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Abstract. In this paperwe study dynamicpropertiesof knovledge-basedys-
tems.We amguethe importanceof suchdynamicpropertiesfor the construction
andanalysisof knowvledge-basedystemsWe presenta case-studyf a simple
classificatiormethodfor which we formulateandverify two dynamicproperties
whichareconcernedvith thearnytime behaiour andthecomputatiortraceof the
classificatiormethod We shav how DynamicLogic canbe usedto formally ex-
presshesedynamicpropertiesWe have usedthek v interactve theorenprover
to obtainmachine-assistgutoofsfor all thepropertieandtheoremsn this paper

1 Intr oduction

1.1 Motivation

A characteristipropertyof KnowledgeBasedSystemqKkBss) is thatthey dealwith
intractablecomputationatasks:diagnosis design,and classificationare all tasksfor
which eventhe simplevarietiesareintractable As a result,simpleuninformedsearch
proceduregsannotbe usedto constructrealisticknowledge-basedystemdor comple
tasks.

A traditionalapproachin KnowledgeEngineeringis to equipa KBS with strong
control-knavledgethatis usedto guidethe computatiori1, 4, 12]. Suchcontrolknowl-
edgeconsistof knowledgeonthesequencef reasoningtepsduringproblemsolving,
andis an essentiapart of expertise.Examplesof suchcontrol knowledgearethe or-
derin which obsenationsmustbe obtainedduring diagnosticreasoningpr the order
in which componentsnustbe configuredduring designreasoningMany Knowledge
Engineeringnethodologieprovide someform of expressinghe controlknowledgein
akKBs|[28,20,3,27].

A morerecentandlessexploredapproactio dealingwith theintractabilityof KBSs
is the developmentof anytime algorithms[19]. An arytime algorithm graduallyap-
proachesheperfectsolution.As runtimeincreaseghequality of thesolutionincreases.
Thealgorithmcanbeinterruptedat ary moment for instancevhenno morecomputa-
tion time is available,at which point the currentlyavailable solutionis returned.Such
methodshave beenemployedin planning[6] anddiagnosig22] amongothers.
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Both of theseapproacheto dealingwith theintractability of kBss (addingcontrol
knowledgeand developing arytime algorithms)are concernedwvith “how” solutions
are computedandnot (or: not only) with “what” countsas a solution This distinc-
tion betweerfwhat” and“how” correspondso the distinctionbetweerfunctionaland
dynamicpropertiesof a systemPurelyfunctionalpropertiesareconcernedvith there-
lation betweerinputsandoutputsof the system Dynamicpropertieon the otherhand
areconcernedvith thecomputatiorprocesstself, andnot only with thefinal outputof
this process.

Thetypical exampleof afunctionalpropertyis thel/O-relationof a system Exam-
plesof dynamicpropertiesarethe numberof requiredcomputatiorstepsthe sequence
in which thesecomputatiorstepsaretaken, etc.

In this view, dynamicpropertiesarea refinemenbf functionalpropertiestwo im-
plementationsf thesameunctionall/O-relationcanhave verydifferentdynamicprop-
erties.Ontheotherhandary two systemgor which all thedynamicpropertiexoincide
necessarilhave the samefunctionall/O-relation.

In this papemwe will investigatehow to formally expressandverify dynamicprop-
ertiesof KBSs.

1.2 Approach

As statedabove, we areaiming at studyingthe dynamicpropertiesof kBss: formally
statingsuchpropertiesandproving whetheror notsuchpropertieholdfor agivenkBs.
In Software Engineeringmary formal framevorks have beendevelopedfor a formal
analysisof dynamicproperties See[24] andreferencesncludedthereinfor a number
of theseapproaches.

Within KnowledgeEngineeringormal analysisof propertieshasbeenmostly lim-
ited to functional properties([10,11,26,23], with DESIRE [5, 15] as an exception).
Suchfunctionalanalysiscanbefruitfully formalisedandcarriedoutin DynamicLogic
[14,17], asillustratedin [25,7,9].

