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1 Introduction

Knowledgerepresentatiomnd reasoningplays a centralrole in Artificial Intelli-
gence.Researchn Atrtificial Intelligence(henceforthAl) startedoff by trying to
identify the geneal medanismsresponsibldor intelligent behaior. However, it
quickly becameobviousthat generaland powerful methodsarenot enoughto get
the desiredresult,namely intelligentbehaior. AlImost all tasksa humancanper
form which areconsideredo requireintelligencearealsobasedn a hugeamount
of knowledge .For instanceunderstandingndproducingnaturallanguageheavily
relies on knowledge aboutthe language aboutthe structureof the world, about

socialrelationshipsetc.

Oneway to addresdghe problemof representingknowledgeand reasoningabout
it is to usesomeform of logic. While this seemdo be a naturalchoice,it took a
while beforethis“logical pointof view” becamehe prevalentapproachn thearea
of knowledgerepresentatiorBelow, we will give a brief sketchof how thefield of

knowledgerepresentatioevolved andwhatkind logical methodshave beenused.
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In particular we will arguethattheimportantpointaboutusingformallogic is the

logical method

2 Logic-Based Knowledge Representation: A Historical Account

McCarthy (1968) statedvery early on that mathematicalformal logic appeardo
be a promisingtool for achiezing human-leel intelligenceon computersin fact,
this is still McCarthy’s (2000) vision, which he shareswith mary researchers
Al. However, in theearlydaysof Al, therewerealsoanumberof researchersith
a completelydifferentopinion. Minsky (1975), for example,arguedthat knowl-
edgerepresentatiofiormalismsshouldbe flexible andinformal. Moreover, he ar-
guedthatthe logical notionsof correctnessandcompletenesareinappropriatén

aknowledgerepresentatiocontext.

While in thosedaysheatedargumentof the suitability of logic wereexchangedby
theendof the eighties thelogical perspectre seemto have gainedthe upperhand
(Brachmanl990).During the ninetiesalmostall researchn the areaof knowledge
representatioandreasoningvasbasednformal,logicalmethodsasdemonstrated
by the paperspublishedin the bi-annualinternationalconferenceon Principlesof

KnowledgeRepesentatiorand Reasoningwhich startedn 1989.

It shouldbe noted,however, thattwo perspectieson logic are possible.The first
perspectre, takenby McCarthy (1968),is thatlogic shouldbe usedto represent

knowledge.Thatis, we uselogic asthe representationandreasoningool inside



3

the computer Newell (1982)on the otherhandproposedn his seminalpaperon
theknowledgdevelto uselogic asa formaltool to analyzeknowledge.Of course,
thesetwo views are not incompatible.Furthermore oncewe acceptthat formal
logic shouldbe usedasatool for analyzingknowledge,it is a naturalconsequence

to uselogic for representinggnowledgeandfor reasoningaboutit aswell.

3 Knowledge Representation Formalismsand Their Semantics

Sayingthatlogic is usedasthe mainformal tool doesnot saywhich kind of logic
is used.In fact,alargevarietyof logics (GabbayHoggerandRobinsonl995)have
beenemployedor developedin orderto solve knowledgerepresentatiomndrea-
soningproblems.Often, one startedwith a vaguelyspecifiedproblem,developed
somekind knowledgerepresentatiofiormalism without a formal semanticsand
only later startedto provide a formal semanticslUsing this semanticspne could
then analyzethe compleity of the reasoningproblemsand develop soundand
completereasoningalgorithms.l will call this the logical method which proved

to beveryfruitful in thepastandhasalot of potentialfor thefuture.

3.1 DescriptionLogics

One good examplefor the evolution of knowledgerepresentatiofiormalismsis
the developmentof descriptionlogics, which have their rootsin so-calledstruc-
turedinheritancenetworksformalismssuchasKL-ONE (Brachmanl979).These

networkswereoriginally developedin orderrepresentvord meaningsA concept



4

nodeconnectsto other conceptnodesusing roles Moreover, the roles could be
structuredaswell. Thesenetworkspermitsfor, e.g.,the definitionof the concepof

abachelor

Lateron, thesestructuredinheritancenetworkswere formalizedas so-calledcon-
ceptlanguagesterminologicallogics, or descriptionlogics Conceptsvereinter-
pretedasunarypredicatesrolesasbinary relations,andthe connectiondetween
nodesas so-calledvaluerestrictions This leadsfor mostsuchdescriptionlogics
to a particularfragmentof first-order predicatelogic, namely thefragmentZ,. In
this fragmentonly two differentvariablesymbolsareused As it turnsout, thisis a

decidablefragmenif first-orderlogic.

