- 1 -

KRISYS - a KBMS Supporting Development and Processing of Knowledge-based Applications in Workstation/Server Environments

N. M. Mattos University of Kaiserslautern

5/91

December 1991 in: ZRI-Bericht 5/91, University Kaiserslautern, 1991

- 2 -

Abstract

KnowledgeBase Management Systems (KBMS)should providenot onlyefficientand reliablemanagement of knowledgebases (KB)butalso means forconstructingsuch KBina stepwise fashion.Inthispaper, wepresent a KBMSprototypetailoredto workstation/serverenvironments that can be used flexiblyas a toolfordynamicallydefiningKBcontents duringapplicationdevelopmentand efficientlyemployedforKBmanipulationduring applicationprocessing. The support ofthese contradictoryfeatures offlexibilityand efficientprocessing is reflectedinthe system architecturebymeans ofan appropriate mappingscheme and ofmechanisms to guarantee locality of KB accesses.

Contents

1. Introduction 1 2. Overview of the System Architecture 2 3. Modeling a KS with KRISYS 5 3.1 An Overview of the KOBRA Knowledge Model 5 3.2 Exploiting KOBRA as Modeling Tool 7 3.3 Summary 10 4. Mapping Knowledge Structures to the Server 11 4.1 The MAD Model and its Adequacy for Mapping KOBRA Structures 11 4.2 The Mapping Scheme of KRISYS 12 5. Processing Model 16 6. Why not Enhance the MAD Model with KOBRA Semantics? 17 7. Summary 18

- 3 -

1. Introduction

Duringthe last fewyears, the development of a new generation of systems capable of effectivelysupporting construction and processing of knowledge-based applications (KS) has emerged as an importantresearch area in the database field. These systems, so-called Knowledge Base Management Systems (KBMS) [BM86,ST89],shouldprovidean efficientand reliablemanagement oflarge, shared knowledgebases (KB)and the means forbuildingsuch KB.InKS,the modelofproblemsolvingofan applicationdomainis explicitlyrepresented inthe KB,rather than being buriedsomewhere (i.e.,appearing onlyimplicitly)inthe program’scode. Asa consequence, the knowledgeincorporatedintothe system can be moreeasilyanalyzed bythe knowledge engineer as wellas potentiallymore easilyextended or modified[CJV83].Inpractice, thisleads to a KSdevelopment that can be practicallyviewedas a KBconstructiontask [My86].Thisdevelopment is, ingeneral, supported by a modelingtool(e.g., KEE[FK85,Fi88],LOOPS [BS83,SB86])withwhichthe knowledgeengineer just has to 'describe'the knowledgeofthe applicationat hand inorder to buildthe corresponding KS.Inother words, KS development is almost restricted to an incremental modelingactivity[MM89]involvingknowledge acquisition,KBstructuring,refinement,and evaluationwithfeed-back, rather than to the traditionalactivityof programming [Ha87]. This advantageous KS development characteristic has a tremendous impact on the functionalityof KBMS since a new applicationdevelopment paradigm is being established. That is, instead ofsupportingonlyan efficientand reliableKBmanagement (inanalogy to DBMS),KBMSshould also providemeans fordescribing, evaluating, extending, and restructuring the knowledge of an application (just like knowledge engineering tools).Theyshouldbe used as powerfulmodelingtoolstobe adequately employedforKSdevelopmentas well as robust management systems to efficiently support KS processing. Followingthe linesofthese issues, we have performeda number ofsizable prototypeimplementations tobetter evaluate importantconcepts fordesigning KBMS.The prime result of these studies was a refined understanding withregard to functionality,cooperation, performance ofsystem components, and theirmutualinterferences, whichwethen exploitedtoderivethe overallarchitectureofourKBMS,calledKRISYS[Ma88b,Kr89]. In the following,we cannot repeat allinvestigationresults in detail (see [Ma88a,Ma90,Mi88,MM89]),but only summarize our main findings that have greatly influenced our design and implementation. To obtain an appropriate framework for KS development, the following features should be observed: • Means for supporting an incremental KS development: DuringKSconstruction,the knowledgeengineer should use the knowledgemodel as a toolfordynamicallydefiningthe contents ofthe KB.Ithas to be possible to directlycreate and modifysuch KBcontents withoutlosingany ofthe previouslyexistinginformation.ThiswillallowKBcontents tobe incrementallyspecified,thereby supportingknowledgereformulations.

• Elimination of the difference between KB schema and KB contents: As a consequence of the above requirement,the modelshouldexplicitlyintegrate meta-information(e.g., descriptionsofobjecttypes or classes) intothe KB,thereby eliminatingany differencebetween KBschema and KBcontents. Astrict separation, as required by DBMS,neither enables an interactionof KBdesign and manipulation(e.g., for KBvalidation)nor reflects real worldsituations, where changes affectingthe applicationmodel may also occur (e.g., in the case of schema evolution).

- 4 -

In the case of application processing, the following observations have to be carefully considered: • Stability of KB structure during KS processing: DuringKS operation (incontrast to what happens duringKSdevelopment),modificationsinthe structures ofthe KB(e.g., changing objecttypes, adding new types, orintegrityconstraints)eitherdo not occurorare veryseldom. Thisstrong stabilityshould be exploited by a KBMSto choose appropriate storage structures and access paths forthe KB,thereby increasing the application performance.

• Nearby application locality: Localityofreference should be exploitedas far as possible; bufferingKB contents close to the KS is the onlymeans to guarantee efficientKBaccesses. Moreover,the transfer of contents intosuch buffersshould be based on processing characteristics ofthe KSsince localityofaccesses strongly depends on the problem solving strategy [St83] being used.

Finally, some mapping-critical issues should be observed to enable efficient KS modeling and processing: • Handling of distinct mapping mechanisms: KBMSneed, on one hand, a very general and flexible mapping of knowledgestructures forthe support of a KS modelingprocess in a stepwise fashion and, on the other hand, a very efficient(and probablynot flexible)mapping forsupportingKS processing. Hence, they cannot be constructed on the basis ofa fixed,predefined mappingmechanism since this willfavoreither KS modeling or processing, but not both.

• Tailoring mapping mechanisms to application characteristics: Afterthe modelingprocess, the structures ofthe KBofdistinctKSdiffergreatly.Additionally,the kindofKBmanipulationperformedduring the operation ofa KSis also verydistinct(e.g., rule-based, data-driven,or object-oriented).Therefore, the support ofan 'application-oriented'mappingforthe processing phase ofa KSis essential forprovidingthe required efficiency.

We feel that the above requirements are reflected in a number ofquite new issues, whichwe incorporatedin ourprototypicalKBMSKRISYS.Clearly,some ofthe ideas whichwe combinedto applyinKRISYSare related to approaches developed in differentprojects [FK85,HR85].However,these projects handle one or more of these issues in an isolated manner, not takingintoaccount the practicaluse ofthem in the context ofKBMS. Inthispaper, we describe our prototypicalarchitectureforKBMS,showingabove allhowthe concepts ofKRI- SYS can be combined to effectivelysupport development and processing of KS. Since KRISYShas already been runningformore than twoyears, some ofthe aspects and viewpointspresented here are based on practical experiences obtained through the development of several KS implemented on top of KRISYS [DHMM89,DHMS90].Inthe following,we firstsketch an overviewofoursystem architectureinchapter 2. After this, chapters 3, 4, 5, and 6 respectivelydescribe how to employKRISYSto construct KS, our mapping approach, the means forsupportingapplicationprocessing, and a delegation of tasks to the lowerlayers of the system.

2. Overview of the System Architecture

Conceptual KBMS architecture

From a conceptual pointof view,there are three orthogonalways of lookingat KBMS[BL86,Ma88b].These dominantand distinctviewpointsdetermine distinctfacets ofKBMS,correspondinginsome sense to the three differentaspects playingimportantroles when constructingand employingKS:the needs oftheirapplications (i.e.,knowledgemanipulationmeans forsolvingproblems),knowledgeengineeringsupport(i.e.,modelingcon-

- 5 - cepts forKBconstruction),and suitableresources and implementationaspects (i.e.,maintenance mechanisms forefficientlycopingwithknowledgestorage and retrieval).Thus, KBMSshould incorporatedifferentfeatures inorder to be able to fulfilthe requirements involvedwiththese three differentviewpoints.The support ofthese three classes ofrequirements leads to a natural divisionofKBMSarchitecture inthree differentlayers, which we denote application,engineering,and implementation,where the correspondingfeatures are especiallyconsidered (figure1a). Assuch, the applicationlayerlooksat the informationcontent ofKB,the engineeringlayer considers the modelingaspects of an applicationexpressed as KBcontents, and the implementationlayer views KB in terms of data structures and access algorithms.

