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Abstract

Answer Set Programming(ASP) is a novel pro-
grammingparadigm,which allows to solve prob-
lemsin a simpleandhighly declarative way. The
languageof ASP (function-freedisjunctive logic
programming)isveryexpressive,andallowsto rep-
resenteven problemsof high complexity (every
problemin thecomplexity class

��������
	���

).

As for SAT solvers,the heuristicfor the selection
of thebranchingliteral (i.e., thecriteriondetermin-
ing the literal to be assumedtrue at a given stage
of thecomputation)dramaticallyaffectstheperfor-
manceof anASPsystem.While heuristicsfor SAT
havereceiveda fair dealof researchin AI, only lit-
tle work in heuristicsfor ASPhasbeendonesofar.
In this paper, we extend to the ASP framework
a numberof heuristicswhich have beensuccess-
fully employed in existing systems,andwe com-
parethemexperimentally. To this end,we imple-
mentsuchheuristicsin the ASP systemDLV, and
we evaluatetheir respective efficiency on a num-
berof benchmarkproblemstakenfrom variousdo-
mains. The experimentsshow interestingresults,
andevidencea coupleof promisingheuristiccrite-
ria for ASP, which sensiblyoutperformtheheuris-
tic of DLV.

1 Introduction
Answersetprogramming(ASP) is a declarative approachto
programming,which hasbeenrecentlyproposedin the area
of nonmonotonicreasoningand logic programming. The
knowledgerepresentationlanguageof ASP is very expres-
sive: function-free logic programswith classicalnegation
wheredisjunctionis allowedin theheadsof therulesandnon-
monotonicnegationmayoccurin thebodiesof therules.The
intendedmodelsof anASPprogram(i.e.,thesemanticsof the�
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program)aresubset-minimalmodelswhich are“grounded”
in a precisesense,they arecalledanswersets[Gelfondand
Lifschitz, 1991]. The ideaof answersetprogrammingis to
representagivencomputationalproblemby anASPprogram
whoseanswersetscorrespondto solutions,andthenusean
answersetsolver to find sucha solution[Lifschitz, 1999].

As an example, considerthe well-known problemof 3-
colorability, which is the assignmentof threecolors to the
nodesof a graphin sucha way thatadjacentnodeshave dif-
ferent colors. This problemis known to be NP-complete.
Supposethatthenodesandtheedgesarerepresentedby aset�

of factswith predicates������� (unary)and ������� (binary),
respectively. Then,the following ASPprogramallows us to
determinetheadmissiblewaysof coloringthegivengraph.����� �"!$#%!&�('*),+-�/.102�"!$#%!&�('*),+43(.502�6!/#7!$�8'*),+-9(.��-:<;1!&=�>�'*)?.�&@��A�-: >B=�98>�'*),+DCE.6+-�6!/#7!$�8'*),+GFH.6+-�6!/#%!&�8'*CI+6FH.

Rule J�K above statesthat every nodeof the graphis col-
oredredor yellow or green,while J � forbidstheassignment
of the samecolor to any adjacentnodes. The minimality
of answersetsguaranteesthat every nodeis assignedonly
one color. Thus, thereis a one-to-onecorrespondencebe-
tweenthesolutionsof the3-coloringproblemandtheanswer
setsof

�MLON J�K�P6J ��Q . Thegraphis 3-colorableif andonly if�RL N J�K�PGJ �8Q hassomeanswerset.
An advantageof answersetprogrammingoverSAT-based

programmingis thatproblemscanbeencodedmoreeasilyin
theASPlanguagethanin propositionalCNFformulas,thanks
to thenonmonotoniccharacterof disjunctionandnegationas
failure [Lifschitz, 1999]. Importantly, dueto thesupportfor
variables,everyproblemin thecomplexity class

� ��
(i.e., in�S	 ��


) can be directly encodedin an ASP programwhich
canthenbeusedto solve all probleminstancesin a uniform
way [Eiteret al., 1997].

Thehighexpressivenessof answersetprogrammingcomes
at the price of a high computationalcost in the worst case,
which makesthe implementationof efficient ASPsystemsa
difficult task. Nevertheless,someefforts have beendonein
this direction,anda numberof ASP systemsarenow avail-
able.Thetwo bestknown ASPsystemsareDLV [Eiteretal.,
2000], andSmodels[Niemel̈a,1999;Simons,2000], but also
othersystemssupportASPto someextent,includingCCALC
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[McCain and Turner, 1998], DCS [Eastand Truszczýnski,
2000T ], QUIP [Egly et al., 2000], andXSB [Raoet al., 1997].

