Advanced Metricsfor
Class-Driven Similarity Search

Paolo AvesaniandEnricoBlanzieriandFrancescdricci
Istituto perla RicercaScientificae Tecnologica
ITC-IRST
via Sommarne, 38050Povo (TN), Italy
avesani@itc.itplanzieri@itc.it,ricci@sodalia.it

Abstract

This paper presentdwo metricsfor the NeaestNeigh-
bor Classifierthat shae the propertyof beingadapted,.e.
learned, on a setof data. Both metrics can be usedfor
similarity seach whentheretrieval critically depend®n a
symbolictarget feature. Thefirstoneis calledLocal Asym-
metrically WeightedSimilarity Metric (LASM)and exploits
reinforcementliearning techniquesfor the computationof
asymmetriowveights. Experimentson bendimark datasets
showthat LASM maintainsgood accuracy and achieves
high compessionrates outperformingcompetitorediting
techniqueslike CondensedNeaiest Neighbor On a com-
pletelydifferentperspectivehe secondnetric, called Mini-

mumRiskMetric (MRM) is basedon probability estimates.

MRM can be implementedusing different probability es-
timatesand performscompagbly to the Bayesclassifier
basedon the sameestimates.Both LASM and MRM out-
performthe NN classifierwith the Euclideanmetric.

1. Introduction

A CaseBasedReasoningCBR) systemderivesa solu-
tion to a new problemby adaptingpastsolutionsgiventhe
underlyingassumptiorthat similar problemssharesimilar
solutions. In the CBR cycle [1] (a loop of retrieve, reuse,
reviseandretainsteps)heretrieval phaseds devotedto find
thesimilar caseamongthe casesstoredin the casebasede-
pendingon a similarity criteria. Functionally theretrieving
correspondso formulatethe similarity queryby example,
i.e. givena partial descriptionof the caseretrieve the sim-
ilar case.Althoughthe amountof casesn anaveragecase
bases seldomcomparablé¢o thesizeof alargedatabas¢he
techniquesievelopedfor CBR canbe usefulfor similarity
queriesin databases.gfor similarity rankingof standard
queryresults.

NearestNeighbor (NN) techniquessupportone of the
oldestand more popularclassifierand are widely usedin
CaseBasedReasoning(CBR) systemsfor similarity re-
trieval

Usingthe NN asa classifieris quite simple. Givena set
of examples,describedaspointsin aninput spaceandas-
sociatedo anominalattributethatplaytherole of thetarget
concept,.e. the class,the classificationproblemis to find
the unknowvn target classof a new example. The NN tech-
nigue provide an hypothesiof the target value taking the
classvalue of the nearesiexample. The “nearest”relation
is computedusinga similarity metric definedon the input
space.

The NN techniquds exploitedin the CBR systemsThe
similar caseto the caseat handis the NN casein the case
basew.r.t. a similarity metric. In suchsystemsan exist-
ing classificationover the casesanbe useful(class-diven
retrieval). In fact, evenif the casesarenot explicitly clas-
sified in a setof finite classespften they are clusteredin
setscontainingequivalentsolutionsagainstsomedomain-
specificcriteria. Interpretingthosesetsas classesreduce
the retrieval stepin a CBR systemto the nearesheighbor
searctof aNN classifier

In a NN algorithm the metric appearsto be critical.
Therefore several alternatves to the standardEuclidean
metric for continuousspacesandto the Hamming metric
for nominal spaceshave beenproposedin the literature
[19, 20, 7, 6, 2, 11, 4, 23]. The metricscanbelocal, i.e
metricwhosedefinitionvariesdependingpn the positionof
thepointsin theinputspacepr global,implicitly assuming
that the similarity evaluationdoesnot dependon the area
of theinput spacehepointsarein. Metrics parametersan
be computedon given datawith a batchprocedureelying
onstatistic§22] orincrementallyadaptingheinitial values
with feedbacKearningalgorithms[16, 18].

