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Abstract. Nearest neighbor is one of the most used techniques for per-
forming classification tasks. However, its simplest version has several
drawbacks, such as low efficiency, storage requirements and sensitivity
to noise. Prototype generation is an appropriate process to alleviate these
drawbacks that allows the fitting of a data set for nearest neighbor clas-
sification. In this work, we present an extension of our previous proposal
called IPADE, a methodology to learn iteratively the positioning of pro-
totypes using a differential evolution algorithm. In this extension, which
we have called IPADECS, a complete solution is codified in each indi-
vidual. The results are contrasted with non-parametrical statistical tests
and show that our proposal outperforms previously proposed methods.

1 Introduction

The nearest neighbor (NN) algorithm [1] and its derivatives have been shown
to perform well for classification problems. These algorithms are also known as
instance-based learning and belong to the lazy learning family [2]. NN is a non-
parametric classifier, which requires the storage of the entire training set and the
classification of unseen cases, finding the class labels of the closest instances to
them. The effectiveness of the NN may be affected with several weaknesses such
as high computational cost, high storage requirement and sensitivity to noise.
Furthermore, NN makes predictions over existing data and it assumes that input
data perfectly delimits the decision boundaries among classes.

A successful technique which simultaneously tackles the computational com-
plexity, storage requirements and sensitivity to noise of NN is based on data
reduction. These techniques aim to obtain a representative training set with a
lower size compared to the original one and with similar or even higher classifi-
cation accuracy for new incoming data. Data reduction can be divided into two
different approaches, known as prototype selection [3],[4] and Prototype Gener-
ation (PG) or abstraction [5]. The former process consists of choosing a subset
of the original training data, while PG is not only able to select data, but can
also build new artificial prototypes.
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In the specialized literature, a great number of PG techniques have been
proposed. Since the first approach PNN based on merging prototypes [6] and
divide-and-conquer based schemes [7], many other proposals of PG can be found.
For instance, ICPL [5] and RSP [8]. Positioning adjustment of prototypes is
another perspective within the PG methodology. It aims to correct the position
of a subset of prototypes from the initial set by using an optimization procedure.
Many proposals belong to this family, such as learning vector quantization [9],
particle swarm optimization [10] and differential evolution (DE) [11].

In [11] we proposed an iterative prototype adjustment procedure based on
DE (IPADE) to automatically find the smallest reduced set with the appropri-
ate number of instances for each class, which achieves a suitable classification
accuracy over different types of problems. This method follows an incremental
approach. At each step, an optimization procedure is used to adjust the posi-
tioning of the prototypes, and the method adds new prototypes if needed. We
adopted the DE technique as optimizer.

In this work, we use a different individual codification for the DE algorithm
to increase the optimization capabilities. Concretely, this proposal follows an
IPADE approach with a complete solution per individual (IPADECS). In ex-
periments on 20 real-world benchmark data sets, the classification accuracy and
reduction rate of our approach are investigated and its performance will be com-
pared with IPADE, which showed to outperform previously proposed methods.

In order to organize this paper, Section 2 describes the background of PG and
DE. Section 3 explains the IPADE algorithm. Section 4 shows the IPADECS ap-
proach. Section 5 discusses the experimental framework and presents the analysis
of results. Finally, in Section 6 we summarize our conclusions.

2 Background

This section covers the background information necessary to define our proposal.
Subsection 2.1 presents the background on PG. Next, Subsection 2.2 shows the
main characteristics of DE.

