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Abstract

Thespecificationandmanagementof requirementsis widely consideredto beoneof the
mostimportantyet mostproblematicphasesin softwareengineering.In someapplications,
suchasin safetycritical areasor knowledge-basedsystems,the constructionof a require-
mentsdomaintheoryis regardedasanimportantpartof thisphase.Buildingandmaintaining
sucha domaintheory, however, requiresa large investmentanda rangeof powerful valida-
tion andmaintenancetools.

The areaof ‘theory refinement’is concernedwith theuseof trainingdatato automati-
cally changeanexisting theoryso that it betterfits thedata.Theoryrefinementtechniques
have not beenextensively usedin applicationsbecauseof the problemsin scalingup their
underlyingalgorithms.In thispaperwedescribeanenvironmentfor validatingandmaintain-
ing a requirementsdomaintheorywritten in a customisedform of many-sortedlogic. The
environmenthasbeenusedfor severalyearsto maintaina theory(theCPS) representingair
traffic controlseparationstandards,operatingmethodsandairspaceinformation.In particu-
lar, we describenovel theoryrefinementtechniqueswhich we have designed,implemented
andintegratedwithin theexistingvalidationenvironment.Thesetechniquesdealwith some
of thesizeandexpressivenessproblemstypically encounteredwhenautomatingtherefine-
mentof a large theory. Usinga supplyof expertly classifiedtrainingdata,we describethe
roleof a theoryrefinementtool in theremoval of errorsandtheinductionof new partsof the
theoryfrom actuallogsof separationdecisionsconcerningtheflight profilesof air traffic.
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1 Intr oduction

Promotingandmaintainingthequalityof requirementsspecificationshasavital role in theengi-
neeringof software.Indeed,requirementsmanagementis seenasoneof theprincipalproblems
facingsoftwaredevelopers[EC96]. Softwareprojectsinvolving safety-criticalelementsneces-
sitatethat precise,mathematicalspecificationsof their requirementsdomainsbe constructed.
Suchdomaintheories

�
mustbevalidatedto satisfycertainmajorquality objectivessuchasac-

curacy andcompleteness,andduringasystem’s lifecycle thetheoryis likely to beincrementally
updated,andwill requirere-validation.

A unifying themein theresearchareasof knowledgeengineering,requirementsengineeringand
formalmethodsis theconstructionandvalidationof requirementsrepresentedasformalsystems
(usingrich languagessuchasRML [GMB94]). In AI, suchrigorousapproachesto requirements
capturehavebeentakenin for exampleknowledge-basedsystems[vHF95,MP96, ABvH94] and
automatedplanning[MP97]. Within SoftwareEngineeringthe useof mathematicallyprecise
specificationsandmethodsarestill controversial,althoughit is generallyagreedthat in a range
of applicationswherethebuildingof adomaintheoryis feasible,many advantagesfor thesystem
developmentaccrue.Establishingthebasisof a setof requirementsin sucha preciseform sup-
portsautomatedanalysisof thoserequirementsto investigateambiguities,inconsistenciesand
incompleteness.It alsoallows oneto assessthe impactof requirementschangein a rigorous
manner.

Startingwith adomaintheory, automationof thesoftwaredevelopmentprocesshasbeenusedin
a numberof large-scaleapplications,especiallyin thesafety-criticalareas([LHHR94, HL96]).
The advantagesof suchautomationare seenas three-fold[SG96]: as a move towardsproof
of correctnessof implementations,simulationof requirementsto supportspecificationdevelop-
ment,andautomaticgenerationof efficient implementations.

Given that the productionof a precise,abstractdomaintheoryis desirable,a prime concernis
its validationandmaintenancei.e. ensuringthat it is keptaccurateandcomplete.Validationof
a domaintheorybringswith it problemsandadvantages:it maybeharderfor a non-computing
professionalto understand,andmay containmany more detailsthan would appearin a con-
ventionalrequirementsdocument[Par98]. In any case,sucha theorycannever be considered
self-evidently correct,andit mustgo througha processwherebyit is adjustedor refinedto bea
faithful representationof thedomain[EC98,SG96].

On the otherhand,the formality bringswith it the opportunityfor powerful tool support,for
validationand maintenanceof realistic domaintheoriesis a very time consuming,expensive
processwheretherole of supporttools is vital. Thevalidationprocessis bestcarriedout using
diversetechniques,for proof toolsalonearenot sufficient in discoveringthesourceof inconsis-
tencies[EC97]. For satisfactoryvalidation,the theoryneedsto be ableto standup to critical
�
sometimesthesearecalled‘requirementsmodels’to emphasisethat they areusedto investigatethebehaviour

of thehypothesisedrequirements
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examinationby thecustomer(or user)[Rus93].Oneof themostusefultechniquesfor validation
is to testananimatedform of therequirements[Muk95, WE92]. Evenwhenananimatedversion
is available,however, it is not easyto pinpointthecausesof bugsandsubsequentlyprovide the
correctrevision thateliminatesthem.

1.1 Theory Refinement

Theproblemof establishingandmaintainingaprecise,abstractdomaintheorycanbeformulated
asoneof theoryrefinement

�
(TR). TR is a subfieldof MachineLearningconcernedwith using

an expertly classifiedsetof trainingexamplesto revise anexisting theory[Wro96, RM95]. A
theoryis viewedasanimperfectrepresentationof a(requirements)domainthatneedsto undergo
refinementto remove errorsor to reflect changesin the domain. The example-setis usually
acquiredfrom domainexperts: they provide input to an animationof the theory in the form
of training examplesor requiredbehaviours. TR systemstypically consistof (a) ananimation
component,whichcanapplythetheoryto trainingexamples,(b) acomponentwhichcanidentify
potentiallyfaultypartsof thetheoryusingtheresultsof applyingthetheoryto theexamples,and
(c) acomponentwhichusesTR operatorsto generaliseor specialise(partsof) thetheoryin order
to moreaccuratelyclassifytheexamples.

TR is relatedto the establishedfield of Inductive Logic Programming(ILP) [Mug91]; the dif-
ferencesarethat an ILP algorithmis givenan initial backgroundtheoryT, someexamplesE,
but no initial revisabletheory. The algorithmthenhasto inducea hypothesisH that together
with T explainsthe examplesE. In contrast,TR usesthe theoryasthe initial hypothesisand
incrementallychangesit until it explainsE.

1.2 The IMPRESS project

The work reportedherewascarriedout in a projectcalledIMPRESS.The aim of this project
wasto developmachinelearningtechniquesandevaluatetheir applicationto the validationof
requirementsdomaintheorieswritten in customised,many-sortedfirst orderlogic. To drive the
researchweusedanair traffic controlapplicationwhereadomaintheoryhadbeencapturedin a
previousprojectcalledFAROAS [MPN

�
95]. Thetheory, calledthe‘Conflict PredictionSpecifi-

cation’ or CPS, representsaircraftseparationcriteriaandconflict predictionproceduresrelating
to airspaceover theNorth EastAtlantic andis written in many-sortedlogic

�
(herecalledmsl).

TheCPShadbeenencasedin a toolsenvironmentwhichaidsin theautomationof thevalidation
andmaintenanceprocess.IMPRESSwassupportedby the UK NationalAir Traffic Services
(NATS), andhencean additionalobjective wasto identify anddocumenterrorsfound in, and
�
the namederivesfrom its rootsin knowledgeacquisition. The field is alsoreferredto as theorypatching or

theoryrevision�
it is recordedin the‘FormalMethodsEuropeApplicationsDatabase’websitehttp://www.cs.tcd.ie/FME
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refinementscarriedout on, theCPS. Progresstowardstheseobjectivesandtheresultantdevel-
opmentsin the original projectplan weredocumentedduring the project [McC96, McC97b],
andtheupdatesof theCPSdeliveredto NATS.Conferencepaperspresentedincludereferences
[MM98a, MM98b].

1.3 Contribution

Themostimportantcontribution of this paperis a method,andalgorithms,for applyingtheory
refinementto a large technicaltheoryof functional requirementswritten in customisedmany
sortedlogic. Ourachievementscanbesummarisedasfollows:

identification of faulty axioms TheCPSwastranslatedto a logic programsothat themslax-
iomsbecomeprogramclausesandtherepairprocesscommencedvia theinputof training
examples.An algorithmis presentedwhich generatesandanalysesproof treesindicating
thesuccessandfailureof clauses.In orderto copewith theexpressivenessdemandedby
therealapplication,we extendedthemeta-interpretertechniquefor proof treegeneration
to cover general logic programs. This includedtheproblemof theexpansionof negated
literals,whichwetackledvia theuseof Clark’snotionof thecompletionof agenerallogic
program[Cla78]andvia DeMorgan’s laws.

focusingof repair strategy In order to copewith the scaleof the problem,we developeda
focusedstrategy to repairingfaultypartsof theCPS. Weconcentratedonrepairof numeric
components,for givencombinationsof non-numericproperties.Thenovel TR algorithm
wedeveloped(i) successfullyupdatedboundaryvaluesin axiomsof theCPSto conformto
new ATC criteria,and(ii) discoveredandcorrecteda faulty axiomin a mannerconsistent
with expert procedures.The faulty axiom had remainedundiscoveredduring previous
validation.

Our resultswere dependenton certainconditions,the primary onesbeing that the theory in
questionmustbe translatableinto an efficient logic program,andmustbe maintainedwith a
meta-theorycontainingdescriptive informationsuchasthevalidationstatusof theaxioms. Fi-
nally, our experimentsconfirmthata TR tool shouldbe integratedto, andusedin conjunction
with, othermore‘conventional’domaintheorymanagementtools.As well asplayinga role in a
diversevalidationstrategy for the theory, they areessentialin thevalidationof new knowledge
discoveredby TR andto analysetrainingdatafor ‘noise’.

1.4 Organisationof the Article

Thepaperisorganisedasfollows. In section2,wewill giveabrief introductionto theapplication
domain,anddescribethe theorythat wascreatedto representit. We briefly describethe tools
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environment,andthe centraltool in the environment,an animatorwhich translatesthe theory
into anexecutableform, andallowsoneto ‘test’ thetheory. Westartsection3 with ageneralTR
algorithmanddemonstratehow it couldbeappliedto theCPS. Fromthefailureof thegeneral
approach,weconstructamoreeffectivealgorithmthatsearchesfor errorsin the‘ordinal’ partsof
thetheory. We describetheblameassignmentandtheoryrevisor functions,which inputbatches
of training examples,identify partsof the theory that aremost likely to be faulty andoutput
suggestionsfor refinementsto the theory. In section4, we briefly discussotherprocessesthat
have beenusedto remove errorsfrom thetheory. Section5 discussesrelatedwork, andsection
6 containsourconclusions.

2 The CPSand its ToolsEnvir onment

2.1 Domain Description

Air traffic in airspaceover theeasternNorth Atlantic is controlledby air traffic controlcentres
in Shannon,IrelandandPrestwick,Scotland.It is theresponsibilityof air traffic controlofficers
to ensurethatair traffic in thisairspaceis separatedin accordancewith minimalaid down by the
InternationalCivil AviationOrganisation.Centralto theair traffic controltaskaretheprocesses
of conflict prediction– the detectionof potentialseparationviolationsbetweenaircraft flight
profilesandconflict resolution– theplanningof new conflict freeflight profiles.Thecontrollers
have tool assistanceavailablefor their tasksin theform of aflight dataprocessingsystemwhich
maintainsdetailedinformationaboutthe controlledairspace,including for exampledetailsof
all aircraftin anairspaceandtheirproposedflight profiles,organisedtracksystemsandweather
predictions.

