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Abstract

This paper proposes a two layer modular neural sy-
stem. The basic building blocks of the architecture
are multilayer Perceptrons trained with the Backpro-
pagation algorithm.

Due to the proposed modular architecture the num-
ber of weight connections is less than in a fully
connected multilayer Perceptron.

The modular network is designed to combine two
different approaches of generalization known from
connectionist and logical neural networks; this enhan-
ces the generalization abilities of the network.

The architecture introduced here is especially use-
ful in solving problems with a large number of input
attributes.

1 Introduction

The multilayer Perceptron (MLP) trained by the
Backpropagation (BP) algorithm has been used to
solve real-world problems in prediction, recognition,
and optimization.

If the input dimension is small the network can be
trained very quickly. However for large input spaces
the performance of the BP algorithm decreases [3]. In
many cases it becomes difficult to find a parameter
set which leads to convergence towards an acceptable
minimum. This makes it often very difficult to find a
useful solution, especially in recognition where large
input spaces are common.

A lot of research is being done to overcome these
problems; many of the ideas include modularity as a
basic concept.

In [4] a locally connected adaptive modular neural
network i1s described. This model employs a combi-
nation of BP training and a Winner-Take-All layer.

A modular neural system using a self organizing
map and a multilayer Perceptron is presented in [2].
It is applied in a cosmic ray space experiment.

In this paper a modular neural network is propo-
sed to enhance the generalization ability of neural
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networks for high dimensional inputs. The network
consists of several MLPs. FEach of the modules is
trained by the BP algorithm. The number of weight-
connections in the proposed architecture is signifi-
cantly smaller than in a comparable monolithic net-
work.

The modular architecture is introduced, a training
algorithm 1s given, the operation of the network is
described, and experiments are presented.

2 The Network Architecture

The proposed network system consists of a layer of
input modules and an additional decision module.
All sub-networks are MLPs. FEach input variable is
connected to only one of the input modules. These
connections are chosen at random. The outputs of all
input modules are connected to the decision network.
The structure is depicted in Figure 1.

The following parameters are assumed: the dimen-
sion of the input vector is [ and the number of classes
s k.

One of the design issues is to select the number of
inputs per module in the first layer (n); this decision
determines the number of input modules m = f%]
(Tt is assumed that [ = msn; if this is not the case the
spare inputs may be connected to constant inputs or
the size of one of the networks may be altered.) Each
network in the first layer has [log, k] outputs. This
1s the required number to represent all the classes in
a binary code.

The decision network has m * [log, k] inputs. The
number of outputs is k, one neuron for each class.

The number of weights is much less than in a fully
connected monolithic MLP with the same number of
hidden neurons.

3 Training the System

The training occurs in two stages. All the modules
are trained using the Backpropagation algorithm [6].

In the first phase all sub-networks in the input layer
are trained. The training set for each sub-network is
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Fig. 1: The Multiple Neural Network Architecture.

selected from the original training set. The training
pair for a single module consists of the components of
the original vector which are connected to this par-
ticular network (as input vector) together with the
desired output class represented in binary coding.

All input modules can be trained in parallel very
easily because they are all mutually independent.

In the second stage the decision network is trained.
The training set for the decision module is built from
the output of the input layer together with the origi-
nal class number. To calculate the set each original
input pattern is applied to the input layer; the re-
sulting vector together with the desired output class
(represented in a l-out-of-k coding) form the training
pair for the decision module.

The original training set is: (27, xé, e x{; d’) for all
j=1,...,t. Where ] € R is the ith component of
the jth input vector, d’ is the class number, and ¢ is
the number of training instances.

The module M LP; 1s connected to::

LTintl, Lin42, .-, $(l+1)n

The training set for the network M LF;:

(xg~n+1’ xg~n+2a s
forall j=1,...,¢

The mapping performed by the input layer:
P RM7™ Rm*[log2 k]

j i
s Tlit1)n dpry)

The training set for the decision network:
((x],2h, ..., 27);dp)and j=1,... L.
The mapping of the decision network:

v - Rm*[log2 kl R*.
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Fig. 2: The Example Architecture.

4 Calculation of the Output

The mapping of the whole network is:

PoW: R — RF.

The response r for a given test input (ay,as,...,a;)
is determined by the following function:
r=U(P(ay,as,...,a)).

The k-dimensional output of the decision module
is used to determine the class number for the given
input. In the experiments the output neuron with the
highest response was chosen as the calculated class.
The differences between the winning neuron and the
runner-up may be taken as a measure of accuracy.

5 On Generalization

The ability to generalize i1s the main property of
neural networks. This is how neural networks can
handle inputs which have not been learned but which
are similar to inputs seen during the training phase.
Generalization can be seen as a way of reasoning from
a number of examples to the general case. This kind
of reasoning is not valid in a logical context but can
be observed in human behaviour.

The proposed architecture combines two methods
of generalization.

