
schemeto an AND/INVERTER graphrepresentation.Sinceour
graphpreserves the AND clustering,the hashingcantake advan-
tageof its commutativity whichmakesit lesssensitive to theorder
in which the structureis built. If the structuralmethodfails, we
applyBDD sweepingon thecircuit graphfor checkingtautology.
Dueto themultiplefrontiers,it is significantlymorerobustthanthe
BED to BDD conversion.

Severalpublicationshave suggestedan integrationof SAT and
BDD techniquesfor Booleanreasoning.In [11] a cutpoint-based
equivalencecheckingapproachis presented.First, a partialoutput
BDD is built usingthe cutsetasauxiliary inputs. Thenthe onset
cubesof this BDD are enumeratedand a SAT searchis applied
for justifying thosecubesfrom theprimary inputs. This approach
becomesintractableif the BDD includesmany cubesin its onset.
Further, theactualjustificationof individual cubesmay timeoutif
thecutsetis chosenunwisely. A modificationof thisapproach[12]
suggestssearchingthroughall co-factorsof the BDD insteadof
enumeratingall cubes. Another proposalto combineBDD and
SAT is basedon partitioningthecircuit structureinto a setof com-
ponents[13]. As most cutpoint-basedmethods,this approachis
highly sensitive to thechosenpartitioning.

A commonproblemwith thementionedintegrationapproaches
is the insertionof BDD operationsinto the inner loop of a struc-
turalSAT search.StructuralSAT is efficient if theunderlyingprob-
lem structurecanbeexploitedfor effective local searchheuristics.
BDDs work well if redundancy of the problemstructureeludes
an exponentialgrowth during construction.A spatialpartitioning
of the applicationspacefor BDDs and SAT blurs their individ-
ual global scopeandseparatesthe applicationof their orthogonal
strengthsto differentparts.

3 On-the-Fly Reduction of Circuit Graphs

In this sectionwe describethe basicAND/INVERTER graph
representationsandthe setof local transformationsthat allow an
efficient structuralreduction. The datastructurefor all threeal-
gorithmsis basedon a graphusing two-input AND verticesand
INVERTER attributeson theedges.Similar to BDDs a hashtable
is usedto remove structuralredundancy duringconstruction.Fur-

Algorithm and(p1 � p2)
�

/* constant folding */
if (p1 == CONST 0)return CONST 0;
if (p2 == CONST 0)return CONST 0;
if (p1 == CONST 1)return p2;
if (p2 == CONST 1)return p1;
if (p1 == p2) return p1;
if (p1 == p2) return CONST 0;
/* rank order inputs */
if (rank(p1) > rank(p2)) swap(p1 � p2);
/* check for isomorphic entry in hash table */
if (p = hash lookup(p1 � p2)) return p;
/* 3 cases depending on position in circuit */
if (is var(p1) && is var(p2))

return new and vertex(p1 � p2);
else if (is var(p1))return and 3(p1 � p2);
else if (is var(p2))return and 3(p2 � p1);
else return and 4(p1 � p2);�

Algorithm and 4(l � r) �
l l = left child(l);
l r = right child(l);
rl = left child(r);
rr = right child(r);
index = get canonical case(l � r);
switch(index)

�
/* First set: grandchildren are shared */�����
case 144: /* example of Figure 2 */
return and(rl � rr);�����

/* Second set: grandchildren are not shared */
case 244: /* l and r both non-inverted */�����
case 245: /* only l inverted */
if (share(l � rl) || share(l l � rl) || share(l r � rl)) �
return and(and(l � rl),rr);�

if (share(l � rr) || share(l l � rr) || share(l r � rr)) �
return and(and(l � rr),rl);�

if (share(l l � r) || share(l r � r)) �
return � and( � and( � l l � r), � and( � l r � r));�

break;
case 246: /* only r inverted */������

/* no reduction or rewriting */
return new and vertex(l � r);�

Algorithm new and vertex(p1 � p2)
�

p = alloc vertex(p1 � p2);
add to hash table(p � p1 � p2);
/* learn implication shortcuts for SAT */
if ((b1 = hash lookup( � p1,p2)) != NULL) learn(p,b1);
if ((b2 = hash lookup(p1, � p2)) != NULL) learn(p,b2);
/* reschedule for BDD sweeping */

put on heap(bdd from vertex(p1),upper sizel imit);
put on heap(bdd from vertex(p2),upper sizel imit);
return p;�

