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Compiling Object-Oriented QueriesA Thesis ProposalTheodore W. LeungDepartment of Computer ScienceBrown UniversityProvidence, RI 02912-1910twl@cs.brown.eduDecember 6, 1993AbstractThe e�ectiveness of database query optimization is dependent on the optimizer's ability tomake e�cient use of physical resources in a computer system. The optimizer decides how to usethose resources in the plan generation step. We describe an approach to plan generation wherephysical level rewriting produces performance increases which cannot be obtained via sourcelevel transformations. Example optimizations serve as a demonstration of a new rule languagebased on list and tree pattern matching. A formalism similar to attribute grammars computesinformation needed by the plan generator. Many of the techniques presented are reminiscentof compiler optimizations. We conclude by describing the work that will be completed in thethesis.1 Statement of ProblemQuery Processing is one of the most desirable features of relational database systems. A user poseshis query in a declarative form, and the database system devises an e�cient plan for retrieving theinformation from secondary storage. 1



The answer to a query can be retrieved via a variety of plans, a query is a speci�cation for anumber of equivalent plans. At the very highest level, query optimization is a search of the spaceof equivalent plans speci�ed by the query. In practice, this search is broken down into at least twosteps.The �rst step, source level optimization, is often referred to as rewriting. The commands of thequery language are translated into operators from a query algebra. The algebra obey;s identitieswhich are known to produce improvements in the execution of the query. The identities de�nea space of equivalent queries. This space is the set of all queries (in algebraic form) that can beobtained from the original query by applications of the identities.Physical level optimization, the second step, is also known as plan generation, algorithm se-lection, or access path selection. During this step, the algebraic form of the query is translatedinto a program that actually manipulates the hardware devices where the desired data is stored.The part of the query optimizer that does this is called the plan generator. The plan generatorselects an appropriate algorithm for implementing the various operators in the rewritten query, isalso responsible for exploiting any special data structures, such as indexes, that could improve theperformance of the query. The plan generator must search a space of equivalent plans, which itobtains by choosing between multiple algorithms and data structures for the operators in the query.Typically, a plan generator generates a new plan by devising a plan for the whole query (by startingwith the rewritten query), or it enumerates the entire space of alternatives in a disciplined fashion.In many cases, a single \best" plan is selected by computing a cost metric for each alternative, andselecting the plan with the lowest cost.The work and thesis described in the proposal focuses on the second step of optimization,physical plan generation. There has been extensive work on algorithm and data structure selection,2



especially in the context of relational databases. Object-oriented databases introduce a new set ofproblems for plan generation. A major di�erence between relational and object-oriented queries isthat the predicates in algebra operators can be very complicated. These predicates can be queries,as in the case of nested relational queries, or they can specify object at a time navigation through thedatabase. In either case, the pattern of data access is no longer straight forward. Control and data
ow in the query bounces back and forth between the operators (which want to iterative througha single collection) and their predicates (which want to follow their path expressions thoroughmultiple collections). Careful management of this control and data 
ow can result in signi�cantimprovements in query performance.Consider a query like \select all employees whose manager makes more than $50,000", whichiterates through a collection and uses each item of the collection as the start of an object at a timepath traversal. The path traversal is introduced because the query must examine the managerattribute of every employee object and the salary �eld of every manager object. There are manyways to evaluate this query, because there are many ways to traverse the path. One method isto read each element of the collection one at a time, and follow the path for a single elementbefore proceeding to the next element of the collection. Under this method, we would read a singleemployee, then read that employee's manager, then read that manager's salary, and then begin thatprocess anew with the next employee. Another method is to read the entire collection, follow the�rst level of the path for the whole collection, and repeat the process, following another level of thepath for the whole collection. This would mean reading all the employees, then all the managers,and then all the salaries. These two methods of evaluating the query have a very di�erent impacton the database bu�er pool. When combined with other operators in a query one method may bemuch more desirable than the other. Current systems would generate a plan for one of the two3



methods, based on where they appeared in the search space. There is no way to directly convertfrom one method to another. It would be better if there was a way to move directly from onemethod to another when the plan generator recognized that changing methods would be bene�cial.This conversion can only take place during plan generation, because the factors that distinguishthe better method are only available once a plan has been generated. Since the choice of methoddepends on the method's interaction with the bu�er usage of another operator, the conversion canonly be done when the bu�er behavior of the other operator is known | at plan generation time.We argue that there are methods for improving query performance that are not concerned withalgorithm selection or data structure selection, the traditional tasks of plan generators. Thesemethods are only available during plan generation, because that is the only time when su�cientinformation about physical properties is available to in
uence the decisions of the plan generator.In the rest of this paper we propose a system where plan generation performs not only algorithmand data structure selection, but also performs transformations of the plan.The next section reviews the current state of the art in query optimization and plan generation.After that review, we present an overview of our approach, the language formalisms that arerequired background, and our rule language. After the description of the rule language, Section6 illustrates the operation of our techniques on a pair of examples. We conclude by presenting aresearch plan for the rest of the thesis, and a summary of our expected contributions.2 Related Research2.1 Plan Generation in Relational SystemsRelational plan generators search the space of relevant access structures to select the best accessstructure for retrieving a relation. This approach was �rst described in System R[76]. Ingres[80]4



uses a very unsophisticated plan generator which handles one variable queries only. The Ingresoptimization algorithm[91] decomposes multi-variable queries into single variable queries.2.2 Plan Generation in Object-Oriented SystemsPlan generators for object-oriented databases have continued where relational systems left o�.Lanzelotte and her colleagues[59] state, \database query optimization is �nding an optimal joinpermutation, together with the choice of an access path for each relation and an algorithm for eachjoin and selection operator". Relational plan generation is the choice of access path and algorithm.Some have claimed that the problem is simpler in object-oriented databases. The ObjectStoresystem[57, 72] selects from one of two query evaluation strategies based on whether or not an indexis available. The system designers claim that the presence of paths and indexes on paths makeoptimization of joins much less important, but this is only true for pointer-based joins[78].One of the points of departure for object-oriented systems has been experimentation with dif-ferent plan languages and representations. This has occurred because there are additional conceptsto be modeled at the physical level. Straube and Ozsu[82, 83, 81] use a \processing template" op-erating on streams of tuples of object identi�ers to represent their plans. Each processing templaterepresents a set of alternative plans. Unfortunately, the space of alternate plans is not very richbecause the components of a processing template do not expose which algorithms are used to accessdata. There is a single implementation for each operator, and all variations in plans essentiallycome via permutations of arguments. As part of the Revelation[45, 25, 87], Bennet Vance hasdeveloped Rexall[88], a functional plan language with support for objects. Rexall allows the recog-nition of situations where the same physical operator is used to compute di�erent logical operators.The two instances of the physical operator can be combined, eliminating the \algorithm" commonsubexpression. The TI Open OODB[12] project has also contributed in the area of plan languages5



by introducing a materialize operator which can be used to represent navigational object access.Kemper, et al.[54, 55, 53] have focused on extending the notion of indexing to object-orientedsystems. They have de�ned a new indexing structure called the access support relation, whichimproves the performance of path expression traversal. They have also de�ned some optimizationsthat are e�ective on access support relations. These include common subexpression elimination anddynamic creation of temporary access support relations. These optimizations appear to be doneat the source level (before plan generation) but they are only e�ective if the optimizer has decidedto implement a path traversal via an access support relation. Thus, these are really physical leveloptimizations.There are many more opportunities for common subexpressions to appear in an object orientedquery. Therefore recognition and elimination of these common subexpressions is an importantoptimization. Some work has been done at the source level by Cluet and Delobel[20], but theygive no description of how their work impacts the plan generation stage. Lanzelotte, et al. [58,59, 38, 60] are able to recognize common subexpressions by mapping queries onto the physicalschema. Common subexpressions in path expressions appear in the class connection graph, aresult of this mapping process. As previously mentioned, Kemper et al.[55] can eliminate commonsubexpressions that appear via access support relations, and Rexall[88] can be used to recognize\algorithmic" common subexpressions.Lanzelotte, et al. [58, 59, 38, 60] took the �rst step towards rewriting at the physical levelby mapping their queries onto the schema. This is done using two data structures, the classconnection graph and the physical schema graph. The class connection graph is a nonnavigationalrepresentation of the implicit (path traversals) and explicit joins in the query. The physical schemagraph makes the indexing and clustering relationships between actual �les in the database explicit.6