The coreof an ASP systemis modelgeneration,wherea
modelof theprogramis produced,which is thensubjectedto
ananswersetcheck.For thegenerationof models,ASPsys-
temsemploy procedureswhich aresimilar to Davis-Putnam
proceduresusedin SAT solvers. As for SAT solvers, the
heuristic(branchingrule) for the selectionof the branching
literal (i.e., thecriteriondeterminingtheliteral to beassumed
trueatagivenstageof thecomputation)is fundamentallyim-
portant for the efficiency of a model generationprocedure,
anddramaticallyaffectsthe overall performanceof an ASP
system.While a lot of work hasbeendonein AI developing
new heuristicsandcomparingalternative heuristicsfor SAT
(see,e.g.,[HookerandVinay, 1995;Li andAnbulagan,1997;
Freeman,1995]), only little work hasbeendoneso far for
ASPsystems.In particular, wearenot awareof any previous
comparisonbetweenheuristicsfor ASP.

In this paper, we evaluatedifferentheuristicsfor ASPsys-
tems. To this end, we first considera coupleof heuristics
which have beenvery successfulin SAT solversor in non-
disjunctive ASP systems,andwe extendthemto the frame-
work of (disjunctive) ASP. We thenperforman experimen-
tation activity to comparethe differentheuristics. In partic-
ular, we implementthe heuristicsin the ASP systemDLV,
andwe comparetheir respective efficiency on a numberof
benchmarkproblemstaken from variousdomains. The ex-
perimentsshow interestingresults,andevidencea coupleof
promisingheuristiccriteria for ASP, which sensiblyoutper-
form the heuristicof DLV. Nevertheless,this paperis not at
all aconclusivework onheuristicsfor ASP;rather, it is afirst
stepin this field that will hopefully stimulatefurther works
on thedesignandevaluationof heuristicsfor ASP, which are
stronglyneededto build efficientASPsolvers.

2 Answer Set Programming Language
In this section,we provide a formal definition of the syn-
tax andsemanticsof the answersetprogramminglanguage
supportedby DLV: disjunctive datalogextendedwith strong
negation.For furtherbackground,see[GelfondandLifschitz,
1991;Eiteret al., 2000].

ASP Programs
A (disjunctive)rule J is a formulaU KWVYX&X&XZV U\[^]G_a` K P X&X&X P `cb Ped1f8g `&bBh K P X&X$X P�d1f(g `Bi2j
whereU K�P X$X&X P U [ P ` K�P X&X$X P ` i areclassicalliterals(atomspos-
sibly precededby thesymbol k ) and �WlRm5P&nolRpqlRm . The
disjunctionU K/VZX&X$XrV U\[ is theheadof J , while theconjunction` K P X&X$X P `&b P1d1f(g `cbBh K P X&X&X P4d1f(g `Bi is thebody, ` K P X&X&X P `cb the
positivebody, and d1f(g ` bch K�P X&X&X P4d1f(g ` i thenegativebody
of J . Comparisonoperators(like

� P$stP&utP$stu ) arebuilt-in
predicatesin ASP systems,andmayappearin the bodiesof
rules.

A disjunctivedatalog program (alsocalledASPprogram
in this paper)v is a finite setof rules.

As usual,an object (atom,rule, etc.) is calledgroundor
propositional, if it containsno variables.

Answer Sets
We describethe semanticsof consistentanswersets,which
hasoriginally beendefinedin [GelfondandLifschitz, 1991].

Givena programv , let theHerbrandUniverse wyx bethe
setof all constantsappearingin v andtheHerbrandBasez x
be the setof all possiblecombinationsof predicatesymbols
appearingin v with constantsof wyx , possiblyprecededby k .

A set { of literalsis saidto beconsistentif, for everyliteral|E} { , its complementaryliteral is not containedin { .
Givenarule J , ~EJ�����������J�� denotesthesetof rulesobtained

byapplyingall possiblesubstitutions� fromthevariablesin J
to elementsof w x . Similarly, givena programv , theground
instantiation ~EJ�����������v�� of v is theset �2�&� x ~EJ�����������J�� .

