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ABSTRACT: In recent studies certain hybrid neural network architectures have been investigated for modelling pur-
poses. These hybrids are based on the multilayer perceptron network which forms the baseline structure. However, in
addition to the usual sigmoidal hidden layers the first hidden layer has been selected to be an adaptive centroid layer.
Each unit in this exceptional hidden layer incorporates a centroid vector that is located somewhere in the space spanned
by the input variables. Two practical centroid layer implementations have been considered. In the first one, each of the
units in the centroid layer is connected only to one of the hidden units in the next layer. Thus the centroid layer is neuron
specific and it has as many units as the next hidden layer. In the second one, each of the units in the centroid layer is con-
nected to all of the hidden units in the next layer. In this case the centroid layer is fully connected and it usually does not
have the same number of units as the next hidden layer. In recent studies, comparisons with conventional multilayer per-
ceptron networks have demonstrated that both of these hybrids can yield improved performance especially in terms of
fast learning and compact network structure. In this work we compare the two hybrid approaches, and discuss their pros
and cons. In the comparison we have used maximum covariance based weight initialization technique to boost the per-
formance of each method to extreme. Based on the experiments, the fully connected centroid layer seem to lead to faster
learning with smaller structure. However, with fully connected centroid layer the model selection is more difficult since
there are at least two hidden layers for which the number of units need to be selected.

KEYWORDS: hybrid multilayer perceptron network, adaptive centroid layer, weight initialization, classification

INTRODUCTION

Multilayer perceptron networks are one of the most widely used neural network paradigms, Haykin (1999). However,
there are many types of modelling problems where it is difficult to train multilayer perceptron networks with conven-
tional techniques like backpropagation, Haykin (1999). As an example, in classification problems the data forms usually
clusters of different shapes. According to these clusters, the decision boundaries can be very complex with the result that
it is hard to get multilayer perceptron network to converge into adequate solution. Due to these problems more advanced
methods have been developed and applied for training multilayer perceptron networks. These include second order train-
ing methods adopted from the optimization theory, Fletcher (1990), and network initialization methods, Lehtokangas et.
al. (1998). In addition more complex feedforward network type structures have been proposed like the cascade-correla-
tion structure, Fahlman and Lebiere (1990). Considering especially classification problems, the radial basis function net-
works represent a completely different approach, Moody and Darken (1989). The radial basis function networks are
based on kernel functions which make them well suited for problems where input data forms distinct clusters. However,
there are also certain locality problems when training radial basis function networks, Moody and Darken (1989), and the
number of hidden units can grow to be very large.

In recent studies we have investigated hybrid multilayer perceptron network structures for classification purposes,
Lehtokangas and Saarinen (1997) and Lehtokangas and Saarinen (1998). In these hybrids a multilayer perceptron net-
work forms the baseline structure. This baseline structure has been then modified so that the first hidden layer performs a
special centroid transformation for the input data. This transformation is similar to the hidden layer transformation in
radial basis function networks. The difference is that instead of using kernel functions, only centroid vectors are used in



these special units. The centroid vectors are located somewhere in the space spanned by the input variables. Two practi-
cal centroid layer implementations have been considered. In the first one, each of the units in the centroid layer is con-
nected only to one of the hidden units in the next layer, Lehtokangas and Saarinen (1997). Thus the centroid layer is
neuron specific and it has as many units as the next hidden layer. In the second one, each of the units in the centroid layer
is connected to all of the hidden units in the next layer, Lehtokangas and Saarinen (1998). In this case the centroid layer
is fully connected and it usually does not have the same number of units as the next hidden layer. Comparisons with con-
ventional multilayer perceptron networks have demonstrated that both of these hybrids can yield improved performance
especially in terms of fast learning and compact network structure. In this work we compare these two hybrid
approaches, and discuss their pros and cons. In the comparison we have used maximum covariance based weight initial-
ization technique to boost the performance of each method to extreme, Lehtokangas et. al. (1998). Based on the experi-
ments, the fully connected centroid layer seem to lead to faster learning with smaller structure. However, with fully
connected centroid layer the model selection is more difficult since there are at least two hidden layers for which the
number of units need to be selected.