Once these data structures have been created, the query is optimized by generating plans from thedata structures.Both Volcano[43, 42] and Starburst[46] try to give the bu�er manager hints about the way thequeries will access bu�er pages. Neither of them rewrites the query in order to improve its bu�erusage characteristics.2.3 Rule Based OptimizationResearchers trying to develop query optimizers for extensible database systems adopted rewriterules as a mechanism for extending the set of available optimizations. Typically, rules have a lefthand side, which is used to match a pattern in the query, and a right hand side, which speci�es areplacement for the matching pattern. The rules are processed by a rule engine, which is controlledby a search strategy. Rules are applied to generate new versions of the query, and the search strategydetermines which rule will be applied next. In some systems the search strategy also determineswhich versions of the query will have the rule applied to them. Usually, rules are applied to rewritethe query in algebraic (source) form, and then a set of rules that maps algebra operators to physicaloperators is used to generate a plan. The key components in a rule based optimizer are the languagefor describing rules, the search strategy, and the rules themselves.Rule based optimization was �rst suggested by Freytag[34, 36, 35]. His initial proposal callsfor two layers, where the �rst layer rewrites the Lisp-like intermediate representation of the query.The rewriting phase does not distinguish between source and physical rules, although it possessesboth. The second layer translates the intermediate representation into an iterative program.The next advance in rule based optimization came with the Exodus optimizer generator[41, 39].This system allows a database system implementor to generate a query optimizer from a set ofgrammar like rewrite rules. The rule language is grammar like, with the addition that rules may7



have an associated condition that determines whether or not the rule is applicable. Conditions arewritten in C, and the database system implementor has the option of dropping back into C whenthe rule language is not expressive enough. The generator allows the implementor to specify costfunctions, and uses a hill climbing search strategy to determine which rule to apply next. Rulesare classi�ed as transformation (source to source) or implementation (source to physical) rules,but no physical to physical rules are used. The rule language does not allow the predicate to bemanipulated.The Volcano optimizer generator[43, 42] is the successor to the Exodus optimizer generator[41].The major features introduced in Volcano are improvement of the search strategy, implementationof cost as an abstract data type, ability to memoize the results of previous optimizations, and theuse of enforcers and physical property vectors to force the plan generator to make particular choices.Logical and physical expressions are now clearly distinguished in the representation. The TI OpenOODB project[12] has implemented its query optimizer with the Volcano optimizer generator. Onelesson learned from their experience is that it is desirable to be able to manipulate the predicatepart of an operator, but they found this hard to do in the Volcano optimizer generator.The Starburst[46, 47, 73, 64, 61] extensible database system separates query optimization intotwo levels, query rewrite and plan optimization. The system uses a di�erent rule language fordescribing the processing at each level. During query rewrite, the query graph model (QGM)representation of the query is rewritten into an equivalent QGM query. Their rule language forthis phase is C. The plan optimization phase uses grammar-like rules, called STARS, to constructplans from the bottom up. Alternative plans are generated simultaneously eliminating the need forany kind of rewriting. STARS also have required and available properties, which correspond veryclosely to the notion of inherited and synthesized attributes in attribute grammars. The attribute8



grammar evaluation mechanism is simpli�ed tremendously because there are only two attributes.Fegaras, et al.[31] have demonstrated a query optimizer generator which uses compile-timere
ection in ML. Rewriting is controlled via a rule-based term rewriting system that has the 
avorof attribute grammar evaluation. The attributes from the term rewriting system are used for contextcontrol. The rules are very succinct because the full power of ML, including pattern matching, isavailable due to the speci�cation of rules via compile-time re
ection. This makes it much easierto write the necessary support functions. They note that they do not add functionality relativeto the Volcano optimizer generator, but provide conciseness and clarity in their rules. The use ofthe attribute grammar for context control is interesting. Our work uses a tree query language forcontext control, and an attribute grammar like system for propagating analysis information. Also,ML's pattern matching is not as expressive as our tree query language.2.4 Other Extensible optimizersExtensible optimizers which are not based on rules have also been proposed. The EPOQ optimizer[69,70] modularizes the set of optimizations available to the optimizer. These modules are called re-gions, with each region providing a speci�c optimization service to the optimizer. A region isviewed as a black box which responds to a protocol and which operates on an annotated commonrepresentation for queries. No other assumptions are made about about the internal structure oroperation of regions. This allows great freedom in the actual implementation of regions, allowingindividual optimizations to be expressed in whichever formalism is most appropriate. The overallcontrol and coordination of the regions is the responsibility of the optimizer. Plan generation �tsinto the framework as a region, but no speci�cs are given regarding plan generation.Kemper, et al.[56] discuss an architecture for an extensible optimizer which is based on theblackboard paradigm for arti�cial intelligence. The unit of extensibility is the knowledge source {9



each knowledge source is an expert at a particular kind of optimization. The optimizer producesquery evaluation plans that are DAG's of algebraic operator applications. There is no lower levelplan generation in the sense that we have been discussing.2.5 Analogy to CompilersThere are some interesting analogies between techniques developed by compiler researchers and thetechniques that we have developed.Compiler researchers have used tree pattern matching to help build portable and e�cient codegenerators. The Twig system [4] uses a tree matching language and a dynamic programmingalgorithm to generate code generators. Their tree language is fairly simple in comparison to ourtree query language, but it allows them to specify code generation and improvement in terms oftree creation and tree transformation. Code generation systems based on Bottom Up RewriteSystems (BURS), like IBURG[33] also use tree pattern matching, but restrict its expressiveness inthe interest of e�ciency.A little work has been done to try to manage virtual memory[2] or processor cache memory[15,16] at code generation time. The work on virtual memory management was done in the contextof FORTRAN, and concentrated on distributing the control of multiple loops and reordering loopindices when performing array operations. The reported speedups are close to an order of magni-tude. Compiler directed cache management views the cache as an extension of the register set andattempts to apply generalized register management techniques to manage the cache.In the database world, Lieuwen[63] has found that performing compiler style analyses ondatabase programming language loops allows those loops to be turned into joins. Cluet & Mo-erkotte [21], in their work on nested queries have found dependency information to be very useful.These parallels make us con�dent that our techniques will prove useful.10