Theapproachwe will take in this paperis to usethe samelogic thathasbeenused
for analysisof functionalpropertiegDynamicLogic), but now for the analysisof dy-
namicproperties.This is in contrastwith work in [5, 15], wherea formalismis used
which is specificallydesignedo dealwith dynamicproperties.The useof Dynamic
Logic hasasimmediateadvantagethatwe canexploit the supportofferedfor this for-
malismby interactive theoremproverslike the k1v system[18], which hasbeenused
with somesuccesbeforefor the formal analysisof functionalpropertiesof KBss [10,
11].

The useof DynamicLogic for the analysisof dynamicpropertiesis not unprob-
lematic.In DynamicLogic it is notpossibleto directly saysomethingaboutaninternal
stateof aprogram.In DynamicLogic a programis seemasa pair of states(start, end)
Thusprogramswith the same(start,end)stateareequivalent,irrespectve of the beha-
ior thatgetsthemfrom the start stateto theendstate By usingconstructdike (a)@we
canonly concludegp after terminationof programa.

We cansolwe this problemin thefollowing way: givena programa, we constructa
new programa’ which hasadditionalparametersTheseparameterareusedto encode
someof the behaviour of the original programa in the I/O-relationof the programa’.



For example,we might encodethe sequencef internalstatesof the programa in an
additionaloutputargumentto a’. This additionaloutputargumentthen constitutesa
traceof the programa andcanbe usedto formulatedynamicpropertiesof a in terms
of the outputfrom a’. In effect, we areencodingsomeof the dynamicpropertiesof a

asfunctionalpropertiesof the modifiedprograma’. Thiswill thenallow usto express
andprove dynamicpropertieswithin thelimitationsof DynamicLogic.

1.3 Structureand contributions of this paper

In this paperwe will take theapproacltoutlinedabove andapplyit to two simplecase-
studiesln Sect.2 we describea simpletask-definitionrandproblemsolvingmethodfor

classificationIn Sect.3 we presentan arytime adaptatiorof this psm. We formally

expressand prove a numberof dynamicpropertiesof this pPsM, suchasits behaiour

whenrun-timeincreasesandits eventualcorvergenceo thenon-arytime PSm. In Sect.
4 we encodepart of the computationtrace of the classificationPsm in an additional
outputargument,and usethis to prove somepropertiesaboutthe control knowledge
thatwasexploitedin the psm. In thefinal sectionwe discusghepro’sandcon’s of the

approachtakenin this paperandhow well thesetwo case-studiegeneralis€o other
dynamicproperties.

This papemakesthefollowing contrikbutions:

Analysing dynamic properties Whereasexisting literature on KBss typically deals
with functional propertieswe study a numberof simple dynamicproperties,n
particularthe arytime natureof our classificationalgorithm andthe computation
traceof this algorithm.

Using Dynamic Logic We shav how such dynamic propertiescan be formally ex-
pressedn alogical formalism,namelyFirst OrderDynamicLogic.

Machine-assistedproofs We have formally verified thesepropertiesin machineas-
sistedproofsusingthe kv interactive verifier.

Generalisation We suggeshow our analysisof the specificdynamicpropertiegany-
time behaiour andcomputatiortrace)for a simpleclassificatioralgorithmcanbe
statedin thegenerakase.

2 A simpleProblem Solving Method

For our casestudywe usea very simplepsm, namelylinear filtering. It iteratesovera
setof candidateso producea setof solutionswhich all satisfiya givenfilter criterion.
Thisfilter criterionis appliedto individual candidates;, andwill bewrittencorrect(c;).
Thetask-definitiorof the psm is then:

Ci € outpu{cs) > C; € CSA corred(ci), 1)
or equivalently:outputcs) = {ci|c; € csA corred(ci)}.

Thisis averygeneridask-definitionwhichcomprisesry taskfor whichtheoutput
criteriacanbe statedin termsof individual candidatesSimpleforms of classification,



diagnosisandconfigurationcanall be phrasedn this format,usinganappropriatelef-
inition for correct(c) *.
Theproceduralefinitionof our linearfiltering psm is asfollows:

filter#(cs; var output)

begin
if cs = 0 then output := 0 else
var candi date = select(cs) in
if correct(candi date) then

begin
filter#(cs \ candi date; out put);
output : = insert(candidate, output)
end
else

filter#(cs \ candi date; output)

end

Fig. 1. psm for classificatiorby linearfiltering

First,we checkif no candidatelassesreleft. If so,we returntheemptyset,if not,
we selectanarbitrarycandidatelf the candidates correctit is insertedn theoutputset
thatis computedrecursvely. Theonly requirementve needto imposeon the selection
stepis thatit doesindeedselectoneof theavailableclasses:

cs# 0 — selectcs) € cs 2

The linear filtering methodthat we useis quite naie. It only works for small
candidate-setdut it is adequatéo demonstratéheideasin this paper

