A Knowledge-Based Perspective of the

Distributed Design of Object Oriented

Databases

Fernanda Baião Marta Mattoso Gerson Zaverucha baiao, marta, gerson@cos.ufrj.br

Department of Computer Science - COPPE/UFRJ

PO Box: 68511, Rio de Janeiro, RJ, Brazil, 21945-970

Telephone: +55+21+590-2552, Fax: +55+21+290-6626

Abstract

The performance of applications on Object Oriented Database Management

Systems (OODBMSs) is stronglyaffected by Distributed Design, which reduces irrelevant data accessed byapplications and data exchange among sites. In an

OO environment, theDistributed Design is a verycomplex task, and an open research problem. In this work we propose a knowledge based approach to the fragmentation phase of the distributed design of object oriented databases. In this approach, we will showa rule-based implementation of an analysis algorithm from our previous work and propose some ideas towards the use of Inductive

Logic Programming (ILP) to perform a knowledge discovery/revision process using our set of rules as background knowledge. The objective of the work is to uncover some previousl yunknown issues to be considered in the distributed design process. Our main objective here isto showthe viabilityof performing a revision process in order to obtain better and better fragmentation algorithms.

We do not intend to propose the best fragmentation algorithm ever possible. We concentrate hereon the process of revising a DDOODB algorithm through

Knowledge Discover ytechniques, rather than onlyobtaining a final optimal algorithm.

1 Introduction

Distributed and parallel processing on OODBMS may impr ove perfor mancefor non-convent iona l applications that manipulat elarge volumes of data. This is addressed by removing irrelevant data accessed by queries and transactions and by r educing thedata excha ngeamong sit es [10], which arethetwo main goals of theDistributed Design of

Databases.

Distributed Design involves ma king decisions on t hefragmentation and placement of data across thesit es of a comput er networ k [16]. The first phaseof theDistributed Design task in a top-down approach is the fragmentation phase. Thefragmentation phaseis theprocess of clust ering in fragments theinfor mation accessed simultaneously by applications. In an object-orient ed envir onment, thedistribut ed design is a very complex task. First, becausethesema ntic differ ences bet ween r elational and OO models inhibit a straightfor ward migration fromexisting r elational distributed design algorit hms to OO algorithms. Second, becauseit has to consider the exist enceof class met hods and complex relationships (such as the^is-a~ relationship), in addition to access fromapplications to complex objects and mult iplerelationships bet ween classes. Third, becauseof OO operations access patterns: whiler elationa l operations are only set oriented , OO operations are pointer based , and ther efor emay havea dual natureinvolving bot h set operations (search over class ext ensions) and navigation (traversals) [12].

In our previous wor k [1,2], wehavepresent ed an analysis algorit hm for assisting distributed designers in fragmenting object orient ed databases. Thealgorit hmperforms an analysis on some useful infor mation about thedatabaseschema and application frequencies in order to indicatethemost adequat efragmentation t echnique(horizontal, vertical or mixed) for each class in thedatabaseschema.

In this paper, weshow a rule-based implementation of our developed analysis algorit hmthat will beused as background knowledge when trying t o discover a new revised algorit hmthr ough theuseof a machine learning t echnique: Induct iveLogic Progra mming (ILP) [14]. Weint end to obtain a revised algorithmt hat may reflect important issues to the

Distributed Design of Object Orient ed Databases (DDOODB) that may beimplicit, that is, not yet discover ed by any of theproposed distribut ed design algorit hms in thelit erature. In thepresent knowledge-based approach, wewill repr esent theinitial algorithmas a set of rules and perfor ma fine-tuning of it, thus discover ing a new set of rules that will represent therevised algorithm. This new set of rules will repr esent a revised analysis algorithm that will proposeoptima l (or near to optima l) fragmentation schema wit h improved perfor mance. In ot her words, we int end to perfor mData Mining considering availabledatabaseschema infor mation as a test bed t o produceoptima l distribut ed databaseschema as an output.

Theorganization of this work is as follows: thenext Sect ion presents somedefinit ions fromt helit eratureregarding theDistributed Design task and ident ifies some difficulties which motivat ed t heuseof a knowledge based approach for this problem. Section 3 shows thestateof theart in theDistribut ed Design research area and in t heILP field. Theanalysis algorit hmis described in S ection 4. Section 5 discusses theuseof ILP to reviset heanalysis algorit hm. Finally, Sect ion 6 concludes this paper.