2.6 Bu�er ManagementBu�er management has always been a factor that a�ects the performance of database systems[29].Most work on bu�er management and query optimization has focused on �nding ways to give thebu�er manager hints about the way that bu�er pages will be used[74, 75, 17, 71, 30]. These hintsare used to control bu�er page replacement. This kind of hinting has also been applied to indexingstructures[13]. Cornell and Yu[24] integrate bu�er management with the query optimization processincluding by bu�er residency and contention for bu�ers as a part of the optimization problem. Theirtechniques were developed in the context of the relational model and focus primarily on improvingthe performance of joins.2.7 OODB Access Structures2.7.1 AssemblyObject assembly[51, 52] is an operator which is used to retrieve objects in a set-oriented manner| that is | other than one at a time. The assembly operator is able to do this by looking at theactual storage layout of objects on the disk, even if the query invoking assembly asks for the objectsin another order. This is both an advantage and disadvantage, since the assembly operator could\outsmart" the query optimizer but actually end up performing a pessimization. This can happenwhen the query optimizer is trying to order the pieces of the query in order to control bu�er usage.The Revelation and Volcano optimizers do not attempt to perform such ordering.2.7.2 IndexingIndexing has been a major data structure used to improve database query performance[22, 67].Indices make use of a search data structure like b-tree to reduce the amount of data that must be11



searched in order to �nd the answer to a query. There have been a number of proposals for indicesin object-oriented databases[68, 10, 9, 93, 54, 55], each with their own strengths and weaknesses.The ability to make use of indices is a crucial requirement for a plan generation system.2.7.3 ClusteringThe objective of clustering is place related objects close together physically, so that retrieving oneobject from disk causes all the related objects to be retrieved. There have been many proposalsfor single and multi-page clusters [14, 11, 77], as well as performance studies of the impact ofclustering[49]. There has also been extensive work on methods for deciding which objects to placein a cluster[8, 85, 86]. Support for clustering is essential for good performance in object-orientedsystems.3 ApproachUltimately, the query must be evaluated by using speci�c algorithms to access speci�c data struc-tures on secondary storage. In order to achieve maximum performance, an optimizer must makesure that it is using the best algorithms on the most e�cient data structures, and that resourceslike disk arms and bu�er pools are used e�ciently.In most current systems, a query is parsed into an intermediate form, and then rewritten usingsource to source rules. After the source to source rules have been exhausted, source to physical rulesare used to map the rewritten query onto structures that can be executed by a query executionengine. The source to physical rules are guided by information from the database catalogs. Someof that information can be used to compute cost measures. This process is shown in �gure 1. Therule languages for the source to source and source to physical rules are usually the same[41, 42],12
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PlanFigure 1: Traditional Optimizer Architecturewith Starburst[47] being a notable exception. Each rule language requires its own rule evaluationengine.Our approach to plan generation extends the process and adds an additional step to this process.Since our work is a part of the EPOQ[69] project, the source to source transformation is performedby regions. Some of the regions may be implemented in a rule-based fashion, but others may notbe. The additional step is that we use a new kind of rule to rewrite the physical plan form of thequery after the source to physical rules have mapped the query from the logical algebra to the planlanguage. This allows the plan generator to use optimizations that can only be performed at thephysical level. The physical to physical rules make use of information from the catalog, and anattribute grammar system is used to annotate the query with analysis information. That analysisinformation helps to guide the optimization process. Our modi�ed process is illustrated in �gure 2.The same rule language is used for the source to physical and physical to physical rules. This rulelanguage needs its own rule evaluation engine, since it is distinct from whatever rule languages arede�ned by the regions performing source to source transformations. There is also the possibility13
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RulesFigure 2: Our Optimizer Architecturefor feedback between the physical and source level optimizers, but we do not account for this atthe moment.In order to implement this approach we have developed a rule language for writing physical levelrules. This language incorporates a query language on trees, allowing us to to perform complexpattern matching on the physical representation of queries. It also allows us to use non-localinformation in the query during the optimization process. Non-local information is informationthat extends beyond the \scope" of a single pattern. We also have a plan language that allows usto demonstrate the bene�ts of physical level optimization. Attribute grammars form the basis of asystem for annotating queries with non local information.Algorithmically, the plan generation process is:LOOP until < plan is \good" >1. Use the attribute grammar formalism to compute any additional or new information from14



physical level information.2. Use a rule language based on the AQUA query language to translate the current plan into abetter plan.There are two classes of optimizations that can only be performed at the physical level. The �rstclass requires information or a representation that is only available at the physical level. An exampleof this kind of information would be the order in which a path expression will be traversed, or thebu�er behavior of a particular operator. The other class of optimizations generate or manipulatephysical structures. A dynamically created access structure is a physical structure that might becreated by a physical level optimization.This new methodology is not restricted by the choice of logical algebra or physical plan language.The rule language and the attribute grammar framework will remain the same for any choice ofalgebra and plan language. The rules would need to be updated or rewritten in order to supporta new algebra or plan language. This is the same for any rule-based extensible optimizer. Themore expressive the plan language is, the greater the opportunities for plan level optimizations, sochanging the plan language could result in reduced opportunities for physical level optimization.4 Language FormalismsThis section describes some of the language formalisms that we have developed for use in this work.They serve as background for introducing the rule language and our examples. The AQUA queryalgebra is the input language for our query optimizer. We have developed a plan language in orderto illustrate some of the kinds of physical optimizations that are possible. The AQUA tree querylanguage contributes a large part of the functionality for the rule language.15



4.1 AQUA Query AlgebraThis research occurs within the context of the EREQ project at Brown, Oregon Graduate Instituteof Science and Technology, and the University of Wisconsin. The EREQ project has developedan object-oriented query algebra, AQUA, [62], which is the input language for the EPOQ [69]optimizer being developed at Brown. The output of the source level optimization component ofEPOQ is the input to our plan generation system. In this section, we present the parts of AQUAnecessary to understand the examples presented in the rest of the paper.Every AQUA object has a type, and presents an interface which is a set of function signatures.The functions in the interface (called attributes) specify the externally visible behavior of an object.The attributes may return data from the representation of the object or may return data that iscomputed from the representation of the object. Syntactically a pathexpression is a variable nameor object name followed by sequence of attributes. The attributes are separated from the variablename and from each other by \."'s. The variable at the beginning of a path expression is calledthe head of the path-expression, while the last attribute in the path expression is called the tail.The head-type is the type of the head of a path-expression, and the tail-type is the type of the tail(actually the return type of the attribute in tail position). A path expression represents a seriesof paths through the database. A path begins at an object which has the type of the head of thepath, and includes the sequence of objects that is found by beginning with the object at the headand following the attribute names in the path expression. The act of reading all the objects in apath denoted by a path expression is called traversing the path expression. The head-object is theobject at the head of a path, and the tail-object is the object at the tail of the path. A subpath isa subsequence of a path.The AQUA algebra de�nes algebraic query operators for a number of bulk types, including16



