
Under consideration for publication in Theory and Practice of Logic Programming 1A Logic-Based Approach to Data IntegrationJ. Grant3, & J. Minker1;2jgrant@towson.edu, minker@cs.umd.edu1Department of Computer Science2and Institute for Advanced Computer StudiesUniversity of Maryland at College ParkCollege Park, Maryland, U.S.A.3Department of Computer and Information Sciences andDepartment of MathematicsTowson UniversityTowson, Maryland, U.S.A.AbstractAn important aspect of data integration involves answering queries using various resources rather than by accessingdatabase relations. The process of transforming a query from the database relations to the resources is often referredto as query folding or answering queries using views, where the views are the resources. We present a uniform approachthat includes as special cases much of the previous work on this subject. Our approach is logic-based using resolution.We deal with integrity constraints, negation, and recursion also within this framework.1 IntroductionAn important part of data integration involves answering queries using various resources rather than byaccessing database relations. The process of transforming a query from the database relations to the resourcesis often referred to as query folding or as answering queries using views, where the views are the resources.For instance, a database of interest to a user may be distributed over a network. It is necessary to bringdata distributed over a network to a user's machine so that the data may be manipulated to answer userqueries. In a distributed environment it is likely that one will want to save answers to queries in the localuser's machine so that if the same or a related query is posed to the distributed database, one can look in thelocal machine's cached database for the answer, rather than have to go out over the network to answer thequery. In this situation the resources are the cached relations and the use of these resources is an importantaspect of query optimization. In some data integration systems the database relations are themselves virtualand the data must be obtained from the resources. Resources may also be materialized views.Several researchers have considered various aspects of this problem. In this paper we present a logic-basedapproach to the query folding problem using the method of resolution. As a consequence,1. We obtain a uniform approach that includes as special cases much of the previous work on this topic.2. If the algorithm �nds a rewriting of the query, then we are guaranteed that the answers are sound,that is, the answers are correct.3. The approach also allows us to determine under certain conditions if the folded query contains allanswers to the original query, that is, it is complete.



We consider a database that consists of an extensional database (EDB), an intensional database (IDB), aset of integrity constraints (ICs), and a set resources (ResDB), where the resources have been obtained byusing resource rules. These resources are referred to as materialized views. That is, they have been madeexplicit in a local computer as a result, for example, of an answer to a conjunctive query. The EDB, IDB,ICs are part of a conventional Datalog database.Section 2 describes related work, complexity results, systems and algorithms that have been developed withrespect to the folding problem. Section 3 provides background for the de�nitions and notations used in thepaper. Section 4 contains several examples and our query folding algorithm. The algorithm is logic-based anddeals uniformly with integrity constraints, extensional and intensional predicates and extends the work in(Qia96). Functional and inclusion dependencies are considered in Section 5. We show that our query foldingalgorithm handles all integrity constraints in a uniform way without the need for specialized techniques asin (DGQ96, Gry98) and (DPT99, PDST00), where the latter also consider physical access structures, whichwe do not treat. Section 6 deals with the case where resources are obtained by the use of several de�nitionsor queries. Our work on multiple rules for the same resource relates to the work in (Dus97b, AGK98, FG01).Whereas they are concerned primarily with maximal containment, we are concerned with a uniform methodthat checks both for soundness and completeness of answers. Section 7 discusses negation. We show that thelogic-based framework handles strati�ed negation in both rules and intensional predicates. Our approach isdi�erent from the rewriting used in (FG01). Recursion is considered in Section 8. We di�er from the work in(DG97a) and (DGL00) by handling a special case of recursive views as well as recursive queries. We comparethe contributions made in this paper with other e�orts in Section 8. The paper is summarized in Section 9.2 Related WorkThere has been a substantial amount of work done in connection with data integration and query folding.Apparently the �rst papers to propose algorithms for query folding were in (LY85, YL87), where theydeveloped an algebraic method. Other early work was by (TSI94) and by (CKPS95). An algorithm forrewriting conjunctive queries over non-recursive databases was provided in (Qia96). In (DGQ96, Gry98) itis shown how to use materialized views in the presence of functional and inclusion dependencies. Additionalwork on conjunctive query optimization and on information integration appears in (Ull97, LRO96a, LRO96b,DG97a). Levy et al. (LMSS95) showed that the question of determining whether a conjunctive query can berewritten to an equivalent conjunctive query that only uses views is NP-complete. This work was extendedin (RSU95) to include binding patterns in view de�nitions. Duschka (Dus97a), discusses the concept of localcompleteness, where it is known that some subset of the data an information source stores is complete,although the entire data stored by the information source might not be complete. (DG97a) were the �rst toextend the work to general recursive queries. They show that the problem of whether a Datalog program canbe rewritten into an equivalent program that only uses views, is undecidable. (DGL00) also discuss answeringqueries using views to recursive queries for Datalog programs. Duschka and Levy (DL97) introduce the newclass of recursive query plans for information gathering. Plans are extended to be recursive sets of function-free Horn clauses. In his thesis, Duschka (Dus97b) deals with multiple de�nitions of the same resource andshows how to obtain a maximally contained query using these de�nitions. Duschka and Genesereth (DG98)were the �rst to publish results concerning how to handle multiple de�nitions of the same resource predicate.Afrati et al. (AGK98) extend this work to disjunctive queries and related results. Popa and his co-authors,(DPT99, PDST00), showed how to do query folding with some forms of integrity constraints using the so-called `chase method'. Flesca and Greco (FG01) deal with disjunction and negation and formulate theiranswers in terms of classical and default negation. The complexity of answering queries using materializedviews for conjunctive queries with inequality, positive queries, Datalog and �rst-order logic is addressed in(AD98). The paper (Lev01) surveys the methods proposed for answering queries using views. See Ullman,(Ull97), for a survey of work concerning information-integration tools to answer queries using views that2



represent the capabilities of information resources. The formal basis of techniques related to containmentalgorithms for conjunctive queries and/or Datalog programs is discussed there. Approaches taken by AT&TLabs's Information Manifold and the Stanford Tsimmis, (GMPQ+95) project are compared. Levy in (Lev00)describes several algorithms proposed for data integration: the bucket and inverse-rules algorithms.Several papers address complexity problems associated with folding, Chandra and Merlin, (CM77) showedthat the query containment problem is NP-complete. Several subclasses of conjunctive queries were identi�edthat have polynomial-time containment algorithms (ASU79a, ASU79b, JK83).The query folding problem is thus at least NP-hard. It has been shown to be NP-complete for conjunctivequeries and resources in (LMSS95). Many variants of the problem of answering queries using views arediscussed in (Lev01). The problem was shown to be NP-complete even when queries describing the sourcesand the user query are conjunctive and do not contain interpreted predicates ((LMSS95)). (LMSS95) furthershow that in the case of conjunctive queries, the candidate rewritings can be limited to those that haveat most the number of subgoals in the query. The complexity of the problem is polynomial in the numberof views (i.e., the number of data sources in the context of data integration). Since query containment isa special case of query folding, Qian's algorithm, (Qia96) degenerates to a polynomial-time containmentalgorithm for the class of acyclic conjunctive queries.Abiteboul and Duschka (AD98) show that recursion and negation in the view de�nition lead to undecidability.They show that the Closed World Assumption (CWA) complicates the problem. Under the Open WorldAssumption (OWA), the certain answers in the conjunctive view de�nitions/Datalog queries case can becomputed in polynomial time. On the other hand, the conjunctive view de�nitions/conjunctive queries case isco-NP-complete under the CWA. They prove that inequalities (a weak form of negation) lead to intractability.Even under the OWA, adding inequalities to the queries, or disjunction to the view de�nitions make theproblem co-NP hard. In his thesis, Duschka, (Dus97b) provides a summary of results in complexity associatedwith these results.Chekuri and Rajaraman, (CR97), present polynomial-time algorithms to test the containment of an arbitraryconjunctive query in an acyclic query and to minimize an acyclic query. They generalize the query contain-ment and minimization algorithms to arbitrary queries. They consider the problem of �nding an equivalentrewriting of a conjunctive query Q using a set of views V de�ned by conjunctive queries, when Q does nothave repeated predicates, and show how their algorithms for query containment can be modi�ed for thisproblem. A restricted variant of this problem, where neither Q nor the views in V use repeated predicates,is known to be NP � complete (LMSS95).Duschka and Genesereth, (DG98), treat views that may be de�ned by disjunction. Their focus is on maximalquery containment. They show a duality between a query plan being maximally contained in a query and thisplan computing exactly the certain answers. They show that the plan they generate is maximally containedin the query and that the disjunctive plan can be evaluated in co-NP time. The complexity results describedabove also apply to the problems that we discuss in this paper.Several systems, and a number of algorithms have been implemented for the folding problem. Levy, Ra-jaraman, and Ordille (LRO96b), developed the Information Manifold System at AT&T Labs. The systemincorporates the bucket algorithm, which controls search by �rst considering each subgoal in a query inisolation, and creating a bucket that contains only the views relevant to that subgoal. The algorithm thencreates rewritings by combining one view from each bucket.Qian and Duschka and Genesereth (Qia96, DG97a, DG97b, Dus97b), are responsible for the InfoMasterSystem. They use the inverse-rules algorithm, and consider rewritings for each database relation independentof any particular query. Given a user query, these rewritings are combined appropriately. They show thatrewritings produced by the inverse-rules algorithm need to be further processed in order to be appropriate3



for query evaluation. They show this additional processing step duplicates much of the work done in thesecond phase of the bucket algorithm. The bucket algorithm is also shown to have several de�ciencies anddoes not scale up. Details of these algorithms are presented by Levy in (Lev00).Pottinger and Levy (PL00) have developed a scalable algorithm for answering queries with views. Theydescribe and analyze the bucket and the inverse-rule algorithms. They then describe the MiniCon algorithm,for �nding the maximally contained rewriting of a conjunctive query using conjunctive views. They providethe �rst experimental study of algorithms for answering queries. They show that the MiniCon algorithmboth scales up and signi�cantly outperforms the previous algorithms. They further develop an extension ofthe MiniCon algorithm to handle comparison predicates, and show its performance experimentally.Afrati, Li, and Ullman (ALU01), discuss generating e�cient, equivalent rewritings using views to computethe answer to a query. Each rewriting of a query is passed as a logical plan to an optimizer, which translatesthe rewriting to a physical plan. Each physical plan accesses the stored ("materialized") views, and appliesa sequence of relational operators to compute the answer to the original query. They consider three costmodels for evaluating the e�cacy of a plan. They develop and experimentally evaluate an e�cient algorithm,CoreCover, based on a simple cost model M1 that counts only the number of subgoals in a physical plan.3 BackgroundThis section contains a summary of the background and notation used in this paper. We use the languageand terminology of logic databases (also known as deductive databases) ((Das92), (Llo87), and (LMR92)).Logic databases express data, rules (views), integrity constraints and queries in �rst-order logic ((BJ89) and(Llo87)). 1We use standard syntax for �rst-order logic, with the usual symbols for variables, connectives, quanti�ers,punctuation, equality, constants, and predicates. The notions of term, formula, and sentence (a formula withno free variables) are de�ned in the usual way.We do not necessarily restrict formulas to be function-free. Weshall make it clear when we utilize function symbols. Any formula may be considered as a query (although,below, we restrict the form of standard queries). A formula is called ground if it contains no variables.A substitution is a set of substitution pairs, for example, fX =a;Y =bg, such that every element of a substi-tution pair is a variable or constant (or, more generally, a term), and such that the collection of left-handsides of the substitution pairs|X and Y in our example|are unique variables. A substitution applied to aformula is a rewrite of the formula by replacing any occurrence in the formula of a left-hand element fromthe substitution by its right-hand counterpart, in parallel. Let the formula F be p (X,Y) and the substitution� be again fX =a;Y=bg. The substitution � applied to formula F , written as F�, is the formula p (a,b).We assume that the reader is familiar with the uni�cation algorithm (Rob65). The uni�cation algorithmtakes a set of relations with the same relation name and attempts to �nd a substitution for the variablesthat will make the relations all identical.An important class of sentence is the clause. A clause has the general form:8 �A1 _ : : :_Ak _ :Ak+1 _ : : :_ :An (1)in which each Ai is an atomic formula, for i 2 f1; : : : ; ng, and in which the variables are understood to1 Some proposals for integrity constraints express them in a higher-order logic, while keeping the database|the facts, rules,and, sometimes, queries|in �rst-order. 4



