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Abstract

We presntanabstaction refinementlgoarithm for modelchecking of safetypropetiesthat
reliesexclusvely on a SAT solver for cheding the abgract model,testng abstact coun-
terexampleson the conaetemodel andrefinemeat. Model checking of the abstactionsis
basedon bourdedmodelcheckng extended with checksfor the existenceof simple patts
thathelpin decidng paséng properties All minimum-lergth spuiiouscounterexamplesare
eliminatedin onerefinemenstepby a procedurethatcombines the andysis of the conflict
depenleng graph produwedby the SAT solverwhile lookingfor conaetecounerexamples
with aneffective abstaction minimization procedire.

1 Introduction

Model checking[ ) is analgorithmc approacho the verificationof proper
tiesof reactve systens, which hasbeensuccessfullyappliedto bothhardwareand
software. Sincemodelcheckingentailsthe exploration of a potentally very large
statespace the alleviation of the so-calledstateexplosian problemhasbeenthe
objectof muchresearch.On the one hand,techniqueshave beendevelopedthat
allow modelswith hundredof statevariableso beanalyzedirectly. Ontheother
hand,abstractiorhasbeenusedto allow themodelcheclerto drav conclusimson
theoriginal, concretemodelby examining a simpler, abstracbne.

For systemswith mary statevariablesandmary transitins, the symbolicap-
proachhasprovedcrucial. In symbolicmodelchecking setsof statesandtransition
aredescribedy theircharacteristiédunctions.Variousformsof representatiohave
beenusedfor thesefunctions the mostpopularbeingBinary DecisionDiagrams
(BDDs)| ], andConjunctive NormalForm (CNF).
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L1, WANG, AND SOMENZI

ClassicalBDD-basedmodel checking] ] is basedon the computatio
of fixpoints. For instance,the reachablestatesof a modelare compued as the
leastfixpoint of the function AZ . I Vv Succ(Z), which addsthe successorsf the
statedn Z to theinitial states Both the setof statesandthe successorelationare
storedasBDDs. Thefixpoint computatbn corvergesin a numberof iterationsthat
equalghe maximum distanceof areachablestatefrom theinitial states.Checking
for corvergenceis madeeasyby the strongcanonicityof BDDs (identical sets
sharethe samerepresentation) BDD-basedmodel checkingcan thereforeprove
propertiesalmostaseasilyasit candisprove them.

BoundedModel Checking(BMC) [ ], on the other hand,formulates
thereachabilitytestasa seriesof satisfiabiliyy (SAT) checksfor pathsof bounded
length. (To seeif a pathof lengthk to a setof statesexists, the transitionrelation
is unrolledk times.) For finite systens the procesanusteventuallyterminate:the
lengthof the shortespathbetweenwo statescannotexceedthe numberof states.
Hencejf nopathis foundwith lengthupto thenumberof statesthetargetstatesare
known to beunreachableThis obsenation,however, doesnot helpfor the kind of
modelsthatoneencountersn practice.The diameterof the stategraphwould give
amuchbetterboundon k, but, unfortunatelyit is hardto compute ]. For
thisreasonBMC hascometo be regardedasan excellentdelugging (asopposed
to verification) technique.Thatis, classicalBMC is particularly adeptat finding
counter@amges, but ill-suitedto prove theirabsence.

The ability demonstratedby BMC to deal with modelsbeyond the reachof
BDD-basedmethodshassparledinterestin the useof CNF and SAT for proof as
well asrefutation. Two mainapproachesave beenpursued:The replacemenof
BDDswith CNFformulaein thefixpoint computatbn| | ) 1,
andthe developmentof moreeffective terminationcriteriafor BMC.

