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1 In tro duction

Animals receive a vast amount of sensoryinformation in their interactions
with the natural world. The brain's limited processingresourcespermits only
a fraction of this information to be processedat any given moment in time.
Furthermore, this information is typically noisy and the animal's knowledge
of its world is almost always incomplete. The fundamental challengein such
an environment is to be able to selectand processonly thoseportions of the
sensoryinputs that are relevant to the particular task at hand and to the
animal's continued survival. Attention is nature's answer to this challenge.

Attention is often classi�ed asbeingeither overt or covert. Overt visual atten-
tion typically involvesmaking eye movements to shift gazeto \in teresting" or
task-relevant parts of a scene.Covert attention, on the other hand, involvesthe
abilit y to preferentially processan object or location in a visual scenewithout
shifting gaze.A usefulmetaphor for understandingattention hasbeenthe no-
tion of a spotlight or \search light" that canbe focusedon speci�c portions of a
visual scene(see(Desimoneand Duncan, 1995;Newsome,1996)for reviews).
Numerousmodelshave beenproposedfor simulating an attentional spotlight,
two prominent examplesbeingsaliencymapsand hierarchical routing circuits
(Hinton, 1981;Koch and Ullman, 1985;Olshausenet al., 1993;Tsotsoset al.,
1995;Niebur and Koch, 1996;Itti and Koch, 2000).

In this review article, we describe models of attention formulated at two dif-
ferent levels of abstraction: the �rst model explains overt attention during
visual search in terms of saliencymaps and iconic representations. The sec-
ond model, which is formulated closer to the neural implementation level,
provides an interpretation of covert shifts of attention without the useof an
explicit spotlight. The two models sharea commonfoundation in that both
acknowledgethe noisy and uncertain nature of the environment by utilizing
probabilistic principles for achieving their goals.

2 Probabilistic Con trol of A tten tion using Iconic Represen tations

Human vision reliesextensively on the abilit y to makesaccadiceye movements
to orient the high-acuity foveal region of the eye over targets of interest in a
visual scene.Many studies have shown that this overt form of attention is
controlled by the ongoing cognitive demandsof the task at hand (see(Rao
et al., 2002) for references).A key problem in most visual tasks is saccadic
targeting: how are points of interest selectedas targets for eye movements?

The targeting problem can be better understood within the context of a task
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such as visual search in which a subject executeseye movements to �nd a
memorizedtarget in the current visual scene.Three important computational
problems needto be solved: (a) the target object and the visual sceneneed
to be represented using an e�cien t visual code, (b) the contents of the visual
sceneneed to comparedwith the memorizedtarget object to �nd potential
matches,and(c) an eyemovement needsto beexecutedto the location deemed
most likely to contain the target object. Wediscussbelow a model proposedin
(Rao et al., 1996,2002)that addressesthesethree problemsusing iconic rep-
resentations, saliencymaps,and maximum likelihood estimation respectively.

2.1 Iconic Representationof Objects

The naive method of representing objects as grey-level imagesis clearly im-
practical, given the high dimensionality of such a representation and the lack
of invariance to transformations and view changes.A more e�cien t alterna-
tive is to encode objects iconically using a set of basis functions, or spatial
�lters (Jones and Malik, 1992; Lades et al., 1993; Rao and Ballard, 1995;
Itti and Koch, 2000).Such a representation approximates the transformations
imposedby the receptive �elds of neuronsin the primary visual cortex. The
model proposedin (Rao and Ballard, 1995;Rao et al., 1996,2002)utilizes a
set of oriented derivativesof Gaussians(Figure 1A, top panel) (Freemanand
Adelson,1991):

G� j
i ; i = 1; 2; 3; � j = 0; : : : ; m� =(i + 1); m = 1; : : : ; i (1)

where i denotes the order of the derivative and � j refers to the preferred
orientation of the �lter. The responseof an imagepatch I centered at (x0; y0)
to a particular basis�lter G� j

i can be obtained by convolving the imagepatch
with the �lter:

r i;j (x0; y0) =
ZZ

G� j
i (x0 � x; y0 � y)I (x; y)dx dy (2)

The iconic representation for the local image patch centered at (x0; y0) is
formed by combining into a high-dimensionalvector the responsesfrom all
basis�lters above at di�erent scales:

r (x0; y0) =[ r i;j;s (x0; y0)] (3)

where i denotesthe order of the �lter, j denotesthe orientation, and s =
smin ; : : : ; smax denotesthe scaleof the �lter. For computational e�ciency , a
Gaussianpyramid representation of the imagewasusedto generatemulti-scale
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responsesfrom a set of basis�lters at a �xed scale.As an example,Figure 1A
shows the �lter-based responsesat a given location in a cluttered scenefor a
set of �v e �lters at �v e spatial scales.It can be shown that the �lter response
vector at an image location provides an almost unique representation of the
local image region surrounding that location when comparedwith response
vectors from other locations or images(Rao and Ballard, 1995).

