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Abstract. We presentew insightsandalgorithmsfor converting
reasoningoroblemsin monadicFirst-OrderLogic (includesonly 1-
placepredicatesinto equivalentproblemsn propositionalogic. Our
algorithmsimprove over earlierapproache@ two ways.First, they
are applicableeven without the unique-namesind domain-closure
assumptionsandfor possiblyin nite domainsThereforethey apply
for mary problemshatareoutsidethe scopeof previoustechniques.
Secondly our algorithmsproducepropositionalrepresentationthat
aresigni cantly morecompacthanearlierapproachegrovidedthat
somestructureis available in the problem.We examinedour ap-
proachon an exampleapplicationand discoveredthat the number
of propositionalsymbolsthatwe produceds smallerby a factorof

thantraditional techniqueswhenthosetechniquesanbe
applied.This translatego a factorof about increasen the speed
of reasonindgor suchstructuredoroblems.

1 Intr oduction

It is often adwantageougo perform reasoningwith a First-Order
Logic (FOL) theoryby rst transformingt into anequialentpropo-
sitionaltheory(propositionalizatioh andthenusingpropositionaln-
ferencemethodson it [7]. Therearea numberof goodreasongor
this: Propositionalnferences decidableandthelast20 yearsof re-
searchhave resultedn relatively ef cient andsuccessfullgorithms
(e.0.[14, 13)).

The simplestpropositionalizatiorof a First-Ordertheory is ob-
tainedby creatinga propositionfor every groundatomof thetheory
Quanti ed variablesaresystematicallyeplacedwith constantgrom
the languagein the theory This leadsto propositions,
where and  arethenumberof predicatesandconstantsn the
FOL theoryand isthemaximumarity of ary predicateThispropo-
sitionalizationrelieson the DomainClosure Assumptio(DCA®; ev-
ery objectin the universeis referencedy a constantsymbol),and
the UnigueNamesAssumptior{UNA; every constanisymbolrefers
to auniqueobject).

Propositionalizatioris usedin a numberof applicationsinvolv-
ing First-Orderrepresentationguchasplanning[8] andRelational
DataMining [10]. Many specializedpropositionalizatioralgorithms
exist for suchdomainsthat use prior knovledgeto constructef -
cient(small) propositionalizationslLP systemssuchasLINUS [6]
usethe training datato guide constructionof the propositionaliza-
tions.Bottom-UpPropositionalizatioff9] is tailoredfor biochemical
databaseand choosespropositionsby constructingfrequently oc-
curingfragmentsof linearly connectectoms.

Thisis alsocalledthe Closed-Wirld AssumptiofCWA)

While the DCA holdsfor a numberof importantdomains(e.g.,
Planning)there are a numberof applicationswhereit is not rea-
sonable,notably in problemswith potentially unboundedor in -
nite numberof objects.Also, the numberof propositionsthat are
generatedor mary problems(e.g.,planningproblems)is still pro-
hibitively large. We addressheseproblemsn whatfollows.

In this paperwe presentalgorithmsthat propositionalizea gen-
eral monadicfunction-freeFirst-OrderTheory Our algorithmsdo
not make the DCA or the UNA, andthey yield a set of proposi-
tional symbolsthatis signi cantly smallerthanpreviousalgorithms,
if somestructuralassumption$iold. We detailtheseresultsbelow.

First,we shav thatevery monadicFOL theory  (with or without
DCA,UNA) canbereformulatednto apropositionatheory , with
atmost propositionalsymbols,if arethe numberof
predicategndconstansymbolsn |, respectiely. Consequentlywe
achieve abettercompleity boundfor thedecidableclassof monadic
FOL thanwasknown before:To the bestof our knowledge,the best
earlierresultaboutinference(e.qg.,satis ability) in monadicFOL is

for agiven FOL formula with  existentially quan-
tied variablesor constantsymbols, universally quanti ed vari-
ables,and predicateg5] (this follows from the needto checkall

Herbrandstructuref sizeat most ). In comparisonourre-
sultis independenbf the numberof quanti ersin  andis at most

(signi cantly smallerin practice,usingcurrentpropo-
sitional SAT solvers).

