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Department of Computer Science, K.U.LeuvenAbstractQueries involving aggregation are typical in database applica-tions. One of the main ideas to optimize the execution of an aggreg-ate query is to reuse results of previously answered queries. Thisleads to the problem of rewriting aggregate queries using views. Dueto a lack of theory, algorithms for this problem were rather ad-hoc.They were sound, but were not proven to be complete.Recently we have given syntactic characterizations for the equi-valence of aggregate queries and applied them to decide when thereexist rewritings. However, these decision procedures do not lendthemselves immediately to an implementation. In this paper, wepresent practical algorithms for rewriting queries with count andsum. Our algorithms are sound. They are also complete for im-portant cases. Our techniques can be used to improve well-knownprocedures for rewriting non-aggregate queries. These procedurescan then be adapted to obtain algorithms for rewriting queries withmin and max. The algorithms presented are a basis for realizingoptimizers that rewrite queries using views.
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2 S.Cohen, W.Nutt, A.SerebrenikAlgorithms for Rewriting Aggregate QueriesUsing ViewsAbstract. Queries involving aggregation are typical in database applic-ations. One of the main ideas to optimize the execution of an aggregatequery is to reuse results of previously answered queries. This leads to theproblem of rewriting aggregate queries using views. Due to a lack of the-ory, algorithms for this problem were rather ad-hoc. They were sound,but were not proven to be complete.Recently we have given syntactic characterizations for the equivalence ofaggregate queries and applied them to decide when there exist rewritings.However, these decision procedures do not lend themselves immediatelyto an implementation. In this paper, we present practical algorithmsfor rewriting queries with count and sum. Our algorithms are sound.They are also complete for important cases. Our techniques can be usedto improve well-known procedures for rewriting non-aggregate queries.These procedures can then be adapted to obtain algorithms for rewritingqueries with min and max. The algorithms presented are a basis forrealizing optimizers that rewrite queries using views.1 IntroductionAggregate queries occur in many applications, such as data warehousing [TS97],mobile computing [BI94], and global information systems [LRO96b]. The size ofthe database in these applications is generally very large. Aggregation is oftenused in queries against such sources as a means of reducing the granularity ofdata. The execution of aggregate queries tends to be time consuming and costly.Computing one aggregate value often requires scanning many data items. Thismakes query optimization a necessity. A promising technique to speed up theexecution of aggregate queries is to reuse the answers to previous queries toanswer new queries. If the previous queries involved aggregation, the answers tothem will tend to be much smaller than the size of the database. Thus, usingtheir answers will be much more e�cient.We call a reformulation of a query that uses other queries a rewriting. Findingsuch rewritings is known as the problem of rewriting queries using views. Inthis phrasing of the problem, it is assumed that there is a set of views, whoseanswers have been stored, or materialized. Given a query, the problem is to�nd a rewriting, which is formulated in terms of the views and some databaserelations, such that evaluating the original query yields the same answers asevaluating �rst the views and then the rewriting.Rewriting queries using views has been studied for non-aggregate queries[LMSS95], and algorithms have been devised and implemented [LSK95,Qia96].For aggregate queries, the problem has been investigated mainly in the specialcase of datacubes [HRU96,Dyr96]. However, there is little theory for general



Algorithms for Rewriting Aggregate Queries Using Views 3aggregate queries, and the rewriting algorithms that appear in the literatureare by and large ad hoc. These algorithms are sound, that is, the reformulatedqueries they produce are in fact rewritings, but there is neither a guarantee thatthey output a rewriting whenever one exists, nor that they generate all existingrewritings [SDJL96,GHQ95].Recently, syntactic characterizations for the equivalence of SQL queries withthe aggregate operators min, max, count, and sum have been given [NSS98].They have been applied to decide, given an aggregate query and a set of views,whether there exists a rewriting, and whether a new query over views and baserelations is a rewriting [CNS99].Using these characterizations, one can \guess" candidates for rewritings andverify if they are in fact equivalent to the original query. However, this pro-cess is highly nondeterministic. Clearly, it is more e�cient to gradually builda candidate for rewriting in a way that will ensure its being a rewriting. Thecharacterizations do not immediately yield practical algorithms of this sort. Infact, there are several subtle problems that must be dealt with in order to yieldcomplete algorithms.In this paper, we show how to derive practical algorithms for rewriting ag-gregate queries. The algorithms are sound, i.e., they output rewritings. We canalso show that they are complete for important cases, which are relevant inpractice. In Section 2 we present a motivating example. A formal framework forrewritings of aggregate queries is presented in Section 3. In Section 4 we givealgorithms for rewriting aggregate queries and in Section 5 we conclude. In Ap-pendix A we demonstrate how queries written in SQL can be translated to ourextended Datalog syntax and vice versa.2 MotivationWe discuss an example that illustrates the rewriting problem for aggregate quer-ies. All the examples in this paper are written using an extended Datalog syntax.This syntax is more abstract and concise than SQL. In Section 3 we present aformal de�nition of the Datalog syntax. In Appendix A we describe how querieswritten in SQL can be translated to our Datalog syntax and vice versa.The following example models exactly the payment policy for teaching assist-ants at the Hebrew University in Jerusalem. There are two tables with relationspertaining to salaries of teaching assistants:ta(name,course name,job type) andsalaries(job type,sponsorship,amount).At the Hebrew University, there may be many teaching assistants in a course.Each TA has at least one job type in the course he assists. For example, hemay give lectures or grade exercises. Teaching assistants are �nanced by di�erentsources, like science foundations and the university itself. For each job type, eachsponsor gives a �xed amount. Thus, a lab instructor may receive $600 per monthfrom the university and $400 from a government science foundation.



