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Abstract 
This paper presents a new cooperative ensemble learning system (CELS) for designing neural 

network ensembles. Unlike previous studies on designing ensembles, CELS attempts to train in-
dividual networks cooperatively and combine them in the same learning process. By introducing 
a novel correlation penalty term into the error function, all the individual networks are trained 
simultaneously in CELS. Rather than producing unbiased individual networks whose errors are 
uncorrelated, CELS tends to create biased individual networks whose errors are negatively corre-
lated. This paper introduces the idea of CELS, analyses the bias-variance-covariance trade-off, and 
presents some experimental results which show the effectiveness of CELS. 

1 Introduction 
One approach to improving neural network's generalisation is to use neural network ensembles [1, 2]. 
Both theoretical and experimental results [3, 4] have indicated that when individual networks in an 
ensemble are unbiased, average procedures are most effective in combining them when errors in the 
individual networks are negatively correlated and moderately effective when the errors are uncorrelated. 
There is little to be gained from average procedures when the errors are positively correlated. 

There are many ways of designing neural network ensembles. Most of them follow the two-stage 
design process (1]; first generating individual networks, and then combining them. Usually, the individ-
ual networks are trained independent of each other. The possible interaction among them cannot be 
exploited until the combination stage. There is no feedback from the combination stage to the individ-
ual design stage. It is possible that some of the independently designed individuals do not make much 
contribution to the whole ensemble. 

This paper proposes a new cooperative ensemble learning system (CELS) which simultaneously 
trains the individual networks in the ensemble through their interaction. It is basically a supervised 
training process, but adopts an unsupervised penalty term in the error function that self-organises 
individual networks and combines them in the same learning process. CELS will be analysed in terms 
of the bias-variance-covariance trade-off in this paper . 

CELS is different from previous work on designing neural network ensembles. First, it emphasises 
interaction and cooperation among individual networks in the ensemble, and uses an unsupervised 
penalty term in the error function to produce biased individual networks whose errors are negatively 
correlated. This approach is quite different from existing ones [4, 5, 6] which train the individual net-
works independently. Rosen [7] proposed an ensemble learning algorithm using decorrelated neural 
networks. The idea is that individual networks attempt to not only minimise the error between the 
target and their output, but also to decorrelate their errors from previously trained networks. However, 
Rosen's method trains the individual networks sequentially rather than simultaneously. The errors of 
the individual networks are not necessarily negatively correlated. The mixtures-of-experts (ME) archi-
tectures [8], which consist of two types of networks: a gating network and a number of expert networks , 
can produce biased expert networks whose estimates are negatively correlated. ME architectures are 
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modular architectures that combine aspects of competitive and associative learning. Both architectures 
and learning algorithms of ME are quite distinct from those of CELS. 

Second, CELS attempts to train and combine individual networks in the same learning process. 
That is, the goal of each individual training is to generate the best results of the whole ensemble. Such 
an approach is quite different from other ensemble approaches which separate individual design from 
average procedures. 

The rest of this paper is organised as follows: Section 2 briefly overviews the neural network learning 
and the bias-variance trade-off. Section 3 describes CELS and gives its motivations based on the bias-
variance-covariance trade-off. Section 4 presents the experimental results and discussions. Finally, 
Section 5 concludes with a summary of the paper and a few remarks. 

2 Neural Network Learning 
Suppose that we have a training set 

D = {(x(1), d(1)), · · ·, (x(N), d(N))} 

where x E RP, d is a scalar, and N is the size of the training set . The assumption that the output d is 
a scalar has been made merely to simplify exposition of ideas without loss of generality. 

The functional relationship between x and d can be expressed as 

d = g(x) + f (1) 

where g(x) is some function of vector x, and f. is a random expectational error that reflects the fact 
that simultaneous specification of a set of input vectors, {x(l), · · ·, x(N)}, does not uniquely specify an 
output value (unless f is a constant). The statistical model described by Eq.(l) is called a regressive 
model. In this model the function g(x) is defined by [9] 

g(x) = E[dlx] (2) 

where E is the statistical expectation operator. 
The exact functional relationship between x and d is usually unknown. The purpose of neural 

network learning is to use x to explain or predict d. It does so by encoding the empirical knowledge 
represented by the training set D into a set of synaptic weights, w. One criterion for optimising weights 
is the minimisation of the mean-square error 

(3) 

where F(x, w) is the actual response of the network. 
The error function J(w) may be expressed as the sum of two terms (10] 

