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Abstract. We malke useof aprobabilisticmodelin orderto formal-
ize the basicassumptiorunderlying case-basedeasoning(CBR),
suggestingthat “similar problemshave similar solutions’. Taking
this modelas a point of departure we proposea similarity-guided
inferenceschemen which case-baseevidenceis representeth the
form of belief functionsover the setof solutions,andin which the
combinationof evidencederived from individual casess considered
in the context of informationfusion. Our approachis meantto sup-
portthe overall procesof problemsolving by estimatingthe quality
of potentialsolutions.Besidesijt revealsthat probabilisticmethods
andrelatedtechniquegrom thefield of reasoningunderuncertainty
provide a corvenientframevork in which partsof the CBR method-
ology canbeformalized.This framewvork seemgarticularlysuitable
sinceit allowsfor takingthe heuristicand,henceuncertaincharacter
of case-baseproblemsolvinginto account.

1 INTRODUCTION

The" CBR hypothesis'which, looselyspeakingsuggestshat“sim-
ilar problemshave similar solutions), is a majorassumptiorof case-
basedreasoning CBR), anda guiding principle of therelatedprob-
lem solvingmethodology{14]. Recently someattemptsat formaliz-
ing this hypothesisn a systematiovay and,thus,at makinganim-
portantsteptowardatheoreticafoundationof CBR have beenmade
[8, 12, 15]. The probabilisticformalizationadvocatedin [12] takes
into accountthatthe CBR hypothesisshouldbe understoodnot as
a universallyvalid rule, but ratherasa “rule of thumb” which only
holdstruein ageneraway:. In fact,a probabilisticmodel,according
to which similar problemsare (at most)likely to have similar solu-
tions, canbe seenasa morefaithful descriptionof this assumption.
Particularly, it still allows for “exceptionsto the (CBR) rule”

In thispaperwe puttheprobabilisticframenork of [12] into acon-
crete(similarity-based)nferenceschemeOur approaclamountgo
representingxperiencefrom a previously encounterectasein the
form of a belief function characterizinghe solutionto a new prob-
lem. The combinationof individual piecesof evidencederived from
several casescan thus be consideredn the context of information
fusion

By putting emphasion CBR asa prediction method[8, 9], the
framework in [12] essentiallyconcernsthe REUSE processwithin
the (informal) R* modelof the so-calledCBR cycle [1]. In orderto
point out the restrictionto a certainaspectof CBR, we shall refer
to the approachproposedn this paperassimilarity-basednference
(SBI). The latteris closelyrelatedto lazy learningalgorithms|[2],
particularlythosewhich arederiatives of the k-NEAREST NEIGH-
BOR (kKNN) classifiel[6]. Yet,therearealsoimportantmethodologi-
caldifferencesBesidesSBI is notintendedasaspeciaperformance
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tasksuchas,e.g.,classificatioror functionlearning.

Theremainingpartof the paperis organizedasfollows: The next
sectionbriefly reviews the probabilistic framevork introducedin
[12], andextendstherelatedconcepbf a probabilisticsimilarity pro-
file. In Section3, we proposeo look at casessinformationsources,
andto considerSBI asa problemof informationfusion. Basedon
this interpretation,a methodof processingcase-basedvidenceis
discussedn Section4 and Section5. The paperconcludeswith a
brief summaryandsomeremarks.

2 A PROBABILISTIC FRAMEW ORK

The primitive conceptof a caseis thoughtof asatuple consistingof
asituationanda resultor outcomeassociateavith the situation?

Definition 1 (SBI setup) An SBI setup is a 6-tuple ¥ =
{(8,us), R, p,08,0r, M), whee § is a finite set of situations
endowedwith a probability measue ps (on 25), R is a setof re-
sults,and¢ : § = R assignsresultsto situations.Thefunctions
os :8x8 = [0,1]andor : R x R — [0, 1] define(reflexiveand
symmetriclsimilarity measuesover the setof situationsandthe set
of results respectivelyM is a finite memory

M = ({s1,71),{s2,72), ... ,{Sn,7n)) 1)

of casesc = (s, (s)) € S x R. LetDs = {os(s,5') | 5,5 € S}
andDz = {or(p(s),¢(s')) | s,s' € S} denotethesetsof actually
attainedsimilarity degrees.

