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Abstract 

A real-time and stable learning neural network architecture for translation invariant 2-D pattern recognition is described. 
The network dynamics is based on the known properties of the biological visual spatial attention system whose function is to 
selectively gate the attended visual information on its way to higher cortical layers. The main features of the mode/are: 
mutually interacting transient and sustained visual channels; an attentional neural mechanism for the modulation and gating 
of visual information to form translation invariant representation of the attended visual stimulus; an inhibition of return and 
attention shifting mechanism that is modelled on the elementary properties of chemical synopses; and a variant of the 
self-organising ART-3 (Adaptive Resonance Theory) neural network to model the pattern recognition properties of the inferior 
temporal (IT) cortex. Computer simulations of the network are presented and discussed in the context of psychophysical data 
on the pre-attentive visual spatial attention system of human vision. 

Keywords • Vision, Visual spatial attention, Inferior temporal cortex, Object recognition, Translation invariance, Pattern 
recognition, Neural networks, Adaptive Resonance Theory, ART-3. 

1 Introduction 

The shear volume of real-world visual sensory 
information that may simultaneously barrage a visual 
processing system suggests the existence of a neural filtering 
mechanism that can filter information thus allowing organ-
isms to respond to the relevant portion of the input infor-
mation. Although the early visual layers of the primate visual 
system are massively parallel, the higher cortical layers that 
learn and interpret the visual world are inherently serial and 
thus rely on this filtering mechanism [20,27]. This filtering 
process, referred to as "visual attention", must have some 

automated rudimentary selectivity to the incoming visual 
information so as to orient the organism towards subtle, 
salient and novel features of the input, while at the same time, 
it must be amenable to adaptive influence from higher visual 
centres that utilise prior knowledge, experience and internal 
desires so that an organism can execute planned exploratory 
behaviour. The automatic component of visual attention 
facilitates what is often referred to by vision resemchers as 
the "pre-attentive vision", while the voluntary component 
contributes to the so called "attentive vision". 

This article describes a real-time and stable learning 
neural network architecture that is neuro-engineered from 
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shunting competitive-cooperative neural layers [14] and 
incorporates a model of pre-attentive (bottom-up) biological 
visual spatial attention sub-system to achieve translation 
invariant recognition of 2-D shapes in uncluttered scenes. 
Computer simulations of the network are presented and 
discussed in the context of the available experimental data 
on human visual spatial attention. 

2 TbeModel 

The real-time neural network model for translation 
invariant 2-D pattern recognition described in this section is 
a model of pre-attentive (bottom-up) visual spatial attention 
that has evolved from our simpler models [16,17,18]. The 
model thus addresses translation invariant pattern recogni-
tion in simple and uncluttered scenes. 

We propose that distance modulated cooperative-com-
petitive interactions exist between locations of visual feature 
maps so that in the pre-attentive or bottom-up processing 
stage, neighbouring spatial locations mutually support each 
other but compete against other regions. The spatial region 
that receives maximal lateral, and bottom-up excitation from 
feature maps is initially selected for further processing. 

3 Neural network architecture 

For computational efficiency we have restricted our 
model to a subset of image features, namely grey level image 
pixel data but have included both sustained and transient 
components. 

The exogenous visual spatial attention neural system, 
shown in Fig. 1, is a feedforward dynamic neural network 
consisting of several interacting neural layers. The primary 
purpose of the network is to automatically select an input 
region whose image features are to be "attended" for further 
processing, to represent the attended visual information in 
a translation invariant representation, to recognise the 
attended object and then shift attention to other objects in the 
input scene. 

The attentional system consists of two neural fields: (i) 
a cooperative-competitive attentional neural field that 
samples the input transient and sustained features and 
provides attentional modulation of the these features; and (ii) 
a competitive winner-take-all neural layer that gates the 
modulated inputs to provide translation invariant represen-
_tation of both the transient and sustained inputs. Lateral 
interactions in both of these layers are mediated by distance 
dependant synaptic weights. Transient and sustained chan-

nels are linked through mutually inhibitory pathways whose 
efficacy is mediated by distance dependant synaptic weights. 
The translation invariant 2-D pattern is learned and/or 
recognised by the self-organising ART-3 neural network. 
The long-term memory (residing in the bottom-up and the 
top-down pathways of ART-3) encodes the attended stimulus 
features when the network reaches a resonating steady state. 
This is followed by a reset pulse from ART-3 to reset the 
attentionallayers, after which other feature active regions in 
the input may be attended and learned. 