Theaimof ourinitial developmentwork wasto formaliseandmakecompletetherequirementsof
theseparationstandardswith respectto thespecifictaskof predictingandexplainingseparation
violations(i.e. conflicts)betweenaircraftflight profiles,in sucha way that thoserequirements
couldberigorouslyvalidatedandmaintained.Eachflight throughtheregion hasanassociated
profile,whichconsistsof asequenceof (roughly)fiveor six ‘straightline’ segments.Theprofile
alsocontainsotherinformationabouttheaircraftsuchasits ‘call sign’andits type.Eachsegment
is definedby a pair of 4 dimensionalpoints,andtheMachnumber(i.e. speed)that theaircraft
will attainwhenoccupying the segment. Two differentprofilesadhereto separationstandards
if they areeithervertically, longitudinallyor laterallyseparated.To copewith thevolumeof air
traffic, controllersdraw up an‘organisedtracksystem’in advancefor eachday. This is usedby
themajority of aircraftandensuresverticalor lateralseparationfor aircrafton differenttracks.
Aircraft on thesametracks,however, arenot thereforeverticallyor laterallyseparated,andmust
beseparatedlongitudinally.

TheCPSwascreatedto contributetowardstherequirementsspecificationfor adecisionsupport
systemfor air traffic controllers. Relatedwork in formalisationof air traffic control criteria is
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describedin reference[DJP97],whereatabularstyleof specificationandavariantof higherorder
logic is used. Specificationof the TCAS family of airbornedevicesusingRequirementsState
MachineLanguage have beendescribedin references[HL96, LHHR94]. A differentapproach
is takenin [Lyn99], wherehybrid I/O automataareutilised. Notethattheconflict softwarepart
of the flight processingsystemdiffers from that for collision avoidance. The TCAS collision
avoidancesystemsare aircraft-basedand function independentlyof ground-basedAir Traffic
Control.

2.2 Producinga CustomisedTheory of the ATC Domain

Conflict Prediction Method Axioms

Transient Airspace AxiomsPersistent  Airspace Axioms

Domain Object Axioms5.

4. 4

3.

2.

1.

Separation Criteria Axioms

Auxiliary Axioms

Figure1: ObjectLevel Axiom Structurein theDomainTheory

An importantcriteriain developinga largedomaintheoryis to keepthe‘semanticgap’between
domainand theory as small as possible. This allows the theory’s notation,or an equivalent
‘pseudo-naturallanguage’form, to be understandableto non-computingprofessionals(over-
comingat leastto someextentcriticismsof theuseof formal systemsin requirementsanalysis
[HL96, LHHR94]). We chosemany-sortedfirst orderlogic to encodethe theoryfor a number
of reasons,detailedin [MPN

�
95]. As msl is a very generallanguagewe customisedit chiefly

throughtheimaginativeandpreciseuseof syntacticconstructs.In ourATC theory, all thetermi-
nologywaschosento fit in with thesourceterminology, andour resultingtheoryis readableand
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understandableby air traffic controllers(thoughthey foundour lower level objectandgeometri-
calaxioms- notsurprisingly- quitetediousto read).

Thetheorywasconstructedon two levels,anobjectlevel thatreflectsthetangiblerequirements,
andameta-level which includesinformationaboutthetheoryandthelanguageit is written in.

(1) Theobject level consistsof a setof mslaxioms,directly describingtheobjects,sorts,func-
tionsandrelationsin thedomain.Thestructureof theseaxiomsis shown in Figure1 - generally
the predicatesandfunctionsusedin the higherlevels axiomshave their definitionat the same
level or ata lower level, hencethetheoryis hierarchicalin nature.Axiomsareusedto define22
domainsortswhich includeAircraft, Latitudes,Longitudes,Flight Levels,Times,Flight Level
Ranges,Two, ThreeandFour-dimensionalpoints,Linear-track points,Segments,Profilesand
Airspaces.Theaxiomaticdefinitionof thesortsaredefinedin a compositefashion,andareul-
timatelybuilt on integers,reals,booleansandconstantidentifiers. For example,a segment(of
a profile) is definedasanaggregationof a profile identifier, two four dimensionalpoints,anda
speedon theMachscale.

A typical instanceof thedomaintheorycontainsover 2000axiomscomprisingsome300non-
atomicaxioms(levels1,2,3,and5 in thefigure),200atomicaxiomscontainingpersistentairspace
information,andtheremainingaxiomscontainingtransientaircraftandaircraftprofiledata(level
4 in thefigure).Thenon-atomicaxiomsarefairly complex, containingapproximately2000pred-
icateinstanceswithin themin total. Axioms arefirst orderbut otherwiseunrestrictedlogically

�
in the sensethatvariablesfrom sortscanbeuniversallyquantifiedandexistentiallyquantified,
negationandtheusuallogicalconnectivescanbeusedandnestedto anarbitrarydepth,andterms
maycontainfunctionsymbolsto anarbitrarydepth.Whenwe referto theCPSin theremainder
of this paperwe meantheaxiomsin levels1,2,3,5andthepartof level 4 containingthepersis-
tentairspaceinformation(i.e. theCPSis distinctfrom its meta-theoryandthetransientairspace
axioms).

An axiomfrom theAuxiliary set(Example1) is givenin Figure2 with its Englishparaphrase.It
definesa temporalrelationbetweentwo aircraftwhich at somepoint areusingthesameprofile
track. Variablesareuniversallyquantifiedby default, andrepresentedby capitalisedidentifiers,
whereasthesymbol‘E’ is usedfor existentialquantification.Example2 in Figure3 is anatomic
axiom,which is takenfrom thetransientaircraftdata,thatdefinesa segmentof a profileassoci-
atedwith anaircraftwith callsign‘AAL139’ to fly atMach0.8at39,000feet.

(2) Themeta-theory is composedof (a) theprecisesyntacticspecificationof all thephrasesand
atomsin the theory(b) a mappingbetweenthe phrasesandatomsandtheir naturallanguage
equivalent(c) a validity level of eachaxiom. Parts(b) and(c) of themeta-theoryarediscussed
in later sections.Part (a) is the main componentandconsistsof a setof grammarrules(writ-
ten in Prolog’s grammarrule form) containingthesyntacticspecificationsto do with constants,
variables,functionsandpredicates,aswell asthe generalphrasesyntaxof thecustomisedmsl
language.
�
althoughtherearesomerepresentationalrestrictionsto dowith theexecutableform discussedlater
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"(Segment1 and Segment2 are_after_a_common_pt_
from_which_profile_tracks_are_same_thereafter)

=> [ (the_aircraft_on Segment1
precedes_the_aircraft_on Segment2) <=>

E Segment3 [(Segment3
belongs_to the_Profile_containing(Segment2)) &

the_entry_2D_pt_of(Segment3) =
the_entry_2D_pt_of(Segment1) &

the_exit_2D_pt_of(Segment3) =
the_exit_2D_pt_of(Segment1) &

(the_entry_Time_of(Segment3)
is_later_than the_entry_Time_of(Segment1)) ]] "

Example 1

‘For any two segments Segment1 and Segment2,
in the case where Segment1 and Segment2 occur
after a common point from which the tracks of
their profiles are the same,
we say that the aircraft1 on Segment1 precedes

the aircraft2 on Segment2
if and only if

there exists a Segment3 in the Profile
containing Segment2

such that
Segment1 and Segment3 have the

same entry and exit points,
and
aircraft2 enters Segment3 later than

aircraft1 enters Segment1.’

Example 1 paraphrased in structured English

Figure2: An axiomfrom theAuxiliary Set

Thegrammaris two level: thetop level is theory-independent,definingthelogical connectives,
whereasthe lower level containsthe concretesyntaxwhich customisesthe theory. Example3
definesthe syntaxof the mixfix predicateusedin Example1, whereSegment1andSegment2
arecorrectlyformedtermsof the sort ‘segment’,definedin anotherpart of thegrammar. Text
appearingliterally in the theory appearsin squarebrackets. Eachlegal form of eachsort is
alsoenumeratedhere,for examplethesyntaxrule thatdefinesSegment(which wasusedin the
Example2) asanaggregateof otherclassesis shown in Example4.
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"(the_Segment(profile_AAL139_1,
59 N ; 010 W ; FL 390 ; FL 390 ; 11 37 GMT day 0,
61 N ; 020 W ; FL 390 ; FL 390 ; 12 26 GMT day 0,

0.80) belongs_to profile_AAL139_1)"

Example 2

atomic_formula(the_aircraft_on_segment1_precedes
_the_aircraft_on_segment2(Segment1,Segment2)) -->
[’the_aircraft_on’], term(’Segment’,Segment1),
[’precedes_the_aircraft_on’],

term(’Segment’,Segment2), !.

Example 3

term(’Segment’,the_Segment(Profile,FourD_pt1,
FourD_pt2, Val)) -->

[’the_Segment’], [’(’], term(’Profile’,Profile),
[’,’], term(’4D_pt’,FourD_pt1), [’,’],

term(’4D_pt’, FourD_pt2),[’,’], val_term(Val),
[’)’], !.

Example 4

Figure3: An Atomic Axiom andsomeGrammarRules
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Documented
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1
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4

5
6

7
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Graphic Simulation

CPS in Structured English

data2msl

Test Data (msl)CPS (msl)

(msl)CPS (EF)  

tex2msl

Change and

Error Removal

msl2VF msl2EF
3

Figure4: TheCPSToolsEnvironment.
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2.3 Animating and Testingthe RequirementsTheory

2.3.1 The CPSToolsEnvir onment

Validatingandmaintaininga requirementsdomaintheoryis acomplex andarepetitive task,and
so automatedtools to assistthe processareconsideredessential.An architecturalview of the
CPS’s toolsenvironmentis shown in Figure4. Thevalidationmethodwe advocateis iterative -
theinputsto thevalidationtoolsaresourcedocumentscontainingthetheory(shown in theupper
dashedbox of the Figure). Additionally, ‘training data’ in the form of testdata,andspecific
queriesandproperties,expressedastheorems,arerequired.

Process1 (tex2msl)translatesthesourcedocumentationintoastreamof formulaein msl, whereas
Process2 translatesraw aircraftprofile logsobtainedfrom NATSinto msl, formingthetransient
aircraftandairspaceinformation(Example2 is anexampleof anaxiomautomaticallygenerated
from the raw data). In theATC application,a batchof testdatarepresentsthehistoricdatafor
severalhundredclearedaircraftprofilesdescribingflight plansacrosstheAtlantic in onecalendar
day. Process3 translateseachaxiominto its structuredEnglishequivalent,andcanbeusedfor
visualinspectionof thetheory. TheProloggrammardescribedaboveformspartof toolsmsl

	
EF

andmsl
	
VF, astheProloginterpreteranimatesit to form a parserfor thetheory. Processes4-8

comprisetheanimationandtheoryrefinementparts,andwill bediscussedin detailbelow. Pro-
cess9 is a meanswherebyaircraft canbeviewed‘in flight’ moving alongtheir profilestracks,
andis usefulfor visualisingthetextual profilesandthepairsof segmentsdeemedin conflict by
theCPS[McC97a].

