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Abstract—Modern SAT solvers have proved highly successful
in nding counterexamplesto temporal properties of systems,
using a method known as”bounded model checking”. It is natural
to ask whether these solvers can also be exploited for proving
correctness.In fact, techniques do exist for proving properties
using SAT solwers, but for the most part existing methods are
either incomplete or have a low capacity relative to bounded
model checking Here we considertwo new methodsthat exploit
a SAT solver's ability to generate refutations in order to prove
propertiesin an unbounded sense.

|. INTRODUCTION

A SAT solver [16], [12] is a tool for nding a satisfying
assignmento a set of propositionalclauses.This ability has
been quite effectively exploited in nding courterexanples
to tempoel propertiesof nite statesystemsby a techniqee
called bounded model chedking [3]. This is simply a search
for a courterexanple of bourded length using a SAT solwer.
Unfortunately this techniqie canna prove prgpertiescorrect
unlessa bownd is known on the diameer of the statespace,
whichis not generdly the case By contiast,the competeness
of SAT solwvers(i.e,, their ability to prodice a negative resultin
theunsatis ablecase)hasbeenexploited in atechnigqie called

-induction [15] that males it possibleto prove properties
ratherthanfalsifying them. This techniqie, however, doesnot
appearto be asrohust as boundedmocel checking

A third, underexploited ability of SAT solvers is their
ability to producerefutations(i.e., prods of unsatis ability). It
is reasoableto askwhetherthis ability might not be usedin
someway to prove tempoal propeties. In this paper we will
considertwo recerh method that userefutations to bourded
modé checkng instancesin order to aid in the prod of
properties(in theunbaindedsense)The rst methodusesthe
refutation to constructan abstractiorof the modelto be used
in standarduntounded modé checling. The secondmethod
usesthe refutation anda techniaie called Craig interpdation
to perform an overappgoximatedimage compuation.

Expeimentson hardvare veri cation bentimarksindicate
thatthesemethalsare,in a certainsenseasrobustasbourded
modé checkng. In theworstcase they requireunfolding only
to thedepthof the statespacewhereaghe -inductionmethod
requies unfdding to the length of the "longest simple path”,
which can be exponentially longer Moreover, both methals
have certainchamcteristicsthat suggst they might be useful
in software mocel checking

Il. EXTRACTING REFUTATIONS FROM SAT SOLVERS

A SAT solver, suchas CHAFF [12], or GRASP [16], is
easilyinstrumetedto prodice proofs of unsatis ability using

resolution. This is basedon the obsenation that “con ict

clause”generatio canbe viewed as a sequene of resolutio
steps,following the so-called“implication grapH. We will

now de ne whatis meantby a “proof of unsatis ability”, and
shav how one can be extracted from a run of a typical SAT
solver.

To begin at the beginning, a clauseis a disjunctio of a set
of zero or more literals, eachof which is either a Boolean
variabde or its negaion. We assumethat clausesare non
tautdogical, that is, no clausecontainsboth a variade and
its negatin. A set of clausesis said to be satis able when
there exists a truth assignmento all the Booleanvariables
that makes evely clausein the settrue.

Giventwo clausef the form and ,
we say that the resolventof  and is the clause ,
provided is nontautologi@l. For exanple, theresohent
of and is , while and have

no resohert, since is tautolcglcal. It is easyto seethat
ary two clauseshave at mostoneresohent. The resohent of
and (if it exists)is a clausethatis implied by
(in fact, it is exactly ). A proof of unsatis ability
of a setof clauses is a DAG whosevetticesareclausesijn
whichtherootsareclausesn , theunique leafis the empty
clause(FALSE) and eachnon-oot clauseis the resohent of
its two parerts.

Now we considerhow a standardSAT solver might be
mod ed to produceproofs of unsatis ability. While searchig
for a satisfyingassignmeny a DPLL solver makes decisions
or arbitrary truth assignmentto variables, andgenerategrom
thesean implication graph. This is a directedagyclic gragh
whosevettices aretruth assignmets to variableswhereeach
nock is implied by its predecesorsin the gragh togethemwith
single clause.