(4) 

Note that the first term of Eq.(4) is independent of w. It is sufficient to minimise the second term. To 
be explicit about dependence on the training set D, the approximating function may be rewritten as 
F(x, D). Consider then the mean-squared error of the function F(x, D) as an estimator of the regression 
function g(x) = E[dlx], which is defined by 

Ev [CE[dlx]- F(x, D))
2

] 

where the expectation operator Ev represents the average over all the patterns in the training set D. 
Taking expectations with respect to the training set D, we can get the well-known separation of the 
mean-squared error (10, 11] 

Ev [CE[dlx]- F(x, D))2
] = (Ev[F(x, D)]- E[dlx])2 + Ev [CF(x, D)- Ev[F(x, D)])2

] (5) 

The first term of Eq.(5) is the square of the bias of>the approximating function F(x, D) measured 
with respect to the regression function g(x) = E(dlx], and the second term represents the variance of 
the approximating function F(x, D). 
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Accordingly, Eq.(5) states that the mean-square value of the estimation error between the regression 
function g(x) and approximating function F(x, D) consists of the sum of two terms: bias squared and 
variance. To achieve good performance, the bias and variance of the approximating function F(x, D) 
should both be small. In the case of a training set with finite size, although there can be neural networks 
with both small bias and variance, but usually there is a trade-off between the two. A practical way to 
deal with this problem is to use complexity regularization. The idea is to purposely introduce bias, which 
then makes it possible to eliminate the variance or reduce it significantly. The next section describes a 
new way to deal with the bias-variance dilemma. · 

3 Ensemble Network Learning 
3.1 Bias-Variance-Covariance Trade-off 
In this section we consider estimating g(x) = E(dlx] by forming a simple averaging of a set of F;(x, D) 
which are trained on the same training data set D 

(6) 

where M is the number of neural network estimators. Consequently, the expected mean-squared error 
of the combined system can be written in terms of individual network output (12, 8] 

ED [(E[dix]- F(x, D))2
] = (ED[F(x, D)]- E[dlx])2 

+ ED [~2 Eft, 1 (F;(x, D)- ED[F;(x, D)])2
] 

+ ED [~2 Ef; 1 Ej;t; (F;(x, D)- ED[F;(x, D)]) (Fj(x, D)- ED[Fj(x, D)])] (7) 

where the first term is the square of the bias of the combined system, the second and third term are 
the variance and covariance of the outputs of the individual networks, respectively. Similar to the bias-
variance trade-off for a single network, there is the bias-variance-covariance trade-off for neural network 
ensembles. 

While the variance in Eq.(7) can be seen to decay at ~, the covariance is finite unless the covariances 
between individual networks are very small. It has been found that the combining results are weakened 
if the errors of individual networks are positively correlated [3, 4]. Common approaches to dealing 
with this issue are to obtain unbiased estimators whose estimation errors are as weakly correlated as 
possible, e.g., cross-validation [13], bootstrapping (14], boosting [15], and injecting noise [16]. However, 
as argued by Sharkey [1], "any of these methods are best combined with an approach which emphasizes 
the testing and selection of ensemble members, for it cannot be assumed that adopting a particular 
approach ensures that error independence will be achieved." 

3.2 Simultaneous Learning of Negatively Correlated Neural Networks 
CELS introduces a correlation penalty term into the error function of each individual network so that 
the individual network can be trained simultaneously and interactively. The error function E1 for 
individual i in CELS is defined by 

E; 

(8) 

where N is the number of training patterns, E; ( n) is the value of the error of network i at presentation 
of the nth training pattern, F;(n) is the output of individual network i on the nth training pattern, 
and p; is a correlation penalty function. The purpose of minimising Pi is to negatively correlate each 
individual's error with errors for the rest of the ensemble. The parameter >. > 0 is used to adjust the 
strength of the penalty. The function p; can be chosen as 

p;(n) = (F;(n)- g(n)) Ej;ti (F;(n)- g(n)) (9) 
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where g(x) = E[dlx]. For the noise free data, i.e., g(n) = d(n), we have 

p;(n) = (F;(n)- d(n)) Ej# (Fj(n)- d(n)) (10) 

Unfortunately, the value of g is unknown for noisy data. In such cases, the function Pi caii be chosen as 

p;(n) = (F;(n)- F(n)) E#i (Fj(n)- F(n)) (11) 

where F( n) is the output of the combined system on the nth training pattern. For convenience's sake, 
the following discussion of CELS is for the noise free data. 

