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AbstractIn this thesis we address the problem of providing e�cient processing of queries in the extensibleenvironment induced by object-oriented databases. We de�ne a framework for query processingin an object-oriented database and develop designs for major components of this framework. Theframework encompasses an object-oriented data model, an algebra to query over that model, trans-formation rules for the algebra, an internal representation for queries expressed in the algebra, acost model for analyzing query expressions, and an architecture for an extensible query optimizer.The major contributions of this thesis are an algebra and transformation rules, a representation,and an architecture for extensible query optimization. We show how these components �t into theframework and interact with each other.The EQUAL query algebra presented in this thesis is the �rst query algebra for object-orienteddatabase systems to be completely consistent with data abstraction, and one of the few to proposeoperations for the creation and manipulation of objects with identity. We present transformationrules for this algebra, and a theory of equivalence for query expressions involving object-buildingoperations. We also de�ne an internal representation for query expressions that is annotated withinformation that can be used during query optimization, and can be extended to represent newoperations and annotations.We present Epoq, a novel approach to extensible query optimization. An Epoq optimizerintegrates diverse strategies for controlling the optimization of a query and adapts to the additionof new strategies for control. We give a formal basis for this approach and specify an architecturethat embodies the approach. We de�ne the control problem for extensible query optimizationand present a solution to this problem that is based on planning the optimization process. Theplanning-based control can combine the optimization strategies in di�erent ways depending on thecharacteristics of the query being processed. The architecture and control are illustrated with anextensive example optimizer that integates optimization strategies described in the literature withstrategies developed speci�cally for EQUAL.
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Chapter 1IntroductionObject-oriented database systems provide a highly extensible environment that challenges tradi-tional ideas about query processing. Query languages for object-oriented databases must incor-porate support for object identity, complex structures, abstract data types, and subtyping, forexample, as features supported by the object-oriented model. Queries involve a changing varietyof database types and access to objects through arbitrary methods de�ned by abstract data types.E�cient processing of queries demands an optimizer that can adapt to the ever-changing envi-ronment of the object-oriented database system. New abstractions may be described and related toexisting abstractions by new axioms that must be considered by a query rewrite system. New typesmay be supported by new methods for accessing data that must be considered when generating anexecution plan for the query. New types may also be accompanied by new techniques for optimizingqueries involving those types. The optimizer must have some way to integrate these new techniqueswith existing optimization processing.In this thesis, we address the problem of providing e�cient processing of queries in the extensibleenvironment induced by object-oriented databases. The major contributions of this thesis are:� an object-oriented query algebra with operations that access instances of abstract data types,and operations to create and manipulate objects with identity� an annotated representation for queries that treats query operations, predicates, and arbitrarymethods over objects uniformly, thus supporting cost{ and heuristic{based transformations,and transformations involving nested subqueries� a novel approach to extensibility in query optimization that integrates diverse strategies forcontrolling the optimization of queries and adapts to incorporate new control strategies� an architecture for query optimization that embodies our approach to optimizer extensibilityThese contributions, and ancillary contributions, are discussed in more detail in Section 1.3.The work described in this thesis was initiated in order to de�ne querying and query optimizationin the ENCORE object-oriented database system [157, 154]. Although we describe the work in thecontext of this model, our results in most cases apply more globally. The query algebra has alreadybeen used as a target for optimization of a declarative language [31], and our architecture for queryoptimization presents a new approach to extensibility that applies to any database model.An object-oriented database model, such as ENCORE, is extensible in that it provides, throughabstract data types, the ability to add new types with new interface methods and implementations.In other words, the data abstraction capability can be used to describe new functionalities for thedatabase system. Other components of a query processing system must support the extensibility1



of the model. The internal representation of the query must be able to correctly model new datatypes and operations. A cost model may require new computations to handle the new types andoperations. New axioms may describe the semantics of the new operations, and must be representedby transformations in an optimizer. The implementations of types are new operations for databaseaccess that must also be considered by a query optimizer. In general, a query optimizer must adaptto use new information when it processes queries involving the new types.The ENCORE query algebra (EQUAL) presented here supports the object-oriented databasemodel by querying database objects only through their interface [134]. The query representationpresented in Chapter 7 supports additions to the language and model. The representation isannotated with information about the query (e.g., cost and typing information). The collectionof annotations can be extended to support new kinds of information about queries that may berequired by an optimizer.The Epoq1 architecture for query optimization presents a new approach to optimizer extensibil-ity. Traditionally, extensibility in query optimization refers to the ability to de�ne new data typesand methods, and to add new rewrite rules describing transformations of query expressions involv-ing the new types and methods. Traditional extensible optimizers, though, de�ne a �xed strategyfor controlling the search for rewrite rules to apply to a query. The Epoq architecture supportsthe traditional kind of extensibility and additionally provides the ability to add new strategies forcontrolling the query transformation process.An Epoq optimizer is a collection of modules, each of which represents a particular strategy formanipulating query expressions. The Epoq control integrates these di�erent strategies into a singleoptimizer. The collection of strategies can be extended by adding new modules, and the controlover the execution of these modules can be extended in response.It is interesting to notice that our view of extensible optimization is strongly related to in-tegration. The optimizer control integrates di�erent query processing strategies to form a singleoptimizer. These strategies are encapsulated in modules, the internals of which are hidden to theoptimizer. The only requirement is that the modules obey an interface de�ned by the optimizercontrol. Thus foreign optimizer components can be integrated into an Epoq optimizer along withcomponents that are explicitly designed for Epoq.1.1 Preliminaries1.1.1 Query ProcessingQuery processing refers to the expression and e�cient execution of a request for information froma database. A query is expressed in a high level language, and a query optimizer is responsible fortranslating that expression into an e�cient plan for accessing the database. A query optimizer isnot generally expected to discover the most e�cient way to process a query.The major problem in query processing is that a query refers to large amounts of data storedon relatively slow media. The query is expressed in a high level language that leaves operatorimplementations and even choice of and ordering of query operations open. The optimizer's job isto �nd a way to retrieve the requested data. An optimizer must bind operators to implementationsand �nd orderings for operations that will most quickly answer the query. Often an optimizeruses heuristics to formulate initial plans for data retrieval. Eventually, however, the physicalcharacteristics of the data and access methods must be considered. For example, indexes, clusteringand specialized access methods can a�ect the speed of responding to a query and must be discovered1Pronounced as in epoch, Epoq provides extensible processing and optimization of queries.2



and used e�ectively by the optimizer. These aspects of the query can be analyzed with a cost modeland used to eliminate potentially poor plans for data retrieval.The ability to do automatic query optimization is one of the strengths of relational databasesystems. Relational query optimizers exploit the simple semantics of the model and the �xed setsof operators, storage structures, and implementation techniques for the operators. The designsof such optimizers di�er and are speci�c to the system in which the optimizer is built [37, 149].These optimizers generally embody a set of pre-de�ned manipulations on some internal queryrepresentation. These manipulations apply built-in heuristics to guide the discovery of e�cientstrategies for database access. The access strategies are evaluated according to some cost formula,and a best strategy is selected. The heuristics that are applied, the algorithms for searching forstrategies, and the cost model upon which strategy evaluation is based, are all �xed and speci�c tothe particular optimizer.The approach to query processing taken in this thesis is to provide a high-level algebraic languagefor query expression and an architecture for designing optimizers that can manipulate queriesexpressed in the language, utilize a cost model, and incorporate techniques for data access. Thelanguage can be directly manipulated using algebraic transformation rules, and we present somerules for doing this. We do not present speci�c access techniques, such as indexes or clusteringstrategies, or a detailed cost model, but instead provide a framework that can incorporate querymanipulation, access techniques and a cost model.1.1.2 ExtensibilityExtensibility in database systems addresses the need to respond to the varied requirements of newand di�erent database applications. A database system is extensible when it can incorporate newfunctionalities as required to support an application.Some systems extend the relational model with the ability to de�ne new data types and oper-ations, and new access methods for those types [64, 142]. Here, extensibility refers to the abilityto add new types de�ning data stored in relational tables. The underlying system model (i.e. rela-tional) remains �xed, but the kinds of information that can be stored in the model can be extended.The earliest extensible optimizers were designed to address the additional features provided by thesesystems [117].Other systems give an implementor the tools to describe a database model and generate anew database system from that description [14, 24, 61]. The goal of this generative, or toolkit,approach to database extensibility is to allow a specialized database system to be built to meetthe needs of a particular application. Extensibility in such systems refers to the ability to de�nedata and access requirements for the new database model. An existing system can be extended byadding information to the database description, and generating another system that includes thenew information.Optimizers for extensible database systems are generally based on transformation rules fora set of operators de�ned in the system [45, 54]. Extensibility of these optimizers results fromthe ability to augment the set of transformation rules. These transformations are applied to aquery expression to generate equivalent, and hopefully more e�cient, forms of the expression. Atransformed expression often corresponds to many executable plans for database access. Theseplans are compared according to a cost model (which might also be extensible). The quality of theresult produced by an optimizer depends on the completeness of the de�ned set of transformationrules, as well as the cost model. The e�ciency of the optimizer itself depends on the controlstrategies for selecting which transformations to apply, and when to apply them.A more open approach to database extensibility allows an existing system to be modi�ed by3



\plugging-in" new features. Using this approach, a general database system can be customized tosupport specialized applications. The new features could be added through re-compilation, throughlinking, or even while the system is running. In a Starburst optimizer, for example, new rewriterules can be enabled or disabled while the system is executing [115].This thesis takes an open approach to extensibility. The object-oriented model allows thedescription of new types and operations for database access. The algebraic operations accessobjects only through the interface de�ned for their types and thus are general enough to incorporatethe new types automatically. Also, if desired, the object-oriented model also provides the abilityto de�ne new operations for the algebra. Our query representation is general enough to modelany operations de�ned in the model, and new annotations can be added to the representation tocapture information that may be required for the new types and operations. The Epoq architecturedescribes a modular system for query optimization in which modules can be added or deletedwith well-de�ned, localized e�ects on other modules in the system. An optimizer built using thisarchitecture is thus extensible, and could be implemented so that changes can be made at any time.Many of the features we describe for an Epoq optimizer could be generated, although we do notaddress the mechanics of such generation here.1.1.3 Object-Oriented Database SystemsObject-oriented databases respond to the needs of a variety of database applications by providing
exible database modelling capabilities [9, 12, 98, 102, 157]. Object-oriented refers to the factthat the data modelling features for such a database are drawn from the area of object-orientedprogramming languages.There is much discussion about what constitutes a model for an object-oriented [8] or nextgeneration [141] database system. Although there is no accepted common object-oriented databasemodel, most agree that the data model should provide features such as data abstraction or encap-sulation, complex object descriptions, types and subtyping, and object identity. However, di�erentsystems often place di�erent meanings on these terms and provide di�ering amounts of support forsome of the features. For example, often object-oriented database systems allow the de�nition ofcomplex objects that are not instances of abstract types [13]. The result is that the implementationof the object is exposed for manipulation by a query.The ENCORE model used in this thesis de�nes all types as abstract, thus every object has aninterface that is separate from its implementation and all new types are indistinguishable from thebuilt-in types. The model also supports subtyping relationships between the types. In the model,everything is an object. We use this model because it cleanly separates the data model from itsimplementation. As a result, it can be used to simulate most other object-oriented database models.Object-oriented database systems are also extensible systems; the extensibility of object-orienteddatabases is founded on the ability to extend the data model through abstract data types and theinheritance/subtyping structure. In particular, the ability to de�ne new abstract data types pro-vides extensibility in the database modelled by the abstract data types and places a requirement onthe database system to support the new model. Extensibility in object-oriented database systemsis thus more fundamental to the underlying database model than in extensible relational systemsand is also more dynamic than the extensibility provided by toolkit systems.Query optimization for object-oriented systems has followed two basic directions. One approachfocuses on speci�c techniques that solve particular optimization problems. For example, one highlyvisible problem in optimization of object-oriented expressions is path expressions. Such expressionsimply a navigation through objects to �nd the end of a path. Research in this area includes de�ningindexes for paths [19, 79, 97, 111], optimization in the presence of arbitrary methods along the path4



[20, 60, 62, 78], and the use of clustering and other storage information to determine path accesses[31, 75, 91].An alternative approach is to de�ne a complete system for optimization. The application ofalgebraic transformations has formed the basis for the design of many query optimizers for object-oriented databases [49, 112, 115, 145]. Algebraic transformations, however, do not always provideways to deal with such problems as path expressions and method invocations. We have also foundthat manipulations involving objects with identity complicate the de�nition of the equivalence oftwo query expressions [132] and complicate the application of transformation rules. Other proposalsfor optimizers allow combinations of algebraic transformation with other strategies for optimization[81, 89]. The ability to support a number of di�erent approaches to query transformation best pro-vides the extensibility needed for object-oriented systems and is the basis for the Epoq architecturepresented in this thesis.1.2 Scope of This ThesisIn this thesis we describe a framework for query processing in an object-oriented database. Wehave identi�ed the following components as integral to the e�cient processing of queries:� a data model� a query language� transformation rules for queries expressed in that language� a canonical representation for queries� a cost model� an optimizerQuery processing, in general, involves interactions between these components. The data modeland query language directly determine the queries that can be expressed. The transformation rules,query representation and cost model support an optimizer in �nding e�cient ways to process thosequeries.This thesis focuses on an algebra and transformation rules, an internal query representation,and an architecture for extensible optimization as our major contributions in the area of queryprocessing in object-oriented systems. We show how these components interact with each otherand with a data model and cost model.We base our processing system on the ENCORE database model [157]. The model is basedon persistent objects (with identity) as instances of abstract data types, and provides other keyfeatures of object-oriented systems such as subtyping, late-binding, and complex structures. Webelieve that the modelling capabilities provided by abstract data types allow the simulation ofmodelling features of most other proposed object-oriented models, and that ENCORE thereforeprovides a strong basis for the discussion of query processing in object-oriented models in general.In this thesis we build on the ENCORE model by adding a query algebra, transformation rules,an internal query representation, and an architecture for extensible query optimization.The EQUAL query algebra is designed to support the modelling features of ENCORE. EQUALgeneralizes the operations of the relational algebra to allow queries involving method invocationson objects, and to provide operations to manipulate objects with complex structure and identity.The EQUAL operators are de�ned as methods of the ENCORE parameterized type Set, and are5



used to construct queries over sets of ENCORE objects. All queries are strongly typed, and can bestatically type-checked. The result of any query is a new database object that is an instance of aparameterized type. This means that we can build alternative paths to the same object, and alsothat we might build objects that are considered to be duplicates. However, our algebra does notbuild recursive objects since we do not want to consider the optimization of such queries at thistime.We speci�cally chose to express queries in an algebra because of the potential for an optimizer touse rewrite rules to manipulate the ordering of operations. However, in order to de�ne rewrite rulesfor operations that create new objects, it is �rst necessary to de�ne what is meant by equivalenceof query expressions. We de�ne three di�erent meanings for equivalence in the presence of object-creating operations, and for each kind of equivalence we give some transformation rules for EQUALexpressions. We also give, in Appendix A, an inventory of rules that satisfy the most restrictiveform of equivalence.The major portion of this thesis is devoted to query optimization. The original intention ofour research was to provide speci�c strategies for addressing common optimization problems in theobject-oriented model. However, as we examined other work in this area we came to believe that theoptimization problems are not going to be solved by a single, all-encompassing strategy. Thus, wechose instead to develop an architecture for query optimization that can integrate di�erent strategiesand be extended with new strategies for optimization as they are developed. This architecture wasdeveloped under the assumption that we are processing queries in a centralized database system.We believe the optimizer architecture could be applied to distributed query optimization, but havenot yet explored that area.Strategies for query optimization can be based on heuristics or on a cost model. They candescribe manipulations on a high-level language (such as EQUAL) or on access methods and queryexecution plans. The Epoq architecture presented in this thesis integrates all of these approachesby encapsulating speci�c approaches as optimizer modules. We de�ne a standard interface formodules and a control that can determine a sequence of executions of di�erent modules. Theinterface describes the I/O characteristics of a strategy, and hides the de�nition and execution ofany particular optimization strategy. The control, in accessing a strategy through the interface,treats each strategy as a single query transformation. We thus reduce the control problem to thatof determining a sequence of query transformations. We propose a solution to this problem that isbased on planning [40].The architecture is supported by an internal representation for queries which we de�ne as anannotated operator graph. Nodes in the graph represent objects, query operations, and arbitrarymethods over objects, and arcs represent relationships between the data and functions in the query(i.e., operations and methods). This particular representation is suggested for optimizers built usingthe Epoq architecture because of its ability to represent general algebraic operations and becauseof its extensibility. However, an optimizer could be built using an alternative representation, andparticular strategy modules can encapsulate their own representations if desired.We assume the existence of a cost model with cost functions that can operate over the annotatedoperator graph, but the development of a particular cost model is not part of this work. We showwhere the cost model �ts within the architecture so that results of future research in cost modelscan be incorporated into an Epoq optimizer.Epoq is not itself an optimizer, but is an architecture describing the required components of anobject-oriented query optimizer and specifying how they interact. Although we give an example ofan optimizer built within this architecture, the example is intended to serve only as an illustrationof the capabilities of the architecture and not as a �nished proposal for a complete object-orientedquery optimizer. The development of other such optimizers would bene�t from a good design6



methodology. Such a design methodology is beyond the scope of this thesis.1.3 ContributionsThe major contributions of this thesis are the EQUAL object-oriented query algebra, an extensibleinternal representation for queries, a novel approach to extensibility in query optimization, and anarchitecture that embodies this approach. We discuss each of these contributions, and ancillarycontributions, in the following subsections.1.3.1 The EQUAL algebraThe Encore query algebra [133, 134] contributes to our understanding of how support for object-oriented modelling concepts a�ects the operations required for querying within the model. Inparticular, EQUAL addresses problems associated with accessing objects described by abstractdata types, and with accessing objects with identity and creating new objects. The algebra cansimulate complex objects by describing complex structures using abstract data types. In this wayit cleanly combines access and creation of complex structures with manipulation of objects havingabstract data types. The algebra is also one of the few languages that builds new objects as theresult of a query.We have developed a number of equational axioms describing how di�erent algebraic operationsare related (see Appendix A). These rules describe transformations of EQUAL query expressionsto give equivalent expressions. In most systems, equivalence of query expressions under rewritecan be based on equality of data values. However, the presence of object-creating operations inEQUAL means that equivalence of query expressions must consider object identity. A contributionof this thesis is a theory of equivalence for query expressions involving object-building operations[132].1.3.2 Annotated Query RepresentationThe annotated query representation generalizes previous representations by providing for the uni-form representation of query operations, database objects, query predicates, and methods overobjects. This allows us to completely represent the structure of queries nested as parameters toother queries. As a result, we can perform transformations on query predicates that contain sub-queries. To our knowledge, no other proposed representation for queries provides for the explicitrepresentation of subqueries within predicates.The representation consists of data nodes, function nodes, and arcs relating these. Each compo-nent type can be annotated with information about the query that can be used by transformationrules or other processing strategies. For example, annotations might be de�ned on data nodes tostore information about query costs, and annotations might be de�ned on function nodes to indi-cate how the function a�ects cost. The information can be used to compute and compare costs,and can be updated if necessary, when transforming a query.The collection of annotations for any component of the representation is de�ned by a systemimplementor, and can be extended to incorporate new annotations. The extensibility of the col-lections of annotations naturally supports other extensions to the query processing system, and isnot provided by other proposed representations. 7



1.3.3 Approach to ExtensibilityOur approach to extensibility in query optimization is a primary contribution of this work. Weexpand the meaning of extensibility to include extending the collection of optimization strategiesthat can be applied to transform a query expression. Current extensible optimizers concentrate onextending the sets of operators, transformation rules, and database access methods. They providea single set of transformation rules (to which new rules can be added) and a �xed control strategyfor manipulation of query expressions according to those rules.The Epoq approach to extensibility results in the ability to integrate many diverse strategies forprocessing queries [108]. These strategies are captured in modules called regions which encapsulatetheir implementation. At the interface, then, a region (i.e. strategy) can be viewed simply as anequivalence transformation over query expressions. This observation leads to a formalization of thequery optimization problem and the Epoq approach.1.3.4 The Epoq architectureThe Epoq architecture embodies our approach to extensible query optimization. In an Epoq opti-mizer, query transformation is performed by a set of concurrently available region modules, eachwith its own strategy for manipulating query expressions. Di�erent regions will often accomplishdi�erent query transformation tasks, but regions may also represent di�erent strategies for ac-complishing the same task in di�erent ways. The architecture integrates these regions through acommon interface for modules and a global control that combines the actions of the modules toprocess any given query.The region modules are organized hierarchically, with a parent region controlling its subordinateregions as a collection of transformations. The characteristics of a query determine the order inwhich subordinate regions will be applied to process the query. Subordinate regions may controlother subordinates, and may be arbitrary strategies for processing queries. For example, a subor-dinate region could be a foreign optimizer module integrated using the common Epoq interface. Inthis way Epoq can incorporate pre-existing optimization software with regions speci�cally built forthe Epoq system.This thesis presents the �rst de�nition, of which we're aware, of the control problem for ex-tensible query optimizers (Section 5.1.3). We address the control problem with an extensible,planning-based control [105]. This control plans a sequence of region executions to process a queryexpression. The control is a goal-directed planner that intermingles planning with the execution ofquery transformations, and uses execution results to direct further planning of optimizer process-ing. The plans are generated from descriptions in a rule-based language of our own design. Rulesdescribe heuristics for potentially good interactions between regions.Epoq was motivated by a need to address extensibility in the design of object-oriented queryoptimizers, but we believe that it has more general utility. The architecture and control of Epoqincrease the range over which any optimizer might be extended.1.4 Outline of ThesisChapter 2 provides a background history of database query models and languages, and looks indetail at current work in optimization in extensible and object-oriented systems. The knowledgeablereader may omit this chapter, and perhaps refer back for comparisons while reading later chaptersof the thesis. 8



We introduce Chapter 3 with a review of the ENCORE data model. We then present EQUALand discuss how it supports the features of the ENCORE model. We conclude the chapter with adiscussion of query transformation, and the presentation of a formal theory for query equivalence.Additional transformations for EQUAL are catalogued in Appendix A.We then turn our attention to query optimization. Our approach to optimization is motivatedby our identi�cation of a variety of problems encountered when trying to transform queries. InChapter 4 we discuss some of the problems encountered when trying to optimize queries expressedover an object-oriented model. These problems are categorized by modelling feature. Althoughthe problems presented are incurred through the use of the ENCORE model and EQUAL algebra,most of them apply to other database models and languages supporting the same features.In Chapter 5 we introduce Epoq, our strategy extensible approach to query optimization. Wecompare our approach to other approaches to extensibility and give a detailed example of a queryprocessed using the Epoq approach. We give a formal basis for our approach in Section 5.4.The Epoq architecture is described in detail in Chapter 6. We give an architecture for regionsthat includes speci�cations for a region interface and control. A large portion of this chapteris dedicated to the problem of controlling the execution of the optimizer. We present a controlarchitecture, and describe a speci�c control based on planning. We describe a rule language forspecifying plans, and an execution model for that language.In Chapter 7 we present an extensible, annotated representation for query expressions that canbe used by an Epoq optimizer. We describe the representation, present a structure for annotatingthe representation, and suggest some annotations that are useful for describing the semantics ofEQUAL queries. We give an execution model for the representation, and present algorithms forbuilding and annotating the representation.The Epoq architecture is illustrated with the development of an example optimizer in Chapter 8.We give a design for a simple optimizer that can combine a number of di�erent strategies to rewriteEQUAL queries. We illustrate the extensibility of our approach by adding two new strategies tothe optimizer.Finally, in Chapter 9 we summarize the scope and contributions of this thesis, and discuss anumber of ideas for future research that will complement and expand on the research presentedhere.
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Chapter 2Query Processing: Some BackgroundObject-oriented database models have aspects in common with relational and network databasemodels, complex object models, and semantic data models. In this chapter we present an overviewof database models and query languages, and review optimization results for these models. InSection 2.1 we review the relational model and languages, and complex object models and languages.We then look in detail at the models for some object-oriented database systems. This gives usbackground for discussing the ENCORE model and EQUAL query algebra in Chapter 3.Much of the current work in query optimization for object-oriented databases is based onoptimization results for relational and extensible databases. We review query optimization forrelational systems in Section 2.2, looking in particular at System R [7] and Ingres [139] as canonicalexamples.The Epoq approach to optimization, presented in Chapters 5 and 6, is a new approach toextensible query optimization for an object-oriented system. Thus, it is useful to review currentresearch in extensible, as well as object-oriented, optimization. In Section 2.3 we look in detail atsome extensible systems and optimizers. Then, in Section 2.4 we examine current techniques foroptimization in object-oriented systems and the optimizers proposed for some of these systems.The survey in this chapter is brief and is designed to point out aspects of previous researchthat might a�ect the reader's understanding of the research in this thesis. A comprehensive surveyof query optimization in centralized, relational databases can be found in Jarke and Koch [74].Additional information on research in relational, extensible, and object-oriented optimization canbe found in Graefe's 1989 optimization workshop proceedings [55] and in parts of his survey onoptimization techniques for large databases [57].2.1 Database Models and LanguagesA database model is essentially a type system for databases. It provides the components formodelling database applications. As a result, the database model determines how an applicationcan be logically presented.2.1.1 The Relational ModelThe relational data model is based on the mathematical notion of relations [33]. The (normalized)relations in the database are �nite sets of tuples of the same kind, where each tuple containsprimitive values. This provides a simple, uniform model of data which facilitates optimization, butalso limits the modelling ability. The relationships that can be expressed in the model are limitedto the domains themselves, relating tuples by putting them in the same relation, and relating values11



by putting them in the same tuple. Most of the semantics of a database are captured in the datavalues. For example, the existence of tuples in a relation can be restricted by keys { values fora �eld or �elds of tuples that cannot be duplicated in the relation. Also, when two columns indi�erent relations are drawn from the same domain, the values in those columns can be used tocompute relationships.Codd de�ned an algebra and calculus (�rst order logic) for querying relations, and showed thatthey are equivalent [33]. These languages query over relations, and return relations. Details canbe found in any elementary database textbook (e.g. [37], [149]).The relational calculus forms the basis for declarative user-level query languages such as SQL[7] and QUEL [139]. These languages are declarative in the sense that the result of a query isdescribed, but the operations that must be executed to achieve the result are not made explicit bythe query. For example, the SQL-like query \Select p.name From p in People Where p.age >15" describes the result as a relation of names of people over age 15, but does not give a procedurefor achieving this result. Indeed, a procedure for achieving the result is what is produced by aquery optimizer.User-level relational languages are usually extended with operations for data manipulation (e.g.,update, delete, aggregate manipulation). Relational languages have also been extended with theability to apply transitive closure, but we shall not consider such languages here. For a survey ofthe power of such extensions to the relational algebra see [26].The requirement that relations be normalized (i.e. tuple �eld values be primitive) is easedin the non-�rst normal form relational model [47, 63, 100, 114, 124]. This model provides morenatural modelling of one to many relationships by allowing �elds of tuples to be relations. Algebrasfor this model include the standard relational operators as well as operations for the resultingnested structures. For example, Jaeschke and Schek [73] de�ne the operators Nest and UnNest, tochange normalized relations to nested relations and vice versa. Variations on this model includethe addition of ordered lists as a type [35] and requirements for tuple keys [2, 127].More recently, extensions to the relational model include the ability to de�ne abstract data types[67, 128, 140]. In extended relational systems �elds of tuples may contain objects with abstracttypes. The abstract types are primitive types in the system thus, although they provide a richermodelling capability for �elds of a tuple, the semantics of the database are still based on sets, tuplesand the values of the typed �elds.2.1.2 Complex Object ModelsComplex object models further extend non-�rst normal form relational models by allowing com-binations of sets and tuples in any order. Complex object systems sometimes support additionaltypes, such as lists or arrays [151], and some models allow the de�nition of recursive types bysupporting object identity [5].A number of languages have been proposed for complex object models (e.g. [1], [5], [11], [69],[103], [151]). Most languages are similar in power. One di�erence in power is whether or not alanguage de�nes a Powerset1 operation. Languages with Powerset are strictly more powerful thanthe same language without the operation [1]. Another di�erence is the treatment (when applicableto the model), of object identity. Abiteboul and Kanellakis, for example, can produce recursiveobjects as the result of a query [5].Languages for complex object models require, at least, operations for manipulation of thecomplex structures. For example, a Set Collapse operator (such as [1] or [151]) takes a set (ofsets) and returns the union of the set members. A similar operation can be de�ned for sets of1Powerset creates a set of all subsets of the input set.12



single-column tuples [4]. Other kinds of manipulations include building sets and tuples from singleobjects, grouping elements of a set into equivalence classes, and eliminating duplicates.The de�nition of Cartesian product (or join) is somewhat complicated by the complex structureof objects. The product can be de�ned, similarly to the relational algebra operation, over sets oftuples (e.g. [4]). An alternative de�nition for product builds tuples containing one �eld for eachset involved in the product (e.g. [1]). This allows for the product to be de�ned over sets of anytype of object.The discussion here has been brief, and has highlighted only those features of complex objectmodels that are useful for comparison with object-oriented models. For a more complete survey ofmodels and languages for complex objects see [4] and [70].2.1.3 O-O ModelsObject-oriented database models incorporate features of relational and complex object models aswell as semantic data models (e.g. [3], [65], [71], [136]) and object-oriented programming languages(e.g. [53], [95]). Although there is no consensus on the de�nition of an object-oriented database,most agree that such databases must support modelling features including complex structures,abstract data types, encapsulation, object identity, subtyping, and late-binding of methods [8].Abstract data types and encapsulation provide the ability to model the behavior as well as thestructure of data. These abstraction capabilities also separate the logical view of the data from theimplementation of this view.Subtyping is a relationship between types; when two types are related through subtyping, thestructure and behavior of objects of those types are also related. As a result, objects of one type canbe treated, in some cases, as objects of a related type. This induces the requirement for late-bindingof methods; a method de�ned for a type may be shared or rede�ned in related types, and thus theexact method to be used is not known until the type of an object is determined at execution time.In an object-oriented database model, an object has an identity that is independent of its state.This identity is similar to a key, in that it uniquely identi�es an object. It di�ers from a key inthat it is not a value that is accessible to a database user, but at the logical level is a conceptualvalue that is maintained by the database system. Some extended relational models simulate thisidentity by de�ning �elds containing unique identi�ers (often called oids) or keys [88, 125].Object identity allows sharing of objects; this sharing is maintained by the database and can bedenoted and queried by a database user. For example, in an object-oriented database if two peoplework in the same department they can actually share a department object. In other databasesystems such sharing is accomplished by assigning an id to the department and assigning bothpeople the same department id.Most object-oriented database systems support both values and objects with identity. Valuesare immutable and cannot be shared. For example, integers, real numbers and strings are all values.An integer cannot be modi�ed, although the memory where an integer is stored can be modi�edby assigning a new integer. One problem that arises in systems supporting both objects and valuesis the de�nition of types for the di�erent kinds of entities. For example, set values are immutablecollections while set objects are mutable. Mixing immutable values and mutable objects is a currentarea of research [39, 94].The relationships that can be de�ned in an object-oriented model di�er depending on thetype system of the model. All models allow the de�nition of component relationships; an objector set of objects is de�ned as being part of another object, e.g., an engine is part of a car. Suchrelationships may be also modelled as ownership relationships { making implications about existence(an engine would not exist if the car did not exist). Many models allow the de�nition of classi�cation13



relationships. For example, a set of Blue Cars is a classi�cation of the set of Cars. Interestingcomparison points between models are the relationships that are primitive to the model and theability (or lack of it) to describe new kinds of relationships. ENCORE, for example, provides a fewprimitive relationships with the ability to de�ne arbitrary new kinds of relationships.Another comparison point for object-oriented database systems is the support for sets, or othersuch collections. A system may explicitly, or implicitly, maintain extents for all de�ned types, ormay require sets to be explicitly declared or built. Sets may or may not be objects (i.e. shareable),and may or may not be automatically persistent. In some systems, an extent will contain onlymembers of the exact type, while in others extents may also include members of subtypes. Thechoices made will a�ect the way queries can be expressed.Although most object-oriented databases contain, in name, many of the same features, theydi�er in the ways the features are de�ned, the way they are combined, and in the strength ofsupport for di�erent features. In the remainder of this section we quickly review the data models andlanguages for GemStone [98, 99], O2 [9] and Orion [12]. These models give us a point of comparisonfor our discussion in Chapter 3 of the ENCORE model, as well as background information for ourdiscussion in Chapter 4 of problems related to query optimization.GemStoneGemStone [98, 99], developed at Servio Logic, is an early (and still current) example of an object-oriented database system implementation. The system is based on Smalltalk-80 [53], and addstyping and support for queries to the Smalltalk data model. Objects in GemStone have uniqueidentities, respond to messages, and have a structure de�ned by a set of typed instance variables.Objects with the same structure and methods are grouped in classes. The classes capture thebehavior of like objects, and are said to encapsulate that behavior. Although classes are similar toabstract data types, they do not provide data abstraction since the instance variables expose thephysical structure of objects.The classes are organized in a class hierarchy. Each object is an instance of a single class, butmay also respond to messages de�ned for a superclass.The OPAL language is a computationally complete database programming language that alsoprovides the data de�nition and manipulation capabilities for the database system. A query is aselect: message that can be sent to a set object along with a single argument that describes theselection condition. Path indexes de�ned over collections of objects can be used to provide moree�cient query access [97].O2The O2 model supports two kinds of entities: values and objects. Complex structures are de�nedas types and abstract data types are de�ned as classes (see [77], [92], and [93]). Instances of a typeare values in the database and instances of classes are objects with identity.Classes have a type, which describes the structure of their instances, and associated methodswhich de�ne manipulations that can be performed on objects of the class. The structure andmethod implementations may or may not be hidden at the logical level. A class hierarchy describessubtyping relationships between classes.Extents for types or classes must be explicitly declared and named, and any named entity maybe queried. A declarative query language [10], query algebra [32], and rule-based query language[5] have been de�ned for this model. The declarative language and algebra work with both objects14



and values, and build only values as query results. The rule-based language, on the other hand, isunique in its use and manipulation of object identities.OrionIn the Orion model [84] a class is a collection of objects sharing the same attributes and methods.The values of attributes of an object make up the object's state, and can be themselves objects,leading to the ability to build complex structures. The component relationships are de�ned in aclass-composition hierarchy in this model. This hierarchy is essentially a description of complex treestructures involving objects with identity. A subtyping hierarchy can also be de�ned with subclassesderived from superclasses through the inheritance of attributes and methods. The component andsubtyping relationships are the only two object relationships de�ned in this model. A declarativequery language, which allows queries over a single class and the class-composition hierarchy forthat class, has been implemented for the model [13].2.2 Relational Query OptimizationQuery optimization was important to the success of the relational model, and much of the currentwork in query optimization for extensible and object-oriented systems is based on relational queryprocessing results. Two of the most well-known query optimizers are the early optimizers for SystemR and INGRES, so we examine these optimizers in this section.2.2.1 System RSystem R is a relational database prototype developed at IBM San Jose Research Lab in themid-1970's [7]. The SEQUEL language is provided in the Relational Data Interface and a queryoptimizer for that language is contained in the Relational Data System. The optimizer contains avariety of strategies for manipulating SEQUEL statements to �nd a low-cost means to access datausing access paths provided by a Relational Storage System.The optimizer statically compiles SQL queries into a plan for query execution [130]. Theoptimizer �rst uses a catalog to �nd statistical information about relations and access paths, thendetermines an evaluation order for the blocks in a query. For each block, the optimizer determinesjoin orders and access paths for relations that will result in a low-cost means of executing the block,where cost is based on disk page accesses and CPU instruction cost (comparisons). The result ofoptimization is a parse tree representing the chosen query solution and a plan for executing thestatement.2.2.2 INGRESThe INGRES relational database system and QUEL query language were developed, also in the mid-70s, at the University of Berkeley [139]. The query optimizer for the university version of INGRESwas based on the decomposition of multi-variable queries into single-variable queries [152]. This isdone interactively with query execution using two basic steps; detachment and tuple substitution.In the detachment step the query predicates are examined to �nd smaller queries involving oneor two relations. These smaller queries are detached from the original query to form a series of oneand two-variable queries. This sequence is further decomposed by substituting all tuples from onerelation into one of the two-variable queries to form a number of new queries equal to the numberof tuples in the relation. This substitution choice is based on the estimated cost of the resulting15



query and can take into consideration access paths for relations. It may also involve processing ofsome of the single-variable queries. After tuple substitution, the two steps may be repeated untilthe query is solved.2.2.3 SummaryBoth of these relational optimizers are customized to suit the particular database system and lan-guage used in the system. Most of the optimization strategies employed focus on queries involvingthe Select, Project and Join operators (see [149] for a discussion of the theory upon which suchstrategies are based). Subsequent work in relational optimization looked at extending optimizationto include other operators, for example aggregators [38, 83]. Optimization results have also beenextended to include more expressive models, such as nested [86, 126] and network models [118, 123].The relational optimizers make extensive use of heuristics based on logical query transforma-tion rules, such as commutativity of join and pushing select past join. A rule-based system foroptimizing relational algebra expressions was proposed by Smith and Chang [138]. They use rulesand algorithms for tree transformation that are based on heuristics for the relational model. Forexample, they have rules to move selection and projection to the leaves of a query tree. Much ofthe work in query optimization in extensible and object-oriented systems is based on such rulesabout logical transformations in the query language.2.3 Optimization in Extensible SystemsExtensible systems are an approach to providing more functionality than relational systems. Thesesystems are designed to allow 
exibility in designing database systems for new and di�erent appli-cations. The term extensible refers to the idea that the system can be extended with new processingcapabilities to respond to the requirements of di�erent systems [23]. One approach to providing thisextensibility is to provide a collection of tools that can be used to generate new database systems.A more open approach is to build a database system which can be easily modi�ed to incorporatenew capabilities. In this section we look at a number of extensible systems and optimizers for thosesystems.2.3.1 FoundationsThe earliest example of an extensible database system is Reiss' eris system [116, 117]. The goalof eris is to support new operators at the source level and new architectures, data structures andevaluation techniques at the implementation level. Flexibility in eris is provided through a data-
ow architecture called the \path model". In this model, database computation is represented asa directed data-
ow graph with nodes representing operators and edges representing data paths.The leaves of the graph are accesses to the database, and cost functions are associated with eachoperation. Query optimization involves three stages: 1) normalization of a source expression, 2)translation of the source expression into an e�cient path network, using a dynamic programmingapproach, and 3) transformation of the path network using local optimizations. The extensibilityin this system derives from the ability to model extensions in the path model, and the generalityof the optimization stages.Many subsequent systems use rewrite rules to describe the transformations that can be per-formed to optimize a query expression [45, 54, 115, 137]. Freytag [48] claimed that rules aresu�cient for translating a user query into a query evaluation plan and, to illustrate, showed howaccess paths and join orders in System R optimization could be generated using transformation16



rules. He illustrated an optimizer that successively applied di�erent sets of transformations rules tomanipulate a relational input query. For example, the �rst rules translate a query expression intoan algebraic form. The next sets of rules generate access paths, join orderings, and join methods,in that order.Freytag also outlined a generator for an optimizer. The proposed generator works in two stages.In the �rst stage transformation rules and internal data structures for query representation aretranslated into procedures (in C, for example) that transform query expressions. These proceduresare input, along with a strategy for searching for applicable transformations and a cost function, ina \Combiner" phase which produces a �nal optimizer. Detailed information about the generator,or of resulting optimizers, has not been speci�ed however.2.3.2 EXODUS and VolcanoThe EXODUS database system is a toolkit that allows the speci�cation of a database model andcreation of a complex object database [24]. The toolkit includes an optimizer generator [54, 58]that builds an optimizer for a speci�ed data model. Information describing the data model, queryoperations, access methods, costs, and applicable transformations are provided to the generatorand a rule-based optimizer is produced.Rules in an optimizer are query rewrite rules describing transformations of algebraic operations,or implementation rules describing access methods that can be used to implement a query operation.A generated optimizer applies the given rules to a query tree to �nd a low-cost sequence of operationsfor query execution. The optimizer uses a best-�rst search strategy for rule-application based onthe expected bene�t of applying a rule to a query. The set of applicable rules is restricted bya hill climbing strategy; rules that may generate a higher-cost plan are considered, within somelimits, just in case they might lead to further transformations that improve the plan. All generatedoptimizers have the same control strategy, and di�er only in the application model supported andthe transformation rules for that model. Extensibility is supported through regeneration of anoptimizer with modi�cations to the input description information.The Volcano optimizer generator improves the EXODUS generator through its use of heuristicsand semantics to guide the search for transformations, its ability to learn optimization heuristics,its extensible support for physical properties of data, and its support for 
exible cost models thatcan be used to generate plans for partially speci�ed queries [61]. As in EXODUS, query processingis based on algebraic transformation. However, the internal representation for queries, and thesearch strategies used to �nd transformations, are more e�cient in Volcano. Volcano also includesnew support for operations that encapsulate parallel query execution, thus separating the optimizedparallel query execution from the optimizer architecture [59].2.3.3 StarburstStarburst is an extensible relational database management system that provides modelling exten-sibility through the ability to add data types and operations for those types, storage and accessmethods, and internal processing methods (such as query transformation rules) [64, 128]. Thequery processing portion of the system works on a query represented as a graph, and processes thatquery by �rst parsing the query, rewriting the query using transformation rules, then planning anevaluation strategy for the query [64, 115].The query rewrite stage applies rules with conditions and actions to a query graph [115]. Theserules are written in a procedural language, and can be partitioned into rule sets. The rule enginecan process a set of rules sequentially or in priority order.17