Secondlywe usestructureg(in themannerof Partition-basedRea-
soning[3, 2]) to obtainapropositionalizationhathasanexponential-
factor fewer propositionsthan the one abore. Our methodis quite
generaland doesnot require specialknowledge of the underlying
domainor ary semanticrestrictions.Precisely in mary real-world
caseswe can partition a given theory into  loosely dependent
partitionsthatarearrangedn atreestructure Eachpartitionincludes
axiomsthatarerestrictedo afractionof thevocatularyof . If each

partition has predicatesand constantsymbols,thenthe
numberof propositionghatwe needis at most — . For
example,if , , , thenwe needat most

propositionasymbols(comparedvith when
no structurds used) For furthercomparisonconsidethecasenhen
we canmalke the DCA,UNA. Currenttechniquesyield
propositiondor the sameproblem.Thisis afactorof about times
morepropositiongtranslatingo computatiorthatis sloverby afac-
torof about ).



Therestof this paperis organizedasfollows?. Section2.1 gives
somepreliminaryde nitions andSection2.2 givesa motivating ex-
ample.Section3 introducegheproblemof Propositionalizationand
presentsour results and algorithm for propositionalizingwithout
DCA,UNA. Section4 presentur algorithmfor compactproposi-
tionalizationusingstructureandananalysisof the numberof propo-
sitionsit creates.

2 Preliminaries
2.1 De nitions

We make somede nitions herethatwe will uselater We assuméda-
miliarity with the standardde nitions of FOL. Recallthatanatomic
formula of a languages of the form , Where is ak-
placepredicateand areterms.Atomic formulasnotcontain-
ing variablesare called atoms A signedatomic formula or literal
is eitheran atomicformula or a negatedatomic formula. The Ma-
trix of aformula , denoted , istheformulaobtainedby
deletingeachoccurrencef aquanti er aswell asthe occurrencef
thevariableimmediatelyto its right. In this paperwe will mainly be
concernedvith monadicpredicatesi.e., predicatef onevariable.
A factor is amonadicFirst-Orderformulathatis a monadicatomor
is of theform whereeach isamonadidit-
eralwith agument andeachpredicateoccursatmostoncein some

For alogicaltheory , is its signaturg(the setof non-logical
symbols)and is its language(the set of formulasbuilt with
). and arethesetof predicatesymbolsand
constansymbolsrespectiely of . For therestof the paperwe as-
sumethatall logical theoriesarefunction-free We will usethe con-
ventionthat standfor constantsn a logical theory
arevariablesand areobjectsin auniverse.

2.2 Motivating Example

Considetthefollowing example A factoryhastwo machines and
thatcanprocesstemsin incrementatime stepsEvery itemis in
oneof statesatary pointin time. We use to denotethatour
itemis in state attime . The machineis eitheravailable or
not at ary pointin time to treatitemsin state (it may treatmore
thanoneitem at a time, though,if they arein differentstates(e.qg.,
considemachineghatworks with a pipeline)). We write to
saythatthemachine is availableattime to treatitem .
Thefunctionof the machines to presere the stateof theitem. If
atagiventime, neithermachines availableto procesgheitem, then
it is lost. Thusthefollowing relationshold for everytime step .

@)
@)

At certainprede nedtime steps,if anitemin a certainstatecan
bemovedto anotherstate For examplein time step , anitemin
state canbemovedto state . We representhisinformationas
follows.

®)

The authorswish to apologizefor the roughnatureof this manuscriptlt
constituteswork in progressThe nal versionwill be signi cantly more
polished.

In addition,therearea numberof constrainton the schedulingf
themachinesFor example,

Assumethatwe know suchrelationshipsamongthe rst time
stepsbut have no knowledgeaboutstepsbeyond (e.g.,because
our schedulingoersonnetio notlook beyond steps).

Finally, supposehatwe know thatanitem is in state initially

(time ), andwe wishto know if it is possiblefor the systemto reach
astate aftersay stepsCalltheaxiomsabore . Thenourtask
is to determindf .

Assumethatwe try to solve this problemby makingthe DCA and
a naie propositionalizatiorin the style of [8],, thenthe numberof
propositionabymbolsis thenumberof constantsimesthenumberof
predicatesi.e., , whichis impracticalevenfor asmallnum-
ber of timesteps . For example,for stateswe get
propositionalvariables,a numberthat is way beyond the capabili-
ties of currentSAT solwvers.In the next two sectionswe will seean
approachthatleadsto a solutionfor this problemwithout DCA and
with atmost variables(areductionby afactorof ), which
is asolvablesizewith state-of-the-arSAT technology