be universally quanti�ed (denoted by `8'). Any clause can be written in a logically equivalent form as animplication.8 �A1 _ : : :_Ak  Ak+1 ^ : : :^An � (2)This is often written in further shorthand asA1; : : : ;Ak  Ak+1; : : : ;An � (3)in which disjunction is assumed on the left-hand side of the implication arrow, conjunction on the right-handside, and the universal quanti�cation is understood. A clause in this form is also called a rule. The collectionof atoms on the left-hand side (A1; : : : ;Ak ) is called the head of the rule, and the collection of atoms on theright-hand side (Ak+1; : : : ;An ) the body. When k = n, the body is empty, and when k = 0, the head isempty. A Horn rule has at most one atom in the head: k � 1. A de�nite clause has exactly one atom in thehead: k = 1. A ground rule contains no variables. In a rule a variable is called limited if it appears in thebody of an ordinary (non built-in) atom or in an equality with a constant or a variable that is limited. Arule is called safe if all its variables are limited.A rule with an empty head is generally considered to be a query or an integrity constraint. An answer toa query is a ground substitution of the query formula such that the resulting ground formula is true withrespect to the database; that is, the grounded query formula is logically entailed by the database. A groundrule with an empty body is called a fact. De�nite rules have a clear procedural interpretation. ConsiderA B1; : : : ;Bn � (4)We call this clause a rule forA. The above rule can be interpreted to say that A is shown (or proven) wheneverall the Bi 's are shown (proven).2 Rules are essentially views, in the parlance of relational databases. Logically,rules are more expressive than views in relational databases because recursion is permitted.3 A fact then,having no conditions in the body of its \rule", is simply interpreted as true. We de�ne an expanded rule((Cha85, CGM88)) to be one in which all predicates have been expanded. An expanded predicate is one inwhich all constants and repeated variables have been replaced by unique new variables, and the appropriateequalities have been added to the body of the rule in which the predicate appears ((CGM90)). This is relatedto the term recti�ed set of rules where the head of each rule in the set is identical with each argument adistinct variable ((Ull89)).A database may then be de�ned as a collection of rules and facts. When all the rules and facts are de�nite(that is, the rules and facts have at most a single atom in the heads of the clauses that de�ne them), thedatabase is called de�nite. It is called disjunctive (or inde�nite) otherwise. We call the language in whichthe database is written with de�nite clauses as de�ned above Datalog (Ull89). Recall that terms in clausesare function-free, as noted above, hence all Datalog terms are function-free. When disjunctive clauses arepermitted for rules or facts (and whose terms are function-free), we call the language Disjunctive Datalog(EGM97, LMR92). A database DB often is de�ned as consisting of two parts:� the extensional database, EDB, and� the intensional database, IDB.The EDB is the database's collection of facts. The IDB is the database's collection of rules. (We soon2 The interpretation for disjunctive rules is less apparent. Essentially, a disjunctive rule states that at least one of the atoms inthe rule's head is proven whenever all the atoms in the body are.3 The SQL-3 standard extends SQL to support recursion (MS93), however. So once SQL-3 becomes the standard, this di�erencein expressiveness will go away, since any relational database that supports SQL-3 will, in fact, be a deductive database system.5



rede�ne databases to have two additional components, the set of the database's integrity constraints (ICs)and the set of resource rules (ResDB)).Conventionally, negative data is not represented explicitly in a logic database. There are several standardapproaches to allow negative data to be inferred. The closed world assumption (CWA) is a default rule forthe inference of negative facts (Rei78b). For any ground atom A, the negation of A is accepted as true if A isnot provable from the database. The set of all negated atoms inferable in this way is written as CWA [DB].Another approach to negation is the Clark completion of a database (Cla78). This formalizes the conceptthat the set of tuples true for a predicate is precisely the set that can be proven to be true via the facts andrules. In brief, this is accomplished by adding a formula to the database for each predicate (to correspondwith the collection of rules for that predicate), to supply the logical only if half of the de�nition of thepredicate. Certain negated facts are then deducible from the completed database, the database with these\only if" formulas added. We refer to (Cla78) for the precise de�nition. In our application we will typicallyhave a situation where a resource predicate is de�ned by some extensional predicates, such asr(X ;Y ) h(X ;Z ); k(Z ;Y ) (5)where r is the resource predicate and h and k are extensional predicates, saying essentially that if < a; b > isin the join of h and k , it is in r . The Clark completion changes the implication to an equivalence to say that< a; b > is in the join of h and k if and only if < a; b > is in r . When we compute the Clark completion ofa rule such as in clause 5 we obtain two rules, one for h and one for k . The variable Z in clause 5 representsan existensionally quanti�ed variable whose value depends on the variables X and Y . When we obtain theonly-if part of the Clark completion, namely, the rules with the implication arrow reversed, the predicateswith the variable Z appear in the heads of the clauses and are replaced by the Skolem function f (X ;Y ).Thus, the only-if portion of the Clark completion become:h(X ; f (X ;Y )) r(X ;Y ) (6)k(f (X ;Y );Y ) r(X ;Y ) (7)In the text, when there is no loss of information, we omit the variable portion of the Skolem functions. Forexample, we replace f (X ;Y ) by f .In our formulas we allow built-in predicates, such as =; <;>. When built-in predicates occur in formulas theappropriate axioms need to be added to the theory. The axioms for equality, for example, are given below.Equality Axioms:8X (X = X )8X 8Y ((X = Y )! (Y = X ))8X 8Y 8Z ((X = Y ) ^ (Y = Z ) ! (X = Z ))8X1 � � � 8Xn(P(X1; � � � ;Xn)^ (X1 = Y1) ^ � � � ^ (Xn = Yn)! P(Y1; � � �Yn))We will discuss the use of equality axioms when they are needed in proofs.So far, we have assumed that the body of a database rule (clause) contains only positive atoms. However, itis useful sometimes to de�ne database rules that allow negated atoms in the body of a rule. We need defaultnegation in logic databases if we want to subsume the relational algebra, which includes set di�erence. We canextend deductive databases with default negation. A rule which has a negated atom, i.e. an atom precededby not in its body is called a normal rule, and deductive databases that have normal rules are called normaldatabases. We call Datalog that has been extended with default negation Datalog:. For example, the normalrule p(X ) not q(X )� (8)6



is interpreted, in general, to mean that, for any constant a, if q (a) is not true (or cannot be proven to betrue), then p (a) is true.We write this negation with not rather than with the symbol for logical negation, `:', and refer to it asdefault negation. This is because most semantics that have been de�ned for normal databases, interpretthe use of default negation di�erently from one another and from logical negation. There are a number ofsemantics that have been de�ned for normal databases, and no one semantics is universally accepted. Also,since the notion of default negation is generally based on provability, not logical truth, such default negationis beyond �rst-order logic.4Thus it is not equivalent to exchange the rules in the IDB that use default negations with seeminglyequivalent disjunctive rules, in which the negated atoms in the body have been moved to the head. Considerthe following example.DB1 contains two clauses: (1) p  q ; not r , and (2) q .DB2 contains two clauses: (1) p _ r  q , and (2) q .That is, let DB1 consist of the single rule for the predicate p and the single fact for the predicate q , and DB2consist of the single disjunctive rule and the single fact for the predicate q . If the rule in DB1 were writtenwith logical negation instead of default negation, DB1 and DB2 would be logically equivalent. However, inDB1, we should be able to infer p, because the fact q can be inferred (it is a fact), and the fact r cannotbe inferred, (thus, not r can be assumed true by default). In DB2, p cannot be inferred. Only the weaker,disjunctive fact p _ r can be inferred. Note that default negation results in non-monotonicity. If we were toadd the fact r to DB1 above, we would no longer be able to infer p.The intuition behind the use of default negation becomes confused when it is combined with recursion. Onesolution to this confusion is simply not to allow recursive de�nitions through negation. A canonical exampleof recursion through negation isp(X ) not q(X )� (9)q(X ) not p(X )� (10)The restriction not to allow recursion through negation leads to what are called strati�ed databases, andsuch databases have a unique standard model called the perfect model of the database. (Strati�ed databasesare de�ned in (ABW88, LMR92)). In some cases, a non-strati�ed database may also have a unique standardmodel. Some of these cases may be captured by the concept of stable database. Two important modelsemantics for normal databases, and normal logic programs, are the well-founded semantics (GRS91) andthe stable model semantics or the semantically equivalent well-supported model semantics (Fag91, GL88).(Min96) provides a retrospective on work in semantics for logic programs and deductive databases.4 Query FoldingThis section contains the basic material on query folding. We assume that the resource rules de�ne thepredicates of the data sources that are conveniently available while the EDB and IDB predicates maytake longer to use or may be unavailable. Consequently, a query is optimized in the sense that it has beenrewritten using the data sources, which presumably are readily available. The folded query can then beoptimized by other well-known techniques. In this section we provide an algorithm for such query rewritingin a special case. In later sections we extend this algorithm to more complex databases. We start by giving4 We still speak in terms of �rst-order logic even for normal databases, as most of the �rst-order framework of deductivedatabases remains applicable. 7



