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Abstract. When searching for a target in a visual scene filled with dis-
tractors, the mechanism of inhibition of return prevents revisiting previ-
ously attended locations. We proposed a new computational model for
the inhibition of return, which is able to examine priority or saliency map
in a manner consistent with psychophysical findings. The basic elements
of the model are two neural integrators connected with two inhibitory
interneurons. The integrators keep the saliency value of the currently
attended location in the working memory. The inhibitory inter-neurons
modulate a feedforward flow of information between the saliency map
and the output map which points to the location of interest. Computer
simulations showed that the model is able to read-out the saliency map
when the objects are moving or when eye movements are present. Also, it
is able to simultaneously select more then one location, even when they
are non-contiguous. The model can be considered as a neural implemen-
tation of the episodic theory of attention.

Keywords: Attention, Computational model, Neural integrators,
Saliency, Target selection, Visual search.

1 Introduction

Visual search for targets of interest constitute an important function performed
by the brain. Initial psychophysical investigations suggest that the search can
be performed in two distinctive modes: 1) the fast, parallel mode when a target
differs from distracters in a single leainre and 2) the slow, effortful, serial mode
when a target is distinguished from distracters by a conjunction of two or more
features. Later research indicated that this distinction is not as simple and some
conjunctions of features can be processes in a fast, parallel manner [19].
Computational models of visual search assume the existence of a saliency
or a priority map, which represents the measure of the relative importance of
spatial locations in the visual field [18]. The saliency map combines a registered
feature contrast in feature maps for colours, brightness, orientations, ete. [10,11}.
Different features are conjoined into a unique map over which serial process is
issued to select the most active location. It is not yet clear where in the brain
the saliency map is computed, but there are several candidate regions, including
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parts of the parietal cortex, the frontal cortex and the thalamus [18]. Lateral
inhibition implementing winner-takes-all (WTA) behaviour is assumed to read-
out points of interest in the saliency map. In order to move attention to a new
location, the most active location is inhibited and, therefore, removed form the
competition, which allows the selection of the next most salient location. This
process is called the inhibition of return. Psychophysical investigation confirmed
the existence of such a mechanism {12].

However, the proposed mechanism for the inhibition of return has several
limitations; it can search a visual field only if all the objects are stationary and
if eye movements are not allowed. That is, it does not operate on an object-level
frame of reference because there is no way to move an inhibitory tag with the
moving object [11]. Furthermore, it can select only one location at a time, while
the psychophysical data indicates that humans are able to group elements based
on their features, and to evaluate them through a single processing step [7]. Also
there is evidence that the focus of attention could be split into more than one
location [15]. All these facts point to a need for a more elaborate mechanism
for spatial shifts of visual attention. The aim of the presented research is to
introduce a new model of visual search which exhibits flexibility observed in
psychophysical studies. It incorporates two neural integrators and two neural
modulators, as a central part which keeps track of the history of the visited
locations.

2 The Model

A new proposal for a neural model of serial visual search is based on the idea
that there are two specialised neurons which modulate the feedforward flow of
information between the saliency map and the output map which points to the lo-
cation of interest (Fig 1.). This is a minimal neural architecture that can support
sampling of neural activity in the saliency map by its magnitude [5]. It enables
selective amplification of inputs with different magnitudes using simple opera-
tions such as neural integration and thresholding. Proposed neurons operate as
neural integrators. They store the saliency value of the current spatial location
in the working memory until a decision is made to move attention to a new
location. The integrators are connected with two inhibitory neurons which con-
tact dendrites of the neurons in the output map. These inhibitory interneurons
can be called modulators or gating cells [3). Neural modulators do not influence
target neurons directly, rather, they modulate the amount of activation that
a target neuron receives from other sources. Effectively, interneruons create slid-
ing thresholds for the neurons in the output map. The neurons in the saliency
map project excitatory and inhibitory connections to the output map which sig-
nals the current location of the focus of attention. Projections are one-to-one
without the lateral spread. Inhibitory connections are mediated through a sepa-
rate set of feedforward inhibitory interneurons. The neurons in the output map
operate as a simple McCullogh-Pitts type of units. They are activated only if
the excitatory input cross the threshold but the inhibitory input does not cross
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Fig.1. A neural model for the inhibition of return which reads-out the saliency map
and the result is presented in the output map. Open circles are excitatory neurons and
filled circles are inhibitory neurons. Arrows indicates connections and the direction of
the signal flow. Dendrites are depicted as lines with T endings. The feedforward signal
flow between the saliency and the output map is dynamically modulated by two neural
integrators {x: and «2), which are connected to two inhibitory interneurons (y1 and
y2). Interneurcns are connected with dendrites of the neurons in the output map and
their corresponding interneurons.

