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Abstract. Disjunctive Logic ProgrammindDL P) is avery expressie formalism:it al-
lowsfor expressinggvery propertyof nite structureshatis decidablén thecomplexity
class . Despitethis high expressienesstherearesomesimpleproperties,
oftenarisingin real-world applicationswhich cannotbeencodedn a simpleandnatu-
ral mannerEspeciallypropertieghatrequirethe useof arithmeticoperatorglik e sum,
count,or min) on a setof elementssatisfyingsomeconditions,cannotbe naturallyex-
pressedn classicDLP.
To overcomethis de ciency, we extend DL P by aggregatefunctions.In contrastto a
previousproposalwe alsoconsideithe caseof unstrati ed aggreyates We formally de-
ne thesemanticof the new languaggcalledDLP ) by meansof ageneralizatiorof
the Gelfond-Lifschitztransformationandillustratethe useof thenew construct®nrel-
evantknowledge-basegroblemsWe analyzethecomputationatompleity of DLP
shawing thattheadditionof aggrgatesdoesnotbring a highercostin thatrespectAnd
we provide animplementatiorof DLP  in DLV- the state-of-the-arDL P system—
andreporton experimentswvhich con rm theusefulnes®f the proposedxtensionalso
for theef ciency of thecomputation.

1 Intr oduction

Disjunctive Logic ProgramgDL P) arelogic programsvhere(nonmonotonichegationmay
occurin the bodies,anddisjunctionmay occurin the headsof rules. This languages very
expressie in a precisemathematicatenseunderthe answersetsemantic§GL91] it allows
to expressevery propertyof nite structureghatis decidablein the compleity class

. Thereforeunderwidely believedassumptiond) L P is strictly moreexpressvethan
normal (disjunction-fed logic programmingwhoseexpressvenesss limited to properties
decidablein  , andit canexpressproblemswhich cannotbe translatedo satis ability of
CNF formulasin polynomialtime. Importantly besidesenlaging the classof applications
which canbeencodedn the languagegisjunctionoftenallows for representingproblemsof
lower compleity in a simplerandmorenaturalfashion(see[EFLPOQ).

This work wassupportedby the EuropearCommissiorunderprojectsIST-2002-3357ANFOMIX,
IST-2001-32429CONS, and FET-2001-37004VASP. A preliminaryversionwas presentedat 13-
CAI'03.
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The problem. Despitethis high expressvenessthereare somesimple properties,often
arisingin real-world applicationswhich cannotbe encodedn DLP in a simpleandnatural
manner Among theseare propertieswhich requirethe applicationof somearithmeticop-
erators(e.g.,sum,times, count) on a setof elementssatisfyingsomeconditions.Suppose,
for instancethatyou wantto know if the sumof the salariesof the employeesworkingin a
teamexceedsa givenbudget(seeTeamBuilding in Section3). To this end,you should rst
orderthe employeesde ning a successorelation. You shouldthende ne a sumpredicate,
in arecursve way, which computeghe sumof all salariesandcompareits resultwith the
given budget. This approachthastwo dravbacks:(1) It is badfrom the KR perspectie, as
the encodingis not naturalat all; (2) it is inefcient, asthe (instantiationof the) program
is quadratic(in the cardinalityof the input setof employees).Thus,thereis a clearneedto
enrichDL P with suitableconstructdor the naturalrepresentationf suchpropertiesandto
provide meandor anefcient evaluation.

Contribution. We overcomethe above de ciency of DLP. Insteadof inventingnew con-
structsfrom scratchwe extendthe languagewith a sortof aggreyatefunctions, rst studied
in the contet of deductve databasesgndimplementthemin DLV [EFLPOQ — the state-of-
the-artDisjunctive Logic Programmingsystem.The main contributionsof this paperarethe
following:

We extendDisjunctive Logic Programmindyy aggreyatefunctionsandformally de ne the
semantic®f theresultinglanguagenamedDLP .

We addresknowledgerepresentatiorssuesshaving theimpactof the new constructon
relevantproblems.

We analyzethe computationatompleity of DLP . Importantly it turnsoutthattheaddi-
tion of aggreyatesdoesnot increasehe computationatompleity, which remainsthe same
asfor reasoningn DL P programs.

We provide animplementatiorof DLP in the DLV systemderiving new algorithmsand
optimizationtechniquedor ef cient evaluation.

We reporton experimentationgvaluatingthe impactof the proposedanguageextension
on ef ciency. The experimentscon rm that,besidegproviding relevantadvantagegrom the
knowledgerepresentatiopoint of view, aggreyatefunctionscanbring signi cant computa-
tional gains.