Sets, Multisets, Lists and Trees. The basic syntax of all algebra operators is opname(<predicate ortype/equality parameters>)(input parameters). The set algebra includes the familiar select andapply (map) operators. The algebra includes a treatment of user de�ned equality. Predicates caninvoke methods on elements of a set. The choose operator nondeterministically selects one elementfrom a set.The EPOQ optimizer delivers the query to the plan generator in an intermediate form, theEPOQ query rep (hereafter query rep) [69, 66]. This representation is used to represent the queryboth in source form, and in physical plan form. The query rep is a tree-like data structure, whereoperators or functions are represented as function nodes which take data nodes as their inputs andproduce data nodes as their outputs. This creates a tree with alternating layers of function anddata nodes.4.2 Plan LanguageWe need a language to describe plans. The language should make evaluation order explicit becausephysical level optimizations may rely on the history of operation performed up to a certain point.This also allows a plan generator to reason about data that may still reside in the database bu�erpool. The plan generator may elect to rearrange the order of computations in order to leavebene�cial data in the bu�er pool. We also want a language which makes bu�er pool allocationand access explicit, so that the plan generator can adjust the allocation of bu�er pages or alter theorder of bu�er access.Our plan language is a language based on functions (everything is accomplished by functioncalls), but is not functional, since some of the functions produce side e�ects. We present theinteresting features of the language before listing the rest of the operators. The partition operatortakes an expression representing a set, and divides it into partitions occupying a certain number of17



pages (the speci�c number is an argument to partition). This operator is used to control the unitof transfer between operators. We express path expressions as a series of nested apply operators,where each apply applies a single element of the path expression. This representation of pathexpressions, along with the partition operator, allows the plan generator to generate plans thatperform depth �rst, breadth �rst, or mixed depth or breadth �rst path expression traversal. Alloperators that generate results generate them in a lazy manner (i.e. as they are needed), makingpipelining a default feature of the plan language.The operators in the plan language are:partition(Q, int) - divides the set Q into partitions of size int pages.�lter(Q,F) - returns all the elements of Q that satisfy the boolean function F.apply(Q,F) - applies the function F to each element of Q.indexFilter(Q,N,F) - does the same thing as �lter, but uses the index named N to help it �ndmatching elements.hashFilter(Q,N,F) - does the same thing as �lter but uses the hashtable named N to help it�nd matching elements.join(Q,Q,F) - implements an AQUA tup join (tuple-join) using F as the join predicate.loopJoin(Q,Q,F) - does what join does, but uses the nested loops method for evaluating thejoin. The �rst Q argument is the outer loop and the second Q argument is the inner loop.mergeJoin(Q,Q,F) - does what join does but uses the merge join method for evaluating thejoin. 18



hashJoin(Q,Q,N,F) - does what join does but uses the hash table named N on the second Qargument to evaluate the join.
atten(Q) - takes a set of sets and returns the set containing the union of all the nested sets inits input.incrementallyBuildPathIndex(N,Q,P) - traverses the path P and incrementally adds an entryto the dynamically created index named N, that links the head-object with the tail-object.The path is assumed to start from the query Q.incrementallyBuildCluster(N,Q,P) - traverses the path and incrementally adds an entry tothe dynamically created cluster named N that links the head-object with the tail-object. Thepath is assumed to start from the query Q. The database is reorganized in order to createthe cluster.readPathIndex(N,Q,P) - uses the path index named N to traverse a previously memoizedshared subpath,P. The starting point for the path index comes from Q.readCluster(N,Q,P) - uses the cluster named N to traverse a previously memoized sharedsubpath, P. The starting point for the cluster comes from Q.The grammar for the plan language is:Q ::= partition h(i Q h)i int j h�lterjapplyi h(i Q h,i F h)i jhindexFilterjhashFilteri h(i Q h,i N h,i F h)i jhjoinjloopJoinjmergeJoinji h(i Q h,i Q h,i F h)i jh
atteni h(i Q h)i jhincrementallyBuildPathIndexjincrementallyBuildclusteri h(i N h,i Q h,i TP h)i jhreadPathIndexjreadClusteri h(i N h,i Q h)i j NAL ::= var j AL h,i varPL ::= h(i AL h)i 19



F ::= h�i PL Q j h�i PL P j h�i PL EE ::= E h> j < j = j! = j >= j <=i P j N j PN ::= identi�erTP ::= identi�er j TP h.i identi�erP ::= var h.i TPInitially we tried a lower level language, which looked more like an assembly language. Theadvantage of that language was that it allowed very direct control over bu�er management issuesand order of evaluation. The disadvantage was that doing pattern matching was too di�cult. Thecurrent language is a compromise. The partition operator allows some but not all of the controlallowed by the assembly language, but the current quasi-functional language makes rule patternmatching more reasonable. It should be easy to adapt other plan language level proposals likedynamic query plans [44] and object assembly [51] �t into this framework. We have our own plansto add what we call stylized plan operators (see Sec. 7) to the language as part of our future work.4.3 Tree Query LanguageFollowing the trend in recent optimization research, we want to de�ne a rule based language forexpressing optimizations. The bene�ts of rule based optimizers are well known. They provide an ex-tensible and declarative framework for specifying optimizers. Our attempt to perform complicatedoptimizations at the physical level induces some additional requirements which are not satis�ed byexisting rule based languages. In particular, we need the ability to look at large portions of thetrees (since the query rep is a tree), and the patterns which describe when a rule matches need tobe able to take into account more of the surrounding context of the tree.As part of the EREQ project, a query language for trees and lists has been developed [84, 89].Our rule language adapts and extends that work, allowing us to use the query language to specify20



pattern matches in the tree representation of queries, and also allows us to use queries in computingthe actions to be taken when a rule is to �re.The tree query language consists of a set of query operators over ordered trees of arbitrarybut �nite arity, and a predicate language that speci�es patterns over those trees. The de�nitionof subtree and subgraph in this language are a little startling. A subtree rooted at a node mustcontain all the children of that node, for the children of those child nodes, if any child is included,all the children must be included. A subgraph rooted at a node is some subgraph of the graphobtained when the tree is viewed as a graph.For our purposes, we assume the availability of a set of predicates which operate on tree nodesand which return true or false. This set of predicates includes a set of predicates whose namesare the names of logical or physical query operators. The predicate returns true if the node beingmatched is a function node representing the operator with the same name as the predicate. Forexample, the predicate \select" will return true if the node being matched is a function noderepresenting a select operator. At the simplest, a tree pattern is represented by a predicate forthe root node of the pattern, followed by a tree pattern for each of the children:tree-pattern ::= tree-predicate h(i child-pattern-list h)itree-predicate ::= predicate-namechild-pattern-list ::= tree-pattern j child-pattern-list h itree-patternchild-pattern ::= tree-patternIn addition to the set of predicates described above, the predicate also includes a set of metachar-acters. The metacharacter \?" is shorthand for the union of all predicate names { it matchesanything. So that the full de�nition of tree-predicate istree-predicate ::= predicate-name j h?i j tree-predicate hji tree-predicate21



There are a few twists on what constitutes a tree pattern for a child of a node. A childtree pattern can be a regular tree pattern. It can also be the metacharacter \?�",which matchesany number of \?" matches. This allows the pattern language to work with trees of unknownarity. The tree language is derived from regular expressions | tree patterns can be combinedusing intersection 'j', concatenation �, or Kleene closure *. Kleene closure can be viewed as self-concatenation. In the case of strings or lists, it is obvious what self-concatenation means. Fortrees, there is uncertainty about where the new copy of the pattern should be concatenated tothe old one. The notion of a concatenation point is introduced to remove this uncertainty. Thealgebra provides three concatenation points, �, �, and 
, so that multiple self-concatenations canbe performed. The introduction of multiple concatenation points also necessitates multiple versionsof the Kleene star, subscripted with the appropriate concatenation point. To self-concatenate withthe � concatenation point, one writes T �� . The real de�nitions of tree-pattern and child-patternfollow below: (�� has been use to represent the *'s for � and 
.)tree-pattern ::= tree-predicate h(i child-pattern-list h)i jtree-predicate h(i child-pattern-list h)��i j tree-pattern h�i tree-patternchild-pattern ::= tree-pattern j h?�i j h�i j h�i j h
i j htree-pattern i��This pattern language allows queries to specify trees or pieces of trees that satisfy a particularpattern. This is used to identify relevant parts of our query representation, which is a tree. Thetree pattern language can also appear in the predicate of a set operator if the operator is workingover a set of trees.The query operators over trees are described in detail in appendix A. The grammar for treequeries follows below:tree-query ::= hselecti h(i predicate h)i h(i tree h)i jhsub selectjall ancjall desci h(i tree-pattern h)i h(i tree h)i j22