the threshold set up by the interneurons. Formally, the model is described as
follows. The activity, O, in the output map at spatial location, {i}, is given by

d0;
dt
where A is a passive decay, B(C) is an excitatory (inhibitory) saturation point.
The term, S;, denotes activity in the saliency map at the corresponding location,
{i}. The function, fla}, denotes the output from separate dendritic branches of

the O; neurons and it is modelled as a -1 function with the value 1 if & > 0 and
0 if @ < 0. The total activity in the output map is denoted as

Or=Y 0; (2)

The activity of the inhibitory modulators y; and y; is given by

= —AO; + (B = O3} f[8: — 1] — (C + O)f[S: — y2] (1)

d d
%=—y1+m1 and di:=—yz+mz (3)
Inhibitory modulators receive excitation from two neural integrators z; and z»
described as 4

T
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where

= —An+ (B 2)(RO) Sl Or)) ~ (C+ s)ufll - O] (®

and
d22

dt
The term —x; and —x, describes the passive decay of the neural activity in
the absence of the input 7. However, the passive decay is multiplicatively gated
by top-down signals z; and z,, which enable or disable activity decay. Term
w denotes synsaptic weight of inhibitory influence to top-down signals, which
can assume values in the range between -1 and 2 due to the fact that we set
B =2 and C = 1 in the simulations. Top-down cells are driven by the reset
signal R(t) which provide information about mismatch between input pattern
at currently attended location and target pattern which is searched [7). When
R(t) is 0, there is no mismatch, z; and %g remains inacitve and the passive decay
is disabled so the integrators z; and z, sustain a current activity value. In this
way, the basic property of the neural integrator is achieved without a need to go
deeper into a complicated network and cellular mechanisms responsible for the
neural integration (2],

Prior to the start of the visual search, z; and z; are 0 while x; and z, are set
t0 a certain high value by the non-specific input signal, J (t). Non-specific input
signals are above zero for an initial period of time t < ¢y after which they are
set to I(to) = 0 for the rest of the visual search, ¢ > 5. When the mismatch
between target pattern and input pattern occurs at ¢t > tp, the reset signal, R, is
set to 1 (for a short period of time), which enables activity decay of the z; but
not zz due to the fact that Oy = 0. The decay is stopped when the activity of
the x, reaches the valuc of the location with the highest saliency in the saliency
map. This moment is signalled by the presence of the activity in the output
map. Therefore, 21 = 0 when O > 0. The activity in the output map emerges
as a result of the reduced inhibition in the dendrite which transmits excitation
to the O;. In this way, the location with the highest saliency is represented in
the output map. When the template matching between input and target pattern
is finished and if another mismathch occured, another reset signal, R, is issued,
which enables activity decay of the 1 becasue, now Or > 0. The decay of the z»
is stopped when it reaches the value of the x,. This moment is signalled by the
removal of the activity in the output map Ot = 0. That is, z; becomes 0 when
Or = 0 due to the fact that excitation and inhibition cancel each other out at a
particular O;. After the disengagement, the attention may be directed to a new
location by next reset signal R, which enables x1 activity to decay further to the
next most salient value.

The saliency map, S, is assumed to be computed in a manner proposed
previously [10]. Synaptic weights between the saliency map and the output map
are all set to the unit strength and they are not explicitly represented in the
model. Therefore, excitatory and mhibitory connections cancel each other and
the output map can not be activated directly by 3; alone. However, the inhibition

= —An+ (B - 2)(R(t) * f[Or]) - (C + z2)wf(Or] (7
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from modulators enables selective gating of feedforward signal flow between S,
and O;. Modulators operate like a gate which opens or closes depending on the
top-down signals. The gate opens when the first modulator y; decreases in its
activity up to the level of the location with the highest salience. This location is
selected in the output map and it can be evaluated by other visual areas. When
the reset signal forces the network to move attention to a new location, the
second modulator yp decreases its activity to the level of the first modulator. At
that moment, the gate is closed and attention is disengaged form the old location.
Closing of the gate is signalled by the absence of the activity in the output map.
However, the first integrator (and modulator) is pushed to further decrease in
its activity (by another R) due to the mismatch between target pattern and
empty inputt. The new location is selected when its activity is bellow the second
most active cell in the saliency map (the gate is open again). The same cycle
of activity reduction can be repeated as long as the target is found or all the
locations are visited. With the constraint that the integrator activity can only
decrease during visual search, we implemented the mechanism of inhibition of
return. A similar model has been proposed for the read-out from visual short-
term memory [5]. The difference between these two models is the introduction of
neural integrators in the present proposal which were not necessary for modelling
a feature binding.