Oneof the goalsof a modifiedmetricis to improve clas-
sification accurag (i.e. the ratio betweenthe numberof



correctly classifiedexamplesand the numberof classified
examples}hat,in aretrieval context, canbe seerrelatedto

themeasuref precision(i.e. theratio betweerthe number
of correctlyretrievedinstancesindthe numberof retrieved

instances).Anotherfocal issueis the reductionof the re-

trieval time that canbe achieved by KD-treesindexing or

alternatvely by selectionof a subsetof the training sam-
ple (datacompression)Datacompressiomanimprove also
the accurag when noisy dataand outlyersare discarded.
For example thecompressionechniqueof an EditedNear

estNeighboralgorithmsselectsa subsebf prototypedrom

a training setto improve computationakfficiengy, i.e. re-

trieval time, and make the classificationrmorereliable (see
[7, Chapter6]).

In this paperwe focus our attentionon two advanced
metricsfor the NN classifierthatwereintroducedvery re-
cently and have complementaryropertiesin termsof ac-
curag andcompressiorandcanbe usefulfor class-dwven
similarity search.

The first oneis called Local AsymmetricallyWeighted
Similarity Metric (LASM) and has beenintroducedand
studiedby two of the authors[18]. LASM is a metric
with asymmetrionveightsthat arelearnedwith a reinforce-
ment learning procedureand it can achieve compression
ratesthatoutperformsstandardediting algorithms(theoret-
ical algumentssustainingthis statementare presentedn
[17]). Moreover the generalizationaccurag is also im-
provedwith respecto 1-NN equippedwith local or global
metrics [7, 20, 23]. An interestingfeature of the pro-
posedframawork is that the methodfor selectingthe pro-
totypescanbe very simple. We reporta setof experiments
thatshavs thatmorecomplex prototypesselectionpolicies
(clustering)do notimprove accurag on randomselection.
Therationaleis thatthe metricandthe optimizationproce-
dureareflexible enoughto adapto a suboptimalprototypes
selection.

Two of us have introducedthe Minimum Risk Metric
(MRM) [3] thatis a metric basedon probability estima-
tion, i.e. consistentestimatesof the conditionalprobabil-
ities of the classes Amongthosemetricsthe oneproposed
by Shortand Fukunaga[19] hasthe strongesttheoretical
foundationbut it wasintroducedonly for continuousfea-
tures. TheMRM generalizeso mixedfeaturegbothcontin-
uosandnominal)andreliesits effectivenesson a different
andsimpleroptimality conditionthanthe onesuggestedy
Shortand Fukunaga.We report experimentalcomparison
betweerthe classificatioraccuracie®f MRM andthe per
formancesf othermetricsthatareavailablein literature.

The work is organizedasfollows: Section2 describes
LASM and the experimentalresults. Section 3 briefly
presentsheMinimum Risk Metric, describesheoptimality
criteria,theadoptedprobability estimatorsaandsomeexper
imental results. Finally, Section4 draws conclusionsand

futuredirections.

2. Local Asymmetrically Weighted Similarity
Metric

LASM is basicallya Minkowsky metrict with the differ-
encethatfor eachdimensiorof theinputspacethedistance
from areferencesalueto anothewaluevariesdependingn
thefactthattheseconds greateior lessthanthefirst (asym-
metry). Moreover the metricis learned:For eachexample
storedin the editedtraining set, ET', thereis a correspond-
ing setof weightsthatdefineshe metricattachedo thatex-
ample.Whenanexamplein the editedtraining setmustbe
comparedvith anotherexampleits attachedmetricis used.