3.1 Transient and Sustained Visual Channels 

The early visual pathways in primate retina have been 
found to consist of sustained ganglion cells or X-cells and 
transient or Y-cells [7]. Sustained cells respond maximally 
to stationary stimuli within their receptive field, have a long 
response latency and are affected by image blurring, whereas 
transient cells give transient responses to light onset or offset, 
are sensitive to rapid motion, have a short response latency 
and are unaffected by blurring [7]. This early division 
between the sustained and transient cells reflects an early 
distinction between neural layers that process form and 
motion independently. Output of sustained cells may be the 
primary factor determining the pattern or form recognition, 
whereas output of transient cells may be important for the 
detection of flicker and motion. Because of the different 
temporal responses of the two channels, transient activation 
by the stimulus will become available prior to sustained 
activation. Physiological evidence [25], and data from visual 
masking experiments [3], indicate that transient and 
sustained visual channels mutually inhibit each other. 

Since our long-term aim is to model visual processes for 
the recognition of both static and moving visual stimuli, our 
model includes the mutually interacting transient and 
sustained neural type cells whose dynamics are described 
below. 
Transient neural layer 

The transient layer consists of slowly charging inhibitory 
neurons and fast transient cells that only respond to an onset 
of a stimulus (such as a sudden introduction of a new stimulus 
in the visual field or a movement of a previously stationary 
stimulus). Fig. 2 shows a schematic representation of a 
transient cell, whose activity at position (ij) is given by the 
following equations: 
Inhibitory neuron activity 
dl;j 
dl = -a;ij + f3lij (1) 
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Figure 1. One dimensional schematic view of the 2-D network architecture. 

where ~ is the passive decay rate of the inhibitory neuron; 

f31 is its charging rate; f;i is the external input at location (ij). 
Transient neuron activity 
dT.-
dtiJ =- fLrT;i + ~ii- f(l;i)T;i 

-( f ~f(Su)ztlii )rii (2) 

where cx.r is the passive decay rate; f3z. is the charging rate; Jii 
is the input from feature selective cells; the quadratic term 
f(/;i)T;i is the shunting (multiplicative) inhibition from the 
inhibitory neuron. The last term in the equation (also being 
quadratic) is the shunting inhibition from the sustained layer 
that is gated by distance dependant inhibition weights z1ui• 
from the sustained cell at location (k,l) to the transient cell 
at location (ij). The interaction weights between the two 
channels is represented by a 2-D Gaussian function, (3). The 
summation is carried over the whole sustained layer. 

(3) 

Transmitter ~ated transieutexcjtatozypost-synaptic potential 
on the attentional neurons 

As well as being fed through to the pattern recognition 
system (ART-3), the input transient (and sustained) signals 
also feed into the spatial attention subsystem. Here we 
describe how the ttansient signals excite the neurons in the 
ftrst attentional layer. The ttansient neural activity in the 
transmitter gated pathway releases an amount of transmitter 
into the synaptic cleft between the pre-synaptic terminal and 

the post-synaptic cell in the attentionallayer. This transmitter 
becomes bound to the post-synaptic cell and produces a 
transient excitatory post-synaptic potential (T-EPSP) that is 
represented by equation ( 4 ). The action of the pre-synaptic 
signal depletes the ttansmitter by an amount that is propor-
tional to the strength of the pre-synaptic signal. To enable 
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the attentional layer to keep track of the regions that have 
been attended (and thus to enable attentional shifts to other 
feature active regions), the activity of each attentional neuron 
is fed back to its presynaptic terminal where it multiplica-
tively interacts with the input signal to modulate the trans-
mitter release. Equation ( 4) represents the dynamics of the 
excitatory postsynaptic potential while equation (5) 
represents the dynamics of the transmitter in the affected 
synapse. 

dVr·· ~ o_) 
--

11 
=-rL Vr .. + ~" T..UT· P1 +g(Vr..)f(a;;J dt -yT I) 'T I) I) I) ' 

(4) 

De.pletable transmitter in the transient channel 

(5) 

In above quations, Vr. is the postsynaptic potential on the ,, 
attentionalneuron at location (iJ); Ur .. is the transmitter level; ,, 
!lvr• ~vr and p 1 are constants. The quadratic term g (V r;)f( ag) 
represents the multiplicative interaction between the pre and 
postsynaptic activity. Function g(.) is linear above a small 
positive threshold. 

