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Abstract. We presentnew insightsandalgorithmsfor converting
reasoningproblemsin monadicFirst-OrderLogic (includesonly 1-
placepredicates)into equivalentproblemsin propositionallogic.Our
algorithmsimprove over earlierapproachesin two ways.First, they
are applicableeven without the unique-namesanddomain-closure
assumptions,andfor possiblyin�nite domains.Therefore,they apply
for many problemsthatareoutsidethescopeof previoustechniques.
Secondly, our algorithmsproducepropositionalrepresentationsthat
aresigni�cantly morecompactthanearlierapproaches,providedthat
somestructureis available in the problem.We examinedour ap-
proachon an exampleapplicationanddiscoveredthat the number
of propositionalsymbolsthatwe producedis smallerby a factorof

�������

thantraditional techniques,whenthosetechniquescanbe
applied.This translatesto a factorof about 	�
 increasein thespeed
of reasoningfor suchstructuredproblems.

1 Intr oduction

It is often advantageousto perform reasoningwith a First-Order
Logic (FOL) theoryby �rst transformingit into anequivalentpropo-
sitionaltheory(propositionalization) andthenusingpropositionalin-
ferencemethodson it [7]. Therearea numberof goodreasonsfor
this: PropositionalInferenceis decidableandthelast20 yearsof re-
searchhave resultedin relatively ef�cient andsuccessfulalgorithms
(e.g.[14, 13]).

The simplestpropositionalizationof a First-Ordertheory is ob-
tainedby creatingapropositionfor every groundatomof thetheory.
Quanti�ed variablesaresystematicallyreplacedwith constantsfrom
the languagein the theory. This leadsto �
��� ����� �
� ��� propositions,
where � ��� and � �
� arethenumberof predicatesandconstantsin the
FOL theoryand � is themaximumarity of any predicate.Thispropo-
sitionalizationrelieson theDomainClosure Assumption(DCA1; ev-
ery object in the universeis referencedby a constantsymbol),and
theUniqueNamesAssumption(UNA; every constantsymbolrefers
to a uniqueobject).

Propositionalizationis usedin a numberof applicationsinvolv-
ing First-Orderrepresentations,suchasplanning[8] andRelational
DataMining [10]. Many specializedpropositionalizationalgorithms
exist for suchdomainsthat useprior knowledgeto constructef�-
cient (small) propositionalizations.ILP systemssuchasLINUS [6]
usethe training datato guideconstructionof the propositionaliza-
tions.Bottom-UpPropositionalization[9] is tailoredfor biochemical
databasesand choosespropositionsby constructingfrequentlyoc-
curingfragmentsof linearlyconnectedatoms.

�

This is alsocalledtheClosed-World Assumption(CWA)

While the DCA holds for a numberof importantdomains(e.g.,
Planning)there are a numberof applicationswhere it is not rea-
sonable,notably in problemswith potentially unboundedor in�-
nite numberof objects.Also, the numberof propositionsthat are
generatedfor many problems(e.g.,planningproblems)is still pro-
hibitively large.We addresstheseproblemsin whatfollows.

In this paperwe presentalgorithmsthat propositionalizea gen-
eral monadicfunction-freeFirst-OrderTheory. Our algorithmsdo
not make the DCA or the UNA, and they yield a set of proposi-
tional symbolsthatis signi�cantly smallerthanpreviousalgorithms,
if somestructuralassumptionshold.Wedetailtheseresultsbelow.