More formally, let [0,1]¢ be the input spaceandz €
[0,1]¢ a genericexample. For eachfeaturewe assumehat
thereis afeaturemetricé; : [0,1] x [0,1] — R>o. An ob-
viousfeaturemetricfor arealfeaturespaces 6;(z;,y;) =
|z; — y;|. Givenanexamplez € [0,1]¢, a setof asym-
metricweightsw(z) for z is a2 x d matrix with valuesin
[0,1]. Letw?(z), k = 0,1 andj = 1,...,d, beageneric
entryof w(x). Lety beanothempointin theinputspacethe
following notationwill beused:

ify; <z
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for ary positveintegerp. GivenasetET C [0,1]¢ (Edited
Training Set)anda setof asymmetrionveightsfor eachex-
amplein ET, alocal asymmetricallyweightedsimilarity
metric (LASM) is definedasfollows:

d

5(@,y) = O wj(@) - 8(w;,y;)7) "/ 1)

=1

A learning procedure(see[18] for details), basedon
reinforcementearning, computeshe weights. Two func-
tions P(w,z,y) and R(w, z,y), the punishmentandrein-
forcementespectiely, adjustiteratively aninitial systenof
weights. Assuminga booleanclassificationec : T — 0,1,
whene(z), z € ET,isequaltoc(y), y € T, i.e. thepredic-
tion is correct,a reinforcementis givento the systemthat
reduceshedistancebetweerthenearesheighborz andthe
sampley; whereasf thetwo valuesarenotequala punish-
mentstepincreaseshe distanceébetweernz andy.

The importanceof an asymmetricweighting schemeis
bestunderstoodvhen,givenatraining setT" andan edited
trainingsetET, a systemof weightsis to be foundin such
away thatthe nearesheighborclassifier endavedwith the

IMinkowsky metricsaredefinedasm(z, y) = Z?=1(|wj—yj|1’)1/1’
wherep hasinteger values.Varyingp the metricsgeneratehe Manhattan
metric(p = 1), the Euclideanmetric (p = 2) andthe Chebyche metric
(p — 00).



metricdefinedoy thatsetof weights,is asaccuratespossi-
ble. Asymmetriclocalweights,acquiredwith suchakind of
learningprocedure producea metric thatadaptto the data
in a flexible way; they enablea freer choice of examples
to storein the editedtraining set; they requirelesssearch
whenthe selectionis to be optimized,and make possible
high compressiomates.

2.1. Experimental results

LASM choose€T atrandom.Thenumberof examples
for eachclassin ET is madeproportionalto the number
of examplesin that classfound in the training set. So the
selectionis randombut the probability to have an example
in agivenclassin thetrainingsetis equalto thatin ET'.

The first setof experimentsare aimedto evaluatehow
different techniquesfor prototypesselectionimpact on
LASM accurag. A naturalchoicewould beto selectthose
prototypeghataremorerepresentatie of theclustersn the
data. We have thereforedefinedthreenew classifiersthat
differ from LASM in the way the initial setof prototypes
areselectedIn thefirst, K-LASM, the prototypesaretaken
asthe centroidsof the clusterscomputedby the k-means
algorithm[9, 12]; in the second H-LASM, the prototypes
aretheuppernodesof the hierarchyinducedonthetraining
setsby the nearesneighborhierarchicalclusteringmethod
[12]; in thethird, R-LASM, 20 ET setsarerandomlygen-
eratedby taking a fixed percentagef the examplesin the
training. Thesetthatmaximizetheaccuray onthetraining
is chosen.All thesealgorithms,for eachdataset, usethe
samenumberof prototypes.

Table 1. Comparisorof the averageaccurag and stan-
darddeviation obtainedon differentdatasetsby usingdif-

ferenttechniquedo selectthe prototypes.No significatve
differenceis detectedat 0.02level for a pairedt-test.