As an exanple, supposethat our clause set is

and we have already deciced the literals
. A possibleimplication graphis shovn below:

Theliteral is implied by node andthe clause ,
while isimpliedbythenodes , ,andclause

A clauseis saidto bein conict whenthe negaions of aII
its literals appearin the implication gragh. When a con ict
occus, the SAT solver geneatesa con ict clause— a new
clausethat is implied by the existing clausesin the set. This



is usuallyexplainedin termsof ndin g acutin theimplication
graph but from our point of view it is betterunderstoodas
a processof resolvirg the “clausein conict” with clauses
in the implication graph to generatea new clause (that is
also in conict). We can also think of eachresolutionstep
as applying animplication from the implication gragh in the
contrgositive.

As an examge, suppae that that we addthe clause

to the exanple above. This clauseis in conict, since
the implication graphcortainsboth and . Notethat was
implied by the clause . Taking the resohert of
this clausewith the conicting clause , we obtain
a new implied clause , Which is also in conict.
Now, theliteral in the implication graphwasimplied by the
clause . Resolvingthis with our new clauseprodices
anotter implied clause , alsoin conict. Either of
theseimplied clausesmight be taken asthe “con ict clause”,
andaddedto the clauseset.

In orderto generée a proof in the unsatis able case,we
have only to record for eachgeneratedcon ict clause,the
sequene of clauseghatwereresoled to producethatclause.
The SAT solver producesan “unsatis able” answerwhen it
geneatesthe emptyclauseasa con ict clause(actually most
solversdo not explicitly producethis clause but canbe made
to do so). At this point, we can easily produce a prod of
unsatis ability by, for examge, a depth-rst searchstarting
from the empty clause,recursvely deducig eachclausein
termsof the sequencef clausesthat originally producedit.
Notethat,in geneal, not all con ict clauseggeneréed during
the SAT procedurewill actuallybe neededo derive the empty
clause.

I1l. PROOF-BASED ABSTRACTION

We now considera simple techniqie that usesprods of
unsatis ability to produce abstractiong11]. Given a model
and a temporal propety, we chase a boind , and we
convert the prodem of existenceof a courterexamge of
stepsinto a SAT prodem (i.e., we perfam bourded mockl
checkirg at depth ). If this problemis satis able, we have
a courterexanple and we are done. Otherwise,we have a
prod that thereis no courterexanple of length . We use
this prod to geneateanabstractiorof the mocdel andapplyan
unbaindal mocel checlerto the abstractio. If the propertyis
truein this abstractionit is truein theoriginal, sowe aredone
Otherwise,we simply increase and start again Note this
is in contiastto counteexampe-basedabstractiorre nemert
method suchas|[9], [1], [5], [8], [17], [4], [13] thatrely on
analysisof counteexamges to re ne the abstraction Here,
courterexamges from the abstractiorare ignored.

A systemis moceledasa setof constraintsandabstraction
consistssimply in throving away constraintghat are deemed
irrelevant to the propety. This kind of abstractionwas intro-
ducedin [1], [9]. As an examge, Figure 1 showvs a simple
digital circuit andits mockel as a set of constraits . Each
gateor registeris charactdred by a Booleanequation. Note
that hererefers to thevalueof atthe “next time”.
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Fig. 1. Model of a simple circuit.

Now supposeave wish to verify thelineartempogl property
, thatis, at all times,if is true,then is
true at the next time. This particularproperty hagpensto hold
independentlyof the value of signal . Thatis, if we remove
the constrain from C, we obtainan abstractsystem
thatstill satis esthe property. Note thatin this abstraction
is left as a free varialle, while and are unrderenced
If we succeedn verifying property on system  we can
conclude that alsosatises , since is wealer than
(i.e, admitsa supersebf the tracesof ). The advantag
of this kind of abstractioris thatthe abstracsystem refers
to a smallersetof variablesthanthe original system . Thus
it shouldbe easierto verify using standad mocel checkirg
methals.