We compareDLP with relatedwork.

A previousversionof DLP [DFI 03] requiredaggregyateso honorstrati cation, thatis,
predicatesle ned by meansof aggreyatescould not mutually dependon oneanotherHere,
we lift this restrictionandallow for arbitrarily recursve de nitions. To thatendwe provide
a novel approactto de ning the semanticof DLP  programswhich naturallyextendsthe
original de nition of answersets.We alsodescribesuitableenhancement® theimplemen-
tationin orderto dealwith unstrati ed aggreyates.

2 TheDLP Language

In this section,we provide a formal de nition of the syntaxand semanticsof the DLP
language- anextensionof DL P by set-orientedor aggregate)functions.We assumehatthe
readeris familiar with standard L P; we referto atoms Jiterals,rules,andprogramsf DL P
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asstandad atoms standad literals, standad rules andstandad programs respectiely. For
furtherbackgroundsee[GL91,EFLPOQ.

2.1 Syntax

A (DLP ) setis eitherasymbolicsetor agroundset.A symbolicsetis a pair ,
where is a list of variablesand is a conjunctionof standarditerals® A ground
setis a setof pairsof the form ~ , Where is a list of constantsand is a

ground(variablefree) conjunctionof standarditerals. An aggregatefunctionis of the form
, Wwhere is a set,and is a functionnameamong , ,

. An aggregateatomis , where is an aggreyatefunction,
,and and (calledleft guard, andright guard, respectiely)
areterms.Oneof “ " and“ " canbe omitted.An atomis eithera standardDL P

atomor anaggregateatom.A literal isanatom oranatom precededy the default
negationsymbolnot; if  is anaggreyateatom, is anaggregateliteral.
A (DLP )rule isaconstruct

where arestandardaitoms, areatomsand , ,

. Thedisjunction is theheadof while the conjunction
is the bodyof . We de ne and . A rule
with anemptybody (i.e. ) is calleda fact,andwe usuallyomit the“ - ” sign.A

(DLP ) programis asetof DLP rules.

Syntactic Restrictions and Notation.

For simplicity, andwithout lossof generality we assumehatthe body of eachrule con-
tains at mostone aggregjateatom. A global variableof arule is a variableappearingn
somestandardatomof ; alocal variableof is avariableappearingolelyin anaggrejate
functionin

Safety. Arule is safeif thefollowing conditionshold: (i) eachglobalvariableof appears
in a positive standarditeral in the body of ; (ii) eachlocal variableof thatappearsn a
symbolicset alsoappearsn a positive literal in ; (iii) eachguardof an
aggregjateatomof is eithera constanbr a globalvariable.Finally, a programis safeif all

of its rulesaresafe.

Examplel. Considerthefollowing rules:

The rst rule is safe,while the secondis not, sinceboth local variables and violate
condition(ii). Thethird ruleis notsafeeither sincetheguard isnotaglobalvariable. g

Strati cation. Thisis a conceptoriginally introducedfor the useof negationin logic pro-
gramming.In our contet, it ensureghattwo predicatesle ned by meansof aggrgyatesdo

Y ntuitively, a symbolicset standdor thesetof -valuesmakingthe con-
junction true,i.e.,
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not mutuallydependn oneanotherOur original de nition andimplementatiorof DLP in
[DFI 03 imposeghis syntacticrestriction,which we now lift in the presenipaper though
we still differentiatestrati ed programsasthey allow for amoreef cient computatiorof the
instantiationof aggreyateatoms.

A DLP program is aggregate-stati ed if thereexists a function , calledlevel
mapping from the setof (standardpredicate®f to ordinals,suchthatfor eachpair and
of (standardpredicate®f , andfor eachrule thefollowing hold: (i) If appearsn
theheadof ,and appearsn anaggreyateatomin thebodyof , then ; and(ii) if

appearsn theheadof ,and occursin astandarcatomin thebodyof , then

Example2. Considerthe programconsistingof a setof factsfor predicates and , plusthe
following two rules:

Theprogramis aggreyate-strati ed asthelevel mapping

satis es the requiredconditions.If we addthe rule - , then no level-mapping
existsandthe programbecomesggraate-unstrati ed. -

Intuitively, aggreyate-strati catiorforbidsrecursionthroughaggrejates Strati ed aggre-
gatesarecomputationallysomeavhateasieyasthey canbe evaluatedstepby step,asthetruth
value of an aggrgyateatom cannotchangeafterit hasbeen x ed once.On the otherhand,
usingunstrati ed aggreates,one canencodeunstrati ed negation,and hencethe situation
becomedessclearin this case.

