A Framework for an Efficient DBS-Support

of Knowledge-Based Systems

F. - J. Leick, N. M. Mattos

University of Kaiserslautern, Department of Computer Science P.O. Box 3049, 6750 Kaiserslautern, West Germany e-mail : mattos@uklirb.uucp

1. Motivation

Duringthe last fewyears a varietyofKnowledgeBased Systems (KS)has been developed as an applicationoftechniques fromthe area ofArtificialIntelligence(AI).Whenmodelingreal worldapplications,these systems are faced withproblemsofmanaging large amounts ofknowledge,since virtualmemorysizes are not large enough to store the corresponding Knowledge Bases (KB). Realizingthat existingDatabase Systems (DBS)providefeatures to fulfilthiskindofrequirement,research effortshave been done withthe purpose of couplingKS and DBMS.So, the knowledgeengineering tool KEE[FK85],forexample, has been extended witha newcomponent( the so-calledKEEconnection[In87]), which enables it to store facts in an external DB to be managed by an independent relational DBS. The couplingapproach may perhaps solve KSlimitationsconcerningvirtualmemorysize, but itfails,however, tosupportKBmanagement forseveral otherreasons [Ma88b].Forexample, whenKBare maintained on secondary storage devices, operations on knowledge(e.g. inference) are so computationallyintolerable, that coupling DBMS and KS yields very low performance [HMP87]. The solutionto the DBdeficienciesto support KSis to develop a new generation ofsystems, the so-called Knowledge Base Management Systems (KBMS), aimed at the modelingand manipulationofknowledge as wellas at its maintenance in very large, and possiblydistributed,KB.Followingthis shiftof viewpoint, we implemented at the Universityof Kaiserslautern a multi-layeredprototypicalKBMS,called KRISYS, whichsupports the above mentioned demands inan effectiveand efficientmanner [Ma88b].Inthis paper, we concentrate on the KRISYScomponent responsible for the KBmanagement, thereby describing the framework provided by the system for an efficient processing of knowledge.

2. The Framework

Mostofthe performance difficultiesoflarge KSresult fromthe use ofsecondary storage. Furtherdeficiencies may arise fromthe communicationand transfer overhead between the used machines. When the KB is distributedor maintained in a remote server whilethe KSruns at a localworkstation,knowledgehas to be continuouslyextracted fromthe server and transferred to the workstation,where itis exploitedforsolvingproblems. The use ofsecondary storage as wellas the server/workstationenvironmentgenerate a so long path length when accessing KBcontents, that these accesses turn out to be very time consuming [Ma86].

in: Proc. 4th Brazilian Symposium on Data Bases, Campinas, April 1989

Exploitation of the application’s locality Itis, therefore, desirable to have a mechanism that enables the reductionofthe path length ofthe KSaccesses, in order to improveperformance. This is achieved by the KRISYScomponent, called workingmemory, whichtemporarilystores and maintains objects of the KBin main memory, allowingthe KS to reference these objects almost directly.The working-memoryis a kindof applicationbuffer,whichoffers veryfast access to the stored objects. Consequently, KRISYSsupports a processing modelaimed at high locality of object references, thereby drastically reducing the path length when accessing KB objects. Knowledge Independence Duringthe problemsolvingprocess, objects are transferred fromthe KBand placed intothe working-mem-ory.Certainly,itis not a task ofthe KSto worryabout such knowledgetransfer. KBMSshould support the concept ofknowledge independence , so that KSare unaware ofthe internalrepresentation and storage of knowledge.Note that this (knowledgerepresentation and storage) concealing principleis not provided by existingKS tools. In a KEEenvironment,forexample, the KS must not onlyknowwhether its needed objects are stored inthe external DBor not, but also howthe mappingofknowledgeto DBrelationsis carriedoutinorder toprocess a KB.Moreover,thismappingcan be quitedifficultbecause the expressiveness of the knowledge representation model is much higher than the one of the DBmodel. Since knowledge structures are often mapped to several DBobjects, itis not always possible to guarantee that changes on the knowledgestructures willbe appropriatelyreflectedinthe externalDB.Bytreatingknowledgeas a kind of"window"tothe DBcontents, KEEpresents the wellknownproblemsand restrictionsofupdates through views[Ma83,Ke81].Finally,whenconstructinga KB,the knowledgeengineer has todeal withtwodifferent environments, definingboth knowledgestructures and DB-schemas, as wellas the mapping fromone to the other. For this reason, most present-day tools have to be classified as knowledgedependent. This means that the way in whichthe KBis organized in a storage device (i.e., DBand DB-schema)and the way in which itis accessed (i.e., the mapping)are both dictated by the requirements of the KS, and moreover, that the informationabout the organizationand the access technique is builtinto the KS logic(i.e., embedded in theirprogram’scode). Insuch tools, itis impossibleto change the storage structures (i.e.,changes on the DB-schema)or access strategies (i.e., changes on the mapping)withoutaffectingthe KSmore than likely drastically.Such a kindofknowledgedependence is particularlycriticalsince computersystems should be continuouslyameliorated,however,withoutaffectingtheirapplicationprograms. Followingthis issue, KRI- SYS supports knowledge independence . It guarantees local confinement of all modificationsand improvements throughout its lifetime,thereby isolatingits applications fromthe internal representation and the storage ofknowledge.Therefore, rather than havingto explicitlyinformour KBMSwhen knowledgeis needed, KRISYSanalyses the references ofthe KSto KBobjects and automaticallyextracts these objects from the server, when they are not at hand in the workstation. Exploitation of processing contexts