Figure1: Algorithm for circuit graphconstructionincluding on-
the-fly reduction.
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Figure2: Exampleof localreductionusingalgorithmand 4 of Fig-
ure1: (a)reductionof f 	�
 a � b�� abusingcase144,(b) reduction
of g 	�
 a � b�� abcusingcase245andthenrecursively case144.

ther, we apply a two-level lookup schemethat convertsany local
four-inputsub-structureinto a canonicalrepresentation,effectively
removing local redundancy. Note that dueto its finer granularity
this approachis strictly morepowerful thana hashingschemeus-
ing four-input vertices[1]. If the local two-level lookup doesnot
apply, we usesimple rewriting rules to further reducethe circuit
graph.

The algorithmand in Figure1 shows the pseudo-codefor the
basicAND operation.The � symboldenotescomplementationof
the inverteredgeattribute. Similar to typical BDD datastructures,
thisattributeis implementedby asinglebit of thereferencepointer.

Thefirst part performsconstantfolding anda tablelookup for
isomorphicpre-existing vertices.Thena two-level lookupscheme
convertsthelocal functionof thefour grandchildreninto a canoni-
cal representation.Duringcircuit constructionfrom theprimaryin-
puts,thefirst level of verticesdoesnothavefour grandchildrenand
thereforemustbetreatedspecially. If bothimmediatechildrenare
primary inputs,the algorithmcalls the function new and vertex,
which is also shown in Figure 1. It allocatesthe datastructure,
performsstatic learningfor the SAT search(seeSection4), and
reinitializesBDD sweepingfor processingnew fanouts(seeSec-
tion 5). If only oneof thechildrenis a primary input, a canonical
three-inputsubstructureis createdusingthe functionand 3, in all
othercasestheroutineand 4 is called. The functionof thesetwo
routinesis very similar, thuswe will limit our descriptionsto the
routineand 4, which is givenin Figure1. Thefunctionand 3 sim-
ply implementsa subsetof thepresentedcases.

Thealgorithmand 4 first analyzesthelocal structureandcom-
putesa signaturewhich uniquelyreflects(1) theequalityrelation-
shipof thefour grandchildrenand(2) the inverterattributesof the
six edges.Thesignatureis thencategorizedinto two setsof cases:
� The first set includesthe local structureswith sharedgrand-

children. Here all substructureswith identical or comple-
mentedBooleanfunctionsget mappedto an isomorphicim-
plementation,effectively removing local redundancy. The
pseudo-codein Figure 1 provides an examplefor case144
illustratingthis transformationfor thefunction 
 x � y xy. Fig-
ure2ashows a particularinstanceof sucha structure.In gen-
eral, this mechanismis calledrecursively which oftenresults
in a significantglobalreductionof thegraph.More detailsof
this methodcanbefoundin [1].

� Thesecondsetof casesdo not shareany grandchildren.The

signaturesdistinguishbetweenthefour casesof differentpo-
larity combinationsof thechildren.For eachcase,if any shar-
ing is found betweengrandchildrenor great-grandchildren,
specificrewriting rulesareapplied. Case245 in Figure1 il-
lustratesthatschemefor invertedleft children.Thealgorithm
share determinesif any of theimmediatepredecessorsof the
argumentsareshared.For example,if any of thechildrenof
r sharea predecessorof l , theAND expressionis rearranged
suchthat a two-level hashingcaseof the first setcanbe ap-
plied. Figure 2b shows a rewriting example that first rear-
rangedthestructureandthenappliedthepreviousexamplefor
simplification.Notethatrecursive rewriting potentiallyloops
unlessspecialprecautionis taken.

4 SAT Solver

The SAT solver implementsa basicDavis-Putnamprocedure
on thepresentedAND/INVERTER graph.It attemptsto find a set
of consistentassignmentsthat result in a logical 0 at the output.
Tautologyis proven if an exhaustive enumerationdoesnot result
in suchan assignment.Figure 3 provides the basicflow of the
algorithm.

