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SUMMARY

Thr eebenefitsaretypically claimedfor object-oriented (OO) patterns: (i) reusingparts of the conceptual
modelsof old implementations; (ii) guiding the curr ent developmentbasedusing successfuprevious devel-
opments;and (iii) communicating existing systemsto newcomers.We will arguethat a similar idea canbe
foundin the expert systemditeratur e dating from the early-1980s.The goal of KL or knowledg-level mod-
elling (e.g KADS) is to identify abstract patterns of inferencethat appearin many expert systems.Such
abstract patterns of inferenceand program structure, it is argued, are productivity tools for the creation
of software applications; i.e. KL arguesfor a similar reusebenefitasOO patterns. Recently however, an
alternative view hasemerged.While suchabstract patterns are goodfor communicationsand guidance,the
reusebenefitsmay never be realised.Patterns may be bestviewed as tools for structuring an argument,
rather than recordinga conclusion.

KEY WORDS OOnpatterns expertsystems knowledge-l&el modelling

INTRODUCTION

An exciting ideain currentOO thinkingis the pattern i.e. afragmentf ahigh-level conceptuamodel
which maybe usefulin mary applicationsUsing patternamay have threebenefits:

e The re-usebenefit A designercanbootstrapthemselesinto bettersystemsusingprovenold
systemsExampler eusepatternscanbefoundin 4. Notethatanalystsnaynot usethe patterns
verbatim.Reusepatternsarelik e the logical designwhich may requiresomeconfiguration/al-
terationfor the physicalimplementatiorof ary particularsystem Neverthelessthe essencef
thephysicalimplementatiorwill bethereusepattern.

e The guidancebenefit Not all patternsarereusabldibrariesof OO classesGuidance patterns
seneto directtheanalystsfocusontoasetof issueghatpreviousanalystdave foundinsightful.
Exampleguidancepatternsare CHECKS® andCaterpillars Fate®.

e The communicationbenefit Patternsareasuccinctool for explainingexisting systemsWhen
we tutor OO, we find patternsto be a usefulfinal initiation ritual for a novice OO developer
Whenthey “get” patternswe know thatthey are capableof comparingandcontrastinga wide
rangeof OO systems.

Despitethe currentlevel of enthusiasnfor OO reusepatternswe find it necessaryo sounda note
of caution.A similaridea,calledX £ or knowled@-level modellingcanbefoundin theexpertsystems
literaturedatingfrom theearly-1980<" 8. Thispapettriesto bridgethegapbetweerabstractonceptual
modelsproposedor OO andabstracttonceptuamodelsproposedor expertsystemsin all, we will
saymoreaboutexpertsystemghanOO. In particular afterover a decadeof experiencewith XL , we
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Figure 1. A classhierarchy browser

canmake someclear statementsboutits pitfalls. We will arguethatwe canextrapolatethe lessons
of KL modellingto OO reusepatterns.Thatis, the problemsalreadyseenby XL will have to be
facedin the future by OO patternresearcherdn particular:we doubtthe reusebenefitbut not the
communication benefitor the guidancebenefit.

This paperis structuredasfollows. Due to the hybrid natureof the contentof this paper(OO and
expert systems)we will first introduceOO designpatternsto our expert systemsaudience Since
our concernis primarily with the reusebenefitand not the guidance benefit,this sectionwill focus
on the GOF/GQ//Fowler/Coad-stylereusedesignpatterns. Next, we introduce/ £ to our software
engineerinqaudienceandthenoffer a mappingfrom OO patterngo XL . Known pitfalls of XL will
be reviewed. Our discussionsectionoffers two action plansbasedon this revisedview of patterns.
Roughlyspeakingwe saythatpatterngnaybebestviewedastoolsfor structuringanargumentyather
thanrecordinga conclusion.

REUSE OO PATTERNS

This sectionis a shortintroductorytutorialon OO patterns.

Considerthe classhierarchybrowserof Figure 1. Whena classnameis selectedn the upperleft
list box, the methodsof thatclassaredisplayedn the upperright list box. If oneof thesemethodss
selectedthenthe sourcecodefor thatmethodis displayedn the bottomtext pane.

Now comparehisclasshierarchybrowserwith thediskbrowsershovnin Figure2. Whenadirectory
nameis selectedn theupperleft list box, thefilesin thatdirectoryaredisplayedn theupperrightlist
box.If oneof thesdfilesis selectedthenthe contentf thatfile aredisplayedn the bottomtext pane.

Clearly, thereis somesimilarity in the two browsers.Containergclasse®r directories)areshavn
top-left. Thethingsin the containerghatarenot themselescontainerdymethodsandfiles) areshavn
top-right. The contentof thesenon-containethingsareshavn in thebottompane.

If werenamecontainergompositeandthenon-containerkeaveshenwe candesignonecomposite
browserclassthat handlesboth classhierarchiesanddirectorytrees(seeFigure 3). Thatis, our disk
browserandclasshierarchybrowserareboth presentationsf nesteccomposites.

Figure4 showvs theinnerstructureof the compositebrowvser Compositesontaineitherothercom-
positesor leaves.Leavescompilethe contentsof lower text-pane.Oncethis structureis in place,all
thatis requiredto corverta disk browserto a classhierarchybrowseris to:

e Changehetitle of thewindow for “Disk Browser”to “ClassHierarchyBrowser”.

* GOF=the“gangof four” 1; GOV= the“gangof five” 2; Fowler 3; Coad*
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Figure 2. A diskbrowser

e Defined ass beneattConposi t e andMet hod beneath_eaf .

o Implementthe differentconpi | es methodsin Met hod. Conpi | i ng file contentsimplies
transferringtext to primary storage Conpi | i ng methodcontentsmplies parsingthe source
codeetc.