The importan questionis, of course, how to choosethe
abstraction . For the sale of simplicity we will considr
here only safetyproperties. Satishction of a safety property
redwces to a reachablity problem, that is, whethe a state
satisfying an initial condtion can reacha state satisfying
a nal condtion by somesequencef stepsof the mockl.
If so,the property is false and the statesequene represents
a counteéexampge to the property To solve this prodem for
a x edbound on the numbe of steps,we simply build a

-stepunfolding of the circuit , Where
repesents with eachoccurenceof variale replacecby
andeachoccurenceof  replace by . A counerexanple
of stepsexists exactly when the formula is
satis able. Similarly, a counteexamge of upto stepsexists
whenthe formua is satis ablée*

This bounded modé checling formula can be converted
into CNF and checled for satis ability using a standad
SAT solver. We avoid an exponential expansionin the CNF
form by converting eachconjunct in the formua separately
If the bounded model checkirg formula is satis able, then
the satisfyingassignmenrepresentsa counteexamge to the
property. If it is unsatis able,the SAT solver canprodice a
refuation , thatis, a prod by binary resoldion stepsthat
the formua implies FALSE.

Our abstraction  is simply the set of constrints in

that are actually usedin proof . That is, is the set
of all corstraints , such that some clause in the
CNF represetation of  occursin prod , for some in

1Actudly, this is true only when  is known to represet a total relation.
In the generé case a slightly more complex construdion is required.



Fig. 2. Proof-basd abstration.
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It is easyto seethat this rediwced set of constraintsalso
admitsno counteexampe up to length , sincethe bourded
modé checkng formua for induces all the clausesused
in prod , hene it is alsorefutedby . Intuitively, if
is large enowgh, we expect to be sufcient to rule out
courterexamges of ary length a notion we will formalize
shortly.

We next applystandardintounced model checkng methals
to the abstractsystem . If the property is found to be true
for , thenit mustalsobe truefor , since is a sound
abstractiorof . Ontheotherhand,supp®ea counteexampe
is found of length . Fromthe above argument,we know that

. However, the courterexanmple for may not be a
courterexamge for  becage someconstraintfrom  have
beenomitted. We therefae discardthe counterexanple and
startagainwith alargervalue of (in practicesetting
seemsto be effective). The overall procedire for proof-based
abstractionis shavn in Figure 2. Note that courterexanples
areonly prodwcedby the bourded mocel checkingphaseand
prods of correctnessare only producedby the unbainded
modd checlkng phase.

It is easyto shav that this procalure must evertually
terminate.We know that increaseswith eachiterationand
thatthe diameter of the statespaceof  is bourded.Thus,
evertually we must have . We know thereis no path
from to in of lengthup to . Thus, when
thereis no pathfrom to of ary length.It follows thatthe
unbaindal mockl checler must nd the property true,andso
the proceduremust evertually termirate.

In practice, we usually nd that the procedire usually
terminatesvhen is apprximatelyonehalf of . Moreover,
is the diameterof the abstraction  which is often much
smallerthanthe diameterof the origind system

A. Practical experience
To guagethe effedivenessof the proof-based abstraction
procalure in geneating abstraction, it was testedon a set

2In principle we canalsoabstra¢ theinitial and nal condifonsin a similar
way, or we can simply redue theseconditions to single literals by moving
theinitial and nal condtion formulas into the constrant system .

of bencimark modé checling problens derived from a sam-
pling of propertiesusedin the compositional veri cation of

a unit of the PicoJaa Il microprocessqravailable in open

sourcefrom Sun Microsystems,Inc.  The unit in question
is the ICU, which mangesthe instruction cache,prefetches
instructions, and doessomepreliminary instructiondecodng.

Origindly, the propertieswere veri ed by standardsymbolic
mockl checkirg, using some manuwal directives to remove

parts of the logic not relevant to each propety. To malke

interesting berchmark exanples for automatic abstraction
thesedirectives were removed, and a neigtboring unit, the
instruction folding unit (IFU) was addel. The intention of

this is to simulatethe actionsof a nave userwho is unale
to localize the veri cation problem manwlly (the ultimate
nave user being an autorated tool). The fundion of the
IFU is to readinstruction bytes from the instruction quete,

parsethe byte streaminto separatenstructiors anddivide the
instructins into groups thatcanbe fed into the execuion unit

in asinglecycle. Inclusionof the IFU increasesthe numter of

statevarialdes in the “cone of in uence” substantiallylargely

by introdwcing depemlenciesonregisterswithin the ICU itself.

It alsointroducesa large amouwnt of irrelevart combnational
logic.

