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t. Arti�
ial neural networks are a very well known biologi
ally-inspired ma
hine learning te
hnique. This te
hnique has been widely ap-plied in many domains, su
h as real-time signal �ltering, modelling andsynthesis, pro
ess 
ontrol and 
lassi�
ation (e.g. of images, diseases orstar spe
tra). Other examples of use of neural networks in
lude gen-eration of rules for expert systems and knowledge dis
overy. However,e�e
tive analysis of multidimensional data sets still 
auses parti
ulardi�
ulties. It has been shown that pro
essing too many data features is
ostly and has adverse e�e
ts on the 
lassi�
ation properties of result-ing models. Thus, while development of te
hniques for sele
ting featuresfrom very large data sets is not trivial, it is nonetheless very impor-tant. It 
an be observed that analogous problems are e�e
tively solvedby human low-level distributed sele
tive attention me
hanisms. For thisreason, building a general (e.g. neural) model of su
h fun
tionality wouldprovide great bene�ts for the ma
hine learning domain. This work ad-dresses sele
tive attention fun
tionality found in the re
ently developedSigma-if neural network. Experiments show how this sele
tive attentionmodel 
an redu
e data a
quisition and pro
essing 
osts as well as theprobability of 
lassi�
ation errors.1 Introdu
tionArti�
ial neural networks are one of the most valuable biologi
ally-inspired ma-
hine learning te
hniques. They play a signi�
ant role in many data pro
essingappli
ations - from real-time signal �ltering, modelling and synthesis, throughpro
ess 
ontrol to 
lassi�
ation (e.g. of images, diseases or star spe
tra). Otherimportant examples of neural network use in
lude generation of rules for expertsystems and knowledge dis
overy in data [1�4℄. Typi
al examples of arti�
ialneural networks are multilayer per
eptrons (MLP), radial basis fun
tion net-works (RBF) and asyn
hronous spiking neural networks. A wider des
ription ofarti�
ial neural network types 
an be found in many re
ent surveys [5�8℄.In turn, biologi
al inspirations of arti�
ial neural networks suggest that su
hsystems 
an e�e
tively realise feature sele
tion tasks easily observed in humansand other primates [9, 10℄. Arti�
ial models of this phenomenon 
ould redu
e225



226 Ma
iej Hukproblems with proper data sele
tion and integration still observed in most ma-
hine learning systems. This 
ould be of great bene�t to all domains in whi
he�e
tive analysis of multidimensional data sets is 
ru
ial [11�13℄. The most im-portant question in this �eld is what basi
 neural me
hanisms implement thefun
tionality 
alled sele
tive attention [14�16℄.Despite the great variety of known neural network models, very few realizeany aspe
t of sele
tive attention fun
tionality [15, 17, 18℄. This is probably due tothe fa
t that su
h models do not 
opy some important pro
esses whi
h evidentlytake pla
e during input signal aggregation in real neurons [17, 19�25℄. In this
ontext it is very interesting that sele
tive attention fun
tionality, whi
h seemsto e�e
tively mimi
 low-level attentional pro
esses observed in humans, wasfound in the re
ently developed simple generalization of the well-known MLPnetwork 
alled Sigma-if [4, 26℄.The remainder of this paper is organized as follows. Se
tion 2 presents the
on
ept and basi
 properties of sele
tive attention systems as well as main re-sults of to-date resear
h in the �eld of sele
tive attention modelling. Se
tion 3des
ribes the Sigma-if neural network model, whi
h realizes sele
tive attentionfun
tionality. Se
tion 4 illustrates how sele
tive attention manifests itself in prop-erties of the Sigma-if neural network on the example of sele
ted UCI Ma
hineLearning ben
hmark data sets. Finally, 
on
lusions are presented in Se
tion 5.2 Previous workIn nature, sele
tive attention is a me
hanism whi
h provides living organismswith the possibility to sift in
oming data, to extra
t information whi
h is mostimportant at a given moment and whi
h should be pro
essed in detail [14, 27℄.This me
hanism is ne
essary due to limited pro
essing 
apabilities of the nervoussystem whi
h does not allow rapid analysis of the whole s
ene of visual and othersenses [17, 20℄. Sele
tive attention 
an be viewed as a strategy of dynami
al inputspa
e sele
tion for gaining prede�ned goals by an organism intera
ting with avery 
ompli
ated environment.Potential bene�ts from adopting the sele
tive attention me
hanisms in do-mains su
h as data analysis and feature sele
tion have led many resear
hers tosear
h for appropriate models of this feature of the human brain [9, 10, 15, 16,20, 28, 29℄. The �rst widely known result was Broadbent's bottlene
k model [30℄,but even after improvements by Treisman [31℄ it was found to be too ina