In termsof the specificatiorframework of [8], formula(1) is the goal-definitionIn
oursimpleexample this goal-definitioncoincidesexactly with thecompetencéescrip-
tion of thepsm from Fig. 1. We thereforedo notgive aseparateompetenceescription
for theabove psm. Below, we will usefilter(cs) whenwe meanthe competencef the
filter# program?

Useof KIv: Theklv interactve verifier for dynamiclogic [18] wasusedto automat-
ically generatehe proof obligationsthat are requiredto show the terminationof the
psM from Fig. 1 andits correctnessvith respecto its competenceescription(which
is equalto the predicateoutputfrom formula(1)). Both proof obligationswereproven
in thek1v system.Theterminationproof consistecf 16 proof stepsof which 8 were
automaticthecorrectnesgroofrequired67 proof stepsof which 38 wereautomatic.

1 Taskswhich concerrsomerelationbetweercandidatessuchassomeminimality or maximal-
ity criterion,cannotbe statedin this form, for exampleoptimisationproblemsor computing
minimal diagnoses.

2 Ssymbolsendingin # are usedto denoteoperationaldescriptionsThe samesymbolwithout
thetrailing # denoteghe correspondingompetenceescription.



3 Anytime Problem Solvers: psms with boundedrun-Time

In this paperwe are studyingthe dynamicpropertiesof kBss. In this sectionwe will
studyan arytime psm, sincefor sucha psm the analysisof its dynamicpropertiesare
of centralimportance Remembethatan anytime algorithmgraduallyapproachethe
perfectsolution,andcanbeinterruptedatany momentwhenno morecomputatiortime
is available,atwhich pointthe currentlyavailablesolutionis returned.

We will beinterestedn dynamicpropertief this PsM, suchasits behaiour when
run-timeincreasesandthegraduakcornvergenceof theanytimebehaiourto theoptimal
solution.

3.1 Operationalisation of an anytime pPsM

Our original programf i | t er # returnedthe subsetof all correctelementg(solution
classespf a giveninput set(candidateclassespndwas soundandcompletew.r.t. its

competence&escription But this is only true underthe assumptiorthatit canhave all

thetime it needgo computeits output.With thisin mind we canadjustour programto

anothemprogramwhichwewill call filter-boundedwhich getsanintegerasadditional
parameterThisintegerwill beaboundonthe numberof stepshe programcando and
canbeinterpretedasa boundon the programrun-time.

This additionalparameten makesthis PSm into anarytime algorithm:the method
returnsa sensibleapproximatiorof the final answeyevenwhenallowedonly a limited
amountof run-time(i.e. whenthetime-bounds smallerthanthenumberof classeshat
mustbe considered)The programterminatesvhenn reachezeroandn decreaseby
onein every recursve call, andis shawn in the figure belon. We have indicatedthe
differencesvith theoriginalcodeof thef i | t er # program.Thesedifferencesareonly:
anadditionalparameten, whichis decreaseth everyrecursve call, plusanadditional
teston n = 0 to prematurelyendtherecursion.

filter-bounded#(cs, ; var out put)
begin
if cs = 0 then output := 0 else
var candi date = select(cs) in
if correct(candi date) then

begin
filter-bounded#(cs \ candi date, ;output);
out put : = insert(candidate, output)
end
else
filter-bounded#(cs \ candidate, |n-1|;output)

end

Fig. 2. Anytime versionof thelinearfiltering Psm



3.2 Competencedescription of an anytime psm

We will now give a declaratve descriptionof the competencef the arnytime psm de-
scribedabove. In this competence-descriptiome will make useof the competence-
descriptionfor the non-arytime versiongivenabove in formula(1).