Twenty repesentatie properties were chosenas bench
marlks. All of theseproperties are safety properties. All the
propertiesaretrue. Noneof the bendmarkscould be success-
fully veri ed by standad symbolic mocel checling methals
alone, within a limit of 1800 seconds.On the other hand
of the 20 bendimarks,all but two were successfullyer ed
by the proofbasedabstractiontechniqe. In the two failed
casesthe failure was causedby memay exhaistion by the
SAT solver duiing the bounded mockel checling phase(at
valuesof 15 and 20 transitions,respectiely). Notably, in all
caseswhere the bourded mockel checkirg phasecomplded
successfullythe unboundedsymbdic mode checler wasable
to successfullycheckthe resultingabstraction

Figure 3 shaws, for eachbentimark, the original numkber
of state holdng variables(solid bars),the number obtainel
by manué abstraction(gray bars) and the numter of state
variabes remainirg in the abstractionat the nal iteration
of the proof-based abstractionalgoithm, without marual
abstraction(openbars).A  belov the barsindicates thatthe
algoithm did not comgete. The numker of varialles obtaine
by manualabstractiordoesnot necessarilyre ect what could
be obtainedby concertedeffort, but rather re ects only a
sufcient effort to make the propertiescheckakbe by standad
methals. Nonethelessit is interestingto note thatin 11 out
of 20 cases betterresultis obtainedby autormatic abstraction
Thus, it appeas thatthe SAT solwer is in fact quite effective
at nariowing the problemdown to the relevart logic.

Figure4 shaws total runtime of the prod-basedabstractio
procedurefor eachof the bendimarks,on a log scale.The
times are quite reasonablegiven the scale of the model

3The tools needdd to constuct the bendmark examples from
the PicoJasa 1l source code can be found at http://w  ww-
cad.eecs. berkeley.edu/  “kenmcmil .
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checkirg problems,shaving thatthe SAT solver is not unduly
slowed by the large amoun of irrelevant logic.

Figure5 shawvsthefractionof total runtime spentin thetwo
phase®f thealgoithm. The solid partof the barsrepresetthe
total time spentin the boundedmodel checkng phasewhile
the openpartrepresentsthe total time spentin the unbaunded
modé checkirg phaseNotethatin mostcasesthe bottleneck
is bourded model checkiry.

What these data clearly showv is that the SAT solwer is
effective at isolating the part of the logic that is relevart to
the given property, at leastin the casewhenthis part of the
logic is relatively small.

As an additioral point of comparison, Figure 6 compares
the perfamanceof the prod-basedabstractiorapprach with
resultspreviously obtainedby Baumgainer et al. [2] on a set
of bencimarkmodelcheckirg prablemsderived from the IBM
Gigatertz ProcessorTheir methodinvolved a combinaion of
SAT-basedbownded model checkirg, structual methals for
bourding the depthof the statespaceandtarget enlagement
usingBDD's. Eachpoint on the graphrepresentshe averag
veri cation or falsi cation time for a collection of properties
of the samecircut model. The averagetime in secondsfor
prod-basedabstractionis representedn the X axis, while
the averagetime in secondsobtaired by Baumgamer et
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al. is representen the Y axis? Thus, a point abore the
diagmal line representsa lower averagetime for proofbased
abstractionfor one benchnark. Note that in several cases
proof-basedabstractio has an adwentage of two ordes of

magritude. A time of 100 secondsindicaes that the truth

of one or more propertiesin the benctimark could not be

deternined. Of the 28 individual propeties that could not be

resohed by Baumgatner et al., all but one are successfully
resoled by the proofbasedabstractiormethod Excludng this

failed benchnark, the largestaveraye time for the proofbased
methal is 2.8 second. The clear condusion is that proof

basedabstractiorprovidesa better bourd thanthe structural
methal.

