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Abstract. Artificial neural networks are a very well known biologically-
inspired machine learning technique. This technique has been widely ap-
plied in many domains, such as real-time signal filtering, modelling and
synthesis, process control and classification (e.g. of images, diseases or
star spectra). Other examples of use of neural networks include gen-
eration of rules for expert systems and knowledge discovery. However,
effective analysis of multidimensional data sets still causes particular
difficulties. It has been shown that processing too many data features is
costly and has adverse effects on the classification properties of result-
ing models. Thus, while development of techniques for selecting features
from very large data sets is not trivial, it is nonetheless very impor-
tant. It can be observed that analogous problems are effectively solved
by human low-level distributed selective attention mechanisms. For this
reason, building a general (e.g. neural) model of such functionality would
provide great benefits for the machine learning domain. This work ad-
dresses selective attention functionality found in the recently developed
Sigma-if neural network. Experiments show how this selective attention
model can reduce data acquisition and processing costs as well as the
probability of classification errors.

1 Introduction

Artificial neural networks are one of the most valuable biologically-inspired ma-
chine learning techniques. They play a significant role in many data processing
applications - from real-time signal filtering, modelling and synthesis, through
process control to classification (e.g. of images, diseases or star spectra). Other
important examples of neural network use include generation of rules for expert
systems and knowledge discovery in data [1-4]. Typical examples of artificial
neural networks are multilayer perceptrons (MLP), radial basis function net-
works (RBF) and asynchronous spiking neural networks. A wider description of
artificial neural network types can be found in many recent surveys [5-8].

In turn, biological inspirations of artificial neural networks suggest that such
systems can effectively realise feature selection tasks easily observed in humans
and other primates [9,10]. Artificial models of this phenomenon could reduce
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problems with proper data selection and integration still observed in most ma-
chine learning systems. This could be of great benefit to all domains in which
effective analysis of multidimensional data sets is crucial [11-13]. The most im-
portant question in this field is what basic neural mechanisms implement the
functionality called selective attention [14-16].

Despite the great variety of known neural network models, very few realize
any aspect of selective attention functionality [15, 17, 18]. This is probably due to
the fact that such models do not copy some important processes which evidently
take place during input signal aggregation in real neurons [17,19-25]. In this
context it is very interesting that selective attention functionality, which seems
to effectively mimic low-level attentional processes observed in humans, was
found in the recently developed simple generalization of the well-known MLP
network called Sigma-if [4, 26].

The remainder of this paper is organized as follows. Section 2 presents the
concept and basic properties of selective attention systems as well as main re-
sults of to-date research in the field of selective attention modelling. Section 3
describes the Sigma-if neural network model, which realizes selective attention
functionality. Section 4 illustrates how selective attention manifests itself in prop-
erties of the Sigma-if neural network on the example of selected UCI Machine
Learning benchmark data sets. Finally, conclusions are presented in Section 5.

2 Previous work

In nature, selective attention is a mechanism which provides living organisms
with the possibility to sift incoming data, to extract information which is most
important at a given moment and which should be processed in detail [14, 27].
This mechanism is necessary due to limited processing capabilities of the nervous
system which does not allow rapid analysis of the whole scene of visual and other
senses [17,20]. Selective attention can be viewed as a strategy of dynamical input
space selection for gaining predefined goals by an organism interacting with a
very complicated environment.

Potential benefits from adopting the selective attention mechanisms in do-
mains such as data analysis and feature selection have led many researchers to
search for appropriate models of this feature of the human brain [9, 10, 15, 16,
20, 28, 29]. The first widely known result was Broadbent’s bottleneck model [30],
but even after improvements by Treisman [31] it was found to be too inaccurate.
Another important development was the late selection model by Deutsch and
Norman [32] and its two-step version by Snyder and Posner [33]. These models
were founded on strong evidence, through research of Lewis [34], Corteen [35],
Neely [36] and Pynte [37]. Although late selection models were computationally
very costly, they showed that fast, low-level automatic data selection is crucial
for achieving effectiveness of slow contextual data analysis realized by higher
organizational levels of neural structures [38-41]. On this basis, the most impor-
tant achievement of neuropsychological studies arose - namely, the development
of earlier works by Noton and Stark on saccadic eye movements [42—44]. Element
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of automatic, cyclic attentional field selection, according to learned scan paths,
turned out to be common in almost all input channels of a human brain [45, 46].

