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Abstract

Traditionalselectioncriteriafor ProblemSolving
Methods(PSMs)from librariesconcentratsolely
on the functionality of thesemethodsandignore
their computationaperformanceWe proposehe
useof arytime performanceprofilesto describe
the computationabehaiour of problemsolving
methodsandto usetheseasadditionalselection
criteriawhenselectingmethoddrom alibrary. A
performanceprofile describeshow the quality of
the outputof analgorithmgraduallyincreasess
afunctionof thecomputatiortime. Sucharnytime
descriptionsof problemsolving methodsare at-
tractive becausehey allow atrade-of to bemade
betweenavailable computationtime and output-
quality. It turns out that mary problemsolving
methodgoundin theliteraturehave anaturalary-
time behaiour, which hasremainedargely unex-
ploiteduntil now.

In this paperwe proposean axiomatic descrip-
tion of performanceprofiles. Furthermore,in
orderto make our proposalfeasiblefor library
builders, we give guidelineson how to organise
such axiomatic descriptions. Finally, we apply
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our proposalto a numberof realistic problem-
solving methods,namely hierarchicalclassifica-
tion (usedin MDX), parametricdesign(methods
from XCON andVT), andconsisteng-baseddi-

agnosigthe GDE-method).

1 Motivation

One of the major themesin the literature on problem-
solving methods(PSMs)of the pasthalf decadenasbeen
the so-calledapplicability problem how to decidewhich
PSMsareapplicableto a giventask. Solvingthis problem
is essentiafor deliveringsomeof thepromisesnadeabout
PSM, in particularlibrary constructionand re-usability
Solvingtheapplicabilityproblemboils down to identifying
a setof propertiesof PSMsin sucha way thattheseprop-
ertiescanbe usedto selectthe appropriatenethodsrom a
library.

The literature containsmary proposalson how to de-
scribepropertiesof PSMs,and we will not try to give a
systematicovervien of them. Many of the proposalsare
mentionedn [BPG96]. Thatpapersynthesiseall the dif-
ferentproposalsanddefinesthreecateyoriesof applicabil-
ity conditions: teleologicalconditions(= doesthe goal of
thePSMmatchwith thecurrenttaskat hand)epistemolog-
ical conditiong (= knowledgerequirementf the PSM)
and pragmaticconditions(= requirement®n the interac-
tion of the PSMwith its environment).

All of theproposal®napplicabilityconditionsn thelit-
eratureregarda PSMasa functionall/O relationbetween
domainknowledgeandgoal,andformulatethemethodse-
lection criteriain termsof this I/O relation: (a) doesthe
goal of the PSM matchthe currenttask at hand,and (b)
doesthe available domain knowledge match the knowl-
edgerequirement®f the PSM. Much of the more recent

1we preferthe term applicability conditionsover the term assump-
tions sincethe propertiesconcernconditionsthatmustbe tested andnot
assumptionsvhich canbeassumed.

2Jaternamedontologicalconditionsin [FB98]
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work on characterisind®?SMssitill focusesexclusively on
the so-called“competence?® of the PSM [WAS98]. This
alsoholdsfor [FS98], which emphasisemore than most
the importanceof computationabehaiour besidesonly
the functionall/O relation. Eventhat paperdoesnot give
a concreteproposafor how to describethe computational
behaiour. The sameholdsfor [FB98], which describesn
somedetail the effect that variousconditionshave on the
computationabehaiour of somediagnosticmethods put
this analysisis all doneinformally, with no proposalon
how to describehe computationabehaiour of amethod.

This leaves an entire dimensionof PSM applicability
conditionsuncoveredin theliterature: howshouldtheper
formanceofa PSMbedescribedsothatit canbeusedasan
applicability condition? Therearegoodreasonavhy per
formancedescriptiorof PSMhasbeerleft asanopenques-
tion in the KnowledgeEngineerinditerature:asarguedin
[FS98],the standardvorstcasecompleity measurefrom
computerscienceare not very helpful for PSMs, sincea
significantpart of PSMsare of a heuristicnature,andthe
worst casecompleity describesonly the casewhen the
heuristicsdo notapply. Oneof thefew attemptsat describ-
ing averagecasecompleity is [SB95], but this approach
requiresdetailedknowledgeon the expectedheuristiche-
haviour of all of the subtaskof a PSM, which doesnot
seemnvery realisticin practice.

Instead,in this paperwe proposethe useof so-called
anytimeperformanceprofiles[DB88] to describehe com-
putationalbehaiour of PSMs(seesection2). Tradition-
ally, such performanceprofiles are given in the form of
graphswhich are obtainedempirically by executing the
PSM.We proposeanaxiomaticdescriptiorof performance
profiles(sectiond). Furthermorein orderto make our pro-
posalfeasiblefor library builders, we give guidelineson
how to organisesuchaxiomaticdescriptions(section4):
our descriptionsalwaysconsistof the samefour elements,
eachof whichmustbefilled in by thelibrary-builderwhen
characterisingnethodperformanceFinally (sectiornb), we
applyourproposato anumberof realisticproblem-solving
methodsnamelyfor hierarchicaklassificationparametric
design(methodsfrom XCON and VT), and consisteng-
basedliagnosigthe GDE-method).