4The processospeeddor the two setsof experimentsareslightly different.
Baumgarter et al. usedan 800MHz Pentiumlll, ascomparedo a 930 MHz
Pentiun Il usedhere The resuts presenéd here have not beenadjused to
re ect CPU speed



B. A (fuzzy)hypottesis

The fact that the unbounded model checler is able to
checkthe abstractionin mostcaseswhenthe bourded mocel
checking succeedsuggestan interesting(if somevhat infor-
mal) hypothesis:that is, that bourded modé checkng using
SAT solvers tendsto succeedwhen the numbe of relevart
variables is small, and to fail when the number of relevant
variabdes is large. Thus far we have testedonly the case
when the number of relevant varialles is small. To test the
other end of the spectrun, one possibleapgoachis to use
a set of scalablebenchnarks, in which all or most of the
statevarialles are known to be relevart. Suchexamges tend
to occur for exanple, in protcacol ver cation. Here, absent
ary fault tolerancemeclanism,a droppedbit anywhere in the
systemtendsto causethe pratocol to fail.

We will corsider rst a simplemocel of a cachecoheence
protacol dueto Steven German[7]. This mocel is parameter
izedby , number of processors.The property to be proved
is that, if thereis an “exclusive” copy of a cacheline in
the system,then thereis no other copy. Empiically, the the
depthof the statespaceof this mocel is found to be
transitions.Applying bourded model checkng to the mockl
at this depth we nd thatthe largestinstanceof this problem
we cansolve within 1800second is , which hasonly
42 statevariabes (of which 37 arefound to berelevant) This
is quite surprisingconsideing the extreme simplicity of this
modé relative to the PicoJaa |l benchnarks.In thatcasethe
SAT solver managdto solve CNF SAT problemswith on the
order of 1 million variables,while in this caseit fails with
only about40,0® variables.On the other hand the number
of relevant stateholding variablesis rouchly similar to what
was handledin the PicoJ&a Il bencimarks.

As anothertestcase et us conside a simplecircuit we will
call swap. This circuit has  -bit registers.At eachclock
cycle, it inputs a nunber , and swapsthe valuesof register
andits neighor mod . We setthe numter of bits to

sothatwe caninitialize all of theregistersto differen
values.The property to prove is thatregisters and always
differ. Clearly, if we unmnstrainthe valueof any oneregister
the property will be false,sinceby a seriesof swaps,we can
transferthe valueof ary registerto register0. Interestingly we
nd thatthelargestinstanceof swap thatwe cansuccessfully
apply bounded modelcheckimg to is , corresponghg to
21 statebits. At , and , the zChaf solwer failed
to solve a SAT prodem with only 13% varialdes in over 40
hous!

Testing SAT solvers on other hardware designstendsto
conrm the following trend: when proofs are successfully
produced by the SAT solwer, they tend to involve only a
small nunber of variablesin an absolutesense.Figure 7
shavs results on the set of prodems in a collection of
hardware veri cation benchmarks used at CadenceDesign
Systems Each point represents single benchnark problem,
with the X axis giving the original numter of statevarialles,
andthe Y axis the numter of statevaluesin the abstraction
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resulting from the longestsuccessfubounded model check
ing run in the proof-basedabstractionprocedure The trend
is clear: successfulbounded model checkirg runs tend to
produce prods of unsatis ability using a small numkber of
state variables, indepenlent of the nunber of original state
variables. This mears that,mostof thetime, if bourdedmodel
checling succeedsinbaindedmodelchecling ontheresulting
abstractionwill also succeedso thereis needto settlefor a
bounded veri cation. On the other hand, it may also mean
thatboundedmodelcheckirg is only applicablein practiceto
localizable propeties.

IV. MODEL CHECKING BASED ON CRAIG INTERPOLATION

We now conside an alternatve appoach that exploits
refutations of bourded model checling instanceso geneate
an overapgoximatedimageopeator [10]. This methoddoes
not rely on a standardnodel checler. Ratherit usesentirely
SAT-basedmethodsto perform symbdic mocel checkirg.

Theimageapprximationis basedon the notion of a Craig
interpolant[6]. Givena pair of propositionalformulas ,
andaproof by resolutionthat and areinconsistentywe can
derive aformula calledaninterpolant for in lineartime.
An interpolant for is aformula  with the following
properties:

implies
is unsatis able,and
refersonly to the comman variadlesof and

A simpleandefcient constretion for the interpdant canbe
found in [10].