For every program v , we defineits answersetsusing its
groundinstantiation~EJ�����������v�� in twosteps,following[Lif-
schitz,1996]: First we definetheanswersetsof positivepro-
grams,thenwe givea reductionof generalprogramsto posi-
tive onesandusethis reductionto defineanswersetsof gen-
eralprograms.

An interpretation� is a setof groundliterals. A consis-
tent interpretation���oz
x is closedunder v (where v is
a positive program),if, for every J } ~EJ����������*v�� , at least
oneliteral in theheadis truewheneverall literalsin thebody
aretrue. � is an answerset for v if it is minimal w.r.t. set
inclusionandclosedunderv .

The reduct or Gelfond-Lifschitz transform of a general
groundprogramv w.r.t. aset ����z
x is thepositiveground
programv2� , obtainedfrom v by (i) deletingall rules J } v
whosenegativebodyis falsew.r.t. X and(ii) deletingtheneg-
ativebodyfrom theremainingrules.

An answersetof a generalprogram v is a set ����z
x
suchthat � is ananswersetof ~EJ����������*v�� � .

3 Answer Sets Computation
In this section,we describethe main stepsof the compu-
tationalprocessperformedby ASP systems.We will refer
particularlyto thecomputationalengineof theDLV system,
which will be usedfor the experiments,but alsootherASP
systems,like Smodels,employ a verysimilarprocedure.

An answerset program v in generalcontainsvariables.
Thefirst stepof a computationof anASPsystemeliminates
thesevariables,generatingagroundinstantiation��J�����������v��
of v .1 Thehardpartof thecomputationis thenperformedon
this groundASPprogramgeneratedby theinstantiator.

The heartof the computationis performedby the Model
Generator, whichis sketchedin Figure1. Roughly, theModel
Generatorproducessome“candidate”answersets.The sta-
bility of eachof themis subsequentlyverifiedby thefunction
IsAnswerSet(I), whichverifieswhetherthegiven“candidate”� is a minimal modelof theprogram~EJ�����������v��4� obtained
by applying the GL-transformationw.r.t. � and outputsthe
model,if so. IsAnswerSet(I)returnsTrue if thecomputation
shouldbestoppedandFalseotherwise.

1Notethat 9��&!&�\;5=�'*�S. is not thefull setof all syntacticallycon-
structible instancesof the rules of � ; rather, it is a subset(often
much smaller) of it having preciselythe sameanswersetsas �
[Faberetal., 1999a].
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Function ModelGenerator(I:Interpretation):Boolean;
var inconsistency: Boolean;
begin

I := DetCons(I);
if I = � then return False;(* inconsistency *)
if noatomis undefinedin I then return IsAnswerSet(I);
Selectanundefinedgroundatom � accordingto a heuristic;
if ModelGenerator(�H���&�H� ) then return True;
else return ModelGenerator(�H�,�B�8�$���H� );

end;

Figure1: Computationof AnswerSets

TheModelGeneratorfunctionis first calledwith parameter� setto theemptyinterpretation.2 If theprogramv hasanan-
swerset,thenthefunctionreturnsTruesetting � to thecom-
putedanswerset;otherwiseit returnsFalse.TheModelGen-
eratoris similar to theDavis-Putnamprocedureemployedby
SAT solvers.It first callsa functionDetCons(),whichreturns
the extensionof � with the literals that canbe deterministi-
cally inferred(or thesetof all literals   uponinconsistency).
This function is similar to a unit propagationprocedureem-
ployedby SAT solvers,but exploits thepeculiaritiesof ASP
for makingfurtherinferences(e.g.,it exploits theknowledge
thatevery answersetis a minimal model). If DetConsdoes
not detectany inconsistency, an atom ¡ is selectedaccord-
ing to a heuristiccriterion andModelGeneratoris calledon� L¢N ¡ Q andon � L¢N d5f(gE¡ Q . Theatom ¡ playstherole of a
branchingvariableof aSAT solver. And indeed,like for SAT
solvers, the selectionof a “good” atom ¡ is crucial for the
performanceof an ASP system.In the next section,we de-
scribea numberof heuristiccriteria for theselectionof such
branchingatoms.

