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Abstract. Arti�cial neural net w orks are a v ery w ell kno wn biologically-

inspired mac hine learning tec hnique. This tec hnique has b een widely ap-

plied in man y domains, suc h as real-time signal �ltering, mo delling and

syn thesis, pro cess con trol and classi�cation (e.g. of images, diseases or

star sp ectra). Other examples of use of neural net w orks include gen-

eration of rules for exp ert systems and kno wledge disco v ery . Ho w ev er,

e�ectiv e analysis of m ultidimensional data sets still causes particular

di�culties. It has b een sho wn that pro cessing to o man y data features is

costly and has adv erse e�ects on the classi�cation prop erties of result-

ing mo dels. Th us, while dev elopmen t of tec hniques for selecting features

from v ery large data sets is not trivial, it is nonetheless v ery imp or-

tan t. It can b e observ ed that analogous problems are e�ectiv ely solv ed

b y h uman lo w-lev el distributed selectiv e atten tion mec hanisms. F or this

reason, building a general (e.g. neural) mo del of suc h functionalit y w ould

pro vide great b ene�ts for the mac hine learning domain. This w ork ad-

dresses selectiv e atten tion functionalit y found in the recen tly dev elop ed

Sigma-if neural net w ork. Exp erimen ts sho w ho w this selectiv e atten tion

mo del can reduce data acquisition and pro cessing costs as w ell as the

probabilit y of classi�cation errors.

1 In tro duction

Arti�cial neural net w orks are one of the most v aluable biologically-inspired ma-

c hine learning tec hniques. They pla y a signi�can t role in man y data pro cessing

applications - from real-time signal �ltering, mo delling and syn thesis, through

pro cess con trol to classi�cation (e.g. of images, diseases or star sp ectra). Other

imp ortan t examples of neural net w ork use include generation of rules for exp ert

systems and kno wledge disco v ery in data [1�4]. T ypical examples of arti�cial

neural net w orks are m ultila y er p erceptrons (MLP), radial basis function net-

w orks (RBF) and async hronous spiking neural net w orks. A wider description of

arti�cial neural net w ork t yp es can b e found in man y recen t surv eys [5�8].

In turn, biological inspirations of arti�cial neural net w orks suggest that suc h

systems can e�ectiv ely realise feature selection tasks easily observ ed in h umans

and other primates [9, 10]. Arti�cial mo dels of this phenomenon could reduce
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problems with prop er data selection and in tegration still observ ed in most ma-

c hine learning systems. This could b e of great b ene�t to all domains in whic h

e�ectiv e analysis of m ultidimensional data sets is crucial [11�13]. The most im-

p ortan t question in this �eld is what basic neural mec hanisms implemen t the

functionalit y called selectiv e atten tion [14�16].

Despite the great v ariet y of kno wn neural net w ork mo dels, v ery few realize

an y asp ect of selectiv e atten tion functionalit y [15, 17, 18]. This is probably due to

the fact that suc h mo dels do not cop y some imp ortan t pro cesses whic h eviden tly

tak e place during input signal aggregation in real neurons [17, 19�25]. In this

con text it is v ery in teresting that selectiv e atten tion functionalit y , whic h seems

to e�ectiv ely mimic lo w-lev el atten tional pro cesses observ ed in h umans, w as

found in the recen tly dev elop ed simple generalization of the w ell-kno wn MLP

net w ork called Sigma-if [4, 26].

The remainder of this pap er is organized as follo ws. Section 2 presen ts the

concept and basic prop erties of selectiv e atten tion systems as w ell as main re-

sults of to-date researc h in the �eld of selectiv e atten tion mo delling. Section 3

describ es the Sigma-if neural net w ork mo del, whic h realizes selectiv e atten tion

functionalit y . Section 4 illustrates ho w selectiv e atten tion manifests itself in prop-

erties of the Sigma-if neural net w ork on the example of selected UCI Mac hine

Learning b enc hmark data sets. Finally , conclusions are presen ted in Section 5.

2 Previous w ork

In nature, selectiv e atten tion is a mec hanism whic h pro vides living organisms

with the p ossibilit y to sift incoming data, to extract information whic h is most

imp ortan t at a giv en momen t and whic h should b e pro cessed in detail [14, 27].

This mec hanism is necessary due to limited pro cessing capabilities of the nerv ous

system whic h do es not allo w rapid analysis of the whole scene of visual and other

senses [17, 20]. Selectiv e atten tion can b e view ed as a strategy of dynamical input

space selection for gaining prede�ned goals b y an organism in teracting with a

v ery complicated en vironmen t.

