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Abstract: - The training of Neural Networks and particularly Multi-Layer Perceptrons (MLP's) is made by
minimizing an error function usually known as "cost function”. In our previous works, we apply the Error
Entropy Minimization (EEM) algorithm in classification and its optimized version using, as cost function, the
entropy of the errors between the outputs and the desired targets of the neural network. One of the difficulties
in implementing the EEM algorithm is the choice of the smoothing parameter, also known as window size, in
the Parzen Window probability density function estimation for the computation of the entropy and its gradient.
We present here a formula yielding the value of the smoothing parameter, depending on the number of data
samples and on the neural network output dimension. Several experiments with real data sets were made in

order to show the validity of the proposed formula.
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1 Introduction

The use of entropy and related concepts in learning
systems is well known. The Error Entropy
Minimization concept was introduced in [1] and we
use the same approach in [2] with the goal of
performing classification. The EEM Algorithm for
classification use, as cost function, the Renyi's
Quadratic Entropy of the error, between the output
of the neural network and the desired targets. We
have made a further optimization of the EEM
algorithm in [3] introducing a variable learning rate
to achieve both a faster convergence of the
algorithm and an automatic adaptation of the value
of the learning rate to the specific problem.

In order to compute the Renyi's Quadratic Entropy
of the error one must choose a value for the
smoothing parameter in the Parzen Window method,
that is best suited for a specific data set. In all
known works using this method, giving as example
ours in [2,3] and other authors in [1,4], the value of
the smoothing parameter is always experimentally
selected. Knowing that this approach is not the most
appropriate, in this paper, we study the behavior of
the algorithm with different data sets and propose a
formula to compute the smoothing parameter for a
specific data set and neural network. In section 2 the
EEM algorithm and further optimizations are
presented. In section 3 the smoothing parameter for
entropy and gradient computation is discussed and a
specific formula is presented. In section 4 the results
of several experiments are presented showing the
validity of the formula. In the final section, we
present the conclusions.

2 The EEM Algorithm

Let y={y;}e®R"™, i=1.,N, be a set of samples
from the output vector Y e®R™ of a mapping
R" >R Y =g(w, X), where w is a set of Neural
Network (NN) weights, X is the input vector and m
is the dimensionality of the output vector. Let
d=d; e{-13" be the desired targets and
e; =d; —y; the error for each data sample. In order
to compute the Renyi's Quadratic Entropy of e we
use the Parzen Window probability density function
(pdf) estimation. This method estimates the pdf as
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where K is a kernel function and h the bandwidth
or smoothing parameter. We use the Gaussian kernel
with zero mean and unitary covariance matrix:

G(e )=

(Zﬂl) 7 exp[ Ge e)} (2)

The Reniy's Quadratic Entropy of the error e can be
estimated, applying the integration of gaussian
kernels [5], by
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The gradient of V (e) is:
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This gradient is back-propagated into the MLP the
same way as in the MSE algorithm. The update of
the neural network weights is performed using

AW=i778%W. The + means that we can minimize

(-) or maximize (+) the entropy. We also proved in

[2] that we can use this cost function for
classification if the output of the neural network is
on [-a,a] and the targets are in {-a,a}, ae%. Since

one of the problems of the EEM algorithm is its
slow convergence, we introduced in [3] an
optimization of the algorithm based on the use of a
variable learning rate (VLR), during the training
phase, which applies the rule:
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being u and d the increasing (up) and decreasing
(down) factors of the learning rate » in consecutive

iterations.
This optimization improved the performance of the
original algorithm and we called it the EEM-VLR
algorithm.

