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Abstract

Committee machines are ensembles of relatively simple classifiers, able to
achieve high accuracy and overcome computational problems using the
divide and conquer principle. This paper discusses the main ideas
underlying the design of committee machines. At the beginning
architectures of such structures are introduced briefly. Their interesting
properties are demonstrated using artificial dataset, called “two spiral
problem”, which is a popular benchmark for evaluating classification
algorithms. Then, recent applications of committee machines in signal
identification are presented. Finally, a real-life problem of the automatic
identification of electroretinograms, electrical signals used in ophthalmic
diagnosis, is discussed. The results suggest that the high efficiency of
committee machines, compared to the single multilayer perceptron
networks, may be significantly decreased by an important constraint, which
is the limited number of cases in dataset.

Streszczenie

Struktury noszace nazwe komitetow (ang. committee machines)  to
zgrupowania wzglednie prostych klasyfikatorow, pozwalajace na skuteczne
rozwiazywanie skomplikowanych problemow klasyfikacyjnych, dzigki
zastosowaniu zasady ,,dziel i zwycigzaj“. Niniejsza praca opisuje idee
lezace u podstaw takich konstrukeji i przedstawia ich interesujace wiasnosci
w oparciu o popularny zestaw danych testowych zwany problemem dwoch
spiral. Nastepnie przedstawione zostaja aktualne przyklady zastosowan
komitetéw w identyfikacji skomplikowanych sygnatow. W dalszej czesci
pracy opisano wyniki zastosowan komitetow w badaniach autorow nad
identyfikacja elektroretinograméw — jednowymiarowych sygnatow
elektrycznych wykorzystywanych w diagnostyce okulistycznej. Rezultaty
obliczen sugeruja, ze teoretycznie bardzo wysoka skuteczno$¢ komitetow,
w stosunku do osiaganej przy uzyciu pojedynczych sieci neuronowych,
moze zosta¢ obnizona przez ograniczona ilo§¢ danych uczacych oraz
szczegoblnie nietypowy rozktad przypadkow w przestrzeni cech.

1. Introduction

Since development of the multilayer perceptron (MLP)
architecture [1,2,5] the neural networks have been massively
applied in many fields of engineering. However there exist certain
problems, that despite their low dimensionality are difficult to solve
by the MLPs, because of the sophisticated nature of the feature
space. Additionally, every recognition task can become too difficult
if the number of training samples is too small compared to the
length of single input vector. This phenomenon is explained in [5]
using the statistical measure called Vapnik-Chevroninkis
dimension.

Nonetheless, these problems can be solved using simple
structures, if individual predictors work together according to the
divide and conquer principle. Such a group of classifiers is called
the committee machine. These structures are recently increasing in
popularity. Interesting examples of their application from past and
current year are the papers by Fernandes et. al. [3,4] and
Statmatatos and Widmer [8]. The first two works concern
automated forest fire detection by analysis of visual light spectra.
Due to the unequal distribution of categories in learning set, the
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initial algorithm resulted in unacceptable false alarm rate.
Application of the cascade of multiple classifiers enabled lowering
this ratio, without the loss of overall sensitivity. Such approach is
called boosting by filtering and is explained later in the paper. The
third paper deals with automatic identification of pianists basing on
advanced set of features describing individual properties of the
performed piece of music. It proves the usefulness of committee
machines when the feature set is very sophisticated compared to the
number of learning examples. Dividing the input feature space into
regions controlled by dedicated individual experts allowed
significant increase of correct classifications rate. Partitioning the
feature space into areas controlled by different classifiers is called
mixture of experts (MoE), and is presented in the next section as
well.