Considering Workstation/Server Environments

The above observations, however, onlyshow the general guidelines forthe realizationof KBMS.In order to derivethe overallarchitectureofsuch systems, we also have toconsider the essential aspects oftheirrun-time requirements and their processing environment.In general, KS run on powerfulworkstationsequipped with sufficientprocessing capability,main memory,and privatedisk space, whichare typicallydedicated to single users or knowledgeengineers and may providespecial functions(e.g., suitable graphic interfaces) forthem. The workstationshave access to a central server component, whose task is to provideaccess to centralized information(i.e.,the KB)and to controlits shared use. Therefore,froma hardware pointofview,KBMSarchitectures should fit into a workstation/server environment with decentralized and autonomous processors. Amongothers, failureisolation,extensibility,and scalabilityofthe entire system can be considered as key advantages of such architectures. Asa consequence ofthis environment,allquestions related to 'coupling'system components should be carefullyconsidered when designing KBMS.The closer the 'coupling'between server and workstation,the more they willmutuallyinfluenceone another, provokingcommunicationdelays, networkcongestion, and failuredependence. Thus, the onlyreasonable approach is the use of looselycoupled system components relyingon interfaces that minimizecommunicationtrafficand KBaccesses. Thishas to be accompanied by the support ofhighdegree oflocalityofreference to be maintainedbythe system (e.g., byusing mainmemorydata structures) on the workstationside because thiswilllargelyinfluencethe performanceofthe complexproblemsolving strategies [St83]and reasoning processes manipulatingthe KB.Since KS are mostlyused interactively, responsiveness is a prerequisite to be accepted by the users. One step towards achievingthe above goals is taken by integratingan object bufferintothe workstationcomponent to support localityof references [HHMM88].Anobject buffercan be exploitedto temporarilymaintain relevant KBcontents so that manipulationson such contents can be accumulated initand propagation to the server can be deferred untilthe end ofa modelingor processing step. However,the use ofan object bufferis not sufficientfor the minimizationof workstation/server communication.Further steps should be taken by means ofspecifyingan appropriate interfacebetween server and workstation,thereby givingrise to the questionas to where to place the 'borderline'between these components when consideringthe described conceptualarchitectureofKBMS.Such an interfaceplays a crucialroleinthe design ofa KBMSsince the functionality providedat the server side influencesthe amount ofprocessing that willbe performedat bothserver and workstation. Introductionof more semantics into the server (e.g., by placing engineering and applicationlayers) means enhancing its functionality,thereby shiftinga lotof processing fromthe workstationto the server (because the operations performed by the server become more powerful).Less semantics on the server side means less functionality, tending to leave more processing at the workstation.

- 6 -

Atfirstglance, the enhanced server approach seems tobe the most appropriatefora system architecturesince itallowsa concentrationoffeatures inone single component shared by several workstations.However,itneglects the advantages of such environments by ignoringthe use of workstationsas the key forsolvingmany (hardware) aspects of failureisolationand scalability.Therefore, the introductionof more semantics into the server hinders the exploitationof available computingresources and processor 'power'by the workstations, increases communicationoverhead, and causes some kindofdependency ofthe workstationson the server. For these reasons, we argue that the 'borderline'between these twocomponents has to be placed in the implementationlayerso that most ofthe semantics providedbythe KBMS(availableonlyinthe engineeringand applicationlayers) remains on the workstationside. Hence, the server providesonlya 'neutral'interfaceforall management requests ofthe other layers located at the workstation.(Notethat this interface plays a key role indeterminingtowhatextent ourseparation concerns maybe satisfied,i.e.,knowledgesupply,communication overhead, etc. This will be however discussed later.)

Architecture of KRISYS

Reflectingthe considerations discussed so far, KRISYSis architecturallydividedinfourdifferentcomponents (figure1b) [Ma88b].The applicationlayer corresponds to the module implementingthe knowledgelanguage KOALA,whichis responsible forthe realizationofthe applicationinterface ofKRISYS[DLM90].The terms of the mixedknowledgerepresentation frameworkprovidedforthe KBdesigner are definedbythe KOBRAknowledge model,correspondingto the engineeringlayer.KOBRAoffersflexibleconstructs fordescribingthe application domain, such as mechanisms forintegratingbehavior intothe applicationmodel, abstraction concepts fororganizationalpurposes, general reasoning facilitiesforperformingdeductions, and several constructs for maintainingthe semantic integrityofthe KB[MM89,De90].Inorder to fitintothe above described processing environment, the implementation layer of KRISYSis divided in two modules. The DBMSkernel PRIMA [HMMS87,Hä88]located at the server concentrates on efficientand reliable KBmanagement, whereas the Working-MemorySystem (WMS),placed on workstationside, embodies the 'nearbyapplicationlocality'concept. Itmanages a special mainmemorystructure, calledworking-memory,actingas an objectbuffer,inwhich

knowledge model KOBRA

Working-Memory System knowledge language KOALA application layer

engineering layer

implementation layer knowledge engineer

knowledge manipulation

knowledge modeling concepts for KB construction

efficiently coping with knowledge storage goal

knowledge base

KS or end-user

and retrieval means for solving problems

knowledge maintenance mechanisms for

Server

Work-

knowledge base

Figure 1: The KRISYS approach towards KBMS a) conceptual KBMS architecture b) overall system architecture of KRISYS

DBMS kernel PRIMA station

- 7 - requested KBcontents are temporarilystored. The replacement ofthese objects is carried out in accordance withprocessing characteristics ofthe KSso that callsto the PRIMAkernel,accesses to secondary storage, as well as transfer overhead between server and workstations are substantially reduced. Due to the space limitationsof this paper, we willnot describe all aspects of KRISYSin sufficientdepth, but concentrate on importantissues forunderstanding the support ofKSdevelopmentand processing. So, we will firstgivean overviewofthe KSconstructionprocess bymeans ofKRISYSinthe next chapter, thereby sketchingthe concepts underlyingthe KOBRAmodel. Then, we present the scheme used to map knowledgestructures tothe DBMSkernel.Followingthis,the use ofthe WMSforincreasingperformanceduringKSprocessing is described. Finally,we discuss consequences ofa possible delegation offunctionsto the server, thereby reinforcing the architectural arguments introduced in this chapter.

3. Modeling a KS with KRISYS

When describing the real world,people involuntarilyapply some abstractions (classification,generalization, association, and aggregation)[BMW84,Br81,SS77]toorganizetheirknowledgeinsome desired form.Abstractionpermits one to suppress specificdetails ofparticularobjects, emphasizing those pertinentto the problem or the viewofinformationat hand. Itis therefore the fundamentaltoolfororganizingknowledgeand one ofthe most importantconstructs to be supported byany data orknowledgemodel.Forthisreason, the modelofKRI- SYS providesan integrated viewofsuch abstraction concepts [Ma88a]to appropriatelysupport the incrementalKSdevelopment.Abstractionmechanisms, incontrast to existingDBtechniques, advocate a modelingprocess ina stepwise fashion.That is, at each step, onlysome details ofthe problemare considered so that less relevant details are neglected untilsome later step [BMW84].Insuch environments,the modelermay take advantage ofthe reasoning facilitiesprovidedbythe abstraction concepts [Ma88a,RHMD87]inorder to facilitate his task by exploitingthe system to make deductions about objects as wellas to guarantee the structuraland semantic integrityof the KB.In the following,we discuss such exploitationof abstraction mechanisms forKS development. For this purpose, let us firsttake a brieflookat the knowledgemodel of KRISYS.We willonly introduceconcepts necessary fora better understanding ofourconsiderations, instead ofprovidinga complete descriptionofthe KOBRAmodel (see [Kr89,MM89]fordetails). We willillustrateour examples by means ofa KS that advises guests of a firstclass restaurant in Rio de Janeiro as to how they may combine dishes and wines.

3.1 An Overview of the KOBRA Knowledge Model

The KOBRAknowledgemodel[Kr89,MM89]integrates descriptive,organizational,and operationalknowledge intoone basic concept, called schema (not to be confused witha DB-schema),whichrepresents every entity of the modeled world(e.g., Brazil'snationaldish 'feijoada'in figure2). Aschema (others callitframe, unit,or object) is uniquelyidentifiedby a name (i.e., object-identifier),and contains a set of attributes to describe its characteristics. Attributescan be oftwokinds:slots are used forthe representation ofproperties ofa schema (e.g., price) and of its relationships to other schemas (e.g., recommended-wines);methods are used forexpressing behavioralaspects ofthisentity(e.g., order-dish).Inorder to characterize an objectinmore detail,all kinds of attributes can be furtherdescribed by aspects (possible-values and cardinalityspecification,defaultvalue, user-defined aspects, etc.).