Theoutputsof thevalidationprocessesareanalysisreports,andsuggestionsfor revisions. Re-
visions to the CPSarecarriedout tentatively, andwill be implementedif the revisedCPS is
passedthroughall thediversevalidationprocesses(grammatical,manual,batchtestingetc)and
no errorsare found in, or resultingfrom the revision. Revisionsarecarriedout by changing
oneor moreof the CPS’s formulae,the componentsof the meta-theory, and their associated
documentation.

2.3.2 The Animator

Process3 labelledmsl2EFin Figure4 is vitally importantasit producesa faithful operational
form of theCPS(EF in msl2EFmeans‘execution-form’)which is usedin thetestingandtheory
refinementprocessesdiscussedbelow. EF is aclausalform of msl thatis executableby aProlog
interpreter, althoughthestructureof theoriginalaxiomsarepreserved,meaningthatclausebod-
iesin EF maycontaincompoundformsof disjunctionandnegation.A file of mslentersmsl2EF
asastreamof formulae,andeachformulais checkedsequentiallyagainstthestringentsyntactic
definition residingin the meta-theory. If the syntacticcheckingprocesspasseswithout error,
thenthetranslatorcontinuesby translatingtheformulainto EF, respectingthesyntacticconven-
tionsof Prolog.Thetranslatorensuresthateachclausein EF logically followsfrom theoriginal
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axiomin theCPS(cf thetransformationsof reference[Llo87]). WhentheCPSis translatedthe
resultingsetof clausesis calledtheCPSEF.

The initial captureof theCPSwasperformedwithout any preconditionor restrictionsin mind
with respectto its operationality(asexplainedon page65 in reference[MPN

�
95]). Although

formulaewritten in the customisedmslarenot restrictedlogically, therefore,after the msl2EF
tool wasconstructedsomerestrictionsemergedto do with translationconvention,andthecom-
positionof sorts:

(1) A formulamusttranslateto clause(s)containingat leastonepositiveliteral. Whereaformula
containsan ‘ 
 ’, it is assumedto bedefinitionalin its left handside. In this casethe ‘ 
 ’, will
betranslatedto a ‘ � ’. If a formula’sclausalform containsmorethatonepositiveliteral, the left
mostpositive literal will bechosenastheheadof theresultingclause.Theotherpositive literals
will appearin theclause’s bodyin negatedform.

(2)Existentiallyquantifiedvariableswill beoperationalisednaturallyby ‘generateandtest’. This
meansthatanexistentialquantifiermustbesucceededby a relationor valueconstructorin the
original formula. This form of quantificationhasto be restrictedto appropriatesorts,so that
whentheoutputclauseis executed,objectsof thevariable’ssortaresystematicallygenerated.

(3) Inevitably the translationprocessresultsin negatedexpressions� Expwithin thebodiesof
someclauses.It mustalwaysbethecase,however, (andwasthecasewith theCPS) thateither
Exp is fully instantiated,or any free variablesin Exp areexistentially quantified. This avoids
problemswith ‘floundering’ [Cha88],whichcanresultfrom theexistenceof expressionssuchas
�� xE� x� .
Functiondefinitionsaretranslatedinto relationsby thecreationof matchingpredicateswith an
extra slot. Similarly, nestedfunctionapplicationsin predicateargumentsare‘unpacked’ auto-
matically into extra predicateswhich return intermediatevalues. The operationalform of the
auxiliary axiom given in Example1, that wasgeneratedby msl2EF, illustratessomeof these
points,andis shown in Figure5.

Note the generationof intermediatevariablesto deal with the lack of function evaluationin
Prolog.Functionssuchas‘the entry 2D pt of’ translateinto predicates,andvaluesof theex-
istentiallyquantified‘Segment3’aregeneratedby theProloginterpreterfrom all thosesegments
satisfyingthe‘belongs to’ relation.

2.3.3 The Batch TestingProcess

Raw, historicaltestdatais translatedby data2mslinto msl, thentranslatedinto EF by msl2EF,
andinputto theTestHarness(asshown in Figure4) asaseriesof datasets,eachsetrepresenting
thecharacteristicsof mutually-clearedflight profilespassingthrough‘Shanwick’airspace.This
assumesthat the orderof the input of profilesreflectstheorderin which they wereclearedby
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the_aircraft_on_segment1_precedes_the_aircraft
_on_segment2(Segment1,Segment2):-

are_after_a_common_pt_from_which_profile_tracks
_are_same_thereafter(Segment1,Segment2),

the_Profile_containing(Segment2,Profile1),
Segment3 belongs_to Profile1,
the_entry_2D_pt_of(Segment3,Two_D_pt1),
the_entry_2D_pt_of(Segment1,Two_D_pt2),
same_2D_pt(Two_D_pt1,Two_D_pt2),
the_exit_2D_pt_of(Segment3,Two_D_pt3),
the_exit_2D_pt_of(Segment1,Two_D_pt4),
same_2D_pt(Two_D_pt3,Two_D_pt4),
the_entry_Time_of(Segment3,Time1),
the_entry_Time_of(Segment1,Time2),
Time1 is_later_than Time2, !.

Figure5: Example1 in EF

air traffic controlofficers. TheTestHarnessexecutesthedefinitionof mainrelation(calledthe
conflictrelation) repeatedly, systematicallycheckingpairsof profiles:

‘profiles are in oceanic conflict(P1,P2,S1,S2)’

Eachprofile P1 is comparedwith all � otherprofiles,P2. For given P1 andP2, if this relation
succeedswhenexecutedby theProloginterpreter, thenthereareat leasttwo segments(S1from
P1,andS2from P2) thatarein conflict, in which caseP1andP2aredeemedto be in conflict.
If this relationfails, thentheP1andP2areseparatedto therequiredstandard,accordingto the
CPS. Mismatchesbetweenthe expectedresultandthe resultreturnedby the CPSEF drive the
refinementprocesses,andin particulartheoryrefinement.

Our testingprocesswasbiasedby the fact thatwe couldobtainvirtually limitlessnegative ex-
amplesof themainconflict relationusingrecordsof actualclearancesof flight profilesover the
Atlantic. On theotherhand,we couldonly obtaina handfulof positiveexamplesthathadto be
speciallyconstructedby air traffic experts.
�
in fact,for agivenP1,we limit this to theN chronologicallypreviousprofilesclearedbeforeP1. If N = 20,and

therewere500profilesto clearin a day’s worth of data,thenthis would give slightly lessthan10,000runsof the
mainrelation
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2.3.4 ExecutingSpecificQueries

A setof queries(which are‘distinguishedtests’)canbebuilt up over the lifetime of thetheory.
A testqueryis apair � Query� Result� whereQueryis writtenasaformulain msl, andits Resultis
either‘True’ or ‘False’dependingonwhethertheQueryis deemedtrueor notaccordingto ATC
requirements.An exampletestqueryis:

( (47N ; 008W is on the Shanwick OCA boundary),True)

After theEFof aQueryhasbeenexecuted,its resultis classifiedasin Figure6.

Pair: CPS Result: Classification:

(Query, True) True Truly Positive (TP)
(Query, True) False Falsely Negative (FN)
(Query, False) True Falsely Positive (FP)
(Query, False) False Truly Negative (TN)

Figure6: Terminologyfor Classificationof TestResults

Queriesmay consistof calls to the conflict relation,or of any other lower level predicatesor
functionsin the theory. In this way testqueriescanbe usedto testany part of the CPS, and
theresultsof thesetestsarestoredreadyfor input to thecodeanalysisphase(Process7 which
is briefly describedin section4). BatchTestingdescribedabove is thusa specialcaseof query
execution,with theclausalform of a testquerybeing:

( profiles are in oceanic conflict(P1,P2,S1,S2),False)

whereS1,S2areexistentiallyquantifiedandP1andP2areprofile identifiers.

2.3.5 Effectivenessof the CPSToolsEnvir onment

Theparsingandtranslationcomponentsarevital toolsin checkingandmaintainingtheaccuracy
andcompletenessof the theory. Queryexecution,batchtestingandmanualinspectionof the
StructuredEnglish files arealso useful in the discovery and eliminationof errors. The need
for an automaticway to identify the errors,andsuggestrevisionsto eliminatethoseerrors,is
apparent,however, whenworkingwith largetheoriesthatneedto beupdatedregularly to reflect
a changingsetof requirements.It is with this motivationthatwe attemptedto embedmachine
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learningtechniquesin thetoolsenvironment,andin particulartheoryrefinement(Process8). In
the next sectionwe describethe practicaladvanceswe hadto make in orderto integratea TR
tool within theCPS’s supportenvironment.

3 The Theory RefinementProcess

3.1 A GeneralHill-Climbing Algorithm

At theheartof TR is a learningalgorithmwhich is presentedwith aninitial theoryT, interpreted
asa structureddescriptionof a ‘concept’C. T maybesplit disjointly into a refinabletheoryTr ,
anda fixedor backgroundtheoryTf . For example,Tf couldcontainthe(easilyvalidated)basic
definitionsof selectorsfor compositeobjects,or factsdeemedto be true by domainexperts.
Thealgorithminputsevidencein theform of a setof trainingexamplesE, whereeachexample
is labelledasbeinga positive or negative instanceof C. Thealgorithmgeneratesa refinement
(wherea refinementis a sequenceof revisions)R� Tr � of Tr , suchthat R� Tr ��� Tf explains the
examples,E. It is usualfor therefinedtheoriesto have to satisfycertainsyntacticandsemantic
restrictions,which arereferredto asthebias. This implicitly determinesthehypothesisspace-
thespaceof all refinedtheories.

An appropriatetechniquein the implementationof TR is ‘hill-climbing’. In a typical cycle of
a hill-climbing algorithmrevisionsto thetheoryareincrementallygenerated,evaluatedandthe
bestappliedto changethetheory. Figure7 presentsanoutlinealgorithmtypical of generalhill
climbing approachesusedin TR systems[Wro96, RM95]. In Step1 thedisjoint theoryis input
with a setof trainingexampleswhich have theform of ‘test queries’definedabove. At thestart
of therepeatloop in Step2.1, the theoryis appliedto classifytheexamplesandthe resultsare
collectedinto thefour classesasshown in Figure6.

In Step2.3 the primitive componentsof the theory(termed‘revision points’) that arelikely to
be faulty are identified. In a logical theory, examplesthat are falselyclassifiedareexplained
by a faulty proof,andidentificationof revision pointsin thetheoryis madeby assigningblame
cumulatively to logic clausesusedin the faulty proofs’ trees.Thelist of revision pointscanbe
orderedusingstatisticalinformationabouthow ofteneachclauseoccurredin a faultyproof; this
frequency of occurrencein Step2.3is calledtherevisionpoint’spotential.