P oten tial b ene�ts from adopting the selectiv e atten tion mec hanisms in do-

mains suc h as data analysis and feature selection ha v e led man y researc hers to

searc h for appropriate mo dels of this feature of the h uman brain [9, 10, 15, 16,

20, 28, 29]. The �rst widely kno wn result w as Broadb en t's b ottlenec k mo del [30],

but ev en after impro v emen ts b y T reisman [31] it w as found to b e to o inaccurate.

Another imp ortan t dev elopmen t w as the late selection mo del b y Deutsc h and

Norman [32] and its t w o-step v ersion b y Sn yder and P osner [33]. These mo dels

w ere founded on strong evidence, through researc h of Lewis [34], Corteen [35],

Neely [36] and Pyn te [37]. Although late selection mo dels w ere computationally

v ery costly , they sho w ed that fast, lo w-lev el automatic data selection is crucial

for ac hieving e�ectiv eness of slo w con textual data analysis realized b y higher

organizational lev els of neural structures [38�41]. On this basis, the most imp or-

tan t ac hiev emen t of neuropsyc hological studies arose - namely , the dev elopmen t

of earlier w orks b y Noton and Stark on saccadic ey e mo v emen ts [42�44]. Elemen t
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of automatic, cyclic atten tional �eld selection, according to learned scan paths,

turned out to b e common in almost all input c hannels of a h uman brain [45, 46].

Man y mo dels of scan path selection strategies w ere subsequen tly prop osed -

this included hierarc hical neural routing and shifting circuits [10, 16, 47] as w ell

as oscillating and adaptiv e neural net w orks [29, 48, 49]. They made it p ossible to

build sp ecialised to ols, e.g. for face recognition, ob ject trac king or indicating in-

teresting ob jects for observ ation b y space prob es [50�53]. Ho w ev er, none of these

solutions yielded a general mo del of lo w-lev el selectiv e atten tion. In fact, most of

them w ere v ery complicated and realised only cen tralised or prede�ned (i.e. not

learned or ev olv ed) feature selection strategies [15, 17, 18]. The degree of their

sp ecialisation and neurobiologically unfounded solutions induced researc hers to

lo ok for basic selectiv e atten tion mec hanisms on the lev el of single synapses and

neurons [54�57].

Neuropsyc hological and neurobiological studies of selectiv e atten tion phe-

nomena ha v e led researc hers to the conclusion that lo w-lev el selectiv e atten tion

functionalit y is realized in a distributed manner b y serial pro cesses that are car-

ried out b y one to three la y ers of neurons [19, 17, 20]. Sim ultaneously , selectiv e

atten tion at higher lev els of brain structure organization seems to emerge as an

e�ect of synergy b et w een elemen tary structures at lo w er lev els (e.g. neurons or

groups of neurons). Unfortunately , the exact mec hanisms that lie at the base of

selectiv e atten tion are still unkno wn.

This is wh y net w orks that use higher-order neuron mo dels, suc h as Sigma-Pi

[58�60], P o w er Unit [61] or Clusteron [62], realize only a v ery limited set of

atten tional mec hanisms. Th us it can b e v ery in teresting that selectiv e atten tion

functionalit y whic h seems to e�ectiv ely mimic lo w-lev el atten tional pro cesses

observ ed in h umans, w as found in a recen tly-dev elop ed simple generalization of

the w ell-kno wn MLP net w ork called Sigma-if [4, 26, 63].

3 The Sigma-if neural net w ork

The prop osed Sigma-if neural net w ork is a t yp e of fully connected, sync hronous

m ultila y er p erceptron neural net w ork (MLP) whic h p ossess selectiv e atten tion

abilities [26, 63]. Suc h a neural net w ork do es not use separate cen tralized at-

ten tion guidance mo dules. Its abilit y to realize selectiv e atten tion functional-

it y emerges as an e�ect of synergy b et w een its hidden, Sigma-if neurons. Eac h

Sigma-if neuron is a sp ecial direct generalization of a sigmoidal p erceptron whic h

implemen ts basic selectiv e atten tion functionalit y via input connections group-

ing and step wise conditional input signal accum ulation. This is due to the new

neuron's aggregation function [5, 26].