filter-boundedcs 0) = 0 (3)
filter-boundedcs n) C filter-boundedcs n+ 1) 4)
||filter-boundedcs n+ 1)|| = ||filter-boundedcs n)|| v (5)
||filter-boundedcs n+ 1)|| = ||filter-boundedcs n)|| + 1,

[lcd| < n— filter-boundedcs, n) = filter(cs) (6)

Axiom (3) stateghatfilter-boundedeturnsthe emptysetwhenit getsno computation
time. Axiom (4) statesthat the output setof filter-boundedcanonly increasemono-
tonically with increasingun-time.Axiom (5) stateghatthe numberof outputclasses
(indicatedby thefunction|| - ||) increasedy at mostoneelementf we allow onemore
computatiorstep.Finally, axiom (6) stateshatif the numberof allowed computation
stepss atleastaslarge asthe numberof candidateclassesthenfilter-boundeds iden-
tical to filter.

Obsene thatall axiomsarenecessaryo characterizéhefi | t er - bounded# pro-
gram.Omittinganaxiomwould allow unwantedbehaior. Two simplecountergamples
aregivenasfollows:

filter-bounded#(cs, n; var output)
begin

filter#(cs;output)
end

filter-bounded#(cs, n; var output)
begin

output := 0
end

Neither of theseprogramshave arytime behaiour. The left program(which simply
callsthe non-arytime versionof the program)satisfieghe axioms(4), (5) and(6) and
theright program(which alwaysreturnsthe emptyset)satisfieghe axioms(3), (4) and
(5), but both violate the remainingaxiom. Similar counter&amplescan be found for
theothercases.

Useof Kiv: Theterminationof fi | t er - bounded# andits correctnessvith respect
to axioms(3)—(6)wereall provenin K1v with thefollowing statisticsterminationwas
provenin 16 steps,of which 8 were automatic;axiom (3) only took 3 steps,axioms
(4)—(6)took around80 stepseachwith anautomatiordegreeof around30%.

3 Becaus& |V is asemi-automatitool, theseandsubsequerdegreesof automatiorareto some
extenddependentn the skill of the user More sophisticated v usersassurausthatfor the
rathersimpleproofsperformedor this paperthedegreeof automatiorcouldhave beenmuch
higher



3.3 Anytime properties

The psm specifiedabore doesindeedhave a numberof propertieswhich areto be
expectedof a reasonablanytime algorithm.We have statedand proven a numberof
suchpropertiesn k1v, andwe will discusghesepropertiedelow.

First of all, noticethataxiom (6) above canbe interpretedasthe adapter[8] that
is requiredto bridge the gap betweenthe goal descriptionfrom formula (1) andthe
competencef the anytime algorithm. Sincefilter(cs) = outpu{cs), axiom (6) states
thatfilter-boundeddoesindeedachiese the classificatiortaskunderthe assumptiorof
sufficient run-time (namelyn at leastas large asthe numberof classeghat mustbe
checled).

Two otherpropertiesare

||filter-boundedcs n)|| < n.

This stateghatthe numberof elementdn the outputsetis boundedoy the numberof
computatiorstepsand

n < |[filter(cs)|| — filter-boundedcs n) C filter(cs).

This stateghatgiveninsufiicient time, the anytime algorithmalwayscomputesonly a
strict subsebf the classicakhlgorithm.

Useof Kiv: Bothpropertiesvereprovenin Ki1v with thefollowing statisticsthefirst
propertywasprovenin 14 stepsof which 8 wereautomaticthe secondpropertywas
provenin 45 stepsof which 28 wereautomatic.

Propertiesuchastheseguaranteghatthe psm doesindeedbehae in a desirable
arnytime fashiongraduallyapproachingheideal competenc&henrun-timeincreases.
The above resultsshov thatit is possibleto use DynamicLogic to both specifyand
implementsucharytime behaiour, andto prove the requiredpropertieswithin this
logic.

Noticethatall of thesepropertiesare formulatedin termsof the declaratve com-
petenceof the anytime psMm (the functionfilter-bounded specifiedin axioms(3)—(6)).
Sincewe have proventhecorrectnesef theoperationalisatiofi | t er - bounded# with
respecto thiscompetencegll of thesepropertiesarealsoguaranteefbr theoperational
behaiour.

