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1UNCERTAINTY IN INTELLIGENTDATABASESRobert DemolombeONERA/CERTToulouse, France1 INTRODUCTIONBy an intelligent database we mean a traditional relational database with ad-ditional functionalities to represent either (1) general rules, as in deductivedatabases, or (2) some kind of incomplete information, like marked null val-ues or disjunctive facts, or (3) additional meta-information, like informationvalidity, uncertainty factors, or some kind of modality.We shall assume �rst that such a database can be represented by a �rst ordertheory DB. This theory is intended to represent a part of the world, called W ,that is formally represented by an interpretation of the same language used torepresent the theory DB. Subsequently, we shall see that �rst order theoriesare not enough to represent certain kinds of additional information.The subject of uncertainty in intelligent databases is broad and covers manydi�erent approaches and interpretations. The following discussion distinguishesamong several di�erent kinds of uncertainty.Incompleteness1The �rst kind of uncertainty refers to a situation where we know that A _ Bholds, but we are uncertain which of the two (A or B) holds. For exam-ple, we may know that \John teaches Mathematics or Logic", represented by1In this chapter the terms incompleteness and validity are used in the sense de�ned byMotro in [22, 23]. They do not refer to properties of a formal system about the links betweensyntax and semantics, as is the case in logic. 1



2 Chapter 1Teach(John;Mathematics)_Teach(John;Logic), but not which of these courseshe actually teaches. The uncertainty is about what is true in the world.More generally, incompleteness is a form of uncertainty in the sense that if thetheoryDB has several distinct (up to an isomorphism)modelsM1;M2; : : : ;Mn,we are not certain whether W is (up to an isomorphism)M1, or M2, or : : : orMn. This can be expressed byW =M1 or W =M2 or : : : or W = MnValidityEven if the informationA, say Teach(John;ComputerScience), is inDB, we arenot always certain that A holds in the world. In this case uncertainty is aboutwhether A is true or false in W . This type of uncertainty refers to informationvalidity.This notion of uncertainty is unrelated to the former one, and it can be de�nedwhether or not DB is a complete theory. If we call M (DB) the set of DBmodels, it expresses lack of knowledge about whether W is a model of DB ornot. This can be expressed byW 2M (DB) or W 62M (DB)InconsistencyIf inconsistent data like A and :A can be derived from a database DB, in mostcases it is because these data have been inserted by di�erent agents that havedi�erent beliefs about the world. For example, in the context of distributeddatabases, if each database is considered an agent, it may happen that A isderivable from the database DB1, and :A is derivable from the database DB2.For example, DB1 might have fMale(Jane); ( Male(x ) ^ Female(x )) 8xg,and therefore :Female(Jane) is derivable from DB1, whereas DB2 might haveFemale(Jane). In this case uncertainty is about the database that contains thecorrect information.The mutual inconsistency of DB1 and DB2, that is, their lack of commonmodel, can be expressed byW 2 M (DB1 ) or W 2M (DB2 )



Uncertainty in Intelligent Databases 3VaguenessA predicate used to represent information in a database might not have a precisede�nition, with the result that we are not certain whether or not a given objectsatis�es the predicate. This uncertainty does not come from lack of informationabout the world; it comes from the vagueness of the language itself.If we consider, for example, the predicate Tall(x ), and the person John, itmay be uncertain whether John is a tall person. In this situation one canassign a value in [0; 1], say 0.75, to a fact such as Tall(John). The intuitiveinterpretation of such a value is somewhat controversial, as we can propose atleast two interpretations.The �rst interpretation is that the value represents a distance between theproperties of a perfectly tall person, and John's properties. However, in manycases, the perfect properties are not explicitly de�ned, and there is no de�nitionof a distance measure over these properties; consider, for example, the vaguepredicate \good restaurant".Another interpretation is that each agent has his own de�nition of what isa tall person. That is, each agent can de�ne the extension of the predicateTall(x ), but these extensions are not the same for all the agents. In other words,each agent has a precise de�nition of the predicate, but there is no consensusabout this de�nition. In this case the coe�cient 0.75 can be interpreted as thepercentage of agents that agree on the fact that Tall(John) is true.This chapter surveys only the �rst two kinds of uncertainty: incompletenessand validity. We shall try to reformulate in a logical framework the di�er-ent formalisms presented by the di�erent authors. At times, we shall changesome aspects of the original works, for the sake of a simpli�ed and uniformpresentation. We hope that this would not signi�cantly alter the intentions ofthe authors. Our survey is presented according to the kind of uncertainty; foreach kind we consider how information is represented, techniques for reasoningwith this information in order to compute answers to queries, the sources ofthe uncertainty, and the kind of constraints that can be de�ned to limit uncer-tainty. Our survey discusses representative works in these areas, and it doesnot attempt to be exhaustive.



4 Chapter 12 INCOMPLETENESS2.1 Representation of UncertaintyWe consider here how incompleteness is represented, starting from standardrelational databases, and ending with more sophisticated types of intelligentdatabases.Relational DatabasesIn standard relational databases information is represented by a set of tables.Each table contains a set of facts of one predicate. The column names, calledattributes, allow easy reference to the predicate arguments. As an example,consider the table Teach TeachTeacher CourseJohn MathematicsPeter LogicThe associated �rst order theory DB1 is quite simple. It contains as manyground facts as there are lines in the table:DB1 = fTeach(John;Mathematics);Teach(Peter ;Logic)gThe language associated with this theory is formed with the predicate Teach(x ; y),and the set of constants fJohn;Peter ;Mathematics;Logicg.An implicit assumption in relational databases is that each constant namerefers to a distinct element. This assumption is represented in the theory byUnique Name Axioms (UNA), as de�ned by Reiter [27]. In this section we shallassume that the theory associated with a database always contains unique nameaxioms, although, for simplicity, they will not be speci�ed explicitly.The standard de�nitions of the relational model also implicitly assume that thedomain of each predicate argument is known. This assumption can be repre-sented in logic by a Domain Closure Axiom (DCA) as de�ned by Reiter [27] (seenext section). However, in practical situations the de�nition of these domainsis problematic because the set of elements that may occur in a column may beunknown. For example, in the table Teach, we know the set of teachers that



Uncertainty in Intelligent Databases 5appear in that state of the table, but we might not know the set of teachersthat may appear in future states. Therefore, in this chapter, the DB theorieswill not contain the DCA.An interpretation of the language is de�ned by a domain D and a meaningfunction m, that assigns to each predicate a set of tuples formed with elementsof the domain. We assume that to each constant in the language, i.e., to eachconstant that appears in a table, a distinct element of the domain is assigned,which has the same name as the constant. For example, the constant John isinterpreted by an element of the domain also named John.Examples of models of the theory DB includeM1 =< D1;m1 > whereD1 = fJohn; Peter;Mathematics; Logicgm1(Teach) = f< John;Mathematics >;< Peter; Logic >gM2 =< D2;m2 > whereD2 = fJohn; Peter;Mathematics; Logicgm2(Teach) = f< John;Mathematics >;< Peter; Logic >;< Peter;Mathematics >gM3 =< D3;m3 > whereD3 = fJohn; Peter;Mathematics; Logic; P rogramminggm3(Teach) = f< John;Mathematics >;< Peter; Logic >;< John; Programming >gIn this example, the representation W of the world might be, for example,M3.Except for the UNA, this logical representation of a relational database cor-responds to what Reiter called the Open World Assumption (OWA). Thismeans that there is no assumption about the truth value of facts that arenot present in a table. For example, < Peter ;Mathematics > is not in thetable Teach, so we make no assumption about whether or not W containsTeach(Peter ;Mathematics).Relational Databases with Null ValuesNull values have been added to the relational model by Codd [4]. Null valuescan have many di�erent meanings. The meaning we consider here corresponds