The innerrepeatloop of Step2.4 iteratesthroughall or someof the list - in thecasewherethe
aim is to find thebestrefinementof thetheory, it maynot beworth trying to considerrevisions
pointsthatoccurredin only a few faultyproofs,if thepotentialchangeto thetheoryis lessthan
thecurrentbestchange.

Step2.4.2 inside the inner loop is the heartof the TR process.This executesthe refinement
operatorswhich generatethepotentialchangesto a revision point F. OperatorsmayalterF by
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1. Input an imperfect theory T (= Tr U Tf),
and training examples E;

2. REPEAT
2.1 Apply T to E to obtain lists of TN,FN,TP,FP for C;
2.2 Let Sc := accuracy score of T;
2.3 Call a blame assignment procedure which outputs

a list of revision points RP in Tr, sorted by
their potential in descending order;

2.4 REPEAT
2.4.1 remove the first point F from RP;
2.4.2 generate a set RS of revisions for F

using TR operators;
2.4.3 LOOP for each potential refinement R in RS:
2.4.3.1 calculate accuracy score of (Tf U R(Tr));
2.4.3.2 record best refinement found so far (Rmax)

with accuracy score (Smax)
2.4.3 END LOOP
2.4 UNTIL RP is empty OR potential maximum score of

of a refinement to the next F in RP < Smax;
2.5 IF Smax > Sc THEN
2.5.1 Let Tr := Rmax(Tr);
2.5.2 Store revision R
2.5 END IF
2. UNTIL Smax =< Sc
3. Output the sequence of revisions leading to the

best refinement found
4. END

Figure7: A GeneralHill-Climbing Algorithm for TheoryRefinement
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adding,removing or replacingpartsof it. Therehave beenvariouskinds of operatorsstudied
in TR [Wro96]. As a simpleexample,wherethe theoryis a logic program,an algorithmmay
deleteantecedentsof aclauseF in orderto generaliseit, thatis to makeit morelikely to succeed,
generallyleadingto a theorywhich classifiesmoreexamplesaspositive. Likewise,addingan-
tecedentsto F specialisesit. Notethatthis maynot have theobviouseffect on thewholetheory
describingsomeconcept;F mayonly appearin proof treesvia a call to from a negatedliteral,
hencespecialisingit hastheeffectof generalisingthethetheoryasawhole,andvice-versa.

Calculatingtheaccuracy scoreof thetheoryfor eachrevision involvesa third loop (Step2.4.3).
This involvesrepeatedlyexecutingthe theorywith therevisionsasthey weremade,andcalcu-
lating their resultantaccuracy with astandardmeasuresuchasthefollowing:

accuracyscore ��� TN � TP���������! "� TN � TP � FN � FP�

The hill-climbing algorithmterminatesoutputtinga sequenceof revisions in Step3 suchthat
their sequentialoperationon theinitial theorywill improveor equalits initial accuracy.

3.1.1 Complexity of the GeneralHill-Climbing Algorithm

For a largetheory, themostexpensivestepsare2.1,2.3and2.4.3.1,wherethetheoryis applied
to classifyall the training examples.Assumethat the outerhill climbing loop is run n times,
thereareat mostm revision pointsconsideredfor eachrun,andthereareat mosto refinements
for eachrevisionpoint. Then,in theworstcase,thetheorycouldbeappliedto thesetof training
examplesn ��� m � o � 	 � times.Thesizeof o itself dependsonthenumberandcomplexity of each
refinementoperator, andwithouta restrictivebiassuchoperatorscanreturnmany possiblerevi-
sions.Althoughhill climbing strategiesareregardedasthebestform of TR [Gre95]a strategy
whichexplorestheeffectof generalrefinementoperatorswould falterdueto theimmensecom-
binatoricsof theprocess,andevenwith fairly restrictiveassumptionsrecenttheoreticalresearch
hasshown thattheoryrefinementis hardin termsof computationalcomplexity [Gre95,AEK98].

3.2 Application of the GeneralHill Climbing Algorithm

3.2.1 Experimental Set-up

In our earlyexperiments,for Process8 in Figure4, we usedahill-climbing algorithmfollowing
theoutlinegivenin Figure7. In Step1 of Figure7 T wasthelogic programreferredto asCPSEF

andE wasthesetof thetrainingexamplesin executionform (EEF). EF waschosenratherthan
msl becauseof its executabilityandsimpler syntacticstructure. The fact that one caneasily
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traceclausesbackto msl meantthat any refinementin EF canbe appliedalsoto the original
theory. On theotherhand,thereis a consequentlossof readabilityin the refinementsgivenin
EF automaticallyproducedby theTR algorithm.As EF is interpretableasa logic program,the
headof any clausecouldbeconsideredasan identifier for the concept.In our casethe (main)
conceptis the conflict relation‘profiles are in oceanic conflict(P1,P2,S1,S2)’,whereP1 and
P2andtwo distinctprofilesandS1andS2aresegmentscontainedwithin P1andP2respectively.

As well as inputting EEF � CPSEF, the algorithminputseachclausein an “enveloped” form,
containingtheclauseitself, theclause’s identificationnumber(“clause-ID”),andavalidity level
taken from informationin the meta-theory(this is performedby Process6 in Figure4). The
validity level of aclauseF is either:

– ‘shielded’,meaningthatF is to beleft unchanged,or

– ‘unshielded’,meaningthatF is a candidatefor change,or

– ‘fix ed’, meaningthatF andany clausesusedin thedefinitionof literalsin thebodyof F areto
beleft unchanged.

Thesetof ‘refinable’clausesreferredto aboveasTr is thussplit into ‘shielded’and‘unshielded’,
while thefixedclausesmake up Tf . Althougha shieldedclause’s meaningmayberevisedby a
changein thedefinitionof oneof its body’s literals,theclauseitself maynot berevised. Typi-
cally, top level axiomsareput on ‘shielded’statusastheir logically structuremaybeconsidered
correct,but errorsareconsideredto be presentin the definition of their auxiliary axioms. On
theotherhand,low level numericdefinitionsmaybegiventhestatus’fix ed’ in that their whole
definitionis consideredcorrect.Thevalidity level of aclausein CPSEF is thesameastheaxiom
from which it originatedin theCPS, andthetrainingexamplesaregivena default validity level
of ‘fix ed’. Input to theTR algorithm,therefore,for eachclauseF in CPSEF � EEF, is a factof the
form:

fact(F, # clause-ID$ , # validity level $ ).

Applying the theoryto theevidence(Step2.1) involvedexecutingthe logic programusingthe
conflict relationwith aircraftprofiledata.Two aircraftprofiles,togetherwith anexpertdecision
asto whetherthey werein conflict,makeuponetrainingexample.

In Step2.2analternativescoreto theonegivenabovewasused:

accuracyscore � if FN $ � then � elseTN �������! %� TN � FP�
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An occurrenceof a FN for theconflict predicatewasa seriousmatterfor theCPSEF, asit meant
it hadnot recognisedthattwo profileswerein conflict. After theinitial validationphasesthethe
CPSEF gave zeroFNs,hencewe decidedthatany revision introducingFNsshouldbeavoided,
andfor potentialrevisionsthenumberof TPsshouldremainstable.In Step2.3 ‘blameassign-
ment’ algorithmswereusedto analysethosetestswhich led to misclassifiedexamples.Proof
treesof falselypositive testsweregeneratedandstored,usingstandardmeta-interpreterstech-
niques[SS94].Theclausesoccurringin thecollectionof prooftreesgeneratedfrom asetof false
positiveexampleswereaccumulatedandscoredasbeingfaultydependingon their frequency of
occurrencein the trees. Finally, for Step2.4.2,we experimentedwith simpleforms of theory
revisionoperatorsasmentionedabove.

3.2.2 Results

The experimentswe performedwith an implementationof this algorithmendedin failure, the
mainfactorbeingthesheersizeof theCPSEF.

& Firstly, usingthenaive algorithmabove, with representative sizesof n �(')� m � 	 � and
o �+* , a run of thegeneralTR algorithmwould, at worst,have to apply thetheoryto all
the trainingexamples310 times. Giventhat theCPSEF is a non-optimisedautomatically
generatedprogram,with a largesetof examplesthis couldpotentiallytake severalweeks
of CPUtimeonourcurrenthardwareconfiguration.

& Secondly, theCPSis a full first ordertheorycustomisedto naturallyrepresentATC knowl-
edge.Thusit is expressive,containingfunctorsto representdata,aswell asnegationand
disjunction,resultingin theCPSEF containingmany clauseswith negationanddisjunction
in their bodies. Standardmeta-interpretertechniques,beingdevelopedfor Horn clause
programs,werenot sufficiently penetratingto collectfull proof trees.

& Finally, thestandardTR operatorswe usedonly superficiallyrefinedtheCPSEF. Simply
deletingliteralsfrom clauses,for example,is unlikely to leadto animprovedtheoryif the
theoryhasalreadyundergonesomevalidationmechanism.

To overcometheseproblemswedevelopedanew TR algorithmthat
(a) usesa powerful blameassignmentalgorithm,dealingeffectively with expressive first order
theories,in particularthosecontainingnegationin theirbodies
(b) containsoperatorsthatperformfocused,compositeandconstructive revisions,leadingto an
efficientyetmorepenetratingalgorithm.
Wedescribethesedevelopmentsin depthin thenext sections.
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3.3 BlameAssignmentin GeneralLogic Programs

Sinceall our misclassifiedtestsfor the conflict relation of the CPS turnedout to be falsely
positive,ourconcernwaschiefly to designanalgorithmfor assigningblameto refinableclauses
whichsucceedduringtheproofof anegativeexample.Thealgorithmin Figure8 is anexpansion
of Step2.3 in Figure7. Noteit inputstheenvelopedtheoryTv, aswell astheobjectlevel theory
andthefalselypositivetrainingexamples.Themethodusedin refiningStep2.3determineshow
evidenceis collectedfor identifying faultyclauses,andis thuscrucialto theperformanceof TR.
It outputsRP, anorderedlist of clauseidentifierspairedwith their potentialasa revision point,
andtheclausesthemselves.

Procedure Blame_Assignment_FP(in: T,Tv,FP out:RP);
1 let S = [(c,0,F): c is a clause-ID in Tv, F is c’s clause];
2 LOOP for each instance e of FP:

2.1 Call generate_trees(in: e; out: Ptree,IDtree)
2.2 replace (c,N,F) in S with (c,N+M,F),

where c occurs M times in IDtree
2 END LOOP ;
3 RP := sorted(S);
4 END

Figure8: Expansionof 2.3: BlameAssignmentfor FPs

A proof treeis a hierarchicstructurerepresentinga proof generatedasa resultof a successful
applicationof thetheoryto atrainingexample.In generatingaproof treethetaskis to determine
aproofof theinstancethatis anecessaryconditionof thetheory, wheretheclausesthathavethe
validity level ‘fix ed’ arenot includedin theproof.