- 8 -

For objectstructuring,KOBRAsupports the abstraction concepts ofclassification,generalization,association, and aggregation. Theirsemantics are guaranteed bybuilt-in reasoning facilities providedbythe system and used as the basis fordrawingparticularconclusions about objects [Ma88a,RHMD87].These concepts are incorporated intothe model by means of special, system-controlledattributes (and as such can also be further specifiedbyaspects). Thatis, they are seen as special, predefinedrelationshipsbetween objects, definingthe overallorganizationof a KBas a kindof complexnetworkof objects. Hence, each schema can be related to other objects by means of any abstraction concept. Thus, classification/generalizationas wellas association and aggregation forma directed acyclicgraph (sometimes called lattice)rooted in a system-defined schema. Since each schema can be a node ineach ofthese graphs, the KBcan be seen as the superpositionofthree graphs. The same object can therefore represent a class withrespect to one object and a set or even an instance withrespect to another. 'Feijoada',forexample, represents an instance ofmaincourses, an element of brazilianspecialities,and an aggregate composed ofa stew, kale, and farofa(i.e.,maniocflourtoasted inbutter).Thus,KOBRAsupports an integrated view of KB objects , i.e.,since there are no separate representations forsets, classes, instances, or complexobjects, the differencebetween data and meta-data, whichis usually apparent in existingdata models, is eliminatedin KOBRAso that meta-informationis integrated into the KB [MM89]. As already mentioned, behavioral aspects of an entityare represented by means of methods. They express operations, whichmaychange the object'sproperties,defininga kindofinterfacetoother objects. KOBRAprovides twofurtherconcepts forthe specificationofoperational knowledge:demons and general reasoning facilities. Demons (similarto triggers)are procedures attached to attributes, whichare automaticallyactivated when attributes are manipulated. The general reasoning facilityis providedby rules whichcan be evaluated for forward or backward reasoning. Important in this context is that both mechanisms are represented by means ofthe same concepts described above. Assuch, demons are user-defined schemas that are instances of a system-defined schema. Rules are instances of another predefined object from which they inherit attributesforthe specificationoftheircontents. So, they can be flexiblygrouped intorule sets fororganizational purposes, may receive furtheruser-defined attributes likeconflictresolvers and search strategies to influence the course of inference processes, etc.

(feijoada (instance-of (main courses) (cardinality [1 1])) (element-of (brazilian specialities) (possible-values (or (instance-of main-courses) (instance-of drinks)))) (price (45)

(possible-values (and (integer) (interval <10 150>))) (unit (US$)) (recommended-wines (beaujoulais) (possible-values (instance-of red-wines)) (default (bordeaux))) (order-dish (begin .... end) (comment (this operation orders a ’feijoada’))) (ingredients (stew kale farofa) (possible-values (or (instance-of meats or vegetables) (one-of (rice potatoes farofa)))) (cardinality [1 3]) (diametric-reference (is-ingredient-of)))) brazilian specialities i main courses e i i

p p p stew kale farofa

Figure 2: Example description of the schema 'feijoada'

i: instance e: element p: part

- 9 -

3.2 Exploiting KOBRA as Modeling Tool

Asalready mentioned,special 'automatic'reasoning facilitiesare supported byKRISYSas part ofthe abstraction concepts and activated by modification and retrieval operations whenever necessary.

Classification/Generalization reasoning

The most usual ofthese reasoning facilitiesis the one builtintothe is-a hierarchy,i.e.,inheritance.Since classes define the structure (i.e., attributes and constraints) oftheirinstances and subclasses, by insertingobjects inthe KBand expressing the beliefofthe modelerthat they are instances or subclasses ofsome classes, KO- BRA can reason that they have the properties defined by these classes (see figure 3a). However,objects may existinthe KBwithout the specification of a class . Frequently,the KBdesigner knows about the existence of an object but not of its type so that it has to be firstintroduced in the KBwithoutany instance-ofspecification.Afterthis,the KBdesigner mightreflectupon itstypeorhe mightwantto see howthe objectwouldlookifitwere an instance ofa particularclass (e.g., he 'believes'at firstthat fishplate is an appetizer)and defines an instance-of relationship.(Notethat in this case the modeler is using the KBMSas a tool to determine the structure of the objects, by dynamicallydefininginstance-of relationships.)KOBRAwillthen deduce the object structure, generating a more detailed descriptionofthis object. Based on this new description,the KBdesigner mightnowrealize that itdoes not correspond to the real worldentity,starting the determinationof the object type once again (i.e., he willrealize that fish plate is not an appetizer, as illustratedin figure3b). Therefore, instance-of relationships correspond, in truth, to current beliefs of the modeler, which may change at any timewithoutaffectingthe existence ofother objects or furtherdescriptions(i.e.,properties, constraints, etc.) that an object may possess. (Obviously,the same holds forobjects connected by subclassof relationships).

Inanalogy to a dynamicdefinitionofrelationships,attributesor integrityconstraints (bymeans ofaspects) can also be defined in a stepwise fashion. In this case, inheritance is employed to ensure that each instance or subclass has, at least, the attributes ofits superclasses. Ifthe attributephone is added to the object guests, it

address

expenses create instance ’John’

delete instance ’John’ persons

guests

John address expenses address

expenses persons

guests

a) introducing / removing instances or subclasses

price appetizer

low calorie price price low calorie connect to appetizer

disconnect from appetizer

b) connecting / disconnecting instances or subclasses

fish plate fish plate

address expenses persons

guests address expenses phone phone address expenses persons

guests address expenses create attribute phone

delete attribute phone

c) creating / deleting attributes or constraints Figure 3: Reasoning facilities of generalization and classification

appetizer

- 10 - willbe immediatelyinheritedby allits subclasses and instances (figure3c); ifitis deleted, KRISYSautomatically removes it from the corresponding subclasses and instances.

Association reasoning

Reasoning on association hierarchies is at firstprovidedby the so-called membership stipulations,i.e., properties that an object must satisfy in order to be added to the group of elements of a set. Since KRISYSguarantees that every element ofa set alwaysfulfilsthe correspondingmembership stipulation,itis possible to deduce, forexample, that allelements ofbrazilianspecialitiesare fromBrazil.Consequently,byspecifyingmembership stipulationsbased on the structure ofthe elements (e.g., elements ofthe set french wines must have France as the value of the slot produced-in),KOBRAcan determine whether a change in an element should cause the dissolutionofan existingassociation relationshipor the creation ofa new one because ofthe satisfactionofthe membership stipulationofanother set. Assuch, when one erases the value France fromthe slot whichdefines the site where a particularwine is produced, this wine is automaticallyremoved fromthe set french wines (figure 4a). Similarconclusions can be drawn when modifyingmembership stipulations.In this case, not only may elements be disconnected froma particularset, but the set itselfmightbe dissolved fromits relationshipsto supersets since an object may be a subset of another onlyifitpossesses more restricted membership stipulations.Thisisillustratedinfigure4b where the set brazilianspecialitieswas disqualifiedas subset oftypicaldishes because its membership stipulationwas generalized to accept also drinks, thereby qualifying'caipirinha' (i.e., Brazil's national drink).

Further reasoning capabilitiesare providedby so-called set properties, i.e., properties that describe the characteristics ofthe group ofelements as a whole.Brazilianspecialities,forexample, has properties definingthe average ofprice ofspecialities,theirnumber, etc. Since such set properties are inrealitybased on characteristics of each individualelement, conclusions about the values of set properties can be drawn fromthe elements'attributes. So, upon changes on elements (e.g., because ofa modifyoperation)or on the relationships between elements and sets (e.g., because of the introductionor deletion of an element), the recalculationof the values of set properties is also performed by KRISYS (figure 4c).

change attribute produced-in of wine-x to France

change attribute produced-in of wine-x to <> France

a) modifying values of attibutes of the elements

wine-x french wines

wine-x french wines

generalize membership stipulation to aliments or drinks

specialize membership stipulation to aliments only

b) modifying membership stipulations

caipirinha brasilian specialities typical dishes

caipirinha brasilian specialities typical dishes

change attribute of site of wine-x to France

change attribute of site of wine-x to <> France

c) recalculating set properties

cheap

very wine-x french wines

expensive expensive

very expensive wine-x french wines

Figure 4: Reasoning facilities of association

- 11 -

Aggregation reasoning

Inthe aggregation, reasoning is performedbased on the specificationofthe so-called impliedpredicates, i.e., predicates expressing monotonicallyincreasingordecreasing properties on the aggregation hierarchy.Forexample, the number ofcalories ofa dish increases movingupwards on an aggregation since itis definedbythe sum ofthe correspondingparts'calories. The same may occur forthe dish'sprice,weight,etc. Hence, conclusions can be drawnbysimplyguaranteeing the truthofsuch impliedpredicates, e.g., when the cookinventsa new wayto prepare steaks, thereby reducing theircalories, KRISYSautomaticallyreconsiders the number of calories ofallobjects composed ofsteaks (e.g., menu1 infigure5a). Inthe same manner, similarconclusions are drawn,forexample, when objects are introducedinorremoved froman aggregation, as illustratedinfigure 5b.