6 Chapter 1to a value that exists, but is unknown. All the occurrences of null values arerepresented by the symbol �, but it is not assumed that all these unknownvalues are identical. As an example, consider the tableTeachTeacher CourseJohn MathematicsPeter LogicPaul �� ProgrammingIn the associated �rst order theory null values are represented by existentiallyquanti�ed variables;DB2 = fTeach(John;Mathematics); T each(Peter; Logic);9x Teach(Paul; x); 9y Teach(y; Programming)gNull values represent a special kind of uncertainty. For example, if we knowthe fact 9x Teach(Paul ; x ), then we know that x is an element in the extensionof Teach(Paul ; x ), but are unaware which element it is.Relational Databases with Marked Null ValuesMarked null values are a re�nement of \simple" null values. Reiter [27] andImielinski and Lipski [15] (and see also [32, 31, 1, 16]) introduced special sym-bols, called variables, to represent marked null values. The same variable mayhave several occurrences in a database, and each occurrence refers to the samevalue, though this value is unknown. An example is the tableTeachTeacher CourseJohn MathematicsPaul !1!2 Logic!2 ProgrammingSuch tables are called V-tables in [15]. The associated �rst order theory isDB3 = fTeach(John;Mathematics); 9x Teach(Paul; x);9y (Teach(y; Logic) ^ Teach(y; Programming))g



Uncertainty in Intelligent Databases 7In fact, marked null values are, in the logical framework, Skolem constants.The Skolemization of DB3 leads toDB03 = fTeach(John;Mathematics); T each(Paul; !1);T each(!2; Logic); T each(!2; P rogramming)gFrom a practical point of view, the only di�erence between these Skolem con-stants and standard constants is that Skolem constants are not covered byunique name axioms like :(!1 = Mathematics) or :(!1 = !2).Nevertheless, Demolombe and Fari~nas del Cerro [10] have extended the markednull values approach to represent constraints on marked null values of the form:(!1 = Mathematics). This extension allows to represent, for example, theinformation 9x (Teach(Paul ; x ) ^ :(x = Mathematics)).Relational Databases with Conditional TuplesImielinski and Lipski [15] introduced tables with conditional tuples. To eachtable, an additional column is added that contains Boolean expressions formedonly with the equality predicate. The intuitive interpretation is that a tuplecorresponding to a line in the table satis�es the corresponding predicate if, fora given interpretation of the Skolem constants, the Boolean expression takesthe value true. These tables are called conditional tables, or C-tables for short.For example,TeachTeacher Course conJohn Mathematics truePaul !1 :(!1 = Mathematics)!2 Logic (!2 = Peter) _ (!2 = Paul)The information captured in this table, denoted Rep(Teach), is a set of relationsde�ned in the following way. For each interpretation of the marked null values!1 and !2, the conditions take the value true or false, and all the relations thatcontain the lines for which the condition is true are in Rep(Teach).Notice that, in the interpretation, when !2 is interpreted by John, the condition(!2 = Peter) _ (!2 = Paul) takes the value false. In this case, we notice that(1) relations in Rep(Teach) may or may not contain the tuple < John;Logic >,



8 Chapter 1and (2) there are relations in Rep(Teach) that contain neither < Peter ;Logic >nor < Paul ;Logic >; therefore, the last line in the table cannot be interpretedas Teach(Peter ;Logic)_Teach(Paul ;Logic). However, it is possible to representthis disjunctive information with the C-table Teach0,Teach'Teacher Course con!2 Logic !2 = PeterPaul Logic :(!2 = Peter)Indeed, if !2 is interpreted by Peter , then relations in Rep(Teach0) must con-tain the tuple < Peter ;Logic >, and if !2 is not interpreted by Peter , thencorresponding relations in Rep(Teach0) must contain the tuple < Paul ;Logic >.Thus, every relation in Rep(Teach0) must contain either < Peter ;Logic > or< Paul ;Logic >. Of course, they may also contain both.The �rst order theory associated with the table Teach isDB4 = fTeach(John;Mathematics);9x (:(x = Mathematics) ! Teach(Paul; x));9y ((y = Peter _ y = Paul)! Teach(y; Logic))gThe Skolemized theory that corresponds to DB4 isDB04 = fTeach(John;Mathematics);:(!1 = Mathematics)! Teach(Paul; !1);(!2 = Peter _ !2 = Paul)! Teach(!2; Logic)gAnd the �rst order theory associated with Teach0 isDB04 = f9x ((x = Peter! Teach(x; Logic))^(:(x = Peter)! Teach(Paul; Logic)))gFirst Order Deductive DatabasesRelational databases have been extended to deductive databases containingrules, represented by �rst order Horn clauses [13]. Although this extensionincreased the expressive power of relational databases, it had no signi�cantimplications on the aspect of uncertainty arising from incompleteness.A more signi�cant change, from the point of view of uncertainty, was the ex-tension to Disjunctive Deductive Databases (DDDB), as de�ned by Minker etal [17, 19, 21].



Uncertainty in Intelligent Databases 9A DDDB is de�ned as a �rst order theory with two kinds of information: groundfacts, that are positive ground clauses, and rules, that are non-Horn clauses.As usual in deductive databases, these clauses do not contain function symbols.The following is an example of a DDDB.DB5 = fTeach(John;Mathematics); T each(Peter; Logic);P ermanent(John);8x8y (Professor(x) _Assistant(x)  Teach(x; y) ^ Permanent(x))8x (PhD(x) Professor(x)); 8x (PhD(x) Assistant(x))g2.2 Reasoning with Uncertain InformationReasoning techniques are needed to compute answers to queries. The answer toa query represented by the �rst order formula q(x), where x is the free variablein q, is de�ned as the set of constants in the language whose substitutions forx in q(x) gives a logical consequence of the theory DB. More formally, theanswer is de�ned by fa j DB ` q(a)gThis de�nition can easily be extended to queries that have more than one freevariable.In principle, any theorem proving technique may be used to compute answers.However, for e�ciency, special techniques must be designed for the speci�c kindof theories encountered in intelligent databases. For this reason, researchers inrelational databases proposed at �rst using the relational algebra to computeanswers. Relational algebra (RA) is very e�cient because it computes all thetuples that satisfy a given formula \at the same time". Nevertheless, problemsarise with RA.The �rst problem is mainly theoretical: not all �rst order formulas can betranslated to RA. For example, the query :Teach(x ;Mathematics) cannot betranslated. In fact, only domain independent formulas can be translated to RA(see [7]). Fortunately, queries that cannot be translated have little practicalinterest.Relational DatabasesThe second problem, a more serious one, is that in the context of the OpenWorld Assumption, the relational algebra is not always sound. Consider, for