Algorithm sat justify(vertex � value� l imit)
�

if (!imply(vertex � value) return UNSAT;
return justify(l imit);�

Algorithm justify(l imit)
�

if (backtracks > l imit) return UNDECIDED;
mark = tail pointer(assignment l ist);
if (v = next vertex from queue( justi f ication queue))

�
if (imply(v->lef t, 0)

�
if (res = justify(l imit) != UNSAT) return res;�

undo assignments(mark);
if (imply(v->right, 0)

�
if (res = justify(l imit) != UNSAT) return res;�

undo assignments(mark);�
return SAT; /* queue is empty */�

Algorithm imply(vertex � value)
�

assign(vertex � value);
lvalue = get value(vertex->lef t);
rvalue = get value(vertex->right);
next state = lookup(value� lvalue� rvalue);
switch (next state)

�
case CONFLICT:
return 0;

case CASE SPLIT:
add vertex to queue(vertex � justi f ication queue);
return 1;�����

case PROP LEFT AND RIGHT:
if(imply(vertex->lef t � next state->lvalue &&

imply(vertex->right � next state->rvalue)
�

return 1;�
return 0;������

return 1;�

Figure3: GeneralDavis-PutnambasedSAT procedure.

A circuit-basedimplementationof the Davis Putnam algo-
rithm cantake specificadvantageof theunderlyingproblemstruc-
ture which allows a smoothintegrationinto the presentedoverall
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scheme.For example,thefactthatonly onevertex functionis used
allows an efficient propagationof logic implicationsusinga fast
tablelookupscheme.Thealgorithmimply iteratesover thecircuit
graphanddeterminesat eachvertex new implied valuesand the
directionsfor further processing.Figure4 givesan excerpt from
the implication lookup table. For Booleanlogic only onecase,a
logical 0 at theoutputof anAND vertex, requiresa new casesplit
to bescheduledin the justi f ication queue. All othercasescausea
conflict, in which casethealgorithmreturnsfor backtracking,fur-
ther implications,or a returnto processthenext elementfrom the
justi f ication queue. Thelookuptableis programmablefor differ-
ent logics. For example,it canbeappliedto implementa parallel,
one-level recursive learningschemeusingnine-valuedlogic. Due
to its uniformity andlow overhead,thepresentedimplicationalgo-
rithm is highly efficient. As an indication,on a 400MHzPentium
classmachineit canexecuteseveral hundredthousandbacktracks
per second. From a performancepoint of view, any gain that is
potentiallyachieved by usingadditionalanalysishasto offset the
resultingslowdown of the imply function. In [14] a similar rea-
soningis givenfor anefficientATPGalgorithms.

An effective mechanism to exploit the structure of the
AND/INVERTER graphis illustratedin Figure5. Using thehash
table,a pair of vertices,which implementp1p2 and p1p2 canbe
detectedby two constanttime lookups. This configurationoccurs
quiteoftenin practicaldesigns,for example,in multiplexercircuits
to exchangedatastreamsbetweentwo sourcesand two destina-
tions. By addingtwo additionalverticesto the graph,an impli-
cation shortcutcan utilize the existing imply function. If a log-
ical 0 is scheduledfor both output vertices,the implication pro-
cedurecanimmediatelyjustify theentirestructureandbypassthe
two casesplits. This learningstructureis createdstatically and

integratedinto the circuit constructionprocessasshown in algo-
rithm new and vertex in Figure1. Note that the learnedvertices
arebuilt usingtheregularand routinewhich maycauseadditional
circuit restructuringor learningevents.

AdvancedSAT solversuseconflict analysisto skip theevalua-
tion of assignmentswhicharesymmetricto previouslyencountered
conflicts [6]. Two mechanismsare usedfor this purpose:First,
non-chronologicalbacktrackingskipstheevaluationof casealter-
nativesif the correspondingsplitting variablewasnot involved in
any lower-level conflict. Second,conflict-basedlearningcreatesan
additionalstructurewhich reflectstheassignmentthathave caused
aparticularconflict. This redundantstructurecausesadditionalim-
plicationswhich detectsymmetricconflictsearlier.