In the execution planning stage, database access operators are constructed from low-level op-erators using grammar-like production rules [96]. The construction of these operators providesextensibility in the strategies that can be produced for accessing the database.2.3.4 POSTGRESPOSTGRES [125, 142, 143] extends the relational model with the addition of abstract data types.Fields of a relation can contain objects having abstract data types, but the only subtyping de�nedin the model is between relations. Extensibility in the model is achieved through the ability to addnew data types to describe �elds of a relation as well as new access methods for those types. Thenew types and methods are de�ned by the user to be similar to types and methods that are alreadyknown by the optimizer, and are treated by the optimizer in the same manner as the known types.Optimization of queries in this model assumes knowledge about the representation of an abstractdata type and requires providing selectivity and cost information for operators [140].2.3.5 GENESISGENESIS di�ers from the previously described systems in that it is designed to support storagearchitectures for specialized applications, and not necessarily extensibility in the data model [14].The system allows a database system to be customized by composing a set of previously de�nedmodules into a new database system. The extensibility in the system is provided by the abilityto pick and choose modules for each layer of the system and to de�ne new modules for di�erentsystem layers. This architecture requires that a query processing algorithm be decomposed intolayers, each of which performs some kind of transformation of a query.2.3.6 SummaryThe extensible systems presented here are designed to respond to changes in the data types, op-erations, and access methods that are supported in a database system. In general, extensibility inoptimizers for these systems is supported by the ability to describe new operations to the optimizer.These operations can be similar to existing operations and thus be supported by the optimizer'sexisting processing, or may require additions to the optimizer's processing. Such additions areusually supported by the use of transformation rules by an optimizer, and the addition of new rulesto manipulate the new operations. The kinds of rules used to describe query transformations, andthe control over execution of those rules, di�er in all systems [45, 54, 115, 137].Some systems also recognize a need to support new strategies for optimization; i.e. extensibilityof the optimization process itself. This is the motivation behind Epoq, presented in Chapter 5.Other approaches to providing this same kind of extensibility [89, 129] are discussed in Section 5.1where they can be compared with our approach.2.4 Object-Oriented Query OptimizationOptimization techniques and results in relational and extensible databases form the basis for cur-rent research in object-oriented query optimization. In this section we �rst look at some particulartechniques proposed for dealing with individual problems in o-o query optimization. We then lookat some object-oriented query optimization systems. In particular, we will examine the optimiza-tion approach of Cluet and Delobel [29, 31], an architecture proposed by Kemper, Moerkotte andPeithner [81], and the query processing system of Straube and �Ozsu [144, 146].18



2.4.1 Optimization TechniquesMuch of the work in o-o query optimization techniques is devoted to �nding e�cient ways toaccess information referred to by a path expression. Path expressions imply a navigation from oneobject, through others, to a result. Research has explored the de�nition of indexes to speed theaccess through a path, clustering techniques that can be used to reduce storage accesses to retrieveportions of paths, and manipulation of the path expression itself to �nd alternatives to navigation.IndexingAn early example of the use of indexing is in the Gemstone system [99]. In this system, pathsfollow a sequence of instance variables which are part of the structure (i.e. not behavior) of objects.Indexes are de�ned for each link in a path, and can be based on object identi�ers or on values ofthe instance variables [97]. Indexes are implemented in B+ trees, and lookup of a path involvessearch through a sequence of trees.Bertino and Kim [22] call the GemStone style index a multi-index. Their work describes twoother kinds of indexes for paths. A nested index uses a single index entry to denote the entirelength of a path. As a result, one index access can �nd the beginning of a path given its endpoint.This is only useful when path uses can be predicted, though, and can be expensive to maintain. Analternative index method, the path index, associates the end of a path with all su�xes of the pathin a single index entry. As a result, index manipulations involving subpaths can be performed.The access support relations of Kemper and Moerkotte [79] are relations that store informationthat is equivalent to path indexes. Each column in a tuple represents a step in a path, and �eldsof a tuple contain object identi�ers or data values. Using relations to store the paths generalizespath indexes to allow paths to traverse through sets. In addition, rewrite rules for relations can beused to manipulate the indexes during query optimization [80].The ObjectStore system allows the de�nition of indexes that are similar to path indexes [111].They also have to contend with indexing collections that are not necessarily the extents of types.2Their optimizer generates code alternatives, and execution of a query determines whether an alter-native that uses indexes is applicable.For a more complete exposition and comparison of indexing techniques for object-orienteddatabases see Bertino's survey [19].ClusteringAnother approach that is used to speed access to paths is clustering of objects. Early work on object-based clustering strategies [68, 99] physically placed objects in clusters, or segments, according tospeci�cations by an implementor. The implementor would use knowledge about which objectswould be used together to ensure they would be stored and retrieved together.Other work in clustering looks at grouping objects logically using information about the object'sstructural (component) relationships or also inheritance relationships [16, 25, 131]. Recent researchalso addresses the dynamic re-organization of object clusters as structural object relationshipschange [27]. Related research dynamically determines prefetch units using pattern access histories[113].Cluet and Delobel [31] use clustering and index information to limit the search for equivalentqueries during query rewrite. Lanzelotte et al. [91] represent clustering and index information2The model of Bertino and Kim [22] assumes all collections are the extents of types. Indexing collections, asopposed to extents, is also discussed in GemStone [97]. 19



in their physical database model, but then only use index information in the representation andmanipulation of queries over that model.Manipulating Path ExpressionsAnother approach to �nding e�cient ways to traverse paths is to transform the path navigationinto join operations. This is the approach of Kemper and Moerkotte with their access supportrelations discussed earlier [79], and is also the approach taken in the Adaplex optimizer [118] andin distributed Orion [75]. In the latter, a path is represented as connections between sets of objects(classes) in a query graph. These graphs are manipulated to �nd e�cient traversals (forward andreverse), with access techniques such as indexes, or merge-joins, applied to the traversals.In the Adaplex optimizer, query graphs represent nested loop accesses, quanti�ers, some arith-metic expressions, and disjunctions, as well as a paths (i.e., function composition) [118]. A pathis represented in a graph by connections (between sets) that represent di�erent kinds of join op-erations (e.g., cross product, natural join, outerjoin). As a result, paths are manipulated by theoptimizer along with the other query constructs.Lanzelotte et al. [91] propose an optimization approach that considers select and join operations,as well as path expressions. They map a conceptual view of a query to a processing tree whichrepresents a more physical view of the query. In the tree, leaf nodes are physical database sets(or subsets) and interior nodes represent joins that are explicit (i.e., a join predicate is given),implicit (i.e. a path from an object to an attribute of the object), or implicit with a path index.Their optimizer manipulates the processing tree by applying tree transformation rules. Thesetransformations can be applied using deterministic search strategies based on the cost of the query.The transformations can result in path traversals that can start from any point in the path (not justendpoints) and can be interleaved with other query operations. This work is extended to handlerecursive queries in [90].Algebraic RewriteA number of proposals have been made for o-o optimization based on the algebraic rewrite ofquery expressions [15, 45, 49, 80, 112, 145, 155]. For example, Beeri and Kornatzky [15] providean extensive set of rules for bulk data types that generalize existing axioms for object-orientedalgebras, and assume the use of an extensible rule-based optimizer for processing the rules on aquery.Finance and Gardarin [45] present a rule language for specifying query rewrites that allowswriting rules describing both syntactic and semantic transformations. They also have a meta-rulelanguage that allows an implementor to de�ne blocks of rules, iteration over blocks, and sequencesof rules. The meta-rules help de�ne which rules should be applied at any point, and thereforesimplify the rule search strategy.Optimizing with MethodsA recognized di�culty in applying query transformations is the problem of manipulating expres-sions containing references to arbitrary methods. Systems in which methods are written in thequery language (e.g., [142]) can optimize the method code as a nested query. However, query lan-guages in object-oriented databases can access arbitrary methods de�ned for abstract data types;these methods may be written in languages not recognized by a query optimizer. The costs asso-ciated with the application of arbitrary methods need to be considered when manipulating queryexpressions to determine database access strategies.20



Graefe and Ward [62] address this problem by statically generating query evaluation plans withalternatives. Information available about objects is used at execution time to choose among thealternatives and generate a �nal evaluation plan. More recently, Ioannidis et al. address the problemof parametric query optimization [72].The Revelation architecture describes an optimizer in which methods \reveal" informationabout their execution [36, 60]. The revealed information is used to expand the nodes of a querytree with execution information. The query tree, when fully expanded, could be input to a rule-based optimizer such as one generated by Volcano [61].Bertino proposes to precompute the results of methods, and store those results using an index[20]. A method over an object O can be written in an arbitrary language, but cannot have inputparameters (other than O), cannot have side-e�ects, and must only use primitive properties ofO (i.e., properties whose values are stored as part of O). These requirements are placed to allowthe system to detect when a precomputed method is invalidated. Precomputed results, when stillvalid, are retrieved using the index. Invalidated results require the method be computed at queryexecution time.A similar approach is taken by Kemper, Kilger and Moerkotte [78]. In this system, precomputedfunction results are stored in relations (called materialized functions) along with validity 
agsfor the data, and information about the objects contributing to a function result is maintained.The properties of types, encapsulation and object identity are used to minimize the amount ofrecalculation that is done when objects are updated. This approach to update management allowsthe system to handle arbitrary functions.2.4.2 Some O-O Optimization SystemsCluet and DelobelCluet and Delobel propose a formalism that provides for the integration of type-based path pro-cessing (e.g. [75]) with algebraic query rewrite [29, 31]. They present a model in which typeinformation is added to a query to provide additional information for rewrite rules. The typedquery can be represented as a query graph in which nodes represent sets and variables referencedin the query and are annotated with type information, and directed arcs represent operations. Thisgraph is augmented with clustering and index information, and complemented by graphs of joinand selection predicates for the query. The result is a model that integrates rewrite techniques forpaths, algebraic query rewrite and common subexpression factorization, and also uses clusteringand index information to reduce the search space for query transformations.Straube and �OzsuStraube and �Ozsu apply relational techniques to produce a methodology for object-oriented queryprocessing [144, 146]. Their system takes a declarative o-o query to an access plan through thefollowing series of steps: calculus-based optimization, the transformation of calculus-based queriesto algebraic form, type-checking of algebraic expressions, the application of algebraic transformationaxioms, and the generation of access plans for the algebraic operations. They de�ne a query calculusand an algebra that have only object-preserving operations; they cannot create new objects inresponse to queries.The type-checking phase of optimization determines type consistency when query results areinput to further queries. The optimizer can infer the types that result from a query application inorder to ensure that further queries are well-typed.21



They de�ne syntactic and semantic rewrite rules for the object algebra which can be appliedby a rule-based transformation system. The application of these rules uses heuristics to produce aquery expression that can be used to generate an access plan.Blackboard ArchitectureKemper, Moerkotte and Peithner recently proposed a blackboard architecture that presents a novelapproach to the generation of access plans in a query optimizer [81]. The architecture is designed tobe extensible, specializable, predictable, and tunable. Their systems generates an optimized queryby processing a query in steps, where each step adds a piece to the plan.The optimizer is organized as a ladder of regions on a blackboard. Between each successivepair of regions a knowledge source manipulates a query to move it from the lower region to thenext higher region. There may be more than one knowledge source between any two regions, andany knowledge source can choose any query in the lower region to process. The processing of aknowledge source moves a query one region, but can access any of the information on the blackboardto provide additional information for its processing. All items in all regions have cost informationwhich is used to assist the knowledge sources in their task.Using this architecture, a query plan is generated in a �xed sequence of steps (from region 0 toregion n) which can only be altered by a knowledge source that can move a query to a lower regionwithout altering it.3 The extensibility in this optimizer comes from the ability to add additionalknowledge sources between any two regions (although the control that decides between them is notspeci�ed) and the ability to add new regions. The latter extensibility would require a completereworking of the optimization process though, since each region represents a di�erent query form.2.5 SummaryObject-oriented database models have aspects in common with relational and network databasemodels, extensible data models, complex object models, and semantic data models. Much of thecurrent work in query optimization in the object-oriented model has been based on optimizationresults for relational and extensible databases.In this chapter we reviewed these models and some of their languages, and discussed workin relational, extensible, and object-oriented query optimization. Relational query optimizers arecustomized for a particular system and can exploit the �xed structure and semantics of the relationalsystem. Extensible optimizers try to generalize the optimization process to respond to changes inthe data types, operations, and access methods that are supported in a database system.Much of the research in object-oriented query optimization addresses single problems that arespeci�c to object-oriented databases. We looked in particular at approaches to �nding e�cient waysto traverse paths, and approaches to dealing with arbitrary methods in queries. We also reviewedsome of the optimizers proposed for object-oriented systems.In general, the approaches and optimizers reviewed in this chapter are proposed to deal with asingle problem or work in a single, �xed way to solve more general problems. However, the di�erentproblems that are encountered, and di�erent approaches to solving these problems, indicate aneed for a query optimizer that can integrate many di�erent optimization strategies. This is themotivation behind the Epoq approach to query optimization presented in this thesis.3The ability to move a query to a lower-numbered region gives iteration in plan generation.22



Chapter 3A Data Model and Query AlgebraA data model and query algebra are major components of the query processing framework describedin Chapter 1. The features of the model must be supported by all components of the framework,and the characteristics of the algebra determine the transformations that can be performed onquery expressions.In this chapter we review the ENCORE object-oriented data model, and present the EQUALquery algebra for that model.1 The data model [157] is an early object-oriented database modelbased on persistent objects described by abstract data types. EQUAL is a query algebra designedto support the modelling features of ENCORE. As a result, EQUAL is the �rst query algebra forobject-oriented database systems to be completely consistent with data abstraction, and one of thefew to propose operations for the creation and manipulation of objects with identity.The ENCORE model incorporates, through data abstraction and object identity, fundamentalcharacteristics of most other object-oriented database models. Thus, results for this model, andother components of the query processing system based on the model, could be applied to otherobject-oriented database models. The EQUAL algebra, through its support for the ENCOREfeatures, is also general enough to be used as a target language for high-level, non-recursive, object-oriented languages (e.g., [29]).In the next section we review the ENCORE data model and discuss, in particular, support forabstraction and object identity. The EQUAL algebra is presented in Section 3.2, along with someexamples of its use. A major reason for incorporating an algebra, as opposed to a more declarativelanguage, into a query processing system is that algebras are generally conducive to optimizationsto �nd equivalent expressions that can be more e�ciently executed. In Section 3.3 we discusstransformation of EQUAL expressions and present a theory for equivalence of transformed results.3.1 The ENCORE Data ModelThe ENCORE model is based primarily on data abstraction. An ENCORE type is an atomic type(Int, String, Boolean, etc.) or an abstract data type. An instance of a type is an object.Abstract data types describe an interface and an implementation for instances of the type [95].The interface is a logical description of access to instances of the type; it describes methods thatcan be applied to objects. The implementation describes a physical representation for instances ofthe type and includes implementations for methods described by the interface.1Originally, ENCORE stood for Extensible and Natural Common Object REsource. After years of use, though,the name is no longer considered to be an acronym. EQUAL is the Encore QUery ALgebra.23



Abstract data types and encapsulation are synonymous in this model. Objects are encapsulatedsince all access is through the interface, and the representation of the data and implementation ofthe methods is hidden. A query is concerned with the interface of a type. However, processing ofa query may need to consider the implementation.Every object in ENCORE has a unique identity that is independent of the state of the object.An object may also have a name that can be used by an application to reference the object. Forexample, a set of objects of type Person might be assigned the name People.Object identity gives the ability to implement shared reference. For example, suppose a methodMx applied to an object x returns an object of type T, and method My applied to object y returnsan object of the same type. The two methods could return the same object, indicating that x andy share the object through their M methods.It is important to note that the methods return objects, and cannot return object identi�ers.Although object identity could be implemented by a system-supplied object identi�er, there are,conceptually, no identi�ers in ENCORE. Methods return objects, and an ENCORE object can onlybe accessed through methods de�ned for its type.3.1.1 Abstract Data Types and SubtypesThe ENCORE type system is based on abstract data types. Type Type describes abstract datatypes; its instances are abstract data type de�nitions. Types are related to each other through sub-typing. Subtyping requirements ensure that instances of a subtype can be substituted as instancesof a supertype (substitutability principle [153]). The subtype mechanism is designed to supportstrong static typing when the ENCORE type system is embedded in a compiled programminglanguage.All types are subtypes of type Object. This means that all types, and instances of types, areobjects with unique identities.The interface described by a type includes a Name for the type, a collection of Supertypes forthe type, a collection of Properties and a collection of Operations. Type equivalence is by name.Any type S can have multiple supertypes T1,. . .,Tn. S is said to be a subtype of any of the Ti's.(S is also a subtype of itself.) S inherits all of the operations and properties de�ned for each of theTi, and can de�ne new properties and operations. Name con
icts are resolved manually.Properties in ENCORE re
ect the abstract state of an object. Operations are arbitrary methodsthat can be applied to an object. Both are objects; i.e. they are instances of a property or operationtype, respectively.Modelling properties as objects provides a high degree of modelling accuracy, since a propertycan have properties of its own. For example, suppose a type Person has a \Works for" property.The Works for property type could de�ne a property \Hire date" whose value will record the datethe Works for property becomes e�ective for the person. This models the relationships between theperson, employer and hiring date more accurately than de�ning Hire date as a property of person,since the date is really a descriptor of the Works for relationship, not of the person.Type Property is the root of a subtype hierarchy for property types. It de�nes a specialobserver method Get Property Value which is inherited by all property types (i.e., its subtypes).This method, when applied to an instance of a property type returns the value of that object.Property types are used to de�ne relationships between objects that can be queried. All typessupport a method Get Property that takes an object O and a property name, and returns thecorrect property object for O. This method, combined with the Get Property Value method ofproperties, retrieves information about the state of object relationships.For example, if p is an object of type Person, and Person is de�ned as having a \Name" property,24



then Get Property(p,Name) returns the property object for person p. Thus, the value of the Nameproperty for p is obtained using Get Property Value(Get Property(p,Name)).Property types support the de�nition of new kinds of relationships in the model. Type Propertyde�nes a read-only relationship. A subtype of type Property might be an updatable property, forexample, with additionally a Set Property Value method.Most properties we use for illustration are one-to-one relationships.2 We abbreviate such map-pings using dot notation.Notation. Suppose x is an object of type T, and a property named P is de�ned on type T. Theabbreviation x.P denotes the application Get Property Value(Get Property(x, P)).Any method f de�ned on a type T can be overloaded by rede�ning it on a subtype S. Thesignatures of f de�ned on S (denoted fS) and f de�ned on T (denoted fT ) must obey the rulesof contra-variance. In other words, if fT : T,T1,. . .,Tn ! Tm is de�ned for type T (and thus hasdistinguished argument of type T), S is a subtype of T, and fS : S,S1,. . .,Sn ! Sm is f rede�ned fortype S (with distinguished argument of type S) then contra-variance requires that1. 8i = 1; . . . ; n Si is a supertype of Ti. In other words, the types of the input arguments (exceptthe distinguished argument) to fS must be supertypes of the input arguments to fT . Thedistinguished argument to fS will necessarily be a subtype of the corresponding argument tofT .2. Sm is a subtype of Tm (the output type of fS must be a subtype of the output type of fT ).These rules ensure that the interface of the type will obey the requirement for substitutability.Subtyping in ENCORE can be implemented using inheritance. Method implementations are boundto objects dynamically to support inheritance.Parameterized TypesThe ENCORE model supports the construction of parameterized types. These parameterized typeshave �xed sets of properties and operations, allowing the creation of new, strongly-typed objects.The parameterized types Tuple[< (A1; T1); :::; (An; Tn) >] and Set[T] are built in, and are the onlyparameterized types we currently consider in the operations of the query algebra.A parameterized type is a metatype, and the type parameters are input arguments for thatmetatype's Create operation. For example, the metatype Set[T] de�nes a Create operation thattakes a type as an input argument and returns a new type as its output. If the input argumentInt is provided to this Create operation, it will return a new type Set[Int]. If we call the Createoperation twice, both times with the input Int, we will only create a single new type since Set[Int]is considered to be the name of the resultant type (and, recall, type equivalence is by name).Parameterized type Set[T] de�nes operations for sets which include:in (or Member of) : Set[T],T ! Booleansubset of: Set[T],Set[T]! Booleanas well as all the operations in the algebra. Type T is called the member-type of the set. An instanceof type Set[T] is a set of objects having type T or type S where S is a subtype of T. Duplication inset membership is determined using object identity; two members of a set cannot be identical.Type Tuple associates types (Ti) with attribute names (Ai) and de�nes, for each attribute,methods Get attribute value and Set attribute value. The Ti's can be any database types, allowing2Note though that when the destination is a set object, the relationship would be considered one-to-many.25



tuples to store objects with abstract types. The value of a tuple is represented as < A1 : o1; . . . ; An :on > where the A's are attributes of the tuple and the o's are objects of the corresponding type.There are not necessarily subtype relationships between parameterized Set or Tuple types, sincesuch relationships might not support the requirement for substitutability.Properties vs. AttributesAbstract data types in ENCORE provide the ability to logically de�ne complex structures. Prop-erties of an abstract data type can be viewed as attributes in that they give the ability to modelthe access of state information about an object. The di�erences between properties and attributesis important to note however. Properties in ENCORE are objects, with methods that access theirvalues. The properties of an object de�ne a logical structure for the object. Attributes in othersystems (e.g. Orion [84], O2 [77], or GemStone [99]) are names that have an associated stored value,thus they de�ne a physical structure for objects. Tuple attributes in ENCORE are properties withassociated methods Get attribute value and Set attribute value that can compute values associatedwith the attribute.ExtentsThe collection of all current instances of a type is the extent of the type. Extents can be namedand will be maintained by ENCORE when designated in the abstract data type de�nition. Forexample, in the de�nitions of Table 3.1 the extent of type Supplier is named \Suppliers". Extentnames can be used to denote sets that can be accessed by the algebraic operations.A subtype relationship between two types will translate into a subset relationship; i.e., theextent of the subtype is a subset of the extent of the supertype. Subsets can also be de�ned bypredicates. The type of a predicate-de�ned subset is the same as the type of its superset. Thisgives the ability (in a limited way) to combine classi�cation constraints with the type system, whilestill maintaining the ability to do static type-checking. For example, we might have the type Carwith the associated extent Cars having type Set[Car]. A predicate subset BlueCars, de�ned as allmembers of the Cars set with a value of \blue" for their color property, would be a subset of Carsand would also have type Set[Car]. Although objects cannot change their type once they have beende�ned, they can move between sets. A given car can move from the subset BlueCars to the subsetRedCars whenever its color property changes appropriately.3.1.2 Objects: Identity and EqualityType Object de�nes a family of Boolean operations we call i-equality (a generalization of [82]).Instances of type Object are objects with unique identities. Instances of atomic types are atomicobjects that are identi�ed by their value, i.e. the atomic object 3 has value 3. Atomic objects areidentical if they have the same value (i.e. they are equal as de�ned by their type) and non-atomicobjects are identical when they are the same object (i.e. an object can only be identical to itself).Definition 3.1. Objects are 0-equal (=0) when they are identical. For i > 0, two objects X and Yare i-equal (=i) when they both have the same type (call it T) and1) if T is a collection type, then X and Y have the same cardinality and there is a one-to-onecorrespondence between the collections such that corresponding members are =i�1 (i.e. thereis a bijection f:X!Y such that for all x in X, x =i�1 f(x))or 2) if T is not a collection type then, for all properties P de�ned by type T, X.P =i�1 Y.P26
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 @ @ @ """" A A A,,, l l l(a) (b) (c)Figure 3.1: Structural representation of objectsNotation. The term shallow-equal refers to =1; deep-equal (=d) means i-equality holds for somei. Type Object also de�nes a stronger notion of equality we call id-equality [133].Definition 3.2. Two objects are id-equal at depth i if they are i-equal and graphical representationsof the objects are isomorphic.Both kinds of equality are inherited by all types, since all types are subtypes of type Object.Abstract data types may also de�ne type-speci�c equality operations; e.g., type Part may de�neoperation Same Part which compares two parts based on part Number and color (see Table 3.1 onpage 34).Sets and tuples are objects in ENCORE since they are instances of types. They have their ownidentity that is established when the instance is created. As a result, two or more sets or tuplescan have the same contents; i.e., the identity of a set or tuple is not determined by its contents.In Figure 3.1 three set objects are represented graphically. In these graphs, nodes representobjects or atomic values, arcs connect collection type objects to all objects that are members of thecollection, and arcs connect non-collection type objects to the values of all properties of that object(that is, the results of Get methods for each property). Object types are labelled symbolically;? represents Set types, <> represents types for which property values will be represented, and �represents other abstract data types. Graphs b and c represent 3-equal set objects: C2 and C1 are1-equal, making t3 and t5 2-equal (t1 and t4 are 1-equal, therefore 2-equal), thus S2 and S3 are3-equal. Object S1 (graph a), on the other hand, is not related by i-equality to either S2 or S3since it is a set with di�erent cardinality. Also, none of the S sets are id-equal, although C1 andC2 are id-equal at level 1, t1 and t4 are id-equal at level 1, t3 and t5 are id-equal at level 2, and t2is id-equal to t1 (and t4) at level 2.3.1.3 SummaryENCORE is based on abstract data types and objects identity. These features distinguish the EN-CORE model from other object-oriented database models. Other models usually combine abstractdata types with structural types. As a result, they expose implementation and combine values withobjects with identity. In ENCORE all objects are instances of abstract data types, and all objectshave identities that are independent of their values.The extents of types (when declared), predicate subsets, and user-de�ned sets are database27



objects. We query over these set objects.3.2 The EQUAL Query AlgebraThe EQUAL query algebra for ENCORE provides type speci�c operations against collections ofobjects with identity. We query over collections of type Set[T] and return new objects having typeSet[Q], where type Q is statically determined from the query expression.The query algebra was designed to illustrate that operations for structurally manipulatingcomplex objects could be adapted to manipulate objects that are instances of abstract types. Manyof the operations in the algebra are syntactically similar to operations of complex object algebras.The contribution of EQUAL is the semantics supporting data abstraction and object identity (asopposed to the object identi�ers that are used in complex object models).The algebraic operations retrieve information about instances of abstract data types by requir-ing all access to objects in a collection to be through the interface de�ned for the member-typeof the collection. The operations support object identity by manipulating and creating sharedrelationships between objects.A query result will often be a collection of existing database objects, in which case the outputmember type is an existing type. However, the properties of existing types may not explicitlyre
ect all relationships desired by a query. Thus EQUAL provides algebraic operations that createnew objects to store relationships between objects. These result objects are created using theparameterized type Tuple; objects are related to each other when they are the values of attributesin the same tuple. We also provide an operation to manipulate result tuples to indicate, whenrequired, shared results.Parameterized types are used for constructing new objects to ensure that the type of theseobjects is well-de�ned and can be statically checked. The type of the attributes of a tuple, or themember-type of a set, can be statically inferred from the syntax of a query in the context of theexisting types.3.2.1 The OperatorsThe algebraic operations can be divided into two categories:1) operations that retrieve data: Select, Image, Project,Ojoin, Union, Intersection, and Di�er-ence.2) operations that support data retrieval through manipulation of result structure and objectidentity: Flatten, Nest, UnNest, DupEliminate, and Coalesce.The �rst set of operations are adaptations of operations of relational and complex object algebrasto the semantics required to support our object-oriented database model. In particular, they areobject-creating operations that can apply methods to database objects to retrieve information aboutthe object properties and relationships. The Flatten, Nest, and UnNest operations are adaptedfrom complex object algebras. The operations DupEliminate and Coalesce are included to dealwith object identity and shared references.The signatures of these operations are given in Figure 3.2. In the �gure, p represents a predicateand e represents some equivalence relation (e.g. =i). The operator set is not minimal. Theredundancies in the operator set support logical transformations, which might be useful in queryoptimization. The operators are discussed in detail in the following subsections.28



Select: Set[T ]; p �! Set[T ]Image: Set[T ]; f : T ! Q �! Set[Q]Project: Set[T ]; < (A1; f1 : T ! T1); . . . ; (An; fn : T ! Tn) > �!Set[Tuple[< (A1 ; T1); . . . ; (An; Tn) >]]Ojoin: Set[T ]; Set[R];A1;A2; p �! Set[Tuple[< (A1 : T ); (A2 : R) >]]Union,Di�erence,Intersection: Set[T ]; Set[R] �! Set[S] where S is the most speci�ccommon supertype of T and RFlatten: Set[Set[T ]] �! Set[T ]Nest: Set[Tuple[< (A1; T1); . . . ; (Ai; Ti); . . . ; (An; Tn) >]]; Ai �!Set[Tuple[< (A1; T1); . . . ; (Ai; Set[Ti]); . . . ; (An; Tn) >]]UnNest: Set[Tuple[< (A1; T1); . . . ; (Ai; Set[Ti]); . . . ; (An; Tn) >]]; Ai �!Set[Tuple[< (A1; T1); . . . ; (Ai; Ti); . . . ; (An; Tn) >]]DupEliminate: Set[T ]; e �! Set[T ]Coalesce: Set[Tuple[< (A1; T1); . . . ; (Ai; Ti); . . . ; (An; Tn) >]]; Ai; e �!Set[Tuple[< (A1; T1); . . . ; (Ai; Ti); . . . ; (An; Tn) >]]Figure 3.2: Signatures of Algebraic OperationsSelectThe Select operation creates a collection of database objects satisfying a selection predicate. Theoperation is de�ned as: Select(S; p) = fs j (s in S) ^ p(s)gwhere S is a collection of objects and p is a predicate (Boolean function) de�ned over the type ofthe objects in S. If S has type Set[T], then the result is an object of type Set[T] and is a subset(restriction) of S.The operation creates new collection objects containing all members of collection S satisfyingthe predicate. The predicate is any Boolean function with one input having the member type of S.In general, these functions are built as �rst-order predicate calculus expressions. Terms of a formulaare constants (atomic objects or named objects), variables (representing objects) and functions overobjects or terms. For example, the number 3 is a constant term (atomic object), the set \People"is a constant term (in this case, a named object), variable \p" is a term (representing a Personobject, perhaps) and the path expression \s.Address" is a function term.3 Terms represent objectshaving some type. For example, 3 has type integer, \People" has type Set[Person], \p" might havetype Person, and \s.Address" has type Addr (see Table 3.1).Formulas are formed using Boolean operations de�ned for the type of the terms to which theoperation applies. These include subset of and in for set types, and i- and id-equality for all types(i.e. type Object and its subtypes). For example, if s is a variable of type Supplier and p1 is aconstant representing a Part object, the Boolean operation \p1 in s.Inventory" is valid since thereturn type of the Inventory property of variable s is Set[Part] and the in (member of) predicate isde�ned for arguments of type T and Set[T].Predicates are formed by combining formulas with the Boolean connectives ^, _, and :, andcan be quanti�ed by \9x x in A" or \8x x in A" where A represents a term of type Set. All termsused in a formula are bound to objects at query execution. One free variable is bound to an objectin the set parameter of the Select, other free variables are bound outside the current query. Forexample, if variable s is bound by Select, and the Select is nested inside another query which binds3As noted in Section 3.1.1, if Address is the name of a property of the object denoted by s, then s.Address actuallydenotes the composition of Get Property Value and Get Property functions. Without loss of generality, we talk aboutthis as a single function application. 29



a variable q, the clause s:address = q:address is a valid formula in the Select predicate.4The quali�cation \x in A" insures that x will be bound at execution time to members of aninstantiated set. For example, the quanti�er 9x x in Select(. . .) is valid since the Select operationcreates a new set object when the query is executed. The set membership quali�cation on quanti�edvariables means that a predicate cannot form a Powerset operation (as in [1]). The ability tocompute Powerset provides additional power that we do not want to consider at this time.Image and ProjectThe Image operation returns a single object for each object in the queried collection, while theProject operation can return multiple objects for a single object. Result objects are determined byapplying functions to the objects in the queried collection.The Image operation has the form:Image(S; f : T ) = ff(s) j s in Sgwhere S is a collection of objects and f returns an object of type T. The result of the query is acollection having type Set[T]. Image returns one object for each object in the queried collection,although if f returns identical results for two di�erent objects in a set S, the cardinality of theresult set will be less than that of S. Function f must be de�ned for the type of objects in S andwe assume f does not have any side-e�ects.A function is any well-de�ned operation over the member type of the input set. For example,the result of operation PartsSets := Image(Suppliers,� s s.Inventory) is a set of sets of parts(Set[Set[Part]]); Image(PartsSets, �q Select(q,p)), where p is a predicate de�ned for objects of typePart, is a valid operation since q represents objects of type Set[Part].Image functions are commonly built by composing the application of properties of objects inS. When used in this way, Image is essentially the selection of objects from a collection that maynot exist in the database. For example, if we assume a Supplier has an address property which,in turn, has a city property (see Table 3.1), the query Image(Suppliers,�s s.address.city) returns aset of objects representing the cities in which suppliers are located. This is semantically the sameas Select(AllCities; �c 9s s in Suppliers^ s:address:city = c).The Project operation extends Image by allowing the application of many functions to anobject, thus supporting the creation and maintenance of selected relationships between objects.The relationships are stored as tuples, with the tuple type de�ned by the applied functions asfollows: Project(S;< (A1; f1); :::; (An; fn) >) = f< A1 : f1(s); :::; An : fn(s) >j s in SgS is of type Set[T], the Ai's are unique attribute names, and each fi takes a single input of type Tand returns an object of type Ti. The functions are the same as those used in the Image operation.The result type of the operation is Tuple[< (A1; T1); :::; (An; Tn) >]. All properties and operationsfor type Tuple are thus de�ned for the objects of the result set.Project returns one tuple for each object in the collection being queried. These tuples are createdby the Project operation, and all have unique identi�ers. The type of the collection returned is aset with all tuples uniquely identi�ed. As a result, some tuples may contain the same values; i.e.i-equal tuples can be created. We present operations to manage such duplication at the end of thissection.4This assumes, of course, that the address property is de�ned for the types of s and q.30



Project can simulate the relational Project operation by extracting only properties from theobjects in the queried collection. This is similar to attribute extraction. However, the Image andProject operations are more powerful than relational projection since the function arguments couldbe any operations de�ned on the type of objects in the collection queried. This ability would beuseful, for example, when updating objects in the database { an area we are not considering here.In the Project operation, tuples can be created with components derived from di�erent collec-tions of objects. For example, Project(Parts,� p <(P,p), (J,Select(Jobs,� j p 2 j.PartsNeeded)>)creates a new relationship between Part objects and the Jobs that need those objects. This type ofrelationship can be obtained using the Ojoin operation (which is a special case of Project; see nextsubsection), but is often more naturally expressed using Project. Indeed, the Project operation,when used as in this example, provides the ability to do OuterJoin [38].OjoinThe Ojoin operator is an explicit join operator used to create relationships between objects fromtwo collections in the database. Although many relationships between objects are representedthrough object properties, an explicit join handles cases when a relationship is not de�ned in anobject type. Our de�nition of Ojoin is designed to preserve the associativity of the operation, whichis useful in de�ning query transformations for optimization.Ojoin is essentially a Cartesian product of collections of objects, along with Selection of resulttuples. For collections S and R, both containing objects having abstract data types, we de�ne:Ojoin(S;R;A1; A2; p) = f< A1 : s; A2 : r >j s in S ^ r in R ^ p(s; r)gwhere p is a predicate (as in Select) de�ned over objects from S and R.For example, suppose we have a set S containing stack objects and a set Q containing queues.Then Ojoin(S;Q;AS; AQ; �s�q s:Top =d q:Front) returns a set of stack-queue pairs in which theobject at the top of the stack is deep-equal to the front element of the queue. Note that the resultwill be empty if S and Q do not contain objects having the same type.The Ojoin operation creates new tuples in the database to store the generated relationships. Thetuples are strongly typed using the parameterized type Tuple, with each attribute typed accordingto the type of the collection from which it is derived. The tuples created will have unique identities.The objects involved in the relationships are maintained and can be accessed as the value of theappropriate attribute in the tuple. In the previous example, the only operations available on thetuples are those operations de�ned for tuples. However, if t is a tuple in the result set, all stackoperations are available for t:AS and queue operations for t:AQ.The de�nition of Ojoin as given does not handle sets of tuples properly, since nesting tupleswithin tuples destroys associativity of the operation. We thus modify the de�nition when sets oftuples are involved; if operand S has type Set[Tuple[< (A1; T1); . . . ; < (An; Tn) >]] we de�neOjoin(S;R; ;AR; p) = f< A1 : s:A1; . . . ; An : s:An; AR : r >j s in S ^ r in R ^ p(s; r)gThe result is a set of (n+1)-tuples. Similarly, if R contains m-tuples, the result is a collection of(n+m)-tuples.For example, suppose we call the previous result of stack-queue pairs SQs and join it with a setL of lists using Ojoin(SQs; L; ;AL; �t�l t:AS :Top = l:F irst). This result is a set of 3-tuples, whereeach tuple has type < (AS : Stack); (AQ : Queue); (AL : List) >. In any tuple, the top of its stackis deep-equal to the front of its queue and identical to the �rst element of its list.31



Set OperationsThe algebra includes set operations Union, Di�erence, and Intersection, operation Flatten (for setsof sets) and operations Nest and UnNest (for sets of tuples). The �rst three operations are used tocreate new collections of objects, the latter three generally re-structure collections of objects.Union, Di�erence and Intersection are the usual set operations with object comparisons andset membership based on object identity (=0). The result for all operations is considered to be acollection of objects of type T, where T is the most speci�c common supertype (in the type lattice)of the types of the objects in the operands.5 The type of the objects in a result collection is thetype of, or a subtype of, the type recorded for the members of the collection. Any two sets can becombined, since all types have a common supertype of Object.Restructuring OperationsOperation Flatten takes a set of sets of objects (type Set[Set[T]]) and returns a set of objects(Set[T]). Nest and UnNest extend the same operators for non-�rst normal form relations (see [73])to sets of objects with identity. Sets of tuples can be unnested to convert a set-valued attribute tosingle-valued, or nested to create a set-valued attribute.The Flatten operation is used to restructure sets of sets. We de�neFlatten(S) = fr j 9t t in S ^ r in tgwhere S has type Set[Set[T]], t has type Set[T] and r has type T. The result type is Set[T]; theresult will not contain identical objects.The Flatten operation is useful in conjunction with Image. Image can extract components withtype Set from an object, producing a set of sets; Flatten eliminates the extra level of brackets,allowing consideration of the set members individually.Nest and UnNest are non-�rst normal form (NF2) relational operators [73] adapted to dealwith objects and identity. They both operate on Sets of Tuples, where the tuples contain arbitraryobjects (in the case of Nest) or set objects (in the case of UnNest). Nest compares attribute valuesusing object identity and collects values (objects) for the nesting attribute into sets:Nest(S;Ai) = f< A1 : s:A1; :::; Ai : t; :::; An : s:An >j8r9s(r in t ^ s in S ^ s:Ai = r)gEach of the tuples created by Nest has a unique identity, and no two tuples can be shallow-equal.However, it is possible for the Ai attribute values of di�erent tuples to be shallow-equal. We presentan operator to deal with this situation in the next subsection.The UnNest operation essentially undoes the e�ects of Nest, although it is not an inverseoperation. We de�ne:UnNest(S;Ai) = f< A1 : s:A1; :::; Ai : t; :::; An : s:An >j s in S ^ t in s:Aigwhere the Ai attribute of the operand tuple type is set valued. As for Project, the tuples that arecreated have unique identities, and thus the result collection may contain shallow-equal pairs oftuples (if two tuples in S have the same values for all but the Ai attribute, for example).Nest and UnNest are not inverse operations. If the set being nested contains shallow-equaltuples, that duplication will not be maintained by a Nest followed by an UnNest on the same5Union and intersection types could be used, but then the queries would be a�ecting the type lattice.32



attribute. For example, if we have tuple objectst1 = < A : o1; B : o2 > t3 = < A : o2; B : o4 >t2 = < A : o1; B : o3 > t4 = < A : o1; B : o2 >and set S = ft1; t2; t3; t4g, Nest(S,B) creates tuples t5 =< A : o1; B : fo2; o3g > and t6 =< A :o2; B : fo4g > and forms result R = ft5; t6g. UnNest(R,B) creates only three tuples { tuplesshallow-equal to t1, t2 and t3. Similarly, if a set R of tuples contains two tuples that are shallow-equal on all but set-valued attribute B, Nest(UnNest(R,B)) will contain fewer tuples than set R.Object Identity and DuplicationThe result of a query is a new collection of objects. Two queries cannot give identical responses,since each result collection is a newly identi�ed object in the database. The members of a resultcollection may be either existing database objects or new tuple objects created during the operation.The creation of new objects means that multiple objects with unique identi�ers may be created whena single object is desired. We de�ne operations DupEliminate and Coalesce to handle situationswhere \equal" objects are created by a query.Operation DupEliminate(S,e) provides the option of eliminating duplicate copies of objects froma collection. The parameter e is an equality operator used to determine duplication. Such elimina-tion is automatic for identical objects (a set cannot have two identical members), but operationsthat can create new objects (such as Project or UnNest) may create objects that are i-equal. InFigure 3.1 (page 27) S1 is a collection containing 2-equal objects (t1 and t2). Graph b of the �gurerepresents the result of executing DupEliminate(S1;=2).6Operations such as Project and Nest can create tuples with components (attribute values) thatare equal (usually shallow-equal). We thus de�ne operation Coalesce(S,Ak,e) which, for collectionsS of tuple objects, eliminates e-equal duplication for the Ak attribute values of the tuples, where eis, again, any type of equality de�ned for the type of objects in S. If two or more tuples in S havee-equal Ak attribute values, then one of the objects is chosen to represent Ak in the result. Theresult tuples are copies of the tuples from S, with each representative Ak value replacing the Akattribute value in the appropriate tuples.For example, in Figure 3.1, Coalesce(S2,C,=1) can result in object S3 (�gure c). The set-valuedattributes of tuples t1 and t3 in S2 are 1-equal (C1 =1 C2) thus the Coalesce results in identicalset-valued attributes in t4 and t5 of S3 (t4:C =0 t5:C).3.2.2 ExamplesWe illustrate the operation of the algebra with some example queries on a simple object-orientedversion of a Supplier-Parts-Job database [37]. Types Supplier, Part, Job and Addr are de�ned inTable 3.1. For the purposes of these examples, we assume that Type Object is the only supertypefor each of the given types. Sets Suppliers, Parts and Jobs, with the obvious associated types, willbe used for the queries.The properties of the types are used as a scheme for each collection and the type of eachproperty determines what operations are available to the query. For example, assume Ordered listis a user-de�ned type with properties Empty, Member of, First, Last, etc. We can determine thevalues of any of these properties for the Preferred Suppliers object of any object in Jobs. All set6The result might instead contain tuples t2 and t3, since DupEliminate nondeterministically chooses a represen-tative from the set of duplicate objects (i.e. from the equivalence class).33



