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Abstract a result, WPE was expected to outperform other traditional
editing technigques when the number of available prototypes
Weighting Prototype Editing (WPE) is a novel approach is small. Moreover, since the prototype weights are explic-
to edit a given set of prototypes so that the resulting set canitly optimized for each prototype set, performance was ex-
outperform the original one in terms of the Nearest Neigh- pected to be uniformly good for varying sizes and/or dimen-
bor (NN) classification accuracy. This technique is applied sionalities of the training sets of prototypes.
in this work along with an interesting dissimilarity measur These expectations could be successfully confirmed in
between pixel maps, known as Tangent Distance (TD). Ex{7] throughout a series of experiments using common
periments on the USPS handwriting digits benchmark cor- benchmark synthetic data sets. Moreover, as compared with
pus are presented, with results showing the capability®f th Wilson, MultiEditandCross-Validation Editingonly WPE
WPE to improve the already good results based on TD NNwas actually able to achieve error rates consistently ¢mse
classification. the corresponding Bayes bounds, despite significantly de-
creasing the number of prototypes and increasing the data
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Weighted Prototypes, Tangent Distance. An interesting feature of WPE, observed in these exper-
iments, is that the optimization algorithm tends to assign
1 Introduction large weights not only to the prototypes laying on the inter-

class Bayes confusion regions (as required for the editing
mechanism), but also to prototypes which are deeply em-
The Nearest neighbor (NN) rule is a very common and pedded into their corresponding Bayes acceptance regions.
successful approach for many pattern recognition appli- correspondingly, by pruning prototypes with large weights
cations. While the asymptotic optimality of this rule is 3 certain degree of prototy@ondensings achieved along
well know [1], when the number of prototypes is not large ith the Editing effect initially aimed at.
enough performance can degrade dramatically. Unfortu- \we should emphasize that this combined Edit-
nately, this is quite often the case in real applicationse On ing/Condensing effect is achieved by WPE withmplete
idea to circumvent this problem is the usefdditing Tech- iy gependence of thenetric adopted Therefore, it can
niques[11, 10, 8, 2, 6, 3] which attempt to “clean” inter- e generally used to improve the results of many Pattern
class overlap regions, thereby leading to smoother NN-gacognition tasks for which good, may be sophisticated
based decision boundaries between classes and hopefullyjassification techniques are already available. If these
increasing classification accuracy. techniques can be seen under a NN-based classification
In [7] a new editing technique callédVeighting Proto- scheme then, no matter how complex (evem-vectoria)
type Editing (WPE)'was introduced. Rather than aiming  gata representation is used, or how elaborate the metric to
at asymptotically good performance as most editing tech-compare these representations is, WPE is easily applied.
niques do, the WPE tries to obtain a good editing rule for |f the available training data contains confusing and/or
each given prototype seThis is achieved by first learning  redundant prototypes, the WPE can take care of removing

an adequate assignment of a weight to each prototype anghe required prototypes such that the expected test-gat err
then pruning out those prototypes having large weights. AS ates become lower.

IC source code is available at  “hifywww.itiupv.es, In the present work WPE is applied to a real task for
~rparedeswpedit’ which good results have already been achieved using appro-