A. Approximateimage basedon interpolation

Given a setof constraits  charactaring the transitions
of asystemandpredicate charaterizinga setof statesthe
forward imageof , denotel IMG , Is the set of states
that can be reachedfrom a statein  via a transitionin
We canwrite this as

IMG



A symbdic mockl checler evaluatesthis predcate symbdi-

cally to computearepresetationof theimage.Thisimagecan
then be iteratedto a x ed point to compute a representation
of the setof states reachake from aninitial state,accordng

to the following recurence:

IMG

There is a path from the initial condtion to the nal
condtion  exactly when is satis able.

The reaclable stateset may however, containsigni cantly
more information than is neededto shav that is not
reachale. By careflly overapprximating the image op-
erator we may simplify the problem without affecting the
reachallity of . An overappoximateimageopeatoris an
operaor IMG , suchthat, for all predcates , IMG
implies IMG . Using IMG , we can compue an over
apprximation of the reachale states.We will say that
an over-apprximate image operato IMG is adeguate with
respectto the nal condtion when,for ary thatcannad
reach , IMG canrot reach . In other words, an
adequate over-appoximation doesnot add ary statesto the
image that can reachthe nal cordition. Clearly, if IMG is
adeqate, then is reaclable exactly when it is consistent
with , the overappioximated reachablestates, since no
statesthatcanreach have beenaddedto . The question
of course,is how to compute an adeqate IMG .

One answeris to bourd our notion of adequag Let's say
thata -adegateimage opaator is an IMG such that, for
ary thatcannotreach ,IMG cannad reach within

steps We notethatif is greaterthanthe diameterof the
statespacethen -adegateis equivalentto adegate,sinceby
de nition ary statethat canbe reacheccanbe reacted within
the diameer.

The ideais that we can usebourded mockl checkirg and
interpdation to compute a -adeqateimageopertor We set
up a bonndedmodel checkingformula to determire whether
our stateset canreach in steps.However, we break
this formula into to parts:

This formula is depictel in Figure 8. If is satis able,
then canreach , sothe image operato can yield ary
over-apprximation the simplestbeing the predcate TRUE.
On the otherhand if it is unsatis able,we can compue an
interpdant for the pair . Note that the vaiables
comma to and arein theset |, thatis, the vaiables
represeting the stateat time 0. Thus, is a propositional
formula over . In fact, the set of statesImG
is a -acequateoverappraimation of IMG

This fact derives directly from the de ning properties of
an interpdant. Since implies , it follows that
every statein IMG is reachablefrom  in one step,
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Fig. 8. Forward imagebasedon interpolation..

hencelmc is an overapgoximatian. Further since

is incorsistentwith it follows that no statein IMG
canreach in stepsHencelmG is -adeqate.Onewayto
think abou this is that the interpdant is an abstractionof
containing just the information from  that the SAT solver
usedto prove that canna reach in steps.Thus, it
is in a sensean abstractiorof the forward imagerelative to a
(boundedtime) property.

Now supp@e we use this -ademate image opeator to
compute an overapprximation of the reackable states . If
we nd that is unreabable(i.e, is unsatis able),we
know that canndreach .If we nd that is reachableit
maybethatwe have overapprximatedtoo much In this case,
however, we cansimply try againwith alargervalueof . Note
thatif the boundedmodel checkirg formua turns out
to be satis able in the rst iteration (when ) then is
in factreachale andwe canterminatewith a counteexamge.

It is easyto shaw thatif wekeepincreasiig , this procelure
musttermirate with eithera proof or a counterexanple. That
is, if we keepincreasing , eitherwe will obtaina counteex-
ample,or will becane greaterthanthe diameterof the state
space.ln the latter case,our -adequateimageopeator is in
fact an adequatdmage operdor, so our reachabity answer
must be corred. In practice,we nd that the valuesat
which we terminde are geneally smallerthan the diameter
This diametetbased termination bound contrastswith the
termindion bownd for the -induction method [15] which
is length of the shortest simple pathin the statespace(also
calledthe recurencediameter) The shortestsimple path can
be exponentially longe thanthe diameter

