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ABSTRACT:Some multi-modular neural network methods of
classification of e*te~ hadronic events are presented.We compare
the performances of the following neural networks:MLP (multi-
layer perceptron),MLP and LVQ (learning vector quantization)
trained sequentially,MLP and RBF (radial basis function)
trained sequentially.We will introduce a MLP-RBF cooperative

neural network.Our last study is a multi-MLP neural network.

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 Perceptrons(MLP),Time Delay Neural
Networks (TDNN),Learning Vector Quantization(LVQ) or Radial
Basis Functions(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 is to classify very noisy data coming from High
Energy Physics (HEP) problems [6]:events produced by the
collisions of particles (ete~) at the LEP accelerator at CERN
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(Geneva) and detected by the detector ALEPH.In a work reported
previously [9],we compared the performances of conventional
techniques (cut on the most discriminating
variable,Discriminant Analysis,and various Neural networks:MLP
and LVQ).

In this paper,we compare the performances of the following
neural networks:MLP,MLP and LVQ trained seqentially,MLP and RBF
trained sequentially .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 wusing the wusual initialization by a k-means
method [7],the initialization is done with small random
numbers.Our model is also different from [8]:we first use a MLP
and then a RBF structure.Our last multi-modular neural network
is a multi-MLP network.

In appendix,the algorithm of cooperative MLP and RBF is
given.

2-MLP

Our main study is the reation at LEP energy:

ete~ -> Zg -> quarks -> hadrons.

With this reaction,it is easy to classify and study b
quark events,but the study of the ¢ quark events is also
interesting.Then we consider the 3 classes:b quark events,c
quark events and light quark events.The training of these 3
classes is difficult with natural training sets,the choice of a
good training to classify ¢ quark events has to be done.In all
our attempts we'll take 10000 events for each class.

It is well known that a MLP classifies well very noisy
data.The MLP is then used as classifier but can be used to
extract the features and to feed another neural network.The
architecture of the MLP is a 4 layers MLP:20 input neurons, two
hidden layers with 20 neurons and 8 neurons,the output layer is
a 3 neurons one.The outputs of the last hidden layer can then
be used to feed a new neural network.

We have generated 150 variables for (e*e~ -> hadrons)
ALEPH events.Some variables are very classical ones and
describe the shape of the event [10];the wvariables connected
with the vertex detector data are very important [11].Some



other variables were designed to study neural network
correlated problems [12,14].A Monte-Carlo program simulates
fully the detector;the Monte-Carlo variables are very similar
to data variables.The training set used 10000 events for each
class.

The selection of the variables is difficult because their
number of variables is important, the F-test method[9] was used
to decrease the number of useful variables.The most
discriminating variable is connected with the data of the
vertex detector [11].The classification of the wvariables 1is
done according to the F-test values and we eliminate too
strongly correlated variables:we have kept 20 variables to feed
the MLP[14].

The results of this study has already been presented in
reference[14].The definition of some values: purity,
efficiency,TOP coefficients were presented in some earlier
papers[13,14,15].

In table 1 we recall some of these results.The different
values are computed from the classification matrix:an event is
classified to the class of the ouput neuron with the larger
output value.When we consider 2 classes (b and udsc
classes),the matrix is a 2x2 matrix;with 3 classes (b,c,uds
classes),we get a 3x3 matrix.

3-MLP+LVQ

The number of outputs for a MLP is equal to the number of
classes.We know other neural networks with improved outputs;it
is the case of LVQ[1l6].

3-1 Theory

The LVQ neural network classifies correctly low
dimensional and noisy free data.The high energy physics events
have to be processed to lower the noise of the data:this is
done by the 3 first layers of a 4 layers MLP.The MLP output
layer is replaced by a LVQ.In our MLP study,we have chosen a
20-20-8-3 MLP network;the 8 values of the last hidden layer of
the MLP network are the components of a vector x.Some reference
vectors mj are chosen;several vectors can be assigned to each
class.During the training,we compute the argument

j=arg Mini ux-miuz,



the vectors mj are moved according LVQl and LVQ2.1 rules
[7,16].This is a sequential training.In figure 1, we give the
architecture of such a model.

During the test, the class of an event x is affected to
the class of the nearest reference vector mj.

3-2 Initialization

The LVQ method works very well if a good initialization is
done.In previous works,the k-means method was used [7].The
moving center method [17],similar to k-means, was used in this
work.Some reference vectors,usually chosen as the first events
of the training set for each class, are initially affected,and
gradually,these vectors are replaced by the the centers of
gravity computed with the vectors of the learning sample.The
convergence is very quick.

3-3 MLP+LVQl

In a first attempt,the LVQl neural network was initialized
with the moving center method with 21 reference vectors with 8
dimensions; 7 vectors are affected to each class.

The training was done with 10000 events for each class,the
8 variables for each event were taken from the third layer of
the MLP.

The test was done with a sample of 73376 events.The
percentage of well classified events for 3 classes (b,c,uds
classes) is 72.61%,and when we consider only 2 classes (b and
udsc classes),it is 91.39%.