2 Background

Distributed Design involves ma king decisions on t hefragmentation and placement of data across thesit es of a comput er net work [16]. In a top down approach, thedistribut ed design has two phases: fragmentation and allocation. Thefragmentation phaseis theprocess of clustering in fragments theinfor mation accessed simultaneously by applications, and theallocation phaseis theprocess of distributing thegenerat ed fragments over thedatabasesystemsit es. To fragment a class, it is possibleto use two basic techniques: vertical fragmentation and horizontal fragmentation. In an object orient ed (OO) envir onment, horizontal fragmentation distribut es class instances across thefragments, which will have exactly thesa mestructurebut differ ent cont ents. Thus, a horizontal fragment of a class contains a subset of thewholeclass ext ension. On t he ot her hand, vertical fragmentation brea ks theclass logica l structure(its attributes and met hods) and distributes them across thefragments, which will logically contain t hesameobjects, but with differ ent structures. It is also possiblet o perfor m mixed fragmentation on a class, combining these two techniques. Horizontal fragmentation is usually subdivided in primary and derived fragmentation to address ther elationship bet ween ent ities: theprimary horizontal fragmentation is applied on owner ent ities

[9,16], whilet heder ived fragmentation is applied on member ent ities according to theowner fragmentation.

TheDDOODB is a very complex task. First, becausethe sema ntic differ ences bet ween r elational and OO models inhibit a straightfor ward migration fromexisting relational distributed design algor ithms to OO algorit hms. Second, becauseit has to consider the existenceof class met hods and complex relationships (such as the^is-a~ relationship), in addition to application access to complex objects and multiple relationships bet ween classes. Third, becauseof OO operations access patterns: whilerelationa l operations areonly set oriented , OO operations are pointer based , and ther efor emay havea dual natureinvolving bot h set operations (search over class ext ensions) and navigation (traversals)

[12].

This dual natureof access patterns has madeobject clustering a hard task to theOO distribut ed databasedesigner. Usually, thecomponents of a complex object arephysically clust ered toget her in the disk, whilein theot her hand a class with a large ext ension groups its own objects toget her. This may generat esomeconflicts to theOODBMS object clust ering policy, and webelievet hat this object clust ering policy is strongly related to t hefragmentation process. Whilederived horizontal fragmentation privileges navigational access (froma complex object to its components), vertical fragmentation favors theclass ext ension access and theuseof class attributes and met hods, by removing irrelevant data accessed by operations. Ther efore, bot h fragmentation techniques should coexist for differ ent classes in thedistribut ed design. Also, ther earesome cases in which thebest opt ion is to perfor mhorizontal and vertical fragmentation in a class simultaneously. Webelievet hat algorit hms that forceall classes to havethesa mefragmentation policy (eit her horizontal or vertical), liketheones proposed in thelit erature, will end up having unsuitablefragmentation for classes having differ ent access patterns, incurring in bad perfor mance.

3 Related Work

Many researchers haveworked on distributed design in therelational model, including ÖZSU and VALDURIEZ [16], and NAVATHE et al. [15]. In thesameway, ther earema ny works demonstrating the importanceof theDistribut ed Design of Object Orient ed Databases

(DDOODB) to impr oveperfor manceof non-convent iona l applications that manipulat elargevolumes of data [3,9,10,17]. However, despit ethe recent proposals for theDDOODB in thelit erature, a consensus is far fromreachableabout what is thebest fragmentation t echnique(vertical, horizontal or mixed) to beapplied in each class of thedatabaseschema.

KARLAPALEM et al. [10]describediffer ent aspects of a distributed object orient ed databasesyst emt hat arecritical to thedistribut ed design process. Theworks from EZEIFE and BARKER [9] and SAVONNET et al. [17]proposealgorithms for horizontal fragmentation of all classes in an OODB, whileBELLATRECHE et al. [3], EZEIFE and BARKER [8] and MALINOWSKI [13] addr ess only vertical class fragmentation for all classes in an OODB.