10 Chapter 1example, the queryq1 (x ) = 9y (Teach(x ; y) ^ :Teach(x ;Mathematics))Its translation to RA isQ1 = �Teacher(Teach � �Course=Mathematics(Teach))Evaluating Q1 in the table Teach of Section 2.1.1 results in fPeterg, while wedo not haveDB1 ` 9y(Teach(Peter ; y) ^ :Teach(Peter ;Mathematics))because :Teach(Peter ;Mathematics)) is not derivable from DB1.To get a sound and complete answer we should evaluate Q1 in every model ofDB1 and retain in the answer only tuples that are in the intersection of allthese evaluations. This, of course, is intractable in general.In fact, a relational table can be considered a representative of all the mod-els only for a certain kind of queries; intuitively, for the queries that withoutnegation,2 and only the logical connectives negation, disjunction and existen-tial quanti�cation. This corresponds, in RA, to queries that do not involvedi�erences or negative selections. For these queries, evaluation on the tablesindeed gives the same result as the intersection of all the evaluations in all themodels.Relational Databases with Null ValuesIt was shown in [15] that RA operators can be extended to evaluate \correctly"certain kinds of queries on tables with null values.To de�ne a \correct" evaluation we must �rst de�ne 
-equivalence between therepresentations of two tables T and U , where 
 is a set of RA operators; forexample, projection and union. T and U are 
-equivalent if, for RA expres-sions formed with operators in 
, Rep(T ) and Rep(U ) are indiscernible, in thesense that the intersection of the evaluations of such expressions on relationsin Rep(T ) or in Rep(U ) are identical. This equivalence relation is denoted byRep(T ) �
 Rep(U )2This characterization is somewhat informal, since a query like ::Teach(x ;Mathematics)can, of course, be evaluated correctly on a table.



Uncertainty in Intelligent Databases 11It is possible to \correctly" evaluate a RA expression exp on a table T , if itis possible to de�ne a corresponding expression exp0, with speci�c extendedRA operators for this type of table, in such a way that the representation ofthe evaluation of exp 0 on T , Rep(exp0(T )), contains the same information, withrespect to 
-operators, as the result of the evaluation of exp on all the relationsin Rep(T ); i.e.,3 Rep(exp0(T )) �
 exp(Rep(T ))Imielinski and Lipski showed that for tables with null values, queries formedwith projection and selection can be \correctly" evaluated.The projections in exp 0 are evaluated as usual. A selection of the form �sel(T )is evaluated as follows: a tuple t in T is in the result i� sel(t) is true for anysubstitution of all the nulls in sel(t) by any element of the domain. Noticethat this de�nition does not require a 3-valued logic. In particular, if sel is atautology such as (Teacher = Peter)_:(Teacher = Peter), it will be evaluatedto true even if, for a given tuple t, the value of Teacher is �. As an example,the query q2 (x ; y) = Teach(x ; y) ^ :(x = Peter)whose translation to RA isQ2 = �:(Teacher=Peter)(Teach)gives the following result when evaluated in the relation Teach of Section 2.1.2:John MathematicsPaul �It is important to notice that the result is also a table with null values. Thismeans that in this formalism we can have incomplete information and incom-plete answers as well. Indeed, the only standard answer to q2; i.e., the onlytuple < a; b > such that DB2 ` q2(a; b), is < John;Mathematics >. The secondtuple in the table is an incomplete answer in the sense thatDB2 ` 9y (q2 (Paul ; y))Relational databases with marked null valuesThe relational algebra was also extended to tables with marked null values [15].The only extended operator whose de�nition di�ers from the standard is the3To avoid excessive notation, we denote by exp(Rep(T)) the intersection of the evaluationof exp on each relation in Rep(T).



12 Chapter 1selection. To de�ne this extension, a valuation v of the set of marked null values!i is de�ned as an assignment of an element of the domain to each marked nullvalue. Then, extended selection is de�ned by�sel (T ) = ft j t 2 T ^ sel�(t) = truegwhere sel�(t) = true, if sel(v(t)) = true for every valuation v, and sel�(t) =false otherwise.It was shown in [15] that queries formed with projection, positive selection,union and Cartesian product, can be \correctly" evaluated. For example, thequery q3 (x ) = Teach(x ;Logic) ^Teach(x ;Programming)whose translation to RA isQ3 = �1 (�2=Logic^4=Programming(Teach �Teach))gives this result, when evaluated in the relation Teach of Section 2.1.3:!2The standard answer is empty, because there is no constant a such that DB3 `q3(a). However, here again, the marked null value !2 in the result can beinterpreted as an incomplete answer, since we haveDB3 ` 9x q3 (x )Reiter showed in [28] that, in the context of marked null values, standardrelational algebra is sound, but is not complete, in general, for the operatorsprojections and union. Indeed, if we denote by jjq(x)jj the answer to q(x),de�ned by jjq(x )jj = fa j DB ` q(a)gthen we have �x jjP(x ; y)jj � jj9y P(x ; y)jjjjP (x; y)jj [ jjQ(x; y)jj � jjP (x; y)_Q(x; y)jjThe equality of these expressions is not guaranteed.



Uncertainty in Intelligent Databases 13Relational databases with conditional tuplesThe RA has also been extended in [15] to tables with conditional tuples. Theextended projection is slightly di�erent from the standard one. The di�erencecomes from the fact that when tuples are projected on a set of attributes X,we have to keep trace of the conditions associated with these tuples:�X (T ) = ft [X [ fcong] j t 2 Tgwhere t [X [ fcong] denotes the projection of the tuple t on the attributesX [ fcong.The selection is also di�erent from the standard one. The idea is to preserve allthe tuples in the result of the selection, and to add, for each tuple, the selectioncondition to the previous condition. More formally, a selection is de�ned by�sel (T ) = f�sel (t) j t 2 Tgwhere �sel(t) is de�ned by �sel (t)[X ] = t [X ], where X is the set of attributesin T except con, and �sel (t)[con] = t [con] ^ sel(t).The extended Cartesian product is modi�ed in a similar way. For each tuplein the result the condition is the conjunction of the conditions in the operands:T � U = ft [X � fcong]� u[Y � fcon0g]� con ^ con0 j t 2 T ^ u 2 U gwhere X (respectively, Y ) is the set ot attributes in T (respectively, U ), andcon (respectively, con0) is the attribute of T (respectively, U ) that contains theconditions.The union too must be slightly modi�ed to remove duplicated tuples.With these RA extensions it is possible to \correctly" evaluate queries formedwith projection, selection, union and Cartesian product. For example, thequery q4 (x ; y) = Teach(x ; y) ^ x = Paulwhose translation to RA isQ4 = �Teacher=Paul(Teach)gives the following result when evaluated in the relation Teach of Section 2.1.4:John Mathematics true ^ (John = Paul)Paul !1 :(!1 = Mathematics) ^ (Paul = Paul)!2 Logic (!2 = Peter) _ !2 = Paul) ^ (!2 = Paul)