Ingeneral, objects stored inthe working-memoryare replaced bymeans ofa LRU-strategy.Ananalysis of this strategy revealed however, that often KRISYSstillhas to performmany calls to its server component due tothe verysmallgranule ofthe unitofreplacement (i.e.one object).The countofKBaccesses increases especiallyafterthe KSstarts a new phase ofitsproblemsolvingprocess, whenthe majorityofthe needed objects is not foundinthe working-memory.Hence, itis veryimportantto have ways to minimizesuch KBaccesses. This can be achieved by supplyingKRISYSwithenough informationabout the KS access behavior, givingitmore scope foroptimization.The issue used inthe system is to exploitthe existence of the so-called processing contexts [HMP87,MW84],that are definedas the knowledgenecessary to infer the specificgoal ofa phase ofthe problemsolvingprocess. Consequently, such processing contexts depend on the problemsolvingstrategy beingused bythe KS.Forexample,KSexploitingthe constraint-prop-agation strategy [St81]have contexts corresponding to the several constraints used to reduce the search space duringthe KS consultation.In the same manner, a problem-reductionstrategy [Mc82]determines contexts forprocessing each partitionedsubproblem,and generate-and-test [BF78]organizes KBcontents accordingtothe pruningactivity(foran overviewofexistingstrategies see [St83]or[St82]).Forthisreason, the knowledgeengineer, as the one whoknowsthe KSinfullestdetails, knowsabout the existence ofsuch contexts. Histask is tomake knownthe existence ofsuch contexts inordertosupplyKRISYSwithvaluable informationfruitfulforperformanceimprovement.Fromthe modelingpointofview,definingcontexts means making explicit the knowledge about the KS problem solving behavior, thereby improving KB semantics. In principle,contexts are composed of several KBobjects (ingeneral of differenttypes) and objects may be elements ofseveral contexts. Since contexts are notfastened toconstructs ofthe knowledgemodelprovidedby KRISYS[DM88,Ma88a],they may be specifiedor deleted at any timeduringKBconstructionor even dynamicallyduringKSconsultation.Adynamicdefinitionofcontexts isparticularlyimportant,because needed contexts are often established on the basis of the results of the preceding phases of the problem solving process. Contexts are, therefore, the most importantmechanism used by KRISYSto improve access efficiency. When defined duringthe KBconstruction,KRISYScan use special storage structures or clusteringto optimizesecondary storage accesses to these objects. Buteven when contexts are defined duringKS consultation,our KBMScan use them to reduce KBaccesses significantly.KRISYSexploitsthe existence of a context to generate a set-oriented access to the KBinorder to fetch the objects ofthe context and store them intothe working-memory,as soon as itis informedthat a new processing phase ofthe KSwillbegin. So, most orperhaps allobjects referenced duringthisphase are foundinthe working-memoryand onlyfew or no references to the KBare furthernecessary. Atthe end of the processing phase, its corresponding context is then discarded fromthe working-memoryand the context requested by the followingphase is loaded intoit.Bymeans of this set-oriented fetchingand discardingof KBobjects, the server component ofKRISYScan better employits optimizationpotential,thereby drasticallyreducing I/Oand transfer overhead. Finally,the KS references to individualobjects willbe very efficientlysupported, since the path length, when accessing the working-memory objects, is very short.