The proposed mechanism depends on an assumption that every object is rep-
resented in the saliency map with a single node or with several nodes of the same
activity value. However, activity in the saliency map is distributed and can be
described with The Gaussian Function of Distance from the object’s centre-of-
mass. This poses a problem for the model because neural integrators decrease
their activity in a continuous fashion. Therefore, the visual search may be stuck
on the same object because many of its points may have greater activity value
than other objects due to the Gaussian spread of activity. A simple solution to
this problem is to add a processing stage between the saliency map and the out-
put map which sharpen the saliency representation by using lateral inhibition.
This extra network layer should implement the local WTA behaviour where the
locally strongest nodes remain active, while the other nodes are shut down.

3 Computer Simulations

Computer simulations illustrate several important characteristic of a new model.
Fig 2 illustrates the network state at different points in time during the visual
search, The simulations start with integrators set to a high activity above the
saliency value of any point in the saliency map (Fig 2A). When the first inte-
grator reduces its activity, the most salient location is selected as it is shown in
the output map {Fig 2B). When the second modulator reduces its activity, the
output map is silenced until the first modulator reduces its activity further and
the next most salient location is found. Fig 2 demonstrates that attention jumps
between nonadjacent locations without visiting intermediate locations because
activity in the output map is silenced during the jump. Furthermore, the model
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Fig. 2. Computer simulation illustrating the basic properties of the proposed model.
A) Activity of neural integrators, z1 and z2. B) Activity of the cells in the output map
positioned at the location of stimulus, ;. C) Activity of the top-down signals, z; and
za. D) Activity of the cell summing the total activity in the output map, Or.

is also able to select more than one location at once due to the fact that the
inhibitory modulation is global and there are no lateral interactions between
nodes in the output map. The selection of multiple locations does not depend
on whether they are connected or not. Therefore, the model can exhibit object
based attentional selection and split attentional focus at the same time [11,15].
Moreover, the present model can select simuitaneously all locations belonging
to the object’s representation. This is true under the assumption that saliency
computation is able to assign the same activity amplitude to all locations that
belong to the same object {6].

Figure 3 illustrates the model ability to select objects despite their movements
or the movements of the eyes. This ability depends on the assumption that
integrators (and modulators) can only decrease in their activity level during the
search. When the attention is moved from the most salient object to another
place, the object’s saliency level will remain above both modulators so it cannot
be selected again. The same issue arises with eye movements. They disrupt
spatial memory and disable visual search in serial models. In the present model
this problem is avoided by using the parametric working memory which keeps
track of the saliency value of the object and not of its spatial location.

Fig 3 also showed that the model is able to perform object-based inhibition-
of-return. This is true under the assumption that the object during motion will
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Fig. 3. Computer simulation illustrating the model ability to perform visual search
even when the objects are moving or eye movements are present. Top row indicates
stimulus movement and bottom row shows the response of the output map. A) Three
objects with different saliency values moves to the right and then to the left. During
the right movement they visited the same locations as during the left movement. Nev-
ertheless, visual search proceeds from the more salient stimulus to less salient stimulus
without interruption. B) Saccadic eye movement to the right and then second saccadic
movement to the left do not disrupt the visual search either.

not change the level of saliency. If they come close to each other they may
interfere with the process of saliency computation. However, in the experiments
with object-based inhibition of return, objects are usually far apart and there is
probably no violation of this assumption. Similar issue arises with eye movements
which can introduce new objects in the field of view. Adding of new objects
may disrupt the saliency of the old objects. Therefore, the visual search should
be stopped and restated. In cases where eye movements de not introduce new
objects in the saliency map, the visual search may proceed without interruptions.

4 Discussion

Computer simulations illustrate that the new model for the visual search has
several advantages over previous proposals. Firstly, it can select more than
one location simultaneously since it does not depend on the recurrent lateral
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inhibition. It is enough that two or more locations have the same level of activ-
ity in order to be selected together. Secondly, it is able to search the saliency map
even if eye movements are allowed and if object can move. Finally, the model is
a simple feedforward network without recurrent connections in the output map
which enable it to perform fast searches. Recurrent connections are necessary
only for integrators in order to be able to temporary sustain the current activity
level. A recent research showed that the sustained neural activity arises even if
network connections are disabled, suggesting that the intracellular mechanisms
are responsible for maintaining the elevated firing rate [2]. Here, the specific in-
stantiation of the neural integrator is not the issue. The important point is that
neural integrators are able to store the saliency value of the currently attended
location and to guide visual search by a gradual decrease in activity.