urate.Another important development was the late sele
tion model by Deuts
h andNorman [32℄ and its two-step version by Snyder and Posner [33℄. These modelswere founded on strong eviden
e, through resear
h of Lewis [34℄, Corteen [35℄,Neely [36℄ and Pynte [37℄. Although late sele
tion models were 
omputationallyvery 
ostly, they showed that fast, low-level automati
 data sele
tion is 
ru
ialfor a
hieving e�e
tiveness of slow 
ontextual data analysis realized by higherorganizational levels of neural stru
tures [38�41℄. On this basis, the most impor-tant a
hievement of neuropsy
hologi
al studies arose - namely, the developmentof earlier works by Noton and Stark on sa

adi
 eye movements [42�44℄. Element
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, 
y
li
 attentional �eld sele
tion, a

ording to learned s
an paths,turned out to be 
ommon in almost all input 
hannels of a human brain [45, 46℄.Many models of s
an path sele
tion strategies were subsequently proposed -this in
luded hierar
hi
al neural routing and shifting 
ir
uits [10, 16, 47℄ as wellas os
illating and adaptive neural networks [29, 48, 49℄. They made it possible tobuild spe
ialised tools, e.g. for fa
e re
ognition, obje
t tra
king or indi
ating in-teresting obje
ts for observation by spa
e probes [50�53℄. However, none of thesesolutions yielded a general model of low-level sele
tive attention. In fa
t, most ofthem were very 
ompli
ated and realised only 
entralised or prede�ned (i.e. notlearned or evolved) feature sele
tion strategies [15, 17, 18℄. The degree of theirspe
ialisation and neurobiologi
ally unfounded solutions indu
ed resear
hers tolook for basi
 sele
tive attention me
hanisms on the level of single synapses andneurons [54�57℄.Neuropsy
hologi
al and neurobiologi
al studies of sele
tive attention phe-nomena have led resear
hers to the 
on
lusion that low-level sele
tive attentionfun
tionality is realized in a distributed manner by serial pro
esses that are 
ar-ried out by one to three layers of neurons [19, 17, 20℄. Simultaneously, sele
tiveattention at higher levels of brain stru
ture organization seems to emerge as ane�e
t of synergy between elementary stru
tures at lower levels (e.g. neurons orgroups of neurons). Unfortunately, the exa
t me
hanisms that lie at the base ofsele
tive attention are still unknown.This is why networks that use higher-order neuron models, su
h as Sigma-Pi[58�60℄, Power Unit [61℄ or Clusteron [62℄, realize only a very limited set ofattentional me
hanisms. Thus it 
an be very interesting that sele
tive attentionfun
tionality whi
h seems to e�e
tively mimi
 low-level attentional pro
essesobserved in humans, was found in a re
ently-developed simple generalization ofthe well-known MLP network 
alled Sigma-if [4, 26, 63℄.3 The Sigma-if neural networkThe proposed Sigma-if neural network is a type of fully 
onne
ted, syn
hronousmultilayer per
eptron neural network (MLP) whi
h possess sele
tive attentionabilities [26, 63℄. Su
h a neural network does not use separate 
entralized at-tention guidan
e modules. Its ability to realize sele
tive attention fun
tional-ity emerges as an e�e
t of synergy between its hidden, Sigma-if neurons. Ea
hSigma-if neuron is a spe
ial dire
t generalization of a sigmoidal per
eptron whi
himplements basi
 sele
tive attention fun
tionality via input 
onne
tions group-ing and stepwise 
onditional input signal a

umulation. This is due to the newneuron's aggregation fun
tion [5, 26℄.3.1 The Sigma-if neuronThe Sigma-if neuron, in 
ontrast to a typi
al per
eptron, aggregates input signalsfor the given data ve
tor not in one but in a series of given K steps a

ording tothe 
orresponding state graph. Its input 
onne
tions are divided into K dis
rete
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ess. Subsequently, when the neuron's aggregationfun
tion value is 
omputed, in every k -th step of this pro
ess, the subset of inputsignals Xk is taken from the environment and pro
essed to determine the 
urrentvalue of the partial a
tivation level ϕk of the neuron. The pro
ess 
ontinues untilthe value of ϕk ex
eeds a given aggregation threshold ϕ∗. When that 
ondition ismet, signals whi
h were not analyzed are ignored, and ϕk is 
onsidered the inputvalue for the neuron's a
tivation fun
tion F. As a result, signal level information
oding and even the use of a non-lo
al a
tivation fun
tion (e.g. sigmoid) do notdegrade the neuron's sele
tive attention abilities. A sample s
heme of a stategraph for a Sigma-if neuron is presented in Fig. 1.