Con5|der for instance the (aggre@ate-unstrati ed)programconsistingonly of the rule

- . Neither nor isanintuitivemeaningor thepro-
gram, andneltherof thetwo isananswerset.Indeedtherule correspondg -
and - which doesnotadmitary answerset,either
2.2 Semantics
GivenaDLP program ,let  denotethesetof constant@ppearingn the
setof the naturalnumbersoccurringin -~ ,and  the setof standarcatomsconstructible
from the (standardpredicatef  with constantsn . Furthermoregivenaset ,

denoteghesetof all multisetsover elementdrom . Let usnow describethe domainsand
themeaningf theaggreatefunctionswe consider:

:de nedover ,thenumberof elementsn theset.
:denedover ,thesumof thenumberdn theset;0 in caseof theemptyset.
:over |, theproductof the numbersin the set; 1 for the emptyset. ,

: de ned over , the minimum/maximumelementin the set; if the set
containsalsostrings,thelexicographicorderingis considered.

If the argumentof an aggregatefunction doesnot belongto its domain,the aggreate
evaluatedo false(denotedas ) andourimplementatiorissuesawarning.

2 and over stringsarenot yet supportedn the currentimplementation.
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A substitutionis a mappingfrom a setof variablesto theset  of the constantsn
A substitutionfrom the setof global variablesof arule (to ) is a global substitution
for r; a substitutionfrom the setof local variablesof a symbolicset (to ) is alocal
substitutionfor . Givena symbolicsetwithout global variables , the
instantiationof is thefollowing groundsetof pairs : is
alocal substitutiorfor .3
A groundinstanceof arule is obtainedin two steps:(1) a global substitution for is

appliedover ; and(2) every symbolicset in is replacedby its instantiation
Theinstantiation of aprogram is the setof all possibleinstancef therules
of

Example3. Considerthefollowing program

Theinstantiation is thefollowing:

Inter pretationsand models. An interpretationforaDLP program is asetof standard
groundatoms . The truth valuation , Where is a standardgroundliteral or a

standardgroundconjunction,is de ned in the usualway. Besidesassigningtruth valuesto

standardgroundliterals, aninterpretatiorprovidesmeaningalsoto (ground)sets,aggrejate
functionsandaggreyateliterals;the meaningof aset,anaggreyatefunction,andanaggrejate
atomunderaninterpretationjs a multiset,a value,anda truth value,respectiely. Let

be a an aggregatefunction. The valuation of theset w.rt. is the multisetof the

constantsappearingn the rst positionof the rst component®f theelementin  whose
conjunctionsaretruew.r.t. . More precisely let

, then is themultiset . Thevaluation
of anaggreatefunction w.r.t. istheresultof theapplicationof thefunction
on . If themultiset is notin thedomainof , .

An aggreyateatom is truew.r.t. if: (i) , and,
(i) therelationships and hold whenever they are present;
otherwise, isfalse.

A modelfor is aninterpretation for suchthateveryrule is true
w.rt. . A model for is(subsetminimalif nomodel for existssuchthat isa
propersubsebf

Using the above notion of truth valuationfor aggreyateatoms,the truth valuationsof
aggrejateliteralsandrules,aswell asthe notionof modelandminimal modelfor DLP are
animmediateextensionof the correspondingotionsin DL P [GL91].

Example4. Considerthe aggreyateatom from
Example3.Let bethegroundsetappearingn . Fortheinterpretation

3 Given a substitution anda DLP object (rule, conjunction,set, etc.), with a little akuse of
notation,we denoteby theobjectobtainedby replacingeachvariable in by
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, the applicationof over yields ,and isthereforetruew.rt. , since
is aminimal modelof the programof Example3. -

Answer Sets. Firstwe de ne theanswersetsof positive programswithout aggreyatesthen
we give areductionof disjunctive datalogprogramsontainingnegationasfailureandaggre-
gatesto positive programswithout aggrgjatesandusethatto de ne answersetsof arbitrary
disjunctive datalogprogramgpossiblycontainingnegationasfailureandaggreyates).

An interpretation is calledclosedundera positive disjunctive datalogprogram
without aggregates , if, for every , wheneer .
An interpretation isananswersetfor apositve DLP programwithoutaggreates

, if it is minimal (undersetinclusion)amongall interpretationshatareclosedunder .4

Examples. The positive program hastheanswersets , ,and .
Its extension - hastheanswersets and . Finally, the positive
program - - - hasthe singleanswerset . -

Thereductor Gelfond-Lifstitz transformof agroundprogram w.r.t. aset is
thepositive groundprogram  obtainedrom by

— deletingall rules for which a negative literal in is falsew.r.t.  or an
aggreyateliteral is falsew.r.t. ; and
— deletingthe aggrayateliteralsandthe negative literalsfrom the remainingrules.