3 Smoothing Parameter

In the EEM algorithm, the error entropy estimation
is different according to the vector e dimension.
This dimension depends on the number of MLP
output neurons that depends on the number of
classes, C, and their coding. If we use binary
coding, the dimension of vector e will be [log, C |

whereas if we use the 1-out-of-C coding the
number of output neurons as well as the dimension
of vector e will be equal to the number of classes.
In the experiments that we performed, we obtained
good results for both codings but we suggest the use
of binary coding only when the number of classes is
a power of 2; otherwise, we get an excessive number
of outputs compared with the number of classes.
One of the problems of pdf estimation using the
Parzen Window method, besides the choice of the
kernel, is the choice of the smoothing parameter h .
In the EEM algorithm the value of h depends on:
the different coding of the number of classes; the

number of data samples; the dimension m of the
vector e.
For continuous f(x) the estimated density function

will converge to the true density as N — o« , when:
h—0 and Nh— o (6)

Silverman proposed in [6], for unidimensional cases
assuming Gaussian distributed samples, and using a
Gaussian kernel, the following formula for the
smoothing parameter:

hop =1.06° N ~%2 (7

where o is the sample standard deviation and N is
the number of samples. For multidimensional cases,
also assuming normal distributions and using the
normal kernel, Bowman and Azzalini [7] proposed
the formula:

1
hop _ U( 4 Jm+4 (8)

(m+2)N

where m is the dimension of vector x.

An important fact that impedes, in our case, the use
of formulas 7 and 8 is that our algorithm uses the
entropy of e as a control variable, i.e., the algorithm
progresses only if the entropy at a given iteration is
smaller than at the previous one. Since the entropy
value is proportional to the smoothing parameter
value, used to compute it, if one uses a value for h
proportional to the variance of e, one might be
increasing, by this simple fact, the entropy value and
the algorithm fails to reach the minimum. This
means that we are limited to use a value for h that
does not depend on o .

Considering that variable e takes values, in the
unidimensional case, in the interval [-2,2], and that
the maximum standard deviation in this case is 2,
we considered to use this value to replace the
standard deviation in formulas 7 and 8. So, these
formulas became:

hop = 212N 7% (9)

and

1

4 m+4
h°p=2[(m+2)NJ (10

Note that, in the EEM algorithm, we only need to
compute the entropy and its gradient; we do not



need to estimate the probability density function of
e. This is a relevant fact because, in the gradient
descent method, more important than computing
with extreme precision the gradient is to get with
relative precision its direction. In addition, the
computation with extreme accuracy of the
probability density function causes the entropy to
have high variability. This fact could lead to the
occurrence of local minima. Given these
considerations, we do not hesitate in using h values
higher than the ones usually proposed for pdf
estimation. Taking into account the experimental
results with several data sets we tried to formulate a
rule that yields higher values of h for smaller data
sets than those obtained with formula 10 and still
inducing the same behavior.

We then arrived at the following proposed new
formula with similar behavior as (10)

m
- "

Notice the decreasing behavior with N and
increasing behavior with m as should be desired. A
comparison between the values of h obtained with
formulas 10 and 11 for different values of m is
shown in Fig. 1.

In the several experiments that we performed using
formula 11 the results were very satisfactory, as we

will see in the next section.

4 Experiments

We performed several experiments with different
real data sets, with different number of samples and
different number of classes, summarized in Table 1

Table 1 — Real data sets used for the experiments.

Data sets Samples Features  Classes
lonosphere 351 33 2
Sonar 208 60 2
wdbc 569 30 2
Iris 150 4 3
Wine 178 13 3
Pb12 608 2 4

(The Pb12 data set can be found in [8] and all the
others can be found in the UCI repository of
machine learning database). We also produced an
artificial data set and used it as a 2-class and as a 4-
class classification problem to try to establish the
influence of the number of classes in the value of the
smoothing parameter. The two versions of the
artificial data set (that we call XOR-n), similar to an
XOR problem, but with some noise added, are
shown in Fig. 2.
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Fig. 1 - Value of h for formulas 10 (dashed) and 11 (solid) for m=2, 3 and 4. (Marked points refer to experiments
with data sets mentioned in section 4).