We havejustisolateda “pattern”: afragmentof a high-level conceptuamodelwhich maybe useful
in mary applicationsTheaboredesigncanbeusedto (i) browsingadisk; (i) browseaclasshierarchy;
or, moregenerally browvseary 1-to-mary nestedaggrejation(e.g.playersin teams,personsn com-
paniesstockon sheles). This compositepatternis one of the 23 OO reusedesignpatterndisted by
GOF. Theabove examplesuggestshe power of suchOO reusepatternsSeeminglydifferentproblems
canberesohedto asingledesign.O0 reusepatternscould becomea repositoryfor experiencewhich
canbenefitnew designersOO reusepatternsould alsosene to unify theterminologyof OO design,
allowing experiencdrom oneapplicationto migrateinto anotherarea.

Patternshave beendocumentedn mary formats.The GOV preferthe format: contet, problem
solution?. The context describesa designsituation. The problemdescribeghe setof forcesthatre-
peatedlyoccurin that situationwhile the solutiondescribesa configurationto balancethoseforces.
This solutioncontainsa descriptionof the static componentandthe runtimebehaviour In OO pat-
terns:(i) thestaticcomponentaredescribedisingclasshierarchiesindtheir relationshipsand(ii) the
runtimebehaioursaredescribedisingsomevarianton collaboratiordiagrams’. The GOV arguethat
this formatof a patternis compatiblewith numeroustherpatterngesearchergagell of 2).

Patternscan be at different layersof abstraction.The GOV describethree layersof patternab-

Composites Leafs at
hierarchy selected
composite

Editor for the selected leaf.

Figure 3. A compositérowser
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straction:(i) low-level language-dependeiatiom patternsmiddle-layedanguagendependentdesign
patternsdescribinga programmess key mechanismge.g.the GOF patterns)(iii) andtop-level ar-

chitectural patternsthat spreadacrossthe entire application.Examplesof architecturalpatternsare
layeredarchitecturege.g.thethreetiereddatabase-model-dialogsgstemgound commonlyin stan-
dardmanagemerninformationsystem-stylepplications)pipe-and-filter(e.g.the dominantparadigm
in UNIX shellscripts);or blackboardg¢anexpertsystemgechnique).

Patternscanbe pitchedatdifferentaudiences-or example the GOV andGOFpatternsareintended
for programmersrimplementation-aareanalystsFowler describesnalysispatterns; i.e. high-level
conceptuapatternswhich are usedto communicatea designto the usercommunity Fowler wasin-
volvedin thedevelopmenbf alargemedicalsystem Analysispatternsvereusedto discusghedesign
of the systemwith doctorsand nurses Somepatternsfoundin that medicalsystem(chapter3 of 3)
werealsousefulin a corporatdinanceapplicationgchaptew of 3).

KL INFERENCE SKELETONS

Ourgeneraklaimwill bethatOO reusepatternand/CL (e.g.KADS) aresimilarenoughfor lessons
from KL to berelevantto OO reusepatternsThis sectiondescribedCL . For themomentwewill use
the term “inferenceskeletons”to describethe conceptuamodelsin X£ sincewe have yetto prove
thatCL equalsO0 patterngthiswill be donebelow).

Thegoalof KX£ modellingis toidentify abstracteusablénferenceskeletonghatappeain mary ex-
pertsystemseg.g.diagnosisglassificationmonitoring,etc. Suchabstracteusablénferenceskeletons,
it is argued,are productvity tools for the creationof expert systemsExamplesof £ areProblem
Solving Types’, Clancg’s model constructionoperatorst®, the PROTEGE-II project!?, TINA 12,
SRRK/ BURN/ FIREFIGHTER(SBF) 13 and KADS *. In termsof mature £ methodologies,
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KADS is the dominantXCL approachWielinga et. al. notethat, asof 1992, KADS hasbeenused
in some40-to 50 knowledge-basedystemqKBS) projects,17 of which aredescribedn published
papers.

In his classicHeuristic Classificationpaper Clance reverse-engineeretl expertsystemswritten
in avarietyof toolsandlanguagesHe foundthatall thesesystemsharedhe sameabstracinference
skeletonswhich hecalledheuristicclassification(shavn in Figure5).

For example,Figure 6 shavs Clancg’s analysisof the MYCIN 1516 inferencestructure(abstract
schemaat top, followed by an example).MYCIN was a backward-chainingrule-basedsystemthat
prescribedantibiotics.MYCIN workedby building anabstracimodelof the patientfrom the patients
data.Thisis thenmatchedacrosgo a hierarchyof diseaselassesThefinal diagnosiss producedy
following theclassdiseasesierarchydownwards looking for the mostspecificdiseasehatis relevant
to this patient.Notethe similarity with Figure5.

Figure7 showvs Clance’s analysisof anothersystemwrittenin LISP which diagnosesinelectronic
circuit in termsof the componenthatis causingfaulty behaiour. The abstractschemas shavn on
top, andanexampleis shavn underneathiNote the similarity with Figure6 and5.

After the Heuristic Classificationpaper Clanceg refinedhis inferenceskeletons.In Model Con-
structionOpeators 1°, Clanceg amguedthat ruleslike Figure 8 containdomain-specifi¢erminology
(seeFigure9) aswell asreusabldnferencestratgjies(seeFigure 10). If theseareremovedfrom the
rule,thennotonly have weisolatedthetruebusinesknowledgein therule (seeFigurel1l),but we also
have found inferenceknowledgewe canreuseelsavhere.Clance’s preferredarchitecturefor expert
systemss (i) alibrary of pre-definegproblemssolvingstratgiessuchasFigure10; and(ii) aseparate
knowledgebasecontainingthe specialdomainheuristicdike Figure11.

Inspiredby Clance’swork, subsequenesearchersoughiotherabstracinferenceskeletonsTans-
ley & Hayball list over two dozenreusabldénferenceskeletonsincluding systematiaiagnosig(lo-
calisationandcausatracing),mixedmodediagnosisyerification,correlation assessmentyonitoring,
simpleclassificationheuristicclassificationsystematicefinementprediction predictionof behaiour
andvaluesdesign(hierarchicahndincremental)configuration(simplandincrementalplanning,and
schedulingTheseskeletonsarerecordedisingthe KADS notationof Figure12in whichrectanglesre
datastructureandovalsarefunctions.Givenaconpl ai nt , theKADS abstracpatternfor diagnosis
is thatasyst em nodel is deconposed into hypot heti cal candidatefaulty componentsA
nor mvalueis collectedfrom the syst em nodel . An obsenation for that candidates requested
from the obser vabl es (storedinternallyasaf i ndi ng). The candidatenypothesids declaredto
be the diagnosisbasedon the di f f er ence betweenthe nor mvalueandthef i ndi ng. Note the
shadedgortionsof Figuresl2 & 13.We will returnto theseshadedortionsbelow (seeFigure18).