4 S.Cohen, W.Nutt, A.SerebrenikWe suppose that there are two materialized views. In the �rst one of them,v positions per type, we compute the number of positions of each type heldin the university. In the second view, v salary for ta job we compute thetotal salary for each type of position. We express aggregate queries with anextended Datalog notation, where in the head we separate grouping variablesand aggregate terms by a semicolon:v positions per type(j; count) ta(n; c; j)v salary for ta job(j; sum(a)) salaries(j; s; a):In Subsection 3.2 we de�ne a semantics for such Datalog queries that identi-�es them with SQL queries where the attributes in the GROUP BY clause andthose in the SELECT clause coincide. The grouping variables correspond to thoseattributes.In the following query we calculate the total amount of money spent on eachjob position: q(j; sum(a)) ta(n; c; j) & salaries(j; s; a)An intelligent query optimizer could now reason that for each type of job we cancalculate the total amount of money spent on it if we multiply the salary thatone TA receives for such a job by the number of positions of that type. The twomaterialized views contain information that can be combined to yield an answerto our query. The optimizer can formulate a new query that only accesses theviews and does not touch the tables in the database:r(j0; a0 � cnt) v positions per type(j0; cnt) & v salary for ta job(j0; a0)In order to evaluate the new query, we no longer need to look up all the teachingassistants nor all the �nancing sources. Thus, probably, the new query can beexecuted more e�ciently.In this example, we used our common sense in two occasions. First, we gave anargument why evaluating the original query yields the same result as evaluatingthe new query that uses the views. Second, because we understood the semanticsof the original query and the views, we were able to come up with a reformulationof the query over the views. Thus, we will only be able to build an optimizerthat can rewrite aggregate queries, if we can provide answers to the followingtwo questions.{ Rewriting Veri�cation: How can we prove that a new query, which usesviews, produces the same results as the original query?{ Rewriting Computation: How can we devise an algorithm that system-atically and e�ciently �nds all rewritings?If e�ciency and completeness cannot be achieved at the same time, we mayhave to �nd a good trade-o� between the two requirements.



Algorithms for Rewriting Aggregate Queries Using Views 53 A Formal FrameworkIn this section we de�ne the formal framework in which we study rewritings ofaggregate queries. We extend the well-known Datalog syntax for non-aggregatequeries [Ull89] so that it covers also aggregates. These queries express nonnestedSQL queries without a HAVING clause and with the aggregate operators min,max, count, and sum. A generalization to queries with the constructor UNIONis possible, but beyond the scope of this paper. For queries with arbitrary nest-ing and negation no rewriting algorithms are feasible, since equivalence of suchqueries is undecidable.3.1 Non-aggregate QueriesWe recall the Datalog notation for conjunctive queries and extend it to aggregatequeries.A term (denoted as s, t) is either a variable (denoted as x, y, z) or a constant.A comparison has the form s1 � s2, where � is either < or �. If C and C 0 areconjunctions of comparisons, we write C j= C 0 if C 0 is a consequence of C. Weassume all comparisons range over the rationals.We denote predicates as p, q, r. A relational atom has the form p(s1; : : : ; sk).Sometimes we write p(�s), where �s denotes the tuple of terms s1; : : : ; sk. An atom(denoted as a, b) is either a relational atom or a comparison.A conjunctive query is an expression of the form q(x1; : : : ; xk) a1 & � � � & an.The atom q(x1; : : : ; xk) is called the head of the query. The atoms a1; : : : ; an formthe query body. They can be relational or comparisons. If the body contains nocomparisons, then the query is relational. A query is linear if it does not containtwo relational atoms with the same predicate symbol. We abbreviate a query asq(�x)  B(�s), where B(�s) stands for the body and �s for the terms occurring inthe body. Similarly, we may write a conjunctive query as q(�x) R(�s) & C(�t), incase we want to distinguish between the relational atoms and the comparisons inthe body, or, shortly, as q(�x) R & C. The variables appearing in the head arecalled distinguished variables, while those appearing only in the body are callednondistinguished variables. Atoms containing at least one nondistinguished vari-able are called nondistinguished atoms. By abuse of notation, we will often referto a query by its head q(�x) or simply by the predicate of its head q.A database D contains for every predicate symbol p a relation pD, that is, aset of tuples. Under set semantics, a conjunctive query q de�nes a new relationqD, which consists of all the answers that q produces over D. Under bag-setsemantics, q de�nes a multiset or bag ffqggD of tuples. The bag ffqggD containsthe same tuples as the relation qD, but each tuple occurs as many times as itcan be derived over D with q [CV93].Under set-semantics, two queries q and q0 are equivalent if for every database,they return the same set as a result. Analogously, we de�ne equivalence underbag-set-semantics.