In section2 wenotedtheexistenceof negatedexpressionsderivedfrom �-, xE� x� . To copewith
theexpressivenessdemandedby therealapplication,weextendedthemeta-interpretertechnique
for proof treegenerationto suchnegatedexpressions.Thustreegenerationdoesnot ceaseif a
negatedexpressionis encountered.Standardmeta-interpretersfor generatingproof treescannot
copewith programswhich includenegative literals. Thealgorithmin figure9 is derivedfrom a
standardmeta-interpreter, but hasbeenextendedto overcometheproblemof negatedliterals. It
describeshow a treegeneratorof theform:

generate_trees(in: Expr, out: Ptree, IDtree)

with input expressionExpr outputsa proof treePTree anda treeof clause-IDs IDTree
which wereinvolvedin theproof of Expr. In thealgorithmthetreedatatypesarerepresented
algebraically:

Ptree ::= pleaf predicate | pbranch predicate Ptree | Ptree*
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IDtree ::= pleaf number | branch number IDtree | IDtree*

whereleaf,pleaf,branch,pbrancharetypeconstructors.For IDTree, weadoptedtheconven-
tion thatif aclause. hadID n, then �/. in aproof treewasdenotedby ID 0 n.

Expr cantake theform of a positiveliteral (Steps1.1-1.3);a conjunctionof expressions(Step
1.4); a disjunctionof expressions(Step1.5); a negatedexpression(Steps1.6 – 1.10). Fixed
clausesandunit clausesform thebasecase(s)of therecursion,theleafnodes(Steps1.1and1.2)
andnegative leaf node(Step1.6). In a standardmeta-interpreter, negatedexpressionsbecome
leafnodesof thetree,andprocessingwouldnot includecases1.6– 1.10.Ourextensionis based
onClark’snotionof thecompletionof a generallogic program[Cla78].
Step1.6: In thefirst case,theinput expression not(ExprN) succeedsand ExprN resolves
with a fixed clauseE which thenfails. In that case, not(ExprN) andits clauseID -ID
appearas leaf nodes. In the secondcasethe input expression not(ExprN) succeedsand
ExprN fails becauseit doesNOT resolve with any clause.This couldbe for two reasons(i)

thepredicateis undefinedor (ii) thepredicateis definedbut only for unit clauseswhich do not
resolvewith ExprN . In eithercaseanew clauseID NewID is generated(andsuitablemessage
output)and not(ExprN), -NewID appearasleafnodesin theappropriatetrees.
Step1.7: The input expressionnot(ExprN) succeedsandExprN resolveswith ‘n’ non-unit
unshieldedclause(s)with bodiesB1, B2, .. ,Bn andcanthusbeexpressedasa disjunc-
tion usingClark’scompletion:

not(ExprN) :- not(B1 v B2 v .. v Bn).

UsingDeMorgan’s laws thisbecomesaconjunction:

not(ExprN) :- (not(B1) & not(B2) & .. & not(Bn)).

Step1.9: The straightforward useof De Morganis not possiblewherethe input expressionis
of the form not(ExprN1 & ExprN2). This is becauseExprN1 may sharevariableswith
ExprN2. Even if it fails, (i.e. ExprN1 succeeds)its variablesmay be requiredto prevent
flounderingof theconjoinedexpressionnot(ExprN2). For this reason,if ExprN1 succeeds
it is computedandits proof treeis addedto thetree,togetherwith theproofof not(ExprN2).
For furthertechnicaldetailsincludingrelatedwork onnegationseereferences[WBM97, WB97].

3.4 Ordinal, CompositeRefinementOperators

To designaneffective TR algorithmfor usewith a technicalspecificationsuchastheCPSone
mustanalysethe likely sourcesof error - in particularthoseerrorsthatwill be left aftersyntax
checking,batchtestingandhandvalidation. In the light of this analysiswe candesignmore
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procedure generate_trees(in: Expr, out: Ptree, IDtree)
1. CASE
1.1 Expr resolves with unit E with resolvant Expr’,

WHERE fact(E,id,_ ) is in Tv:
Ptree = (pleaf Expr’); IDtree = (leaf id) ;

1.2 Expr resolves with (E :- BExpr) with resolvant BExpr’,
WHERE fact((E :- BExpr),id, fixed) is in Tv:

Ptree = (pleaf Expr’); IDtree = (leaf id) ;
1.3 Expr resolves with (E :- BExpr) with resolvant BExpr’,

WHERE fact((E :- BExpr),id , F) is in Tv and F \= fixed:
call generate_trees(BExpr’, Ptree’, IDtree’);
Ptree = (pbranch Expr’ Ptree’); IDtree = (branch id IDtree’);

1.4 Expr is a conjunction of literals E1&..&En:
call generate_trees(E1, Ptree1, IDtree1); .. ;
call generate_trees(En, Ptreen, IDtreen);
Ptree = (Ptree1 .. Ptreen); IDtree = (IDtree1 .. IDtreen);

1.5 Expr is a disjunction E1 v E2:
IF E1 succeeds THEN call generate_trees(E1, Ptree, IDtree)
ELSE call generate_trees(E2, Ptree, IDtree);

1.6 Expr is of the form not(ExprN):
IF ExprN unifies with E

WHERE fact((E :- BExpr),id, fixed) is in Tv THEN
Ptree = (pleaf not(ExprN)); IDtree = (leaf -id);
ELSE
IF there does NOT exist fact(E,id,_) in Tv

such that ExprN resolves with E THEN
generate Newid WHERE fact(_, Newid,_) is not in Tv;
Ptree = (pleaf not(ExprN)); IDtree = (leaf -Newid);

1.7 Expr is of the form not(ExprN)
WHERE ExprN resolves with ‘n’ non-unit clause(s)
(Ej :- Bj) with resolvants Bj’ and fact((Ej :- Bj),idj, Fj)
is in Tv, j = 1..n and Fj \= fixed:
call generate_trees(not(Bj’), Ptreej, IDtreej), j = 1..n;
Ptree = (Ptree1 .. Ptreen); IDtree = (IDtree1 .. IDtreen);

1.8 Expr is of the form not(not(ExprM)):
call generate_trees(ExprM, Ptree, IDtree);

1.9 Expr is of the form not(E1 & E2):
IF not(E1) succeeds THEN
generate_trees(not(E1), Ptree, IDtree)

ELSE
generate_trees(E1, Ptree1, IDtree1);
generate_trees(not(E2’), Ptree2, IDtree2)
WHERE E2’is E2 with variables shared with E1 instantiated;

Ptree = (Ptree1 Ptree2); IDtree = (IDtree1 IDtree2);
1.10 Expr is a negated disjunction of literals not(E1v..vEn):

call generate_trees(not(E1), Ptree1, IDtree1); .. ;
call generate_trees(not(En), Ptreen, IDtreen);
Ptree = (Ptree1 .. Ptreen); IDtree = (IDtree1 .. IDtreen);

2. END

Figure9: GeneratingProofTreeswith GeneralClauses
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effectiveTR operatorsfor this typeof theory. Below we classifythekindsof errorthatmanifest
certainpartsof a clause,andthekindsof refinementsthathelpto eliminatethoseerrors.

Eachsort in anmslspecificationcanbecharacterisedasbeingeithertotally orderedor not de-
pendinguponwhetherasetof binary, transitive,orderingrelations132 � �54647�52 n 8 hasbeendefined
for that sort. During the initial validationof the CPSwe found that errorswererelatedto op-
eratorsoccurringin sortswith complex orderingrelations.We call thesortsthatareunordered
nominal, andthosethatareorderedordinal. Examplesof nominalsortsin theCPSareAircraft,
Airspace, Segment,Profile. Examplesof ordinalsortsareFlight Level,TimeandLatitude, where
primitive orderrelationsarefor example‘is above’, ‘is at or later than’, ‘is westof’. Thesere-
lationsareprimitive in thesensethatthey arenot definedby any simplerrelationsof their sort-
althoughthey areof coursedefinedthemselvesin termsof numericalrelations.Becauseof this
dichotomy, eachclausein theCPSEF hasadomainwhich is aproductof sorts

X �:9 45454 9 Xn
9 D �;9 45454 9 Dm � n � m <=�)4

whereeachXi is anordinalsortandeachDj is anominalsort.For example,theclausein Figure5
hasdomainof sorts:

segment 9 segment 9 profile 9 segment 9 two d pt 9 two d pt9 two d pt 9 two d pt 9 time 9 time

Heren=2,andm=8,timebeingtheonly ordinalsort. In thecurrentversionof theCPS’sgrammar
therearedefined20 primitive order relations,and in the CPS itself thereareseveral hundred
explicit occurrencesof them.Built ontheseprimitivesis asetof non-primitiveordinalproperties
andrelationsinvolving ordinalsorts- for example‘one or bothof flight levelsL1 andL2 areat
or below L3’ is a relationbetween3 flight levels L1,L2 andL3, whereas‘one or both of S1
andS2areflown at supersonicspeed’is a propertyof two flight segmentsS1andS2which is
definedin termsof lower level ordinal relations.Given the numberandcomplexity of ordinal
operators,andthelikelihoodof errorsinvolving them,it wasdecidedto focusaTR algorithmon
therevisionof clausescontaininganddefiningthem.

3.4.1 Analysisof Err ors

Considertheinvestigationof onerevision point (clauseF) duringa run of a TR algorithm.Fur-
ther, assumeit containsa setof ordinal,primitiveand/ornon-primitiveoperators.Then,if there
is anerrorwith oneof theoperators,say 2 , wehave3 possibilities:

& Case1: 2 maybeincorrectlydefined,i.e. theremaybeanerrorin its definingclauses

& Case2: 2 maybecorrectlydefined,but it maynot be thecorrectordinaloperatorto be
usedwithin F
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& Case3: 2 may be the correctordinal operatorto be usedwithin F, but it may contain
incorrectparameters.

For Case1, where 2 is incorrectlydefined(in whichcase2 is a non-primitiveordinaloperator)
thenwe canassumethat the blameassignmentalgorithmwill identify its definingclausesas
revisionpointsandit will berefinedaccordingly.

For Case2, whereit is correctlydefined,but it is not what is requiredin F, thenthe operator
and/orits parametersmustbechanged.We candealwith thenon-primitivecaseby removing 2
andreplacingit with its definitionusinganunfolding techniqueprior to the applicationof TR
operators.Thusif 2 werethemixfix operator:‘one or bothof and areflown at supersonic
speed’appliedto two segmentsS� andS

	
thenit canbereplacedby its definition’sbody

( the_machno_Val_on(S1,Val1), Val1 >= 1.00
or

the_machno_Val_on(S2,Val2), Val2 >= 1.00 )

within theclauseF, with parameterswithin F andthedefinitionunifiedaccordingly. After the
clauseis expandedits primitiveordinaloperatorsaresubjectto thissameanalysisfor Case2 and
3.

In thecasewheretheprimitiveoperator2 usedis thewrongone,TR mayuncover andcorrect
mistakesin thechoiceof operatorwithin therangeof primitiveoperatorsavailablefor thatordinal
sort. Thus if a sort hasa setof binary operators132 � �54746�52 n 8 operator 2 canbe replacedby
any distinct 2 i , for i >?�@���54747� n� . For example,a slip in the definition of a clausemay have
resultedin operator‘is at or above’ beingusedratherthan‘is above’. This caseis similar to
‘conventional’TR operators,that involve deletion,additionor replacementof antecedentsfrom
aclause,but usedhereundertheconstraintthattherefinementinvolvesoperatorsconcernedwith
aspecificsort.