In our previous wor k [1,2], wehaveident ified theneed of an Ana lysis

Phasein theclass fragmentation process of object orient ed databases. We havepresent ed an algorithmfor this Analysis Phasethat was responsible for assisting distributed designers in choosing thebest fragmentation schema, considering horizontal, vertical and mixed (horizontal and/ or vertical) fragmentation of classes. Thealgorit hmperforms an analysis on someuseful infor mation about thedatabaseschema and application frequencies in order to indicatethemost adequatefragmentation techniquefor each class in thedatabaseschema. By using it, the distributed designer will know, a priori , themost adequat efragmentation techniquefor each class, and will beableto choosehis/her preferable algorit hmto actually perfor mvertical and horizontal fragmentation in the corresponding classes to definefragments.

4 The algorithmfor the Analysis Phase of the

Class Fragmentation Process

This Sect ion presents an over view of thewholefragmentation process of

Object Orient ed Databases (OODBs) illustrated in Figur e1, and describes thealgorit hmfor theAnalysis Phaseof theClass Fragmentation

Process that was proposed in our previous work [2].

TheAnalysis Phasealgorithm considers issues about thedatabase structureand user operations (obtained fr omthedatabasedesigner or fromtheGlobal Conceptual Schema ) to decideon themost adequate fragmentation strategy (horizontal and/or vertical) for each class in the schema. Infor mation consider ed in this phaseinclude class and operation characteristics :

For each class in theschema, thesyst emneeds t o know:

¨ its relationships, their cardinalities and thereferred classes of each;

¨ the exist enceor not of a collection of objects repr esenting t heclass ext ension;

¨ the estimat ed sizeof theclass ext ension (sma ll, medium or large), compared to ot her classes in theschema;

For each operation running over thedatabase, thesyst em needs to know:

¨ theaccessed class path, in order to classify it (ext ension or navigation operation);

¨ its estimat ed execution frequency, to det er mineits priorit y on the fragmentation process;

OperationInformation

Class Information

Analysis Phase set of listsof classes to be horizontally fragmented

set of classes notto befragmented

set of classes to be verticallyfragmented

User Information/

Global Conceptual

DesignInformation

(Interface Module)

Vertical

Fragmentation set of vertical class fragments

Primary

Horizontal

Fragmentation set of horizontal class fragments

set of mixed class fragments

Figure 1. Aframework for class fragmentation in Distributed Design of OODBs

TheAnalysis Phasealgorithm proceeds as follows: operations are sorted in a descending way according t o their execut ion frequency, thus priority is given t o themost frequent operations. Operations arethen consider ed oneat a time, and for each operation thesyst emchooses the best fragmentation t echniqueto beassigned to theclasses accessed by it

(C(O)) according to its classification:

¨ if it is an ext ension operation, this class is included in theset of classes for vertical fragmentation Cv

¨ if it is a navigation operation, thelist of classes C(O)) is included in theset of list of classes for horizontal fragmentation Ch

To help thedecision between primar y and derived fragmentation, the analysis algorit hmincludes in thehorizontal set lists of relat ed classes, inst ead of isolat ed ones. Thoselists reflect thestructureof t henavigation paths accessed by themost frequent operations. However, when considering a navigation operation, ther eis thepossibilit y of oneof the classes in thelist bealready in C h . To address this conflict ing situation, thealgorit hmensur es that thelists inserted in thehorizontal set do not contain any int ersect ion among its non-root classes. When thealgorithm tries to includein t hehorizontal set a non-root class C that already belongs to anot her list, then it proceeds to what wecall conflict analysis .

Theconflict is solved based on theclass clustering dependency classification, in thefollowing way:

Given two navigational paths that conflicts at class C , (that is, when theclasses before C in thepaths arediffer ent), conflict analysis will decidewhich path will guidethefragmentation of class C . This decision is madeaccording to t heclust ering dependency (as defined in [2]) bet ween C and theclasses of thet wo paths. Let N 1 and N 2 bet wo conflict ing navigational paths accessed by two operations with a very close execution frequency:

N 1 = (C i , C j , �, X, Y, �, C n ) e N 2 = (C p , C q , �, Z, Y, �, C m )

For N 1 and N

2 to conflict, wehave X ¹ Z . Thesyst emdecides if Y will bederived fragment ed according to X or Z considering clust ering dependencies from Y to X and from Y to Z . Thepriority of clust ering dependencies is thefollowing:

¨ non-shared dependent ( highpriority )

¨ shared dependent ( mediumpriority )

¨ independent ( low priority )

If clust ering dependencies from Y to X and from Y to Z arethesa me, choosethenavigational path of themost frequent operation.

