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~ Abstract—We describe a model of invariant object recognition feedback system, based on top-down (endogenous) goal-based
in the brain that incorporates feedback biasing effects of top- competition. The assumptions made in this work are based on

down attentional mechanism on a hierarchically organised set ;
of visual cortical areas. The model displays a space based and aa number of previous models [1], [4], [5], [6]. [7], [8]

object based visual search by using a top-down attention feedback
model from posterior parietal modules and interaction between
the two processing streams dorsal and ventral. Il. ARCHITECTURE

. INTRODUCTION A. Basis of the model

Vision is a sufficiently complex problem that benefits from N
computational neuroscience approach that is closely linked to-lfhe pre§ented model uses goal-pqsed competition betvyeen
empirical neurophysiological investigations. A typical scene ¥10Us objects representations, as it is based on related single
far too complicated for the visual system to process it in all ig€!l observations in the anterior temporal cortex in monkeys
detail in a single time step. Psychophysical experiments hat@fforming saccade to object shapes matching previously
found that when one searches for a target among distractéf&Sented ones among a set of distracters [6]. The bias may
the addition of homogeneous distractors typically increasB§ bottom-up, such as brought about in exogenous attention
the time needed to find the target, as does increasing §@trol by sudden onset, or can arise from a top-down (en-
homogeneity of existing distractors. Thus, the visual systemdggenous) goal to observe some target feature such as specific
limited in its capacity to process information [1]. However, it i€oloured objects or to observe a particular object such as blue
equipped to overcome this constraint because it can direct thf/are in a spatial bias location. In this paper we are presenting
limited capacity channel to a location of the object of interest model that uses top-down attention approach.
Subjectively, attending to a given object reduces our awarenes# goal-based competition, the attention feedback biases
of other objects among the clutter. As a result, our ability this competition in favour of the attended stimuli. When the
identify a given object maybe unaffected by the presence a@idiention is directed to one of two stimuli, this should excite
number of distractors. neurons activated by the attended stimuli and suppress the

Visual attention is broadly divided into two parts, spatidiesponses of the neurons activated by the ignored stimuli. As
and object-based attention. When an object is selected on #gheesult the neurons that respond to attended stimuli maintain
basis of information about its location in the visual field, thBigher mean firing rates compared to those responding to other
selection process is referred to as spatial attention. When gtignuli.
object is selected on basis of information about its identity fMRI studies show that when multiple stimuli are present
(i.e. shape and colour) the selection process is referred tosaaultaneously in the visual field, their cortical representa-
object-based attention [2]. tions within the object recognition pathways interact in a

The model presented in this paper contains 6 areas such t@nhpetitive suppressive fashion [9], [10]. Further experiments
they resemble two known visual paths of mammalian visuabnducted by Reynolds [1] show that attention can either
cortex [3], [4], [5]. Information from lateral geniculate nucleusncrease or decrease neuronal responses depending on the
(LGN) enters the visual cortex though V1 and proceeds inthange in response caused by addition of the ignored stimulus.
the two processing streams: ventral and dorsal. The ventitalvas seen that the biased competition model was observed in
stream is responsible for object recognition invariant of posinonkeys V4 and V2 neurons. According to Deco [3], attention
tions and scaling. The dorsal stream is concerned with presess a greater influence for higher areas of visual cortex (IT,V4
vation of spatial information of the objects such as locatiomnd V2) compared to lower areas of visual cortex (V1). The
The model of spatial and object based attention, describedgioal-based competitive model presented in this paper is build
this paper incorporates interactions between the dorsal ‘wheire’ with accordance of existing hypotheses and constraints
and ventral ‘what’ of the visual stream. It incorporates described in various attention model [3], [4], [6], [7].



B. Architecture Spatial Goal (1x3) Obj3X3)

The attention model has 6 areas: LGN-V1,V4, LIP, IT and
Spatial Goal and Object Goal (fig. 1). It was build using s T (3x3)
spiking neurons with active dendrites and dynamic synapses ==
(ADDS laF) [11], [12].

LIP is part of the dorsal stream and plays a key role in
spatial attention related to saccadic eye movements. It receives
inputs directly from LGN. and represents the location of an
objects in the visual scene. Spatial attention is location specific
and its effects are mediated by goal biassing inputs having
effects via feedback into LIP. LIP is then further used to give
spatial information to the ventral stream. The spatial attention
is done with inhibition depending on the goal of the spatial
attention. LIP plays a key role in control of spatial attention
[13], [14]. When LIP neurons were studied they had at least
one object in its receptive field. The response of the LIP
neurons depended on the location of the target that matched
the cue. The neurons did not respond when the cue identified
the neurons outside their receptive field [5]. However whe'&l
the identified target was in their receptive field the neuron
started to respond after the presentation of the cue. There arEor the experimental results presented in this paper, we had
evidences that show that the dorsal and the ventral strea@nset of nine different objects: 3 shapes (Square, Triangle
interact with each other [15], [16], [5], [4]. and Circle) and 3 colours (Red, Green and Blue). All the