the restrictions on the type of database we consider in Sections 4 and 5. Our query folding algorithm isillustrated on an example before it is described. We end this section by giving several additional examples.4.1 Database RestrictionsFrom now on a database will consist of four parts: the EDB, IDB, IC, and ResDB. We assume that theresource rules de�ne the predicates of the data sources that are conveniently available while the EDB andIDB predicates may take longer to use. In this section we provide an algorithm for such query rewriting ina special case. In later sections we will extend this algorithm to more complex databases.We place the following conditions on the database in this and the following section.1. No formula contains negation.2. Each IDB predicate may be de�ned by multiple safe, conjunctive, non-recursive function-free Hornrules.3. Each distinct ResDB predicate is de�ned by a single safe conjunctive function-free Horn formula onEDB and/or IDB predicates.4. Each IC clause is a safe function-free Horn formula of the form G  F where G is either empty orhas one EDB predicate and F is a conjunction of EDB predicates.5. Each query has the form q : G where G is a conjunction of EDB and IDB predicates.6. The database includes axioms for built-in predicates as needed.When the IDB is non-recursive, it has been shown (Rei78a) that the rules can be compiled so that everyIDB predicate can be written as a set of rules, each rule in terms only of EDB predicates. We assume inthis section that the compiled rules replace the original rules. Hence, deduction using IDB predicates ise�ectively one-step.In the following we consider the concept of bounded recursion. Minker and Nicolas (MN82) were the �rstto show that there are forms of rules that lead to bounded recursion. That is, the deduction process usingthese rules must terminate in a �nite number of steps. This work has been extended by Naughton and Sagiv(NS87). We illustrate here one special case of bounded recursion, namely, singular rules.A recursive rule is singular if it is of the formR  F ^R1 ^ ^ : : :^Rn ,where F is a conjunction of possibly empty base (i.e. EDB) relations and R;R1;R2; : : : ;Rn are atoms thathave the same relation name i�:1. each variable that occurs in an atom Ri and does not occur in R only occurs in Ri ;2. each variable in R occurs in the same argument position in any atom Ri where it appears, exceptperhaps in at most one atom R1 that contains all of the variables of R.Thus, the rule R(X ;Y ;Z ) R(X ;Y 0;Z );R(X ;Y ;Z 0)representing the multivalued dependency, R : X !! Y is singular since (a) Y 0 and Z 0 appear respectively in8



the �rst and second atoms in the head of the rule (condition 1), and (b) the variables X ;Y ;Z always appearin the same argument position (condition 2). It is known that all singular rules have bounded recursion.We now specify three cases for the IC since each case has to be handled in a di�erent manner in the foldingalgorithm:Cases of Integrity Constraints (ICs)1. Case 1: The ICs have no recursion and no built-in predicate in the head of a clause.2. Case 2: The ICs have bounded recursion and no built-in predicate in the head of a clause. For examplethis is the case if there is a multivalued dependency.3. Case 3: Either the ICs are recursive, or there is a built-in predicate in the head of a clause. For example,for a functional dependency, an induced recursion may arise since the equality axioms are recursive.4.2 Illustrative ExampleWe start by illustrating our algorithm on a simple example. This example has a simple integrity constraint.We deal with functional and inclusion dependencies in the next section. We write the formal descriptionafterwards and show how it subsumes other algorithms used for this type of query rewriting.Example 1. EDB: p1(X ;Y ;Z ), p2(X ;U ), p3(X ;Y )IDB: ;IC: p3(X ;Y ) p1(X ;Y ;Z );Z > 0ResDB: r(X ;Y ;Z ) p1(X ;Y ;Z ); p2(X ;U )Query: q(X ;Y ) : p1(X ;Y ;Z ); p2(X ;U ); p3(X ;Y );Z > 1The �rst step involves reversing the resource rules to de�ne the EDB predicates in terms of theresource predicates. This process supplies the only if half of the de�nition of the resource predicates;so we call these rules the Clark Completion resource rules. In this example we obtain for the ClarkCompletion resource rules:CCrr1 : p1(X ;Y ;Z ) r(X ;Y ;Z )CCrr2 : p2(X ; f (X ;Y ;Z )) r(X ;Y ;Z )Figure 1 shows the derivation starting with the query as the top clause of a linear resolution tree. Boththe IC and the Clark Completion resource rules are used. The clause Z > 0 is subsumed by the clauseZ > 1. The �nal rewritten query at the bottom of the tree r(X ;Y ;Z );Z > 1,contains only the r predicate and the evaluable predicate >. Using this query we obtain correct answersto the original query.This example uses an integrity constraint to obtain a clause that contains only a resource predicate andan evaluable predicate. When the theory is Horn, Reiter has shown (Rei78a) that the use of integrityconstraints is not necessary to obtain answers. In this case, if the integrity constraint were not used, theclause at the end of the proof tree would have been a partial folding consisting of a resource predicate,an EDB predicate and an evaluable predicate. Using the integrity constraint eliminates the EDBpredicate and provides an optimization step, as in the case of semantic query optimization (CGM90).We can illustrate another aspect of semantic query optimization by changing the integrity constraintin this example to: 9
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Query : p1(X ;Y ;Z ); p2(X ;U ); p3(X ;Y );Z > 1IC : p3(X ;Y ) p1(X ;Y ;Z );Z > 0 p1(X ;Y ;Z ); p2(X ;U ); p1(X ;Y ;Z );Z > 0;Z > 1 p1(X ;Y ;Z ); p2(X ;U );Z > 1 r(X ;Y ;Z ); p2(X ;U );Z > 1CCrr1 : p1(X ;Y ;Z ) r(X ;Y ;Z ) r(X ;Y ;Z ); r(X ;Y ;Z );Z > 1CCrr2 : p2(X ; f (X ;Y ;Z )) r(X ;Y ;Z )fU =f (X ;Y ;Z )g r(X ;Y ;Z );Z > 1factor
factor and subsume

Fig. 1. Literal Elimination ExampleIC:  p2(X ;U ); p3(X ;Y )This integrity constraint subsumes the query; hence the query has no answers and there is no need totry to fold the query. 4.3 Query Folding AlgorithmAt this point we describe the �rst version of the query folding algorithm, where the database satis�es the sixconditions given at the beginning of Section 4.1. In particular each resource predicate is de�ned by a singlesafe conjunctive formula on EDB.As mentioned in Example 1 the algorithm uses the Clark Completion resource rules for the resource predi-cates. We obtain these rules by a preprocessing algorithm that needs to be done only once for a database.Preprocessing Algorithm (Clark Completion)Input: ResDB. We may assume that each resource predicate r is written in the formr( �X ) p1( �X1); : : : ; pn ( �Xn),where �X contains variables, each �Xi (1 � i � n) consists of terms (constants or variables) and �X �Sni=1 �Xi .Output: The Clark Completion resource rules CCrr in clausal form.10



beginStep 1. Apply the Clark Completion to each resource predicate de�nition to write it asr( �X )$ 9�Z (p1( �X1); : : : ; pn( �Xn ))where �Z is the set of variables in (Sni=1 �Xi)� �X .Step 2. Rewrite the equivalences obtained in Step 1 into rules in clausal form, called the Clark Completionresource rules (CCrr) asr( �X ) p1( �X1); : : : ; pn ( �Xn)p1( �X 01) r( �X )...pn ( �X 0n)) r( �X )where �X 0i (1 � i � n) is obtained from �Xi by replacing every variable Xj 2 �Z by fr;j ( �X ). (In our exampleswe will usually use variables such as X , Y , and Z , and function symbols f , g , and h, and omit subscripts.)endWe now describe the simplest form of the folding algorithm, the one with the database restrictions ofSection 4.1.The algorithm described below uses linear derivation ((CL73)) which includes a backtracking mechanism.Backtracking occurs when we �nd a linear derivation that has no resource predicates. Before the algorithmcommences we assume that there is a test to determine which of the three cases applies to ICs. In Case 1,nothing has to be done. In Case 2, we assume that the linear derivation is modi�ed to include a check todetermine if the clause, L, that has been generated, satis�es the bounding condition, and if it does, thenbacktracking occurs. In Case 3, a depth bound k is speci�ed and if the depth is reached, backtracking occurs.We also assume that if there are built-in predicates such as =; 6=;�, then the input clauses are placed inexpanded form. If there are no built-in predicates, it is unnecessary to do the expansion.Folding Algorithm 1 (Finding a Single Folding)Input: C: the set of clauses in the EDB, IDB, IC, and CCrr, andthe query, q( �X ): G( �Y ), where �X � �Y , and G is a conjunction of atoms. We call �X the query variables.Output: A query fq( �X ):  L(�Z ), where �X � �Z .beginStarting with  G �nd a linear derivation using C that results in a clause  L that contains the queryvariables and no function symbols. When L contains at least one resource predicate, and no EDB pred-icates, it constitutes a complete folding; otherwise L may contain some EDB predicates and hence itconstitutes a partial folding.endIn our �gures, we show illustrative derivations, but not the detailed steps leading to that derivation thatmay have arisen by backtracking. Starting with  G , we essentially �nd a linear derivation using C thatresults in a clause  L that contains the query variables. If L contains at least one resource predicate, andno EDB predicates, then it constitutes a complete folding; otherwise L may contain some EDB predicates,then it constitutes a partial folding. Note that when the algorithm terminates with an answer, backtrackingmay �nd additional answers.At any point if an integrity constraint subsumes a clause in the linear derivation, the process backs upbecause the query cannot have any answers along that path. We have omitted this step since subsumption istime consuming. An algorithm for subsumption may be found in (CL73). If a clause in a derivation contains11



a constant, the expansion of a clause may allow us to derive a solution. This modi�cation is omitted fromthe algorithm.Next we show that the Folding Algorithm is sound or correct. By this we mean that every tuple obtained bysolving the query fq( �X ) is also obtained by solving the query q( �X ). That is, every answer to a folded queryis an answer to the original query.Theorem 1. The Folding Algorithm is sound (correct).Proof. Using the notation q( �X ) : G( �Y ) and fq( �X ) : L(�Z ), by the soundness of resolution, we obtain( G( �Y )) [ C j= ( L(�Z )),so, by logical equivalence, we have,L(�Z ) [ C j= G( �Y ).Suppose that �a is a solution to fq( �X ) in DB . This means that there is a �b, with �b[ �X ] = �a, such thatDB j= L(�b). Also, for every formula C 2 C, DB j= C . Therefore, there is a �d , where �d [ �X ] = �a, suchthat DB j= G(�d ). But this means that �a is a solution to q( �X ) in DB . 24.4 Additional ExamplesNext we apply our algorithm to various examples considered by researchers and show that our algorithmcan be used to obtain the same results. We start by taking two examples from (Qia96). In that paper theEDB consists of six relations that represent a patient record database:Example 2. (Examples 2 and 3, Qian (Qia96))Patients (patient id,clinic,dob,insurance)Physician (physician id,clinic,pager no)Drugs (drug name,generic?)Notes (note id,patient id,physician id,note text)Allergy (note id,drug name,allergy text)Prescription(note id,drug name,prescription text)The IDB and IC are empty; hence Case 1 of the IC Cases (see page 9) applies. The ResDB consistsof two relations, Drug Allergy and Prescribed Drug. For convenience we write Drug Allergy asr1 and Prescribed-Drug as r2. In Datalog they are expressed as:r1(X1;X2;X3) notes(U1;X1;U2;U3); allergy(U1;X2;X3)r2(Y1;Y2;Y3;Y4) notes(V1;Y1;Y2;V2); prescription(V1;Y3;V3); drugs(Y3;Y4)�Preprocessing yields two Clark completion resource rules for r1 and three Clark completion resourcerules for r2. In the following formulae the functions fi , gj are abbreviations for the Skolem functionsfi(X1;X2;X3) and gj (Y1;Y2;Y3;Y4), respectively.CCrr1 : notes(f1;X1; f2; f3) r1(X1;X2;X3) (11)CCrr2 : allergy(f1;X2;X3) r1(X1;X2;X3) (12)CCrr3 : notes(g1;Y1;Y2; g2) r2(Y1;Y2;Y3;Y4) (13)CCrr4 : prescription(g1;Y3; g3) r2(Y1;Y2;Y3;Y4) (14)CCrr5 : drugs(Y3;Y4) r2(Y1;Y2;Y3;Y4) (15)12