ADT SupplierExtent: SuppliersProperties:ident: stringaddress: AddrInventory: Set[Part]Operations:RecvOrder:Supplier, Set[Part] ! SupplierADT JobExtent: JobsProperties:num: stringaddress: addrPartsNeeded: Set[Part]Preferred Suppliers:Ordered list[Supplier]Operations:NewPart: Job, Part ! Job
ADT PartExtent: PartsProperties:Num: stringaddress: addrcolor: stringcomponents:Set[Tuple[<(P,Part),(Qty,Int)>]]plan: drawingBillofMaterial: list[Part]Operations:Order: Part ! PartSame Part: Part, Part ! BooleanADT AddrProperties:street: stringcity: stringstate: stringTable 3.1: ENCORE types for a Supplier-Parts-Job database.operations for the model (e.g., in, subset of) as well as the set operations de�ned by the queryalgebra can be applied to objects having type Set.Example 3.1. Find all red parts. Which suppliers can supply all of the red parts?P red := Select(Parts,�p p.color = \Red")S Pred:= Select(Suppliers,�s P red subset of s.Inventory)The �rst selection �nds the red parts, the second selection �nds all suppliers for which theinventory includes that set of parts. The subset of operation is available since property Inventoryand result P red both have type Set[Part].Example 3.2. What parts are needed by jobs in Boston?BosJobs := Select(Jobs,�j j.address.city = \Boston")BosParts:= Flatten(Image(BosJobs,�j j.PartsNeeded))The �rst operation selects all jobs in Boston and the Image operation extracts the PartsNeededsets from those jobs. The Flatten operation converts the set of sets of parts into type Set[Part]. Ifwe want to retain information about which parts are needed with which job we could use a Projectoperation instead of Image:BosJobParts := Project(BosJobs,�j <(J,j), (Pt,j.PartsNeeded)>)Note that operation NewPart (of type Job) cannot be applied to members of BosJobParts sincethey have type Tuple. However, if b represents a member of BosJobParts, then NewPart can be34



applied to b.J. The results of the queries maintain the instances of type Job and provide multiplepaths to Boston-based jobs (through collections Jobs and BosJobs, and property J of objects inBosJobParts).Example 3.3. Find all local suppliers for each job.LocalS := Ojoin(Jobs,Suppliers,J,S,�j �s j.address.city = s.address.city)The result is a set of tuples of type <(J,Job), (S,Supplier)>. This result is similar to a normal-ized relation. An application of operation Nest(LocalS; S) would give a set of suppliers for eachjob, i.e. a collection of tuples having type <(J,Job),(S,Set[Supplier])>. A similar result can beaccomplished usingProject(Jobs,�j (<(J,j),(S,Select(Suppliers, �s s.address.city =j.address.city))>))For each job the set of suppliers in the same city is selected from the collection of all suppliers.However, if there were no local suppliers for a job this would result in tuples with null values (anempty set) for the S attribute. Although Project, with embedded Select, can simulate Ojoin (withformatting di�erences handled by UnNest and tuples with empty sets removed by Select), we o�erboth operators for user clarity as well as optimization potential.Example 3.4. Find the preferred local suppliers for each job.We assume that type ordered list has a Boolean operation In List which can be applied toobjects of that type, and select from result LocalS of the previous example.Select(LocalS,�r r.S In List r.J.Preferred Suppliers)The result could also be obtained in a single Ojoin operation by conjoining the selection predicateof this example (with r.S changed to s and r.J to j) with the predicate of the Ojoin in Example 3.3.Example 3.5. Which parts can be supplied by every supplier?AllParts := Flatten(Image(Suppliers,�s s.Inventory))PartsIntX := Select(AllParts,�p 8s (s in Suppliers ^ p in s.Inventory))AllParts is the union of the Inventory sets of all suppliers. From that union, we select thoseparts that are in every Inventory set. In the Select predicate, variable p is bound to objects inAllParts and variable s is bound to objects in the Suppliers set. The query could be stated withoutusing universal quanti�cation as follows:PartsIntX:= Select(AllParts,�pEmpty(Di�erence(Suppliers, Select(Suppliers,�s p in s.Inventory))))In general, universal and existential quanti�cation can be eliminated from Select predicates byusing nested Select operations with set Empty and (possibly) Di�erence operations.Representing RelationsQuerying a relational database can be modelled using EQUAL and ENCORE. Normalized relationsare easily represented in our model as collections of type Set[Tuple] where all attributes of the tuplehave atomic types. The relational algebraic operations map directly to our algebra applied to setsof tuples. 35



Conversely, the Project operation can be used to map property values of objects in our model torelations. The tuples representing objects will retain, as attribute types, the property types. Theseattribute types could be treated as atomic types (e.g., Part.plan) or could, in some cases, be furtherexpanded using UnNest and Project. For example, the following query creates, from the Suppliersset, a relation containing tuples having type <(ident,string), (address,Addr), (Inventory,Set[Part])>.NNR Suppliers := Project(Suppliers,�s < (ident,s.ident),(address,s.address),(Inventory, s.Inventory)>)The relation could be further expanded, if desired, using Project to separate the address into itscomponent parts (street, city and state) and UnNest to create tuples where the type of Inventoryis Part instead of Set[Part].3.2.3 SummaryThe support for abstract data types, object identity, type inheritance, and parameterized types bythe ENCORE data model is integral to the design of the EQUAL query algebra. The distinctionbetween types and collections in the model allows the algebra to query over collections, usinga scheme for each collection described by the type structure. The algebraic operations returncollections of objects, and the type of those collections can be statically determined using the typestructure. Objects in a collection will have the type de�ned for the collection, or will have a subtypeof the type de�ned for the collection.Although the operations of EQUAL are syntactically similar to operations for relational andcomplex object algebras, the EQUAL operations are semantically quite di�erent. The EQUALquery operations support our object-oriented database model with object-creating operations thatapply methods to database objects to retrieve information about the object properties and relation-ships. The operations can also detect and manipulate relationships that share objects, and supportobject identity in a more abstract way than algebras that manipulate explicit object identi�ers.The query algebra supports abstract data types by accessing objects only through the interfacede�ned by their type. The manufacture of tuples by the Project and Ojoin operations allows theexpression of new relationships not identi�ed by the type design. Static typing of query results issupported by the parameterized types.The manipulation of objects by the algebraic operations is based primarily on object identity,and most operations create new objects (tuples, collections) to store query results. The algebra sup-ports object identity by maintaining the identities of existing objects and by providing operationsto manipulate, when desired, the identities of objects created to store results.The support for object identity requires multiple notions of object equality in query opera-tions. Identity is the default equality for the algebraic operations, but value-equality (i-equality),structural equality (id-equality) and arbitrary, user-de�ned equalities can be explicitly denoted insome operations. For example, object comparisons in Select or Ojoin predicates can explicitlydenote any type of equality de�ned for the objects being compared. Operations DupEliminateand Coalesce also allow any equality operator to be designated for comparisons. However, thereare many situations in the algebra when implicit comparisons are made, and those comparisonsalways use 0-equality (identity). For example, operation Intersection uses 0-equality to determinewhich objects of one set are also present in another. The algebraic operations use 0-equality toeliminate duplication in result sets (of course, this can be overridden by using DupEliminate). TheNest operation uses 0-equality when comparing attributes and when creating the nested sets. The36



implications of the use of 0-equality as a default when performing operations on sets should beconsidered when posing database queries.When restricted to the relational model, the EQUAL operations can simulate the relationalalgebra and thus would support relational systems embedded in an object-oriented database. Asa relational simulation, EQUAL is a complete database language [26]. With the full expression ofEQUAL on an object-oriented model, we can express �rst order queries and we chose to limit thealgebra to not express recursive queries.3.3 Query TransformationIn order to manipulate queries in an optimizer it is necessary to de�ne transformations whichpreserve the equivalence of query expressions. In a value-oriented setting, equivalence of queryexpressions means equality of query results. In our object-oriented model, however, every entity inthe database is an object with identity. The algebra, in turn, produces new objects as the resultsof queries. As a result, two responses to even the same query cannot be identical. The creation ofnew objects by the algebraic operations means that the logical structure of the result, as well asthe data retrieved by a query, must be considered when de�ning equivalence.In this section, we �rst look at the meaning of equivalence of query expressions in object-creatingalgebras such as EQUAL, and give three di�erent de�nitions for query equivalence. We then lookat some transformation rules for EQUAL expressions that illustrate our de�nitions. In Appendix Awe provide an inventory of transformations that support structural equivalence (de�nition 3.5).3.3.1 EquivalenceThe logical structure of an object can be represented graphically (as in Figure 3.3). Let R bethe result of some query Q (on some database D), and G(R) = (V(R),E(R)) be the graphicalrepresentation of object R. V(R) is the set of nodes in the graph (these represent objects) andE(R) is the set of arcs connecting elements of V(R) (representing relationships between objects).Consider two disjoint subsets of V(R):1) VQ(R) | the set of objects in V(R) that were created by query Q2) VQdata(R) | the set V(R) � VQ(R)The set VQ(R) will only contain objects having type Set or Tuple, since these are the only typescurrently created by queries. Also, VQ(R) will always contain at least one element, since a queryalways returns a new set object. VQdata(R) contains, intuitively, the set of database objects returnedby query Q.One notion of query equivalence considers two queries to be equivalent if they return the sameobjects from the database (i.e. their results have the same Qdata sets):Definition 3.3. Two queries, Q1 and Q2, are weakly equivalent (�) if, when applied to an arbitrarydatabase, they return results R1 and R2, respectively, with corresponding graphical representationsG(R1) and G(R2) such that VQ1data(R1) = VQ2data(R2).Note that the Qdata sets are mathematical sets, not objects, thus equality of the Qdata sets isset equality.Weak equivalence disregards the types of the objects containing the results, i.e., it disregardsthe objects built by a query to hold results. Although both result objects are sets, they could besets of di�erent types or di�erent cardinalities. For example, one could be a set of tuples containing37



objects of type T (e.g., Set[Tuple[A:T,B:T]]) and the other a set of objects having type T (i.e.,Set[T]), where the objects of type T are retrieved from the database. These two results cannot becompared by the object equalities de�ned in Section 3.1.2 since they have di�erent types.Weak equivalence ignores the structure built by a query to store the results. Thus an applicationof any of the formatting types of instructions (e.g., UnNest, Nest, DupEliminate) will not a�ectweak equivalence.A stronger notion of equivalence uses i-equality and requires results to have the same type:Definition 3.4. Two queries are equivalent at depth i (or i-equivalent, represented �=i) if, whenapplied to an arbitrary database, they return i-equal objects.The equivalence depth will depend on the query. Nested queries that build tuples will increasethe depth of the structure built by the query. The objects created by the query operation will haveunique identities, and this de�nition implies an identity-oblivious search through the structures to�nd the data retrieved from the database. For example, any two non-set objects are comparedproperty-wise, thus two distinct objects in one set that have identical values for a given propertycould match with two distinct objects in a di�erent set with i-equal values for the same property.The fact that the two objects in the �rst set have aliases for the property value is lost with i-equivalence.The transparency of object identi�ers in i-equivalence means a loss of information about sharedreferences in results. Two results that are i-equivalent may have non-isomorphic graph represen-tations (see Figure 3.3 b and d, for example) meaning that information about aliasing of objectsmay be lost. Thus an even stronger notion of equivalence is based on id-equality:Definition 3.5. Two queries are structurally equivalent at depth i (also called id-equivalent, andrepresented �i) if, when applied to an arbitrary database, they return objects that are id-equal atdepth i.The three de�nitions of equivalence are exempli�ed in Figure 3.3. In the �gure, all di's aredatabase objects (they have arbitrary data types) and Si's, ti's and Ci's are objects created bythe execution of query operations. S1; S2; S3 and S4 are result collections from four queries. Allfour results are weakly equivalent; they all return d1; d2; d3; and d4 from the database. However,S1 is not i-equal to any of the other results since it is a set of 2-tuples where both tuple attributes(properties) are abstract data types. All of the other sets contain 2-tuples where one attribute isknown to have type Set. Sets S2 and S3 are structurally equivalent at depth 3; the assignmentsS2 $ S3; t4 $ t6; t5 $ t7; C1$ C3, and C2 $ C4 illustrate the isomorphism with the correspondingC's being 1-equal. S4 is i-equivalent at depth 3 to S2 and S3, but not id-equivalent. In particular,in S4 both t8 and t9 have identical values for their set-valued attribute (i.e. C1) but in S2 (forexample) the corresponding set-valued attributes in t4 and t5 are 1-equal. In S4, changes in t8:Ccan a�ect t9. That is, the set-valued attribute is aliased.The de�nitions of equivalence illustrate the strengths, and di�culties, of querying when objectshave identity. A query not only returns data, but de�nes some relationships between objects in thedatabase. The operators allow the speci�cation of those relationships and the description of howthe relationships will be stored in objects. The di�erent de�nitions of equivalence allow di�erencesin the relationships stored (weak equivalence vs. i-equivalence) and in the logical structure of theobjects storing those relationships (i-equivalence vs. structural-equivalence).3.3.2 TransformationsThe similarities between EQUAL and the relational algebra, and the 
exibility of the operator setin handling data types and identities, allow the de�nition of a number of transformations over the38
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 @ @ @ """" A A A,,, l l l(c) (d)Figure 3.3: Equivalent query results. All results are weakly equivalent; S2 and S3 are id-equivalentto each other and i-equivalent to S4.algebra that produce results that are equivalent by the de�nitions presented in the last section.A transformation over query expressions satis�es an equivalence when the queries denoted by theexpressions are equivalent. In Figures 3.4 and 3.5 some transformations satisfying the di�erentde�nitions of equivalence are identi�ed.Identities 3.1 through 3.6 of Figure 3.4 are transformations giving weakly equivalent results.Weakly equivalent queries often return data in di�erent formats. For example, identity 3.1 statesthat a Project operation can return the same data as an Ojoin, although the Project operationreturns a nested tuple whereas Ojoin returns \
at" tuples. The type of a result can also be ma-nipulated by the inclusion or exclusion of the formatting types of instructions in query expressions.The operations Flatten, Nest and UnNest modify the type, but not the data, returned by a query.Identity 3.5, for example, indicates that a query operation producing tuples with a set type at-tribute, followed by an UnNest, will produce a result that is weakly equivalent to the same querywithout the UnNest. The query results with and without the UnNest have di�erent types.I-equivalence maintains the type of queries, and weakly equivalent queries may have the sametype. In particular, DupEliminate and Coalesce manipulate the identities of objects but not theirtypes. Any query is weakly equivalent to the same query followed by an application of DupEliminate(identity 3.6). The result sets will contain the same types of objects, but are not i-equivalentbecause they may have di�erent cardinalities. Similarly, Coalesce eliminates duplication in anobject's structure and thus, when applied after any other algebraic operation, produces a resultthat is not id-equivalent but i-equivalent to the operation without the Coalesce (identity 3.7).Weak equivalence does not guarantee that relationships between data objects will be maintained.39



Ojoin(As;Bs;A;B;�a�b p(a; b)) � Select(Project(As; �a < (A; a);(B;Select(Bs; �b p(a; b))) >);�t NOT Empty(t:B)) (3.1)F latten(S) � UnNest(Project(S; �a < (A; a) >);A) (3.2)Image(As; �a Select(Bs; �b b:prop = a:prop)) � Select(Bs; �b 9a (a in As ^ b:prop = a:prop)) (3.3)Image(As; �a f(a)) � Project(As; �a < (F; f(a))>) (3.4)UnNest(NSTupleQuery; A) � NSTupleQuery (3.5)AnyQuery � DupEliminate(AnyQuery;=i) (3.6)AnyTupleQuery �=i+2 Coalesce(AnyTupleQuery; A;=i) (3.7)Figure 3.4: Some query transformations.For example, in identity 3.3 assume that As are Stacks, Bs are Queues, and prop is the lengthproperty for stacks and queues. The Select operation creates a collection containing all queues forwhich there is some stack having the same length. The Image operation returns the same queues,but they are collected into sets of queues having the same length (for each stack, Image createsone set of queues having the same length as the stack). Each set in the Image result represents arelationship (of length) between queue objects that is not explicit in the Selection result.Operations that create new objects can permit duplication in the data returned. For example,consider identity 3.4 relating the Image and Project operations. The queries are only weaklyequivalent since they return di�erent types.7 In addition, the Projection result may have a di�erentcardinality than the Image result since the former may contain tuples that are 1-equal (functionf could return identical objects for di�erent input objects). Operation DupEliminate could beapplied after the Project to eliminate any duplication giving, again, a weakly equivalent result.The Project and DupEliminate-Project results have the same type, but are not i-equivalent sincethey contain di�erent numbers of objects.Some id-equivalent transformations are displayed in Figure 3.5. Identities 3.8 and 3.9 in Figure3.5 are id-equivalent versions of identity 3.1 of Figure 3.4. A Project, with Selection and UnNestingfor formatting, is structurally equivalent to Ojoin. Similarly, identity 3.10 is the id-equivalentversion of identity 3.2. The Image operation in the former \converts" the single-attribute tuplesinto single objects having the attribute type.Id-equivalent transformations are useful in identifying redundant operators within the algebra.Identities 3.8 - 3.11 illustrate the redundancy of operators Ojoin, Flatten and Coalesce, respectively.Identity 3.12 illustrates that some predicates with quanti�ers can be replaced by algebraic opera-tions using propositional predicates. The redundancy in the operator set may o�er opportunitiesfor optimization. We would expect, for example, that a Flatten operation would be more e�cientthan the simulation of that operation with Project, UnNest and Image, since the Flatten operationmore succinctly describes the required result.Relational transformation results can also be applied to the object-oriented query algebra,resulting in id-equivalent transformations. For example, one relational optimization strategy is topush Selection past Join. That same strategy can be de�ned for EQUAL (identity 3.13). Similarly,when a Select operation is composed with an Ojoin, it may be possible to instead compose thetwo predicates to produce a single operation (identity 3.14). These two ideas are combined inidentity 3.15 of Figure 3.5. If an Ojoin predicate contains a conjunct involving only one of theoperand collections, that conjunct can be extracted from the Ojoin predicate to form a Select7Set[Tuple[<F:ftype>]] vs. Set[ftype], where ftype is the return type of function f.40



Ojoin(As;Bs;A;B;�a�b p(a; b)) �2 Select(UnNest(Project(As; �a < (A; a); (B;Bs) >); B);�t p(t:A; t:B)) (3.8)Ojoin(As;Bs;A;B;�a�b p(a; b)) �2 UnNest(Select(Project(As; �a < (A; a);(B;Select(Bs; �b p(a; b))) >);�t NOT Empty(t:B));B) (3.9)F latten(S) �1 Image(UnNest(Project(S; �s < (A; s) >); A);�a a:A) (3.10)Coalesce(S; Ak ;=i) �i+2 Project(Ojoin(S; NoDupAk; �a�b a:Ak =i b);�t < (A1; t:A1); . . . ; (Ak�1; tk�1);(Ak; t:B);(Ak+1; t:Ak+1); . . . ; (An ; t:An) >) (3.11)whereNoDupAk := DupEliminate(Image(S; �s s:Ak);=i)Select(As; �a 9b (b in Bs^ p(a; b))) �1 Image(Ojoin(As; Bs;A;B;�a�b p(a; b)); �t t:A) (3.12)Select(Ojoin(As; Bs;A;B;p); �t ps(t:A)) �2 Ojoin(Select(As; ps(a));Bs;A;B;p) (3.13)Select(Ojoin(As; Bs;A;B;p(a; b)); �t ps(t:A; t:B)) �2 Ojoin(As; Bs;A;B;p(a; b) ^ ps(a; b)) (3.14)Ojoin(As; Bs;A;B;�a�b p(a)^ p0(a; b)) �2 Ojoin(Select(As; p(a));Bs;A;B;�a�b p0(a; b)) (3.15)Figure 3.5: Some structurally-equivalent query transformations.predicate on the appropriate operand.We expect most optimizers to use transformations that maintain structural equivalence. How-ever, we will show in Chapter 4 that weaker notions of equivalence can be used in interim stagesof a query transformation that produces, ultimately, a structurally equivalent result.3.4 SummaryThe ENCORE database model forms a strong base for the exploration of object-oriented queryprocessing. The model is based on data abstraction and object identity { two key features ofobject-oriented systems. Unlike most other models, ENCORE does not mix values with objectsand does not allow access at the logical level to the physical structure of objects.The EQUAL algebra supports abstraction and identity in the ENCORE model and, at the sametime, provides the ability to construct dynamic relationships. The algebra supports abstract datatypes by accessing database objects only through their interface. Results of queries are collectionsof existing objects or collections of tuples built by the query. The creation of collections and tupleswith statically determined types is supported by ENCORE parameterized types.The algebra supports object identity by managing the creation of new objects and by consid-ering object identity when manipulating these objects. EQUAL provides operators to manipulatethe structure of new objects created by a query, and to manipulate the relationships between ob-jects indicated by identities. For example, EQUAL provides a Coalesce operator to build aliasedstructures.The ability to transform algebraic expressions to �nd expressions that are e�cient to executemakes an algebra a critical component of a query processing system. Transformation of algebraicexpressions is based on the equivalence of query results. In Section 3.3.1 we gave three de�nitionsfor query equivalence { weak equivalence is based only on the database objects returned by a query,i-equivalence recognizes the preservation of relationships between database objects, and structuralequivalence recognizes di�erences in the logical structure of objects storing query results (i.e.,shared references) . In the remainder of this thesis, we will assume an optimizer transforms using41



structural equivalence since this more fully supports object identity. In Appendix A we inventorytransformations that maintain structural equivalence for EQUAL expressions.
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Chapter 4Problems in Object-Oriented QueryOptimizationAlthough many of the problems that must be solved by an object-oriented query optimizer aresimilar to problems solved by relational and extensible optimizers, there are also many problemsthat are unique to the object-oriented model. In this chapter we present some problems thatarise when optimizing object-oriented queries. The problems are organized by the object-orientedmodelling feature which generates them. The problems are presented in the context of the ENCOREmodel and EQUAL algebra, but generalize to any models supporting the feature generating theproblem.In particular, we look at problems that arise as a result of supporting abstract data types,complex structures, methods and encapsulation, and object identity. We discuss each problem inthe context of the particular feature with which it is associated, and note any relationships betweena problem being described for the object-oriented model and problems encountered in relationaloptimization. For example, the nested queries common in object-oriented languages generalizenested queries in SQL. We also note proposed techniques for solving the problems, where applicable.The examples in this chapter will refer to the sample scheme of Table 4.1. The scheme representsa car-manufacturer database (similar to [13]) in which companies have departments, and vehiclesare manufactured by companies. There is also a hierarchy of people which includes employees,managers (specialized employees), and students who study at a company under the direction of amanager. Some students are paid while they study (type Student-Employee).These are ENCORE types, so the schemes shown describe methods that can be applied toinstances of a type to disclose state information (the Properties), the subtype lattice (Supertypes),and collections maintained by the database (the Extents). We do not show Operations in the schemesince we want to query without side-e�ects. As noted in our discussion of ENCORE, the informationshown is at the interface of the abstract data type. We assume no particular implementation orphysical representation for the Properties.The Properties of any type in the scheme include those explicitly listed for the type as wellas all properties of its supertypes. For example, type Manager has Properties budget, secretary,employer, mgr, department, salary, name, age, cars and residences. Type Student-Employee has twodi�erent properties of type Company; Property comp is the Company inherited from type Studentand represents the company at which the student studies, and Property employer is inherited fromtype Employee and represents the company that pays the student. Type Student-Employee alsomultiply inherits its mgr property. We are not concerned with the resolution of that con
ict here.In Section 4.1 we discuss general problems that arise in supporting abstract data types and43



ADT VehicleExtent: VehiclesProperties:vin: stringmanu by: CompanyADT CompanyExtent: CompaniesProperties:name: stringemps: Set[Employee]depts: Set[Dept]ADT DeptExtent: DepartmentsPropertiesmgr: Manageremps: Set[Employee]
ADT AddressProperties:street: stringcity: stringstate: stringzip: stringADT PersonExtent: PeopleProperties:name: stringage: integercars: Set[Vehicle]residences: Set[Address]ADT EmployeeSupertype: PersonExtent: EmployeesProperties:employer: Companymgr: Managerdepartment: Deptsalary: real

ADT ManagerSupertype: EmployeeExtent: ManagersProperties:budget: realsecretary: EmployeeADT StudentSupertype: PersonExtent: StudentsProperties:gpa: realcomp: Companymgr: ManagerADT Student-EmployeeSupertype: Student, EmployeeTable 4.1: Example scheme.in Section 4.2 we look at problems that are speci�c to supporting the complex logical structuresthat can be built using an abstract type system. In Section 4.3 we discuss the problems relatedto supporting encapsulated methods. Finally, in Section 4.4 we examine problems that arise whensupporting object identity in an object-oriented database. In each section we look at how thesystems and techniques surveyed in Chapter 2 address the di�erent problems.4.1 Abstract Data TypesIn an object-oriented model we need to incorporate optimizations for a changing variety of types.Queries may be based on operations over collections, but optimizations pertaining to sets (or otherbulk types { multisets, lists, etc.) need to be combined with optimizations over the types of theobjects contained in the collection. Similarly, these optimizations can involve optimizations withthe types of objects related to objects in the set (by properties, for example) and so on.4.1.1 Type Speci�c OptimizationsAn object-oriented query optimizer must be able to apply optimizations speci�c to the types, andoptimizations that look at relationships between objects of di�erent types. Such optimizations aresimilar to those examined in the area of semantic query optimization [85, 101, 135].For example, suppose we have the query clausee.employer.name = v.manu by.namewhere e is an object of type Employee and v is a Vehicle, and suppose we can de�ne the followingaxiom (analogous to a functional dependency) for abstract data type Company:8c1; c2 : Company c1:name = c2:name =) c1 = c244
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domain re�nement technique in semantic query optimization [66]. In our problem, however, thesimpli�cation is based on knowledge about set inclusion and abstract data types, not necessarily aparticular ADT. Subtyping relationships give similar information about set inclusion relationships.For example, in most object-oriented models, the set Managers is a subset of the set Employees.This results because Manager is a subtype of Employee, and the sets are both extents.4.1.3 Subtyping and Static Type-checkingSubtyping information can also a�ect the applicability of transformations in a statically type-checked system. For example, consider the query Union(Students,Employees). In models withoutUnion types, the application of this set operation, if it is even allowed, would normally result ina set having type Set[Person], where Person is the closest common supertype of types Studentand Employee.1 As a result, only properties of type Person are applicable, as far as static type-checking is concerned, to the result set. This modelling decision means that a query transformationdistributing Union (or Intersection or Di�erence) over other operations is not applicable if statictype-checking is required. In other words,Union(QueryOp(S1,p), QueryOp(S2,p)) 6= QueryOp(Union(S1 ,S2),p)since p may not be de�ned for the type of Union(S1,S2).For example, consider a query which asks for the managers of all Students and Employees. Thisquery can be expressed asUnion(Image(Students,�s s.mgr),Image(Employees,�e e.mgr))but not asImage(Union(Students,Employees),�p p.mgr)because the union result has (static) type Set[Person], and the mgr property is not de�ned for typePerson. The mgr property could be applied to the union result,though, because of late-binding ofthe methods to the objects. If the intersection (i.e., objects of type Student-Employee) is large, thelatter expression might be the most e�cient to process; applying mgr after the Union would avoidapplying it twice to objects in the intersection. The type inference mechanism of Straube and �Ozsuaddresses this problem by inferring the methods (such as mgr) that can apply to the result of aUnion (or other operation) [144, 147].4.1.4 SummaryThese examples illustrate that knowledge about abstract data types and subtyping in the object-oriented model can a�ect query transformations. In order to support abstract data types anoptimizer must be able to incorporate semantic query optimizations, such as those discussed here,while supporting standard query optimizations. An optimizer must also support the extensibilitythat is inherent in abstract data type construction. The addition of new types results in newoperations and transformations that should be considered in the optimization process.1Of course, the closest common supertype can be ambiguous in systems that allow a type to have multiplesupertypes (i.e., similar to multiple inheritance). Also, if closest common supertypes are used, set operations in asystem with multiple supertypes will not be associative because the result types of di�erent associations cannot beguaranteed to be the same. 46



4.2 Complex StructuresThe complex structure of objects means that languages to query the objects must have mecha-nisms for exploring their structure. In addition, languages that allow the creation of objects needmechanisms for building new structures. The exploration and creation of such structures can leadto the regular use of path expressions to navigate through a structure. Support for complex struc-tures also results in languages that regularly use nested query expressions; i.e., variables from outerexpressions are referenced in nested expressions.4.2.1 Path ExpressionsPath expressions imply an execution order for properties on the path. For example, the paths.comp.name, where s is in Students, implies the execution name(comp(s)) { that is, apply thecomp method to s, then apply name to the result.2 This order may not, however, be the moste�cient way to process the query. A path can sometimes be more e�ciently processed using Join.For example, if there are very few companies it might be more e�cient to �rst compute the nameproperty for each company and store this result in a tuple. The path from a student to a companyname would then involve joining Students with the company/name tuples by matching the compproperty of a student with the company attribute of a tuple. An optimizer should be able to make(and evaluate) such transformations between path expressions and explicit joins. As we noted inChapter 2, such transformations are addressed by [75], [79], [91], and [118], for example.Another di�culty with path expressions is the de�nition of indices for such expressions. Forexample, suppose an index from departmental secretaries to employees is required; i.e., an indexis required for the path e.dept.mgr.secretary.name.3 One question that arises is how to store thisindex. For example, a single index from secretary name to employee could be maintained [22],or indices could be maintained for segments of the path and combined to give the whole path[79, 97, 111].Another problem arises when trying to maintain such an index. All steps of a path must beconsidered when updating an index; i.e. changes to an index can be necessitated by changes to moreinformation than just the ends of the path. For example, changes to a department or manager cana�ect the name-to-employee index, as well as changes to the employee or secretary. The presenceof arbitrary methods in a path further complicates this problem, since the method results can bea�ected by changes to database information not apparent at the interface of the method. This isdiscussed more fully in the next section (4.3).4.2.2 Common SubexpressionsIn general we would like to optimize the use of common subexpressions in a query.4 Many ofthese expressions will be path expressions. The use of common path expressions can complicateoptimization because a common subexpression could be optimized di�erently over each instantiationof a common path. For example, consider the predicatev.owner.residence.city = `Boston' ^ v.owner.employer.name = `GM'where v is a Vehicle.5 The application of the owner method is common to both conjuncts of thepredicate, and thus the expression v.owner is a common subexpression. However, if there is a2These can be method applications, or just attribute references as in a complex object model.3Assume there is no mgr property on Employees.4The detection of such expressions is discussed in Section 4.4.5We change the scheme slightly here to illustrate the problem.47
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t.P.residences(a) (b)Figure 4.2: Query { Find all possible garaging locations for each vehicle.path index on v.owner.residence.city we would not want to share the common path. Indeed, anytransformation of v.owner on one path should not necessarily a�ect the other path. In general, anyoptimization of common subexpressions must determine whether the optimization transformationis applicable to a single path leading to the subexpression, or to all paths.The formalism of Cluet and Delobel represents common subexpressions and optimizes them assingle expressions [31]. To our knowledge, no research has been done to decide whether or notoptimizations should be applied to every occurrence of an expression.4.2.3 Nested QueriesA problem with nested query expressions is that query transformations may no longer be localtransformations; they can involve query operators that are in di�erent nesting levels. Consider forexample a query to �nd the garaging locations for all Vehicles. The following algebraic expressionsatis�es the query by building a structure that stores a set of addresses with each vehicle.Project(Vehicles,�v <(V: v),(G: Flatten(Image(Select(People,�p v 2 p.cars),�p p.residences))>)This query is illustrated by the tree in Figure 4.2a. In this query the variable representing aVehicle is referenced in the nested Select query. The v 2 p:cars predicate indicates that there isa relationship between Vehicles (represented by variable v) and People (represented by variable p)that could be e�ected with a Join operation.The query expression illustrated in Figure 4.2b also satis�es the query. A di�erence in thesolutions is that Project does a left outer join, so could result in vehicles related to empty sets ofresidences. In this example, the empty sets could easily be eliminated if necessary. There is a largebody of research for dealing with outerjoin operations [38, 50, 120, 122].The two query expressions di�er signi�cantly in their use of variables. In the �rst query, variablereference is nested, while in the second query all variables are local to the operation using them.The second query is similar to relational queries in which a Join of all relations aggregates the data,48



then a Project operation builds the result relation. In this query, the data is basically collectedusing the Join operation, then the structure for the result is built with the Project, Nest andUnNest operations.The transformation between the Project and Join versions of a query expression may requiremore than the application of context-free algebraic transformation rules. The arbitrary nesting ofquery expressions means that recognition of join relationships involves global knowledge about theexpression. In addition, any transformations may have to preserve the structure of result objects.Again, producing such a structure requires knowledge which includes the e�ects of all parts of thequery expression on that structure.An optimizer should be able to generate, and work with, both the Project and Join queryrepresentations. The Join representation of the query might result, for example, from a mechanicaltranslation from an SQL-like query. In this case it might be useful to translate to the Projectversion of the query to explore optimizations that cannot be recognized from the Join version. Onthe other hand, if the query is initially the Project expression it would be useful to generate theJoin query, especially if there are e�cient techniques for dealing with Join operations.Processing of nested query expressions in SQL addresses situations where queries are nestedin Where predicates [51, 38, 83, 109]. Proposals for handling nested queries in object-orientedSQL-like languages address nesting in From and Where clauses [31, 115]. The problem discussedhere is equivalent to a query expression nested in an SQL Select clause. This problem is addressedby a new optimization strategy discussed in the example optimizer of Chapter 8 [148].4.3 Methods and EncapsulationThe applicability of algebraic transformations to object-oriented queries is complicated by theobject model. In general we have found that there are no universally applicable transformations,and that type and storage information about objects is necessary in order to decide the utility ofan algebraic transformation. For example, in the object-oriented model, the cost of applying aSelection operation is an important factor when deciding whether to push the Select past a Join[42]. Although this is also a recognized problem with relational queries, it is not as prevalent and,in the relational model, pushing a Select operation past a Join operation is generally acceptedto be a useful transformation. However, the presence of methods in a Selection predicate of anobject-oriented query can mean that the cost of applying that operation depends on the cost ofapplying those methods.Consider, for example, a query which matches managers with budgets of over one million dollarswith students, studying at the same company, with grade point averages of more than 3.5. An SQL-like version of this query is:Select [RichManager: m, GoodStudent: s]From m in Managerss in StudentsWhere m.budget � 1000000 ANDs.gpa � 3.5 ANDm.employer = s.compApplying relational heuristics to this query could give an algebraic expression such as:Ojoin (Select(Managers, �m m.budget � 1000000),Select(Students, �s s.gpa � 3.5),RichManager, GoodStudent,�m,s m.employer = s.comp) ) 49



This query joins Managers with budgets of over one million with Students who have appropriategrade point averages, then Selects over those pairs by matching the companies. Such a queryexpression results from strategies that push selections (on budget and gpa respectively) to the singlerelations to which they apply in an attempt to reduce the sizes of collections to be joined. Theheuristic used is that joining is an expensive operation, but selections are straightforward or couldeven be done as part of the joining process.However, consider the case where computing a manager's budget is an expensive operation. Inthis situation it could be more e�cient to �rst join Students (perhaps selected by gpa, dependingon the expense of that operation) with Managers by matching the companies. The join operationcould reduce the number of managers to which the budget method must be applied.This type of situation is certainly present in relational systems, but the presence of methods inthe object-oriented model | with possibly arbitrary computations implementing the methods |means that strategies such as pushing Selection past Join will be less often applicable. One approachthat avoids the cost of applying methods at query execution time is method precomputation [20, 78].An alternative strategy for object-oriented models is to consider cost in the application of rewritetransformations. This would require cost models for high-level expressions, as noted in [59].4.3.1 Method CostThe determination of the cost of a query, or query operation, is complicated by the presence ofmethods and encapsulation. A query optimizer needs a way to ascertain method cost in the presenceof encapsulation. If the optimizer is allowed to break encapsulation and look at the implementationof a method, then it must be able to understand that implementation. For example, a method couldbe written in the query language understood by the optimizer. The method code could then bemerged with the query and managed by the query optimizer [15]. This approach, of course, limitsthe expressibility of methods to that of the query language.If the optimizer gathers cost information about a method by querying the method itself [60]then type Method must de�ne an interface that can provide the required information. As a simpleexample, type Method would have a property named cost which, when applied to a method instance,would return an expected cost for executing the method.An alternative to determining cost of method applications, of course, is to store precomputedresults in tuples [20, 78]. The costs of method application are then, in many cases, transferred tocompile time.Late-binding of methods also complicates the determination of method costs, since the imple-mentation (and therefore the cost) of a method used in a query will not necessarily be known untilquery execution time. For example, suppose the gpa method for type Student directly accesses val-ues in the representation of Student but the method is overridden in type Student-Employee by amore expensive method (perhaps computing an average using Student and Company information).The cost of applying the gpa method to members of Students can not be statically determined sincesome objects in the set could actually have type Student-Employee. The dynamic query evaluationplans of Graefe and Ward are designed to address this problem [62].4.3.2 IndexingThe de�nition and maintenance of indexes is complicated greatly by the presence of methods. Anindex over even a single property implemented as a method could require the manipulation ofarbitrarily many objects. This is similar to the problem with maintaining path indices discussed50



in Section 4.2. A method could be implemented as a path, or some other arbitrary computation,over many database objects. Modi�cations to any of those objects can change the method result,and thus the index value.For example, suppose Managers are indexed by their budget property, and suppose that prop-erty is implemented as a computation that includes retrieving the salaries of all employees in thedepartment. Clearly, a change to the salary of any employee will a�ect the index on Managers. Theproblem here, then, is de�ning indexes so the scope of changes that can a�ect the index is knownand, perhaps, preventing the de�nition of indexes that will require extensive maintenance. The for-mer problem is similar to the problem of determining when precomputed methods are invalidated[78].4.4 Object IdentityThe identity of objects involves modelling and language decisions that can a�ect the optimizationof queries. When objects have identities, there is a question as to what constitutes equality of twoobjects (see for example [82], [132]). This carries over to the language, where equality operationsare used in predicates and where a decision must be made concerning the creation of new objectsby a query. The creation of new objects can lead to new de�nitions for equivalence of queries thata�ect the transformations available to an optimizer. An optimizer for object-oriented models mustbe able to deal with the creation of new objects and with alternative de�nitions for equivalence.4.4.1 Object EqualityEquality of objects in a query can refer to any de�nition of equality for type Object (e.g., identical,deep-equality) or to equality operations de�ned for a particular abstract data type. In a querylanguage a variety of equality operations could be permitted in predicates. For example considerthe operation a.cars = b.cars. Equality here might refer to identical sets (i.e. a and b referenceexactly the same set of cars), to shallow equal sets (the sets of cars referenced by a and b containexactly the same cars), or possibly even to sets with the same cardinality (if = is de�ned as suchfor type Set[Car]). In the presence of object identity, an equality operation is actually a method,and will have to be treated as such by an optimizer.4.4.2 Object CreationA major language decision that a�ects the optimization of queries is whether a query languagecan create new objects and, if so, whether those objects can have identities. If the languagedoes not create objects, new relationships between objects cannot be built by queries. If thelanguage only creates objects without identities, then it must be able to work with those objectsas well as with objects with identity. On the other hand, if the language creates objects withidentity then it must have mechanisms to determine new identities and manipulate those identities.For example, the EQUAL query language provides DupEliminate as an operation to manipulateunwanted duplication in objects that may be created by a query [133].4.4.3 Query EquivalenceThe creation of new objects with identity by a query can complicate the optimizer's task. For onething, the optimizer may want a mechanism for deciding whether to create identities for objects inintermediate stages of a query. Also, the creation of objects with identity complicates the meaning51



of equivalence of two queries. The result of a query can be a new collection of objects with aunique identity, and as a result even two responses to exactly the same query are not identical.The creation of new objects by a query language means that the structure of results as well as thedata retrieved by a query must be considered when de�ning equivalence.We have de�ned alternate notions for equivalence (see Chapter 3 and [132]) that must berecognized by an optimizer working with a language that builds objects with identity. For example,our weakest notion of equivalence states that two queries are equivalent if they respond withthe same data, regardless of the logical structure of the objects returned. The query \For eachstudent �nd all employees in the same department" could be answered by an Ojoin, returningStudent/Employee pairs, or by a Project (followed by a Select to eliminate students matched withno employees) returning Student/Set[Employee] pairs.The ability to de�ne these alternatives might allow the optimizer to choose a more e�cientmethod for solving a query. It also might give the optimizer more latitude when working withnested queries. For example, consider the query:Select eFrom s in Studentse in EmployeesWhere e.mgr = s.mgrwhich returns all employees who work for someone who also manages a student. A straightforwardtranslation of this query to an algebra could give:Project(Ojoin(Students,Employees,S,E,�s �e s.mgr = e.mgr),�t <(Emps,t.E)>)Note that this translation assumes that the type to be returned can be Set[Tuple[Employee] ratherthan Set[Employee]. The assumption implies that a given employee can be represented many timesin the result { once for each student with which it is associated in the Join. If an Image operationis chosen instead of the Project the result would not contain duplicates of individual employees.An query optimizer that has the ability to make such transformations might �nd them usefulin providing further opportunities for optimization. For example, an optimizer that can deal withweakly equivalent transformations can transform the previous query by substituting a Projectoperation for the Ojoin givingProject(Select(Project(Students,�s <(S,s),(E,Select(Employees,�e s.mgr = e.mgr))>),�t NOT Empty(t.E)),�t <(E,t.E)>)A further transformation could commute the outer Project and Select, since the Project retainsthe information needed for the Select:Select(Project(Project(Students,�s <(S,s),(E,(Select(Employees,�e s.mgr = e.mgr)>),�t <(E,t.E)>,�t NOT Empty(t.E)))The two Project operations can then be collapsed into one giving:Select(Project(Students,�s <(E,Select(Employees,�e s.mgr = e.mgr))>)�t NOT Empty(t.E)) 52



