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Abstract

This paper reviews research on combining arti cial neural nets,
and provides an overview of, and an introduction to, the papers contained this Special Issue, and its companion (Connection Science, 9,
1). Two main approaches, ensemble-based, and modular, are identied and considered. An ensemble, or committee, is made up of a set of
nets, each of which is a general function approximator. The members
of the ensemble are combined in order to obtain better generalisation
performance than would be achieved by any of the individual nets. The
main issues considered here under the heading of ensemble-based approaches, are (a) how to combine the outputs of the ensemble members
(b) how to create candidate ensemble members and (c) which methods
lead to the most e ective ensembles? Under the heading of modular approaches we begin by considering a divide-and-conquer approach
by which a function is automatically decomposed into a number of
subfunctions which are treated by specialist modules. Other modular
approaches are also identi ed and considered, for whilst the divideand-conquer approach is designed to improve performance, the term
modularity can be given a wider interpretation. The broadly de ned
topic of modularity includes the explicit decomposition of a task based
on the designer's understanding, and the exploitation of specialist modules in order to accomplish tasks which could not be performed by a
monolithic net.

1 Introduction
In the earlier halcyon days of neural computing, it seemed possible to accomplish signi cant feats through the use of monolithic nets. Indeed, sometimes
it was the fact that a unitary mechanism was being used that was of most
interest (eg Rumelhart and McClelland's past tense model, Rumelhart and
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McClelland, 1986). More recently, it has become apparent that there are
many tasks which cannot be e ectively solved by means of training a simple
unitary net.
There are a number of practical advantages to either decomposing a task
into subtasks, or combining several di erent solutions to the same task; the
most signi cant one for the present purpose being that of improved performance. Decomposition into subtasks can lead to a reduction of training
times, it can make an overall system easier to understand and to modify,
it may result in a solution to a task which would not have been achieved
through the use of a single net, or it can result in better performance than
that achieved without decomposition. There may also be theoretical reasons
for taking a modular approach. Clearly in terms of cognitive modelling, and
computational neuroscience we need to think in terms of modules, and the
way in which they can be combined. In addition to the continued interest in
modularity, much interest has recently been expressed in improving the reliability and accuracy of neural net generalisation through combining several
nets trained on the same task. All of these examples are instances of the
combining of nets and fall under the combined remit of this Special Issue,
and its companion (Connection Science, 9, 1). An important point is that it
is possible to formulate the problem of combining nets at an abstract level,
such that it is relevant to both an applications-driven approach, to biological/cognitive questions, and to theoretical analysis. It should be noted
too that, although the focus of this Special Issue is on combining Arti cial
Neural Nets, many of the techniques discussed here are applicable to a much
wider variety of statistical methods.
It is possible to identify two main approaches to combining neural networks, each of which is represented in a Special Issue. First, there is the
ensemble-based approach (sometimes termed the committee framework) by
which a set of nets is trained on what is essentially the same task, and then
the outputs of the nets are combined (the present Special Issue, Combining
Arti cial Neural Nets: Ensemble Approaches). The aim is to obtain a more
reliable and accurate ensemble output than would be obtained by selecting
the best net. This can be contrasted with a modular approach (companion
Special Issue, Combining Arti cial Neural Nets: Modular Approaches, Connection Science, 9, 1). Under a narrow de nition of modularity, a problem is
decomposed into a number of subtasks. Such decomposition may be accomplished either by explicit means, (explicit decomposition), or automatically
(automatic decomposition). A wider de nition of modular neural nets is that
each net should be self-contained or autonomous (see also Fodor's account of
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informationally encapsulated modules, Fodor, 1983). The wider de nition
includes in its scope hybrid systems and specialist systems in which the exploitation of the specialist capabilities of di erent modules makes it possible
to solve tasks which could not otherwise have been solved by a single net.
The aim of the present review is to provide an accessible introduction
to the combining of arti cial neural networks, so as to set the papers in the
Special Issues in context. There is of course overlap between this review and
the other papers in this issue, but our aim is to provide an overview of the
main themes. Admittedly this overview is partisan, and re ects the author's
assessment of the eld and its interrelationships. Nonetheless, hopefully
others will recognise the themes identi ed here as important, even if they are
aware of omissions. In the sections that follow, I shall begin by considering
ensemble-based approaches; brie y outlining some of the methods by which
nets can be created for use in ensembles, and methods for combining a set
of nets to form an ensemble, and following this with a discussion of the
likely e ectiveness of di erent methods. This discussion is followed by a
consideration of some of the main issues underlying modular approaches.