14 Chapter 1The condition in the �rst line, due to the unique name axiom :(John = Paul),is equivalent to false. The condition in the second line is equivalent to :(!1 =Mathematics), and the condition in the third line is equivalent to !2 = Paul ,because, due to the UNA, (!2 = Peter) ^ (!2 = Paul) is equivalent to false.Hence, a simpli�ed representation of the result isPaul !1 :(!1 = Mathematics)!2 Logic !2 = PaulThe meaning of the second line in the result is that when !2 is interpreted asPaul, then Teach(Paul ;Logic) is true. In other words, it is possible that Paulteaches Logic. The logical interpretation of the two lines in this incompleteanswer is DB4 ` 9y (:(y = Mathematics)! q4(Paul; y))DB4 ` 9x (x = Paul! q4(x; Logic))First Order Deductive DatabasesTechniques to compute answers e�ciently have been de�ned for deductivedatabases on the basis of the de�nition of Least Fixpoint (LFP) operators.These operators compute all the ground clauses that can be inferred in onestep from a set of rules and a set of ground clauses. The inference rule is a sortof hyperresolution that allows to infer a ground clause from a rule instance anda set of ground clauses.Minker and Rajasekar have de�ned in [21] a LFP operator that computes setsof positive ground clauses. Consider the disjunctive deductive database DB5of Section 2.1.5. In the �rst step, fromProfessor(John) _Assistant(John)  Teach(John;Mathematics) ^ Permanent(John)Teach(John;Mathematics)Permanent(John)we infer Professor(John) _Assistant(John)In the second step, fromPhD(John) Professor(John)PhD(John) Assistant(John)Professor(John) _Assistant(John)



Uncertainty in Intelligent Databases 15we infer PhD(John) _Assistant(John)PhD(John) _ Professor(John)And, in the third step, fromPhD(John) Professor(John)PhD(John) _ Professor(John)we infer PhD(John)Hence, this LFP operator can be used to compute, for example, the answer tothe query q5 (x ) = PhD(x )Indeed, the only answer is DB5 ` PhD(John)and it corresponds to what is computed by the LFP operator.This LFP operator was then improved to concentrate on the derivation ofconsequences that are relevant to the query. Demolombe [5] de�ned a LFPoperator that simulates the combination of backward chaining and forwardchaining techniques for DDDBs.In this context of disjunctive deductive databases, incomplete answers were de-�ned in [6], where they are called conditional answers. The conditional answerto a query q(x) is a set of ground formulas of the form q(a) cond(a; b), wherecond(a; b) represents the additional information necessary to derive the answerq(a). A general de�nition of conditional answers isfq(a) cond(a; b) j DB ` q(a) cond(a; b)gTo remove trivial conditional answers like q(a)  q(a), or inconsistent condi-tional answers where cond(a; b) is inconsistent with DB, two additional condi-tions are imposed on conditional answers:1. q(a) cond(a; b) is not a tautology.2. There is no DB consequence that strictly subsumes q(a) cond(a; b).



16 Chapter 1For example, PhD(Peter)  Permanent(Peter) is a conditional answer to thequery q5(x). Indeed, we haveDB5 ` PhD(Peter) Permanent(Peter)DB5 6` PhD(Peter)DB5 6` :Permanent(Peter)If we present the query q6 (x ) = Professor(x )to the database DB5, we get the conditional answerDB5 ` q6(John) :Assistant(John)DB5 ` q6(Peter) Permanent(Peter) ^ :Assistant(Peter)It is worth noting that in the derivation of conditional answers, negation has itsstandard meaning, and is not interpreted by default. No assumption is madeduring the derivation of answers. The idea of conditional answers is to allowthe user to assume that, for example, John is not an assistant, or that Peterhas a permanent position but is not an assistant. The role of the derivationtechnique is only to determine the weakest assumption the user has to make toguarantee that a given object is in the standard answer.The technique for computing conditional answers is based on a speci�c inferencerule described in [11]. The general idea is to represent the information in clausalform, and to infer consequences, with a variant of the resolution principle, thatpreserve q(x) or instances of q(x). So, if we start from the clauses in thedatabase that contain q(x) or instances of q(x), of the form q(x) _ c(x), weresolve these clauses with literals in the part c(x), in order to �nd the resolventssuch that the part c(x) is minimal with regard to subsumption. These lastclauses contain the least incomplete information we can derive about q(x) orinstances of q(x).2.3 Sources of IncompletenessOne source of incompleteness is total lack of information. For example, wemight have no information about the fact Teach(Paul ;Logic).Another source of incompleteness is having only partial information. In mostcases, this partial information is a consequence of observed atomic facts, and



Uncertainty in Intelligent Databases 17has the form of existentially quanti�ed variables, or of disjunctions. For exam-ple, we may know the fact Professor(John), and the rule 8x (Professor(x ) !9y Teach(x ; y)), and thereby infer the partial information 9y Teach(John; y).This rule might not be represented in the database, and a user might add9y Teach(John; y) \manually" to the database.Disjunctive partial information too might be a consequence of direct obser-vations and rules. For example, from the observed facts Teach(Peter ;Logic)and Permanent(Peter), and the rule 8x8y (Teach(x ; y) ^ Permanent(x ) !Professor(x ) _Assistant(x )), we infer Professor(Peter) _Assistant(Peter).In the case of quantitative information, like the weight of a person, the measuredvalue might be obtained from scales that are known to have accuracy within1%. Hence, when the weight indicated is 73kg, we infer that the true value isbetween 72 and 74. As another example, a measured radar signal, after complexnumerical treatment, may lead us to conclude that the aircraft is either F16 orMirage2000.Partial information may be richer than a simple disjunction. In the previousexample, we may know that the possibility that the aircraft is F16 is 0.9, andthe possibility that it is Mirage2000 is 0.85.2.4 Uncertainty ConstraintsWhen incompleteness is judged not to be acceptable for particular types ofinformation, a formalism is needed to express constraints that exclude it fromthe database.For example, if salaries are represented in the database DB5, one may wantto require that for each teacher in the database, a salary is included in thedatabase as well. A rule of the form(9z Salary(x ; z ) Teach(x ; y)) 8x8yis not the correct expression of this constraint. This rule denotes that for eachteacher a salary value exists (in the world), but it does not indicate that thisvalue is included in DB. We need to express that for each x that DB knowsto be a teacher, DB knows the corresponding salary z, as well.Reiter [30] introduced an epistemic modality to express this very kind of con-straint. This modality is called B because, in general, a database is a collection



18 Chapter 1of beliefs, not necessarily of facts. Using this modality, the constraint in theexample becomes(9z B(Salary(x ; z )) B(Teach(x ; y))) 8x8yThis epistemic modality distinguishes between B(9x Salary(John; x )) that as-serts that it is believed (by the database) that John has (in the world) a salary,and 9x B(Salary(John; x )), that asserts that there exists a value x that isbelieved (by the database) to be John's salary.This modality can also be used to express the constraint that for each teacherknown by the database to have a permanent position, the database knowswhether he is a professor or an assistant:(B(Professor(x )) _B(Assistant(x ))  B(Teacher(x ; y) ^ Permanent(x ))) 8xA constraint of this form is satis�ed if in each model of DB, in the logic of thismodality, the constraint is true.43 VALIDITY3.1 Representation of UncertaintyThe information in the database DB is not necessarily a correct description ofthe world. Yet, we may have meta-information that tells us which parts of DBare guaranteed to be valid descriptions.Using Meta-Relations to Store Validity ViewsA �rst method to represent this meta-information was designed by Motro [23].5In this method, the valid information is characterized in terms of relationaldatabase view de�nitions, that are �rst order formulas, and in terms of sets oftuples that satisfy certain conditions.4The epistemic logic KFOPCE used by Reiter for B, and de�ned by Levesque, is notdescribed here.5This method was designed by Motro for representing meta-information about both com-pleteness and validity. Due to space limitations, we only cover here its application to validity.We note that Motro now prefers the term soundness for validity; see Chapter 2.