The opportuniy of replacingBDDs with CNF formulaecanbe arguedon the
groundghatcanonicityof representatiomakesBDDs somevhatinflexible. Hence,
somefunctionsthatadmitcompactrepresentations CNF have exceedinglylarge
BDDs. However, the inflexibility agumentcan also be usedagainstCNF, and
memotationtechniquesre moreeffective for BDDs. In fact,to date, CNF-based
fixpoint computatiorhasnot demonstrated consistenadvantageover the classi-
cal BDD-basedone. Onemay arguethatthe mainreasorfor the succes®f BMC
in finding counter@ampkslies in its avoidanceof the needlescompuation and
storageof reachablestateghatarenotontheerrortrace.

Several proposaldhave beenmadeto improve BMC’s ability to prove the non-
existenceof a path. It is straightforvardto checkfor inductie invariants sinceit
only entailscheckingfor the existenceof a transitian from a statethatsatisfieghe
invariantto onethat doesnot. An extensia of the inductive approachhasbeen
presentedh [ D, in whichtermination occursassoonasthelengthof the path
reacheghe length of the longestsimple pathfrom aninitial state,or to a target
state.A recentpaper] ] proposeshe analysisof the unsatisfiabldormulae
to allow termination whenthereversesequentiablepthof the modelis reached.

Early terminationin BMC requiresadditionalchecksbeyond the one for the
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L1, WANG, AND NI

Fig. 2. Abstradion of themodelof Fig.1

existenceof pathsof certainlengths. Thesecheckstranslateinto moreclausesn

the CNF formulaewhosesatisfiabilty hasto be established For the approachof
[SSSO0(, thenumberof extraclausess quadratidn thelengthof the path.As are-
sult,it is notsurprishgthatfinding countergamgesis slowerthanwith pureBMC.

Theextracost,however, appearso beworth paying,sinceit increasesubsantially
thefraction of passingoropertieshatcanbe decided.Unfortunately thereremain
instancegor whichtheadditionalterminationtestsaretoo expensve. Considerthe

modelillustratedin Fig. 1. It has statespneof whichisinitial ( ). The
states arethe (unreachablejarget states.The longestsimplepath
from theinitial statehaslength , While thelongestsimple pathto atargetstate

thatdoesnotvisit ary othertargetstatehaslength  ; thereversesequentiatlepth
of themodelisalso . Hencethemethodf [SS®0,McMO03] will haveto con-
siderpathsof length beforethey candeclarethetamgetstatesunreachableBy
contrasttheforward sequentiatiepthis 2.

Fig. 2 shaws an abstractiorof the modelof Fig. 1. States , , , and
areabstractedy , ,and , respectrely. Thetarget stateremains
unreachablén this model,andthe forward sequentiatlepthis still 2; however, the
longestsimplepathandthe sequentiatieptharereduced.Thoughin generakhere
is noguarante¢hatabstractiorwill shorteror evennotlengtherthelongestsimpe
pathsortheshortespathsthisexampleillustrateshow abstractioomayhelpBMC,
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especiallyfor passingoroperties.

AbstractionandBMC have beencombinedn morethanonerecentwork, espe-
cially in the context of abstractiorrefinement.In abstractiorrefinemen{Kur94,
onestartswith a coarseabstractiorof the given, concretemodelandkeepsrefin-
ing it until the propertyis decided. For universalpropertiedik e the reachability
propertieshatarethe focusof this paper this often meanghatthe abstracimod-
els simulate the concreteone [Mil71], and that either the propertyis shovn to
hold on an abstractmodel, or a countergampleis found in the concreteone. In
[WHL 01,CGKS02CCK 02WLJ 03] BMC is usedto checkwhethercountera-
amplesfoundin the abstractmodelscanbe conceetized thatis, whethera coun-
terexampk canbe foundin the concretemodelthatis mappedby the abstraction
onto the abstractcountergample. The first threeof thesemethodsalso analyze
the failed concretizationtestto guide the refinement. Therefore,they represent
instancesof counter@ampk-guidedabstractionrefinement. On the other hand,
[WLJ 03] analyzeghe abstracimodelto decidehow to refineit. Yetanotherap-
proachis theoneof [MAO3], in whichtheabstracmodelis derivedfrom afailing
BMC run onthe concretenodel. This reversalof the customaryorderis attractve
for thosefrequentcasesn which pathsof moderatdengthcanbe easilychecled
ontheconcretemodel.