Knowledge reformulations

Itis importantto observe that the reasoning facilitiesdescribed above can also be viewedas a means forundertakingthe maintenance ofthe structuraland semantic integrityofthe KB[De90].For example, inheritance is employedto ensure that each instance or subclass has, at least, the attributes and satisfies the constraints prescribed by its superclasses. Since KRISYSguarantees that such integrityholds even ifchanges to the KB structure occur, knowledgereformulationsmay be carried out effortlesslywithoutaffectingany other aspect of the existingknowledge.This feature is essential forKS development support since most prototypes perform poorlyat the start because ofan erroneous transformationofthe applicationworldto objects ofthe knowledge model, an initialneglect of some refinements, or even because the knowledgeengineer simplylearns some more details about the applicationdomain.Bydiagnosingthe weakness and deficienciesofthe KS,the knowledge engineer can go back tosome ofthe developingphases eithertoconceptualize,structure, orrefinesome furtheraspects ofthe applicationworldpreviouslyintroducedintothe KB,leadingto an incremental,evolutionary development.Tosupport such KBevaluation,KRISYSprovidesseveral means, such as forexample, simulationofrule-based inferenceprocesses, errorhandlinginsideofmethods, stepwise rollbackofthe execution of demons, rules, and methods, trace facilities, definition of break conditions, etc. Refinements or changes of existingspecificationsare certainlythe easiest modificationsto be performed on KB.These are directlyachieved byusing KRISYSoperations to definenew aspects, membership stipulations, and impliedpredicates, delete oldones, restrictor generalize them, or even move them up and downwardson

very high calorie menu1 change calories of steak to low

change calories of steak to high

a) modifying values of attributes of components

Figure 5: Reasoning facilities of aggregation

high calorie high calorie menu1

low calorie

low calorie menu1 include component pork

delete component pork

b) introducing / removing components

high calorie menu1

high calorie pork

- 12 - the corresponding hierarchies. Inthe example shown infigure6c, a constraint forthe instance-of relationship was introducedand correspondinglyspecialized tocontrolthe insertionofinstances ofwinesintothe rightsubclass according to the kind of grape used for their production.

Restructuringusuallygenerates new concepts and modificationsin the abstraction hierarchies. For example, the chef is not satisfiedwiththe definedstructure ofdishes. He objects to the factthat colddishes (e.g., shrimp cocktail)are not a kindof main course but an appetizer. Thus, the knowledgeengineer has to introducecold dishes as a subclass of appetizers and change the superclass of the corresponding dishes to that new class (figure6b). The same occurs inthe case ofredesigns after a new conceptualizationofthe real world.Inorder to supply the guests witha more extensive selection of beverages, the head waiterwants to have liquorsincluded in the 'carte'.Such informationrequires, therefore, the introductionof a furthersubclass of beverages and the corresponding instances into the KB (figure 6a). Restructuringand redesigns demand addingnew objects and attributesto the KB,insertingnew classes, sets, or aggregates intoexistinghierarchies, movingobjects and attributes up, down,or sidewards on such hierarchies, renamingobjects and so on. Ingeneral, the most radicalchanges come fromaddingordeletingabstractionrelationshipsbetween objects. Buteven inthe case ofthese radicalchanges, KOBRAprovidesdirectand flexibleways to achieve such reformulations,keeping the correctness of the affected built-inreasoning facilities, but withoutlosing any of the correct informationpreviouslyintroduced into the KB.For example, when movingshrimpcocktailto the rightpositioninthe hierarchyinfigure6b, none ofitsattributes,values, and constraints, received because it is a dish, will get lost.

3.3 Summary

KRISYSputs special emphasis on a complete support ofabstraction concepts inorder to use theirsemantics as a basis fordrawingconclusions about the objects and formaintainingthe integrityofthe KB.Such an integrated viewof abstraction concepts is one of the most importantaspects that differentiatesKRISYSfromexisting knowledge engineering tools like ART [Wi84],KEE [FK85,Fi88],KNOWLEDGECRAFT [FWA85], LOOPS[BS83,SB86],etc., as wellas fromexistingDBS.These systems either neglect the existence ofsome of these concepts or make a kindof 'hodgepodge'withtheir semantics (see [MM89]fordetails). KRISYSon the other hand keeps a clear separation ofthese concepts, but exploitsitsunderlyingsemantics to be used as a powerful modeling tool, enabling the process of KS development to be

wines aperitifs beverages sc sc

aperitifs sc sc

wines i i white white grapes wines any grapes wines i i white wines wines

i sc shrimp cocktail feijoada i salads

greek salad

i sc dishes

feijoada i salads

greek salad sc

shrimp cocktail cold dishes i sc sc

sc

i i

a) redesigns b) restructurings c) refinements Figure 6: Examples of knowledge reformulations

dishes

appetizers maincourses

appetizers maincourses beverages

cointreau chantré liquors

- 13 -

• easier (since the knowledgemodelis also an active agent inthis process, continuouslymakingdeductions about object structures), • more flexible(since itis possible torepeat previousmodelingsteps inordertomake correctionsorimprovements on the KB), and • more consistent (since KRISYSis continuouslymaintainingthe structuraland semantic integrityofthe KB by enforcing the reasoning facilities of the abstraction concepts).

4. Mapping Knowledge Structures to the Server

Afterhavingdescribed the supportofKSdevelopmentbymeans ofthe KOBRAmodel,wewillnowconcentrate on the mapping approach of KRISYS.So, we firstgive a short overviewof the MADmodel [Mi89],the model providedby the server of KRISYS.Then, we describe how the knowledgestructures of KOBRAare mapped to MAD.For sake ofclarity,whenever we talkabout data model,database (DB),or DBschema, we mean the model and the representation of the KB at the server side.

4.1 The MAD Model and its Adequacy for Mapping KOBRA Structures

Short notes on MAD

The DBMSkernelchosen forKRISYS,named PRIMA,PRototypeImplementationofthe MADmodel,was developed forsupportingapplicationsthat requirea suitable representation ofcomplexobjects, i.e., those whose innerstructures (the components) are also objects ofthe DB[Hä88,HMMS87].The basic modelingconstructs ofthe MAD(MoleculeAtomData)model[Mi89]are denoted atoms, which,inanalogyto tuples inthe relational model, are composed of attributes and have their structure determined by an atom type. Atomspossess an identifierwhichis used fora direct and symmetric representation of relationships (1:1, 1:n, n:m)by means oflinks,providinga viewofthe DBas a complexnetwork ofatoms. For each specifiedlink,there is always a corresponding back-reference in the related atom, whose mutual referential integrityis automaticallymaintained by the system. Complex objects are dynamicallydefined by the specificationso-called molecules as a graph having atoms as nodes and relationships (i.e., links)as edges. Thus, molecules are dynamically derived views of the atom network.Since such views may, in turn, be used to construct other more complex views, molecules may berecursively defined.

Knowledge structures underlying the KOBRA model

MADenables the mapping of KOBRAknowledge structures in an effective and straightforward manner [Mi88,Ma90].From the description of KOBRA,one may observe the occurrence of onlythree differentconstructs in our knowledge representation framework:schemas representing real worldobjects, attributes expressing their properties and relationships, and aspects describing the attributes. From a structural point of view,schemas are therefore composed ofattributes,which,inturn,consist ofaspects, suggesting the internal representation of complex objects (figure7a). Second, one may note that schemas possess predefined attributes expressing organizationalaxes (such as instance-of forclassificationand subclass-of forgeneralization)representing symmetric n:m relationships (figure7b)between schemas (backreferences are respectivelyhas-instances and has-subclasses). These relationshipsare especiallyimportantbecause they providedifferentways toorganize schemas intonetwork hierarchies (figure7c).Forthe constructionofsuch hierarchies, one mighthave to recursively followa particularrelationshipin order to structure schemas of a higher level

- 14 -

(figure7d). Finally,one may observe that duringthe manipulationof a schema, one is defininga kindof dynamic view of this object since one is always dealing withonlypart of an abstraction hierarchy(infigure7e, one is ’viewing’the properties of fish plate considering their characteristics of either an appetizer or a main course).