Fig. 1. Sample pro
ess of a three-step input signal aggregation in the Sigma-if neuronFormally speaking, M dendrites of the Sigma-if neuron are divided into Kdistin
t groups, by 
omplementing ea
h i-th input 
onne
tion with an addi-tional integer parameter θi ∈{0,1,..,K−1}, determining membership in one ofthe groups. This allows us to divide the pro
ess of signal a

umulation into Ksteps, where K is a fun
tion of the neuron's grouping ve
tor θT=[θ1, θ2, ..., θM ℄:
K(θ) =

M

max
i=1

(θi). (1)During ea
h step k (from 0 to K -1), the neuron a

umulates data belonging toone sele
ted group, su
h that
θi = k. (2)Within ea
h k -th group, partial a
tivation ∆ϕ(k) is determined as a weightedsum of input signals and the appropriate Krone
ker's delta:

∆ϕk(w, x, θ) =

M
∑

i=1

wixiδ(k, θi), (3)
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oe�
ients of the neuron's weight ve
tor w and an inputve
tor x. This pro
ess is repeated until the a
tivation derived from respe
tivegroups ex
eeds a presele
ted aggregation threshold ϕ∗. It 
an be des
ribed bythe following re
ursive formula (ve
tors w, x and θ are omitted for 
larity):
ϕk =

{

∆ϕkH(ϕ∗−ϕk−1)+ϕk−1:k≥0
0 :k<0

(4)where H is Heaviside's fun
tion. This sum is then treated as the neuronal a
-tivation value. The input from remaining (heretofore un
onsidered) groups isnegle
ted. Thus, the proposed form of the aggregation fun
tion A is:
A(w, x, θ) = ϕK(w, x, θ). (5)In the �nal stages of determining the output value Y of the neuron, fun
tion (5)serves as a parameter of the nonlinear threshold (e.g. sigmoidal) fun
tion F :

Y (w, x, θ) = F (A(w, x, θ)). (6)It is worth noting that the des
ribed model assumes that the state graph usedduring signal aggregation is always a simple dire
ted path of nonterminal nodes
orresponding with the neural a
tivation a

umulation pro
edure. In a general
ase, the Sigma-if neuron, besides the weights ve
tor w, in
ludes one 
ontinuousvalued parameter for aggregation threshold ϕ∗, and an additional 
onne
tionsgrouping ve
tor θ with only one nominal valued 
oe�
ient for ea
h neuronalinput 
onne
tion.3.2 Sigma-if network trainingIn 
omparison to MLP neural network training, sear
hing for a globally optimalset of Sigma-if network parameters would be very 
omputationally 
hallenging.This is due to the non
ontinuous 
hara
ter of Sigma-if neuron grouping ve
tors.While there is no qui
k and e�e
tive method for global sear
hing of networkweights and grouping ve
tors, the proposed solution assumes that at ea
h Sigma-if neuron, 
oe�
ients of the grouping ve
tor θ are in fa
t dire
t fun
tions of thatweight ve
tor. As a result, network 
onne
tion weights are established by thewell known error ba
kpropagation algorithm, but for every ω training epo
h,a
tual grouping ve
tors are 
omputed. This re�e
ts the appli
ation of the self-
onsisten
y idea widely used in physi
s.In this work, the grouping ve
tor 
omputation pro
edure (as well as theprede�ned value of the aggregation threshold ϕ∗) is 
ommon for all Sigma-ifneurons. It simply divides input 
onne
tions into a given number of groups, a
-
ording to "the greater the 
onne
tion weight, the smaller the 
onne
tion groupnumber" prin
iple. Su
h a sear
h problem redu
tion leads us to very interestingresults, and to pra
ti
al elimination of the additional θ parameters ve
tor. How-ever, during further analysis of the general Sigma-if model, it is still very helpfulto use the grouping ve
tor 
on
ept.
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iej Huk4 Properties of the Sigma-if neural networkDuring examination of the proposed model properties, Sigma-if neural networkswere 
ompared to MLP networks with the same ar
hite
tures. All networkswere fully 
onne
ted and had one hidden layer with the number of neurons forwhi
h the MLP network gained highest test data 
lassi�
ation a