3.4 Generalapproachto specifyinganytime psms

In this subsectiorwe will suggesta moregeneralcharacterizatiolf programswith a
boundon their computatiortime. If we look at the 4 axiomsfrom the filter-bounded
specificationwe canfind thefollowing underlyinggenerakonditions:

axiom(3): startcondition,
axiom(4): growth direction,
axiom(5): growth rate,
axiom(6): endcondition.



Thefirst conditiondescribeghe startof the program.For thefi | t er - bounded#
programthis was just one axiom which statedthat the programreturnedthe empty
setwhengiven no computationtime. Otherversionsof this axiom are also possible.
As anexample,considera classificatioralgorithmthatworksby graduallyeliminating
incorrectclassedrom thelist of candidateginsteadof graduallyaddingcandidatesas
our currentalgorithmdoes).Suchan alternatve algorithmwould returnthe entire set
of candidatesvhengivenno computatiortime, insteadof the emptysetasour current
algorithmdoes.

The conditionson growth directionand growth rate statewhat happensvhenthe
programis allowed one additional computationstep. Again, other algorithmsmight
satisfydifferentvariationsof theseconditions for examplea candidateeliminational-
gorithmwould have adecreasin@utputwith increasingcomputatiortime.

Finally, thefourth conditionstateghat, given sufiicient computatiortime, the pro-
gramwill computeexactly the desiredoutput.

Furthercase-studiearerequiredto determineif this generalpatternis indeedap-
plicableto the specificatiorof more(andperhapsall) anytime psms.

4 Writing History

Thefirst casestudywasconcernedvith a particularclassof algorithmswith interesting
dynamicbehaiour (namelyarytime algorithms).Our secondcasestudyis concerned
with thecontrolknowledgeof kBss. As arguedin theintroductionof this papercontrol
knowledgeis atypeof knowledgethatis characteristidor akBs.

In this sectionwe adaptthe original programfii | t er # from Fig. 1, suchthatwe
encodehe sequencef someexecutedstepsexplicitly in atraceof thealgorithm.This
traceis anoutputparameteof theslightly adaptegrogrant i | t er - t r ace#. Weshawv
how we canusesuchatracefor proving propertiesof a program.As simpleexample
of adynamicpropertyof fi | t er # we usetheorderin which the candidateclassesre
selectedy the PsM.

As alreadyannouncedn our motivationin Sect.1, thesepropertiesarefunctional
propertief theadaptegrogram but dynamicpropertiesof theoriginal program.

4.1 Operationalisation of a PsM extendedwith atrace

Again,we startfrom theoriginal programf i | t er # (Fig. 1). Theslightly adaptedrer
sionof fi | t er # is ournew programfil t er-trace# in Fig. 3. This programhasan
additionaloutputparametemamelyalist of classesThislist reflectstheorderin which
theclassesaretestedby the psMm. If aclassc; is selectedbeforea classcy, thenthisis
encodedn theorderof theelementsn thelist. Theonly differencewith respecto the
original f i I t er # programarethe extra parametecalledt r ace anda statementhat
addstheselectectlassto thetrace.

Previously, the only requiremenbn the class-selectiostep(sel ect ) wasthatit
did indeedselectoneof the availableclassegaxiom(2)). In orderto incorporatesome
meaningfulcontrolknowledgein thealgorithm(aboutwhich we wantto prove proper
tiesby exploiting theencodedrace) we placeanadditionalrequiremenbnthesel ect



filter-trace#(cs; var [tracel] output)

begin
if cs = 0 then
begin out put := 0 end
else
var candi date = select(cs) in
begin
if correct(candi date) then
begin
filter-trace#(cs \ candidate; [trace] output);
out put := insert-class(candi date, output)
end
else
begin
filter-trace#(cs \ candidate; [trace] output);
end
|trace .= candidate :: trace|
end
end

Fig. 3. Versionof thelinearfiltering PSM which computesatrace

function, namelythat the classef the input are selectedusing a heuristicfunction

which selectghe classwith thehighestheuristicvalue.

(c € cs) — measue(c) < measue(selectcs)).

Theadaptedi | t er - t r ace# programhastwo outputparameters:r ace andout put .