Fromthe descriptionabove, one may conclude that the constructs offeredbyMADallowan accurate and suitable mappingofKS-orientedstructures. The question nowiswhethersuch powerfulconstructs can providethe required functionality for KS development and processing with acceptable efficiency.

4.2 The Mapping Scheme of KRISYS

The efficiencyofKRISYSfunctionsdirectlydepends on the chosen MADschema forthe representation ofKO- BRA structures together with the corresponding mapping mechanism.

During KS development

Fromthe descriptionofKSdevelopmentgiveninchapter 3, itshould be clear that forthe constructionor modelingphase, KRISYShas toprovidea flexiblemappingscheme especiallyappropriateforefficientlysupporting functionsthat modifyKBstructures since object definitionsand abstraction hierarchies are constantly being changed or extended. Hence, when mappingKOBRAstructures to MAD,a separation between objects representing meta-information(e.g., classes) to be introducedin the DBschema ofMADand objects representing ’common’information(e.g., instances) to be includedinthe DBleads to an ineffectivemappingbecause most KOBRAoperations would provoke modificationson the MADschema (e.g., to define, remove, expand, or shrinkatom types, change attributespecifications,etc.) whichare hard toaccomplishinPRIMA.(Notethat this is the case ofmost DBMS,whichare designed along the lines ofa quite stable schema information.)Thus, it is necessary to abstract fromthe role (i.e., class, instance, set, and so on) played by an object at the KOBRA levelinorder to be able to treat them allinthe same manner at the MADlevelonlyby means ofoperations on the DB.Since such roles are intrinsicallyrelated withthe semantics ofKOBRA,itis importantto abstract from such semantics and consider KRISYS objects only from a structural point of view. From such a viewpoint,schemas, attributes, and aspects are related to each other to compose the KOBRA objects, leadingto a MADschema (graphicallyillustratedinfigure8a) that contains three atom types (respectively'schema', 'attribute',and 'aspect')connected via the references ('has_attributes'and 'has_aspects'). Here, aspect specifications are shared between several attributes preventing redundancy, especially in the a. schemas viewed as complex objects b. symmetrical relationships

c. network structures d. recursiveness e. dynamic ’object view’ definition

consists-of consists-of instance-of

subclass

Figure 7: KOBRA constructs from a structural point of view

dishes sc schemas attributes aspects has-instances schemas schemas

sc appetizer maincourses schema dishes

appetizer dishes

main courses

fish plate fish plate fish plate

- 15 - case ofinheritedattributes (see figure8b). We explicitlyexploitthe capabilityofthe MADmodelto handle networkstructures in a directand non-redundant manner. (Such an adequate modelingis hard to achieve using data models that onlyallowforhierarchicalstructures, e.g., NF^2 models [SS86,Da86]).The attributesexpressingabstraction relationshipsare not represented as ordinary’attribute’but as recursive MADreferences (e.g., 'has_subclasses', 'is_subclass_of','has_instances',etc.) between the atom type’schema’(onlypartiallyshown infigure8a). Since there is always a back reference foreach MADlink,each ofthe organizationalaxes is represented by a pair of references. The mappingofKOBRAobjects to MADatoms is performedat the workstationside ofKRISYS,whenever objects are stored intoor discarded fromits objectbufferinorder to allowa bufferrepresentation embodyingthe semantics ofthe KOBRAmodel(figure8b). Therefore,forthe realizationofKOBRAoperations, the query language of MAD(MQL)is employed to fetch objects fromthe DB.For example, the definitionof a new class in the middleof a generalization hierarchy, whichrequires the inheritance of its attributes, generates an MQL statement to select allrelevant classes and instances fromthe DB.Thistask is accomplished by dynamically defininga recursive moleculestartingwiththe rootatom type 'schema'movingon to allsubclasses (usingthe reference 'has_subclasses' in a recursive manner) and then to their instances (by exploitingthe reference 'has_instances').For each object reached, theirattributes and aspects are also retrieved (via'has_attributes' and 'has_aspects').The selected part ofthe hierarchyis then modifiedinthe objectbuffer,duringwhichinheritance conflictsare solved, the inexistence ofcycles or other ambiguities(e.g., an objecthavinga same object as subclass and instance at the same time)inthe hierarchyare checked, etc. Atsome timelater on (probably at the end ofa modelingstep), the modifiedhierarchyis then discarded fromthe bufferand propagated back to the DB,where itis updated viaa singlemodifystatement. Thisoperationchanges the recursive moleculein accordance to the givenhierarchyby insertingatoms not yet stored and updating the corresponding connections.

Note, however,that when introducingsuch modificationsback intothe server no changes need to be made in the schema informationof MAD.Creations and deletions of KOBRAschemas (even classes, sets, or aggregates) are mapped to modificationson atoms of type 'schema';manipulationsof attributes (e.g., definitions, inheritance,etc.) provokeinserts, deletes, and updates on instances ofthe 'attribute'type;and changes on as-

Figure 8: Representation of KOBRA objects in MAD during KS development

schema

attribute

aspect

0:n 0:n

0:n 0:n 1:n

1:n

1:1

1:n

a) MAD schema diagram

dishes price

feijoada price 45 cardinality [1 1]

calories 1800

dishes

shrimp cocktail main courses feijoada

price 20 price 45 calories 1800 calories

cardinality [1 1] poss.-values ...

price appetizers appetizers main corses calories poss.-values ...

KOBRA (workstation)

MAD (server)

b) mapping process

shrimp cocktail price 20

- 16 - pects (includingtheir specialization)require onlyoperations on 'aspect'atoms. Hence, the required flexibility for incrementally defining, correcting, and extending the KB during KS development is well supported.

During KS processing

For KS processing, where flexibilityis in general no longer required, more specificmappings should lead to significantgains inperformance. Naturally,inorder to exploitsuch specificmappingschemes, the MADschema and the corresponding transformationprocess of KOBRAobjects intoMADatoms must not be fixedto a certainmappingscheme (as duringthe modelingphase), buthas tobe tailoredtothe structures and processing characteristics ofthe application.Asmentionedinchapter 1, when the modelingprocess ofa KSis completed, the structures ofits KBdifferverymuch fromthe KBofother KS(figure9). Therefore,the necessity to provide an 'application-oriented'DBschema withthe corresponding mappingprocess forthe operation phase ofa KS becomes apparent. Nevertheless, most existing prototypes [Ni87,Ba87,Fi87]present only fixed,predefined mapping schemes neglecting the exploitation of application characteristics for optimization purposes [WK90].

KRISYS,on the other hand, uses such informationto generate an application-oriented,and consequently very effectivemappingscheme foreach KS.Ourapproach is toextend the developmentprocess ofKSbyincluding a latter phase, called optimization,duringwhichKRISYSspecifies a new MADschema tailoredto the KS at hand and automaticallyperforms a DBtransformation.The most appropriate DBschema for a KS is determined by means of an analysis of the structures of the KB,that are completelyspecified and explicitlyrepresented inKRISYSjustbefore the optimizationtakes place [Ma90].Forexample, the attributesofa KOBRAobject, whichare represented as separate atoms in the generic mapping, could allbe represented as attributes ofa singleatom inthe specificmapping,and classes couldbe used to definecorrespondingatom types. Once the new DBschema is generated, a compilationof the KS is then performed, thereby also precompilingthe applicationqueries encoded withinmethods, demons, and rules. Inother words,the optimizationphase represents the 'exit'ofan interpretative(flexiblebut probablynot so efficient)KBmanipulation,whichis necessary duringKBconstruction,and the 'entry'intoa compiled(efficientbut not so flexible)KBmanipulation,whichis necessary during KS operation. Althoughthe generation of such new DBschema appears to be quite simple at a firstglance, itinvolvesthe considerationofa lotofinformationand requires complexdecisions tobe made. Just as an example, notevery

height of hierarchies number of hierarchies

Figure 9: Some differences of KB structures of KRISYS applications

generalization, association, aggregation

form of hierarchies existence of overlapping distribution of instances

distribution of instances per class distribution of attribute definitions frequency of specializations