hPTjPSGjrootjleavesjnodesi h(i tree h)i jhim ancestorjim descendanti h(i node h)i h(i tree h)i jhtreei h(i node h)iAs an example, the query that retrieves all subgraphs of Q that represent a join whose leftinput contains a select somewhere in it is sub select(join ((? (� ?)j? (? �))�� select) ?)(Q) Thesub select operator selects all subgraphs of Q that match the tree predicate. The predicateexpression (? (� ?)j? (? �))�� allows the select to appear as either the left or right child or the leftjoin input. The select after that is the base case for the induction implied by the �� .4.4 Attribute GrammarOur rule language provides a powerful but succinct notation for specifying transformations to beperformed on physical versions of queries. In order to make physical level optimization e�ective, wealso need to have good analysis information so we can make good decisions about when to applytransformations. This analysis information is also useful for helping individual transformation rulesmake internal decisions. For example, the rule (in Sec 6 ) for example 2's optimization is rathernaive. The paths P and P1 are selected (nondeterministically) randomly. Yet the order in which thepaths appear in the query can a�ect the e�ectiveness of the memoization function. If informationabout the dependency relationships between the two path expressions was available, it could beused to make a better decision about whether a path should be P or P1.In compilers[5, 32], attribute grammars are used to declaratively compute and propagate in-formation up and down abstract syntax trees. This information is then available for use duringoptimization and code generation. We adapt attribute grammars to our own situation by present-ing a version of an attribute grammar formalism that can be used to compute analysis informationfor queries, both in source and physical forms. 23



attribute-grammar ::= grammar-rule j attribute-grammar grammar-rulegrammar-rule ::= non-terminal hfi inherited-attribute-eqn hgi h::=irhs hfi synthesized-attribute-eqn hgi h.iinherited-attribute-eqn ::= attribute-eqnssynthesized-attribute-eqn ::= attribute-eqnsattribute-eqns ::= attribute-eqn j attribute-eqns h;i attribute-eqnattribute-eqn ::= identi�er h.i identi�er h = i attribute-exprattribute-expr ::= identi�er j identi�er h.i identi�er jattribute-expr op attribute-expr j attribute-expr op attribute-literalattribute-literal ::= literalrhs ::= non-terminal j terminal j rhs non-terminal j rhs terminalnon-terminal ::= identi�erterminal ::= identi�erFigure 3: The syntax of Attribute Grammars
24



Appendix B contains a full attribute grammar that computes attributes for simple dependencyinformation. A query tree that has been annotated with simple dependency information is shownin �gure 4. The boxes next to the node names indicate the annotations for the nodes. Theabbreviations DD and ID stand for DirectlyDependent and IndirectlyDependent as speci�ed in theappendix.Dependency information is not the only information that can be computed using attributegrammars. We can use the formalism to propagate cost information and physical properties upand down the query. A more sophisticated set of dependencies is also necessary.Beyond the issue of additional useful attributes, is the issue of when the attributes are actuallycomputed. At present, the logical level grammar is computed when the translation from sourcelevel to physical level is performed. The physical grammar is a little more problematic. We couldrecompute the grammar after each rule is applied, but this is very expensive, and may often bewasteful. Application of incremental attribute grammar techniques would be useful here. Anotherdirection to be pursued is to use feedback between the rule language and the attribute grammarsystem to cause the attribute grammar to be recomputed when it is necessary.5 RulesWe are now ready to describe our language for writing rules. It is a simple condition action language,where the truth value of the condition determines whether or not the action is performed. Thelanguage must be rich enough to match meaningful patterns in the physical representation ofqueries, and must provide enough action primitives to perform useful transformations. This meansthat the rule language must be able to �nd patterns in trees and it must be able to operate ontrees, creating new fragments of trees, or deleting or replacing fragments of trees.25
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5.1 SyntaxSyntactically, rule language is fairly standard. Rules take the form:rule ::= hifi condition htheni hleti decl hini actions j hifi condition htheni actionscondition ::= boolean-expractions ::= action j actions h;i actiondecls ::= decl j decls h;i decl j �decl ::= var h:=i exprexpr ::= tree-query j jaction ::= expr j hREPLACEi tree hWITHi tree-expr j hCREATEi tree-exprtree ::= tree-exprexpr ::= tree-query j tree-pattern j expr jpredicate ::= lambda-exprlambda-expr ::= h�i h(i parameter-list h)i exprparameter-list ::= name j parameter-list h,i nameboolean-expr ::= expr hANDi expr j expr hORi expr j expr h=i expr jexpr h!=i expr j expr h>i expr j expr h<i expr j expr h>=i expr jexpr h<=i exprexpr ::= primary-expr j binary-expr jprimary-expr ::= h(i expr h)i j var j literal j tree-query jfunction-name h(i expr-list h)ibinary-expr ::= expr hini expr j expr binary-op exprexpr-list ::= expr j expr-list h,i exprvar ::= h$i name j h$i name h:i nameliteral ::= hi j numeric-constant j h"i string-constant h"itree-expr-list ::= tree-expr j tree-expr-list h i tree-exprtree-expr ::= var j plan-operator h(i tree-expr-list h)i27



A communication path is provided between the pattern matching language and the rule lan-guage. This path allows any tree predicate to be given a name, so that whatever piece of treematches the name can be manipulated by the rule language. This is accomplished by modifyingthe de�nition of tree-predicate slightly.tree-predicate ::= predicate-name j h$i name h:i predicate-name j h?i jh$i name h:i h?i j tree-predicate hji tree-predicateAny predicate or \?" metacharacter can be named. That name can then be used to refer tothe piece of tree that matched the predicate or metacharacter. The distinguished variable namedQ always denotes the query being operated on.5.2 SemanticsThe basic semantics of rule evaluation is simple. The rule engine evaluates the conditions of allthe rules to determine which ones can execute actions. If only one rule matches, then its actionsare performed. If more than one rule matches, a disambiguation policy determines which rule isselected. The choice of a good policy is part of the research plan (Sec. 7). Beyond that, theonly \working memory"[23] available to the rule engine is the query being transformed and theannotations that have been made to it. All locally de�ned variables are local to a rule invocationand do not persist after a rule has executed. If it becomes useful to add a notion of global workingmemory, this can be done.5.3 IssuesThe fact that we are using a query language for pattern matching means that there is the possibilityfor multiple matches in the condition part of rules. It is not clear what should be done in situationswhere a query returns a non-singleton answer. There are at least two reasonable alternatives: 1)28



select one of the multiple matches and proceed, or 2) have a set-oriented semantics for rules so thatthe action part of the rule applies to each match in the condition part. The �nal semantics forthis case has not been resolved because we do not yet have enough experience writing rules in thislanguage.Since we are performing optimizations on the physical plan versions of the query, we must beaware that the same logical level notion may have multiple representations at the physical level. Asan example, path expressions are represented by nested apply operators, but the exact form canvary widely, depending on whether a depth or breadth �rst strategy has been adopted for traversal,or on whether partitioning has been performed or not. This implies that rules for a particularoptimization must be able to operate on the range of representations for the particular portion ofthe query which is of interest. There are a number of solutions which we are considering at themoment:1. Have multiple sets of rules for each optimization, with one rule for each representationalvariation2. Use some kind of template based scheme to generate the set of rules necessary to cope withrepresentational variations3. Convert all representational variations to a common form and track the relationship betweenthe common form and the original variant. This means that optimization rules must describehow they a�ect the relationship between the common form and the variant.There is also a decision about when to convert the query from source to physical forms. Atthe present, we assume that the query will only be translated from source to physical form once,and that all subsequent optimizations will occur via rewrites from the original physical form. An29



