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ABSTRACT
Backpropagation neural networks could be used to learn a mapping f from R* to R™. A set
of examples, the training set, is available to achieve this goal. The learning process is carried
out by presenting, to the network, elements from the training set, and modifying the weights
according to the error on the output. These elements are selected using a fixed probability
density function. This paper presents a new method, assuming that there is a uniform
probability density function, but taking into account the varying difficulty of learning for each
component. This new method produces smaller errors on almost all the cases.
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on training sets.

INTRODUCTION
A neural network with a regular configuration, according to [7], of two input nodes, two
output nodes and a hidden layer containing s nodes, - see Figure 1 - is used to learn the
mapping f: A ¢ R? ---> R?, y = f(x), that represents the conversion from Cartesian to polar
coordinates. If the neural network output is represented by Y(x,w), where w is the set of
weights associated with the nodes of the network, then a measure of the error between the

actual values f(x) and the one supplied by the network is given, according to [3], by
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The learning process, see reference [4], is accomplished by changing the value of the weights

during the training period, according to the formula

wyg (K+1) =wyy (K) -0 X —=—

oF
Ow,;

(2)

that is the known jump every time variant of the generalized delta learning rule [5],[10]. The

generic weight w;; of the network represents the weight associated with the information

leaving the node i and entering the node j in the forward mode, and T, is the learning rate

at the step k. The output of the hidden layer is filtered through the sigmoidal function

to control the nonlinear
terms, and the output
layer provides the
approximation to the
two-dimensional mapping
under consideration. We
add a bias term to both
‘.input and hidden layers
to make the neural

network more powerful.
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: Neural network

The vector-valued function is seen by a network as a single entity, and the vectors in the

-training set have the same probability to be chosen. It is reasonable to think that if we choose

the vectors taking into account the varying difficulty of learning for each component, a better
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result could be obtained. 'I'hércfore, when choosing vectors form the training set, we use a
technique that resembles an inverse simulated annealing [1]. Each training vector is assigned
a probability of acceptance based on its difficulty to be learned. Then each vector is rejected
with a low uniform probability, unless its acceptance function removes the rejection.

This idea is studied in this paper varying the number s of nodes in the hidden layer in one
case and changing the seed for the random number in another. In the next two sections we
set up the working cqnditions for our examples and exhibit the obtained results. In the last

section the conclusions are drawn.

SENSITIVITY ANALYSIS
The square A={ (x,y) | -1<x< 1 ,-1<y<1} isused as the original domain for the

conversion mapping to be learned. So given (x,y) € A, the map under consideration is

radius=y/x2%+y?

and
arctan—§ for x>9,y>0
0= arc'tan-}%;Zn for x>0,y<0
arctan—ﬁm | | for x<0

with obvious values for the 4 semiaxes.

Each network, containing s regular nodes and one bias node in the hidden layer is trained
with a fixed set of T points (vectors) in the unit square. The networks were first trained using
the correct output for each input vector, using a uniform probability density function. Then,
in order to replicate the experimental condition the same networl-(s where trained with the new
method. When each learning process was completed, i.c. the number of predetermined

presentations were concluded, the error in learning the training set was computed, using the
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formula 3,
1 =T
e = —(Ellf(x,)—l"(xk,w) 12) (3)
T k=1
which is a modification of the mean square error function, where x, are the training points.
Since overtraining is a normal phenomenon in backpropagation neural networks, the trained
networks were tested with a set of P new points. For this new set we compute the new error,

using a formula equivalent to (3), with T replaced by P, i.e.

k=p
1
& = 5 (X I lm) ¥ (x, ) 1) (4)

At the same time, since the new method is supposed to have different learning ability for each

output component, two new errors are computed, according to the formula

1 k=P
e = (L 15m) Hxmm ) =2 (s)

where e, represents the error on the radius, and e, is the error on the angle.

Each training vector was selected if the random uniform variate obtained for it was below g,
a fixed value during the training, with 0 < q < 1. If the vector was rejected by the previous
criterion, it could be accepted if a new variate was below f(p), with 0 < f(p) < 1. Here f(p)
is a given function, which depends upon p, a variable that in some way denotes the learning

difficulty associated to that vector.

EMPIRICAL RESULTS
The experiments were conducted using a set of 500 training points. The learning rate 1 was

given by the linear function

k

1Mot (M27M0) X 55550

where k is the iteration step, T, is the initial learning rate, set at 0.050, and m, is the final

rate, set at 0.001. These values for the initial and final learning rate were known to be
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acceptable [2]. The guided selection of the training set was established by the following
function

r<g V s<f(p)
where 1 and s are random uniform variates and

£(p)=1+px(-1.2+0.6xD)

p being defined as

and a is the angle associated to the training vector. In other words, we are assuming that the
angle is more difficult to be learned when it is near O and 27 radians. The function f(p) tries
to represent quantitatively this difference, but it was chosen arbitrarily. If the new method
worked with this unsophisticated function, it gives a guarantee that it will work if a more
elavorated function is used.