An answeisetof aprogram isaset suchthat isananswersetof

Example6. Giventhefollowing programwith negationandstrati ed aggreyates

and ,thereduct is - . It is easyto seethat is an
answersetof , andfor thisreasont is alsoananswersetof

Now consider . Thereduct is - andit canbeeasily
veri ed that isananswersetof | soit is alsoananswersetof

For , on the otherhand,the reduct isequalto ,but isnotan
answersetof . for therule -, holds,but doesnot.
Indeed;t canbeveri ed that and aretheonly answersetsof . -

Example7. Giventhefollowing programwith unstrati edaggreyates

and , thereduct is . It is easyto seethat is amodel
but not a minimal model of and thus not an answerset of nor . Now consider
. Thereduct s andit canbeeasilyveri ed that

is ananswersetof |, soit is alsoananswersetof . If, on the otherhand,we take

, the reduct isequalto , but is notamodelof asfor the rule

We seethat trivially holds, but obviously doesnot.

Indeed,t canbeveri ed that istheonly answersetsof . -

4 Note thatwe only considerconsistenainswersets while in [GL91] alsothe inconsistensetof all
possiblditeralscanbeavalid answerset.
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3 KnowledgeRepresentationin DLP

In this section,we shov how aggreyatefunctions can be usedto encodeseveral relevant
problemsTeamBuilding, SeatingandProductsControl.

Team Building. A projectteamhasto be built from a setof emplgyeesaccordingto the
following speci cations:

Theteamconsistof a certainnumberof employees.

At leasta givennumberof differentskills mustbe presenin theteam.
Thesumof thesalarief theemployeesworkingin theteammustnotexceed
thegivenbudget.

Thesalaryof eachindividualemployeeis within aspeci edlimit.
Thenumberof womenworking in theteamhasto reachatleastagivennum-
ber

Supposethat our emplojees are provided by a number of facts of the form
; the size of the team,the minimum numberof different
skills, the budget,the maximumsalary andthe minimumnumberof womenarespeci ed by
thefacts , , , , and . We thenen-
codeeachproperty abovebyanaggregjateatom , andenforceit by anintegrity constraint
containing

Intuitively, the disjunctive rule “guesses’vhetheranemployeeis includedin theteamor
not, while the ve constraintcorrespondne-to-ondo the verequirements - . Thanks
to the aggre@atesthe translationof the speci cationsis surprisingly straightforvard. The
examplehighlightsthe usefulnesf representingoth setsand multisetsin our language;
the latter can be obtainedby specifyingmore than one variablein of a symbolicset

). Forinstancetheencodingof  requiresaset aswe wantto countdifferent
skills; two employeesin the teamhaving the sameskill, shouldcountoncew.r.t. . Onthe
contrary requireso sumtheelement®f amultiset if two employeeshavethesamesalary
both salariesshouldbe summedup for . Thisis obtainedby addingthe variable , which

uniquelyidenti es everyemployee to . Thevaluationof

yieldstheset . Thesumfunc-
tion is thenappliedon the multisetof the rst components of thetuples in (see
Section2.2).

Seating We have to generate sitting arrangementor a numberof guestswith  tables
and chairspertable.Guestswho like eachothershouldsit at the sametable; guestswho
dislike eachothershouldnot sit atthe sametable.

Suppos¢ehatthenumberof chairspertableis speci edby andthat
and representhe guestsaandthe availabletables respectiely. Then,we cangener
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ateaseatingarrangemeny thefollowing program:
% GuesswhetherpersonP sitsattableT or not.

% The personssitting at atablecannotexceedthechairs.

% A personis seatedat preciselyonetable;thisis equivalent
%to:-

% Peoplewholike eachothershouldsit atthe sametable...

% ...while peoplewho dislike eachothershouldnot.

ProductsControl. Givenasetof desiredproductsasetof companiesnda x edbudgetthe
problemconsistf buying nancial sharesn this setof companieswithin thegivenbudget,
suchthatthe controlledcompaniegproduceall the desiredproducts.The speci cationsare
thefollowing:

A productA is producedby usif it is producedby a compary underour
control.

A compalry C is underour directcontrol,if we boughtmorethan50% of its
shares.

A compary C is underour (indirect) control,if companiesinderour control
(togetherjown morethan50%of C.