Onecommontrait of theapproacheto abstractiomefinemenmentionedsofar
istheapplicationof aBDD-basednodelcheclerto theabstractnodels andof SAT
solvers to the concreteones. By contrastthe objectve of this paperis to explore
whatcanbe achiezedwith a SAT solver asthe only decisionproceduren the ab-
stractiorrefinemenframework. Therationalefor combinng BDDsandSAT is that
eachis well-suited to the taskassignedo it: The SAT solver is goodat checking
the existenceof a pathof a givenlengthin alarge model,whereaghe BDD-based
modelchecler is betterat proving the absencef certainpaths,regardlessof their
lengths in a modelof moderatesize. This obsenrationis certainlywell motivated
whenoneregardsthe modelsfor which abstractiorrefinementresultshave been
reportedn theliterature;their sizesrarely exceedl,000binary statevariables.As
the modelsgrow larger, however, we expectan approachpurely basedon SAT to
becomemorecompetitve. Therefore purgoalis to evenually beingableto switch
betweerBDD-basednodelcheckingandSAT-basedechniquedor theanalysisof
theconcretemodel.In this papermwe reporton asignificantstepin thatdirectionby
presentinganalgorithmfor abstractiorrefinementhatis purelybasedon SAT.

Our approachis similar to the onesdiscussedso far in the fact that abstrac-
tionsareobtainedby removing partof the statevariablesof the model;refinement
thenconsistf reinstatingsomeof theremovedvariables. Thealgorithmhasthree
major componert: the decisionprocedurefor the abstractmodelis the one of
[SSSO0Q which hasalreadybeenmentioned.The secondcomponent-the choice
of therefinement—cominieselementf [WLJ 03] and[CCK 02]. Like thefor-
mer, it addresseall theabstractountergamplesatonce;likethelatter, it analyzes
theconflictdependenggraphof thefailedconcretizationtestto derive asetof can-
didatestatevariablesfrom which the onesthatwill be addedo the abstracimodel
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are chosen. Finally, the third componenis a heuristicprocedurefor abstraction
minimization. This minimizationis quite imporiantin our approachpecausdhe
simutaneouselimination of all spuriouscounterg@ampksof a certainlengthtends
to generatdarge setsof candidatevariables. Our experimental evaluation of the
SAT-basedabstractiorrefinementalgorithmcomparedt to both BMC (with and
without earlyterminaton checksfor passingoropertiesandto the bestabstraction
refinementlgorithmavailableto us[WLJ 03]. Theresultsdiscussedh Sectior4,
shaw thatthenew approachthoughnotuniformly superioris morerobustthanthe
others,andis especiallypromisingfor the morechallengingoroblems.

2 Prdiminaries

Let beaset.We designatdy theset consistingy
of the primedversionof the elementsof , andby  theset . We
defineanopensystenmasa4-tuple

where is thesetof (current)statevariables, isthe setof combinatimal vari-
ables, is theinitial statepredicateand is thetransitian relation.
Thevariablesn  arethenext statevariables.All setsarefinite, andall variables
rangeover finite domains.

We assumehatthetransitionrelationis givenasthecomposiion of elementary
relations.If with , OUrassumpbn amountgo writing:

(1)

We considerthe caseof a sequentiatircuit, in whichthevariablesin  areasso-
ciatedwith the primary inputsandthe outputsof the combinatonallogic gatesof
thecircuit; thevariablesn areassociateavith thememoryelementsEach is
calleda gaterelationbecausét usuallydescribeshe behaior of alogic gate.For
instancejf  is the outputvariableof a two-inputAND gatewith inputs  and

, then . If, ontheotherhand, isaprimaryinputto thecir-
cuit, then . Eachtermof theform equates next statevariableto a
combirationalvariable.(The outputof the gatefeedingthe -th memoryelement.)