Inhlbitmy 
Neuron 

Figure 2. Transient neuron. The receives excitatory inputs 
yia an input neuron and is inhibited by the slowly charging 
mtemeuron. 

The term (0 .. - UrJ in equation (5) is the accumulation rate 
IJ IJ 

of the transmitter in the (iJ) transient pathway; Zr is the ., 
transmitter production rate (held constant at 1). The term 

T;Pr.P1 says that some transmitter will be released and ., 
depleted by the input signal in the absence of the postsynaptic 
activity. However, when the postsynaptic cell also becomes 
active it increases the amount of released (and depleted) 

transmitter [5]. Thus, only active pathways that are also being 
attended will suffer from significant depletion of their 
transmitter. 

Sustained neural layer 

The sustained neural layer responds to the stationary 
stimuli in the input feature space. Attention modulated and 
gated sustained signals represent the features of attended 
objects. The layer is assumed to receive its information from 
spatial frequency and orientationally tuned feature selective 
cells. Each sustained cell in the layer is inhibited by all the 
cells in the transient neural layer with inhibition strengths 
that fall-off with distance in a Gaussian fashion. Activity of 
the sustained cell is represented by the following equations: 
Sustained cell activity 

dS.. (M N ) d;1 = -f1.sS;i + ~sl;i- t t f(Tk.l)zllii Sii (6) 

where as is the passive decay rate, ~s is the charging rate. 
The last term represents the total shunting inhibitory effect 
from the transient layer. 

Figure 3. Schematic of a sustained cell. The cell receives 
excitatory inputs from the input neuron and is inhibited by 
all the transient cells. Transmitter release is modulated by 
the activity of the attentional neuron. 

Activity of this layer will decay and persist for some 
time after the offset of the visual input. We equate this 
decayingfeatural activity to the visual iconic memory (a term 
used to refer to the unanalysed perceptual memory which in 
humans lasts for 200-300 milliseconds [26]). This memory 
gives the network an opportunity to attend to the features of 
objects that may have been in the scene but were not attended 
at the time of their occurrence. However, for this to occur, 
the network is most likely to require a top-down control of 
the attentional layer to direct its attention to the required 
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region. Equations below represent the dynamics in the 
sustained channels (all tenns have same intepretation as for 
the transient channel). 

Transmitter !Wed sustained excitatory post-synaptic poten-
tial 

(7) 

Depletable transmitter in the sustained channel 

(8) 

In the present application, the interactions weights between 
the corresponding cells of the two layers are asymmetric 
(transient-on-sustained inhibition is stronger). The experi-
mental evidence for the sustained-on-transient inhibition was 
presented by Von Granau [29], whereas Breitmeyer and 
V alberg [4] produced evidence for the transient -on-sustained 
inhibition. 

3.2 Attentional Neural Fields 

The attentional neural system consists of two neural fields: 
(i) a signal modulation attentional neural layer whose 
dynamics obeys the shunting cooperative-competitive 
feedback equation [14]; and (ii) a signal gating layer that 
obeys the winner-take-all competition. Interactions between 
cells in the frrst attentional layer are mediated by distance 
dependant synaptic weights that fall off with increasing 
distance between the interacting neural cells and are 
modelled by a 2-D Difference-of-Gaussian function. 

The attention modulating cooperative-competitive layer 
receives excitatory external transient and sustained inputs via 
transmitter gated pathways in the corresponding channels. 
Activity of the layer multiplicativel y modulates the external 
signals on their way to higher layers. This modulation ensures 
that the amount ofinfonnation that is transmitted to the output 
of the translation invariant layer is dependant on the amount 
of attention that a given region of input space receives. Fig. 
4 shows a schematic diagram of one neuron in the layer. The 
second attentionallayer gates the modulated signals to fonn 
translation invariant representations at the input to the ART-3 
neural network. 

