890 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS, VOL. 30, NO. 6, DECEMBER 2000

VGA-Classifier Design and Applications adopted. Unlike the conventional GAs, here the length of a string is

not fixed. New crossover and mutation operators are accordingly de-

Sanghamitra Bandyopadhyay, C. A. Murthy, and Sankar K. Pal fined. A factor has been incorporated into the fitness function that re-

wards a string with smaller number of misclassified samples as well as

Abstract—A method for pattern classification using genetic algorithms smaller number Of. hyperp_lanes. Letthe classifier so d_e_signed utilizing
(GAs) has been recently described in [1], where the class boundaries of the_concept of variable string lengths be C?\WA—CIaSSIerrA Cqm-
a data set are approximated by a fixed numberH of hyperplanes. As a Parison of the performance of tu&A-classifiewith those of its fixed

consequence of fixingH a priori, the classifier suffered from the limita-  length version, k-NN rule, Bayes maximum likelihood classifier and
tion of overfitting (or underfitting) the training data with an associated Multilayered Perceptron (MLP) is demonstrated extensively on speech

loss of its generalization capability. In this paper, we propose a scheme for 415 cancer detection data, and an artificially generated data set with
evolving the value of H automatically using the concept of variable length ' ’

strings/chromosomes. The crossover and mutation operators are newly de- 1€ number of dimensions ranging from two to nine and complexity
fined in order to handle variable string lengths. The fitness function ensures  ranging from simpleCancej to complicated overlapping, linearly in-
primarily the minimization of the number of misclassified samples, and also  separable classe¥dwe). A significant point about this nonparametric

:Ee r?d“‘?]tjont.of the.”“.mlber ?ftﬂyperp'ineﬁ' Ba.?.ed on da” alrt‘,?'ogy between c|assifier is that it is able to approximate any type of decision boundary
€ classincation principies o € genetic classitier ana multilayer percep- thl’ough the automatic eVOIUtiOn df

tron (with hard limiting neurons), a method for automatically determining . o
the architecture and the connection weights of the latter is described. In the second part, an analogy between the classification principles
of the VGA-classifierand MLP is established. Based on the analogy,

an algorithm for determining automatically the architecture and the
connection weights of a multilayer perceptron is described. The ef-
fectiveness of the MLP, thus derived using VGA, and its comparison
|. INTRODUCTION with conventional MLP (having several architectures), are provided for

. . . . _._the above mentioned three data sets. In this context we mention other
Genetic Algorithms (GAs) [2] are randomized search and o tlmlzg- . . . . )
g ( ) [2] P (efsearch described in the literature for determining the architecture

Index Terms—Genetic algorithms, multilayer perceptron, pattern recog-
nition, variable length chromosomes.

tion techniques guided by the principles of evolution and natural seld&:

tion. They are efficient, adaptive, and robust search processes ha\ﬁrﬁeural networks using GAS [5.]' [6]. In_ both these apprgaches, the
weights and/or the connectivity information are encoded in the chro-

a large amount of implicit parallelism, well suited for complex prob- . .
lems that are multimodal and/or not well characterized. In the area'§p>°™Mes: and their appropriate values are evolved by the GA. On the

pattern recognition, there are many tasks involved in the process of r-er hand, the proposed algorithm determines the appropriate hyper-

alyzing/identifying a pattern which need appropriate parameter selj' anes using GAs, and then designs the MLP directly so as to generate

tion and efficient search in complex spaces in order to obtain optim pﬂese hyperplanes. Since it has be?” proyec_i that under I|m|t_|ng condi-
BI_OI‘IS the number of hyperplanes will be minimum, the resulting MLP

solutions. Therefore, the application of GAs for solving certain pro . . - .
lems of pattern recognition (which need optimization of computatio"jrlnrch'tecture will also be optimum under such conditions.
requirements, and robust, fast and close approximate solution) appears
to be appropriate and natural [3]. Il. DESCRIPTION OFVGA-Classifier
Recently, an application of GAs has been reported in the area of (QU- criteria for VGA-Classifier
pervised) pattern classification®" [1] for designing aGA-classifier ) o o .
It attempts to approximate the class boundaries of a given data set with'S Mentioned irection | to overcome the limitations of fixingl a

a fixed number (say) of hyperplanes in such a manner that the adriori in GA-classifier the use of variable length strings, representing

sociated misclassification of data points is minimized during traininéf'jlrlable number of hyperplanes for optimally modeling the decision