In all experiments we used (I,n,m) MLP's, where 1 is

the numper of i_npUt neurons, n iS_ the number of Table 2 - Errors (%) for XOR-n data sets, 2 and 4 classes
neurons in the hidden layer and m is the number of (Resp. 80, 120 and 160 epochs from top to bottom)
output neurons. We applied the cross-validation
method using half of the data for training and half XOR-n 2 classes
for testing. The experiments for each data set were Number of Hiden-Layer Neurons
performed varying the number of neurons in the h 2 4 6 8 1o 12

. . 2,0 [ 36,50 28,25 24,40 23,10 23,38 27,30
hidden layer, the value of the smoothing parameter 24| 3543 3038 2643 2303 2700 2815
and using different number of epochs. 28| 87,90 27,18 24,45 26,65 2638 2648

32| 3628 2633 2678 2388 2565 23,68
36| 3593 2630 27,10 2243 27,08 27,20
40| 3540 2575 26,83 2493 21,10 24,80
44| 3533 27,75 2725 2230 2665 22,20
48| 3563 2470 2498 2373 2533 22,65
52| 3445 2860 2675 2305 21,20 24,68
56 | 3635 2568 2375 2493 2550 24,10
6,0 | 3420 2753 2370 2238 2555 23,60
20| 3510 2430 2443 2275 2448 2355
24| 3578 2968 2508 2388 2575 26,38
28| 3400 2625 2500 2545 26,75 27,13
32| 3368 2505 2480 2855 26,63 2563
3,6 | 3383 2465 2453 2503 2470 26,43
40| 3495 2518 2120 22,88 2623 22,15
44| 3320 2338 2410 2580 2330 24,15
48| 3398 2410 2368 2388 2343 23,00
52| 3293 2260 2363 2408 2420 2580
56 | 3378 2340 2275 2380 2493 23,25
6,0 | 3398 2518 2333 2275 2263 24,05
20| 3628 2703 2278 2343 2370 22,55
24| 3468 2628 2493 2430 2660 27,05
28| 3510 27,10 2440 2743 2550 26,55
32| 3365 2658 2475 2525 2660 2583
36| 3490 2200 2648 2418 2498 2500
40| 3378 2563 2128 2433 2580 23,48
44| 3403 2440 2358 2553 2373 26,73
48| 3368 2400 2338 2255 2278 23,70
52| 3510 21,90 2445 2325 2338 23,00
XOR-n 4 classes 56 | 3303 21,33 2318 2433 2360 23,60

Y0 ) 6,0 | 3470 2203 2208 2433 2295 2333

XOR-n 2 classes

XOR-n 4 classes
Number of Hidden-Layer Neurons

h 2 4 6 8 10 12
2,0 [ 19,00 19,08 18,13 19,30 18,88 19,10
24 | 17,65 18,13 19,10 18,73 17,40 18,83
2,8 18,90 17,98 17,90 17,85 19,15 18,23
3,2 17,75 18,18 17,73 18,30 17,75 18,58
3,6 | 19,10 18,50 17,95 18,30 18,53 18,30
4,0 | 17,38 17,73 18,65 18,20 19,13 18,38
4,4 | 18,18 18,78 18,00 18,13 18,08 18,70
4,8 18,68 17,98 18,48 19,18 18,50 18,25
52 | 18,83 17,70 17,30 19,53 18,70 18,70
56 | 18,68 18,33 17,65 18,40 19,15 19,13
6,0 17,40 19,10 18,10 19,53 17,73 18,45
2,0 18,63 19,43 18,63 20,18 19,70 20,63
2,4 | 20,38 19,28 18,55 18,95 19,73 20,45
2,8 | 18,33 18,98 19,30 18,48 18,88 18,38
3,2 18,28 18,23 17,75 18,15 18,53 18,65
3,6 18,20 18,05 18,95 18,73 17,75 18,80
4,0 | 18,48 18,23 18,80 18,70 18,15 17,78
4,4 | 17,68 18,18 18,98 18,48 18,05 19,15
4,8 | 17,60 18,60 18,93 18,35 18,08 18,50
52 17,38 18,08 17,80 17,95 18,63 18,78
56 | 17,50 18,23 17,68 18,65 18,78 19,15
Fig. 2 - Artificial data set for the 2 first experiments. 60| 17,85 1808 17,85 1818 17,68 18,55
2,0 | 18,35 19,45 19,80 19,20 18,83 19,48
2,4 | 18,60 18,63 19,00 19,30 19,85 19,08