In CELS, the standard back-propagation (BP) algorithm with pattern-by-pattern updating [10] has 
been used for weight adjustments. The partial derivative of E; with respect to the output of individual 
i on nth training pattern is 

oE;(n) 
oF;(n) = F;(n)- d(n) + ..\E#;(F1(n)- d(n)) (12) 

Weight updating of all the individual networks is performed simultaneously using Eq.(12) after the 
presentation of each training case. Note that the correlation penalty term is very easy to implement 
since it requires only a small change in the independent training without the correlation penalty term. 
One complete presentation of the entire training set during the learning process is called an epoch. 

The sum of E;(n) over all i is 

E(n) E{'; 1E;(n) 

(~- ..\) E{';1 (d(n)- Fs(n))2 + ,\ (Ef,;1Fs(n)- Md(n))
2 

(13) 

From Eqs.(S), (10), (12) and (13), we may make the following observations: 

1. During the training process, all the individual networks interact with each other through their 
penalty terms in the error functions. 

2. For,\ = 0.0, there are no correlation penalty terms in the error functions of the individual networks, 
and the individual networks are just trained independently lJSing BP. That is, independent training 
using BP for the individual networks is a special case of CELS. 

3. For ,\ = ~' Eq.(13) can be re-written as 

1 ( M )2 E(n) = 2 E;=1F;(n)- Md(n) (14) 

The right term in Eq.(14), denoted by Eave, is the error function of the ensemble. From this 
point of view, CELS provides a novel way to decompose the learning task of the ensemble into a 
number of subtasks for each individual. 

4. For ,\ = 1, the following equality holds 

8Eave 
oF;(n) 

oE;(n) 
oF;(n) 

(15) 

The minimisation of the error function of the ensemble is achieved by minimising the error func-
tions of the individual networks. 

By adjusting the value of the strength parameter ..\, we can control the bias, variance, and covariance 
of the ensemble to achieve better performance. 

4 Bias-Variance-Covariance Estimation 
This section analyses CELS in terms of the bias-varisnce-covariance trade-off on a regression task in 
order to understand why and how CELS works. The regression function is 

(16) 
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where x = [x1 , ... , x5] is an input vector whose components lie between zero and one. The value of 
f(x) lies in the interval [-1, 1] . This regression task has been used by Jacobs [8] to estimate the bias 
of ME architectures and the variance and covariance of experts' weighted outputs. 

The ensemble architectures used in our experiments have 4, 8 and 12 individual networks. Each 
individual network is a multilayer perceptron with one hidden layer. All the individual networks have 
the same number of hidden nodes in an ensemble architecture. The hidden node function is defined by 
the logistic function 

1 cp(y)- --....,.....,... 
- 1 + exp (y) 

The network output is a linear combination of the outputs of the hidden nodes. 

(17) 

Twenty-five training sets were created at random. Each set consisted of 500 input-output patterns 
in which the components of the input vectors were independently sampled from a uniform distribution 
over the interval (0,1) . The target outputs were not corrupted by noise for Experiment 1, 2 and 3. In 
Experiment 4, the target outputs were created by adding noise sampled from a Gaussian distribution 
with a mean of zero and a variance of u2 to the function x. A testing set of 1024 input-output patterns 
was also generated. For this set, the components of the input vectors were independently sampled from 
a uniform distribution over the interval (0,1), and the target outputs were not corrupted by noise. The 
correlation penalty term given in Eq.(lO) was used in Experiment 1, 2 and 3. The correlation penalty 
term given in Eq.(ll) was used in Experiment 4. 

Twenty-five simulations of each ensemble architecture were conducted. In each simulation, the 
architecture was trained on a different training set from the same initial weights distributed inside a 
small range so that different simulations of an architecture yielded different performances solely due to 
the use of different training sets. Such experimental setup follows the suggestions from J acobs [8]. 