Note that estimation of a proper value £f is crucial for the algo- oundary, seems natural and appropriate. In the process, if we aim at

rithm to perform well. Since this is difficult to achieve, one may fre_reducing the number of misclassified points only, as was the case for

quently use a conservative value Hf (i.e., a value larger than nec- fixed length strings, then the algorithm may try to fit as many hyper-

essary) while designing the classifier. This leads to the problem of glgnes as possible for this purpose..Thi.s, in turn,.v.vould 0bVi0us'y. be
overdependence of the algorithm on the training data, especially kward W_'th respect tp the generallzathn capablllty of the classifier.
small sample sizes. In other words, since a large number of hyperplaﬁ@’s’s’ the fitness function should be defined in such a way, so as to

can readily and closely fit the classes, this may provide good perf inimize the number of misclassifjed samples as well as the requisite
mance during training but a poor generalization capability [1]. Moren_umber Of_ hyperplaqes. Note th"’.lt in order to be able t_o ta_ckle the pres-
gnce of different string lengths in the same population in VGA, the

over, a large value off unnecessarily increases the computational e 4o be ch q i-telv. althoudh thei ¢
fort, and may lead to the presence of redundant hyperplanesinthefﬁ)leﬁErators need to be changed appropriately, although their sequence o

decision boundary. (A hyperplane is termed redundant if its remo@f?ﬁuuofn mayhbe tbhe same ?SHL%?”YGNE?“?I GASI [2].
has no effect on the classification capability of tRA-classifier) erefore, the objective of t -classifiens to place an appro-

The present paper deals with the issues of overcoming these jimiate number of hyperplanes in the feature space such that it minimizes

tations along with subsequent developments, and has two parts. In nur:wber of mlsclfa55|_f|ebo|| slamplﬁs and also rglduces the n#mier of
first part, a method has been described to automatically evolve the vaiﬂyé’erp anes. Use ot variable _engt st_nr_lgs enables one to check, au-
of H as a parameter of the classifier design problem. For this purpogcgnatlcally and efficiently, various decision boqndarles 'con§|st!ng of
the concept of variable length strings in GAs (VGAs) [4] has beec”fferent number of hyperplanes in order to attain the said criterion.

B. Chromosome Representation and Population Initialization
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hyperplane (i = 1,2, ---, H whenH hyperplanes are encoded in theD. Genetic Operators

chromosome) with respect to i€ coordinate axes, and one perpen- Among the operations of selection, crossover and mutation, the se-

dicular distance variable, indicating its perpendicular distance from,, ... operation used here may be one of those used in conventional
the origin. LetH,.x represent the maximum number of hyperplane%

; . . As, while crossover and mutation need to be newly defined for VGA.
that may be required to model the decision boundary of a given d . : .
set. It is specifiech priori. Let the angle and perpendicular distance ese are now described in detail
variables be represented by andb. bits, respectively. Theky, the 1) Crossover: Two strings,i andj, having lengthd; and;, re-

. ) spectively, are selected from the mating pool. Lef I;. Then string
number of bits requwe_d to represent a hyperplane_,laa;i, the max- i is padded with #s so as to make the two lengths equal. Conventional
imum length that a string can have, are as follows:

crossover like single point crossover, two point crossover [2] is now
performed over these two strings with probability. The following
two cases may now arise:

« All the hyperplanes in the offspring are complete. (A hyperplane
in a string is called¢ompletdf all the bits corresponding to it are
either defined (i.e., 0s and 1s) or #s. Otherwise it is incomplete.)

» Some hyperplanes are incomplete.