• • •

A A A’ A’’ kind of hierarchies

- 17 - class should generate an atom type because there mightbe classes that willnever receive directinstances in a generalization hierarchy. So, one could deduce a rule like'everyclass possessing direct instances should have a corresponding atom type'.However,there are classes withdirect instances, but presenting the same structure(i.e.,attributesand aspect specifications)ofa commonsuperclass. Theywere (probably)definedonly fororganizationalpurposes. Inthiscase, notthey,butonlythissuperclass shoulddefinean atom type,inwhich all instances wouldbe inserted. One wouldnow conclude that 'everyheterogeneous class (i.e., showing an individualstructure)withdirectinstances should generate an atom type'.Nevertheless, even thisconclusionis not always correct because there are a lotof cases in whichgroupingheterogeneous classes has good reasons to be carriedout. Forexample, when twoheterogeneous classes are used to definea set (e.g., elements ofbrazilianspecialities are either drinksor main courses), itmightbe importantto put them together intoone singleatom type because KRISYSwants to exploitthe correspondingmembership stipulationor the attributes involvedinthe calculationofset properties to specifyappropriate access paths. Inthiscase, the onlypractical solutionwouldbe to create three differentatom types and splitthe instances ofboth classes over these three: the firstatomtypeincludingonlycommonattributesofthese classes, on whichthe definitionofthe membership stipulationand set properties is based (e.g., produced-in,price, etc.); and each ofthe other twohavingthe individualattributesofeach class (e.g., percentage ofalcoholfordrinksand recommended winesformaincourses). Naturally,inthe case ofqueries searching forsuch objects, accesses to twodifferentatom types wouldbe necessary. However, this can be efficientlysupported by using MADreferences or even clustering mechanisms to keep both parts of each KOBRA object close together. Fromthe short discussion above, one can conclude that there is no fixedprocedure to be followedinorder to derive the best MADschema fora KS, but onlysome heuristics that have to be carefullyconsidered. Hence, the use of rule-based reasoning mechanisms seems to be very appropriate here since they provide the required expressiveness and flexibilityto represent and interpret such heuristics. So, during the optimization phase, KRISYSexploits the rule-based mechanisms provided by the KOBRAmodel to generate a tailored mapping scheme. For this purpose, itinteracts withthe knowledgeengineer whenever necessary in order to get additional,relevant informationformakingits decisions (e.g., the number ofexpected instances per class, elements per set, the relevance ofmembership stipulationsforaccess purposes, etc.). Inthe case ofan erroneous estimation,the optimizationphase wouldthen be repeated some timeinthe futureinorder to generate a new, more appropriate MADscheme. KRISYSwillthen reconsider the increasing costs ofthis new transformation since several objects mightbe now stored in the KBso that the same issues used foroptimizationof DB designcan be applied here. Note,however,that when a transformationofthe MADschema is performedorrepeated, the applicationis not affectedat allsince itstillsees onlythe unchanged KBviewprovidedbythe KOBRAmodel.Incontrast to that, existingDBS(even relationalones) cannot alwaysguarantee such immunityoftheirapplicationsto allkindsof changes inthe DB(i.e.,data independence). For example, ifone unites tworelationsto materializea join,the applicationviewofthe DBturns out to be quitedifferent.(The workwithviewscertainlyeases the problembut does not lose itcompletelywhen consideringallkindsofupdates.) For these reasons, we believe that our approach ofusing a modelforthe internalKBrepresentation completelyindependent ofthe externalmodelofthe system is the onlymeans forconstructing KS under a kind of 'knowledge representation concealing principle' that guarantees localconfinementofallmodificationsand improvementsinKRISYSthroughoutthe lifetime of its applications. This independence is in turn exploitedas basis for generating various, suitable mapping

- 18 - schemes, thereby providinga kindof adaptabilityof our system to support the 'contradicting'requirements of flexibility and efficiency.

5. Processing Model

Beforewe describe the dynamicbehavior ofour system, itis necessary to recapitulate the main issues ofthe KRISYSarchitecture. Atthe server side, the PRIMAkernel implements MAD,thereby offeringgeneral management functionsto efficientlyprovideKBmaintenance. In this layer, great care was taken to guarantee an efficientmoleculeextractionand inclusionby means ofa varietyofstorage structures and other tuningmechanisms (e.g., moleculematerializationormoleculecaching)[Hä88].Atthe workstationside, three differentlayers realizethe interfaceofthe system, the knowledgerepresentation frameworkunderlyingthe KOBRAmodel, and the 'nearbyapplicationlocality'concept. Thisconcept isachieved bya component,denoted Working-Mem-ory System (WMS) [LM89]. Hence, fromthe kernel’spointofview,the task ofthe WMSis the embedding ofMADstructures intoan environment in which they can be easily and efficientlymanipulated by the upper layers of KRISYS.This is achieved by exploitingan object bufferinorder to avoidlongexecutionpaths ofKBaccesses (involvingworkstation/server communications)and time-consumingrequests to secondary storage. Thus, the objectiveofthe WMSis to considerablyreduce the path lengthand to minimizethe number ofkernelcallswhen accessing KB objects. The use of an object buffer,called working-memory,permits the storage of requested objects in a main-memorystructure offeringalmost direct access at costs comparable to a pointer-likeaccess. Consequently, the WMS supports a processing model aimed at a high locality of object references. To reach this end, the WMSexploitsthe concept ofprocessing contexts representing the knowledgeneeded duringa specificKSprocessing phase [Ma90,MW84].Consequently,theydirectlydepend on the problemsolving strategy being used by the KS. For example, KS exploitingconstraint-propagationstrategies [St81]have contexts corresponding to the several constraints used to reduce the search space duringKSconsultation.In the same manner, a problem-reductionstrategy [Mc82]determines contexts forprocessing each partitioned subproblem, and generate-and-test [BF78]organizes KBcontents accordingto pruningactivities(foran overviewofsuch strategies see [St83]).For this reason, the knowledgeengineer, as the one whoknowsthe KSin fullestdetails, knows about the existence of contexts. Histask is to make knownexistingcontexts in order to supplyKRISYSwithvaluableinformationforperformance improvement.Froma modelingpointofview,definingcontexts means makingexplicitthe knowledgeabout the KSproblemsolvingbehavior,thereby improving KB semantics. In principle,contexts are composed of several KBobjects (ingeneral of differenttypes) and objects may be elements ofseveral contexts. Theyare explicitlyrepresented as KOBRAschemas and completelyspecifiedby means ofthe query language ofKRISYS,being therefore totallyindependent ofthe chosen mapping mechanism to MAD.Thus, they may be specifiedor deleted at any timeduringKBconstructionor even dynamically duringKSconsultationwithoutadditionalcosts. Adynamicdefinitionis particularlyimportantbecause needed contexts are oftenestablished on the basis ofthe results ofpreceding phases ofthe problemsolvingprocess. The WMSexploitsthe specificationof a context to generate a complex set-oriented access to the kernel to fetchrequiredobjects and store them intothe working-memory.So, most orperhaps allobjects referenced duringa processing phase ofthe KSare foundinthe working-memoryso that onlya fewor no furthercalls to the

- 19 - kernel are necessary. Atthe end of the processing phase, the corresponding context is then discarded from the working-memory and the context requested by the following phase is loaded into it. Note that the WMSis also exploitedas a basis forefficientlyimplementingthe mechanisms providedby the KOBRAmodel duringKSdevelopment. Consideringthe KOBRAoperation described in the previous chapter whichinserts a class intoa generalizationhierarchy,the WMSdynamicallydefines a processing contextto extract the correspondingpart ofthe generalizationhierarchyfromthe kernelloadingitintothe working-memory ina single MADoperation. Inthis main-memorystructure, inheritanceis then efficientlyperformedwithoutfurther MADcalls. Atthe end ofthe modelingstep, when allnecessary integritychecks are already done, the extracted context is discarded fromthe working-memoryand propagated back to the KB.The support of rules duringKSprocessing is also carriedout ina similarmanner. Beforean inferenceprocess takes place, the corresponding context (i.e., the rules, objects specified in the conditionpart as wellas objects possiblyaffected bythe actionpart)is extracted fromthe kerneland stored inthe working-memoryforforwardor backwardreasoning. As a consequence, reasoning tasks are carried out in the workstation,thereby drasticallyreducing communication overhead. Inclosing,one may observe that processing contexts are the most importantmechanism used bythe WMSof KRISYStoimproveaccess efficiency.Viewedfromthe knowledgeengineer, a contextis a collectionofobjects needed by a specificphase of the problemsolvingprocess of the KS, i.e., the knowledgenecessary to work outa particularproblem.KRISYS,on the otherhand, viewsitas a collectionofobjects whichhave tobe brought intothe working-memoryby just one veryefficientKBaccess. Followingthis approach, when specifyingcontexts, the knowledgeengineer is stillworkinginhis framework,withoutbeing involvedwithinternalKBMSaspects, although KRISYS is supplied with enough information for performance improvement [LM89].