Let's consider �rst the query of Examples 2 and 3 of (Qia96):q(X ;Y ) : notes(W1 ;X ;W2;W3); allergy(W1;Y ;W4); notes(W5;X ;W6;W7); prescription(W5;Y ;W8)Again, as in our �rst example, we start with the body of the query to �nd a derivation: notes(W1;X ;W2;W3); allergy(W1;Y ;W4); notes(W5;X ;W6;W7); prescription(W5;Y ;W8)The derivation is shown in Figure 2. Four of the Clark Completion resource rules are used. The rewrittenquery at the bottom of the tree, r1(X ;Y ;X3); r2(X ;Y2;Y ;Y4)consists of only resource predicates.Now we consider Example 6 of (Qia96).Example 3. (Example 6 of Qian (Qia96)) The EDB, IDB and IC are the same as before. ResDB consistsof one relation r de�ned as follows:r(X1;X2;X3) notes(U1;X1;X2;U2); prescription(U1;X3;U3); drugs(X3;U4).Preprocessing yields three Clark completion resource rules for r as follows:CCrr1 : notes(f1;X1;X2; f2) r(X1;X2;X3) (16)CCrr2 : prescription(f1;X3; f3) r(X1;X2;X3) (17)CCrr3 : drugs(X3; f4) r(X1;X2;X3) (18)The query of this example is:q(X ;Y ) : patients(X ;W1;W2;medicare); notes(W3;X ;W4;W5); prescription(W3;Y ;W6); drugs(Y ; no)For simplicity, we did not place the query in expanded form. If we had, at the end we would have hadto change the new variable back to the constant which it replaced. The derivation is shown in Figure3. Two of the Clark completion resource rules are used. The rewritten query at the bottom of the tree patients(X ;W1;W2;medicare); r(X ;W4;Y ); drugs(Y ; no)consists of the resource predicate (replacing two extensional predicates) and two extensional predicates.This is an example of a partial folding.5 Handling Functional and Inclusion DependenciesThis section illustrates the use of our algorithm in the special cases where the integrity constraints are func-tional and inclusion dependencies. As explained earlier, the presence of functional dependencies means thatCase 3 for ICs applies (see page 9). (DGQ96) gives algorithms in the presence of functional dependencies.Their basic idea is to use a functional dependency to decompose a relation into several relations, using alossless join decomposition, and then apply the standard folding algorithm. We show that such a decomposi-tion is not necessary. Instead of decomposing a relation that contains a functional dependency, we generateadditional Clark completion rules and then apply our standard algorithm.13
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Query : notes(W1;X ;W2;W3); allergy(W1;Y ;W4);notes(W5;X ;W6;W7); prescription(W5;Y ;W8)fW1=f1;X1=X ;W2=f2;W3=f3g r1(X ;X2;X3); allergy(f1;Y ;W4);notes(W5;X ;W6;W7); prescription(W5;Y ;W8)
factor
factor fY3=Y ;W8=g3g

CCrr1 : notes(f1;X1; f2; f3) r1(X1;X2;X3)
CCrr3 : notes(g1;Y1;Y2; g2) r2(Y1;Y2;Y3;Y4)CCrr4 : prescription(g1;Y3; g3) r2(Y1;Y2;Y3;Y4)
CCrr2 : allergy(f1;X2;X3) r1(X1;X2;X3)fX2=Y ;X3=W4g r1(X ;Y ;W4); r1(X1;Y ;W4);notes(W5;X ;W6;W7); prescription(W5;Y ;W8) r1(X ;Y ;W4);notes(W5;X ;W6;W7); prescription(W5;Y ;W8)fW5=g1;Y1=X ;Y2=W6;W7=g2g r1(X ;Y ;W4); r2(X ;W6;Y3;Y4); prescription(g1;Y ;W8) r1(X ;Y ;W4); r2(X ;W6;Y3;Y4); r2(Y1;W6;Y ;Y4) r1(X ;Y ;W4); r2(X ;W6;Y ;Y4)Fig. 2. Example 2 from (Qia96)5.1 Example with Key ConstraintWe consider how our algorithm applies to Example 3 of (DGQ96). The EDB contains three relations, againinvolving a patient record database as follows:Patients (name,dob,insurance)Procedure (patient name,physician name,procedure name,time)14



!!!!!!!!!!!!!!!!!!!!!!!!!!factor
CCrr1 : notes(f1;X1; f2; f3) r1(X1;X2;X3)Query : patients(X ;W1;W2;medicare);notes(W3;X ;W4;W5); prescription(W3;Y ;W6); drugs(Y ;no)fW3=f1;X1=X ;X2=W4;W5=f2gCCrr2 : prescription(f1;X3; f3) r1(X1;X2;X3)fX3=Y ;W6=f3g patients(X ;W1;W2;medicare); r(X ;W4;X3); prescription(f1;Y ;W6); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); r(X1;X2;Y ); drugs(Y ;no) patients(X ;W1;W2;medicare); r(X ;W4;Y ); drugs(Y ;no)Fig. 3. Example 6 from (Qia96)Insurer (company,address,phone)Again, IDB = ;. The ResDB consists of two relations Clinical History and Billing which we write as r1and r2 with the following de�nitions:r1(X1;X2;X3;X4) patients(X1;X2;U1;U2); procedure(X1;U3;X3;X4)r2(Y1;Y2;Y3) patients(Y1;V1;Y2;V2); insurer(V2;Y3;V3)The IC contains the key constraint patients : patient id ! clinic; dob; insurance, written in Datalog as threeclauses:X2 = Y2  patients(X1;X2;X3;X4); patients(X1;Y2;Y3;Y4)X3 = Y3  patients(X1;X2;X3;X4); patients(X1;Y2;Y3;Y4)X4 = Y4  patients(X1;X2;X3;X4); patients(X1;Y2;Y3;Y4)Preprocessing yields four Clark completion resource rules for r1 and r2 as follows:CCrr1 : patients(X1;X2; f1; f2) r1(X1;X2;X3;X4) (19)CCrr2 : procedure(X1; f2;X3;X4) r1(X1;X2;X3;X4) (20)CCrr3 : patients(Y1; g1;Y2; g2) r2(Y1;Y2;Y3) (21)CCrr4 : insurer(g2;Y3; g3) r2(Y1;Y2;Y3) (22)15
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Query : patients(X ;Y ;Z ;W )
 r1(X ;Y ;X3;X4); r2(X ;Z ;Y3)CombinedCCr : patients(X1;X2;Y2; f2) r1(X1;X2;X3;X4); r2(X1;Y2;Y3)fX1=X ;X2=Y ;Y2=Z ;W =f2gFig. 4. Key Constraint ExampleAs we will show below, in the case of a key constraint it is sometimes possible to combine Clark completionresource rules. In this particular case the rules Equation 19 and Equation 21 can be combined to yieldCombinedCCrr : patients(X1;X2;Y2; f2) r1(X1;X2;X3;X4); r2(X1;Y2;Y3) (23)The query of this example is:q(X ;Y ;Z ) : patients(X ;Y ;Z ;W )As shown in Figure 4, starting with the body of this query and using the combined Clark Completion re-source rule, the derivation takes one step to obtain r1(X ;Y ;X3;X4); r2(X ;Z ;Y3)We note, however, that we could not answer the queryq(X ;Y ;Z ;W ) : patients(X ;Y ;Z ;W )this way because W does not appear in the folded query.5.2 Combining Clark Completion Resource RulesIn the presence of functional dependencies it is possible under certain conditions to combine Clark completionresource rules for the same predicate in such a way that function symbols are replaced by variables. Using thecombined rules may simplify the derivation of the folded query. In this subsection we deal with the specialuseful case of key constraints.We start by introducing notation involved in combining two Clark completion resource rules. The same basicmethod as described below will handle more than two rules. We assume that there exist two such rules ofthe formp( �Xf ) r1( �X ) (24)p( �Yg) r2( �Y ) (25)where p is an n-ary predicate, �Xf is an n-tuple all of whose variables are in �X and may contain functions16



symbols fi , and �Yg is an n-tuple all of whose variables are in �Y and may contain functions symbols gj . Forany tuple �U we write �U [i ] for the i-th component of �U . De�ne the n-ary tuple �Z�Z [i ] = � �Yg[i ] if �Xf [i ] is a function symbol and �Yg[i ] is a variable�Xf [i ] otherwiseAlso de�ne the tuple �Y =( �Xk) to have the same number of components as �Y and de�ned as�Y =( �Xk)[i ] = � �X [i ] if 1 � i � k�Y [i ] if k < iProposition 1. For the two rules given in 24 and 25, if �Xf [i ] and �Yg[i ] are variables for 1 � i � k and the�rst k columns of p form a key for p, then the combined Clark completion resource rule written asp(�Z ) r1( �X ); r2( �Y =( �Xk)) (26)is also a valid rule.Proof. Proof: By 24p( �Xf ) r1( �X ); r2( �Y =( �Xk)) (27)By 25p( �Yg=( �Xk))  r1( �X ); r2( �Y =( �Xk))� (28)By the hypothesis that �Xf [i ] and �Yg [i ] are variables for 1 � i � k , we obtain �Xf [i ] = �Yg=( �Xk) for1 � i � k . As the �rst k columns of p form a key, the corresponding elements of �Xf and �Yg=( �Xk)must be equal. Since �Z contains the �rst k columns of �Xf and the rest of the columns are from �Xf or�Yg, p(�Z ) r1( �X ); r2( �Y =( �Xk)) (29)follows. 2Going back to the example of Section 4.1, CCrr1 and CCrr3 are two Clark completion resource rules for thepatients predicate. The �rst attribute is the key and both have a variable for the �rst attribute: X1 and Y1.Now set Y1 = X1. This forces g1 = X2, f1 = Y2, and g2 = f2, and we obtain the CombinedCCrr .5.3 Using the Lossless Join Decomposition Property for Key ConstraintsIn (DGQ96) the query in 4.1 is solved using a property of key constraints. Namely, the key constraint patients :patient id ! clinic; dob; insurance implies that the decomposition of the relation patients(patient id ; clinic; dob; insurance)to the three relations pat1(patient id ; clinic), pat2(patient id ; dob), pat3(patient id ; insurance) is a losslessjoin decomposition. Therefore we can deal with the three relations pat1, pat2, pat3 instead of patients.Now, the Res DB relations are de�ned as follows:r1(X1;X2;X3;X4) pat1(X1;X2); pat2(X1;U1); pat3(X1;U2); procedure(X1;U3;X3;X4) (30)r2(Y1;Y2;Y3) pat1(Y1;V1); pat2(Y1;Y2); pat3(Y1;V2); insurer(V2;Y3;V3) (31)17