6 S.Cohen, W.Nutt, A.Serebrenik3.2 Aggregate QueriesWe now extend the Datalog syntax so as to capture also queries with GROUP BYand aggregation. We assume that queries have only one aggregate term. Thegeneral case can easily be reduced to this one [CNS99]. We are interested inqueries with the aggregation functions count, sum, min and max. Since resultsfor min are analogous to those for max, we do not consider min. Our functioncount is analogous to the function COUNT(*) of SQL.An aggregate term is an expression built up using variables, the operationsaddition and multiplication, and aggregation functions.1 For example, count andsum(z1 � z2), are aggregate terms. We use � as abstract notations for aggregateterms. If we want to refer to the variables occurring in an aggregate term, wewrite �(�y), where �y is a tuple of distinct variables. Note that �y is empty if � isthe count aggregation function. Terms of the form count, sum(y) andmax(y) areelementary aggregate terms. Abstractly, elementary aggregate terms are denotedas �(y), where � is an aggregation function.An aggregate term �(�y) naturally gives rise to a function f�(�y) that mapsmultisets of tuples of numbers to numbers. For instance, sum(z1�z2) describes theaggregation function fsum(z1�z2) that maps any multiset M of pairs of numbers(m1;m2) to P(m1;m2)2M m1 �m2.An aggregate query is a conjunctive query augmented by an aggregate termin its head. Thus, it has the form q(�x;�(�y))  B(�s). We call �x the groupingvariables of the query. Queries with elementary aggregate terms are elementaryqueries. If the aggregation term in the head of a query has the form �(y), wecall the query an �-query (e.g., a max-query). In this paper we are interested inrewriting elementary queries using elementary views. However, as the example inSection 2 shows, even under this restriction the rewritings may not be elementary.We now give a formal de�nition of the semantics of aggregate queries. Con-sider the query q(�x;�(�y))  B(�s). For a database D, the query yields a newrelation qD. To de�ne the relation qD, we proceed in two steps. We associate to qa non-aggregate query, �q, called the core of q, which is de�ned as �q(�x; �y) B(�s).The core is the query that returns all the values that are amalgamated in theaggregate. Recall that under bag-set-semantics, the core returns over D a bagff�qggD of tuples ( �d; �e). For a tuple of constants �d of the same length as �x, let� �d := nn�e ��� ( �d; �e) 2 ff�qggDoo.That is, the bag � �d is obtained by �rst grouping together those answers to �qthat return �d for the grouping terms, and then stripping o� from those answersthe pre�x �d. In other words, � �d is the multiset of �y-values that �q returns for �d.The result of evaluating q over D isqD := f( �d; e) j � �d 6= ; and e = f�(�y)(� �d)g.1 This de�nition blurs the distinction between the function as a mathematical objectand the symbol denoting the function. However, a notation that takes this di�erenceinto account would be cumbersome.



Algorithms for Rewriting Aggregate Queries Using Views 7Intuitively, whenever there is a nonempty group of answers with index �d, thenwe apply the aggregation function f�(�y) to the multiset of �y-values of that group.Again, two aggregate queries q and q0 are equivalent if qD = q0D for alldatabases D.3.3 Equivalence Modulo a Set of ViewsUp until now, we have de�ned equivalence of aggregate queries and equivalence ofnon-aggregate queries under set and bag-set-semantics. However, the relationshipbetween a query q and a rewriting r of q is not equivalence of queries, becausethe view predicates occurring in r are not regular database relations, but aredetermined by the base relations indirectly. In order to take this relationshipinto account, we de�ne equivalence of queries modulo a set of views.We consider aggregate queries that use predicates both from R, a set ofbase relations, and V , a set of view de�nitions. For a database D, let DV bethe database that extends D by interpreting every view predicate v 2 V as therelation vD. If q is a query that contains also predicates from V , then qDV is therelation that results from evaluating q over the extended database DV . If q, q0are two aggregate queries using predicates from R [ V , we de�ne that q and q0are equivalent modulo V , written q �V q0, if qDV = q0DV for all databases D.3.4 General De�nition of RewritingWe give a general de�nition of rewritings. Let q be a query, V be a set of viewsover the set of relations R, and r be a query over V [ R. All of q, r, and theviews in V may be aggregate queries or not. Then we say that r is a rewriting ofq using V if q �V r and r contains only atoms with predicates from V . If q �V rand r contains at least one atom with a predicate from V we say that r is apartial rewriting of q using V .Now we can reformulate the intuitive questions we asked in the end of theSection 2.{ Rewriting Veri�cation: Given queries q and r, and a set of views V , checkwhether q �V r.{ Rewriting Computation: Given a query q and a set of views V , �nd all(some) rewritings or partial rewritings of q.4 Rewritings of Aggregate QueriesWe now present techniques for rewriting aggregate queries. Our approach will beto generalize the known techniques for conjunctive queries. Therefore, we �rstgive a short review of the conjunctive case and then discuss in how far aggregatesgive rise to more complications.