Oncet hesyst emhas chosen for oneof thepaths ( N

1 , for example), N

2 will bebroken, that is, Y and its following classes will beremoved from it. Thefinal na vigational paths will be:

N 1 = (C i , C j , �, X, Y, �, C n ) e N 2 = (C p , C q , �, Z)

Thoseclasses on theint ersect ion of thehorizontal and vertical sets

(not icethat only root classes in t hehorizontal set may beincluded in the vertical set) will eventually proceed t o mixed fragmentation. In this case, thealgorit hmchosen for horizontal fragmentation will beperformed on thevertical fragments of thoseclasses.

5 Using Machine Learning Techniques for

Theory Revision in the DDOODBs

Although theanalysis algorit hmhas produced ver y good r esults when applied to some exa mples, as it will beshown in S ection 5.2, someof its conjectures areonly intuit ive, sinceit is based on a set of heuristics obtained fromexperimental results, rather than froma formal theor y.

Examples of that arethearbitrary decisions madeby theconflict analysis modulet o resolveconflicting situations as defined in the previous

Sect ion. Therefor e, in order to obtain morereliableresults, this work contribut es by discussing a novel approach for revising our analysis algorit hmthrough theuseof a machinelearning met hod - Induct ive

Logic Programming (ILP) [18]. This revision process is called Inductive

Distributed Design of OODBs, and it will perfor ma fine tuning of our init ial set of rules, thus discovering a new set of rules that will repr esent therevised algorit hm. Somer esearchers haveworked on proposals for inductivedatabasedesign, but not in t hesamecont ext. For example,

BLOCKEEL and DE RAEDT [19] present ed an approach for the inductivedesign of deduct ivedatabases, based on t hedatabaseinstances to definesomeint entional predicat es. However, as far as weare concerned, perfor ming theor y revision in algorit hms for Distributed

DatabaseDesign is a novel approach in thearea.

Theidea of using knowledge-based neural net works (NN) to revise our background knowledgewas first considered. Therearein the lit eraturema ny approaches for using NN in a theory revision process using proposit ional rules, such as KBANN [20] and CIL 2 P [21].

However, dueto the exist enceof function symbols in our analysis algorit hm(such as lists) that could not be expressed t hrough proposit ional rules, weneeded a mor e expressivelanguage, such as first-order Horn clauses. Sincether epresentation of a mor e expr essivelanguage(such as first-order Horn clauses) in NN is still an open research problem, we decided t o work with another machinelearning t echnique- Induct ive

Logic Programming (ILP) [18].

According t o MITCHEL [14], theprocess of ILP can beviewed as automatically inferring PROLOG programs fromexa mples and, possibly, frombackground knowledge. In [14], it has been point ed out that machinelearning algorit hms that usebackground knowledge, thus combining induct ivewit h analytical mechanisms, obtain t hebenefits of both approaches: bett er generalization accuracy, smaller number of requir ed training exa mples and explanation capability.

Our main object iveher eis to show t heviabilit y of perfor ming a revision process in order to obtain a better fragmentation algorit hm. We do not int end to proposet hebest fragmentation algorit hm ever possible.

Weconcentrateher eon theprocess of revising a DDOODB algorithm through KnowledgeDiscovery t echniques, rather than on a final product.

As a matter of fact, wecould apply this knowledge-based approach to the

DDOODB problem in any of theavailablefragmentation algorithms from thelit erature.

Theresulting algorit hmperfor mancewill depend not only on t he quality of thebackground knowledge, but also on thequalit y of t he exa mples consider ed in thetraining phase, as in convent ional Machine

Learning algorithms. Ther efore, weneeded a set of validat ed fragmentation schema wit h good perfor mancewhen applied on a distributed database. However, such a set of opt imal fragmentation schema is not availablein thelit erature, sinceit is a current research topic. Wedecided to work on some scenarios alrea dy used as examples in thelit erature.

5.1 A Rule-Based implementation of the Analysis Phase algorithm

In our DDOODB problem, weused our analysis algorithm from[2] as our background knowledge. Theoverall structureof our set of rules is on

Figur e2. Wehaveimplement ed our algorit hmas a set of first-order Horn clauses. Someof theseclauses areillustrated in Figur es 3 and 4. This set of rules const itutes a very good starting point for theILP process to obtain therevised algorit hm. ThepredicatechooseFragmentationMet hod will repr esent thetarget predicatein our revision process. But westill needed t heset of training exa mples to proceed a theor y revision of our backgr ound knowledge.