and there are eight Clark Completion resource rules:CCrr1 : pat1(X1;X2) r1(X1;X2;X3;X4) (32)CCrr2 : pat2(X1; f1) r1(X1;X2;X3;X4) (33)CCrr3 : pat3(X1; f2) r1(X1;X2;X3;X4) (34)CCrr4 : procedure(X1; f3;X3;X4) r1(X1;X2;X3;X4) (35)CCrr5 : pat1(Y1; g1) r2(Y1;Y2;Y3) (36)CCrr6 : pat2(Y1;Y2) r2(Y1;Y2;Y3) (37)CCrr7 : pat3(Y1; g2) r2(Y1;Y2;Y3) (38)CCrr8 : insurer(g2;Y3; g3) r2(Y1;Y2;Y3) (39)The queryq(X ;Y ;Z ) : patients(X ;Y ;Z ;W ) (40)is rewritten asq(X ;Y ;Z ) : pat1(X ;Y ); pat2(X ;Z ); pat3(X ;W ) (41)but pat3(X ;W ) is super
uous, because the query does not contain W , hence we obtainq(X ;Y ;Z ) : pat1(X ;Y ); pat2(X ;Z ) (42)The derivation is shown in Figure 5. Two of the eight Clark Completion resource rules are used. The �nalquery is the same as the one we obtained using the Combined Clark Completion rule. Again, if the querywere q(X ;Y ;Z ;W ) : patients(X ;Y ;Z ;W ) (43)then we could not obtain a complete folding because after applying CCrr1 and CCrr6 we would be left with r1(X ;Y ;X3;X4); r2(X ;Z ;Y3); pat3(X ;Y ) (44)and now applying applying either CCrr3 or CCrr7 would lead to a function symbol for one of the variablesin r1 or r2. 5.4 Decomposition Cannot Always Handle Functional DependenciesOur next example also contains a functional dependency, but in this case the functional dependency cannotbe handled by a decomposition. However, our algorithm can be used to obtain a folding.The EDB consists of two relations p1(X ;Y ) and p2(X ;Y ), the IDB is empty and the IC contains the keyconstraint p2 : X ! Y , written as:Y = Y 0  p2(X 0;Y ); p2(X 0;Y 0).Note that neither EDB relation can be decomposed.The Res DB consists of two relations:r1(X ;Z ) p1(X ;W ); p2(Z ;W ) (45)18
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Query : pat1(X ;Y ); pat2(X ;Z ) CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)fX1=X ;X2=Y g r1(X ;Y ;X3;X4); pat2(X ;Z ) CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr1 : pat1(X ;Y ) r1(X1;X2;X3;X4)CCrr6 : pat2(Y1;Y2) r2(Y1;Y2;Y3)fY1=X ;Y2=Zg r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); pat2(X ;Z ) r1(X ;Y ;X3;X4); r2(X ;Z ;Y3)Fig. 5. Key Constraint Example Using Relation Decompositionr2(X ;Y ) p2(X ;Y ) (46)Preprocessing yields two Clark completion resource rules for r1 and one Clark completion resource rule forr2 as follows:p1(X ; f ) r1(X ;Z ) (47)p2(Z ; f ) r1(X ;Z ) (48)p2(X ;Y ) r2(X ;Y ) (49)Consider the queryq(X ) : p1(X ; c) (50)The solution is given in Figure 6. We start by expanding the query, that is, rewriting the query toq(X ) : p1(X ;W );W = c (51)in order to take the constant out of the predicate allowing for a substitution later. All three Clark completionresource rules are used in the derivation to obtain r1(X ;Z ); r2(Z ; c) (52)which is a complete folding.We note a generalization of the above result:Suppose the EDB consists of n relationsp1(X ;Y2; : : : ;Yn); p2(X ;Y2); : : : ; pn (X ;Yn) with the IC containing the n � 1 key constraints pi : X ! Yifor i = 2, : : :, n and the Res DB consisting of the n relations r1, r2, : : :, rn , de�ned asr1(X ;Z ) p1(X ;W2; : : : ;Wn ); p2(Z ;W2); : : : ; pn (Z ;Wn ) (53)r2(X ;Y ) p2(X ;Y ) : : : (54)19
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Query : p1(X ;W );W = c IC : Y = Y 0  p2(X 0;Y ); p2(X 0;Y 0) p1(X ;W ); p2(X 0;W ); p2(X 0; c)CCrr1 : p1(X ; f ) r1(X ;Z )fW =f g r1(X ;Z ); p2(X 0; f ); p2(X 0; c)CCrr2 : p2(Z ; f ) r1(X ;Z ) r1(X ;Z ); r1(X ;Z ); p2(Z ; c)factor CCrr3 : p2(X ;Y ) r2(X ;Y )fX =Z ;Y =cg

fY =W ;Y 0=cg
 r1(X ;Z ); p2(Z ; c) r1(X ;Z ); r2(Z ; c)

fX 0=Zg
Fig. 6. Functional Dependency That Cannot Be Handled by Decomposition...rn(X ;Y ) pn (X ;Y ) : : : (55)where the : : : indicate the possibility of additional predicates.Then the queryq(X ) : p1(X ; c2; : : : ; cn) (56)can be folded as r1(X ;Z ); r2(Z ; c2); : : : ; rn(Z ; cn ) (57)20



5.5 Functional Dependencies and RecursionThe following example, discussed in (DGL00) illustrates how functional dependencies may introduce re-cursion. We now consider how this is handled in our approach and show that, although the non built-inpredicates are not recursive, recursion is introduced by the recursive transitivity rule of equality.Example 4. EDB: schedule(Airline;Flight � No;Date;Pilot ;AirCraft)IDB: ;IC: A1 = A2  s(A1;N1;D1;P1;C1); s(A2;N2;D2;P1;C2)(i.e., the functional dependency Pilot ! Airline)A1 = A2  s(A1;N1;D1;P1;C1); s(A2;N2;D2;P2;C1)(i.e., the functional dependency Aircraft ! Airline)ResDB: r(D ;P ;C ) s(A;N ;D ;P ;C )Query: q(P) : s(A;N ;D ;mike;C ); s(A;N 0;D 0;P ;C 0)CCrr : s(f (D ;P ;C ); g(D ;P ;C );D ;P ;C ) r(D ;P ;C )In (DGL00), they discuss how they obtain an in�nite set of folded queries, one for each n of the form:qn (P) r(D1;mike;C1); r(D2;P2;C1); r(D3;P2;C2); r(D4;P3;C2); : : : ;r(D2n�2;Pn ;Cn�1); r(D2n�1;Pn ;Cn); r(D2n ;P ;Cn)Using our approach we start with the expanded clause: s(A;N ;D ;P 0;C ); s(A0;N 0;D 0;P ;C 0);A = A0;P 0 = mikeBy applying the functional dependency C ! A, and factoring the resolvent clause twice, and applyingthe CCrr twice, we obtain the clause r(D ;P 0;C ); r(D 0;P ;C );P 0 = mikewhich is equivalent to q1(P); i > 1. Although we do not provide the details here, in order to obtain theother qi(P), we need to use the recursive transitivity rule of equality as well as the two integrity constraintsseveral times and factoring several times..5.6 Inclusion Dependency ExampleThe last example of this section illustrates the use of an inclusion dependency. This example is taken fromExample 4.3 of (Gry98) and contains an example given earlier with some modi�cations:The EDB contains four relations:Patient (name,dob,address,insurer)Procedure (patient name,physician name,procedure name,time)Insurer (company,address,phone)Event (event name,description,patient name,location)The IDB is empty.The IC contains a single inclusion dependency:Procedure(procedure name,patient name) � Event(event name,patient name)21



written in Datalog asevent(X 03; f1;X 01; g) procedure(X 01;X 02;X 03;X 04).As before, the Res DB consists of two relations Clinical History and Billing, written as r1 and r2 withthe following de�nitions:r1(X1;X2;X3;X4) patient(X1;X2;U1;U2); procedure(X1;U3;X3;X4) (58)r2(Y1;Y2;Y3) patient(Y1;V1;Y2;V2); insurer(V2;Y3;V3) (59)Preprocessing yields the same Clark completion resource rules as before:CCrr1 : patient(X1;X2; f1; f2) r1(X1;X2;X3;X4) (60)CCrr2 : procedure(X1; f3;X3;X4) r1(X1;X2;X3;X4) (61)CCrr3 : patient(Y1; g1;Y2; g2) r2(Y1;Y2;Y3) (62)CCrr4 : insurer(g2;Y3; g3) r2(Y1;Y2;Y3) (63)The query asks for the names of events recorded for patients born before 1930:q(X3) : patient(X1;X2;Y1;Y2); event(X3;Y3;X1;Y4);X2 � 1930 (64)The derivation is shown in Figure 7. Using the inclusion dependency and two Clark completion resourcerules we obtain the answer as r1(X1;X2;X3;X4);X2 � 1930 (65)6 Multiple De�nitions for ResourcesIn this section we consider the case where there are resources that were developed from several de�nitionsor queries. This is in contrast to work in the previous section where it was assumed that a resource wasconstructed from a single conjunctive view. We also allow queries that are in disjunctive normal form, thatis, the queries involve disjunctions of conjunctions. Our assumptions for the database are di�erent from theones given at the beginning of Section 4. We list our assumptions here.1. No formula contains negation.2. Each IDB predicate may be de�ned by multiple safe, conjunctive, non-recursive function-free Hornrules.3. Each ResDB predicate is de�ned by a set of safe conjunctive function-free Horn formulas on EDBand/or IDB predicates.4. Each IC clause is a safe function-free formula of the form G  F where G is a disjunction of zero ormore EDB predicates and F is a conjunction of EDB predicates.5. Each query has the form q : G where G is in disjunctive normal form on EDB and IDB predicates.6. The database includes axioms for built-in predicates as needed.Resource de�nitions may contain constants. We assume that the resource rules are expanded, and recti�ed(see page 5) so that a single resource that has multiple de�nitions is de�ned by the same variables in eachde�nition.We �rst provide a simple example, that illustrates what has to be done to handle such cases.22
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Query : patient(X1;X2;Y1;Y2); event(X3;Y3;X1;Y4);X2 � 1930IC : event(X 03; f ;X 01; g) procedure(X 01;X 02;X 03;X 04) patient(X1;X2;Y1;Y2); procedure(X1;X "2;X3;X 04);X2 � 1930fX 03=X3;Y3=f ;X 01=X1;Y4=ggCCrr1 : patient(X1;X2; f1; f2) r1(X1;X2;X3;X4)fY1=f1;Y2=f2g r1(X1;X2;X3;X4); procedure(X1;X 02;X3;X 04);X2 � 1930CCrr2 : procedure(X1; f3;X3;X4) r1(X1;X2;X3;X4)fX 02; f3;X 04=X4g r1(X1;X2;X3;X4); r1(X1;X2;X3;X4);X2 � 1930factor r1(X1;X2;X3;X4);X2 � 1930Fig. 7. Inclusion Dependency ExampleExample 5. (Multi-Resource Example) EDB: p1(X ), p2(X ), p3(X ). IDB: ;.IC : p2(X )_ p3(X ) p1(X )� (66)The integrity constraint is a non-Horn clause and states that whenever p1(a) is in the database, forsome constant a, then either p2(a) or p3(a) or both are in the database. We also have the followingresource de�nitions:ResDB:r(X ) p1(X ); p2(X )� (67)r(X ) p3(X )� (68)The Clark completion of the resource rules (ignoring equality) is:r(X )$ (p1(X ) ^ p2(X )) _ p3(X ) (69)After the use of De Morgan's rules we obtain two Clark completion resource rules:CCrr1 : p1(X ) _ p3(X ) r(X )�; (70)and CCrr2 : p2(X ) _ p3(X ) r(X )� (71)23
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!!!!!!Query : p1(X ) _ p3(X ) p1(X )  p3(X )p3(X ) r(X ) r(X )