3-4 MLP+LVQ1+LVQ21

After the training of the LVQl, the training of a LVQ2.1
is done with those reference vectors.The percentage of well
classified events for 3 classes is 73.73%,and 91.59% for 2

classes.The performances of the network are improved.

4-MLP+RBF

Another way to improve the MLP results is to use a Radial
Basis Function (RBF) network instead of a LVQ neural network.

4-1 Theory

RBF networks are multi-layer networks with a hidden layer
of localized gaussian units.The output is fully connected to
the hidden 1layer.The computation of the outputs 1is done
according to the following relations:
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where i is for the output units,xJ is the center of unit j

and oJ its width.We can normalize the a values and compute

bi= ai/CE aj) (inorm=1)
J
The output O; is computed by the relation
0;=F(bj) or 0j=F(aj)
where F can be a linear relation (ifonc=0) or a sigmoid
relation(ifonc=1).

In figure 2,the architecture of the sequential MLP and RBF
is presented.The training algorithm of the RBF neural network
is the second part of the MLP-RBF algorithm given in appendix.

4-2 Initialization

The xJ values are fixed in taking the vectors outputs of
the last hidden layer of the MLP network.The oJ values are
taken equal to 0.75.The training of the Rij,xj and oJ
parameters is then done.

4-3 Results

With the same test set as before,the percentage of well
classified events is 91.51% for 2 classes and 73.34% for 3

classes.

5 MLP-RBF (cooperative)

A sequential training is not generally optimal.Global
optimality can be obtained by cooperatively training the MLP
and the RBF modules.

5-1 Theory

The architecture is built up from two modules.First a
MLP,with 1 layers of neurons;the MLP used for classification
would have I1+1 layers,but here we have stripped the last
layer,and only retained the features computed by the MLP which
are used as inputs to the RBF.The RBF has two layers,the first
one is a set of gaussian kernels,and the other one is the
standard MLP output layer.

The feed-forward calculations are done according to the
standard MLP and RBF equations;we propagate backwards to the
RBF and the first layer of MLP the error computed on the output



layer.These relations are given in appendix and are based on
standard methods of MLP back-propagation [18].

The initialization of the different weights is done
randomly with small values;the ¢ values are initialized with a
0.75 value.

5-2 Results

The best results obtained with MLP-RBF give 73.51% for the
percentage of classification for 3 classes and 91.69% for the
classification into 2 classes.This result is the best one
obtained with 2 networks.On figures 3 to 6 we give the ouputs

of MLP-RBF and the curves of purity/efficiency.

6- THREE MLP

The last method wuses a multi-network architecture:3
parallel MLP networks.

6-1 Theory

The 3 classes strongly overlap.To get a more efficient
classification,it is interesting to follow a method used for
the handwritten digits recognition [19]. The training is done
for a set of groups of 2 classes:training b/c,training
b/uds,training c/uds.The sets of variables are different for
the 3 sets,and the outputs of the 3 MLP are different.During
the test,the combination of the 3 outputs is done to get the
final classification.On figure 7 the architecture of the system
for the training and the test is presented.

In table 2 are presented the F-test values for the 3 sets
of wvariables.The <classification b/uds gives high F-test
values,and then it is easy to distinguish a b event from an uds
event.The ¢ and uds classes are very similar.

6-2 Results

The best results were obtained in doing the product of the
outputs of the 2 classes MLP.

The percentage of good classification is 73.73% for 3
classes and 91.91% for 2 classes.



7- CONCLUSION

The comparison of different types of multi-modular neural
networks has been done and is presented in table 1.The most
efficient ones seem the 3-MLP neural network and the
cooperative MLP-RBF network;but the latter is easier to use
than the 3-MLP network:the MLP-RBF is run like a MLP one.
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APPENDIX

MLP-RBF ALGORITHM

The architecture of the neural network is a two modules
one:a MLP module and a RBF one.The MLP generates features in
its last hidden layer and these features are used by the RBF as
inputs.

A MLP has L layers of neurons;the MLP wused for
classification has L+1 layers,but we have stripped here the
last layer,and only retained the features computed by the MLP
which are used as inputs to the RBF.Then a RBF has 2 layers of
neurons:the first one is a set of gaussian kernels and the
other is a standard MLP output layer.

Notations

Let us denote,for the MLP, w;j and Ti the weights and bias
of neuron i,in layer l,x} its activation,y? its state and fx
the transfer function,nx the number of neurons in layer \.
The RBF activation of the first layer is x?+l

y%+1;the activation of the output layer is x%ﬁz,the state is
y

L+2
i

,the state is

,the transfer function iS'fL+2.The m. 4 value is the weight
vector of neuron i in layer L+1l,the 1 value is taken in the

L+1’ %4 is the width

of the kernel and the Rkj are the weights of neuron k in the

output layer.The number of neurons in the output layer is N o

interval 1=1..nL;the number of kernels is n

Feed-forward
The feed-forward activations of the MLP are given by:

n-1
A A a=-1..2 _
x§= z WiivyoHTS (r=1..L)
j=1

A_ A
The states in RBF are computed with the formula:

ny,
z (m, -yD?
i1771
L+1 1=1

x; “=exp(- 20i2 )

But the x values can be normalized.We denote by S the sum
of the x in the first RBF layer:
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nL+1

S= z xI?‘+1
1
i=1
The outputs of this layer are for the 2 cases according to

the option inorm:
L+1=XL+1

inorm=1 then i i /S
inorm=0 then y§+1=x?+1.
The activation of the output layer is
RS
L¥2_ ¢ g L+l
=) RagY
j=1

The state of the output layer can be computed linearly or

transformed by a transfer function f .According to the option

L+2
ifonc
if ifonc=0 yt+2=xi+2,
if ifonc=1 yi+2=fL+2(xt+2)'

Back-propagation

The weights W, R, the m,,the ¢ are modified in the
following way[4,8].