3.4.2 Changesto the regionof applicability

ThemostinterestingcasewefoundwasCase3, whererefinementsareneededto clarify require-
mentsinvolving conditionsinvolving limiting valuesof the form x 2 a, wherea is a constant.
Thesemightnothavebeenencodedcorrectlyinitially from theexpertsources,or they mayneed
to bechangedto copewith changingrequirements.

AssumewefactorouttheXi fromtheDj components,for eachclausein alogicprogram.Thenfor
tuplesd satisfyingtheconditionsof theclausethereis definedann dimensionalregion A which
correspondsto a domainof applicabilityof theclause.Thusregion A is populatedby n-tuples
of ordinalvariables,whereeachcomponentvariableof x is ordinal.Theregion is definedby the
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clause’s logicalexpressionsB;� x � involving ordinalvariablesx andis not necessarilyconnected.
In otherwords,a clausecontainingn differentordinal, limiting variablescanbe thoughtof as
definingann-dimensionalregion.

Given a setof positive instancesof a clauseF, eachinstanceis associatedwith an n-tuple of
ordinalvariablesx andanm-tupleof nominalvariablesd. We shouldexpectpositive instances
with a givenvalueof d to have x >CA . In a similar mannera clauseF which doesnot succeed
andwhich is involvedin a failedproof tree(or trace)of a negative instancewill havex  >/A . In
orderfor instancesto fail wherethey previouslysucceeded,(andvice-versa),thenregion A can
berevisedto becomeregion AED .
Specialisationof clauseF involvesaddingappropriateconstraintsto the existing ordinaloper-
ators. Considera setof instancesof F, eFP, taken from proof treesof falselypositive training
examples.In orderthatF shouldfail, weneedto revise A to A D by specialisingF, whereideally
all thefalselypositivetrainingexamplesarere-classified.

Recallingthattheordinalvariablesof F arex � x� 45454 xn, wedenotetheminimumandmaximum
valuesof variablecomponentxi, in the rangeof instancesof eFP, by minFP

i and maxFP
i respec-

tively. We inducethefollowing: for every instanceof F in eFP to fail, thenew specialisedregion
is A lessann dimensionalinterval A FP boundedby minFP

i � maxFP
i . We have

A FP �
1)� x� 45454 xn �GF minFP� 2 x� 2 maxFP�IH 4J454 H minFP

n 2 xn 2 maxFP
n 8

andthus A D �K�LANMOA FP � is asufficientconditionfor theeliminationof theFPinstances.In order
to accomplishthis,we canspecialisetheclauseF asfollows: occurrencesin theunrevisedbody
of F of thelogical expressionBP� x � shouldbereplacedin therevisedbodyof F by B D � x � 454J4 xn � ,
which is defined:

B;� x � 454J4 xn � H � RL

wherewehave

RL �K� minFP� 2 x� 2 maxFP� H 45454 H minFP
n 2 xn 2 maxFP

n �
Notethat, in thepresenceof truly positive instancesof F, theminimumandmaximumof each
ordinalvariablemay have to be further restrictedso that the overall revision doesnot resultin
any falselypositiveexamples.

Generalisation canbeexplainedin asimilarmanner:in orderfor instanceseFN to succeed,their
x componentsareaddedto the region. We cancalculatethe region in an analogousmanner.
Furtherdetailsof this techniquearegivenin thediscussionof thealgorithmin Figure11below.
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3.5 An EffectiveTheory RefinementAlgorithm

In this sectionwe describea TR algorithmembeddedwith theblameassignmentalgorithmand
refinementoperatorsdescribedin sections3.3 and3.4 respectively. The outline designof this
algorithmis shown in Figure10, andthewholeprocesscorrespondsto thatnumbered8 in Fig-
ure4. Steps1, 2.1and2.2 follow thegeneralalgorithmgivenin Figure7, andlikewise,theend
of the algorithm(Steps2.8 and3) is similar to the generalone. We will thereforerestrictour
discussionbelow to Steps2.3- 2.7.

Step2.3executestheblameassignmentalgorithmasdetailedin Figures8 and9. Eachelement
F of thelist RPoutputfrom 2.3 is a ‘revision triple’, with threecomponents,F 4 ID, F 4 score and
F 4 clause. Recall that clauseidentifiersF 4 ID in RP may be negative or positive, dependingon
whetherF 4 clausewasfoundwithin anegatedproof treeor not. All clausesreferredto in RPthat
containnon-primitive ordinaloperatorsareexpandedin Step2.4 by unfolding asexplainedin
Case2 above.Step2.5thenreducesthesetof revisiontriplesby removing thosethatareshielded
or donot involveordinalsorts.In Step2.6thetheoryis appliedto thepositivetrainingexamples
andthe tracesof all thesuspectclausesarestored.Thus,in every partof a proof treeof anFP
or TP involving anordinaloperator, the valuesof eachof the ordinalparametersarerecorded.
Step2.7.1removestheF with the highestF 4 score from RPD , andmarkseachoccurrenceof an
ordinaloperatorin F 4 clauseasa revisionpoint. Step2.7.2attemptsto find changesto overcome
errorsof typeCase2 discussedin section3.4. It createsnew versionsof F 4 clauseby replacing
ordinaloperatorswith alternative operatorsof thatsort, thenevaluatingthenew versionsusing
thetraces.Thebestrevisionof all combinationsof operatorchangesandrevisionpointsis stored
asRev � .
In Step2.7.3,expandedin Figure11, we operationalisetheregion ideadiscussedin section3.4
into analgorithmfor findinga candidaterevision. In Step2 of Figure11 thevariablesoccurring
in the M ordinal operatorsof F 4 clauseare collected. In Step3.2 the logical expressionRL
(definedsection3.4) representingthe region R is constructed.In Step3.3 it is addedonto the
original clauseafter the first ordinal operator, andis negateddependinguponwhetherF 4 ID is
positive or not. This additionmy beenoughto reclassifytheFPsinto TNs. However, thereare
casesin which thetheprocessmustiterate,wherethat iterationinvolvesfurtherapplicationsof
thetheoryT (Step3.4)where:

& clauseshave disjunctionin their bodies.If partof a clauseis of theform � a Q b� wherea
andb involveordinaloperatorsthen,evenit is possibleto constructaconditionc represent-
ing a region thatenclosesall ordinalvariables’valuesfrom theFPtraces,theclausewith
new part � a H � c Q b� maystill erroneouslysucceedin step3.4 if thecall to b succeeds.

& someof theordinalvariableshavenotacquiredvaluesat theoccurrenceof thefirst ordinal
operatorof theclause.Someordinalvariablesmayonly acquirevaluespartway through
theexecutionof aclause.

& the spreadof valuesof an ordinal variabletaken from FP tracesis not contiguous(i.e.
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1. Input theory T, its enveloped form Tv and examples E;
2. REPEAT
2.1 Apply T to E to obtain lists of TN,FN,TP,FP for C;
2.2 Let Sc := accuracy score of T;
2.3 Call Blame_Assignment_FP(in: T,Tv,FP, out: RP);
2.4 For each F in RP, expand F.clause so that it contains

no non-primitive ordinal operators;
2.5 Let RP’ = {F in RP : F.clause is an unshielded

clause that contains at least
one primitive ordinal relation};

2.6 Apply T to FP U TP, storing the instance traces of
each clause F.clause identified in RP’;

2.7 REPEAT
2.7.1 remove the first F from list RP’ and retrieve

traces of F.clause;
2.7.2 Use traces to evaluate ordinal operator changes

to F.clause via the replacement of operators with
others of the same sort; store best revision Rev1;

2.7.3 call Ordinal_Revisions(in:F,T,FP,TP,traces, out: Rev2);
2.7.4 Apply Rev1(T) to E, and Rev2(T) to E, calculate

the accuracy scores and record the better revision
of the two (Rmax) with accuracy score (Smax)

2.7 UNTIL RP’ is empty OR the potential maximum score of
of a revision to the next F in RP’ < Smax;

2.8 IF Smax > Sc THEN
2.8.1 Let Tr := Rmax(Tr);
2.8.2 Store revision Rmax
2.8 END IF
2. UNTIL Smax =< Sc;
3. Output the sequence of revisions leading to the

best refinement found;
4. END

Figure10: TheOrdinalTheoryRefinementAlgorithm
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Ordinal_Revisions(in:F,T,FP,TP,traces out: Rev)
1. N=1
2. collect the distinct limiting variables from the M

ordinal operators in F.clause;
3. REPEAT
3.1 find the Nth ordinal operator in F.clause;
3.2 construct RL, a logical expression specifying the

region R, using the sets of FP and TPs;
3.3 IF F.ID is positive

THEN conjoin the negation of RL to the Nth ordinal
operator in F.clause

ELSE conjoin RL to the Nth ordinal operator in F.clause
3.4 Apply T to FP U TP, redefining FP and TP, and storing

the traces of the applications of F.clause;
3.5 let N := N+1
3. UNTIL N=M or F.clause is not in the proof of any FP;
4. Rev = accumulated revision of original F
4. END

Figure11: Expansionof Step2.7.3

valuesof thesameordinalvariablefrom TPtraces‘breakup’ theFPvalues).Althoughour
algorithmin this casefindstheminimumandmaximumof the largestcontiguousregion
of FPvalues,thesecondof theterminatingconditionswill not bemet.

Theiterationendsif therevisionsto F 4 clausehave removedit from any proofsof FPs,or when
all the revision points within F 4 clause(i.e. all the ordinal operators)have beenconsidered.
Finally, in Figure10, Step2.7.4appliesthe theoryto all the examplesto find the betterof the
two revisionsdeliveredby Steps2.7.2and2.7.3.

3.6 Evaluation of the Ordinal Algorithm

3.6.1 An ExampleApplication

In thissectionwewill takeaparticularclauseandshow how it wasrefinedduringanexperiment
which involved the executionof the algorithmin Figure10. This will serve to illuminate the
algorithm,to illustratehow we usedtheoverallmethodin practice,andto show thepotentialof
theoryrevisionappliedto technicaltheoriesof thisnature.

Theexperimentwassetup asfollows. Two yearsafter the initial versionof theCPSwascom-
pleted,the criteria governingaircraft vertical separationwerechangedso that certainaircraft
undercertainconditionscould fly with a reducedminimum separation.Thenew criteriawere
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collectively calledReducedVerticalSeparationMinima (RVSM). At the time, the currentver-
sion(number3) of theCPSwasthereforeout of date.To obtainclassifiedtestswe rana batch
of approximately5000separatedprofilepairstakenfrom post-RVSM aircraftprofiledata.These
runsweresimulationsof positive clearancedecisiontakenby Air Traffic ControlOfficersfrom
among660 flight profiles for April 15th, 1997. The CPSEF outputa setFP consistingof 95
falselypositives. The input to theordinal refinementalgorithmincludedFPtogetherwith a set
TP of 12 truly positives,i.e. 12 pairsof profilesthatwereexpertly judgedto bein conflict,and
which theCPSEF hadalsojudgedto bein conflict.