Equations 9(a) and 9(b) below represent the activity (a 0 ii and 

a1 
;) in the first and the second attentional neural fields, 

respectively. 
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~(a) 

9(b) 

The first tenn in the above equation is the passive decay tenn 
(in the absence of inputs the neural activity decays to zero or 
reaches a steady state at fixation). The multiplicative 
shunting provided by (Ac,- a;~) and (A1 -a;}) in the second 
tenn is the inhibitory shunting that provides automatic gain 
control, thus limiting the neuron's activity to (O,A) range. 
The other tenns are as follows: F;i is a small positive fixation 
bias that is applied to a central group of neurons; w!,q. and 
W,!," are the distance modulated synaptic interaction weights; 
h(Vr;) and h(V5) are the amplified and thresholded trans-

mitter gated transient and sustained excitatory post-synaptic 
potentials on the attentional neurons of the frrst field 
Function/(.) is faster than linear above a small threshold, 
whereas g(.) and h(.) are linear above a small positive 
threshold. 

Figure 4. Cooperative-competitive attentional neuron. The 
neuron is exc1ted by external stimuli through transmitter 
gated pathways. The activity of the neuron is enhanced by 
1ts immediate neighbours and sup:Rressed by more distant 
neighbours. Fixauonal neurons ruso rece1ve a positive 
fixation bias. 
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3.3 Attention gating and translation invariant repre-
sentation of attended stimulus 

The output of the visual spatial attention neural network, 
denoted byy .. is given by 

PJL I R S O 
Y •• =L2.;g(apq)_ L . L g(ai)(Tii+Sii) 

p 'I •=p+•J=s+q 
(10) 

Fig. 5 shows the gating scheme implied by equation (10). 

l l l l l 
AllenaGn modulamd 
....calned + fnlnAint ..,.. 

Figure 5. The attentional gating scheme for translation 
invariant representation of attended stimulus. 

The winner-take-all competitive layer ensures that, in 
a steady state, only a small number of spatially contiguous 
transmission pathways will be enabled to transmit signals. 
Provided that objects are well separated in the input image 
and that each object fits within the window of attention, these 
pathways will transmit the spatially contiguous features of 
only one object. 

3.4 Transmitter based inhibition of return and atten-
tion shifting 

In section 3.1 we have described the dynamics of 
transmitters in the two visual channels. The use of transmitter 
gated pathways provides a neural mechanism that tempor-
arily inhibits the currently attended image feature region 
from continually winning the competition in the attentional 
layer. Active and attended transient and sustained pathways 
will suffer from significant depletion of their transmitter 
substance, so that when an attentional reset is caused by 
external or internal signals, these pathways will not be able 
to release as much transmitter as on the earlier occasion thus 
producing a much smaller EPSP. This enables other feature 
active image regions to win the attentional competition. 
During this period, the transmitter levels of previously 
depleted pathways will gradually accumulate towards their 
maximum level. 

Attentional shifts to other feature active regions are 
carried out once the currently attended translation invariant 
object feature patterns had been recognised by the pattern 
recognition system (ART-3). To affect an attentional shift, 
ART-3 issues inhibitory signals to the attentionallayers to 
cause attentional reset. Following this, the input features 
again compete for attention. Because of reduced transmitter 
levels in the pathways of previously attended regions, weaker 
stimuli may now win the competition for attention of the 
network. 