There is evidence [17], [18], [14] indicating that the dorsa@xperiments were done in MPGenesis Neural Simulator [22]
stream plays an important part in object-based attention, as @l were performed on a Beowulf cluster of 56 nodes.
dorsal stream or LIP is referred in order to have the location TO investigate attention within our model, we had various
of the objects. The ventral and dorsal stream work togethggnditions under which the model was tested. For the results
and V4 receives its inputs from V1 and LIP. V4 has shiffhat are presented in this paper, we have chosen to “attend”
invariant responses to various stimuli therefore each part tffour object in three spatial areas. At the bottom there are
V4 has 3 sets of neurons that responds to shapes (fig. 1). TMig objects a red square and green circle. At the middle of
provides the information to the IT about the various object1e visual field we have a green triangle and at the top right
V4 can see all the objects, that are there in the visual field. TR@ner we have a blue circle. We also test our model, with a
inputs from LIP would make the object neurons in the spati&Patial field when an object is not presented.
attention field spike at a higher rate then neurons outside thelhe following section presents comprehensive results of the
object field. overall attention process in our model. This section begins

There is evidence that at higher levels of the visual corté¥th results a summary for attention under different conditions.
spatial information about the object is lost [16]. In our modeihe next sections deals with various other conditions under
IT is where object attention takes place [19], [16]. LIpvhich the model was tested and further tested for parallel
influences IT indirectly via V4. V4 gives inputs to IT about the/isual search and Posners paradigm test for the model.
entire object set in the visual field. There are nine neurons for
IT one each for each figure. Here the attention is controlled By Results
potentiation. The neuron spikes only when objects are receivedrhe model is presented with an image containing all four
from V4 and when goal is met. IT will not spike unless théigures at 100ms (fig. 2). The response time for the model

LIP (27x18)

Input Image — LGN - V1 (27x18)

Fig. 1. A schematic representation of the neuron spike model.

Experimental Setup

goal is set and it receives its inputs from V4. to the image is 115ms for LIP and V4. The input drives the
neurons in LIP, V4 and IT to spike at 4Hz.
I1l. EXPERIMENTS AND RESULTS The experiment begins with no goals for the first second.

Neurons in LIP and V4 respond to the objects in receptive
Object based attention may have limiting effects in a overdields with high firing rates. Then, at the 1sec. attention is
visual scene, it proves to be very effective within a spatialyirned on. Then, every second the attention goal is changed
attended region. Experiments have shown that the attentioreither spatial or object or both. The attention is first set to
first directed to the object’'s spatial region where the object &tend to the bottom of the visual scene and a red square, then
present, then it calls object based attention [20], [21]. Posrterthe middle and a green triangle and finally to top and a blue
[21] shows that the attention is directed to a region of visualrcle. We also have shown results of how model behaves when
display where the target might appear [2]. These are the baids attending to a particular spatial region for an object and
of various experiments presented in this paper. that the object is not present.



The results then further explain the parallel search cagaehaves at neuronal levels when there is a object present in
bilities of the model presented and we also have applied tthe spatial region that is being attended. For the final attention
results to the Posner’s paradigm. goal, we keep the object attention to the space where the

1) No attention:In figure 2, in the first second, there is nalesired object is not present in the visual area. Here we see
attentional goal and therefore even though LIP and V4 neurathsit there is a high frequency of the neurons that are firing in
are spiking at higher rates there is no response in IT. IT in o4 and LIP, but the IT does not respond.
model is based on potentiation and needs input from both V4This is very interesting from a lot of perspectives. If the
and Object Goal. object goal is not found in the spatial region i.e. neurons in IT

2) Attending to bottom and red square (figure 2 1-2sec afhve not responded, the spatial attention goal should change in
figure 3): At 1sec we set the first goal (red square in therder to look for the object in different space. In other words,
bottom area of the visual field). This inhibits the LIP neuronthis would trigger a search task to find the object. It also helps
which are not in the attended areas (middle and top), while the serial search algorithm, that the bias of the region is
the firing frequency of the ones in the bottom area remainshibited with a decaying to return to zero [23]. Using this
unaffected (fig Za) and(b)). Since the LIP neurons influencemethod it prevents the spatial attention from returning to the
V4, this effect is forwarded to that area. V4 neurons whickame spatial location for the same object.
represent objects in the attended area maintain their high firings) Visual SearchVisual search is one of the main functions
rates. The neurons representing objects outside the attendkattention. In visual search tasks, subjects are commonly
area receive much lower input from LIP, and as a result theisked to detect the presence or absence of a target display
firing rates are reduced. containing distractors elements. The response time is measured