H 2,8 17,93 19,50 19,75 19,60 19,35 19,38

The re_sults are shown in Table 2 an(_j _Table 4. Each 22| 1565 1998 1oks 1995 1938 1958
result is the mean error of 20 repetitions. For each 36| 1808 17,95 1890 1890 19,90 19,05
H H H 4,0 | 17,33 18,85 19,03 18,28 19,65 19,28
experiment we highlighted the 10 best results 44| 1843 2008 1928 1960 1045 1053
performed with the same number of epochs in order 48| 1838 1913 1930 1905 1898 1918
to get the needed guidance about the optimum value 2o | e 1ses 1555 199 108 10a9
for the Smoothing parameter. 60| 1818 1870 1945 19,03 19,38 19,08

In Table 2 we show the results of the classification
errors for the XOR-n data sets.



Comparing the two tables, we can see that, an
increased number of classes demand an increased
value of the smoothing parameter. In the first case,
(2-class problem), the optimum value for h is about
4.0 and in the second case, (4-class problem), the
optimum value for h is about 4.8.

The classification errors for the real data sets are
shown in Table 4. For each data set, we performed
experiments with different number of epochs. In
Table 3 we present the values of h for the minimum
classification errors (“Best h” column) and the value
of h that represents, in our opinion, those 10 smallest
classification errors (“Suggested h” column). We
also present the values proposed for each data set by
formulas 10 and 11.

Table 3 — Values of h for each data set driven by the
experiments and defined by formulas 10 and 11.

Dumses QLS oMk, vestn  SeeEenfam Fom
lonosphere 2 351 4,6 4,2 2,67 0,85
Sonar 2 208 4,2 3,9 3,47 0,92
wdbc 2 569 1,4 1,6 2,10 0,78
Xor200 2 200 4,0 4,6 3,54 0,93
Iris 3 150 4,0 3,8 5,00 1,05
Wine 3 178 4,6 42 4,59 1,02
Pb12 4 608 1,8 2,1 2,87 0,93
Xor200 4 200 52 4,8 5,00 1,07

The experiments clearly show that, for small values
of h, the classification errors are significantly large
and, therefore, the use of formulas like (10), used for
density estimation, are not appropriate for the EEM
algorithm.

Figure 1 shows (crosses and open circles), the h
values obtained in the experiments with all data sets
where we can easily see their relation with the h
values of the proposed formula 11. For each data set
the crosses are the suggested h values given by the
10 smallest classification errors and the circles are
the h values for the minimum classification error.

5 Conclusions

In this paper, we have presented a formula for the
value of the bandwidth parameter, h, of the entropy
estimation, to use in the EEM-VLR algorithm.

This formula, contrary to the ones proposed by
Silverman and Bowman, does not depend on o due
to the iterative nature of the EEM-VLR algorithm.
We showed that it produces very good results using
a set of experiments where the values proposed by

our formula are much closer to the best ones found
empirically, than the values obtained using the
Silverman and Bowman formulas.

We expect that this contribution may save time and
effort to many practitioners using this type of
iterative entropic algorithms involving Parzen
Window density estimation.

Acknowledgment

This work was supported by the Portuguese
Fundacdo para a Ciéncia e Tecnologia (project
POSI/EIA/56918/2004).

References:

[1] D. Erdogmus and J. Principe, “An Error-Entropy
Minimization ~ Algorithm  for ~ Supervised
Training of Nonlinear Adaptive Systems”,
Trans. On Signal Processing, Vol. 50, No. 7,
2002, pp. 1780-1786.

[2] J. M. Santos, L. A. Alexandre, and J. Marques
de S& “The error entropy minimization
algorithm for neural network classification,” in
Proceedings of the 5th International Conference
on Recent Advances in Soft Computing, A.
Lofti, Ed. Nottingham Trent University, 2004,
pp. 92-97.

[3] J. M. Santos, J. Marques de S&, L. A. Alexandre,
and F. Sereno, “Optimization of the error
entropy minimization algorithm for neural
network classification,” in Intelligent
Engineering Systems Through Artificial Neural
Networks, C.H.Dagli, A. L. Buczak, D. L. Enke,
M. J. Embrechts, and O. Ersoy, Eds., vol. 14.
ASME Press, 2004, pp. 81-86.

