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ABSTRACT

We present a cooperative multi-moduiar neural network architecture: a Multi-Layer Perceptron
(MLP), followed by a Radial Basis Function network (RBF). We show that, in the LEP experiment
of electron-positron collision run at CERN, this architecture was able to outperform both a simple
multi-layer perceptron, a multi-modular MLP+LVQ (LVQ: Learning Vector Quantization) and
MLP+RBF trained sequentially and a conventional technique (Discriminant Analysis).

1- INTRODUCTION
Various researchers have recently advocated the use of multi-modular neural networks [1, 2, 3,4, 5,
7]. Various networks were used: multi-layer perceptions (MLP), Time De).y Neural Networks
(TDNN), Learning Vector Quantization (LVQ) or Radial Basis Function nets (RBF). The most
common applications have been character recognition [7] or speech [1,2, 5]. The idea underlying
these efforts is to get improved performances from the cooperation of networks: for example, a MLP
is first used on the raw noisy data, then a LVQ or a RBF network is trained on the MLP-extracted
features and will be able to perform a better classification than the last layer of the MLP.

Most often these architectures are trained sequentially, one module after the other. However, such a
training procedure is sub-optimal: global optimality can be obtained by cooperatively training all
modules together [4].

Our aim was to classify very noisy data coming from High Energy Physics (HEP) problems [6]:

events produced by the collisions of particles (e+e~) at the LEP accelerator at CERN (Geneva). In
work reported previously [9], we compared the performances of conventional techniques (cut on
most discriminant variable, Discriminant Analysis) and various Neural Networks (MLP, LVQ). In
this paper, we will introduce a MLP-RBF cooperative neural network; the first part of the processing
is done by the first layers of a MLP. The final classification is done by a RBF. Instead of using the
usual initialisation by a k-means method [7], we have initialized by small random numbers. Our
model is also different from [8]: we first use a MLP and then a RBF structure.

In section 2, we will describe our model and in section 3 discuss our application.

2- THE MULTI-MODULAR COOPERATIVE ARCHITECTURE

A multi-modular architecture is made of various modules: in this paper, we will consider architectures
with two modules MLP and another network, used in succession: the MLP generates features in its
last hidden layer and these features are used by the next module as inputs. In sequential training, the
two modules are trained one after the other. The global architecture is thus sub-optimal, since the
features computed by the MLP are optimized for its own classification and not for that of the next
module. We will present in section 3 results obtained with MLP+LVQ and MLP+RBF architectures
trained sequentially. In this section, we indicate a method to cooperatively train such architectures [4].

The architecture is made up from two modules. First a MLP, with L layers of neurons; the MLP used
for classification would have L+l layers, but here we have suipped the last layer, and only retain the
features computed by the MLP whih are used as inputs to the RBF. Then a RBF with 2 layers of
neurons (the first one is a set of gaussian kernels and the other is a standard MLP layer: fig. 1). Let

us denote WJj and Tj the weights and bias of neuron i, in layer X; x j its activation, y j its state

and f̂  the transfer function, nĵ  the number of neurons in layer X.
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Figure 1 : multi-modular architecture MLP+RBF. The MLP has L layers (if it were trained on its own,
it should have one more layer, shown with dotted arrows); the RBF has 2 additional layers.

The feed-forward activations of the MLP are given by (K = 1 ... L):
ni

(1)

The RBF network has an input layer which is the last layer of the MLP (layer L), then a hidden layer
°^nL+l kernel neurons and an output layer with n^+2 neurons. We denote nij the weight vector of

neuron i in layer L+l (the means of the kernels), CTj the width of the kernel and R^ the weights of

neuron i in the output layer.

The states in RBF are computed by:
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Now the weight modification is done in the following way [4]:

The RBF is trained to minimize the error
output computed on layer L+2, when example x(k) is presented on the input layer of MLP and t (k) is
the associated target, ie x(k) class. Let us denote:

E (k) = || t (k) - y L + 2 (k) || 2 where y L + 2 (k) is the
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The MLP is trained as usual, with the Gradient-Back-Propagation rule [K)], except that the error 8
which is back-propagated comes from the RBF:

i (4)

gj y^ A1 8^

With this rule for weight modification, the two modules are cooperatively trained [4], the architecture

is globally optimal. Note that the MLP is not trained to perform classification (its usual output layer

has been stripped here), but chiefly to derive the optimal features for the RBF.

3- APPLICATION
We have used our multi-modular architecture to classify events generated from the LEP accelerator at
CERN (Geneva). The physics of the events has been described by Denby [6]: electrons e" and

positrons e+ are accelerated, at high energy (91.2Gev), in opposite directions in a ring and made to
collide. Resulting from these collisions, various particles are emitted, namely quarks of different
types (flavours ). In the work reported here, we are interested in 3 such types: two heavy quarks (b:
bottom and c: charm) and one class grouping all three light quarks (u: up, d: down and s: strange).

One common problem to use Neural Networks in High Energy Physics (HEP) is that experimental
data can never be labelled directly: however, since very sophisticated simulators have been
developed, one can use them to produce labelled data sets. Here we produced our data sets by a full
simulation of the ALEPH detector, which has been demonstrated to produce events very similar to
experimental ones.
The learning set was composed of 30 000 events, 10 000 per class; for each event we generated 150
variables. Careful analysis of the variables [9] allowed us to select the 20 most discriminant variables.

In real data, the three classes are not equally probable. The respective proportions have been
estimated as: 21% b + 17 % c + 62 % uds. Training with a training set realistically balanced would
lead to a somewhat poorer performance on the detection of the heavy quarks, which is our main
concern. We thus trained with an equally balanced training set, but tested our classifiers on a
realistically balanced test set, generated from the same ALEPH simulator: it has 73 376 events, 21% b
(16086 events), 17 % c (12757) and 62 % uds (44533).
We compared the performances of Discriminant Analysis, MLP, MLP+LVQ (a full classifier MLP is
trained, and then the LVQ is trained sequentially on the features extracted by the MLP) [9],
MLP+RBF trained sequentially (as for the MLP+LVQ case) and our MLP+RBF architecture,
cooperatively trained.
Our MLP had, in all 3 cases, 20 input units, a first hidden layer with 20 units, a second hidden layer
with 8 units, and, in the case of MLP and MLP+LVQ, an output layer of 3 units. Both LVQ and RBF
used 21 reference vectors. The weights of the MLP+RBF architecture were all initialized with small
random numbers (that is in the same way as a MLP), except a which was set at 0.75.

Training required 200 sweeps through the training set, which took about 2 hours on a 30-90.

Figure 2 shows the results on the test set, in terms of ratio of correctly classified events.

These results demonstrate that:

- neural networks improve the performances of the conventional Discriminant Analysis classifier.
- multi-modular architectures, both MLP+LVQ and MLP+RBF, are better than just the MLP alone.
- the cooperatively trained MLP+RBF architecture achieves the best performances: it improves upon
the other classifiers, and in particular upon the MLP+RBF trained sequentially.

It is a matter of further research to analyse in details the results obtained by the various classifiers, in
the context of the detection of the b-quark.
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Figure 2: performances of various classifiers on the classification of b / c / uds quarks.

4- CONCLUSION
We have presented a cooperative neural network: after processing through a MLP, the classification is
performed by a RBF network. We have indicated how to compute the error to be back-propagated
through the two successive architectures, so as to cooperatively train them: the MLP computes the
best features so that the task of the RBF is easiest. We have initialized the MLP-RBF architecture in
the same way as a MLP.

On an application to a High Energy Physics experiment, we have found that the MLP-RBF
architecture performed better than the MLP and other classifiers.
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