2 What is anytime reasoning?

Anytimealgorithmsare definedas algorithmsthat return
someanswerfor ary allocationof computatiortime, and
areexpectedo returnbetteranswersvhengivenmoretime
[BD89]. This is in contrastwith traditional algorithms
which guaranteea correctoutput only after termination,
and no guaranteegre given for ary intermediateresults.
The behaiour of an anytime algorithmis describecby a
performanceprofile. A performanceprofile describesow

3i.e. thefunctionall/O relation
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the quality of the outputof the algorithmvariesasa func-
tion of the computatiortime. The quality measureof the
output may be ary characteristicof the result of an al-
gorithm that we find significant. One arytime algorithm
could have several performanceprofilestrackingdifferent
attributesof the resultsit returns. A performanceprofile
is typically givenin the form of a graphthat plots output
quality againstruntime.

It is clearthatanytime behaiour of PSMsis desirable.
SuchPSMsareusableevenwhenthereis insufficienttime
to computecompletesolutions.Thisis oftenthe casegiven
the intractablenature of typical tasksfor PSMs. Also,
suchPSMsareapplicablein real-timesituationswhenthe
available computationtime is often shortand not known
in advance. Thirdly, they offer the userthe possibility to
trade solution-qualityagainstcomputationtime, making
the PSMsmorewidely applicablevhenselectedrom ali-
brary.

Perhapssurprisingly anytime PSMsoccur frequently
Many PSMsin the literatureturn out to have an arytime
nature,evenwhenthey were not developedwith this pur
posein mind. We have analysedhe PSMsfrom amodern
textbook on knowledge-basedystemgSte95], and have
foundthatmary of the methodsdiscussedherehave ary-
time behaiour. Thiswill beillustratedin section5, where
wediscussexamplesvhichareall takenfrom thistextbook,
mary of which areusedin realisticKBS applications.

The study of anytime algorithmsis fairly recent,and
startedwith the introductionof the notionsof anytime al-
gorithmandperformancerofile by [DB88]. Subsequently
work hasbeendoneon combiningandcompilinganytime
componentérom librariesusingperformancerofiles(e.g.
[ZR96]). Also, work hasbeendoneby a variety of people
on specialpurposearnytime algorithmsfor variousapplica-
tion areaqe.gplanning[BD89; DB88], diagnosigP0s93],
search[Kor90])andschedulindBD94]).

Boddy[Bod91]identifiesa numberof familiesof algo-
rithmswhich oftenhave arytime algorithms:numericalp-
proximation,heuristicsearchprobabilisticalgorithms(eg
Monte Carlo methods),probabilisticinference(eg belief
networks),anddiscretesymbolicprocessingWe dealwith
algorithmsfrom this last family. Thesealgorithmsoften
add or remove elementdo finite setsrepresentingan ap-
proximateansweyandgraduallyreducethe differencebe-
tweenthatsetanda setrepresentinghe correctanswer

[Zil96] givesa numberof desirablepropertiesof arny-
time algorithms:

1. Interuptability: the algorithmcanbe stoppedat ary-
time andprovide someanswer

2. Monotonicity: the quality of the resultis a non-
decreasindunctionof thecomputatiortime.

3. Measurblequality: the quality of anapproximatee-
sultcanbedeterminedrecisely

4. Diminishing returns: the improvementin solution
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quality is largestat the early stagesof computation,
andit diminishesovertime.

5. Consistencyfor a givenamountof computatiortime
onagiveninput, thequality of theresultis alwaysthe
same.

6. Recanisablequality. the quality of an approximate
resultcanbeeasilydeterminedat run-time.

7. Preemptability: the algorithm canbe suspendednd
resumedvith minimal overhead.

Notice that the first two propertiesconstitutethe defini-
tion of anytime algorithmsasgivenat the startof this sec-
tion, andarethereforerequired ratherthandesirable.The
third andfourth propertyarealsoapplicableto theanytime
descriptionsof PSMsthat we proposein this paper The
fifth property(consisteng) is also(but trivially) applicable
sincewe only dealwith deterministiccomputation.Only

the lasttwo propertiesare not applicableto our work for

the following reasons:Recognisableuality is not appli-

cablesincewe are not dealingwith dynamicmonitoring
of algorithms,and thereforethis propertyis not relevant.
Preemptabilitys notapplicablesincein ouranalysisalgo-
rithmsareonly stoppedandneverresumed.

3 Describinggradual propertiesof PSMs

The motivating questionfor this paperasgivenin thein-
troductionwas: how shouldthe performanceof a PSMbe
describedsothatit canbe usedasan applicability condi-
tion?

Insteadof the empiricallyobtainedquality-performance
graphsusedfor this purposein the literature,we aim for
an analytic treatmentof the performanceprofilesin the
form of anaxiomaticdescription.This hasthe advantages
of not needingexpensve andunreliableempirical perfor
manceobsenations,and of giving moreinsightin the ac-
tual behaviour of the PSM. It also fits betterwith exist-
ing approachesf describingapplicability conditionin the
KnowledgeEngineerinditerature.

The secondZilberstein property above statesthat the
outputquality is a gradualpropertyof the available com-
putationtime. In [vHtT98], we have proposecda general
framework for describinggradualpropertiesof the output
of PSMsasa function of gradualpropertiesof their input.
If we regardcomputationtime asa special“input param-
eter” to the PSM, anytime PSMsbecomea specialcaseof
whatcanbedescribedn our proposedramevork for grad-
ual propertiesof PSMs.

