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Abstract

Weighting PrototypeEditing (WPE)is a novel approach
to edita givensetof prototypessothattheresultingsetcan
outperformthe original onein termsof the NearestNeigh-
bor (NN) classificationaccuracy Thistedniqueis applied
in thiswork alongwith aninterestingdissimilaritymeasue
betweerpixel maps,knownas Tangent Distance(TD). Ex-
perimentson the USPShandwritingdigits bendymarkcor-
pusare presentedwith resultsshowingthe capability of the
WPEto improve the alreadygoodresultsbasedon TD NN
classification.
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WeightedPrototypesTangentDistance.

1 Introduction

The Nearestieighbor(NN) rule is a very commonand
successfulapproachfor mary patternrecognition appli-
cations. While the asymptoticoptimality of this rule is
well know [1], whenthe numberof prototypess not large
enoughperformancecan degradedramatically Unfortu-
nately thisis quite oftenthe casein realapplications.One
ideato circumwentthis problemis the useof Editing Tech-
niques[11, 10, 8, 2, 6, 3] which attemptto “clean” inter-
classoverlap regions, therebyleading to smootherNN-
baseddecisionboundariebetweenclassesand hopefully
increasingclassificatioraccurag.

In [7] anew editingtechniguecalled“Weighting Proto-
typeEditing (WPE)” wasintroduced'. Ratherthanaiming
at asymptoticallygood performanceas most editing tech-
niguesdo, the WPE tries to obtaina good editing rule for
ead givenprototypeset Thisis achievedby first learning
an adequatessignmenbf a weightto eachprototypeand
thenpruningout thoseprototypeshaving large weights.As

1C source code is available at:
~rparedeswpedit”

“http:\ \www.iti.upv.es\

aresult, WPE wasexpectedto outperformothertraditional
editingtechniguesvhenthe numberof availableprototypes
is small. Moreover, sincethe prototypeweightsareexplic-
itly optimizedfor eachprototypeset,performancevasex-
pectedo beuniformly goodfor varyingsizesand/ordimen-
sionalitiesof thetraining setsof prototypes.

Theseexpectationscould be successfullyconfirmedin
[7] throughouta series of experimentsusing common
benchmarlsyntheticdatasets.Moreover, ascomparedvith
WiIson, MultiEdit andCross-\alidation Editing, only WPE
wasactuallyableto achieve errorratesconsistentlycloseto
the correspondingBayesbounds,despitesignificantly de-
creasingthe numberof prototypesandincreasingthe data
dimension.

An interestingfeatureof WPE, obsenedin theseexper
iments, is that the optimizationalgorithm tendsto assign
largeweightsnot only to the prototypedaying ontheinter-
classBayesconfusionregions (asrequiredfor the editing
mechanism)but alsoto prototypeswhich are deeplyem-
beddednto their correspondindayesacceptanceegions.
Correspondinglyby pruningprototypeswith largeweights,
a certaindegreeof prototypeCondensings achievedalong
with the Editing effectinitially aimedat.

We should emphasize that this combined Edit-
ing/Condensingeffect is achieved by WPE with complete
independenceof the metric adopted Therefore,it can
be generallyusedto improve the resultsof mary Pattern
Recognitiontasksfor which good, may be sophisticated
classificationtechniquesare already available. If these
techniquescan be seenunder a NN-basedclassification
schemehen, no matterhow complex (even non-vectoria)
datarepresentatiofis used,or how elaboratehe metric to
comparetheserepresentationss, WPE is easily applied.
If the available training data contains confusing and/or
redundanprototypesthe WPE cantake careof removing
therequiredprototypessuchthatthe expectecdtest-setrror
ratesbecomdower.

In the presentwork WPE is appliedto a real task for
whichgoodresultshave alreadybeenachiezedusingappro-



priatetechniques.lt consistsin the classificationof hand-
writing characterdrom the USPScorpus. This corpusis
known to be a hard corpus,for which a 2.5% humaner-
ror rate hasbeenmeasured. One of the most successful
automatictechniqueghat have beenappliedto this corpus
is the Tangent Distance[9], which achieveserror ratesas
low as3.4%,ascomparedfor example with 5.6%obtained
by NN classificatiorusingthe EuclideanDistancebetween
normalizedpixel maps.