3 Propositionalizing First-Order Theories

First-OrderTheory Propositionalization

Table1l. Propositionalizationith the DCA

Tablel givesexamplesof propositionalizationsf First-Orderthe-
ories,createddy replacinggroundatomswith thecorrespondingub-
scriptedproposition(e.g with ), Universallyquanti ed for-
mulaswith the conjunctionof their instantiationg
with ) andexistentially quanti ed formu-
las with the disjunctionof their instantiationge.g with

Corverting a First-Ordertheoryinto a propositionalsatis ability
problemasshawn, is neithersoundnor completeunlessthe DCA is
made Theintuition is thattheremaybeamodel  with someobject
in its universe suchthat is true. There, , but
thereneednot exist someconstant in thetheorysuchthat is
true,unlessthe DCA holds.

The DCA is reasonablén a planningscenariosinceoneexpects
the world to be more or lesscompletelyspeci ed by the initial as-
sumptionsand operatorde nitions. Several techniqueshave been
employedin theplanningliteratureto obtainoptimizedpropositional
encodingsof planningproblemsstatedin a SituationCalculus[11]
formalism.Someuselifted causakncodingsanideaborrovedfrom
the TheoremProving communityand othersreducethe numberof
variablesby compiling away statevariablesand uents. A goodin-
troductionis [8].



3.1 Propositionalization Without the DCA

We now demonstrate techniqueto constructa propositionalization
of amonadicfunction-freeFOL theorywith opendomainsemantics.
Although this propositionalizatioris soundandcompletejt creates
an excessvely large numberof propositions.In Section4 we de-
scribehow to make a morecompactpropositionalizatiorby usinga
PartitionedReasoninglgorithm.

It is commonto try to propositionalizea theory by creatinga
new constanfor every existentiallyquanti ed variable. Thiswill not
work however for universallyquanti ed formulas.For example,the
formula would become for somenew
constant , but this doesnot meanthe predicate s true for every
argumentln generaljt isimpossibleto describeanalgorithmto con-
vert an arbitrary FOL formulainto a propositionalizatiorsincethat
would imply the existenceof a decisionprocedureor FOL. Hence,
we choosdo concentrat®ndecidablegfragmentg5] of FOL, speci -
cally monadidogic. Essentiallyourideais to introducea proposition
for every formulaof theform , where is aconjunctionof lit-
erals.The propositionalizationis constructedn suchaway thatthe
semantianeaningof the existentialoperatoris presered. We shav
thatthe resultingpropositionalizedheoryis implicationally equva-
lentto the original First-Ordertheory Reasoningvith it is therefore
soundandcomplete.

De nition 1. A monadicFirst-Oder formula
in proposition-readyorm if
tionsof factors.

in prene form is
is a conjunctionof disjunc-

Theorem 1. Algorithm Make-SPR (Figure 1) corverts every
monadicFirst-Order formula to alogically equivalenformula
in proposition-eadyform.

For ary monadicFOL formula , let the resultof Make-SPRbe
the standad proposition-eadyformof . We now de ne
whatit meango propositionalize in syntacticerms.Firstwede ne
the setof propositionsgeneratedrom a given formula. If L is the
languageof amonadicrst orderFormula then,

De nition 2. is de nedasfollows.
If isin proposition-eadyform,

1. If then

2. If then

3. If then

4. If , then

5. If , then
Finally, if  is not in proposition-eady form, then

Now, we shav the relationbetweena monadicFOL Theoryand
its propositionalization.

We de ne asetof axioms thatrelatevaluesof our propo-
sitions. Let be a setof monadicFOL predi-
catesand beasetof constantsThen,

Make-SPR(Monadi¢-OL formula )

1. Rearrange into Conjunctve Normal Form

2. Movetheexistentialquanti ersin thePre x of to theheadof the
formula,to give
3. For each
(a) For eachconjunct of
i.
Call the resulting Formula where

4. CorvertF' to Disjunctive NormalForm

5. For each
(a) For eachdisjunct of
i.
Let
6. Rearrange into CNF
7. Return

Figurel. Corversionto StandardPropositionReadyForm

. Forex-
in Table 2. The developmentof its

We sometimesise to mean
ample, considerthe formula
propositionalizatioris shavn.