The majority of the sharesf C canbe reachedy summingup the C shares
we boughtdirectlywith theshareownedby thecompaniesinderour control.
Eachdesiredoroducthasto be produced.

Thebudgetmustnot beexceeded.

Supposehat desiredproductsand companiesare provided by a numberof factsof the
form and , respectrely, and supposehat the budgetis speci ed
by the fact . Furthermore]et the relationsbetweenproducts and producing
companies begivenby facts andthefactthat % sharesf compaly

arefor saleat price by . (For simplicity we assumethat only one
packageof a x edamountof sharess for salepercompary.) Finally if compary  owns
% sharef compaly |, letafact bede ned.

Given this information, we encodethe problemspeci ed by properties to in the

following way:

Intuitively, thedisjunctive rule “guessesivhethera givennumberof shareof acompaty
C hasbeenboughtor not. The otherrulesde ne whena productis producedby us andthe
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differentconditiongto controlacompaly. Thelasttwo constraintorrespondo requirements

and . Notethatin all aggregatesn this programthe sumsarecomputedover multisets,
asdifferentcompaniesnayhold equalpercentagesf shareanddifferentsharegor salemay
costequallymuch.

4 Computational Complexity of DLP

As for the classicalnonmonotonidormalisms[MT91], two importantdecisionproblems,
correspondingo two differentreasoningasks.arisein DLP :

Brave Reasoning:GivenaDLP program andagroundliteral ,is truein some
answersetof ?
Cautious Reasoning:GivenaDLP program andagroundliteral ,is truein all
answersetsof ?

Thefollowing theoremgeporton thecompleity of theabove reasoningasksfor propo-
sitional (i.e., variable-free)DLP programsthat respectthe safetyrestrictionsimposedin
Section2. Importantly it turnsout that reasoningn DLP doesnot bring an increasen
computationatomplexity, which remainsexactly the sameasfor standardLP.

Lemma 1. Decidingwhetheraninterpretation is ananswersetfor a groundprogram
isin co-NP.

Proof. We checkin NP that is notananswersetof asfollows. Guessa subset of
, and verify that: (1) is not a modelfor , or (2) and is a modelof the
Gelfond-Lifschitztransformof — w.r.t.
Theonly differencew.r.t. the correspondindasksof (1) and(2) in standardDLP, is the
computatiorof thetruth valuationsof the aggreyateatoms whichin turn requireto compute
the valuationsof aggrgyatefunctionsand sets.Computingthe valuationof a groundset

requiresscanningeachelement of andadding to theresultmultiset
if is truew.r.t. . Thisis evidently polynomial,asis the applicationof the aggreate
operators( , , ) on a multiset; the comparisonof the

guardswith its result, nally , is straightforvard.

Thereforethetasks(1) and(2) aretractableasin standardL P. Decidingwhether is

notananswersetfor thusisin NP;consequentlydecidingwhether is ananswersetfor
isin co-NP.

Basedon thislemma,we canidentify the computationatomplexity of themaindecision
problems prave andcautiousreasoning.

Theorem 1. BraveReasoningpngroundDLP programsis  -complete

Proof. We verify thata groundliteral is a brave consequencef aDLP program as
follows: Guessa set of groundliterals, checkthat (1)  is ananswersetfor
and(2) istruew.rt. .Task(2)is clearlypolynomial;while (1) is in co-NPby virtue of
Lemmal. The problemtherefordiesin

-hardnes$ollowsfromthe  -hardnessf DLP[EGM97], sinceDLP isasuperset
of DLP.
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Thecompleity of cautiousreasoningollows by similar argumentsasabove.
Theorem 2. CautiousReasoningpngroundDLP programsis  -complete

Proof. We verify thata groundliteral is not a cautiousconsequencef aDLP program

asfollows: Guessa set of groundliterals,checkthat(1) is ananswersetfor
,and(2) isnottruew.rt. . Task(2)is clearlypolynomial;while (1) isin co-NP, by
virtue of Lemmal. Thereforethe complementf cautiousreasonings in , andcautious

reasoningsin
-hardnessgainfollows from [EG9Y, sinceDLP is asupersebf DLP.

5 Implementation Issues

Theimplementatiorof DLP  requiredchangeso all modulesof DLV. Apartfrom aprelim-
inary standardizatiophase mostof the effort concentratean the Instantiationand Model
Generatomodules.

Standardization. After parsing.eachaggreate is transformedsuchthatbothguardsare

presenandboth  and aresetto . Theconjunction of the symbolicsetof
is replacedby a single,new atom andarule - is addedto the program(the
argumentof beingthe distinctvariablesof ).