Algorithm
DataSet K-LASM  H-LASM R-LASM
BalanceScale 86.4+£2.0| 87.1+1.7| 86.5+1.8
Wisconsin 75.94+3.7 | 75.94+3.7 | 75.7+£3.8
Cleveland 80.6+£2.8 | 79.6+3.6 | 80.1+3.4
Echocardiogran 70.1+9.8 | 71.8+7.4 | 70.9+10.5
lonosphere 92.7+£2.2 | 92.3+2.8 | 90.0£2.3
Iris 94.6+£3.0| 95.0+£2.7 | 95.0+2.9
LiverDisorders | 62.6+4.4 | 59.3+4.6 | 63.4+4.5
Thyroid 94.2+£2.8| 93.4+3.7 | 95.0+2.8
Wine 95.8£2.6 | 96.2+2.7 | 96.3+2.6
Pima 73.9+£4.0| 73.8+£2.4| 73.9+3.0

Table1? shavs theaccurag of thethreenew classifiers.
Eachexperimentis basedon 50 runswith the datasetsplit
in two parts: 2/3 for training and 1/3 for test. Thereis no
significantdifferencein accurag. Theseresultsstrongly
suggesthatthe choiceof prototypess notdeterminantind
the behaior of LASM is only dueto the particularmetric
(localandasymmetricandto thelearningprocedure.

Anothersessiorof experimentscompareshe compres-
sionratesof LASM to othereditednearesneighboralgo-
rithms[7, Chapter6]. The commonobjective of the algo-
rithmsconsidereds thecomputatiorof aconsistensubset,
that is a reductionof the original training in sucha way
that the accurayg of the classifieris not decreased.The
editednearestieighboralgorithmscomparedwith LASM
are: RNN, Reduced\earestNeighbor[10]; ICA, lterative
CondensatiorAlgorithm [21]; PNN, PrototypicalNearest
Neighbor[5].

Table 2. Compressiomatesin percentagef the editing
experiments.A “-” meanssignificantlyworsethanLASM
atleastat0.02level for a pairedt-test.

Algorithm

Data 1-NN ICA RNN PNN LASM

Ba -78.2100% | -75.327% | -71.740% | -67.636% | 85.53%
Wi -63.9100% | -59.248% | -59.248% | -59.451% | 75.92%
Cl -77.2100% | -73.834% | -74.135% | -73.737% | 81.14%
Ca -63.2100% | -64.048% | -62.446% | -59.255% | 70.44%
lo -90.0100% | -87.016% | -87.615% | -86.723% | 91.88%
Ir -93.9100% | -92.013% | -93.012% 93.813% | 95.39%
Li 62.2100% 62.649% 61.950% 60.048% | 61.44%
Th 96.0100% | -92.611% | -92.010% 93.812% | 94.76%
Win 96.0100% 92.711% 93.59% 94.211% | 95.73%
Pi -69.5100% | -64.443% | -63.743% | -65.242% | 73.72%

The resultsare shown in table2. LASM outperforms
both in accurag and compressiortheseclassifiers. The
mostsignificantimprovementof LASM concernghe com-
pressiorrate.ICA, RNN andPNN storeon average31%of
thetraining exampleswheread ASM storesonly 4.5% of
thetraining. It shouldalsonotedthatwhile the otheralgo-
rithmsdecreas¢heaccurag of the 1-NN classifief LASM
obtainsboth bettercompressiorratesand outperformsi-
NN in accurag.

3. Minimum Risk Metric

Minimum Risk Metric (MRM) is ametricbasedn prob-
ability estimationthat minimizesthe risk of misclassifica-
tion.

2The Cleveland data have been provided by Robert Detrano from
the V.A. Medical Center Long Beachand Cleveland Clinic Foundation.
BreastCancerdata have beenprovided by M. Zwitter and M. Soklic
from the University Medical Centre Instituteof Oncology Ljubljana, Yu-
goslaia.



Given an examplez in classe¢; with¢ = 1...m and
a nearesteighbory the finite risk of misclassifyingz is
givenin termsof conditionalprobabilitiesby p(e;|z)(1 —
p(e;ly)). The total finite risk is the sum of the risks ex-
tendedto all the differentclassesandis givenby r(z,y) =
> pleilz)(1 — plely)). The approachof Shortand
Fukunagd19] andof MylesandHand[15] is to subtracthe
asymptoticrisk r*(z,y) w.r.t theincreasingof the dimen-
sion of the sampleand minimizing E(r(z,y) — r*(z,y)).
Insteadit is possibleto minimize directly the risk r(z, y)
andthatleadsto the metric:

m

> pleide) (1 - pleily)- ()

=1

mrm(z,y) = r(z,y) =

Theestimate®f p(c;|z) canbedonedirectly or applying
theBayestheorem

p(z|ci)p(ci) _ p(z|ci)p(c;)
p(z) > pey P(ler)p(cr)

thereforereducingto the problem of estimatingp(z|cg).