2.1 Prototype Generation

PG can be defined as the application of instance construction algorithms over
a data set to improve the classification accuracy of a NN classifier. Specifically,
PG can be defined as follows: Let xp be an instance where xp = (xp1,xp2, ...,
xpm,xpω), with xp belonging to a class ω of Ω possible classes given by xpω and
a m-dimensional space in which xpi is the value of the i-th feature of the p-th
sample. Furthermore, let xt be an instance where xt = (xt1,xt2, ...,xtm,xtψ),
with xt belonging to a class ψ, that it is unknown, of Ω possible classes. Then,
let us assume that there is a training set TR which consists of n instances xp
and a test set TS composed by s instances xt. The purpose of PG is to obtain a
prototype generated set (PGS), which consists of r, r < n, prototypes pu where
pu = (pu1,pu2, ...,pum,puω), which are generated from the examples of TR.
PGS must represent efficiently the distributions of the classes.
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2.2 Differential Evolution

DE starts with a population of NP solutions, so-called individuals. The genera-
tions are denoted by G = 0, 1, . . . , Gmax. It is usually to denote each individual
as a D-dimensional vector Xi,G = {x1

i,G,..., xDi,G}, called a ”target vector”.
After initialization, DE applies the mutation operator to generate a mutant

vector Vi,G, with respect to each individual Xi,G, in the current population.
For each target Xi,G, at the generation G, its associated mutant vector Vi,G=
{V 1

i,G,..., V Di,G}. In this contribution, we focus on the RandToBest/1 which gen-
erates the mutant vector as follows:

Vi,G = Xi,G + F · (Xbest,G −Xi,G) + F · (Xri
1,G

−Xri
2,G

) (1)

The indices ri1, r
i
2 are mutually exclusive integers randomly generated within the

range [1, NP ], which are also different from the base index i. The scaling factor
F is a positive control parameter for scaling the different vectors.

After the mutation phase, the crossover operation is applied to each pair of
the target vector Xi,G and its corresponding mutant vector Vi,G to generate a
new trial vector that we denote Ui,G. We will focus on the binomial crossover
scheme, which is performed on each component whenever a randomly picked
number between 0 and 1 is less than or equal to the crossover rate (CR), which
controls the fraction of parameter values copied from the mutant vector. Then,
we must decide which individual should survive in the next generation G + 1.
If the new trial vector yields an equal or better solution than the target vector,
it replaces the corresponding target vector in the next generation; otherwise the
target is retained in the population.

The success of DE in solving a problem crucially depends on the associated
control parameter values (F and CR) that determine the convergence speed.
One of the most successful adaptive DE algorithms is SFLSDE [12], we use the
ideas established in this work to obtain a self adaptive algorithm.

3 Iterative Prototype Adjustment Based on Differential
Evolution

In this section, we describe the IPADE approach. IPADE follows an iterative
scheme, in which it determines the most appropriate number of prototypes per
class and their best positioning. Concretely, IPADE is divided into three different
stages: initialization (Subsection 3.1), optimization (Subsection 3.2) and addition
of prototypes (Subsection 3.3). Figure 1 shows the pseudocode. In the following
we describe the most significant instructions enumerated from 1 to 26.

3.1 Initialization

A random selection (stratified or not) of examples from TR may not be the most
adequate procedure to initialize the PGS. Instead, IPADE iteratively learns pro-
totypes in order to find the most appropriate structure of PGS. Instruction 1
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1: PGS = Initialization(TR)
2: DE Optimization(PGS, TR)
3: AccuracyGlobal = Evaluate(PGS, TR)
4: registerClass[0..Ω] = optimizable
5: while AccuracyGlobal <> 1.0 or all classes are non− optimizables do
6: lessAccuracy = ∞
7: for i = 1 to Ω do
8: if registerClass[i] == optimizable then
9: AccuracyClass[i] = Evaluate (PGS, Examples of class i in TR)
10: if AccuracyClass[i] < lessAccuracy then
11: lessAccuracy = AccuracyClass[i]
12: targetClass = i
13: end if
14: end if
15: end for
16: PGStest = PGS ∪ RandomExampleForClass(TR, targetClass)
17: DE Optimization(PGStest, TR)
18: accuracyTest = Evaluate(PGStest, TR)
19: if accuracyTest > AccuracyGlobal then
20: AccuracyGlobal = accuracyTest