In the second case, let= number of defined bits (either 0 or 1) and
= total number of bits per hyperplane(® — 1) % by + b2 [from
(1)]. Then, for each incomplete hyperplane, all the #s are set to defined
bits (either 0 or 1 randomly) with probability/¢. In case this is not
permitted, all the defined bits are set to #. Thus each hyperplane in the
) ] ] ] o o string becomes complete. Subsequently, the string is rearranged so that
_ As _ment_loned irsection 1} the fitness function (which is maximized) 4| the #s are pushed to the end, or, in other words, all the hyperplanes
is defined in such a way that are transposed to the beginning of the strings. The information about
« a string with smaller value of misclassifications is considereghe number of hyperplanes in the strings is updated accordingly.
to be fitter than a string with a larger value, irrespective of the 2) Mutation: In order to introduce greater flexibility in the method,
number of hyperplanes i.e., it primarily minimizes the number ghe mutation operator is defined in such a way that it can both increase
misclassified points, and then and decrease the string length. For this, the strings are padded with
* among two strings providing the same number of misclassificgs such that the resultant length becomes equial.to. Now for each
tions, the one with the smaller number of hyperplanes is consigefined bit position, it is determined whether conventional mutation [2]
ered to be fitter. can be applied or not with probabilify,. . Otherwise, the position is set
The number of misclassified points for a stringncodingH: hy-  to # with probability;..., . Each undefined position is set to a defined
perplanes is found as follows : Let th& hyperplanes providéf; dis-  hit (randomly chosen) according to another mutation probability.
tinct regions which contain at least one training data point. (Note thphese are described fig. 1
althoughM; < 2%, in reality it is bounded by the size of the training  Note that mutation may result in some incomplete hyperplanes, and
data set.) For each such region and from the training data points t@se are handled in a manner similarly as was done for the crossover
lie in this region, the class of the majority is determined, and the regi@perator. For example, the operation on the defined bits, i.e., when
is considered to represent (or be labeled by) the said class. Pointg; of 1, in Fig. 1, may result in a decrease in the string length, while
other classes that lie in this region are considered to be misclassifigfh operation on #s, i.e., whén > I, in the figure, may result in an
The sum of the misclassifications for all thé; regions constitutes the increase in the string length. Also, mutation may yield strings having
total misclassificationniss; associated with the String. Accordingly, all #s indica[ing that no hyperp|anes are encoded in it. Consequenﬂyv

Iy =(N = 1) % by + b 1)

lmax = Hax ¥ Ly (2)

Let stringi represent!; hyperplanes. Then its lengthlis= H;xlx.
Initial population is created in such a way that the first and the second
strings encode the parameters Bf... and 1 hyperplanes, respec-
tively, to ensure sufficient diversity in the population. For the remainin
strings, the number of hyperplanég is generated randomly in the
range [1,Hm.x], and thel; bits are initialized randomly to 1s and 0s.

C. Fitness Computation

the fitness of string may be defined as this string will have fitness = 0 and will be automatically eliminated
during selection.
fit; =(n —miss;) —aH; 1< H; < Hpax 3 As in conventional GAs, the operations of selection, crossover and
=0, otherwise (4) mutation are performed here over a number of generations till a user
specified termination condition is attained. Elitism is incorporated such
wheren = size of the training data set and= (1/Hmax ). that the best string seen up to the current generation is preserved in

Letus now explain how the first criterion is satisfied. Let two strihngsthe population. The best string of the last generation, thus obtained,
andj have number of misclassificationsiss; andmiss ;, respectively, along with its associated labeling of regions provides the classification
and the number of hyperplanes encoded in theti bandH ;, respec- boundary of the» training samples. After the design is complete, the
tively. Letmiss; < miss; andH; > H,.(Notethatsince the number task of the classifier is to check, for an unknown pattern, the region in
of misclassified points can only be integersiss; > miss;+1.) Then, Which it lies, and to put the label accordingly.