In this sectionwe briefly summariseur frameawork for
describinggradualpropertiesof PSMs. In the next sec-
tions,wewill usethisframework for thedescriptiorof per
formanceprofilesof PSMs.

The framework for gradualpropertiesof PSMsthat is
describedn [vHtT98] is basedon a traditional pre- and
postconditiondescriptionof PSMs: giventhatthe precon-
ditionshold on theinput of a PSM, thenaftertermination,
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the postconditiongreguaranteedo hold on the outputof
thePSM(ie. thefunctionalityof thePSMis achieved).Un-
like traditionalpre/postconditioframevorkshowever, our
conditionsare gradual. To be more precise,our pre- and
postconditionsgachhave an additionalparameter Partial
orderingsaredefinedon theseparametershatdescribethe
degreeto which the conditionsarefulfilled, with the min-
imal elementsignifying completelyfulfilled conditions.
The two mostimportantproof obligationsin this frame-
work for the descriptiorof arytime PSMsareasfollows*:

o afirst proofobligationis to shov how achangen ful-
fillment of the preconditionscauses changein ful-
fillment of the postconditions;

e A secondoroof obligationshavs thatcompletelyful-
filled preconditionsmply completelyfulfilled post-
conditions.

In orderto apply this frameawork to anytime PSMs,we
mustdecideon the partial orderingsdefining gradualful-
fillment of pre- and postconditions. For the orderingon
the preconditionsye obviously choosehe amountof run-
time available to the PSM. Becausehe minimal element
of this orderingmustcorrespondvith completelyfulfilled
preconditionsye choosethe maximally requiredruntime
asthe minimal element,andlarger elementunderthe or-
deringcorresponadvith ever lesscomputatiortime(!). Be-
causeruntime cannotbe lessthen 0, the elementsrange
from completeruntime(the minimal elementdown to O.

As theorderingonthepostconditionswe take whatever
guality measurds taken as characteristiof the result of
thealgorithm. The secondZilbersteinpropertyguarantees
thatasuitableorderingcanbedefinedonthischaracteristic.
Thethird Zilbersteinpropertydemandshatthis mustbe a
measurablealue.

As mentionedbefore,a performanceprofile plots out-
put quality againstruntime. The two axesof sucha graph
now correspondxactly with our two measuresthe pre-
conditionmeasurgruntime)as x-axis, andthe postcondi-
tion measurdoutputquality) asy-axis(seethefigureslater
in this paper).

4 Guidelinesfor anytime descriptions

Describingapplicability criteria for PSMsis one of the
hardesttaskswhen building a PSM library. Thesecrite-
ria mustaccuratelycaptureboththe preconditionsandthe
functionality of the PSMsin thelibrary. The accurayg of

4[vHtT98] definesthreemoreproof obligations but thesearelessrel-
evant whenapplyingthe framevork to describearytime behaiour: one
proof obligation correspond®xactly with Zilbersteinssecondproperty
(andthereforeholdsby definitionfor arytime algorithms);a secondbli-
gation concernedhe relation betweengradualand completelyfulfilled
preconditionswhich in the currentcasesimply meanshat after enough
runtime,the completesolutionis computedfinally, the usualcorrectness
property mustbe shavn for the PSM but this time with respectto the
gradualversionsof the pre-andpostconditions.

10-3



thesedescriptiongs crucial for the later ability to retrieve
theappropriateelementgrom thelibrary.

Thistaskis alreadyhardin currentPSMIlibrarieswhere
theapplicability conditionsonly have theform of “labels”,
intendedo beunderstoodby humanusersput withoutary
further formal semantics. The task becomeseven harder
whenapplicabilityconditionstake theform of complex ex-
pressionsn aformallanguagesuitedfor automatiamanip-
ulation(asproposedn e.g.[BPG96]).

Our proposalto use performanceprofiles of PSMs
threatengo malke this taskevenharder:in our own studies
we have found that formulatinggradualpre- andpostcon-
ditionsis evenharderthanformulatingtraditionalpre-and
postconditionssincethe gradualversionsrequirean even
moredetailedanalysisof the behaiour of the PSMthanis
alreadyrequiredfor traditionalapplicability criteria.

The hardeststepsin describinggradualpre- and post-
conditionsare: (1) defininga suitableorderingon the pre-
condition; (2) defininga suitableorderingon the postcon-
ditions; and perhapsmostdifficult of all (3) definingthe
actualgraduaffunctionalityof thePSM(ie its gradualpost-
conditions)givensomegradualpre-conditions.

Thegoodnewsis thatwhenapplyingourgeneraframe-
work to anytime performanceve canmake someof these
choicesin advance(sothey don't have to madeby the li-
brary builder), and we can give a structuredschemafor
someof the descriptionghat mustbe suppliedby the li-
brarybuilder.

The choicesconcerninghe preconditiongisappeasl-
together: We always simply add the availableruntime as
anadditionalparameterandapplythe obviousorderingto
this paramete?.

What remainsis the formulation of the postconditions
(ie. thegraduafunctionalityof thePSMasafunctionof in-
creasinguntime).We havefoundthatthis formulationcan
alwaysbestructuedin thesameway. To describeheany-
time functionality, four axiomsare neededgachof which
describesa differentaspectof the anytime behaiour, as
follows:

Initial behaviour: Theinitial periodduringwhichthebe-
haviour of the methodis constant. Many arnytime
algorithmsstartproducingsomeoutputimmediately
but the examplein section5.3 shavs thatsomemeth-
odsneedan initial “startup period” beforethey start
producingintermediateoutput.