As anotherexample, Figure 13 shavs the KADS abstractinferenceskeletonfor monitoring A
par anet er is selectedrom asyst em nodel . The models expectednor nal valueis generated
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Figure 6. MYCIN

from themodelandcollectedfrom theobser vabl e- s (storedasaf i ndi ng). Thecurrentstateof
themonitoringsystemusreportedasadi scr epancy cl ass aftercomparingthef i ndi ng with
theexpectedhor mal value.

NotethatFigures5,12,& 13 do notimply a particularexecutionorderof their functions.Concep-
tually eachfunction canbe drivenforwardsor backwardsto connectinputsto outputsor visaversa.
Theheuristicclassificatiorpatternof Figure5 couldbedrivenfrom datato solutionsto performdiag-
nosis;i.e.giventhedat a, executeforwardsdat a- abst r act i onthenheuri stic mat ch,then
r ef i nement . Alternatively, it couldbedrivenfrom solutionsto datato performintelligentdatacol-
lection;i.e. givensol ut i ons, executebackwardsr ef i nement , thenheuri sti ¢ mat ch, then
dat a abstracti on.Inthisbackwardsreasoningthegeneratedat a itemsbecomeaequestdack
to the ervironmentin orderto rule out certainpossibilities. KADS explicitly modelsthis procedural
orderingof thefunctioncallsin a separatéasklayer diagram.

All known abstracinferencepatternskeletonsarereally combination®f asmallnumberof reusable
inferencesubroutinesSomeof the reusablénferencesubroutinesareshavn in Figures12 & 13 (e.g.
sel ect,speci fy, conmpar e). Wewill seemoreinferencesubroutinesn the TINA systempelow.
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New abstracteusablénferenceskeletonscanbequickly built outof thesdower-level inferenceprimi-
tives.Librariesof abstracteusablanferenceskeletonsbecomea productvity tool for building awide-
variety of expertsystemsMarqueset. al. reportsignificantly reduceddevelopmenttimesfor expert
systemausinga library of 13 reusablénferencesubroutinegincludingel i ni nat e, schedul e,
present, nonitor, classify, select anddi al og- ngr)intheirSFARK/ BURN/FIRE-
FIGHTER (SBF)environment.In the nine studiedapplicationsdevelopmentimeschangedrom one
to 17 days(using SBF) comparedo a rangeof 63 to 250 days(without usingSBF) 3. To our knowl-
edge,this is the largestdocumentedvidenceof productvity gainsin any software approach(be it
knowledgebasedpbject-orientedor otherwise).

if the infection in nmeningitis and
the type of infection in bacterial and
the patient has undergone surgery and
the patient has undergone neurosurgery and

the neurosurgery-tinme was | ess than 2 nonths ago and
the patient received a ventricul ar-urethral -shunt
then infection = e.coli (.8) or klebsiella (.75)

Figure 8. A domainrule with hiddenreusableénferencefragmentsFrom°
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subt ype( meningitis, bacteriaMenigitis ).
subt ype( bacteriaMenigitis, eColi ).
subt ype( bacteriaMenigitis, klebsiella ).
subsunes( surgery, neur osur gery ).
subsunes( neur osurgery, recent Neur osur gery ).
subsunes( recent Neur osurgery, ventricul arUrethral Shunt).
causal Evi dence( bacteriaMenigitis, exposure ).

).

circunstanti al Evi dence( bacteriaMenigitis, neurosurgery

Figure 9. Domain-specifitermsfromFigure 8.

The above descriptionis only a partial descriptionof £ in generaland KADS in particular For
an on-line versionsof the KADS documentationseehttp://www.swi.psy.uva.nl/projects/
CommonKADS/Reports.htmlandhttp://swi.psy.uva.nl/projects/CommonKADS/Papers.html.
See!’ for a detailedtext on KADS. Seethe RelatedWbrk sectionof 4 for a discussiorof the differ-
encesn thevariousK£ approachesror a tutorial introductionto KADS, see'®8. For anadwanced
useof KADS-typemodels seethe TINA system(below).

KL = 00 PATTERNS

This sectionarguesthatit is inappropriateo declarelCL inferenceskeletonsto be differentfrom OO

patterndaseddntheirobserednotationaldifferencesTheintentionof the XL researchers thesame
asthe OO patternsinferencepatternssatisfythe GOV definition of a pattern;i.e. they have context,

problem,andsolution.Hence we amguethat L inferenceskeletonsareessentialljthe sameasOO
patternsFurther we will demonstrat¢hatthe L pattersare,in somerespectsbetterpatternghan
the OO patterns.

Ar e the Notational Differ encesSignificant?

OO0 patternsareusuallyexpressedn a differentnotationto XL inferenceskeletons(comparerFig-
ure 4 with Figure 12). However, just becausdCL inferenceskeletonsare not expressedn an OO
format,thatdoesnot meanthey arent patterns:

e OO patternsresearcheragreethat patternsneednot be expressednly asnetworks of classes
(pages23-24of ). For example,Coplienrefersto the 150 patternsgatheredat Bell Labs for
telecommunicatiosystemsHe remarksthat“nonearereally object-oriented®.

Strategy Description
exploreAndRefine| Exploresupertypesbeforesub-types.
findOut If anhypothesigs subsumedby otherfindingswhich arenot presentn this casethenthat

hypothesiss wrong.
testHypothesis | Testcausakonnectiondeforemerecircumstantiakvidence.

Figure 10. Problemsolvingstrategiesfrom Figure 8.
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the patient received a ventricul ar-urethral -shunt
infection = e.coli (.8) or klebsiella (.75)

Figure 11. Thebusinesknowledg of Figure 8.