Outlines of the papers in this Special Issue are incorporated into the review
as appropriate.

2 Ensemble-based approaches
The de ning characteristic of an ensemble-based approach is that it involves
combining a set of nets each of which essentially accomplishes the same
task. The use of an ensemble can provide an e ective alternative to the
tradition of generating a population of nets (for example by using di erent
random initializations of the weights), and then choosing the one with the
best performance, whilst discarding the rest. The basic idea underlying the
ensemble-based approach is to nd ways of exploiting instead of ignoring
the information contained in these redundant nets.
Combining estimators to improve performance has quite a long history,
although it has recently received more attention in the neural net community. Research on combining estimators in neural computing can be
traced back to Nilsson (1965), and is found in a number of elds such as
econometrics (forecast combining, Clemen, 1989; Granger, 1989), machine
learning (evidence combination, Barnett, 1981) and software engineering (diversity, Littlewood and Miller, 1989; Knight and Leveson, 1986). In terms of
neural computing, there are two main issues; rst the creation, or selection,
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of a set of nets to be combined in an ensemble; and second, the methods
by which the outputs of the members of the ensemble are combined. I shall
outline the main methods of creation, and combination in turn, before considering the available guidelines about which methods should be adopted
under which circumstances.

2.1 Methods for creating ensemble members

Clearly there is no advantage to combining a set of nets which are identical;
identical that is, in that they generalise in the same way. The emphasis
here is on the similarity or otherwise of the pattern of generalisation. In
principle, a set of nets could vary in terms of their weights, the time they
took to converge, and even their architecture (eg the number of hidden
units) and yet constitute essentially the same solution, since they resulted
in the same pattern of errors when tested on a test set. There are a number
of parameters which can be manipulated in e orts to obtain a set of nets
which generalise di erently. These include the following: initial conditions,
the training data, the typology of the nets, and the training algorithm. We
can provide an overview of the main methods which have been employed for
the creation of ensemble members, whilst providing more information about
methods which involve varying the data, since that is the approach which
has most commonly been taken.

 Varying the set of initial random weights: A set of nets can be created

by varying the initial random weights from which each net is trained
whilst holding the training data constant.
 Varing the topology: A set of nets can be created by varying the
topology or architecture, and training with a varying number of hidden
units whilst holding the training data constant.
 Varying the algorithm employed: The algorithm used to train the nets
could be varied whilst holding the data constant. Our concern here is
with the use of Arti cial Neural Nets, but the members of an ensemble
could be created using a variety of statistical techniques.
 Varying the data: The methods which seem to be most frequently used
for the creation of ensembles are those which involve altering the training data. There are a number of di erent ways in which this can be
done which include: sampling data, disjoint training sets, boosting and
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adaptive resampling, di erent data sources, and preprocessing.These
are considered individually below, although it should be noted that ensembles could be created using a combination of two or more of these
techniques (e.g. sampling plus preprocessing, see Raviv and Intrator,
this issue).
Sampling data: A common approach to the creation of a set of nets for
an ensemble is to use some form of sampling technique, such that each
net in the ensemble is trained on a di erent subsample of the training
data. Resampling methods which have been used for this purpose include
cross-validation (Krogh and Vedelsby, 1995), and bootstrapping (Breiman,
1996b), although in statistics the methods are better known as techniques for
estimating the error of a predictor from limited sets of data. For example, in
bagging (Breiman, 1996b) a training set containing N cases is perturbed by
sampling with replacement (bootstrap) N times from the training set. The
perturbed data set may contain repeats. This procedure can be repeated
several times to create a number of di erent, although overlapping, data
sets. Such statistical resampling techniques are particularly useful where
there is a shortage of data.
Disjoint training sets: A similar method to the above is the use of disjoint, or mutually exclusive training sets, i.e. sampling without replacement
(e.g. Sharkey, Sharkey and Chandroth, 1995a,b). There is then no overlap
between the data used to train di erent nets.
Boosting and Adaptive resampling: Schapire (1990) showed that a series of
weak learners could be converted to a strong learner as a result of training
the members of an ensemble on patterns that have been ltered by previously trained members of the ensemble. A number of empirical studies
(eg Drucker et al., 1994) support the ecacy of the boosting algorithm,
although a problem with this method is that it requires large amounts of
data. Freund and Schapire (1996) have proposed an algorithm developed in
the context of boosting. Essentially the basis of this algorithm is that training sets are adaptively resampled, such that the weights in the resampling
are increased for those cases which are most often missclassi ed. Breiman
(1996a) explores some of the di erences between the Freund and Schapire
algorithm; contrasting its e ectiveness to that of bagging, and concluding,
on the basis of empirical and analytic evidence, that Freund and Schapire's
algorithm is more successful than bagging at variance reduction.