However, someof the moreinvolved descriptionlogics go beyond 7.,. They con-
tain, e.g.,relationalcompositionor transitve closure As it turnsout, suchdescrip-
tion logics canbe understoodasvariantsof multi-modallogics (Schild1991),and
decidabilityandcompleity resultsfrom thesemulti-modallogicscarryoverto the
descriptionlogics. Furthermore descriptionlogics are very closeto featue log-

ics asthey areusedin unification-base@rammarsin fact, descriptionlogics and
featurelogics canbeviewed asmembersf the samefamily of representatiofor-

malisms(NebelandSmolkal1990).

All theseinsights,i.e., determinatiorof decidabilityandcompleity aswell asthe
designof decisionalgorithms(e.g. Donini, Lenzerini,Nardi and Nutt 1991), are

basedon the rigorousformalizationof the initial ideas.In particular it is not just



5

onelogic thatit is usedto derive theseresults,but it is thelogical methodthatled
to the successOnestartswith a specificationof how expressionf the language
or formalismhave to beinterpretedn formal terms.Basedon thatonecanspecify
whenasetof formulaelogically impliesaformula. Thenonecanstartto find similar
formalisms(e.g. modallogics) and prove equivalencesand/orone can specify a
methodto derive logically entailedsentencesind prove themto be correct and

complete

3.2 Nonmonotonid.ogics

Anotherinterestingareawherethe logical methodhasbeenappliedis the devel-
opmentof the so-callednon-monotonidogics Theseare basedon the intuition
thatsometimes logical consequencshouldberetractedf new evidencebecomes
known. For example,we mayassumehatour carwill not be movedby somebody
elseafterwe have parkedit. However, if new informationbecomeknown, suchas
thefactthatthecaris notatthe placewherewe have parkedt, we arereadyto drop

theassumptiorthatour carhasnotbeenmoved.

This generalreasoningpatternwas usedquite regularly in early Al systemshut
it took a while beforeit was analyzedfrom a logical point of view. In 1980, a
specialissueof the Artificial Intelligencegournalappearedpresentinglifferentap-
proachego non-monotoniaeasoningjn particularReiters (1980) defaultlogic

andMcCarthy’s (1980)circumscriptionapproach.
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A disappointingactaboutnonmonotonidogicsappears$o bethatit is verydifficult
to formalizeadomainsuchthatonegetstheintendedconclusionsin particular in
the areaof reasoningaboutactions McDermott(1987)hasdemonstratethatthe
straightforwardformalizationof an easytemporalprojectionproblem(the “Y ale
shootingproblem”) doesnot leadto the desiredconsequencesiowever, it is pos-
sibleto getaroundthis problem.Onceall underlyingassumptionsirespelledout,

thisandotherproblemcanbe solved (Sandevall 1994).

It tookmorethana decadéeforepeoplestartedo analyzethecomputationatom-
plexity (of the propositionalversions)of theselogics. As it turnedout, theselog-
ics areusuallysomevhatmoredifficult thanordinarypropositionallogic (Gottlob
1992).This, however, seemdolerablesincewe getmuchmoreconclusionghanin

standardpropositionalogic.

Rightatthesametime, thetight connectiorbetweemonmonotonidogic andbelief
revision (Gardenfors1988)was noticed.Belief revision — modelingthe evolution
of beliefsover time — is just one way to describehow the setof nonmonotonic
consequencesvolveovertime,whichleadsto averytight connectiorontheformal
level for thesetwo formsof nonmonotonicityNebel1991).Again, all theseresults

andinsightsaremainly basedn thelogical methodto knowledgerepresentation.



4 Outlook

The above descriptionof the useof logics for knowledgerepresentations nec-
essarilyincomplete.For instancewe left out the areaof qualitatve temporaland
spatialreasoningompletely Neverthelesspneshouldhave gotanideaof how log-
ics areusedin the areaof knowledgerepresentationAs mentionedijt is the idea
of providing knowledgerepresentatioformalismswith formal (logical) semantics
thatenablesus to communicateheir meaning to analyzetheir formal properties,

to determineheir computationatompleity, andto devisereasoningalgorithms.