First,weshow thateverymonadicFOL theory � (with or without
DCA,UNA) canbereformulatedinto apropositionaltheory, ��� , with
at most ��� �!�"� propositionalsymbols,if �$#%� arethenumberof
predicatesandconstantsymbolsin � , respectively. Consequently, we
achieveabettercomplexity boundfor thedecidableclassof monadic
FOL thanwasknown before:To thebestof our knowledge,thebest
earlierresultaboutinference(e.g.,satis�ability) in monadicFOL is

�
�&	('*)�+ ,

).-

� for a givenFOL formula / with 0 existentiallyquan-
ti�ed variablesor constantsymbols, 1 universally quanti�ed vari-
ables,and � predicates[5] (this follows from theneedto checkall

Herbrandstructuresof sizeat most 03254 67).- ). In comparison,our re-
sult is independentof thenumberof quanti�ers in / andis at most

�
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-;:

�*<=� (signi�cantly smallerin practice,usingcurrentpropo-
sitionalSAT solvers).

Secondly, weusestructure(in themannerof Partition-basedRea-
soning[3, 2]) to obtainapropositionalizationthathasanexponential-
factor fewer propositionsthan the oneabove. Our methodis quite
generaland doesnot requirespecialknowledgeof the underlying
domainor any semanticrestrictions.Precisely, in many real-world
caseswe can partition a given theory � into > loosely dependent
partitionsthatarearrangedin atreestructure.Eachpartitionincludes
axiomsthatarerestrictedto afractionof thevocabularyof � . If each
partition has 	9�@?9> predicatesand �A?9> constantsymbols,thenthe
numberof propositionsthatwe needis at most 2
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propositionalsymbols(comparedwith J
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nostructureis used).For furthercomparison,considerthecasewhen
we canmake the DCA,UNA. Currenttechniquesyield Q�#

�(���

#

�(���

propositionsfor thesameproblem.This is a factorof about
���

times
morepropositions(translatingto computationthatis slowerby afac-
tor of about 	(R

O ).



The restof this paperis organizedasfollows2. Section2.1 gives
somepreliminaryde�nitions andSection2.2 givesa motivatingex-
ample.Section3 introducestheproblemof Propositionalization,and
presentsour results and algorithm for propositionalizingwithout
DCA,UNA. Section4 presentsour algorithmfor compactproposi-
tionalizationusingstructureandananalysisof thenumberof propo-
sitionsit creates.

2 Preliminaries

2.1 De�nitions

Wemake somede�nitions herethatwe will uselater. Weassumefa-
miliarity with thestandardde�nitions of FOL. Recallthatanatomic
formula of a languageis of the form �
�TS

�BUVUVU

S

�

� , where � is a k-
placepredicateand S

�BUVUVU

S

�

areterms.Atomic formulasnotcontain-
ing variablesare called atoms. A signedatomic formula or literal
is eitheran atomic formula or a negatedatomic formula. The Ma-
trix of a formula W , denotedX�YZS\[(]_^;�_W"� , is theformulaobtainedby
deletingeachoccurrenceof a quanti�er aswell astheoccurrenceof
thevariableimmediatelyto its right. In this paperwe will mainly be
concernedwith monadicpredicates,i.e., predicatesof onevariable.
A factor is a monadicFirst-Orderformulathatis a monadicatomor
is of theform ` acbTdZ^;�_W

�fe

W

2

UVUgU

W

C

� whereeachW;h is amonadiclit-
eralwith argument̂ andeachpredicateoccursatmostoncein some

W;h .
For a logical theory i , j@�ki�� is its signature(thesetof non-logical

symbols)and lm�kiF� is its language(the set of formulasbuilt with
jn�kiF� ). j

�Vo%prq

�kiF� and j=s\t

C�u.v

�ki�� arethesetof predicatesymbolsand
constantsymbolsrespectively of i . For therestof thepaper, we as-
sumethatall logical theoriesarefunction-free.We will usethecon-
ventionthat w"#�xy#�� standfor constantsin a logical theory, ^c#Pz�#P{

arevariablesand Y�#P|(#P} areobjectsin a universe.