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Di erent data sources: another method of varying the data on which nets
are trained is to use data from di erent input sources. This is possible under
circumstances in which, for instance, more than one sensor is used, and it is
particularly applicable where the sensors are designed to pick up di erent
kinds of information. For example, picking up fuel injection faults in a diesel
engine using either a measure of engine cylinder pressure, or engine cylinder
temperature (Sharkey, Sharkey and Chandroth, 1995a,b).
Preprocessing: the data on which nets are trained can also be varied by using
di erent preprocessing methods. For example, di erent feature sets can be
extracted from the raw data. Alternatively, the input data for a set of nets
could be distorted in di erent ways; for example by using di erent pruning
methods (see Tumer and Ghosh, this issue), by injecting noise (see Raviv
and Intrator, this issue), or by using non-linear transformations (Sharkey
and Sharkey, 1995a; Sharkey, Sharkey and Chandroth 1995a,b).

2.2 Methods of combining

Once a set of nets has been created, an e ective way of combining their
several outputs must be found. There are several di erent methods of combining, and since a number of reviews of the topic already exist, (e.g. Jacobs,
1995; Genest and Zideck, 1986; Xu et al., 1992), I shall do no more than
brie y outline some of the more common methods. Zhilkin and Somorjai,
(this issue) also provide a review of combining methods.
Averaging and weighted averaging: Linear opinion pools are one of the most
popular aggregation methods, and refer to the linear combination of the
outputs of the ensemble members' distributions with the constraint that the
resulting combination is itself a distribution (see Jacobs, 1995). An single
output can be created from a set of net outputs via simple averaging, (e.g.
Perrone and Cooper, 1993), or by taking a weighted average (e.g. Perrone
and Cooper, 1993; Hashem and Schmeiser, 1993).
Non-linear combining methods: Other non-linear combining methods that
have been proposed include Dempster-Shafer belief-based methods, (e.g.
Rogova, 1994), combining using rank-based information (e.g. Al-Ghoneim
and Kumar, 1995), voting (e.g. Hansen and Salamon, 1990), and order
statistics (Tumer and Ghosh, 1995).
Supra Bayesian: Jacobs (1995) contrasts supra Bayesian with linear combinations. The underlying philosophy of supra Bayesian approach is that
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the opinions of the experts are themselves data. Therefore the probability
distribution of the experts can be combined with its own prior distribution.
Stacked generalisation: Under stacked generalisation (Wolpert, 1992) a nonlinear net learns how to combine the networks with weights that vary over
the feature space. The outputs from a set of level 0 generalisers are used
as the input to a level 1 generaliser, which is trained to produce the appropriate output. The term 'stacked generalisation' is used by Wolpert (1992)
to refer both to this method of stacking classi ers, and also to the method
of creating a set of ensemble members by training on di erent partitions of
the data. It is also possible to view other methods of combining, such as
averaging, as instances of stacking with a simple level 1 generaliser. The
same idea has been adapted to regression tasks, where it is termed 'stacked
regression', (Breiman, 1993). A comprehensive exploration of stacking is
reported by LeBlanc and Tibshirani, (1993).

2.3 Choosing a combining method

In considering which methods should be adopted for creating and combining
the members of an ensemble, it is helpful to consider the likely e ect that
combining nets in an ensemble will have. Such a consideration is likely to
rely on the concepts of bias and variance. Much has been made recently of
the fact that the error of a predictor can be expressed in terms of the bias
squared plus the variance (see Geman et al., 1992 for a detailed presentation
of these concepts, and for further discussion, see Bishop, 1995; Parmanto,
Munro and Doyle, this issue; Raviv and Intrator, this issue; Rosen, this
issue). A net can be trained to construct a function f (x), based on a training
set (x1; y1); :::; (xn; yn ) for the purpose of approximating y for previously
unseen observations of x. Following Geman et al. (1992) we shall indicate
the dependence of the predictor f on the training data by writing f (x; D)
instead of f (x). Then the mean squared error of f as a predictor of y may
be written
2
ED [(f (x; D ) ? E [y jx]) ]
where ED is the expectation operator with respect to the training set D,
(i.e. the average of the set of possible training sets), and E [y jx] is the target
function. Now the bias/variance decomposition gives us,
E

D [(f (x; D) ? E [y jx])2] =
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(ED [f (x; D)] ? E [y jx])2 "bias"
+ED [(f (x; D) ? ED [f (x; D)])2] "variance"
The bias and variance of a predictor can be estimated when the predictor
is trained on di erent sets of data sampled randomly from the entire possible
set. The bias of a net can be intuitively characterised as a measure of its
ability to generalise correctly to a test set once trained (re ecting the average
output over the set of possible training sets). The variance of a net can be
similarly characterised as a measure of the extent to which the output of a
net is sensitive to the data on which it was trained, i.e. the extent to which
the same results would have been obtained if a di erent set of training data
were used.