3.1 The Sigma-if neuron

The Sigma-if neuron, in con trast to a t ypical p erceptron, aggregates input signals

for the giv en data v ector not in one but in a series of giv en K steps according to

the corresp onding state graph. Its input connections are divided in to K discrete
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subsets during the training pro cess. Subsequen tly , when the neuron's aggregation

function v alue is computed, in ev ery k -th step of this pro cess, the subset of input

signals X k is tak en from the en vironmen t and pro cessed to determine the curren t

v alue of the partial activ ation lev el ' k of the neuron. The pro cess con tin ues un til

the v alue of ' k exceeds a giv en aggregation threshold ' �
. When that condition is

met, signals whic h w ere not analyzed are ignored, and ' k is considered the input

v alue for the neuron's activ ation function F . As a result, signal lev el information

co ding and ev en the use of a non-lo cal activ ation function (e.g. sigmoid) do not

degrade the neuron's selectiv e atten tion abilities. A sample sc heme of a state

graph for a Sigma-if neuron is presen ted in Fig. 1.

Fig. 1. Sample pro cess of a three-step input signal aggregation in the Sigma-if neuron

F ormally sp eaking, M dendrites of the Sigma-if neuron are divided in to K

distinct groups, b y complemen ting eac h i -th input connection with an addi-

tional in teger parameter � i 2f 0;1;::;K � 1g, determining mem b ership in one of

the groups. This allo ws us to divide the pro cess of signal accum ulation in to K

steps, where K is a function of the neuron's grouping v ector � T
=[ � 1; � 2; :::; � M ]:

K (� ) =
M

max
i =1

(� i ): (1)

During eac h step k (from 0 to K -1), the neuron accum ulates data b elonging to

one selected group, suc h that

� i = k: (2)

Within eac h k -th group, partial activ ation �' (k) is determined as a w eigh ted

sum of input signals and the appropriate Kronec k er's delta:

�' k (w; x; � ) =
MX

i =1

wi x i � (k; � i ); (3)
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where wi and x i are co e�cien ts of the neuron's w eigh t v ector w and an input

v ector x . This pro cess is rep eated un til the activ ation deriv ed from resp ectiv e

groups exceeds a preselected aggregation threshold ' �
. It can b e describ ed b y

the follo wing recursiv e form ula (v ectors w , x and � are omitted for clarit y):

' k =
�
�' k H(' � � ' k � 1)+ ' k � 1:k� 0
0 :k< 0

(4)

where H is Hea viside's function. This sum is then treated as the neuronal ac-

tiv ation v alue. The input from remaining (heretofore unconsidered) groups is

neglected. Th us, the prop osed form of the aggregation function A is:

A(w; x; � ) = ' K (w; x; � ): (5)

In the �nal stages of determining the output v alue Y of the neuron, function (5)

serv es as a parameter of the nonlinear threshold (e.g. sigmoidal) function F :

Y (w; x; � ) = F (A(w; x; � )) : (6)

It is w orth noting that the describ ed mo del assumes that the state graph used

during signal aggregation is alw a ys a simple directed path of non terminal no des

corresp onding with the neural activ ation accum ulation pro cedure. In a general

case, the Sigma-if neuron, b esides the w eigh ts v ector w , includes one con tin uous

v alued parameter for aggregation threshold ' �
, and an additional connections

grouping v ector � with only one nominal v alued co e�cien t for eac h neuronal

input connection.

3.2 Sigma-if net w ork training

In comparison to MLP neural net w ork training, searc hing for a globally optimal

set of Sigma-if net w ork parameters w ould b e v ery computationally c hallenging.

This is due to the noncon tin uous c haracter of Sigma-if neuron grouping v ectors.

While there is no quic k and e�ectiv e metho d for global searc hing of net w ork

w eigh ts and grouping v ectors, the prop osed solution assumes that at eac h Sigma-

if neuron, co e�cien ts of the grouping v ector � are in fact direct functions of that

w eigh t v ector. As a result, net w ork connection w eigh ts are established b y the

w ell kno wn error bac kpropagation algorithm, but for ev ery ! training ep o c h,

actual grouping v ectors are computed. This re�ects the application of the self-

consistency idea widely used in ph ysics.

In this w ork, the grouping v ector computation pro cedure (as w ell as the

prede�ned v alue of the aggregation threshold ' �
) is common for all Sigma-if

neurons. It simply divides input connections in to a giv en n um b er of groups, ac-

cording to "the greater the connection w eigh t, the smaller the connection group

n um b er" principle. Suc h a searc h problem reduction leads us to v ery in teresting

results, and to practical elimination of the additional � parameters v ector. Ho w-

ev er, during further analysis of the general Sigma-if mo del, it is still v ery helpful

to use the grouping v ector concept.
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4 Prop erties of the Sigma-if neural net w ork

During examination of the prop osed mo del prop erties, Sigma-if neural net w orks

w ere compared to MLP net w orks with the same arc hitectures. All net w orks

w ere fully connected and had one hidden la y er with the n um b er of neurons for

whic h the MLP net w ork gained highest test data classi�cation accuracy . As the

sigmoidal p erceptron is a sp ecial case of a Sigma-if neuron, MLP net w orks w ere

in fact sim ulated b y Sigma-if net w orks with the n um b er of inputs groups K of all

Sigma-if neurons set to one. This w as consisten t with the additional assumption

that K and aggregation threshold ' �
v alues of all hidden Sigma-if neurons in the

giv en net w ork w ere equal. In all cases, standard input signal co ding w as used,

and answ ers of the net w ork w ere computed in the winner-tak es-all manner.