Theprobabilitymeasureus in Definition 1 modelsthe occurencef
casesThus,it is assumedhatsituationsarechoserrepeatedlyand
independentlyjccordingo us .2 Thiskind of statisticalassumption
(onthedistribution of training sets)is typical of machindearning.
Even thoughwe assumehat situationsdetermineoutcomesthe
derivation of resultsmight involve a computationallycomple pro-
cess.In this connection,we understandsimilarity-basedinference
as a methodsupportingthe overall processof problemsolving by
bringing plausibleresultsof a new situationinto focus. Thus,given
an SBI problem(X, so) consistingof a setupX anda new situation
so € 8, thetaskis to predicttheresultro = ¢(so0) associateavith
so. Tothisend,SBI performsaccordingo the CBR principle: It ex-
ploits experiencan theform of precedentasego whichit “applies”
backgroundknowledgein theform of theheuristicCBR hypothesis.

2.1 Probabilistic Similarity Profiles

Considemproblem(X, so) with amemory(1) of casesAccordingto
thestochastioccurencef situationsthesequencés, . .. , sx, s0)

2 For reasonsf generality theseexpressionsarepreferredto the commonly
usedterms“problem” and“solution”
3 M is henceasequencef notnecessarilgifferentcases.



can be seenas the realizationof a randomsequencef situations

(S1,...,8n, So) whichis characterizetby the probabilitymeasure
(us)" " T ps O ps ® ... Ops. @)
n +Ttimes
This measure defines the (discrete) probability space

(8™ (us)™*") underlyingthe SBI problem.

In accordancevith the CBR hypothesisSBI is particularlycon-
cernedwith modelling the (similarity) relation betweenpairs of
casesThus,we shall pay specialattentionto (2) with n = 1. The
moregeneralkcasen > 1 andtherelatedproblemof combining(un-
certain)evidenceobtainedfrom differentcaseswill be discussedn
Sectionb5.

Considerarandomtuple (S, S’) € § x S of situations.Theran-
domvariableZ = (X,Y), with X = o5(S, S’) beingthe similarity
of thesituationsandY = o (p(S), ¢(S’)) denotingthe similarity
of the associate@utcomesjs thendefinedon the probability space
(8 x 8, ps ® ps) asthemapping

(87 sl) = (05 (87 51)7 UR(‘P(5)7 ‘P(s’))) .

Letpz = Z(us ® ps) betheinducedprobability distribution on

Ds x D anddefinethemaninaldistributionsux on Ds anduy on

Dy in thesameway. We write s (s) insteadof ps({s}) fors € §.

We also use notationssuchas (X = z) for events X ~'(z) and

By x=z) = Y{((us ® ps)(-| X~ '(z))) to denotecorresponding
conditionalprobabilities.

Definition 2 (probabilistic similarity profile) Consider an SBI
setup® and let P(Dx) denotethe classof probability measues
over Dz . Thefunction

Hs : Ds — 'P(DR), T = Py |(X=x)
is calledthe probabilistic similarity profile (PSP) of 3.

The PSP Hs isintendedasacharacterizatioof thesimilarity struc-
ture of the systermunderconsideration(S, R, ¢). For eachdegreeof
similarityx € Dg, it specifieghe probabilitydistribution of thesim-
ilarity of results,i.e., of therandomvariableY’, giventhe similarity
of two situationslt thusgivesaprecisemeaningo the CBR assump-
tion that“similar situationsarelikely to have similar outcomes. In
fact,it clarifiesthe meaningof “lik ely” in termsof probability distri-
butionsanddepictsits dependenconthe similarity of situations.

A PSP is aglobal modelof a similarity structurein the sensehat
it appliesin the sameway to all (pairs of) cases.The strongerthe
similarity structureis developed,the more informative this model
will be. In fact, the PSP provides a preciseidea of the extent to
whichthe CBR hypothesidoldstruefor the systemunderconsider
ation? However, quite oftenthe CBR assumptiorwill not be satis-
fied equallywell for all partsof theinstancespaceS x R.5 In such
situations the PSP might be misleadingin the sensehatit pretends
too muchprecisionfor the “critical” regionsandtoo little for those
regionswherethe CBR assumptiorholdsfairly.