Conflict analysisrequirestracking the logical impact of case
split assignmentson the conflict points. Previously, this was im-
plementedby animplicationgraphfor which thenodescorrespond
to variablesandedgesreflectsingleimplicationsteps.In thegiven
setting,theconflictgraphmanipulationduringeachstepof theim-
ply routinewould severely impactits performance.To reducethis
penalty, we applya mechanismthatdirectly collectsthe responsi-
ble caseassignmentsasa sidefunctionof the implicationprocess.
Thismechanismusesaconflictbit-vectorwhereeachbit represents
a caseassignmentin the decisiontree. The tablelookup in func-
tion imply is expandedto alsodeterminethecontrollingsourcesfor
thepropagationof theconflict bit-vectors.Theactualpropagation
is doneby bitwiseOR operationsalongthe implicationsequence.
This schemereducesthe speedof the implication processby typ-
ically lessthan50%,a penaltythat is easilyoffset by theaverage
gain.

Theresultingconflictbit-vectorsareusedto directlycontrolthe
backtrackingmechanism.If all choicesof a decisionlevel result
in a conflict, thebacktracklevel is determinedby the lowestlevel
thatwasinvolved in a conflict. This is implementedefficiently by
bit-vectoroperations.Thecombinedconflict bit-vectorreflectsall
responsibleassignmentsfor that part of the decisiontree and is
passedupwardto thenext backtrackinglevel.

Further, the conflict bit-vector is examinedfor compactstruc-
turesto learn.Similarto thelearnedstructureof Figure5, its setting
is directly mappedinto a circuit graphrepresentingthat conflict.
To avoid excessively large learnedstructures,we applya variable
limitation similar to [6]. However, insteadof just restrictingthe
maximumnumberof conflict variables,we alsotake their assign-
mentinto account,effectively estimatingthesizeof theeliminated
decisionsubtrees.

The tight integrationof the SAT solver into the overall frame-
work requiresan executioncontrol by providing resourcelimits
suchas the numberof backtracks. This supportsan interleaved
applicationof the SAT searchwith BDD sweeping. Further, by
preservingthedecisionstackbetweensubsequentinvocations,the
SAT algorithm can continueits searchfrom the point it stopped
beforewithout repeatingpreviouscases.

5 BDD Sweeping

For completeness,we briefly presentthe BDD sweepingalgo-
rithm. Figure6 gives the generalprocedure;a numberof details
suchas the BDD variable invocation,multi-layer BDD process-
ing, and false-negative processingare omitted and can be found
in [3]. The task of BDD sweepingis to efficiently find vertices
thatarefunctionally identicalor complemented.If a pair of equiv-



alentverticesis found,thealgorithmmerge vertices mergesthem
andrebuilds their fanoutstructureforwarduntil no changeoccurs.
This rebuilding is basedontheand functionpresentedin Section3
including the local restructuringscheme.The merging stepmay
combinechildrenor grandchildrenof formerly unrelatedvertices,
which potentiallyresultsin a significantforward simplificationof
thecircuit graphstructure.Thisschemeis particularlyeffective for
equivalencecheckingto “crush” theMiter circuit until equivalence
is proven.

To enablere-invocationof BDD sweepingthe original algo-
rithm is modified. Insteadof deletingtheBDDs which exceedthe
sizelimit, they are“hidden” in theheap.Whenthesweepingalgo-
rithm is thenreinvokedwith a highersizelimit, theseBDDs“reap-
pear” for further processing.An overall bdd upper sizel imit is
usedto remove andfreeexcessively largeBDDs.

Algorithm bdd sweep(heap � v� bdd lower sizel imit)
�

/* check if there are any BDDs on heap with
size(bdd) � bdd lower sizel imit */

while (!is heap empty(heap, bdd lower sizel imit)) do
�

bdd = get smallest bdd(heap);
v = get vertex from bdd(bdd);
/* check if previously encountered */
if (get bdd from vertex(v)) continue;
store bdd at vertex(v� bdd);
for all fanout vertices vout of v do

�
bddlef t = get bdd from vertex(get left child(vout));
bddright = get bdd from vertex(get right child(vout));
bddres = bdd and(bddlef t � bddright);
vres = get vertex from bdd(bddres);
if (vres)

�
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 sizel imit);�

�
return UNDECIDED;�

Figure6: BDD sweepingalgorithm.