While the researchareaof knowledgerepresentatiomns dominatedby the logical
approachthis doesnot meanthatall approaches knowledgerepresentatiomust
be basedon logic. Probabilistic(Pearl 1988) and decisiontheoreticapproaches,
for instance have becomevery popularlately. Nowadaysa numberof approaches
aim at unifying decisiontheoreticand logical accountsby introducinga qualita-
tive versionof decisiontheoreticconceptgBenferhat,Dubois,Fargier, Pradeand
SabbadirR000).OtherapproacheéBoutilier, Reiter Soutchanskand Thrun2000)
aim attightly integratingdecisiontheoreticconceptsuchasMarkov decisionpro-
cesseswvith logical approachesfor instance Although this is not pure logic, the
two latterapproachedemonstratéhe generalityof thelogical method specifythe

formal meaningandanalyze!



Bibliography

Allen, J. A., Fikes, R. and Sandwall, E. (eds): 1991, Principles of Knowledge
RepesentatiorandReasoningProceeding®fthe2ndinternationalConfeence(KR-

91), MorganKaufmann Cambridge MA.

Benferhat, S., Dubois, D., Famier, H., Prade,H. and Sabbadin,R.: 2000, Decision,

nonmonotoniageasoningandpossibilistic logic, in Minker (2000),pp. 333—-360.

Bouitilier, C., Reiter R., SoutchanskiM. and Thrun, S.: 2000, Decision-theoretichigh-
level agentprogrammingin the situationcalculus,Proceedingsf the 17th National
Confeenceof the AmericanAssociatiorfor Artificial Intelligence(AAAI-2000) MIT

PressAustin, TX.

BrachmanR. J.:1979,0ntheepistemologicastatusof semantimetworks,jn N. V. Findler
(ed.), AssociativeNetworks: Repesentationand Use of Knowledgeby Computers

AcademicPressNew York, NY, pp.3-50.

Brachman,R. J.: 1990, The future of knowledgerepresentationProceedingsof the 8th
National Confeenceof the AmericanAssociationfor Artificial Intelligence(AAAI-

90), MIT PressBoston,MA, pp.1082-1092.

Donini, F. M., Lenzerini, M., Nardi, D. and Nutt, W.: 1991, The compl«ity of concept

languagesin Allen, FikesandSandevall (1991),pp.151-162.

Gabbay D. M., Hogger C. J. and Robinson,J. A. (eds): 1995, Handbookof Logic in
Artificial Intelligenceand Logic Programming— Vol. 1-5, Oxford University Press,

Oxford, UK.



9

Gardenfors,P: 1988, Knowledgein Flux—Modelingthe Dynamicsof EpistemicStates

MIT PressCambridgeMA.

Gottlob, G.: 1992, Complity resultsfor nonmonotonidogics, Journal for Logic and

Computatior2(3), 397-425.

McCarthy J.: 1968, Programswith common sense,in M. Minsky (ed.), Semantic

InformationProcessingMIT PressCambridgeMA, pp.403-418.

McCarthy J.: 1980, Circumscription—aform of non-monotonicreasoning,Atrtificial

Intelligencel3(1-2),27-39.

McCarthy J.: 2000,Conceptof logical Al, in Minker (2000),pp. 37-58.

McDermott,D. V.: 1987,A critiqueof purereasonComputationalntelligence3(3), 151—

160.

Minker, J. (ed.):2000,Logic-BasedArtificial Intelligence Kluwer, Dordrecht,Holland.

Minsky, M.: 1975, A frameavork for representingknowledge,in P. Winston (ed.), The

Psytologyof Computenision, McGraw-Hill, New York, NY, pp.211-277.

Nebel,B.: 1991, Belief revision anddefaultreasoning Syntax-basedpproachesn Allen

etal. (1991),pp.417-428.

Nebel,B. andSmolka,G.: 1990,Representatioandreasoningvith attributivedescriptions,
in K.-H. BlasiusU. HedtstickandC.-R.Rollinger (eds),Sortsand Typesin Artificial
Intelligence Vol. 418 of Lecture Notesin Artificial Intelligence SpringefVerlag,

Berlin, Heidelbeg, New York, pp.112-139.



10

Newell, A.: 1982, Theknowledgelevel, Artificial Intelligencel8(1), 87-127.

Pearl, J.: 1988, Probabilistic Reasoningin Intelligent SystemsNetworksof Plausible

Inference MorganKaufmann,SanFranciscoCA.

Reiter R.: 1980,A logic for defaultreasoningAtrtificial Intelligencel3(1), 81-132.

Sandevall, E.: 1994, Featuresand Fluents Oxford University PressOxford, UK.

Schild, K.: 1991,A correspondenctheoryfor terminologicallogics: Preliminaryreport,
Proceedingsof the 12th International Joint Confeence on Atrtificial Intelligence

(IJCAI-91) MorganKaufmann,Sydney, Australia,pp.466—471.