ura
y. As thesigmoidal per
eptron is a spe
ial 
ase of a Sigma-if neuron, MLP networks werein fa
t simulated by Sigma-if networks with the number of inputs groups K of allSigma-if neurons set to one. This was 
onsistent with the additional assumptionthat K and aggregation threshold ϕ∗ values of all hidden Sigma-if neurons in thegiven network were equal. In all 
ases, standard input signal 
oding was used,and answers of the network were 
omputed in the winner-takes-all manner.Beside 
lassi�
ation a

ura
ies for training (u) and test (γ) data, proper-ties su
h as network data pro
essing time (τ), as well as hidden 
onne
tions andnetwork input a
tivity (h
a and nia respe
tively) were 
onsidered. The data pro-
essing time τ for all trained networks was measured on the same 
omputer (P42.6GHz) to 
he
k relative data pro
essing 
osts for MLP and Sigma-if networks.Regardless of the very pre
ise time measurement pro
edure used (following mea-surement of real pro
essor 
ore frequen
y, the number of pro
essor 
lo
k 
y
leswas 
ounted, starting from the end of loading data into network inputs and �n-ishing with the end of the network output value generation), a
tual timings onother hardware setups may vary 
onsiderably.Hidden 
onne
tion a
tivity (h
a) and network input a
tivity (nia) were usedto representing the per
entage ratio of the number of hidden and input 
onne
-tions used during data pro
essing, 
ompared to all of the network's hidden andinput 
onne
tions respe
tively. These parameters allowed us to 
he
k if hiddenSigma-if neurons used their sele
tive attention ability in pra
ti
e. For the 
om-pleteness of analysis, for ea
h given problem and trained network, the per
entof all inputs used to 
lassify all test ve
tors (niu) was 
al
ulated. This pro
e-dure was important in order to determine if sele
tive attention fun
tionality isalso realized at the level of the whole Sigma-if network. All presented valuesfor all 
onsidered UCI Ma
hine Learning Repository ben
hmark problems were
al
ulated as averaged out
omes of ten independent 10-fold 
ross validations.The 
ondu
ted experiments 
an be divided into two groups: examination ofSigma-if network 
lassi�
ation properties and veri�
ation of the hypotheses thatSigma-if networks realize sele
tive attention at the level of single neurons and ofthe whole network. In both 
ases all of the 
onsidered properties were analyzedin relation to the number of Sigma-if neuron inputs groups K. This was be
ausethe K value has the highest in�uen
e on the properties of the proposed network.Other parameters, su
h as the aggregation threshold ϕ∗ and the grouping ve
tora
tualization interval ω, were set to 0.6 and 25 respe
tively, following preliminarytests. It is also important to note that parameters su
h as h
a, nia and niu areinformative only for Sigma-if networks; for MLP networks (K = 1) they are, bydefault, equal to 100%.The obtained results indi
ate that in
reasing the number of Sigma-if neuroninput groups K to more than one results in an in
rease of test data 
lassi�
ation
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ura
y γ as well as in simultaneous de
rease of data pro
essing time τ . Thedrawba
k here is a de
rease of training data 
lassi�
ation a

ura
y u. A typi
alexample of su
h a dependen
y 
an be observed for the HeartC problem, whi
his presented in Fig. 2. The observed de
rease in training data 
lassi�
ation a
-

Fig. 2. The time of Sigma-if network output signal generation (τ ), the 
lassi�
ationa

ura
y of training (u) and test (γ) data for the HeartC problem versus the numberof hidden neuron input 
onne
tions groups K (networks ar
hite
ture: 28 inputs, 10hidden neurons, 5 outputs)
ura
y u was most probably due to the fa
t that Sigma-if neurons pro
ess datain the same way after and during training. It is harder to learn when the neu-ron's input spa
e is 
hanged every ω epo
h. However, and more importantly, theobtained in
rease in test data 
lassi�
ation a