In a sequentiatircuit, a statevariable is saidto bein the directsuppot of
variable ( ) if thememoryelementassociatetb is connectedo thememory
element(logic gate)associatedo ( ) by a paththatgoesthroughlogic gates
only. Variable isin theconeof influence(COI) of ( ) if thereis a path (of
ary kind) connecting to ( ).

An opensystem definesa labeledtransitionstructurein the usualway, with
states correspondingo thevaluationsof thevariablesn , andtransitionlabels
correspondingo the valuationsof the variablesin . Corversely a setof states

correspondso a predicate or . Predicate ( ) isthe
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characteristiédunctionof expressedn termsof the current(next) statevariables.
State is aninitial stateif it satisfies . Stateset is reatable
from stateset in stepsif thereis a pathof length in the labeledtransitin
structuredefinedoy thatconnectsomestatein  to somestatein ; equivalently
if

2)

is satisfiable.Stateset is reachabldrom if thereexists suchthat is
reachablen stepsfrom . A statesetis reachabldin steps)if it is reachable
(in steps)from . Whenno confusionariseswe shall identify a state
with theset . A finite (infinite) sequencef states ( ) is afinite
(infinite) run of  if thefirst stateis initial, andevery otherstateis reachabldrom
its predecessan onestep. The setof all possiblerunsof is thelanguageof
denotedoy

A lineartime safetyproperty of is a subsetof suchthat ary infinite
sequencever  notin  hasafinite prefix thatcannotbeextendedo asequence
in  [AS8Y. Opensystem satisfiessafetyproperty if . Checking
the satishctionof an -regular safetyproperty by an opensystem canbe
reducedto the reachabilityproblemby composing with anautomaton  that
acceptgheinextensble prefixesof thesequencesotin . Thepropertyis satisfied
by the opensystemif no stateof the compositim that projectson an
acceptingstateof is reachableln thesequele restrictoursehesto -regular
safetypropertiesandassumehatthe given opensystemalreadyincorporateghe
propertyautomaton.This assumptn allows usto identify the propertywith a set
of (acceptingstatef the systemwhichwe alsodenoteby . Hence property
is satisfiedoy if thereis no suchthat

®3)

is satisfiable.An invariantis a safetypropertythat statesthat a certainpredicate
holdsof all reachablestatesof . In thiscase is the setof stateghatsatisfythat

predicate.
Thesearchfor a suchthat(3) is satisfiablecanobvioudy berestrictedto the
range . Hence,in theory the processs guaranteedo terminate.

In practice,the numberof stateds too largeto be of any practicaluse,andtighter
upperboundsfor aresought In modelcheckingapproacheshat are basedon
fixpoint computatios [McM94,ABEOO,WBCGO0QMcMO02], the maximumvalue
of is providedby the numberof iterationsneededo reachcorvergence.On the
otherhand for algorithmsthatdirectly checkthesatisfiabilityof (3), thediameteiof
thegraph[BCCZ99] or boundsobtainedfrom the structureof the hardwaremodel
have beenproposed BKA02]. Herewe summarizea methodproposedn [SSS0(
thatis of particularinterestto us.

A simplepathis onethat visits a stateat mostonce. If somestatein IS
reachabletheremustexist a simplepathfrom aninitial stateto it thatdoesnotgo
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throughary otherstatesin or . Hence,if no simplepathof length exists
suchthatits first stateis initial andno otherstateis initial, or suchthatits final state
isin andno otherstateis in , then,thereis no pathof lengthgreaterthanor
equalto connectinga statein to a statein . If in addition,thereis no path
of lengthlessthan connecting to  , then . Two setsof states and
areconnectedy a simge pathof length in if

(4)

is satisfiable. Checkingthe two conditions above thenamouns to checkingthat
eitherof thefollowing formulaeis unsati§iable.