Patternscanbe foundin the data-modellingvorld (chapter4 of 3) wherethey areexpressedn
anentity-relationshigormat.

Patternswere first describedby Alexanderasa tool for architecturaldesign?; i.e. originally,
patternsvereexpressedn anon-programmindgormat.

Shav & Garlans text discussesommonsoftwarearchitecture$! usinga freetext format. The
GOV’ssectiononarchitecturapatterngranslateshe Shav & Garlan,into anOO notationunder
the headingscontext-problem-solutioit We would arguethatthe GOV translationdid notadd
significantlyto theShav & Garlanmaterial. Thatis, Shav & Garlanwerediscussingpatterns”;
they juststructuredheir materialin a differentmanner

Anotherreasorto rejectX L inferenceskeletonsasbeingtrue patternds thatthey arenotdescribed
in the way proposedby the GOV; i.e. context, problem,and solution. Sucha rejectionmay not be
justified:

We will arguebelow thattacitin the L inferenceskeletonss a very strongnotionof context,

complaint

V

system model

observable hypothesis %@

finding %@é norm

difference

Figure 12. KADS: diagnosis
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system
model

observable @

parameter

finding | =

| difference |

discrepancy @ historical
class data

Figure 13. KADS: monitoring

problem,andsolution.

e Severalprominentpatterngexts do not usethe context/ problem/solutionformatexplicitly (i.e.
Fowler 2 andCoad?), yetclearlyrepresenpatterngesearchFor example severalof thepatterns
foundin Coadcanalsobefoundin the GOFtext, with smallchangesAlso, theforeword of the
Fowler bookis anenthusiastipatterns-baseendorsemertty oneof the GOFauthors.

Taxes
Time /F
'
ion
State Taxes

)
Table
/

Table

Figure 14. Fowler’s processmodellingnotation; frompage 153 of 3
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Interestingly sometimesn“OO0 pattern”canlook alot likea“XL inferenceskeleton”. For exam-
ple, considerFowler’s proposecdhigh-level notationfor dynamiceventsFigure 14. Fowler notesthat
this notationis experimentalbut stressetheimportanceof ahigh-level functionalview like Figure14.
In Fowler’s proposednotation,ovals are event-driven controllersor triggerson tableswhich, when
required,will call methodsinside the classeqpolygons).For example,whenday ti ne writesto
day rate tabl e,thetriggersin thattablewill call methodswithin theacti vi ty classlIf we (i)
divide Fowler’s classpolygonsinto onerectangl€or eachpublic methodof eachclass,and(ii) replace
Fowler’s ovals with ellipses,thenthe Fowler diagrambecomevery similar to the KADS inference
skeletonsshavn in Figuresl2 & 13.

Goals& Uses

Notationalcomparisonsside,the intent of the £ modelersandthe OO patternsresearcherss
clearlythe same Considetthe quoteClance usedto opentheclassicK L paperHeuristicClassifica-
tion 22. We believe thatthis quotereflectssomethingpf the sameintentasthe OO patternscommunity:

To understandomethingas a specificinstanceof a more generalcase-which is what
understandin@ more fundamentabprinciple of structuremeans-s to have learnednot
only a specificthing but alsoa modelfor understandingtherthingslike it thatonemay
encounter J.S.Bruner

Both X£ and OO patternsare examplesof the samesoftware abstractionprocess Experienced
softwareengineersandescribedifferentapplicationsusinga common,abstractJanguageBoth XL
and OO0 designlanguageseeksomecharacterisationf a designthatis implementatiorindependent
andre-usableThe KL literatureshows that they seekto use/CL inferenceskeletonsin a similar
manneito OO patterns:

e The SHELLEY * workbenchprojectseeksto gain from the reusebenefit Using SHELLEY,
knowledgeengineerindpecomes structuredsearctor anappropriaténferencepattern Knowl-
edgeengineersearchrequirementlocumentgor a matchbetweerthe statedrequirementsand
thelibrary of known abstracreusablénferencepatternsOncesucha patternis foundor devel-
oped thensystemslevelopmenbecomesi procesf filling in thedetailsrequiredto implement
thatabstracinferencepattern productvity toolsfor new applications.

e NumerousCL researcherarguefor thecommunication benefit For example practionerdind
this retrospectie second-glancat their systemausefulfor developingmore generalisedrchi-
tecturedor futurework 8. Expertsystemsheoreticianhiave usedCL to assesandclarify the
essentiafeaturesanddifferencesf applications’. Lastly, knowledgeengineeringiovicescan
usea KL analysisof classicexpertsystemso quickly review successfulechniques.

¢ However, to ourknowledge JCL researcherdo notarguefor the guidancebenefit

Structure

To demonstrateonclusvely thatour XL inferenceskeletonsarethe sameasthe patternsseenin
the OO world, we mustshav that L inferenceskeletonsmatchthe GOV definition; i.e. context,
problem/solutionand descriptionsof static componentswith their runtime behaiour. This section
will arguethatnotonly do L inferenceskeletonscontain“context-problem-solution;’but theunder
standingof themappingbetweemproblemsandsolutionss moreadvancedn KL thanin OO patterns.
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Contet

Clearly all the L inferenceskeletonshave a context. The contexts of the Tanslegy & Hayballwork
were listed above and included systematiadiagnosis(localisationand causaltracing), mixed mode
diagnosisyerification,correlation,assessmentonitoring,simple classificationheuristicclassifica-
tion, systematiaefinementprediction,predictionof behaiour andvalues,design(hierarchicaland
incremental)configuration(simpl@ndincrementalplanning,andscheduling.

Problems& Solutions
KL canoffer detaileddescription®f problemsandtheir mappingto solutions.For example:

e TheTINA 1224 systermoffersa 45 word languagdor describingoroblemconstraintslividedup
into “epistemologicalcriteria” (e.g.f aul t _behavi our _ not _const r ai ned), “environ-
mentalcriteria” (e.g.i npr eci se_val ues). and“assumptiorcriteria” (e.g.si ngl e_faul t _
assunpti on).

¢ SBF12allows usergto graphicallydraw a network reflectingtheir businessgprocess.