There is a tradeo between bias and variance in terms of training nets;
the best generalization requires a compromise between the con icting requirements of small variance and small bias. It is a tradeo between tting
the training data too closely (high variance), and taking no notice of it all
(high bias). What is required of a net that is to generalise well following
training on noisy or unrepresentative data1 is to take sucient account of
the data, but to avoid over tting (low variance, low bias).
The bias and variance can be approximated by an average over a xed
number of possible training sets. Krogh and Vedelsby (1995) provide an
account of the bias and variance in an ensemble, expressing the bias-variance
relation in terms of an ensemble average, instead of an average over possible
training sets (which means that the ensemble members could be created by
a variety of methods, see Section 2.1, as well as by varying the training
set). Krogh and Vedelsby's account is made use of by Opitz and Shavlik,
this issue. In terms of an ensemble of nets, the bias measures the extent to
which the ensemble output averaged over all the ensemble members di ers
from the target function, whilst the variance is a measure of the extent to
which the ensemble members disagree (Krogh and Vedelsby use the term
'ambiguity' to refer to this disagreement).
An ensemble which exhibits high variance should also show a low correlation of errors. It has simultaneously become evident to many neural
net researchers (and it is a theme that is well represented in this issue),
that the main determinant of the e ectiveness of an ensemble is the extent
to which the members are 'error-independent' (Rogova, 1994), in the sense
1
If the data were not noisy, and were suciently representative of the test set to permit
good generalisation, then there would be no problem with over tting.
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that they make di erent errors (or to put it another way, show di erent patterns of generalisation). Wolpert (1992) for instance points out that '..the
more each generalizer has to say (which isn't duplicated in what other generalizers have to say), the better the resultant stacked generalization..' And
for Jacobs (1995), '..The major diculty with combining expert opinions is
that these opinions tend to be correlated or dependent..' This same point
is made in other areas, such as software engineering (Eckhardt and Lee,
1985; Littlewood and Miller, 1986), and forecasting (Guerard Jr and Clemen, 1989). The ideal, in terms of ensembles of arti cial neural nets, would
be a set of nets which did not show any coincident errors. That is, each of
the nets generalised well (low bias component of error), and when they did
make errors on the test set, these errors were not shared with any other nets
(high variance component of error).
Rather than just considering the relative contribution of bias and variance to the total error, or measuring the error correlation, it is also possible
to distinguish di erent types of error patterns that an ensemble may exhibit
when tested. Sharkey and Sharkey (1995a) present an account of four different types of error pattern which may be exhibited by an ensemble with
respect to a validation test set, (although they use the term 'diversity').
These range from Type 1 to Type 4. In Type 1 Diversity, there are no coincident errors, and when errors occur on one net they are not shared with any
other ensemble member. In Type 2 Diversity there are coincident errors, but
the majority is always correct. In Type 3 Diversity, the majority is not always correct, but the correct output is always produced by at least one net.
In Type 4 Diversity, the majority is not always correct, and there are some
inputs which fail on all the ensemble members, but there is some di erence
between the errors made by di erent nets, and therefore some advantage to
be gained from combining. A major advantage of this typology is that it
makes it possible to quantify the level of error independence achieved by an
ensemble.
Once the importance of the error correlation between the nets has been
recognised, the main approaches which can be adopted are are:
1. To take account of the dependency between the ensemble members
when choosing a method of combining.
2. To select and/or create nets that are relatively independent.
Taking account of the dependency between nets: The extent to which the
outputs of a set of nets are correlated gives a strong indication about how
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they should be combined. For example, if on a classi cation problem, an
ensemble does not exhibit any coincident failures with respect to a validation set (Type 1 Diversity), then combining the nets by means of a simple
majority vote will produce good results. Good results will also be obtained
if a simple majority vote is used to combine nets which do share coincident
errors, but where the majority is always correct (Type 2 Diversity). Where
there are overlapping errors, more complex methods of combination, such
as stacked generalisation are likely to be appropriate. Of course, another
way of taking account of the dependency between nets is to select nets for
e ective combination on the basis of an analysis of the dependency among
their outputs (see next section, and Hashem, this issue).