One way of generalizing is built-in to the MLP.
Each of the networks has the ability to generalize on
its input space. This type of generalization is com-
mon to connectionist systems.

The other method of generalization is due to the
architecture of the proposed network. It is a way
of generalizing according to the similarity of input
patterns. This method of generalization is found in
logical neural networks [1, p172ff].

To explain the behaviour more concretely the fol-
lowing simplified example of a recognition system is
given.

A 3x3 input retina with the architecture shown in
Figure 2 is assumed. FEach of the nine inputs reads a
continuous value between zero and one, according to
the recorded gray level (black=1; white=0).
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Fig. 4: The Test Set.

The network should be trained to recognize the
simplified letters "H’ and ’L’. The training set is
shown in Figure 3. The desired output of the input
networks 1s ’0’ for the letter "H” and ’1’ for the letter
T

The training subsets for the networks MLPg,
MLP;, and MLP; are:

MLP, | MLP, | MLP,
(1,0,1,0) | (1,1,1;0) | (1,0,1;0)
(1,0,0;1) | (1,0,051) | (1,1,151)

After completing the training of the first layer of
networks it is assumed that the calculated output is
equivalent to the desired output.The resulting trai-
ning set for the decision network is:

((1,0,1,1,1,1,1,0,1);1,0) = (0,0, 0;1,0)
(9(1,0,0,1,0,0,1,1,1);0,1) = (1,1,1;0,1)

After the training of the decision network the as-
sumed response of the system to the training set is:

rg = W(P(1,0,1,1,1,1,1,0,1)) = ¥(0,0,0) = (1,0)
rp = W(9(1,0,0,1,0,0,1,1,1)) = ¥(1,1,1) = (0,1)

To show the different effects of generalization three
distorted characters, shown in Figure 4 are used as
the test set:

The first character tests generalization within the
input modules, the second shows the generalization
on the number of correct sub-patterns, and the third
character is an example of a combination of both.
(The figures in the input vectors are according to the
gray-level in the pattern; the outputs are taken from
a typical neural network).

ri = U((0.9,0.2,0.1,0.7,0.2,0.1,0.5,0.5,0.5))
= ¥(0.95,0.86,0.70) = (0.04,0.96) = ‘I’
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Fig. 5: Original and Distorted Pictures.

ry = U(9(1.0,0.0,1.0,1.0,0.0,1.0,1.0,0.0, 1.0))
= 0(0,0.49,0) = (0.91,0.09) = 'H’

rs = U($(0.9,0.2,0.2,0.9,0.5,0.2,0.9,0.2,0.9))
= ¥(0.92,0.65,0.09) = (0.15,0.89) = ‘I’

6 Experiments

The proposed architecture was tested with different
real-world data sets. The number of input attributes
was between eight and 12000.

Throughout the experiment it appeared that the
modular network converged for a large range of net-
work parameters. Particularly for huge input spaces
1t was often very difficult to find an appropriate lear-
ning coefficient for a monolithic network, whereas
convergence was no problem for the modular struc-
ture.

The time needed to train the modular network was
much shorter than that for a monolithic network. In
most cases 1t took less than half the time to train the
network to a similar performance. For larger input
spaces the training was up to ten times quicker (wit-
hout parallel training).

For small input spaces (up to 60 attributes) the
memorization and generalization performance of the
modular network and a monolithic MLP were very
similar on the real-world data sets.

One task was to memorize five pictures of different
faces. Each gray-level pictures had a size of 75 by 90
pixels (6750 continuous input variables). The original
pictures are from [5]. After training the generaliza-
tion performance was tested with distorted pictures.
In Figure 5 one training picture (upper left) and some
degenerations of this picture are shown.

The modular network had a much higher recogni-
tion rate on the manually distorted pictures.



Fig. 6: Examples of Noisy Test Pictures.
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Fig. 7: The Performance on Noisy Inputs.

Another comparison was made on the ability to
recognize noisy inputs. The noise on the pictures
was generated randomly. In Figure 6 pictures with
different noise-levels are shown. The modular net-
work could recognize pictures with a significant hig-
her noise-level than the single MLP; the results are
shown in Figure 7.

From the above experiments it can be seen that the
modular network has superior generalization abilities
on high dimensional input vectors.

7 Limitations

The network is less useful for problems with very
small input dimensions. The network has the ability
to solve problems which are not linear separable. The
proposed architecture has certain theoretical limita-
tions; statistically neutral problems (like the XOR-
problem) can not be learned. Monolithic MLPs are
able to learn such problems but the generalization

performance is very poor [7].

8 Conclusion

The usage of a modular architecture consisting of
small MLPs to solve real world problems is demons-
trated in this paper.

It is shown that for different real world data sets
the training is much easier and faster with a modular
architecture.

Two different approaches of generalization are com-
bined in this model. It is demonstrated that this re-
sults in a generalization advantage on high dimensio-
nal input vectors.

Due to the independence of the modules in the
input layer parallel training is readily feasible.
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