Beside classi�cation accuracies for training ( u ) and test ( 
 ) data, prop er-

ties suc h as net w ork data pro cessing time ( � ), as w ell as hidden connections and

net w ork input activit y ( hc a and nia resp ectiv ely) w ere considered. The data pro-

cessing time � for all trained net w orks w as measured on the same computer (P4

2.6GHz) to c hec k relativ e data pro cessing costs for MLP and Sigma-if net w orks.

Regardless of the v ery precise time measuremen t pro cedure used (follo wing mea-

suremen t of real pro cessor core frequency , the n um b er of pro cessor clo c k cycles

w as coun ted, starting from the end of loading data in to net w ork inputs and �n-

ishing with the end of the net w ork output v alue generation), actual timings on

other hardw are setups ma y v ary considerably .

Hidden connection activit y ( hc a ) and net w ork input activit y ( nia ) w ere used

to represen ting the p ercen tage ratio of the n um b er of hidden and input connec-

tions used during data pro cessing, compared to all of the net w ork's hidden and

input connections resp ectiv ely . These parameters allo w ed us to c hec k if hidden

Sigma-if neurons used their selectiv e atten tion abilit y in practice. F or the com-

pleteness of analysis, for eac h giv en problem and trained net w ork, the p ercen t

of all inputs used to classify all test v ectors ( niu ) w as calculated. This pro ce-

dure w as imp ortan t in order to determine if selectiv e atten tion functionalit y is

also realized at the lev el of the whole Sigma-if net w ork. All presen ted v alues

for all considered UCI Mac hine Learning Rep ository b enc hmark problems w ere

calculated as a v eraged outcomes of ten indep enden t 10-fold cross v alidations.

The conducted exp erimen ts can b e divided in to t w o groups: examination of

Sigma-if net w ork classi�cation prop erties and v eri�cation of the h yp otheses that

Sigma-if net w orks realize selectiv e atten tion at the lev el of single neurons and of

the whole net w ork. In b oth cases all of the considered prop erties w ere analyzed

in relation to the n um b er of Sigma-if neuron inputs groups K . This w as b ecause

the K v alue has the highest in�uence on the prop erties of the prop osed net w ork.

Other parameters, suc h as the aggregation threshold ' �
and the grouping v ector

actualization in terv al ! , w ere set to 0.6 and 25 resp ectiv ely , follo wing preliminary

tests. It is also imp ortan t to note that parameters suc h as hc a , nia and niu are

informativ e only for Sigma-if net w orks; for MLP net w orks ( K = 1 ) they are, b y

default, equal to 100%.

The obtained results indicate that increasing the n um b er of Sigma-if neuron

input groups K to more than one results in an increase of test data classi�cation
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accuracy 
 as w ell as in sim ultaneous decrease of data pro cessing time � . The

dra wbac k here is a decrease of training data classi�cation accuracy u . A t ypical

example of suc h a dep endency can b e observ ed for the HeartC problem, whic h

is presen ted in Fig. 2. The observ ed decrease in training data classi�cation ac-

Fig. 2. The time of Sigma-if net w ork output signal generation ( � ), the classi�cation

accuracy of training ( u ) and test ( 
 ) data for the HeartC problem v ersus the n um b er

of hidden neuron input connections groups K (net w orks arc hitecture: 28 inputs, 10

hidden neurons, 5 outputs)

curacy u w as most probably due to the fact that Sigma-if neurons pro cess data

in the same w a y after and during training. It is harder to learn when the neu-

ron's input space is c hanged ev ery ! ep o c h. Ho w ev er, and more imp ortan tly , the

obtained increase in test data classi�cation accuracy 
 is a result of rejecting

redundan t or noisy signals from pro cessed data and the consequence of e�ectiv e

reduction of problem dimensionalit y . This thesis is con�rmed b y the observ ed

sim ultaneous decrease in data pro cessing time � . Reduction of � can only b e

caused b y reduction of the net w ork's hidden and input connections activities.