B. Practicd experience

The performarce of theinterpolatic-basednodelcheckirg
procedurewastestedon the PicoJaa Il andIBM bencimark
setsdescribedabore. Of the twenty PicoJaa benchnarks, all
but one were successfullyveri ed by the interpdation-based
metha. Figure 9 shovs a compaison of the interpdation-
basedmethodagainstthe proof-basedabstractionrmethal. In
the gure, eachpoint represets onebencimark prodem, with
the value on the X axis representing the time in seconds
requred for the earlier prod-basedabstractionmethal, and
thetime onthe Y axisrepreseting thetime in second taken



by the interpdation-basedmethod® A time value of 1000
indicates a time-ou after 1000 seconds.Points below the
diagaal therebre indicatean adwentagefor the interpdation
method We obseve 16 wins for interpolation and 3 for
prod-basedabstractionwith one problem solved by neither
method In ve or six cases,the interplation metha wins
by two orders of magnitude. Since both method are limited
by boundedmodkl checkingtime, what this shaws is thatthe
interpdation methal tendsto terminateat smallervalues of
(thowgh both reachthe diameterin the worst case).
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Next we compre the interpdation-basedmethod against
prod-basedabstractionon the IBM bencimarks. The results
are shovn in Figure 10. Thowh the results are mixed, we
nd thatoverall the adwentagegoesto proof-basedabstraction
(both successfullysolve the sameset of prodems). This ap-
pearsto be dueto thefactthata large numter of propertiesin
the benchnark setarefalse(i.e., have counteexamples). The
prod-basedabstractiormethodtendsto nd courterexanples
more quickly becausein effect the standardmodel checler
quicKy guidesthe bourded mocel checler to the right depth
while the proof partition method systematicallyexplores all
deptts. Figure 11 compaes the two methals on only those
individual properties that are true, shoving an adwentage
for interpolatio. This suggestghat a hybrid metha might
provide the bestresultsoverall.

Finally, in Figure 12 we compae the performane of
the interpdation methodto the -indudion method[15] on
the PicoJaa benchnarks. The -induction methal terminates
within thetime limit on 8 of the 20 prodems,asopposedto 19
of 20 for the interpdation methal. The -induction methodis
actuallyfasteron four relatively easyprodems.Theseturn out

5Times for the preset methodinclude only the time actudly usedby the

SAT solver. Overhead in generding the unfoldingsis not couned, sincethis

wasimplementedinef ciently. An efc ient implemenation would re-usethe

unfolding from oneiteration to the next, thus making the unfolding overheal

negligible. Time to geneate the interpolants was also negligible. A value of
was usedfor theseruns.
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to be propositionaltautolajies, and are therebre O-indictive.
On the whole, however, the -induction is consideably less
effective on thesebencimarksthaninterplation-lasedmodel
chechng.

V. CONCLUSION

We have consideredwo methals of mockel checling thatex-
ploit a SAT solwer's ability to produce refutatins to bourded
mockl checling prablems.Both method arein effect methals
of abstraction(oneproducesa structuralabstractionwhile the
other producesan abstractimage operato). Both exploit the
SAT solversability to corcentrateon relevantfactsandignore
irrelevantonesandtendto beeffective on prodemscontainirg
a large setof factsof which only a small number arerelevant
to the given property.

This suggestghat the methals might be particdarly use-
ful in software mockl checkiry, for several reasons.Soft-
ware modelchechng is typicdly basedon prediate abstrac-
tion [14]. In this method thein nite statespaceds rediwcedto a
truth valuation of a nite setof predcates.The succes®f this
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apprach requres a judicious chdce of predicdes. However,
if the modé checler is able to effectively ignore predcates
that are not relevart to the property, thenit might be that a
signi cantly larger set of predicatescould be used without
payirg a large penaltyin mocel checkirg cost.

In addition software model checlers typically use the
“Cartesianabstractioh to redwce the explosion in predcate
statesIn this abstractio, statesareessentiallyBooleancubes,
and information about the correlation of predcate values
can be lost, leading to false counterexanples. Using the
interpdation methal, however, only those correlatios that
are actually usedin the SAT solvers proof will be present
in the interpolant. Thereis no needto apply the Cartesian
abstraction hene false counteexamplesmight be avoided
It should also be noted that Craig interpolation is possible
in rst order theoriesas well as propositional theaies. This
meansthat an interpdation-basedimage operaor might be
useddirectly to compute invariants expressedin rst order
logic. Becausethereis no nite diameterbound for in nite
state systems,the interpdation metha might not terminae.
However, it might be effectively usedin corjunction with
prediatesto strengtherthe resultand avoid false negatives.
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