The �nal result performs fewer operations than the original query, and also is concerned withfewer objects since there are no intermediate results. On the other hand, the �nal result hasa di�erent type than the initial query expression (i.e., Set[Tuple[Set[Employee]]] as opposed toSet[Tuple[Employee]]). The change in type information occurred when the Project was transformedto Ojoin using the weak equivalence. An optimizer could apply weaker equivalences to �nd bettersolutions, but must then be able to determine when such transformations are acceptable. Thismight involve the ability to restore the type of a result.4.4.4 Common Subexpressions, Object Creation, and EquivalenceThe creation of objects by a query complicates the determination of whether two query expressionscan be considered to be the same { i.e., what are common subexpressions? If a query expressionrepresents a constant (i.e., a named database object) or a variable, then it is straightforwardto determine common subexpressions. For example, in the query Ojoin(People,People,A,B,somepredicate) it is clear that both references to People refer to the same database set. However, if aquery expression represents a path, or a nested query, it is not always clear when two syntacticallyequivalent expressions yield identical results.Methods called in expressions in the language (e.g. in path expressions) may create new objectsas their results. Depending on the database model, methods can written in arbitrary programminglanguages or may be queries. We assume that queries do not modify the database, but are providinginformation gathered from observations of the database. Thus, methods or queries are observers.However, we can identify two kinds of observers: 1) those that return only existing database objectsand 2) those that generate new objects (e.g. queries). We will call functions that return existingdatabase objects pure observers. Functions that generate new objects are generative observers (or,simply, generators).In a path expression containing methods that are generative observers, we have the queryequivalence problem. For example, in the query Ojoin(Q, Q, etc.) where Q is some nested subquery,the two executions of the Q subquery could create di�erent objects and would therefore not beconsidered to be common subexpressions. In general we would assume that an optimizer wouldignore di�erent objects generated by multiple applications of a query expression. On the otherhand, it is possible that an optimizer could make use of such occurrences.4.5 SummaryIn this chapter we have noted some of the optimization problems that accompany support forabstract data types, complex structures, encapsulation and methods, and object identity. Theseproblems need to be considered by designers of database models and languages, since support fora feature will require solutions to the problems accompanying that feature. Solutions to some ofthe problems we have identi�ed require optimization techniques that go beyond current relationaloptimization technology. An object-oriented query optimizer must be able to incorporate techniquesfor solving the di�erent problems.The variety of problems encountered when optimizing an object-oriented query, and the di�erentapproaches to solving these problems, are addressed by the architecture presented in the followingchapters. We describe a new approach to optimizer extensibility that supports extensions to thecollection of strategies for query transformation embodied in an optimizer, as well as the standardkinds of extensions supporting the data model. This approach is motivated by the identi�cationof the problems discussed here and the di�erent strategies that can be employed to solve some ofthese problems. We believe that the extensibility of the object-oriented database model will lead to53



the identi�cation of new problems in query optimization and, hopefully, new techniques for solvingthese problems. Our architecture for query optimization will allow the addition of new optimizationstrategies as they are developed.
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Chapter 5An Approach to Extensible QueryOptimizationOptimization of a query Q is inherently a process of searching the space of all queries that areequivalent to Q. Typically, a given optimizer can only visit some portion of this space, since theset of transformation rules is usually incomplete, the cost of optimization must be bounded, andthe optimizer control strategy limits the search. This situation is depicted in Figure 5.1.As shown in the �gure, an optimization strategy (i.e. the control strategy of an optimizer)determines, for any query Q, the equivalent queries that will be searched. The challenge here is tosearch a space that includes a good, or even best, equivalent query. Also, the optimization strategymust work for any query, since the same strategy is used regardless of the query being optimized.The extensible nature of the object-oriented approach requires that the optimizer search spacebe expandable as a response to the new kinds of expressions that can be written. One approach toextending the search space is to \enlarge the 
ashlight beam", i.e. to expand the space searchedby the optimization strategy. This is the approach taken by many extensible optimizers (e.g. [54],[59], [64], [140]). Generally, new rules for transforming query expressions are added to an optimizerand the same rule search strategy is used to �nd and apply these rules. The optimizer is extensiblebut the optimizer control strategy is �xed.An alternate approach to optimizer extensibility is to allow the addition of new optimizationstrategies. This approach is depicted in Figure 5.2 and is the approach described in this chapter. Inthe next section we describe Epoq, a strategy extensible approach to query optimization. A simpleexample optimization using this approach is described in Section 5.2. In Section 5.3 we discuss theextensibility of an Epoq optimizer. We give a formal basis for the Epoq approach in Section 5.4,and summarize in Section 5.5.5.1 Epoq : A Strategy Extensible ApproachThe phrase extensible optimizer takes on a new meaning in the \multiple 
ashlight" approach ofFigure 5.2. Extensibility now refers to the ability to enhance an optimizer with new strategies formanipulating query expressions. The collection of strategies in an optimizer can be extended inresponse to other extensions in the query system. This strategy extensibility is provided by anEpoq optimizer, and also motivates the approaches taken by the optimizers of [89] and [129].The Epoq approach to strategy extensibility is provided with a modular architecture in whicheach module speci�es a strategy for query optimization. An Epoq optimizer is a collection ofmodules, called regions, each of which can manipulate a query expression to discover some subset55
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Figure 5.2: A new approach to optimizer extensibility.The extensibility of an Epoq optimizer is founded on the ability to add new regions to thehierarchy. The addition of new regions corresponds to extending an optimizer with new strategiesfor query optimization. New regions are added as leaves of existing regions. The new regions satisfythe parent region interface and are integrated into the optimizer through the parent region control.In other words, the parent, as part of its own transformation strategy, uses the new region, as itdoes its other subordinate regions, to do transformations over queries. The extensibility of an Epoqoptimizer is discussed further in Section 5.3.5.1.1 RegionsA strategy for achieving some goal involving a query is encapsulated in a region. Some possible goalsare to optimize a query expression, to �nd the most e�cient way to process path expressions, to�nd an e�cient ordering of join operations, to �nd an optimal ordering for conjuncts of a predicate,or to generate a query execution plan.Di�erent regions can provide di�erent strategies for controlling the query transformation pro-cess in working toward the region's goal. With the goal of lowering expected query execution cost,for example, one region could be responsible for using algebraic rewrite rules to manipulate generalquery expressions while another region optimizes only Select queries with no nested query oper-ations. One region might work on arbitrary query trees while another region might manipulatequeries in a particular canonical form. The kinds of queries manipulated in a region, and the kindsof manipulations performed in a region, de�ne the semantics of that region.
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Region RegionFigure 5.3: Integrating strategiesA region is characterized by� a predicate describing the set of possible input queries that can be acceptedby the region (i.e., a canonical query form for the region),� a collection of transformations that can be performed on those queries,� a means of control over the application of those transformations, and� a goal predicate that characterizes the output queries produced by the region.The characterizations of the input and output query forms are provided at the interface of a region.These characterizations supply information about the region that is useful to the parent in makingdecisions about executing subordinates. The characterization of input queries indicates whether aregion is able to process a query, so can be used by a parent to eliminate from consideration regionsthat cannot process a given query. The characterization of output queries is useful to the parentcontrol as it decides how to use its subordinates to achieve its own goals for query transformation.The region's control strategy is de�ned by the transformations it can perform, and the controlover the application of those transformations. Although this characterization of a region's imple-mentation implies a control module that is separate from a collection of transformations (as in arule-based optimizer, for example), that is not necessarily the case. We mean to say here, simply,that the implementation of a region involves the ability to transform query expressions. The trans-formations a region does internally are determined by the control strategy of the region consideringthe query it is processing.Regions do not necessarily partition the space of query expressions | they may overlap intheir sets of possible input queries, the transformations they can perform, or in the output queriesthey can produce. The possible redundancy in regions is managed by a parent region control as itdecides about the execution of its subordinates.The regions provide the possibility of segregating sets of transformations about which there issome common characteristic. For example, if bottom-up tree search is found to be better for Joinqueries, but top-down is better for manipulating query predicates, then each of those strategies58



could be incorporated in a di�erent region. Each region would indicate, through its input andoutput query characterizations, which kinds of queries it processes. A parent region uses thesecharacterizations as it decides on region executions.Regions also provide the ability to extend the optimizer with new strategies for optimization.A new strategy is represented by a new region that can be added to the optimizer. The addition ofnew regions is supported by a standardized region interface and by controls in parent regions thatcan use the interface information in making choices.Region ArchitectureThe major components of a region are a control, an interface to parent regions, and an interfaceto child regions. The control embodies the region's strategy for achieving its goal. It includescomponents for decision-making, decision support, and query manipulation. Among other tasks,the decision-making part of the control must determine an order for applying query transformations,the decision-support manager provides information required for decision-making, and the querymanager executes those transformations.The parent interface interacts with a parent region to communicate information about the regionand the query it processes. For example, it provides information to the parent about the region'sgoals and applicability to a particular query, obtains a query to process, and communicates results tothe parent. The subordinate interface communicates with child regions to obtain information aboutthose subordinates for the control and to process control requests for subordinate transformations.This architecture for a region can be viewed as an abstraction in which a region has an interfaceand an implementation. The interface corresponds to the parent and child interfaces, and the im-plementation corresponds to the region control. The interface, therefore, describes communicationbetween regions, and the implementation processes a query and provides the information commu-nicated through the interface functions. In a very general sense, the implementation is an internalrepresentation for the interface because it implements the functionalities that the interface claimsto provide. For example, the interface will provide information about a query result and whethera goal has been achieved for that result | this information is computed by the control.The Root and Interior RegionsRoot and interior regions de�ne a control that integrates other regions. This control is supported bya standard interface to child regions. Root and interior regions di�er only in that an interior region'sparent interface interacts with another region while the root region's parent interface interacts withthe query processing system (usually the parser).The interface of a region R to its children speci�es the requirements any region must satisfy inorder to be a child of R. These requirements allow R to communicate with its children. Similarly,the interface of R to its parent must satisfy that parent's requirements.If a region's interface satis�es the requirements of more than one parent region it could, indeed,have more than one parent. The parent-child relationships between regions can form a directedacyclic graph, directed from parent to child.The control of a region is responsible for transforming a query to meet the region's goal. Thisresponsibility includes local manipulation of the query expression, as well as the delegation ofresponsibility for query transformation to its child regions.In an interior region the execution of a transformation is actually the invocation of a childregion to do some transformation. This is the major way in which a region di�ers from a rule-basedoptimizer, and the way in which an interior region di�ers from a leaf region. The actual invocation59



of the child is made possible through the interface de�nition (section 5.1.2). Determining an orderfor executing child regions is the critical part of the control that makes the extensible optimizerwork. This is discussed further in Section 5.1.3.Leaf RegionsWe expect that most of the actual manipulation of queries will be done by the leaf regions. Interiorregions will, in general, delegate transformation tasks to subordinate regions. The leaf regions,obviously, do not delegate any transformations | the transformations performed by a leaf regionwhen processing a query are all internal to the region. The control over these transformations maybe designed following the architectural guidelines for an Epoq region, but this is not required. Theonly requirement of a leaf control (other than correctness, which is assumed) is that it provide theinformation needed at the interface.Leaf regions are the way in which independently developed query processing strategies can beincorporated into an Epoq optimizer. A leaf region could, for example, be a module that processespath expressions, a module that manipulates nested queries, or even a rule-based optimizer. In anEpoq optimizer, each of these strategies can be e�ected by an arbitrary control that is completelyenclosed within the leaf region.Advantages of RegionsSeparating the optimizer into regions provides a number of bene�ts in terms of optimizer e�ciency,
exibility, and extensibility. A major advantage results from the fact that the region-based approachallows an optimizer to incorporate a number of di�erent optimization strategies. These strategiescan be used to customize the optimization process for a particular query | the execution order ofstrategies can react to the query being processed and to previous manipulations of the query.Also, an optimizer can include specialized strategies that are speci�c to a small number ofqueries. This could also result in more e�cient processing of a query, since strategies that are notuseful for processing the query do not have to be executed.The number of transformations that have to be considered by a region can be smaller, whichcould result in faster searches for transformations within a region. Also, the separation of transfor-mations into regions allows for tuning of the individual regions, which itself could result in moree�cient optimization.The e�ciency of optimization involves a performance trade-o� between the modularity of theoptimizer and the complexity (or simplicity) of individual modules. There is obviously cost involvedin the interaction between regions. The performance requirements of maneuvering in the hierarchyneed to be balanced with the performance of the individual regions.The standard levels of optimization can be mixed in a region-based optimizer; i.e., there is notnecessarily a �xed execution order for the processing steps of an optimizer. For example, if theappropriate regions and parent control are provided, access plan cost analyses can be mixed withsemantic or algebraic manipulations of a query.Similarly, di�erent kinds of optimization can also be mixed in a region-based optimizer. Inparticular, we would expect some regions to do cost-based optimizations while other regions con-centrate on heuristic-based optimizations.A region-based optimizer provides the potential for experimenting with new strategies for opti-mization and with di�erent ways to integrate these strategies. For example, it would be interestingto experiment with the parallel execution of regions.60



Finally, the modularization of the transformation process into regions, each of which has astandard interface, makes extensibility of the optimization process possible. Such extensibilitysupports the extensibility of the object model by providing for the incorporation of new strategiesfor query optimization.5.1.2 InterfaceThree major aspects of an Epoq optimizer addressed by the interface are1. communication between regions. The standard interface between a parent region and itschildren allows hierarchical communication between them.2. optimizer extensibility. Any interior region (and thus the optimizer) can be extended byadding new child regions. These regions obey the standard interface de�ned for that parent.3. control over transformation. The parent control needs to determine which child regions tocall to perform query transformations. Information used in the parent's decision-making isprovided to the control through the interface.Extensibility and communication are supported primarily through the standardization of the inter-face. Parent control over transformations is supported by functions provided at the interface thatsupply information about a child to its parent.A parent region places requirements that must be met by its subordinate regions. The parentand children pass query expressions back and forth as a query is transformed and, in general, theparent needs information to help guide its control of the transformation process. For example,a parent will need to know which goals a region can try to meet, the applicability of a regionto a particular query, and whether a subordinate region successfully transformed a query. Thisinformation is provided to the parent by its children through the interface.It is necessary that a parent and child place the same meaning on information that is passedbetween. For example, if a parent is looking for a \lower cost" transformation and a child has a goalof \lower cost" then they both need to mean the same thing. In the case where the semantics of theinformation is captured in a common metric, the matching of semantics can be done automatically.For example, a parent/child interface includes a single cost model (with its cost metric) and queryrepresentation, and goals expressed as computations on that model and representation could beautomatically checked for consistency between the parent and child. Thus, a goal such as cost(query-out) � .90 � cost(query-in) (i.e., a goal of reducing query cost by at least 10 percent) would meanthe same to a parent and child as long as they both used the same cost metric.We can also envision situations in which a parent region can adjust its expectations of infor-mation it receives from particular children. For example, if a child region is asked to provide anestimate of execution time, then we of course assume that the region is using the same speed clockas the parent. If, in the parent's opinion, the region's estimates are consistently incorrect then theparent could, if desired, adjust future responses to consider the expected error. Similarly, if a childstates a goal (e.g. \lower cost") we will assume the region uses the same meaning for the goal asthe parent.1In general, assuring consistency of semantics between a parent and child region is beyond thescope of this thesis and so will not be further discussed here. We assume that consistency of1In the control design of the next chapter, the meaning of a goal is captured in its Success? function. This functionis a method over a goal object, thus is available to all regions with access to the goal. As long as the regions use thefunction, consistency is maintained. 61



semantics is the responsibility of the system implementor. When a new region is installed as achild of an optimizer region, the implementor must insure that the information made availablethrough the interface of that region matches the semantic requirements of the parent.This is not an unreasonable expectation, since one would expect an optimizer implementorto have a thorough understanding of the intended purpose of di�erent regions. The addition ofregions to an optimizer requires that the implementor know where to place those regions in thehierarchy. The placement of regions also requires the implementor to anticipate the expected use ofnew regions (i.e., strategies). The standardization of the interface between parent and child regionsprovides the mechanism for interaction between regions and for extensibility; the standardizationof semantics must be provided by the optimizer implementor.The exact functionalities available for interaction between a parent and child are determined, inlarge part, by the control of the parent region. If the control uses the goals declared by subordinatesto help in choosing region execution orders, then (obviously) goals need to be available at theinterface. If the control uses estimates of region execution time to choose among regions, thenthose estimates need to be provided by the subordinates. If a control wants to supervise the overallexecution of the optimizer, then it may pass execution limits to a subordinate through the interface.The minimum functionality of interaction is that of passing a query expression back and forth.A parent region hands a query to a child for processing, and receives back an equivalent query.This functionality is supported by a common representation for query expressions.Query RepresentationThe control strategy of a region, and the queries that can be represented, depend in part on theinternal representation used for queries. The interaction between any pair of regions includes thetransfer of a commonly recognized query representation. Since a query is initially processed in theroot optimizer region, it is required that queries expressible in any of the query languages used inthe optimizer be representable in the root region representation. Also, extensibility of the model,algebra, and optimizer requires that the query representation be extensible. We discuss brie
y here,and present in more detail in Chapter 7, a query representation that meets these requirements.In an Epoq optimizer a query expression is represented as a tree2 of function and data nodes.Data nodes represent the data that is manipulated as part of executing a query, and function nodesrepresent actions on data. Data nodes represent objects | either objects already in the database,objects built by a query or subquery, or objects built by applying methods to other objects. Everyfunction node will have some number of input data nodes, representing the parameters to thefunction, and one output data node representing the function output. Edges of a tree connect afunction node with its input and output data. In ENCORE, as in most object-oriented models, alloperations in the query algebra, and all operations over database objects, can be represented asfunctions.Figure 5.4 on page 70 (and other �gures in Section 5.2) illustrates an Epoq representation,although, to simplify the picture, internal data nodes are not shown. Only function nodes and leafdata nodes are represented in Figure 5.4. The leaf data nodes represent database objects, whileinterior data nodes represent function results. As can be seen, the representation (without interiordata nodes) is similar to a syntax tree for the query expression. This supports extensions to thequery model and algebra, and also allows the representation of nested query predicates as explicitsubtrees.Communication between parent and child regions is also supported by annotations to the nodesand edges of a query tree (see Figure 5.5). The annotations can be used by the regions. For2Actually we will see in Section 7.6 that a query expressions is represented as a directed acyclic graph.62



example, a data node can be annotated with type information about the data. A node representinga set object could be annotated with information about storage structures or access paths to theobject. It might also be useful to know whether there are indices on the set, or if the set is orderedin any interesting way. A node representing a method could be annotated with the estimated costof applying the method. Since query operations are also methods, cost estimates for those nodesmight be useful in assessing the utility of transformations.Although we would expect all regions in an optimizer to support the same representation, it iscertainly possible for a given parent and all of its children to support a di�erent query representationthan that supported by some other subtree of regions. Also, if desired, a region could use a di�erentrepresentation internally (and perhaps for passing a query to its children) than the representationit receives from its parent. In this case the region would be responsible for any translation betweenrepresentations.Cost ModelThe ultimate goal of any optimizer is to reduce the expected cost of executing a query. This is thegoal of the root region in an Epoq optimizer, and will also be a goal of many subordinate regions.Expected query execution cost is evaluated using some cost model over query expressions. Sincethere are not, to date, any appropriate cost models for object-oriented systems like ENCORE, Epoqprovides the mechanism for incorporating a cost model into an optimizer.In an Epoq optimizer, information about expected cost of a query is carried along with thequery as annotations to the representation. Annotations provide the 
exibility for an optimizerimplementor to choose (or customize) a cost model, and also provide extensibility to support costmodels that may change as the data model and query language are extended. Part of installinga cost model, then, is to make the appropriate annotations available and to provide methods toaccess the new annotations appropriately.A result of representing cost using annotations is that cost information is available for use byall regions. Such information is traditionally used to translate a query algebra expression into anaccess plan, but could also be useful in algebraic rewrite. For example, a strategy that manipulatespath expressions could use information about expected cost of user methods in the path to helpdetermine e�cient rewrites of the path expression.A requirement of a cost model over a query representation is that it cover any of the situationsthat can be represented. For example, our representation can be used to depict queries expressedin a high-level algebra as well as access plans (with low-level operations). In order to be useful, acost model would have to handle both of these situations.One consequence of representing cost information in annotations is that the annotations willoften need to be updated during the optimization process; as the expression of a query changes,the cost associated with that expression may change. We will, for now, assume that all informationneeded to assess query cost is independent of the region processing the query. Thus, updatingquery cost can be done as a method over the representation. This method can be called by anyregion that needs cost information for the query it is processing. By modelling it this way we caneither explicitly call the method from a region, or allow active processes to work behind-the-scenesto keep the query representation up-to-date in terms of cost. In this way, regions that choose notto work with the cost annotations can modify queries without regard to the cost e�ect that will bevisible to other regions.It is possible for a region to use a di�erent cost model than that of its parent, although in mostcases we would expect all regions to use the same cost model. If a region does choose to use itsown cost model, however, the region is responsible for restoring the query representation and cost63



annotations to the form and model required by the parent. Thus a region that uses a di�erent costmodel than its parent is responsible for any translations between cost models.5.1.3 Region ControlThe strategy for achieving some goal is encapsulated inside a region. This strategy is implementedthrough the region's control over the application of query transformations. In an Epoq optimizer,subordinate regions act as query transformations, and a parent region controls the application ofthose transformations.Within a region, some of the control tasks are to:� store the query expression (and alternatives)� communicate with parent and child modules� apply transformations to a query or subquery� determine whether a goal has been achieved� decide when query processing is completeThe �rst two tasks are bookkeeping tasks for the region, and were discussed in Sections 5.1.1 and5.1.2. The other tasks relate directly to a region's use of its subordinate regions to transform queryexpressions. These tasks are discussed in this section.The main goal of de�ning a control is for the optimizer itself to run more e�ciently. A regioncould apply transformations exhaustively, but that would require excessive time, as well as excessivespace for keeping track of results. Thus, a region's decisions about the application of child regions(i.e. transformations) are crucial to the e�cient operation of an optimizer.Control decisionsThe major decisions that need to be made by a region are 1) which query or subquery to processand 2) which subordinate region to execute next. A region receives a single query to transform,as well as a goal for the transformation, and needs to decide what transformations to apply to thequery, or any subqueries, in order to achieve its goal.3 Throughout the transformation process aregion will usually maintain a number of alternative query expressions, and will work on di�erentof those expressions at di�erent points in its processing.One way to approach the decision process is to pair query expressions with applicable transfor-mations (i.e., applicable regions), then select an expression/region pair to execute. Such a controlis like a search through transformation rules, where the rules are the child regions. One di�cultyin doing this is in determining when a region (rule) is the right one to apply to a query. Normally,rule-based optimizers do pattern matching (and usually condition testing) of the query expressionwith the left hand sides of rules, then perform some con
ict resolution if more than one rule matchesa query (e.g. assign weights to rules as in [54]). This approach is not completely satisfactory foran Epoq optimizer because the regions do not behave as precisely as rules behave.3The dag representation for query expressions allows more than one query alternative to be represented at thesame time. As a result, it is possible that a region could send a group of equivalent queries to a subordinate forprocessing. This brings up some interesting possibilities for region actions. For example, there might be a specializedregion that can choose between alternative query expressions, or one that can merge equivalent expressions to givean e�cient single expression. An exploration of these possibilities will not be undertaken here though, and we willassume that every region receives a single query to transform.64



In a rule-based optimizer, rules provide complete information to a search engine, and can beapplied by a rule execution process. In an Epoq optimizer, a region, behaving as a rule, providesincomplete information to its parent, and applies itself. The result of a region execution is returnedto a parent, but the actual execution of the region is done independently of the parent processing.As a result, a region may not achieve its goal and may return a message to its parent indicatingsuch a failure.An alternative to rule search is to view region executions as actions in an optimization planningsystem. The decisions that need to be made (which region to execute, which query expressionto manipulate) are managed by a planning system that is driven by its own planning rules. Theplanning rules are heuristics about orderings of region applications that will (hopefully) achievethe region's goals. Thus, the planning system is planning the execution of the optimizer. Since, inEpoq, a region may fail to transform a query (i.e. fail to achieve the region's goal), the planningprocess cannot proceed independently of the region results and is thus interleaved with regionexecution. This is discussed in more detail in Chapter 6.Interface requirementsThe decision-making component of a region's control is supported by information available at theinterface of subordinate regions. Indeed, a region's control over its subordinates places requirementson that interface that must be met by subordinate regions.For example, if a control wants to avoid executing regions that will not be able to transform aparticular query then it can require each subordinate to provide information about the queries towhich it can be applied. A region's applicability information should not reject query expressionsthat it can transform, but may accept expressions that it later discovers it cannot successfullytransform. Such applicability information is required of all Epoq regions.A region must also be able to provide information about its goals. Before executing a subordi-nate region, a control can use information about expected goals of a region to help decide whichregion to execute. After executing a subordinate, a control will need to know whether the regionhas attained the expected goal. In other words, the parent control will need to know whether theregion has transformed the query as anticipated.The speci�cs of the control of a region may place additional requirements on the information asubordinate must provide. For example, if a region's control is trying to transform a query quickly,then it may require that subordinates provide information about their expected execution time.This information would help the control decide which subordinate to execute to transform thequery.Goals and SuccessThe goals of a region characterize the output queries that can be produced by a region. Given aparticular query, success indicates whether the region was able to attain a particular goal for thatquery. For example, if a region's goal is to lower cost, and the result query computed by the regionhas a lower cost than the input query, then the region was successful at achieving its goal.Goals may describe an absolute query state, or a relative state. For example, `lower cost' is agoal describing a relative query state | the result is compared to the input query. `Join query' isa goal describing an absolute query state | a result is a join query if it contains join operations.Goals describing absolute query states may actually be met before a region does any transformationof a query. For example, if a query already contains join operations, the `join query' goal is alreadymet. 65



A region may not be successful at achieving a goal for a particular query. If a region thinks itis applicable to a query but �nds, once it starts processing, that it cannot transform a query asexpected then it may not achieve its goal on that particular query. For example, if a region whosegoal is to improve expected cost of a query gets, as input, an optimal query expression, then it willnot be able to attain its goal.A parent region may choose, from the goals a subordinate region can try to attain, a goal tobe achieved on a given query. In general, the parent may not de�ne new goals for subordinates,since the subordinate region may not have the control knowledge to work towards those goals.A de�nition of goals that supports a parent's desire to modify a subordinate's goals might beinteresting future work. At this point, however, any modi�cation of goals must be expressed astermination conditions (see next subsection).The parent's goal choice must be passed, along with the query, to a subordinate through theinterface. The subordinate region must return an indication of success or failure to achieve the goalwhen the query result is returned. A parent region control needs to know whether a subordinatewas successful in attaining the expected goal so it can decide how to further proceed with queryprocessing.TerminationTermination refers to stopping the execution of a region. In general a region will have its owninternal criteria for termination, since termination is an integral part the region's control. Termi-nation may be related to success; for example, a region may terminate processing a query when itdiscovers it is successful at achieving its goal. However, termination will often be conditional onmore than success; for example, a region with a goal to lower cost will usually not quit as soonas the cost is lower, but will continue to try to improve the cost until it decides that further workwill not be cost e�ective. In all cases, termination must involve conditions that are independent ofsuccess. A region will not necessarily achieve success, so termination conditions must ensure thatthe region stops regardless of success at achieving a goal.A parent region may want to have some control over the execution of a subordinate and thusmay want to be able to indicate conditions for termination. A parent region, for example, mayrestrict a subordinate to execute for a certain amount of time, to apply only a certain number oftransformations to a query, or to produce some limited number of alternative equivalent queries.In order to allow this type of parental control, a region's condition for termination must be adisjunction of the conditions de�ned by the region and the conditions added by the parent atexecution time. In e�ect, the parent's requirements for a subordinate's termination can overridethe subordinate's conditions when necessary.Although termination conditions are expected to re
ect the execution of a region, and willusually be independent of the region's goals and success, termination conditions can be used bya parent as a limited way to specify goals the parent wants a region to meet. As noted in theprevious subsection, a parent cannot arbitrarily set goals for a subordinate since the child regioncannot necessarily modify its control su�ciently to address the goals. However, a parent can specifya termination condition for the region that the parent, not the child, treats as a goal. The childregion would indicate success relative to its own goals, and the parent could check the terminationcondition that it wants to treat as a goal to see if that condition/goal is met. For example, a parentmay be satis�ed with a twenty percent cost improvement. It could specify such an improvementas a termination condition, possibly causing the region to terminate before the child recognizessuccess. The parent would then have to check the result to see if that condition is met.66



5.1.4 From abstract query to access planThe optimization of a query takes an expression in a high-level query language and �nds a goodplan, in a lower-level language, for accessing the database to execute the query and produce therequested result. This process usually involves a sequence of stages, each of which manipulates aquery expression in some way. Some of these stages may have di�erent input and output querylanguages. For example, the methodology of Straube [144] �rst manipulates a calculus query, latertransforms it to an algebraic query, then, after manipulating the algebraic query in di�erent ways,transforms that to an access plan in a language for object access. Almost all query optimizers(extensible or not) process a query through some �xed sequence of optimization stages (e.g., [45],[54], [56], [64], [129], [130], [142], [152]).An Epoq optimizer can simulate this kind of sequential processing in a straightforward way.For example, each stage of processing could be represented by a separate region, with a single levelof control over those regions responsible for executing them in the desired order. The higher-levelcontrol region would make no decisions about which region to execute next | the execution orderis a �xed sequence. A region in this sequence might have its own subordinate regions. For example,in the Straube approach [144] an algebraic expression is processed in two stages; the �rst checkstype consistency in the expression and the second applies equivalence preserving rewrite rules tothe expression. In Epoq these could both be subordinates of a region that manipulates algebraicquery expressions.Of course, the simulation of sequential processing of queries with Epoq does not use the potentialof the Epoq approach. Although an Epoq optimizer would be expected to have regions thattranslate from one language to another, as well as regions that work within a single language, the
exibility of the region-based approach allows for regions that may understand di�erent languages.Also, regions that understand the same language may be combined in di�erent ways for di�erentqueries, and regions that translate from one language to another do not necessarily have to beexecuted sequentially. Although there is an implied sequence between groups of regions (i.e., regionsthat only understand queries in language A could not immediately follow any region that onlyproduces queries in some di�erent language B), within groups of regions the order of execution canrespond to the query being manipulated. For example, regions which consume and produce queriesin only language A (i.e., rewrite regions for A) can be executed in di�erent orders for di�erentqueries depending on their goals, the query, and the strategy of their parent region.In addition, Epoq allows for regions that can understand more than one language and whoseexecution can be intermingled with the executions of regions understanding di�erent languages.This could be useful, for example, in developing strategies that can use access plan informationto help guide rewrite. Such strategies could alternate between higher-level algebraic rewrite andlower-level access plan generation, and perhaps use this ability to generate more e�cient plans (assuggested in [144], for example).5.1.5 Comparison with other optimizersThe main di�erence between the Epoq approach to optimization and other approaches for extensibleor object-oriented optimization systems is that Epoq provides for extensibility of the optimizationprocess itself. As noted earlier, most extensible optimizers (e.g. [45], [54], [56], [64], [140]) providea �xed strategy for searching for and applying rules for query transformation. In other words,although the possible optimizer results can be extended, the optimization process itself is �xed.This is analogous to the single 
ashlight picture in the introduction to this chapter. Proposals forobject-oriented optimizers either use one of these extensible approaches [15] or provide some �xed67



sequence of optimizer processing strategies [29, 81, 146].The Epoq approach is motivated by the desire to extend an optimizer with new strategies foroptimization. In other words, the optimization process itself is extended. Optimizer strategy ex-tensibility also motivates the approaches of Lanzelotte and Valduriez [89] and Sciore and Sieg [129],so we will discuss these in more detail here.Sciore and SiegSciore and Sieg propose a modularization of the optimization process and describe an optimizergenerator to build the modules [129, 137]. An optimizer is generated as a term-rewriting system inwhich rules are grouped into modules. In their approach the rules, and the strategy for searchingfor and applying rules, are separate. As a result, di�erent modules can have di�erent control overrule search. This achieves the goal of providing di�erent strategies for di�erent processing withinan optimizer, but all strategies must be implementable as rule systems.Although Sciore and Sieg support extending an optimizer with new strategies, the way in whichthese strategies are integrated into the optimizer is very di�erent from the Epoq approach. Inthe Sciore and Sieg approach, modules interact with each other in ways that are �xed when themodules, and the rules, are written. A module declares a predecessor and a successor module, andrewrite rules may contain calls to other modules. Thus, a query moves through an \assembly line"of modules that is �xed regardless of the characteristics of the query being processed. In contrast,in Epoq control over the execution order of regions is separated from the regions being controlled.This modularization results in a control that can respond to the particular query being processedand to the dynamics of the processing of that query.Lanzelotte and ValduriezLanzelotte and Valduriez address the problem of customizing the optimization process to a partic-ular query by focussing on an extensible way to de�ne strategies for manipulating query expres-sions [89]. These strategies are modelled as search strategies over a space of equivalent query trees,and each search strategy is implemented as manipulations over such a representation. Di�erentsearch strategies are related through a sub-type hierarchy of strategies, with higher level speci�ca-tions describing the methods present in a search strategy and lower level specializations (i.e. thespeci�c strategies) implementing these methods (in di�erent ways). A particular strategy can bemodi�ed by changing the implementation of any of its methods.Di�erent strategies are integrated in the sense that they all specialize a common model forsearch strategies. The common model is the search strategy for the optimizer and, at optimizerexecution time, a specialization of the strategy can be used to process a particular query. Thesearch strategy specializations are analogous to our leaf regions (and to the modules of Sciore andSieg) and, indeed, may provide useful tools for specifying the implementation of regions. However,this work does not address the integration of the di�erent strategies to process a single query atoptimizer execution time. Given a query to process, one of the strategies present in an optimizeris chosen to optimize that query.5.2 An exampleTo illustrate the Epoq approach we will follow an example query through the optimization process.For the purposes of this example, assume that the optimizer has the following regions:68



1. Cost-guided | The goal of this region is to �nd a query expression with lower expectedexecution cost | i.e. this region is an optimizer. Syntactic transformation rules are usedto manipulate arbitrary query trees. Application of the rules is directed by cost informationabout the operations and data involved in the query.2. Join conversion | In this region an arbitrary query can be transformed into a query in acanonical join form; i.e. a form in which join operations are grouped at the bottom of thequery tree. Such a transformation, of course, may not be possible | in which case theinput query is returned as the result. The goal of the region is to �nd the canonical form, ifpossible, disregarding any cost aspects of the query. The expectation is that this form willlead to further, cost-e�ective transformation by other regions.3. Join reordering | This region manipulates queries that are expressed in terms of Join oper-ations to determine good join orderings and access methods. The goal is to �nd a lower-costquery.We will assume that these are the only regions in our optimizer, although a full optimizer would beexpected to have regions handling a large variety of problems encountered in object queries (e.g.path expressions or semantic optimizations).4The regions in this example each represent a di�erent strategy for query manipulation. Thecost-guided region works similarly to existing rule-based optimizers that choose and apply trans-formations that are expected to reduce the cost of query execution. Rules about join reordering arenot included here, since such transformations are probably better addressed by the join reorderingregion which uses a dynamic programming algorithm to manipulate join orderings. The join con-version region simply performs a query transformation. It is not concerned with improvement inthe cost of query execution and may not even be able to discover any join relationships in a query.The query we will manipulate is based on the scheme of Table 4.15 and is stated as follows:For each vehicle, list all possible drivers. Anyone who is over the age of 15 and lives inthe same house as an owner of the car is a possible driver.6This query can be expressed algebraically asProject(Vehicles,�v <V:v,Drivers: Flatten(Image(Select(People,�p v 2 p.cars),�o Select(People,�p1 p1.age > 15^ p1.residence = o.residence)))>)Each Vehicle is matched with a set of people who are considered to be drivers of the vehicle. Theresult has type Set[Tuple[V:Vehicle,Drivers:Set[Person]]]. To simplify the explanation of theproblem, assume that each vehicle has at least one owner. This means that the results will neverinvolve empty sets of Drivers. This simpli�cation means that we do not have to deal here withthe outerjoin semantics of Project. Solutions to problems dealing with outerjoins can be foundelsewhere (e.g.[38]).Assume that this query enters the optimizer as the tree in Figure 5.4. The optimizer �rst anno-tates the tree with cost information such as ordering, indices and other storage access structures,4This example is intended to illustrate how an optimizer could work on a query. A more complete optimizer, withmore levels of regions and controls speci�ed for most levels, is included in Chapter 8.5The residence property of type Person is modi�ed for this example to return a single residence.6We call this the \insurance query" since, in Massachusetts, drivers who live with a car's owner may not be coveredby the owner's insurance policy unless they are listed on that policy.69
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control structure of an Epoq optimizer means that the recognition of such new information, andthus any modi�cations to existing regions, is con�ned to direct ancestors of a new region.New strategies that duplicate the goals of existing regions can be added as children to a regionwithout modifying the control strategy of the parent region. Once the parent is informed thatthe new region exists, the parent region can choose to use it to achieve goals in response to theapplicability information and goals provided by the new child region.5.4 A Formal Basis for RegionsThe Epoq approach is based on the idea that regions act as equivalence transformations over queriesand can be composed. A region consists of transformations that can be performed on queries andcontrol over the execution of these transformations. In an Epoq hierarchy a region can act asa transformation for another region (its parent). The control strategy of a region de�nes whichtransformations can be performed by that region. A region's control over the execution of itssubordinates results in a sequence of region executions producing a transformation of a query.In this section we formalize these ideas. In Section 5.4.1 we de�ne general query transformations.We extend this de�nition to equivalence transformation in Section 5.4.2. In Section 5.4.3 wecharacterize control strategies as sequences of equivalence transformations. These ideas form thebasis for Section 5.4.4 where we formalize the idea of a region as a transformation.5.4.1 Query TransformationQuery transformations are partial functions over query expressions. We force these functions tobe total by assuming the existence of a null (unde�ned) query, ?, that can be returned by anyfunction.9In the following, the equal sign (=), when used with queries or expressions, denotes equalityof symbols; i.e., q = q0 denotes that the symbols q and q0 represent identically the same query orsyntactically the same query expression.Notation. Let Q denote the space of all query expressions. We denote an element of Q as q; qi; q0,etc. The symbol ? is used to denote an unde�ned query.We transform a query expression representing a query q to �nd an expression representing aquery equivalent to q. In the following, we use the terminology `query' and `query expression'interchangeably since we assume that a query expression represents a unique query.Definition 5.1. A query transformation t : Q [ ? �! Q [ ? is a function over query expressions.For all t, t(?) = ?.Notation. We use T to denote the set of all query transformations.Notation. Given ti 2 T forall i = 0. . .n, (tn; tn�1; :::; t0) denotes a �nite sequence of transformations.The abbreviation (tn...0) represents the same sequence. The sequence () denotes an empty sequence| i.e., a sequence of no transformations.Definition 5.2. Given ti in T forall i = 0. . .n, and q in Q, (tn; tn�1; :::; t0)(q) is de�ned to betn(tn�1(. . . (t0(q)) . . .)), i.e., the composition of the transformations. The empty sequence appliedto q returns q; ()(q) = q.9In practice, the input query would be returned instead of ?. However, a success indicator would also be returnedby a region, indicating that the result is e�ectively the unde�ned query (see Section 6.2). The use of such a result isup to the region requesting the transformation. 75



