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Abstract

We presect a simple neural network architecture which antonomously learns bow to control & dats
driven selective attestion process, lo order to contrel the selective attention process & Bologically
plavsible position coding e used which leads to fuszy representations of position. Ap associative
memory learnd the conoections beiween subseguent positions uwed local features. The result af
presenting simple Real-World color images to the neural network architectiuee is shown,

1 Intraduction

Because of the problem of combinatorical explosion & massively parallel data stream, e.g. a complex
Eeal-World scene, caz't be processed completely in parallel. Thus, it is oecessary o iransform a
complex spatinl data siruciare iato & spatic-temporal data sequence [1] [2]. Ie order to achieve such
type of transformation a data driven selective visual attention was introduced in [1].

The preseat paper is focused oo an architecture for knowledge based control of & data driven selective
aitenticn process through a simple self-orgesizing peursl setwork. After presecting Real-World
sceses b0 the Neural Network architecture the selective attention process should scan the objects of
& scene successivly. Heace, this bebavior could be interpretated as autonomous knowledge acquisition
about objects in a visual scene - without superviied training of single objects in 2 special learning
phase [T,

2 The Newral Network Architecture
2.1 An Owerview

Figure 1 shows the architecture of the whale system. In |1] & dynamical petwork for & data driven
selective visual attention process was introduced. In the presest work we use & modified verston of
that selective atfention network (SAN). SAN generates sz activity distribution which corresponds
to the position of the actual "focus of attention®™. On the one hand this activity distribution is used
o extract the area of attention out of the input scece and on the otber hasd it is used for & absolute
position coding. Hence, we wie activity distribution as & geseral position coding principle.

In order to be positional invariant the position coding of SAN is transformed into & relative position
coding through the position transformation (PT). That means we get & codiog of the distance and
the direction between two succensingly following foci of attention. In addition the PT maps relative
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Figurel: The neural seiwork architeciure

position codings iato abeolute codings, Through 1his mappag the SAN cas be controlled in & top-
down manner by the associative memory.

The sssecichve memory (AM) b the central part of the whole syatem. 11 s able to lears the
conneciion beiwesn the relative positios coding asd the output of the frafwre extraction of the focus
area. [t is cootinoosly learping wsing the statistics of the SAN behavior which are based on the
scened. Becauie in different scenes the obhjects are not always af the same pouition the frequency of
inter-object moves s segligible. Thus, the AM can only lears and stabilise the moves withio the
objects of & sceme. lo addition the AM learns by sucomaful control of the SAMN. The sirength of
controd increases with iis success.

2.2 Feature Extraction

The feature extraction of the SAN consists of two multiresolution pyramids operating o= & special
color space, the WA M.aspace. The first pyramid is based oa Laplace.filtensg in the W-domaip, the
intensity image. The second pyramid uses the Eochidean distance to the average hee of the im;‘.
io the M., M, domain [1]. In order to bave & wirict local feature extraction i the fogus aren we
simply wer the WA A -space in as sdditional meltiresclutieos pyramid

For improving the feature extraclion we carreatly discuss Eigesvectors to get a texture based #n-
hascemesnt [3],

2.3 Position Transformation

The position transformatios uses two mapping rules (see Fig. 1). The first rule maps two successive
SAN position codings Alk=1] ik} e = o JE= ioen s relative position coding RI®) & Jg™ x R



Figured: The Figure shows examples of typical iaput images. The different objects
are placed at different posi
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Figured: The left part of the Figure shows the bebavior of the nearal petwork
The right part ahows the
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