TheinputtheoryT wastheCPSEF derivedfromversion3of theCPS(i.e. thepre-RVSM version),
composedof 520clauses.Thefirst 7 clausesweredeemedshielded(theaxiomscorresponding
to themhadbeenwell-validatedby manualinspection),82clauseswereunshielded,andtherest
werefixed. The unshieldedclauseswerein fact the mostcomplex, andin our judgementthe
mostlikely to containerrors. The clausenumbered‘26’ in the CPSEF wasoneof a setwhich
dealtwith verticalseparation:

the_min_vertical_sep_Val_in_feet_required_for(Flight_level1,
Segment1,Flight_level2,Segment2,2000):-
are_subject_to_oceanic_cpr(Segment1,Segment2),

( both_are_flown_at_subsonic_speed(Segment1,Segment2),
one_or_both_are_above(Flight_level1,Flight_level2,fl(290))
;
one_or_both_of_are_flown_at_supersonic_speed(Segment1,Segment2),
one_or_both_are_at_or_below(Flight_level1,Flight_level2,fl(430))), !.

This clausecanbeparaphrasedas‘The minimumverticalseparationvaluein feet requiredfor
two flight levelsof two segmentsis 2,000ft if bothsegmentsaresubjectto oceanicseparation
criteria,andeitherbotharesubsonicandat leastoneflight level is above 29,000ft, or bothare
supersonicandat leastoneflight level is ator below 43,000ft’ (‘fl’ is aflight level constructorin
theCPS). Duringblameassignment(Step2.3)thishadpotential‘84’, meaningthatit appearedin
84of the95 faultyproof trees,andwasthushighon thelist for refinement.Thisclausecontains
non-primitiveordinaloperators,hencein Step2.4it wasexpanded,theimplicit ordinaloperators
beingreplacedwith theirexplicit definitions.Theclausebelow is ‘26’ afterexpansion(notethat
this andsubsequentexamplesareobtainedfrom TR logsandthevariablenamingandlayout is
obtainedthroughtheProlog‘listing’ utility):

the_min_vertical_sep_Val_in_feet_required_for(A,B,C,D,2000):-
are_subject_to_oceanic_cpr(B,D),
( the_machno_Val_on(B,H),

H<100,
the_machno_Val_on(D,G),
G<100,
( A is_above fl(290)
; C is_above fl(290)
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), !
; ( the_machno_Val_on(B,F),

F>=100
; the_machno_Val_on(D,E),

E>=100
), !,
( A is_at_or_below fl(430)
; C is_at_or_below fl(430)
)

), !.

Thisclauseis selectedby Step2.5to bein RPD asit containsordinaloperators,andis in thegroup
of unshieldedclauses.Thedomainof its ordinalsortsis:

mach no 9 mach no 9 flight level 9 flight level9 mach no 9 mach no

representedby variables� H � G � A � C � F � E � . In Step2.6 this list of variablesis stored,(partially)
instantiatedfor eachoccurrenceof the clausein the proof treeof a falselypositive or a truly
positive. In theexperiment,clause26 hadthefifth highestpotential(84) out of a setRPD of 19
clauses.Let usinvestigatethecycle in which in Step2.7.1,F 4 ID = 26.

In Step2.7.2the traceinformationis usedto evaluateF 4 clausewith changesto its ordinalop-
erators.Changesareperformedin a top-down manner, hencethefirst ordinaloperatoris above
will beswappedfor eachof its sort’salternatives,whichare,from theCPS’s syntaxdefinition:

is at or above� is at or below� is below�R�S�!T�

In this case,Step2.7.2failed to find any revisionsthat performedsignificantlybetterthanthe
originalclause.For Step2.7.3,thealgorithmin Figure11changesonly thefirst ordinaloperator
– theoutputof thealgorithmis therevisedclause:

the_min_vertical_sep_Val_in_feet_
required_for(fl(H),A,fl(G),B,2000):-

are_subject_to_oceanic_cpr(A,B),
( the_machno_Val_on(A, F),

F<100,
( ( not__((number(F),number(80),F>=80))

; not__((number(F),number(86),F=<86))
)

; ( not__(fl(H)is_at_or_above fl(330))
; not__(fl(H)is_at_or_below fl(370))
)

; not__(fl(G)is_at_or_above fl(330))
; not__(fl(G)is_at_or_below fl(370))
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),
the_machno_Val_on(B, E),
E<100, ... etc

Therestof theclausewassemanticallyunchanged,asthenew additionssucceededin capturing
the region that reclassifiedall the FPs. Step3.2 of Figure 11 had constructed3 regions for
threeof thevariables,in effect inducingthat the2000ftseparationrule wasno longervalid for
aircraft flying in the 33,000ft- 37,000ftinterval, andflying at a speedbetweenmach0.80and
0.86. In fact, this correspondsexactly to theflight level rangein which the RVSM criteriaare
in operation.Thespeedrangeintervalsturnedout not to bepartof theRVSM criteria,but were
not overly restrictive,asmach0.8 to mach0.86is a commonrangefor subsonicaircraft in this
airspace.Theaccuracy of this revision turnedout to beover90percent,andalthoughit wasnot
to behighestin thefirst hill climbing iteration,we eventuallyusedit asthebasisfor theRVSM
updateto version3 of theCPS. Thehighestrevision wasonethat removeda temporalinterval
from a clause(numbered10) concerninglongitudeseparation.This interval containedvirtually
all of theFPset,andits removal from clause10causedit to fail for thoseexamples.

As a run of the ordinal TR algorithmproducessomespuriousrevisions(e.g. the revision of
clause10) that neverthelessscorewell with the testdataat hand,a usefulmethodto checkon
thequality of a revision is to run thealgorithmwith a setof trainingexamplesfrom a different
calendardayandcomparetheoutputs.To checkthequality of theRSVM resultabove,we ran
thepre-RSVMCPSEF with 11016teststakenfrom theclearancedecisionson847aircraftflying
over theAtlantic on 4th October1997.We obtaineda setFPof 114falselypositives,andusing
theordinalalgorithmclause26wasagainrevised,asabove:

the_min_vertical_sep_Val_in_feet_required_for(fl(H),A,fl(G),B,2000):-
are_subject_to_oceanic_cpr(A,B),
( the_machno_Val_on(A, F),

F<100,
( ( not__((number(F),number(79),F>=79))

; not__((number(F),number(86),F=<86))
)

; ( not__(fl(H)is_at_or_above fl(330))
; not__(fl(H)is_at_or_below fl(370))
)

; not__(fl(G)is_at_or_above fl(330))
; not__(fl(G)is_at_or_below fl(370))
),
the_machno_Val_on(B, E),
E<100, ... etc

Theaccuracy scoreof this resultwasagainover 90 percent,andits appearanceconfirmedthe
quality of the original revision (althoughthe speedrangeof aircraft profilesgainingclearance
usingRVSM criteria wasslightly wider than thosein the previous experiment). This second
batchof trainingdataalsoprovidedevidencethat therevision to clause10 above wasspurious.
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Therevision this time involveda temporalregion thatdifferedfrom thatof thefirst experiment,
andwhichgave theclauseanaccuracy scoreof only 52percent.

3.6.2 An Experiment with an Alter nativeConcept

A furtherexperimentoriginally reportedin [MM98a] shows theuseof theordinalTR algorithm
to analternative conceptto thatof the themainconflict predicate.Using667profilesfrom 4th
January1996,we obtained33 FPsand5037TNs out of 5070runsof theconflict predicate.In
thisexperiment,for expediency, wethenfocusedtherevisionspaceonthelongitudinalseparation
criteriaratherthanthewholeCPSEF. Theconceptwasselectedby studyingtheoutputof blame
assignmentfor all the FPs,and the generalisedexplanationoutput for individual FPs,using
Process7 in Figure4. Longitudinalseparationvaluesin minutescanbe5,6,7,8,9,10,15,20or 30,
andtheCPScontainsformalisedcriteriafor all of these.75new traininginstancesweregenerated
from proof treesandproof tracesin which a longitudinalseparationvalueof 10 minuteswas
assignedto two aircraftat leastoneof which is flying at subsonicspeed.Thetraininginstances
included25FN and50TP, theconceptbeing:

UWV"X Y[Z]\W^`_ ab^6c d6e�c"f�^7Uhg"i%^`c[Zjd \kXJl mnZ]d ^6c ao^`c"\
p XJq3g"^ p XJi rLe p �ts XJf�aoXJc!U �j�Rs XJfjabXuc3U 	 �o�v���

ThesetTPwasgeneratedby re-runningtheday’sworthof instances,andidentifyingthosepairs
of profilesin verticalconflict thatgave a longitudinalseparationof 10 minutes,but werenot in
overall conflict accordingto bothair traffic expertsandtheCPSEF (thusloweringthepossibility
of noisy data). The FNs for the conceptarederived directly from the 33 falsepositivesfrom
the conflict predicate.The TR algorithm,usingordinal operatorreplacement,returneda new
theorywith two clausesaltered.74 of the training instanceswerenow truly positive, andonly
onefalselynegative remained.Significantly, oneof the clauses(clause100) that wasrevised,
definingthepredicate:

are after a common pt from which profile tracks
are same or diverging thereafterand at which
both aircraft have already reported by

wasidentifiedasanincorrectreadingof anATC Manual,in thatits referenceto ‘the timeof the
conflict probe’hadbeenwrongly represented.Therevision (a changeof two ordinaloperators)
wassubsequentlyusedto helpcreatea versionof theCPS. An importantpoint aboutthis result
wasthat this clause’s ID wasrecordedin thesetRPonly negatively. Usinga blameassignment
thatwasnotsensitiveto clausesoccurringin thenegativepartof atreewouldnothaveuncovered
this faultyclause

32



3.6.3 Complexity of the Ordinal Algorithm

Thestepsthatapply the theoryto thewholeexamplesetare2.1,and2.7.4,whereit is applied
twice. Assumingthattheouterhill climbing loop is runn times,andthereareatmostm revision
pointsconsideredfor eachrun, this givesa worstcasecomplexity of n �w� 	 � m �=�x� . If we take
into accounttheapplicationsof thetheoryto partialsetsof examples(e.g. to thepositivesetas
in step2.3 and2.6) thentheresultingcomplexity is of thesameorderasthecomplexity of the
generalhill climbing algorithmat n �o� m �y� o � 	 ���z*!� , whereo is the maximumnumberof
timesthe inner loop of Step2.7 is run. In effect, theseparametershadmuchlower valuesthan
might beexpectedusingthegeneralalgorithmbecauseof thenew algorithm’s ordinalbias,the
useof traceinformationto form andevaluateincrementalclausechanges,andtheconstruction
of non-trivial revisionsto clausesbetweenre-applicationsof thetheory.

3.6.4 Summary

The experimentalrunsof the ordinal TR algorithmin Figure10 boreout the optimistic com-
plexity analysisin section3.6.3,andtypically amountedto overnightrunsof processingusinga
SunUltra 1 with 256MB RAM runningCompiledSicstusProlog.At theendof theIMPRESS
project, the errorswe found in the CPSwhich resultedin wrongly classifiedtestsfell into 3
categories(i) lack of RVSM criteria(ii) problemswith the‘time of conflict probe’concept(iii)
problemswith theCPS’s assumptionthat(locally) theearthcanbeconsideredflat. TheTR tool
helpedus identify andeliminate(i) and(ii). In both thesecases,thesubsequentupdatesto the
CPSusedtheclauserevisedby theordinalTR algorithmasa basis.(iii) wasdiscoveredduring
thedevelopmentof theTR tool andsoits discoverycanbeindirectlyattributedto it.

