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Abstract. In recent years the Evolutionary Algorithms have been remarkably use-
ful to improve the robustness of Artificial Neural Networks. This study will intro-
duce an experimental analysis of the FS-EPNet algorithm to understand how neu-
ral networks are evolved with a steady-state algorithm and compare the Single-
step-ahead (SSP) and Multiple-step-ahead (MSP) methods for prediction tasks
over two test sets. It was decided to test an inside-set during evolution and an out-
side-set after the whole evolutionary process has been completed to validate the
generalization performance with the same method (SSP or MSP). Thus, the net-
works may not be correctly evaluated (misleading fitness) if the single SSP is used
during evolution (inside-set) and then the MSP at the end of it (outside-set). The
results show that the same prediction method should be used in both evaluation
sets providing smaller errors on average over the generalization performance.

Keywords: Evolutionary Algorithms, Artificial Neural Networks,
EANNS, Single-step-ahead prediction, Multi-step-ahead prediction

1 Introduction.

Artificial Neural Networks (ANNs) are mathematical models inspired by the
structural and functional organization of biological neural networks. They are char-
acterized by having input, hidden and output units with interconnection between
them, where each connection has an associated weight which is updated during the
training phase to allow the network to learn a given task. Since their origin, they
have been used to solve control [1], classification [2, 3] and prediction [4] tasks,
showing a performance and adaptability superior to those of conventional mathe-
matical models, as it is actually known that one hidden layer with sufficient nodes
can approximate any classification decision boundary [5]. Even though neural net-
works have proved to be a robust method for solving different kinds of problem,
they involve several different parameters that need to be chosen appropriately to
obtain a functional network. Early studies used to select many of those parameters
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by trial and error [5]. Another difficulty is that some of these parameters may
change over time, and thus more elaborate methods are needed to adjust them.

ANNs and Evolutionary Algorithms (EAs) have been widely inspired by bio-
logical organisms, usually giving them superior performance when both are applied
together to solve a problem than when they are applied in separate stages. Thus,
Evolutionary Artificial Neural Networks (EANNS), sometimes called neuroevolu-
tion, have been remarkably useful at adapting the ANNSs’ parameters during evolu-
tion [2, 6, 7]. Furthermore, EAs can improve the robustness of networks because
they are less likely to be trapped on local minima than traditional gradient-based
search algorithms [6].

The usage of EAs over ANNSs require an extra error-evaluation, e.g. Normalized
Root Mean Squared Error (NRMSE) to determine the fitness of each individuals in
the population (this metric is used in this work). Therefore, there may be different
evaluation sets within an EANN: validation set to discover overtraining; inside-set
to obtain the fitness of an individual during evolution, and a final test set called
outside-set to evaluate the generalization performance after the evolution has fin-
ished. In this way, inside and outside terms are used to make reference to perform-
ance evaluation during and after the evolutionary process has been completed. Be-
sides test sets, a prediction metric is needed, e.g. the Single-step-ahead (SSP) and
Multiple-step-ahead prediction (MSP) methods. Note that in classification tasks, an
extra test set (validation set) is not required like in the prediction case because the
validation set uses the same method to evaluate the fitness during evolution as in the
generalization test, i.e. like the SSP method. Consequently, the validation set and
inside-set use to be the same in this case.

Thus, this paper is aimed to compare SSP and MSP procedures over both test
sets (inside and outside) to forecast two chaotic time series (TS): Lorenz and
Mackey-Glass, usually tested in prediction tasks. Thus, the networks may not be
correctly evaluated (misleading fitness) if the single SSP is used during evolution
(inside-set) and then the MSP at the end of it (outside-set), i.e. both evaluations may
be perform in the same terms. Moreover, no previous study has been found explain-
ing such scenario, which should be tested empirically.

The reminder of this paper is organized as follows: In Sec. 2 is presented an
overview of the FS-EPNet algorithm aimed at evolving ANNs using a steady-state
algorithm based on Evolutionary Programming. Sec. 3 then gives a description of
SSP and MSP for TS forecasting. Thereafter, Sec. 4 presents the experimental set-up
with the Lorenz and Mackey-Glass TS, while Sec. 5 describes our empirical predic-
tion results for the comparison between SSP and MSP over the inside-set and out-
side-set. Finally, we provide our conclusions in Sec. 6.