Ho w ev er, regardless of the reasons, these results sho ws that the Sigma-if neural

net w ork has b etter classi�cation prop erties than MLP .

The visible increase of HeartC data pro cessing time � for K ab o v e 7 inputs

groups is the e�ect of a linear increase of time cost, connected with the existence

of additional instructions for grouping v ector � information pro cessing. This fac-

tor can b e easily seen for the n um b er of groups K greater than the giv en n um b er

of net w ork inputs. Without it, data pro cessing time w ould semi-logarithmically

decrease with rising K . This indicates the c haracter of the c hanges of Sigma-if

net w ork hidden ( hc a ) and input connection activities ( nia ) as a function of K ,

whic h can b e observ ed in Fig. 3 (for the Sonar problem) and in Fig. 4 (for the

V otes problem).

It can b e easily seen that in the case of the Sonar problem the increase in K

causes an increase of the test data classi�cation accuracy , with a corresp onding

decrease of the training data classi�cation accuracy . These c hanges are accompa-



232 Maciej Huk

Fig. 3. The Sigma-if net w ork hidden connection activit y ( hc a ), the classi�cation ac-

curacy of training ( u ) and test ( 
 ) data for the Sonar problem v ersus the n um b er of

hidden neuron input connections groups K (net w ork arc hitecture: 60 inputs, 30 hidden

neurons, 2 outputs)

nied with a m uc h stronger reduction of hidden connection activities. The shap e of

the hc a(K) function con�rms earlier conclusions that the data pro cessing time

reduction is connected with Sigma-if neurons' selectiv e atten tion abilities. All

this is clear evidence that Sigma-if neurons use selectiv e atten tion, and that this

can reduce the generalization error lev el as w ell as data pro cessing costs.

The last example concerns ho w Sigma-if selectiv e atten tion abilities manifest

themselv es on the lev el of the whole net w ork. The analysis of results for the

V otes problem (Fig. 4) sho ws that when a signi�can t decrease of net w ork input

activit y ( nia ) o ccurs, one can exp ect a sim ultaneous reduction in the n um b er of

Sigma-if net w ork inputs used to classify data ( niu ) without a notable decrease of

classi�cation accuracy in comparison to the MLP net w ork. While the Sigma-if

Fig. 4. The Sigma-if net w ork input activit y ( nia ), the n um b er of net w ork input used

( niu ), and the classi�cation accuracy of training ( u ) and test ( 
 ) data for the V otes

problem v ersus the n um b er of hidden neuron input connections groups K (net w ork

arc hitecture: 48 inputs, 2 hidden neurons, 2 outputs)
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net w ork has no sp ecialized or separate atten tion guiding unit, all suc h activi-

ties can emerge only as an e�ect of synergy b et w een individual neurons. Th us,

the observ ed selectiv e atten tion b eha viour of the prop osed net w ork, treated as

a blac k b o x, is a signi�can t indication that the Sigma-if mo del e�ectiv ely mim-

ics lo w lev el atten tional pro cesses observ ed in nature. This can, in turn, mak e

the mo del an in teresting to ol for feature selection and other data pro cessing

purp oses.

5 Conclusion

In this pap er the Sigma-if neuron mo del and b ene�ts from using the Sigma-if

neural net w ork instead of the MLP net w ork w ere considered. The mo del's selec-

tiv e atten tion abilit y for medium-size test problems manifests itself in an increase

of classi�cation accuracy and in a sim ultaneous decrease of data pro cessing costs.

A dditional reduction of the n um b er of net w ork inputs used to classify data hin ts

at the p ossibilit y of further reduction of data collection costs, during as w ell as

after the training pro cess.

The Sigma-if selectiv e atten tion feature also in tro duces new p ossibilities in

the area of analyzing the net w ork decision pro cess via its input activit y in ter-

pretation. This can p oin t at features of giv en data sets that are most imp ortan t

for classi�cation, and help iden tify features that are irrelev an t, redundan t or

con taminated b y noise.

What is more imp ortan t, the Sigma-if neural net w ork seems to b e a promis-

ing mo del of lo w-lev el h uman selectiv e atten tion. This functionalit y is realized

in a distributed manner b y sequen tial input signal accum ulation, carried out

b y Sigma-if neurons, and emerges as an e�ect of synergy among the net w ork's

hidden neurons.

All this mak es the Sigma-if neural net w ork a v ery useful to ol for the data

analysis domain, despite the fact that the prop osed metho d requires further tests

on b enc hmark and real-life data. New Sigma-if net w ork training metho ds as w ell

as new selectiv e atten tion neurons with aggregation functions other than those

presen ted in this pap er will b e the sub ject of further researc h.
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