4 Conventional Debugging and Maintenanceof the Require-
mentsTheory

While we have concentratedin the lastsectionson a pathto automateddebuggingandmainte-
nance,wewill heresummarisetheopportunitiesandproceduresthatinvolveconventionalmeth-
odsandtheir synergy with themoreadvancedtechniques.In somecasesthey uncoverederrors
whichappearin theenvironmentof theCPS, ratherthanin theCPSitself. Theproceduresareas
follows:

(a) theoryinspection:Thetheorycanbetranslatedto validationform, usingtool msl2VFshown
in Figure2. The mappinggiven in the meta-theory, betweenthe customisedmsl syntaxand
natural language,is usedfor this. The VF producedcan then be usedfor visual inspection
by ATC experts. This is describedin [MPN

�
95], andexperiencehasshown that this is most

successfulin theinitial validationof thetheory, andfor removing errorsin thetop level axioms.
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" [ (Segment1 and Segment2 are_after_a_common_pt_
from_which_profile_tracks_are_same_thereafter)

or
(Segment1 and Segment2 are_after_a_common_pt_from
_which_profile_tracks_are_diverging_thereafter)

] =>
[ (the_preceding_aircraft_on Segment1

or_on Segment2 is_faster_by Val mach)
<=>

[ [ (the_aircraft_on Segment1
precedes_the_aircraft_on Segment2) &
the_machno_Val_on(Segment1) -

the_machno_Val_on(Segment2) = Val ]
or [ (the_aircraft_on Segment2
precedes_the_aircraft_on Segment1) &
the_machno_Val_on(Segment2) -

the_machno_Val_on(Segment1) = Val ] ] ]".

Figure12: An Axiom RelatingAircraft Speeds

(b) test log inspection:the TestHarnessproducesa recordof eachtest run, which includesa
brief explanationof everyprofilepair thatis in conflictaccordingto theCPS. Wherethepairare
classifiedasnot in conflict by experts,theexplanationmayprovide cluesto the faulty partsof
thespecification.For example,a percentageof ‘f alselypositives’ werefoundto besobecause
the separationvaluewasonly very marginally beingexceeded.This indicatedan error in the
geometry, andcurrentlywesuspectthattheCPS’s local flat earthassumptionis to blame.

(c) graphicalinspection:usingthebatchresults,a collectionof testqueriescanthenbeformu-
latedwith theaimof investigatingin greaterdetailthesuspectparts.Thetestlog file canthenbe
inputto agraphicalflight simulationusingamulti-mediaplatformwhichcandisplaytheprofiles
andconflictarea,andsimulatetheplannedaircraftflights [McC97a].Thisparticulartool helped
usspotabatchof ‘noisy data’. Inspectionof severalapparentfalselypositiveprofilepairsusing
thedisplayclearlyshowedthat theflight profileswerein fact in conflict. Theerror in this case
wastrackeddown to anincorrectsetof flight testdatasuppliedto us.

(d) full explanationanalysis:For individual testrunswheretheconflict predicatesucceeds,the
CodeAnalysis processcan producea generalisedproof tree, using explanation-basedgener-
alisationbasedon the proof tree output from the blameassignmentalgorithm, as mentioned
above. This is usefulfor inspectingthe outcomeof falsepositive queries,althoughsomewhat
tediousaseven the generalisedproof treescanbe over 30 pagesin length. This did allow us
to spota very subtleerrorwhich resultedfrom theanimationprocess,andoccurredin anaux-
iliary axiom relating the speedsof two aircraft, shown in Figure12. Inspectionof the proof
tree for a misclassifiedinstancein the suspectedlongitudinalseparationclausesrevealedthat
‘the machno Val on(Segment)’wasreturningafloatvaluewhenanimatedusingthePrologin-
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terpreter. As a consequencea comparisonof theform ‘0.0199999..= 0.02’ wasoccurringwhen
theclausecorrespondingto thisaxiomwasexecuted.

5 RelatedWork

Themachinelearningliteraturecontainsmany examplesof boththeoryrefinementandILP tech-
niques:seefor example[BG96,Wro96]. Automatedrefinementin parallelwith validationand
verificationis advocatedin [Cra96]for therepairof knowledgebasedsystems.Thereis a rela-
tionshipbetweentheapproachesput forward to validateformal specificationsof requirements,
andresearchinto thevalidationof knowledgebasesandthesearereviewedin [MPWB96]. For a
moredetailedcomparisonof validationin softwareengineeringandKBS, thereadercanconsult
[VBC95].

Work in theutilisationof formal methodsfor safety-criticalKBS is describedin [Don98]. The
paperdescribestheEspritSafe-KBSprojectwheretheSafe-KBSlife cyclewasdeveloped,sup-
portedby theTRIO specificationsupportpackage.TRIO is afirst ordertemporallogic language:
from an instanceof a TRIO specificationa ‘model’ canbe generatedsemi-automatically, pro-
viding examplesof the functionalbehaviour of thespecifiedsystem.Using themodelonecan
dodifferentkindsof proofs,or ‘history checking’,which is essentiallytheuseof trainingor test
cases.

TheoryPatching[AEK98] is describedasatypeof TR in whichrevisionsaremadeto individual
componentsof thetheory. Opencomponentsof a theoryarethosewhichmightbeflawed,while
closedcomponentsarefixed. The concernof the latter paperis to determinewhich classesof
logical domaintheoriesthe theorypatchingproblemis tractable.Thetheorypatchingproblem
is reducedto theproblemof benignrevisions,wherea benignrevision is onewhereclosureof
therevisedcomponentdoesnot affect repairability. This removessometheoriesfrom consider-
ationas(eventual)repairs.Theorypatchingcompareswith our work in thatthevalidity level of
clausescanbecomparedwith theopen/closedpropertyof components.Similarly, our strategy
of focusingonordinal revisionsis anotherwayof restrictingtheoryrepair.

Accordingto Wrobel’s classificationin the review [Wro96], our ordinalTR algorithmexhibits
first order, multiple-clause,multiple predicatelearningwhich includesnegation-byfailureliter-
als. This contrastwith reference[RM95], wheretheoriesareposedassetsof Horn Clauses.
In our work, we utilise a blamealgorithm which takes into account‘negative trees’ and is
thusmoreaccuratethanonein which negationis automaticallyshielded.In a similar manner,
Wogulis[Wog93a,Wog93b] hasdevelopedasystem,A3, thatcanrevisefirst-orderfunction-free
theoriescontainingerrorswithin the scopeof a negation. A3 finds the setof all single literal
assumptionsthatcouldbemadeto proveeachincorrectlyclassifiedexample.All succeedingand
failing goalsin theproof of anexamplearecandidates.Assumptionsarethengradedaccording
to thenumberof examplesthey cover, andthedepthof theassumption.(Theidentificationand
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gradingof candidateassumptionscanbecomparedwith our BlameAssignment.)A3 attempts
to repaireachclauseaccordingto how it usesthe assumption,eitherpositively or negatively.
In contrastto this work, the CPSutilisesfunctionsin a fundamentalway, andas indicatedin
Section3.2.2,thereareintractabilityproblemsin searchesfor faultyclauseswhichdid not focus
onordinalclauses.

The CPScontainssignificantnumericalcomponents;machinelearningin domainscontaining
significantnumericalcomponentshaspreviously beenaccomplishedby usingneuralnetworks
[OS97]. This is becauseof problemsin encodingnumericpropertiesin the logic programming
context. In orderto copewith numericliteralsin a logic programmingcontext, Constraint Logic
Programminghasbeenutilised. TheConstraintLogic Programmingframesubsumesthe logic
programmingframe. In [SR96] it is shown thata discriminantinductionproblemcanbetrans-
formedintoaConstraintSatisfactionProblem,andhencesolvableviaConstraintLogic Program-
ming. The approachis alsopursuedin [AF97], wherean algorithm,NUM is presentedwhich
generatesnumericliterals.Usagedeclarationsaremeta-predicateswhichrestricttheform of the
numericliterals. For examplea particularnumericliteral might berestrictedaninequalityor to
a linearrelationship.Thework is in its earlystagesandit is not clearhow, or if, it would scale
up to dealwith real-world examplessuchastheCPS.

As far aswe areawareour work is thefirst to applymachinelearningtechniquesto a require-
mentsdomaintheory, although,asmentionedabove, work most relatedto our own occursin
the field of KBR. Both areashave to adoptstrategiesto overcomethe complexity pitfalls sur-
roundingtheuseof TR, wheretheoreticalresultssuggestthatno polynomialalgorithmexiststo
performglobaloptimisationin hill climbing algorithms[Gre95]. In bothMOBAL [SMAU94]
andKRUST [CS96], refinementtechniqueshave beenusedin a kind of incrementalfashion,
whereasour maineffort hasbeendirectedtowardstheuseof theautomatedanalysisof a batch
of proof treesof successfulpredicates,andin the caseof unsuccessfulpredicates,the analysis
of failuretraces.In KRUST [PC96],for example,testcasesareusedoneat a time to refinethe
KBS, in contrastto our focusingprocedure,which usesmultiple examplesanda form of statis-
tical blameassignment.In MOBAL, an interactive environmentfor knowledgeacquisitionhas
beenusedwith a largesecurityrulebase.Thetool utilisesseverallearningalgorithmsin concert
with aninferenceengineanda graphicaluserinterface.Experiencewith MOBAL is consistent
with ourown in thatML toolswork well in thecontext of adiversetoolsenvironment.

6 Conclusions

A methodhasbeendescribedto integratea theoryrefinementprocesswithin an existing vali-
dationenvironmentencasinga requirementsdomaintheory. The feasibility of utilising sucha
processto helpin theidentificationandremoval of errors,andin thegeneralmaintenanceof the
theoryhasbeendemonstrated.The methodis generalto theorieswhich canbe translatedinto
anexecutableclausalform, andeffective for thosewith rich type informationwhereerrorsare
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most likely to occurin ordinal operatorconditions. In this respectthis paperdemonstratesan
applicationof theoryrevision to anon-trivial application.

Theoverallgoalof theprojectwasbothto experimentandevaluatemachinelearningtechniques
in errorremoval, andto remove errorsin theCPSvia thecombinationof toolsin thevalidation
environment.Consideringthelatter, over thecourseof theprojecttheerror rateswerereduced
from around20per1000,to between1 and2 per1000tests.Further, thesourceof theremaining
errorsappearsto havebeenidentified.

In theprocessof thiswork wehaveuncoveredmany areasfor futurework, mostimportantlythe
developmentof morespecialisedTR operatorsfor requirementstheories,andthedevelopment
of deeper, andmorereflective TR operators.TheTR operatorsreportedheredo not affect the
overall structureof thetheory, andit is anopenquestionasto whetherthey canbeextendedto
doso.Our immediatefuturework will concentrateon thefurtherdevelopmentof ourvalidation
environment,andthedevelopmentof a genericversionfor usewith otherrequirementstheories
statedin theirown customisedform of msl.
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