Instantiation. Thegoalof theinstantiatolis to generate@ groundprogramthathasprecisely
thesameansweirsetsasthetheoreticainstantiation , butis sensiblysmaller The
instantiationproceedshottom-upfollowing the dependenciemducedby the rules,and,in

particular respectinghe orderingimposedby aggrejate-strati cationrwhereapplicable.

For aggreate-strati edcomponentof the input programwe proceedas follows. Let

- " bearule , where istheheadof therule, is the conjunctionof the

“

standardodyliteralsin ,and _is anaggrejateliteral overasymbolicset .
First we computean instantiation for theliteralsin ; this also bindsthe global vari-
ablesappearingn . The (partially bound)atom is then matchedagainstits ex-

tension (which is already available for aggreyate-strati edrules since the bottom-upin-
stantiationrespectghe strati cation), all matchingfactsare computed,and a setof pairs

L, ~ is generatedwhere s a substitution
for thelocal variablesin ~~ suchthat ~  is anadmissibleinstanceof . (Recall
that DLV's instantiatorproducesonly thoseinstancesf a predicatewhich canpotentially
becometrue [FLMP99,LPS0], wherea groundatom can potentially becometrue only
if we have generatedh groundinstanceof a rule with  in the head.)Also, we only store
thoseelementof the symbolicsetwhosetruth value cannotbe determinedyet andprocess
the othersdynamically (partially) evaluatingthe aggreyatealreadyduring instantiation For
instanceif is de ned by adisjunction-freestrati ed subprogranfwherethetruthvalues
of all atomsarealreadydeterminediuringgrounding) theaggreyateis completelyevaluated
duringtheinstantiationjts truth valuationis determinedandit is removedfrom the body of
theruleinstanceThesameprocesss thenrepeatedor all furtherinstantiation®f theliterals
in
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Example8. Considertherule : - The
standardizatiomewrites to:

Supposehattheinstantiatiorof therule for generate8 potentiallytruefacts ,
, and . If the potentiallytrue factsfor are and , the following
groundinstancesregenerated:

Notethata groundsetcontainsonly those atomswhich arepotentiallytrue. -

For arule with unstrati ed aggrejateswe proceedsimilarly to the strati ed case but
do notinstantiatethe symbolicset yet, aswe arenot guaranteedhatthe entire
extensionof is alreadyavailable (since s recursie with the head, its extension
is beinggeneratediuring the evaluationof the componenat hand,andnew factsfor
could still be produced) Thus, asin the strati ed casewe computean instantiation  for
the literalsin , but we do not instantiatethe symbolic setin . We only “prepare” the
groundinstanceof , storinga“container”for thesetappearindn theaggreyatefunctionin a
temporarymemorylocation.Then,oncetheinstantiationof the currentcomponentasbeen

completecandwe aresurethatno furtherinstanceor will begeneratedwe resumehe
instantiationprocesdor , computeall factsmatching , andcompletethe generatiorof
theset.

Duplicate SetsRecognition. To optimizethe evaluationduringinstantiationandespecially
afterwards,we have designeda hashingtechniquewhich recognizesnultiple occurrencesf

the samesetin the program,evenin differentrules,and storesthemonly once.This saves
memory(setsmaybeverylarge),andalsoimpliesasigni cant performanceain,especially
in the modelgeneratiorwheresetsarefrequentlymanipulatedduring the backtrackingpro-

cess.

Example9. Considerthefollowing two constraints:

Ourtechniqueaecognizeshatthetwo setsareequal,andgeneratesnly oneinstancewhich
is sharedoy and
Now assumehatbothconstraint@additionallycontainastandarditeral .Inthiscase,
and have instancesachwhere isthenumberof factsfor . By meansof our
techniquegachpair of instanceof and sharesacommonset,reducingthe numberof
instantiatecsetsby half. -

Note thatalsothe programfor the exampleProductsControlin Section3 containstwo
equal symbolic sets (appearingin the bodiesof the secondand the third rule with con-
trolled(C) in the head),which would generatepncethey are instantiated several pairs of
identical (ground)sets(onefor eachcompary ). Thanksto our hashing-basetechnique,
thegeneratiorof theseduplicateds preventedwith arelevantef ciency gain.
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Model Generation. We have designedan extensionof the DeterministicConsequences
operatorof the DLV system[FLP99 for DLP programs.The new operatormakesboth
forwardandbackwardinference®n aggregjateatomsresultingin aneffective pruningof the
searctspaceWe have thenextendedhe Dowling andGallier algorithm[DG84] to compute
a xpoint of thisoperatorin lineartime usinga multi-linkeddatastructureof pointers.Given

agroundset , say , this structureallows to
access in whenerersome changedts truth value(supportingastforwardprop-
agation);onthe otherhand,it providesdirectaccesgrom to each atom(supporting

fastbackwardpropagation).