Onepossibilityof avoiding this problemis to partitionthesetS of
situationsandto derive respectie local models. However, sincegp is
generallyunknavn, the definitionof sucha partitionwill notalways
be obvious, all the moreif § is non-numericalHere, we consider

4 This quantificatiormightbecarriedevenfurtherby consideringnformation
measuresor the probability distributionsassociateavith a PSP.

5 In agameplaying contet, for example,the CBR principle hardly applies
to certain“tactical” situationg16].

a secondpossibility namelythat of maintainingan individual sim-
ilarity profile for eachcasein the memory This approachis some-
how comparableo the useof local metricsin kNN algorithmsand
instance-basel@arning,e.g.,metricswhich allow featureweightsto
vary asa function of the instance[18]. It leadsus to introducethe
concepbf alocal similarity profile.

Definition 3 (local similarity profile) Consider a fixed situation
s € &, andlet S be distributed accoding to ps. Moreover, let
Xs =05(s,9),Ys = or(p(s), p(S)). Thelocal probabilisticsim-
ilarity profile associatedvith s, or s-PSP, is definedas

Hy : Ds = P(DR), T+ Py, |(X,=z)-

A collection HY' = {H$ | (s, ¢(s)) € M} of local profiles is
calledalocal M-PSP.

Oneverifiesthatthe (global) PSP (cf. Definition 2) is a (pointwise)
weighted averageof the local profiles associatedwith individual
cases:

Vz € Ds : Hs(z) x Za(s,x) - Hs\(z),
sES

where Hx;, denoteghe PSP of a setup3, and H; is the local PSP
associateavith s € S. Moreover, a(s, z) = ps(s) - [Xs(us)](z)
forall s € S, whereX; : § — Ds denoteshe mappings’ —
os(s,s').

2.2 Probabilistic Similarity Hypotheses

Of course,knowledge aboutthe (local) PSP of a certainsetupX®
will generallybeincomplete This motivatestherelatedconcepibf a
similarity hypothesiswhichis thoughtof asanestimationof a PSP.
It canhencebe seenas an expressionof the CBR hypothesisat a
formallevel.

Definition 4 (similarity hypothesis) A probabilistic similarity hy-
pothesisds identifiedby a functionH : Ds — P(Dx). Alocal M-
hypothesiss a collection H** of hypothesedl® : Ds — P(Dxg)
relatedto cases(s, ¢(s)) € M.

Maintaininga local M-hypothesisseemsparticularly reasonabléf
only few casesarestoredin the memory The estimatiorof local hy-
pothesed??® will thenbe practicablegventhoughit is computation-
ally more expensve and doesgenerallyrequiremore datathanthe
(reliable)estimationof aglobalprofile. Notethata globalhypothesis
H canreasonablgene asa prior estimationH®* whenstoringanewv
case(s, r) in thememory Furtherobserationscanthenbe usedfor
adaptinghis (local) hypothesigo the situations.

A similarity hypothesiscan originate from different sources.
Firstly, it might expressa quantificationof the CBR assumption
basedon some(domain-specifichackgroundcknowledge.Secondly
it isanaturalideato considetheacquisitionof hypotheseasaprob-
lem of case-basedkarning i.e., to learnhypothese$rom obsered
(pairsof) casesThis way, SBI combinesinstance-basetkarning
which essentiallycorrespondgo the organizationof a memory of
casesand model-basedearning namelythe learningof similarity
hypotheseswithin theprobabilisticsettingof this sectionthelearn-
ing of hypothesexomesdown to estimatinga classof probability
distributions,and canhencebe consideredn the context of statisti-
calinferencelnterestinglyenoughaBayesiarapproacktanbeused



for contbiningthetwo aforementionedpproachestakingaprior es-
timationasa point of departurea similarity hypothesiss improved
in thelight of obsered data.Sincethe problemof case-basebtarn-
ing is not addressedh this paperwe shall subsequentlassumehe
existenceof a similarity hypothesisvithout scrutinizingits origin.