The effects of inhibition in terms of reduced firing rates aras a function of the number of elements in the display. The
seen around 1.08sec for LIP and 1.12secs for V4. (fifr)2 shape of this curve indicates something about how subjects
(b)). We see responses in IT around 1.14 seconds (f@).2 perform the search tasks. Flat curves, in which response time

The goal here is to attend to a red square and at the bottdoes not increase with the number of elements is a suggestive
of input. We can see that there is a change in the firing raté parallel search across the field. Curves with steep slopes,
of the neurons. The LIP neurons that are outside the spatralwhich each additional element increases the response time
attention have their firing rate decreased and this can also[B4], are suggestive of a serial search. For example, searching
seen in V4. There is a response in IT also to the object tHat a blue square among circles produces a flat response curve.
we are attending to. There is no response in other IT neurddsarching for a plus among horizontal and vertical distractors
as IT neurons require high frequency spikes from both V4 aptdoduces a positively sloped curve. Variety of promising
the Object Goal. Neurons in V1 and LIP that are respondirmmgmputational models have been devised to replicate various
to the object at the bottom of the visual scene, are firing atagpects attentive visual search [23].
higher frequency than the neurons which are responsible foiln this paper we are presenting a model of parallel search
other objects present in other parts of the visual scene (fig. @jth our attention model. According to Deco and Zihl [15]

3) Attending to Top and Blue Circle (figure 2 sec 3-4 anil is plausible to build a neural system for visual search,
figure 4): The goal was to attend to the top of the visual scenghich works across the visual field in parallel, due to the
for a green circle. As observed in previous section IlI-B.2, astrinsic dynamics of the attention system, visual attention can
soon as there is a change in attention there is a significaerform parallel search. Based on this, we demonstrate that it
difference in the firing rate. We can observe, as the attentiorissplausible to perform visual search. Our visual attention can
changed, and that there is a difference in firing rate of neuropgrform search across the visual field in parallel.

The neurons that have been firing at a high frequency for theWe assume that targets and distractors are known in advance
previous goal, now fire at a lower frequency. This can be noted. all the display elements containing similar feature are
from the mean firing rate graphs (fig. 2b and 4c). When thiiscarded. In our case we search for a red square among
attention changed, there is a delay between the change intle blue circle, green triangle and green square. Our search
attention compared to when for the first time attention is sehethod is a parallel search method and therefore based on an
This delay in the LIP neuron exists because neurons need tiem@ogenous attention method. With spatial attention present
to recover from inhibition from the previous attention. Théhis enables the model to select a region. The selected region
delay is a very small period of approx. 20ms. In our modefay contain one object or multiple objects. Neither explicit
when spatial attention is in extreme corners, it can still inhibéerial focal search nor saliency maps are used.

the whole of LIP and reduce the firing rate of LIP and V4 In our search task we have the target as a red square along
neurons. This is an important factor for visual search. If theith one to four distractors. Different objects were placed as
object is not found in the current spatial region, visual seardistractors at random positions in the visual field. Searching
would look at spatial regions with high levels of activations ifior a element with distinctive features is easy [16], in our
V4 and LIP in order to attend to that spatial region and searchse these features are shapes and colour. Since the elementary
for the object. features in the object chosen are distinct a red square would

4) Attending to bottom for blue circle - not present (figurepop-out easily and can be localised independently without
2: 4-5sec. and 5):We have seen how the our attention modehe number of other distracting objects. An attention network



ElEe—— 1 -
e o T R —_—
e - ] o o
i o e
o —— T T —
I ma e e s e 7j D I - ]
1 L L L L ]
N T ST s T e S Pl e me=ra
T A O T O A,Jg I a2
{ UL T COC L L CE LU EE e i ] —
T N R | b— I :
1 T O T O T z—J R e
A O A A A M ﬁ\‘— - : ]
3 o A N 1 ]
o HHO.‘SHHJ‘H‘j.‘;”"l‘”!;”‘l”H}.‘SHH“H‘!S"HS‘ "OHHG.‘SH\Il\H\j.‘s\l\\E‘H\!SIH\J{H\IVSHHAWHL.S\H\S 07HH‘HH‘\\I\‘H\\‘HI\‘HH‘HH‘H\\l\\\\‘\\\\l
(@ (b) (c)