fit, = (n — miss;) — aH;,
) ) Ill. 1 MPLEMENTATION AND RESULTS
fit; =(n —miss;) — aH;.
The effectiveness of VGA in automatically determining the value of
The aim now is to prove thatt, > fit,, or thatfit, — fit, > 0. H of the classifier is demonstrated here for a variety of data sets which
From the above equation, — fit, = miss; —miss; —«(H; — H;). range in dimensions from two to nine, and in complexity from simple,
If ; = 0, thenfit; = 0 [from (4)] and thereforgit, > fit,. When disjoint classes to complicated, overlapping classes. The recognition
1 < Hj < Huax, We haveo(H; — H;) < 1since(H; — H;) < scores of th&/GA-classifierare also compared with those of the fixed
Hopnax. Obviously,miss; — miss; > 1. Thereforefit, — fit, > 0, lengthGA-classifief and Bayes maximum likelihood classifier, k-NN
or, fit, > fit;. The second criterion is also fuffilled sing¢#; < fit; rule and MLP. Three data sets are utilized for performing these exper-
whenmiss; = miss; andH,; > H;. iments. These comprise a two-dimensional artificial data $d§ 1
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[1], and two real life data sets, namely, three-dimensidfoavel[1],  Begin

[7] and and nine-dimension&lancer|[8]. l; = length of string ¢
For the experiments, the population size and crossover probabil Pad string i with # so that its length becomes Loz
are kept fixed at 20 and 0.8, respectively,, and ..., are fixed at for k =1 t0 lpeg do

0.1. The values df; andb, are chosen to be 8 and 16, respectively. W
have chosen the mutation probability vajug to vary approximately

in the range of [0.015, 0.333]. The range is divided into eight equi:
paced values. Initially:,,, has a high value (= 0.333), which is slowly

Generate rnd, rndl and rnd2 randomly in [0,1]
if £ <1; do /* defined bits */

if rnd < pym do /* Conventional mutation */

decreased in steps to 0.015 and then increased in steps to 0.333. flip bit k of string 4
GA-classifierand VGA-classifierare implemented with 100 and 200 else /* try changing to # */
iterations executed with each valueiof,, respectively, thereby giving if rndl < pp, do

a maximum of 1500 and 3000 iterations, respectively. (Since the sea Set bit k of string 7 to #
space for VGAs, comprising all combinations of onefg,.. hyper- endif

planes, is larger than that of GAs, the former is executed longer.) T endif

initial high value of the mutation probability ensures sufficient diversit “ps .
in the population which is desired, as at this stage, the algorithm kno else / . > bide, # 7/
very little about the nature of the search space. As generations pas if rnd2 < pim, do /* Set to defined */
becomes necessary that the space be searched in detail without at Position k of string i set to 0 or 1 randomly
changes in population. Consequently, we decrease the mutation pr endif
ability value gradually until it is sufficiently small. It may so happen endif
that in spite of this, the best string obtained so far has a large Hammi endfor
distance from the actual optimal string. This may very well happen ftg;,q
deceptive problems [2]. Thus, if we continue with the small mutation
probability value, it may be too long before the best string is found. $9y. 1. Mutation operation for string
to avoid being stuck at a local optima, the value is again gradually in-
creased. Even if the best string had been found earlier, we lose nothing
since the best string is always preserved in subsequent generation of TABLE |
. . . : Hvca AND THE COMPARATIVE OVERALL
strings. Ideally the process of decreasing and then increasing the Mg ntion ScorRES(%) DURING TESTING (WHEN 10%0F THE DATA SET IS
tion probability value should continue, but here we have restricted the USED FORTRAINING AND THE REMAINING 90%FOR TESTING)
cycle to just one due to practical limitations.

The process is terminated if the maximum number of iterations has Data set VGA- Score for VGA- Score for
been executed or a string with zero misclassification is attained. Note classifier GA- classifier GA-
that the probability values are taken to be somewhat high since, due to Hmor = 10| classifier | Hmar =6 | classifier
space constraints, the population size had to be kept low. It is known in Hyga | Score | H=10 | Hygs [ Score | H=86
the literature [9] that, in order to get good performance, the probability =~ ADS 1 3 9562 84.26 4 19621 93.22
values should be high if the population size is low. Vowel 6 |7366| 69.21 6 |7119| 71.99

Cancer 2 93.34 77.27 1 95.45 93.01

A. Performance of the VGA-Classifier

Tables landll show the number of hyperplan&s ¢ 4 as determined
automatically by th&/ GA-classifieffor modeling the class boundaries TABLE I
. . . Hy .4 AND THE COMPARATIVE OVERALL RECOGNITION SCORES(%)
of ADS 1, VowehndCancerdata sets when the classifier is trained with  pginG TESTING (WHEN 50% OF THE DATA SET IS USED FORTRAINING