The problems/solutionsomponenbf the GOV definitionis oftenexpressedsan| F- THEN rule.
In somecasesthe rulesdescribingthe mappingbetweenproblemsandsolutionsin L librariesis
sowell understoodhatthey canbe directly executed.The resultcanbe an automaticallyconfigured

systemFor example:

¢ SBFcanautomaticallymapits businessgunctiongraphdnto its library of inferencesub-routines.
Oncethis mappinghasbeenmade a rule-basecanbe generatavhich solvesthe businesgrob-
lem. SBFworkedin the contet of configuration.

¢ A similartool for automaticallygenerating runtimesolutionfrom a high-level problemdescrip-
tion canbe foundin Protege-I 1. Protege-ll is intendedto be a multi-context tool but mostof
its publishedapplicationshave beenin the areaof skeletalplanrefinemen{instantiatinga gen-
eral planto a particularcircumstancepr propose-and-rgse (proposingan initial design,then
modifying inappropriatgortionsof thatdesign).

e Benjamindescribe§ INA, anautomaticconfigurationdevice for configuringsolutionsto differ-
entproblemsin the context of diagnosis?24,

TINA was a “proof-of-concept”prototypeonly andis not as sophisticatedis SBF or Protege-II.
However, the TINA techniqueis quite succinct.We will usethis systemto demonstratéhow L
researcherautomaticallymap problemstatementsnto solutions.In TINA, a solutionis a problem
solvingmethod(PSM)which mustbe configuredfor a particularsub-contet usinga setof primitive
inferencetechniques For example:

e Sub-contats of diagnosisaredefinedby constraintswvithin the domainsuchasthe availability
orabsencefsi mul ati on rul es.

¢ A primitiveinferencewithin pr edi cti on based fil teri ngcouldbeaseti nt ersecti
sub-routine.

A TINA problemis describedvia suitability criteria catgyorisedinto a small numberof types For
examplei nf er ence_rul es andsi mul at i on_r ul es aresuitability criteriawith the sametype
of const rai nt _suspensi on_ net hod. TheTINA systemcanautomaticallyreflectover a setof
rulesdescribingthe transformatiomprocessrom problemsto solutions(or, in the languageof TINA,
typesof suitability criteriainto PSMs).A simplified versionof someof TINA's rulesis givenin Fig-
ure 15. Typesof suitability criteriaareshavn in thewhen sectionsWhenexecutingat hen section,

on
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11 synptom detection

12 when conpare_synptom or
13 det ecti on_net hod

14 then generate_expectation and
15 conpare

17 hypot hesi s_generation
18 when enpirical _hypothesis_
gener ati on_net hod

19 then associate and
20 prediction_filter
21

22 hypot hesi s_generati on
23 when nodel _based_hypot hesi s_net hod

24 then find_contributors and
25 transformto_hypot hesi s_set and
26 predi ction_based_filtering

27

28 hypot hesi s_generation
29 when hypot hesi s_gener ati on_net hod

30 then sel ect _hypot hesi s and
31 coll ect_data and
32 interpret_data

Figure 15. Portionsof the TINA rulesusedfor cornverting problemsdescriptionsnto solutions Adaptedrom 12

if thePSMcomponents namedn anotherrule, thereflectioncanrecurseFor example executingline
3synpt omdet ecti on makesTINA testthe suitability of therulesatlines7 and11.

A samplefragmentof TINA outputis shavn in Figurel6.Thet r ace_back_nmet hod traceshack
thedependentsf the brokencomponento find potentialcontributorsto the fault. In the caseof mul-
tiple contrikutors, TINA is sayingthatin this sub-contgt, they canbe simply i nt er sect ed. The
resultingcontribtutorssetis assessedsingthecor r obor at i on net hod. Innocentcontributorsare
del et ed (innocencas computedsiarunningahigh-level simulation). Theremainingcontritutorsare
potentiallyguilty of thefaultsandanotheisub-routinés calledto discriminatebetweerthem.Notethat
thiscor r obor at i on_nmet hod wasgenerateavhenTINA exploredpr edi cti on_based filtering
online 26 of Figure15 (usingrulesnotshavn in this article). For full detailsof this example,see'?.

Static& RuntimeBehaviour

OnedifferencebetweentCL patternsandOO patternss their differentemphasi®f descriptionof
staticcomponentys runtimebehaiours. As we move from the GOFto the GOV to Fowler, we seea
commonapproacho staticstructuredescriptiong OO notations)andanincreasingocuson describing
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nmodel _based_hypot hesi s_gener ati on_mnet hod {
trace_back_net hod;
i ntersecti on_net hod;
corroboration }

trace_back_met hod {
find_upstream }

intersection_method {
intersection }

corroboration_net hod {
sel ect _random
si mul at e_hypot hesi s;
conpar e;
del ete }

Figure 16. After exploring its problems/solutiomappingsTINA canautomaticallygeneate a PSMfor
diagnosisAdapted‘rom12 andcorvertedinto a procedual formalism.

theruntimebehaiour. XL patternsoffer avery rich descriptionof the runtimebehaiour but areless
focusedon the staticdescriptionsThe L patternsve have seento datearemodelledin a functional
decompositiorstyle.Hence:

¢ Unlike OO, KL operationsare not modelledwith datastructuresRather they are modelled
separatelyasinferencesub-routinedike cl assi fy (Figure12) andsel ect .r andom(Fig-
urel6).

o KADS doesnotshaw therelationshipdetweertheir entities. Theonly “relationships’modelled
arethoserepresentinglataflows betweerfunctions.

If “patterns”waspurely an OO conceptthenthis functionaldecompositiorapproacho the speci-
ficationof KL inferenceskeletonswould disqualifythemaspatternsHowever, we arguedabove that
theconcepibf a patterntranscendthe OO paradigm.

KL Patterns > OO Patterns?

OO0 patterngdatesbackto the early 1990s?° while £ datesbackto nearlya decadesarlier’. KL
patterngesearctis moreadvancedhanOO patterngesearch:

e KL patternshave beenrefinedto the point wherelibrariesof patternsolutioncomponentgan
be automaticallyconfigurednto executablesolutionsfrom a problemdescription.