Growth direction:; Thisis thedirectionin whichthequal-
ity of the intermediateoutput changeswith increas-
ing runtime. ThesecondZilbertsteinproperty(mono-
tonicity) guaranteethatqualityincreasesandthis ax-
iom statesvhatis meantby “increase”.

SWhile noting that the minimal elementcorrespondsvith the maxi-
mumruntime,asexplainedin the previoussection
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Growth rate: The amountof increasein quality at each
stepduring the computation.This increasan quality
canbe constantat eachstep,but may alsovary dur-
ing thecomputatior(asstatedn thefourth Zilberstein
property:diminishingreturns).

End condition: The amountof runtime neededfor the
methodto achieve its full (ie. traditional) function-
ality. After this point, the quality of the output no
longerincreasessincethe maximumquality hasbeen
achieved.

In [GtTvH99] we have put forwardthe hypothesighatthis
schemef four axiomswouldbesuitableto describeawide
classof anytime behaiours. Oneof theresultsof this paper
is the confirmationof this hypothesisby shaving thatthis
schemecanbe usedto describehe anytime behaiour of a
numberof differentandrealisticPSMsfrom theliterature.

5 Example anytime descriptionsof PSMs

In this sectionwe will applytheabore schemdor describ-
ing performancerofilesof PSMsto a numberof concrete
PSMs. Thesemethodsareall describedn a modernKBS
textbook[Ste95;Part Ill].

Firstwe discusghreemethoddor a classificatiortask.
Thefirst two examples(linear candidateconfirmationand
linear candidateconfirmationwith forward filtering) are
theoreticakndsimple,andaremeantto introduceour pro-
posal.Thethird (hierarchicaklassificationjs morerealis-
tic, andsimilarto the methodusedin the MDX systemfor
diagnosindiverdisease$CM83]. We will thenturnto the
taskof parametridesign,anddiscusghe methodausedin
the XCON system(constraintclustering)[McD82] andin
theVT systemgproposeandrevise)[MSM88]. Finally, we
discusghe GDE methodfor the taskof consisteng-based
diagnosigRei87;dKW87].

5.1 The classificationtask

In a classificationtask, we are given a set of candidate
classesndasetof obsenedpropertieof aparticularindi-
vidual, andwe mustcomputewhich candidateclassesat-
isfy theclassificatiorcriteriononthegivenpropertiesThe
detailsof the classificationcriterion canvary, andare not
relevantto our discussionsee[Ste95;Ch. 7] for the def-
inition of variousclassificatiorcriteria suchascandidates
which explain, matchor coverthegivenobsenations).
Slightly moreformally, thetaskCLASSIFICATION has
asinputsasetof candidateclassessanda setof obsena-
tionsObs andmustcomputeall classe$rom Csthatsatisfy
theclassificatiorcriterionon Obs

CLASSIFICATION(Cs Obg =
{Gi|Ci € CsAcriterion(Ci,Obg}
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5.2 Linear candidateconfirmation (MC1)

A trivial PSMfor theclassificatiortaskis to iterateoverall
candidatelassesandaddthemto the outputif they satisfy
theclassificatiorcriteriorf::

MCL([R, ]Cs, Cbs):

output = 0
candidates = {G | G € Cs }
for G € candidates
do if criterion(G, Cbs)
t hen out put = out put+G
done
return out put

The algorithm MC1 is as given without the additional
boxedtext. If the boxedtext is addedto the code,we ob-
tain anarytime versionof MC1 thatwe will indicatewith
MC1.8. As mentionedabove, the additionalparameten
signifiesthe availableruntime(ie the algorithmterminates
aftern steps)andis usedasthe orderingon the precondi-
tions. As orderingonthepostconditiong= qualitymeasure
of theoutput)we will usethesubsebrderingC ontheout-
putset.

Following the guidelinesfrom the previous section the
graduafunctionalityof MC1, cannow be specifiedasfol-
lows:

MC1l-initial: Initially (with zeroruntime)no solutionsare
computed:

MC1,(0,CsObg =0
MC1-dir ection: The solution setonly grows (and never
decreases):
MC1,4(n,Cs Obg C MC14(n',Cs Obg
MC1-rate: Eachadditionalcomputatiorstepaddsat most
onesolutior?:
[IMC1,4(n+1,Cs Obg| — [MC14(n,Cs Obg| < 1
MC1-end: After consideringall candidateswe have ob-
tainedthefull functionality:
n>|Cq — MC1,(n,Cs,Obg = MC1(Cs Obs
Assuminga uniform distribution of the solutionsover

the candidateset, the theoreticallyderived performance
profile determinedy theseaxiomsis shavn in figure 1at°.