The average outputs of the ensemble system and the individual network i on pattern n from the 
testing set , denoted by F(n) and F;(n), are given by, respectively, 

(18) 

and 
(19) 

where F(k)(n) and F?)(n) are the outputs of the ensemble and the individual network i on the kth 
simulation, respectively, and /{ is the number of simulations. The integrated bias Ebia•, integrated 
variance Evar , and integrated covariance Ecov of the ensemble are defined by, respectively, 

(20) 

and 
(21) 

and 
_ M M 1 N 1 K 1 ( (k) - ) ( (k) - ) 

Ecov = :Ei=l:Ej=l,j;o!i N:En=l /{:Ek=l M 2 F; (n)- F;(n) Fj (n)- Fj(n) (22) 

We may also define the integrated mean-squared error (MSE) Em1 e as 

(23) 

It is clear that the following equality holds: 

(24) 

4.1 Experiment 1 
The first experiment is aimed to investigate the dependence of Ebia•, Evar, and Ecov on the strength 
parameter A. The architecture of the ensemble networks is composed of 8 individual networks. Each 
individual network has 5 hidden nodes. The learning-rate 71 in BP is 0.1. The results of CELS for the 
different values of). at epoch 2000 are given in Table 1 and Fig .l. The results suggest that Ebia• appears 
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>. Ebias Evar Ecov Evar + EcoiJ Emse 
0.0 1.31 X 10 - :i 1.51 X 10 . q 1.40 X 10 . q 2.91 X 10-4 1.60 X 10..=-:f 

0.25 4.64 X 10 -4 4.51 X 10 "4 -2.64 X 10 "4 1.88 X 10-4 6.53 X 10..::-J 
0.5 2.63 X 10 · 'I 1.00 X 10 -a -8.27 X 10 - '1 1.77 X 10 ::q 4.40 X 10-4 

0.75 2.09 X 10 -4 2.14 X 10 -a -1.97 X 10 -a 1.76 X 10 -4 3.85 X 10-=4 
0.9 1.66 X 10 "4 4.49 X 10 -a -4.31 X 10 - il 1.83 X 10-4 3.5o x w---.r 
1.0 1.83 X 10 -a 0.134295 -0.129785 4.51 X 10 -a 6.34 x w-3 

Table 1: The results of integrated bias, integrated variance, integrated covariance, and integrated mean-
squared error on the testing set in CELS for different >. values at epoch 2000. 

to decrease first and then increase with increasing value of>.. It was found that Ebias for >. ~ 0.9 seems 
to be the minimum value for different values of>.. However, when >. becomes too big, such as >. = 1.0, 
Ebias increases dramatically. In such cases the individual !earnings mainly minimise the correlation 
penalty terms in the error functions rather than the error of the ensemble. It seems that E 11 ar increases 
as the value of >. increases, and Ecov decreases as the value of >. increases. It is important to note the 
integrated covariance becomes negative during the training procedure. 

It is interesting that CELS controls not only the variance and covariance of the individual networks, 
but also the bias of the combined system. Compared with independent training using BP (i .e., >. = 0.0 
in CELS), although CELS creates larger variance, the sum of the variance and covariance in CELS is 
smaller because of the negative covariance. At the same time, CELS reduces the bias of the ensemble 
significantly. From Eq.24, the integrated MSE consists of the sum of three term: the integrated bias, 
variance and covariance. Therefore, CELS provides a control of bias, variance, and covariance through 
the choice of>. value to achieve good performance. For this regression task and the ensemble architecture 
used, it was observed that the bias-variance-covariance trade-off wa8 optimal for >. ~ 0.9 in the sense 
of minimising the MSE. 
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Figure 1: (a) The progress of integrated bias and integrated MSE on the testing set at epoch 2000 for 
different >. values. The vertical axis is the value of the integrated bias and integrated MSE and the 
horizontal axis is the value of >.. (b) The progress of integrated variance and integrated covariance on 
the testing set at epoch 2000 for different >. values. The vertical axis is the value of the integrated 
variance and integrated covariance and the horizontal axis is the value of >.. 

4.2 Experiment 2 
There are two aims of Experiment 2. The first is to investigate the dependence of Ebias, Evar, and Ecov 
on the individual network size. We used three different ensemble architectures, denoted by A5 , A10 , and 
A15 , which are composed of 8 individual networks. Each individual network has 5 1 10, and 15 hidden 
nodes, respectively. The second is to compare the corr~iations among the individual networks and the 
squared bias of the individual networks created by CELS and independent training, respectively. The 
learning-rate 'f/ is 0.1, and the strength parameter >. is 0.5. 
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A Ebia• Evar Ecov Evar + Ecov Em se 
As 1.31 X 10 "3 1.51 X 10-'• 1.40 X 10-" 2.91 X 10 · 'I 1.60 X 10 '3 