class Hotel(name : string,address : Address,stars : integer) class Address(country : Country,city : City,street : string,number : integer) class City(name : string,population : integer,places to go : string)Figure 5: Schema for the Examplesalternative strategy is to allow the translation from source to physical forms to happen as often asdeemed necessary by the plan generator. This is an interesting topic for future work.6 Example OptimizationWe will be using a pair of examples to demonstrate the use of our techniques and results. Insome cases, the examples or the solutions to the examples have been simpli�ed for the purpose ofexplaining the concepts being developed in the thesis.The example queries operate over the schema in �gure 5:6.1 Example 1The �rst query looks for all Hotels that are in Cities that have famous Theaters as tourist attrac-tions. This is how the query would be written in AQUA:select(�(h) h:address:city:places to go = Theater)(Hotels)This query is an instance of a common class of queries, which iterate through a collection,typically via select or apply, applying a path expression to each element of the collection. Mostobject-oriented databases evaluate such queries by iterating sequentially through the collection,fully applying the path expression to each element of the collection before proceeding to the nextelement. There are two kinds of optimizations which are used to improve the performance of thisclass of queries. One uses some kind of indexing structure to associate the values at the end of30



the path expression with the values at the beginning. The other makes use of clustering to putobjects which are traversed via path associations on the same disk page. Clustering is generallyonly e�ective for one path expression, since it requires physically placing the objects involved ona disk page. For clustering to be useful for more than one path expression, the database must beable to handle multiple copies of the same object on disk. This is generally undesirable since itcreates di�culty for updates. If no index or clustering structure exists, then sequential search is theonly evaluation method available. One of our goals is to provide alternatives to the strategy whichwalks to the end of each path for each object in the collection. We will call this strategy depth�rst traversal. In depth �rst traversal, the disk arm must jump all over the disk in order to readindividual pages for each of the elements of the path being traversed. This situation does not occurin relational databases since there is no notion of navigational access. This kind of access createsperformance di�culties as the iterative process (select) in the query and the navigational processin the query (path expression traversal) compete for control of the disk arm and for resources in thebu�er pool. This competition means that there are times when depth �rst traversal is not the bestevaluation strategy. Depending on the situation, breadth �rst traversal, in which all the elementsfor each element of the path expression (beginning at the root) are read in before proceeding to thenext element of the path expression, can be a better choice. There are also intermediate positionsbetween the extremes of depth-�rst and breadth �rst traversal. In order to generate e�cient plansfor this class of queries we would like the ability to control which retrieval strategy is used. Inaddition, the number of physical units actually transferred can have a large e�ect on the contentsof the bu�er pool. We would like to be able to exercise control over the number of physical unitstransferred during the traversal of the individual paths that must be traversed. We will show anoptimization that allows us control path expression traversal order and to determine how many31



physical units will be transferred at each step of a traversal. This control is accomplished byrepresenting a path expression as a series of nested apply operations (see Sec 4.2), and by usingpartition to divide sets into units of smaller size that can be retrieved from the disk e�ciently. Aplan language formulation for the query in Example 1 is:Filter(Apply(Apply(Hotels; �(h)h:address); �(a) a:city); �(c) c:places to go = Theater)(The source to plan translations in the two examples are not the best translations of the sourceexpressions into the plan language. For the sake of brevity, the rules used to perform the translationhave been omitted, but they are easily expressible using our rule language (see Sec 4.3).)This plan causes the path expression to be traversed in breadth-�rst order, since address will beapplied to all the Hotels before city is applied to any of the addresses. We want to add partitionoperators to force the path expression to be read in depth-�rst order. This is accomplished bywriting the plan like this:Flatten(Apply(Partition(Flatten(Apply(Partition(Flatten(Apply(Partition(Hotels; 1);�(sh)Apply(sh; �(h) h:address)));1);�(sa)Apply(sa; �(a) a:city)));1)�(sc)Filter(sc; �(c) c:places to go = Theater)))Adjust the integer parameter to partition allows us to control how the path expression is evaluated.We now begin the development of a rule that looks for a place in the path expression where thearguments for two \adjacent" partition operators are not the same. The argument for the outerpartition is changed to match the argument for the inner partition. This re
ects the fact that itis only sensible to partition sets beginning with the set where the path expression begins.32



First, we need a tree pattern that can match a path expression. This pattern is recursive, andthe two cases are:� Flatten (Apply (Partition (SetName() ?) ?)) - base case� Flatten (Apply (Partition (� (? ?) ?) ?))�� - inductive caseThe predicate SetName() is true when the node represents a set which has a name. Since wewant to manipulate the integer arguments to the partition operators, we need to name the partsof the pattern that match them:Flatten (Apply (Partition (SetName() $a:?) ?))Flatten (Apply (Partition (� $a:?) ?))��To implement the optimization, we need to �nd an expression where the parameters to adjacentpartition operators are di�erent. To do this, we need to \unroll" the pattern one level, for boththe base case and the inductive case. This will give us two partition operators, whose argumentscan be compared:Flatten (Apply (Partition (Flatten (Apply (Partition (SetName() $a:?) ?)) $b:?) ?))Flatten (Apply (Partition (Flatten (Apply (Partition (Flatten (? ?) $a:?)) ?) $b:?) ?))We need one rule for each case. Sub select uses the tree pattern to �nd a place (there willonly be one) where the arguments to adjacent partition operators disagree. The rule then replacesthe original section of plan with a section that has the correct values for the partition arguments.Note that all the \?"'s have been named so that the new pieces of plan can be connected to theoriginal plan. 33



if (M := sub select(Flatten (Apply (Partition (Flatten (Apply (Partition (SetName() $a:?)$c:?)) $b:?) $d:?)))(Q)) = fg AND $a != $bthen replace M withFlatten (Apply (Partition (Flatten (Apply (Partition (SetName() $a) $c)) $a) $d)))if (M := sub select(Flatten (Apply (Partition (Flatten (Apply (Partition (Flatten ($c:? $d:?) $a:?)$e:?)) $b:?) $f:?)))(Q)) = fg AND $a != $bthen replace M withFlatten (Apply (Partition (Flatten (Apply (Partition (Flatten ($c $d) $a) $e))$a) $f:?))The plan that has been presented does not have any partitions with di�erent parameters. Forthe sake of brevity, we assume that some other rule has updated the partition size of Hotels to be3. After that rule is applied the plan would look like this:Flatten(Apply(Partition(Flatten(Apply(Partition(Flatten(Apply(Partition(Hotels; 3);�(sh)Apply(sh; �(h) h:address)));1);�(sa)Apply(sa; �(a) a:city)));1)�(sc)Filter(sc; �(c) c:places to go = Theater)))Now the rule we have been developing would apply, and would produce the following plan, whichincrease the partition size of the set of addresses to 3.
34