6This methodis calledMC1 in [Ste95;Ch. 7].
"Thelanguagesisedfor bothprogramcodeandspecifyingaxiomsare
closeto thoseusedin theKIV interactve programverifier. We expectthat
all theformal definitionsin this papercanbeeasilytranscribedn theKIV
system[Rei95]. It shouldthenbe possibleto provide machine-erified
proofsfor all theresultin this paper
8This samebox-notatioris usedfor theotheralgorithmsin this paper
9thenotation|S is usedfor thesizeof asetS
100ur graphsareplottedas continuousfunctions,but in reality thein-
crease outputquality arestepwise.
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5.3 Linear confirmation with forward filtering (MC2)

Thismethods equalto MC1, but firstappliesaninitial for-
wardreasoningtep,in which someof theobsenationsare
usedto filter the setof possiblecandidates.The method
MC1 is appliedto theresultingcandidateset. An assump-
tion of this methodis thatthe additionalcostof the filter
stepis outweighedy thereductionin costof applyingthe
linear confirmationstepto a smallercandidateset. Fur
thermore,it assumeghat the forward filtering steponly
removes candidatesvhich are not solutionsto the classi-
ficationproblem(ie thefiltering stepis sound).Insteadof a
singlesetof obsenations,MC2 recevestwo setsof obser
vationsasinput,oneto beusedn theforwardfiltering step,
theotherto beusedin the candidateconfirmationstep:

I\/C2(Cs, Qbsq, Qbsy) :
output = 0
candi dates = {G| G efilter(Cs, Obsy)
(ni <)
for G € candidates
do if criterion(G, Cbs)y)
t hen out put = out put +G
done
return out put

Following the guidelinesfrom the previous section the
graduafunctionalityof MC2, cannow be specifiedasfol-
lows:

MC2-initial: Unlike MC1, MC2 doesnotimmediatepro-
duceintermediatesolutions, sinceit first completes
the forwardfiltering step.If ns indicatesthe duration
of thefiltering step,then:

n< ng = MC2;(n,Cs Obg,0Obg) =0

MC2-dir ection: similarto [MC1-direction].
MC2-rate: similarto [MC1-rate].

MC2-end: Thetotal requiredruntimeof MC2 is the sum
of thetwo stages.The durationof thefiltering stepis
n¢, andthe durationof the confirmationstageds deter
minedby the numberof candidategshat remainafter
thefiltering step:

n> |filter(Cs Obsg)| +n; —
MC25(n,Cs Obg,0Obg) =MC2(Cs Obs,0bs)

The performanceprofile determinedy theseaxiomsis
shawn in figure 1b. It shows a constanincreasan quality
(similarto MC1), but only afteraninitial periodneededor
thefiltering step.

The assumptiorthatthe costsof the filter stepmustbe
outweighedy thesavingscannow alsobestatedmorepre-
cisely Thecostsof thefiltering stepis n¢, thesarzingsequal
thereductionin the candidateset: |Cq — | filter(Cs Obsg)|.
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|[MC1(Cs,0bs)|

IMC2(Cs,0bs1,0bs2)]

[filter(Cs,Obs)|+n_f

IMC3(Cs,0bs)|

|Cs
Fig. (a)

n_f

Fig. (b)

maxdepth(Tree)
Fig. (c)

Figurel: Performancerofile of MC1, MC2 andMC3.

Theassumptiorholdswhenn; < |Cq — | filter(Cs Obs)|.
This canalsobe written asn¢ + | filter(Cs Obg| < |CH.
Now noticethat this statespreciselythat the endtime of
MC2 is lessthenthe endtime of MC1 (seeaxioms[MC1-
end]and[MC2-end]).

5.4 Hierar chical classification(MC3)

The first realistic PSM that we will discussis hierarchi-
cal classification(lusedamongothersin the MDX system
[CM83]). This methodno longerdoesa lineartraversalof
the candidateset. Insteadthe candidatesetis organisedas
the leaves of a tree. The nodesin this tree are “abstract
classes”,representingabstractionsof setsof candidates.
ThePSMrecursvely descendslown thetree,ateachlevel
decidingif theabstractlassestill satisfytheobsenations.
If yes,the methodcontinuesto descendiown that part of
the tree, if no, the entiretree belowv the abstractclassis
pruned.At eachstepof the PSM,theintermediatesolution
is the setof all candidateg= all leaves)thatcanbe found
underthe currentlyconsideredbstractlasses.

I\/C3(Tr ee, hs):

out put = |l eaves(Tree)
current = {Tree}
next = []
while current # 0
do for ¢ € current
do if not criterion(c, Qbs)
t hen out put = output - |eaves(c)
el se next = next + children(c)
done
current =
next = 0
done
return out put

next

The gradualfunctionality of MC3 canbe characterised
asfollows:
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MC3-initial:
lutions:

Initially, all candidatesrestill potentialso-

MC34(0, Treg Obs = leave§Tree

MC3-dir ection: an extra computationstep can only de-
creasdahesetof potentialsolutions:

MC3a(n+ 1, Tree Obg C MC34(n, Tree Obg

MC3-rate: Takingb asthe branchingfactor of the tree,
andassuminghatateachlevel of thetree,atleastl of
the abstracttlassesatisfieghe criterion,andassum-
ing a balancedree,theneachstepreduceghe candi-
datesetby afactorb:

[IMC3,(n, Treg Obg)|
b

IMC3,(nH+1, Tree Obs)| >

MC3-end: MC3 needsasmary stepsastherearelevelsin
thetree

n > maxcepth(Tree) —
MC3a(n, Treg Obs = MC3(Tree Obg

Notice that for candidateclassesof exponentialsize
(which occurfor multi-classclassification)bothMC1 and
MC2 require exponentialruntime (since they performa
linear traversal of the exponential candidateset), while
MC3 only requiredinearruntime (namelythedepthof the
tree,axiom[MC3-end]). Thisis all consistentvith known
resultsaboutthe compleity of hierarchicalclassification
[GSC8T7].