Creation and Selection of nets for e ective combination: A more recent
trend, as evidenced in this issue, is to actively select, from a larger pool, a
set of nets which can be combined e ectively, instead of comparing di erent
methods of combining. A discussion of the selection of nets for e ective
combination can be found in Perrone and Cooper (1993), who suggest not
including in an ensemble near duplicate nets which exhibit a high degree of
correlation.
The idea of selecting nets for e ective combination is implied by the
conclusion that linear combining methods such as weighted averaging su er
when the outputs of the ensemble members are correlated (see Tumer and
Ghosh, this issue; Hashem, this issue). There are two papers in this issue
which particularly focus on the selection of nets for e ective combination;
Hashem, (this issue), and Opitz and Shavlik (this issue).
Hashem(this issue) details the harmful e ects that collinearity or linear
dependence among the members of an ensemble may have on the estimation
of the optimal weights for combining. He discusses the idea of selecting nets
for combining, and presents an approach whereby the selection of candidate nets for combining via weighted averaging is guided by diagnostics of
collinearity between potential members. His experimental results demonstrate improved ensemble results as a result of such selection. Better results
are obtained than were produced by two alternative methods; selecting the
best network, and taking the simple average of all the candidates without
selection.
Opitz and Shavlik (this issue) present an algorithm that uses genetic
algorithms to actively search for ensemble members which generalise well,
but which disagree as much as possible. The standard genetic operators,
crossover and mutation, are used to create new individuals from an initial
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set. The most t members (in terms of generalisation and disagreement, or
diversity) then form the next generation, and the process is repeated until
'a stopping criterion is reached'. Once found, the ensemble members are
combined using weighted averaging. Opitz and Shavlik report experiments
on four real-world domains which indicate that their method can, under
some circumstances, outperform some existing ensemble approaches (choosing the best network, and bagging (Breiman, 1996b)). The algorithm can
incorporate prior knowledge in order to create a more accurate ensemble.
The selection of nets for e ective combination usually relies on the generation of a pool of nets through the application of one of the methods for
creating ensemble members (see Section 2.1). Some papers in this issue
focus on the presentation of new methods for creating candidate members
for ensembles (eg Raviv and Intrator, this issue; Rosen, this issue). Others
have chosen to conduct an empirical comparison of the relative e ectiveness
of di erent methods for creating candidate ensemble members, (Tumer and
Ghosh, this issue; Parmanto, Munro and Doyle, this issue) or of the relative e ectiveness of di erent combining methods (Zhilkin and Somorjai, this
issue).
Raviv and Intrator (this issue) present a method for the creation of ensemble members that involves a combination of bootstrap sampling of data,
the addition of variable amounts of noise to the inputs, and weight decay. A
number of di erent noise levels are assessed with reference to the ensemble
performance. The ensemble members are then combined by means of a
simple average. Raviv and Intrator apply their method of noisy bootstrap
+ weight decay to (a) the two-spiral problem, a highly non-linear noise free
dataset; and (b) a highly linear data set, the Cleveland Heart Data. The
improved ensemble performance is discussed with reference to the role of
variance in ensemble performance.
Rosen (this issue) takes a di erent but related approach to the above in
that he is concerned with reducing the error correlation between ensemble
members. He presents a decorrelation network training method in which the
members of an ensemble are trained not only to produce a desired output
but also to have their errors be linearly decorrelated with other networks.
This is accomplished through the addition of a correlation penalty term,
such that nets attempt both to minimize the error between the target and
output, and to decorrelate their errors with those from previously trained
networks. A comparison between decorrelation ensemble networks (trained
to be decorrelated), and regular ensemble networks on three tasks, indicates
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that performance was improved when decorrelation network training was
used. Rosen suggests the method is particularly applicable when the data
is too limited to permit the creation of disjoint subsets.
Tumer and Ghosh (this issue) argue that the extent to which an ensemble
results in improved performance, is more a factor of the members contained
in an ensemble, than of the combining method used. The need to reduce
the correlation among the members of an ensemble can be quanti ed in
Bayesian terms (Tumer and Ghosh, 1995, Tumer and Ghosh, 1996). In this
paper, Tumer and Ghosh present an empirical comparison of four methods
for reducing correlations, (cross-validation, pruning the inputs, resampling,
and data partitioning according to spatial similarity) all of which involve
varying the data set. The reduction of correlation between ensemble members improved the performance of an ensemble, but its e ectiveness was
mitigated by the consequent reduction in the size of the training set. The
authors conclude that it is important to reduce the correlations without
increasing the error rates (i.e. to nd methods for reducing the variance,
without increasing the bias).