21: PGS = PGStest

22: else
23: registerClass[targetClass] = non− optimizable
24: end if
25: end while
26: return PGS

Fig. 1. IPADE algorithm basic structure

generates the initial solution PGS. In this step, PGS represents each class distri-
bution with its respective centroid. The centroid of the class does not completely
cover the region of each class and it does not avoid misclassifications. Thus, in-
struction 2 applies the first optimization stage using the initial PGS composed
of centroids for each class. The optimization stage must modify the prototypes
of PGS using the movement idea in the m-dimensional space. It is important to
point out that we normalize all attributes of the data set to the [0, 1] range.

3.2 Differential Evolution Optimization for IPADE

In this subsection we explain the proposal to apply the underlying idea of the DE
algorithm to the PG problem as a position adjusting of prototypes scheme. In the
proposed IPADE algorithm, each individual in the population encodes a single
prototype without the class label and, as such, the dimension of the individuals is
equal to the number of attributes of the specific problem. An individual classifies
an example of TR when it is the closest particle to that example.

The DE algorithm uses each prototype pu of PGS, provided by the IPADE
algorithm, as an initial population. Next, mutation and crossover operators guide
the optimization of the positioning of each pu. These operators only produce
modifications in the attributes of the prototypes of PGS. Hence, the class value
remains unchangeable throughout the evolutionary cycle. IPADE focuses on the
DE/CurrentToRand/1 strategy to generate the trial prototypes p

′
u.

After this, we obtain a trial solution PGS
′
, which is constituted for each p

′
u.

The selection operator decides which solution PGS
′
or PGS should survive for

the next iteration. The NN rule guides this operator to obtain the corresponding
fitness value. Implementation of these operators was described in depth in [11].
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Instruction 3 evaluates the accuracy of the initial solution, measured by clas-
sifying the examples of TR with the prototypes of GS by using the NN rule.

3.3 Addition of Prototypes

After the first optimization process, IPADE enters in an iterative loop (Instruc-
tions 5-25) to determine which classes need more prototypes to faithfully rep-
resent their class distribution. In order to do this, we need to define two types
of classes. A class ω is said to be optimizable if it allows the addition of new
prototypes to improve its local classification accuracy. The local accuracy of ω
is computed by classifying the examples of TR whose class is ω with the proto-
types kept in PGS (using the NN rule). The target class will be the optimizable
class with the least accuracy registered. From instructions 7 to 15, the algorithm
identifies the target class in each iteration. All classes start as optimizable.

In order to reduce the classification error of the target class, IPADE extracts
a random example of this class from TR and adds this to the current PGS in a
new trial set PGStest (Instruction 16). This addition forces the re-positioning of
the prototypes of PGStest by again using the optimization process (Instruction
17) and its corresponding evaluation (Instruction 18) of predictive accuracy.

After this process, we have to ensure that the new positioning of prototypes of
PGStest has reported a successful improvement of the accuracy rate in respect
to the previous PGS. If the global accuracy of the PGStest is lesser than the
accuracy of PGS, IPADE does not add this prototype to PGS and this class is
registered as non-optimizable. Otherwise, PGS = PGStest.

The stopping criterion is satisfied when the accuracy rate is 1.0 or all the
classes are registered as non-optimizable. The algorithm returns PGS as the
smallest reduced set which is able to classify the TR appropriately.

4 IPADECS: IPADE with a Complete Solution Per
Individual

In this work we choose a different codification scheme for the DE optimization.
Concretely, a complete solution is codified in each individual. This corresponds
to the case where each individual of the population encodes a complete PGS.
Following the notation used in Subsection 2.2, Xi,G defines the target vector, but
in this case, the target vector can be represented as a matrix. Table 1 describes
the structure of an individual. Furthermore, each prototype pj , 1 ≤ j ≤ r, of an
individual Xi,G has a class xpω,j .