¢ Librariansoftwarehasbeerbuilt to supportheintelligentindexing of L patternsFor example,
if TINA findsthatits problemcannotbe solvedusingits known solutions,jt conductsadialogue
with the useraboutwhich modellingassumptionsanberelaxed.Further a programmercango
to TINA with only a partialdescriptionof their proposedsolution,and TINA will fill in therest
afterasearchor patterngelatedto thatdescription.
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Model % disorderadentified | % knowledgefragmentddentified
1: epistemological 50 28
2: KADS 55 34
3:nomodel 75 41

Figure 17. Analysisvia differentmodels

LiMmITsTO KL

We have madeour casethat £ researclis essentiallythe sameas OO patternsexceptingthat the
former usesa functionaldecompositiomotationwhile that latter usesan OO notation.This section
discussethesignificanceof thatequivalenceWhatcanOO patterngesearchearnfrom theXCL work?

On the positive side, 00 patterngresearchersanimport a large, well-definedbody of knowledge
aboutpatternsin inference OO patternsare mostly specifiedvia a descriptionof their staticcompo-
nentsXCL patternsarespecifiedvia adescriptiorof theirruntimecomponentOO patterngesearchers
couldlearnsomeusefultricks aboutruntimebehaiour from their £ counterparts.

On the negative side, even after a decadeof researchthe productvity benefitsof patternshasyet
to be conclusvely demonstrateth the XL field. Therestof this sectiondiscussesheseproductvity
issues Clanceg’s Heuristic Classificationpaper?? offereda unified retrospectie view on numerous,
seeminglydifferent,expertsystemsSimilar (but smaller)studiege.g.?518) suggesthatKC.L canretro-
spectvely clarify historicalexpertsystemslesignissue However severalimportantproductvity issues
remainoutstandingdo X £ abstractiorassistin thedesignof new systems?arethe KL abstractions
re-usable?anddoestheextralevel of abstractionsisedin XL overly-complicatehe designprocess?.
This questionsarediscussedbelow.

Do KL Abstractions Assistin the Designof New Systems?

Corbridgeet. al. reportsa studyin which subjectshadto extractknowledgefrom anexpertdialogue
usinga variety of abstracipatterntools?’. In that study subjectswere suppliedwith transcriptsof a
doctorinterviewing a patient.Fromthe transcriptsjt waspossibleto extract 20 respiratorydisorders
andatotal of 304“knowledgefragments’(e.g.identificationof routinetests hon-routingestsyelevant
parametersor complaints).

Subjectswere also suppliedwith one of three abstractreusablepatternsrepresentingnodelsof
thediagnosticdomain.Eachmodelbeganwith theline “To helpyou with thetaskof editingthetran-
script,hereis amodeldescribingaway of classifyingknowledge”.Model onewasan“epistemological
model”thatdividedknowledgeinto variouscontrollevelsof thediagnosigrocessModel onewasthe
“straw man”; it was sucha vaguedescriptionof how to do analysisthatit shouldhave proved use-
less.Model two wasa moresophisticatedrersionof Figure12. Model threewas“no model”;i.e. no
guidancevasgivento subjectsasto how to structuretheir model. Theresultsareshavn in Figurel7.

The statisticalanalysisperformedby Corbridgeet. al. found a significantdifferencebetweenthe
performancef groups3 comparedo groupsl and2. No significantdifferencecouldbefoundbetween
the poorabstract-modeajroup (model1) andthe groupthat wasusinga very matureabstracimodel
(model2). Thesearevery counterintuitive results.Using a hastily-huilt abstractiorwasjust asuseful
asusinga matureabstraction And using no abstractionsvorked bestof all! Far from challenging
this result,the £ communityis now exploring empiricalmethodsfor exploring its approachin the
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Sisyphus-3roject:.

Are KL Abstractions Re-usable?

It is not clearthatthe problemsolvingmethodsoundby XL aretruly reusableOften,researchers
build their own preferredpatternsratherthan useexisting ones.The Tanslg & Hayball patterns!’
arevery differentto the patternsoffered by otherresearchers.g. Bredeveg’s qualitative prediction
method?®. In the literature alreadyreviewed by this paper we canfind four different versionsof
diagnosis:

Benjamins TINA's view,

KADS (Figure12),
HeuristicclassificationFigure6, & 7),
Tanslg & Hayball'sapproach’.

To thislist, we canaddnumeroustherapproacheto diagnosis:

An OO-basedpproactdescribedn chapter3 of Fowler .

Our own graph-theoretiapproach®.

DeKleer & William’'s approachbasedarounda distinction betweena problemsolver and a
assumption-basetduth maintenanceysten?.

Pooles approactbasedn Bayesiarreasoning?.

¢ To namebut afew (for moreexamplessee®3).

While someof thethesepatternssharesomecommonfeaturesthey reflectfundamentallydivergent
differentviews on how to performdiagnosisFor example,like DeKleer we view assumptiorspace
managemerasthekey inferencestratgy within diagnosis®. In assumptiorspacemanagementyu-
tually exclusive assumptionaremanagedn separatéogical worlds.An expertsystemcanreflectover
thatassumptiorspaceo intelligently selectthe next testto perform(a“good” testcostsverylittle and
culls muchof the assumptionspace).The implementatiorof sucha multiple-worlds approachs a
non-trivial task.It addssignificantamountof extra architecturg¢o theimplementationThis approach
is notexploredby Fowler, KADS, or Tanslg & Hayball.We thereforenotethat,atleastin the caseof
diagnosis:

e Thepatternhasnot stabilisedwith time;
e Thepatternmaynotdo soin theforeseeabléuture.

Moregenerallybetweerthevariouscampsof XL researchershereislittle agreemenbnthedetails
of theinferencepatternsThelist of inferencesub-routinegrom KADS ** andSBF*2 aresignificantly
different. Also, the numberand natureof the problemsolving methodsis not fixed. Often when a
domainis analysedisingKCL anew methodis induced!®. In summarysinceinferencepatternshave
notstabilisedovertime, thenextensvereuseis unlikely.