2  The FS-EPNet Algorithm

The EPNet algorithm [3, 8] is based upon the standard Evolutionary Program-
ming (EP) approach, aimed at evolving ANN architectures and weights at the same
time as obtaining smaller network topologies. The original algorithm [3] does not
tackle the feature evolution, i.e. input adaptation in the same evolutionary process.
However, further improvements consider their evolution [8], i.e. Feature Selection
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EPNet algorithm (FS-EPNet), being the algorithm used du-ring this empirical study.
The FS-EPNet algorithm emphasizes the evolution of ANN behaviours by EP, like
node-splitting, which maintains the behavioural (i.e. functional) link between the
parent and its offspring. It does not have a crossover operator, nor a genotype to
represent the individuals. Instead it carries out the evolutionary process by perform-
ing only nine different mutation operations directly on the phenotype as shown in
Fig. 1: (1) hybrid training composed of training with the Modified Back Propagation
(MBP) algorithm and Simulated Annealing (SA); (2) node deletion; (3) connection
deletion; (4) input deletion; (5) delay deletion; (6) connection addition; (7) node
addition; (8) input addition; and (9) delay addition. The algorithm performs only one
such mutation on the selected individual in each generation. The training in the
EPNet algorithm is only a partial training, i.e. the networks are not trained until they
converge. This is motivated by computationally efficiency, which lets the evolution
advance faster, with the individuals improving their fitness through the generations.
For a more detailed description of the EPNet algorithm see [3, 8].
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Figure 1. Feature Selection EPNet algorithm (FS-EPNet). General procedure (Fig.1a) and
FS-EPNet mutations (Fig. 1b)

Table 1. Single-step prediction

3

Forecasting Inputs
Via Xir X110 %o
yt+2 XI+1’ Xl 1 thl
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yt+4 Xl+3’ Xt+2 1 Xt+1

Time Series Prediction

For the TS prediction problem with ANNs, it is common to try to use a small
subset of recent TS information to perform the prediction. Therefore, we are aiming
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to obtain accurate predictions using only a finite segment of previous values up to
the point to be predicted. Thus we have:
Tyl = F[.!‘f. PO S R A ) 1';_[‘{_1]'['.: (1)

Where d is the number of inputs, k is the time delay and F is the method or algo-
rithm that performs the prediction (the network for this work). There is one condi-
tion that needs to be satisfied: given an attractor of dimension D, we must have
d>2D+1 [9]. There are two general ways to perform the prediction of a TS in terms
of the desired number of values to be forecast. Thus, assume the TS X is

[xl,x2 ..... xt], the number of points ahead to predict is n, the test set is

[xtJrl,xt+2 ..... xtm], and the forecast in the same interval is [yt+1, Yig ren yt+n]. In

the following examples, we are assuming that the number of inputs (past informa-
tion) is 3, delays are set at 1 and the prediction step is At=1.

3.1 Single-step-ahead prediction (SSP)

The simplest method is just to predict a value in the future, and we may call this
method One-step or Open-loop or Single-step-ahead prediction (SSP). It is called
Open-loop forecasting because a pattern is used to predict a value and no feedback
is used to continue the predictions as in an autoregressive method. Table 1 shows
the single-step prediction method. A sample of previous works that have used (SSP)
are [10, 11, 12, 13], where [10, 11] predict the Lorenz TS and [12, 13] the Mackey-
Glass TS.

3.2 Multi-step-ahead prediction

Another interesting prediction method is the Multi-step-ahead prediction (MSP)
which uses closed-loop forecasting through an autoregressive method as shown in
Table 2.

Table 2. Multiple-step prediction

Forecasting Inputs
Yi %o XX
Yiro Yoar %0 Xq
Yies Yo Yo %
Yiia Yiizr Yoo Yeu

Note that in Table 2 the predictions are used as input values in subsequent pre-
dictions, i.e. it is repeated one-step prediction several times, using the actual predic-
tion to predict the next value. The input vector from the SSP (Table 1) and MSP
(Table 2) methods may be seen as a window of d values with k delays that is moved
one position ahead every time a value is predicted, to be ready to predict the next
value. The real difference between both methods is that the SSP moves the window
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input vector over the original data available, meanwhile the MSP starts with the
original data, overlap original and predicted data, and finish with predicted values in
the window input vector. Previous publications that used the MSP method are [3,
14, 15], where [14, 15] are focused on the Lorenz TS and [3] predicting the Mackey-
Glass TS.

3.3  MSP and SSP comparison

For the previous section, it can be said that prediction tasks with SSP are similar
to classification tasks as one input vector produce one output vector and there is no
feedback in the output as in MSP. Having said that, a standard procedure in the
literature is to evaluate an inside-set with the SSP method for classification and
prediction tasks to obtain the fitness of individuals. Moreover, any publication has
been found so far that uses MSP over the inside-set, that kind of evaluation is never
said and it may be assumed to be SSP as it is the standard.