Our set of training exa mples is being der ived fromseveral works in thelit erature. Weare extracting fromeach select ed work two sets of facts, oner epresent ing theinitial databaseschema and another represent ing t hedesir ed fragmentation schema. It is important to notice that, as wedid not haveas ma ny available exa mples in thelit eratureas it would bedesired, thebackground knowledgewill play a major rolein the

ILP learning process.

Analysis Phase

Analyze Operations

Database

Database Schema classes, operations

Choose

Fragmentation Method

Identify all conflicts for

Horizontal Fragmentation

Conflict Analysis

Solve Conflict

Vertical Fragmentation

Figure 2. The overall structure of our set of rules for the class fragmentation

% - ------ ----- ------ ----- ------ ----- ------ ----- ------ ----

% ana lysisP hase( Dat aFile+ , New Ch-, New Cv- )

% T his wi ll lo ad inp ut da ta fro m the file " Dat aFile"

% ( such a s the schem a cla sses, the o perati ons a nd the ir

% a ccesse d cla sses) and b uild t wo se ts of class es ( New Ch,

% New Cv) re prese nting respe ctivel y the class es to be

% h orizon tally and v ertic ally f ragme nted.

% - ------ ----- ------ ----- ------ ----- ------ ----- ------ ---- ana lysisP hase( Dat aFile, Ch, Cv ) :- write( ’*** ****** ***** BEGIN **** ****** ***** **’ ), nl, consul t( Dat aFile ), fin dall( X, op eratio n( X, _ ), Opera tions ), bub bleSor tDesc ending ( Ope ration s, Ord eredOp erati ons ), ana lyzeOp erati ons( Ord eredOp erati ons, [ ], [] ,

Tem pCh, Tem pCv ), list_t o_set ( Temp Ch, C h ), list_t o_set ( Temp Cv, C v ), abolis h(cla ss/1), abolis h(car dinali ty/2) , abolis h(rel ations hip/4 ), abolis h(ope ration /2), abolis h(acc essedC lasse s/2), abolis h(acc essFre quenc y/2).

Figure 3. The starting point of our analysis algorithm as a set ofrules

% -------------------------------------------------------

% chooseFragmentationMethod( Oi+, Ch+, Cv+,

% NewCh-, NewCv- )

% NewCh and NewCv will receive modified versions of Ch

% and Cv (actually, only one of them will be modified) to

% reflect the chosen fragmentation method for the accessed

% classes of operation Oi.

% ------------------------------------------------------- chooseFragmentationMethod( Oi, Ch, Cv,

Ch, [RootClass|Cv] ) :- classification( Oi, extension ), accessedClasses( Oi, [RootClass|_] ), write( ’accessed classes ’ : [RootClass|_] ), nl, cardinality( RootClass, large ),

\+ isIn( RootClass, Cv ), write( RootClass:’will be vertically fragmented’ ), nl.

chooseFragmentationMethod( Oi, Ch, Cv,

NewCh, Cv ) :- classification( Oi, navigation ), accessedClasses( Oi, ClassPath ), write( ’accessed classes ’ : ClassPath ), nl, write( ClassPath:’will be horizontally fragmented, if possible’ ), nl, operation( Oi, F ), assert( accessFrequency( [ClassPath], F ) ), write( ’removing All Conflicts...’ ), nl, removeAllConflicts( Ch, Cv, ClassPath, NewCh ).

chooseFragmentationMethod( _, Ch, Cv, Ch, Cv ).

Figure 4. Arule to choose the most adequate fragmentation technique for the classes accessed byan operation

5.2 An Examp le

In this Sect ion, our proposed algorithms for thedistribut ed design of

OODBs areapplied on an exa mple extracted from[22]. This exa mple illustrates a very common scenario in current organizations. Wepresent theoutput of theapplication of our algorit hmin this exa mple, and evaluat etheindicat ed fragmentation t echniques for each class against someperfor mancecomments fromtheorigina l work.

5.2.1 The Company Database Schema

Figur e5 shows a rulerepresentation for theCompa ny databaseschema as origina lly described in [22]. Theoriginal relations wer eadapted to addr ess theobject orient ed data model. All thenecessary infor mation for theAna lysis Phaseof theFragmentation Process is availablein t his representation, which will beused to build an exa mplefor our revision process.