3.5 Pattern recognition with ART -3 neural network 

In biological visual systems, the ultimate visual 
processing area is considered to be the inferior temporal (11) 
cortex. The inferior temporal cortex is an 11 association 11 cortex 
on the inferior surface of the temporal lobe of primates. Its 
removal impairs visual, and only visual learning and thus 
must have some perceptual and associative visual functions 
[11,19]. Monkeys with removed IT cortex fail to visually 
recognise objects and are deficient in learning and 
remembering visual discrimination habits. Under normal 
inferotemporal lesions lower level visual functions remain 
intact, such as the threshold for the detection of a brief flash, 
backward masking functions and critical flicker frequency 
[11]. It is thus believed that the inferior temporal cortex may 
contain the "highest" or "ultimate" visual processing mech-
anism, since often neurons in IT cortex respond to specific 
and highly complex visual features. Unlike other visual 
neurons, IT neurons have large receptive fields that often 
include the fovea. The visual responses of IT neurons are 
modulated by the animal's state of attention and by the 
significance of the stimulus to the animal [23]. 

The pattern recognition properties of the inferior temporal 
cortex is modelled by the ART -3 neural network of Carpenter 
and Grossberg, [5]. ART-3 is a class of self-organising, 
real-time and stable pattern learning neural architectures that 
is based on the Adaptive Resonance Theory (AR1) of S. 
Grossberg [12,13], and whose memory search is modelled 
by the elementary properties of chemical neurotransmitters 
(transmitter accumulation, depletion and modulation). In 

addition to modelling the short term memory or STM (which 
resides in the reverberating neural activity of ART's 
competitive layers) and the long term memory (L TM or 
learned weights), ART-3 also models the medium term 
memory (or MTM) which resides in adaptive pathways and 
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is represented in the dynamics of the transmitter substance. 
Rather than using the standard ART-3 model, we have used 
a variant that was shown to be more robust [15]. 

4. Computer Simulations 

This section presents the results of a number of computer 
simulations of the model and discusses the results in the 
context of available behavioural data and the properties of 
pre-attentive human visual spatial attention. The chosen set 
of simulations were designed to emphasise the following 
capabilities of the neural model: (i) to form translation 
invariant representation of the attended visual stimulus and 
to learn and/or recognise the stimulus (or object) in real-time; 
(ii) to reproduce and explain the psychophysical observatiort 
that the reaction time to a a stimulus is dependant on the 
relative distance of the target stimulus from the fiXation 
centre; and (iii) to reproduce and explain the psychophysical 
data that shows that pre-cueing target locations benefits the 
reaction time of the vision system. 

For computational convenience we have used simple 
shapes that can be embedded in small images (although the 
network is equally applicable to boundaries of other more 
complex objects). The simulated network was restricted to 
the following 2-D size: the input image is 21 x21 pixels (M,N 
= 21 ); the first attentionallayer consists of 2lx21 cells, each 
cell sampling its input from one transient and sustained 
channel; the second attentionallayer consists of 15x15 cells, 
each cell sampling its input over a 7x7 region (P,Q = 7); the 
output of the visual spatial attention network is 7x7. Thus, 
each neuron in the second attentionallayer gates a 7x7 input 
region. The simulated network can thus form a translation 
invariant representation of a two dimensional shape that 
occupies a maximum of 7x7 image pixels in any location of 
a 21x21 input image. 

4.1 Translation Invariant Object Representation and 
Recognition 

Two simulations shown below demonstrate that the 
network is able to automatically select a region of input to 
be attended, gate and transform the attended two dimensional 
shape features into translation invariant representation, 
recognise the shape and then move attention to other objects 
in the input. Fig. 6 shows the simulation results for two 
images that contain the same shapes but at different locations. 
The network is frrst exposed to the image shown in the left 
column. The activity of the first attentionallayer is shown 
on the left of each pair of columns while the output of the 

7 

translation invariant layer is shown on the right of each pair 
of columns. These data are taken at different times (every 5 
iterations) and are shown with time increasing down the 
columns. 

Figure 6. Translation invariant recognition of translated 
patterns in a simple visual input. Activity of the frrst atten-
tional layer is shown in the left of each of column pairs, 
whereas the pattern transmitted to ART-3 is shown on the 
right (the data shown is for every 5 iterations of the network, 
with time increasing downwards). The data shown in the 
column pair on the right was obtained after the network has 
learned the shapes that are embedded in the frrst image. 

