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1 Introduction

Knowledgerepresentationandreasoningplaysa centralrole in Artificial Intelli-

gence.Researchin Artificial Intelligence(henceforthAI) startedoff by trying to

identify the general mechanismsresponsiblefor intelligent behavior. However, it

quickly becameobviousthatgeneralandpowerful methodsarenot enoughto get

thedesiredresult,namely, intelligentbehavior. Almost all tasksa humancanper-

form which areconsideredto requireintelligencearealsobasedona hugeamount

of knowledge.For instance,understandingandproducingnaturallanguageheavily

relies on knowledgeaboutthe language,aboutthe structureof the world, about

socialrelationshipsetc.

Oneway to addressthe problemof representingknowledgeandreasoningabout

it is to usesomeform of logic. While this seemsto be a naturalchoice,it took a

while beforethis“logical pointof view” becametheprevalentapproachin thearea

of knowledgerepresentation.Below, wewill givea brief sketchof how thefield of

knowledgerepresentationevolvedandwhatkind logical methodshave beenused.
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In particular, we will arguethattheimportantpoint aboutusingformal logic is the

logical method.

2 Logic-Based Knowledge Representation: A Historical Account

McCarthy(1968)statedvery early on thatmathematical,formal logic appearsto

bea promisingtool for achieving human-level intelligenceon computers.In fact,

this is still McCarthy’s (2000)vision, which he shareswith many researchersin

AI. However, in theearlydaysof AI, therewerealsoanumberof researcherswith

a completelydifferentopinion. Minsky (1975), for example,arguedthat knowl-

edgerepresentationformalismsshouldbeflexible andinformal. Moreover, he ar-

guedthat the logical notionsof correctnessandcompletenessareinappropriatein

a knowledgerepresentationcontext.

While in thosedaysheatedargumentsof thesuitabilityof logic wereexchanged,by

theendof theeighties,thelogicalperspective seemto have gainedtheupperhand

(Brachman1990).During theninetiesalmostall researchin theareaof knowledge

representationandreasoningwasbasedonformal,logicalmethodsasdemonstrated

by thepaperspublishedin thebi-annualinternationalconferenceon Principlesof

KnowledgeRepresentationandReasoning, whichstartedin 1989.

It shouldbenoted,however, that two perspectiveson logic arepossible.Thefirst

perspective, takenby McCarthy(1968),is that logic shouldbe usedto represent

knowledge.That is, we uselogic astherepresentationalandreasoningtool inside
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the computer. Newell (1982)on theotherhandproposedin his seminalpaperon

theknowledgelevel to uselogic asa formal tool to analyzeknowledge.Of course,

thesetwo views are not incompatible.Furthermore,oncewe acceptthat formal

logic shouldbeusedasa tool for analyzingknowledge,it is a naturalconsequence

to uselogic for representingknowledgeandfor reasoningaboutit aswell.

3 Knowledge Representation Formalisms and Their Semantics

Sayingthat logic is usedasthemainformal tool doesnot saywhich kind of logic

is used.In fact,a largevarietyof logics(Gabbay, HoggerandRobinson1995)have

beenemployedor developedin orderto solve knowledgerepresentationandrea-

soningproblems.Often,onestartedwith a vaguelyspecifiedproblem,developed

somekind knowledgerepresentationformalism without a formal semantics,and

only later startedto provide a formal semantics.Using this semantics,onecould

then analyzethe complexity of the reasoningproblemsand develop soundand

completereasoningalgorithms.I will call this the logical method, which proved

to bevery fruitful in thepastandhasa lot of potentialfor thefuture.

3.1 DescriptionLogics

One good examplefor the evolution of knowledgerepresentationformalismsis

the developmentof descriptionlogics, which have their roots in so-calledstruc-

tured inheritancenetworksformalismssuchasKL-ONE (Brachman1979).These

networkswereoriginally developedin orderrepresentword meanings.A concept
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nodeconnectsto other conceptnodesusing roles. Moreover, the roles could be

structuredaswell. Thesenetworkspermitsfor, e.g.,thedefinitionof theconceptof

a bachelor.

Lateron, thesestructuredinheritancenetworkswereformalizedasso-calledcon-

ceptlanguages, terminologicallogics, or descriptionlogics. Conceptswereinter-

pretedasunarypredicates,rolesasbinary relations,andtheconnectionsbetween

nodesasso-calledvaluerestrictions. This leadsfor mostsuchdescriptionlogics

to a particularfragmentof first-order predicatelogic, namely, thefragment
���

. In

this fragmentonly two differentvariablesymbolsareused.As it turnsout, this is a

decidablefragmentof first-orderlogic.