Uncertainty in Intelligent Databases 19These conditions are expressed with tuples in meta-relations, which mirror therelations of the database. For each database relation R, the correspondingmeta-relation will be denoted M:R. The tuples in M:R may contain variablesor constants, and, roughly speaking, all the tuples in R that are instances oftuples in M:R are guaranteed to be valid.As an example, consider a database with relationsNationality(Citizen;Country),and Born(Person;Place;Date), and assume that the valid parts of this databaseare characterized in these four views:1. V1 (x ; x1 ) = 9v (Nationality(x ; x1 ) ^ Born(x ; x1 ; v) ^ x1 = China))2. V2 (y ; x2 ) = Nationality(y ; x2) ^ x2 = France3. V3 (u; x3 ) = Nationality(u; x3 ) ^ x3 = USA4. V4 (z ; x4 ; t) = Born(z ; x4 ; t) ^ x4 = FranceV1 expresses that for people born in China and whose nationality is also Chinese,the name and the nationality (and place of birth) are guaranteed to be valid.Note that, for the same individuals, the date of birth is not guaranteed to bevalid. V2 and V3 express that the names and nationalities are valid for personsof French or American nationality. V4 expresses that for people born in France,the name, place of birth and date of birth are valid.In general, views are conjunctive formulas, possibly with existential quanti�ers,without negation except for selection predicates. Selection predicates are con-junctions of comparisons, such as equality, greater than, and so on. It is thevalues of the free variables (the \subject" of a views) that are guaranteed to bevalid.These view de�nitions are stored as meta-tuples in the meta-relations. First, weassure that the variables used in the entire set of views are named di�erently.Then, each atomic formula of every view de�nition (other than comparisonpredicates) is stored as a meta-relation tuple. In these tuples, free variablesare su�xed by a �. For example, x, in view V1, is \starred", while v is not.Intuitively, a starred variable indicates a valid value. Finally, atomic formulasformed with the equality predicate, i.e., x = a or x = y, are \stored" bysubstituting x by a or by y throughout the meta-database. Atomic formulasformed with comparison predicates other than equality (e.g., x > a) are storedin an ad hoc meta-relation called Comparison. For simplicity, we assume onlyequality predicates, and therefore ignore this meta-relation.



20 Chapter 1The meta-database for this example isM :NationalityCitizen Countryx� China�y� France�u� USA� M :BornPerson Place Datex� China� vz� France� t�A possible instance of this database isNationalityCitizen CountryLee ChinaYang ChinaPierre France BornPerson Place DatePaul USA 1955Yang China 1920Pierre France 1968According to the meta-database, Pierre's date of birth is valid, whereas Yang'sdate of birth is not guaranteed to be valid. Yang's nationality is guaranteed tobe valid, whereas Lee's nationality is not, because while the database includes aNationality tuple for Lee it does not include a Born tuple for him, which is nec-essary to express the validity of his nationality. This latter example shows thatto determine if a value is valid, it is not enough to consider the correspondingmeta-relation; the entire meta-database may need to be considered.Using Epsitemic Logic to De�ne Reliable InformationIn another approach, presented by Demolombe and Jones [9], information va-lidity depends on the type of information, and on the agent who stored theinformation in the database. The word agent should be understood in itsbroad sense: it may refer to a particular user, or a category of users, or, in thecontext of distributed databases, a particular database.The formalization of information validity takes inspiration from signaling acttheory. It is expressed in the framework of epistemic logic and logic of actions,and it covers databases that are sets of propositional calculus sentences.A database is considered a communicative tool between agents that store infor-mation in it database, and agents that read information from it. The formal-ization presented in [9] allows complex situations where the representation is



Uncertainty in Intelligent Databases 21not necessarily explicit sentences, but possibly any kind of encoded messages.The agents who interpret messages can also be represented explicitly. Theseagents are not necessarily reliable, but are assumed to be sincere.The meta-information about validity de�nes the agents who are reliable whenthey assert; i.e., when they store sentences in the database. An informal ex-ample of such meta-information is \Agent Shu is reliable when he stores thefact Nationality(Yang ;China)". The fact Nationality(Yang ;China) is not nec-essarily present in the database, but, if present, is guaranteed to be valid. Ina simpli�ed version of the formalism presented in [9] this meta-information isexpressed thuslyIn:DB(Shu;Nationality(Yang ;China)) ! Nationality(Yang ;China)meaning that if the message Nationality(Yang ;China) is inserted by Shu, thenNationality(Yang ;China) is valid. This formula is abbreviatedIn:MDB(Shu;Nationality(Yang ;China))An extension of this formalismto �rst order logic (FOL) allowsmeta-informationlike 8x (In:DB(Shu;Nationality(x ;China)) ! Nationality(x ;China))abbreviated in In:MDB(Shu;Nationality(x ;China))And, in general,In:MDB(agt ;View(x )) def= 8x (In:DB(agt ;View(x ))! View(x ))where View(x ) is any �rst order formula. For a particularView(a), the meaningof In:DB(agt ;View(a)) is that View(a) was stored by agent agt ; i.e., all thefacts of View(a) were inserted in one transaction activated by agent agt .3.2 Reasoning with Uncertain InformationDeriving Valid Answers AlgebraicallyMotro de�ned a method for reasoning about the views that de�ne the validinformation. This method extends the relational algebra in a relatively simple



22 Chapter 1and elegant way, to compute the meta-tuples that de�ne the tuples in an answerthat are guaranteed to be valid.Assume a RA query (involving projection, selection and Cartesian product) isexpressed by the RA expression exp, and let exp(DB) denote its answer. Denoteexp 0 the corresponding expression in the extended RA. Let meta denote amapping that assigns each relation R its meta-relation counterpart M:R. Thenmeta(exp(DB)) denotes the meta-tuples that characterize the valid tuples inthe answer exp(DB). The latter meta-relation can be computed by evaluatingexp 0 in the meta-database meta(DB); i.e., exp0(meta(DB)). In formal terms,meta is a morphism for the above mentioned operators:meta(exp(DB)) = exp0(meta(DB))The three RA operators are extended as follows:61. M :R �M :S = f< r ; s >j (r 2 M :R)^ s(2 M :S )g2. �X�A = ft [X�A] j (t 2M :R)^((t [A] = v�)_(t [A] = v))^(v is unconstrained)gwhere X is the set of attributes of M:R, A is the attribute of M:R beingremoved, v is a variable symbol, and \v is unconstrained" means that vdoes not occur elsewhere in the meta-database.3. �A=a (M :R) = ft :s j (t 2M :R)^(t [A] is starred)^(t [A] is uni�able with a)gwhere s is the uni�er of t[A] and a.�A=B (M :R) = ft :s j (t 2M :R) ^ (t [A] is starred ) ^ (t [B ] is starred)^(t[A] is uni�able with t[B])gwhere s is the uni�er of t[A] and t[B].As an example, consider the RA query Q7 = �Place=China(Born). Its FOLrepresentation is q7 (x ; y ; z ) = Born(x ; y ; z ) ^ (y = China)When evaluated in the meta-database described earlier its meta-answer isx� China� v6These de�nitions are slightly di�erent of the de�nitions given by Motro, but they arecompatible if we consider only the equality comparison predicate.