10% and 50% samples, respectively. Two different value® @f.«, AND THE REMAINING 50% FOR TESTING)

viz., 6 and 10, are used for this purpose. The overall recognition scores

obtained during testing of théGA-classifiemlong with their compar- Data set VGA- Score for VGA- Score for
ison with those of the corresponding fixed length version Géclas- classifier GA- classifier GA-
sifier with H = 6 and 10) are also shown. The scores provided here Huoz =10 | classifier | Hmoo =6 | classifier
are the average values obtained over five different runs of the algo- Hyga | Score | H=10 | Hygs | Score | H=6
rithms. The purpose of this exercise is to compare the performance of ADS 1 4 19641 | 95.92 4 9683 96.05
theVGA-classifieandGA-classifierstarting with the same number of Vowel 6 | 7826 77.77 6 | 7711 76.68
hyperplanes, i.e Hmax for VGA-classifieand H for GA-classifier Cancer 2 93.69 | 92.73 2 97.66 | 93.67

The results demonstrate that in all the cases MB&é\-classifieris
able to evolve an appropriate value Hfy 4 from H,,... In addi-
tion, its recognition score on the test data set is found, on an averageso because witltl,.. = 10, the search space is larger than that
to be higher than that of th@A-classifier There is only one excep- for H..x = 6, which makes it difficult for the classifier to arrive at
tion to this for theVoweldata when 10% of the samples is used fothe optimum arrangement quickly or within the maximum number
training (Table II). In this casellm.x = 6 does not appear to be aof iterations considered here. (Note that it may have been possible to
high enough value for modeling the decision boundaries of overlajprther improve the scores and also reduce the number of hyperplanes,
ping Vowelclasses withVGA-classifier This is also reflected in both if more iterations of VGA were executed.)
the tables, where the scores YdBA-classifiewith H,,.x = 6 are less In general, the scores of ti@A-classifier(fixed length version) with
than those withHmax = 10. H = 10 are seen to be lower than those wiih= 6 because of two

In all the cases where the number of hyperplanes for modelingasons; overfitting of the training data and difficulty of searching a
the class boundaries is less than 6, the scord8GA-classifierwith  larger space. The only exception is witbwelfor training with 50%
H...x = 6 are found to be superior to those with... = 10. This data where the score féf = 10 is larger than that fo = 6. This is



IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS, VOL. 30, NO. 6, DECEMBER 2000

expected, in view of the overlapping classes of the data set and the sig-
nificantly large size of the training data. One must note in this context 823
that the detrimental effect of overfitting on the generalization perfor-
mance increases with decrease in the size of the training data.

As an illustration, the decision boundary obtained by\lB&A-clas-
sifier for ADS 1 when 10% of the data set is chosen for training, is
shown inFig. 2.

B. Comparison with Existing Methods %

For the purpose of comparing the performance of \#@A-clas-
sifier with those of Bayes maximum likelihood classifier (which is
well known for discriminating overlapping classes), k-NN classifier
and MLP (which are well known for discriminating nonoverlapping,
nonlinear regions by generating piecewise linear boundaries), we have
providedTable lllwhen 10% data is used for training. For MLP we con-
sidered two hidden layers with three different values (5, 10 and 20) of
the number of nodes in each layer. Bayes maximum likelihood classi-
fier is implemented assuming normal distribution of classes, with un-
equal dispersion matrices aagriori probabilities. For k-NN rule we 300
assumed k 5/7, » being the total number of training samples. (It is
known that as the number of training patterngoes to infinity, if the
values of k and ki can be made to approach infinity and 0, respec-
tively, then the k-NN classifier approaches the optimal Bayes classifier
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111111111111111211111111111111111111
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\
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X

[10]. One such value of k for which the limiting conditions are satisfieffig.- 2. ADS 1along with theVGAboundary forH .., = 10.

is \/n.)