[4] D. Erdogmus and J. Principe, "“Entropy
Minimization Algorithm for Neural Networks,"
Proceedings of the Intl. Joint Conf. on Neural
Networks, 2001, pp. 3003-3008.

[5] D. Xu and J. Princpe, “Training mlps layer-by-
layer with the information potential,” in Intl.
Joint Conf. on Neural Networks, 1999, pp.
1716-1720.

[6] B. W. Silverman, Density Estimation for
Statistics and Data Analisys. Chapman & Hall,
1986, vol. 26.

[71 A. W. Bowman and A. Azzalini, Applied
Smooting Techniques for Data Analysis.
London: Oxford University Press, 1997.

[8] R. Jacobs, M. Jordan, S. Nowlan, and G. Hinton,
“Adaptive mixtures of local experts,” Neural
Computation, pp. pp.79-87, 1991.



Table 4 - Errors (%) for the data sets lonosphere (resp. 40, 60 and 80 epochs), Sonar (resp. 50, 100 and 150 epochs),Wdbc (resp. 40, 60 and
80 Epochs), Iris (resp. 40, 60 and 80 epochs),Wine (resp. 40, 60 and 80 epochs) and Ph12 (resp. 200, 250 and 300 epochs) for different
number of hidden-layer neurons and several values of the smoothing parameter h.

lonosphere - 40, 60 and 80 epochs

Number of Hidden Layer Neurons

h 4 8 12 16 20 24 4 8 12 16 20 24 4 8 12 16 20 24

1,4 (3384 1954 20,04 1529 16,26 17,13 12,70 12,76 12,97 13,24 13,54 13,27 13,07 13,02 13,00 13,09 13,17 13,49

18 | 12,47 12,70 13,21 13,13 12,69 12,61 13,13 13,19 12,91 13,01 12,80 13,14 13,47 13,28 13,40 13,18 12,87 13,20
22 (12,71 12,86 12,81 13,20 13,03 13,01 13,41 13,06 12,88 12,91 12,80 12,83 14,20 13,14 13,40 13,00 12,80 13,50
2,6 | 13,07 12,40 12,37 12,82 12,93 13,17 13,07 12,83 13,16 12,94 13,16 12,71 13,33 12,83 12,94 1253 13,06 12,69

3 12,70 12,97 12,74 12,77 12,70 13,23 13,17 13,08 13,23 12,86 12,84 13,19 13,00 12,71 12,70 12,33 12,90 12,90
3,4 | 13,10 12,80 12,80 12,67 12,64 12,84 12,91 12,50 12,77 12,66 12,94 12,60 13,10 13,00 13,11 12,73 12,83 12,59
3,8 | 12,73 12,79 12,70 12,26 12,46 12,26 13,07 13,10 13,36 12,89 12,24 12,87 12,81 12,62 12,88 12,24 12,69 12,63
4,2 113,09 12,39 12,67 12,73 12,59 12,97 13,06 13,29 12,82 12,46 12,41 12,41 13,04 12,40 12,64 12,34 1294 12,99
46 | 1296 12,81 1206 12,80 12,43 12,63 12,77 12,70 12,61 1244 12,29 1296 12,61 12,41 13,29 1267 1273 12,72

5 12,71 12,61 12,90 12,70 12,69 12,87 13,11 12,44 12,44 12,29 13,16 12,87 13,16 12,56 12,60 12,60 12,63 13,06
Sonar - 50, 100 and 150 epochs

Number of Hidden Layer Neurons

h 2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12

1,0 | 49,47 48,63 49,18 48,97 48,56 50,65 48,36 49,90 49,30 49,04 48,41 4981 50,82 50,48 50,00 49,86 50,82 49,95

1,3 | 48,49 45,77 45,67 43,22 41,37 43,73 36,71 3536 37,74 3553 3452 31,42 31,63 2810 27,81 29,88 26,90 2551

16 | 2490 2365 2361 2296 22,88 23,17 24,64 23,44 23,41 24,06 23,94 23,80 25,53 24,52 2392 24,18 2500 23,61