Observation 5.1. Given transformation sequence (tn; tn�1; :::; t0) and any q 2 Q, if for somei 2 f0; . . . ; ng (ti; ti�1; . . . ; t0)(q) =? , then (tn; tn�1; . . . ; t0)(q) =?.The processing of a query involves the composition of transformations of the query. The com-position of a �nite sequence of query transformations is itself a transformation; each transformationproduces a query expression which is then processed by the next transformation. If at some pointa transformation produces an unde�ned result, then each subsequent transformation will producean unde�ned result since t(?) = ?.10 In other words, a transformation sequence (tn; tn�1; :::; t0) isde�ned over a query expression q only when each ti is de�ned for the result of ti�1.5.4.2 Equivalence transformationsThe transformations an optimizer is concerned with are equivalence transformations, i.e., trans-formations producing expressions that preserve the result of query execution. As discussed inChapter 3, there is more than one notion of equivalence for queries. These equivalences corre-spond to di�erent notions of equivalence for query expressions. For the purposes of this discussionwe assume some equivalence relation over query expressions and use the symbol � to denote thisequivalence.Definition 5.3. Given a query expression q and equivalence � , E(q,�) is the space of all expressionsequivalent to q under �.Notation. We write simply E(q) when � is clear from the context.Definition 5.4. t 2 T is an equivalence transformation over Q when 8q 2 Q if t(q) = q0 then eitherq0 2 E(q) or q0 = ?.It is possible that some query transformation t in T transforms query q into a query in E(q) buttransforms query q1 into a query that is not in E(q1). We do not want to use such transformationsin an optimizer.11 We are concerned here only with transformations that preserve equivalencefor all expressions over which they are de�ned. From here on, unless otherwise noted, the termtransformation will be used to mean equivalence transformation.Notation. T E is the set of all equivalence transformations over Q.We noted that a sequence of transformations is itself a transformation. Similarly, a sequenceof equivalence transformations is an equivalence transformation. Our characterization of the opti-mization of a query as a sequence of region applications is based on the composability of equivalencetransformations.Observation 5.2. If ti 2 T E for all i = 0 . . .n, then (tn; tn�1; . . . ; t0) 2 T E .Note that the converse of this statement is not true; i.e., if a sequence of transformations is anequivalence transformation we do not know whether the individual transformations are equivalencetransformations. We showed in [132], for example, a sequence of transformations that included oneweakly equivalent transformation but was overall strongly equivalent | a mixture of two di�erentde�nitions of equivalence.10Again, in practice, there will be no `unde�ned' query and a parent region will have to decide how to proceed withtransformations after receiving a `no success' indicator after the execution of a region. A region could, for example,ignore the unsuccessful transaction and proceed with processing the same query. Or a region could back up to someprevious transformation point and try to produce a di�erent sequence of transformations.11It might be interesting to investigate transformations that preserve equivalence over only some subset of queries.A major di�culty here would be in characterizing the input set over which equivalence is maintained. We do notconsider such transformations at this time. 76



5.4.3 Control StrategiesA control strategy, in e�ect, determines possible sequences of transformations over queries. Aparticular transformation performed is determined by a region as a function of the query beingprocessed and any previous processing of the region on that query. The potential transformationsthat can be performed characterize the region's control strategy.Definition 5.5. A control strategy S is a (possibly in�nite) set of �nite sequences of equivalencetransformations. I.e., S = f(tij ; tij�1 ; . . . ; ti0)g such that 8i; j tij 2 T E .Note that this de�nition characterizes a control strategy; it does not give a way to build controlstrategies. However, control strategies need to be implemented in such a way as to satisfy thischaracterization. For example, a control strategy must terminate processing a query, as indicatedby the �nite transformation sequences.Note also that a control strategy includes only equivalence transformations. This is because weare only interested in regions that �nd equivalent queries.In general, we would expect the sequences in some control strategy S to overlap. For example,if the implementation of a control strategy can stop processing a query at any time, then thecharacterization of the strategy would include sequences that are pre�xes of other sequences in theset; i.e. if (ti; . . . ; t0) 2 S then (tj ; . . . ; t0) 2 S 8j = 0 . . . i� 1.A control strategy induces a search graph over Q [ ? in which the nodes are queries and theedges are transformation steps. This graph may be cyclic, since a transformation sequence may, forsome queries, result in repeated visitation of a query. These cycles do not retain the informationabout the �niteness of the transformation sequence.12 Any query q to which a transformationsequence in S can be applied is the root of a subgraph of this search graph. The nodes reachablefrom q using S are a search space induced by control strategy S.Definition 5.6. The search space of S for query q, denoted S(q), is the set of queries in Q reachablefrom q using the transformation sequences in S. In other words S(q) = fq0 2 Q j 9(tn; . . . ; t0) 2S such that (ti; . . . ; t0)(q) = q0 for some i 2 f0; . . . ; ngg:The search space of strategy S for a particular query q may be empty. This would occur if the�rst transformation of every sequence in S is not de�ned for q (i.e., if ti0(q) =? 8(ti) 2 S).Observation 5.3. S(q) is a subset of E(q).Any path in a search graph connects equivalent queries since each edge represents an equivalencetransformation. Thus, a control strategy results in a search through the space of queries equivalentto the input query. This matches the characterization of regions in Figure 5.2 | the control strategyof a region limits the search for an equivalent query to a subset of all equivalent queries.5.4.4 Regions are TransformationsA fundamental characteristic of the control in Epoq is that it uses subordinate regions as querytransformers. This ability is based on the idea that a region is essentially a query transformation.The region involves a control strategy for applying transformations and, produces a transformedquery result. Thus, we characterize a region by its control strategy and a function that can, foreach query, produce an element of the control strategy (i.e., a sequence of transformations) thatcan be applied to transform the query.12The control over execution of a region implementing a control strategy would, we hope, detect such cycles andadjust accordingly. 77



Definition 5.7. A region R is a pair (S,r) where� S is a control strategy,� r: Q�! S [ () is a function, called the output function of R.The function r characterizes the region's control and indicates that the control responds to thequery being processed. Given a query, the region's control implements the control strategy byselecting which transformations to perform, determining when to terminate the application oftransformations, and selecting, when possible, a transformed expression that meets the region'sgoals. These aspects of regions are discussed in Chapter 6.Definition 5.8. Given region R= (S,r), the application of region R to query q, denoted R(q), isde�ned as r(q)(q).In other words, the application of a region to a query is the application of the transformationproduced by the region's output function to the query. This de�nition of region supports our useof a region as a query transformation | the output function produces a transformation sequencethat can be applied to transform the region's input query. The de�nition also supports our char-acterization of a region as a transformation that applies itself | the application of a region to aquery includes the region's application of its output function to the query.A region may not be able to process an input query; i.e., it is possible that R(q) = ?. Thisresults when r(q) = (tk...0) and (tk...0)(q) =?. In practice, we will not let this happen and willrequire r(q) = () whenever the control strategy does not de�ne a result for an input query.In the search graph induced by the control strategy,13 the result of a region execution will be aleaf of one of the paths in the graph; r produces that path.14 If r produces an empty sequence, theimplication is that q is the only node in a path of length 0. In this case, R(q) = ()(q) = q. Notealso that R(?) =?.Observation 5.4. A region R is an equivalence transformation over Q.This follows from De�nitions 5.4, 5.5, 5.7 and 5.8, and forms the basis for the Epoq approachto query optimization. A control strategy can describe sequences of region applications as itstransformation sequences. These sequences are well-de�ned and will search a subset of the queriesthat are equivalent to the input. The control of a region implements a control strategy by choosing,for each query, a sequence of region applications to transform the query.5.5 SummaryThe Epoq approach to extensible query optimization provides for extending the collection of strate-gies used for optimizing query expressions. Strategy extensibility is a new kind of extensibility inquery optimization that supports any database model but is, in particular, motivated by the re-quirements of object-oriented database systems.In this chapter we introduced the notion of strategy extensibility, and presented the Epoqapproach to providing this kind of extensibility. An Epoq optimizer is a hierarchy of regions,each of which de�nes its own strategy to try to achieve some goal on a query expression. The13Again, the graph includes ? since transformation sequences in the strategy may reach unde�ned queries.14It is certainly possible that more than one path leads to the same result; we only need to know one of these tobe able to �nd the result. 78



strategies of sibling regions are integrated through the control of their parent region. We discussedin Section 5.1.3 some of the requirements for providing such a control.The hierarchic approach of Epoq, and the parent control, are based on a formal view of regions asequivalence transformations that can be composed to optimize a query. The integration of di�erentstrategies is supported by common region interfaces, including a common query representation, andby a goal-directed parent control. In the next chapter we present an architecture for the interfaceand control of regions, and describe a particular control that is based on planning the optimizationprocess. In Chapter 7 we present an extensible representation for queries that can be used by anEpoq optimizer.
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Chapter 6The Epoq ArchitectureThe Epoq approach to extensible query optimization is to allow extension of the collection ofstrategies that can be used when optimizing a query. Each strategy can search some portion ofthe space of queries equivalent to the optimizer input query. Di�erent strategies will usually searchdi�erent (possibly overlapping) parts of the search space, although di�erent strategies may simplyo�er alternative ways to search the same space.In Epoq, a strategy is captured in a region, and regions are combined to process any given query.The major issue addressed by the architecture is how to combine the regions to process a query.In the Epoq architecture, a region is a module, and the modules are connected as a hierarchy. AnEpoq optimizer is a rooted, directed acyclic graph of region modules, as shown in Figure 6.1.
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of its child regions. Child modules transform queries at the request of a parent region, and mayalso act as parents by using subordinate regions to assist with this transformation.Structuring the region modules as a hierarchy puts knowledge about regions that can cooperateto process a single query in one place, i.e. a parent. The parent's strategy determines how itssubordinate regions will cooperate. This determination is part of the parent's control over itsbehavior and the use of its subordinates. In the control proposed in this thesis, a parent causesits children to act in sequence, thereby composing their actions. This control is based on theobservation that regions are essentially query transformations { they process an input query toproduce an equivalent result query. Since all transformations are equivalence transformations, anyordering of region executions will produce an equivalent query. A parent region composes thetransformations of its subordinates to produce such a result query.Alternative controls, that result perhaps in children processing concurrently, are left for futureresearch. It might be interesting to explore the possibility of di�erent regions working on di�erentparts of a query concurrently, or of di�erent regions processing the same query in parallel with theparent choosing how to combine the di�erent results.We distinguish two kinds of regions in an Epoq optimizer { interior regions (including the root)and leaf regions. Both kinds of regions are transformations, but they di�er in that the control ofinterior regions manipulates transformations represented by other regions in the optimizer, whereasthe control and transformations of a leaf region are internal to the region and are not explicitlyaddressed in the architecture. Indeed, in Figure 6.1 the leaf regions are shown simply as transforma-tions. Of course, these transformations will in practice be complicated strategies for manipulatingqueries. The architecture and design presented in this thesis concentrate on the the integrationof transformation strategies; we address in particular the control and interface requirements forinterior nodes.An Epoq optimizer can be con�gured in many di�erent ways. Some of these con�gurations aredepicted in Figure 6.2. Figure 6.2a illustrates an optimizer with a single control over a number ofquery processing strategies. We expect this will be a common con�guration for an optimizer. Itis possible, however, for an optimizer to have many levels of regions, and thus levels of control.This is illustrated in Figures 6.2b and c. In Figure 6.2b, two sibling regions share a child region.In Figure 6.2c, the root region and one of its children share a child. As can be seen from this�gure, the levels of an optimizer do not have to be distinct. Sharing of children will occur whentwo distinct processing strategies can both make use of the same transformation. For example, aregion processing a nested query and a region that processes only Select operations may want touse the same strategy for manipulating Boolean expressions.An Epoq con�guration will always be a hierarchy; i.e., there are no cyclic region connections.This corresponds to the idea that subordinate regions search a subspace of the space searched bytheir parent region; each subordinate performs a portion of the overall transformation of its parent.The composition of the transformations performed by subordinates is equivalent to a union of thesearch spaces.The Epoq architecture supports the integration of regions, and optimizer strategy extensibility,through a common region interface, a canonical representation for queries, and a hierarchical controlover region execution. In the next sections we present these features in more detail. We presentan architecture for regions in Section 6.1. The architectural requirements for the region interfaceand query representation are presented in Section 6.2, and the components of a region's controlare presented in Section 6.3. A major component of control is decision-making; in particular,determining which child region will transform a query next. In Section 6.4, we present a controlthat uses planning to decide the order in which subordinate regions are executed to process a query.82
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Interface to children

ControlFigure 6.3: Architecture of an Epoq Region.6.1 Region ArchitectureIn Section 5.4.4 we showed that the characterization of region as a control strategy and a way ofchoosing one result of applying that strategy is su�cient to support the idea that a region is atransformation. This is important because, in the Epoq architecture, regions that are children ofother regions are used as transformations by their parent.In Figure 6.1 interior region modules are depicted as control over query transformation, andleaf regions are depicted as simply transformations. In the �gure, control indicates that an interiorregion has control over subordinate regions that do transformations.All regions, however, have control over the transformation of queries. This conceptual view ofa region describes the fact that a region implements a control strategy for manipulating queries.The transformations of a region are those described by the control strategy, and the control isthe means by which the control strategy is implemented. For interior regions, the transformationsused by the control are subordinate regions as well as, possibly, internally de�ned transformations.For leaf regions, all transformations are internally de�ned. Such transformations may be explicit;for example, a rule-based optimizer contains an explicit set of rules and a control mechanism thatimplements some sort of rule search. The transformations will often be implicit, i.e., built into thecontrol mechanism. For example, a region that uses dynamic programming to generate e�cient joinorderings uses, implicitly, commutativity and associativity transformations on the join operation.An architecture that implements this conceptual view of regions is depicted in Figure 6.3. Thecontrol of a region provides all the functionalities necessary to implement regions characterized ascontrol over query transformation. These functionalities include deciding which transformations toapply, deciding which query or subquery to process at any point, executing these decisions, manip-ulating query expressions, determining when to terminate region execution, determining whetherthe region has successfully transformed an input query, and choosing a result query.The term control, then, refers to the processes that are executed within a region to transform aquery. The term control strategy is used to describe the conceptual process of query transformation,as in Section 5.4.4. The control strategy of a region is implemented by the region's control.The region interface provides the support for communication between the control of a region andits parent or child regions. The interface to its parent allows a region to be used as a transformationby the parent. Thus, for example, this interface must at least present a transformation result to theparent. The interface to a region's children allows the region to use the children as transformations.84
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Figure 6.4: Interface Between a Parent and Child Region.This interface can request information from children which is then supplied to the region's control.The interface and control components of a region are discussed in more detail in the nextsections.6.2 InterfaceA region participates in two interfaces: the interface with its parent(s) and the interface with itschildren. Leaf regions, of course, have an empty interface to children. Conversely, a parent-childinterface exists in two parts: the parent's interface to its children and the child's interface to itsparent. The interface of a parent to its children, and that of the children to their parent, obviouslymust be compatible.Epoq de�nes a common structure for the interface to ensure structural compatibility. Thissupports communication between regions as well as the addition of new regions to an optimizer.As noted in Chapter 5, however, structural compatibility does not ensure semantic compatibility.Although Epoq de�nes a meaning for the components of the structure, a common meaning for theimplementations of these components (i.e., a common meaning for the actual information passedthrough a parent-child interface) is primarily the responsibility of the system implementor.The architecture of all parent-child interfaces is the same, although the implementation of thisarchitecture may be di�erent for each interface. For example, the architecture speci�es that aquery passes between a parent and a child region. Although we would expect all interfaces to usethe query representation of Chapter 7, it is possible for a particular parent-child interface to use adi�erent query representation. Of course, if a region R participates as a child in a communicationrequiring the standard query representation, and R participates as a parent in a communicationrequiring a di�erent representation, then R is responsible for knowing how to translate between thetwo representations. The root region, for example, might accept and return a query expression asa string if it can translate that form back and forth between the annotated representation to beused in the optimizer.The diagram of Figure 6.4 indicates the kinds of information passed between a parent and childregion. The arrows in the �gure indicate the direction of information 
ow. For example, queriesare passed both ways: a query to be transformed is passed from a parent region to a child, and atransformed query is passed from a child region to its parent.85



Goals are also passed both ways: a child can tell its parent(s) which goals it can try to attain,and a parent, when it sends a query to a child region, indicates which goal it wants the childto apply to the query. Success information is passed from the child to the parent to indicatewhether the requested goal was actually attained. Goals and success are discussed in more detailin Section 6.2.2.Applicability information is passed from a child to a parent. This information characterizesthe input queries of a child region; i.e., it tells a parent whether or not a child might be able tosuccessfully transform a query. Applicability is discussed further in Section 6.2.3.Termination conditions can be passed from a parent region to exert control over the executionof a child. Whether or not the child will actually be able to use these conditions depends onthe control implemented in the child. The control presented in Section 6.3 can use terminationconditions passed by a parent, so we discuss this topic further there.6.2.1 Static and Dynamic InterfaceThe interface between a parent and child region can be considered to be two interfaces:� The static interface is query-independent communication. This consists of information sharedby a parent and child region without knowing what query is to be processed.� The dynamic interface consists of information passed back and forth between parent and childregions during the optimization of a query.The term static refers to the fact that the information can be shared before the optimizerexecutes; similarly, dynamic refers to the execution of the optimizer. Static information may betransferred at optimizer execution time, but the nature of the static information does not requirethis.Static information is usually passed from a child region to a parent; it is the means throughwhich a child region tells its parent about its abilities. Static interface information only needs tobe provided once to a parent by each subordinate region (unless of course some change in the childregion results in a change to the interface information).Goals and applicability can be provided statically from a child to its parent(s). Applicabilitydescribes which queries can be transformed by a region, and a region's goals describe query statesthat can be attained on queries to which the region is applicable. Both descriptors are basicallypredicates over query expressions, and it is these predicates that can be statically provided to theparent. A parent can apply the predicates to a query and use the results to help it determinewhether to use a region.Applicability information may also be provided dynamically. In this case a subordinate regionwould apply its applicability predicate and supply the result to the parent. For example, a region,once it sees the query to be processed and the parent's requested goal, may be able to assess how longit will take to meet the goal. The decision as to whether a particular measure of applicability shouldbe static or dynamic must be made by a system implementor. In general, applicability involving aBoolean assessment of the query alone can be static, but applicability involving assessments of theactual execution of the region (e.g., time or space) should be dynamic.The query being processed is, by de�nition, part of the dynamic interface; the query is passedfrom a parent region to a child and back again after it is transformed. A parent will also passa goal to a child. This goal must be one of the goals the child can try to attain (the staticallyde�ned goals). A region may not be able to achieve its goals for every query it processes, so successinformation is also part of the dynamic interface.86



Finally, the termination conditions requested of a child by a parent are part of the dynamicinterface. Such conditions are intended to allow the parent, while doing its own processing, toa�ect the execution of a child region. This e�ect is intended to be query dependent. Terminationconditions in general are an integral part of a region's control, and should normally be built intothat control (statically). The conditions that are passed from a parent may a�ect the e�ciencyof a child's control and should therefore be used infrequently. Conditions that are independent ofa particular query expression should be implemented integrally with a region rather than beingpassed through the interface.6.2.2 GoalsGoals describe query states a region can try to attain. A region de�nes a set of goals, and thoserecognized by the parent can be used in the parent control's decision-making. Since a region'sstatement of goals is independent of the particular query it is processing, those goals are part ofthe static interface between a region and its parent.Let G be the goals domain; i.e. G is a set of all possible goals. There are two subsets of thesegoals that participate in a parent-child interface.� GP is the set of goals recognized by a parent region.1� GA is the set of goals attainable by a region.To say a goal is `recognized' by a parent region means that the parent contains the control mech-anisms to request that a child region work towards that goal. A goal is `attainable' by a regionwhen the region has the control mechanisms to work towards that goal. Attainable does not meanthat the region will necessarily achieve the goal for a particular query.Notation. If X is a region, then GP (X) is the set of goals recognized by X. Similarly, GA(X) is theset of goals attainable by X.For any set X, GA(X) is the set of goals that X passes, through the static interface, to all of itsparents. In general, one would expect that, for X a subordinate of Y, GA(X) � GP (Y ). However,since X could be a subordinate of many regions, it is certainly possible that X could achieve somegoals useful to one of its parents, and other goals useful to other parents.It is important to ensure, however, that the goals of a subordinate intersect the recognizablegoals of a parent since the subordinate is useless if it cannot achieve any of its parent's goals. Inother words, for regions X and Y, if GA(X)\ GP (Y ) = ; then X cannot be a subordinate region ofY. If region Y is a parent of region X, then the goals that can be used by Y in considering whetherto use subordinate region X are exactly those goals attainable by X that are recognized by Y.In other words, the only goals that should be passed from a parent to a child are those goals inGP (Y ) \ GA(X). Any other goals would not be recognized by the control mechanisms of the child.6.2.3 Region ApplicabilityApplicability refers to the ability of a region to transform a query. Thus, applicability is directlyrelated to the control strategy of a region; a region for which some transformation applies to aquery q is said to be applicable to q.Definition 6.1. Let region R = (S, r) and q be any query. R is applicable to q if there exists atransformation sequence (ti...0) in S such that (ti...0)(q) = q0 6=?.1The goals recognized by a parent region are, in Section 6.4, also called primitive goals, thus the notation GP .87



Of course, assessing applicability of a region to a query by �nding a transformation sequenceis not feasible, so a region needs to use other measures to assess its applicability. We do notrequire that these measures be exact { they should not, however, eliminate queries the region cantransform. An applicability measure for a region should indicate necessary conditions for a regionto transform a query.Practical measures of applicability may consider goals, the input query, termination conditions,transformations, region control, etc. The interface may actually contain two kinds of applicabilitymeasures: predicates that indicate whether or not a region believes it can transform a query, andfunctions that return some comparative measurement of a region's expected ability to transform aquery. Applicability measures provide a means for a parent region to eliminate from the decision-making process regions that will not be able to process the current query. Thus, they are used toimprove the e�ciency of the optimizer.Static ApplicabilityStatic applicability predicates for a subordinate region describe the form of queries that can bemanipulated by that region. For example, a static applicability predicate could describe the factthat a region can process queries containing Join operations, or that a region can process nestedqueries.Static applicability is described in a predicate language over queries { we give such a languagein Chapter 8. The advantage of describing applicability in a predicate language is that a parentregion can determine applicability without actually calling the subordinate region during optimizerexecution. The parent can apply the subordinate-supplied predicate to a query, thus reducingthe number of calls to subordinate regions. Thus, de�ning applicability predicates as static is anoptional, but recommended, part of the interface.Dynamic ApplicabilityDynamic applicability functions are an assessment by a region of its ability to process a particularquery. This assessment may be a more detailed determination of applicability than just indicatingthat it may transform, or cannot transform, a query. After looking at a query expression, forexample, a region might bid for the opportunity to process the query, might provide an estimate ofexpected cost improvement if the region had the opportunity to process the query, or might providean estimate of expected processing time.A parent region requests, while the optimizer is executing, that a subordinate evaluate dynamicapplicability functions. The parent is assessed (statically) of the applicability functions availableto be executed by the subordinate and will provide input parameters for functions when it requeststheir evaluation by a subordinate. For example, a function that bids for the opportunity to processa query might have type Query ! 1..10, where a bid of 10 indicates that the region is very eagerto process the given query. A parent region could send a query to be processed to each of itssubordinates and ask them to bid on the query. The function results are assumed to be consistentacross regions. This could be assisted by semantic information provided to region-builders, andcould be more strictly enforced by normalization of region responses by the parent as discussed inSection 5.1.2.Although it is possible that a subordinate could provide dynamic applicability functions to theparent for the parent to execute directly (as is done for static applicability predicates), it is expectedthat assessments of dynamic applicability will be so closely associated with the subordinate's controlthat it will be more e�cient for the subordinate itself to execute such functions. Indeed, dynamic88
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ExecutionFigure 6.5: Components of Region Controlassessment of applicability may involve information that is internal to a region and should not beexposed (except implicitly through the result) to the parent.SummaryApplicability in an Epoq optimizer is similar in function to pattern-matching and condition-matching of left-hand sides in more traditional rule-based optimizers. Applicability di�ers in thatit doesn't guarantee that a region can process a query, but only tells when a region can not processa query. This di�erence is accounted for in the region control. A region requests that an applicablesubordinate achieve a particular goal on a query, and must be able to accommodate failure of thesubordinate to achieve that goal.6.3 Control ArchitectureThe actual transformation of a query expression is the responsibility of the region control. Theregion interface provides information to the control, and relays control results and requests toother regions, and the control components interact with each other, and with the interface, toe�ect the transformation process. Through its management of the transformation process, thecontrol implements a control strategy for the region.The control of an interior region uses subordinate regions to perform its transformations, whilethe control of a leaf region performs all query transformations internally. In either case, however, thecontrol consists of the same basic components. These components will be implemented di�erentlyfor di�erent regions, resulting in di�erent control strategies for the regions.In this section we discuss the components that are present in all region controls. In Section 6.4we look more speci�cally at an extensible interior control that is based on planning the optimizer ex-ecution. The interior control is concerned, in particular, with determining sequences of subordinateregion executions that transform a query to meet the region's goal.6.3.1 OverviewThe major components of a region control are pictured in Figure 6.5. The decision-making com-ponent is the central part of the region control. This component makes the decisions about whatprocessing the region must do to transform a query. It interacts with the control store to obtaininformation used in making decisions and to store information that may be used in later decisions.The decision-making component decides what transformations should be performed (which, for in-terior regions, translates to which subordinate regions should be executed) to manipulate a query.Conversely, the results of transformations can be input to decisions about how to (and whether to)continue the transformation process.A high-level view of region execution is depicted in Figure 6.6. Basically, a region continuestransforming a query until the decision to terminate the processing is made. A region �rst chooses89



initialize storewhile termination conditions not met dochoose a query and goalchoose a transformation to processtransform queryupdate store with result infoendwhilereturn \best" query and success indicatorFigure 6.6: Basic Region Executiona query or subquery to process and a goal for that processing. An initial query and goal areprovided by a parent region through the interface, but as processing continues the region may workon intermediate results, or on subqueries, with di�erent goals in order to try to attain the requiredgoal on the initial query. Intermediate transformation results may be stored, and after terminationa result to be produced by the region is chosen. That result may, or may not, re
ect success atachieving the initial goal for the transformation process.6.3.2 Control StoreThe control store supports decision-making by maintaining information used during region execu-tion. Items in the store are named (e.g., variable names) and typed so that they can be directlyaccessed by the region control and can be manipulated by methods de�ned over their type. The con-trol state consists of the contents of the store, along with information about the current processingstep.The store always includes an initial and current version of the query being transformed, as well asintermediate (equivalent) versions of the query. Intermediate query versions provide choices of waysto execute a particular query, and also provide processing choices for an optimizer. For example,in a rule-based optimizer intermediate versions of a query or subquery are usually maintained andthe rule search engine (decision-making component) will match rules to these versions for furtherprocessing.In order to support the control decisions, the store will also include a log | i.e., a history ofprevious processing. The log is used to keep track of the actions performed during the processingof queries. Such information could be used in control decision-making, for example, to preventrepetitive processing. It can also be used to support the undoing of partial results after failure toattain a goal.The store may also include other data as de�ned and required by a particular control. Forexample, the control de�ned in Section 6.4 can de�ne a working memory similar to that de�ned forrule-based programming languages such as OPS5 [34]. The memory can then include informationthat helps direct the control execution.A region's store is local to the region. Any information that should be visible to other regionsis passed as arguments through the region interface. The store is initialized by information passedat the interface when the region is called by a parent. The current query and goal information arestored, and the log is initialized, to indicate the parent's request. If a parent sends terminationconditions, these must also be stored. 90



Get Cost: Query �! costGet Equiv: Query �! QuerySetChoose Best: QuerySet, Goal �! QueryPrune: QuerySet �! QuerySetAdd Choice: QuerySet, Query �! QuerySetFigure 6.7: Methods supporting decisions and queries.In general, a region's control store persists for the duration of the region execution. When theregion terminates processing, a result is produced and the region memory disappears. There are,however, circumstances under which some portions of control state must persist through di�erentregion executions. In particular, a control might want to maintain statistical information about itsprocessing in order to adapt future processing decisions. Such information would have to persistafter a region completes a particular execution.Query Storage and ManagementThe store will contain queries, and two relationships between these queries: subquery and equiv-alence. The subquery relationship is an explicit part of the query | arguments to a query canbe other queries. Equivalence relationships are instances of a type called QuerySet. The instancesof this type are, abstractly, sets of queries; all queries in a single queryset are equivalent to eachother. The store will always contain at least one queryset | the set of queries equivalent to theinitial query.Some methods for supporting decisions about queries and querysets are shown in Figure 6.7.Methods Get Cost and Get Equiv retrieve information about the state of a query. The Get Costmethod retrieves the current cost of a query. That cost will depend on the cost model being usedin the optimizer. Retrieving the cost is supported by methods of the cost model. The Get Equivmethod returns the queryset associated with the input query parameter. This gives access to thequeries that are equivalent to the input query, thus allowing further processing such as iteratingthrough the equivalent queries, or choosing an equivalent query for processing.Methods de�ned for Type QuerySet may involve decision-making. For example, a querysetsupports method Choose Best to �nd the query in a set of alternative queries that best achievesthe required goal. Add Choice is used in the control whenever a new query is generated throughtransformation. The region control can decide, through the implementation of Add Choice, whetheror not a particular transformation result is stored for future manipulation. Method Prune furthermanages querysets by removing equivalent queries that are no longer useful to the control.The Query and QuerySet types are global to an optimizer, but the type representations andmethod implementations may be rede�ned within a region. Some methods would be expected tobe implemented in the same way for all regions. For example, updating cost information would bethe same for all regions.2Most methods would be re-implemented in a region, however, because the implementations ofthe methods help de�ne the control strategy of the region. For example, if a region processes aquery as, simply, a sequence of transformed expressions then the representation could store onlythe most recent query version. In this case, the Add Choice routine would replace the previous2Although, if a region maintains its own internal cost model, it may need routines for cost update relative to thatmodel as well as routines for updating cost relative to the model at the interface.91



query with the new choice, the Prune routine would be null, and the Choose Best routine wouldsimply return the query. A region may also de�ne additional methods for query manipulation. Forexample, a region may have a routine that can detect common subexpressions when processing aquery.Log ManagementThe log is a record of actions taken in a region. It includes a record of query modi�cations (i.e.,transformations) and may include a record of modi�cations to other information stored in memory.The log can support control decisions by recording the results of previous decisions. It can alsosupport a simple recovery scheme by o�ering the ability to restore the memory to a point prior tosome transformation of a query.The log must support a method Append(Log, LogRecord) to add a new record to the log. TheRetrieve actions supported by a log depend on the requirements of the particular decision-makingcomponent, and could include retrievals to answer such queries as:� what was the last transformation performed?� what was the last transformation performed on query Q?� what was the last transformation that resulted in query Q?� has query Q been transformed yet?� has a particular transformation been used?6.3.3 Decision-MakingThe primary component of a region is the decision-making component. The decisions that are madein a region determine the transformations that will be performed on a query, the modi�cations thatwill be made to the store, and future decisions that will be made.The decision-making functionality consists of components to choose a focus for processing (i.e.,a query and goal), choose a transformation to execute, decide what to record in the store as a resultof a transformation, decide when to terminate processing, and determine the result of the region'sexecution. These decision \modules" are re
ected in the execution depicted in Figure 6.6.The region focuses on a particular query and goal, and chooses a process for transforming thequery. These two decisions are complementary | the transformation to perform depends on thequery and goal, and the query and goal chosen may depend on what transformations are available.This duality is evident in rule-based optimizers, where queries are matched to transformation rulesand a best query/rule pair is chosen for next execution. In Epoq these decisions are made by aplanning system. The query and goal form a task for a region to perform, and the planning system�nds a sequence of transformations that tries to perform the required task. This system is describedin detail in Section 6.4.The decisions about modi�cations to make to the store can be incorporated in the implemen-tations of methods that update elements in the store. For example, the procedure callAdd Choice( Get Equiv(input query), result query)requests that the result of a transformation be recorded as a query that is equivalent to the querytransformed (i.e., input query). Add Choice could be implemented to decide whether the resultquery is su�ciently `good' to store. On the other hand, Add Choice could be implemented to92



always add a new query and there could be a separate decision-making method that determineswhether a result should be added.The �nal decision made by a region is the choice of query result. This decision is related to theprocesses that store alternative queries since the �nal query will be one of the stored alternatives.It is also related to a Success? method for the region goal, since a region will choose (if possible) toreturn an equivalent query that meets the goal. A region must return a query that is equivalent tothe input query, thus if no satisfactory alternative is stored the region returns the original query.TerminationTermination refers to the conditions under which the region stops its processing and returns to itsparent. These conditions are checked after each query transformation (see Figure 6.6) and, if theconditions are met, processing is completed.In general, the conditions for termination are built into the control. For example, a control maydecide to terminate after processing a certain number of transformations, after �nding a particularnumber of alternative queries, after generating an alternative that attains the region's goal, after�nding no good prospects for further processing the input query, etc.However, the hierarchical organization of region processing means that a parent region maywant (or need) to have some control over the termination of its subordinate regions. Such controlcan be implemented by sending termination conditions to a child region through the parent-childinterface. The disjunction of the built-in conditions and the parent's condition then becomes thetermination criteria for the region.A parent can send two kinds of termination conditions: conditions involving the state of thequery and conditions involving the utilization of resources. The former can be submitted to asubordinate as Boolean functions with one parameter | a query. At each termination check, thechild can supply the query argument to the parent's termination function and execute the function.For example, suppose a parent will be satis�ed if a subordinate that works to improve cost canimprove the cost of the query by 15%. The parent would supply a Boolean function Improve(initialquery, current query) that computes the percentage cost di�erence between an initial query stateand the current query state and returns true if that percentage is greater than or equal to �fteen.The parent would send a closure of Improve, with the initial query instantiated, to its child throughthe interface. At each check for termination, the child would supply the current query and executethe function.Termination conditions involving resource utilization generally require reasoning on the partof the child region. As a result, if a region wishes to convey such conditions to its children, thechildren must be constructed to directly respond to the particular conditions. For example, supposea parent wishes to set time limits on a child's execution. The child must be able to interpret thetime limits and, if it in turn calls other regions, must be able to apportion time limits to its children.6.3.4 Transformation ExecutionTransforming queries is done in response to decisions made by the control. For leaf regions thetransformations are done internally. For interior regions a query transformation usually involvesinvocation of a child region. Thus, the transformation execution module is the mediator betweencontrol decision-making and the parent-child interface.To invoke a child region, the query, goal, and termination condition parameters must be instan-tiated. The goal for execution can be passed directly to the child, but a copy of the query mustbe sent as the query argument. The copy semantics for the query argument re
ect the fact that93



the original query and intermediate transformations are maintained in the store. The child regionshould not directly manipulate the parent's store, and thus must manipulate a copy of the desiredquery. Any modi�cations to the copy are returned to the parent, where the decision about storingthe modi�ed query is made.The execution of a transformation is subject to conditions determining when the transformationshould terminate. As noted in the previous section, global termination conditions are passedbetween regions through the interface, thus the transformation execution module must be able toprepare such arguments. Such conditions may need to be modi�ed as they pass from parent tochild. For example, conditions about resource utilization might be modi�ed to re
ect the resourcesthat have already been used by the parent region.The execution of a transformation will result in a log entry indicating the query and goal fortransformation, the transformation performed, and the result. The log entry can reference the storeto indicate the query that is input to the transformation, and will also reference the store if theresult is chosen to reside there. If the result is not chosen to be stored, that fact will be noted inthe log. The transformation information in the log entry includes an indicator (i.e., name) for theregion performing the transformation. This log information forms a transformation history that canbe used by the decision-making system when planning future actions. The query state informationin the log could also be used to recover the query information in the store if, for example, thedecision system wants to back up and restart a sequence of transformations.6.4 A Planning-Based Control over RegionsThe Epoq architecture is based on the assumption that a region can determine a sequence ofexecutions for subordinate regions that will result in a desired query transformation. In this sectionwe present a region control that justi�es that assumption. This control is based on planning theoptimization process.Planning reduces a task to primitive actions [28]. In the Epoq context, a region's task is toachieve some goal on a query, and primitive actions are subordinate region executions. Plansdescribe how primitive actions can be combined to achieve a task.Plans use goals to describe tasks and subtasks that can be performed to achieve other goals.The planning process uses goals to progressively break a task into subtasks, and eventually toprimitive tasks (i.e., region executions). Thus the result of planning is a sequence of subordinateregion executions that may achieve the region's goal.Plans are de�ned in a rule-based language, where the rules provide heuristics about potentiallygood interactions between region executions. A rule search engine matches rules to the current goaland control state (including the current query), and chooses rules to execute. Rules describe threekinds of actions that can be performed: planning actions, primitive actions, and memory updates.Primitive actions result in subordinate region executions. Planning actions induce a forward chainthrough rule goals to �nd primitive actions. Update actions modify the region's working memorywith information that may be used later in the rule search.The rule language and working memory are patterned after rule-based languages such as OPS5[34]. A major di�erence, though, is that the Epoq rule interpreter interleaves rule manipulationwith the execution of subordinate regions. This interleaving of planning and execution is requiredbecause subordinate regions can fail to achieve their stated goal, and the success or failure of aregion execution to achieve its goal a�ects the optimization process. In other words, the sequenceof actions that is generated as a plan is a�ected by the execution of those actions. This is similarto reactive planning in the domain of robot control [46, 52, 76].94