Usingthe performanceprofiles

We have now defined arnytime performanceprofiles for
threedifferentclassificatiormethods We give threeexam-
pleshow theseprofileshelpuswith selectingnethodfrom
alibrary. First,theprofilestell ushow we cantradecompu-
tationtime for solutionquality. For example,fig 1c shovs
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thatthe increasdn quality of MC3 (ie the decreasén the
candidateset)is exponentialwhile for MC1 andMC2 this
linear If it is importantto quickly obtaina goodapprox-
imation of the final solution,thenMC3 is more attractive
thanMC1 or MC2.

Secondly we seefrom the performanceprofiles that
MC1 andMC2 areincomplete(but sound)approximations
of the final solution. The intermediatesolutionsof MC3
on the otherhandare unsoundapproximation®f thefinal
solution,sincetheprofile of MC3 approachethesolutions
from above, ratherthanfrom below.

Thirdly, we seethatnotall methodsstartto produceap-
proximatesolutionsimmediately If sucha propertyis im-
portant(e.g. in a settingwhere somesolutionis always
requiredbut no guaranteegan be given on the available
runtime),thenMC2 is unattractve.

5.5 The parametric designtask

We now turn to a very differenttype of task, namelythe
taskof parametridesign.In this taskwe aregivena setof
parameterandasetof constraintsandhave to computean
assignmentor eachparametesuchthattheseassignments
areconsistenwith the givenconstraints.

Slightly moreformally:

PARAMETRIC-DESIGNPs Cs) = S, with
S= {(R,V)|P € Ps} Aconsisert(CsS).

In the next two sectionswe give two problemsolving
methoddor performingthis parametrialesigntask.

5.6 Param. designby constraint clustering (XCON)

XCON [McD82] is a methodfor parametriadesignbased
on a particularorganisatiorof constraints.The constraints
aredividedin clusters.Theconstrainsvithin aclusterhave
muchmutualdependenciesut no dependenciesxist with
constraintsn otherclusters.Thismakesit possibleo solve
the problemin separatesteps,with backtrackingoccuring
only within eachstep(namelypercluster),andnotbetween
steps.An exampleof suchstepsin the XCON application
(configuringVAX mainframecomputerdor Digital) are:

1. maketheordercomplete

2. configurethe set of componentgor the CPU cabi-
net(s)

3. configurethe setof componentgor the Unibus cabi-
net(s)

4. configurethe panelsfor the Unibus cabinet(s)

5. configurethe spatiallayoutof the cabinets

6. configurethecabling

Theseareorderedasfollows:

2
/ pN
L = 6 = 6
pN /
® - 4
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This partialorderingcanbe usedto determineanexecution
order of the steps. The inputs of the XCON methodare
alist of constraintclustersandthe setof parametersThe
orderin thelist of clusterss assumedo respecthepatrtial
dependeng-orderingamongtheclusters.

The XCON methodsimply iteratesover the constraints
clusters,solveseachclusterseparatelyno detailsfor this
steparegivenin thedefinitionbelow), andaddstheassign-
mentsfoundfor eachstepto the currentoutput:

XCO\I(PS,[CSJ_,...,CSk])I
output = 0
for i=1to

[wntn 1]
do CurrentPs = rel evant ( Ps, Csj)

S={(P,Vi) | Pi € CurrentPs}
A consi stent (Cs, S)
output = output + S
done
return out put

Thegraduafunctionalityof XCON canbecharacterised
asfollows:

XCON-initial;
puted.

Initially no assignmentiave beencom-

XCON4(0,Ps [Cs,..]) = 0

XCON-dir ection: The set of assignmentghat is com-
putedgrows monotonically

XCONy(n,Ps[Csy,...]) C
XCONy(n+1,Ps[Cs,..])

XCON-rate: The maximal numberof newv assignments
for a clusteris the numberof relevantvariablesof the
constraintsn thatcluster Thisis a maximum,since
someparametermighthave beencomputedn earlier
steps(clusters). Becauseof the assumptiorof inde-
pendeng betweerstepssuchassignmentaever vio-
latethe constraintof the currentstep.

IXCONy(n+1,Ps[Cs,..])|—
| XCONy(n,Ps [Cs,..])| < [relevaniPs Csi+1)

XCON-end: The completefunctionality is obtainedafter
k stepswith k thenumberof constraintlustersn the
input.

n>k— XCONy(n,Ps[Csi,..,Cx]) =
XCON(Ps [Csi,-.,C«])

Theseaxioms determinethe performanceprofile, as
shavnin figure2a. Thegraphshavs a stepwisdncreasef
theoutputquality in k steps.
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[XCON(Pars,[Consl,...,Consk])|

k
Fig (a)

_|P&R(Pars,Cons)|

|Pars|
Fig (b)

Figure2: Performancerofile of XCON andP&R

5.7 Parametric designby proposeand revise (P&R)

Anotherwell known methodto obtainthe functionality of
parametricdesignis Propose& Revise (P&R). The P&R
methoditeratesover the setof parameters.In eachstep,
P&R takes a new parameternd proposesa likely value
for that parameter This new assignmenbecomegart of
the currentpartial design. If this partial designis consis-
tentwith the constraintsa next stepcanbe taken. If the
partial designviolatesthe constraintshenthe partial de-
sign will be revised suchthatit becomesconsistentwith
the constraints.After fixing the partial designthe process
continueswith the next parameter

PER([N, Ps, Cs):

output = 0
for i=1to | Ps|
do V; = propose(output, P
out put = output = (P, V)
i f —consistent (Cs, out put)
t hen out put = revise(Cs, out put)

done
return out put

Thismethodusesddomainknowledgein theproposestep
andin therevisestep,whereaghe XCON methodusesdo-
mainknowledgein theway the constraintareclustered.