EFFECT OF CENTROID TRANSFORMATION

Before introducing the hybrid structures in detail, let us illustrate the effect of centroid transformation by a simple exam-
ple. In this example the centroid transformation is defined as computing the Euclidean distance between the network
inputs and each centroid vector. Clearly, this transformation is similar to the one used in radial basis function networks.
Now, it is widely known that classification of circular shape clusters like ellipsoid depicted in Fig. 1a is rather difficult
task for a multilayer perceptron network. Quite a many hidden units would be required to get even adequate perform-
ance. As a result, in such a problem one would prefer to use for example radial basis function networks. However, for the
sake of simplicity radial basis function type models usually use radially symmetric kernel functions. Therefore radial
basis function type models have in many cases also difficulties when the clusters are not radially symmetric. These diffi-
culties are increased by the fact that usually the kernel centers are obtained with some sort of clustering algorithm. Many
popular simple clustering methods are quite vulnerable to local minima. Moreover, we usually do not know the correct
number of clusters which also has significant effect on the clustering. As a result, in many simple problems (like ellip-
soid) radial basis function networks may also require quite a many hidden units for accurate classification.

Now, considering multilayer perceptron networks with additional centroid layer, Fig. 1 depicts a simple centroid trans-
formation. In Fig. 1a is the original data where the goal is to separate an ellipsoid shape cluster (black area) from the
other data (white area). Then Fig. 1b shows the data after the centroid transformation. The transformation was obtained
by using centroid layer with two centroid units. For the sake of simplicity the centroid vectors were obtained with simple
k-means clustering. Clearly, after centroid transformation the problem is virtually linearly separable (Fig. 1b). Therefore,
in this simple one cluster case the hidden layers following the centroid layer have a very easy task to do the final separa-
tion. Obviously in more difficult problems the data may not be quite linearly separable after the centroid layer. This is
because we usually have the wrong number of centroid units in traditional sense (traditionally we would have one unit
for each circular cluster) and the centroid vectors are usually not located in the center of the circular clusters (we do not
know the correct number of clusters; this tends to move centroid vectors away from cluster centers during clustering).
However, as our example in Fig. 1 demonstrate, the centroid transformation tend to remove circular shapes from the
decision boundary. Therefore, even though the data may not be linearly separable after the centroid transformation, the
remaining task can be much easier in the sigmoidal hidden layers perspective. Note that in the radial basis function net-
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Figure 1: Example of centroid transformation: a) original data, and b) data after centroid transformation. The black and
write areas denote the two classes.



works it is assumed that the problem is linearly separable after the single hidden layer. However, as the training problems
described above suggest, in many cases this assumption does not hold. As a result, multilayer perceptron network with
centroid layer can be seen as an radial basis function related model where the above assumption has been omitted, anc
the possible remaining nonlinearities are handled by using sigmoidal hidden layers. Note also that because we do not
have the linear separability assumption after the centroid layer, the problem of finding exactly the correct cluster centers
is not so critical any more since the imperfections can be compensated with the following sigmoidal hidden layers.

HYBRID MULTILAYER PERCEPTRON NETWORKS

In this section we briefly recall the two hybrid approaches to enable structural and computational comparison. In both
designs the first and last layers are the input and output layers, respectively. The second layer is the centroid layer where
each unit incorporates a centroid vector. Between the centroid and output layers are the sigmoidal hidden layers which
are equal to the hidden layers in basic multilayer perceptron. For the sake of simplicity, in the following we consider
structures where there are only one sigmoidal hidden layer.

Let us first consider the design where each centroid unit is neuron specific, Lehtokangas and Saarinen (1997). In this case
the outputs of such a centroid unit are the component wise squared differences between the centroid vector elements and
inputs of the network. Further, the outputs of a centroid unit are connected to only one hidden unit in the next layer.
Hence the number of centroid units is equal to the number of hidden units in the next layer. In this case the network func-
tion is
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in whichc;; are the centroid vector parametevg are the weights between the centroid and sigmoidal hidden layers, and

v; are the weights between the sigmoidal hidden (therel ardden units) and output layer. Alsg,are the network

inputs (there arp inputs),o0; is the network output, arfds the activation function. Here we chose the activation function

to be the hyperbolic tangent function. In the other design the centroid layer is fully connected to the next layer, Lehtokan-
gas and Saarinen (1998). That is, now each centroid unit has only one output which is connected to all units in the next
layer. The output is obtained as the squared Euclidean distance between a centroid vector and network input vector. The
network function for this second design is

O ' O q P L,
02—f%lvo+ z Vi f%kNOk+z ij_z (X% —c;) % @
k=1 j=1 i=1

in which c;j, Wy, Vi, X;, f andp are as above. In additionjs the number of centroid unitsjs the number of sigmoidal

hidden units and, is the network output. As can be seen the biggest difference between the two designs is that in (1) the
centroid units are tied to sigmoidal hidden units in the next layer. So only the vatuaded to be determined before
training. In (2) each hidden layer has different number of units, so values fay Aot need to be determined before
training. Hence, the model selection problem is more difficult with (2) than with (1) even though computationally (1) and
(2) are similar. Computational cost of training is also an important aspect, which will be discussed next.