Fig. 2. (a) Summary of the attention experiments and its results. X-Axis represents time and Y-Axis represents neurons. 1-4 LIP Neurons, 6 to 9 V4 neurons
the rest are the IT neurons. Of all the neurons these are the relevant neurons selected where the attention was taking place during experiments presented i

this paper.(b)Mean Firing Rate of V4 and LIP neurons. Neurons from 1 to 4 are LIP neurons and 4 until 8 are V4 nécydvisan Firing Rate of IT
neurons.
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Fig. 3. This is neural behaviour of when the focus of attention is on the bottom towards the red &@juaireng rate of the neurons to attend to a red square
at the bottom of the visual scene. X-Axis represents time and Y-Axis represents neurons. 1-4 LIP neurons, 6 to 9 V4 neurons, the rest are the IT neurons.
(b) Mean Firing Rate of V4 and LIP neurons. Neurons from 1 to 4 are LIP neurons and 4 until 8 are V4 néckrdfsan Firing Rate of IT neurons.
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Fig. 4. (a) Summary of the attention experiments and its results. X-Axis represents time and Y-Axis represents neurons. 1-4 LIP Neurons, 6 to 9 V4 neurons,
the rest are the IT neurongh) Mean Firing Rate of V4 and LIP neurons. Neurons from 1 to 4 are LIP neurons and 4 until 8 are V4 nécydrisan
Firing Rate of IT neurons.

always acts to develop and select display elements, therefor&Vith extensions to the model, a wide variety of other data

in parallel search it is necessary to modulate over featurescem be addressed, including response-time curve for effects

be selected otherwise, the target may be suppressed and ofayarget distractors homogeneity. The goal here is to present

not be detected. In other words, response time is independeatallel visual search which our model performs.

of the number of distractors. Our model shows similar results

(fig. 6 and 7). In order for us to check parallel search in our 6) Posner paradigm simulationsThe Posner paradigm as

model, we also presented all the four distractors and targetdgscribed in [6], explores the manner in which attention is

the same time. Similar results were observed. moved either exogenously or endogenously. The subject views
a lighted screen on which the stimuli appears. They are
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Fig. 5. The neuronal response when the correct object is not presented in the spatial attenti@)Xiéidis represents time and Y-Axis represents neurons.
1-4 LIP Neurons, 6 to 9 V4 neurons, the rest are the IT neur@sMean Firing Rate of V4 and LIP neurons. Neurons from 1 to 4 are LIP neurons and 4
until 8 are V4 neurons(c) Mean Firing Rate of IT neurons.

Parallel Seareh respond to the presence of X by pressing the button as soon as
possible and the response time is measured. It is found that if
03 there are valid cues (when the cue position is the same as that
e of the target) there is a speedup of the response time compared
oz to both of the boxes lighting up (exogenous) or a two way
o central arrow (endogenous). On other hand if there is an invalid
g{; cue (when target appears on the opposite side of to the cue
017 . T 1 direction) then there is a delay of response compared to the
HmpeLoL B reeters double cued cases. The difference of the reaction time in the

invalid and valid cue cases is called as attention benefit. The
Fig. 6. Parallel search curve. The X-axis is the number of distractors aﬁ@rad'gm is important since there is considerable experimental

Y-axis is the response time of the IT neurons. The response time of the dfata associated with it, little of which has been simulated.
neurons fluctuates between 0.22sec to 0.28sec independent to the number of

distractors in the visual field. . . ;
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Fig. 8. Firing times of IT neuron in Posner experiments. We have measured
(d) response time for valid and invalid cues for 50 presentations of each. The
IT neuron for valid cue responded between 0.2sec and 0.25sec whereas for

Fig. 7. Here is the response of IT neurons for the objects being searchedfflid cue the response time was between 0.35sec to 0.4sec.
(a) Response of IT neuron with a single distractgb§Response of IT neuron

with a two distractors(c) Response of IT neuron with a three distractgdj. In this paper we simulated a test of the attention model.
Response of IT neuron with a four distractors. It is observed that the respo

time of the IT neuron remains the same. The response time if shown in figgjéﬁa“tatlve!y’_ humans benefit most from a valid exogenous
6. cue when it is presented approx 100-200ms before the target,
while the endogenous cues are most beneficial with an onset of
asynchrony of at least 300ms [25], [6]. The benefits provided
required to fixate on a central cross throughout the experimelpy. the cues declines rapidly after 200ms, while endogenous
A cue appears, either by brightening of the stimulus eitheues continue to remain beneficial for several seconds at least.
to the left or the right of the fixation point (exogenous We have simulated experiments for valid and invalid cues
attention direction) or by central arrow pointing to left ofor endogenous attention. Invalid cues were placed in the
right (endogenous attention direction), to direct attention twottom of the visual field while the valid ones and the objects
the appropriate side of the fixation point. After a subsequenere in the middle of the field (fig. 8). The reaction times of
stimulus appearing a certain time after the initial cue a targdt neurons were different for valid and invalid cues. There
appears. This is either a cross or an X, and the subject hasite two main contributions to the time difference between the
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