2.2 Moti vating Example

Considerthefollowing example.A factoryhastwo machines~

�

and
~

2 thatcanprocessitemsin incrementaltimesteps.Every itemis in
oneof > statesat any point in time.We use �•hP�•€�� to denotethatour
item is in state€ƒ‚„> at time ] . The machineis eitheravailableor
not at any point in time to treat itemsin state€ (it may treatmore
thanoneitem at a time, though,if they arein differentstates(e.g.,
considermachinesthat works with a pipeline)).We write ~

o

h

�•€�� to
saythatthemachine[ is availableat time ] to treatitem € .

Thefunctionof themachineis to preserve thestateof theitem. If
atagiventime,neithermachineis availableto processtheitem,then
it is lost.Thusthefollowing relationshold for every time step] .
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At certainprede�nedtime steps,if an item in a certainstatecan
bemovedto anotherstate.For examplein timestep 	(�ZQ

�

, anitem in
state

�

	 canbemoved to state 	9Š . We representthis informationas
follows.
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The authorswish to apologizefor the roughnatureof this manuscript.It
constituteswork in progress.The �nal versionwill be signi�cantly more
polished.

In addition,thereareanumberof constraintsontheschedulingof
themachines.For example,
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Assumethatwe know suchrelationshipsamongthe�rst Q•	�J time
steps,but have no knowledgeaboutstepsbeyond Q•	(J (e.g.,because
ourschedulingpersonneldonot look beyond Q•	(J steps).

Finally, supposethat we know that an item is in state Q initially
(time Q ), andwewishto know if it is possiblefor thesystemto reach
astate> aftersay, Q•	(J steps.Call theaxiomsabove � . Thenour task
is to determineif �

e

�

�

�.Q•�n� G‘�

�

2

‹

�k>*� .
Assumethatwe try to solve thisproblemby makingtheDCA and

a naive propositionalizationin the style of [8],, thenthe numberof
propositionalsymbolsis thenumberof constantstimesthenumberof
predicates,i.e., J

���“’

�(> , which is impracticalevenfor a smallnum-
ber of timesteps> . For example,for 	�J

�(�

stateswe get ŠM#%��”Z#5J

���

propositionalvariables,a numberthat is way beyond the capabili-
ties of currentSAT solvers.In the next two sectionswe will seean
approachthat leadsto a solutionfor this problemwithout DCA and
with at most 	

�

#

�����

variables(a reductionby a factorof J

�

), which
is a solvablesizewith state-of-the-artSAT technology.

3 PropositionalizingFirst-Order Theories

First-OrderTheory Propositionalization
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Table 1. Propositionalizationwith theDCA

Table1 givesexamplesof propositionalizationsof First-Orderthe-
ories,createdby replacinggroundatomswith thecorrespondingsub-
scriptedproposition(e.g �
�_w¥� with �

ž ), Universallyquanti�ed for-
mulaswith theconjunctionof their instantiations(

…

^;�_�
�k^��P•c~��k^Œ�P�

with �_�

ž

••~

ž

�

e

�_�

Ÿ

•=~

Ÿ

�

UgUVU ) andexistentiallyquanti�ed formu-
las with the disjunctionof their instantiations(e.g dM^F�
�k^c#P�“� with

�‡®

ž•¯

<*°

••�¦®

Ÿ•¯

<*°

UVUVU ).
Converting a First-Ordertheoryinto a propositionalsatis�ability

problemasshown, is neithersoundnor completeunlesstheDCA is
made.Theintuition is thattheremaybeamodel X with someobject
in its universeY suchthat �²± �kYf� is true.There, X³� GHdM�
�k^Œ� , but
thereneednotexist someconstantw in thetheorysuchthat �
�_wm� is
true,unlesstheDCA holds.