The new model can be considered as a neural implementation of the episodic
theory of the dynamics of visual attention. Based on a paradigm of attentional
gating, Sperling and Weichselgartner [17] suggest that attention moves across
space in discrete episodes. Each episode starts with opening of the attentional
gate in a particular location, extracting information at that location and closing
the attentional gate, which enables attention to jump to a new location. In
the proposed model, the opening of the attentional gate begins when the first
integrator (x1) reduces the activity bellow the level of activity in the saliency
map. In that moment, the location with the highest saliency is read-out in the
output map and can be processed by other visual areas. When the attention
should be directed to new location, the attentional gate is closed by reducing
the activity in the second integrator (x2). The activity of the second integrator
decays until the activity levels of both integrators are equal. At that moment,
attention is disengaged from a previously selected location which is observed as
a lack of activity in the output map. After that, the first integrator is again
pushed towards the lower activity levels by a top-down signal. The activity of
the first integrator decays until the next location is found. The implication of
the episodic theory of attention is that the time course of attention shift does
not depend on the spatial separation between objects, which is observed in the
behavioural study [17]. This result suggests that attention does not traverse
through intermediate locations between objects during the shift.

The proposed model shares some similarities with the model of the pointer
map for attentional recruitment. Hahnloser et al. [8] proposed that the atten-
tional influence on neural activity could be instantiated by pointer neurons which
are connected with all neurons in a sensory (or saliency) map. However, the
pointer map is a feedback model where pointer neurons modulate the recurrent
signal flow between neurons in a spatial map. Attention can be redirected to
a new location by moving the activity hill continuously over the map. On the
other hand, in the model presented here, pointers {integrators and modulators)
de not directly influence neurons in a saliency map but redirect the focus of
attention due to the gradual decrease in their activity. The pointer’s activity is
not registered in the output map. Their influence on the signal flow is indirect.
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In this way, the attentional shift between two nonadjacent points is achieved
without visiting intermediate locations consistent with psychophysical findings.

In order to remember the current level of activity during the attention engage-
ment at a certain location, we proposed that pointers should have the properties
of neural integrators [13]. That is, they should be able to sustain a certain level
of activity as long as the top-down signal is issued to reduce their activity. Neu-
ral integrators are a biophysically plausible mechanism for temporary storage of
activity magnitude. They are discovered in various brain areas where they sub-
serve short-term memory for analogue quantities such as current eye position,
frequency of vibration or spatial position. Also, there are several models which
explain how they may operate in real neurons [2,13]. Here, gated decay is used
as a simple variant of neural integrators, just to illustrate the point that they
may be responsible for visual search behaviour. Another feature of our model
is the introduction of the special inhibitory neurons which have modulatory in-
fluence on the feedforward flow of signals between the saliency map and the
output map. Anatomical studies suggest that calretinin-expressing interneurons
may operate in this way. Callaway [3] hypothesized that these cells may dynam-
ically route the signal flow by selectively inhibiting one pathway while at the
same time disinhibiting another pathway. Inhibitory interactions are assumed to
occur at dendrites of the neurons in the cutput map and their corresponding
inhibitory interneurons. Dendrites are modelled as independent computational
units with their own output function, f(a}, consistent with recent theoretical and
experimental work on dendritic computation {14].

Several models of visual search propose that the saliency map is not neces-
sary and there is no need for serial searching over it. The search is assumed to
occur in parallel within feature maps, and longer time of searching for targets de-
fined by conjunction of features is ascribed to dynamic properties of competition
within the maps [4,9]. However, recent brain imaging and electrophysiological
studies reveal that there is a serial component in the visual search. Muller et
al. [16] used fMRI to show that activity in the right intraparietal sulcus (IPS)
is modulated in proportion to the difficulty of the search task. Woodman and
Luck [20] showed that the attention shift between two objects requires about
100-150 ms and there is no temporal overlap in the allocation of processing re-
sources between two locations. They used event-related potentials (N2pc) as a
measure of the allocation of attention in the visual field during demanding the
search task. Behavioural evidence also supports the view that there is a serial
process in the visual search [1]. Here, we showed how the serial search could
be implemented in the brain using biophysically realistic mechanisms such as
neural integrators, modulators and dendritic computation. The model is able to
read-out the saliency map and to move spatial attention in a manner consistent
with several behavioural findings.
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