As we will see,the WPE techniquecan be straightfor
wardly appliedalongthethe TD. Giventherelatively high
intrinsic error rate of USPS(asassessedy its humaner-
ror rate), it can be expectedthat a good prototype Edit-
ing/Condensingprocesswill actually help improving the
performanceover that achiezed by using the raw training
data.

2 Tangent Distance

TangentDistance(TD) is a locally invariant distance
measureintroducedby SIMARD etal. (seee.g.[9]), which
proved to be especiallyeffective in the domain of digit
recognition[4]. Whenanimageis transformede.g.scaled
androtated),the setof all transformedpatternsis a man-
ifold in patternspace. The distancebetweentwo patterns
cannow bedefinedasthe minimumdistancebetweertheir
respectre manifolds, but exact computationof this mea-
sureis a hard non-linearoptimization problem. Instead,
small transformationof the patterncan be approximated
by atangentsubspaceo the manifold. This first-orderap-
proximationof the manifoldis spannedy a setof tangent
vectorsthat canbe computedasthe derivatives of the re-
spectvetransformationsr estimatedrom thedatawithin a
statisticalframeawork [5]. Distancedo thelinearsubspaces
andbetweerthemcanbe efficiently calculated.

The distancesusedin the presenexperimentsvere cal-
culatedusing the derivatives of the affine transformations
(six vectorsfor translations scaling, rotation and axis de-
formations)and the deriative of the line-thicknesstrans-
formation[4].

3 Weighted Prototype Editing

Let S be a representatiorspacé with m classesand
letd: S x & — R bean appropriatedissimilarity in S.
LetT = {(X1,¢1), (X2, ¢2), - .. , (Xn, ) } beatrainingset,
wherex; € S and¢; € {1,2,...,m} andlety € S bea
testsample The NN rule assignsy to a classc; suchthat
d(y, x;) is minimum.

2NotethatS needsotbeavectorspace Neverthelessfor thatsale of
clarity, elementof S will betypesetin boldface.

Following [7], a “Weighted Prototype” dissimilarity
measuras definedas:

dw(Y,X) = 0zd(y, X) 1)

whereo, € [0, 00] is aweightassociatetb theprototypex.
Accordingto[7], optimalweightsarethosewhichminimize
thefollowing criterionindex:

7 Z nn (2)
XEZTzZ X’ XT nn)

wherex is aprototypeofclassa, - nn thei-th nearespro-
totypeof x in ¢, andx?- ,  thei-th nearesprototypeof x in
adifferentclass.Both x> andx? _ areassumedo be

computedusingtheweighteddistancefunctiond,, .

To find avectoré = [6,,,--. ,8,,] Which minimizes
(2), agradientdescentnethodis adopted.To this end, (ap-
proximate)partial derivatives of J(o) with respectto oy
V¥x € T canbe easilyderived, leadingto the following up-

dateequations:

- d(X, Xz
Ox = Ok, = X ';”) 3
O - d(X X )
B-Ooxs d(X,X_ )
oF = o+ — T @
i—nn i—nn o # Ci()(,xz nn)

Xi—nn

wherey is anappropriatélearningrate” or stepfactor

Note that, as a byproductof computing(3) and (4), a
leaving-one-outerror rate estimation(LOOER) of the NN
classifierwith the currentd,, is obtainedat eachstepof the
gradientdescenprocesg7]. Thereforepy selectings asa
vectorwhoseL OOERis thelowestamongall o’s produced
throughouthedescenprocessthefinally suppliedweights
are guaranteedo outperformthe LOOER of the original
dissimilaritymeasurel.

Once the prototype weights are obtained, the actual
WPEsimply consistsn pruningoutthoseprototypesvhose
weights exceed a certain threshold. By decreasingthe
thresholdvalue differentediting/condensingegreescanbe
obtained.

4 Experiments

All the resultspresentechere were obtainedusing the
well known US PostalServicehandwrittendigits recogni-
tion corpus(USPS).It containsnormalizedgrey scaleim-
agesof size16x 16, dividedinto a training setof 7291im-
agesandatestsetof 2007images.A humanerror rate of



2.5% performanceshaws thatit is a hardrecognitiontask.
Many techniquesave beenappliedto this corpus[4]. The
TD technigualiscussedh section2 is amongthe mostsuc-
cessfulapproacheslt achiesesa 3.39% errorrateby plain
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Figure 1. Some examples of the USPS corpus.