2. Architectures of committee machines

According to Haykin [8], committee machines may be
classified into two major categories. The first one contains all the
structures, which combine the responses of several predictors,
without involving the input signal into decision mechanism. The
simplest form of a committee machine is ensemble averaging.
The outputs of multiple predictors, which are usually of the same
type, are averaged (or generally - combined linearly) to produce
the final answer of the system. Such architecture is presented in
figure 1. It has been proved [5] that it performs not worse, which
in practice means usually better, than a single classifier of the
same type.
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Fig. 1. Static committee machine based on ensemble averaging

The second solution belonging to the first group of committee
machines is called boosting. The term boosting signifies improving
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the efficiency of a weak learner algorithm (which means an
algorithm which performs only slightly better than chance) to an
arbitrarily high value, by training each classifier in an ensemble
using a different subset of training examples (see fig. 2). There are
few ways of obtaining this effect, but in this paper we focus on
AdaBoost algorithm [1,2,5]. Its main advantage is that in an
ensemble of total n experts, the predictors with high index i tend to
specialize in classifying the difficult examples (misclassified by the
predictions with lower 7). Detailed description of the algorithm,
along with pseudo-code implementation, can be found in [2,10]. Tt
is worth noting that when a classifier used as an individual expert
performs better than the weak learner, the benefits of boosting
decrease.
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Fig. 2. General idea of the boosting procedure

Second category, according to Haykin’s taxonomy [5], describes
structures involving the input signal into the mechanism of
combining individual responses. Two kinds of such structures are
most commonly mentioned in the literature: mixture of experts, in
which the responses of experts are nonlinearly combined by single
gating network, and hierarchical mixture of experts, where the
individual responses are combined by several gating networks
arranged in hierarchical fashion. The simpler version is presented
in figure 3.
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Fig. 3. Sample mixture of experts - input signal is involved in the choice of
predictor

3. Sample problem — separation of two spifals

The properties of different committee machine solutions were
presented using artificial dataset called “two spiral problem” [5].
Its scatter plot has been shown in figure 4. The task consists of
two categories of examples in 2-D feature space, both having
form of a spiral and beginning in the same point. Distinction
between classes is a difficult problem due to highly nonlinear
nature of the task.
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Fig. 4. Scatter plot of the "two spiral problem" dataset in 2-D space

The computations were performed in Matlab environment,
using numerical procedures provided in [10] and own code, on a
1,8 GHz Pentium M machine. The efficiency of each classifier
was evaluated using 10-fold cross-validation test [1,2,5], in order
to prevent the dependency of the results from choice of test
subset.

Both artificial “two spiral” problem, and electroretingram signal
classification task (described further ahead) were solved using:
single neural network classifier, ensemble of classifiers (simple
voting), boosting algorithm and mixture of experts. The latter
solution was implemented in very simplified form. Usually the
gating network is trained in similar manner like the experts in the
committee. In described situation the gating network was replaced
by a simple function detecting to which quarter of the coordinate
system does a particular example belong. Thus the training and test
subsets were divided into four approximately equal parts, and used
to train four experts. Each of the experts was responsible for a
quarter of the X-Y plane (see fig. 4). Such an operation caused the
distribution of the categories in each of the four training set to be
significantly easier to learn.

The efficiency and computation time of all the committee
approaches were compared. In both cases, the basic expert was
multilayer perceptron with five hidden neurons, trained using
gradient descent algorithm with variable learning rate. Such an
architecture dos not provide satisfying classification rate. For
example, in case of two spiral problem, increasing the number of
hidden neurons results in increase of classification rate up to even
95 % (for several hundred hidden neurons). However, designing
the optimal MLP network was not the goal of the experiment. It
was rather to prove that even a relatively simple classifier can
provide high recognition accuracy, when joined into the structure of
committee machine.

The results summarized in table 1 suggest, that the same
simple classifier that provide unsatisfactory recognition rate,
after incorporation into the committee machine can seriously
increase its efficiency. The difference between single network
result and the AdaBoost algorithm with 100 iterations is very
significant. Since two proportions (recognition rate) are
compared, the difference can be quantified using the 2 test [6].
The conclusion is correct with significance level p=0,0197

(o (1) = 5,44).
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Tab. 1. Misclassification rate for different algorithms used for solving the two spiral problem

f . committee comp. | classification rate (test
network Type-of committee Fa—— parameter value tnie ] set) [%]
single network none none 17 60
29
number of i 50 gg
multilayer simple voting voters T 150 76
erceptron twork
I()Z © SP_ D (networks) 20 306 o1
trained using 10 932 86
et boostin 25 456 87
. g
descent with AdaBoost iterations 50 933 90
N 100 1857 94
learning rate
mixture of experts S
feanie space dimted iy || Tpoesaf | 4 withsimpiGel 29 83
v experts gating network

IV Electroretinogram evaluation

Authors attempted to apply committee machines in automatic
identification of electroretinograms (PERG). These waveforms are
1-D electrical signals representing electrical activity of the retina.
The signals, their role and significance, measurement procedure
and rules of evaluation have been described in detail in [7,8]. The
research was conducted in cooperation with Chair and Clinic of
Ophthalmology at the Pomeranian Medical University. Currently
various classification algorithms and signal analysis methods are
being applied and discussed.