6. Why not Enhance the MAD Model with KOBRA Semantics?

Throughoutthe scope ofthispaper, we have emphasized that KRISYSwas developed to support workstationorientedKSdevelopmentand processing. Asalready mentioned,the aspects ofthisenvironmentare reflected inthe divisionofthe system architecture intwomain parts, havingthe KOBRAmodel at workstationside and the MADmodelas interfaceofthe centralserver. Consideringthe constructs underlyingthese models,itshould become clear that KOBRAis located at a highersemantic levelthan MAD.Uponrealizingthe existence ofthis gap inthe KRISYSarchitecture, one woulddirectlycome up withthe idea ofenhancing MADwithKOBRAsemantics, thereby equallingboth models to eliminatesuch a gap. The 'newMAD'modelwouldthen providethe same mechanisms as KOBRA,but wouldcertainlyrelyon an internalinterface supporting similarsemantics and providingthe same services as the existingMADmodel.Regardingthe architectureofKRISYS,the questionnow wouldbe where to set the 'borderline'between server and workstation.Byplacingiton the internal interface ofthe 'newMAD',one wouldagain be definingthe architecture presented by KRISYSso that allarguments discussed in this paper wouldbe equallyrelevant. Byplacingiton the enhanced MADinterface, all the functionalityofKOBRAwouldbe completelydelegated tothe server KRISYS,otherwiseKOBRAsemantics wouldhave to be duplicatedat the workstation(implyingthat the MADenhancement is meaningless). Such a complete delegation wouldhopelessly overload the server component of KRISYSwithadditionalprocessing since the maintenance of abstraction concepts, the execution of their built-inreasonings, the evaluation of methods, demons, and rules are now completelyundertaken by the server. Processing at workstationwould be limitedtoa minimum,leadingtoa moreorless centralizedsystem architecturethat neglects the advantages

- 20 - providedby workstation/serverenvironments.Hence, effortsto equal MADand KOBRAdo not offersolutions but only shift the existing semantic gap into the MAD model. When examininga partialdelegation of KOBRAfeatures, other problems rise. Let us consider, forexample, the delegationofonlythe semantics ofthe abstraction concepts so that a lotofprocessing capabilitywouldstill be necessary at workstationside forevaluating methods, rules, etc. Here, twobasic alternatives forcarrying out such task can be followed.In the firstone, modificationson KOBRAobjects are just accumulated in the working-memoryand propagated to MADonlyat the end of a modelingstep when the KBintegrity(partially maintainedbyMAD)is then checked (e.g., the truthofimpliedpredicates, values ofset properties, inheritance rules, etc.). In the second one, propagation of object changes are not postponed but immediatelycarried out in order to allowan instantaneous check of KBintegrity.Unfortunately,both alternatives do not present reasonable solutions.The firstone should be disqualifiedbecause the wholemodelingstep (whichis a long-term activity)wouldhave to be rolledback upon integrityviolationand because the mentioned integritymust be immediately checked otherwise flexiblereactions involvinginteractions withthe knowledge engineer (e.g., to solve inheritanceconflicts,eliminateambiguitiesinthe abstraction hierarchies, etc.) wouldeither not be possible or lead to additionaltransfer of objects and communicationoverhead. The second one enables such immediate integritychecks but has to be ruled out because itcontradicts our effortsto support localityof references and minimum of communication between server and workstation. Certainly,the above observations didnotexhaust allpossibilitiesfora thinkabledelegationofKOBRAfunctions to MAD.(Fora detailed discussion on this topicsee [De90]).However,we believe that we have givenenough arguments toconcludethat the semantics providedbyKOBRAat the workstationside shouldnotbe introduced intoMAD.Thesemantic gap existinginthe KRISYSarchitectureisnota mismatchbutonlya natural reflection of the stepwise abstraction process realized at each layer of our system . Onthe server side, MADtreats knowledge structures simplyas a kindofnetworkofcomplexobjects to be consistently,reliably,and efficientlymanaged. Atthe workstationside, these structures obtainsemantics, knownonlybythe KOBRAmodel,remaining, forthisreason, outside the server. Inthisway,the server is notoverloaded bymodelingspecificaspects being, therefore, able to concentrate on an efficientKBmaintenance. On the other hand, the KOBRAmodel is not bounded by the semantics providedby the MADmodel being, as a consequence, able to come nearer to the applicationsemantics by offeringa richand powerfulspectrum of concepts forKS modelingand processing. This partitioningis furtherfavored by the set orientationof the MADinterface and the localitypreservation of the WMS,both minimizingworkstation/servercommunication.Additionally,the loose couplinggreatly facilitates failureisolation.Thisis a verycriticaldesign objectivebecause a large number ofusers may be affected by any kindof failureand because interactiveKS development is typicallyverylong.Summarizing,we argue that the kernelshould provideonlyfeatures ofa basic nature: complexobjecthandlingincludingrecursion,set orientation,efficientaccess tosecondary storage, and transaction support (at least forconcurrencycontroland recovery purposes on the server side).

7. Summary

KRISYSis a KBMSprototypeappropriatelyconstructed to support KS development and processing. For KS development, the KOBRAmodel provides a rich spectrum of mechanisms for knowledge modeling,thereby advocating the KBconstructionin a stepwise fashion. In other words, KS development is realized by a cyclic series of activitiesincludingknowledgereformulationsduringwhichthe reasoning facilitiesof the abstraction concepts are applied forcontinuouslymakingdeductions about the object structures and maintainingthe se-

- 21 - manticintegrityofthe KB.Thus, KRISYScan be used as a powerfulmodelingtoolallowinga directand flexible extension, modification, and restructuring of KB contents.

For KSprocessing, itoffersan efficientframeworkforthe exploitationofthe applicationlocality,takingadvantage ofthe knowledgeabout the access behaviorofthe KSinorder to reduce the path lengthwhen accessing KBobjects and to minimizeI/Ooperations as wellas transfer overhead. KRISYS,therefore, accomplishes fast access to stored KBobjects byexploitingthe existence ofprocessing contexts whose contents are temporarily kept close to the application in its working-memory.

Finally,its architecture fitsnicelyinto the most realisticand prevailingarchitecturalenvironmentfor KS, i.e., workstationenvironments.Here, workstation-orientedprocessing is effectivelyenhanced by placingthe working-memory,the KOBRAmodel,and the system interfacetogether withthe applicationintothe workstationand the PRIMAkernel intothe server. This natural separation of the system in two main parts interactingvia the MADmodel interface is assumed to greatlyreinforceits means forKSdevelopment and processing. KRISYS strengthens itssupport ofthe modelingprocess and ofthe applicationoperationbymeans ofdifferentmapping mechanisms to the PRIMAkernel:a general scheme is providedduringKSdevelopment in order to allowfor a flexibleKBconstruction,and a specific,tailoredto the applicationat hand duringKS operation in order to obtain significant gains in performance.

Acknowledgment

I wouldliketo thank the several students that have participated of our KBMSproject whose combined effort has resulted in the implementationof KRISYS.Alsoacknowledged are the careful reading and helpfulcomments of T. Härder,F-.J. Leick,B. Mitschang,and J. Thomas as wellas the help of M.Burkart,I. Littler,and H. Neu during the preparation of the manuscript.

References Ba87 Banerjee, J., et al.: Data ModelIssues forObject-OrientedApplications,in:ACMTransactions on OfficeInformation Systems, Vol. 5, No. 1, 1987, pp. 3-26.

BF78 Buchanan, B.G.,Feigenbaum, E.A.:DENDRALand Meta-DENDRAL:TheirApplicationDimension,in:Artificial Intelligence, Vol. 11, No. 1, 1978, pp. 5-24.

BL86 Brachman, R., Levesque, H.: The Knowledge Level of KBMS, in: [BM86], pp. 9-12. BM86 Brodie, M.L.,Mylopoulos,J. (eds.): On KnowledgeBase Management Systems (IntegratingArtificialIntelligence and Database Technologies), Topics in Information Systems, Springer-Verlag, New York, 1986.

BMW84 Borgida,A.,Mylopoulos,J., Wong,H.K.T.:Generalization/Specializationas a Basis forSoftwareSpecification, in:On Conceptual Modelling(Perspectives fromArtificialIntelligence,Databases, and ProgrammingLanguages), Topics in InformationSystems, (eds.: Brodie,M.L.,Mylopoulos,J., Schmidt,J.W.), Springer-Verlag,New York, 1984, pp. 87-114.