TheDCA is reasonablein a planningscenario,sinceoneexpects
the world to be moreor lesscompletelyspeci�ed by the initial as-
sumptionsand operatorde�nitions. Several techniqueshave been
employedin theplanningliteratureto obtainoptimizedpropositional
encodingsof planningproblemsstatedin a SituationCalculus[11]
formalism.Someuselifted causalencodings,anideaborrowedfrom
the TheoremProving communityandothersreducethe numberof
variablesby compilingaway statevariablesand�uents. A goodin-
troductionis [8].
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3.1 PropositionalizationWithout the DCA

We now demonstratea techniqueto constructa propositionalization
of amonadicfunction-freeFOL theorywith opendomainsemantics.
Althoughthis propositionalizationis soundandcomplete,it creates
an excessively large numberof propositions.In Section4 we de-
scribehow to make a morecompactpropositionalizationby usinga
PartitionedReasoningalgorithm.

It is commonto try to propositionalizea theory by creatinga
new constantfor everyexistentiallyquanti�ed variable.Thiswill not
work however for universallyquanti�ed formulas.For example,the
formula

…

^��
�k^Œ�g�&´�a=dM^Œa•�
�k^Œ�P� wouldbecome�
�k}•� for somenew
constant} , but this doesnot meanthe predicate� is true for every
argument.In general,it is impossibleto describeanalgorithmto con-
vert an arbitraryFOL formula into a propositionalizationsincethat
would imply theexistenceof a decisionprocedurefor FOL. Hence,
wechooseto concentrateondecidablefragments[5] of FOL,speci�-
cally monadiclogic.Essentiallyourideais to introduceaproposition
for every formulaof theform dM^FW , where W is a conjunctionof lit-
erals.Thepropositionalizationis constructedin sucha way that the
semanticmeaningof theexistentialoperatoris preserved.We show
that theresultingpropositionalizedtheoryis implicationallyequiva-
lent to theoriginal First-Ordertheory. Reasoningwith it is therefore
soundandcomplete.

De�nition 1. A monadicFirst-Order formula i in prenex form is
in proposition-readyform if X�Y�S.[9]&^c�ki�� is a conjunctionof disjunc-
tionsof factors.

Theorem 1. Algorithm Make-SPR (Figure 1) converts every
monadicFirst-Order formula i to a logically equivalentformula iFµ µ

in proposition-readyform.

For any monadicFOL formula i , let the resultof Make-SPRbe
thestandard proposition-readyform of i , ¶•�“·N�kiF� . We now de�ne
whatit meansto propositionalizei in syntacticterms.Firstwede�ne
the setof propositionsgeneratedfrom a given formula. If L is the
languageof a monadic�rst orderFormula i then,
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De�nition 2. ÉËÊ(lm�_j¦�‡ÌÍlm�_�¥[9¸%¹;�_j �P� is de�nedasfollows.
If i is in proposition-readyform,

1. If i�G‘�
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Finally, if i is not in proposition-readyform, then �¥[9¸5¹;�kiF�¿G

�¥[(¸%¹;�&¶•�“·N�kiF�P� .

Now, we show the relationbetweena monadicFOL Theoryand
its propositionalization.

Wede�ne asetof axiomsÕ¦�_�$#P�“� thatrelatevaluesof ourpropo-
sitions.Let �ÖG�»•�

�

#��

2

#

UgUVU

�

C

Á be a setof monadicFOL predi-
catesand � beasetof constants.Then,

Make-SPR(MonadicFOL formula i )

1. RearrangeX�Y�S.[9]_^;�ki�� into Conjunctive NormalForm W

2. Move theexistentialquanti�ersin thePre�x of i to theheadof the
formula,to give iyG‘dM^
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6. Rearrangei7µ µ into CNF
7. Return i7µ µ

Figure 1. Conversionto StandardPropositionReadyForm
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�kiF�P� . For ex-
ample,considerthe formula i in Table 2. The developmentof its
propositionalizationis shown.
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Table 2. Propositionalization

Intuitively, the Õ -set of a theory is the set of propositionalax-
ioms requiredfor consistency of the propositionalization.Eachax-
iom statesthat theexistenceof a constant} for which a conjunction
of literals instantiatedwith } canbe deduced,implies that the cor-
respondingexistential propositionis true. They ensurethat the in-
terpretationsof the propositionsareconsistentwith the underlying
First-Ordertheory. Ourmainresultfollows:

Theorem 2 (Consistency and Completeness). If �
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�

are monadic FOL theories, � � G

�

iff É����=�

e

Õ‡�_j

�Vo�p\q

���=�5#�j
s\t

C(u.v

���=�P�§� G‘É��

�

�

e

Õ¦�_j

�•o�p\q

�

�

�5#�j
s\t

C�u\v

�

�

�P�

Theorem2 formalizesthe idea that reasoningin É��kiF�
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equivalentto reasoningin i . Thus É��ki��

e

Õ‡�ki�� is thepropositional-
izationof i .
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Figure2. CompactPropositionalizingalgorithm

This approachcreates� ���

’

� �
���‘��
 � 
 propositions.In the next
sectionwe describea methodto reducethis numberby a signi�cant
amount.

4 Structure and CompactPropositionalization

Section3.1 describesa propositionalizationwhich can requirean
excessively large numberof propositions.An analysisof mostdo-
mainsshows that many of thesepropositionsare unnecessary. For
thepurposeof soundnessandcompletenessit is clearlynot required
to instantiatea literal with every possibleconstantasan argument,
but only thosefrom which usefulinferencescanbemade.Deciding
which propositionsto retainshouldthereforebeanimportantaspect
of an ef�cient propositionalizationalgorithm.Onepopularstrategy
hasbeento usetypedpredicatesor Many-sortedLogics [12] to re-
strict thesetof objectsthatcansubstitutefor anargumentin apredi-
cate.

We are interestedin a more generalsetting where an ef�cient
propositionalizationcanbederivedpurelyfrom thesyntacticfeatures
of thetheoryindependentof its intendedsemantics.Speci�cally, our
intention is to determinewhich predicatesneedto be instantiated
with which constantsby analyzingthe global propertiesof the the-
ory. Our idea is to usethe principlesof Partition-basedReasoning
[3, 2] to do so.

This describesanalgorithmthat�nds morecompactproposition-
alizationsusingpartitioning.We presentthis algorithm,its analysis
andanexampleapplicationin thefollowing.

4.1 Factored Propositionalization

We will now describeour factored propositionalizedalgorithm.
Brie�y , the theory is divided into domainssuchthat the predicates
andtheconstantsaredividedamongthedomainsasevenly aspos-
sible(Figure4 shows this appliedto our examplefrom Section2.2).
Then,eachsubdomainis individually propositionalized.After this
wemaychooseto doeitherof two things.Thepartitioningof thethe-
ory canberetainedandreasoningcanbedoneusingthe(soundand
complete)Message-Passingalgorithmsdescribedin [3, 2] (Hence-
forth, we call this Method 1). Alternatively, the domainscan be
mergedtogether, creatingasinglepropositionalizedtheory, to which
any propositionalconsequence-�ndercan be applied (Henceforth,
we call this Method2).

In this view, partition-basedreasoningis just a meansto an end
- It is a strategy to determinewhich propositionscanbe safely left
out, while maintainingcompleteness,by exploiting Craig's Interpo-
lation Theorem[4]. We expect that Method 1 will yield the faster

FORWARD-MP( »��3h&Á h

ä

C

#
�3#%~ )

1. »��3h\Á h

ä

C a partitioningof the theory � , � G ���‡#�0
#�Ùk� a graph
describingthe connectionsbetweenthe partitions, ~ a query in

lA�_w

�

�g�_� ‚D>c�

2. Determine� asin De�nition 3
3. Concurrently

(a) Performconsequence�nding for eachpartition �3h.#P]¦‚D> .
(b) For every �k]P#&€��"½ 0 suchthat ]���€ for every consequence/

of � Ø found(or / in � Ø ), if /Ó½ƒlA�_Ù\�k]P#r€��P� , thenadd / to the
setof axiomsof � h .