CCrr1 : p1(X ) _ p3(X ) r(X )
Fig. 8. Deriving Resource QueriesNote that the use of more than one conjunctive de�nition of a resource leads to non-Horn clauses. Suchclauses are outside ofDatalog. Hence to work with such clauses, we need, in generalDisjunctive Datalog,that is Datalog_.Next, consider the query:q(X ) : p1(X ) _ p3(X )� (72)Now we have to determine if we can derive answers to the query from the EDB, the IDB, and the CCrr(that is, rule 70 and rule 71). Figure 8 shows the steps required to achieve this result. Because the query isa disjunction,  p1(X ) _ p3(X ), the derivation can be split into two clauses:  p1(X ) and  p3(X ). Thederivation terminates with a clause that contains only the resource predicate. We will show that all answersobtained by querying the resource will yield correct answers to the query q(X ).Example 6. (Example 5 Continued) Consider the same example, where the query was:q(X ) : p1(X )� (73)Figure 8 applies without the right branch  p3(X ). We obtain as bottom clause,p3(X )  r(X ). If written with an empty head, we obtain  r(X );:p3(X ). This is a query thatcontains logical negation. We cannot replace this by default negation since default negation does notimply logical negation. We can see the problem by assuming that we have r(c); p3(a); p3(b). p3(c) mayeither be true or false, but default negation assumes its falsity. We might have r(c);:p3(c) is not true,while r(c); not p3(c) is true. Hence we could obtain a non-sound answer q(c) by using default negation.However, if one knew that the p3 predicate were complete (by the Closed World Assumption) one couldwrite an axiom:p3  not p3 (74)in which case, another resolution step would be applied to obtain r(X ); not p3(X ) (75)24



The above query is a partial folding. The negation of the atom p3(X ) does not lead to complications sincethe resource r(X ) makes the formula safe.The folding algorithm we now present uses set-of-support as its inference method. In this inference, thereare two types of clauses: one set, referred to as T , is given support. This set consists of the conjunctionsthat are part of the query. The second set consists of a satis�able set of clauses, the remaining clauses in theset C, which we may refer to as set S . A set of support resolution is a resolution of two clauses that are notboth from S �T ((CL73)).Before the algorithm commences we assume that there is a test to determine which of the three cases (seepage 10) applies to ICs. In Case 1, nothing has to be done. In Case 2, we assume that the set-of-supportderivation is modi�ed to include a check to determine if the clause, L, that has been generated, satis�esthe bounding condition, and if it does, then backtracking occurs. In Case 3, a depth bound k is speci�edand if the depth is reached, backtracking occurs. We also assume that if there are built-in predicates suchas =; 6=;�, then the input clauses are placed in expanded form. If there are no built-in predicates, it isunnecessary to do the expansion.Folding Algorithm 2 (Finding Multiple Foldings)Input: C: the set of clauses in the EDB, IDB, IC, and CCrr, andthe query, q( �X ):  G( �Y ), where �X � �Y , and G is in disjunctive normal form.Output: A proof tree starting with the query.beginSplit the query,  G , into a set of clauses, (each of which has support). Find a proof tree using set-of-support resolution that results in leaf nodes of the form  L that contains the query variables and nofunction symbols.endWe consider four cases for the clauses that are leaf nodes in the proof tree.1. The clause has an empty head and a conjunction of resource and built-in predicates in the body.2. The clause has an empty head and a conjunction of resource, EDB and built-in predicates in the body.3. The clause has no resource predicates.4. The clause has a non-empty head.Theorem 2. Consider a clause that is a leaf node of the proof tree constructed by Folding Algorithm 2.In Cases 1 and 2, the query can be answered using the clause and every answer obtained that way issound. These cases are instances of complete and partial folding respectively. In Case 3, the clause isnot a folding. In Case 4, the clause is not a folding, but if the CWA can be applied to all the predicatesin the head, then the atoms in the head can be moved to the body using default negation and Case 2or Case 3 becomes applicable.Proof. For a clause of Case 1 or 2, the proof of Theorem 1 applies. In Case 3, there is no folding. In Case 4,without the CWA, the clause is not a query (since it does not have an empty head). The disjunctionof atoms in the head of such a clause can be moved to the body and negated (for example, by :p).Since the CWA applies, the axioms :p  not p can be added to the set of clauses C. These axiomsmay be used to eliminate the logically negated atoms and replaced by default negated atoms. Whenthis is done, this case reduces to Case 2 or Case 3. 2We illustrate the theorem with an example:Example 7. Consider the EDB with the relations p1(X1;Y1); : : : ; p7(X7;Y7) Assume there are no IDBpredicates and no ICs. Let there be the following resource rules:25



r1(X ) p1(X ;Z ); p2(X ;Z );Z 6= ar2(X ;Y ) p5(X ;Z ); p6(Z ;Y )r2(X ;Y ) p7(X ;Y )The Clark Completion resource rules are:CCrr1 : p1(X ; f ) r1(X ) (76)CCrr2 : p2(X ; f ) r1(X ) (77)CCrr3 : f 6= a  r1(X ) (78)CCrr4 : p5(X ; f ) _ p7(X ;Y ) r2(X ;Y ) (79)CCrr5 : p6(X ; f ) _ p7(X ;Y ) r2(X ;Y ) (80)Let the query be given by:q(X ) p1(X ;Z )^ ((p2(X ;Z )^ Z 6= a) _ p3(X ;V )) _ (p3(X ;Z )^ p4(X ;Z ))_ (p5(X ;V ) ^ p6(V ;Y ))We construct the proof tree in Figure 9 after converting the query to disjunctive normal form. Thereare four leaf nodes in Figure 9. The leftmost leaf node has only resource predicates, and hence, it canbe used to obtain correct answers. The second leftmost leaf node has both a resource predicate and anextensional predicate. Hence, it is a partial folding and if the database and the resource predicate wereused, correct answers would be found. The third leftmost leaf provides nothing with respect to resources.The �nal leaf node has something in the head of the clause and provides no useful information (withoutthe Closed World Assumption on p7). If the CWA applies to p7 then we obtain a partial folding: r2(X ;Y ); not p7(X ;Y ).In the case of the query q(X ;Y ;Z ;W ) given at the end of Section 4.1, no resolution steps are possible, henceCase 3 applies.Answering the query with resource rules as described in the above theorem does not mean that all answersto the original query have been found. We want to determine when using resource predicates (or partiallyusing resource predicates) will provide all the answers, that is, if the method is complete. This assumes thatthe database from which the resources were constructed has not been updated.When we do not have completeness using resource predicates we may still wish to �nd all answers. This maybe done as follows. Let the answers be given by the formula de�ning Qresource, and let the query be Q . Thenthe remaining answers may be found by using the query: Q � Qresource. In some cases this may be simplerthan trying to �nd all answers to Q . For example, if the query Q is given by Q : (p4^p5)_(p1^p2)_(p2^p3),and r1 : p1 ^ p2 and r2 : p2 ^ p3. then the remaining answers can be expressed by p4 ^ p5, and hence it iseasier in this case to �nd the complete set of answers to the query by using this subformula together withthe answers found by Qresource than having to answer the original query, Q .In the following algorithm, where we test for completeness, we have to consider two cases. In the �rst casethere are no built-in predicates. In the second case, we allow built-in predicates. In this case we have a boundon the depth of the proof tree. This algorithm is based on the subsumption algorithm. In the subsumptionalgorithm two clauses, C and D are given and the algorithm checks to determine if C subsumes D , whichmeans that there is a substitution � such that C � is a subset of D , where the clauses C and D are consideredas sets of literals. In our completeness test, D corresponds to the original query and the C is the union of theleaf nodes. What we are trying to show is that the original query is implied by the union of the leaf nodesusing the IDB, IC, and ResDB.Completeness Test Algorithm 26
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(p3(X ;Z ) ^ p4(X ;Z )) _ (p5(X ;V ) ^ p6(V ;Y ))

 p3(X ;Z ); p4(X ;Z )
p7(X ;Y ) r2(X ;Y ); p6(f ;Y ) p5(X ;V ); p6(V ;Y )
p7(X ;Y ) _ p7(X ;Y ) r2(X ;Y ); r2(X ;Y )

CCrr4 : p5(X ; f ) _ p7(X ;Y ) r2(X ;Y )fV =f gCCrr5 : p6(f ;Y ) _ p7(X ;Y ) r2(X ;Y )
p7(X ;Y ) r2(X ;Y )factor r1(X ) twice factor both p7(X ;Y ) and r2(X ;Y )

Fig. 9. Four Cases of Theorem 1 IllustratedInput: The IDB, IC, ResDB, the non-negated form of the query, where each variable is replaced by aunique new constant, and the leaf nodes of Cases 1 and 2 of Folding Algorithm 2. If there are built-inpredicates, the appropriate axioms, such as equality, are also included as well as a bound on the depth ofthe proof tree.beginWe give support to the clauses of the leaf nodes obtained in Algorithm6, and apply set-of support resolutionon the input clauses. If we obtain the null clause we terminate. If we allow built-in predicates, when wereach the depth bound, we terminate. 27



endIn the following theorem we show when completeness is obtained.Theorem 3. If the Completeness Test Algorithm yields the null clause, then the set of answers obtainedby solving the folded queries is complete. If the Completeness Test Algorithm ends without reachingthe null clause, then the set of answers obtained by solving the folded queries may not be complete.Proof. Suppose that the null clause has been found. Let �a be a solution to q( �X ). Writing q( �X ) : G( �Y ),we obtain DB j= G(�b), where �b[ �X ] = �a. That is, the constants obtained by answering the query onlyreturn that part of the tuple required by the variables in �X . The projection of �b on the variables in�X yields �a. Suppose that the leaf nodes used in the completeness test are  L1( �Z1); : : : ; Ln ( �Zn ),where �X � �Zi for 1 � i � n. Thus,IDB [ IC [ ResDB [ fG(�b)g[  L1( �Z1) [ : : :[  Ln ( �Zn )form a contradiction. Hence,DB j= (IDB [ IC [ ResDB [ fG(�b)g)! L1( �Z1) _ : : :_ Ln ( �Zn ).Since DB j= IDB [ IC [ ResDB [ fG(�b)g,DB j= L1( �d1) _ : : :_ Ln ( �dn ), for some �di , 1 � i � n, where �di [ �X ] = �a. Hence, the solution �a to q( �X )is also obtained by one of the Li ; 1 � i � n.Suppose the null clause is not obtained. Proceeding as in the previous case, given a solution �a to q( �X )we cannot prove that for some �di , where �di [ �X ] = �a , DB j= L1( �d1) _ : : :_ Ln ( �dn ). Hence, it is possiblethat the solution �a to q( �X ) may not be obtained by solving the folded query. 2Note that if the null clause is found in Theorem 3, and all of the leaf nodes are of case 1, we have querycompleteness for a complete folding, otherwise we have query completeness for a partial folding.We illustrate this theorem by reconsidering the example at the beginning of this section. The derivation isshown in Figure 10. The original query,  p1(X ) _ p3(X ) is changed to its non-negated form with the newconstant k substituted for the variable X to become p1(k) _ p3(k)  . We start with the rewritten query,the leaf node,  r(X ), and eventually obtain the null clause. This shows that the query using the resourcepredicate obtains all the answers to the original query. Both factoring and ancestry-resolution are used.7 NegationIn this section we deal with strati�ed databases. We allow default negation in the IDB, IC, ResDB, andthe query. Otherwise our assumptions on the database are the same as in Section 5. Problems arise when wehave just one resource rule that contains a conjunction of atoms, such as,r(X ) p1(X ); p2(X ) (81)If we have the negation of p1(X ) or p2(X ) in the query with another atom, there is no way to resolve eitherof these atoms with the CCrr since the negated atoms do not appear on the left hand side of any inverserule. To handle this, we represent a rule for the negation of the resource as,not r(X ) not (p1(X ); p2(X ))� (82)28
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 r(X ) p1(X ); p2(X )factorp3(X ) p1(X ); p1(X )
ancestry with top clause

