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Abstract. A major challenge in cooperative neuro-evolution is to find
an efficient problem decomposition that takes into account architectural
properties of the neural network and the training problem. In the past,
neuron and synapse Level decomposition methods have shown promising
results for time series problems, howsoever, the search for the optimal
method remains. In this paper, a problem decomposition method, that is
based on neuron level decomposition is proposed that features a reverse
encoding scheme. It is used for training feedforward networks for time se-
ries prediction. The results show that the proposed method has improved
performance when compared to related problem decomposition methods
and shows competitive results when compared to related methods in the
literature.
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1 Introduction

A time series dataset is a chronological series of the past and present data is
involved that are measured regularly at progressive intervals [1,2]. Time series
prediction uses past data to predict future occurrence of events using robust
methods such as neural networks [3].

Cooperative neuro-evolution employs cooperative coevolution for training
neural networks [4,5,3]. Cooperative coevolution solves a large problem by break-
ing it down into sub-components and implements them as sub-population using
evolutionary algorithms [4]. The sub-populations are evolved in a round-robin
fashion while cooperation takes place for fitness evaluation.

Cooperative neuro-evolution has shown to be effective for training feedfor-
ward [6,7] and recurrent neural networks [8,3] with applications in classification
[6,9], control [8] and time series prediction [3]. In cooperative neuro-evolution,
problem decomposition depends on the structural properties of the network that
have inter-dependencies [9]. The efficiency of a problem decomposition method
depends on the training problem and the neural network architecture [9].
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Fig. 1: Synapse level decomposition of the neural network training problem. Note
that the subcomponents are implemented as sub-populations.

The two established problem decomposition methods for cooperative neuro-
evolution are synapse level (SL) [5,3] and neuron level (NL) [8,10,9]. In SL, the
network is decomposed to its lowest level of granularity where the number of
subcomponents depends on the number of weight-links or synapses in the neural
network. In NL, the number of subcomponents consists of the total number of
hidden and output neurons.

Synapse level ensures global search and provides the most diversity. However,
this level of decomposition works best if there are less interacting variables or
synapses in the neural network training problem. Synapse level decomposition
has shown good performance for time series and control problems [3,5], howso-
ever, it performed poorly for pattern classification problems [9]. It seems that
time series prediction does not feature a high level of interactions when compared
to pattern classification problems.

Neuron level decomposition has less diversity and enables grouping the in-
teracting variables. In cooperative neuro-evolution, the problem is to balance
diversity and interacting variables. A study of grouping interacting variables
motivated the grouping of synapses with reference to hidden in output neurons
[9].

In this paper, we introduce reverse neuron level (RNL) decomposition, which
essentially features reverse encoding of neuron level decomposition. Neuron level
decomposition takes hidden and output layer neurons as reference for each sub-
component, whereas RNL uses hidden and input layer. RNL is used for training
feedforward networks for chaotic time series problems.

The rest of the paper is organized as follows. In Section 2, the proposed
method is discussed in detail while in Section 3, experiments and results are
given. Section 4 concludes the paper with a discussion of future work.

2 Proposed Problem Decomposition

An ideal problem decomposition method efficiently decomposes the network in
a way where the interacting variables or synapses are grouped into separate
subcomponents [9]. In this way, a deep greedy search for the subcomponents
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Fig. 2: Neuron level decomposition of neural network training problem. Note that
the subcomponents are implemented as sub-populations.

will not be problematic for partially separable problems such as training neural
networks. Analysis of the degree of separability of the neural network train-
ing problem showed that neuron level is an efficient way for decomposition [9].
Howsoever, other strategies for effectively decomposing the network can also be
explored that are related to neuron level.

2.1 Reverse Neuron Level Decomposition

Reverse neuron level (RNL) decomposition encodes the neural network in a way
where the input and hidden neurons are used as reference points rather than the
hidden and output neurons as in the case of neuron level. Each subcomponents
in RNL consists of outgoing synapse connected linked with neurons in the input
and hidden layers. Therefore, each subcomponent for a layer is composed as fol-
lows:

1. For a given neuron i in the input layer, the input layer subcomponents con-
sists of all the synapses that are connected from input neuron i to the hidden
layer. The bias of i is also included.

2. For a given neuron j in the hidden layer, the hidden layer subcomponents
consists of all synapses that are connected from hidden neuron j to the
output layer. The bias of j is also included.

The total number of subcomponents is the total number of hidden and input
neurons along with biases within hidden and input layer neurons as shown in
Fig. 3. RNL is used to train the feedforward network and is shown in Algorithm
1. In Step 1, the network is encoded using RNL problem decomposition.