Although not shown, the same pair of ART-3's 
pattern recognition neurons caused resonance with the shapes 
in bOth images. That is, the same neuron that learned "M" in 
the first image responded to the "M" in the second image, 
whereas another recognition neuron responded to the "L" in 
both cases. The data in the left pair of columns Shows that 
the network was frrst attracted to character M (because it 
contains more information than character L) whose transla-
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tion invariant representation is learned when the system 
reached a resonant steady after 29 iterations of the network. 
The attentional layer is then reset and attention shifts to 
character L which is learned at iteration 56. 

The data in the right column was obtained when the 
second image was presented to the network. As before, the 
network was frrst attracted to the character M, but took only 
21 iterations to reach a resonant state (because the shapes 
have been previously learned during the exposure to the first 
image and ART -3 's recognition nodes causedaresonantstate 
much sooner). Character M wasrecognisedafter21 iterations 
and character L after 39 iterations. 

4.2 Pre-cueing Target Locations 

To fully appreciate how the network behaves when pre-cued 
to a valid (or non-valid) visual location of an impeding target 
stimulus, it is required to run the simulations over a large 
number of different input conditions. For example, precueing 
target locations at different distances from the fixation point, 
varying the validity of the cue, and repeating this for different 
cue-to-target inter-stimulus interval (stimulus onset 
asynchrony or SOA), and doing so at a number of contrast 
levels of both the cue and the target stimulus. In order to 
reduce this to a computationally manageable set of simula-
tions that still reveal the important characteristics of the 
network, we have restricted the simulations to a single 
contrast level of the target stimulus (and the cue) which was 
presented at varying distances from the fixation centre and 
have repeated the simulation at each location a number of 
times and each time incremented the cue-to-target time 
interval. Note that the cued position was valid for each 
simulation (ie., the target stimulus was always presented at 
the cued location). Since even this restricted set of simula-
tions is still formidable when the 2-D version of the network 
is simulated on a 486 PC, the results shown below were 
obtained with the 1-D version of the network. The target 
location was cued by presenting the network with a constant 
amplitude signal whose spatial extent equalled in size to the 
impeding 1-D target stimulus and then removing the cue at 
the onset of the target stimulus. 

Fig. 7 shows the results of the cueing experiment These 
simulation results resemble the psychophysical data from 
target pre-cueing experiments [8, 9, 10, 24]. First, the results 
support the psychophysical data that shows that the benefit 
of target pre-cueing is a function of distance of the cued target 
from the fixation point. Second, our results also agree with 
the observations that the benefit of target pre-cueing on the 
recognition time increases with longer SOA's and that the 

fastest increase in the benefit is at short SOA's. The most 
surprising result of the simulation is that at long SOA's the 
benefit to reaction times begins to decrease (ie., the 
recognition time begins to increase). Retrospectivelly, we 
can now interpret this result and attribute it to the fact that at 
long SOA's, the cue itself has had long time to sufficiently 
deplete the transmitter levels of the cued pathways so that by 
the time the target stimulus is presented, its transmitter gated 
signal is much weaker and takes longer time to surpass the 
level of inhibition from the fixational neurons. The increased 
reaction time at longer SOA's is actually observed with 
human subjects [24] and is probably due to the habituation 
of the pulvinar neurons. 

The other significant result that can be noted from the 
above graphs is that the regression in the reaction time is 
faster and occurs sooner for far locations, that is, further the 
cued location is from the fixation centre sooner will it begin 
to feel the rise in reaction time. This is attributed to the fact 
that the level of fixational inhibition that needs to be 
surpassed by the transmitter gated post-synaptic potential 
increases as a function of distance from the fixation centre. 

35 
;;c 

830 
0 
~ 25 
=i 
~ 20 
--! 
~ 15 
fTl 

10 

5 

o ~~~--~~~~~~~~~~~ 

0 5 10 15 20 25 JO 35 40 45 50 

SOA 

Figure 7. Results of target pre-cueing at 5 different locations. 
Note that the recognition tune is represented by the number 
of iterations and is measured from the onset of the 
target-stimulus. Each successive SOA is incremented by 
presenting the target stimulus at successively longer delays 
from the onset of the cue (data shown is for 40 different 
SOA's). 