8 S.Cohen, W.Nutt, A.Serebrenik4.1 Reminder: Rewritings of Relational Conjunctive QueriesWe review the questions related to rewriting relational conjunctive queries. Sup-pose, we are given a set of conjunctive queries V , the views, and another con-junctive query q. We want to know whether there is a rewriting of q using theviews in V .The �rst question that arises is, what is the language for expressing rewrit-ings? Do we consider arbitrary �rst order formulas over the view predicates ascandidates, or recursive queries, or do we restrict ourselves to conjunctive quer-ies over the views? Since reasoning about queries in the �rst two languages isundecidable, researchers have only considered conjunctive rewritings.2 Thus, acandidate for rewriting q(�x) has the form r(�x)  v1(�1�x1) & : : : & vn(�n�xn),where the �i's are substitutions that instantiate the view predicates vi(�xi).The second question is whether we can reduce reasoning about the query r,which contains view predicates, to reasoning about a query that has only basepredicates. To this end, we unfold r. That is, we replace each view atom vi(�i�xi),with the instantiation �iBi of the body of vi, where vi is de�ned as vi(�xi) Bi.We assume that the nondistinguished variables in di�erent occurrences of thebodies are distinct. We thus obtain the unfolding ru of r, for which the UnfoldingTheorem holds, ru(�x) �1B1 & : : : & �nBn.Theorem 1 (Unfolding Theorem). Let V be a set of views, r a query overV, and ru be the unfolding of r. Then r and ru are equivalent modulo V, that is,r �V ru.The third question is how to check whether r is a rewriting of q, that is,whether r and q are equivalent modulo V . This can be achieved by checkingwhether ru and q are set-equivalent: if ru � q, then the Unfolding Theorem im-plies r �V q. Set-equivalence of conjunctive queries can be decided syntacticallyby checking whether there are homomorphisms in both directions [Ull89].4.2 Rewritings of Count-queriesWhen rewriting count-queries, we must deal with the same questions that arosewhen rewriting conjunctive queries. Thus, we �rst de�ne the language for ex-pressing rewritings. Even if we restrict the language to conjunctive aggregatequeries over the views, we still must decide on two additional issues. First,which types of aggregate views are useful for a rewriting? Second, what willbe the aggregation term in the head of the rewriting? A count-query is sensit-ive to multiplicities, and count-views are the only type of aggregate views that2 It is an interesting theoretical question, which as yet has not been resolved, whethermore expressive languages give more possibilities for rewritings. It is easy to show,at least, that in the case at hand allowing also disjunctions of conjunctive queries ascandidates does not give more possibilities than allowing only conjunctive queries.



Algorithms for Rewriting Aggregate Queries Using Views 9do not lose multiplicities.3 Thus, the natural answer to the �rst question is touse only count-views when rewriting count-queries. We show in the followingexample that there are an in�nite number of aggregate terms that can be usablein rewriting a count-query.Example 1. Consider the queryq positions per type(j; count) ta(n; c; j)in which we compute the number of positions of each type held in the uni-versity. Recall the view v positions per type de�ned in Section 2. It is easyto see that both of the following are rewritings of q positions per type:r1(j0; z) v positions per type(j0; z)r2(j0;pz1 � z2) v positions per type(j0; z1) & v positions per type(j0; z2):By adding additional view atoms and adjusting the power of the root wecan create in�nitely many di�erent rewritings of q positions per type. It isnatural to create only r1 as a rewriting of q. In fact, only for r1 will the UnfoldingTheorem hold.We de�ne a candidate for a rewriting of q(�x; count)  R & C as a queryhaving the formr(�x; sum( nYi=1zi)) vc1(�1�x1; z1) & : : : & vcn(�n�xn; zn) & C 0,where vci are count-views, possibly with comparisons, de�ned as vci (�xi; count) Bi and zi are variables not appearing elsewhere in the body of r. We call r acount-rewriting candidate.Note that it is possible to omit the summation if the values of zi are func-tionally dependent on the value of the grouping variables �x. This is the case, ifonly grouping variables appear as �ixi in the heads of the instantiated views.Then the summation is always over a singleton group.After presenting our rewriting candidates we now show how we can reducereasoning about rewriting candidates, to reasoning about conjunctive aggreg-ate queries. We use a similar technique to that shown in Subsection 4.1. In theunfolding, we replace the view atoms of the rewriting with the appropriate in-stantiations of their bodies, and we replace the aggregate term in the rewritingwith the term count. Thus, we obtain as the unfolding ru of r the queryru(�x; count) �1B1 & : : : & �nBn & C 0.3 Although sum-views are sensitive to multiplicities (i.e., are calculated under bag-set-semantics), they lose these values. For example, sum-views ignore occurrences ofzero values.



10 S.Cohen, W.Nutt, A.SerebrenikIn [CNS99], it has been proven that for ru the Unfolding Theorem holds, i.e.,r �V ru. Moreover, it has been shown that this de�nition of unfolding uniquelydetermines the aggregation function in the head of our candidates. That is,summation over products of counts is the only aggregation function for whichthe Unfolding Theorem holds if ru is de�ned as above. Now, in order to verifythat r is a rewriting of q, we can check that ru is equivalent to r, without takinginto account the views any more.We now present an algorithm that �nds a rewriting for a count-query usingviews. Our approach can be thought of as reverse engineering. We have charac-terized the \product" that we must create, i.e., a rewriting, and we now presentan automatic technique for producing it.In [NSS98], a sound and complete characterization of equivalence of con-junctive count-queries with comparisons has been given. The only known al-gorithm that checks equivalence of conjunctive count-queries creates an expo-nential blowup of the queries. Thus, it is di�cult to present a tractable algorithmfor computing rewritings. However, it has been shown [CV93,NSS98] that tworelational count-queries are equivalent if and only if they are isomorphic. In addi-tion, equivalence of linear count-queries with comparisons is isomorphism of thequeries [NSS98]. Thus, we will give a sound, complete, and tractable algorithmfor computing rewritings of relational count-queries and of linear count-queries.This algorithm is sound and tractable for the general case, but is not complete.We discuss when a view v(�u; count) Rv & Cv , instantiated by �, is usablein order to rewrite a query q(�x; count) R & C, that is, when the instantiatedview can occur in a partial rewriting. By the characterization of equivalence forrelational and linear queries, a rewriting of q is a query r that when unfoldedyields a query isomorphic to q. Thus, in order for �v, to be usable, �Rv must\cover" some part of R. Therefore, �v is usable for rewriting q only if there existsan isomorphism, ', from �Rv to R0 � R. Note that we can assume, w.l.o.g. that' is the identity mapping on the distinguished variables of v. We would like toreplace R0 with �v in the body of q in order to derive a partial rewriting of q.This cannot always be done. Observe that after replacing R0 with �v, variablesthat appeared in R0 and do not appear in ��u (i.e., the nondistinguished variablesin v) are not accessible anymore. Thus, we can only perform the replacement ifthese variables do not appear anywhere else in q, in q's head or body. We capturethis property by de�ning that v(�u; count) Rv & Cv is R-usable under � w.r.t.' if1. '�Rv is isomorphic to a subset R0 of R, and2. every variable that occurs both in R0 and in R nR0 must occur in ��u.We denote this fact as R-usable(v, �, '). Clearly, there is a partial rewriting usingv of q(�x; count)  R & C only if v(�u; count)  Rv & Cv is R-usable under �w.r.t. some '.Example 2. Consider the following query that computes the number of sponsorsfor each assistant in the database courseq db ta sponsors(n; count) ta(n; Database; j) & salaries(j; s; a):