In Step 2, subcomponents are encoded as sub-populations. In Step 3, each
sub-population is evolved using the designated evolutionary algorithm. Evalu-
ation of the fitness of each individual in a particular sub-population is done
cooperatively [4]. This is done by concatenating the best individuals from the
rest of the sub-populations and encoding them into the neural network for fitness
evaluation.
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Algorithm 1: RNL for Training Feedforward Networks

Step 1: Decompose the problem into subcomponents according to RNL.
Step 2: Implement each subcomponent in a sub-population.
Step 3: Initialize and cooperatively evaluate each sub-population.
foreach Cycle until termination do

foreach Sub-population do
foreach Depth of n Generations do

Select and create new offspring using genetic operators
Cooperative Evaluation the new offspring

end

end

end

All the sub-populations are evolved for a fixed number of generations. The
evolution continues until the termination criteria is met which is either the total
number of function evaluations or the desired fitness for the network based on
validation dataset. Once the network has been evolved, the neural network is
tested for generalization performance.

Fig. 3: Reverse neuron level problem decomposition. Note that the number of
sub-population are based on the number of input and hidden neurons.

The proposed decomposition creates fewer subcomponents when compared
to synapse level decomposition. It creates more subcomponents when compared
to neuron level decomposition for problems with one output neuron that are
used for single dimensional time series problems.

3 Experiments and Results

This section presents the experiments using the proposed RNL cooperative
neuro-evolution method for training feedforward neural networks. NL and SL
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problem decomposition methods are used for comparison. The performance and
results of the method were evaluated using different number of hidden neurons.

Four different benchmark chaotic time series datasets are used to evaluate
the proposed method. Mackey-Glass time series [11] and Lorenz time series [12]
are the two simulated time series. The real-world problems include the Sunspot
[13] and ACI Worldwide Inc. [14] time series. The results are compared with
related work from the literature.

3.1 Experimental Setup

All the datasets are reconstructed using Taken’s embedding theorem [15]. Taken’s
embedding theorem allows chaotic time series dataset to be reconstructed into
a state space vector using time delay (T) and embedding dimension (D) [15].

The differential equation used to generate the Mackey Glass time series is
given below in Equation 1.

dx

dt
=

ax(t− τ)

[1 + xc(t− τ)]
− bx(t) (1)

1000 sample points are used and the phase space of the original time series is
reconstructed with the embedding dimensions D = 3 and T = 2. The first half
of samples are used for training while the rest for testing. This time series data
set is scaled in the range [0,1].

The Lorenz time series is simulated time series, which is chaotic in nature
that was proposed by Edward Lorenz along with the principles of Chaos theory
[12]. This dataset is scaled in the range of [-1,1]. The first half of the 1000 sample
points are used for training while the rest for testing. The phase space of the
original time series is reconstructed with the embedding dimensions D = 3 and
T = 2, similar as previous time series data.

The Sunspot time series gives good indication of the solar activities for solar
cycles which impacts Earth’s climate [16]. The monthly smoothed Sunspot time
series has been obtained from the World Data Center for the Sunspot Index
[13]. This time series is scaled in the range [-1,1] and first is used for training
while the second half for testing. Embedding dimension of D = 5 and T = 2 is
used.

The ACI Worldwide Inc. time series [14] is taken from the NASDAQ stock
exchange and contains 800 sample points from December 2006 to February 2010
[14]. It is scaled in the range [0,1]. The first half is used for training and the
second half for testing. Embedding dimension of D = 5 and T = 2 is used.

The feedforward network employs sigmoid units in the hidden and the output
layer for the Mackey-Glass and ACI Worldwide Inc. problems. However, the hy-
perbolic tangent unit is used in the output layer for the Lorenz and Sunspot time
series. Root mean squared error (RMSE) is used to evaluate the performance of
the proposed method as done in previous work [3]. The G3-PCX evolutionary
algorithm is employed to evolve all the sub-populations [17]. It uses specific pa-
rameters for creation of new solutions such as the pool size of 2 parents and 2
offspring [3].
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The number of generations for each sub-population known as depth of search
is kept as 1 as done in [3]. The algorithm terminates once the maximum number
of function evaluations (50 000) have been reached by the respective cooperative
neuro-evolutionary methods (RNL, NL and SL).

3.2 Results

In Tables 1 - 4, the results are shown for different number of hidden neurons
using RNL, NL and SL. The RMSE and 95 percent confidence interval along with
the best run are reported for 50 independent experimental runs. We evaluate
the best results for each case with lowest RMSE in training and generalization
performance irrespective of number of hidden neurons used.

In the Mackey-Glass problem shown in Table 1, it was observed that RNL
gives better training and generalization performance when compared to SL. RNL
was unable to outperform NL.

In Table 2, for the Lorenz problem, it was observed that the RNL has per-
formed much better than SL, however, it was unable to outperform NL in terms
of training or generalization. Unlike for the Mackey-Glass problem, it was seen
that the generalization and training performance of all the methods deteriorates
when the number of the hidden neuron increases.