SPR()

Table2. Propositionalization

Intuitively, the -setof a theoryis the setof propositionalax-
ioms requiredfor consisteng of the propositionalizationEachax-
iom statesghatthe existenceof a constant for which a conjunction
of literals instantiatedwith  canbe deducedjmplies that the cor
respondingexistential propositionis true. They ensurethat the in-
terpretationsof the propositionsare consistentwith the underlying
First-Ordertheory Our mainresultfollows:

Theorem 2 (Consistency and Completeness). If
and are monadic FOL theories, iff
Theorem2 formalizesthe ideathat reasoningn is

equivalentto reasoningn . Thus

izationof

is the propositional-



PART-PROP( )
1. a partitioning of the theory a graph
describingthe connectiondetweerthe partitions.
2. For do
(a)
(b) For do
i.
3.
4,
5. Return

Figure2. CompactPropositionalizinglgorithm

This approachcreates propositions.In the next
sectionwe describea methodto reducethis numberby a signi cant
amount.

4 Structure and Compact Propositionalization

Section3.1 describesa propositionalizationwhich can require an

excessvely large numberof propositions An analysisof mostdo-

mainsshaws that mary of thesepropositionsare unnecessaryor

the purposeof soundnesandcompletenesk is clearlynotrequired
to instantiatea literal with every possibleconstantasan argument,
but only thosefrom which usefulinferencescanbe made.Deciding

which propositiongo retainshouldthereforebe animportantaspect
of anefcient propositionalizatioralgorithm.One popularstratgy

hasbeento usetyped predicatesor Many-sortedLogics [12] to re-

strictthe setof objectsthatcansubstitutefor anargumentin a predi-

cate.

We are interestedin a more generalsetting where an ef cient
propositionalizatiortanbederivedpurelyfrom thesyntacticfeatures
of thetheoryindependenof its intendedsemanticsSpeci cally, our
intention is to determinewhich predicatesneedto be instantiated
with which constantdy analyzingthe global propertiesof the the-
ory. Our ideais to usethe principlesof Partition-basedReasoning
[3, 2] todoso.

This describesanalgorithmthat nds morecompactproposition-
alizationsusing partitioning. We presenthis algorithm, its analysis
andanexampleapplicationin thefollowing.

4.1 Factored Propositionalization

We will now describeour factored propositionalizedalgorithm.
Brie y, the theoryis divided into domainssuchthat the predicates
andthe constantare divided amongthe domainsasevenly as pos-
sible (Figure4 shaws this appliedto our examplefrom Section2.2).
Then, eachsubdomainis individually propositionalizedAfter this
we maychooseo do eitherof two things.Thepartitioningof thethe-
ory canberetainedandreasoningcanbe doneusingthe (soundand
complete)Message-&ssingalgorithmsdescribedn [3, 2] (Hence-
forth, we call this Method 1). Alternatively, the domainscan be
meigedtogetheycreatingasinglepropositionalizedheory, to which
ary propositionalconsequence- ndecan be applied (Henceforth,
we call this Method2).

In this view, partition-basedeasonings just a meansto an end
- It is a stratg)y to determinewhich propositionscanbe safely left
out, while maintainingcompletenesdyy exploiting Craig's Interpo-
lation Theorem[4]. We expectthat Method 1 will yield the faster

FORWARD-MP( )

1. a partitioning of the theory ,
describingthe connectionsbetweenthe partitions,

a graph
a queryin

2. Determine asin De nition 3
3. Concurrently
(a) Performconsequencending for eachpartition .

(b) For every suchthat for every consequence
of  found(or in ),if ,thenadd tothe
setof axiomsof

(c) If isprovedin returnYES

Figure3. MessagéPassing

reasoninglgorithm,but Method2 is presentedor comparisorwith
otherpropositionalizationtechniquesAlso, for certainapplications,
onemayneedto returna singlepropositionalizedheory ratherthan
apartitioneddomainwith a specializednessage-passirajgorithm.

Formally, is a partitioning of alogical theory if

. Eachindividual s calleda partition. Eachpartitioningde-
nes alabeledgraph , which we call the intersection
graph In theintersectiorgraph,eachnode representanindividual
partition , ,
and .

Figure 2 presentsalgorithm PART-PROP. The input to PART-
PROP is a partitioning of the monadicFOL theory andits inter-
sectiongraph . PART-PROP propositionalizegachsub-theory
andthelink languages in the mannerof Section3.1,andre-
turnsthePartitioningandintersectiorgraphfor thepropositionalized
theory

Recall our example from Section2.2. ProcedurePART-PROP
(Figure2) appliesto it by examininga partitioning of the setof ax-
iomsaspresentediagrammaticallyn Figure4. Here every partition
includesthesetof axiomsthatdescribeheeffectsof themachinebe-
ing readyandnot ready aswell asknowledgeaboutthe availability
of themachinein differenttimesfor differentstatesof ouritem. The
edgesbetweerthe partitionsare labeledwith the setof nonlogical
(predicateandconstantsymbolsthataresharechetweerpartitions.