Algorithms for Rewriting Aggregate Queries Using Views 11We suppose that we have a materialized view that computes the number ofjobs that each teaching assistant has in each course that he assistsv jobs per ta(n0; c0; count) ta(n0; c0; j0):In order to use v jobs per ta in rewriting q db ta sponsors we must �ndan instantiation � such that �ta(n0; c0; j0) covers some part of the body ofq db ta sponsors. Clearly, �ta(n0; c0; j0) can cover only ta(n; Database; j). Wetake, � = fn0=n; c0=Databaseg and thus, ' = fn=n; j0=jg. However, j appearsin ta(n; Database; j) and not in the head of �v jobs per ta and therefore, jis not accessible after replacement. Note that j appears in salaries and thus,v jobs per ta is not R-usable in rewriting q db ta sponsors.For our algorithm to be complete for linear queries, the set of comparisonsin the query to be rewritten has to be deductively closed (see Example 4).The deductive closure of a set of comparisons can be computed in polynomialtime [Klu88]. In addition, it must hold that C j= '(�Cv), thus, the comparisonsinherited from v are weaker than those in q. For a rewriting using �v to existit must be possible to strengthen '(�Cv) by additional comparisons C 0 so that'(�Cv) & C 0 is equivalent to C. We have seen that when replacing R0 with �vwe lose access to the nondistinguished variables in v. Therefore, it is necessaryfor the comparisons in '(�Cv) to imply all the comparisons in q that containan image of a nondistinguished variable in v. Formally, let ndv(v) be the set ofnondistinguished variables in v. Let C'(�ndv(v)) consist of those comparisons inC that contain variables in '(�ndv(v)). Then, in order for �v to be usable in apartial rewriting, Cv j= C'(�ndv(v)) must hold. If this condition and C j= '(�Cv)hold, then we say that v is C-usable under � w.r.t. ' and write C-usable(v, �,').We summarize the discussion in a theorem.Theorem 2. Let q(�x; count)  R & C be a count-query whose set of compar-isons C is deductively closed, and let v(�u; count)  Rv & Cv be a count-view.There exists a partial rewriting of q using v if and only if there is a ' such thatR-usable(v, �, ') and C-usable(v, �, ').Example 3. The following query computes for each job the number of mediocresponsors, i.e., the number of sponsors who give an amount that is greater than$200 and less than $600.q mediocre sponsor(j; count) salaries(j; s; a) & a > 200 & a < 600:The viewv all sponsor(j0; count) salaries(j0; s0; a0) & a0 > 0computes the number of sponsors for each job. In order to use v all sponsorin rewriting q mediocre sponsor we clearly must take � = fj0=jg and ' =fj=j; s0=s; a0=ag. It holds that fa > 200 & a < 600g j= f'�(a0 > 0)g. Ob-serve that a0 is a nondistinguished variable in v all sponsor and a0 is mapped



12 S.Cohen, W.Nutt, A.Serebrenikto a by '�. Thus, in order for v all sponsor to be C-usable for rewritingq mediocre sponsor it must hold that f'�(a0 > 0)g j= fa > 200 & a < 600g.This does not hold. Therefore, v all sponsor is not C-usable for rewritingq mediocre sponsor.We present an algorithm for computing rewritings of conjunctive count-queries in Figure 1. The underlying idea is to incrementally cover the bodyof the query by views until no atom is left to be covered. The algorithm non-deterministically chooses a view v and an instantiation �, such that v is bothR-usable and C-usable under �. If the choice fails, backtracking is performed.When the while-loop is completed, the algorithm returns a rewriting. Bybacktracking we can �nd additional rewritings. Of course, the nondeterminism inchoosing the views can be further reduced, for instance, by imposing an orderingon the atoms in the body of the query and by trying to cover the atoms accordingto that ordering. Note, that the same algorithm may be used to produce partialrewritings if we relax the termination condition of the while-loop. This willsimilarly hold for subsequent algorithms presented.We note the following. In Line 9, R is changed and thus, q is also changed.Therefore, at the next iteration of the while-loop we check whether v is R-usableunder � to rewrite the updated version of q (Line 6). Thus, in each iterationof the loop, additional atoms are covered. In Line 10, the algorithm checks if anondistinguished atom is already covered. If so, then the algorithm must fail,i.e., backtrack, as explained above.Observe that we modify C in Line 12. We remove from C its comparisonscontaining a variable that is not accessible after replacing the appropriate subsetof R by the appropriate instantiation of v. These comparisons are not lost be-cause v is C-usable. The comparisons remaining in C are needed to strengthenthose inherited from the views such that they are equivalent to the comparisonsin the query to be rewritten.Count Rewriting is both sound and complete for linear queries and relationalqueries and is sound, but not complete, for arbitrary queries. Our algorithmruns in nondeterministic polynomial time by guessing views and instantiationsand verifying in polynomial time that the obtained result is a rewriting. Forrelational queries this is optimal, since checking whether there exists a � suchthat v is R-usable under � is NP-hard, which can be shown by a reduction ofthe graph matching problem. Since for linear queries q and views v the existenceof � and ' such that R-usable(v, �, ') and C-usable(v, �, ') can be decided inpolynomial time, one can obtain a polynomial time variant of the algorithm thatcomputes partial rewritings in the linear case.Theorem 3. (Soundness and Completeness of Count Rewriting) Let qbe a count-query and V be a set of views. If r is returned by Count Rewriting(q;V),then r is a count-rewriting candidate of q and r �V q. If q is either linear orrelational, then the opposite holds by making the appropriate choices.Example 4. This example shows the incompleteness of the algorithm if the com-parisons in the query being rewritten are not deductively closed. Consider the