6 Experimentsand Benchmarks

To assessheusefulnessf the proposedL P extensionandevaluateits implementationye
comparehefollowing two methoddor solvingagivenproblem:
DLV Encodetheproblemin DLP andsolwveit by usingour extensionof DLV
with aggreyates.
DLV Encodethe problemin standardDL P andsolveit by usingstandardOLV.
To generateDL P encodingsfrom DLP encodingssuitablelogic de -
nitions of the aggregatefunctionsare employed (which are recursve for
, ,and ).

We comparethesemethodson two benchmarkproblems:Time Tabling is a classical
planningproblem.In particular we considetthe problemof planningthetimetableof lectures
which somegroupsof studentshave to take. We considera numberof real-world instances
Universityof Calabriawhereinstance dealswith groups.

Seatingis the problemdescribedn Section3. We consider4 (for smallinstancespr 5
(for larger instances)keatsper table, with increasingnumbersof tablesand persongwith

). For eachproblemsize(i.e., seats/tableson gu-
ration),we considerclassewith differentnumberf like anddislike constraintswherethe
percentagearerelative to the maximumnumbersof lik e anddislike constraintsresp. such
thatthe problemis notover-constrained.

In particular we considerthe following classes(-) no like/dislike constraintsat all; (-)
25%like constraintsy-) 25% like and 25% dislike constraintsy-) 50% like constraints{-
) 50% like and 50% dislike constraintsFor eachproblemsize,we randomlygenerated. 0
instancedor eachof theseclasses.

For Seatingwe usethe DLP  encodingreportedin Section3; all encodingsandbench-
markdataareavailableathttp://www.dlvsystem.com/examples/ij cai03 .zip

We ran the benchmark®n AMD Athlon 1.2 machineswith 512MB of memory using
FreeBSD4.7 and GCC 2.95. We allowed a maximum running time of 1800 secondsper
instanceanda maximummemoryusageof 256 MB. Cumulatedresultsareprovidedin Fig-
ure 1. In particular for Timetablingwe reportthe executiontime andthe sizeof theresidual
groundinstantiationthetotal numberof atomsoccurringin theinstantiationwheremultiple
occurrence®f the sameatomare counted)® For Seating the executiontime is the average

® Beyondthesemaximathereis trivially no solution.
® Notethatalsoatomsoccurringin the setsof the aggrgjatesarecountedor theinstantiatiorsize.
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Numberof|| Exec.Time |InstantiationSize Numberof|| Exec.Time [InstantiationSize

Groups DLV DLV DLV DLV Persons|| DLV DLV DLV DLV
1 10.95 0.55 91217 6972 8 0.010 0.01d 320 101
2 36.79 2.09178533 13986 12 0.034 0.01d 996 248
3 79.84 4.68264938 20888 16 26.872 0.011 2272 490
4 147.53 7.86367014 29029 25 - 0.024 6643 1346
5 224.46 12.30436544 36043 50 - 0.307 50029 7559
6 321.85 17.18518950 42767 75 - 1.883 165442 22049
7 437.94 25.36606361 49993 100 - 7.082 387886 47946
8 618.23 37.78761429 61916 125 - 64.293 752769 88781
9 - 57.0 - 74027 150 - 152.4501294977 147567

Fig. 1. ExperimentaResultsfor TimetablingandSeating

runningtime overtheinstance®f thesamesize.A “-” symbolin thetablesindicateghatthe
correspondingnstancgsomeof theinstance®f thatsize,for Seating)wasnot solvedwithin
theallowedtime andmemorylimits.

OnbothproblemsDLV clearlyoutperform®LV. On Timetabling,theexecutiontime
of DLV is oneorderof magnitudedower thanthatof DLV on all probleminstancesand
DLV couldnotsolve thelastinstancesvithin the allowed memoryandtime limits. On Seat-
ing, the differencebecomesaven more signi cant. DLV could solve only the instancesof
smallsize(upto 16 persons 4 tables 4 seats)while DLV couldsolve signi cantly larger
instancesn areasonabléime. Theinformationaboutthe instantiationsizesprovidesan ex-
planationfor sucha big differencebetweerthe executiontimesof DLV andDLV . Thanks
totheaggrejatesthe DLP  encodingsaaremoresuccinctthanthe correspondingncodings
in standardDL P. This succinctnesss alsore ectedin the groundinstantiationsof the pro-
grams.Sincethe evaluationalgorithmsarethenexponentiaiin the sizeof theinstantiation(in
theworstcase)theexecutiontimesof DLV  turnoutto bemuchshorterthanthoseof DLV.