Figure 8 shows how the reaction time of the network 
varies as a function of different input contrast levels (strength 
of the input features). As in the above simulations, the 
network is first exposed to a blank input field so that a steady 
state is reached at fixation and is re-initialised on each new 
stimulus presentation. 
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Figure 8. Recognition time (number of iterations required 
for ART-3 to resonate) for the network exposed to three 
contrast levels of the input stimulus (a-low, b-medium and 
c-high) as a function or stimulus distance from the fixation 
centre. Time is measured from the onset of the target 
stimulus. 

4.3 Attentional shifts 

To illustrate how the neural activity in the frrst attentional 
layer changes when the network begins to shift its spatial 
attention to different locations, we have presented the 
network with a stimulus in one part of the input field after it 
has reached a steady state with at another spatial location. 
Fig. 9 shows how the distribution of activity across the frrst 
attentionallayer changes when the network begins to shift 
its attention. The graphs show how the attentional activity 
begins to built on the left while at the same time suppressing 
the attentional activity on the right hand side. 

This simulation illustrates that when attention is shifted 
from one peripheral location to another it does not have to 
pass through the intermediate positions. However, the 
minimum peak of inhibition (not shown here) does travel 
across the intermediate spatial locations. Thus, there will be 
a small time window during which intermediate locations 
will benefit by this transient shift in the minimum peak of 
inhibition (this benefit is observed in psychophysical 
experiments but its cause is not well understood). 

5. Discussion and Conclusions 

This paper has introduced a theoretical neural network 
model of pre-attentive biological visual spatial attention and 
translation invariant pattern recognition in a self-organising, 
stable and real-time learning hierarchical neural vision 
system. The network addresses the pre-attentive (bottom-up) 
visual spatial attention processes of biological systems and 
is a crude model of interactions that are found to occur 
between the following visual areas: V4, parietal cortex, 
pulvinar and other thalamic nuclei, anterior cingulate gyrus 
and the inferior temporal cortex [6, 20, 22, 23]. For 
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computational convenience, we have ignored a large fraction 
of the early visual processes (such as the spatial frequency 
and orientation tuning properties of cells in the primary visual 
cortex, area V 1) and have assumed that boundaries of objects 
represent the afferents to the visual area V4. 

~:1 _,------
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j 
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r I A c::::::::. 

I /\ .:::::::: 

I /\ ..::::::::: 

I /\ -
i .-A 
I/\ 
I/\ 
~~-= 
~~ 
J cell postiJn 25 

Figure 9. Attentional shifts and the distribution of attention. 
The data is from successive iterations at a time when a new 
stimulus appears at the left part of the input. 

Computer simulations of the network in a number of 
scenarios have shown that the network has considerable 
processing capability and that its attention shifting dynamics 
correlates well with the behaviourally measured psycho-
physical data on human visual spatial attention. The aim of 
the simulations was to show that the network can perform 
translation invariant representation (and recognition) of 
translated stimuli. Whether the network can discriminate 
between different stimuli is dependant on the ART -3 network 
(rather than the attention shifting network). Hence there is 
no need to test the network on a whole range of different 
shapes (or the whole alphabet set) since that will only test 
the discriminatory power of ART-3 (which can be controlled 
by a single parameter, called vigilance [5]). However, the 
problem of input selection becomes more difficult when there 
are several competing shapes at the input, especially when 
they share many common features and are closely spaced in 
the input (as is also found in psychophysical experiments). 
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In such cases humans generally move their eyes to the desired 
location. Since the presented network models only the 
bottom-up attentional selection, it fails in cluttered scenes. 
We have recently reformulated Grossberg's Adaptive 
Resonance Theory for cluttered and complex visual sensory 
environments and will be discussing the extended and more 
superiornetworkelsewhere. The present work therefore aims 
to support the view that the function of visual spatial attention 
in biological visual systems is to align the object centred 
frame of reference (object's centroid) with the internal frame 
of reference. That is, the object's centroid is aligned with an 
internal frame of reference to enable position invariant 
coding (and recognition) of objects by the inferior temporal 
neurons. The model thus forms a good neurocomputational 
test-bed for the development and the study of a more 
advanced neural theory of selective visual attention and 
robust object recognition in complex, cluttered and noisy 
visual inputs. 
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