4 Heuristics
Throughoutthis section,we assumethata groundASP pro-
gram v andaninterpretation� havebeenfixed.Here,wede-
scribetheheuristiccriteriathatwill becomparedin Section7.
Weconsider“dynamicheuristics”(theASPequivalentof UP
heuristicsfor SAT), thatis, branchingruleswheretheheuris-
tic valueof a literal £ dependson theresultof taking £ true
andcomputingits consequences.Given a literal £ , �/¤1¥c�D£2�
will denotetheintepretationresultingfrom theapplicationof
DetCons(seeprevioussection)on � LON £ Q ; w.l.o.g.,we as-
sumethat �$¤�¥c�D£¦� is consistent,otherwise£ is automatically
setto falseandtheheuristicis not evaluatedon £ at all.

Heuristic §©¨ . This is an extensionof the branchingrule
adoptedin thesystemSATZ [Li andAnbulagan,1997] – one
of themostefficientSAT solvers– to theframework of ASP.

The length of a rule J (w.r.t. an interpretation ª ), is the
numberof undefinedliteralsoccurringin J . Let w«�e¬ U ¥ b �D£2�
denotethe numberof unsatisfiedrules3 of length p w.r.t.�/¤1¥c�­£¦� , which have a greaterlengthw.r.t. � . In otherwords,w«�e¬ U ¥ b �D£¦� is the numberof unsatisfiedruleswhoselength

2Observethattheinterpretationsbuilt duringthecomputationare
3-valued,thatis a literal canbeTrue,Falseor Undefined(if its value
hasnotbeensetyet) w.r.t. to aninterpretation� .

3Recallthata rule � is satisfiedw.r.t. ® if thebodyof � is false
w.r.t. ® or theheadof � is truew.r.t. ® .

shrinksto p if thetruthof £ is assumedandpropagatedin the
interpretation� . Theweight ¯SK��­£¦� is

¯ K �­£¦� ��� b�° K w«�e¬ U ¥ b �D£¦� �Z±�² b
Thus, the weight function ¯ K prefersliterals introducinga
highernumberof shortunsatisfiedrules. Intuitively, the in-
troductionof a high numberof shortunsatisfiedrulesis pre-
ferredbecauseit createsmoreandstrongerconstraintson the
intepretationso thata contradictioncanbe found earlier[Li
andAnbulagan,1997]. We combinetheweightof anatom £
with the weight of its complementd1f(g¦£ to favour £ such
that ¯ K �D£¦� and ¯ K �*d1f(g¦£¦� areroughly equal,to avoid that
a possiblefailure leadsto a very badstate. To this end,as
in SATZ, we definethecombinedweightcomb-̄SK��­£¦� of an
atom £ asfollows:

comb-̄SK8�D£¦� � ¯SK��­£¦� � ¯SK��*d1f(g¦£¦� ��³ m�´�µ\¶
¯SK/�­£¦�6¶
¯SK���d1f8g¦£¦� j
Given two atoms ¡ and z , heuristic · K prefers z over¡ ( ¡¸sS¹ K z ) if f comb-̄ K �º¡«�»s comb-̄ K �Dz�� . Once as ¹ K -maximumatom £ is selected,heuristic ·�K takes £ if¯SK��­£¦��u¼¯½K��*d1f(g¦£¦� , d1f(g¦£ else.

Heuristic §y¾ . Thesecondheuristicwe consideris inspired
to the branchingrule of Smodels– a well known ASP sys-
tem [Simons,2000]. Let ¿ÀªÁ¿ denotethe numberof atoms
which areeithertrueor falsein a (three-valued)intepretationª . Then,define ¯ � �D£¦� � ¿ �/¤�¥c�D£¦�$¿ j
Since ¯ � maximizesthe size of the resultingintepretation,
it minimizestheatomswhich areleft undefined.Intuitively,
this minimizesthesizeof theremainingsearchspace(which
is ´�Â , where � is thenumberof undefinedatomsin �/¤1¥c�­£¦� )
[Simons,2000]. Similar to Smodels,the heuristic · � cau-
tiously maximizesthe minimum of ¯ � �D£¦� and ¯ � �*d1f(gE£¦� .
More precisely, the preferencerelationship s ¹ � of · � is
definedas follows. Given two atoms ¡ and z , ¡Ãs ¹ �z if n<ÄÅ���D· � �D¡
�BPÆ· � �*d1f(gt¡
�6�Çs�nqÄÅ���­· � �ºz��cP"· � ��d5f(gtz��6� ;
otherwise, ¡ sS¹ � z if nqÄÅ���D· � �D¡
�cP"· � ��d5f(gt¡
�6� �
n<Ä­���­· � �ºz��BP"· � ��d1f8gtz��G� and n U ¤I�D· � �D¡
�BPÆ· � �*d1f(gt¡
�6�Èsn U ¤I�D· � �Dz��cP"· � �*d1f(gtz��6� . Oncea s ¹ � -maximumatom £ is
selected,heuristic · � takeseither £ or d1f(g¦£ , dependingon
thesameselectionprinciple.
Remark. It is worthwhilenotingthat theheuristicof Smod-
els, while following the above intuition, is more advanced
and sophisticatedthan · � . Unfortunately, it is definedfor
non-disjunctiveprograms,andcenteredaroundpropertiesof
unstratifiednegation.which is notsoimportantin our frame-
work. We do not seeany immediateextensionof Smodels’
heuristicto theframework of disjunctiveASPprograms.