In the remainder of this section we present the components of the planning-based control inmore detail. The working memory stores control state information and is discussed in Section 6.4.1.The rule language is presented in Section 6.4.2. Rules describe tasks that can achieve a particulargoal. Rules that achieve the same goal are collected into goal packages, discussed in Section 6.4.3.In Section 6.4.4 we present the execution model for the planning system, and in Section 6.4.5 weexamine how failure of a task to achieve its goal is handled in this model. In Section 6.4.6 wediscuss the inherent extensibility of the planning-based control.6.4.1 Working MemoryThe working memory stores the control state of a region. It consists of (name, object) pairs whereeach object is an instance of some abstract data type, and the name is an index that can beused to retrieve the object from the store. Working memory will store objects such as the currentquery being processed or alternative queries that have been discovered through transformations. InEpoq, the current and alternative queries can be stored using the query representation presented inChapter 7 and are manipulated by the query manipulation methods of Figure 6.7. A log of regionactions is also maintained in working memory. This is discussed in more detail in Section 6.4.5.Abstract data types can also be used to de�ne tuple objects, such as those used in OPS5 [34].Such objects would be used to help control rule execution. The working memory elements can bematched in rules and, in that way, can provide information referenced in rule actions as well asinformation that helps control the selection of rules to execute.Wm Add ( �name�, �object�)Wm Del ( �object designator�)Wm Apply ( �method�, �object designator�, (�parameter list�))Wm Match (�object designator�)Figure 6.8: Methods over working memory.The collection of working memory elements can be accessed using the methods shown in Fig-ure 6.8. The Wm Add method adds a (name, object) to the working memory. The object parametermight be a variable referencing a currently existing object, but could also be a function returningan object. For example, suppose the method new on type Flag requires an integer parameter called\id" and a query parameter called \query". The method applicationWm Add( Done, (Flag new(id = 1, query = Q)))adds a 
ag named Done to working memory.Wm Del removes the object(s) designated by its parameter from working memory. An objectdesignator gives a type and either a name for an object { a variable reference or a working memoryname { or a predicate describing an object (discussed later). For example, Wm Del(Flag Done)deletes the 
ag added in the last paragraph (and any other 
ags that happen to have the samename).Wm Apply is used to apply methods to working memory objects. These methods must bede�ned over the type of the object. The parameters required are a method to be applied, a way to95



determine the object(s) to which it is applied (i.e., an object designator), and a list (optional) ofany other arguments to the method. For example,Wm Apply(Update Cost, (Query Current Query))is a directive to apply the Update Cost method to the query named Current Query. Such a directivemight be used, for example, as the last step of a rule to ensure that the query cost is up-to-datebefore the next rule is chosen and executed. If a method returns a result, Wm Apply will forwardthe result. For example,Wm Apply(Choose Best, (QuerySet QS), (G))applies the Choose Best method to the queryset denoted by QS, with a goal argument G. Thequery result of Choose Best is returned by Wm Apply.These working memory methods are actions that can be performed by planning rules. Rulescan also use the Boolean operation Wm Match to pose queries over objects in working memory.The operation returns True if it �nds an object in working memory matching the object designator.As noted earlier, the object designator may be a type and a name for an object. However, thedesignator will usually be expressed using typed predicates such as those de�ned for the EQUALSelect operation. Such predicates are Boolean expressions whose terms can query the informationat the interface of the object. For example,Wm Match(Flag id = 1)returns True if there is an object of type 
ag in working memory whose id method returns thevalue 1.We augment the predicate language by allowing the inclusion of unbound variables. Thesevariables can be used to return information about the matched object. Wm Match will try tomatch an object on all bound terms, and when �nding a match will further bind variable terms tovalues of the matched object. For example,Wm Match(Flag id = 1 ^ query = ?Q)searches for a 
ag whose id = 1 and binds the query property of the 
ag to variable ?Q. Thisaugmented matching can be useful for passing information between rules, as will be seen in theexample of Chapter 8. It is patterned after the condition elements of OPS5 [34] extended to workwith abstract objects.This style of memory predicate could also be used, for example, to test for subqueries of a queryand match subqueries to variables that will be referenced in actions on the rule's right hand side.This is a promising way to deal with subqueries that we choose not to fully explore in this thesis.6.4.2 Rules for PlanningThe planning process uses rules that describe heuristics for good interactions between optimizationtasks. These heuristics guide the decision-making process.Planning rules have the general formcondition test �! action sequencewith the semantics that if the left hand side condition is satis�ed, then the actions on the right handside are executed in sequence. The left hand side conditions are predicates over working memory96



and applicability predicates over the current query. The right hand side actions are planning orprimitive actions, or memory updates.Applicability conditions for a region describe query states that can be manipulated by theregion; the predicates in a rule further specify the queries to which the particular rule is applicable.For example, suppose a region speci�es that it can process any query. One of the rules in theregion may specify, through applicability predicates on its left hand side, that it is a heuristic forprocessing queries with only Select, Project or Join operations.The condition test of a rule is a Boolean combination of� applicability predicates over a query� Wm Match operations� any Boolean expression all of whose variables are boundConditions are tested from left to right, so bindings made in one condition can carry to subsequentclauses. For example, suppose variable Q is bound to a query. The condition testWm Match(Flag id = 1 ^ query = ?Q) ^ (est cost(?Q) < est cost(Q))will search working memory for a Flag with id=1 and, if found, will bind ?Q to the query propertyof the 
ag. The next clause can then compare the cost of ?Q with that of query Q. Such informationcould be used by a rule, for example, to determine whether to process query Q or ?Q.Rules also have an implied predicate that tests the current goal of the region. This predicateis implemented by collecting rules that test for the same goal into goal packages. In other words,all rules in a goal package describe ways to achieve the same goal. The applicability and workingmemory predicates are the factors that allow the planning system to distinguish between the rules.The right hand side of a rule describes a sequence of steps, or subtasks, that should be takento attain the desired goal. The steps are either goal actions or memory updates. A goal action hasthe formACHIEVE �goal index� ON �query variable� [GIVING �query variable�]indicating that the goal identi�ed by �goal index� be achieved on the query represented by thevariable in the ON clause. The GIVING clause is optional and speci�es a new variable for storingthe transformation result. If no GIVING clause is used, the input query is modi�ed.Achieve actions describe subtasks that need to be accomplished to attain the rule goal. Thegoal can be a primitive goal that will be attained by the execution of a subordinate region, or aplanning goal described with a goal package. Planning goals elicit a forward chain through goalpackages, searching for primitive goals to execute.For example, consider the following rule:nested(Q) �! ACHIEVE Flatter ON Q;ACHIEVE Join Reorder ON Q.The predicate nested(Q) is an applicability predicate that checks for nested queries. If Q is nested,the rule indicates that two actions should be taken in sequence. The �rst action achieves goalFlatter. If Flatter is a planning goal, this action will initiate further planning for that goal. IfFlatter is a primitive goal, a subordinate region will be chosen to attain the goal. Similarly,Join Reorder could represent a planning or primitive goal. The result of achieving the Flatter goalon Q is input to the Join Reorder task. Join Reorder updates Q, completing the actions of therule. 97



GOAL PACKAGE �goal name �QUERY �query variable �: default QSUCCESS �success function �: default Success?(�goal name �)SEARCH �search method �TERMINATION �termination conditions �LOCAL STORE �type or object speci�cations �RESULT �query variable �: default QUERYMETHODS �list of rules �Figure 6.9: Goal Package Layout.GoalsWe model goals as instances (objects) of type Goal. The type de�nes that an instance has a uniquename and a Boolean Success? function that encapsulates the criteria for goal success. The Success?method has one query parameter for which it tests the goal. Type Goal can be subtyped to allowrede�nition of the Success? method, in particular to include additional parameters. For example, acomparative goal would have a Success? method with two query parameters { an initial query andresult query { that can be compared to determine success.Recall (from Section 6.2.2) that G is used to denote all goals in an optimizer. Let G(R) denotethe goals that region R uses in its decision-making process; i.e., the goals used in any of the planningrules of region R. For any of the goals in G(R) there must be either rules describing how to attainthe goal or subordinate regions that can attain the goal. The set GP (R) (� G(R)) is the set ofprimitive goals of region R; i.e., the goals a region expects to be attained by its subordinate regions.The set GA(R) (� G(R)) is the set of goals that a region, as a child, can attain for its parents. Bothsets of goals are revealed at the region interface, as described in Section 6.2.2.6.4.3 Goal PackagesRules describing ways to achieve a particular goal are collected into goal packages. There must bea goal package de�ned for each goal in G(R)� GP (R).Goal packages modularize the planning process in the same way that regions modularize theoptimization process. Collecting rules with the same goals into a package allows for the de�nition ofpackage search strategies that can take advantage of the smaller sets of rules and of any particularcharacteristics of the rule sets [115, 137]. Each goal package has its own execution and privatecontrol store. Thus, as for regions, di�erent goal packages can de�ne di�erent search controlstrategies and termination conditions.The local control store of a goal package is manipulated by operations analogous to those forglobal working memory. We pre�x the operations with Lwm (instead of Wm, e.g. Lwm Add). Thelocal control store is private to the package; it is not available to any packages or execution modulescalled from the package. Any communication with other packages is done through the interface or,if necessary, through the global control store.A goal package has the form shown in Figure 6.9. The GOAL PACKAGE clause gives the nameof the goal of this package. The SUCCESS clause may default to the success function providedwith the goal object, or may specify a specialized success function. For example, a package with a98



GOAL PACKAGE Lower CostQUERY QSEARCH give priority to most matching clauses ^ one success per ruleTERMINATION no rule appliesLOCAL STOREOBJ Q0, Q1: Query  QRESULT Q  choose lower est cost ( Q0, Q1 )METHODSNOT EMPTY (Preds(Q)) �! ACHIEVE Predicate Reorder ON Q GIVING Q0;ACHIEVE Join Reorder ON Q0.�! ACHIEVE Best Est Cost ON Q GIVING Q1.Figure 6.10: Example goal package.goal of Join Reorder may be able to determine success by whether or not a rule which reorders aquery is successful. Thus, it would not need to use the Success? method of the goal. This could bemore e�cient; e.g., the Success? method for the goal might be expensive if it had to search throughthe query representation.The QUERY and RESULT clauses give variable names for the input and output query, respec-tively. The QUERY variable is used to reference the query as input to rules. The default QUERYvariable is Q, and the default result is the input variable.The LOCAL STORE declarations are types and variables that may be used in rules. Types aredeclared in a TYPE clause, and variables are declared in an OBJ clause. The OBJ clause mustgive a variable name, and a type for the variable.The METHODS section lists the rules of the package. The SEARCH and TERMINATIONclauses specify parameters for the goal package execution. SEARCH may specify such parametersas \one success per rule" with the meaning that after a rule has been successfully applied to aquery it is no longer available to be applied to a query, or \priority by rule number" meaningthat a default rule priority is by the position of the rule in the METHODS list. TERMINATIONspeci�cations are conditions for ending the iteration through rules in the package.For example, consider the goal package of Figure 6.10. The goal of this package is Lower Cost,and success for the package is Success? for the goal. The input query is manipulated as queryQ, and other queries used in rules are speci�ed in the local store (Q0 and Q1). The two locallyspeci�ed query variables are initialized with the value of Q, and may receive new values as a resultof rule applications. The result query is computed by choosing, of queries Q0 and Q1, the querywith the lower estimated cost.The SEARCH clause speci�es that the search engine, if it �nds that more than one rule applies,should choose the rule with the most matching clauses.3 In addition, the search engine cannotconsider a rule that has already been successfully applied. The region execution terminates whenthere are no rules to apply. Termination is guaranteed since the \one success per rule" conditiondecreases the size of the rule set at each iteration of the package.In general, goal packages capture rule iteration. At each iteration step, a rule is chosen to applyto the current query. If the rule completes its execution, the iteration continues. If the rule doesn't3Giving priority to most matching clauses implies a count of the clauses (i.e., simple predicates) applied to satisfya rule condition. Rules with no condition (such as the last rule in the Lower Cost package) have a count of 0 andthus will have lower priority than other rules. Rules with disjunctive conditions will have disjuncts satis�ed from leftto right, so the count will indicate the number of clauses satis�ed until the entire condition is found to be true.99



complete (for example, some step of the rule fails) then an alternate rule can be chosen to try toaccomplish the same task. For example, the simple example of Figure 6.10 will, at most, iteratetwice { applying one rule each time. If both rules apply, the �rst rule will be tried �rst. If it fails,the second rule will be applied. The failure of a both rules will terminate the package execution.Goal packages can also model conditional behavior. The execution of a package chooses a rulebased on the conditions expressed on the left hand side of the rule. Thus, one use for a goal packageis to modularize a collection of rules with disjoint conditions, implement a sequential search throughthe rules, and choose the �rst rule whose conditions are met.6.4.4 Region ExecutionThe desired execution model for the region's planning system is eager in the sense that a singlerule (i.e., task) is executed to completion before trying any other rules. The Achieve actions ofthe rule induce either a forward chain through rule packages or a region execution; Update actionsmodify working memory. The actions of a rule are performed in sequence, so the execution willchain through rule packages until a primitive goal is encountered. Primitive goals are immediatelyexecuted, then processing is returned to the next step in the rule that invoked the primitive goalaction. When a rule successfully completes, the newly transformed query is stored and processingmay continue with another query, goal and rule. If a rule fails, another rule with the same goal willbe tried.In order to e�ect this execution model, processing is divided into the following modules:� High-level region execution | interacts with the interface modules; searches for queries, orsubqueries, and goals to process; executes goal packages� Package execution | chooses rules to achieve the required goal� Rule Execution | processes, in sequence, the actions of a rule{ Achieve action | invokes processing to achieve the stated goal{ Update | updates working memory� Primitive Action | executes subordinate regionHigh-level region execution begins execution of the �rst package and continues execution untilregion termination conditions are met. Package execution continues executing rules to achieve thepackage goal until its termination conditions hold. The combination of these two execution modulesis basically a rule search system.Search termination conditions that can be passed from a parent are called global terminationconditions. Any global termination conditions (as discussed in Section 6.3.3) are combined withthe built-in conditions in both the high-level and package execution loops.Global termination conditions are also checked by primitive goal actions before executing asubordinate region. If global termination is satis�ed, the primitive action will not execute thesubordinate and will fail. This failure prompts a failure of the rule, which returns control to packageexecution. At this point the global termination will again be detected and control returned to thehigh-level region execution module which will terminate the region processing.Details of the execution modules are given in the following subsections.100



INPUT: query Q, goal G, termination conditionsOUTPUT: query, Boolean (success indicator)initialize current goal, current query, global termination conditionswhile �termination conditions� not met dochoose current goal and queryinvoke package for goalendwhileresult  Choose Best(Get Equiv(Q), G)return result and Success?(Result)Figure 6.11: High-level region ExecutionHigh-level region executionThe invocation of a region passes information needed for the region execution through the parent-child interface and begins execution of the control loop depicted in Figure 6.11. This loop, alongwith the nested loop for package execution, e�ects a search through the rules that guide the op-timization process for rules that match the current query and control state. Initially, a region isgiven a query and a goal to achieve on that query. The high-level execution module can decide towork on that query, or may decide to process a subquery. As a query is processed, transformationsof the query create alternative queries that may be chosen for processing in later executions of thehigh-level loop.Termination conditions for the loop consist of built-in as well as the global conditions. Theseconditions are combined such that either the built-in conditions or the global conditions can ter-minate processing.Package executionGoal packages are collections of rules that can attain the same goal and, as a result, the combinationof high-level and package execution is analogous to rule search. The high-level execution moduledetermines what goal will be pursued, and package execution uses additional conditions on rulesto �nd rules to achieve the goal.The main job of package execution is to ensure that rules are executed to completion. A rulethat completes may achieve the required goal, but a rule that doesn't complete will not achieve thegoal. Thus, package execution will try rules that are applicable to a query until a rule executes tocompletion.A single rule application may meet the package's goal, but the rules in a goal package may alsobe applied iteratively to work towards the goal. For example, a goal of lower cost may actually beachieved by successively lowering the cost of the query until a satisfactory result is obtained. Thetermination conditions of the package determine the amount of iteration necessary to achieve thegoal.In order to �nd a rule that may be successful, the package execution module uses the SEARCHparameters indicated for the package, and conditions on the left-hand sides of rules, to determine apriority ordering for the rules. After a rule is applied, the module checks to see if the rule executedto completion. If the rule completes, termination conditions are used to determine whether the101



INPUT: query QOUTPUT: query, success indicatorQsave  Qset up a priority queue of rules whose conditions are metwhile (queue not empty) ^ (�termination conditions� not met) doexecute �rst rule in queue on Qif rule completesreinitialize priority queue of rulesotherwiseremove �rst rule from queueendwhilereturn RESULT and SUCCESSFigure 6.12: Package Executionpackage will further manipulate the result. If the rule doesn't complete other rules are tried, in thepriority order, until a rule is successful or there are no more rules that can be applied to the query.Rule priorities can be determined in a number of standard ways. First of all, the conditionson the left-hand sides of rules may eliminate rules from consideration. Of the rules that remain,priorities could be determined by prior assignment of priorities to rules (e.g., the �rst rule in thepackage has highest priority), by the number of matching conditions in a rule, by assigning priorities(such as time) to the working memory elements that are matched to rule conditions, or randomly(see [34] for example). These priorities are indicated in the SEARCH clause for the package.One built-in termination condition for a rule package is that all rules have been tried. The`empty queue' condition re
ects this termination condition. Other termination conditions for apackage are determined by the requirements of the package goal. As noted in Section 5.1.3, ter-mination may be related to success at achieving the goal but must also have conditions that areindependent of success. In addition, region termination conditions are combined with any globaltermination conditions to ensure that no more rules are attempted when global termination isindicated.Rule executionThe required execution is that a rule runs to completion before any further rules are executed.This is a major di�erence between the Epoq rule engine and most other rule systems. In Epoq werequire sequential execution of rule steps, with no intervening rule execution. A major motivationfor this control is the interaction between the results of execution of subordinate regions and theplanning system. In particular, the fact that subordinate regions and therefore, eventually, rulescan fail means that we may need to recover from changes made to control state during the executionof the rule. By not allowing concurrently executing rules, the transaction semantics of rules aresimpli�ed.4The actions designated on the right hand side of a rule are executed in sequence until all actionshave been successfully completed or until the �rst failing action. Memory update actions cannot4Transaction and failure semantics for concurrently executing rules is an interesting topic for future research.102



fail, but Achieve actions can. In the event of failure, the control state must be recovered.The sequence of actions on the right hand side of a rule are considered as a single transactionfor recovery purposes. If all actions are successful, the rule is complete and execution returns tothe package execution module. However, if an action is unsuccessful, any permanent results (i.e.,memory updates) of all actions executed by the rule are backed out to the beginning of the rule.This includes removing any alternative queries that were created by intermediate actions.Execution of an Achieve action depends on the goal of the action. If the goal is representedby a goal package, execution directly transfers control to the indicated package. In this case thereis no decision to be made | all decisions about further processing are made in the goal package.If the goal is a primitive goal of the region, execution transfers to the primitive action executionmodule for that goal.Primitive Action executionA primitive action tries to directly satisfy a goal by executing a subordinate region that can satisfythe goal. Since more than one region may be able to achieve a particular goal, a primitive actionmust choose between the regions. Also, since a region may not succeed at achieving a goal, aprimitive action must try alternative regions to ensure that no region can achieve the goal beforethe action admits failure.Primitive actions use region applicability information to determine which region to execute toachieve a goal. Static applicability information is �rst used as a �lter to eliminate some regions fromconsideration. If, after the �lter, there is more than one applicable region, the results of dynamicapplicability functions executed on the applicable regions are used to further �lter out regions orto determine an order for trying similar regions. If the dynamic applicability information cannotdistinguish a single region to try, similar regions are ordered randomly. This process is describedin Figure 6.13.A Primitive action sends a copy of the query to be processed to a subordinate region. The sub-ordinate region will make modi�cations directly to the query copy and, if the region is successful,the primitive Action can update the global query information with the transformed result. Thecopy semantics put all decisions about maintaining transformed results in the domain of the querymanipulation routines. The advantage of this approach is the protection of the parent region'smemory. The disadvantage of this approach is that transformed results will usually reference manyof the same subqueries as the original query. These references can get lost unless the query manip-ulation routines can recognize common subexpressions using just the copied query representations.The search for a region to achieve the required goal requires only a single successful result.The primitive action execution is terminated when a subordinate region is successfully executed,when there are no more regions to try, or when global termination conditions indicate that no moresearching is desired.6.4.5 Handling FailureThe planning system uses the heuristics de�ned in the planning rules, along with applicabilityinformation provided by subordinate regions, to determine sequences of region applications thatwill transform a query to attain the desired goal. However a region execution will not necessarilyachieve the region's goal on every query to which the region is applicable. This results becauseapplicability information provides necessary, but not su�cient, conditions for the query in orderfor the region to be able to process the query and attain the goal.Region execution is a primitive action, and region execution failure can propagate into primitive103



INPUT: query QOUTPUT: query, success indicatorinitialize success := falseinitialize continue := trueuse static applicability to �lter out inapplicable regionsif there is more than 1 applicable region, build a priority queue of regions(use dynamic applicability then random choice, for ordering)while continue ^ (�termination conditions� not met) doallocate termination conditions for subordinate andexecute �rst region in queue on Q0  Qif region returns successset success := true and continue := falseotherwiseremove region from queueif queue-empty then set continue := falseendwhileif success then Wm Apply(Add Choice, (QuerySet Get Equiv(Q)), (Q0) )return Q0 and Success?(Q0, this primitive goal)Figure 6.13: Primitive Action Executionaction failure, rule failure, goal package failure, and eventually parent region failure. Thus, each ofthese modules must accommodate the possibility of failure.The primitive action module handles region execution failure by executing other regions thatcan achieve the same goal as the failed region. It will try all regions until it �nds one that canachieve the goal, or it �nds that no region will attain the goal. In the latter case, the primitiveaction admits failure, which propagates to the rule.The sequence of actions on the right hand side of a rule are considered as a single transactionfor recovery purposes. If any action on the right hand side of a rule fails, the rule itself fails. Anyupdates made to memory, in particular updates to query choices, must be backed out to the pointbefore the �rst rule action. This recovery is handled through maintenance of a log of updates tomemory state, delimited by transaction boundaries. A transaction, in this case, encompasses theexecution of an entire rule.5 A transaction starts before the �rst action of a rule is executed andends when the last rule action is successfully completed. Since rules can be nested within otherrules (through Achieve actions) the recovery of a transaction can require backing-out of successful,nested rule executions.When a goal package terminates without achieving success, that failure propagates to the ruleexecuting the Achieve action that invoked the package. If the goal package is a high-level executionno further recovery is required. In this case the high-level execution module must choose another5There are certainly situations in which one would want to save the results of intermediate actions, since they mayo�er opportunities for later processing. Potentially good intermediate results could be indicated by incorporatingsave point actions in rules { where a save point indicates at point at which alternative queries generated by actionsof the rule should be made persistent. Since rules are e�ectively nested, an interesting question is how to handle savepoints in the resulting nested transactions. We defer an answer to the semantics of save points in nested transactionsto later work. 104



query/goal pair to execute.Failure of a primitive action or rule will not necessarily propagate to region failure, nor doessuccessful processing of goal packages indicate that the region will be successful at achieving itsgoal. The success, or failure, of a region to attain its goal depends solely on the de�nition of successfor the goal and the queries that are generated as choices during the region's processing.6.4.6 ExtensibilityA key feature of the planning-based control is that, as a rule system, it is inherently extensible. Rulescan be added to existing goal packages to describe new heuristics for combining the optimizationprocesses described by subgoals of the rule system. Goal packages can be added to describe newgoals (or subgoals) for query processing.The addition of a new region to an optimizer may require modi�cations to the control. A regionthat works towards the same goal as some existing region provides an alternative way to attain thegoal, and does not require any changes to the rule system. The only required modi�cation is thatthe parent's primitive action for that goal be noti�ed of the existence of the new region.On the other hand, new regions can re
ect completely new techniques for dealing with queriesand have goals that are new to the existing optimizer. The addition of such regions to an optimizerwould require an understanding of where the goal will �t in relation to other goals of the optimizer.Such an understanding could be pre-existing; i.e. a developer has a particular strategy in mind anddevelops regions to �t into that strategy. Fitting a new region into an optimizer could also be aprocess of experimentation. A major advantage of the Epoq extensible control is that it facilitatesexperimentation with combining optimization techniques to process a query.6.5 SummaryThe Epoq approach to extensible query optimization is embodied by the architecture presented inthis chapter. Each region in an Epoq optimizer is a separate module that interacts hierarchicallywith other modules through a common interface and a planning-based control. The potentialinteraction of modules is statically de�ned by control rules, region goals, and applicability, but theactual interaction between regions depends on the query being processed.A region module provides, through the interface to its parent, a goal for its processing andpredicates characterizing the queries it expects to be able to manipulate to achieve the goal. Aparent control uses this information as it decides how to process a query.A parent region must determine an order for executing subordinate regions to transform aquery to achieve its own goal. Given a particular query, a region control plans a sequence oftransformations (i.e., an ordering of subordinate region executions) that will, hopefully, manipulatethe query to achieve the region's goal. The planning process is in
uenced by intermediate resultsof the plan, thus planning is interleaved with the execution of subordinate regions.The Epoq planning-based control was heavily in
uenced by the OPS5 rule-based programminglanguage [34] and by the reactive action packages of Firby [46]. Our rule execution system though ismore directed than either of these { it is very single-minded in its pursuit of tasks. Our rule engineenforces a transaction type of semantics on rules { a rule is a task that (if successful) will resultin a desired transformation of a query. Thus we require that a rule execute to completion beforeany other tasks are considered. A rule describes a consistent way to process a query. Alternativeways, described by other rules, are only tried after �rst rule has completed. In other words, a rulecannot be interrupted as it pursues its goal. 105



Planning rules describe heuristics for interactions between regions. These rules also supportextensibility in the optimizer. The addition of a new region to an optimizer may require new rulesto describe how this region may successfully interact with other regions. These rules are added tothe parent's planning system's rule set and manipulated in the same way as existing rules. Theextensibility of the control itself is a unique feature of the planning-based control in supporting theextensibility of Epoq.
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Chapter 7Internal Query RepresentationThe internal representation of a query is critical to the power and extensibility of an optimizer. Thequery provides an important means of communication between regions; the information that canbe stored in the internal representation can be shared by di�erent regions. Thus, it is importantthat the internal representation be able to store information that an optimizer may want to passbetween regions and, since new regions may want to share new kinds of information, it is importantthat the query representation be extensible. Also, since the purpose of a region is to manipulate aquery expression, the representation must express all elements of a query that could be involved inmanipulations, and must itself be easily manipulated.Thus, in order to support optimization in an object-oriented database a query representationmust be extensible and must be able to provide support for a variety of query manipulations,including the recognition and manipulation of nested queries. In this chapter we present a queryrepresentation that provides this support. Both data and query operators are represented as nodesof a query and, in addition, the representation supports nested queries by treating query predicatesat the same level as query operators and data objects. Nodes and edges are also annotated withinformation that will prove useful in query optimization.In the next section some alternative query representations are presented, and we discuss whythese do not provide the required support for our model. Our tree representation for queries isintroduced in Section 7.2. Annotations to this representation are discussed in Section 7.3. Algo-rithms for building and manipulating trees are presented in Section 7.5 and the query executionrepresented by a query tree is described in Section 7.4. In Section 7.6 some useful extensions of thetree representation to a graph are presented, and the implications of these extensions are discussed.7.1 Some BackgroundRepresentations for algebraic expressions can be categorized as either operator-based or class-based, where class refers to a set of data items of the same type. An operator-based representationis an operation tree where internal nodes are operators, leaves represent input data, and edgesindicate an ordering (usually, bottom-up) of the operations. Class-based representations are trees(or graphs) in which nodes represent data and edges represent operations. Here, operations areviewed as connections between data items. For example, class-based representations are often usedto represent join operations; an edge between classes represents a join between those classes.107



7.1.1 Class-based representationsClass-based representations are applicable to data models in which each data type has an associatedcollection of instances of all data items having that type (i.e., an extent). In such systems a querycan be viewed as a graph of relationships between the extents. Such relationships may actually beoperations on the datasets. For example, class-based representations have been used in relationalquery processing for determining join orderings (e.g., [18]). In this case a relation plays the role ofa class (the relation scheme is the type and the tuples form the extent), and edges between classnodes represent join predicates. This type of representation proved useful in processing distributedqueries using semijoins [17].A class-based representation is used for processing distributed queries in the Orion databasesystem [75]. In this system, each type has an associated class, and attribute connections betweentypes imply connections between the classes. For example, if type Employee has an attribute Deptof type Department, there is a connection between the classes Employee and Department. Simi-larly, such connections in a query expression (e.g., x.Dept) result in connections between classesin the query graph representation. The model has been applied thus far only to queries thatSelect over a single class, so the only operations represented in the queries are relational compar-isons of attributes (e.g., x.Dept.budget > 1000000) and Boolean connections between them (e.g.,x.Dept.budget > 1000000 AND x.Manager.salary < 50000). The class extension graph is primarilyused to determine execution orderings for traversing path expressions, distributed site selection forsubquery executions, and potential parallelism in processing branches of the query tree.A representation for queries proposed by Cluet and Delobel [31] uni�es algebraic rewrite, classextension optimization, and factorization of common subexpressions through a class-based repre-sentation described operationally by an algebraic expression. The representation supports Select-Project-Join queries (also Union and Intersection) where both the Select and Join involve simplepredicates over class attributes. The representation includes a graph (not necessarily connected)representing class connections in the query, a tree representing a selection predicate for the query,and another tree representing a join predicate.The class-based representation can be manipulated based on heuristics related to physical stor-age. Although type extents are represented in the graph, those extents may not actually exist inthe database (they are called virtual extents by the authors), and manipulations over the class-based representation consider such situations. The algebraic representation of the query can bemanipulated by algebraic transformations.Lanzelotte et al. [91] use a class-based representation speci�cally to support optimizations forpath traversals expressed in a query. Path expressions represent an implied traversal between theclasses involved in the expression. For example, the path expression a.dept.manager represents atraversal from the class of Employees (assuming a is an Employee) to the set of Departments tothe set of Managers. The steps of such a traversal are called implicit joins by the authors. Thepotential for such a traversal is represented by the attributes of the di�erent types in the database(e.g., Employees has an attribute dept), and a class-connection graph combines the statement ofsuch traversals with explicit join operations in a query. The edges in the class-based graph representimplicit joins (for traversals) or explicit joins (i.e., join operations between classes not connected inthe schema). Selection predicates on single relations are also represented by a cyclic edge on thenode representing the relation.The class-based representation is used to construct an operator-based tree involving Select andProject operators and three kinds of Joins (implicit, explicit, and indexed). The operator-basedtree can then be transformed according to rules involving the operators in the tree.108



7.1.2 Operator-based representationsThe representation of a query by an operator tree (or graph) is useful for manipulating the queryexpression since the representation is tied very closely to the algebraic query expression. Nodes inan operator tree represent query operators (a logical level of operation) or access methods (physicallevel of operation). A query represented as an operator tree can also be translated into an executableplan for query execution. For example, Smith and Chang [138] use transformations over an operatortree to optimize an algebraic expression, then translate that tree to determine an e�cient executionplan for the expression. Operator trees manipulations have also been used to determine orderingsfor join methods (e.g., [87] and [91]).Graefe [54] uses operator trees to support extensibility in queries over complex objects. Sincethe sets of operators, access methods, and transformations are independent of the representation,any extensions are automatically supported by the representation. A new operator or methodsimply becomes a new label for a node in an operator tree. That label may be recognized by newtransformation rules.In Graefe's representation child nodes of a query operation or access method represent compu-tations that provide input data to that function. Input to an operation can be the result of anotherquery (i.e., a nested query). Operator nodes usually include any predicates associated with theoperator (e.g., a Select predicate) and these predicates can be manipulated by code provided intransformation rules. Query transformation rules describe manipulations over an operator tree thatinclude re-ordering of query operators and translating query operations to access methods a�ectingthose operations.In the Starburst system [64] extensibility is supported by their Query Graph Model (QGM). AQGM is essentially an operator graph, although it has to some extent the 
avor of a class-basedgraph. In the model, high-level operations such as Select are represented by boxes and lower-level operations (such as set iterators) are represented by vertices. These vertices are enclosedin the boxes; the vertices interpret the access to data that is required to satisfy the high-leveloperation. Edges connect vertices with other vertices (in the same box or other boxes) and mayalso connect vertices with boxes. In the latter case the boxes represent data which is input to theoperation indicated by the connected vertex. Transformations can be written to reorganize any ofthe components.This representation supports nested queries through the vertex-box connections and is extensibleby adding new de�nitions for any of the components. For example, a new type of Selection wouldrequire a new de�nition for a box, which would include an interpretation of the query expression intovertices and edges for that box. The vertices might also represent new operation types which wouldhave to be de�ned. New transformation rules could also be added to the system to manipulatequeries involving the new de�nitions.Rosenthal and Helman [121] argue that operator graphs are a requirement for supporting ex-tensible optimization and propose an operator graph approach that includes nodes to representdata that is output from, as well as input to, an operation. These data nodes are labelled withpredicates describing the data they represent. For example, a data node might be labelled \ R1restricted by name > `S' " or \R1 Join R2".The authors point out that data nodes provide not only a central location for informationabout the data (such as predicates, dataset size, best access cost) but also allow the representationof alternative plans for computing a subquery, i.e., multiple children of a data node representdi�erent ways the same data can be computed. They also note that data nodes provide a singleplace to add unary operations (such as Sort) to an operation sequence, a single place to representcommon intermediate results when optimizing multiple queries, and a way to represent \convenient"109



intermediate results (such as cheapest relation regardless of sort order).Transformations de�ned over the graphs must also contain information for updating predicatesand other labels for data nodes. Extensibility in query processing is supported, in this repre-sentation, by extending the set of data node properties and extending the collection of graphtransformations. The latter supports new transformations involving new operations and methods,the former supports any new labels these transformations may want to use on data nodes.7.1.3 CommentsNone of these representations is completely satisfactory for representing queries over an object-oriented data model. The extensibility of the data model means that a query representation mustbe easily extendable to handle new data types, operations, access methods, and transformations.Operator-based representations can easily support such extensibility, but class-based representa-tions derive much of their meaning from �xed relationships and operations, and are thus not veryextensible. In particular, class-based representations emphasize join-like operations and it is notat all clear how they might be used to represent arbitrary algebraic operations as may be found inan object-oriented database. Even when representing join operations, class-based representationsrequire modi�cation to the representation when new kinds of joins need to be considered [38].Operator trees have been shown useful for supporting the algebraic rewrite of query expressions[121], while class-based graphs are useful for manipulating path expressions [75, 91].A major shortcoming of these representations is the lack of support for subqueries. Class-basedapproaches do not support subqueries at all, although Cluet and Delobel note that they are workingon that problem [30]. Operator-based approaches can support queries nested as input to anotherquery but do not support query expressions in the terms of predicates. This results because theserepresentations consider operations and data as the primary objects in the representation, andsubjugate predicates involving the data to adornments of the nodes or arcs [54, 64, 91, 121] or toseparate structures which complement the primary representation [31].In an optimizer for an object-oriented system, however, it is important that predicates betreated at the same level as query operators and data. Many object-oriented languages allowthe expression of subqueries in any part of a query. For example, in O2Query a subquery canappear in the Select, From or Where clauses [110]. An object-oriented query could also involvemethods that are themselves implemented as queries.1 Such methods could appear at any pointin a query. For example, if the avgsal attribute of a Department is implemented as a query, thequery \Select tuple[D:d, Sal:d.avgsal] From d in Departments Where p(d)" involves a subquery inthe Select clause. If avgsal is implemented as a query that retrieves the salary of all employeesof a department and computes the average, we would want to be able to optimize the employeeretrieval. In order to allow the optimizer to work on all parts of a query, it is important thatthe internal representation be able to express nested subqueries in a way that allows them to bedetected and manipulated by the optimizer regions.7.2 A Tree Representation for QueriesA query is represented as an extensible annotated tree (an EAT). A query tree is composed of datanodes and function nodes, connected by labelled, undirected arcs.2 This representation generalizesoperator tree representations (e.g., [54], [121]) by treating algebraic operations, other methods1This isn't unique to object-oriented models. A similar problem could result in queries involving type Postquel inPostgres [125], for example.2In Section 7.6 we discuss extending this representation to a graph with directed arcs.110



de�ned over objects, and arbitrary functions over objects (e.g., predicates and function parameters)uniformly.Data nodes represent data that is manipulated as part of executing the query. A Data node canrepresent an object in the database or can represent an object built by the query, a subquery orsome other function. Function nodes represent actions that can be taken on data. Thus, a Functionnode will always have at least one child Data node, representing the input to the function, and oneparent Data node, representing the output of the function. Additional children represent the dataprovided by other parameters to the function.Nodes are (optionally) labelled with syntactic query information. Function nodes will be labelledwith function names. A Data node may be labelled with a name for the data object representedby the node. For example, in Figure 7.1 the leaves are labelled with the names `People' and `p',respectively.Nodes may also be annotated with other information about the query. For example, typeinformation in Figure 7.1 is provided as an annotation to the Data nodes. The annotations availableon a node are de�ned by a database implementor, and are intended to provide more informationthan query syntax. This is discussed more fully in Section 7.2.1.Nodes are connected by arcs representing relationships between data and functions in a query.An arc can only connect a data node with a function node; one of which is designated as the parentand the other as the child node of the arc. Although these arcs are undirected, for a given node Awe usually refer to an arc connecting A to a child as an incoming arc for A and an arc connectingA to its parent as an outgoing arc of A.The type of an arc is determined by the parent type. An arc connecting a Data node, as parent,to a child Function node is called a DF Arc and an arc connecting a parent Function node with achild Data node is an FD Arc.A DF Arc represents the fact that the data (i.e., parent node) is produced by the execution ofthe child function. DF Arcs are not labelled. As will be seen in Section 7.6, a data node couldhave more than one incoming DF Arc, representing the fact that the same data can be producedby di�erent functions.An FD Arc represents the fact that data is supplied to a function. We distinguish betweenFD Arcs that relate a function to its input data and FD Arcs relating the function to its otherarguments. Input data is the data upon which the function operates; other parameters to a functionare functions and predicates that are applied to the input data. An FD Arc connecting a functionnode N, representing a function f, to a node representing an input dataset for f is called an inputarc for N. When there is more than one input arc for a function node, these arcs are ordered. Thisordering supports functions that distinguish between their input datasets by position | e.g., Joinaccess methods.FD Arcs may be labelled. These labels can be used to associate names with function parameters.For example, the EQUAL query Ojoin(Set1,Set2,A,B,�a,b p(a,b)) associates variable a and name Awith members of input Set1 and variable b and name B with members of Set2. Variable names areused to associate members of the input to manipulations in the predicate p(a,b). The �eld names(A and B) are used as �eld labels (i.e., attribute names) in the tuples output from the Ojoin.Any type of arc may be annotated. In general, arc annotations are used to capture informationabout the execution of a query. For example, in Section 7.3 arc annotations are used to captureinformation about the availability and usage of variables in subqueries.The root node of a tree is a Data node representing the output of the query represented by thetree. It has one incoming DF Arc, connecting it to a child function node representing the queryoperation computing the result. The root node has no outgoing FD Arc, although it is sometimesuseful to represent the root node as the child of an arc with no parent. This arc, called the root arc,111
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Figure 7.1: A tree representation of Image(People, �p p.name).is a convenience to allow us to consider data (constants) passed to a query embedded in a program.As will be discussed later, an arc can be annotated with information (e.g., variable availability)that is accessible to subtrees below the arc. We do not show root arcs in any of the examples here.As an example, consider the simple query Image(People, �p p.name) which creates a list ofnames. Assume the People object has type Set[Person], and the name method on type Personreturns a string. This query is represented as in Figure 7.1, where Function nodes are rectanglesand Data nodes are ovals. In this example, each Function node is labelled with the name of thefunction it represents and each leaf Data node is labelled with a constant or variable name. EachData node is annotated with the type of the data represented by the node. The root node is a Datanode representing the query output; a set of strings. It is connected to a Function node labelledImage which represents the Image function that produces the query output. The Image functionhas two parameters, thus the Image node is the parent of two Data nodes. The left child representsthe input set | i.e., the People set object. The arc from this child is labelled with variable pto indicate that p is the name associated with an input set member.3 The right child of Imagerepresents the result of applying the name method to object p | i.e., the result of the lambdafunction de�ned by Image applied to an element of People. This child is the root of a subtreerepresenting the application of function name to an object called p.7.2.1 Annotating Nodes and ArcsAll tree components (nodes and arcs) can be annotated with information about the component,and about the data, function, or relationship embodied by the component. These annotations di�erfrom labels, which convey syntactic information about a query expression and are therefore part ofthe basic query representation. Annotations are used to store information about a query and theobjects it manipulates that may be useful in the optimization process. For example, annotationscan be used to indicate the type of a data node. This type information could be used, for example,in type inference [147] or in semantic query optimizations [101].Annotations are a way in which more information than the query syntax can be passed between3In subsequent �gures we only indicate Var labels for join operations, where it is necessary to distinguish betweenvariable names assigned for two input datasets. 112



regions. For example, one expected use of annotations is to support a cost model for queries. Anannotation on a data node could, for example, indicate the best cost known for building that data.On the other hand, annotations could carry information that would be used by an optimizer tocalculate cost. For example, the cost model of Bertino and Foscoli [21] requires information such astype, the number of members of a set or the size of the range of a function (method) as parametersto cost computations. This information can be easily stored as annotations to nodes or arcs.An annotation template describes the annotations that can be attached to a component of therepresentation. There is one template for each kind of component in a representation; i.e., oneData node template, one Function node template, and one Arc template.Definition 7.1. An annotation template is a table of (Name, Type) pairs where� Name is a value that can be used as an index.� Type is an abstract data type name.All Names in one template will be values of the same type; for example, all Names in a templatewill usually be Strings. Also, in a single template all Names are unique, since this �eld is used asan index. The template associates a Type with each Name, indicating the type of data that canbe associated with that Name in an instance of the template.An annotation table is an instance of an annotation template and, as such, is collection ofannotations { at most one annotation for each (Name, Type) pair in the template. Basically, theannotation table �lls in the template.Definition 7.2. An annotation (in table T) is a pair (Name, DataValue) where� Name is a Name in the template of T.� DataValue is an object of the Type associated with Name (in the template for T).For example, suppose all data nodes need to be annotated with type, size and representationinformation. Then the Data node template speci�es a table of three elements, one with nameType and type String, one with name Size and type Real, and the other with name Rep andtype String.4 A query node representing a database set of 200,000 Person objects stored as anOrdered List could have the following annotation table:Name DataValueType PersonSize 2.0E05Rep Ordered ListThe collection of annotations that can be associated with nodes or arcs is determined by theoptimizer implementor by de�ning an annotation template, and can be extended as needed byadding to a template. For example, the addition of a new region could require new annotationsthat will be used by that region in its optimization process. A region only uses annotations that itrecognizes, so the additional annotations will be ignored by previously existing regions.4We represent types and representations by their names for ease of reading.113