(5)
(6)

Notethatthe predicatecorrespondindo theset is

Abstractinterpretationf CC77 providesa very flexible framawork for the de-
scriptian of abstractionlin this paperhowever, we considetthefollowingrestricted
definition. Opensystem is anabstactionof  if

suchthat implies ;

(Notethat is the combinatimal variableassociatedo .) Property is the
abstractiorof property with respecto  if f isan
-regular setand satisfieqor models) ,then satisfies . Thatis,

(7)

This preseration resultis the basisfor the following abstractionrefinementap-

proachto the verificationof . One startswith a coarseabstraction of the

conceete opensystem andcheckswhether . If thatis the case,then
; otherwisethereexists a least suchthat

(8)

is satisfiable. The satisfyingassignmentsto (8) are the shortest-lendt abstiact
counteexamples(ACESs). If oneor more ACEsare checled for con-
cretizaton. Thatis, onechecksvhether(3) hassolutiorsthatagreewith the ACE(S)
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beingchecled. Becausef theadditional constraintgprovided by the ACEs,a con-
cretizationtestis oftenlessexpensve thatthe satisfiabilty checkof (3). However,
its failure only indicatesthat the abstracterror tracesare spurious. Therefore,if
the concretizationtestfails, onechoosesa refinedabstraction  andrepeatshe
processuntil oneof thesecasesccurs.

(1) for some , in which case isinferred.

(i) The concretizatiortestpassegor some , in which caseit is concludedthat
andthe satisfyirg assignmentoundis returnedascountergampk to

(i) Therefinemeneventualy produces . In thisfinal case the satisfiabil-
ity checkof (8) answerghe modelcheckingquestim conclusvely. Thisis an
undesirableutcomebecausehe purposeof abstractions defeated.

Whentherefinement of ischoserwith thehelpof theinformationprovided
by the failed concretizationtest, onetalks of countereampge-guidedabstraction
refinement.

The coneof influence(directsupport)of a propertyis the unionof the conesof
influence(directsupports)f all thevariablesmentionedn the property Cone-of-
influencereductionrefersto the abstractionn which  is the COI of the property
It is commony appliedbeforeany modelcheckings attempéd,becausét satisfies

(9)

3 Algorithm

Our algorithmis shavn in Fig. 3. Initially, anabstractmodel is computedby
collectingonly the statevariables(calledlatcheshenceforth)n the direct support
of the property . The algorithmthen progressiely increases from its initial
valueO until eithera counter@ampleof length is foundin the concretesystem

, Or it is concludedthat no countergampleexistsin the currentabstractmodel.
If at somepoint, the abstracimodelbecomeshe concretemodel,the endgames
executedasdescribedn Lines14-19.

Lines 3—13verify the abstractmodels. First, (5) and (6) are checled to see
whetherthe simplepathconditinsaremet. If eitheroneis unsatisfiablethe prop-
erty holds,andthe algorithmterminates Otherwise the algorithmcheckswvhether
thereis acountereampleof length in theabstractnodel,by checking(3) on ; if
thereis nolength- abstractounterg@ample thereis no countergampk of length
upto in theconcretemodeleither (Thisis becausevery abstracimodelsimu-
latesthe concretemodel;hencejf thereis areal countergampleof length
in the concretemodel,theremustbe a correspondingbstractcountergampleof
length . Sincethe counter@amplelengthis increasedn incrementsof
one,we would have found this countergamplebefore.) Sincethereis no coun-
terexampk of lengthupto (in eitherthe abstracimodelor the concretemodel),

isincreasedy one.Ontheotherhand,if thereis anabstractountergamplesof
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boolearPURESAT( , )

1 =0;

2 = CREATEINITIALABSTRACTION( , );

3  while( )

4 if (  CHECKSIMPLEPATH( , , ))

5 return TRUE;

6 if (EXISTCEX( , , ))

7 if (EXISTCEX( , , ))

8 return FALSE;

9 refinement= GETREFINEMENTFROMCA( , , , );
10 = ADDREFINEMENTTOABSMODEL( , refinement);
11