Flatten(Apply(Partition(Flatten(Apply(Partition(Flatten(Apply(Partition(Hotels; 3);�(sh)Apply(sh; �(h) h:address)));3);�(sa)Apply(sa; �(a) a:city)));1)�(sc)Filter(sc; �(c) c:places to go = Theater)))6.2 Example 2Our second example is the query which returns the population of any cities that have a hotel (inour database) and a theater as a tourist attraction.apply(�(r) r:address:city:population)(select(�(h) h:address:city:places to go = Theater)(Hotels))This query is interesting because it contains a pair of path expressions which denote a commonsubpath. It is a simple example of the situation where shared subpaths occur. Queries whichare beyond the state of the art are harder to understand, and the additional complexity wouldobscure the presentation of our techniques. The optimization that we would like to perform is asfollows: The �rst time that the path expression is traversed, compute a memoizing function [1] thatincrementally creates a path index or cluster that associates the head-object of the shared subpathwith the tail-object, allowing users of the memo structure to quickly jump from beginning to end.Subsequent traversals of the path expression will read from the memo structure and be sped up.The cost of computing and storing the memo function is small compared to the cost of jumpingall around re-reading the elements of the path expression. Performing the initial translation of thequery into our plan language yields: 35



Apply(Apply(Apply(Filter(Apply(Apply(Hotels; �(h) h:address);�(a) a:city); �(c) c:places to go = Theater);�(h) h:address); �(a) a:city);�(c) c:population)The �rst step in performing this optimization is locating the set of all path expressions in thequery. This is accomplished using a tree query. The version of the query presented here does notaccount for all cases of a path expression, but is su�cient for the purposes of the example. The setof all path expressions in the query Q is:PE(Q) = sub select([Apply (� OperatorAttribute()) jFilter (�, ContainsOperatorAttribute())]��)(Q)The predicate OperatorAttribute matches a node if it represents an attribute, and the predicateContainsOperatorAttribute matches a node if the subtree rooted at the node contains an attribute.Given a set of path expressions, we want to examine each one and see if it shares a commonsubpath with a path P of our choosing. The PT operator computes the PowerTree of the treeT (see appendix A for details), and the TypeGraph function converts a tree into a tree where allnon-outermost non-Apply operators are replaced by their type.MP(P) = select(�(p1) exists(x,p1,x nPT(TypeGraph(P)) and x in PT(TypeGraph(p1))))(PE(Q))We want the path that has the longest shared subpath with P:LP = select(�(p1) forall(x,MP,length(p1) >= length(x))(MP)We now have all the pieces that are needed to write the rule. The name assigned to the query hasbeen used instead of writing the queries out in the action part of the rule.
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if PE(Q) != fg then let P = choose(PE(Q)); MP; LP; P1 = choose(LP) inexists($x:x,P1,x in PT(P) and x in PT(P1) andforall(y,PT(P1),length(x) >= length(y)))));sub select(Apply (� ?)�� $inp:NotApply() (? ?))(P);sub select(Apply (� ?)�� $inp:NotApply() (? ?))(P1);replace sub select($x)(P) withIncrementallyBuildPathIndex(IndexName,$inp,$x)replace sub select($x)(P1) withReadPathIndex(IndexName,$inp1, $x)This rule can only �re if the set of path expressions for the query is non-empty. If that is thecase, it nondeterministically selects one of the path expressions to be P, and then issues the queriesMP and LP. After selecting an element from LP for P1, it issues a query which allows it to namethe longest matching subpath common to P and P1. It creates $inp and $inp1 as names for the rootmatching subpath in P and P1 respectively, and then replaces the subpaths with the appropriatecode for the memoization. Note that path expressions are assumed to be rooted at a non-Applynode.The set of path expressions that appears in example 2 is PE(Q) =fApply(Hotels,address),Apply(Apply(Hotels,address),city),Filter(Apply(Apply(Hotels,address),city),places to go=Theater),Apply(Filter(� � �),address),Apply(Apply(Filter(� � �),address),city),Apply(Apply(Apply(Filter(� � �),address),city),population) gNext, we �x P to be Filter(Apply(Apply(Hotels,address),city),places to go=Theater) (From theselect). The set of path expressions that shares a subpath with P is MP (P ) =fApply(Filter(� � �),address),Apply(Apply(Filter(� � �),address),city),Apply(Apply(Apply(Filter(� � �),address),city),population) gThe path with the longest shared subpath is LP =fApply(Apply(Apply(Filter(� � �),address),city),population) g.Since LP is a singleton, P is the single element of LP.37



The plan for P becomesIncrementallyBuildPathIndex(addrIndex;Hotels; Apply(Apply(Hotels; address); city))and the plan for P1 becomesApply(ReadPathIndex(addrIndex;Filter(IncrementallyBuildPathIndex(addrIndex;Hotels;Apply(Apply(Hotels;address);city));�(c) c:places to go = Theater);Apply(Apply(Hotels; address); city));population)Some readers might be worried by the use of PowerTree in computing this rule. It should benoted that paths longer than 6 attributes are very rare, so computing PowerTree should not beall that expensive. In addition, we have some tentative ideas about optimizing queries involvingPowerTree operators.7 Proposal for Research/Research PlanIn addition to the rule language, attribute grammar framework and optimizations presented in thisdocument, we expect our work to continue in the following areas:� Rule Language and Rule ControlAs discussed previously, there are a number of issues related to the control of rule applicationand �ring, and disambiguation when multiple rules apply. We intend to provide a completesemantics for these issues. We will also examine the interaction between the plan generator's(local) control strategy and the optimizer's (global) control strategy. The rule language willbe extended to take advantage of the multiple match semantics provided by using a querylanguage for pattern matching. Writing optimization rules will give us feedback that will help38



us improve the rule language design.� Hot Spot AnalysisA particularly important rule control issue is that of determining where to focus the plangenerator's attention { where to look next. We have preliminary ideas about a method fordetermining hot spots in queries so that the plan generator could be directed to pay particularattention to improving those areas of the plan.� Additional OptimizationsThe optimizations presented in this document are instances of a class of optimizations. Thoseclasses need to be explored in more detail and 
eshed out. Optimizations related to clustering,more sophisticated indexing, non-set types, and joins also need to be developed.� Analysis InformationWe expect to discover new types of useful analysis information as we develop optimizations.� Stylized Plan OperationsMost of the common subexpression elimination that has been discussed in this paper has beenrelated to path expressions. There is also room at the physical level for algebraic commonsubexpressions [88]. Many algebra operators can be implemented by using the same algorithmwith di�erent parameters[40, 88], or as combinations of basic building block algorithms. Anexample illustrated in the Rexall paper[88] is the expression sum(A \ B) � sum(A � B).This expression can be optimized if we note that that intersection and di�erence can bothimplemented using hash join. When two operators are implemented solely in terms of asingle lower level algorithm, this strategy works nicely. For operators which are implementedas combinations of lower level algorithms, this approach may not work. We would like to make39



the intermediate results of lower level algorithms available for use by another operator. Thiswould allow two operators that share a common building block to avoid duplicating e�ort.We plan to do this by providing operators with \taps" { callback-like functional argumentswhich are passed to the operator. The operator invokes the taps when intermediate resultsare produced. This will allow us to access the hash table in the implementation of hash-join,or the intermediate sorted input to a merge join. The ability to access these intermediateresults is important in the object-oriented setting, since these intermediate results can becostly to compute.� ImplementationThis research is taking place within the EPOQ subproject of the EREQ project. Our goal foran implementation is to provide a plan generation region that could be incorporated into theEPOQ prototype to generate executable plans. These plans will then be passed to a queryevaluation system based on the Persistent Object Package System (POPS) [3], developed atBrown.Unresolved issues regarding the implementation include the amount of the tree patternmatcher to be implemented, and the complexity of layering the appropriate primitives ontop of POPS.� ExperimentsThe primary goal of performing experiments is to determine the bene�t of physical level opti-mizations, and to characterize the kinds of queries that bene�t the most. Also, experimentaldata will help direct our search for new physical level optimizations. There are two kinds ofexperiments that could be performed. The �rst will tell us whether or not there is any payo�(and how much if there is) for doing optimizations at the physical level. For these experiments40



