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Abstract :In this paper we present some of the problems most commonly found when
perceptron-based learning algorithms are used for training the units generated by
Piecewise Linear Separation incremental algorithms. Some improvements for the unit
training algorithms, based on concepts derived from the Information Theory, are
indicated. Finally, a new method is introduced which compares well with the methods
based on the measurement of entropy-like functions, and further requires a low
computational cost, making it suitable for hardware implementations.

1. Introduction

One of the most promising research areas among the recent advances in
the field of the Artificial Neural Network’s Theory has been devoted to the study
and development of the so called Evolutive or Incremental Neural Networks. In
this kind of neural architectures, the network topology need not be guessed in
advance, but is determined during the training phase, depending on the problem
to be solved.

As was pointed out in [1], there are several types of incremental
algorithms, from which we shall consider in this paper the Piecewise Linear
Separation (PLS) Incremental algorithms. These algorithms try to perform a
classification task by performing a separation of the input data space. The global
separation is obtained by combining the individual separations produced by
perceptron-like units. In this way, the incremental algorithm begins by training
a small network (usually one unit). If the linear decision region generated by this
network is not capable of solving the whole classification problem, new units are
added in order to obtain better solutions, until the classification problem is totally
solved.

In this paper we review some of the methods most frequently used in
training the individual units generated by the incremental algorithms. Next, we
shall analyze the problems encountered as the network evolves. Finally, we shall
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present some criterions for improving the performance in training individual
units.

2. Training the perceptron-like units

The units generated by the PLS incremental algorithm are usually trained
by means of the perceptron [2] or the Pocket [3] learning algorithms. Therefore,
~ when the training process is finished, the unit has assigned the set of connection
weights which optimally performs the input-output mapping presented as problem
to the unit.

However, since the solutions found by these algorithms try to maximize
the number of patterns correctly classified by the unit, the separation performed
may not be useful for constructing the whole network, in the sense that it may
not reduce the complexity of the problem.

An example of such an optimal but not useful solution is depicted in
figure 1, which represents the problem of classifying input patterns belonging to
two non-linearly separable classes.

In this figure, the solid line corresponds to a possible optimal, in the
sense of maximum classification rate stated above, solution found by the
perceptron-based learning algorithms. As can be noted, this solution is not useful
for the network evolution, since this unit performs no separation of its input data
space. Therefore, the next units added to the network by the incremental
algorithm will have to solve the same problem, and will probably arrive at the
same solution. In this way, a useless network consisting of only redundant units
will be generated.
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Figure 1 - Optimal and useful solutions
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The previous problem would be avoided by a solution like the one
depicted as a dotted line in figure 1. This solution performs a true separation in
the input data space, and so lower complexity problems are generated for the new
units added to the network.

In the next section, we present a review of some criterions used to modify
the unit training algorithms so as to obtain suboptimal but evolution-useful
solutions.

3. Enhancing individual unit training

As was pointed out in the previous section, some modifications must be
introduced in the unit training algorithms in order to avoid redundant solutions
for the final network. It is also important in PLS incremental algorithms that
each unit performs a "good" separation of the patterns belonging to its training
data set, so that the complexity of the problem will be reduced at each step of the
incremental algorithm.

Bearing in mind the previous considerations, a criterion has been
proposed [4], [5], for improving the quality of the separation performed by each
individual unit in its training data set. This method consists on running the
standard Pocket algorithm, but considering that the function to be maximized is
the following entropy-like function, as opposed to directly maximize the number
of input patterns correctly classified by the unit.

I-1log C] - log C:,’ - log C:::,I

where C is a combinatorial term, and P, P’ q, q are, respectively, the total
number of patterns in the set under consideration, the number of patterns
belonging to the first ¢lass, the number of patterns being classified as belonging
to the first class and the number of patterns of the first class which are correctly
classified.

The function I can be considered as the difference in mixing entropy .
before and after the partition has been performed. In this way, we measure the
"goodness" of the partition performed by the unit in terms of the value given by
I for the separation, and finally consider that the "best" partition corresponds to
the set of weights which maximizes 1.

Another criterion [6] proposes the use of a similar entropy-like function
to measure the quality of the partition generated by each unit in its input data
set. This function is given by:

(S L))
My *1 myy +1

J - -
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Where w and m denote, respectively, the number of correctly and wrongly
classified patterns in the side of the hyperplane indicated by their index.

As in the previous method, the best partition will be obtained by running
the Pocket algorithm for a maximum entropy function, which also gives
information about the quality of the partition performed by the unit in its input
data set.

The method we propose in this paper is not based on the evaluation of
entropy-like functions, whose main drawback is the computational cost associated
to the operations performed to obtain the separation quality indicator. The
" method consists of running the Pocket algorithm on the input training set
associated to each unit, but we don’t require that the unit performs the best
possible classification on the input data set, but rather, require it to classify
correctly patterns of only one particular class on one side of the separating
hyperplane. Figure 2 depicts the principle on which this method is based.
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Figure 2 - Principle of the proposed
method

As can be seen, this method allows for a step by step simplification of the
original problem by eliminating from the training data set patterns belonging to
one class, and so the complexity of the classification problem is reduced as the
incremental algorithm evolves.

In order to compare the three methods proposed above, two of the most
representative PLS incremental algorithms have been selected: the Neural Trees
algorithm [4] and the Upstart algorithm [7]. Several runs of these algorithms have
been carried out on the following sequence of problems:

* Separation of input data patterns belonging to two bidimensional,
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concentric distributed classes.

* Separation of input data patterns belonging to two bidimensional,
normal distributed classes.

* Separation of input data patterns belonging to two bidimensional
reflected spirals.

* Random boolean function of eight inputs.

* Two or more clumps problem for a sequence of eight bits.

: Since the results are similar for both incremental algorithms, we present
here only the results obtained for the Neural Trees algorithm. These results,
presented in table 1, are give as mean number of units generated by the
algorithm.

As can be seen, the results compare well (even better results are obtained
for the Upstart algorithm) with the results obtained when using the Pocket
algorithm modified for maximizing the entropy functions. The worst results, as
may be expected, correspond to the spiral classification problem, due to the large
amount of units generated by this method when the classes to be separated are
intertwined.

4. Conclusions

In this paper we have investigated the problems which may appear when
the PLS incremental algorithms use the classical perceptron or Pocket learning
algorithms for unit training. As a result, the need for suboptimal but evolution-
useful solutions have been pointed out.

Some of these suboptimal solutions can be found by modifying the unit
training algorithms so as to maximize entropy-like functions, which determine the
quality of the separation performed by each unit in its input data set.

Problem I-method J-method New method
Concentric 6.59 6.86 28.68
classif.
Gaussian classif. 6.32 6.59 10.77
Spiral classif. 16.41 39.36 16.41
Random 4.41 531 6.5
boolean function
Two or more 5.05 6.32 9.14
clumps

Table 1 - Simulation results for the Neural Trees algorithm
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Finally, a new method has been presented, which consists of running the
Pocket algorithm on the input data set associated to each unit, but trying to have
on one side of the separating hyperplane only patterns belonging to one class,
which must also be correctly classified. As can be deduced from the simulation
results, this method compares well with the methods based on the evaluation of
entropy functions, except for the problems in which the classes to be separated
are complexly intertwined. In addition, this method has the advantage of the low
computational cost associated to the evaluation of the criterion for obtaining the
best weight set for each unit.
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