6 Overall Algorithm

The overall algorithm combining structural transformations,
BDD sweeping,andSAT is outlinedin Figure7. It first checksif
thestructuralhashingalgorithmdid solve theproblem.Next BDD
sweepingandthe SAT solver are invoked in an intertwinedman-
ner[4]. Duringeachiteration,thesizelimit for BDD sweepingand
thebacktracklimit for theSAT solverareincreased.Notethatin the
givensetting,thesealgorithmsdonot just independentlyattemptto
solve the problem. EachBDD sweepingiteration incrementally
compressesthestructurefrom theinputstowardtheoutputs,which
effectively reducesthesearchspacefor theSAT solver. This inter-
leavedschemedynamicallydeterminestheminimumeffort needed
by thesweepingalgorithmto make theSAT searchsuccessful.

7 Experiments

In orderto evaluatetheeffectivenessof thepresentedapproach
weperformedanumberof extensiveexperimentsusing488circuits

Algorithm check SAT(v)
�

if (v == CONST 0) return SAT;
if (v == CONST 1) return UNSAT;

while (!is heap empty(heap � ∞)) do
�

res = bdd sweep(heap � v� bdd lower sizel imit � );
if (res != UNDECIDED) return res;
res = sat justify(v� 0 � sat backtrack l imit);
if (res != UNDECIDED) return res ;

bdd lower sizel imit += delta bdd l imit;
sat backtrack l imit += delta sat l imit;�

return sat justify(v,0,max sat backtrack l imit);�

Figure7: Overall algorithm integratingBDD sweepingandSAT
search.

randomlyselectedfrom anumberof microprocessorsdesigns.The
circuits rangein size from a few 100 to 100K gateswith a size
distribution given in 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 Power3 processorrunningat 375 MHz and8 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 specificationandcomparedthe resultsof the simplehashing
methodwith thesizegeneratedby thenew multi-inputmethodpre-
sentedin Section3. Thehistogramfor thesizereductionof thecir-
cuit graphsis plottedin Figure9. As shown, on averagethegiven
sampleof circuit representationscanbereducedby 50%,therun-
time overheadfor all runswasnegligible. In a few cases,thesize
actuallygrows. However, this increaseis easilyoffset by savings
in otherpartsof thecircuit. Theresultssuggestthat thepresented
on-the-flycircuit compressionmethodcouldbeusefulfor general
applicationsthatprocessnetlists.

In thesecondexperiment,we evaluatedtheeffectivenessof the
combinationof BDD sweeping,structuraltransformationsandSAT
in thecontext of equivalencechecking.For thegivensetof designs
we rana full equivalencecheckusingthepresentedapproachand
comparedit with theoriginal BDD sweepingalgorithmpresented
in [3]. Theresultsaregiven in Figure10. As shown, themajority
of circuitscouldbecomparedusingsignificantlylesstime, some-
timesby two ordersof magnitudefaster. The memoryconsump-
tion remainedaboutthesame.Theperformancefor a particularly
complex circuit is marked in bothdiagrams.This designcontains
55,096gates,302primaryinputs,2,876outputs,and2,200latches.
Theverificationrun included5,076comparisonsand231,232con-
sistency checksandcouldbeaccomplishedin 246secondsversus
8.3hoursusing82MBytesversus357MBytesfor thenew andold
method,respectively.

8 Conclusions

In this paperwe presenteda combinationof techniquesfor
Booleanreasoningusing BDD sweeping,structural transforma-
tions, anda SAT solver in a tight integration. All threemethods
work on a sharedAND/INVERTER graphrepresentationof the
problemandare invoked in an intertwinedmanner. This unique
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Figure8: Distributionof circuit sizesfor theexperiments.
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Figure9: Comparisonof graphreductionof simplehashingversus
multi-inputhashing.

integrationresultsin a robustsummationof their natively orthogo-
nalstrength.Thedescribedapproachexpandsonpreviouswork by
presentingnew details,in particularin theareaof structuraltrans-
formations,the implementationof theSAT solver, andtheoverall
integrationof thecomponents.Theevaluationof theapproachus-
ing anextensive setof industrialproblemsdemonstratedits effec-
tivenessfor awide rangeof applications.

References

[1] M. K. GanaiandA. Kuehlmann,“On-the-fly compressionof logical circuits,”
Tech.Rep.ComputerScience,RC 21704,IBM ResearchDivision,T. J.Watson
ResearchCenter, Yorktown Heights,NY 10598,March2000.