ura
y γ is a result of reje
tingredundant or noisy signals from pro
essed data and the 
onsequen
e of e�e
tiveredu
tion of problem dimensionality. This thesis is 
on�rmed by the observedsimultaneous de
rease in data pro
essing time τ . Redu
tion of τ 
an only be
aused by redu
tion of the network's hidden and input 
onne
tions a
tivities.However, regardless of the reasons, these results shows that the Sigma-if neuralnetwork has better 
lassi�
ation properties than MLP.The visible in
rease of HeartC data pro
essing time τ for K above 7 inputsgroups is the e�e
t of a linear in
rease of time 
ost, 
onne
ted with the existen
eof additional instru
tions for grouping ve
tor θ information pro
essing. This fa
-tor 
an be easily seen for the number of groups K greater than the given numberof network inputs. Without it, data pro
essing time would semi-logarithmi
allyde
rease with rising K. This indi
ates the 
hara
ter of the 
hanges of Sigma-ifnetwork hidden (h
a) and input 
onne
tion a
tivities (nia) as a fun
tion of K,whi
h 
an be observed in Fig. 3 (for the Sonar problem) and in Fig. 4 (for theVotes problem).It 
an be easily seen that in the 
ase of the Sonar problem the in
rease in K
auses an in
rease of the test data 
lassi�
ation a

ura
y, with a 
orrespondingde
rease of the training data 
lassi�
ation a

ura
y. These 
hanges are a

ompa-
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Fig. 3. The Sigma-if network hidden 
onne
tion a
tivity (h
a), the 
lassi�
ation a
-
ura
y of training (u) and test (γ) data for the Sonar problem versus the number ofhidden neuron input 
onne
tions groups K (network ar
hite
ture: 60 inputs, 30 hiddenneurons, 2 outputs)nied with a mu
h stronger redu
tion of hidden 
onne
tion a
tivities. The shape ofthe h
a(K) fun
tion 
on�rms earlier 
on
lusions that the data pro
essing timeredu
tion is 
onne
ted with Sigma-if neurons' sele
tive attention abilities. Allthis is 
lear eviden
e that Sigma-if neurons use sele
tive attention, and that this
an redu
e the generalization error level as well as data pro
essing 
osts.The last example 
on
erns how Sigma-if sele
tive attention abilities manifestthemselves on the level of the whole network. The analysis of results for theVotes problem (Fig. 4) shows that when a signi�
ant de
rease of network inputa
tivity (nia) o

urs, one 
an expe
t a simultaneous redu
tion in the number ofSigma-if network inputs used to 
lassify data (niu) without a notable de
rease of
lassi�
ation a

ura
y in 
omparison to the MLP network. While the Sigma-if

Fig. 4. The Sigma-if network input a
tivity (nia), the number of network input used(niu), and the 
lassi�
ation a

ura
y of training (u) and test (γ) data for the Votesproblem versus the number of hidden neuron input 
onne
tions groups K (networkar
hite
ture: 48 inputs, 2 hidden neurons, 2 outputs)
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ialized or separate attention guiding unit, all su
h a
tivi-ties 
an emerge only as an e�e
t of synergy between individual neurons. Thus,the observed sele
tive attention behaviour of the proposed network, treated asa bla
k box, is a signi�
ant indi
ation that the Sigma-if model e�e
tively mim-i
s low level attentional pro
esses observed in nature. This 
an, in turn, makethe model an interesting tool for feature sele
tion and other data pro
essingpurposes.5 Con
lusionIn this paper the Sigma-if neuron model and bene�ts from using the Sigma-ifneural network instead of the MLP network were 
onsidered. The model's sele
-tive attention ability for medium-size test problems manifests itself in an in
reaseof 
lassi�
ation a

ura
y and in a simultaneous de
rease of data pro
essing 
osts.Additional redu
tion of the number of network inputs used to 
lassify data hintsat the possibility of further redu
tion of data 
olle
tion 
osts, during as well asafter the training pro
ess.The Sigma-if sele
tive attention feature also introdu
es new possibilities inthe area of analyzing the network de
ision pro
ess via its input a
tivity inter-pretation. This 
an point at features of given data sets that are most importantfor 
lassi�
ation, and help identify features that are irrelevant, redundant or
ontaminated by noise.What is more important, the Sigma-if neural network seems to be a promis-ing model of low-level human sele
tive attention. This fun
tionality is realizedin a distributed manner by sequential input signal a

umulation, 
arried outby Sigma-if neurons, and emerges as an e�e
t of synergy among the network'shidden neurons.All this makes the Sigma-if neural network a very useful tool for the dataanalysis domain, despite the fa
t that the proposed method requires further testson ben
hmark and real-life data. New Sigma-if network training methods as wellas new sele
tive attention neurons with aggregation fun
tions other than thosepresented in this paper will be the subje
t of further resear
h.Referen
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