12 ;

13

14 while (CHECKSIMPLEPATH( , , ))

15 if (EXISTCEX( , , ))

16 return FALSE;

17 ;

18

19 return TRUE;

Fig. 3. ThePureSA algolithm

SetGETREFINEMENTFROMCA( , , , )
nsVarSet= GETNEXTSTATEVARSFROMCDG( , , );
sufficient=;
while (sufficientdoesnotkill all length- countergampges
ns\arSetis notempty)

someNs¥rs= PICKVARSTHRESHOLD(nsVarSetthreshotl);
sufficient= sufficient someNs¥rs
nsvarSet= ns\VarSet someNs¥rs

RCArray= COMPUTERELATIVECORRELATIONARRAY (suficient, , );
return REFINEMENTMINIMIZATION( ,RCArray);

Fig. 4. Therefinemat algarithm

length , (3) is checledontheconcretanodelto seeif ary concretecountergam-
ple of thesamdengthexists. If it doesthepropertyfails; otherwisetherefinement
step(Lines9-10)is executed.
The goal of the refinementrocedurds to find a minimal setof latchesnotin
which, after beingaddedto the abstracimodel,cankill all the countergampkes
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of thelength . Ourrefinementlgorithmis basedn computingandanalyzingthe

unsaisfiablecore [GN03ZMO03] associateavith the proofthatthereis no concrete
countergamge of length ; henceijt is similar to the conflictanalysismethodpro-

posedn [CCK 02]. However, ourapproachlifferssignificantlyfrom [CCK 02]

in thefollowing aspects:

(i) Theauthorsof [CCK 02] first identify a singlespuriousabstracicountera-
ample(by usingBDD-basedmodelchecking) togethemwith its failureindex.
(.e.,thetime stepfrom which the ACE is no longerconcretizablén the con-
cretemodel.)A conflictdependenggraphis built from theunsatisfiabl&MC
obtainedoby constraininghe concretemodelwith the singlespuriousACE up
to the failure index time step. The refinementsetis then computedoy ana-
lyzing the conflict dependeng graph. In our algorithm however, we do not
usea singleabstracttounter&ampleto constrainthe BMC instance(andwe
do not computethe failure index). Rather an unconstainedBMC instance
(ontheconcretemodel,for pathlengthupto ) is usedfor the concretization
test; sucha BMC instancecoversall the possilbe length- spuriousabstract
countergamges.

(i) In[CCK 02], theinvisible latches(thosenotcurrentlyin ) areaddedto the
refinemensetif their correspondingjteralsat the failureindex time stepap-
pearin the conflictdependengcgraph.in ouralgorithm all theliterals(which
correspondo eitherlatchesor internallogic gatesat differenttime steps)ap-
pearingin the unsatisfiablecore are recordedin the SAT solver. However,
only thoseinvisible latcheswhosenext-statevariableliterals (i.e., theliterals
correspondingo the input variableof alatch at a differenttime step)appear
in the unsati§iable coreareaddedto the refinementset. This refinementset,
whenaddedo |, issufficienttokill all length- spuriousabstractountera-
amples. Our algorithmfor picking refinementvariablesis shavn in Fig. 4.
The original “sufficient set” (i.e., nsVarSetin the pseudocode)may or may
notbeminimal; hencerefinemenminimizationis usedo getrid of theredun-
dantlatchesin therefinementetbeforethe functionreturns.In somecases,
thenumberof redundantnvisible latchesn ns\VarSetmaybetoo large, caus-
ing REFINEMENTMINIMIZATION to spendtoo muchtime. The while loop,
togethemith athresholdjs usedto heuristicallygeta smaller‘sufficient set”
for therefinemenminimization: Eachtime, only acertainnumberof invisible
latchesarepickedfrom ns\VarSetafterwhich (3) is checledto seeif they are
alreadysuficient.