Uncertainty in Intelligent Databases 23This single tuple meta-answer characterizes the tuples in the answer that areguaranteed to be valid. The meta-tuple indicates that the name and place ofbirth (in this case, China) are guaranteed to be valid; note that the date of birthis not guaranteed to be valid. It is worth noting that this characterization isindependent of the contents of the database.As another example, consider the RA query Q8 = �Date=1920(Born). Its FOLrepresentation is q8 (x ; y ; z ) = Born(x ; y ; z ) ^ z = 1920Its meta-answer is z� France� t�The tuple < x�;China�; v > is not in the meta-answer, because date of birth isnot guaranteed to be valid for people born in China. Thus, < Yang ;China; 1920 >is in the answer, yet without any guarantee of its validity.As a third example, consider the RA query Q9 = �Country(Nationality). ItsFOL representation is q9 (x ; y) = 9x Nationality(x ; y)Its meta-answer is France�USA�The tuple < China� > is not in the result, because the variable x is constrainedby conditions in M :Born. If < China� > were in the result, it would implythat if the value China appears in an answer then this value is valid. We cansee that this is not necessarily the case, because, for example, for Lee, the valueof the attribute Country is not guaranteed to be valid.Consider now the RA query Q10 = �Citizen;Country;Person ;Place(�Citizen=Person((�Country=USA(Nationality))� Born)). Its FOL representation isq10 (x ; y ; z ) = 9u (Nationality(x ; y) ^ y = USA ^ Born(z ; t ; u))The result of �Nation=USA(Nationality) is



24 Chapter 1u� USA�The result of �Country=USA(Nationality))� Born) is:u� USA� x� China� vu� USA� z� France� t�The result of Q10 = �Citizen=Person((�Nation=USA(Nationality))� Born) isu� USA� u� China� vu� USA� u� France� t�And the �nal result is u� USA� u� China�u� USA� u� France�Notice that if the projection: �Citizen;Country;Place(M :R) is now applied to this�nal result, the result will be empty. Because both variables in the columnPerson are constrained, neither tuples survives the projection.It is interesting to notice that the method designed by Motro cannot work forqueries with the union operator. Indeed, meta is not a morphism for the union.Consider, for example, the RA query Q11 = Nationality[(�Person ;Place(Born)).Evaluating the union in the meta-database \as usual" yieldsx� China�y� France�u� USA�Whereas the answer obtained from the database itself isLee ChinaYang ChinaPierre FrancePaul USA



Uncertainty in Intelligent Databases 25According to this answer, and the meta-tuple < u�;USA� >, we should beguaranteed that Paul has American nationality or was born in the USA, whichis not the case. The only information about Paul in the database is that hewas born in the USA, but no tuple in the meta-relation Born guarantees thatthis information is indeed valid. Later we shall explain why this method doesnot work for the union.Deriving Safe Answers LogicallyIn the method de�ned by Demolombe and Jones the meta-information is rep-resented by sentences of the form In:MDB(agt ; f ), whose meaning is7In:MDB(agt ; f ) def= In:DB(agt ; f )! fThe information stored in the database, represented by sentences of the formIn:DB(agt ; f ), is considered a set of database beliefs. This interpretation isexpressed formally in the axiom schemaIn:DB(agt ; f )! B(f )where the epistemic modality is assigned the standard semantics de�ned in thelogic KD.If we denote mdb and db the set of sentences of the form In:MDB(agt ; f ), andIn:DB(agt ; f ), respectively, then the answer to a standard query q(x) isfa j db ` B(q(a))gwhereas the answer to a safety query q(x) isfa j mdb [ db ` q(a)gA safety query retrieves the values a in the standard answer that are guaranteedto be valid. Notice that the answer to the safety query is an explicit set ofelements, not formulas (views), as in Motro's approach8Consider, for example, the meta-database mdbIn:MDB(agt1; (PhD(x) Professor(x)) 8x)In:MDB(agt2; P rofessor(x))7In the de�nition given in [9], the sentence In :DB(agt; f )! f is in the scope of a modaloperator. This prevents paradoxes due to material implication.8Though, by evaluating the views described in Motro's meta-answer in the standard an-swer, a similar result is obtained.



26 Chapter 1and the database dbIn:DB(agt1; (PhD(x) Professor(x)) 8x)In:DB(agt1; (PhD(x) Assistant(x)) 8x)In:DB(agt2; P rofessor(John))In:DB(agt2; Assistant(Peter))From the mdb we can infer(PhD(x) Professor(x)) 8xProfessor(John)and from the db content we can infer(PhD(x) Professor(x)) 8xB((PhD(x) Professor(x)) 8x)B((PhD(x) Assistant(x)) 8x)B(Professor(John))B(Assistant(Peter))Hence, the answer to the standard query PhD(x ), represented by B(PhD(x )),is fJohn;Peterg, and the answer to the safety query PhD(x ) is fJohng.This example shows that there may several possibilities to derive a fact of apredicate. Some derivations are based on reliable axioms and lead to validconclusions, while other derivations involve non reliable axioms and only leadto beliefs. In the case of PhD(x ), it is not possible to guarantee that every factof this form is valid. When the database concludes that someone has a PhD,because he is a professor, then this conclusion is valid, but it because he is anassistant, then this conclusion is not necessarily valid.ComparisonTo compare the method developed by Motro with the method developed byDemolombe and Jones, we reformulate both in a common logical framework.For simplicity, we ignore the agents who store the information, and we onlydistinguish between information that has been explicitly stored, which is con-sidered a set of explicit beliefs, and the overall information, explicitly stored orderived, which is considered a set of beliefs. The meta-information characterizesbeliefs that are guaranteed to be true in the world.Consider �rst the method developed by Demolombe and Jones. Let EB(f)denote that f is an explicit belief. As we are ignoring the agent who stored f



Uncertainty in Intelligent Databases 27in the database (i.e., f is valid independently of who stored it), we have thede�nition In:MDB(f (x )) def= 8x (EB(f (x ))! f (x ))where f(x) is any �rst order formula.Moreover, we assume that the form of sentences that are explicitly stored isirrelevant. That is, if we have:f $ g, then we have EB(f )$ EB(g).The link between explicit and implicit beliefs is de�ned by the axiom schema:EB(f )! B(f )Standard and safety queries are still represented by B(q(x)) and q(x), respec-tively.In Motro's method, a validity view f(x) de�nes a part of the database thatis guaranteed to be valid. Hence, for any x, if f(x) is either explicitly orimplicitly believed by the database, then f(x) is true in the world. Denotingwith M:DB(f(x)) that the view f(x) is valid, we haveM :DB(f (x )) def= 8x (B(f (x )) ! f (x ))Of course, the link between explicit beliefs and implicit beliefs, is expressed bythe same axiom schema.Using these de�nitions we can easily rediscover the property that the mappingmeta is a morphism for the extended RA operators projection, selection andCartesian product:In FOL projection is represented by existential quanti�cation, and we haveM :DB(f (x ; y))!M :DB(9y (f (x ; y))In FOL selection is represented by Boolean expressions, denoted sel(x ), formedonly with comparison predicates, and we haveM :DB(f (x ; y))!M :DB(f (x ; y) ^ sel(x ))In FOL Cartesian product is represented by conjunctions, where the operandshave no common free variable, and we haveM :DB(f (x ; y)) ^M :DB(g(z ; t))! M :DB(f (x ; y) ^ g(z ; t))