we will optimize a set of queries twice, the �rst time with physical level optimizations turnedon, the second time with them turned o�. The second type of experiment is to comparethe performance of our system with another plan generation system, comparing the qualityof the generated plan, and the amount of time required for optimization. Unfortunately, itis very hard to do a fair or meaningful comparison of systems, because few systems use acommon query language, plan language or query execution engine. We are also concernedwith the e�ciency of optimization, and the experiments should allow us to see the impact ofthe sophisticated rule language that we have proposed.8 ConclusionsWe expect the contributions of thesis to include a broaden of our understanding of Physical LevelOptimization { what can and cannot be accomplished. The introduction of a rule language thatuses a query language for pattern matching is another contribution, along with the implied notionthat the optimizer can optimize its own internal queries. The application of attribute grammars forcomputing analysis information and the speci�c analysis information will add to our knowledge ofways to optimize queries. Use of the partition operator to control path expression traversal orderand bu�er pool usage is also expected to improve the performance of queries. The development ofhot-spot analysis and stylized plan operators seems promising but at this point these ideas are stilltentative. Our catalog of physical optimizations will expand the repertoire of techniques availableto database system implementors.Even at this juncture, we have some ideas concerning future work beyond the scope of the thesis.Cost Models for object-oriented systems continue to be an important area of research, and wouldimprove the accuracy of our physical optimization techniques. The ability to optimize physical41



level structures suggests that there may be opportunities to optimize queries that manipulatemore than one bulk types, since many distinctions that are made at the source level disappearat the physical level. Related to this idea is the notion of freely intermixing source level andphysical level optimizations, and how to control such interleaving. Research on control strategiesfor optimizers is becoming more interesting { it may be interesting to have sets of control strategieswhich apply only to certain kinds of queries. A particularly interesting question is whether more ofthe semantic information available at the source level can be brought down the the physical level, sothat optimizations that were formerly thought of as source level optimizations could be performedat the physical level. As always in the �eld of optimization, the search for new optimization rulesis an ongoing matter of research.Acknowledgments: The work that is described in this document was performed jointly withProfessor Stanley B. Zdonik at Brown University. The work on the AQUA query language wasperformed in a group with Gail Mitchell, Bharathi Subramanian, Bennet Vance, Scott L. Vanden-berg, and Stanley B. Zdonik. The tree query language was developed in a group with BharathiSubramanian, Scott L. Vandenberg, and Stanley B. Zdonik.A Operators for Tree Query Algebra� select(p)(T) - return a list of subgraphs of T by �nding all the nodes in T that satisfy P andmaintaining the transitive parent-child relationship.� sub select(r)(T) - return the set of subgraphs of T which match pattern r.� PT(T) - return the set of all subtrees (PowerTree) of T.� PSG(T) - return the power subgraph of T | the set of all connected subgraphs of T.42



� all anc(r)(T) - returns the set of maximal subtrees of T that end with the pattern r.� all desc(r)(T) - returns the set of maximal subtrees of T that begin with the pattern r.� im ancestor(x)(T) - �nd the immediate ancestor of x in T.� im descendant(x)(T) - �nd the set of immediate descendants of x in T.� tree(x) - create a tree from x.� root(T) - return the root node of T.� leaves(T) - return the set of leaves of T.� nodes(T) - return the set of nodes in T.� append(parent,sibling)(T1,T2) - Append T1 to T2 as a child of the parent node, after thesubtree rooted at sibling.� add node(x,parent,sibling)(T) - add x to T, as a child of the parent node, after the subtreerooted at sibling.� replace node(x,y)(T) - replace node x in T with node yB Attribute Grammar for Dependency InformationWe demonstrate our notation by presenting an attribute grammar that computes simple dependencyinformation. First, we present a version for the logical algebra, followed by a version for the physicalalgebra.Q fQ.IndirectlyDependent = Q0.DirectlyDependent;Q.DirectlyDependent=Q0.DirectlyDependentg ::= apply(F)(Q) fg.43



Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= select(P)(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= exists(P)(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= forall(P)(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= mem(O,EQ)(Q) fg.Q fQ.IndirectlyDependent = Q0.DirectlyDependent;Q.DirectlyDependent = Q0.DirectlyDependentg ::= fold(u,F,c)(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= union(EQ,T)(Q,Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= intersect(EQ,T)(Q,Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent;Q.IndirectlyDependent = Q1.DirectlyDependent [ Q0.IndirectlyDependentg::= di�(EQ,T)(Q,Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent;Q.IndirectlyDependent = fgg ::= LFP(EQ,F)(Q) fg.Q fg ::= set(O) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= choose(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= group(F)(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= dup elim(EQ)(Q) fg.Q fg ::= nest(L)(Q) fg.Q fg ::= unnest(L)(Q) fg.Q fg ::= convert(Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;44



Q.IndirectlyDependent = fgg ::= join(P,F)(Q,Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= tup join(P,F)(Q,Q) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= outer join(P,F,F,F,T)(Q,Q) fg.Q fQ.DirectlyDependent = <collection-name>; Q.IndirectlyDependent = fgg::= <collection-name> fg.T fg ::= TypeExpr fg.F fg ::= lambda <var> Q fg.F fg ::= lambda <var> Path fg.F fg ::= lambda <var> Expr fg.P fg ::= <function> fg.L fg ::= <set of tuple labels> fg.O fg ::= <object-designator> fg.Path fg ::= NamePath fg.NamePath fg ::= <attributeName> fg.NamePath fg ::= NamePath <attributeName> fg.The dependency attribute grammar for the physical algebra is:Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= Partition(Q,int) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= Filter(Q,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent;Q.IndirectlyDependent = Q0.DirectlyDependentg ::= Apply(Q,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg45



::= IndexFilter(Q,N,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= HashFilter(Q,N,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= Join(Q,Q,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= LoopJoin(Q,Q,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= MergeJoin(Q,Q,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent [ Q1.DirectlyDependent;Q.IndirectlyDependent = fgg ::= HashJoin(Q,Q,H,F) fg.Q fQ.DirectlyDependent = Q0.DirectlyDependent; Q.IndirectlyDependent = fgg::= Flatten(Q) fg.Q fQ.DirectlyDependent = N.DirectlyDependent;Q.IndirectlyDependent = Q1.DirectlyDependentg::= IncrementallyBuildPathIndex(N,Q,TP) fg.Q fQ.DirectlyDependent = N.DirectlyDependent;Q.IndirectlyDependent = Q1.DirectlyDependentg::= IncrementallyBuildCluster(N,Q,TP) fg.Q fQ.DirectlyDependent = N.DirectlyDependent;Q.IndirectlyDependent = Q1.DirectlyDependentg::= ReadPathIndex(N,Q) fg.Q fQ.DirectlyDependent = N.DirectlyDependentg;Q.IndirectlyDependent = Q1.DirectlyDependentg::= ReadCluster(N,Q) fg.Q fQ.DirectlyDependent = N.DirectlyDependent; Q.IndirectlyDependent = fgg::= N fg.F fF.DirectlyDependent = Q.DirectlyDependent; Q.IndirectlyDependent = fgg::= lambda AL Q fg.F fF.DirectlyDependent = P.DirectlyDependent; Q.IndirectlyDependent = fgg::= lambda AL PL P fg.F fF.DirectlyDependent = E.DirectlyDependent; Q.IndirectlyDependent = fgg46
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