Table 1: Training and generalisation performance for Mackey-Glass time series
problem

Method H Training Generalisation Best

NL 3 0.0107 ± 0.00131 0.0107 ± 0.00131 0.0050
5 0.0089 ± 0.00097 0.0088 ± 0.00097 0.0038
7 0.0078 ± 0.00079 0.0078 ± 0.00079 0.0040

SL 3 0.0237 ± 0.0023 0.0237 ± 0.0023 0.0125
5 0.0195 ± 0.0012 0.0195 ± 0.0012 0.0124
7 0.0177 ± 0.0009 0.0178 ± 0.0009 0.0121

RNL 3 0.0151 ± 0.00087 0.0151 ± 0.00087 0.0076
5 0.0132 ± 0.00064 0.0132 ± 0.00064 0.0088
7 0.0133 ± 0.00066 0.0133 ± 0.00066 0.0092

The performance of the Sunspot time series problem in Table 3 shows that
RNL was able to outperform SL and NL in generalisation performance.

The ACI Worldwide Inc. in Table 4 shows similar performance when com-
pared to Sunspot time series as both are real world applications that contain
noise. RNL outperformed SL and gave close performance to NL.

Tables 5 - 8, compares the best results from Tables 1 - 4 with some of the
related methods from the literature. The RMSE of the best experimental run
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Table 2: Training and generalisation performance for the Lorenz time series
problem

Method H Training Generalisation Best

NL 3 0.0170 ± 0.0031 0.0176 ± 0.0031 0.0043
5 0.0249 ± 0.0062 0.0271 ± 0.0067 0.0021
7 0.0379 ± 0.0093 0.0416 ± 0.0092 0.0024

SL 3 0.0680 ± 0.0325 0.0452 ± 0.0229 0.0153
5 0.0526 ± 0.0084 0.0546 ± 0.0084 0.0082
7 0.0574 ± 0.0075 0.0605 ± 0.0074 0.0079

RNL 3 0.0263 ± 0.0051 0.027 ± 0.0051 0.0062
5 0.0309 ± 0.0087 0.0333 ± 0.0087 0.0075
7 0.0395 ± 0.0083 0.0435 ± 0.0083 0.0058

Table 3: Training and generalisation performance for Sunspot time series

Method H Training Generalisation Best

NL 3 0.0207 ± 0.0035 0.0538 ± 0.0091 0.015
5 0.0289 ± 0.0039 0.0645 ± 0.0093 0.017
7 0.0353 ± 0.0048 0.0676 ± 0.0086 0.021

SL 3 0.0539 ± 0.0261 0.04998 ± 0.0238 0.210
5 0.0560 ± 0.0208 0.05210 ± 0.0177 0.302
7 0.0568 ± 0.0178 0.05250 ± 0.0132 0.344

RNL 3 0.0411 ± 0.0051 0.0472 ± 0.0048 0.031
5 0.0390 ± 0.0044 0.0467 ± 0.0039 0.030
7 0.0414 ± 0.0069 0.0533 ± 0.0060 0.030

Table 4: Training and generalisation performance for ACI Worldwide Inc. time
series

Method H Training Generalisation Best

NL 3 0.0214 ± 0.00039 0.0215 ± 0.00039 0.020
5 0.0203 ± 0.00047 0.0212 ± 0.00041 0.019
7 0.0201 ± 0.00038 0.0208 ± 0.00033 0.019

SL 3 0.0466 ± 0.0039 0.0411 ± 0.00360 0.080
5 0.0413 ± 0.0038 0.0390 ± 0.00378 0.042
7 0.0449 ± 0.0028 0.0424 ± 0.00270 0.134

RNL 3 0.0250 ± 0.00097 0.0228 ± 0.00077 0.019
5 0.0236 ± 0.00075 0.0220 ± 0.00059 0.019
7 0.0232 ± 0.00072 0.0219 ± 0.00063 0.019
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together with NMSE (normalized mean squared error) are used for the compar-
ison. The proposed RNL method has given good performance when compared
to some of the methods in the literature.

The best result of Mackey-Glass time series problem was compared to meth-
ods from the literature in Table 5. The proposed method was able to outperform
some of the methods.

The Table 6 shows the best result of Lorenz time series problem being com-
pared to works in literature. It was seen that the proposed method outper-
formed all the methods except for co-evolutionary recurrent neural networks
(CICC-RNN) which cannot be strictly compared due to difference in network
architectures.