/********************************************************

DDOODBMS Example

Extracted from: Elmasri, R., Navathe, S., "Fundamentals of

Database Systems", The Benjamin/Cummings

Publishing Company, Inc., 1989, pp.619-622

********************************************************/ class( employee ).

class( department ).

class( project ).

class( location ).

class( dependent ).

cardinality( employee, large ).

cardinality( department, small ).

cardinality( project, large ).

cardinality( location, small ).

cardinality( dependent, large ).

relationship( employee, department, worksIn, ’1’ ).

relationship( department, employee, holds, ’N’ ).

relationship( employee, project, worksOn, ’N’ ).

relationship( project, employee, isCarriedOutBy , ’N’ ).

relationship( employee, employee, isManagedBy, ’1’ ).

relationship( employee, dependent, has, ’0,N’ ).

relationship( dependent, employee, dependsOn, ’1’ ).

relationship( department, location, isLocatedAt, ’1’ ).

relationship( location, department, holds, ’N’ ).

relationship( project, location, isLocatedAt, ’1’ ).

operation( employeesWhoWorkInDepartmentAtLocation, 100 ).

operation( projectsControlledByDepartmentAtLocation, 100 ).

operation( mainEmployeeInformation, 85 ).

operation(insuranceInformation, 85 ).

accessedClasses(employeesWhoWorkInDepartmentAtLocation,

[location, department, employee] ).

accessedClasses(projectsControlledByDepartmentAtLocation,

[location, department, project] ).

accessedClasses(mainEmployeeInformation, [employee] ).

accessedClasses(insuranceInformation,[employee, dependent].

Figure 5. Arule representation for the Companydatabase schema: input for the

Analysis Algorithm

5.2.2 Applying the algorithm

Figur e6 presents theoutput of theapplication of our Analysis algorit hm in theCompany DatabaseSchema. Thefinal lists of classes Ch and Cv are, respectively, [[location, department, project],[ location, department, employee]] and [employee].

?- analysisPhase(’navathe.pl’,Ch,Cv).

************** BEGIN ***************** navathe.pl compiled, 0.00 sec, 2,652 bytes.

Ch =[]

Cv =[]

Analyzing Operation :

projectsControlledByDepartmentAtLocation

Going to Choose Fragmentation Method for classes accessed by

:projectsControlledByDepartmentAtLocation accessed classes :[location, department, project]

[location, department, project]:will be horizontally fragmented, if possible removing All Conflicts...

Ch =[[location, department, project]]

Cv =[]

Analyzing Operation

:employeesWhoWorkInDepartmentAtLocation

Going to Choose Fragmentation Method for classes accessed by :employeesWhoWorkInDepartmentAtLocation accessed classes :[location, department, employee]

[location, department, employee]:will be horizontally fragmented, if possible removing All Conflicts...

Ch =[[location, department, project],

[location, department, employee]]

Cv =[]

Analyzing Operation :insuranceInformation

Going to Choose Fragmentation Method for classes accessed by :insuranceInformation accessed classes :[employee, dependent]

[employee, dependent]:will be horizontally fragmented, if possible removing All Conflicts...

Ch =[[location, department, project],

[location, department, employee],

[employee, dependent]]

Cv =[]

Analyzing Operation :mainEmployeeInformation

Going to Choose Fragmentation Method for classes accessed by :mainEmployeeInformation accessed classes :[employee|_G882] employee:will be vertically fragmented

Ch = [[location, department, project],

[location, department, employee],

[employee, dependent]]

Cv = [employee]

Yes

?-

Figure 6. Applying our Analysis algorithm in theCompanyDatabase Schema

5.2.3 Evaluating the Resulted Distributed Database

Considering perfor mancecomments from[22], wema y affir mthat our analysis algorit hmhas produced a fragmentation schema that improves perfor mance. By applying theresults fromour algorithm, t hedistributed designer will perfor mprimary horizontal fragmentation on class

Location, and der ived fragmentation of classes Department (according to class Location), Project (according to class Department), Employee

(according to class Department) and Dependent (according t o class

Employee). Also, class Employeewill bevertically fragment ed (thus result ing in mixed fragmentation).