The current PGS of the IPADE algorithm must be inserted once as one of the
individuals of the population, initializing the rest of the individuals with random
prototypes extracted from TR. It is important to point out that every solution
must have the same structure that PGS, thus they must have the same number
of prototypes per class, and the classes must have the same arrangement in the
matrix Xi,G.
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Table 1. Encoding of a set of prototypes in a individual Xi,G

Attribute 1 Attribute 2 ... Attribute D Class
Prototype 1 xp1,1 xp2,1 ... xpD,1 xpω,1

Prototype 2 xp1,2 xp2,2 ... xpD,2 xpω,2

...
Prototype r xp1,r xp2,r ... xpD,r xpω,r

The RandToBest mutation strategy generates the mutant matrix Vi,G in re-
spect to each individual Xi,G, in the current population. The operations of ad-
dition, subtraction and scalar product are carried out as typical matrices. This
is the justification for the individuals having the same structure. In order for
the mutation operator to make sense, the operators must act over the same at-
tributes and over prototypes of the same class in all cases. After applying this
operator, we check that the mutant matrix Vi,G has generated correct values for
all features of the prototypes. This procedure checks if there have been values
out of range of [0, 1]. If a computed value is greater than 1, we truncate it to 1,
and if is lower than 0, we establish it at 0.

The trial matrix Ui,G is generated with a binomial crossover. In PG, the
mutant matrix Vi,G exchanges its prototypes with Xi,G to generate Ui,G.

The selection operator decides which individual between Xi,G and Ui,G should
survive in the next generation G + 1. The NN rule, with k=1 (1NN), guides
this operator. The instances in TR are classified with the prototypes encoded
in Xi,G or Ui,G by the 1NN rule with a leave-one-out validation scheme, and
their corresponding fitness values are measured as the number of successful hits
relative to the total number of classifications. We try to maximize this value.

5 Experimental Framework and Analysis of Results

This section presents the experimental framework (Subsection 5.1) and the com-
parative study between IPADECS and IPADE (Subsection 5.2).

5.1 Experimental Framework

In this section we show the issues related to the experimental study. In order to
compare the performance of the algorithms, we use the accuracy rate [14], and
the reduction rate measured as: 1 − size(PGS)/size(TR).

We use 20 data sets from the KEEL-dataset repository1 [13]. Table 2 shows,
for each data set, the number of examples (#Ex.), the number of attributes
(#Atts.), and the number of classes (#Cl.). The data sets considered are
partitioned using the ten fold cross-validation (10-fcv) procedure.

The configuration parameters of all the methods used in the comparison are
shown in Table 3. In this table, the values of the parameters Fl, Fu, iterSFGSS

1 http://sci2s.ugr.es/keel/datasets

http://sci2s.ugr.es/keel/datasets
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Table 2. Summary description for used classification data sets

Data Set #Ex. #Atts. #Cl. Data Set #Ex. #Atts. #Cl.
bupa 345 6 2 nursery 12690 8 5
car 1.728 6 4 pageblocks 5.472 10 5
ecoli 336 7 8 pima 768 8 2
german 1.000 20 2 ring 7400 20 2
glass 214 9 7 segment 2.310 19 7
haberman 306 3 2 thyroid 7.200 21 3
heart 270 13 2 twonorm 7.400 20 2
iris 150 4 3 wine 178 13 3
monks 432 6 2 wisconsin 683 9 2
newthyroid 215 5 3 zoo 101 17 7

Table 3. Parameter specification for the methods employed in the experimentation

Algorithm Parameters

IPADE iterations of Basic DE = 500, iterSFGSS = 8, iterSFHC =20, Fl=0.1, Fu=0.9

IPADECS PopulationSize = 10, iterations of Basic DE = 500
iterSFGSS = 8, iterSFHC = 20, Fl=0.1, Fu=0.9

and iterSFHC are the recommended values established in [12]. Furthermore,
euclidean distance is used as a similarity function and those which are stochas-
tic methods have been run three times per partition. Implementations of the
algorithms can be found in the KEEL software tool [13].