0.0 A10 4.98 X 10 ·'I 4.86 X 10 ·:> 5.31 X 10 ·:> 1.02 X 10 · 'I 6.00 X 10 · 'I 

Ats 4.15 X 10 . ., 3.15 X 10-o 5.58 X 10 . ., 8.73 X 10 ·b 5.03 X 10 · 'I 

As 2.63 X 10-'1 1.00 X 10 ·<1 -8.27 X 10 ·'I 1.77 X 10 · 'I 4.40 X 10 · 'I 

0.5 A10 2.36 X 10-" 3.90 X 10-" -2.91 X 10 . ., 9.90 X 10 · <> 3.35 X 10 . ., 
Ats 2.44 X 10 · 'I 4.67 X 10-q -3.56 X 10 . q 1.11 X 10 . q 3.54 X 10 . q 

Table 2: Comparison between CELS (A = 0.5) and independent training 0.e., A = 0.0 in CELS) for 
the different individual network sizes. The results of integrated bias, integrated variance, integrated 
covariance, and integrated MSE on the testing set are at epoch 2000. 

The results of CELS for As, A10, and A15 at epoch 2000 are given in Table 2. As expected, A10 and 
A1s, which have more computational resources, perform slightly better than A5 . It is worth pointing 
out that larger individual network size does not necessarily improve the performance of the ensemble 
system. The choice of individual network size is problem dependent. Interestingly, although the sum 
of the variance and covariance does not change much among As , A10, and Ats, their variance and 
covariance are quite different. 

A5 , A10 , and A15 were also independently trained using BP without the correlation penalty terms 
(i.e., A= 0.0 in CELS). The results are shown in Table 2. It is apparent that the architectures trained 
with the correlation penalty terms perform better in terms of the integrated MSE values. 

In order to observe the effect of the correlation penalty terms, Fig.2 shows the correlations among 
the individual networks in A10 trained with and without the correlation penalty terms, respectively. 
There are 28 correlations betweeq different individuals in Ato· For the simultaneous t'iaining with the 
correlation penalty terms, 21 correlations among them have negative values. The results suggest that 
the correlation penalty terms lead to negatively correlated individual networks. In contrast, for the 
independent training without the correlation penalty terms, all the correlations are positive. Because 
every individual network learns the same task in the independent training, the correlations among them 
are generally positive. In CELS, each individual network learns different parts or aspects of the training 
data so that the problem of correlated errors can be removed or alleviated. 
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Figure 2: (a) The correlations among the individual networks in A 10 using CELS (A= 0.5). (b) The 
correlations among the individual networks in A10 using independent training (i.e., A= 0.0 in CELS). 
A correlation is represented by a vertical bar with one end at zero and the other end point at the value 
of the represented correlation. Different bars correspond to correlations between different individuals. 

Fig.3 shows the squared bias of the individual networks in A10 using CELS and independent training. 
For the individual networks created by CELS, they are biased whose values are much larger than those 
of the individual networks created by independent training. Although the individual networks in CELS 
are biased, the ensemble is unbiased at the end of training. 
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Figure 3: (a) The squared biases of the individual networks in A10 using CELS (A = 0.5) . (b) The 
squared biases of the individual networks in A10 using independent training (i.e., A = 0.0 in CELS). The 
vertical axis is the value of the estimated bias of an individual network and different bars correspond 
to different individuals. 

A= 0.5 
Ebitu Evar Ecov Emu 

4 3.60 X 10 -'1 9.11 X 10 · 'I -6.85 X 10 · 'I 5.86 X 10-4 

8 2.63 X 10 · 'I 1.00 X 10 ' 3 -8.27 X 10- 4 4.40 X 10 - '1 

12 3.39 X 10-4 1.18 X 10- 3 -9.92 X 10-4 5.29 X 10-4 

A= 0.0 
EbitJ3 EvtJr Ecov Em3e 

4 1.34 X 10 . ;1 3.33 X 10 -4 8.99 X 10-o 1.76 X 10-3 

8 1.31 X 10-<1 1.51 X 10 -4 1.40 X 10- '1 1.60 X 10-3 

12 1.33 X 10 ·<1 1.30 X 10 ·4 1.83 X 10 - '! 1.64 X 10-3 

Table 3: Comparison between CELS (A = 0.5) and independent training (i.e., >. = 0.0 in CELS) for the 
different ensemble sizes. The values of integrated bias, integrated variance, integrated covariance, and 
integrated MSE on the testing set are at epoch 2000. 