Algorithms for Rewriting Aggregate Queries Using Views 13Algorithm Count RewritingInput A query q(�x; count) R & C and a set of views VOutput A rewriting r of q.(1) Not Covered := R.(2) Rewriting := ;.(3) n := 0.(4) While Not Covered 6= ; do:(5) Choose a view v(�x0; count) R0 & C 0 in V .(6) Choose an instantiation, �, and an isomorphism ',such that R-usable(v, �, ') and C-usable(v, �, ').(7) For each atom a 2 R0 do:(8) If a is a nondistinguished atom, then(9) Remove '(�a) from R.(10) If '(�a) 62 Not Covered then fail.(11) Remove '(�a) from Not Covered.(12) Remove from C comparisons containing a variable in '(�R0),but not in ��x0(13) Increment n.(14) Add v(��x0; zn)) to Rewriting , where zn is a fresh variable.(15) Return r(�x; sum(Qni=1 zi)) Rewriting & C.Fig. 1. Count Query Rewriting Algorithmfollowing query q, and views v1 and v2, de�ned asq(count) p1(x) & p2(y) & x < y & y < 2 &p3(u) & p4(w) & u < w & w < 2v1(x; u; count) p1(x) & p2(y) & x < y & y < 2 & p3(u) & u < 2v2(x; u; count) p3(u) & p4(w) & u < w & w < 2 & p1(x) & x < 2:Note that the comparisons in q are not deductively closed since q does not containx < 2 and u < 2. The algorithm Count Rewriting will not �nd any rewritingsof q using v1 and v2. We can understand this in the following way. Supposethat the view v1 is chosen �rst. Clearly, v1 can be used for a rewriting takingthe instantiation � and the isomorphism ' to be the identity mappings. Thealgorithm Count Rewriting removes from q the comparisons x < y and y < 2 sincethey contain the variable y which is an image of the nondistinguished variable



14 S.Cohen, W.Nutt, A.Serebreniky in v1. However, Count Rewriting can no longer use v2 in the rewriting sincethe constraints in q no longer imply the constraint x < 2 in v2. For symmetricreasons, Count Rewriting would also fail to �nd a rewriting if v2 was chosen �rst.However, clearly the following is a rewriting of q using v1 and v2:r(sum(z1 � z2)) v1(x; u; z1) & v2(x; u; z2).Example 5. The algorithm is incomplete for the general case. Consider the fol-lowing query q, and view vq(; count) p(x) & p(y) & p(u) & x < y & x < uv(; count) p(x0) & p(y0) & p(u0) & x0 < y0 & u0 < y0Clearly q and v are equivalent [NSS98]. However, for all homomorphisms 'from v to q, it holds that fx < y & x < ug 6j= f'(x0 < y0) & '(u0 < y0)g. Thus,v is not C-usable for rewriting q and the algorithm does not �nd any rewritings.4.3 Rewritings of Sum-QueriesRewriting sum-queries is similar to rewriting count-queries. When rewriting sum-queries we must also take the summation variable into consideration. We presentan algorithm for rewriting sum-queries that is based on the algorithm for count-queries.We de�ne the form of rewriting candidates for sum-queries. Since sum andcount-views are the only views that are sensitive to multiplicities, they are usefulfor rewritings. However, sum-views may lose multiplicities and make the aggreg-ation variable inaccessible. Thus, at most one sum-view should be used in therewriting of a query. The following are rewriting candidates for sum-queries:r1(�x; sum(y � nYi=1zi)) vc1(�1�x1; z1) & : : : & vcn(�n�xn; zn) & C 0 (1)r2(�x; sum(y � nYi=1zi)) vs(�s�xs ; y) & vc1(�1�x1; z1) & : : : & vcn(�n�xn; zn) & C 0(2)where vci is a count-view of the form vci (�xi; count) Bi and vs is a sum-view ofthe form vs(�xs ; sum(y)) Bs . Note that the variable y in the head of the queryin Equation 1 must appear among �i�xi for some i. In [CNS99], it has been shownthat if a rewriting candidate is equivalent modulo the views to its unfolding thenit must be one of the above forms. As in the case of count-query rewritings, insome cases the rewriting may be optimized by dropping the summation.Once again, we reduce reasoning about rewriting candidates to reasoningabout conjunctive aggregate queries. For this purpose we extend the unfoldingtechnique introduced in Subsection 4.2. Thus, the unfoldings of the candidatespresented are: ru1(�x; sum(y)) �1B1 & : : : & �nBn & C 0:ru2(�x; sum(y)) �sBs & �1B1 & : : : & �nBn & C 0:



Algorithms for Rewriting Aggregate Queries Using Views 15Now, instead of checking whether r is a rewriting of q we can verify whetherru is equivalent to r. The only known algorithm for checking equivalence of sum-queries, presented in [NSS98], requires an exponential blowup of the queries.However, relational sum-queries and linear sum-queries are equivalent if andonly if they are isomorphic. Thus, we can extend the algorithm presented in theFigure 1 for sum-queries.We �rst extend the algorithm in Figure 1, such that in Line 5 sum-viewsmay be chosen as well. We call this algorithm Compute Rewriting. We derive analgorithm for rewriting sum-queries, presented in Figure 2. The algorithm runsin nondeterministic polynomial time.Algorithm Sum RewritingInput A query q(�x; sum(y)) B and a set of views VOutput A rewriting r of q.(1) Let q0 be the query q0(�x; count) B.(2) Let r0=Compute Rewriting(q0;V).(3) If r0 is of the formr0(�x; sum(y �Qni=1 zi)) vs(�s�xs ; y) & vc1(�1�x1; z1) & : : : &vcn(�n�xn; zn) & C 0(4) Then return r0(5) If r0 is of the formr0(�x; sum(Qni=1 zi)) vc1(�1�x1; z1) & : : : & vcn(�n�xn; zn) & C 0and y appears among �i�xi(6) Then returnr(�x; sum(y �Qni=1 zi)) vc1(�1�x1; z1) & : : : & vcn(�n�xn; zn) & C 0.Fig. 2. Sum Query Rewriting AlgorithmTheorem 4. (Soundness and Completeness of Sum Rewriting) Let q bea sum-query and V be a set of views. If r is returned by Sum Rewriting(q;V),then r is a sum-rewriting candidate of q and r �V q. If q is linear or relational,then the opposite holds by making the appropriate choices.4.4 Rewritings of Max-QueriesWe consider the problem of rewriting max-queries. Note that max-queries areinsensitive to multiplicities. Thus, we use nonaggregate views and max-views



16 S.Cohen, W.Nutt, A.Serebrenikwhen rewriting a max-query. When using a max-view the aggregation variablebecomes inaccessible. Thus, we use at most one max-view. The following arerewriting candidates of the query q:r1(�x;max(y)) v1(�1�x1) & : : : & vn(�n�xn) & C 0 (3)r2(�x;max(y)) vm(�m�xm; y) & v1(�1�x1) & : : : & vn(�n�xn) & C 0 (4)Note that the vi's are nonaggregate views and that vm is a max-view. Thevariable y in the head of the query in Equation 3 must appear among �i�xi forsome i. In [CNS99] it has been shown that if a rewriting candidate is equivalentto its unfolding then it must have one of the above forms.Reasoning about rewriting candidates can be reduced to reasoning aboutmax-queries, by extending the unfolding technique. It has been shown [NSS98]that equivalence of relationalmax-queries is equivalence of their cores. There is asimilar reduction for the general case. Algorithms for checking set-equivalence ofqueries can easily be converted to algorithms for checking equivalence of max-queries. Thus, algorithms that �nd rewritings of nonaggregate queries can bemodi�ed to �nd rewritings of max-queries.Rewriting nonaggregate queries is a well known problem [LMSS95]. One well-known algorithm for computing rewritings of queries is the buckets algorithm[LRO96b,LRO96a]. Consider a query q(�x)  R & C. The algorithm creates a\bucket" for each atom p(�z) in R. Intuitively, this bucket contains all the viewswhose bodies can cover p(�z). The algorithm places into this bucket all the viewsv(�y)  Rv & Cv such that Rv contains an atom p( �w) that can be mapped bysome mapping ' to p(�z) such that C & 'C 0 is consistent. Next, all combinationsof taking a view from each bucket are considered in the attempt to form arewriting.Note that by reasoning similarly as in the case of count and sum-queries,we can reduce the number of views put into each bucket, thus improving onthe performance of the algorithm. Suppose there is a nondistinguished variablew 2 �w mapped to z 2 �z and there is an atom containing z in q that is notcovered by 'Rv . In such a case, if v is used in a rewriting candidate there willnot exist a homomorphism from the unfolded rewriting to q such that the bodyof v covers p(�z). However, a rewriting candidate r is equivalent to a query q ifand only if there exist homomorphisms from ru to q and from q to ru. Thus, vshould not be put in the bucket of p(�z).Observe that this condition is a relaxed version of the R-usability requirementthat ensures the existence of an isomorphism. Clearly this restriction �lters outthe possible rewritings of q, thereby improving the performance of the bucketsalgorithm. Thus, our methods for �nding rewritings of aggregate queries maybe relaxed and used to improve the performance of algorithms for rewritingrelational queries. These, in turn, may be modi�ed to rewrite max-queries.