2 ancestry with top clause

ResDB : r(X ) p1(X ); p2(X )IC : p2(X ) _ p3(X ) p1(X )ResDB : r(X ) p3(X )
ResDB : r(X ) p3(X ) p1(X )

p3(X ) p1(X )r(X ) p1(X ) Query : p1(k) _ p3(k) p3(k) r(k) Fig. 10. Use of Ancestry ResolutionThis would lead to two clausesnot r(X ) not p1(X ); (83)and not r(X ) not p2(X ) (84)If we rename default negated atoms uniformly to new names with primes ('), we obtain:r 0(X ) p01(X ); (85)29



and r 0(X ) p02(X ) (86)Now, we have two rules that de�ne r 0(X ). When we do the Clark completion of this atom, we obtain adisjunctive inverse rule,p01(X ) _ p02(X ) r 0(X ) (87)We must rename the negated atom in the query in the same manner. Since we have a disjunctive rule, as inTheorem 1, we may be in case (4) and not be able to compute an answer.We have to �rst deal with how to handle strati�ed databases. The underlying idea as developed by (ABW88,VG88) is that given a stratum, and a negation of a predicate in the body of a rule in that stratum, thepredicate that is negated must have been de�ned in an earlier stratum, and hence, the predicate may becalculated. Thus its negation can be obtained. An algorithm to make this explicit may be found in (Ull89)(Algorithm 3.6, Vol. 1). We adapt this algorithm by compiling the IDB predicates to rules that involveEDB predicates. We give two versions of the compilation process. In the �rst version, which requires arestriction on the types of formulae allowed, we do a complete compilation, so that the �nal rules involveEDB predicates only. In the second version we do not compile all IDB predicates.First, in order to do a complete compilation, we must restrict the type of formula that we allow for de�ningIDB and ResDB predicates. Namely, in addition to safety, we require that for all de�nitions the set ofvariables in the body be identical to the set of variables in the head. That is, there are no existentialquanti�ers in the right-hand side of the formula. We call such a formula extra safe. By the de�nition of safeformula, no variable may appear in the head that does not appear in the body. Now we show why thereshould not be any variable in the body that is not in the head. Consider the case where the IDB predicatesp and t are de�ned in terms of the EDB predicates h, k , and s as follows:p(X ;Y ) h(X ;Z ); k(Z ;Y ) (88)t(X ;Y ) s(X ;Y ); not p(X ;Y ) (89)Note that the de�nition of p is safe but contains a variable Z in the body that is not in the head, and henceis not extra safe. In our compilation process, to be described below, we replace not p(X ;Y ) by the negationof the body of the de�nition of p, so we obtain the following two formulas as the compiled de�nition of t :t(X ;Y ) s(X ;Y ); not h(X ;Z ) (90)t(X ;Y ) s(X ;Y ); not k(Z ;Y ) (91)obtaining two unsafe formulas as well as losing the connection between h and k in t , namely, that t is thejoin of h and k .Now we describe the compilation algorithm. In a strati�ed database, each stratum is numbered in an increas-ing fashion. Since there is no recursion in the IDB, we can modify the strata so that each stratum containsde�nitions for one predicate. For example, if s and t originally had de�nitions in the same stratum and s isthe head of a rule that contains t in the body of the rule, we move the de�nitions for s to the next higherstratum and adjust other stratum values accordingly. Call the predicate with de�nitions in stratum i , pi .Compilation AlgorithmInput: EDB (all predicates have stratum 0) and IDB (predicates with strata 1; : : :n).Output: The compiled IDB (each IDB predicate de�ned in terms of EDB predicates).30



begin For stratum i = 1 To n Do (Note: EDB predicates are not compiled)1. If pi has multiple de�nitions, i.e., there are multiple rules with pi as their head, replace these ruleswith a single de�nition by taking the disjunction of the bodies of the multiple de�nitions.2. Substitute for each predicate pj , in the de�nition of pi , its compiled form.3. Simplify the de�nition of pi by using De Morgan's rules and put in disjunctive normal form.endThe following result shows that the Compilation Algorithm does not change the extra safeness of predicates.Theorem 4. Suppose that every predicate in IDB is de�ned by extra safe rules. Then the compiled de�ni-tions are also extra safe rules.Proof. We proceed by induction on the strata. A predicate at stratum 0 is extensional, and the statementis vacuously true. Let pi be the IDB predicate at strata i . By the inductive hypothesis, all predicates,pj , j < i , in the body of a rule for pi have been compiled to extra safe formulas. Replacing the multipleextra safe rules in step 1 by a single rule via a disjunction preserves the extra safe property. Sincethe compiled de�nition of each pj has exactly the same variables as pj , the substitution of step 2also preserves the extra safe property. Finally, in step 3 using De Morgan's rules and converting todisjunctive normal form preserves the extra safe property as well. 2We now are able to handle strati�ed databases with extra safe rules as given by the following theorem.Theorem 5. LetDB be a strati�ed database where each IDB rule is extra safe. Compile the IDB predicatesusing the Compilation Algorithm to IDBC. Apply IDBC to the ResDB rules to rewrite them in termsof compiled IDB predicates as ResCDB. Rename every negated atom (not p) in the query and inResCDBto a new predicate (p 0 ) in a consistent manner and add the integrity constraints  p; p 0 . Then, theresults of Theorem 6.1 and Theorem 3, that deal with the leaves of the proof tree, and the completenesstest algorithm apply.Proof. By Theorem 4 the Compilation Algorithm preserves extra safety for the predicates of IDBC. Hence,the variables in ResDB and ResCDB are the same. By renaming not p to p 0 we eliminate negation andthe assumptions of Section 6 (see page 26) are satis�ed. The result follows because now, Theorem 6.1,and Theorem 3 apply, and the additional integrity constraints assure that it is not possible to haveboth p and not p at the same time. 2This theorem allows us to obtain proof trees and test for completeness. In actually computing a folded query,we need to change back the primed atoms p 0 to not p. The following example illustrates the theorem. (Weomit the transformation of not p to p 0 .)Example 8. Let the EDB consist of: e01(X ;Y ), e02(X ;Y ;Z ), e03(X ;Y ), and e04(X ;Y ). Let the IDBconsist of the following clauses:e11(X ;Y ;Z ) e01(X ;Y ); e02(X ;Y ;Z ) (92)e11(X ;Y ;Z ) e02(X ;Y ;Z ); not e03(X ;Y ) (93)e12(X ;Y ) e04(X ;Y ); not e01(X ;Y ) (94)e21(X ;Y ) e03(X ;Y ); not e12(X ;Y ) (95)Now, let ResDB consist of:r(X ;Y ;Z ) e11(X ;Y ;Z ); not e12(X ;Y ) (96)31



The above database is not compiled. Using the algorithm given above, the following database is found,where all rules are written in terms of EDB predicates. The compiled de�nitions, IDBc become:e11(X ;Y ;Z ) e02(X ;Y ;Z ); (e01(X ;Y ) _ not e03(X ;Y )) (97)e21(X ;Y ) e03(X ;Y ); (not e04(X ;Y ) _ e01(X ;Y )) (98)The compiled resource, ResCDB becomes:r(X ;Y ;Z ) e02(X ;Y ;Z ); (e01(X ;Y ) _ not e03(X ;Y )); (e01(X ;Y );_not e04(X ;Y )) (99)The Clark Completion resource rules become:CCrr1 : e02(X ;Y ;Z ) r(X ;Y ;Z ) (100)CCrr2 : e01(X ;Y ) _ not e03(X ;Y ) r(X ;Y ;Z ) (101)CCrr3 : e01(X ;Y ) _ not e04(X ;Y ;Z ) r(X ;Y ;Z ) (102)Let the negation of the query be: Q : e21(X ;Y )In Figure 11, we show that using the query and the Clark Completion resource rules yields a partialfolding on the leftmost branch: r(X ;Y ;Z ); e03(X ;Y ) (103)We now consider the second case where the rules are safe but not necessarily extra safe. In this case modifythe Compilation Algorithm in step 2 so that predicates with a de�nition that is not extra safe are notcompiled. In this case the end result of the compilation may contain IDB predicates in some de�nitions.We use the same notation for the compiled versions, i.e. IDBC and ResCDB as before. Theorem 5 extendsto this case as follows.Theorem 6. LetDB be a strati�ed database. Compile the IDB predicates using the CompilationAlgorithmmodi�ed as explained above to IDBC. Proceed as in the statement of Theorem 5, compilingResDB toResCDB and renaming the negated predicates. Then, the results of Theorem 5.1 and Theorem 3 apply.Proof. Similar to the proof of Theorem 5 except that the modi�ed Compilation Algorithm is used and sothe compilation process stops earlier for certain predicates. 2The following example illustrates the Theorem. (Again we omit the transformation of not p to p0.)Example 9. Let the EDB consist of: h(X ;Y ), k(X ;Y ), s(X ;Y ), and `(X ;Y ;Z ). Let the IDB consist ofthe following clauses:p(X ;Y ) h(X ;Z ); k(Z ;Y ) (104)t(X ;Y ) s(X ;Y ); not p(X ;Y ) (105)Now, let ResDB consist of:r(X ;Y ;Z ) t(X ;Y ); `(Y ;Z ;U ) (106)Note that the de�nition for p is not extra safe. So in the de�nition of t(X ;Y ), not p(X ;Y ) is notchanged. Thus, IDBC = IDB and the compiled resource, RescDB becomes:r(X ;Y ;Z ) s(X ;Y ); not p(X ;Y ); `(Y ;Z ;U ) (107)32
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Query : e21(X ;Y ) IDBC : e21(X ;Y ) e03(X ;Y )(not e04(X ;Y ) _ e01(X ;Y ))
e01(X ;Y ) r(X ;Y ;Z ); e03(X ;Y )  e03(X ;Y ); e01(X ;Y )

CCrr2 : e01(X ;Y ) _ not e03(X ;Y ) r(X ;Y ;Z )not e03(X ;Y ) r(X ;Y ;Z ); e03(X ;Y )
 e03(X ;Y );not e04(X ;Y ) e03(X ;Y )(not e04(X ;Y ) _ e01(X ;Y ))CCrr3 : e01(X ;Y ) _ not e04(X ;Y ) r(X ;Y ;Z )

not e04(X ;Y ) r(X ;Y ;Z ); e03(X ;Y )
 r(X ;Y ;Z ); e03(X ;Y ); e03(X ;Y ) r(X ;Y ;Z ); e03(X ;Y )factor