Intuitively, thereader may seethat thefirst threetraversals (theone that takes infor mation for theEmployees who wor k in a Department located at a specific Location; theonet hat takes infor mation for the

Projects controlled by a Department locat ed at a specific Location; and theonet hat takes dependent infor mation fromEmployees for insurance purposes) will ha vetheir perfor ma nceimproved, sincet hey will perfor m a direct access to only onefragment each, and this will reduce communication over head during their execut ion. Also, thelast query, that will access main employeeinfor mation (such as theattributes name, security number and salary) will benefit fromvertical fragmentation that will probably beperfor med in this class in thevertical fragmentation phaseof theDDOODB. This benefit will result fromt heelimination of irreleva nt data accessed by it.

6 Conclusions

Distributed and parallel processing on OODBMS may impr ove perfor mancefor non-convent iona l applications that manipulat elarge volumes of data. This is addressed by removing irrelevant data accessed by queries and transactions and by r educing thedata excha ngeamong sit es [10], which arethetwo main goals of theDistributed Design of

Databases.

Distributed Design involves ma king decisions on t hefragmentation and placement of data across thesit es of a comput er networ k [16]. Since

Distributed Design is a very complex task in thecont ext of theOO data model, weha vedeveloped an analysis algorithm to assist distributed designers in thefragmentation phaseof OO databases. Theanalysis algorit hmdecides themost adequatefragmentation techniquet o be applied in each class of thedatabaseschema, based on someheurist ics.

In this paper, wehavepresent ed a knowledge-based approach to the

DDOODB problem. Our developed analysis algorithmis implement ed as a set of rules and will beused as backgr ound knowledgewhen trying t o discover a new revised algorit hmthr ough theuseof ILP [18]. In our approach, wewill perfor ma fine-tuning of our initial algor ithm

(represent ed as a set of rules), thus discovering a new set of rules that will represent therevised algorithm. This new set of rules will repr esent a revised analysis algorithm that will proposeoptima l (or near to optima l) fragmentation schema wit h improved perfor mance. In ot her words, we int end to perfor mData Mining considering availabledatabaseschema infor mation as a test bed t o produceoptima l distribut ed databaseschema as an output.

Wehavepr esent ed an exa mpleof applying t heproposed set of rules using a Company DatabaseSchema from[22], and thefragmentation schema obtained. Theresult ed fragmentation schema offers a high degr ee of parallelismtoget her wit h an important reduct ion of irreleva nt data.

Wehavepr esent ed themain ideas embedded in a novel approach for refining theanalysis algorit hmthr ough theuseof a machinelearning met hod - InductiveLogic Programming (ILP). This approach (called

Induct iveDistribut ed Design of OODBs) perfor ms a knowledge discovery/revision process using our set of rules as background knowledge. Theobjectiveof thework is to uncover somepr eviously unknown issues to beconsider ed in thedistributed design process.

Our main object ivewas to show theviability of performing a revision process in order to obtain bett er and bett er fragmentation algorithms. We do not int end to proposet hebest fragmentation algorit hm ever possible.

Weconcentrateher eon theprocess of revising a DDOODB algorithm through KnowledgeDiscovery t echniques, rather than on a final product.

Although weha veaddressed theproblemof class fragmentation in t he

DDOODB cont ext, an important futurework is theuseof thesa me inductivelearning approach in ot her phases of t heDistribut ed Design

(such as theallocation phase), as well as in theDatabaseDesign itself, possibly using another data models (relational or deduct ive). Also, the result ing fragmentation schema obtained fromour revised algorit hm ma y beapplied t o fragment thedatabasethat will beused in thework of

PROVOST and HENNESSY [23], which proposes theuseof distribut ed databases in order to scale-up data mining algorithms.

References

[1] Baião , F., Mattoso , M ., 1997, ^A Mixed Fragmentation Strategyfor

Distributed OODatabases~, In: Proc. of The Second Workshop on CSCW in Design, Bangkok, Thailand, November, pp. 42-48

[2] Baião , F., Mattoso, M., 1998 , ^A Mixed Fragmentation Algorithm for

Distributed Object Oriented Databases~, to appear in: Proceedings of the

9th International Conference on Computing and Information , Winnipeg,

Canada, June

[3] Bellatreche , L., Simonet , A., Simonet , M ., 1996, ^Vertical Fragmentation in Distributed Object Database Syst ems with Complex Attributes and