Algorithms for Rewriting Aggregate Queries Using Views 175 ConclusionAggregate queries are increasingly prevalent due to the widespread use of datawarehousing and related applications. They are generally computationally ex-pensive since they scan many data items, while returning few results. Thus, thecomputation time of aggregate queries is generally orders of magnitude largerthan the result size of the query. This makes query optimization a necessity.Optimizing aggregate queries using views has been studied for the specialcase of datacubes [HRU96,Dyr96]. However, there was little theory for generalaggregate queries. In this paper, based on previous results in [NSS98,CNS99],we presented algorithms that enable reuse of precomputed queries in answeringnew ones. The algorithms presented have been implemented in SICStus Prolog.References[BI94] D. Barbara and T. Imielinski. Sleepers and workaholics: Caching strategiesin mobile environments. In Proc. 1994 ACM SIGMOD International Con-ference on Management of Data, Minneapolis (Minnesota, USA), May 1994.ACM Press.[CNS99] S. Cohen, W. Nutt, and A. Serebrenik. Rewriting aggregate queries usingviews. In Ch. Papadimitriou, editor, Proc. 18th Symposium on Principlesof Database Systems, Philadelphia (Pennsylvania, USA), May 1999. ACMPress. To appear.[CV93] S. Chaudhuri and M. Vardi. Optimization of real conjunctive queries.In Proc. 12th Symposium on Principles of Database Systems, Washington(D.C., USA), May 1993. ACM Press.[Dyr96] C. Dyreson. Information retrieval from an incomplete datacube. In Proc.22nd International Conference on Very Large Data Bases, Bombay (India),September 1996. Morgan Kaufmann Publishers.[GHQ95] A. Gupta, V. Harinarayan, and D. Quass. Aggregate query processing indata warehouses. In Proc. 21st International Conference on Very Large DataBases. Morgan Kaufmann Publishers, August 1995.[HRU96] V. Harinarayan, A. Rajaraman, and J. Ullman. Implementing data cubese�ciently. In Proc. 1996 ACM SIGMOD International Conference on Man-agement of Data, pages 205{227, Montreal (Canada), June 1996.[Klu88] A. Klug. On conjunctive queries containing inequalities. J. ACM, 35(1):146{160, 1988.[LMSS95] A.Y. Levy, A.O. Mendelzon, Y. Sagiv, and D. Srivastava. Answering queriesusing views. In Proc. 14th Symposium on Principles of Database Systems,pages 95{104, San Jose (California, USA), May 1995. ACM Press.[LRO96a] Alon Levy, Anand Rajamaran, and Joann Ordille. Querying heterogeneousinformation sources using source description. In Proceedings of the 22ndVLDB Conference Mumbai(Bombay), India, 1996.[LRO96b] A.Y. Levy, A. Rajaraman, and J.J. Ordille. Query answering algorithms forinformation agents. In Thirteenth National Conf. on Arti�cial Intelligence,AAAI-96, 1996.[LSK95] A.Y. Levy, D. Srivastava, and T. Kirk. Data model and query evaluationin global information systems. Journal of Intelligent Information Systems,5(2):121{143, 1995.
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Algorithms for Rewriting Aggregate Queries Using Views 19A Translating SQL to DatalogIn this paper we extended the well-known Datalog syntax for non-aggregatequeries [Ull89] so that it covers also aggregates. This syntax is more abstract andconcise than SQL. It is not only better suited for a theoretical investigation, butit is also a better basis for implementing algorithms that reason about queries,in particular for implementations in a logic programming language.Through the syntax we implicitly de�ne the set of SQL queries to which ourtechniques apply. They are essentially nonnested queries without a HAVING clauseand with the aggregate operators min, max, count, and sum. In this section wedemonstrate, using examples, how an SQL query of this type can be transformedinto one in our extended Datalog notation.We �rst show how to transform an SQL query without aggregation into onein Datalog notation. Consider a query with SELECT, FROM, and WHERE clauses.For each relation name in the FROM clause we introduce a predicate name, andfor each attribute of a relation, we �x an argument position of the correspondingpredicate. For each occurrence of a relation name in the FROM clause we createa relational atom. The selection constraints in the WHERE clause are taken intoaccount by placing constants or identical variables into appropriate argumentpositions of the atoms corresponding to a relation, or by imposing comparisonson variables. Finally, the output arguments in the SELECT clause appear as thedistinguished variables in the head.We demonstrate the translation using an example. This example can easilybe generalized to arbitrary SQL queries without GROUP-BY and HAVING clauses.Consider a query that �nds the teaching assistants who have a job for whichthey receive more then $500 from the government:SELECT nameFROM ta, salariesWHERE sponsorship = 'Govt.' AND amount > 500AND ta.job type = salaries.job type.We translate this query into an equivalent Datalog query with the head pre-dicate q govt. For the relation names ta and salaries we introduce the predicatenames ta and salaries. In the fashion described above, we derive the followingequivalent Datalog query:q govt(n) salaries(j; Govt:; a) & ta(n; c; j) & a > 500:In this paper we extended the Datalog syntax so as to capture also querieswith GROUP BY and aggregation. Using our notation, we can represent SQL quer-ies where the group by attributes are identical to those in the SELECT statement,although SQL only requires that the latter be a subset of those appearing in theGROUP BY clause. Also, we assume that queries have only one aggregate term.The general case can easily be reduced to this one.



20 S.Cohen, W.Nutt, A.SerebrenikThe extension of the Datalog syntax is straightforward. Since the SELECTattributes are identical to the grouping attributes, there is no need to singlethem out by a special notation. Hence, the only new feature is the aggregateterm in the SELECT clause. We simply add it to the terms in the head of thequery, after replacing the attributes with corresponding variables.To demonstrate this translation, recall the query in Section 2 that calculatesthe total amount of money spent on each job type. The following SQL query canbe transformed into the previously mentioned Datalog query:SELECT ta.job type, sum(amount)FROM ta, salariesWHERE ta.job type = salaries.job type.We have demonstrated how to translate SQL into Datalog. Obviously, thetranslation from Datalog to SQL can be performed in a similar fashion. Roughlyspeaking, we replace predicates with relations and variables with attributes. Thevariables in the head of the Datalog query become attributes in the SELECT clauseof the SQL query and the comparisons are placed in the WHERE clause. Hence,one notation can be transformed into the other, back and forth, completelyautomatically.