7.2.2 SubtreesA primitive subtree of a query consists of a function node along with its parent (output) data node,input and parameter child data nodes, and corresponding arcs, labels, and annotations. Figure 7.2shows primitive subtrees corresponding to some of the EQUAL operators. In the �gure, functionnodes are labelled with the function name and data nodes are annotated with type information.
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subquery. For example, in Figure 7.1 the node labelled p is a variable node; the variable represents amember of the People set and p is the name assigned in the lambda function of the Image operation.7.2.3 ComparisonsThe extensible annotated tree generalizes operator trees in two basic ways. First, all parametersof a query operator are treated as �rst class objects and represented in the tree. In operator treerepresentations, only the input and output datasets of a query operator are represented; parameterssuch as Select predicates are treated as part of the operation that uses them. For example, astandard operator tree representation of the query of Figure 7.1 (Image(People, �p p.name)) wouldcontain a data node for People, a data node representing the Image output, and an operator nodefor Image. Any information about the function application p.name would be captured with theImage operator node.The fact that all parameters are �rst class in the EAT representation means nested queries aremore fully supported by EATs than by operator trees. In particular, queries nested in predicatesor function parameters, as well as nested input queries, are expanded in an EAT. This allows foroptimization strategies that can manipulate subqueries nested in any part of a query. For example,rule-based optimizers that search for matches between rules and subqueries will explore subqueriesnested in predicates, since they can explore anything represented as trees. In addition, specializedstrategies (such as the CJ region in Chapter 8) may be able to manipulate the expanded predicates.A second way in which an EAT generalizes operator trees is in the extensibility of the annota-tions. Providing annotations as an extensible set of properties, rather than as �xed characteristicsof a node or arc, allows an implementor to de�ne the kinds of information that need to be availableabout the components of a query. This supports the addition of new strategies that may need newinformation about a query.Annotations also provide a means for supporting a cost model in an optimizer. Informationabout query cost, as well as data for computing query cost, can be stored in annotations andmaintained through methods that manipulate the annotation values.7.3 Annotations for Nested QueriesAs noted earlier, the kinds of annotations associated with nodes or arcs are determined by adatabase implementor and depend on the kinds of information needed for query optimization. Inthis section, we discuss annotations that provide information about the scope and usage of variablesreferenced by a query. These annotations support the expression of nested queries. In particular,they can be used to support queries nested in predicates, as in EQUAL.Notation. Any annotation X for a given node or arc N is denoted as XN .Query operations may de�ne new variables that can be used by some of the subqueries of theoperation. For example, the EQUAL query Select(A; �a p(a)) contains a lambda function de�ningvariable a for the predicate subquery p(a). To capture this information we de�ne an annotationnamed Def with type Set[Variable]. For node N representing query operation f, the Def set of N(DefN), also called the Def set of f, is the set of variables de�ned for operation f. A Def set onlymakes sense for a function node, so the following de�nitions hold:DefN = f g for N a data nodeDefN = fvariableg for N a function node115



The Def set of a function node is populated by variables de�ned for parameters of the functionrepresented by the node. For example, in the EQUAL querySelect(A,�a p(a))the Def set for the Select function node is fag. For the SQL-style query:Select f(x)From x in X, y in YWhere p(x,y)the Def set for the Select function is fx,yg. In EQUAL, the Def set for an Ojoin will contain twovariables, the Def sets for Image, Select and Project will each contain one variable, and the Def setfor any other operators will be empty.Def sets do not always provide enough information to bind variables to objects for query exe-cution. In particular, for multiple input queries, information about bindings of input set membersto variables is required. This information could be stored by de�ning the Def set as an orderedlist; with the variables in Def ordered with the same ordering as the input arcs to the operation.Rather than overload Defs in this way, however, we choose to label input arcs with variable namesas described in Section 7.2.Arcs can be annotated with information about the availability and use of data variables in thequery.5 The annotation template for an arc includes two items, both of type Set:Use: Set[variable]Avail: Set[variable]Avail is the set of variables available for use by a Data or Function node; it corresponds to asymbol table for the child node of the arc. The Avail variables are associated with the Parent toChild direction of an Arc; the variables available to a node are also available to its children. Notethat this set allows us to represent variable availability in nested subqueries. A child node of afunction could be the root of a subtree that represents a query nested within that function. TheAvail set is passed to all children in the subtree and will represent variables that can be referencedby any functions in that subtree. A Function can only reference variables in the Avail set of thearc connecting to its parent.Use is the set of variables actually used by a subquery. The Use set on an arc lists the variablesactually referenced by the descendants of that arc. Thus, the Use set details variable usage innested subqueries.For example, consider Figure 7.3 which is an annotated representation of the EQUAL queryImage(People, �p p.name). The variable p is considered to be de�ned by the Image function, sois in DefImage. This variable is available for use by all components of the subquery representingthe application of p.name, thus is in the Avail sets of the arcs on the right subtree descending fromImage. Since the variable p is referenced at the leaf of this path, p is also in the Use sets for thearcs on that path.Consider Use and Avail from the viewpoint of the child of an arc. Avail contains the variablesthat can be used in expressions represented in the subtree rooted at that child. Use contains thevariables actually referenced in expressions in that subtree. If Use contains a variable not in Avail,there is a syntax error in the subquery. This can be represented as the following axiom:Axiom 7.1. For any arc A, UseA � AvailA.5This information is attached to arcs because it is related to the 
ow of data in a query. The execution model fora query de�nes that data 
ows along the arcs. 116
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Figure 7.3: An annotated representation of Figure 7.1. Annotation tables for arcs and functionnodes are shown next to the component. Type annotations are shown inside the data node.In EQUAL, as in most query languages, the scope of variables de�ned at some function nodeN representing function f includes all parameters to f except the input parameters. For example,in Figure 7.3 the scope of variable p does not include the People input set. This observation canbe represented, for EQUAL, as an axiom:Axiom(EQUAL) 7.2. Given node N, parent arc P and child arcs Pi, i=0. . .n such that 8 i, Pi isnot an input arc for N, AvailPi = AvailP [DefNIn EQUAL, we do not allow variable names to be overridden in nested subqueries. This can beexpressed as follows:Axiom(EQUAL) 7.3. Given node N and arc P connecting N to its parentAvailP \ DefN = �7.4 Execution ModelThe fact that all operator parameters are treated uniformly means that the execution representedby an EAT depends on the execution semantics of each of the query operations represented in thetree. Similarly, this fact, and the presence of annotations involving data type and variable usage,means that the correctness of an EAT depends on the syntax and semantics of the query operationsand all parameters to those operations.Unlike an operator tree, in which the evaluation is implicitly bottom-up, the query operationrepresented by an EAT is more correctly described as a top-down recursive execution. This resultsfrom the fact that subtrees representing non-input arguments to a function usually require dataprovided by the input arguments to that function. Input arguments 
ow up the tree to the operationconsuming them, and are processed by moving down to the subqueries representing the non-inputarguments to the operation. For example, in the query Select(People; �r r:age > 15) (subqueryat node 16 in Figure 7.4), the subtree representing the parameter function r:age > 15 is executedonce for each r in the People input set. In other words, each object in People moves up the tree117



to the Select function where it is bound to the variable r and passed down the tree to the Booleanpredicate. The Boolean result is, for each r, passed back up the tree to the Select function, wherethe Select result is collected.The Use annotation for arcs provides further information about the actual operation of a query,since Use captures the actual objects (variables) that are required for a subtree to execute. Asubtree might require no variables, variables that are instantiated by its closest ancestor operation(i.e., the operation within which it is immediately nested), or variables that are provided from amore distant ancestor. For example, the Boolean operation represented in node 22 of Figure 7.4uses the p1 variable de�ned by its immediate function ancestor (the Select of node 15) as well asthe o variable de�ned by the Image function represented by node 8. The Vehicles set, representedin data node 3 of the �gure, has an empty Use set since it is constant relative to the query.The Use annotation of an arc details the variable usage of the subtree rooted at the child of thearc. We say that that child uses (or requires) the variables denoted in that Use set. In other words,a node requires the variables denoted in the Use set of its outgoing arc. As noted in axiom 7.1, anode can only require variables de�ned by some ancestor of the node in the tree.We call a subtree that requires variables de�ned at ancestor F in order to execute a dependentsubtree of F or dependent subquery of F. Conversely, any subtree that can execute independentlyof F is an independent subquery of F. In other words,Definition 7.3. Given data node D, parent arc P of D, and any ancestor node F of D, the subtreerooted at D represents a dependent subquery of F if UseP \ DefF 6= �. Conversely, the subtreerooted at D represents an independent subquery of F if UseP \ DefF = �.Note that a subtree can be dependent and independent at the same time. For example, considerthe subtree rooted at node 14 in Figure 7.4. This subtree is dependent on node 8 (i.e., the Imagefunction) because it uses the variable o de�ned at that node. However, the subtree is Independentof any ancestor node numbered smaller than 8, because the subtree does not use variable v.Subtree independence can be useful in determining query execution order. For example, considerthe subquery rooted at node 16 in the example. This subquery has an empty Use set, indicating thesubquery is independent of all ancestor query nodes. Thus, the value computed by the subqueryis constant relative to the rest of the query. As a result, the query Select(People; �r r:age > 15)could be executed once and saved for use when needed in the execution of the remainder of thequery.7.5 Tree ManipulationsAn annotated query tree is similar to an annotated syntax tree for a query, and building anannotated tree is similar to syntactic and semantic analysis in a compiler [6]. The syntax of thequery is stored in function nodes and, to some extent, in arc labels. Annotations store semantickinds of information { data types, cost information, variable usage information, etc.A region transforms a query by manipulating a tree. These manipulations can involve rearrang-ing or replacing subtrees, or changing annotations on nodes or arcs. In general, any modi�cation toa node or subtree can require modi�cations to the annotations of all nodes and arcs in any path tothat subtree. Such modi�cations can be done as an updating pass over the entire tree to recomputeannotations, or might be done incrementally. We assume for now that such modi�cations requirean updating pass over a query tree, and leave the problem of incremental modi�cations for futureresearch.We can think of building a tree in two phases. In the �rst phase a query expression is parsedand the tree is built. In the second phase, values for annotations are computed and added to118
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Build Data SubtreeInput: query Q, FD Arc AOutput: An annotated subtree representing query Q, connected to AProcess: D := New Data NodeIf Q is primitive then /* initialize labels and annotations */label D with the name for Q,annotate (D, Type := type of Q),if Q is a leaf representing a variable x thenannotate (D, Use := fxg)else annotate(D, Use := fg)Otherwisecreate a new DF Arc called A0,annotate (A0, Avail := AvailA) /* update inherited annotations */call Build Function( Q, A0, return type)annotate (D , Type := return type) /* update synthesized annotations */annotate(A, Use := UseA0 )Build FunctionInput: query Q, DF Arc AOutput: Data type of Q, a subtree representing function Q connected to arc AProcess: Parse Q by breaking it up into operator name and parametersF := New Function Nodeannotate(A, Use := fg) /* initialize annotations */Label F with the name of the function represented by QFor each input dataset parameter I of QCreate a new FD Arc called A0,annotate(A0, Avail := AvailA), /* update inherited annotations */label A0 (as necessary),then call Build Data Subtree(I, A0)annotate (A, Use := UseA[ UseA0 ) /* update synthesized annotations */For other parameters P of Q, in order,If P has lambda variables, add them to DefFCreate a new FD Arc called A0,annotate(A0, Avail := AvailA[ DefF ) /* update inherited annotations */Call Build Data Subtree(P, A0)annotate(A, Use := UseA[ UseA0 �DefF /* update synthesized annotations */Attach F, as the child, to DF Arc AReturn the result type of FFigure 7.5: Building an annotated query tree120



are all handled similarly; an arc is acquired to connect a Function node to a parameter, inheritedannotations (Avail) are determined, and the Data subtree is built. Queries with arguments thatare lambda functions contribute variables to the Def set of the Function node, and arcs to thesearguments are annotated to include the new variables in their Avail sets.The parent data node of a Function is annotated with a type that is determined by the natureof the query operation. This type is computed, after the function node is built, from informationabout the function and information about the types of the children of the function node.The check for a primitive query (i.e., constant or variable) in Build Data Subtree ends themutually recursive tree building by creating a leaf for the tree. The leaf is initialized with labelsand annotations.The tree building is started by sending the query string (Q) and an annotated FD Arc (i.e.,a root arc) to the Build Data Subtree procedure. In general, we would expect the FD Arc to bealready annotated with an empty Avail set. However, a query tree could be built within a programthat needs to pass program variables to the query. These program variables are treated as constantsin the query and can be passed to the query in the root arc Avail set.As an example, consider again the insurance query from Chapter 5 (page 69). We repeat thequery here for completeness:For each vehicle, list all possible drivers. Anyone who is over the age of 15 and lives inthe same house as an owner of a car is a possible driver of that vehicle.Expressed algebraically,Project(Vehicles,� v [V:v, Drivers:Flatten(Image(Select(People,� p v 2 p.cars),� o Select(Select(People,� r r.age > 15� p p.residence = o.residence)))])The query speci�es a result type of Set[Tuple[V:Vehicle,Drivers:Set[Person]]].To solve the query the Project operation creates a set of possible drivers for each vehicle. Thisis done by creating a set of all people over the age of 15 (i.e., Adults := Select(People, �r r.age> 15)) and, for each vehicle, a set of owners of the vehicle (i.e., Owners := Select(People, �p v 2p.cars)). The Image operation computes, for each person in the set of owners, a set of co-residentsby selecting from the set of adults those people who have the same residence as an owner. Theresult of the Image is a set of sets, requiring Flatten.This query illustrates a variety of situations that arise in the representation of object-orientedqueries. The query is quite deeply nested so there are a number of di�erent variables with nestedscopes, as well as database objects and constants. Subqueries are nested as input arguments andas predicates. There are also dependent and independent subqueries, and there are a number ofpath expressions in the query.The EAT of Figure 7.4 shows the result of building an annotated tree for this query. The treeis built using the algorithms for Build Data Subtree and Build Function in Figure 7.5. The nodesof the EAT are numbered to aid in tracing the operation of the algorithms. The nodes are built inthe order numbered and arcs are built immediately before their child node. We will not actuallytrace the building of the tree, but will discuss some of the actions that are taken in the alternatingcalls to Build Data Subtree and Build Function.Nodes and arcs are built, and node labels (function names and constant names), Def and Availset values are computed, as the algorithms move down the tree (i.e., inherited). For example, the121



labels on the arcs from nodes 2 to 4 and 2 to 5 are computed by the Build Function procedure as itbuilds node 2, before it calls Build Data Subtree to build nodes 3, 4 and 5. Data type and Use setannotations are computed as the procedures return | i.e., move back up the tree (synthesized).At each function node, the query is parsed to �nd the arguments for the function. For ex-ample, the Image query is parsed into three pieces: 1) the operator name (Image), 2) the input(Select(People, �p v 2 p.cars)), and 3) the lambda function (�o Select(Select(People, �r r.age >15), �p p.residence = o.residence )). The query operator is placed in a new function node (node8), and arcs are built to attach that node to subtrees representing the other parameters.The Def set for a function node is computed from any lambda function argument to thatfunction. For example, the Def set for the Image function at node 8 contains variable o from thelambda function argument of Image. The Avail set for the FD Arc to a child representing functioninput is the same as the Avail set supplied on the parent arc of the function node. For example,the arc from 8 to 9 has the same Avail set as the arc from 7 to 8. The Avail set for the FD Arc toa child representing a lambda function additionally contains the lambda variable from the Def setof its parent function. For example, the Avail annotation on the arc from node 8 to 14 is computedas the union of the Avail set from 7 to 8 and the Def set of node 8.Procedure Build Data Subtree is called on each of the function arguments to build subtreesrepresenting those arguments. Each interior data node (e.g., nodes 9 and 14) is used as a place-holder until the algorithms move back up the tree and annotate the nodes with type information.Leaf data nodes can be simultaneously labelled and annotated (e.g., nodes 11 and 18).Note that there are some abbreviated subtrees in the example. All predicates have been repre-sented as single function nodes, although a predicate would normally be expanded into a subtree.Path expressions are also not expanded in the �gure, but are represented as part of a predicatenode. The identity function computing the V attribute of the Project operation has also beenabbreviated and is represented only as a single data node (v: Vehicle). These abbreviations aremade to save space and help alleviate the cluttered nature of the Figure, and are not made in theactual representation.Also note that Project is represented as a query operation with a variable number of parameters.In this example, each of the tuple �elds is considered to be a parameter of the Project itself, ratherthan a parameter of an additional tuple-building function that is an argument to Project. Thischoice abbreviates the representation itself and has no e�ect on the power or correctness of therepresentation. Of course, the choice made must be clear to all regions using the representation. Inparticular, regions which express rules as tree manipulations need to know how Project operationsare represented as trees.7.6 From Tree to GraphThus far, we have been representing a query as a tree. The root node and all leaf nodes are datanodes and, in any path in the tree, data and function nodes alternate. This representation can beextended in a variety of directions to represent more information that may be used in transforminga query. The tree representation can be extended to use directed arcs, to allow multiple childrenof a data node, and to allow a node to have more than one parent (i.e., a singly-rooted graph). Wediscuss the implications of such extensions in this section.7.6.1 Directed ArcsThe tree representation can be extended by replacing each undirected arc in the tree with directedarcs, where the arc directions represent the 
ow of data during the execution of a query. Thus,122



an undirected arc can be replaced with one or two directed arcs with data-to-function direction orfunction-to-data direction, as appropriate. For example, consider the arc connecting nodes 8 and9 in the example query of Figure 7.4. This can be replaced with two arcs. A single Vehicle object
ows in the function-to-data direction (8 to 9) each time the Image function is executed. Thisobject is used in the predicate of the nested subquery. The data-to-function arc (9 to 8) representsthe data provided by the input data set (represented by node 9) to the Image function (node 8).Although nodes would be connected in both directions in many nested query situations, thereare occasions where two nodes would only be connected in a single direction. For example, considerthe arc connecting nodes 15 and 16 in the example of Figure 7.4. The empty Use set on this arcindicates that the subquery does not need information from the Select of node 15 to execute. Thusthe arc connecting nodes 15 and 16 only needs represent the data-to-function 
ow of data; i.e., theset input to the Select operation.7.6.2 Data Nodes with Multiple ChildrenIn the basic tree representation only a function node can have multiple children. These childrenrepresent the parameters of the function represented by the node. In an extended representation,a data node can have more than one child. This representation allows for recording alternativemethods for computing the same data. A similar approach is taken in other representations (e.g.,[54], [121]), and is particularly useful when generating alternative execution plans. As a result, anoptimizer has alternatives for representing object-creating operations | multiple occurrences of anobject-creating operation in a query can be represented many times; can be represented as a singlefunction node with multiple output occurrences; or can be represented as a single function with asingle output object that is then shared by later operations. The multiple child representation isalso useful in systems with run-time method binding since alternative bindings could be representedas di�erent function nodes with, possibly, di�erent annotations.Determining values for annotations to a Data node with many children is an interesting problem,since di�erent child functions could imply di�erent annotations for the Data node. In general, ifData node annotations are derived from the characteristics of a single child Function node then allsibling function nodes must imply the same annotation value. For example, suppose an annotationis used to indicate data ordering. If a function produces a sorted result, the data node would beannotated to indicate sorting. Alternative functions producing this data node would also have toproduce a sorted result.To do cost-based optimization, an optimizer may need to consider that data could be producedby alternative functions having di�erent costs. Cost of a data node could be, for example, theminimum of the costs of functions creating it.All of these examples indicate that computation of annotations on data nodes is not independentof the representation choice. The semantics of an annotation at a data node could depend onwhether or not the node can have multiple function children.7.6.3 Graphical RepresentationThe query representation becomes a graph when a data or function node is allowed to have morethan one parent. The reason for allowing multiple parents for a node is to manage the use ofcommon data and expressions in a query. A data node with multiple parents indicates that thedata is shared by di�erent functions. For example, in the query of Figure 7.4 the People dataset isrepresented by two distinct nodes, 11 and 18, as input to two di�erent Select operations. In a graphrepresentation for the query, the People dataset could be represented by a single node connected123



by an arc to the Select of node 10 and by another arc to the Select of node 17.6 Such connectionscould be useful in determining an execution plan for a query. For example, an execution plan mightscan the People dataset only once, processing each object in the set through both Select operations.In this example the shared data node represents a dataset that is a constant to the query (i.e.,the named dataset People). Although sharing of data nodes seems to o�er advantages for queryconstants, it does not seem to provide any advantages for query variables. This is because variablesare supplied by ancestors, and two data nodes representing the same variable must have a commonancestor. Since the source of the variable is already common, there seems little need to explicitlyrepresent the sharing of that data variable through multiple parents of one node.Interior data or function nodes can be shared, giving two possible ways to represent commonsubexpressions. Sharing of data nodes indicates that di�erent functions have, as some argument,identically the same object. Of course, as noted in Section 4.4, determining whether two objects ina query are identical can be a di�cult problem. In general, though, common subexpressions willbe represented by sharing data nodes.Two data nodes sharing the same function node indicates that a function executes once andproduces two non-identical objects as its result (i.e., copies). For example, this is the case whenevera query is executed in a language like EQUAL that only supports objects. Each time a queryexpression is executed it produces a new object. Thus, although two expressions are identicalas strings, and may even execute on the same database state, they always produce non-identicalobjects. Allowing function nodes to have multiple parents allows such a representation of objectidentity in the query representation.The annotations on multiple parent arcs of data or functions nodes are related in that the Usesets on those arcs contain the same variables. The Avail sets on those arcs may be di�erent, butin all cases Use must be a subset of the intersection of all the Avail sets.In a graphical query representation there must be a single data node as the root of the graph.This node represents the result of the query. This node may have more than one child, indicatingthat the result can be computed in more than one way, and may even have more than one parentedge, indicating that the result of the query is used in more than one place in a program. Asubquery is also a graph rooted at a single data node. If it has more than one parent edge, thesubquery represents a common subexpression.7.7 SummaryThe internal query representation presented in this chapter generalizes operator trees by represent-ing query operations, inputs, and predicates uniformly and by providing a means for annotatingcomponents with information about the query. Our representation supports the manipulation ofquery expressions nested in predicates of a query operation by representing those expressions inthe same way as any other query expression. We also discussed Def-Use query annotations thatsupport the processing of nested queries by storing information about variable usage. This type ofinformation is used in the Join conversion region (CJ) in the example of the next chapter.The representation and the annotations are both extensible and thus support the extensibilityof the optimizer. The representation can be used to express any function, with any number andkind of input parameters, and thus adapts immediately to new algebraic operations in a model.The annotation tables for data, functions, and relationships (arcs) can be extended with newannotations to support the processing of new regions that may be added to an optimizer. Since6Note that one reason for annotating the arcs (as opposed to nodes) with Avail and Use sets is to allow for suchmultiple connections. 124



types are represented as annotations, the representation also adapts immediately to the additionof new types to a model.Annotations also provide a place for representing a query cost model. Information about dataand operations needed by the cost model is stored as annotations to nodes, and methods of themodel can use this information for computation. Cost methods can also update annotations repre-senting query cost.
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Chapter 8An Example Epoq OptimizerIn this chapter we illustrate the capabilities of the Epoq architecture with a design for a simple Epoqoptimizer. This design incorporates a number of strategies for rewriting object-oriented queries,one of which (CJ, see Section 8.2.1) is presented for the �rst time here.The optimizer described here is an example rewrite system for EQUAL queries. We assumequeries are represented as in Chapter 7 and we assume the existence of a simple cost model main-taining information about query cost as annotations to the representation. This optimizer is notcomprehensive { it only incorporates strategies for rewriting queries. However, using the Epoqapproach this optimizer could be used, for example, as a region for a higher-level optimizer. Thehigher-level optimizer could incorporate a control that uses other regions to do such tasks as trans-lating a declarative query to the algebra and manipulating the result of algebraic rewrite to producea query plan.Although we present a region that represents a new strategy for processing object-orientedqueries, the purpose of this example is not to propose new optimization strategies or to de�nenew optimization heuristics. Indeed, designing good optimization strategies, and heuristics aboutinteractions between di�erent optimization strategies, is an open area of research. The Epoqarchitecture is a vehicle for de�ning such interactions and can be a testbed for experimentationwith optimizer design heuristics.In the following sections we specify an Epoq optimizer containing nine regions, two of which areimplemented using the planning-based control of Chapter 6 and the rest of which are leaf regions.In particular, we specify the interface for leaf regions and the control for the interior regions. Beforepresenting the optimizer, we give a predicate language for specifying applicability and also de�nesome region goals in Section 8.1. We present the overall optimizer design in Section 8.2, specifyingthe leaf regions in Section 8.2.1 and the root control in Section 8.2.2. We illustrate the extensibilityof Epoq and the planning-based control by adding two new regions to the optimizer in Section 8.3.In Section 8.4 we review the main features of the architecture illustrated by this example.8.1 Some Preliminaries8.1.1 Applicability predicatesApplicability predicates are used in the left hand sides of planning rules to describe queries to whichthe rule may be applied. Applicability predicates are also provided at the interface by a subordinateregion to describe the queries to which the subordinate may be applied. These predicates are calledstatic applicability predicates because they can be evaluated in the presence of only the query,without any optimizer execution context. Recall that these predicates are not expected to exactly127



characterize queries, but to give hints about queries the rule, or region, may be able to successfullyprocess.For this example, an applicability predicate P over a query is a �rst order calculus expressionwith a single query variable Q. In order to access the components of a query, we de�ne the followingset-forming functions. These functions take a query and return a set containing components of thequery. In most cases, the query components returned are nodes of a query representation. Thesenodes are treated as objects. This allows distinctions between multiple occurrences of the sameoperator or data in a query.� Ops(Q) { returns a set of the function nodes in query Q representing EQUAL query operations� Root(Q) { returns the root node of query Q� Data(Q) { returns a set of the leaf nodes representing database objects referred to in queryQ� Vars(Q) { returns a set of the names of the variables de�ned in the expression of query Q� Paths(Q) { returns a set of the path expressions in query Q� Preds(Q) { returns a set containing operations used in any predicates of queries in Q (e.g.,Exists, Forall, ^, etc.)Additional set-formers could be similarly de�ned as needed. Sets can be combined using anyquery operations, although union, di�erence and intersection will be most useful for our example;membership and empty predicates are also de�ned for sets. Equality for set operations is based onnode identity (or value, where appropriate).Applicability predicates are �rst order calculus expressions, with the quali�cation that all quan-ti�ed variables are de�ned in terms of the form[9/8]v v 2 Set(Q)where Set(Q) is an expression formed using the set-forming functions and set operations notedabove. Sets can also be explicitly denoted using braces (e.g.fOjoing is a set containing the operatorlabel \Ojoin").For example, if Q is a query, some useful predicates are:� (8 o 2 Ops(Q))(o.label 2 fSelect, Project, Ojoing) | tests that query Q has only Select,Project and OJoin operations� (9 x,y 2 Vars(Q))(x 6= y) | tests that query Q has more than one variable de�ned� Root(Q).label = Select | tests that Q is a Select queryThese predicates and set-formers allow testing the existence of components of a query, but donot allow testing the structure of the query expression. For example, this applicability languagecannot describe a test to �nd an Ojoin operation with a Select operation as its second input. Thislanguage seems suitable, though, for the applicabilities that need to be described in our exampleoptimizer. Designing an applicability language that can query the tree structure of a query is aninteresting research topic. 128



8.1.2 Goal speci�cationFor the purposes of this example we assume that goals are instances of an object type called Goal.Individual instances of the type have unique names, and we use these names to access the goal.Type Goal de�nes a Boolean function called Success?. For goal G, Success?(G) takes twoquery parameters: an (optional) initial query and a �nal query. The implementation of functionSuccess?(G) for any G checks the state of the �nal query, or the relative states of the initial and�nal query, to determine whether the goal has been met.The Success? function implements the same test for many goals: the goal is achieved if the(estimated) cost of the result query is lower than that of the initial query. In the example in thischapter, this is the success test for the following goals:� Good Rewrite� Fast Rewrite� Join Reorder� Lower Cost� Predicate Reorder� Best Est CostThe goals have di�erent names because the semantics of the names indicate how a query is changedto e�ect the goal. For example, the Join Reorder goal uses cost as a determination of success butimplies by the name that the cost is reduced through �nding an alternative, better join ordering.On the other hand, the goal Fast Rewrite implies that heuristics will be used to lower the costquickly. The success of the goal does not test the speed of the processing, however.Other goals used in this example optimizer are:� Convert Join Predicate: Success? = output query has a join operation that is not explicitlypresent in the input query� SPJ Form: Success? = output query is in a normalized SPJ form� Simple Transform: Success? = output query is not the same expression as the input querySome of these success tests can be more easily implemented by not actually looking at the query. Forexample, the success of the Convert Join Predicate goal can be determined in the region workingtoward that goal by keeping track of whether appropriate transformations are made to the query.In the case of such knowledge, a region may choose not to use the formal Success? method todetermine whether its goal is achieved.8.1.3 Query Representation and AnnotationsWe assume queries are expressed in EQUAL and stored using the EAT representation of Chapter7. The representation is annotated with information that will be used by di�erent of the regionsin the optimizer.We also assume the existence of a simple cost model that can statically assess a query andprovide an estimate of the processing cost for the query. This cost information is maintained asannotations on data nodes (i.e., cost is the estimated cost to produce this data) and function nodes129



(i.e., cost is the estimated cost of executing the function). A cost method can, given a query, applythe cost model to the query to update the cost annotations.Data nodes will be annotated with cost and type information. The type information is notdirectly used by any of the regions in the example optimizer, but could be used, for example, by anew region that does semantic query optimization [101]. Regions that do not use type informationmay add nodes that aren't type annotated. However, since EQUAL is strongly and statically typed,the correct type information can be generated as needed by an Annotate Type method over therepresentation.Function nodes are annotated with cost and def information. Cost is maintained, as notedabove, by the cost method over the representation. Def information is stored when the queryrepresentation is initialized with a new query, and whenever operations are modi�ed or addedthrough transformations.Function nodes also have an annotation called \kind" having type String. Kinds give morespeci�c information about the query function they annotate. In particular, kind is used to annotatefunction nodes representing Ojoin operations to indicate whether they are the standard 2-way(commutative) joins as de�ned in EQUAL or whether they represent Left Outerjoin operations[122]. The Left Outerjoin operation LOJ(As,Bs; �a; b p(a; b))(called hereafter just Outerjoin) is equivalent to the following EQUAL Project operation:Project(As,�a < (A,a), (B, Select(Bs,�b p(a,b))) >)Use of the Outerjoin operation provides a number of useful transformations for our exampleoptimizer. Some nested Project operations can be transformed to Ojoin and sometimes Outerjoinoperations, and there are a number of transformations for join and outerjoin operations (e.g. [38],[50]). Thus, rather than using the kind=outerjoin annotation on an Ojoin function node, we extendthe algebra with an Outerjoin operation. The explicit operation, as opposed to the annotated Ojoin,will be easier to recognize and manipulate in transformations.8.2 An Optimizer DesignThe example optimizer consists of nine regions connected as depicted in Figure 8.1. Each box inthe picture is a region and is labelled with a name for the region as well as the name of each region'sgoal(s). The root region, named OPT, uses the following regions to do its transformations:� SX does simple query transformations(X) such as predicate simpli�cation, view substitution,collapsing Project operations, etc.� CJ converts nested predicates to Join operations, when possible.� OJ reorders join operations. In particular, this region can handle OuterJoin and Join opera-tions.� SPJ tries to convert nested queries involving Select, Project and Join operations into a canon-ical form with all Joins followed by Selects followed by Projects. Such a form could beconducive to lower level query optimizations.� DP reorders join operations using a dynamic programming algorithm and a simple cost model.130
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Region Goal(s) Ap(Q)CJ Convert Join Predicate (9o1; o2 2 Ops(Q))(9p 2 Preds(Q))((o1.label = Image ^ o2.label = Select) _(o1.label = Project ^ o2.label = Select) _(o1.label = Select ^ p.label = 9))OJ Join Reorder (9o 2 Ops(q))(o.label = LOJ)SPJ SPJ Form (8o 2 Ops(Q))(o.label = Select _o.label = Project _ o.label = Ojoin)SX Simple Transform TrueDP Join Reorder (9o1; o2 2 Ops(Q))(o1 6= o2 ^ o1.label = o2.label = Ojoin)CNF Predicate Reorder Not Empty(Preds(Q))GO Best Est Cost TrueLC Lower Cost TrueTable 8.1: Region Interface Speci�cationsstrategy for the manipulation of object-oriented queries. We will therefore discuss this region inmore detail than the others.The static interface speci�cations for each of the leaf and interior regions are detailed in Ta-ble 8.1. As noted in Chapter 6, the static interface consists of a statement of goals a region cantry to attain, and an applicability predicate characterizing queries the region will process. In thetable, this information is indexed by the name for the region.Region SX { Simplifying TransformationsThis region takes as its input any query (indicated by Ap(Q) = True in Table 8.1) and tries anumber of transformations to reorder, and possibly simplify, the query for future processing. Theregion does not consider the estimated cost of the query it is transforming, and is successful whenit is able to perform some transformation on a query. It chooses to return the transformed queryfor which the size of Ops(Q) plus the size of Preds(Q) is minimum.Transformations performed by this region include view substitution, predicate simpli�cation(e.g., removing clauses that are always true; applying transitivity), collapsing Project operations,collapsing Select operations over the same set, changing predicates with OR operators to Unions(when appropriate), etc. These transformations may provide all the processing that is possiblefor very simple queries (such as single, unnested Select operations). On the other hand, for morecomplex queries the application of such transformations may �nd a query that is conducive tofurther processing in the optimizer. These heuristics are used in rules of region OPT when choosingto use SX (see Section 8.2.2).Region CJ { Convert to JoinRegion CJ is designed explicitly to work with nested EQUAL queries. In particular, it can recognizespecial predicates in Select operations that are nested inside Image or Project operations. Suchpredicates can be translated to give 
at queries using Outerjoin (and occasionally Join) operations.If translated to SQL-like queries, the nested queries would appear in the Select clause of the query.Thus, this region complements recently proposed techniques for dealing with SQL-like queries withnested queries in From and Where clauses [31, 38, 109, 115].132



The applicability predicate for this region states that it looks for queries with Image and Selectoperations, Project and Select operations, or Select with Exist operations. In particular, the regioncan transform Selects nested within Images or Projects, and Selects with an existence predicatereferring to a di�erent set than the one over which Select ranges.The region executes by making two passes over a query represented as in Chapter 7. The �rstpass searches for patterns indicating that the query can be converted into join operations, andmanipulates Select operations to move them into the correct locations for further transformation.This pass uses Def, Avail and Use annotations on the query tree in its search for join predicatesand \movable" Select arguments. If the pass is successful, a second pass actually transforms thequery [148].The region stops after it makes a single conversion (or if it cannot convert), thus should beexecuted repeatedly by a parent region until there are no more conversions to be done. Also, thisregion can sometimes �nd more conversions to do if it is alternated with a general query transformersuch as region SX or GO. Region CJ performs some directed transformations that move Selectoperations into particular conformations. Sometimes these transformations will not apply becauseother operations obscure the required patterns. Thus a region that does transformations such asmoving Selects to leaves, and moving Projects toward the root can often expose patterns that canbe used by region CJ. The control of OPT will take advantage of this heuristic.Region CJ provides a dynamic applicability predicate at its parent interface that can determineexactly whether the region can transform the query successfully. This predicate is executed inregion CJ, on request from the parent region (OPT), and uses information from the �rst passsearch to make its determination. The dynamic applicability function is not used in this examplebecause no other region duplicates the goal of CJ.The goal of this region is Convert Join Predicate. The region knows it is successful at achievingthe goal when it applies the converting transformations to the input query (i.e., when it completesthe second pass).Region SPJ { Normalize Select-Project-Join QueriesThe goal of this region is related to the goal of region CJ { nested queries are transformed, as muchas possible, into a normalized form where all Join operations will be executed followed by Selects,then Projects. This is similar to the goals of the Starburst rewrite system [115] and this region canbe built based on their ideas.This region unnests a query as much as it can, converting a query to an S-P-J normal form.In other words, subsequent executions will not further process a query. Also, the region is comple-mented by regions that do join reordering. This information is used when building planning rulesin the parent region.Region OJ { Outerjoin transformationsThe goal of this region is Join Reorder, but it speci�cally reorders queries involving joins andouterjoins. This is indicated by the applicability predicate that states the region is interested inqueries with outerjoin operators.This region can use the transformations of Galindo-Legaria and Rosenthal [50] to simplify andreorder queries. Their algorithms require queries be represented as operator trees; the internalrepresentation of our example optimizer meets this requirement. The region can detect successwhen it successfully applies a reordering transformation to its input query.133



Outerjoin transformations are useful after the application of region CJ, since it converts nestedpredicates to join and outerjoin operations. This relationship between the regions is de�ned byrules in the Good Rewrite goal package of the root region (see Section 8.2.2).Region DP { Reorder JoinsRegion DP also reorders join operations, but cannot deal with outerjoins. Both this region andregion OJ have the same goal, so the applicability predicates of the regions make the distinctionbetween OJ, which can process outerjoins, and DP, which cannot. This distinction will be detectedwhen the applicability predicates are tested in the primitive goal execution of region OPT, andthe appropriate region will be chosen to execute depending on the joins present in the query. Theapplicability predicate of region DP states that there must be at least two join operations for theregion to process a query.Region DP uses a dynamic programming approach to reorder join operations. In order to applythis approach, the region uses the cost annotations on the query and cost model operations tocompute costs of reordered operation sequences. The region considers itself successful when theexpected cost of its result query is lower than the expected cost of the input query.In order to process successfully, the join operations must be clustered in the query. Thus, thisregion should be preceded by a region such as SPJ that produces a query with clustered joins.Region CNF { Reorder PredicatesThe goal of the CNF region is to simplify the predicates of a query. This is similar to the predicatesimpli�cation done by region SX. The di�erence here is that region CNF �rst manipulates a queryinto an SPJ normal form (if possible), converts the Select predicate to conjunctive normal form,then simpli�es the CNF predicate. This region is patterned after the pre-processor module of Sieg[137] in conjunction with his boolean expert module. We implement these two modules as a singleregion for simplicity of explanation. They could also be naturally implemented (as Sieg does) as aparent (pre-processor) and child (boolean expert) region.This region should be followed by a region that �nds good join orderings. This heuristic appearsin the control rules of its parent region (LC).Region GO - Generated OptimizerThis region was generated using the EXODUS optimizer generator [54]. It applies EQUAL rewriterules to general queries (including those given on page 41, for example) using a simple, internalcost model to estimate query cost and direct the transformation process. The interface required byOPT is wrapped around the resulting optimizer to make it a region. This includes a goal statementindicating a goal of Best Est Cost, and an applicability predicate accepting all queries (Ap(Q) =True).This approach can be used to build other regions that are rewrite systems based on rules.The disadvantage to this approach is that the generated optimizer has its own internal queryrepresentation and cost model. Although the representation is still an operator tree, the conversionto and from the EXODUS representation is time-consuming and loses annotation information. Theadvantage of this approach, of course, is the ease of building a rule search system. We do not useEXODUS to generate any of the other regions in this example.134