4  Experimental set-up and data sets

As previously remarked, it was decided to use an extra test set during evolution
as tasks solved with MSP require to validate the generalization performance with the
same method (MSP) when the evolution finish, i.e. validation, inside-set and out-
side-set. Different to classification task where only the validation set and outside-set
is required.

Thus, the networks may not be correctly evaluated (misleading fitness) if the
single SSP is used during evolution and then the MSP at the end of it. For example,
it can be assume that SSP method is easier than MSP by the feedback in the later,
therefore, if a prediction task requiring MSP is evaluated with SSP during evolution
(inside-set), it will probably produce a different fitness than if the MSP is used in the
same inside-set, which could produce a bias in the selection process with networks
not so fit. For that reason it was needed to use an extra test set in prediction tasks, so
the validation set is used mainly to evolve the learning rate and the inside-set to
measure the fitness as it were a real prediction. However, it may be expected to
obtain a smaller fitness error during evolution with SSP than MSP.

There are some common parameters that were fixed for the experiments
throughout this study: population size 30, generations of evolution 3000, initial
connection density 30%, initial learning rate 0.15, minimum learning rate 0.01,
epochs for learning rate adaptation 5, number of mutated hidden nodes 1, number of
mutated connections 1-3, temperatures in SA 5, iterations per temperature in SA
100, 1500 epochs of training inside the FS-EPNet, and 2000 of further training at the
end of the algorithm. The only stopping criteria was the number of generations. For
all the experiments, 30 independent runs were performed to ensure statistical valid-
ity of the results. The inside-set was set-up with 30 patterns to perform the predic-
tion and the MSP is performed on the outside-set in all TS tested. All these parame-
ters were set at convenient traditional values and are not intended to be optimal.
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Two chaotic TS were used to test the insights presented in this study: a) the first
one is the Lorenz TS [16] generated with the fourth order Runge-Kutta method as
done in [14jError! No se encuentra el origen de la referencia.], i.e. the following
values are used to generate the TS: At=1, 6=10, r=28, p=8/3 and time step=0.05
using 1000 values to train and 100 to test; and b) the Mackey-Glass TS usually
generated with fourth-order Runge-Kutta method as Lorenz TS, where the parame-
ters used here to generate it are: x(0)=1.2, ==17, $=0.2 and B=-0.1 as done in [3]
using 500 values to train and 500 to test. Therefore, the outside-set for Lorenz TS
was set to 100 and for Mackey-Glass to 500 patterns.

5 Experimental Results

In this section is presented the results from a set of experiments developed to de-
termine if the usage of SSP in the inside-set may degrade the performance of task
requiring MSP on the outside-set.

To illustrate this, consider Fig. 2 for the best predictions found for the Lorenz
with MSP (Figs. 2a and 2b) and SSP (Figs. 2c and 2d) on the inside-set during evo-
lution and using MSP on the outside-set. Interestingly to note (and as previously
expected), the average fitness of the networks evaluated with SSP on the inside-set
have a lower error during all the evolutionary process than the fitness obtained from
the MSP as can be seen in Fig. 3. The best prediction error on the inside-set at the
end of the 3000 generations of evolution were smaller with the SSP than with the
MSP as expected too (Table 3, NRMSE Inside-set row). It was also obtained a
smaller error with the SSP on the average fitness over all independent trials as
shown at the end of generations in Fig. 3.

Error

-~ / /
N

0.8 NRMSE = 0.34431
Correlation = 0.9405

Error
<

0 20 40 60 80 100 0 20 40 60 80 100

(c) (d)
Figure 2. Best predictions found for Lorenz TS with MSP (Figs. 2a and 2b) and SSP (Figs. 2¢c
and 2d) on the inside-set during evolution and using MSP on the outside-set after 3000 gen-
erations. Figs. 2b and 2d present the error in terms of Y (1) - Zj (t) s where Yi (t) is the prediction
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at time t and Z;(t) is the original data to be predicted (outside-set).

At the end of the evolution, even the network that uses MSP have a bigger fit-
ness error in the inside-set, it obtained the smallest generalization error, with statisti-
cal significant having a p-value <0.01 (Fig. 2a), because the selection mechanism
during evolution was in the same terms as the generalization measurement.