The MLP and the RBF are trained to minimize the error

Or+2 ) )
. . L+2 .
E(i)=(1/2) kzl e £ (1)=y 7))

where y£+2(i) is the output computed on layer L+2 for neuron
k,when an example x(i) is presented on the input layer of MLP
and tk(i) is the associated target ie x(i)class.The coefficient
Cx is a weight correponding to a given class.

The different parameters can be represented in a column

A A
vector Vj-[wij,Ti,mi,oi,Rik].
The update parameter rule is:

new=V01d+nAV.

V. .
] ] J

where n is a positive constant named the training rate.

The different AVj values are given by the relation

11



For the different parameters,we get the relations:

L+2)f' (XL+2 XI:.+1

ARy j=Cr (B ¥ P (e )%y

L+1 )
73 L_ L2, o L+2
Amjl";;?"(yl myq) Z Cpltyie IEp (%
P k=1

xL+1 Or42

7 L_ _JL+2, oo L+2

Aoj-—gg—ny mju E: Cy (Ep =¥y )fL+2(xk )Rkj
3 k=1

The MLP is trained as usual,with the gradient-back-
propagation rule [13],except that the error & which is back-
propagated from the RBF 1is:

nL+1
L .., L
53=-f1 (%) Z pmy 5
k=1
awbTlogl yL-1
ji j 74
arb1=sl
3 3

With these rules for parameters modification,the two
modules are cooperatively trained [4],the architecture is
globally optimal.The MLP is not trained to perform
classification,but to derive the optimal features for the RBF.

Initialization

The MLP-RBF neural network has a structure very similar to
the MLP one.The initialization can be done in the same way as
a MLP.We first fix the structure of the network:number of
layers,numbers of neurons.The weights W,R,mil are initialized
with small random numbers;the widths ¢ are initialized with
constant values.This method is very simple and can be used by

non specialists.
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% % pur |eff |pur eff |TOP |TOP |TOP

NAME 2 cl{3 cl}|b b c c b c uds
DISC ANALYS 91.0|67.2{85.8]71.0({29.6{54.6(0.98(0.33|-

MLP 91.4(71.2(81.3}79.4{33.6}51.710.98{0.44{0.93
MLP+LVQ1l 91.3(72.6{81.0({79.3|34.9]48.6/0.9710.45{0.93
MLP+LVQ1+4LVQ21}91.5(73.7!82.3178.4|36.0|46.110.98|0.45]0.92
MLP+RBF 91.5(73.381.9(78.5|35.6}47.2]0.98|0.44]0.93
MLP-RBF(coop) [91.6(73.5({82.7]78.5|35.9|49.010.98|0.45{0.93
3 MLP (prod) 91.9(73.7{84.0(77.8]35.9/48.4|0.98|0.4410.93

Table 1:Results

-Percentage of well classified events:2 classes
-Percentage of well classified events:3 classes

for different methods:

-Purity of the b and ¢ sample events

-Efficiency of the b and c sample events

-TOP values for the 3 classes

The results are computed from the classification matrix.
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variable F-test F-test F-test
N° 2%¥10000| 2*10000| 2*10000
b/c b/uds c/uds
1 7442 11022 1550
2 2647 5083 953
3 2508 4762 797
4 2483 3797 545
5 2186 3326 378
6 2070 3232 366
7 1422 2716 352
8 1083 1685 303
9 968 1675 295
10 761 1628 258
11 719 1389 250
12 718 1319 199
13 613 1180 145
14 605 999 121
15 529 710 121
16 502 660 102
17 494 644 101
18 469 590 98
19 448 484 93
20 444 408 65

Table 2:F-test values for the 3 sets of variables
of 3-MLP
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FIGURES CAPTIONS

Figure l:Architecture of the MLP+LVQ neural network

Figure 2:Architecture of the MLP+RBF and the MLP-RBF

neural networks
Figure 3:Histograms of the MLP-RBF neurons outputs for 3

classes:b quark events,c quark events,light quark(u,d,s) events
TEl:b quark events TE4:not b quark (u,d,s,d) events
TE2:c quark events TES5:not ¢ quark (u,d,s,b) events
TE3:uds quark events TE6:not uds quark (b,c) events
Figure 4:MLP-RBF purity/efficiency for b quark events
Figure 5:MLP-RBF purity/efficiency for c quark events

Figure 6:MLP-RBF purity/efficiency for u,d,s quark events

Figure 7:Architecture for the training and the test for

the 3-MLP neural network
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