GOAL PACKAGE Lower CostQUERY QSEARCH give priority to most matching clauses ^ one success per ruleTERMINATION no rule appliesLOCAL STOREOBJ Q0, Q1: Query  QRESULT Q  choose lower est cost ( Q0, Q1 )METHODSNOT EMPTY (Preds(Q)) �! ACHIEVE Predicate Reorder ON Q GIVING Q0;ACHIEVE Join Reorder ON Q0.�! ACHIEVE Best Est Cost ON Q GIVING Q1.Figure 8.2: Lower Cost goal package.Region LC { Interior Region for Lowering CostRegion LC is built as an interior region controlling the execution of subordinate regions to tryto lower the cost of its input query. The applicability predicate for LC states that it can acceptany query, and it will be successful in its transformation if it produces a result query with lowerestimated cost than the input query.As an interior region, LC is built with the planning-based control of Section 6.4. It controlsthree subordinate regions. Regions CNF and DP are designed to work in sequence to put a queryin a normal form, manipulate the predicate and then �nd a good ordering for join operations. Thiswill work well for relational style queries for which there are complicated predicates, so can beexecuted if Preds(Q) is not empty (indicating there is at least one predicate operator). Region GOis a generated query rewrite system. It works on any query to �nd a query of lower estimated costby applying transformations to the EQUAL expressions. For the purposes of this example, LC triesthese two tactics, and chooses the best of the two results. This strategy is speci�ed in the rules ofthe goal package of Figure 8.2.The condition on the �rst rule (NOT EMPTY (Preds(Q)) indicates that the rule is only usefulif the query has any predicate operators. If there are predicates this rule will always be executed�rst, since one search criterion is that the rule with most matching clauses has priority. If the�rst rule has been executed, the second rule will then be executed by default, since it applies toany query and the search strategy will not apply the same rule to the same query twice. Sincethe package, by de�nition, always works with query Q, and none of the rules modify Q (i.e., alltransformations and results are stored in new query variables), the region will execute each rule atmost once.If a rule execution successfully completes, the result will be stored in the local memory. The�rst rule stores its result as Q0; the second rule stores its result as Q1. Both of these variablesare initialized with the input query (in the OBJ declaration). The �nal result is chosen using theestimated costs of the Q0 and Q1 results.This is a very simple region control that illustrates the use of rules and search strategy to modelchoice of alternative executions. This region also illustrates the use of the local store to maintaintemporary processing results. This is similar to, but much simpler than, the management of querychoices in an optimizer's global store. 135
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GOAL PACKAGE Good RewriteQUERY QSUCCESS Success?(Good Rewrite, QUERY, RESULT)SEARCH priority by rule number ^ one success per ruleTERMINATION no rule appliesRESULT QMETHODS1. ((8x; y 2 Vars(Q))(x = y)) ^ ((9o 2 Ops(Q))(o.label = Select))�! ACHIEVE Simple Transform ON Q.2. (8x; y 2 Vars(Q))(x = y) �! ACHIEVE Fast Rewrite ON Q.3. 9x 2 (Ops(Q) - fRoot(Q)g) �! ACHIEVE Flatter ON Q.4. (9o 2 Ops(Q))(o.label = Ojoin _ o.label = LOJ)�! ACHIEVE Join Reorder ON Q.5. �! ACHIEVE Lower Cost ON Q.Figure 8.4: Good Rewrite goal package.package) to goals on the right hand sides of rules (i.e., goals used in achieving the package goal).In other words, the arcs point from tasks to subtasks. The shaded nodes represent attainable goalsfor the OPT region. Note that this graph is acyclic. This represents the fact that the rules are notrecursive.The execution of the optimizer uses the attainable and planning goals to plan a sequence ofexecutions of primitive goals. The planning process is described by the goal packages of Figures 8.4,8.5, 8.6, and 8.7. Primitive goals direct the execution of subordinate regions. Most of the primitivegoals are associated with a single region, so there are no decisions to be made about the execution.However, the primitive goal Join Reorder is declared by two leaf regions, so achieving that goalinvolves decisions between the regions by the primitive execution module. This is discussed furtherin Section 8.2.3.Package Good RewriteThe Good Rewrite package accepts a query Q and manipulates the query to try to produce alower-cost result. Success for the package is de�ned as the Success? function for the Good Rewritegoal (see Section 8.1.2) applied to the input and output query. The package doesn't use success fortermination, but applies as many rules as it can before terminating, and checking success.The Good Rewrite package selects a transformation strategy depending on characteristics ofthe current query. The rules in this package are de�ned in a priority order { the �rst rule thatmatches the input query will be the �rst rule tried. The package will set up a priority queue of rulesthat match the current query, apply rules in order until one is successful, then set up a new priorityqueue of rules that match the result. This process will continue for no more than �ve successfulrule applications, since the search strategy will only allow one successful application per rule. Ifat any point in the transformation process no rules apply to the current query then, of course, thepackage terminates.The rules basically divide the queries into simple one variable queries, and more complicatednested queries. Simple queries involving Select are �rst processed by a region that does Sim-ple Transform; other simple queries are processed with Fast Rewrite. The general heuristic for137



GOAL PACKAGE Fast RewriteQUERY QSUCCESS one rule successfulSEARCH one success per ruleTERMINATION no rule appliesLOCAL STORETYPE Control Flag: Record of (id: string, val: Bool, query: Query)OBJ Q1: QueryRESULT QMETHODS �! ACHIEVE Simple Transform ON Q GIVING Q1;Lwm Add( Done, (Control Flagnew(id = rule1, val = True, query = Q1))).Lwm Match(Control Flag (id = rule1 ^ val = True ^ query = ?Q))^ (est cost(?Q) � .5 � est cost(Q)) �! Lwm Apply(Assign,Q,(?Q)))Lwm Match( Control Flag (id = rule1 ^ val = True ^ query = ?Q))^ (est cost(?Q) > .5 � est cost(Q)) �! ACHIEVE Lower Cost ON Q.Figure 8.5: Fast Rewrite goal package.nested queries is to 
atten the query, then reorder the resulting join operations. This heuristic iscaptured in rules 3 and 4. Rule 3 
attens a query, if possible, and rule 4 takes results of rule 3 (orany query with join operations) and reorders the joins. Two rules are used, instead of one, becauseit is possible that a query can't be 
attened but would still be conducive to join reordering. It isalso possible that a 
attened query may not be re-orderable.As rules are applied, the characteristics of the query may change. Thus the package iteratesuntil each rule has had an opportunity to match the query characteristics. For example, a querythat satis�es rule 1 may be processed by Simple Transform to produce a nested query (e.g., ifviews are substituted). This query could then be processed by one of the rules for nested queries.Conversely, a query processed by rule 5 to lower cost may possibly be reduced to a single variablequery (e.g., simplifying unions and selects). That result can then be processed by rule 1 or 2 (orboth).Package Fast RewriteThe Fast Rewrite goal package executes the following \pilot pass" style algorithm [119]:1. Achieve Simple Transform on Q Giving Q1.2. If Q has been improved by 50%, quit;3. Otherwise Achieve Lower Cost on Q.The idea here is that the preliminary Simple Transform application may quickly improve the queryto a point which eliminates the need to perform more expensive processing of the query. If Sim-ple Transform can't improve the query enough, then Lower Cost is applied to �nd the lowestpossible cost for the query. The heuristic tries to speed up the processing of the optimizer itself {avoiding using the (assumed) slower Lower Cost procedure when possible.The package uses a 
ag in the local store to control the conditional application of the rules.Initially, there is no 
ag in the store so only the �rst rule, which applies the Simple Transform goal,will match the query. The Simple Transform application stores its result in a temporary variable,so the initial query is retained for possible processing by Lower Cost.138



GOAL PACKAGE FlatterQUERY QSUCCESS one rule successfulSEARCH give priority to most matching clausesTERMINATION one rule successful _ no rule appliesRESULT QMETHODS �! ACHIEVE SPJ Form ON Q.(9o1; o2 2 Ops(Q))(9p 2 Preds(Q))((o1.label = Image ^ o2.label = Select)_ (o1.label = Project ^ o2.label = Select)_ (o1.label = Select ^ p.label = 9)) �! ACHIEVE Flat Pred ON Q.Figure 8.6: Flatter goal package.The �rst rule sets a 
ag to indicate that the rule has completed. This signals the second andthird rules. These rules are partitioned by whether or not the query has been improved by therequired amount. If the query has been su�ciently improved, the temporary result is moved toQ where it is recognized as the package result. If the query has not been improved the third ruleexecutes and modi�es the input query. If the rule is successful, its output is the package result. Ifit is not successful, the package will return the original query Q.Package FlatterThe desired processing for 
attening nested queries is either 1) a single execution of region SPJ toproduce a Select-Project-Join normal form or 2) a repetitive execution of the CJ region to searchfor and manipulate nested join predicates. Goal package Flatter is used to choose between the twoalternatives. Each alternative is represented as a single rule in Flatter, and the iteration requiredin the second alternative is achieved by encapsulating it in another goal (Flat Pred).The choice between alternatives is made according to the characteristics of the input query. Ifthe query meets the requirements for region CJ, then the Flat Pred alternative is chosen. Otherwise,the SPJ Form alternative is chosen. Of course, standard package execution will ensure that if onealternative fails the other will be tried.Success for this package can be tested as successful application of either of the rules. Thissuccess check actually just relays the success indication of the primitive regions (CJ and SPJ)where success can be more easily and accurately determined.Package Flat PredThe CJ region is the only leaf region in this example optimizer that does not process its inputquery to saturation. Other leaf regions process a query as completely as they can before returningcontrol to a parent. The CJ region, however, processes one predicate-to-join transformation thenreturns. As a result, the parent control needs to repeatedly call the region until it does no moretransformations. This repetition is handled by the Flat Pred package.139



GOAL PACKAGE Flat PredQUERY QSUCCESS one rule successfulSEARCH give priority to most matching clausesTERMINATION no more rulesLOCAL STORETYPE Control Flag: Record of (id: string, val: Bool)RESULT QMETHODS(9o1; o2 2 Ops(Q))(9p 2 Preds(Q))((o1.label = Image ^ o2.label = Select)_ (o1.label = Project ^ o2.label = Select)_ (o1.label = Select ^ p.label = 9)) �! ACHIEVE Convert Join Pred ON Q.( (9o1; o2 2 Ops(Q))(9p 2 Preds(Q))((o1.label = Image ^ o2.label = Select)_ (o1.label = Project ^ o2.label = Select)_ (o1.label = Select ^ p.label = 9)))^ (Lwm Match(Control Flag (name = ?N ^ id = 
ag1 ^ val = True)))�! ACHIEVE Convert Join Pred ON Q;Lwm Del(Control Flag ?N).NOT Lwm Match(Control Flag (id = 
ag1 ^ val = True))�! ACHIEVE Simple Transform ON Q;Lwm Add(Done, Control Flagnew(id = 
ag1, val = True)).Figure 8.7: Flat Pred goal package.The rules of the Flat Pred package describe the following algorithm:1. Apply CJ region to saturation.2. Apply SX region. If not successful, quit.3. Repeat steps 1 and 2, in order, until �rst application of CJ in step 1 fails (or step 2 fails).The CJ region returns success every time it is able to �nd a predicate and convert it to a join(or outerjoin) operation. The region is applied repeatedly until it is no longer successful. Atthat point, however, its failure may be due to the fact that there are intervening query operationsobscuring transformations CJ can perform. Thus region SX is tried with the hope that it willperform transformations that expose new possibilities for CJ. If SX can perform transformations,then CJ is again applied repeatedly until no transformations are found. This process is repeateduntil SX cannot �nd a transformation to perform, or CJ cannot �nd a join predicate in its �rstattempt after an SX execution.The rules implement this strategy using memory 
ags and the search criteria that the rulewith the most matching clauses will have highest priority. As a result, the initial query will matchthe �rst and third rules, in that order, so the �rst rule will execute. The iteration of the goalpackage will continue executing the �rst rule until the query characteristics no longer match therule condition or until the rule fails. At that point the third rule will be tried.If there are no simple transforms to perform, processing is complete | no more rules applyand the package quits. If there are simple transforms to perform, the third rule will succeed and140



set a memory 
ag. This 
ag is used to generate one execution of the second rule. This executiongenerates a single execution of region CJ. If the execution is not successful there is no longer apossibility of �nding transformations | no more rules apply so the package quits. If the singleexecution of CJ is successful, the memory 
ag is removed and the iterative process repeats startingwith the �rst rule.8.2.3 Optimizer ExecutionA query entering this example optimizer gets matched with the requested goal and stored as a(goal, query) pair in the global control store. For the purposes of this example, we assume no othermodule can enter (goal, query) pairs (e.g., there is no module searching for subqueries) so the high-level region execution module must only pass the query to the appropriate goal package. We alsoassume that no alternative queries are stored in global memory. In other words, the Add Choicemethod is null. These choices simplify the presentation of the example.A query with a requested goal of Good Rewrite will be processed according to its characteristics.This processing was discussed in Section 8.2.2. In this region a query is matched to a rule accordingto applicability predicates in the rule. After a query is successfully transformed, it may match andbe processed by di�erent rules.Achieve actions with non-primitive goals induce a forward chain through goals to �nd a primitivegoals. The paths of Figure 8.3 indicate the possible goal chains. Depending on the rules in a package,a query can follow one or more paths from any goal. For example, a query in the Fast Rewrite goalpackage will follow the path to Simple Transform and may follow the path to Lower Cost. A queryin the Good Rewrite package will always, eventually, follow the path to Lower Cost.Many of the rules use primitive goals, and thus immediately generate (through the primitiveexecution module) execution of a subordinate region. Since most regions have unique goals, theprimitive execution module needs to only decide whether the region is applicable, and determinewhether the region application was successful.Primitive execution for the Join Reorder goal has to make a choice, though, since there aretwo subordinate regions (OJ and DP) that can achieve the goal. That choice is made using theapplicability predicates provided by the regions. If a query contains Outerjoin operations, it willmatch to region OJ. If it contains Join operations it will match to DP. However, if the querycontains both kinds of operations, it will match the static applicability predicates of both regions.In order to deal with this situation, regions OJ and DP provide dynamic applicability functions.These particular applicability functions take a query and goal as input1 and provide an integer from0 to 10 as output. A 0 indicates that the region has discovered it cannot process the query; a 1indicates minimal processing may be done and a 10 indicates the region may do a lot of processing.The primitive execution module can request that each region execute the dynamic applicabilityfunction, and will provide the query and goal for execution. Each region will apply its functionand return its response. The function for OJ, for example, scans the query looking for sequencesof mixed Joins and Outerjoins. It returns the sum of the lengths of all sequences found (up to10). The function for DP, on the other hand, scans looking for Join-only sequences and returns thesum of the lengths of the sequences found. For each of these regions, the assumption is that thesigni�cant processing is more likely to be done on longer, or many, sequences of operations. Theregion responses are used to decide which of the two regions will be executed.1The goal is redundant, since each region only has a single goal. However, dynamic applicability functions requirea goal parameter to handle the case when a region can work toward more than one goal (as can OPT for example).141



8.3 Extending the OptimizerThe optimizer in this example ignores many of the problems that are encountered with object-oriented queries. For example, this optimizer design doesn't include any processing for path ex-pressions (as in [91], for example) or any type speci�c optimization (e.g., [101]). Such optimizationscould be included as leaf regions, and the control of OPT could use these strategies in conjunc-tion with the other strategies when appropriate. For example, path expression processing mightbe combined with join/outerjoin reordering. The Epoq architecture allows such additions to therepertoire of strategies and the control provides for extensions that can incorporate these additions.New regions can be added to an optimizer by choosing a parent (or parents) for the region,providing the appropriate interface for the region, and, if necessary, adding control rules to theparent region. In this section we add two new regions to the example optimizer. One region,which we call region J4 because it reorders sequences of four or fewer joins, illustrates the interfacecompatibility requirements. The other region, called PE because it processes path expressions,requires modi�cations to the parent control rules. We add both of these regions as leaves of regionOPT.8.3.1 Duplicating GoalsRegion J4 o�ers alternative processing for join reordering. This region has a specialized controlthat can quickly manipulate short join sequences to �nd optimal orderings. The region goal isJoin Reorder and its static applicability function isAp(Q) = (9o 2 (Ops(Q))(o = Ojoin)In other words, Ops(Q) contains Ojoin operations.Since J4 duplicates a goal that is already in the optimizer, the existing rules do not need to bemodi�ed. The only modi�cation to the optimizer is to update the Join Reorder primitive actionmodule to recognize the new region. Since the module actually uses a table containing informationabout the regions, only the table needs updating. When the module checks static applicabilitypredicates, queries that satisfy the applicability predicate of J4 will be directed to that region.The Join Reorder primitive module also requires a dynamic applicability function. Recall thatthis function accepts a query and goal, and returns an integer from 0 to 10 evaluating the region'sapplicability to the query. The dynamic applicability function for region J4 scans the query lookingfor join sequences. It returns an evaluation of 10 if it �nds sequences of length less than or equal to4, and an evaluation of 0 if it �nds longer sequences. These evaluations indicate that the strengthof region J4 is in reordering sequences of four or fewer joins.8.3.2 New GoalsAdding strategies with new goals to an optimizer requires that the optimizer control be extendedto use the strategies. Suppose we want to add a new region that can handle path expressions. Sucha region could be based on one of the strategies of [91], for example. The interface for the regiondeclares a goal of Fast Paths, and an applicability predicate of2Ap(Q) = NOT EMPTY (Paths(Q))2Note that we conveniently de�ned Paths(Q) as one of our set-formers in anticipation of adding this region. Anideal applicability language would be general enough to query over all situations that can occur with queries, andwould be able to be easily extended to handle extensions to the query algebra.142



The di�cult part of adding a region with a new goal is determining how to incorporate it intothe existing control of the optimizer. In this example, we need to determine where the Fast Pathregion �ts in relation to other regions in the optimizer, and how the control of a parent region canuse the capabilities of Fast Paths.Suppose we decide that a good heuristic for managing simple queries with path expressionsis to perform Simple Transforms on the query, then improve the paths. This heuristic could beimplemented by adding the following rule as rule 2a in the Good Rewrite package:NOT EMPTY(Paths(Q)) �! ACHIEVE Fast Path ON Q.This rule will follow the rules that perform simple transforms on single variable queries, since thesearch strategy puts rules in the priority queue by their order in the package. In addition, if anested query has paths, the paths will be processed �rst, since the rule precedes the rules fornested queries.An alternative (or additional) use for the Fast Paths task is as part of the Lower Cost region. Ifa query contains path expressions, it may be useful to process those expressions before the generalrewrite of the query done by the Best Est Cost goal. It may also be useful to process paths afterreordering the predicates and before reordering joins.A problem with describing rules in Lower Cost to handle these situations is that we do notnecessarily want the failure of the Fast Paths goal to cancel further processing. Whether or not theexpression has path expressions, we still want to consider only the two alternative results generatedby the current two rules.A simple way to handle this problem is to de�ne an additional subgoal, called Preprocess. Thepackage for this goal contains a single rule:NOT EMPTY (Paths(Q)) �! ACHIEVE Fast Paths ON Q.which is executed once, if applicable. The package always returns Success = True, and will returneither the result of achieving Fast Paths or, if Fast Paths doesn't apply or fails, the original query.Now, the rules in the Lower Cost goal package (Figure 8.2) can be replaced with the followingtwo rules:NOT EMPTY (Preds(Q)) �! ACHIEVE Predicate Reorder ON Q GIVING Q0;ACHIEVE Preprocess ON Q0;ACHIEVE Join Reorder ON Q0.�! ACHIEVE Preprocess ON Q GIVING Q1;ACHIEVE Best Est Cost ON Q1.Execution of the Lower Cost package proceeds as described in Section 8.2.1. The Preprocess stepshave no e�ect on the package execution, other than the call to the Preprocess goal package. Pre-process will not a�ect the success or failure of either rule, since it will improve paths if possibleand pass either the improved result or an unchanged query along to the next step of each rule.8.4 SummaryThe optimizer design in this chapter is intended to illustrate the capabilities of the Epoq approach.We chose as regions some common optimization strategies and showed how they could be sim-ply characterized using the Epoq interface. We used some simple heuristics describing desiredinteractions between regions to illustrate the planning-based control.143



The planning-based control can express sequential, iterative, and conditional processing of rulesand, therefore, of region applications. The language expresses sequence through the right-hand sidesof rules, or through the use of memory 
ags (e.g., as in the Fast Rewrite goal package). Iterationcan occur in the high-level control3 and in package control. The high-level control iterates through(goal,query) pairs, and the package control iterates through rules. Conditionals are implementedusing the query and memory conditions on the left hand sides of rules.This example illustrates the ability to integrate a variety of optimizer processing strategiesusing the Epoq approach. The leaf regions in our example all implemented di�erent strategies forperforming their task. These strategies were integrated by the planning-based control of the Epoqcontrol regions.The common interface also allowed us to integrate modules from di�erent sources. For example,the GO region is a rule-based rewrite system generated by the EXODUS optimizer generator. Thisregion has its own internal cost model and query representation. Region CJ, on the other hand,was designed expressly for Epoq and takes advantage of the annotated query representation.Finally, we illustrated the extensibility of an Epoq optimizer by adding new regions to theexample. One region duplicated an existing goal in the optimizer, so required minimal integration.The other represented a new goal for the optimizer so required modi�cation to the parent regioncontrol. The extensibility of the planning-based approach to control limited that modi�cation tochanges to planning rules.

3This capability was not illustrated in this example though.144



Chapter 9Summary and Future DirectionsIn this thesis we described an approach to query processing that supports the extensibility inherentin object-oriented databases. We summarize the main points of our approach in this chapter.We conclude with a discussion of some of our ideas for future research that expands on the workpresented here.9.1 SummaryWe presented our work in the context of a general framework that describes query processing as theintegration of a data model, a query language, transformation rules for the language, an internalquery representation, a cost model, and a process for query optimization. We presented designsfor components of the framework, and described the requirements for the di�erent components tosupport each other and interact to process a query.Our approach focussed on extensibility as the major challenge in supporting query processing inobject-oriented database systems. We used the ENCORE model as the basis model for this work.Extensibility in the model is based on support for abstract data types. This extensibility placesa requirement on the other components of the query processing system to support the additionaltypes and operations that can be de�ned in the model, as well as their associated implementations.The EQUAL algebra supports extensibility by accessing objects exclusively through their in-terface. Thus, extensions to the collection of abstract data types and associated operations, andmodi�cations to data type implementations, are transparent to the algebra. In addition, the alge-bra is de�ned as methods over Set types in the model. Thus, the algebra itself could be extendedby de�ning new methods for type Set.We presented a new approach to providing extensibility in query optimization. The Epoqapproach provides for extending the collection of processing strategies used to optimize a query.A processing strategy is encapsulated in a region. The Epoq architecture describes a commoninterface for a region, and in doing so characterizes processing strategies. The common interfaceabstracts the input/output characteristics of the strategy from its implementation, and thus allowsfor extending the optimizer with arbitrary new strategies that can manifest the appropriate I/Ocharacteristics.The interface includes an internal representation for queries that is also extensible. We de�nedextensible annotated trees (EATs) as a representation for queries. These trees uniformly representquery operators, query predicates and user-de�ned methods, and naturally integrate changes inthe user-de�ned collection of abstract data types. We also allow extensions to the annotations oncomponents of the representation to provide for new information about query components that145



may be required, or generated, during query optimization.We described a planning-based control that integrates the processing of di�erent regions toprocess a single query. Whereas optimizers normally plan the execution of a query, our controladditionally plans the optimization process for a query. The control determines what processing todo depending on the characteristics of the query and the processing that has already been performedon the query. The control is a rule-based planning system, where rules describe heuristics aboutthe goals to be achieved to optimize a query. These goals are used to plan the actions performedby the optimizer. This control is also extensible and thus supports the addition of new regions toan optimizer through extensions expressed in the control rule language.Our support for extensibility in query processing leads naturally to support for the integrationof independent system components. A cost model can be integrated into the system through exten-sions to the annotations on the query representation. New processing strategies can be integratedinto an optimizer as new regions, or even as new control strategies de�ned using our planning-basedcontrol.We illustrated the architecture with an example optimizer. We de�ned an example applicabilitylanguage over query expressions and used this language to describe the input characteristics of theexample regions in the optimizer. The example incorporated, as leaf regions, a variety of processingstrategies proposed in the literature. We de�ned goals and rules for a planning-based control thatintegrates these strategies. We illustrated the extensibility of the Epoq approach by adding twonew regions to the example optimizer.9.2 Contributions of This ThesisWe described components of a framework for query processing that were designed with the require-ments of the object-oriented database in mind. The development of these components included thefollowing major contributions to understanding and solving the problem of processing queries inan object-oriented database.� the EQUAL query algebra (Chapter 3).{ an illustration that relational style query processing can be performed in object-orienteddatabases.{ operations to create objects with unique identities and to manipulate the logical struc-tures implied by object identities.{ transformation rules for the algebraic operations.{ a theory of query equivalence in the presence of object-creating operations.� an internal query representation (Chapter 7).{ an extensible representation for queries.{ annotations that provide additional support for query processing and extensibility.� the Epoq approach to optimizer extensibility (Chapter 5).{ strategy extensibility | a new kind of extensibility in query optimizers.{ integration of independent strategies for controlling the optimization process.{ characterization of the optimizer control problem.{ a formal characterization of query processing strategies.146



� the Epoq architecture (Chapter 6).{ a de�nition for a common interface that characterizes processing strategies.{ description of the requirements for control over optimizer execution.{ an extensible control based on planning the optimization process.The Epoq architecture was motivated by the variety of problems that arise in optimizing queriesin object-oriented systems, and by the di�erent solutions to some of these problems. An additionalcontribution of this thesis is the categorization of optimization problems by object-oriented mod-elling feature (Chapter 4).We also de�ned a complete example rewrite system illustrating the architecture and its ex-tensibility (Chapter 8). The join conversion region in this example (region CJ) was designed andimplemented as part of the research for this thesis. This region addresses the previously unexploredproblem of subqueries nested in the output speci�cation of a query expression.9.3 Research DirectionsThere are a number of directions for research to enhance the work presented in this thesis and toexplore new applications for the ideas about extensibility presented here.The EQUAL algebra provides operators to work over sets. It would be interesting to exploreextensions to the language to consider more complex bulk types. It would also be interesting toexplore the creation of arbitrary new types by the algebraic operations. EQUAL can build objectswith new complex types out of parameterized sets and tuples, and other languages build values withnew types constructed from their basic types (sets, tuples, lists, arrays) (e.g [32], [150]). We wouldlike to explore building new abstract objects in response to queries. For example, if we de�ne anabstract data type D, we would like to write a query that can build new objects of type D. Such acapability might be also be interesting to explore as a way to de�ne views in o-o database systems.We incorporated a cost model into our query processing system, but did not actually develop acost model in this thesis. The development of a cost model for queries over objects that are instancesof abstract data types is still an open area of research. A major problem to be addressed is theestimation of the cost of expressions containing arbitrary methods over abstract data types. Inthe thesis we described how the parameters of such a model could be incorporated into the queryrepresentation, with the methods of a cost model de�ned as methods over the representation.We would like to see the development of a comprehensive cost model for object-oriented databasesystems. Such a model should include imprecise cost estimates for high-level queries as well as moreprecise estimates for access plans. The cost model would also have to respond to the extensibilityof the system.A few areas of the architecture were not completely developed in this thesis. In particular, wedeferred the question of choosing subqueries or alternative queries for processing by the optimizer.Although the architecture describes the requirement to initially choose a query and goal for process-ing, store alternative queries, and choose a result query, the implementation in the example madesimple choices for all of these. It would be useful to explore more complex implementations forthese methods. The planning rules may also o�er assistance in determining subqueries and goals toprocess within the optimizer. For example, we envision rules with actions that can �nd subqueriesof the rule's input query. The rule can either either act on those subqueries immediately, or placethe subqueries and goals into global memory to be chosen later by the high- level region executionmodule. 147



We have a number of ideas for optimization strategies that could be included as regions in anEpoq optimizer. First of all, we would like to further explore the transformations that can beperformed on nested queries. This work would extend the implementation work that was doneon region CJ in the example optimizer of Chapter 8. We have also done some preliminary workon the use of cost-based heuristics to guide query transformation. The query representation canprovide information about the cost of data and operations. We propose de�ning rewrite rules thatare annotated with cost considerations, and using the cost information to help an optimizer moduledetermine which rules to apply to a query expression. We currently envision this as a leaf regionwith its own rule search engine, but these ideas may generalize to control over the optimizationprocess.It would also be interesting to experiment with di�erent optimizer controls. We described acontrol that results in sequential execution of regions. We believe the architecture would alsosupport parallel control over subordinate region execution.We intend to develop a complete Epoq optimizer. This requires the development of a numberof subordinate regions to manipulate queries. In this thesis we have described regions that rewritehigh-level query expressions. We need to also incorporate regions that develop access plans forqueries. The development of an optimizer involves not only the development of such regions, but adesign for how the regions can be used in the optimizer.A methodology for designing Epoq optimizers is still an open area of research. Epoq providesthe ability to combine many di�erent optimization strategies in di�erent ways depending on thequery being processed. Although the architecture describes the mechanism for combining thesestrategies, good heuristics describing which strategies to combine for which queries still need tobe developed. Fortunately, the extensibility of the Epoq architecture provides the mechanism forexperimenting with di�erent heuristics. This architecture could also be used as a vehicle for testingand comparing di�erent optimization strategies.9.4 Final ThoughtsThe overall approach to extensibility described here may very well turn out to be the most importantcontribution of this thesis. In particular, we believe that our approach to extensibility and controlin query optimization is more broadly applicable than just to object-oriented query processing.First of all, this approach could be applied to build optimizers for any database model, not justthe object-oriented model. It is possible that our hierarchical planning-based control, with centralpoints for integrating independent components, might also be applied to control in distributeddatabase systems. Query optimizers on di�erent machines might be combined, using the Epoqapproach, to process a single query.The Epoq approach to extensibility can also be viewed as an approach to integration. Thestrategies in an Epoq optimizer can come from any source. The architecture combines strategiesbuilt using our planning-based control, strategies built with the knowledge that they will be incor-porated into a particular optimizer, and strategies built completely independently of the optimizerthat will eventually use them. The ability to incorporate the latter implies that the Epoq approachcould be applied to problems in heterogeneous databases.The ability within Epoq to integrate independent processing strategies also has implicationsfor database engineering. The Epoq approach is an open approach to system development. Thisapproach allows the optimizer for a particular system to be extended with modules built by in-dependent developers. Conversely, a module to address a particular optimization problem can bebuilt independently of the optimizer that will eventually use it. Epoq supports such autonomous148



development. We expect the development of query processing systems of the future to take a similarapproach.
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Appendix AEQUAL Query TransformationsThis appendix contains transformations for EQUAL expressions. This is not a complete set oftransformations, nor is it minimal. It is an inventory to illustrate the transformations that can bedone with the EQUAL operations. Some of these transformations appeared in [132] and [133] (alsoTable 3.5). The rest are previously unpublished.The transformation rules given here illustrate that many rewrite rules for the relational algebracan be generalized to EQUAL structural equivalences. We do not, in general, give rules for trans-forming Boolean predicate expressions but believe that common Boolean transformations will alsogeneralize to EQUAL.All of the transformations in this list are structural equivalences. (See Table 3.4 for someexamples of weaker equivalences.) As noted in Section 3.3.1, EQUAL always produces new objectsas the result of queries. These objects cannot be identical, and will at best be shallow-equal. Inother words, no two query expressions will ever produce �0 results, but will produce �i results forsome i � 1. In all of the following transformations we use � to mean �1 as the default equivalence.In addition, the equivalence levels given assume that there are no nested queries, other thanthose explicitly shown. Queries nested in input, function, or predicate expressions could increasethe equivalence depth. Some transformations, when involving nested queries, could also requireduplicate elimination in one direction.Notation. We use pluralized capital letters (As, Bs, Ss, etc.) to indicate database sets. Capitalletters (A, B, etc.) represent names (in particular, attribute names or property names). Lower caseletters (a, b, s, etc.) represent variable names, with the exception that lower case p's (p, pi, p0,etc.) are used as names for Boolean predicates, and f and g are function names.Transformation A.1. Set Union.Union(As,Bs) � Union(Bs,As)Transformation A.2. Union associativity.Union(Union(As,Bs),Cs) � Union(As,Union(Bs,Cs))Assumptions:� A type has only a single immediate subtype. If this is not true then the transformation maynot preserve result type. 150



Transformation A.3. Intersection commutativity.Intersection(As,Bs) � Intersection(Bs,As)Transformation A.4. Collapsing nested Select.Select(Select(As,�a p(a)),�b p1(b)) � Select(As,�a p(a) ^ p1(a))Transformation A.5. Select ordering.Select(Select(As,�a p(a)),�b p1(b)) � Select(Select(As,�a p1(a)),�b p(b))Transformation A.6. Unnecessary Select.Select(As,�a True) � AsTransformation A.7. Select Intersection.Intersection(Select(Ss,�s p1(s)), Select(Ss,�s p2(s)))� Select(Ss,�s p1(s) ^ p2(s))Transformation A.8. Select Union.Union(Select(Ss,�s p1(s)), Select(Ss,�s p2(s)) � Select(Ss,�s p1(s) _ p2(s))Transformation A.9. Union as Select.Union(As, Bs) � Select(Ss,�s s 2 As _ s 2 Bs)Assumptions:� Ss is a superset of As and Bs, and the member-type of Ss is the closest common supertype ofthe member-type of As and Bs.Transformation A.10. Removing 8.Select(As,�a 8b(b 2 Bs ^ p(a,b)))� Select(As,�a Empty(Di�erence(Bs, Select(Bs,�b p(a,b)))))Transformation A.11. Removing 9.Select(As,�a 9b(b 2 Bs ^ p(a,b)))� Image(Ojoin(As,Bs,A,B,�a,b p(a,b)),�t t.A)Assumptions:� Bs is independent of a. 151



Transformation A.12. Di�erence as negation.Di�erence(As, Select(As,�a p(a))) � Select(As,�a :p(a))Transformation A.13. Path tracing as set membership.Select(Ss,�s s.A1.A2 � x) � Select(Ss,�s s.A1 2 Select(Rs,�r r.A2 � x))Assumptions:� Rs is (a superset of) the range of A1 applied to an element of Ss (i.e., 8s 2 Ss s.A1 2 Rs).� � is a binary Boolean operator de�ned for the result type of A2 and the type of x. Forexample, this transformation is useful when � is set membership, the result of A2 has typeT and x has type Set[T].Transformation A.14. Single-step path as set membership.Select(Ss,�s s.A � x) � Select(Ss,�s s.A 2 Select(Rs,�r r � x))Assumptions:� Rs is (a superset of) the range of A applied to an element of Ss.� � is a binary Boolean operator de�ned for the member-type of Rs (result type of A) and thetype of x.Transformation A.15. Path tracing as join.Select(Ss,�s s.A1 � x)� Image(Ojoin(Ss,Select(As,�a a � x),S,A,�s,a s.A1 =0 a),�t t.A)Assumptions:� As is (a superset of) the range of A applied to an element of Ss.� x is independent of s 2 Ss.� � is a binary Boolean operator de�ned over the type of the A property of the member-typeof Ss and the type of x.
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Transformation A.16. Inverses.Select(Ss,�s s.A1 2 Rs) � Image(Rs,�r inverse(r))Assumptions:� The A1 property of Ss has an inverse.� A1 is a one-to-one property. (If A1 is many-to-one then the inverse returns a Set and theImage result will have to be Flattened.)Transformation A.17. Composition of Images.Image(Image(Ss,�s f(s)),�r g(r)) � Image(Ss,�s g(f(s)))Transformation A.18. Union of Images.Union(Image(As,�a f(a)), Image(Bs,�b f(b))) � Image(Union(As, Bs),�s f(s))Assumptions:� The member-type of As is an ancestor or descendant of the member-type of Bs.Note that the assumption ensures static typing. If the member-types of As and Bs are subtypes of acommon supertype di�erent from A or B, then f may not be de�ned for the supertype. Additionally,even if f is de�ned, the result of Union(Image. . .) could generate a member-type that is a subtypeof the member-type of the result of Image(Union. . .).Transformation A.19. Folding Image into Project.Project(Image(As,�a f(a)),�s < . . .,(Ai,gi(s)),. . .>)�2 Project(As,�a < . . .,(Ai,gi(f(a))),. . .>)Assumptions:� Image is folded into all Ai's such that gi is a function of s. (If gi is independent of s it istreated as a constant and is the same on either side of the transformation.)Transformation A.20. Select through Project.Project(Select(As,�a p(a)),�t < . . .,(Ai,t),. . .,(Aj ,fj(t)),. . .>)�2 Select(Project(As,�a < . . .,(Ai,a),. . .,(Aj,fj(a)),. . .>),�t p(t.Ai))Recall that tuples are unordered, thus the notation (Aj ,fj(t)) represents all attributes that arecomputed by the application of a function over an element of As. The key in this transformationis that some attribute is computed by applying the identity function (i.e., (Ai,t) exists for some i).153



Transformation A.21. UnNest-Nest removes nested duplicates.Nest(UnNest(Ss,Ai), Ai) �3 DupEliminate(Rs,=2)where Rs := Project(Ss,�t <(A1,t.A1),. . .,(Ai�1,t.Ai�1),(Ai,Find dups(t)),(Ai+1,t.Ai+1),. . .,(An,t.An)>)and Find dups(t) := Flatten(Image(Select(Ss,�s s.Aj =0 t.Aj 8j 6=i),�q q.Ai))Assumptions:� Ss has type Set[Tuple[<(A1,T1),. . .,(Ai,Set[Ti]),. . .,(An,Tn)>]]Transformation A.22. Composing Select and Ojoin.Select(Ojoin(As,Bs,A,B,�a,b p(a,b)),�t ps(t.A,t.B))�2 Ojoin(As,Bs,A,B,�a,b p(a,b) ^ ps(a,b))Transformation A.23. Performing Select before Ojoin.Ojoin(As,Bs,A,B,�a,b p(a) ^ p0(a,b))�2 Ojoin(Select(As,�a p(a)),Bs,A,B,�a,b p0(a,b))Transformation A.24. Pushing Select past Ojoin.Select(Ojoin(As,Bs,A,B,�a,b p(a,b)),�t p1(t.A) ^ p2(t.A,t.B))�2 Ojoin(Select(As,�a p1(a)),Bs,A,B,�a,b p(a,b) ^ p2(t.A,t.B))Note that transformation A.24 can be achieved by composing transformations A.22 and A.23.Transformation A.25. Generalized Select past Ojoin.Select(Ojoin(As,Bs,A,B,�a,b p(a,b)),�t p1(t.A) ^ p2(t.A,t.B))�2 Select(Ojoin(Select(As,�a p1(a)),Bs,A,B,�a,b p(a,b)),�t p2(t.A,t.B))Transformation A.26. Ojoin semantics.Ojoin(As,Bs,A,B,�a,b p(a,b))�2 Select(Ojoin(As,Bs,A,B,�a,b True),�t p(t.A,t.B))Transformation A.27. Commutativity of Ojoin.Ojoin(As,Bs,A,B,�a,b p(a,b)) �2 Ojoin(Bs,As,B,A,�b,a p(a,b))154



Transformation A.28. Ojoin associativity.Ojoin(Ojoin(As,Bs,A,B,�a,b pa(a) ^ pb(b) ^ pab(a,b)),Cs,,C,�t,c pc(c) ^ pac(t.A,c) ^ pbc(t.B,c) ^ pabc(t.A,t.B,c))�2 Ojoin(As, Ojoin(Bs,Cs,B,C,�b,c pb(b) ^ pc(c) ^ pbc(b,c)),A,,�a,t pa(a) ^ pab(a,t.B) ^ pac(a,t.C) ^ pabc(a,t.B,t.C))Transformation A.29. Ojoin redundancy (1).Ojoin(As,Bs,A,B,�a,b p(a,b))�2 Select(UnNest(Project(As,�a <(A,a),(B,Bs)>), B),�t p(t.A,t.B))Transformation A.30. Ojoin redundancy (2).Ojoin(As,Bs,A,B,�a,b p(a,b))�2 UnNest(Select(Project(As,�a <(A,a), (B,Select(Bs,�b p(a,b)))>),�t NOT Empty(t.B)), B)Transformation A.31. Coalesce redundancy.Coalesce(Ss,Ak,=i) �i+2 Project(Ojoin(Ss,NoDupAk,,B,�a,b a.Ak =i b),�t <(A1,t.A1),. . .,(Ak�1,t.Ak�1),(Ak,t.B),(Ak+1,t.Ak+1),. . .,(An,t.An)>)where NoDupAk := DupEliminate(Image(Ss,�s s.Ak), =i)Assumptions:� Ss has type Set[Tuple[(A1,T1),. . .,(An,Tn)]]Transformation A.32. Flatten redundancy.Flatten(Ss) � Image(UnNest(Project(Ss,�s <(A,s)>), A), �a a.A)Assumptions:� Ss has type Set[Set[T]] for some type T.Transformation A.33. UnNest redundancy.UnNest(Ss,Ak) �2 DupEliminate(Flatten(Image(Ss,�sProject(s.Ak,�t <(A1,s.A1),. . .,(Ak�1,s.Ak�1),(Ak,t),(Ak+1,s.Ak+1),. . .,(An,s.An)>))), =1)Assumptions:� Ss has type Set[Tuple[(A1,T1),. . .,(Ak,Set[Tk]),. . .,(An,Tn)]]155



Transformation A.34. Nest redundancy.Nest(Ss,Ak) �2 Project(SlessAk,�t <(A1,t.A1),. . .,(Ak�1,t.Ak�1),(Ak,Image(MatchSs(t),�q q.Ak)(Ak+1,t.Ak+1),. . .,(An,t.An)>)where SlessAk := DupEliminate(Project(Ss,�s <(A1,s.A1),. . .,(Ak�1,s.Ak�1),(Ak+1,s.Ak+1),. . .,(An,s.An)>), =1)and MatchSs(t) := Select(Ss,�s (s.Ai =0 t.Ai 8i 6=k))Assumptions:� Ss has type Set[Tuple[<(A1,T1),. . .,(An,Tn)>]]
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