In closing,one may observe that there are twoorthogonalways of lookingat a context. Viewedfromthe knowledgeengineer, a contextis a collectionofobjects needed bya specificphase ofthe problemsolving process of the KS, i.e., the knowledgenecessary to workout a particularproblem.KRISYS,on the other hand, viewsitas a collectionofobjects whichare broughtintothe working-memorybyjustone veryefficient KBaccess. Followingthisapproach, the knowledgeengineer isstillworkinginhisframework,withoutbeing involvedwithinternal KBMSaspects, although KRISYSis supplied withenough informationfor performance improvement[MM88].Inother words,the processing contextapproach fortifiesthe discussed support of knowledge independence.

3. Overall Architecture

Internally,the component ofKRISYSresponsable forthe working-memorymanagement is dividedinthree main subcomponents as shown in figure 1.

Figure 1: Structure of Working-Memory and Context Manager (WMCM) The distribution component is responsible forthe interpretationofthe KScalls and the activationofthe respective component. The working-memory manager carries out the access requests, sometimes generating simplequeries (read/writeaccesses) to the server component ofKRISYSwhen the requested ob-

Server Component

Distribution Component

Working-Memory Manager

Context Manager

control calls access requests

simple queries complex queries

KRISYS

Working- Memory and Context Manager

Knowledge Modeling Component

Working Memory

ject is not foundinthe working-memory.The context manager is responsible forthe execution ofcontrol calls,such as fetchingordiscardingofcontexts. Itcarries them outbymeans ofset-oriented DB-operations (complexqueries) to extract the contents fromthe KBor to discard them fromthe working-memory.Therefore,the working-memorymanager takes care ofthe replacement ofindividualobjects, whereas the context manager takes care of the replacement of object sets (contexts). In order to guarantee very fast access to the working-memorycontents, the working-memorymanager maintainstwohash-tables, referringtothe objects and tothe attributesofthe objects currentlystored inthe working-memory.Thus, itsupports a directaccess to attributesavoidingthe usual sequential search within an object, whichis in some cases (e.g., very complexobjects) computationallyintolerable.Both, objects and theirattributes,are maintainedinstructures withvariablelengthcontainers, supportingan efficientstorage of KS objects, whose lengths are in general extremely different [Ma86].

4. Performance Comparison

The performance of our working-memorycomponent has been compared withthe performance of other coupling approaches between KS and DBS as shown in figure 2.

Figure 2 : Performance Comparison of Different Approaches for KB Management Inorder to pursue this investigation,we have adapted some availableKSto workon the differentenvironments shown inthe figure.As basis forthis comparison, we use the main memory-based formofKS(i.e., when the wholeKBis stored inmainmemory).CouplingDBSand KSdirectlyseems to be the most inefficientalternative,due to the already discussed longpath lengthofthe application’saccesses. Thisproblem is eliminatedby using an applicationbuffer,whichuses LRUas replacement strategy, to keep the most main memory based KS

KS - DBS direct coupling

KS - DBS coupling with application buffer

Working-Memory

3574

3574

572

93

164

28105

2946

643

1

~ 170

~ 18

~ 4

Accesses to the Duration of a Consultation in CPU-sec.

slow down factor with regard to main memory KS

KB (on secondary

storage)

Approach recently used objects in the buffer.Since this approach extracts and discards onlyindividualobjects respectivelyfromthe KBand the buffer,verymanycallstothe DBSare stillnecessary, especiallyafterchanges ofthe processing phases. The last approach, whichis based on the above described working-memory concept and implementedas part ofthe KBMSKRISYS,accomplishes an efficiencyveryclose to the main memory one. (Further performance analyses can be found in [HMP87].)