Many models of scan path selection strategies were subsequently proposed -
this included hierarchical neural routing and shifting circuits [10, 16,47] as well
as oscillating and adaptive neural networks [29, 48, 49]. They made it possible to
build specialised tools, e.g. for face recognition, object tracking or indicating in-
teresting objects for observation by space probes [50-53]. However, none of these
solutions yielded a general model of low-level selective attention. In fact, most of
them were very complicated and realised only centralised or predefined (i.e. not
learned or evolved) feature selection strategies [15,17,18]. The degree of their
specialisation and neurobiologically unfounded solutions induced researchers to
look for basic selective attention mechanisms on the level of single synapses and
neurons [54-57].

Neuropsychological and neurobiological studies of selective attention phe-
nomena have led researchers to the conclusion that low-level selective attention
functionality is realized in a distributed manner by serial processes that are car-
ried out by one to three layers of neurons [19, 17, 20]. Simultaneously, selective
attention at higher levels of brain structure organization seems to emerge as an
effect of synergy between elementary structures at lower levels (e.g. neurons or
groups of neurons). Unfortunately, the exact mechanisms that lie at the base of
selective attention are still unknown.

This is why networks that use higher-order neuron models, such as Sigma-Pi
[58-60], Power Unit [61] or Clusteron [62], realize only a very limited set of
attentional mechanisms. Thus it can be very interesting that selective attention
functionality which seems to effectively mimic low-level attentional processes
observed in humans, was found in a recently-developed simple generalization of
the well-known MLP network called Sigma-if [4, 26, 63].

3 The Sigma-if neural network

The proposed Sigma-if neural network is a type of fully connected, synchronous
multilayer perceptron neural network (MLP) which possess selective attention
abilities [26,63]. Such a neural network does not use separate centralized at-
tention guidance modules. Its ability to realize selective attention functional-
ity emerges as an effect of synergy between its hidden, Sigma-if neurons. Each
Sigma-if neuron is a special direct generalization of a sigmoidal perceptron which
implements basic selective attention functionality via input connections group-
ing and stepwise conditional input signal accumulation. This is due to the new
neuron’s aggregation function [5, 26].

3.1 The Sigma-if neuron

The Sigma-if neuron, in contrast to a typical perceptron, aggregates input signals
for the given data vector not in one but in a series of given K steps according to
the corresponding state graph. Its input connections are divided into K discrete



228 Maciej Huk

subsets during the training process. Subsequently, when the neuron’s aggregation
function value is computed, in every k-th step of this process, the subset of input
signals X, is taken from the environment and processed to determine the current
value of the partial activation level j of the neuron. The process continues until
the value of p exceeds a given aggregation threshold ¢*. When that condition is
met, signals which were not analyzed are ignored, and ¢y, is considered the input
value for the neuron’s activation function F. As a result, signal level information
coding and even the use of a non-local activation function (e.g. sigmoid) do not
degrade the neuron’s selective attention abilities. A sample scheme of a state
graph for a Sigma-if neuron is presented in Fig. 1.
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Fig. 1. Sample process of a three-step input signal aggregation in the Sigma-if neuron

Formally speaking, M dendrites of the Sigma-if neuron are divided into K
distinct groups, by complementing each i-th input connection with an addi-
tional integer parameter 6; €{0,1,..,K—1}, determining membership in one of
the groups. This allows us to divide the process of signal accumulation into K
steps, where K is a function of the neuron’s grouping vector 07 =[01, 0y, ..., Oar]:

K (6) = max(6;). (1)

During each step £ (from 0 to K-1), the neuron accumulates data belonging to
one selected group, such that

0, = k. (2)

Within each k-th group, partial activation Ap(k) is determined as a weighted
sum of input signals and the appropriate Kronecker’s delta:

M
App(w,x,0) = > wwid(k, 0;), (3)
1=1
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where w; and x; are coefficients of the neuron’s weight vector w and an input
vector z. This process is repeated until the activation derived from respective
groups exceeds a preselected aggregation threshold ¢*. It can be described by
the following recursive formula (vectors w, x and 6 are omitted for clarity):

_JApLH(¢* = pr—1)+ pr—1:k>0
i _{ 0 1 k<0 (4)

where H is Heaviside’s function. This sum is then treated as the neuronal ac-
tivation value. The input from remaining (heretofore unconsidered) groups is
neglected. Thus, the proposed form of the aggregation function A is:

A(w, z,0) = px (w,x,0). (5)

In the final stages of determining the output value Y of the neuron, function (5)
serves as a parameter of the nonlinear threshold (e.g. sigmoidal) function F':

Y(w,z,0) = F(A(w, z,0)). (6)

It is worth noting that the described model assumes that the state graph used
during signal aggregation is always a simple directed path of nonterminal nodes
corresponding with the neural activation accumulation procedure. In a general
case, the Sigma-if neuron, besides the weights vector w, includes one continuous
valued parameter for aggregation threshold ¢*, and an additional connections
grouping vector € with only one nominal valued coefficient for each neuronal
input connection.