28 Chapter 1However, we can easily verify that meta is not a morphism for the union,because the following property does not holdM :DB(f (x ; y))!M :DB(f (x ; y) _ g(x ; y))Intuitively, consider a tuple < a; b >, and assume B(f(a; b) _ g(a; b)), be-cause B(g(a; b)). The meta-information M:DB(f(a; b)), whose meaning isB(f(a; b)) ! f(a; b), does not allow to infer f(a; b) _ g(a; b) when B(f(a; b))does not hold.3.3 Sources of Validity ProblemsThe primary reason behind database information which is not valid are changesin the real world, that go unrecognized and therefore are not followed up bycorresponding updates in the database. Thus, as time goes by, database infor-mation tends to lose its validity, which means that unless the information isupdated, meta-information regarding validity must be retracted.Another cause of invalid information is non-reliable sources of information.That is, when the agent who stores information in the database does not cor-rectly transmit the messages he receives.Another important cause of uncertainty is the systematic methods intended toreduce the incompleteness of the information stored in the database. Thesemethods are called Plausible Reasoning. The idea is to de�ne a priori the typeof missing facts that can be assumed true. Such assumptions may be wrongand result in information whose validity is uncertain.We brie
y present here two kinds of plausible reasoning that are used in thecontext of intelligent databases: default reasoning [29, 3], and inductive reason-ing.Default ReasoningAn intuitive assumption accepted by many in the context of relational databases,is that there exists no true information which is not explicitly stored in thedatabase (or is derivable from information stored in the database). This meansthat every sentence is either derivable from the database, or its negation isassumed, by default, to be derivable. This intuitive assumption was formalizedby Reiter [27] with axioms called the Closure World Assumption (CWA).



Uncertainty in Intelligent Databases 29The CWA includes the UNA (see Section 2.1.1), Domain Closure Axioms thatrestrict the set of possible elements in a model to the set of elements that areactually present in the database, and Completion Axioms that restrict the set ofpossible true atomic facts in a model to the facts that are actually representedby tuples in the tables.Consider, for example, the simple database presented in Section 2.1.1. TheDCA is expressed as follows8x ((x = John) _ (x = Peter) _ (x = Mathematics) _ (x = Logic))Such axioms allow to derive sentences with universal quanti�ers. For example,with the DCA we can derive that every teacher teaches either Mathematics orLogic: 8x8y (Teach(x ; y)! Teach(x ;Mathematics) _Teach(x ;Logic))In a sense, we have induced that a sentence is valid for every possible element,from the fact that it is true for the database elements.For the same database, completion axioms express that the set of tuples thatsatisfy the predicate Teach is restricted to the tuples present in the table Teach:8x8y (Teach(x ; y)! (x = John^y = Mathematics)_(x = Peter^y = Logic))From this axiom, the UNA, and general properties of equality, we can formallyinfer :Teach(Peter ;Mathematics)A relational database completed with the CWA has only one model, up toan isomorphism, or, in other terms, has only one Herbrand model, namelythe minimal Herbrand model. In the same example, the database representedby the theory DB1 and CWA axioms, has the unique model D1. Clearly,assuming the CWA is equivalent to selecting one of the possible models. Sincethis selection is based on formal criteria only, and ignores the semantics of thedata, it is a source of errors. A more 
exible assumption would be to assumecompletion axioms only for some of the predicates.The CWA was extended by Reiter [27] to relational databases with marked nullvalues. From a formal point of view the CWA is represented by the same typeof axioms. The only change is that there are no unique name axioms for Skolemconstants. For example, for the database represented by the theory DB3, the



30 Chapter 1completion axiom of Teacher is8x8y (Teach(x; y)! (x = John ^ y = Mathematics)_(x = Paul ^ y = !1)_(x = !2 ^ y = Logic)_(x = !2 ^ y = Programming))From the completed theory it is not possible to infer :Teach(Paul ;Mathematics),because we cannot infer :(!1 = Logic). In that case no choice is made aboutthe course !1 taught by Paul.The CWAwas also extended by Reiter to disjunctive databases, that is, databasesthat contain ground positive clauses. Consider, for example, the disjunctivedatabase Professor(John);Professor(Peter) _Assistant(Peter)This theory has models in which Assistant(Peter) is false, and then, at least inthese models Professor(Peter) is true, and Peter is an element of the extensionof Professor . The completion axiom for Professor is8x (Professor(x )! (x = John) _ (x = Peter))In general, the set of tuples that appear in completion axioms is the set of tuplesthat appear in some atom of some positive clause. The intuitive justi�cationis that, if we have in the database a positive clause of the form P (a)_ c, sincethe theory contains no negative literals, there exists a model in which c is falseand P (a) is true.Minker de�ned [20] the Generalized Closed World Assumption (GCWA), whoseproof theoretic de�nition isDB `GCWA :A if for every positive clause A _ c :DB ` A _ c implies DB ` cwhere c is a ground positive clause. This means that if there is no DB conse-quence of the form A_ c, which is minimal with respect for subsumption, thenwe can infer :A.The model theoretic de�nition of the GCWA is that an atom A in the Her-brand universe is false, if it is false in all the minimal Herbrand models of thedatabase. More technically, if DB0 is the database DB after the elimination ofall subsumed clauses, and if atom(DB 0) represents all the atoms that appear



Uncertainty in Intelligent Databases 31in a ground positive clause in DB0, then A is assumed to be false if it is not inatom(DB 0).This de�nition has been extended by Lobo, Rajasekar, and Minker [18] todisjunctive deductive databases. The de�nition is similar: we only have toreplace DB0 by the set of ground positive clauses in the LFP de�ned in [21](see Section 2.2.5).Inductive ReasoningAnother source of uncertainty are techniques that extract rules from databases.The motivation is to have a synthetic representation of the information, whichenables quick processing of certain queries, without scanning large sets of facts.The downside is that answers are not guaranteed to be valid. However, in mostcases a quantitative estimation of the deviation is provided with the answer.Such rules and answers may be useful in applications like decision supportsystems. For example, in �nancial applications, large sets of data about stocksand bonds can be e�ciently summarized with such rules. In many cases, suchsummaries are su�cient for decision making.Induction techniques have been studied extensively in arti�cial intelligence,in particular machine learning. In the context of intelligent databases, thehave been applied towards knowledge discovery and data mining [26] (see alsoChapter 6).A basic goal to control rule discovery. For example, a user de�nes the patternof rules he is interested in, and a factor denoting the validity of the rule iscomputed on the basis of the database content. Another method for controlingthe process of induction is to de�ne an abstraction hierarchy on the constantsor on the concepts [14, 12]. For example, in the relation Born, the details ofthe place of birth can be \abstracted" by the country of birth, and the detailsof the date of birth can be \abstracted" by the year of birth.With these techniques, the fact Born(Yang ;Canton; 02�09 �1920 ) can be ab-stracted with Born(Yang ;China; 02�09�1920 ), then Born(Yang ;China; 09�1920 ), and then Born(Yang ;China; 1920 ). It is then possible to induce empir-ical rules such as8x8y (Born(x ;China; y)! 1910 < y < 1930 ) [0 :70 ; 0 :85 ]