The medical examination, called electroretinography, consists of
stimulation of the retina by a specific light stimulus and acquisition
of the response by two measurement electrodes. Analysis of the
local extrema of the time-domain plot allows diagnosing vision
disorders. However, due to significant amount of noise and
artifacts, such an analysis can be a difficult task. The procedures of
evaluation are standardized by the ISCEV (International Society for
Clinical Electrophysiology of Vision) organization.

The most important fact about the data is that an individual signal
is described using six parameters corresponding to the local
extrema. Therefore, such a signal can be viewed as a point in RS
space. Previous results [7,8] suggest, that data in such a space is
difficult to partition. This is caused by noisy character of the
analyzed plots and thus inaccurate designation of the features.
Therefore full time-domain information (256 samples / waveform)
was used.

All the waveforms were mapped into 2-D space using Principal
Components Analysis (PCA) [1,2,5,8]. The first two principal

Tab. 2. Misclassification rate for different algorithms used for PERG identification

components retained 85% of the whole dataset variance. Their
values were transformed, to ensure that the mean value of both
principal components in the dataset was equal to zero, and fall into
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Fig. 5.  Scatter plot of the PERG data mapped into 2-D space

network type of committee ;Z?;nnﬁ:: parameter value tfr?l?&] class1ﬁzzgo[rg /or ]a i fent
single network none none 2,91 83
number of 2 4,11 85
multilayer simple voting voters 5 9,21 85
perceptron (networks) 10 17,78 85
2-5-1
trained using 10 21,47 84
radient boosting 25 51501 85
defcent with AdaBoost iterations 50 107,15 82
variable 100 211,23 84
learning rate = .
s e coulfi not be performed due to insufficient number of
mixture of experts learning examples (feature space too sparse for further
SHpeTts division)
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the <-3,3> range. Such a transformation is a lossy distortion of the
PERG parameters values, but preserves the information about the
separability of the dataset (layout of the points in the scatter plot
remains unchanged). The scatter plot of the dataset, after mapping
into first two principal components space, is presented in figure 5.

It is expected, that splitting the feature among multiple classifiers
and combining them into committee machine, would alleviate the
difficult distribution of categories. The solutions obtained using
different algorithms are summarized in table 2. In each case the
5-fold cross-validation procedure was performed.

The data in table 2 signify the failure of divide and conquer
principle in case of PERG waveform. The differences are
statistically insignificant (p~0,9). On the other hand, the results
obtained by various committee machines are not worse than those
obtained by single network. That may imply, that the main reason
of the failure was insufficient number of cases in the dataset.

It can be also predicted intuitively. Methods like AdaBoost and
MOoE base on dividing the learning set into smaller parts, either by
resampling the data or by dividing the feature space into disjoint
regions. When the set is too small (data is too sparse in feature
space), its further division is pointless. It results in obtaining very
small subsets of data in relatively high dimensional space. Then,
the “curse of dimensionality” phenomenon [1 ,2,5] starts to decrease
the classification accuracy. Thus it would be advisable to repeat the
experiment when more data become available.

5. Conclusions

The solution of two linearly inseparable problems using
committee machines were presented. At the beginning both tasks
were solved by multilayer perceptron network. In each case the
network with low number of hidden neurons performed
unsatisfactorily. When the network with identical architecture was
used to form a committee, the performance of such classifier
increased significantly. However, the benefits of using the
committees in case of PERG recognition problem were reduced
significantly due to limited number of training examples. In certain
cases the results of the committee were equal to obtained using
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single network. On the other hand, the conclusions concerning two
spiral problem, suggest that this approach should be tried again as
soon as the sufficient amount of data become available.
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