Comparingdrables landiil, theVGA-classifieiis found to provide the
best performance fokDS 1 In the case oCancer its performance is
found to be comparable to that of k-NN classifier, the one providing the
best result for the data set. Pdgowel| the Bayes classifier is found to

TABLE Il

COMPARATIVE RECOGNITION SCORES(%) WHEN 10% DATA IS USED

provide the best recognition score (which conforms to earlier findings FORTRAINING
made in [7]), followed by the score of th&GA-classifier Data Set | Bayes | k-NN MLP
Besides this, th& GA-classifieris seen to be able to automatically with Nodes in Hidden Layers

approximate different kinds of class boundaries through the evolution 55 11010 2020

of H. This makes it applicable to various types of data sets. ADS 1 | 8565 | 9023 | 82.47 | 82.47 82.47
Vowel | 77.73 | 70.35 | 65.26 | 67.55 68.48
Cancer | 91.39 | 95.77 | 94.97 | 94.97 94.97

IV. RELATION BETWEEN VGA-ClassifierAND MLP: DETERMINATION

OF NETWORK ARCHITECTURE
TABLE IV

] ] ) ) Lo . . COMPARATIVE RESULTS OFVGA-Classifier MLP DERIVED USING NCA AND
It is known in the literature that MLP with hard limiting nonlineari- Some MLPS UsING CONVENTIONAL BACK-PROPAGATION (* | NDICATES THE

ties approximates the decision boundary by piecewise linear surfaces.
The parameters of these surfaces are encoded in the connection weinhts

ARCHITECTUREOBTAINED USING NCA)

and threshold biases of the network. Similarly, Yf@A-classifieralso

generates decision boundaries by appropriately fitting a number of I~ Set
perplanes in the feature space. The parameters are encoded in the (

mosomes. Thus a clear analogy exists between these two models. 77
Both the methods start from an initial randomly generated state (t

set of initial random weights in MLP). They also iterate over a numb

of generations while attempting to decrease the classification error

the process. The obvious advantage of the GA based method over
of the MLP is that theGA-classifierperforms concurrent search for a Vowel
number of sets of hyperplanes, each representing a different classifi
tion in the feature space. On the other hand, the MLP deals with or
one such set. Thus it has a greater chance of getting stuck at a local

timum, which theGA-classifiercan overcome. MoreoveY,GA-clas-
sifier does not assume any fixed value of the number of hyperplan
while MLP assumes a fixed number of hidden nodes and layers. Tl
results in the problem of over fitting with an associated loss of gene
alization capability for MLP.

Data VGA-classifier MLP with SIGMOID (BP)
Hvga | r | Overall Recog. | Arch. Overall Recog.
Score (%) Score (%)

3 ) 95.62 2:5:5:2 82.47

2:10:10:2 82.47

2:20:20:2 82.47

2:3:5:2* 82.47

6 7 73.66 3:5:5:6 65.26

3:10:10:6 67.55

3:20:20:6 68.48

3:6:7:6* 56.36

Cancer 2 4 93.34 9:5:5:2 94.97

9:10:10:2 94.97

9:20:20:2 94.97

9:2:4:2* 95.70
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A. Network Construction Algorithm plemented exactly by a three layer, including input and output layers,
feedforward neural network. The proof can be found in [11]. However,
Since our aim is to model the equation of hyperplanes, we use théthing has been stated about the selection of connection weights and
hard limiting function the neuronal functions.
1) Post Processing StepThe structure of the network obtained
. from the application of NCA may be further pruned. Any neuron in
. +1 ifx>0 . .
flx) = {_1 e <0 layer 3 (output layer) that has an input connection from only one
neuron in layer 2 may be eliminated. Consequently, this step may
result in a neuron in layerbeing connected to a neuron in layer 2.

in the neurons of the MLP. In this connection, lef; denote the con- In the extreme case, when all the neurons in the output l&yger(3)
nection weight on the link between tfith neuron in layetk — 1) and ~ get their inputs from exactly one neuronlayer 2, the output layer

theith neuron in layet. Also, let¢” denote the input bias to thieh ~ can be totally eliminated, arldyer 2becomes the output layer. This
neuron in layer. reduces the number of layers from three to two. This situation will