For XCON we usedthesetof assignmentasthequality
measurdor thecomputation This sameameasureannotbe
usedfor P&R. Unlike XCON, P&R assignmenti earlier
stepamighthaveto berevisedin latersteps. As aresult,the
setof assignmentdoesnot grow monotonically violating
thesecondZilbersteinproperty For thisreasonye usean-
otherquality measurdor P&R, namelythe setof assigned
parametersnsteadof the setof assignmentgie parame-
tersplus their values). This setdoesgrow monotonically
sinceparametermightberevised,but onceassignedapa-
rameteris never left without a valuein later stagesof the
compuation.

P&R-initial: Initially no assignmentshave been com-
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puted.
P&R;(0,PsCs) =0

P&R-dir ection: Unlike XCON, the set of assignments
doesnotgrow monotonicallyin P&R, butthesetof as-
signedparameterdoes(assignegharametermightbe
revised). Theset{R|(P,Vi) € P&Ra(n,Ps Cs)} con-
tainsall parametershat have beenassigned value
aftern steps.Themonotonicgrowth is then:

{R|(P,Vi) € P&Rs(n,PsC9)} C
{RI(R,V) € P&Ra(n+1,PsC9)}

P&R-rate: P&R iteratesoverthesetof parameterghere-
fore eachstepyields exactly one additionalassigned
parameter:

{R|(P,Vi) € P&Ra(n+1,PSC9}| =
I{R|(P,Vi) € P&Ra(n,Ps C9)}| +1

P&R-end: The methodneedsas mary stepsasthereare
parameters:

n> |PY = P&Ry(n,Ps Cs) = P&R(Ps Cs

Theseaxioms determinethe performanceprofile, as
shawvn in figure 2b. The setof assignegarametergrows
ataconstantateduringthe computation.

Concerningaxiom[P&R-direction]: This axiomallows
that partial assignmentsre not a subsetof the final as-
signments(ie partial assignmentsre allowed to be un-
sound). However, in the VT applicationwhich usedthe
P&R method,it turnsout thatthe domainknowledgeused
in the proposestepis sogoodthatrevision is almostnever
needed: on test-casesvith 1000-2000parametergand
thereforeasmary proposesteps)therewereonly somelO-
20violations(andthereforeasmary revisionsteps)je only
1% of the proposedvalueswerewrong [MSM88]. Thus,
althoughthe soundnes®f XCON'’s approximationgex-
presseddy XCON's axiom [XCON-direction]) cannotbe
guaranteedbr P&R, in practiceP&R comesvery close.
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Usingthe performanceprofiles

Again, the performanceprofilesfor the differentmethods
canbeusedfor selectinghemethodsrom alibrary. It fol-
lows from axioms[XCON-end]and[P&R-end]that P&R
divides the processin |Pq steps,and XCON in k steps
(k the numberof constraintclusters). Since every clus-
ter will assignat leastone additionalparametgrwe have
|P9 > k, soP&R dividesthe processn muchsmallersteps
thenXCON. If it is importantthat new solutionsare pro-
ducedat a constantrate during the computationprocess
(e.g. becausef interfacerequirementsvith usersor other
programs)then P&R is more attractve from an anytime
perspectie.

5.8 The consistencybaseddiagnosistask

In consisteng-basedliagnose$Rei87]we aregivenathe-
ory describingthe intendedbehaiour of a system(called
the systemdescription, SD), andsomeobsenationsof the
systemsactualbehaiour, Obs A diagnosigproblemexists
when Obsis inconsistentith SD (ie. the systemis ob-
senednotto functionasintended).Thegoalis to compute
aminimal setof component®iag which can”explain” the
abnormalbehaiour, ie. assuminghatthesecomponents
are abnormalsuficesto make Obs againconsistentwith
D.

DIAGNOS §(SD, Obg = Diag
suchthatconsisert (SD U Obs Diag)

5.9 The GDE method

The bestknown PSM for this methodis the GDE method
[dKW8T]: It first computesso called conflict-sets. A

conflict-setis a setof componentsvhich, giventhe obser

vations,cannotall be correct,ie atleastonecomponentn

eachconflictsetmustbepartof thediagnosis After having

computedall minimal conflict-sets,GDE thenusesthese
conflict-setsto computeso called hitting-sets. A hitting-

setis a setof componentghat containsat leastone ele-
mentfrom every conflict-set.It follows thateachminimal

hitting-setis a diagnosis.

Pos[Pos93]hasshavn how this canbe turnedinto an
anytime algorithm,namelyby only computingtheminimal
conflict-setssetsup to a maximumsizen insteadof com-
puting all minimal conflict-sets,and then computingall
minimal hitting setsfor this limited collectionof conflict-
sets.Thisanytime versionof GDE is asfollows:

GDE([n, [SD, Qbs):

Cs = a m nimal conflict-sets C
with |[C|] < n
output = all mininmal hitting sets for Cs

return out put

The gradualfunctionality of GDE canbe characterised
asfollows:

A.tenTeije, F. vanHarmelen

GDE-initial: Initially nodiagnosesrrecomputed.