Heuristic §ÊÉ . Let us considernow the heuristicusedin
theDLV system.Evenif this is more“naive” thantheprevi-
ousheuristics,we will benchmarkit in orderto evaluatethe
impactof changingthebranchingrule on thetestsystem.

A peculiarpropertyof answersetsis supportedness: For
eachtrueatom ¡ of ananswerset � , thereexistsa rule J of
the programsuchthat the body of J is true w.r.t. � and ¡ is
the only true atom in the headof J . Sincean ASP system
musteventuallyconvergeto a supportedinterpretation,ASP
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systemstry to keepthe interpretations“as much supported
as possible”Ë during the intermediatestepsof the computa-
tion. To this end,theDLV systemcountsthenumberof Un-
supportedTrue (UT) atoms,i.e., atomswhich aretrue in the
currentinterpretationbut still missa supportingrule (further
detailson UTs canbe found in [Faberet al., 1999b] where
they arecalledMBTs). For instance,the rule ]G_ ����¥©¤ im-
plies that ¤ mustbetruein every answersetof theprogram;
but it doesnot give a “support” for ¤ . Thus,in theDLV sys-
tem ¤ is taken true to satisfythe rule, andit is addedto the
setof UnsupportedTrue;it will beremovedfrom thissetonce
a supportingrule for ¤ will be found (e.g., ¤ V `�]G_�Ì is a
supportingrule for ¤ in theinterpretation� �^N ¤ÊP4d1f(g ` P Ì Q ).
Given a literal £ , let w«Í2�­£¦� be the numberof UT atoms
in �/¤1¥c�D£2� . Moreover, let w«Í � �D£¦� and w«ÍÏÎ��­£¦� bethenum-
ber of UT atomsoccurring,respectively, in the headsof ex-
actly 2 and3 unsatisfiedrules w.r.t. �/¤�¥c�D£¦� . The heuristic·�Î of DLV considerswEÍ2�D£¦� , w«Í � �D£2� and w«ÍÏÎ��D£2� in a
prioritized way, to favor atomsyielding interpretationswith
fewer w«ÍHÐ(w«Í � Ð8w«Í Î atoms(which shouldmorelikely lead
to a supportedmodel). If all UT countersareequal,thenthe
heuristicconsidersthe total number Ñ U ¥c�­£¦� of ruleswhich
aresatisfiedw.r.t. �/¤1¥c�D£2� . More precisely, given two atoms¡ and z :

1. ¡Òs ¹/Î z if w«Í2�D¡
��u»w«Í2�ºz�� ;
2. otherwise, ¡ s ¹/Î z if w«Í2�º¡«� � w«Í2�Dz�� andw«Í � �º¡
��u»w«Í � �Dz�� ;
3. otherwise, ¡ sS¹$Î�z if wEÍ � �º¡
� � w«Í � �ºz�� andw«Í Î �º¡
��u»w«Í Î �Dz�� ;
4. otherwise, ¡ s Î z if w«Í Î �º¡
� � w«Í Î �Dz�� andÑ U ¥c�D¡
�ZsRÑ U ¥c�ºz�� .
A sS¹/Î -maximumatomis selectedby the heuristic ·�Î of

DLV. Unlikethepreviousheuristics,·�Î considersonly atoms
(insteadof literals), and it doesnot take into accountwhat
happenswhen the selectedatom £ leadsto a failure (i.e.,�/¤1¥c��d5f(g¦£¦� is not consideredin theheuristic).