Let us assume that théGA-classifieprovidesHy «; 4 hyperplanes, arise whenr = £, i.e., a class is associated with exactly one region
designated by Hyp:, Hyps. - - . Hypi, ., },  regions, designated formed by theflv ¢4 hyperplanes.
by{R:, Rs,---. R}, andk classes, designated b, Co,- -+, Ci }.
(Note that more than one region may be labeled with a particular )
class, indicating that > k.) Let the parameters of th&y g, B- Implementation and Results
hyperplanes béa?, ol ... o, d"),h = 1,2,---,Hyca. Let
R' (i = 1,2,---, k) be the region representing claSs, and let it be The performance of théGA-classifiel(and consequently that of the
a union ofr; regions given byR' = Ri; UR; U-—-UR;, 1< MLP de_rived using NC_A) WithH max = 10 ?s compared wit_h that of a
ji.jb.o++.ji. < r. Note that each’ ils disjoi;t. ! conventlonal MLP having the same a_lrchltecture as prowd_ed by NCA,
The network construction algorithm (NCA) is a four step proces%Ut trained using thg bacI.< propagaﬂon (BP) algorithm with the neu-
where the number of neurons, their connection weights and tfwoens executing the sigmoid function. For the purpose of comparison,

threshold values are determined. The steps are described below. V€ have also considered here three more typical architectures for the
' P " conventional MLP having two hidden layers with 5, 10, and 20 nodes

Step 1: AllocateN neurons in the inputayer O, whereN is the in each layer, respectively. As earlier, the learning rate and momentum
dimensionality of the input vector. The neurons in this layefactor were kept fixed at 0.8 and 0.2, respectivEiale IV summarizes
simply transmit the value in the input links to all the outputhe results obtained fakDS 1, VoweandCancerdata. The number of
links. hyperplanes Hv ¢ 4) and regiongr) obtained by th&/GA-classifier

Step 2: Allocate Hya neurons inlayer 1 Each neuron is starting fromH ., = 10 are mentioned in columns 2—3. “Arch.” in the
connected to theV neurons oflayer O. Let the equa- table denotes the MLP architecture (i.e., the number of nodes in each

tion of the ith hyperplvane(i = 1,2,---,Hvga) be of the four layers). Note that the number of nodes in the input layer is

cizy + chxs + -+ + cyay — d = 0, wherecly_, = the same as the number of input features of the data set, and similarly,

€COS Ay _(py1) SIL &y, SIN &y _(,_q) - sl q, the number of nodes in the output layer is the same as the number of

p = 0,1,---,(N — 1). Then the corresponding weightsclasses present in the data set. ValueH of; 4 andr correspond to (or

on the links to théth neuron inlayer 1 from those ifayer  determine) the number of nodes in the first and second hidden layers of

0 arem}j =4, j=1,2,---, N, and the bias or threshold the MLP obtained by NCA. These are shown in the last row of column

is#] = —d’, since it is added to the weighted sum of thes for each data (marked with asterisk). Note that we have not included

inputs to the neurons. the recognition scores for MLPs using hard limiters (obtained by the
Step 3. Allocater neurons inlayer 2 corresponding to the application of NCA) since it will be identical to those of thi&A-clas-

r regions. If theith region R; (i = 1,2,---,r) sifier.

lies on the positive side of thgth hyperplaneHyp; From Table IV it is found that forADS 1andVowe| the VGA-clas-

(U = L2 Hyga), thenuw;; = +1, otherwise sifier, and hence the MLP derived using NCA, provide significantly

wi; = —1,andf; = —(Hvga —0.5). better performance than the conventional MLPs considered here. For

Step 4: Allocatek neurons in output layetayer 3 corresponding cancer the MLP whose architecture is derived using NCA, but trained
to thek classes. The task of these neurons is to combinging BP (j.e., entry in the last row of column 5 f6ance) provides
all the distinct regions that actually correspond to a singlge pest result. The same version of the MLP is also found to provide

class. Letthéthclass(i = 1.2,---, k) beacombination of the pest performance among the other conventional MLPs for all the
riregions. ThatisR' = R;; U R;; U --- U R;; .Then gata sets (excepowe). For theVoweldata, it is evident from the table
theith neuron oflayer 3 ( = 1,2,---, k), is connected that as the network size becomes larger, the overall recognition score