However, in a specificatiora functioncanonly returnoneoutput.This technicalobsta-
cle canbe avoidedby introducingtwo auxiliary programs:one programfor returning
thet race parameterandonefor returningthe out put parameterThetrivial imple-

mentationof theseauxiliary programds asfollows:

filter-trace-1#(cs;

end

var out put)

begin
var trace = nil in
filter-trace#(cs;trace, output)
end
filter-trace-2#(cs; var trace)
begin
var output = 0 in
filter-trace#(cs;trace, output)




4.2 Competenceof PsM extendedwith atrace

The programfi | t er - t r ace# performsthe sametaskasthe original fi | t er # pro-
gram,in the sensehatthe samesolutionswill be computedthe out put parameter).
Furthermoreghe modifiedprogramproducesomeextracontrolknowledgeinformation
in thet r ace parameter

As result,thecompetencspecificatiorof fi | t er - t r ace# containghe axiomsof
the specificatiorof thefi | t er # programplus someadditionalaxiomsto specifythe
trace parametef.

filter-trace-1cs) = filter(cs) (7)
in-list(c, filter-trace-Zcs)) <+ ce cs (8)
filter-trace-Zcs) = cy::cl A in-list(cy, cl) — measue(c;) < measug(cy), 9)
filter-trace-2cs) = cy::cl — filter-trace-Zcs\ ¢1) = cl. (20)

Axioms (7) specifiesthat the original outputwill not be affectedby the introduction
of thetrace.Axiom (8) stateshatthetraceconsistsonly of classeghatweregivenin
theinput. Axioms (9) and(10) specifythatthe elementdn the traceare orderedif a
classcy precedeglassc; in thetrace,thenwe musthave thatthe heuristicvalueof c;
is greatetthanor equalto thatof c;.

Useof KIv: Again,theterminationandcorrectnessf thefil t er -t r ace# program
hasbeenprovenwith respecto this competence:

terminationin 20 stepsof which 12 automatic;
axiom(7) in 75 stepy42 automatic);
axiom(8) in 99 stepy58 automatic);
axiom(9) in 37 stepy21 automatic);
axiom(10)in 30 stepq21 automatic).

Thesedfiguresconfirmtheabose mentionedstatisticof £30%proof-automatioiy K1v.

Notice thatthe traceaxioms(9)—(10)werenot hardto verify, becausehey reflect
the recursve natureof the program,andlend themselesto rathereasyproofsby in-
duction. However, finding theseaxiomswas quite difficult. We considereda number
of alternatve formulationsof theseaxioms.Although thesealternatve formulations
wereall logically equivalent,they did not reflectasnicely the recursve natureof the
filter-trace# programandwerethereforemuchharderto prove.

We considetthis to be a generaltrade-of. Onthe onehandwe would like compe-
tenceformulationsto be asindependenaspossibleof the implementatior(leadingus
in the directionof naturalspecificationsvhich arehardto prove). On the otherhand,
the competencéormulationswhich areeasyto prove areoftenvery unnatural gxactly
becausehey reflecttoo muchof theimplementationln our experiencethecompetence
formulationswhich arebothnaturalandstill easyto prove areoftenhardto find.

Two pointsremainto be noticedconcerninghe abore competencspecificatiorof
filter-trace first, the dynamicbehaiour of the originalfi | t er # programhasindeed

4 Thenotationx::y denoteghelist with headx andtail y.



beenspecifiedasa functionalpropertyof thef i | t er - t r ace# program.Secondlythe
specificatiorfilter-trace“inherits” the entireoriginal specificatiorof filter by virtue of
axiom(7). This ensureshatwhenmaodifyingfilter to filter-tracein orderto capturethe
dynamicbehaiour, we have notinterferedwith thesolutionsetof theoriginal program.

4.3 Generalapproachto specify propertiesof control knowledge

Fromthecase-studpf the previousparagraphsve canagaindistill agenerapatternfor
dealingwith dynamicpropertiesconcerningcontrol knowledge.Given a competence
specificatiorandan operationalisationf a PsM, the stepsinvolvedin formulatingand
proving suchdynamicpropertiesareasfollows:

1. Choosethe “trace semantics”: Firstof all, we mustof coursedecidewhichaspects
of the controlknowledgemustbe capturedin our examplethis concernedhe use
of theheuristicfunctionin determininghe sequencef candidatelassesAnother
possibilityin the above would have beento restrictthe traceto only the sequence
of solution classeqinsteadof the sequencef all considereccandidateclasses).
Alternatively, we could have chosena morerefinedtrace,for instancemodelling
for everyfailed candidateclassthe obsenationsthatcausedt to be excludedfrom
the final solution.In generalthe “grain size” of the traceis oneof theimportant
choiceghatmustbe made.