(c) If ~ is provedin �

�

returnYES

Figure 3. MessagePassing

reasoningalgorithm,but Method2 is presentedfor comparisonwith
otherpropositionalizationtechniques.Also, for certainapplications,
onemayneedto returna singlepropositionalizedtheory, ratherthan
a partitioneddomainwith a specializedmessage-passingalgorithm.

Formally, »�� h Á h

ä

C is a partitioning of a logical theory � if w¼G

Â•h��²h . Eachindividual �3h is calleda partition. Eachpartitioningde-
�nes a labeledgraph �HG����=#�0
#�Ùk� , which we call the intersection
graph. In theintersectiongraph,eachnode] representsanindividual
partition �

h
#•��� GÒ»�Q�#

UVUVU

#.>;Á9� , 0 G¼»Z�k]P#&€��V� j@���
h

���²jn���AØ(��� G���Á ,
and Ù\�k]P#r€��‡G�jn���²h&��� jn���

Ø
� .

Figure 2 presentsalgorithm PART-PROP. The input to PART-
PROP is a partitioningof the monadicFOL theory i andits inter-
sectiongraph � . PART-PROPpropositionalizeseachsub-theory�

h

andthe link languagesÙ\�k]P#r€�� in the mannerof Section3.1,andre-
turnsthePartitioningandintersectiongraphfor thepropositionalized
theory.

Recall our example from Section 2.2. ProcedurePART-PROP
(Figure2) appliesto it by examininga partitioningof thesetof ax-
iomsaspresenteddiagrammaticallyin Figure4.Here,everypartition
includesthesetof axiomsthatdescribetheeffectsof themachinebe-
ing readyandnot ready, aswell asknowledgeabouttheavailability
of themachinein differenttimesfor differentstatesof our item.The
edgesbetweenthe partitionsare labeledwith the setof nonlogical
(predicateandconstant)symbolsthataresharedbetweenpartitions.

Figure3 reproducestheMessagePassingalgorithmFORWARD-
MP from [3, 2]. Givenapartitionedtheory, its intersectiongraphand
query ~ in the languageof oneof the partitions �

�

, FORWARD-
MP will try to prove ~ . The ideais to reasonwithin eachpartition
independentlyandtransmitmessagesthatarein theintersectionlan-
guagesof partitions �3h.#��

Ø betweenthem.The algorithm usesan
orderingrelationbetweenpartitionsde�ned below:

De�nition 3 ( � ). Given partitioned theory � G��

h

ä

C
�

h , in-
tersection graph � G ���‡#�0
#�Ùk� and query ~ ½ lm���

�

� , let
�

]��gSV�k]P#&€��g�k]P#&€
½��²� bethelengthof theshortestpathbetweennodes
]P#&€ in � . Then]��ƒ€ iff

�

]��gSg�k]�#.�7� �

�

]��VSg�•€�#��7� .

Theorem3. Let �ËG
�

h

ä

C!�
h bea partitionedtheorywith thethe

intersectiongraph � beinga tree. Let �!‚Ï> and / a sentencein
lA���

�

� . If the reasoningprocedure in each partition is soundand
completefor consequence�nding in FOL, then �H� G¼/ iff
1. FORWARD-MP(PART-PROP(� )) returnsTRUE.
2. Consequence�nding onPART-PROP(� ) returnsÉ��_~3� .

Thesecorrespondrespectively to theMethod1 andMethod2 dis-
cussedabove. The proof of Theorem3 usesCraig's Interpolation
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theorem[4] statedbelow to show thatFORWARD-MP transmitsbe-
tweenpartitionsexactly thosemessagesthatarenecessaryfor com-
pleteness.

Theorem4 (Craig' s Inter polation Theorem). If �#"

�

, thenthere
is a formula $ ½¿lA�_jn���•���Ôjn�

�

�P� such that �%"&$ and $'"

�

.