to neuronsji, js - - jr, of layer 2and,w}; = 1.Vj € of the MLP using sigmoid function improves. Thus the reason of poor
{ji. 72+ jr,} whereasv); = 0,Vj & {ji,js---j;,} and performance of the MLP whose architecture is derived using NCA may
0} = ri —0.5. be that it is not sufficiently large to be able to model the complex over-
For any given point, at most one output neuron, corresponding to iépping class boundaries ¥bwel
class, will be high. Also, none of the output neurons will be high if an The Arch. values of the MLPs mentioned in the last row of column
unknown pattern, lying in a region with unknown classification (i.e5 for each data set are the ones obtained without the application of the
there were no training points in the region) becomes an input to thest processing step. For example in the cagdd8 1data, the number
network. of hyperplanes and regions is 3 and 5 (columns 2-3), respectively.
The NCA guarantees that the total number of hidden layers (eékeeping analogy with this, the Arch. value is mentioned to be 2:3:5:2.
cluding the input and output layers) will be at most two. In this contexiin practice, after post processing, the said values became 2:3:4:2. Sim-
Kolmogorov's Mapping Neural Network Existence Theorem must bi&rly, for VowelandCancerdata, the values after post processing were
mentioned. The theorem states that any continuous function can befound to be 3:6:2:6 and 9:2:3:2, respectively.
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V. CONCLUSIONS Using Cluster Skeleton as Prototype for Data Labeling

The concept of variable string lengths has been utilized in GAs for Yuhui Yao, Lihui Chen, and Yan Qiu Chen

developing a pattern classifier (call&tf>A-classifiey that can deter-

mine the required number of hyperplanes automat!cally in order_to aP- Apstract—A new approach, designed for clustering data whose un-
proximate the class boundaries of any data sék‘n New genetic derlying distribution shapes are arbitrary, is presented. This study is
operators are defined for handling variable length chromosomes. Tdwacerned with the use of the skeleton of a cluster as its prototype, which
fitness function takes care of minimization of the number of misclasgian represent the cluster more closely than that of using a single data point.

fied samples as well as the required number of hyperplanes. The given data set is then partitioned into those_ skeleton_-represented clus-
ters without any prior knowledge nor assumptions of hidden structures.

Experimental results on different kinds of data (with nonlinear, ove novel function called cluster characteristic function(CCF) has been
lapping class boundaries and dimensions ranging from two to nine) enstructed and the associated theorems have been proposed and proved
dicate that given a value .., the VGA-classifieris able not only that the proper number of clusters can be determined with the approach.
to automatically evolve an appropriate valuefbffor a given data set,  |ndex Terms—eluster characteristic function, clustering, fuzzy c-means,
but also to result in improved performance as compared to its fixekeleton clustering, unsupervised learning.
length version. The performance of the classifier is also found to be
comparable to, sometimes better than, those of the k-NN rule, Bayes
maximum likelihood classifier and MLP.

TheVGA-classifieiis found to determine automatically the architec- Clustering refers to the process of grouping samples so that the
ture and the associated connection weights of MLP. The method gusamples are similar within each group and different between any
antees that the architecture will involve at most two layers (excludiiggo groups. It attempts to discover the inherent structure in a data
the input and output layers), with the neurons in the first and secoset. It is unsupervised learning and maori information on the data
hidden layers being responsible for hyperplane and region generatidisfribution can be assumed. In recent years, many schemes have
and those in the output for providing a combination of regions for tHeeen proposed for solving this intrinsically difficult problem. These
classes. This investigation will augment the application domain of theethods can be sorted into four major categories:

VGA-classifietto those areas where MLP has widespread use. 2) prototype-based central point clustering;

Since the principle oW GA-classifieris used for developing NCA,  3) |earning-network-based central point clustering:

it becomes mandatory to consider hard limiting neurons in the derived4) shell-clustering;

MLP. Although this makes the network rigid and susceptible to noise 5) graph clustering.

and corruption in the data, one may use NCA for providing a possibleprototype-based central point clustering attempts to use the central

appropriate structure of conventional MLPs. point of a cluster as the prototype to represent the cluster and then la-
bels all samples with those prototypes. The first published method is
hard c-means proposed by Duda and Hart [1]. Later modifications and
improvements include:
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