4.3 Experiment 3 
The third experiment is aimed to investigate the dependence of EbitJ3, Evar, and Ecov on the ensemble 
size, i.e., the number of individual networks in the ensemble system. The ensemble architectures used 
in CELS are composed of 4, 8, and 12 individual networks, respectively. All individual networks have 
5 hidden nodes. The leal'ning-rate TJ and the strength parameter A are 0.1 and 0.5, respectively. The 
results of CELS for the different ensemble sizes at epoch 2000 are given in Table 3. It is evident that 
the architecture with 8 individual networks performs slightly better than the other two architectures. 
It was observed that Evar appeared to increase slightly as the ensemble size increases, and at the same 
time Ecov appeared to decrease slightly. Similar to varying the individual network size, varying the 
ensemble size does not change much the sum of variance and covariance. However, their variance and 
covariance are fairly different . 

The same architectures used in CELS were also independently trained using BP without the cor-
relation penalty terms. The results are showed in Table 3. It is clear from Table 3 that the ensemble 
architectures trained with the correlation penalty terms perform much better than the same architec-
tures trained without the correlation penalty terms in terms of the integrated MSE values. 

4.4 Experiment 4 
This experiment investigated the effects of adding the noise to the target function. Moderate noise 
(variance o-2 = 0.1) and large noise (variance o-2 = 0.2) conditions were studied. The architecture of the 
ensemble networks is composed of 8 individual networks. Each individual network has 5 hidden nodes. 
The learning-rate TJ in BP is 0.1. 
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>. Ebicu Evar Ecov Evar + Ecov Em&e 
0.0 0.00460 0.00175 0.00735 0.00910 0.01370 
0.25 0.00405 0.00200 0.00675 0.00875 0.01280 
0.5 0.00377 0.00265 0.00593 0.00859 0.01235 

Table 4: The results of the integrated bias, integrated variance, integrated covariance, and integrated 
MSE on the testing set in CELS for different >. values at epoch 2000 when the variance of the noise 
added to the target function was 0.1. 

>. Ebia& Evar Ecov Evar + Ecov Em&e 
0.0 0.00826 0.00310 0.01352 0.01662 0.02488 

0.25 0.00741 0.00353 0.01261 0.01614 0.02356 
0.5 0.00609 0.00479 0.01196 0.01675 0.02284 

Table 5: The results of the integrated bias, integrated variance, integrated covariance, and integrated 
MSE on the testing set in CELS for different >. values at epoch 2000 when the variance of the noise 
added to the target function was 0.2. 

Table 4 and Table 5 compared the performance of CELS when the strength parameter >. was set 
to 0.25 and 0.5 with that of independent training (i.e., >. ::: 0.0 in CELS) for the moderate noise case 
and the large noise case. Because of the different correlation penalty term used in this experiment, 
the integrated covariance did not become negative when the strength parameter was small (>.=0.25 
and 0.5). However, the bias of the ensemble and the covariance of the individual networks created by 
CELS tended to decrease in both moderate noise and large noise conditions. As demonstrated by the 
results, CELS outperformed independent training in terms of the integrated MSE values even though 
the integrated variance increased slightly in CELS. 

CELS's results were also better than those produced by ME architectures [8]. For the moderate 
noise case, the integrated MSE of ME architectures was about 0.018, while the integrated MSE of CELS 
was 0.012. The integrated MSE achieved by ME architectures was about 0.038 for the large noise case. 
This result is even worse than the integrated MSE generated by CELS. Table 6 summarises the above 
results. 

Method Emse 
u2 ::: 0.1 u2 = 0.2 

0.012 0.023 
0.018 0.038 

Table 6: Comparison between CELS and ME architectures [8] in terms of the integrated MSE on the 
testing set for the moderate noise case and the large noise case. 

5 Conclusions 
This paper describes a new approach to designing neural network ensembles. The proposed CELS 
can train and combine individual networks in the same learning process. The idea behind CELS is to 
introduce a correlation penalty term into the error function of each individual so that all the individual 
networks in the ensemble can be trained simultaneously and cooperatively. 

This paper has also analysed CELS in terms of the bias-variance-covariance trade-off. Unlike other 
ensemble approaches which try to create unbiased individual networks whose errors are uncorrelated, 
CELS can produce biased individual networks whose errors tend to be negatively correlated. Very 
competitive results have been produced by CELS in comparison with independent training and ME 
architectures[8]. 
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Future work on CELS includes applying it to real-world problems, studying better combination 
methods, and adjusting dynamically the strength parameter A, the individual network size and the 
ensemble size. 
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