However, someof themoreinvolveddescriptionlogicsgo beyond
���

. They con-

tain,e.g.,relationalcompositionor transitiveclosure.As it turnsout,suchdescrip-

tion logicscanbeunderstoodasvariantsof multi-modallogics(Schild1991),and

decidabilityandcomplexity resultsfrom thesemulti-modallogicscarryover to the

descriptionlogics. Furthermore,descriptionlogics are very closeto feature log-

ics asthey areusedin unification-basedgrammars.In fact, descriptionlogicsand

featurelogicscanbeviewedasmembersof thesamefamily of representationfor-

malisms(NebelandSmolka1990).

All theseinsights,i.e., determinationof decidabilityandcomplexity aswell asthe

designof decisionalgorithms(e.g.Donini, Lenzerini,Nardi andNutt 1991),are

basedon the rigorousformalizationof the initial ideas.In particular, it is not just
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onelogic that it is usedto derive theseresults,but it is the logical methodthat led

to thesuccess.Onestartswith a specificationof how expressionsof the language

or formalismhave to beinterpretedin formal terms.Basedon thatonecanspecify

whenasetof formulaelogically impliesaformula.Thenonecanstarttofindsimilar

formalisms(e.g. modal logics) andprove equivalencesand/oronecanspecify a

methodto derive logically entailedsentencesand prove them to be correct and

complete.

3.2 NonmonotonicLogics

Another interestingareawherethe logical methodhasbeenappliedis the devel-

opmentof the so-callednon-monotoniclogics. Theseare basedon the intuition

thatsometimesa logicalconsequenceshouldberetractedif new evidencebecomes

known. For example,we mayassumethatour carwill not bemovedby somebody

elseafterwehave parkedit. However, if new informationbecomesknown, suchas

thefactthatthecaris notattheplacewherewehaveparkedit, wearereadyto drop

theassumptionthatour carhasnotbeenmoved.

This generalreasoningpatternwasusedquite regularly in early AI systems,but

it took a while beforeit was analyzedfrom a logical point of view. In 1980, a

specialissueof theArtificial Intelligencejournalappeared,presentingdifferentap-

proachesto non-monotonicreasoning,in particularReiter’s (1980) default logic

andMcCarthy’s (1980)circumscriptionapproach.
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A disappointingfactaboutnonmonotoniclogicsappearsto bethatit is verydifficult

to formalizeadomainsuchthatonegetstheintendedconclusions.In particular, in

theareaof reasoningaboutactions, McDermott(1987)hasdemonstratedthat the

straightforwardformalizationof an easytemporalprojectionproblem(the “Yale

shootingproblem”)doesnot leadto thedesiredconsequences.However, it is pos-

sible to getaroundthis problem.Onceall underlyingassumptionsarespelledout,

thisandotherproblemcanbesolved(Sandewall 1994).

It tookmorethanadecadebeforepeoplestartedto analyzethecomputationalcom-

plexity (of thepropositionalversions)of theselogics.As it turnedout, theselog-

ics areusuallysomewhatmoredifficult thanordinarypropositionallogic (Gottlob

1992).This,however, seemstolerablesincewe getmuchmoreconclusionsthanin

standardpropositionallogic.

Rightat thesametime,thetight connectionbetweennonmonotoniclogic andbelief

revision (Gärdenfors1988)wasnoticed.Belief revision – modelingtheevolution

of beliefs over time – is just oneway to describehow the setof nonmonotonic

consequencesevolveovertime,whichleadstoaverytight connectionontheformal

level for thesetwo formsof nonmonotonicity(Nebel1991).Again,all theseresults

andinsightsaremainly basedon thelogicalmethodto knowledgerepresentation.
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4 Outlook

The above descriptionof the useof logics for knowledgerepresentationis nec-

essarilyincomplete.For instance,we left out theareaof qualitative temporaland

spatialreasoningcompletely. Nevertheless,oneshouldhavegotanideaof how log-

ics areusedin the areaof knowledgerepresentation.As mentioned,it is the idea

of providing knowledgerepresentationformalismswith formal (logical) semantics

thatenablesus to communicatetheir meaning,to analyzetheir formal properties,

to determinetheir computationalcomplexity, andto devisereasoningalgorithms.

While the researchareaof knowledgerepresentationis dominatedby the logical

approach,thisdoesnotmeanthatall approachesto knowledgerepresentationmust

be basedon logic. Probabilistic(Pearl1988)and decisiontheoreticapproaches,

for instance,have becomevery popularlately. Nowadaysa numberof approaches

aim at unifying decisiontheoreticand logical accountsby introducinga qualita-

tive versionof decisiontheoreticconcepts(Benferhat,Dubois,Fargier, Pradeand

Sabbadin2000).Otherapproaches(Boutilier, Reiter, SoutchanskiandThrun2000)

aimat tightly integratingdecisiontheoreticconceptssuchasMarkov decisionpro-

cesseswith logical approaches,for instance.Although this is not pure logic, the

two latterapproachesdemonstratethegeneralityof the logical method: specifythe

formalmeaningandanalyze!
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