The testing set contained 18018 points chosen in the following way : The radius was changed
from 0.1 to 1 using increments of 0.01; for each value of the radius the angle will take two
set of values. The first set contains the angles from /51 to 99w/51 using increments of 7/51
radians. The second one contains the angles from 1/50 ﬁo 997t/50 using increments of /50
radians. Using a large set of testing vectors will avoid the appearance of sampling errors in
our computation of the quadratic and component errors.

Since a network with more hidden nodes does not necessarily perform better [6],[10], the
experiment was started using 24 hidden nodes, and then the number of nodes was diminished,
until a configuration that contained 12 hidden nodes was reached, see reference [2].

In this first experiment the hidden nodes were changed, but the seed for the random number
generator was 123451, the same for all of them. The number of presentations of the training

vectors also remained constant with a value of 100000. The weights were initialized using
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random values in the interval [0,1). The results of this experiment are shown on Table 1,
although the error €, in this and all the other tables is shown with a magnification of two, to
see the differences more clearly. That means that the actual error will be obtained from the

table by dividing by two.

S e € €, €, q € € € €

24 | 0.156 0.265 0.046 0.276 0.8 0.153 0.257 0.046 0.276
20 | 0.153 0.259 0.036 0.284 0.8 0.154 0.259 0.035 0.281
18 | 0.141 0.247 0.034 0.264 0.8 0.141 0.231 0.042 0.261
16 | 0.176 0310 0.066 0.286 0.8 0.179 0.310 0.068 0.286
14 | 0.189 0351 0.084 0.303 0.8 0.190 0.348 0.083 0.303
12 | 0.215 0313 0.075 0272 0.8 0.167 0.282 0.064 0.275

Table 1

In the second set of experiments, the number of hidden nodes was 14, but now the random
seed was changed. The number 14 was chosen because it represents, according to [8], a good
value for our number of training points. The number of presentations of training vectors was
increased to 200000 and the weights were initialized using random values in the intervals
[0,1) and (-1,0]. Finally the value of q was changed to 0.9 in all the guided learning cases.
In this case the results can be found on Table 2, 3 and 4, where the values on the left are
obtained by the regular training method, and the values on the right are obtained with the new

me+hod.

e
&

€ e, Seed [ € e €,
0.160 | 0.250 0.031 0.274 772241 0.156 0.241 0.036 0.266
0.128 | 0.202 0.044 0.216 335511 0.129 0.199 0.042 0.216
0.148 | 0.252 0.064 0.234 554431 0.147 0.241 0.059 0.233
0.112 | 0.182 0.033 0.208 643231 0.113 0.181 0.033 0.203
0.124 | C206 0.036 0.231 16777216 | 0.123 0.202 0.036 0.231
0.146 | 0.229 0.053 0.233 223341 0.145 0.225 0.052 0.232

Table 2
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A new method to select vectors from a training set has been compared with the regular one.
The results on all tables corroborate the conjecture that the new method performs equal to or
better than the regular one. The only exception occurs in table 4, for the seed 11334457. The
value of these errors lies in the middle range of all found errors, 0.175:0.265. When the value

of q was diminished to 0.8 for this particular case, the error of the new method diminished

e € = e, Seed e € e €,
0.153 0.250 0.051 0.250 3445423 0.157 0.250 0.051 0.252
0.130 0.213 0.053 0.219 225543 0.130 0.206 0.052 0.212
0.118 0.186 0.035 0.216 224453 0.118 0.183 0.031 0.215
0.127 0.215 0.026 0.246 2244131 0.128 0.211 0.025 0.238
0.130 | 0.222 0.055 0.228 225533 0.131 0.217 0.055 0.228
0.117 0.200 0.032 0.222 2125533 0.115 0.197 0.033 0.222

Table 3

e € €, e, Seed S € € e,
0.135 0.226 0.065 0.213 131 0.135 0.224 0.066 0.209
0.150 | 0.245 0.063 0.233 13457 0.149 0.241 0.063 0.231
0.150 0.223 0.028 0.247 11334457 0.152 0.232 0.028 0.255
0.125 0.205 0.036 0.223 331155 0.120 0.191 0.032 0.215
0.165 0.265 0.053 0.255 334551 0.162 0.257 0.049 0.263
0.102 | 0.175 0.027 0.207 345523 0.102 0.175 0.026 0.206

Table 4
CONCLUSIONS

to 0.230, but still remained greater than the one obtained using the regular method.

In the cases where the errors €, were the same, like in table 4, case of seed 345523, using a
new value of g = 0.8, the error e, was diminished to 0.170, with e, = 0.024 and e,= 0.204,
an improvement over the previous results. Therefore it can be said that the lowest errors of

all the configurations correspond to a network trained with the new method using a q value

of 0.8.
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The results of the experiments are promising, but more detailed comparisons are to be made
to determine the influence of the function f(p) chosen, of the value of g, and of the number

of presentations, on the behavior of the networks with respect to each method.
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