Parmanto, Munro and Doyle (this issue) examine the e ect of a variety
of ensemble creation methods (varying initial conditions, cross validation
and bootstrap) in terms of the resulting decomposition of the error into
variance and bias. Extensive simulation results are presented showing the
e ect of applying the di erent ensemble creation methods to data sets with
di erent levels of noise, and to medical diagnosis sets. Better ensemble
results are obtained when resampling techniques are used to vary the training data, than when ensemble members are created by varying the initial
conditions. Ensemble methods provide an e ective means of reducing the
variance, and therefore of overcoming the problem of over tting to the training data. Improvement due to ensemble averaging is greatest when the data
is noisy and the training set is small. However, like Tumer and Ghosh (this
issue), Parmanto et al. note that smaller training sets can result in decreased
performance where the bias component of the error is high.
Zhilkin and Somorjai (this issue) report an empirical comparison of the
e ectiveness of di erent methods of combining classi ers of Magnetic Resonance spectra - evaluating their relative ability to improve classi cation
performance beyond that achieved by a single classi er. They provide a
brief review of combining methods, and go on to consider logistic regression, linear combination, entropy and con dence factor approaches, a fuzzy
integral approach, and a stacked generalisation scheme. These methods are
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applied to both arti cial and real MR spectra data. The authors conclude
that the e ectiveness of di erent aggregation methods depends on both the
data, and on the preprocessing techniques used.
Wolpert (Wolpert, 1992) has described the available guidance on the
choice of methods for generating ensemble members (or level 0 generalizers
in his terms), as a 'black art'. However, it would seem that a consensus is
beginning to emerge from these papers, and others in the eld. The most
obvious point is that ensemble methods can provide an e ective means of
improving performance. This performance improvement is usually the result of a reduction in variance, rather than bias, since the e ect of ensemble
averaging is to reduce the variance of a set of nets.2 Therefore, an e ective
approach is to create and/or select a set of nets that exhibits high variance,
but low bias, since the variance component can be removed by combining.
There is also some agreement about which external parameters can be manipulated e ectively in order to accomplish this; namely those which involve
altering the data.
Varying the data on which a set of nets are trained is more likely, it appears, to result in a set of nets that can be combined e ectively than varying
for instance the set of initial conditions from which they are trained, or their
topology. The conclusion about the relative ine ectiveness of varying the
initial conditions is supported by the results of Parmanto, Munro and Doyle
(this issue), and those of Sharkey, Neary and Sharkey (1995). Although the
point has been made that backpropagation is sensitive to initial conditions
(Kolen and Pollack 1990) the available evidence suggests that although variations in initial conditions may a ect the speed of convergence, or whether
or not a net converges, the resulting di erences in generalisation are likely
to be slight. It seems that unless the neural net being trained is low in
complexity, often only one function that is compatible with a set of data is
found. Therefore, regardless of the initial set of weights, the algorithm, or
the topology of the nets, a net that has learned a particular set of data is
likely to show the same pattern of generalisation. Of course, it is dicult to
argue conclusively against the possiblity that altering the initial conditions
of a net could result in signi cant changes in the pattern of generalisation,
but the evidence suggests varying the initial conditions is likely to be less
e ective than training nets on di erent data sets.
Although some forms of stacking, i.e. the use of a level 1 generaliser, may reduce bias,
(eg Kim and Bartlett, 1995).
2
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Methods which involve varying the data include methods of sampling (eg
bootstrap, or cross-validation); and the use of di erent methods of preprocessing, or distortion of the inputs (Raviv and Intrator, for instance inject
noise, whilst Tumer and Ghosh prune the inputs in di erent ways). However,
any of these methods are best combined with an approach which emphasises the testing and selection of ensemble members, for it cannot be assumed
that adopting a particular approach ensures that error independence will be
achieved. We shall expand upon this point with respect to the notion of
training set representativeness, and argue that it cannot be assumed even
that using disjoint training sets will lead to a set of nets that show a low
number of coincident errors.
Our argument here is that disjoint training sets will not necessarily result
in low error correlations. This point can be explained with reference to
the concept of training set representativeness (see Denker et al. 1987 and
Sharkey and Sharkey, 1995b for further discussion of the notion of training
set representativeness). A representative training set is one which leads to
a function being inferred which is similar to that which generated the test
set. A representative training set will therefore lead to good generalisation.