Now, consideran SBI problem (X, so) andlet H be a hypoth-
esisrelatedto the similarity profile Hs. Moreover, let {(s,r) bea
casefrom the memory M. Knowing the similarity of situations,
z = os(s, s0), thehypothesisH allows for characterizinghe (un-
known) similarity of outcomesg®(r,ro), by meansof therandom
variableY ~ H(z). At this point, two characteristigropertiesof
SBI becomeolwvious. Firstly, SBI is indirectin the sensethat pre-
dictionsof outcomesareonly obtainedn a secondstepfrom predic-
tions of similarity degreeswhich arederivedfirst. This necessitates
the transformationof distributionson Dy into distributionson R.
Secondly SBI is local in the sensethat a PSP (just asthe CBR
hypothesistself) supportsthe derivation of predictionsfrom single
casesGiven a memoryof several casesthis calls for the combina-
tion of probabilisticevidenceobtainedrom individual obserations.
Thetransformatiorandcombinatiorof evidencewill bediscussedh
Sectiond andSection5, respectiely.

3 CASESASINFORMATION SOURCES

The combinationof probabilisticevidencein connectionwith SBI
can be consideredn a more generalcontet, namelythe parallel
combinatiorofinformationsources Theproblemof combiningcon-
currentpiecesof (uncertain)evidencearisesin mary fields suchas,
e.g., robotics (sensorfusion) or knowledge-basedystems(expert
opinionpooling),andit hasbeendealtwith in a probabilisticsetting
[11] aswell asalternatve uncertaintyframenorks[5]. The combina-
tion of evidencederived from individual casess perhapshestcom-
paredto thatof expertopinion pooling: Eachcasecorresponds$o an
expert,andthe predictionof the unknavn outcomeassociateavith
acaseis interpretedasan expertstatementThetaskis to synthesize
thesestatements.

A generalframewvork for the parallelcombinationof information
sourceswhich seemssuitablefor our purposenasbeenintroducedn
[10]. A basicconceptwithin this framework is that of animperfect
specificationLet 2 denotea (finite) setof alternatves,consistingof
all possiblestatef anobjectunderconsiderationandletwy € Q2 be
the actual(but unknavn) state. An imperfectspecificatiornf wo is a
tupleI’ = (v, pc), wherepc is a probability measurever a (finite)
setC of specificationcontexts andy is a function ¢ — 29.° The
problemof combiningevidenceis thendefinedasgeneratingneim-
perfectspecificatiorl” from n imperfectspecificationd™y, ... ,I'n,
issuedby n differentinformationsources.

From a semanticapoint of view, a specificationcontet ¢ € C
canbeseenasaphysicalor obsenation-relatedramecondition,and
~(c) is the(mostspecific)characterizatioof wo thatcanbeprovided
by theinformationsourcein the contet ¢. Thevaluep¢(c) canbe
interpretedasan (objective or subjectve) probability of selectinge
asa true context. An imperfectspecificationis thus able to model
imprecisionaswell asuncertainty Themeasure ¢ accomplishethe
consideratiorf (probabilistic)uncertaintyMoreover, themodelling
of imprecisionbecomegpossibledueto thefactthat~ is aset-valued
function.

6 Formally, animperfectspecificatioris nothingbut a set~aluedmappingon
a probability space a well-knovn conceptin connectiorwith randomset
approachef7].

4 TRANSFORMATION OF EVIDENCE

Accordingto the indirect approactrealizedby SBI, evidencecon-
cerningoutcomesis derived in two stageswherethe secondstep
consistf translatingevidenceconcerningsimilarity degreesgiven
in theform of probability measuresnto evidenceaboutresults.

Considera probability measurey = H(os(s, so)) over Dg
which hasbeenderived from a case(s,r}), and which is taken as
evidenceconcerninghe similarity between andthe unknavn out-
comery = ¢(s0). Wheninterpretingthis caseas an information
sourcel’ = (v, pc), the setof specificationcontets is given by the
setof possibledegreesof similarity y = oz (r,ro). Thatis,

C = Dg,
1) = o5 (r0), ®)
pC(C) = /,I,(C),

wheres$; V(r,c) = {r' € R|ow(r,r') = c}forallc € C. Theset
~(c) is obviously themostspecificrestrictionof ¢(so) whichcanbe
derivedfromthecase(s, r) in thecontet ¢, i.e.,fromtheassumption
thator (¢(s), ¢(s0)) = ¢ andthefactthaty(s) = r. Obsere that
we may have ¥{(c) = @ for somec € C, which meansghatc¢ cannot
beatruecontet andthatI' is contradictory{10]. It isthennecessary
to replacel’ by arevisedspecificationl” = (v, pcr). Thelatteris
definedby

ol = {ce C|v(c) # 0},
¥() = (),
por(d) = k- po(c)

for all ¢ € C’, with k beingthe normalizationfactos i.e.,

>

ceC :y(c)#0

1/k = polc). (4)

Subsequentlythe imperfect specificationassociatedwith a case
(s, r) will awaysreferto thealreadyrevisedspecificatior.