Br81 Brodie,M.L.:Association:ADatabase AbstractionforSemantic Modelling,in:Proc. 2nd Int.Entity-Relationship Conference, Washington, D.C., Oct. 1981.

BS83 Bobrow, D.G., Stefik, M.: The LOOPS Manual, Xerox PARC, Palo Alto, CA, 1983. CJV83 Clifford,J., Jarke, M.,Vassiliou,Y.:AShort Introductionto Expert Systems, in:Database Engineering,Vol.3, No. 4, December 1983, pp. 3-16.

Da86 Dadam, P., et al.: ADBMSPrototype to Support Extended NF^2-Relations:AnIntegrated Viewon Flat Tables and Hierarchies, in: Proc. ACM SIGMOD Conf., Washington, D.C., 1986, pp. 356-367.

De90 Deßloch,S.: HandlingIntegrityina KBMSArchitectureforWorkstation/ServerEnvironments,Research Report, University of Kaiserslautern, 1990, submitted for publication.

DHMM89 Deßloch, S., Härder,T., Mattos,N.,Mitschang,B.:KRISYS:KBMSSupport forBetter CADSystems, in:Proc. 2nd InternationalConference on Data and KnowledgeSystems forManufacturingand Engineering,Gaithersburg - Maryland, Oct. 1989, pp.172-182.

DHMS90 Deßloch, S., Hübel,C., Mattos,N., Sutter, B.:KBMSSupport forTechnicalModelinginEngineeringSystems, in:Proc. 3rdInternationalConference ofIndustrialand EngineeringApplicationsofArtificialIntelligenceand Expert Systems, Charleston - South Carolina, July 1990, pp. 790-799.

- 22 -

DLM90 Deßloch, S., Leick,F.J., Mattos,N.M.:AState-oriented Approachto the SpecificationofRules and Queries in KBMS, Research Report, University of Kaiserslautern, 1990, submitted for publication.

Fi87 Fishman,D.H.,et al.:IRIS:AnObject-OrientedDatabase Management System, in:ACMTransactions on Office Information Systems, Vol. 5, No. 1, 1987, pp. 48-69.

Fi88 Filman, R.E.: Reasoning withWorldsand Truth Maintenance in a Knowledge-based Programming Environment, in: Communications of the ACM, Vol. 31, No. 4, April 1988, pp. 382-401.

FK85 Fikes, R., Kehler,T.:The RoleofFrame-based Representation inReasoning, in:Communicationsofthe ACM, Vol. 28, No. 9, Sept. 1985, pp. 904-920.

FWA85 Fox,M.,Wright,J., Adam,D.:Experience withSRL:an Analysisofa Frame-based KnowledgeRepresentation, Technical Report CMU-CS-81-135, Carnegie-Mellon University, Pittsburgh 1985.

Ha87 Hayes-Roth, F.: Expert Systems, in: Encyclopedia of ArtificialIntelligence,Vol.1, (ed.: Shapiro, S.C.), John Wiley & Sons, New York, 1987, pp. 287-298.

Hä88 Härder,T.(ed.):ThePRIMAProjectDesignand Implementationofa Non-StandardDatabase System, SFB124 Research Report No. 26/88, University of Kaiserslautern, Kaiserslautern, 1988.

HHMM88 Härder,T., Hübel,C., Meyer-Wegener,K.,Mitschang,B.:Processing and Transaction Concepts forCooperationof EngineeringWorkstationsand a Database Server, in:Data and KnowledgeEngineering,Vol.3, 1988, pp. 87-107.

HMMS87 Härder,T.,Meyer-Wegener,K.,Mitschang,B.,Sikeler,A.:PRIMA-ADBMSPrototypeSupportingEngineering Applications, in: Proc. 13th VLDB Conf., Brighton, UK, 1987, pp. 433-442.

HR85 Härder,T.,Reuter, A.:ArchitectureofDatabase Systems forNon-Standard Applications(inGerman), in:Proc. GI-Conferenceon Database Systems forOffice,Engineeringand Science Environments,IFB94, Springer-Ver-lag, Karlsruhe, 1985, pp. 253-286.

Kr89 The KBMS Prototype KRISYS - User Manual, Version 2.3, Kaiserslautern, West Germany, 1989. LM89 Leick,F.J., Mattos,N.M.:AFrameworkforan EfficientProcessing ofKnowledgeBases on Secondary Storage, in: Proc. of the 4th Brazilian Symposium on Data Bases, Campinas-Brazil, April 1989.

Ma88a Mattos, N.M.:AbstractionConcepts: the Basis forData and KnowledgeModeling,in:7th Int.Conf.on Entity- Relationship Approach, Rom, Italy, Nov. 1988, pp. 331-350.

Ma88b Mattos,N.M.:KRISYS- AMulti-LayeredPrototype KBMSSupportingKnowledgeIndependence, in:Proc. Int. ComputerScience Conference - ArtificialIntelligence:Theoryand Application,HongKong,Dec. 1988, pp. 31- 38. Ma90 Mattos, N.:AnApproachto DBS-based KnowledgeManagement (invitedtalk),in:Proc. 1st Workshop"Information Systems and Artificial Intelligence", Ulm - West Germany, March 1990.

Mc82 McDermott,J.: R1: ARule-based ConfigurerofComputerSystems, in:ArtificialIntelligence,Vol.19, 1982, pp. 39-88.

Mi88 Mitschang,B.:Towardsa UnifiedViewofDesignData and KnowledgeRepresentation, in:Proc. ofthe 2nd Int. Conf. on Expert Database Systems, Tysons Corner, Virginia, April 1988, pp. 33-49.

Mi89 Mitshang,B.:Extendingthe RelationalAlgebrato Capture ComplexObjects, in:Proc. ofthe 15th VLDBConf., Amsterdam, 1989, pp. 297-306.

MM89 Mattos,N.M.,Michels,M.:ModelingwithKRISYS:the Design Process ofDBApplicationsReviewed,in:Proc. the 8th Int. Conf. on Entity-Relationship Approach, Toronto - Canada, Oct. 1989, pp. 159-173.

MW84 Missikoff,M.,Wiederhold,G.: Towards a UnifiedApproachforExpert and Database Systems, in:Proc. of the 1st Int.Workshopon Expert Database Systems, KiawahIsland, South Carolina,October 1984, (ed., Kerschberg, L.), Benjamin/Cunnings Publ. Comp., Menlo Park, CA., 1986, pp. 383-399.

My86 Mylopoulos, J.: On Knowledge Base Management Systems, in: [BM86], pp. 3-8. Ni87 Nixon,B.,et al.: Implementationofa Compilerfora Semantic Data Model:Experiences withTaxis,in:Proc. of ACM SIGMOD Conf., San Francisco, 1987, pp. 118-13.

RHMD87 Rosenthal, A.,Heiler,S., Manola,F., Dayal,U.:Query FacilitiesforPart Hierarchies:Graph Traversal, Spatial Data, and Knowledge-Based Detail Supression, Research Report, CCA, Cambridge, MA, 1987.

SB86 Stefik,M.,Bobrow,D.G.:Object-OrientedProgramming:Themes and Variations,in:AI-Magazine,Vol.6, No. 4, Winter 1986, pp. 40-62.

SS77 Smith,J.M.,Smith,D.C.P.:Database Abstractions:Aggregationand Generalization, in: ACMTransactions on Database Systems, Vol. 2, No. 2, June 1977, pp. 105-133.

SS86 Schek, H.-J., Scholl,M.H.:The RelationalModelwithRelation-ValuedAttributes,in:InformationSystems, Vol. 11, No. 2, 1986, pp.137-147.

St81 Stefik,M.J.:PlanningwithConstraints(MOLGEN:Part 1),in:ArtificialIntelligence,Vol.16, No.2, 1981,pp. 111- 140.

St83 Stefik,M.J., et al.: Basic Concepts for BuildingExpert Systems, in: BuildingExpert Systems, (eds.: Hayes- Roth, F., Waterman, D.A., Lenat, D.B.), Addison-Wesley, Reading, Mass., 1983, pp. 59-86.

ST89 Schmidt, Thanos (eds.): Foundations of Knowledge Base Management, Springer-Verlag, 1989. Wi84 Williams,C.: ARTthe Advanced Reasoning Tool:Conceptual Overview,Inference Corporation,Los Angeles, 1984.

- 23 -

WK90 Willshire,M.,Kim,H.-J.:Properties ofPhysical Storage ModelsforObject-OrientedDatabases, in:Proc. PAR- BASE 90 - Int. Conf. on Databases, Parallel Architectures and Their Applications, 1990, pp. 94-99.