A seconcthoiceconcerngheorderingof thetrace.In our examplewe have chosen
to modelthe sequencef theintermediatestatesAn alternatve choicewould have
beento abstracfrom the sequencef theintermediatestatesreatingall histories
thatgo throughthe samesetof statesasequivalent. This latter optionwould have
preventedus from stating (let aloneproving) the requiredproperty expressedn
axiom(9)-(10). Thisillustratesthatin generalthesechoicesaredeterminedy the
dynamicpropertieshatonewould like to prove.

2. Intr oduce additional output parameter(s) for the trace: The semanticchoice
madein thepreviouspointmustbeencodedyntacticallyby modifyingtheoriginal
program.This amountsto addingcodeto the original algorithm plus additional
outputparameterso returntheresultsof this extracode.ln our example theboxed
line in Fig. 3 reflectsthedecisionto modelonly theclass-selectiostep.Thechoice
of modellingthe history-sequences reflectedby the useof alist for thetrace
paramete(insteadof a set).

3. Intr oduceauxiliary programsfor additional output parameters: As explained
above, auxiliary programsare neededto side-stepthe technicallimitations that
specificationsareexpressedn functionalterms,andthereforeallow only oneout-
put parametefin our exampletheprogramg i | t er - t r ace- 1# and- 2#).

4. Intr oduceconsewation axioms: New axiomsarerequiredto enforcethattheorig-
inal outputwill notbeaffectedby theadditionalcode(axiom (7) above).

5. Intr oducebehaviour axioms: As a final step,addaxiomsthatrepresenthe dy-
namicpropertiesof the original program.In our examplethesewereaxioms(8)—
(10):theoriginal fi | t er # programconsiderghe candidateclassesn decreasing
orderof their heuristicvalue.This propertyis expressedsa functionalpropertyof
themodifiedprogramf i | t er -t r ace#.



5 Discussion,summary and conclusion

5.1 Discussionof our approach

Encodingdynamicpropertiesas functional properties. The limitation of Dynamic
Logic thatary two programswith thesamenputandoutputstatesareequivalentforced
usto encodedynamicpropertieof oneprogramasfunctionalpropertiesof a modified
program.

Our experienceswith this encoding“trick” in Dynamic Logic have beensurpris-
ingly positive. The original structureof the programcould easily be presered while
makingthe requiredmodificationsithe differencedetweerthe modifiedcodein Figs.
2 and3 andthe original codein Fig. 1 arevery small. This preserationof the original
programstructurewas essentiabecausét enabledusto reuseproofsof the original
programto obtainproofsfor the adjustedorogramsUsingthe proof-reusdacilities of
K1v, mary of theterminationandcorrectnesgproofscouldbe obtainedrathereasily

Automaticpsm transformations.In fact,the differencesn programcodeareso small
thatone could easilyimaginean automatictransformatiorfrom the original program
(Fig. 1) to the adjustedanytime and tracing programs(Figs. 2 and 3). Furthermore,
it shouldbe not too difficult to prove somemeta-theoremshat suchtransformations
are correctnespreserving, therebyobviating the proof obligationsfor the modified
programs.

Using DynamicLogic. Insteadof Dynamic Logic, we could have chosento usean
alternatve logic in which we could have directly expressedhe dynamicpropertiesn

whichwe areinterestedIn particular languagesuchasTr [2] andTROLL [16], and
languagesvith atemporakemanticéike DESIRE [27] andMETATEM [13] haveatrace-
semanticsin whichprogram-equialences determinedhotjustby pairsof input-output
stateshut by theentirebehaiouraltraceof the program We seeanimportanttrade-of

here.Ontheonehandsuchtrace-logicswould seento requireno additionalencoding
dynamicinformation.However, thisis only the caseif thetrace-semanticgrovidedby

thelogic is exactly whatis neededo expressthe specificpropertief interest.Onthe
otherhand logics suchasDynamicLogic requireadditionalencodingeffort, but atthe
sametime this allows usto determineaxactly which dynamicinformationis required.
Thus,thetrade-of is betweereaseof useandflexibility .