Heuristic §ÊÓ . Finally, we have considereda simple“bal-
ancedversion” ·1Ô of theheuristic ·1Î of DLV, wherealsothe
complementof anatomis evaluatedfor theheuristic.Given
anatom ¡ , let wEÍSÕº�D¡
� � w«Í2�D¡
��¶Ww«Í��*d1f(gS¡
� , w«ÍSÕ� �D¡
� �w«Í � �D¡
��¶<w«Í � �*d1f(gE¡
� , wEÍSÕÎ �º¡«� � w«ÍÏÎ(�º¡
��¶<w«ÍÏÎ���d5f(gt¡
� ,
and Ñ U ¥4ÕD�D¡
� � Ñ U ¥c�º¡«�½¶^Ñ U ¥c��d5f(gt¡
� . The heuristic · Ô
works preciselyas · Î , but considersthe primed counters.
Oncethe bestatomhasbeenselected,it is taken positive or
negative,dependingon ·1Î .
5 Benchmark Programs
To evaluatethedifferentheuristicspresentedin theprevious
section,we chosea coupleof benchmarkproblems:3SAT,
Blocksworld Planning,Hamiltonianpath,andStrategic Com-
panies.

3SAT is oneof thebestresearchedproblemsin AI andgen-
erally usedfor solving many other problemsby translating
themto 3SAT, solving the 3SAT problemandtransforming
thesolutionbackto theoriginaldomain:

Let Ö bea propositionalformula in conjunctive normal
form (CNF) Ö �Ò× [Ø7Ù K �º� Ø Ú K V j&j$j V � Ø Ú Î � wherethe � Ø Ú Û
areliteralsover thepropositionalvariables¤ K P j$j&j PG¤ i .Ö is satisfiable,if f thereexistsa consistentconjunction� of literals suchthat ��¿ � Ö (seee.g. [Papadimitriou,
1994] for a completedefinition).

3SAT is aclassicalNP-completeproblemandcanbeeasily
representedin our formalismasfollows:

For every propositionalvariable ¤ Ø ( ³<Ü Ä Ü n ), we add
the following rule which ensuresthat we eitherassumethat
variable¤ Ø or its complement�Ï¤ Ø true:

Ý�Þ\0¦;5Ý�Þ4ß
And for everyclause��K V j$j&j V � Î in Ö weaddtheconstraint�-: �8�&�Çà= � +ÆßÆß"ßB+ �8�$�áà=�â$ß
where ã� Ø ( ³�Ü Ä Ü�ä ) is ¤ Û if � Ø is a positive literal ¤ Û , and�Ï¤ Û if � Ø is a negative literal d1f(gE¤ Û .

Hamiltonian Path (HAMPATH) is anotherclassicalNP-
completeproblemfrom theareaof graphtheory:

Givenanundirectedgraph ~ � �DåÁP6æ2� , where å is the
setof verticesof ~ and æ is thesetof edges,andanodeU } å of thisgraph,doesthereexist apathof ~ starting
at U andpassingthrougheachnodein å exactlyonce?

Supposethat thegraph ~ is specifiedby usingtwo predi-
cates�����(�\���á� and U J Ì �º� P6ç�� 4, andthestartingnodeis spec-
ified by the predicate¬$¥ U J�¥ (unary) which containsonly a
singletuple.Then,thefollowing programsolvestheproblem
HAMPATH.

% Eachnodehasto bereached.�-:¢;5!&=�>�'*)?.6+ �8�$� �/>Bè��Æé\>B=�'*)?.6ß�/>Bè��Æé\>B=�'*)?.��-:Wê"ëÅè��cëÆ'*)?.6ßÒ�/>Bè��Æé\>B=�'*)?.Ï�-:íì�;1îZè�ëÅé�'*CI+­)?.6ß
% Guesswhetherto take a pathor not.ìº;1îZè�ë-é�'*),+ÅC«.�0¦!$��ëÅîZè�ë-é�'*),+-C
.e�-:<�/>Bè��Æé�>c=�'*)ï.6+-è��$�$'*),+ÅC«.6ß
% At mostoneincoming/outgoingarc!�-:¢ì�;1îZè�ë-é�'*),+ÅCE.6+-ì�;1îZè�ë-é�'*),+ÅC2ðB.6+-C2ñHòyC2ð$ß�-:¢ì�;1îZè�ë-é�'*),+ÅCE.6+-ì�;1îZè�ë-é�'*)qð/+4C
.6+-)<ñHò�)<ð$ß

Blocksworld (BW) is a classicproblemfrom the planning
domain,andoneof theoldestproblemsin AI:

Givenatableandanumberof blocksin a(known) initial
stateanda desiredgoalstate,try to reachthatgoalstate
by moving oneblock at a time suchthat eachblock is
eitheron top of anotherblock or the tableat any given
timestep.