1,9 | 24,78 23,27 2296 22,40 22,65 23,03 24,02 2452 2351 22,86 23,29 23,08 24,23 2452 23,08 2233 24,13 24,52
2,2 | 23,17 23,68 2353 24,28 23,77 23,66 24,16 24,33 23,49 22,84 24,42 23,08 25,31 2445 2327 2267 22,74 23,15
25 |2437 23,05 22,28 23,08 2334 24,18 23,99 22,40 24,52 2435 2281 2274 24,06 24,06 2226 22,67 2341 23,25
2,8 | 23,82 23,70 23,61 22,72 22,76 22,36 23,51 24,47 23,00 22,81 23,10 23,87 24,33 23,85 23,99 23,00 2286 22,67
3,1 | 24,04 24,06 22,98 22,98 2298 2281 24,64 24,04 22,45 23,82 2329 22,74 24,98 23,17 2329 23,06 22,26 22,88
34 | 2411 23,82 24,18 24,04 23,08 23,13 24,06 24,35 23,15 22,12 23,27 21,32 24,42 2356 22,14 2332 23,17 22,00
3,7 | 2450 23,82 21,73 2281 2221 2281 23,56 23,58 23,37 23,44 2344 2161 25,41 2358 2351 22,84 2327 22,07
40 | 2426 2315 2342 2356 2212 2296 2358 23,77 23,13 2240 22,67 2214 23,73 2389 2308 2195 2207 2260
Wisconsin breast cancer - 40, 60 and 80 epochs

Number of Hidden Layer Neurons

h 2 4 6 8 10 2 4 6 8 10 2 4 6 8 10

1,0 [ 50,34 52,31 51,22 49,44 46,88 51,54 51,16 49,32 47,58 45,97 48,80 46,52 49,48 48,60 48,58

1,2 | 883 10,37 19,04 19,74 21,80 10,71 11,46 11,48 9,74 19,47 4,41 2,89 5,49 5,83 6,11

14| 253 233 265 257 3,01 279 280 307 295 282 2,77 2,81 3,08 3,00 2,92

16 | 2,77 2,70 261 2,71 2,77 297 283 291 283 296 2,95 323 3,75 3,06 2,91

18| 283 275 29 284 278 305 306 306 297 3,05 2,96 3,04 311 3,08 3,08
20| 2,84 2,87 2,64 2,58 2,97 2,97 3,01 3,06 3,07 3,08 3,26 2,87 3,12 2,99 3,06
221291 277 291 307 29 272 306 281 297 323 3,13 3,11 3,17 2,95 3,05
24 | 267 276 292 2,84 2,59 294 304 304 288 324 3,06 326 3,22 2,99 3,36
26| 328 28 331 297 328 3,07 293 302 306 349 3,03 3,08 3,06 3,21 3,34
28 | 2,89 2,85 2,79 2,94 2,95 3,06 3,02 3,25 3,07 3,28 3,15 3,05 3,28 3,20 3,40
30| 269 291 309 319 298 298 314 316 3,17 3,37 330 349 349 3,35 3,35
Iris - 40, 60 and 80 epochs

Number of Hidden Layer Neurons

h 2 4 6 8 10 2 4 6 8 10 2 4 6 8 10
20| 797 720 633 920 727 507 523 507 4,40 4,90 513 457 4,10 4,23 4,13
24| 717 6,63 460 463 424 480 367 450 387 430 7,83 3,73 4,80 4,23 4,23
28 | 6,77 4,43 4,77 3,83 4,70 5,87 4,67 4,27 4,07 4,13 4,60 4,50 3,77 3,57 4,10
32| 7,37 4,87 4,10 4,40 4,40 8,40 4,10 3,93 4,27 3,80 5,27 4,40 3,73 3,83 3,93
36 | 470 6,67 4,67 4,10 4,03 6,37 500 397 397 413 457 4,07 4,63 4,00 4,10
40| 550 430 483 550 453 6,60 397 397 387 453 5,57 573 3,83 3,50 3,80
4,4 | 4,80 4,20 4,37 4,73 4,23 6,60 4,47 3,80 4,20 4,37 7,30 4,23 3,67 4,30 4,57
4,8 | 5,50 4,10 4,33 4,57 4,37 6,37 3,80 4,40 4,50 4,07 5,17 4,53 4,03 4,20 4,00
52 | 7,40 467 463 497 450 460 423 4,07 413 4,00 6,10 4,53 4,53 3,90 3,87
56 | 554 390 420 447 427 540 453 420 4,40 4,10 4,70 430 4,57 4,10 3,73
6,0 | 500 437 4,07 4,00 4,53 570 403 443 413 4,10 500 500 4,30 3,83 3,80
Wine - 40, 60 and 80 epochs