Methods~. 7th International Workshop on Database and Expert Systems

Applications(DEXA´96) , Zurich, Switzerland

[4] Carey , M., De Witt , D., Naughton , J., 1993, T̂he 007 Benchmark~. In:

Proc of 1993 acm sigmod Int. Conf. on Management of Data, vol 22, n° 2,

Washington DC, pp. 12-21

[5] Chakravarthy , S ., 1997, Panel on: Bridging the Gap between Cooperative

Information Systems and Database Systems, Second IFCISInternational

Conference on Cooperative Information Systems (CoopIS’97), South

Caroline, USA

[6] Chen , Y., Su , S., 1996, "Implementation and Evaluation of Parallel Query

Processing Algorithmsand Data Partitioning Heuristics in Object Oriented

Databases~, Distributed and Parallel Databases, v. 4(2), pp. 107-142

[7] Cluet , S., Delobel , C., 1992, "A General Framework for the Optimization of Object-Oriented Queries~. In: Proceedings of the 1992 ACMSIGMOD, vol. 21, issue 2, San Diego, California, pp. 383-391

[8] Ezeife, C., Barker , K., 1994, Vertical Class Fragmentation in a Distributed

Object Based System, Technical Report 94-03, Department of Computer

Science, Universityof Manitoba

[9] Ezeife, C., Barker , K., 1995, "AComprehensive Approach to Horizontal

Class Fragmentation in a Distributed Object Based System~, Distributed and Parallel Databases, vol. 3, n° 3, pp. 247-272

[10] Karlapalem , K., Navathe , S., Morsi , M., 1994, ^Issues in Distribution

Design of Object-Oriented Databases~. In: Özsu, M. et. al (eds),

Distributed Object Management, Morgan Kaufman Publishers

[11] Lima , F. Mattoso , M ., 1996, ^Performance Evaluation of Distribution in

OODBMS: a Case Studywith O2~ In: Proc IX Int. Conf on Parallel &

Distributed Computing Systems, France, pp.720-726

[12] Maier , D., Graefe , G., Shapiro , L . et al., 1994, ^Issues in Distributed Object

Assembl y~. In: Özsu, M., Dayal, U., Valduriez, P. (eds), Distributed Object

Management, Morgan Kaufmann Publishers

[13] Malinowski , E., 1996, Fragmentation Techniques for Distributed Object-

Oriented Databases, MSc. Thesis, Universityof Florida

[14] Mitchell, T., 1997, Machine Learning, McGraw-Hill Companies, Inc

[15] Navathe , S., Karlapalem , K., Ra , M ., 1995, ^A Mixed Fragmentation

Methodologyfor Initial Distributed Database Design~, Journal of

Computer and Software Engineering, vol. 3, n° 4

[16] Özsu , M., Valduriez , P ., 1991, Principles of Distributed Database Systems,

NewJersey, Prentice-Hall

[17] Savonnet , M., Terrasse , M., Yétongnon , K., 1996, ^Using Structural

Schema Information as Heuristics for Horizontal Fragmentation of Object

Classes in Distributed OODB~, In: Proc IX Int. Conf on Parallel &

Distributed Computing Systems, France, pp. 732-737

[18] Lavrac , N. and Dzreroski , S., 1 994, Inductive Logic Programming:

Techniques and Applications, Ellis Horwood.

[19] Blockeel , H, de Raedt , L., 1 996, ^Inductive Database Design~ In: Proc of the Int. Symposium on Methodologies for Intelligent Systems (ISMIS´96)

[20] Towell , G., Shavlik , J., 1994, Knowledge-Based Artificial Neural

Networks, Artificial Intelligence , 70 (1-2), pp. 119-165.

[21] Garcez , A., Zaverucha, G. and Silva, V. N., 1997, "Applying the

Connectionist Inductive Learning and Logic Programming System to

Power System Diagnosis," In: Proceedings of the IEEE International

Conference on Neural Networks (ICNN-97), Houston, Texas, USA, Vol.1, pp.121-126.

[22] Elmasri , R., Navathe , S., 1989, Fundamentals of Database Systems, The

Benjamin/Cummings Publishing Company, Inc.

[23] Provost, F., Hennessy, D., 1996, ^Scaling-Up: Distributed Machine

Learning with Cooperation~, In: Proceedingsof the Thirteenth National

Conference on Artificial Intelligence (AAAI ’96), Portland, Oregon