3.2 Sigma-if network training

In comparison to MLP neural network training, searching for a globally optimal
set of Sigma-if network parameters would be very computationally challenging.
This is due to the noncontinuous character of Sigma-if neuron grouping vectors.

While there is no quick and effective method for global searching of network
weights and grouping vectors, the proposed solution assumes that at each Sigma-
if neuron, coefficients of the grouping vector # are in fact direct functions of that
weight vector. As a result, network connection weights are established by the
well known error backpropagation algorithm, but for every w training epoch,
actual grouping vectors are computed. This reflects the application of the self-
consistency idea widely used in physics.

In this work, the grouping vector computation procedure (as well as the
predefined value of the aggregation threshold ¢*) is common for all Sigma-if
neurons. It simply divides input connections into a given number of groups, ac-
cording to "the greater the connection weight, the smaller the connection group
number" principle. Such a search problem reduction leads us to very interesting
results, and to practical elimination of the additional # parameters vector. How-
ever, during further analysis of the general Sigma-if model, it is still very helpful
to use the grouping vector concept.
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4 Properties of the Sigma-if neural network

During examination of the proposed model properties, Sigma-if neural networks
were compared to MLP networks with the same architectures. All networks
were fully connected and had one hidden layer with the number of neurons for
which the MLP network gained highest test data classification accuracy. As the
sigmoidal perceptron is a special case of a Sigma-if neuron, MLP networks were
in fact simulated by Sigma-if networks with the number of inputs groups K of all
Sigma-if neurons set to one. This was consistent with the additional assumption
that K and aggregation threshold ¢* values of all hidden Sigma-if neurons in the
given network were equal. In all cases, standard input signal coding was used,
and answers of the network were computed in the winner-takes-all manner.

Beside classification accuracies for training (u) and test (vy) data, proper-
ties such as network data processing time (7), as well as hidden connections and
network input activity (hca and nia respectively) were considered. The data pro-
cessing time 7 for all trained networks was measured on the same computer (P4
2.6GHz) to check relative data processing costs for MLP and Sigma-if networks.
Regardless of the very precise time measurement procedure used (following mea-
surement of real processor core frequency, the number of processor clock cycles
was counted, starting from the end of loading data into network inputs and fin-
ishing with the end of the network output value generation), actual timings on
other hardware setups may vary considerably.

Hidden connection activity (hca) and network input activity (nia) were used
to representing the percentage ratio of the number of hidden and input connec-
tions used during data processing, compared to all of the network’s hidden and
input connections respectively. These parameters allowed us to check if hidden
Sigma-if neurons used their selective attention ability in practice. For the com-
pleteness of analysis, for each given problem and trained network, the percent
of all inputs used to classify all test vectors (niu) was calculated. This proce-
dure was important in order to determine if selective attention functionality is
also realized at the level of the whole Sigma-if network. All presented values
for all considered UCI Machine Learning Repository benchmark problems were
calculated as averaged outcomes of ten independent 10-fold cross validations.

The conducted experiments can be divided into two groups: examination of
Sigma-if network classification properties and verification of the hypotheses that
Sigma-if networks realize selective attention at the level of single neurons and of
the whole network. In both cases all of the considered properties were analyzed
in relation to the number of Sigma-if neuron inputs groups K. This was because
the K value has the highest influence on the properties of the proposed network.
Other parameters, such as the aggregation threshold ¢* and the grouping vector
actualization interval w, were set to 0.6 and 25 respectively, following preliminary
tests. It is also important to note that parameters such as hca, nia and niu are
informative only for Sigma-if networks; for MLP networks (K = 1) they are, by
default, equal to 100%.