Figure3 reproduceshe MessagePassingalgorithm FORNARD-
MP from [3, 2]. Givena partitionedtheory its intersectiorgraphand
query in thelanguageof one of the partitons , FORNARD-
MP will try to prove . Theideais to reasonwithin eachpartition
independenthandtransmitmessgesthatarein theintersectioran-
guagesof partitions betweenthem. The algorithm usesan
orderingrelationbetweerpartitionsde ned below:

De nition 3 ( ). Given partitioned theory , in-
tersection graph and query , let
bethelengthof theshortespathbetweemodes

in . Then iff

Theorem3. Let be a partitionedtheorywith thethe

intersectiongraph  beinga tree Let and a sentencen
. If the reasoningprocedue in ead partition is soundand

completefor consequencending in FOL, then iff

1. FORWARD-MP(FARFPROP( )) returnsTRUE.

2. Consequencending on PARTPROP( ) returns

Thesecorrespondespectrely to the Method1 andMethod2 dis-
cussedabore. The proof of Theorem3 usesCraig's Interpolation



theorem4] statedbelow to shav thatFORWARD-MP transmitsbe-
tweenpartitionsexactly thosemessagethatarenecessaryor com-
pleteness.

Theorem4 (Craig's Inter polation Theorem). If , thenthere

isaformula such that and

FORWARD-MP ,asdescribedwill work only whenthe intersec-
tion graphis atreeandthequeryis containedn thelanguageof one
of thepartitions.lt is possibleto modify FORWARD-PROPsuchthat
it workswhenneitherof theseconditionsaretrue. Thedetailswill be
givenin the nal version,andarealongthelinesgivenin [3].

The quality of the propositionalizatiorobtaineddependson how
balancedhepartitionsare thatis how evenly thepredicatesandcon-
stantsare divided in the partitions.Finding a balancedpartitioning
canbe donewith humanguidanceor automatically The problemis
reducibleto nding graphdecompositionsf minimumtreewidth. A
goodreferencas [1].

We concludethis sectionwith a note. The algorithmsabove give
soundandcompletepropositionalizationsvithoutthe DCA by using
the -sets.Evenif we areallowed to male the DCA for the entire
problem,a partitionedpropositionalizatiorwould still needthe -
setsfor completenessThe reasonis that, eventhoughthe theoryas
a whole is closed,eachindividual partition is not, as the constant
representin@nobjectcouldbein adifferentpartition.

4.2 Analysis
Consideratheory with .Let be
a partitioningof  into . Assumethat

and . The numberof propo-

sitions createdby a naive propositionalizationof  is
. Thenumberof propositionsneededo proposition-
alize is

Supposehatthe DCA is madein
tionsrequiredis

. Thenthe numberof proposi-

If the numberof constantsn thetheoryis fairly large,i.e.

we still getanimprovementin the numberof propositions
thatis proportionalto the numberof partitions.

Finally, acomputatiorexaminationof the propositionalizatioral-
gorithmPART-PROPshaws thatit takestimethatis linearin thesize
of theoutput.

4.3 The Factory Example Revisited

Recallthe machineschedulingoroblemoutlinedin Section2.2. We
now outlineour Partition-Baseapproactto solve this problemprob-
lem.

We createa partition  for every time step . andplacethefol-
lowing (propositionallaxiomsin it.(This is thepropositionalalization
of Equationsl and?2)

Note that we have usedthe fact that
. Also, if the systemallows theitem to move from state to
attime step , thenwe alsoadd

thepropositionalizatiorof Equation3.

Similarily we proposition-
alize ary constraintson the
scheduleof and that
mayexist andaddthemto the
appropriatepartition. Figure
4 givesan exampleof the -
nal partitionedtheory(before
propositionalization).

Eachpartitionhasatleast4
predicates
(it may have more due to
additional constraints on
the 's but we will assume
they arenot signi cant). The
structural assumption we
malke with this partitioning
is that only a limited set of
constants (ie. states), say
at most 20, appearsin each
partition.