Non-terminatingorograms. A potentiallyseriouscritiqueis thatwe canonly dealwith
terminatingprograms since non-terminatingorogramsdo not give rise to an output
state.Importantexamplesof suchnon-terminatingprogramsare agent-systemsand
KBS applicationssuchas monitoring.A possibleway aroundthis problemresembles
ourapproacho anytime algorithmsInsteadof dealingwith anon-terminatingprrogram
o, we would prove propertiesabouta modifiedprograma’(n) thatterminatesaftern
steps.If we canthenprove that this propertyholdsfor arbitrary valuesof n, we can
think of a asrunningfor anarbitrarilylong time. In effect, we have replacedhe notion
of infinite run-timewith thatof arbitrarilylong run-time.

5 Suchtheoremsareindeedmeta-theoremshey cannotbe expressedn Dynamic Logic itself
becausehey requirequantificationover programs.



Toy nature of our psms. Our examplesare unrealisticallysmall, and cannotbe used
in realisticapplications For example,in multi-classclassification(wherean answers
containsn classesinsteadof just one),the numberof answefrcandidategrowths ex-
ponentiallywith n. In sucha case pur linearfiltering PSM would notbevery attractve.
Neverthelessye believe thatthe sameresultsaspresentedh this papercanbeobtained
for morerealisticPsm’s. We are currentlyworking on obtaininganytime-resultsor a
collectionof morerealisticmethodgakenfrom a standarcKBS textbook[21]

5.2 Evaluation of K1V

Our case-studyvasnot meantasa seriousevaluationstudyof K1v. Neverthelesspur
experiencewith K1v have beenquite positive, for the following reasonsFirstly, Ki1v
allows the hierarchicaldecompositiorof the software system(both specificationsand
implementations)This achievesthe usualadvantage®f modularity Furthermorekiv
allows usto prove propertiesof higherlevel functionsand programs(suchf i | t er #)
without having to provide implementation®f lower level programssuchasi nsert
whichis usedby fi | t er #. Instead pnly a specificatiorof theselower-level functions
is required abstractingrom theirimplementatiordetails.

Secondlyk1v performscorrectnessnanagementkeepingtrack of which proofs
are dependenbn which others(the so-calledlemma-graph)kiv alsokeepstrack of
which proof obligationshave alreadybeenfulfilled or not, taking thesedependencies
into account.Furthermorejt calculateswhich proofs must be redonewhen parts of
specification@ndimplementationgsrechanged.

Thirdly, K1V is very useffriendly andeasyto learn (certainlyin comparisorwith
otherinteractve theoremprovers).Importantfeaturesare its graphicaluserinterface
(e.g. proofsdisplayedas trees,which can be usedfor proof-navigation, proof-replay
andre-useproof-cut-and-pasteifs useof naturalmathematicahotationin bothediting
anddisplayingformulae,andthe productionof pretty-printedspecificationsprograms
andproofs.

5.3 Summary and conclusions

In this papemwe have shovn how despitéts limitations,DynamicLogic canbefruitfully
usedto expressandprove dynamicpropertieof problemsolving methodsThis could
be doneby encodingdynamicpropertiesof thesemethodsasfunctional propertiesof
slightly modifiedmethodsThesemodificationsweresmallandsystematicsothatthe
additionalencodingeffort remainedsmall.

We have illustratedour approachin two casestudies.In the first we proved ary-
time behaiour of a simplelinear filtering method,andin the secondwe analysedts
behaiour during computationwhena heuristiccandidate-selectiofunction wasem-
ployed.

All the proof obligationsfor thesemethodgtermination,correctnessjynamicbe-
haviour) have beenfulfilled via machineassistegroofsusingthek1v interactve veri-
fier for DynamicLogic.



Finally, for both casestudieswe have suggeste@ generalapproachthat could be

appliedto otherproblemsolving methodsin orderto obtainthe sameresultsfor those
methods.
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