7 RelatedWorks

Aggregatefunctionsin logic programminganguagesppearedlreadyin the 1980s,when
their needemepgedin deductve databaselke LDL [CGK 90] andwerestudiedin detail,
cf. [RS97KR98. However, the rst implementationin Answer Set Programming,n the
Smodelssystemjs recenSNS03.

ComparingDLP to the languageof Smodelswe obsere a strongsimilarity between
cardinalityconstraintghereand . Also andtheweightconstraintof Smodels
aresimilar in spirit. Indeed,the DLP encodingsof both TeamBuilding and Seatingcan
be easilytranslatedo Smodels'languageHowever, therearesomerelevantdifferenceskFor
instancejn DLP aggreateatomscanbe negated while cardinalityandweightconstraint
literalsin Smodelscannot.

Negatedaggreyatesare useful for a more direct knowledge representationand allow
to express for instance that somevalue shouldbe externalto a givenrange.For example

is trueif thenumberof truefactsfor isin ;
for expressinghe samepropertyin Smodeloneneedso usetwo cardinalityconstraints.

Smodelson the other hand,allows for weight constraintsn the headsof rules, while
DLP aggregatescannotoccurin heads(The presenceof weight constraintdn headss a
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powerful KR feature which allows, for instanceto “guess”anarbitrarysubsebf a givenset;
however, it causeshelossof somesemantigropertyof nonmonotonidanguage$MR02].)

DLP aggreyatedike , ,and do nothave acounterpartn Smodels.
Moreover, DLP providesa generalframenork wherefurther aggreyatescanbe easilyac-
commodatede.g., and arealreadyunderdevelopment) Furthermorenotethat

symbolicsetsof DLP directly represenpure (mathematicalyets,and canalsorepresent
multisetsrathematurally(seethediscussioron TeamBuilding in Section3). Smodelsveight
constraintspn the otherhand,work on multisets,andadditionalrulesareneededo encode
puresets;for instanceCondition  of TeamBuilding cannotbe directly encodedn a con-
straint,but needghede nition of anextra predicate Thanksto strictersafetyconditions(all
variablesareto berestrictedoy domainpredicate$, like DLP , Smodelds ableto dealwith
recursionthroughaggreyatessventhoughits instantiatoiis lesssophisticated.

Finally, notethatDLP dealswith setsof terms,while Smodelglealswith setsof atoms.
As far asthe implementatioris concernedSmodelstoo, is endaved with advancedprun-
ing operatordor weight constraintswhich are ef ciently implementedWe are not aware,
though,of techniquedor theautomaticrecognitionof duplicatesetsin Smodels.

DLP alsoseemdo be very similar to a specialcaseof the semanticdor aggrejates
discussedh [Gel02), which we arecurrentlyinvestigating.

Anotherinterestingesearchine uses4-valuedlogicsandapproximatingpperatorgo de-
ne the semanticof aggreyatefunctionsin logic-basedanguage$DPB01,DMT02,Pel03.
Theseapproachearefoundedon very solid theoreticagroundsandappeawery promising,
asthey could provide a cleanformalizationof a very generaframeawork for arbitraryaggre-
gatesin logic programmingand nonmonotoniaeasoningwhereaggrejateatomscanalso
“produce” new values(currently bothDLP andSmodelsequirethe guardsof aggrejates
to be boundto somevalue).Theseapproachesometimesamountto a highercomputational
compleity [Pel0g andhave notbeenmplementedofar. However, onthecommonfragment

we believe ourlanguageandsemanticgo bein syncwith thosede nedin [Pel03.

8 Conclusion

We have proposedDLP , an extensionof DLP by aggreyatefunctions,and have imple-
mentedit in the DLV system.On the one hand,we have demonstratedhat the aggreyate
functionsincreasethe knowledgemodelingpower of DL P, supportinga more naturaland
conciseknowledgerepresentationOn the otherhand,we have shaovn that aggreyatefunc-
tions do not increasethe complexity of the main reasoningtasks.Moreover, experiments
have con rmed that the succinctnes®f the encodingsemploying aggreyateshasa strong
positiveimpacton theef ciency of thecomputation.

Futurework will concernthe introductionof further aggreyateoperatordike (“Is
thereary matchingelementn theset?”)and , aswell asthedesignof furtheroptimiza-
tion techniquesandheuristicsto improve the ef ciency of the computation.
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