The problem is however, that two representative training sets, even if the
data that de ned them did not overlap at all, could still lead to very similar
functions being inferred, with the result that their pattern of errors on the
test set will be very similar. For instance, think of a simple classi cation
determined by a boundary (i.e. a square wave boundary) where the output
is 1 on one side of the boundary, and 0 on the other. There is a very large, or
unbounded number of di erent combinations of data points which could be
chosen as boundary conditions, but which would yield the same, or nearly
the same pattern of generalisation. In the same way, the data points which
make up a training set should not overlap with those in a test set, but it is
to be hoped that they result in almost the same function being inferred.
On the other hand, if a candidate set of nets were trained using unrepresentative training sets, the resulting generalisation performance would be
poor. The nets might each infer quite di erent functions, and show di erent patterns of generalisation to the test set, but as the amount of errors
increases so does the probability that the errors that they make on the test
set will overlap. There is therefore a delicate balance between training set
representativeness and error correlation. What is needed is several training sets, all of which are representative and lead to good generalisation,
but which exhibit a minimum number of coincident failures. The extent
to which they exhibit coincident failures (or the determination of the type
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of diversity they exemplify) can only be determined through a process of
testing the performance of selected ensembles.
There is an alternative to the ensemble approach we have been discussing, where the members of an ensemble are all trained as general function
approximators, and that is to decompose a task into a number of subtasks.
This is likely to remove the problem of correlated errors, for it results in
modules that know more about certain aspects of the data. However, now it
makes more sense to look at the generalisation performance of the combined
system than to look at the generalisation performance of the component
experts on the entire range of the data.3

3 Modular approaches
In terms of combining nets, the topic of modularity could be considered to
be wider than that of ensembles, since the notion of what is a module can
be given a very broad interpretation. For instance, hybrid systems where
di erent architectures are joined together to accomplish disparate tasks can
also be considered examples of a modular approach. As discussed in the introduction, a narrow de nition of modularity could restrict it to instances in
which a task is decomposed into subtasks, whilst a wider de nition could be
extended to modules were considered to be autonomous or informationally
encapsulated (such that their internal computation was una ected by other
modules, and the only means of inter-modular communication was in terms
of their inputs and outputs). The topic of modularity is less constrained,
and consequently harder to de ne, than an ensemble-based approach, but it
is nonetheless possible to identify some of the themes and issues which characterise research on modularity in general. These themes are represented in
the companion Special Issue to the present one; Special Issue on Combining
Arti cial Neural Nets: Modular Approaches, (Connection Science, 9, 1).
First we can consider the reasons for adopting a modular approach. A
modular approach can be adopted for the purpose of improving performance: where a task could be accomplished with a monolithic net, but better
performance is achieved if it is broken down into a number of modules.
Alternatively, it might not be possible to accomplish the task in question
unless the specialist capabilities of a number of modules were exploited,
Although an examination of the generalisation performance of modular experts can
provide a vehicle for comparing and contrasting the ensemble and modular approach
(Jacobs, 1996).
3
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and therefore modularity is required in order to extend the capabilities
of a single net. Another reason for modularity that is sometimes given
is that it represents an approach which is more coherent in terms of biology/cognition/neurophysiology - there are often clear justi cations for particular subdivisions when the aim is to model aspects of brain functions.
And a nal reason for taking adopting a modular approach is that it can
lead to a simpler more coherent system, that is easier to understand and to
modify, and which results in shorter training times than training a single
net.
An important question in modular approaches is that of how the modules
are combined, or communicate in order to accomplish the task in question.
Another issue underlying the modular approach is how the task is decomposed into modules. Decomposition may be accomplished automatically,
or explicitly. Where the decomposition into modules is explicit, this usually relies on a strong understanding of the problem. The division into
subtasks is known prior to training (eg Hampshire and Waibel, 1989), and
improved learning and performance can result (eg Waibel et al., 1989). An
alternative approach is one in which automatic decomposition of the task
is undertaken, characterised by the blind application of a data partitioning technique. Automatic decomposition is more likely to be carried out
with a view to improving performance, whilst explicit decomposition might
either have the aim of improving performance, or that of accomplishing tasks
which either could not be accomplished using a monolithic net, or could not
be accomplished either as easily, or as naturally.