The obtained results indicate that increasing the number of Sigma-if neuron
input groups K to more than one results in an increase of test data classification
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accuracy v as well as in simultaneous decrease of data processing time 7. The
drawback here is a decrease of training data classification accuracy u. A typical
example of such a dependency can be observed for the HeartC problem, which
is presented in Fig. 2. The observed decrease in training data classification ac-
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Fig. 2. The time of Sigma-if network output signal generation (7), the classification
accuracy of training (u) and test () data for the HeartC problem versus the number
of hidden neuron input connections groups K (networks architecture: 28 inputs, 10
hidden neurons, 5 outputs)

curacy u was most probably due to the fact that Sigma-if neurons process data
in the same way after and during training. It is harder to learn when the neu-
ron’s input space is changed every w epoch. However, and more importantly, the
obtained increase in test data classification accuracy « is a result of rejecting
redundant or noisy signals from processed data and the consequence of effective
reduction of problem dimensionality. This thesis is confirmed by the observed
simultaneous decrease in data processing time 7. Reduction of 7 can only be
caused by reduction of the network’s hidden and input connections activities.
However, regardless of the reasons, these results shows that the Sigma-if neural
network has better classification properties than MLP.

The visible increase of HeartC data processing time 7 for K above 7 inputs
groups is the effect of a linear increase of time cost, connected with the existence
of additional instructions for grouping vector # information processing. This fac-
tor can be easily seen for the number of groups K greater than the given number
of network inputs. Without it, data processing time would semi-logarithmically
decrease with rising K. This indicates the character of the changes of Sigma-if
network hidden (hca) and input connection activities (nia) as a function of K,
which can be observed in Fig. 3 (for the Sonar problem) and in Fig. 4 (for the
Votes problem).

It can be easily seen that in the case of the Sonar problem the increase in K
causes an increase of the test data classification accuracy, with a corresponding
decrease of the training data classification accuracy. These changes are accompa-
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Fig. 3. The Sigma-if network hidden connection activity (hca), the classification ac-
curacy of training (u) and test () data for the Sonar problem versus the number of
hidden neuron input connections groups K (network architecture: 60 inputs, 30 hidden
neurons, 2 outputs)

nied with a much stronger reduction of hidden connection activities. The shape of
the hca(K) function confirms earlier conclusions that the data processing time
reduction is connected with Sigma-if neurons’ selective attention abilities. All
this is clear evidence that Sigma-if neurons use selective attention, and that this
can reduce the generalization error level as well as data processing costs.

The last example concerns how Sigma-if selective attention abilities manifest
themselves on the level of the whole network. The analysis of results for the
Votes problem (Fig. 4) shows that when a significant decrease of network input
activity (nia) occurs, one can expect a simultaneous reduction in the number of
Sigma-if network inputs used to classify data (niu) without a notable decrease of
classification accuracy in comparison to the MLP network. While the Sigma-if
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Fig. 4. The Sigma-if network input activity (nia), the number of network input used
(niu), and the classification accuracy of training (u) and test () data for the Votes
problem versus the number of hidden neuron input connections groups K (network
architecture: 48 inputs, 2 hidden neurons, 2 outputs)
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network has no specialized or separate attention guiding unit, all such activi-
ties can emerge only as an effect of synergy between individual neurons. Thus,
the observed selective attention behaviour of the proposed network, treated as
a black box, is a significant indication that the Sigma-if model effectively mim-
ics low level attentional processes observed in nature. This can, in turn, make
the model an interesting tool for feature selection and other data processing
purposes.

5 Conclusion

In this paper the Sigma-if neuron model and benefits from using the Sigma-if
neural network instead of the MLP network were considered. The model’s selec-
tive attention ability for medium-size test problems manifests itself in an increase
of classification accuracy and in a simultaneous decrease of data processing costs.
Additional reduction of the number of network inputs used to classify data hints
at the possibility of further reduction of data collection costs, during as well as
after the training process.

The Sigma-if selective attention feature also introduces new possibilities in
the area of analyzing the network decision process via its input activity inter-
pretation. This can point at features of given data sets that are most important
for classification, and help identify features that are irrelevant, redundant or
contaminated by noise.

What is more important, the Sigma-if neural network seems to be a promis-
ing model of low-level human selective attention. This functionality is realized
in a distributed manner by sequential input signal accumulation, carried out
by Sigma-if neurons, and emerges as an effect of synergy among the network’s
hidden neurons.

All this makes the Sigma-if neural network a very useful tool for the data
analysis domain, despite the fact that the proposed method requires further tests
on benchmark and real-life data. New Sigma-if network training methods as well
as new selective attention neurons with aggregation functions other than those
presented in this paper will be the subject of further research.
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