[2] D. Brand,“Verificationof largesynthesizeddesigns,” in Digestof Technical Pa-
pers of the IEEE InternationalConferenceon Computer-AidedDesign, (Santa
Clara,CA), pp.534–537,IEEE,November1993.

[3] A. KuehlmannandF. Krohm, “Equivalencecheckingusingcutsandheaps,” in
Proceedingsof the34thACM/IEEEDesignAutomationConference, (Anaheim,
CA), pp.263–268,ACM/IEEE,June1997.

[4] V. Paruthi and A. Kuehlmann,“Equivalancecheckingcombininga structural
SAT-solver, BDDs, andsimulation,” in Proceedingsof the IEEE International
Conferenceon ComputerDesign, (Austin,TX), pp.459–464,IEEE,September
2000.

[5] M. Davis andH. Putnam,“A computingprocedurefor quantificationtheory,”
Journalof of theAssociationof for ComputingMachinery, vol. 7, pp.102–215,
1960.

10
−2

10
−1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

10
−2

10
−1

10
0

10
1

10
2

10
3

10
4

10
5

10
6

BDD−Sweeping only

C
om

bi
ne

d 
M

ul
ti−

le
ve

l h
as

hi
ng

, 
B

D
D

−S
w

ee
pi

ng
 a

nd
 S

A
T

Time in seconds

(30145, 246) 

(a)

10
2

10
3

10
4

10
5

10
6

10
7

10
2

10
3

10
4

10
5

10
6

10
7 Memory in KBytes

BDD−Sweeping only

C
om

bi
ne

d 
M

ul
ti−

le
ve

l h
as

hi
ng

, 
B

D
D

−S
w

ee
pi

ng
 a

nd
 S

A
T

(357335, 82747) 

(b)

Figure10: Comparisonof the original BDD sweepingalgorithm
with thenew algorithmfor equivalencechecking:(a) runtimecom-
parison,(b) memorycomparison.

[6] J.Marques-SilvaandK. Sakallah,“GRASP:asearchalgorithmfor propositional
satisfiability,” IEEE Transactionson Computers, vol. 48, no. 5, pp. 506–521,
1999.

[7] S. B. Akers, “Binary decisiondiagrams,” IEEE Transactionson Computers,
vol. 27,pp.509–516,June1978.

[8] S.-W. Jeong,B. Plessier, G. Hachtel,andF. Somenzi,“ExtendedBDD’s: Trad-
ing off canonicityfor structurein verificationalgorithms,” in Digestof Techni-
cal Papers of the IEEE InternationalConferenceon Computer-AidedDesign,
pp.464–467,IEEE,November1991.

[9] G. L. Smith,R. J.Bahnsen,andH. Halliwell, “Booleancomparisonof hardware
andflowcharts,” IBM Journal of Research andDevelopment, vol. 26, pp. 106–
116,January1982.

[10] H. Hulgaard,P. Williams, and H. Andersen,“Equivalencecheckingof com-
binationalcircuits usingBooleanexpressiondiagrams,” IEEE Transactionson
Computer-AidedDesign, vol. 18,July 1999.

[11] S.M. Reddy, W. Kunz,andD. K. Pradhan,“Novel verificationframework com-
bining structuralandOBDD methodsin a synthesisenvironment,” in Proceed-
ings of the 32th ACM/IEEE DesignAutomationConference, (SanFrancisco),
pp.414–419,ACM/IEEE,June1995.

[12] A. GuptaandP. Ashar, “Integratinga Booleansatisfiabilitychecker andBDDs
for combinationalequivalencechecking,” in Proc.of theInt. ConferenceonVLSI
Design, 1998.

[13] J. R. Burch and V. Singhal, “Tight integration of combinationalverification
methods,” in Digestof TechnicalPapersof theIEEEInternationalConferenceon
Computer-AidedDesign, (SanJose,CA), pp. 570–576,ACM/IEEE,November
1998.

[14] S. Kundu,L. M. Huisman,I. Nair, V. Ivengar, andS. M. Reddy, “A small test
generatorfor largedesigns,” in Proceedingsof theInternationalTestConference,
pp.30–40,1992.


	Main
	DAC01
	Front Matter
	Table of Contents
	Session Index
	Author Index