Figure2showsasimpleexamplethatcanbesolvedin three
time steps:First we move block c to the table,thenblock b
on top of a,andfinally c on top of b.

initial:

b
c
a

c
b
a

goal:

Figure2: SimpleBW Example

4Predicateè��&� is symmetric,sinceundirectedarcsarebidirec-
tional.
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Dueto spacerestrictionswe refer to [Erdem,1999;Faber
et al., 1999a] for a completeencoding.

Strategic Companies (STRATCOMP) finally, is a
� ��

-
completeproblem,which hasbeenfirst describedin [Cadoli
et al., 1997]:

A holding owns Ì companies,eachof which produces
somegoods.Someof thesecompaniesmayjointly con-
trol others. This is modelledby meansof predicatesó J������ºôZPÆõ ³ PÆõt´8� ( ô is producedby õ ³ and õt´ ) andÌ ���Ï¥c�­õ«P"õ ³ P"õt´�PÆõ ä � (company õ is jointly controlled
by õ ³ , õt´ and õ ä ).
Now, somecompaniesshouldbe sold, underthe con-
straintthat all goodscanbe still produced,andthat no
company is sold which would still be controlledby the
holdingafterwards.A company is strategic, if it belongs
to a strategic set, which is a minimal setof companies
satisfyingtheseconstraints.

The answersetsof the following naturalprogramcorre-
spondoneto oneto thestrategic sets.Checkingwhetherany
givencompany õ is strategic is doneby brave reasoning:“Is
thereanyanswersetcontainingõ ?”ê �/'ºF
ðc.10�ê �/'ºFHö$.e�-:ï÷\�&!$=�'�îy+-F
ð/+6FHö/.6ßê �/'ºFH.��-:¢�"!&;5ë"'ºF�+GF
ð/+6FHö�+GFZø�.6+6ê �/'ºF
ðc.6+4ê �/'ºFHö$.6+6ê �$'ºFZø�.6ß

As in [Cadoli et al., 1997] we assumethat eachproduct
is producedby at mosttwo companiesandeachcompany is
jointly controlledby at mostthreecompaniesto allow for an
easierrepresentation.

6 Benchmark Data
For 3SAT, we have randomlygenerated3CNFformulasover� variablesusinga tool by SelmanandKautz [Selmanand
Kautz, 1997]. For eachsizewe generated8 suchinstances,
wherewe kept the ratio betweenthe numberof clausesand
the numberof variablesat 4.3, which is nearthe cross-over
point for random3SAT [Crawford andAuton,1996].

The instancesfor HAMPATH weregeneratedusinga tool
by Patrik Simonswhich hasbeenusedto compareSmod-
els againstSAT solvers (cf. [Simons,2000]), and is avail-
ableathttp://tcs.hut.fi/Software/smodels/misc/
hamilton.tar.gz. For eachproblemsize � we generated
8 instances,alwaysassumingnode1 asthestartingnode.

Theblocksworld problemsP3andP4havebeenemployed
in [Erdem,1999] to compareASPsystems,andcanbesolved
in 8 and9 steps,respectively. We augmentedtheseby prob-
lemsP5andP6which require11 and12 steps,respectively.
For eachof theseproblems,wegenerated8 randompermuta-
tionsof theinput.

For STRATCOMP, finally, we randomlygenerated8 in-
stancesfor eachproblemsize � , with � companiesand �
products.Eachcompany ù is controlledby oneto five com-
panies,wheretheactualnumberof companiesis uniformran-
domly chosen.On averagethereare1.5 Ì ���Ï¥ relationsper
company.

Thebenchmarkdataareavailableathttp://www.dbai.
tuwien.ac.at/proj/dlv/. All experimentswere per-
formedonanAthlon/750FreeBSD4.2machinewith 256MB
of main memory. The binarieswere producedwith GCC
2.95.2.