GDE,(0,SD,0bg = 0

GDE-direction: For every diagnosisfrom stepn, there
will be a supersetdiagnosisin stepn+ 1, in other
words: individual diagnosegrow monotonicallydur-
ing thecomputation:

D € GDEx(n, SD, Obs)
—3D':D C D' AD' € GDE(n+1,SD,0by

GDE-rate: Unfortunately we have not beenableto esti-
mateby how muchindividual diagnosegrow when
the maximumesize of the conflict setsincreasedy 1.
Thus, in the following expressionwe have no value
for m,

D € GDEy(n,SD,0b9A

D’ € GDE4(n+ 1,SD,0bgA
DcD

— [D'|—|D|>m

GDE-end: Againunknovn. We have notbeenableto give
areasonablhgharpupperboundn the maximumsize
of the conflict setsthatis requiredto computeall di-
agnosesOf course aftersomevaluek, the algorithm
will computeno morediagnosegsinceall have been
computed)put we do notknow thevalueof k:

n > k — GDEa(n, SD,0BS = GDE(SD, Obg

Becauseof the unknowvn parametersn axioms[GDE-
rate] and [GDE-end], we are not ableto give a graphical
renditionof the performanceprofile for the GDE method.

6 Conclusions& Future Work

Conclusionsin the KE literature,libraries of PSMshave
beenindexed usingfunctionaldescriptionsandknowledge
requirements.In this paper we have proposedhe useof
non-functionapropertiegin ourcasearytimeperformance
profiles)asalibrary index for PSMs.

We have given axiomatic descriptionsof anytime be-
haviour of PSMs. This is unlike existing work on arnytime
algorithms which obtainsperformanceorofilesby simula-
tion andmeasurementSuchempirically obtainedprofiles
aredependenotn the quality of the simulationswhich are
often expensve, andalsonot very reliable sincethey de-
pendon the particularinput distribution usedfor the simu-
lations. On the otherhand,our axiomaticdescriptionsare
often limited to giving an upper or lower-boundon the
rateof the quality improvementwhereasmpiricalperfor
manceprofilesdo obtainvaluesfor theimprovementate.

In orderto makeit easierfor library buildersto give ac-
tual performancerofilesfor thePSMsin theirlibraries,we
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have given guidelinesfor constructingsuchan axiomatic
descriptionseachdescriptionshouldconsistof four state-
mentsdescribingnitial behaiour of the PSM,directionof

quality changerateof quality of changepertime unit and
the time at which the optimal output quality is obtained.
Thisregularity in thedescriptiornof thedynamicbehaiour

of PSMsconfirmsa hypothesisput forwardin our earlier
work [GtTvH99].

Our axiomatic descriptionof performanceprofiles is
basedn ourearlierandmoregeneraproposafor describ-
ing gradualpropertiesof PSMs[vHtT98]. It turnsoutthat
performancerofilescanbedescribedn ourframawork for
describinggraduabropertiesThiswasnotobviousbefore-
handbecaus¢heframevork mustbeusedn aslightly non-
standardvay. It wasdesignedo dealwith functionalprop-
erties (I/0O-pre/post-conditions)ywhile anytime behaiour
is anon-functionaproperty(concerningalsothe computa-
tion time, andnotonly thel/O relation).

Future Work In theaxiomsin this paper we give only
upper or lowerbounddgor therateof quality improvement
(thethird axiomin ourgenerakcheme)in particularwhen
theseratesarebasedn the quality of heuristicknowledge.
Insteadof suchupper and lowerboundswe would like
to give more preciseexpectedvaluesfor the improvement
rate,basedon the quality of the heuristic. For example,in
MC1 the solution setincreaseswith at mostone element
eachcomputatiorstep. However, it is easyto seethatas-
suminga uniform distribution of solutionsover candidate
set, the expectedrate of increaseone elementfor eachk
steps(k the numberof candidateslivided by the number
of solutions). Furthermoreusing a heuristicorderingof
thecandidateset,we canexpectoneadditionalelementor
eachk(n) stepswith k(n) aincreasingunctionof n. We
have currently no formal framework in which to express
theseandsimilar statements.

Wewould alsolik e to studywhich arytime behaiour is
more attractve underwhich circumstancesFor example,
it is clearthatdividing a givenruntimein a large number
of smallstepsis moreattractve thandividing it in asmall
numberof large steps(compareXCON, fig 2a and P&R,
fig 2b). Lessclearis thequestiorwhetherthe behaiour of
MC2 is moreattractve thanMC1 (becauséMC2 usedess
totalruntime)or whetheMC1 is moreattractve thanMC2
(becaussts quality increaseis more evenly divided over
thecomputatiortime). To our knowledge theliteratureon
arnytime algorithmshasnottackledthis questioruntil now.

Finally, in [GtTvH99] we have developedsomesimple
techniquesor proving dynamicpropertieof KBS, andwe
usedthe interactive theoremprover KIV [Rei95] to verify
a simple PSM (in fact, MC1). All the formal definitions
in this paper(both programcodeand axioms)have been
givenin asyntaxalreadyery closeto thatusedn theKIV
systems.We expectthat our techniquesanbe appliedto
verify the axiomaticarytime descriptiongivenin this pa-
per, yieldingmachine-assistddrmal proofsof theanytime
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behaiour of realisticPSMs.
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