The Minimum Risk metric canwork with different prob-
ability estimators.Here we choosean estimatorbasedon
the sameestimateof the Naive BayesClassifier[14, 8].

The probabilitiesare estimatedwith frequenciegdiscretiz-
ing the continuousfeatures). In this way it is possibleto

estimatep(c;) with p(c;) = X&) whereN (c;) is thenum-
berof caseghatarein thec; cIassandN isthesamplesize.

Frequenyg tendsto underestimatéheprobabilityif thesam-
ple sizeis small, a viable solutionis to adoptthe Laplace—
correctedestimateor equivalentlyincrementingartificially

the samplesize. Following the former option leadsto the
estimatep(c;) = ]}Jv(i—}:]f wheren; is thenumberof values
of the j-th attributeand f = 1/N is amultiplicative factor
Thefeaturesindependencassumptions expressedy:

H m]acl +f
N(ci) + fny

and, substitutedn the equation(3), leadsto the estimates
usedin the Naive BayesClassifierapproach.

plcilz) = 3)

n

zle;) = H (zjle:)

=1

3.1. Experimental Results

The aim of the experimentss the comparisorof of the
performancef MRM to the onesof two other metrics
availablein literature: Value DifferenceMetric and Com-
binedEuclidean-OerlapMetric.

Value DifferenceMetric (VDM). Anothervery common
metric basedon probabilisticconsideratioris VDM intro-
ducedby StanfillandWaltz [20] who usedit exclusively on

inputspacesvith nominalfeatures.They expresgheir met-
ric by meansof frequencief occurrence®f featureval-
ues.Interpretingthefrequenciegsestimate®f probability
thedefinitioncanbewritten as:

—p(eily;))
(4)

In our experimentswe used a simplified version of
VDM:

vdm(z,y) =

> Ipleilz;) -

j=1i=1

p(eily)l  (9)

Wilson and Martinez extendedVDM to instanceswith
numericattributes[23] essentiallyby discretizationof the
numericattribute (DVDM).

Combined Euclidean—OverlapMetric (HEOM). The
metric HEOM was introducedby Wilson and Martinez
[23], is the combinationof the Euclideanand Hamming
metric. Basically HEOM is an heterogeneouslistance
functionthat usesdifferentattributesdistancefunctionson
different kinds of attributes. If z = (z1,...,2,) and
y = (y1,...,yn) aretwo examplesthen heom(z,y) =
\/2?21 dj(z;,y;)? whered;(z;,y;) is theHammingdis-
tanceif the j-th featureis nominalandthe Euclideandis-
tanceif numeric. The numericfeaturesarenormalizedus-
ing therange.

MRM, DVDM and HEOM were testedon 27 datasets
taken from the MachineLearningDatabase&epositoryat
UCI [13] andon two new database¢Dermaand Opera).
The datasetontain continuous,nominal and mixed fea-
tures as well as unknowvn values. The experimental
paradigmwasa 10-CV crossvalidationandthe resultsare
shavnin Tah 3.

MRM outperformsHEOM (with a notable exception
on the sonardataset) and DVDM except for the monks
datasetsThe latter datasetappearo be a hardtaskprob-
ably asa consequencef the assumptiorof the indepen-
denceamongfeaturesthat underliesthe Naive BayesEs-
timates. Resultsnot shavn here shovs hov MRM out-
performsDVDM andHEOM more corvincingly than SF2
and without ary local restriction. Moreover other results
shavn thatMRM behaesequialentlyto the BayesClassi-
fier basedon the sameestimation3]

4. Conclusion

In this paperwe have describedwo metricsfor nearest
neighbor classification: Local Asymmetrically—weighted
Similarity Metric and Minimum Risk Metric. LASM uses



Table 3. Classificatioraccuray in percentagef theMin-
imum Risk Metric with the Naive BayesEstimator DVDM
andHEOM. Significative differencegp < 0.05) areshawvn
e.g. MRM performssignificatvely betterthanbothDVDM
andHEOM onthebreast-cancedataset.