Obsere thatthe imperfectspecificationl* thusdefinedis closely
relatedto the conceptof a massdistribution in the belief function
setting[17]: Let m : 2% — [0, 1] be a massdistribution over a
set€, i.e., m(@) = 0 and)_ , ., m(4) = 1. Moreover, let A =
{A41,...,An} = {4 C Q|m(4) > 0} denotethe (finite) set
of focal elementsWe canthenassociaten imperfectspecification
I’ = (v, pc) with m:

C = {C1,...,cm},
’)’(Ck) = Ak7
poler) = m(Ag)

forall1 < k < m. Theotherway round,eachimperfectspecifica-
tionT = (v, pc) inducesan (information-compresséjirepresenta-
tion in theform of amassdistribution m, where

>

ceC:v(c)=A

m(A) = pole) (5)

forall A C © andm(A) > 0 for afinite numberof focal elements.
By makinguseof the relationbetweerthe massfunction (5) and
theimperfectspecification(y, pc) associatedvith a case(s, ¢(s)),

7 We disregardcasedor which (4) is notwell-defined.
& A massfunctiondoesnot definea uniqueimperfectspecification.



theevidenceaboutthe outcomep(so) derivedfrom (s, ¢(s)) canbe
representedn the form of a belief function Bel and an associated
plausibility function Pl over R, where

Bel(4)= Y m(B), Pl(4)= >  m(B)

BCA BNA#£D
forall A C R. Bel(4) andPI(A) definedegreesof belief andplau-
sibility thaty(so) is anelementof A, respectiely. Thesevaluescan
alsobeinterpretedaslower andupperprobabilities Sincetheimper
fect specificationand, hence the massdistribution associatedvith
(s, p(s)) is derivedfrom the outcomep(s) andthe probabilitymea-
sureH (os(s, s0)), theabove belief functioncorrespondso atrans-
formationaggl) which is now a mappingR x P(Dxr) — F(R),
whereF(R) denotessay the classof normalizeduncertaintymea-
suresover R:

Bel = Bel(H, s0) = o5, (¢(s), H(os(s, 50)))

This transformatiordefinesa generalizatiorof 0551) in (3).

LetT' = (v, pc) betheimperfectspecificationinducedby a case
(s, ¢(s)). Theapplicationof agenerlizedinsuficientreasorprinci-
ple[19] malesit possibleto characterizep(so) by meansof a prob-
ability measurér over R. Thelatteris definedby

' [AN~(c)|
Pr(4) = [4n1(9)]
cEC:E%%nA#m |7(C”

for all A C R, where|X| denoteghe cardinalityof thesetX. This
measuras alsocalledbettingfunction atermreferringto the useof
(6) in the contet of decisionmaking[19].

po(e) - (6)

5 COMBIN ATION OF EVIDENCE

After having discussedhe transformatiorof probabilisticevidence,
let us now turn to the problemof combiningevidencefrom several
cases.Thatis, supposewe are given n imperfectspecificationsof
theunknawvn outcomeyp(so), which have beenderivedfrom amem-
ory M of n casegs1, ¢(s1)),. .. , {sn, p(sn)) in connectionwith a
probabilisticsimilarity hypothesisH. Thetaskshallbeto aggreate
thesepiecesof evidence®