Table 3 presents the individual parameters evolved for the Lorenz TS, showing
how the NRMSE over the inside-set is smaller when the MSP is used during evolu-
tion than SSP, but the generalization performance is smaller when the MSP is used
in both test sets. Also note that using SSP produce the convergence of delays (Table
3 and graphically in Fig. 4d) as it is easier to predict with SSP than MSP for the
feedback in the latter as previously remarked. Fig. 4 shows the evolution of hidden
nodes (Fig.4a), connections (Fig. 4b), input nodes (Fig. 4c) and delays (Fig. 4d) for
the Lorenz TS. There can be seen that evolving those parameter were similar in both
cases for hidden, input nodes and connections, i.e. using the SSP or MSP on the
inside-set. It may be worth to say too, that an incorrect prediction method over the
inside-set may produce poorer networks by the deviation of it parameters as can be
seen in Fig. 4d.
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Figure 3. Average fitness value of Lorenz TS with MSP and SSP over the inside-set

Table 3. Average fitness value of Lorenz TS with MSP and SSP over the inside-set

MSP - MSP SS5P - MSP

Parameter Mean Std Dev Min Mazx Mean Std Dev Min Mazx
Number of Inputs 6.70000 1.91455 3 10 6.13333 1.79526 3 9
Number of Delays 2.46666 0.93710 1 4 1 0 1 1
Number of Hidden Nodes 13.3333  4.25346 5 26 12.8 3.28423 6 18
Number of Connections 108.466 56.1989 39 351 92.9333 35.5614 43 172
NRMSE Validation Error 0.02475 0.02848 0.00062 0.12563 0.00145 0.00104 0.00035 0.00447
NRMSE Inside-set 0.01657 0.00775 0.00676 0.03480 0.00189 0.00084 0.00123 0.00477

NRMSE Outside-set 0.52301 0.26162 0.09834 0.92639 0.73256 0.23340 0.34431 1.20320
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Comparing these results against results found in the literature, Dudul [14] obtain
a NRMSE for the best individual with a State-space 8th order of NRMSE = 0.1822
and a NRMSE = 0.7325 with a Regularized ANN-ARMA, while the FS-EPNet
obtain a NRMSE = 0.09834 (Table 3) for the best individual found.

Table 4. Mackey-Glass time series individual results

Parameter

MSP — MSP

SSP - MSP

Mean Std Dev Min Max Mean Std Dev Min Max
Number of Inputs 8.33333 2.30732 5 13 8.10000 1.26899 5 9
Number of Delays 3.56667 0.85836 2 6 3.16667 0.74664 2 4
Number of Hidden Nodes 16.0666 6.17522 6 31 12.5666 3.94517 7 23
Number of Connections 150.600 78.1499 52 376 114.866 51.2214 55 263
NRMSE Validation Error 0.00567 0.00835 0.00049 0.04147 0.00182 0.00112 0.00061 0.00466
NRMSE Inside-set 0.00330 0.00152 0.00119 0.00706 0.00377 0.00191 0.00163 0.01075
NRMSE Outside-set 0.16810 0.04626 0.07397 0.30965 0.17183 0.31555 0.01696 1.41379

To finalize the results of this work, in Table 4 is presented the individual results
of evolving the Mackey-Glass TS. It can be seen how the usage of MSP over the
inside-set produced smaller average errors than SSP, however in this case there
where no statistically significance in the results. Comparing these results against
previous studies, e.g. [17], it was found that the FS-EPNet could not improve them,
requiring a more analysis and further research.
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Figure 3. Best predictions found for the Lorenz TS with MSP and SSP over the inside-set for
hidden (Fig. 4a, connections 4b), input (Figs. 4c and delays 4d) during 3000 generations



Single-step-ahead and Multi-step-ahead Prediction with Evolutionary Artificial Neural Networks 11

6 Conclusions and Discussion

In this work was presented a comparison between two prediction methods, Sin-
gle-step-ahead (SSP) and Multi-step-ahead, during the evolution of Artificial Neural
Networks (ANNS) for time series (TS) prediction. The experiments were carried out
using the EPNet algorithm designed to evolve ANNs architectures and weights si-
multaneously through and steady-state procedure. From two chaotic TS tested (Lo-
renz and Mackey-Glass), it was determined that tasks that use SSP will use SSP for
the fitness during evolution and to evaluate the generalization performance. Con-
trary, tasks that use MSP will use the same MSP method in both parts of the process.
Further research is required to test a broad range of TS to generalize these results,
however, from this study it can be expected that the same method should be used in
both stages.
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