5. Summary

Inthis paper, we described the frameworkprovidedby the KBMSKRISYSto support an efficientprocessing of large and even distributed KB. KRISYSmakes use ofthe application’slocalityto guarantee veryfast accesses to the KBobjects. Ittakes advantage of the knowledgeabout the access behavior of the KS, likeforexample the existence of processing contexts, to manage relevant objects in a main memorystructure, called working-memory,which is maintainedveryclose tothe application,thereby drasticallyreducingI/Oand transfer overhead. The definitionofsuch processing contexts is executed by the knowledgeengineer, whichhoweverkeeps working inhis originalframeworkwithoutbeinginvolvedwithinternalaspects ofKBMS.He onlyhas tomake known the existence of contexts as well as the phases of the KS problem solving process. Furtherconcepts (notdiscussed inthispaper) ofKRISYSpay attentionto knowledgemodelingand manipulationrequirements [Ma88a,Ma88b].The system has proven to be a very powerfultoolforbuildingKS, CADapplications,etc., therebybeingconsidered a veryfruitfulresearch vehicleas wellas a genericsystem for effective and efficient management of large KB.

Acknowledgments

Wewouldliketo thankthe measurements performedbyB.Rheinberger as wellas his fruitfulcomments on the obtained results whichcontributeto improvethe described issues. Alsoacknowledged are the careful reading and useful hints of S. Deßloch and B. Mitschang.

References

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

[DM88] Deßloch,S., Mattos,N.M.:KOALAand itsKnowledgeModel- AnApplicationInterfacefor a NewGeneration ofDBS,internalreport,UniversityofKaiserslautern,1988, submittedfor publication.

[FK85] Fikes, R., Kehler,T.:The Role ofFrame-based Representation inReasoning, in:Communications of the ACM, Vol. 28, No. 9, Sept. 1985, pp. 904-920.

[HMP87] Härder,T.,Mattos,N.M.,Puppe, F. : On CouplingDatabase and ExpertSystems (inGerman), in : State of the Art, Vol. 1, No.3, 1987, pp. 23 - 34.

[In87] IntelliCorp.Inc.:KEEconnection:ABridgeBetween Databases and KnowledgeBases, IntelliCorp., Technical Article, 1987.

[Ke81] Keller,A.M.: Updates to RelationalDatabases ThroughViewsInvolvingJoins, Research Report RJ 3282, IBM Research Laboratory, San Jose, California, 1981

[Ma83] Masunaga, Y.:ARelationalDatabase ViewUpdate TranslationMechanism,Research Report RJ 3742, IBM Research Laboratory, San Jose, California, 1983

[Ma86] Mattos, N. M.:Concepts for Expert Systems and Database Systems Integration(in German), Research Report No. 162/86, Universityof Kaiserslautern, Computer Science Department, Kaiserslautern, 1986.

[Ma88a] Mattos, N. M.:AbstractionConcepts: the basis for data and knowledge modeling,in: 7th Int. Conf on Entity-Relationship Approach, Rom, Italy, Nov. 1988.

[Ma88b] Mattos,N.M.:KRISYS-AMulti-LayeredPrototypeKBMSSupportingKnowledgeIndependence, in: Proc. Int.ComputerScience Conference -ArtificialIntelligence: Theoryand Application, Hong Kong, Dec 1988.

[MM88] Mattos, N. M., Michels, M.: ModelingKnowledge with KRISYS:the Design Process of Knowledge-BasedSystems Reviewed, internalreport, Universityof Kaiserslautern, 1988, submitted for publication

[Mc82] McDermott,J.: R1: A Rule-based Configurerof Computer Systems, in: ArtificialIntelligence, Vol. 19, 1982, pp. 39-88.

[MW84] Missikoff,M.,Wiederhold,G.: Towards a UnifiedApproachforExpert and Database Systems, in:Proc. of the FirstInternationalWorkshopon Expert Database Systems (ed. Kerschberg, L.), Kiawah Island, South California, October, 1984, pp. 186-206.

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

[St82] Stefik,M.J. et al.:The OrganizationofExpertSystems, ATutorial,in:ArtificialIntelligence, Vol. 18, 1982, pp. 135-173.

[St83] Stefik,M.J. et al.:TheArchitectureofExpertSystems, in:BuildingExpertSystems, Volume 1 (eds. Hayes-Roth, F., Waterman, D.A.,Lenat, D.B.),Addison-WesleyPublishingCom-pany, Reading, Mass., 1983, pp. 89-126.