Fig. 11. Strati�cation ExampleThe Clark Completion resource rules become:CCrr1 : s(X ;Y ) r(X ;Y ;Z ) (108)CCrr2 : not p(X ;Y ) r(X ;Y ;Z ) (109)CCrr3 : `(Y ;Z ; f ) r(X ;Y ;Z ) (110)Let the negation of the query be: Q : s(X ;Y ); k(Y ;Z )In Figure 12 we show that using the query and the Clark Completion resource rules yields a partial folding: r(X ;Y ;Z ); k(Y ;Z ) (111)We end this section by showing that any folded query resulting from Theorems 6.2 or 6.3 is safe. We startby proving a general result. 33



������Query : s(X ;Y ); k(Y ;Z )CCrr1 : s(X ;Y ) r(X ;Y ;Z ) r(X ;Y ;Z ); k(Y ;Z ) Fig. 12. Safe Negation ExampleProposition 2. The resolution of two safe formulas (in Datalog with negation and disjunction) is a safeformula.Proof. Let the two safe formulas have the form:A1; : : : ;Ak  Ak+1; : : : ;Am andB1; : : : ;B`  B`+1; : : : ;Bn ,where each Ai , Bj , 1 � i � m, 1 � j � n is an atom. We may assume without loss of generality thatA1 is resolved with Bn to yieldA2; : : : ;Ak ;B1; : : : ;B`  Ak+1; : : : ;Am ;B`+1; : : : ;Bn�1.Actually, the resolution involves a substitution �, so here each Ai , Bj , 2 � i � m, 1 � j � n � 1 isreally Ai�, Bj �, but this can be ignored for the purpose of this proof because any changed variable inthe head of a clause must be changed the same way in the body.We need to show that every variable in the resulting formula is limited. If X is a variable in any Ai ,2 � i � m, it must already be limited in Ak+1; : : : ;Am because the A formula is safe. If X is a variablein any Bj , 1 � j � n � 1, that did not appear in Bn , it must already be limited in B`+1; : : : ;Bn�1because the B formula is safe. Finally, if X is a variable in some Bj , 1 � j � n � 1, that was limitedin the B formula in Bn , by the resolution X must now be limited in Ak+1; : : : ;Am . 2Corollary 1. Every folded query resulting from Theorem 6.3 is safe.Proof. The query is safe and so are the rules in IDB and IC. Consider the way the Clark Completionresource rules are obtained. In each such rule the body contains only the resource predicate and everyadditional variable in the body of an original resource rule becomes a function symbol. Since thesefunction symbols cannot be iterated, they can be treated as constants. Hence the Clark Completionresource rules are also safe and the result follows from the Proposition. 28 RecursionQuery folding becomes problematic in the presence of recursion, since one does not know when to terminaterecursion in a top-down approach. However, if it is known that the recursion is bounded (MN82, NS87),that is, the recursion is known to terminate after a number of stages using only intensional rules, then onecan use the methods we describe in the previous sections to handle this case. In this section we assume thatrecursion is not bounded.Unlike the previous sections, the computations we present here follow the bottom-up approach rather thanthe top-down method we used earlier. The reason is that in the presence of recursion it is di�cult to tellwhen all the solutions have been obtained in the in�nite proof tree. In this case, we are not doing queryfolding, but we are doing query answering. That is, we do not �nd a rewriting of the query in terms ofthe resources. Actually, there are strong connections between the top-down and bottom-up approaches: Bry34



(Bry90) describes a combined top-down, bottom-up interpreter that incorporates the magic set techniqueused for recursion.We start with the case where the recursion occurs only in the query, so the IDB, IC, and ResDB containno recursion. This is equivalent to the case where recursion appears in the IDB, a query is asked in termsof the IDB and the ResDB de�nitions include only EDB predicates (and IDB predicates de�ned in sucha way that they can be compiled to EDB predicates without recursion).Within the case where recursion only occurs in the query we start with the subcase where everything ispositive, that is, there is no negation. The database restrictions are as in Section 4.1 except that the queryis recursive. This case was solved in (DGL00). We start by considering their Example 3.1.Example 10. EDB: edge(X ;Y ) IDB: ;IC: ;ResDB: r(X ;Y ) edge(X ;Z ); edge(Z ;Y )Query: q(X ;Y ) edge(X ;Y )q(X ;Y ) edge(X ;Z ); q(Z ;Y )In this example the recursive query determines the transitive closure of the relation edge, while the resourcepredicate stores endpoints of paths of length 2. The Clark Completion resource rules here areCCrr1 : edge(X ; f (X ;Y )) r(X ;Y ).CCrr2 : edge(f (X ;Y );Y ) r(X ;Y ).In this type of situation the solution is a two-step process. In the �rst step the extensional predicates,edge in this case, are evaluated from the resource predicates using the Clark Completion resource rules,and in the second step a bottom-up Datalog evaluation is done for the recursive query from the extensionalpredicates. It is shown there why this process always terminates in a �nite amount of time. Speci�cally, theynote that the key observation is that function symbols are only introduced in inverse rules. Because inverserules are not recursive, no terms with nested function symbols can be generated. As we mentioned earlierthe problem with the top-down approach is that it is di�cult to �nd out when to stop processing. We drawone branch of the top-down tree in Figure 13.The second subcase is where the recursive query is strati�ed, so negation is allowed. A similar two-stepprocess works here also. The �rst step is the same as before. However, in the second step the query iscomputed by computing the strati�ed database (Ull89).The �nal subcase we consider is where the resources are de�ned by multiple de�nitions (but still withoutrecursion) as in Section 6. Recall that now the Clark Completion resource rules will contain disjunctions inthe head. We illustrate the idea by reconsidering the simple example from the beginning of Section 6 whereone Clark completion resource rule (written as a single rule) is:(p1(X ) ^ p2(X )) _ p3(X ) r(X ) (112)Suppose we have r(a). Then we separately do three subcomputations:� generate p1(a) and p2(a),� generate p3(a),� generate p1(a), p2(a), and p3(a). 35
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Query: q(X ;Y )q(X ;Y ) edge(X ;Z ); q(Z ;Y ) edge(X ;Z ); q(Z ;Y )CCrr1: edge(X 0 ; f (X 0;Y 0)) r(X 0;Y 0)q(X 00 ;Y 00) edge(X 00 ;Y 00)fX 00=f (X ;Y 0);Y 00=Y gCCrr2: edge(f (X 00;Y 00);Y 00) r(X 00;Y 00)fX 00=X ;Y 00=Y ;Y 0=Y gfactor r(X ;Y ); r(X ;Y )

 r(X ;Y 0); q(f (X ;Y 0);Y )fZ=f (X ;Y 0);X 0=X g r(X ;Y 0); edge(f (X ;Y 0);Y )
 r(X ;Y ) Fig. 13. One branch of the recursive proof treeIn Step 1 apply this process to all the Clark Completion resource rules to obtain all the subcomputations.For every subcomputation apply Step 2, the bottom-up Datalog evaluation of the query. Place a tuple in theanswer only if it is an answer in every subcomputation. This is essentially the minimal models approach fordisjunctive logic programming (LMR92).We end our exploration of recursion by considering the case where recursion is allowed in the ResDB. Ingeneral, there is no known method to handle this. In the following, we discuss a speci�c form of recursionfor which we obtain sound answers. The problem is how to get the Clark Completion resource rules in ausable form to give us de�nitions of extensional predicates in terms of resource predicates. Going back to theprevious edge example, suppose that instead of the resource predicate storing endpoints of paths of length2, the resource predicate stores the endpoints of all paths. This would be written asResDB: r(X ;Y ) edge(X ;Y )r(X ;Y ) edge(X ;Z ); r(Z ;Y )Now we write a modi�ed Clark Completion resource rule as:MCCrr : edge(X ;Y ) r(X ;Y ); not9Z (r(X ;Z ); r(Z ;Y )) (113)obtaining all those paths in r that cannot be broken up into two paths. The two steps of the computationprocess are as before: evaluate edge �rst from r (using the modi�ed Clark Completion resource rule) andthen evaluate q from edge whether or not q is recursive. The general result is as follows:Proposition 3. Suppose that a ResDB predicate r is recursive and has the formr( �X ) e( �X ) 36



r( �X ) t( �Y )where t is a conjunction that may include e and r and �X � �YThen the modi�ed Clark Completion resource rule is:MCCrr : e( �X ) r( �X ); not9�Z t( �Y )where �Z = �Y � �X .MCCrr can be used to evaluate e from r in a sound manner.Proof. We proceed by contraposition. Suppose that for some tuple �a e(�a) is false and r(�a) is true. Thismeans that r(�a) must have been obtained by the second, (recursive) de�nition. But then 9�Z t( �Y ) mustbe true. 29 ComparisonIn this section we discuss the contributions made in this paper and compare the work with other e�orts.Qian ((Qia96)) was the �rst to consider the problem of folding. In her paper she introduced the conceptof inverse rules to permit one to use resources to compute answers to queries. Inverse rules basically statethat the only way in which the information in the resource can be computed is through the resource. Asnoted in this paper, the concept of inverse rules was introduced �rst in the context of logic programming byClark (Qia96), and is the basis of the closed world assumption. It represents an if-and-only-if condition forrules. Qian showed that if, for each resource predicate, de�ned by a conjunctive rule, there is at most onesuch rule, that it is possible to compute the answer to queries using resources in many instances. We haveextended Qian's result slightly to include databases that contain arbitrary integrity constraints. Duschkaand his associates (Dus97a, DG97a, Dus97b) show how to extend the work to classes of integrity constraints.(DG97a, Dus97b) were the �rst to extend the work to handle general recursive queries.Dawson, Gryz and Qian (DGQ96) show how to compute answers in query folding when there are functionaldependencies. (DL97, Dus97b) introduced the new class of recursive query plans for information gathering.Instead of plans being only sets of conjunctive queries, they can now be recursive sets of function-freeHorn clauses. Using recursive plans, they settle two open problems. First, they describe an algorithm for�nding the maximally contained rewriting in the presence of functional dependencies. Second, they describean algorithm for �nding the maximally-contained rewriting in the presence of binding-pattern restrictions,which was not possible without recursive plans. We have shown how integrity constraints containing equality,such as functional dependencies, generate a possibly in�nite set of folded queries.Duschka and Genesereth (DG98, Dus97b) developed the �rst algorithm to solve the problem of answeringqueries using views when view de�nitions are allowed to contain disjunction. They use the Clark completionto obtain the inverse rules. Disjunctive de�nitions for rules implies that Datalog is not su�ciently powerfulto handle such situations and it is necessary to use Datalog_. Their focus is on maximal query containment.They show a duality in between a query plan being maximally contained in a query and this plan computingexactly the certain answers. They show that the disjunctive plan can be evaluated in co-NP time. Afrati et al.(AGK98) also treats the problem of disjunctive materialized views. The relationship with our approach is thatwe show how, using theorem proving concepts we can handle such theories, including integrity constraints.We also show how one can determine if the query plan that has been developed is complete, that is, if allanswers to the original query have been obtained. We do this in the context of theorem proving.We know of no work that covers negation in the folding problem. We show how to handle strati�ed negationin views which may be de�ned by disjunctive rules, and may contain integrity constraints. Duschka (Dus97b)discusses complexity results with respect to negation in his thesis.With respect to recursion, as noted above, (DG97a) handle recursion. We show how to handle recursion37
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