MRM DVDM HEOM
DataSet Naive (M py) (D) (E)

annealing 97.6 £1.61> E 98.4 + 0.98 95.4 + 2.59
audiology 76.5 + 7.47 80.5 + 5.98 72.5 + 11.3
breast-cancer 73.4+7.16 > D, E 64.3 + 10.0 65.4 + 8.54
bridges1 63.0 £ 11.0 62.3 + 16.9 65.9 + 13.9
bridges2 69.6 + 19.0 > D, 59.3 £ 19.0 55.56 + 17.2
crx 83.9+1.73> D 79.5 + 4.06 81.7 + 3.36
derma 77.4 +17.9 74.8 + 13.4 78.1 + 10.6
flag 61.8 + 7.83 64.0 + 8.34 55.8 + 12.9
glass 66.8 + 13.6 62.1 £+ 11.1 71.1 4+ 11.8
hepatitis 87.1 + 7.88 82.0 + 10.8 80.7 + 11.8
horse-colic 83.6 £ 7.44 86.6 + 7.53 84.6 + 4.76
house-otes 90.5 + 4.30 93.0 £ 2.45 92.3 £ 3.82
ionosphere 91.1 £ 3.42> E 88.8 + 4.75 87.1 + 2.81
iris 95.3 + 5.48 92.6 + 4.91 95.3 + 5.48
led 72.5 + 14.5 66.5 + 13.5 68.0 + 12.9
led17 67.0 +£9.18> D, E 59.5 + 11.8 39.0 £+ 9.06
liver 71.3+9.85> D, E 64.3 + 8.22 63.7 £ 7.82
monks-1 66.2 + 15.0 78.0 £ 13.4> My 71.5 + 7.54
monks-2 67.1 £ 7.49> E 92.6 + 8.39 > Mpy 57.1 £ 7.21
monks-3 97.2+ 240> E 100. = 0.00 > My 79.3 + 8.43
opera 58.0 £ 3.70> D, E 49.0 + 4.78 49.0 + 4.84
pima 75.1 + 4.76 > D, E 70.8 + 3.31 71.7 + 3.15
post-operatie 64.4 +17.9> E 62.2 + 14.9 57.7 £ 22.7
promoters 90.4 +£6.38> E 89.7 £+ 8.17 80.1 + 9.42
sonar 78.3 + 8.15 76.9 + 6.15 87.0£ 7.19> My
soybean-lage 92.5 + 4.62 90.2 + 5.80 91.1 £ 5.13
soybean-small | 100. £ 0.00 100. %+ 0.00 100. %+ 0.00
wdbc 93.8 + 2.22 94.9 + 3.02 95.2 + 2.34
00 96.0 + 5.16 95.0 + 7.00 96.0 + 5.16

anasymmetricalveightedschemaanda feedbacKearning
procedure.lt achievesgoodcompressiomatesandoutper

forms the accurag of the standardnearesteighborclas-
sifier. Minimum Risk Metric is basedon probability es-
timation and minimizes the risk of misclassification. Its

analytical form is simple and well founded, and finally,

equippedvith asimpleNaive BayesEstimatoroutperforms
the other metrics. A direct comparisonof the two tech-
niguesis scheduledisfuturework.

Both the metricsareimplementedaspartof CaseBased
Exploration Tool, CBR oriented collection of algorithms
implementedhsa C++ Library anddevelopedat ITC-IRST.
As future work we are planningto interfacethe library to
a commercialDBMS for applying the techniquego case
basesxtractedfrom databasesia standardjueries.
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