Automatic decomposition of a task for the purposes of improved performance is an approach which is closely related to the ensemble-based one we
have already considered. Under the divide and conquer approach of Jacobs
and Jordan (Jacobs et al., 1991; Jordan and Jacobs, 1994; Peng, Jacobs and
Tanner, 1995) complex problems are automatically decomposed into a set of
simpler problems. Mixtures-of-experts (Jacobs et al., 1991) and Hierarchical mixtures-of-experts (Jordan and Jacobs, 1994) partition the data into
regions and t simple surfaces to the data that fall in each region. Expert
nets learn to specialize onto subtasks and to cooperate by means of a gating
net. The regions have 'soft' boundaries, which means that data points may
lie simultaneously in multiple regions. The mixtures-of-experts model consists of a number of expert networks, combined by means of a gating network
which identi es the expert, or blend of experts, most likely to approximate
the desired response. The hierarchical extension of the mixtures-of-experts
model is a tree-structured model which recursively divides each region into
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sub-regions. Such decomposition ensures that the errors made by the expert
nets will not be correlated, for they each deal with di erent data points.
There are similarities between the mixtures-of-experts approach, and an
ensemble-based one; the underlying aim of both is the improvement of performance, and both can involve linear combinations of their components.
However, the approaches are distinct, in that the mixture-of-experts approach assumes that each data point is assigned to only one expert (mutual
exclusivity) whereas ensemble combination makes no such assumption, and
each data point is likely to be dealt with by all the component nets in an
ensemble. In electronic discussions, Jordan has suggested that mixtures of
experts are best thought of as another kind of statistical model, such as
hidden Markov models. Thus, one of the members of an ensemble could be
a mixtures-of-experts approach to a particular task, whilst other members
were trained on the task using other techniques.
The mixtures-of-experts approach is signi cant in the eld, (and one of
the correlation-reduction methods used by Tumer and Ghosh, this issue,
is based on it) but there are other important modular approaches. The
modular approaches represented in the companion Special Issue, Combining Arti cial Neural Nets: Modular Approaches (Connection Science, 9, 1)
include examples both of tasks that have been decomposed (either automatically, or explicitly) in order achieve improved performance, and of problems
which require a modular approach and could not have been solved achieved
through the use of a unitary net.

4 Conclusions
In this paper some of the main ways in which arti cial neural nets may be
combined in order to improve their performance have been examined, and
the papers contained in this issue have been outlined. One of the advantages that can be gleaned from a Special Issue that contains several papers
on one topic is that of consolidation, if similar results and conclusions are
drawn in a variety of papers. An example of a recurrent theme in this issue
is that of the role of error correlation in determining the e ectiveness of a
combination of nets, although this theme is approached di erently in the
various papers. As discussed at the end of the section on ensemble-based
approaches, a consensus is emerging about the methods by which an e ective ensemble can be created. It seems accepted that nets to be combined
should share a minimum number of coincident errors; something that can
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be achieved in di erent ways in either the mixtures-of-experts, and other
modular approaches, or in an ensemble-based approach.
Another advantage which can accrue to a Special Issue is that it should
promote a cross-fertilisation of ideas. First, those not in the area can speedily
become aware of the main issues and concerns in the area through reading
papers which represent some of the dominant concerns in the area. And
second, researchers in the area can become aware of closely related approaches which it might be possible to modify and incorporate in their own
work. A potential cross-link apparent to the present author for example is
the idea of using types of diversity (Sharkey and Sharkey 1995a) in combination with methods for selecting and creating ensemble members. The goal
of selecting nets for combination in an ensemble which showed no coincident
errors on a validation set (Type 1 Diversity) could be used as a stopping
criterion, such that candidate ensemble members would continue to be generated using a creation method (eg noisy bootstrap, Raviv and Intrator this
issue), until it was possible to assemble a committee of nets which did not
exhibit any coincident errors on a test set. There are of course many other
potential crosslinks. It would for instance be interesting to know how a
combination of some of the approaches presented here would fare; for example, if the selection of nets using diagnostics of collinearity (Hashem, this
issue) were combined with methods for generating nets which disagree. Or if
one of the members of an ensemble were created using a mixture of experts
approach whilst others used other methods such as standard multi-layer
perceptron training.
In addition to the consolidation and cross-fertilisation that might be
engendered by a family of related research papers, it is also tempting to
speculate where the eld might move next. As always, there are unresolved
questions which require further work. An example is that of the relationship
between the modular automatic decomposition approach (e.g. mixtures-ofexperts) and the ensemble-based approach. As Jordan and Jacobs (1995)
point out, we still need 'to characterize those classes of problems for which
the di erent approaches are most appropriate.' It also seems clear that an
important future direction for research on combining nets must be to begin
to move these approaches out into the world of real applications. Reliability
and accuracy of neural net performance is particularly important in the
domain of real applications, and it would make sense to see the standard
adoption of techniques for improving performance by combining solutions.
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