Number of Hidden Layer Neurons

h 4 6 8 10 12 14 16 4 6 8 10 12 14 16 4 6 8 10 12 14 16
14 | 46,41 34,92 2930 22,89 17,89 18,60 17,75 6,77 225 379 230 281 261 256 2,30 2,92 2,67 2,56 239 267 239
1,8 | 854 261 228 2,28 2,28 2,53 2,45 2,16 264 233 261 239 250 236 2,47 2,64 2,42 2,75 264 295 259
2,2 2,28 2,44 2,19 2,56 2,50 2,67 2,36 2,95 2,28 2,42 2,56 2,61 2,59 2,30 2,53 2,64 2,61 2,73 2,59 2,28 2,64
26 | 230 284 225 194 236 242 2,33 2,28 239 219 214 236 233 228 2,47 2,81 2,64 2,78 2,47 264 2,89
30 | 247 242 236 1,97 239 231 2,22 2,42 239 244 208 256 228 222 2,81 2,56 2,42 2,84 261 287 231
34 | 233 259 219 205 2,78 2,08 1,94 2,50 222 289 222 230 216 245 2,17 2,33 2,44 2,42 225 247 242
38 | 264 259 214 211 230 230 233 2,05 239 264 1,94 242 264 222 281 259 284 270 278 236 275
4,2 2,14 2,28 2,22 2,11 2,64 1,94 2,42 2,45 2,36 1,88 2,75 2,45 2,19 2,44 2,78 1,88 2,67 2,36 2,87 230 2,53
46 | 256 228 216 2,39 2,00 1,83 1,91 2,47 231 2,78 239 216 228 261 3,01 2,36 2,50 2,95 239 289 287
50 | 2,05 1,86 242 216 2,22 1,97 2,02 2,89 253 211 236 217 239 2,28 3,06 2,84 2,61 2,44 202 242 270
Pb12 - 200, 250 and 300 epochs

Number of Hidden Layer Neurons

h 2 4 6 8 10 12 2 4 6 8 10 12 2 4 6 8 10 12
1,6 | 24,09 16,17 13,26 14,46 14,71 14,62 22,29 15,07 12,76 10,21 11,65 11,23 18,73 12,10 10,63 10,78 10,68 9,03
1,8 21,25 11,53 8,19 9,29 8,88 8,12 22,89 7,80 8,50 8,29 7,76 8,36 25,80 8,00 7,51 7,89 8,39 8,25
20 |2549 911 7,82 8,11 851 892 2494 765 782 840 7,64 9,08 25,71 8,36 8,43 7,55 8,08 8,17
2212872 879 866 849 885 931 28,46 1035 824 780 758 892 27,02 9,40 8,17 7,94 8,05 7,60
2,4 | 2864 11,65 8,77 9,18 835 9,88 30,83 1238 961 853 821 881 29,65 10,77 8,41 8,70 9,76 7,76
2,6 | 2894 9,73 9,19 9,34 9,70 8,73 30,30 13,22 8,77 10,58 9,08 9,26 29,03 10,78 9,43 7,72 8,31 8,09
28 (28,77 11,99 1128 936 9,61 936 28,75 10,97 890 822 989 938 28,63 10,21 8,77 9,83 9,37 8,82
3,0 (2935 1151 11,37 9,05 830 9,89 28,29 1081 9,60 10,43 10,15 8,63 28,31 11,55 7,55 8,26 8,51 8,89