(iif) Ourrefinemenminimizationalgorithmis alsosomeavhatdifferentfrom [ CCK 02].
Both method remove redundantatchesgreedily Eachlatchin turnis tenta-
tively removed. If (3) remainsunsatisiable, the remaininglatchesare still
sufficient, andthe droppediatchis indeedredundantptherwise thatlatchis
restoredto the refinementset. In our method the orderin which invisible
latchesare removed in the minimization procedureis basedon the relative
correlation of eachcandidatdatchto the currentabstractmodel. Therelative
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correlationof aninvisible latch equalsthe ratio of the numberof gatesin the
COl of thislatchwhich arealreadyin the abstracimodeldivided by thetotal
numkber of gatesin the COI of this latch. Intuitively, the larger the relative
correlationof alatch,thelargereffectit will have whenaddedo or subtracted
from the currentabstracmodel. Theinvisible latchesof the currentsufficient
setaresortedby FunctionCoMPUTERELATIVECORRELATIONARRAY: The
onewith thesmallerrelative correlationis considereaf lessimportance,and
thuswill be testedfor deletionearlier In this way, we canconcentrateon
theimportantinvisible latchesandat the sametime keepthe refinedabstract
modelsmall.

Our approachis alsorelatedto the one of [MAO3]. Both approachesheck
all countergamplesof a certainlenghtat onceby a model checkingrun on the
concretanodel. Themaindifferencesare:

() We useSAT, insteadof a BDD-basedmodelchecler, for the abstracimodel.
This will give our methodan advantagein proofs that require an abstract
modelof sizecomparablédo thatof theconcreteone.

(i) Our abstractiorgrows at eachrefinementandwe userefinementminimiza-
tion to controlits size,whereaghe abstractiorof [MAO3] is computedrom
scratcheachtime. Refinementminimization requiresrepeatedBMC runs;
thesehowever, arerunsontheabstracimodel.In the experimentgeportedn
Section4, refinementminimizationwasnever the bottleneckandit couldbe
furtherspedup by usinganincrementaSAT solver.

4 Experimental Results

To evaluatethetechniqueof Section3, we comparedour algorithns: animplemen-
tationof theBMC [BCCZ99 algorithm BMC extendedwith thecheckdor simpe
paths[SSSOQ (referedto asSSS),our PURESAT algorithm andthe GRAB algo-
rithm of [WLJ 03], which usesboth BDDs and SAT. All the four algorithms are
implementedn VIS-2.0[B 96,VIS], andChaf [MMZ 01] wasuseasthe back-
endSAT solver. The experimentsvererun underLinux onanIBM IntelliStatian
with a 1.7 GHz Intel Pentium4 CPUand2 GB of RAM.

The comparisonwas conductedon 26 models,either from industy or from
VIS verificationbenchmarkgB 96,VIS] exceptfor Isp. This modelwascreated
to illustratethe help BMC could get from abstraction.A simplified versionof it
appearsn Fig. 1. Sincein theconcretamodel,thelongestsimplepathis long,SSS
failedto complete gventhoughPURESAT finishedwithin onesecond.

Theresultsareshovnin Tablel. Thefirst columnis thenameof themodel,the
secondcolumnindicateswhethereachpropertypasse®r fails; if a propertyfails,
the numberin this columnis the lengthof the counter@ample. The third column
givesthe numberof latchesin the coneof influenceof the property The fourth
columnlists thetime of BMC. A timein parenthesess thetime elapsedvhenthe
procesgan out of memory In our experimentsthetime limit wassetto 8 hours.
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Tablel
Experimenal resuts. Boldfaceis usedto highlight bestCPUtimes