5.2 Analysis of Results

Table 4 shows the results obtained in test data. This table collects the average
results in terms of accuracy and reduction rate, obtained over the 20 data sets
considered. The best result for each data set is remarked in bold.

Considering only average results could lead us to erroneous conclusions. Due to
this fact, we will accomplish statistical comparisons over multiple data sets based
on non-parametric tests [15], [16]. Specifically, we use the Wilcoxon Signed-Ranks
test and we obtain a p-value of 0.0019 in the comparison between IPADECS
and IPADE.

Looking at Table 4 we want to outline some interesting comments:

– IPADECS obtains the best average results in terms of accuracy in compar-
ison with the IPADE algorithm. Furthermore, the Wilcoxon test supports
this statement with a p-value lower than 0.05.

– As we can observe in Table 4, the original IPADE achieves a higher re-
duction rate than IPADECS. This behavior arises because IPADECS uses
a stronger optimization process that allows to introduce more prototypes
in PGS, specifically in the addition stage to increase the accuracy
capabilities.
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Table 4. Results obtained

Datasets IPADE IPADECS
AccTest Red. Rate AccTest Red. Rate

bupa 0.5775±0.0545 0.9894±0.0021 0.6567±0.0848 0.9842±0.0055
car 0.8096±0.0298 0.9931±0.0012 0.8692±0.0205 0.9914±0.0021

ecoli 0.7714±0.0615 0.9683±0.0026 0.7892±0.0654 0.9524±0.0042
german 0.7160±0.0233 0.9966±0.0008 0.7180±0.0325 0.9920±0.0032

glass 0.6306±0.1092 0.9533±0.0053 0.6909±0.1113 0.9393±0.0131
haberman 0.7287±0.0715 0.9898±0.0027 0.7445±0.0640 0.9891±0.0049

heart 0.8185±0.0560 0.9877±0.0052 0.8370±0.0983 0.9831±0.0059
iris 0.9667±0.0447 0.9763±0.0030 0.9467±0.0400 0.9748±0.0036

monks 0.8576±0.0974 0.9920±0.0024 0.9120±0.0476 0.9910±0.0021
newthyroid 0.9630±0.0348 0.9783±0.0045 0.9818±0.0302 0.9835±0.0021

nursery 0.5299±0.0282 0.9993±0.0002 0.6479±0.0458 0.9992±0.0003
page-blocks 0.9291±0.0084 0.9983±0.0002 0.9335±0.0155 0.9974±0.0005

pima 0.7528±0.0586 0.9955±0.0010 0.7684±0.0467 0.9916±0.0031
ring 0.8165±0.0342 0.9989±0.0004 0.8970±0.0103 0.9956±0.0012

segment 0.8753±0.0142 0.9950±0.0009 0.9208±0.0097 0.9919±0.0017
thyroid 0.9404±0.0036 0.9990±0.0002 0.9399±0.0036 0.9989±0.0003

twonorm 0.9764±0.0070 0.9995±0.0002 0.9766±0.0069 0.9993±0.0002
wine 0.9497±0.0678 0.9800±0.0025 0.9441±0.0352 0.9794±0.0040

wisconsin 0.9699±0.0197 0.9960±0.0011 0.9642±0.0194 0.9951±0.0019
zoo 0.9464±0.0702 0.9087±0.0071 0.9633±0.0823 0.9086±0.0054

AVERAGE 0.8263±0.1370 0.9848±0.0216 0.8551±0.1138 0.9819±0.0231

6 Concluding Remarks

In this contribution, we have presented a data reduction technique called
IPADECS which iteratively learns the most adequate number of prototypes per
class and their positioning for the NN algorithm. This technique is an extension
our previous proposal IPADE with a different codification scheme. The results
obtained show that IPADECS is statistically better than IPADE, which showed
to outperform previously proposed methods.
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