TheTD hasbeenusedasa“black box” distancdunction
for the editingtechniquegestedihatis, a squarematrix of
7291 x 7291 distancedetweenrevery pair of training pro-
totypeshasbeencomputedusingthe TD procedures.For
comparisorpurposesthesedistancesare suppliedboth to
the well known Wilson editing technique[11] andto the
WPEtechniquehereproposed.

In the testphase,TDs betweentestandtrainingimages
areusedfor directNN classificationaswell asfor classifi-
cationwith the setseditedby Wilson’s andthe WPE tech-
nigues.

Wilson’s editing techniqueneedsa parameterk which
is the numberof NNs usedfor decidingwhethera training
prototypeis editedor not. In the experimentsyaluesof k
rangingfrom 2 to 10 have beentested.On the otherhand,
the WPE techniquealsoneedsa (not critical [7]) parame-
ter k, anda pruningweightthresholdwhich, in the experi-
ments hasbeentestedfor valuesrangingfrom 1 to 1.5.

5 Reaults

Wilson editing performanceés shavn in 2. The bestre-
sultis achieved using the editedtraining setwith &k = 2.
With this value, only 110 prototypesare eliminatedfrom
theoriginal setof size7291.

As it canbe seenin figure 2, only for k = 2 there-
sultis (slightly) betterthanthatwith 1-NN usingthewhole
training set. It is worth noting that this value of & is crit-
ical, giventhe obsened rapid degradationof classification
resultsfor gratervaluesof k.

Thebestresultachieredby WPEtechniques 3.18, arel-
ativeimprovementof 6.2% overtheplain applicationof the
TD method. This very samebestresultis achieved for all
valuesof k tested:1 < k£ < 10. Theresultsfor k = 4 are
shavn in 3. In this case the besttestresultis achiesedfor
training setseditedwith thresholdvaluesbetweenl .27 and
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Figure 2. Wilson editing results for different & values.

1.30. Using the threshold1.27 the training setsizeis re-
duceddown to 6987 prototypesthatis, 304 training proto-
typesareeliminated,nearlythreetimesthe numberof pro-
totypeseliminatedby the Wilson technique.
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Figure 3. WPE resultsfor different threshold values.

It is importantto notethat, in this case,the threshold
parameters far lesscritical thanthe valueof & in Wilson’s
technique:therearefairly wide rangeof thresholdvalues
with error ratesclearly lower thanthoseof NN using the
wholetrainingset.

In orderto gainsomequalitative insightinto the capabil-
ities of WPE, figure 4 and 5 shows a selectionof images
from the setof 304 training prototypeseliminatedby WPE
with athresholdvalueof 1.27. All theimagesfall into one
of two subsets:a) imagesof confusing,badly written dig-
its andb) imagesof digits written with very typical writing
style. Training imagesof thefirst subsetarevery proneto
leadto NN classificatiorerrorsof frequentwell writtentest
digits. Thissubsetorrespondto true Editing. Ontheother



hand.,it is veryunlikely thatprototypeof thesecondsubset

arereally neededor correctNN classificationof ary test
image,giventhe large amountof othertraining-seimages
very similarto them. Theseémageshave beeneliminatedas
aresultof the Condensingide effect actuallyachiezed by
the WPEtechnique.
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Figure 4. A selection of the badly written digits elimi-
nated by the WPE technique.

o

Figure 5. A sdlection of the very typical writing digits
eliminated by the WPE technique.

6 Concluding remarks

The capabilityof the WeightingPrototypegditing tech-
nigueto improve the resultsof a goodNN classifierhave
beendemonstratedn the well known benchmarkUSPS
corpus.ThebaselineNN classifierprovidedanerrorrateas
low as3.39%, usingthe TangentDistancemetric. This fig-
urewasimprovedby weightingPrototypeEditingto 3.18%,
a6.2% relative improvement. This editing procedurealso
achieved a significant condensingeffect, resultingin the
eliminationof nearlythreetimesmoreprototypeghanwith
the Wilson’s traditional editing technique. A qualitatve
analysisof the prototypesautomaticallyeliminatedby this
editing techniqueprovides clear insightsinto the kind of
prototypeswvhoseeliminationhelpsimproving the classifi-
cationaccurag.
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