model pass latches| BMC SSS PureSA Grab
cexlengh | in COl | time time | time | finalsz.| time | final sz.
Isp-pl pass 12 8h 8h 1 3 1 3
D12-p1 16 48 5 25 37 23 14 23
D23-pl 5 85 1 1 3 25 20 21
D2-p1 14 94 6 25 20 48 180 48
D14-p1 14 96 65 83 1460 80 8h (75)
D1-p1 9 101 1 5 11 20 9 21
D1-p2 13 101 2 12 26 23 51 23
D1-p3 15 101 3 18 32 23 56 25
112-p1 370 119 8h 8h 8h (12) 2503 16
B-pl pass 124 8h 8h | 2074 18 173 18
B-p2 17 124 150 675 247 7 93 7
B-p3 pass 124 8h 8h s8h| (42) | 223 43
B-p4 pass 124 8h | (237M®) 8h (43) 393 42
D22-pl 10 140 2 10 17 132 720 132
D24-p1 9 147 7 10 2 4 1 4
D24-p2 |  pass 147 8h 16 6 8 3 8
D24-p3 pass 147 8h 1 4 6 20 8
D24-p4 pass 147 8h 1 4 6 43 8
D24-p5 pass 147 8h 1 4 8 3 5
MO-p1 pass 221 8h | (2537) | 2156 | 13 136 16
D5-p1 31 319 58 592 155 13 31 18
D18-pl 23 506 96 795 4350 160 8h (99)
D16-pl 8 531 10 29 31 14 92 14
D20-pl 14 562 26 101 6228 232 8h (69)
rcu-pl pass 2453 8h (3115) | 136 11 195 10
IU-p2 pass 4493 | (11331) 8h | 1756 14 8h (6)
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Thefifth columnisthetime of SSSithesixthcolumnshavsthetimefor PURESAT;

thesevenh columnis thenumberof latchesin thefinal abstracimodel.If thetime
is greaterthan8 hours thenumberin parentheseis the next columnis thenumber
of latchesin the abstracimodelwhentime ran out. The next two columnsarethe
datafor GRAB. All CPUtimesarein secondexceptwhennoted.

The algorithmlabeledBMC cancheckinductive invariants However, no such
propertiesareincludedin our setof experiments Fromthe tablewe canseethat,
in generalfor passingpropertiesPURESAT is betterthanbothBMC andSSS.For
failing propertieswith a few exceptions BMC is best,while PURESAT is better
than GRAB. For the largestmodel, like 1U, whose COI contains4493 latches,
PURESAT is the only onebeingableto verify the property Interestingly GRAB
andPURESAT fail to finish similar numbersof experimentg4 for GRAB and3 for
PURESAT). However, the two setsof failuresaredisjoint. Thisis anencouraging
signfor thedeveloprentof a hybrid algorithmthatmayswitchbetweerBDDs and
SAT for theanalysisof theabstracmodels

ThoughPURESAT appeargo be reasonablyobust, thereareonly threecases
in Tablel in which it manageso befastest.Thisis in partdueto thefactthatthe
implementations still preliminary.

5 Conclusions

We have presentedn abstractiorrefinementalgorithmfor modelcheckingsafety
propertiesthat usesa SAT solver assole decisionprocedure.We have compared
this algorithmto both BMC andto an abstractiorrefinementalgorithmthat uses
both BDDs and CNF SAT. The new algorithmis competitve and was the only
oneto completethe largesttestcase.Our implemenationis still preliminary. We
planto investgatethe useof anincrementalSAT solver like SATIRE [WKSO0]] in
the abstractiomminimization phase which is currently the mosttime consumirg
partof the algorithm We arealsointerestedn the extensionof the techniqueof
[WLJ 03] to the SAT environment. This is not an entirely trivial task,sincethey
arebasedntheknowledge of the setsof statesat variousdistanceslongthepaths
connectingnitial statedo errorstates.

By its very nature the PURESAT algorithmsuffers, albeitin attenuatedorm,
from the sameproblemsthat afflict the basicprocedureusedin analyzingthe ab-
stractmodels. Improvenmentslik e thoseproposedn [McMO03] may boostPURE-
SAT’s performance More generally the integrationwith a BDD-basedapproach
to the analysisof the abstractmodelshouldleadto a more robust and powerful
approactho abstractionmefinement.
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