DoesK L Modelling Overly-Complicated Modelling?

CertainK L authorsnote certainsimilaritiesbetweerthe differentabstractreusableanferencepat-
ternsproposedy KADS:

* Sisyphuss anattemptby theinternationaKA communityto definereproducibleKA e(periment528.
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parameter/

observable hypothesis 9@

finding >@e norm

difference

Figure 18. OverlapbetweerK ADSdiagnosisand monitoring

e Schedulingplanningandconfigurationare actuallythe sameproblem,divided on two dimen-
sions(“goal statesknown or not” and“temporalfactorsconsiderear not” (Figure12.30f 7).
e Thereexistsacommonsub-graptbetweerFiguresl2 & 13 (seeFigurel8).

Having notedthat suchsimilarities exist, the £ researcherglo not take the next stepand sim-
plify their distinctions(e.g. by combiningdiagnosisand monitoring). In otherwork 3034, we have
exploredunifying knowledge-basegdrocessindy inferencingover and-orgraphs Suchgraphscould
be computedfrom an OO designif we ignoreall encapsulatiofoundariesandjust mapthe depen-
denciesbetweerninstancevariables.In termsof abstractionwe would characterissucha modelling
techniqueasavery-low level tool. Neverthelesswe have foundthata singleinferenceprocedurgab-
duction) canbe appliedover sucha representatiomo implementmary of the XL abstractreusable
inferencepatternge.g.diagnosiscase-basertasoningexplanation prediction prediction classifica-
tion, planning,monitoring,qualitative reasoningyerification, multiple-expertknowledgeacquisition,
explanation,single-userdecisionsupportsystems multiple-userdecisionsupportsystems natural-
languageprocessingdesignvisualpatternrecognition,analogicareasoningfinancialreasoningma-
chinelearning,andcase-baserkasoning).

Our generalpoint hereis that, in the caseof KL, abstraction$iave confusedatherthanclarified
the modellingprocessin this regard,the analysisof Motta & Zdrahalof the Sisyphus-Zapplications
to be particularlyinteresting.Motta & Zdrahaldiscussthe variousSisyphus-2CL implementations
usingtheir specialknowledgeof constraintsatishctionalgorithms®. We find their lower level more
insightfulinto the constructiorprocesshantheless-detailedhigh-level £ approachThis low-level
view of a problemcanfind errorsthat experienced£ practionerscannot.For example,Motta &
Zdrahalamguethatonedeclaratve translationof the proceduredn the Sisyphus-Zpecificatiorblurred
the distinctionbetweerhardconstraintgwhich mustnot be violated)andsoft constraintgwhich can
beoptionallyviolated)®¢.

DiscussiON

Basedon our experiencewith an equivalentline of researchin expert systemswe have arguedthat
OO patternsarenot a productive reusetool. This is a counterintuitive position. The overwhelming
intuition is thatthe abstraction®fferedby OO reusedesignpatternsand L aretrue andusefulfor

theconstructiorof new systemsRalphJohnsorcomments:
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Thereasorthatl believethatOO designpatternsarereusablds becausé reusethem.The
reasonl believe they help peopledesignis becausgeoplewho learnthemtell me that
they helpthemdesign.Thereasonthat| am sure that differentgroupsof designeraise
differentpatternds becausé’ ve seenit happer?’.

This quotesoundsalot like somethingrom the KADS community;i.e. abstracdescriptionf old
designsare a penetratingand usefulinsightinto the designprocessHowever, after a decadeof XL
researchwe now doubtthisinsight,atleastfor KL :

Abstractpatterngdevelopedby differentdeveloperscanbe different.

Thenumberof abstracpatternsseemainboundedpractionerskeepinventingnew one.
Practionerslon't reuseeachothers’supposedlyeusablebstractions.

Whenwe actuallyexperimentwith supposedlyeusableatternsaandproductvity, (e.g.the Cor
bridgestudy)we seeevidenceto supportthe counterintuitive conclusionthatwell-formedma-
ture supposedlyeusableatternsarelessproductive thanno patternat all.

So,whatis theappropriateiseof thereusepatternofferedby (e.g.)GOF, GOV, Fowler, KADS, etc?
We malke two suggestiongrirstly, we shouldmonitor OO patterndor KL -type problems.Secondly
we not usethemasobjective canonicalersionsof truth, but asanassistanin analysisanddesign.

Monitoring Potential Problemswith Patterns Reuse

We hopewe have, at the very least,motivatedthe needfor experimentatiorto testif patternsare
indeedreusableThis sectiondescribes seriesof suchtests,

If, in the year 2007 we seethe following, thenwe can concludethat the reusebenefitsfor OO
patternsareillusionary:

BetweendifferentOO “reusable”patternscommonprocessinglementsareidentifiedsuggest-
ing thatseeminglydifferent“reusable”patternshave a significantoverlap.

Theextralayerof abstractiorusedn OO“reusable’patternsonfusesatherthanclarifiesdesign
issues.

Whencontrolledexperimentsare performedmeasuringdevelopmentproductvity, thenno dif-
ferenceis detectedbetweenthoseapplicationsthat useand do not use OO “reusable”design
patterns.

In the future, we find that low-level details (e.g. constraint-satisfction algorithmsor and-or
graphprocessingbecomehefocusof the designprocess.

¢ OO *“reusable”patterngrove notto bereusable.
¢ Differentdeveloperswvorking onthe sameproblemdevelopdifferent‘reusable”patterns.
¢ Fortheabove two reasonglibrariesof “reusable’designpatterndrom differentsourcesontain

significantdeviations.