32 Chapter 1whose meaning is that among all the people born in China between 70% and85% were born between 1910 and 1930. An inference method for logic programswith such rules in the case of monadic predicates was de�ned in [24].Given the fact Born(Shu;Beijin; !3 ), the abstraction process and the inferenceprocess may be combined to infer that 1910 < !3 < 1930 . Hence, inductivereasoning is reduce incompleteness.3.4 Uncertainty ConstraintsInitially, databases were used mainly in business applications, and validity wasan important concern. This may explain the emphasis on integrity constraintsin the relational model. Now the role of integrity constraints can be revisited inthe context of intelligent databases. In [8] we considered the overall informationin a database as a theory, and the issue was to de�ne the role of integrityconstraints in this general approach.In our opinion, an important characteristic of the integrity constraints IC(within a database DB) is that their validity should be guaranteed. Initially,relational integrity constraints were a function of the syntactical form of thesentences that represent them [25]. For example, non-Horn clauses were claimedto be, a priori, ICs, but this approach is clearly no longer valid. For example,in a disjunctive deductive database, non-Horn clauses can be used as well toderive information, or to check validity.We consider IC a subset of the database DB. Although it is not certain thatthe world W is a model of DB, our assumption that the integrity constraintsare always valid implies that W is a model of IC. Formally, this importantproperty of IC is stated as followsIC � DB and W 2M (IC )For this reason, the IC part of a database should not change when new infor-mation is acquired by the database, without any change in the world. If weknow that the world has changed, it is assumed that IC is still valid. If someupdate UP leads to the new inconsistent database DB [ UP , there are twopossible attitudes.It is possible to reject the update UP , because it may considered uncertain.This implies an implicit ordering on our con�dence in the di�erent kinds of



Uncertainty in Intelligent Databases 33information: at the top level are integrity constraints, then the non-IC part ofDB, and then the update UP . This may be denotedUP < DB � IC < ICAlternatively, we may enforce the update, and modify DB � IC to restoreconsistency. This attitude corresponds to the orderingDB � IC < UP < ICConsider this simple example:DB = f8x (Male(x) ^ Female(x)!);8x(Professor(x) !Male(x));P rofessor(John)gIC = f8x (Male(x) ^ Female(x)!)gand assume the update UP = fFemale(John)g. Since DB[UP is inconsistent,we could either reject this update or modify it to restore consistency. Obviously,there are many possible ways to restore consistency; for example, we could re-move either the fact Professor(John) or the rule (Male(x )  Professor(x )) 8x .Usually, one would prefer to restore consistency without removing rules.The meta-information on information validity (Section 3.1) may be viewed asconstraints about validity. For example, a sentence of the form8x (EB(Professor(x )) ! Professor(x ))may be viewed as a description of a given state of the world and of the databasecontent, and can be reformulated as \it is guaranteed that if the databasebelieves that x is a professor, then x is indeed a professor".It can also be viewed as an obligation imposed to users who store informationin the database with respect to the world, and it can be reformulated as \itshould be guaranteed that whenever the database believes that x is a professor,then x is indeed a professor". Nevertheless, it is important to notice that thisconstraint is di�erent from the integrity constraints presented above. Indeed,integrity constraints IC are used to check the internal consistency of DB,whereas this meta-information, if it is considered as an obligation, can onlybe checked by a user, for example the database administrator. Consequently,



34 Chapter 1we propose calling the two kinds internal integrity constraints and externalintegrity constraints. These two kinds could coexist. For example, we mayhave in a single databaseDB = f8x (Male(x) ^Female(x) !);8x (EB(Professor(x)) ! Professor(x));EB(8x (Professor(x) !Male(x)));EB(Professor(John))gwhere the �rst sentence is an internal integrity constraint, the second is anexternal integrity constraint, and the third and fourth are explicit beliefs. Whenprocessing the update Female(John), since Professor(John) is guaranteed tobe valid, this fact should not be removed to restore consistency.4 CONCLUSIONIn this chapter we surveyed two kinds of uncertainty: incompleteness and va-lidity.For incompleteness, the representations covered were traditional relational data-bases from the point of view of OWA, null values that represent existentiallyquanti�ed variables, conditional tuples, and positive disjunctive facts. We de-scribed reasoning techniques that were based on relational algebra extensionsfor null values or conditional tuples, or on speci�c inference techniques sup-ported by speci�c least �xpoint operators. We noted that the sources of un-certainty are either lack of information, or availability of partial information.Constraints to limit the incompleteness can be de�ned in terms of epistemiclogic.For validity, the representations covered were meta-information in the form ofmeta-tuples in meta-relations, or within a logical framework based on epistemiclogic and logic of actions. The reasoning techniques were based on extensionsto relational algebra for meta-relations, or on general inference techniques fornon-classical logics. We noted that the origins of uncertainty include changes inthe real world, as well as non-classical inference that involve plausible reason-ing (default reasoning or inductive reasoning). Constraints to express limitedvalidity are sentences that play a speci�c role with regard to database updates.The overall attitude in the �eld of intelligent databases is to formulate andattack restricted problems, rather than broad, general problems (as is the ten-



Uncertainty in Intelligent Databases 35dency in the �eld of arti�cial intelligence). This leads to solutions that areusually more e�cient. For example, extensions of the relational algebra areoften preferred over general inference methods. A drawback of this attitude isthat it is hard to form a global view of the di�erent techniques, and individualimplementations might be di�cult to integrate.There is still much work to be done in the area of constraints. The distinctionbetween descriptive sentences and normative sentences is not always clear formany researchers. That could be helped by using deontic logic [2].In this chapter we considered only qualitative representation of uncertainty; asimilar framework could be used to analyse the quantitative aspects of uncer-tainty. Similarly, for the other two kinds of uncertainty that we mentioned inthe introduction: inconsistency and vagueness.REFERENCES[1] J. Biskup. A foundation of Codd's relational maybe-operations. ACMTransactions on Database Systems, 8(4), 1979.[2] J. Carmo and A. J. I. Jones. Deontic database constraints and the char-acterisation of recovery. In A. J. I. Jones and M. Sergot, editors, 2ndInternational Workshop on Deontic Logic in Computer Science, pages 56{85. Tano A. S., 1994.[3] M. R. B. Clarke, C. Froidevaux, E. Gr�egoire, and P. Smets. Uncertaintyconditionals and non-monotonicity. Journal of Applied Non-Classical Log-ics, 1(2), March 1991.[4] E. F. Codd. Extending the data base relational model to capture moremeaning. ACM Transactions on Database Systems, 4(4), 1979.[5] R. Demolombe. An e�cient evaluation strategy for non-Horn deductivedata bases. In IFIP Congress. Elsevier, 1989. Extended version appearedin Journal of Theoretical Computer Science, No. 78.[6] R. Demolombe. A strategy for the computation of conditional answers. In10th European Conference on Articial Intelligence, 1992.[7] R. Demolombe. Syntactical characterization of a subset of domain inde-pendent formulas. Journal of the ACM, 39(1), 1992.
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