7 Experimental Results and Conclusion
Theresultsof our experimentsaredisplayedin thegraphsof
Figures3–6. In eachgraph,thehorizontalaxis reportsa pa-
rameterrepresentingthesizeof theinstance.On thevertical
axis, we report the averagerunning time (expressedin sec-
onds)over the8 instancesof thesamesizewe have run (see
previoussection).
Remark. All heuristicshavebeenimplementedin astraight-
forwardway, without optimizations,sotherunningtimesre-
portedin the graphare meaningfulonly for comparingthe
relativeefficienciesof theheuristics.

We have allowed a runningtime of 600 secondsfor each
problem instance. In the graphs,the line of an heuristic
stopswheneversomeprobleminstancewasnot solvedin the
maximumallowed time. The following table displays,for
eachheuristic,themaximuminstance-sizewheretheheuris-
tic couldsolveall probleminstancesin themaximumallowed
time. é � é @ é�â é\ú

3SAT 270 270 250 260
HAMPATH 80 40 70 ò 100
BW ò P6 ò P6 P5 ò P6
STRATCOMP ò 1200 ò 1200 ñ 700 ò 1200

As expected,heuristic· Î , the“native” heuristicof theDLV
system,which doesnot combinetheheuristicvaluesof com-
plementaryatoms,is theworst in mostcases.It doesnot ter-
minateontheinstanceP6of BW, it couldnotsolveany of the
benchmarkinstancesof STRATCOMP(it doesnot appearat
all in Figure5), andstoppedearlierthantheotherson 3SAT.

Heuristic · K , the extensionof SATZ heuristicto ASP, be-
haves very well on average. On 3SAT, BW, and STRAT-
COMP, ·�K couldsolve all benchmarkinstanceswe have run.
It is the fasteston BW andoneof the two fasteston 3SAT.
It shows a negative behaviour only on HAMPATH. In this
problem,consideringUnsupportedTrue literals seemsto be
crucialfor theefficiency.

Heuristic · Ô is surprisinglygoodcomparedto · Î . It is a
simple“balancedversion”of heuristic ·1Î (the heuristicval-
uesof thepositiveandof thenegativeliteral arecombinedby
sum).This simpleextensionto · Î dramaticallyimprovesthe
performance.Indeed,heuristic · Ô solvesnearlyall instances
weran(onlyon3SAT it stoppedabit earlierthanotherheuris-
tics). It is the bestheuristicon STRATCOMP and, impor-
tantly, on HAMPATH, whereit beatsall otherheuristicsof a
relevantfactor.

The behaviour of heuristic · � , basedon the minimization
of the undefinedatoms,is rathercontroversial. It behaves
verywell on3SAT andBW, but it is extremelybadonHAM-
PATH, whereit stopsat 40 nodesalreadyandis beateneven
by the“naive” heuristic · Î . This confirmsthat furtherstud-
ies areneededto find a properextensionof the heuristicof
Smodelsto theframework of disjunctiveASP.

Concluding,weobservethatbothheuristic·�K andheuristic· Ô , significantlyimprovetheefficiency of thenativeheuristic·�Î of theDLV system.Thedramaticimprovementobtained
by thesimplechangefrom ·�Î to ·1Ô , confirmsevenmorethe
importanceof a carefulstudyof branchingrulesin ASPsys-
tems.Thispaperis only a first stepin this field, we hopethat

639LOGIC PROGRAMMING AND THEOREM PROVING



further works will follow, for proposingnew heuristicsfor
ASPû andfor betterunderstandingtheexisting ones,in order
to improvetheefficiency of ASPsystems.
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Figure3: Blocksworld problems,averagerunningtimes
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Figure4: HamiltonianPathproblems,averagerunningtimes

700 800 900 1000 1100 12000.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

number of companies

av
er

ag
e 

ru
nn

in
g 

tim
e

h1
ý

number of companies

av
er

ag
e 

ru
nn

in
g 

tim
e

h2
ý

00.0ÿ0.5ÿ1.0�

number of companies

av
er

ag
e 

ru
nn

in
g 

tim
e

h4
ý

number of companies

av
er

ag
e 

ru
nn

in
g 

tim
e

Figure5: Strategic Companies,averagerunningtimes
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