Supposehe similarity betweeny(so) and(s) to be given by
Yi, 1.€.,

V1<k<n: or(p(so), p(s£)) = ye- (M
We canthenderive the predictiong(so) € @y, 41(s0), where
Gumlso) = [ oV (elsi),yi) ®)
1<k<n
andy = (y1,...,yn). This correspondgo a conjunctivecombi-

nation of the individual predictions<77(€1)(<p(sk),yk). Within our
probabilisticsetting,the vectory of similarity degreesis actuallya
randomvariableY = (Y3,...,Y,), andtherelatedprediction(8)
canhencebeseerasarandomset@y,am (so). Thisideacomesdowvn
to consideringthe n casesas oneinformation source,inducingthe
imperfectspecificatio® = (v, p¢), where

c = (Dr)%,
e = plo), 9)
YO = NMicpen v ((58), k)

9 Of course,one might think of utilizing only a limited numberof k < n
cases.

forall¢ = (e1,...,¢n) € C. The measureu correspondso the
joint probability over (D% )™ characterizinghe occurenceof simi-
larity vectorsy, i.e., u(y) is theprobability of the event (7).

Treatingn casesasoneinformationsourcein the senseof (9) is
an obvious way of combining evidence.What males things diffi-
cult, however, is the fact that the joint probability measures over
(D)™ and,hencetheprobabilitypc in (9) aregenerallynotknown.
It is alsonot possibleto derive p from the informationprovided by
a PSP, which informs aboutthe (conditional)distributions of indi-
vidual similarity degrees:A PSP specifiesthe (unknavn) similar
ity y betweenp(so) andy(si) by meansof a probability measure
Yi ~ py|(x=cg(s0,s5)), 9iventhe similarity of the respectre sit-
uations.The randomvariablesY;, (1 < k < n), however, are not
stochasticallyindependentNeedlesgo say anextendedprobabilis-
tic model providing the requiredinformationwill generallybe in-
tractabledueto the hugenumberof joint measure# would have to
specify

If knowledge aboutthe dependeng structureis incomplete,the
mostreasonablevay of combiningevidenceis to definethe aggre-
gatedimperfectspecificationas the corvex combinationof the in-
dividual imperfectspecificationd? Let 'y, = (%, pc, ) denotethe
imperfectspecificatiorassociatedvith the case(sg, ¢(sx)), where

Ck = {k} X DR,
(@) = a5V (esk), k),
Doy (c) = MY |(X=0g(s0 75k))(yk)

for all ¢ = (k,yx) € C. Thus,anelementc = (k,yx) specifies
the contet in which the kth caseis consideredand the similarity
betweenthe correspondingoutcomey(sz) and the unknavn out-
comery is given by yi. The cornvex combinationI’ = (v, pc) of

T'i,..., Iy isthendefinedby C = Ci U ... U C, and
o) = o), (10)
polc) = ak po(o)

foralle € Cp,wherear > 0(1 <k <m)anda; +...+an = 1.

Obserethatthesetof specificatiorcontextsin (10)is givenby the
unionof theindividual contets, whereast is definedasthe product
in (9). In fact, the corvex combination(10) doesnot considercom-
binedevents(7) sincethe probabilitiesof theseeventsareunknavn.
Rather the incompletespecification’ shouldbe interpretedasfol-
lows: First, oneof the n casedn the memoryis chosenat random,
whereqy, is the probability of selectingthe kth case.Then,theim-
perfectspecificationrassociatedvith the selecteccaseis considered,
andone of the contets of this specificationis chosenaccordingto
the correspondingprobabilitymeasure.

An importantquestionin connectiorwith the combinationof ev-
idenceconcernsthe determinationof the weightsay. An obvious
possibilityis to definethemasnormalizeddegreesof similarity, i.e.,
ar = os(so0, )/ >y gs(so0, s.), which is commonpracticein
locally weightedapproximatior{4] andinstance-basegredictionof
numericvalues[13]. However, onemightalsothink of moresophis-
ticatedapproachewhichtake,say the“typicality” or “reliability” of
individual casesnto account.Thelattermight be estimatede.g.,by
comparingthe predictionsobtainedfrom a caseto actuallyobsered
outcomesn asequencef inferenceproblems.

