
MX0500359

Effect of the size of an artificial neural network used as
pattern identifier

Reynoso Vallecillo Ma. del Rocio and Vega Castro Juan Jaime
Departamento del Acelerador, Gerenda de Ciendas Basicas

Instituto Nadonal de Inuestigadones Nudeares

Abstract

It is presented a novel way to extract relevant parameters associated with the outgoing ions from nuclear
reactions, obtained by digitizing the signals provided by a Bragg curve spectrometer (BCS). This allowed the
implementation of a more thorough pulse-shape analysis. Due to the complexity of this task, it was required to
take advantage of new and more powerful computational paradigms. This was fulfilled using a
back-propagation artificial neural network (ANN) as a pattern identifier. Overtraining ofANNs is a common
problem during the training stage. In the performance of the ANN there is a compromise between its size and
the size of the training set. Here, this effect will be illustrated in relation to the problem of Bragg Curve (BC)
identification.

Bragg curve spectroscope

T raditionally, BCS has been a two-parameter, (ETot,
BP), analytical technique [1-4], that makes it easy to use. A
more powerful multi-parametric measurement approach
(81 parameters) is now put forward, based on recording
and analyzing the complete BC pulse shape. A new power-
ful digital pulse shape analysis (PSA) approach [5-11] will
be pursued, which is based on digitizing BCs signals (stop-
ping power values) and saving them as n-tuples of discrete
values {S(£j)}i=i n. EToi represents the integral underthe BC,
i.e., total energy, and BP is its maximum amplitude, which
happens to be a monotonic increasing function of the ato-
mic number, Z, of the ion, and can be used as a measure of
it. Digital PSA is a very time consuming method, for that
reason it is essential to assists its implementation by ma-
king use of new and faster computational paradigms, allo-
wing to take advantage of parallel processing. ANNs
provide a good option for this purpose [9-14].

Artificial neural networks

Following a PSA approach together with an ANNs su-
pervised learning algorithm to implement BC pattern
identification, it is natural to define the patterns to be used
as the digitized BCs, {S(Ej)}M n, and, accordingly, to clas-
sify the different patterns using the target or tutorial values
of the total energy, E'Tot , and of the Bragg Peak, BP1. A

data set, training set D, was built consisting of discrete
synthetic BCs, {S(£i)}i=1n, corresponding to 11 different
BP values, BP These curves were coded at n nonzero
discrete energy values, where n is less equal to 81 and de-
termines its ETot values, E'Tot. This means, the patterns
{S(E,)}i=1 n presented to the ANN consist of at the most
n=81 nonzero parameters, requiring an ANN input layer
with 81 neurons.

To explore the possibility to identify BCs, two
feed-forward ANNs combined with a back-propagation
learning algorithm were chosen; including a momentum
term in the learning law [15], see the Table 1.

TABLE 1. Summary of ANN parameter values and description of
training and validation sets.

PARAMETER

Learning law

ANN size

a = learning rate

VALUE

Back-propagation with momentum term

ANN# 1 Input layer: 81 units, five hidden
layers: 9 units each Output layer: 2 units,

fully connected

ANN# 2. Input layer: 81 units, three
hidden layers: 40-20-20 units each

Output layer: 2 units, fully connected

0.3



n = momentum term

w initialization range

Order of pattern
presentation

Activation function

Neurons update order

Training and validation
sets sizes

0.15

[-0.5,0.5]

Shuffle

Sigmoidal

Serial order

100 samples of each one of 451 classes:
(11 BP values) x (41 E™ values)

Results and discusion

From the training and validation error curves, Figs. 1
and 2, obtained with the ANNs described in Table 1, it can
be seen a clear overtraining in the case of the larger one,
i.e., the one with 40-20-20 hidden layers. From this result,
it can be concluded that the greater complexity achievable
with the larger ANN, requires of a better way to take ad-
vantage of it. The idea is to use the additional complexity
to better separate and classify the BCs rather than start fit-
ting the noise or the singularities of the training data set.
For example, in order that an ANN could generalize better,
and depend less on the size of its cost functional, the sum
of squared errors; allowing in this way the possibility to try
to prevent or, at least, delay the occurrence of data overfit-
ting by the ANN, consists in modifying the cost functional
that has been used in the back-propagation implementa-
tion that was used.

The idea is to penalize the unnecessary ANN comple-
xity. The use of weight decay [16] for model selection is
one popular way to achieve this regularization goal, in this
case a regularized cost functional, M[a>], replaces the
standard sum of the square error cost functional, £[co].

= aE[co]+pQ[co], Where

p=\ and

M

CO,

Conclusion

Bragg curve identification is a very complex problem
that requires a rather large ANN to achieve a reasonable
classification confidence. But one has to introduce a way
to handle adequately the large number of degrees of free-
dom that, presumably, are required for a better pattern
identification. One possibility is to introduce a regularized
cost functional [16] in order to use the additional degrees

of freedom not to learn the noise present in the training
data set but to allow a better generalization of the ANN.
Other possibility is to increase the size of the data set in or-
der to improve the generalization capability of the ANN,
but the problem is that it takes more computational time to
get a good result. There is still another way to enhance the
generalization capability of the ANN, it consists in using
hints [17] to take into account auxiliary properties of the
desired target pattern (Bragg Curve) that are known inde-
pendently of the training examples, and can be used to
guide the learning process.
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FIGURE 1. Training and validation error curves and scatter plot
outputs of a 5x9 hidden layers ANN after 96,000 training
epochs for training and validation data sets. Compare to
1,000,000 to appreciate a very small overfitting.
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FIGURE 2. Training and validation error curves and scatter
plot outputs of a 40-20-20 hidden layers ANN after 300,000
training epochs for training and validation data sets. Compare
to 1,000,000 and 1,500,000 to appreciate a severe overfitting.
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