Using Method 2 for this
propositionalization,we get
a propositionalization with *

proposi-
tional symbols. Substituting
the numberof time stepsto
be ,say 125 (from the exam-
ple in Section2.2) gives us
20,000 propositions, which
is sohableusingstate-of-the-
art SAT solvers. For comparisonwe shaved in Section2.2, thata
corventional propositionalizatiorcreatesnearly 1 million proposi-
tional symbols which is beyond the capabilitiesof ary currentSAT
solver.

Figure4. A partitioningof theory
(Section2.2),which describes
machinesanditem statein afactory

5 Conclusionsand Futur e Work

We have describedhlgorithmsthatconstructcompactpropositional-
izationsof function-freemonadicFirst OrderLogic Theoriesby ex-
ploiting structureén them.Ourmethodsarequitegenerabndresultin
signi cant savzingsin the numberof propositionaksymbolsrequired.
They have applicationgo a numberof domainsthatuselogical rea-
soningsuchasProgramVeri cation, Deductve Databases?lanning
andCommonsensReasoning.



In the nearfuture we expectto extendthis approactto reasoning
with equalityandbinary predicatesWe eventuallyintendto explore
applicationsof our methodgo PlanningandProbabilisticRelational
Models.

REFERENCES

(1]

[2]

(3]

(4]

(5]

(6]

(7]

8

[0

(10]

(11]

[12]

(13]

(14]

Eyal Amir, "Ef cient approximationfor triangulation of minimum
treavidth', in Proc. SeventeenthiConfeenceon Uncertaintyin Atrti -
cial Intelligence(UAI '01), pp. 7-15.MorganKaufmann,(2001).

Eyal Amir andSheilaMcllraith, *Partition-basedogical reasoning'in
Principlesof Knowledg Repesentatiorand ReasoningProc. Seventh
Int'l Confeence(KR '2000), pp. 389-400MorganKaufmann,(2000).
Eyal Amir andSheilaMcllraith, “Partition-basedogical reasoningor
rst-order and propositionaltheories', Arti cial Intelligence (2004).
Acceptedfor publication.

William Craig, LinearreasoningA new form of theHerbrand-Gentzen
theorem',Journal of Symbolid_ogic, 22, 250-268(1957).

Burton Drebenand WarrenD. Goldfarb, The decisionproblem; solv-
ableclasse®of quanti cational formulas Addison-Wesley, 1979.

S. DzeroskiandN. Lavrac, "Learningrelationsfrom noisy examples:
An empiricalcomparisorof linus andfoil', in Proceedingf the 8th
InternationalWorkshopon Machine Learning eds.,L. Birnbaumand
G. Callins, pp.399-402 MorganKaufmann,(1991).

P.C. Gilmore, A proof methodfor quanti cation theory:It's justi ca-
tion andrealization',IBM Journal of Reseath and Development4(1),
28-35,(Januaryl960).
HenryKautzandBart Selman, Pushingheenvelope:Planning propo-
sitionallogic, andstochastisearch',in Proc. National Confeenceon
Arti cial Intelligence(AAAI'96), (1996).

Stefan Kramer and Eibe Frank, *Bottom-up propositionalization',in
Proceedingsof the Work-in-Progress Tradk at the 10th International
Confeence on Inductive Logic Programming eds.,J. Cussensand
A. Frisch,pp.156-162(2000).

NadaLavrac Mark-A. Krogel and Stefan Wrobel, "Comparatie eval-
uation of approachegdo propositionalization in ILP, pp. 197-214,
(2003).

JohnMcCarthy and Patrick J. Hayes,” Somephilosophicalproblems
from thestandpoinbf arti cial intelligence',in Machinelntelligence4,
eds.,B. MeltzerandD. Michie, 463-502 Edinkurgh University Press,
(1969).

Karl Meinke andJohnV. Tucker, Many SortedLogic and its Applica-
tions Wiley ProffesionalComputing JohnWiley & Sons,Chichester
New York, 1993.

Matthev W. Moskewicz, ConorF. Madigan,Ying Zhao,Lintao Zhang,
and SharadMalik, “Chaf: Engineeringan Ef cient SAT Solwer', in
Proceedingsof the 38th Design Automation Confeence (DAC'01),
(2001).

Bart Selman Henry A. Kautz,and Bram Cohen, Noise stratgies for
local search',in Proc. 12th National Confeenceon Arti cial Intelli-
gence AAAI'94, Seattle/W, USA pp. 337-343(1994).