Table 5: A comparison with the results from literature on the Mackey-Glass time
series

Prediction Method RMSE NMSE

Locally linear neuro-fuzzy model (LLNF-LoLiMot) (2006) [18] 9.61E-04
Neural fuzzy network and PS0 (2009) [19] 2.10E-02
Neural fuzzy network and CPS0 (2009) [19] 1.76E-02
Neural fuzzy network and DE (2009) [19] 1.62E-02
Neural fuzzy network and GA (2009)[19] 1.63E-02
Synapse Level-CCRNN (SL-CCRNN) (2012) [3] 6.33E-03 2.79E-04
Neuron Level-CCRNN (NL-CCRNN) (2012) [3] 8.28E-03 4.77E-04
Competitive Island Cooperative Coevolution (CICC-RNN) (2014) [20] 3.99E-03 1.11E-04
Proposed FNN-RNL 7.59E-03 1.09E-04

Table 6: A comparison with the results from literature on the Lorenz time series

Prediction Method RMSE NMSE

Auto regressive moving average (ARMA-ANN)(2008) [21] 8.76E-02
Backpropagation neural network and GA (2011) [22] 2.96E-02
Synapse Level-CCRNN (SL-CCRNN) (2012) [3] 6.36E-03 7.72E-04
Neuron Level-CCRNN (NL-CCRNN) (2012) [3] 8.20E-03 1.28E-03
Competitive Island Cooperative Coevolution (CICC-RNN) (2014) [20] 3.55E-03 2.41E-04
Proposed FNN-RNL 5.81E-03 1.77E-04

The best result of the Sunspot time series problem was compared to the
literature in Table 7. The proposed method was unable to outperform different
co-evolutionary recurrent neural networks (SL-RNN, NL-RNN and CICC-RNN)
which cannot be strictly compared due to difference in neural network architec-
ture.

The best result of the ACI Worldwide Inc. problem was compared to the
literature in Table 8. The proposed method outperformed all the methods except
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for multi-objective method with T=3. The results are better when compared to
other works from the literature.

Table 7: A comparison with the results from literature on the Sunspot time series

Prediction Method RMSE NMSE

Radial basis network (RBF-OLS)(2006) [18] 4.60E-02
Locally linear neuro-fuzzy model (LLNF-LoLiMot) (2006) [18] 3.20E-02
Synapse Level-CCRNN (SL-CCRNN) (2012) [3] 1.66E-02 1.47E-03
Neuron Level-CCRNN (NL-CCRNN) (2012) [3] 2.60E-02 3.62E-03
Competitive Island Cooperative Coevolution (CICC-RNN) (2014) [20] 1.57E-02 1.31E-03
Proposed FNN-RNL 2.96E-02 2.68E-03

Table 8: A comparison with the results from literature on the ACI time series

Prediction Method RMSE NMSE

Competitive Island Cooperative Coevolution CICC-RNN [23] 1.92E-02
Synapse Level (FNN-SL) (2014) [24] 1.92E-02
Neuron Level (FNN-NL) (2014) [24] 1.91E-02
MOCCFNN with 2-objectives (T=2)(MO-CCFNN-T=2) (2014)[25] 1.94E-02
MOCCFNN with 2-objectives (T=3)(MO-CCFNN-T=3) (2014)[25] 1.470E-02
Proposed FNN-RNL 1.91E-02 2.00E-03

Figure 4 show that a typical experimental run from the RNL method was
able to cope with the noise from one of the real-world dataset. The error graph
is also given which indicates the challenges for the chaotic nature of these time
series problems at certain time intervals.

4 Discussion

In general, the results of the experiments showed that proposed reverse neuron
level is better than synapse level and gives close performance when compared
to neuron level for given time series problems. Reverse neuron level gives a
competitive performance when compared to other methods from the literature.

Reverse neuron level employs fewer subcomponents when compared to synapse
level and more subcomponents when compared to neuron level according to the
network topology with one output neuron used for one step ahead time series
problems. The results showed that reverse neuron level has been able to achieve
similar performance when compared to other methods in terms of the general-
ization.

Reverse neuron level groups subcomponents similar to synapse level for the
hidden-output layer. It seems that due to more interaction between hidden to
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(a) Performance given by RNL on the test set.
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(b) Error on the test data set.

Fig. 4: Typical train prediction given by RNL for ACI Worldwide Inc time series.

output layer, where more decision making takes place, it was unable to have
better performance when compared to neuron level. Reverse neuron level seems
to perform better than synapse level mainly due to the weight connections be-
tween input-hidden layer. It is better to combine the weights together, which is
the case in reverse neuron level and neuron level.

5 Conclusion and Future Work

In this paper, we proposed reverse neuron level decomposition for the cooperative
neuro-evolution of feedforward neural networks applied to time series problems.
The results of the experiments have given a better understanding of decompo-
sition of neural network in terms of interacting variables. The proposed method
has also outperformed some of the methods from the literature. In general, the
proposed method is much better than synapse level decomposition and produces
competitive results with neuron level decomposition.
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In future work, the proposed method can be further tested on other problems,
including multi-dimensional time series. The method can be used to evolve other
neural network architectures for pattern classification and control.
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