FORWARD-MP ,asdescribed,will work only whenthe intersec-
tion graphis a treeandthequeryis containedin thelanguageof one
of thepartitions.It is possibleto modify FORWARD-PROPsuchthat
it workswhenneitherof theseconditionsaretrue.Thedetailswill be
givenin the�nal version,andarealongthelinesgivenin [3].

Thequality of thepropositionalizationobtaineddependson how
balancedthepartitionsare,thatis how evenlythepredicatesandcon-
stantsaredivided in the partitions.Finding a balancedpartitioning
canbedonewith humanguidanceor automatically. Theproblemis
reducibleto �nding graphdecompositionsof minimumtreewidth. A
goodreferenceis [1].

We concludethis sectionwith a note.Thealgorithmsabove give
soundandcompletepropositionalizationswithout theDCA by using
the Õ -sets.Even if we areallowed to make the DCA for the entire
problem,a partitionedpropositionalizationwould still needthe Õ -
setsfor completeness.Thereasonis that,even thoughthe theoryas
a whole is closed,eachindividual partition is not, as the constant
representinganobjectcouldbein a differentpartition.

4.2 Analysis

Considera theory i with j
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SupposethattheDCA is madein i . Thenthenumberof proposi-
tionsrequiredis � ����� �
� .
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we still getanimprovementin thenumberof propositions
thatis proportionalto thenumberof partitions.
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Finally, a computationexaminationof thepropositionalizational-
gorithmPART-PROPshows thatit takestimethatis linearin thesize
of theoutput.

4.3 The Factory ExampleRevisited

Recallthemachineschedulingproblemoutlinedin Section2.2.We
now outlineourPartition-Basedapproachto solvethisproblemprob-
lem.

We createa partition � h for every time step ] . andplacethe fol-
lowing (propositional)axiomsin it.(This is thepropositionalalization
of Equations1 and2)

a•0
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Note that we have usedthe fact that
…

^��
�k^��¿´ a=d7a•�
�k^Œ� ´

a•0“®ÑÄ

�B°

. Also, if thesystemallows theitem to move from state€ to
� at time step] , thenwe alsoadd

� h

Ø

†Í� h

:

�

�

thepropositionalizationof Equation3.
Similarily we proposition-
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Figure4. A partitioningof theory L

(Section2.2),whichdescribes
machinesanditem statein a factory.

alize any constraintson the
schedulesof ~

�

and ~ 2 that
mayexist andaddthemto the
appropriatepartition. Figure
4 givesan exampleof the �-
nal partitionedtheory(before
propositionalization).

Eachpartitionhasatleast4
predicates �;h.#��;h

:

�

#�~

�

h

#P~
2

h

(it may have more due to
additional constraints on
the ~ 's but we will assume
they arenot signi�cant). The
structural assumption we
make 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

>=�_�
R

�

� ’

	

�

� 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 solvableusingstate-of-the-
art SAT solvers.For comparison,we showed in Section2.2, that a
conventionalpropositionalizationcreatesnearly1 million proposi-
tional symbols,which is beyondthecapabilitiesof any currentSAT
solver.

5 Conclusionsand Futur eWork

We have describedalgorithmsthatconstructcompactpropositional-
izationsof function-freemonadicFirst OrderLogic Theoriesby ex-
ploitingstructurein them.Ourmethodsarequitegeneralandresultin
signi�cant savingsin thenumberof propositionalsymbolsrequired.
They have applicationsto a numberof domainsthatuselogical rea-
soningsuchasProgramVeri�cation, Deductive Databases,Planning
andCommonsenseReasoning.
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In thenearfuturewe expectto extendthis approachto reasoning
with equalityandbinarypredicates.We eventuallyintendto explore
applicationsof ourmethodsto PlanningandProbabilisticRelational
Models.
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