In both of the above designs the training of the connection weiglmslv can be accomplished with standard backprop-
agation type training rules. Hence we can restrict ourselves to make comparison of the training rules for the centroid
parameters only. Because we consider classification problems, the natural choice for training cost function is the relative
entropy cost function, Haykin (1999). Now, many popular training methods are based on the first-order gradient descent
techniques. To be able to use these generic training rules for adjusting the centroid vectors, we need to find out the deriv-
ative of the cost function as follows
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For design (1) we obtain
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In aboved is the desired output afids the derivative of the activation function in the sigmoidal hidden layer. Similarly,
for design (2) we get
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Obviously, for the second design the training rule is little more complex but not dramatically. The difference here is again
due to the fact that in the second design the centroid layer and the next hidden layer are fully connected instead of being
neuron specific like in the first design. We can summarize that the first design is in general more simpler and computa-
tionally less demanding, but the second design is potentially more flexible due to the increased degree of freedom (layers
are not tied).

EXPERIMENTS

In this section the performance of the above described hybrid designs are empirically investigated. We have used two
benchmark problems. The first problem is the two spirals problem, Fahlman and Lebiere (1990), where the goal is to sep-
arate two interlocked spirals. This problem has been found relatively hard to solve with sigmoidal feedforward neural
networks. The second problem is the channel equalization problem described in Kantsila et al. (to appear). There the goal
is to equalize a burst of bits transmitted through a fixed communication channel having 20db signal-to-noise ratio. It
should be emphasized that the two-spirals problem demonstrates only the convergence while the equalization problem
demonstrates also generalization performance. In all the experiments the RPROP, Riedmiller (1994), optimization proce-
dure was used for the cost function minimization. In addition, maximum covariance weight initialization, Lehtokangas
et.al. (1998), was applied to boost the performance of both methods. Each of the simulations were repeated ten times.

According to some experimentation, suitable numbers for the hidden units were found to be as followsgERy. 2a)

(163 network parameters), 245 andr=14 (109 network parameters), g6 (37 network parameters), and 883

andr=5 (32 network parameters). The convergence in the two spirals problem (Fig. 2) is remarkable. With neuron spe-
cific centroid layer 600 to 1500 training epochs are required, and with fully connected centroid layer only 100 to 600
training epochs are required. Note also the small amount of parameters with the latter method. Earlier studies have
reported that several thousands of epochs are required (even tens of thousands) with over 160 network parameters, Fahl-
man and Lebiere (1990). Here, on average the first design required 429 Mflops (floating point operations) for the training
and the second design only 93 Mflops. Considering the equalization problem (Fig. 3), there the convergence seem to be
similar with both designs in terms of training epochs. However, we found that with the first design the training took 1.6
Mflops and the resulted generalization error was 1.61%. For the second design the training took 0.9 Mflops and the
resulted generalization error was 1.64%. Hence, both designs generalized equally well, but the second design (fully con-
nected) required considerable less computation. This is partly due to the smaller amount of parameters required but also
in the second design the maximum covariance weight initialization can be implemented much more efficiently.

CONCLUSIONS

Neuron specific and fully connected centroid layers in hybrid multilayer perceptron network were considered. We first
pointed out the problems that multilayer perceptron networks have in classifying circular shapes. Then we briefly illus-
trated the centroid transformation for removing/reducing the circular shapes. This transformation was then added to the
multilayer perceptron network as a so called centroid layer. The resulting structure is a kind of hybrid multilayer percep-
tron. Two different hybrid designs (neuron specific and fully connected) were described and compared. The neuron spe-
cific hybrid design was found to be simpler in terms of network structure and training rule. However, experimental
results demonstrated, that the fully connected design yields faster learning in practise. Note that maximum covariance
weight initialization was used to boost the training performance. Both designs generalized equally well. As a results, the
multilayer perceptron network with fully connected centroid layer seem to be potentially more viable approach.
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Figure 2: Classification error as a function of training epochs for the two-spirals problem; a) MLP with neuron specific
centroid units, and b) MLP with fully connected centroid units. The solid line represent the average curve, and the dashed
lines represent the minimum and maximum curves, respectively.
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Figure 3: Classification error as a function of training epochs fanttependent test sef the equalization problem; a)
MLP with neuron specific centroid units, and b) MLP with fully connected centroid units. The solid line represent the
average curve, and the dashed lines represent the minimum and maximum curves, respectively.