Now, consideran SBI problem (X, so). Let my(H,so) and
Bel,(H, s0) denote,respectiely, the massdistribution and belief

10 Othertypesof aggrgationsuchas,e.g.,conjunctie or disjunctive pooling
might be reasonablaswell. This, however, presupposespecialassump-
tionsaboutthe dependengcstructure[10].



functioninducedby the kth case(sg, ¢(s%)} which correspondso
the kth specificatio';. Thatis,

Belx(H,50) = 0 " (p(sk), H(os (50, 5))) ,

with H beinga hypothesigelatedto Hs. The correspondindunc-
tion Bel associatedvith the corvex combination(10) is thengiven
by

Bel(H, M, s0) = » _ ay - Bely(H, o). (11)
k=1

In plainwords,combiningevidenceattheinstancdevel comesdown
to deriving the corvex combinationof the belief functionsinduced
by individual casesvherethe weight of a casedependn charac-
teristicssuchas,e.g.,similarity, typicality, or precision.Obsere that
the global hypothesisH in (11) is replacedby the local hypotheses
associatedwith the respectie casesif SBI proceedsrom a local
M-hypothesedH*:

Bel(H™, M, s0) = > a - Bely(H"*, 50)
k=1
Given a setup with memory M, a prediction(11) can princi-
pally bederivedfor all situationsin §. Thisway, thesimilarity-based

inferenceschemecan be generalizedo a “belief function-valued”
approximatiorof o:**

Pam: S > F(R), s— Bel(H,M,s).

Of course,it is not necessaryo derive a prediction(11) for those
situationswhich have alreadybeenobsered and are storedin M,
sincethe correspondingoutcomecan simply be retrieved from the
memory Thatis, $z,1 shouldactuallybedefinedas

(s,0(s)) e M
(s,0(s)) g M’

whereBelg )1 (A) = 1 for A O ¢(s) andBelg,((4) = 0
otherwise.

Beltyyy  f

SzH’M(s)z{ Bel(H, M, s) if

6 CONCLUDING REMARKS

We have proposedageneraframeavork of similarity-basednference
whichcombinegprinciplesandconceptgrom instance-baseeason-
ing andreasoningunderuncertainty:Obsered casesare evaluated
againstthe backgroundof the heuristicCBR hypothesiswhich is

formalizedby meansf aprobabilisticmodel. Thisway, theavailable
case-basedvidenceconcerningsay the solutionto a new problem
is quantifiedin the form of a belief function over the setof candi-
dates SBI thussupportgheoverall procesf (case-based)roblem
solving by providing a (preliminary) estimationof the suitability of

potentialsolutions.

A probabilisticapproachio SB1 seemsappealingrom severalper
spectves.Firstly, it providesanadequatdormalizationof the CBR
hypothesissinceit emphasizeshe heuristicnatureof this assump-
tion. In fact, characterizinghe belief in the unknavn solution by
meansof anuncertaintymeasureseemsnoreappropriatehansim-
ply giving a“point-estimatiori. Secondlya probabilisticmodelhasa
clearsemantidnterpretationwhethersubjectve or objective) which

1 This function correspondsomeha to whatis calledan extensionalon-
ceptdescriptionin instance-basel@arning[3].

seemsadwantageoudrom the viewpoint of knowledge representa-
tion. It alsofacilitatesmodelling and knowledge acquisitiontasks.

Thirdly, the probabilisticapproachmakesthe powerful methodolog-
ical framework of probabilisticreasoningndstatisticainferenceac-

cessiblgo CBR.

It hasalreadybeenmentionedhatour approachis relatecto (clas-
sificationor estimation)methodsasednthe NN principlesuchas,
e.g.,instance-basetkarning.It canbe seenas a generalizatiorof
suchmethoddn the sensehatindividual predictionsaregivenin the
form of belief functionsinsteadof, say preciseclasslabels.These
predictionsaresynthesizedby meansof alinearcombinationinstead
of, e.g.,majority voting. However, therearealsoimportantmethod-
ological differences Without going into detail, let us only remark
that mostinstance-basecthethodsmake use of the CBR hypothe-
sisby moreindirectmeanssomehuw takingits validity for granted.
As opposedo this, SBI fits anexplicit modelof the CBR assump-
tion, namelya probabilisticsimilarity hypothesisto the currentap-
plication,therebycombininginstance-basedndmodel-basedearn-
ing. Needlesgo say thattakingthe validity of the CBR hypothesis
into accountand pointing out the credibility of proposedsolutions
seemsindispensiblefor certainapplicationsof CBR suchas,e.g.,
experience-basekasoningn medicine.
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