Onthelastpoint, we notethatwe canalreadyseedifferencef opinionof the exact natureof the
patterns:

The GOV’s design-leel patternsaredifferentto thoseof the GOF (page3800f 2);

Thereexists a non-trivial overlapbetweerB of the GOV patternsMVC (pagel25of ?), View
Handler(page291 of 2), andPublisher/Subscribg@age239of 2). We would proposgo combine
them.
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¢ Weplaceaverydifferentemphasiso Fowler ongraph-theoretidesignsFowler offers1.5pages
on “plans andprotocolsasgraphs”(page466-68of 3). We have arguedabove thatgeneralised
and-orgraphsare a engineeringramewnork usefulin numerouscontexts. For example,recall
TINA'ssearcHor candidateshatcouldcontrituteto the currentdiagnostigoroblem(Figure16).
Sucha searchis greatly simplified if the programcan accesghe dependeng graphbetween
businessconceptsSo, in our graph-theoretizview, we would proposeto replacemuch of the
diagnosticarchitectureof Fowler chapters3 & 4 with a more intricate versionof “plans and
protocolsasgraphs”.

With respecto theselasttwo points,it is a debatablgoint whetheror not our designproposalsare
betterthanthosegiven by the GOV or Fowler. We arguebelow thatit is importantthat suchdebates
take place,in public,andin front of studentsf OO design.

Constructivist Patterns

Having raisedsomedoubtsover patternswe still believe patternsare useful. Whentraining OO
practionerswe have obsened that patternsare a powerful tool for communicatingthe insights of
experienceddesignergo less-a&perienceddesignersHowever, it may be a mistale to assumethat
just becausestudentsstudy patternsthatthey will actuallyusethemin their own work. This section
usessometheory from computetbasededucationto claim that while patternsmay not be usefulas
objective recordsof canonicalruth, they may be very usefulin supportinganalystsanddesignersas
they constructtheir systems.Thatis, while we doubtthe reusebenefit,we are encouragedy the
guidancebenefitof patternsPatternsmay be bestviewedastoolsfor structuringanargumentyather
thanrecordinga conclusion.

Objectivismvs Constructivism

Educatiortheoristsareturningaway from objectivistandtowardsconstructivisiapproacheto edu-
cation®8. In objectivism, the teachempresentsanonicalforms of truth to studentsin constructvism,
theteachempresentsa rangeof differentviewpointson the oneissueto studentsThetraining session
andthe studentstole is differentin bothapproachedn objectivism, studentsnustmemorisefactsor
modelswhich they will applylater. In constructvism, (i) teachersupportstudentsasthey explorea
debateover someissue;and(ii) studentgry to build their own views of bestpractice.

An objectvistteachemaypresensomeimpressvetheoreticamentalframevork summarisingheir
own view of afield. This summarymayhave takenyearsto synthesisAn constructvist teacheknows
thatwhile suchsummariesnarked a significantwatershedn their own understandingf afield, they
maynotbethefinal goalfor thestudentsRathersuchtheoreticaframenvorksmaybeusefulto students
only asguidesto reviewing afield while eachstudentonstructsheirown personamentalframenorks.

Our readingof the current£ and OO patternsliteratureis thatit is tacitly objectvist: i.e. the
librariesareassumedo be canonicaformsof bestsolutionsanda sourceof powerin their own right.
Theconstructvist proces®f usingapatternto exploreoptionshasnotbeemamajorfocusof thecurrent
OOor KL patternditerature.

A Constructivistuseof OO Patterns
A hypotheticakonstructvist patterngoolkit would supporthefollowing features:

¢ Practionerscould browse a library of X£ or OO solutionsto the sameproblem. Insteadof
readingup on “one” solution,a constructist patterngext would presentmultiple solutionsto
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(e.g.)thediagnostigroblem(asdoneabosewhenwe discusseare XL abstractionsreusable’
or the updateproblembetweemmultiple views. Techniquegrom case-baseteasoningnay be
relevanthere®.

¢ Eachalternatve solutionto a problemis annotatedvith its strength@andweaknesse$Vithin the
OO0 world, the Fowler, Coad,andRiel 4° texts area first stepin this direction.Fowler presents
his patternsn an evolutionaryform. From somesimilar initial design,Fowler takesthe reader
througha discussiorof whenthe currentform would suffice andwhenit shouldbe mademore
intricate. Coadtakes a simpler “extend, discuss refine” approachbut in greaterdetail. Riel
presentsmalldesignglessthantenclassesplongwith a dialoguedescribingthe strengthsand
weaknessesf thosedesign.He thenmalessomepreliminaryremarksaboutpatternsn design
modificationswhich he callstransformationatiesignpatterns(chapterl 0 of 49).

¢ Practionerscantry partsof thosemodelson their own problemandwhenthey do, sometool
encourageshemto explore the strengthsand weaknessesf that approach Exactly how this
is doneis an openresearchissue.Riel's designheuristicsmight be suitablefor small-designs
(thoughthey arefar from beinguniversallyaccepted)However, heuristicsfor assessintarger
scaleO0 architecturesr alternatve KL inferenceskeletonsarestill poorly documented.

Interim Adviceon Using Patterns

The openissuesin the lasttwo points of the previous sectioncould be the basisfor an research
programmehatcouldtake mary yearsto terminate Practionergannotwait on the outcomef such
aprogrammeln theinterim, we offer thefollowing adviceon how to usethe currentgeneratiorof OO
or KL patternsn aconstructvist manner:

¢ Seekalternatve patterndor the samecontext.

¢ Whenstudyingthe alternatves,form a groupandargue eachalternatve with respecto some
concretedesignproblem.

¢ Recordnot only the resolutionof the debateput the stepsin the agumentthatresultedin that
resolution.

e Heuristicssuitablefor yourlocalinstitutionwill befoundwithin thoseargumenstepsWheneer
optionsarebeingconsideredtry anddiscoser how your groupexploresandevaluateoptions.

e Seektechniquedor optimisingthis exploration/evaluationprocess.

We speculatahat theselocally-generatedheuristicsfor reviewing a designmay becomea tool at
leastaspowerful asreadingpatterns.

CONCLUSION

We have distinguishedhreepotentialbenefitsfrom OO patternsreuse,guidance andcommunica-
tion. Basedon our experiencewith similar patternsresearchin expert systemswe doubtthe reuse
benefit,but endorsehe communication andguidancebenefit. Thereal power of patternss how they
encouragepractionergto succinctlydescribeand review the essenceof complex architecturesPat-
ternsshouldnot be viewed asobjective canonicaknowledge,but toolsfor supportinga constructvist
approacho analysisanddesign.
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