2.2 Targeting Eye Movementsin Visual Search

We now summarizethe model proposedin (Rao et al., 1996,2002) for char-
acterizing human eye movements in visual search. Supposethat objects of in-
terest are represented by a set of memorized�lter responsevectors r m

s where
m denotesa particular target object in memoryand s denotesthe scaleof the
�lters. Given a new input imageand a target object T, the model computes
a \saliency map" S(x; y) that stores,at each image location (x; y), the simi-
larit y betweenthe responsevector for that location and the memorizedtarget
responsevector r T

s . Furthermore, the model assumesthat the computation of
the saliencymap proceedsin a coarse-to-�ne fashion: responsesfrom larger
spatial scale�lters are comparedbefore the smaller scaleresponses.Finally,
the most likely location of the target object is chosenprobabilistically accord-
ing to the Boltzmann distribution computedfrom the similarity valuesin the
saliencymap (seebelow; for those familiar with the Boltzmann distribution,
the \energy function" is assumedto be given by the saliencymap outputs).
The entire targeting processcan be summarizedas follows:

(1) Set the initial scaleof analysisk to the largest scalei.e. k = max. Set
S(x; y) = 0 for all (x; y).

(2) Compute the current saliency map acrossall locations (x; y) basedon
�lter responsesfrom the current scalek up to the maximum scale:

S(x; y) =
maxX

s= k

jj r s(x; y) � r m
s jj 2 (4)

S(x; y) is the squareof the Euclideandistancebetweenthe �lter response
vector r s for image location (x; y) and the memorized target response
vector r m

s , summedover the scaless = k; : : : ; max.
(3) The location for the next eye movement is given by a weighted average

determinedfrom the following maximum likelihood scheme(cf. (Nowlan,
1990)):

(x̂; ŷ) =
X

(x;y )

(x; y) �
e� S(x;y )=� (k)

P
(x;y ) e� S(x;y )=� (k)

(5)

where � (k) is a \temp erature" parameter that is decreasedwith k. De-
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Fig. 1. Iconic Represen tations and Saliency Maps for Ov ert A tten tion . (A)
Iconic representation for characterizing local image patches. A set of �v e oriented
�lters (repeated �v e times) is shown at the top. A cluttered image is shown on the
left at �v e di�eren t spatial scales(Gaussian \p yramid" representation). The iconic
representation for a given image location is the vector of 25 spatial �lter responses
obtained at that location. This representation is depicted at the bottom as a his-
togram. Positive responsesare represented asupward bars and negative responsesas
downward bars. (B), (C), and (D) show the saliencymap S(x; y) after the inclusion
of the largest, intermediate, and smallest scale�lter responsesrespectively (only 3
scaleswere usedin thesesimulations). The brightest points are the closestmatches
to the target object (in this case,a fork and knife on a napkin). (E) shows three suc-
cessive eye movements asdetermined from maximum-likelihood weighted averaging
of the saliency maps in (B), (C), and (D) respectively. For comparison, saccades
from a human subject are depicted as dashedlines with arrows. (F) Comparison of
model and human eye movements to four di�eren t target locations averagedover
subjects and target objects (seetext). The squarebox denotesa one degreeregion
centered around each target. The dashedline segments correspond to human data
while the solid line segments correspond to model data.
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creasing� (k) allows the search to evolve from an initial state where all
target locations compete equally for an eye movement to a �nal state
whereonly a few most likely target locations remain.

(4) Repeat steps (2) and (3) for k = max-1; max-2; : : : until either the
target object has been foveated or the number of scaleshas been ex-
hausted.In the former case,a recognitionprocesssignalsthe termination
of the search. In the latter case,successive eye movements aremadeusing
saliencymapscomputedfrom an increasingnumber of �ner scales.

2.3 Comparison with Human Eye MovementPatterns

The model described above was tested in a seriesof eye tracking experiments
involving human subjects performing visual search in naturalistic scenes(Rao
et al., 1996;Zelinskyet al., 1997;Raoet al., 2002).Figure 1B, 1C, and1D show
the saliencymapsfor onesuch scene(a dining table scene)after including one,
two, and three di�erent spatial scalesin the iconic representation. Figure 1E
showsthe sequenceof �xations generatedby the model for this image,together
with thoserecordedfrom a human subject. The target (composedof the fork
and the knife) was the same in both cases.As can be seen,the locations
predicted by the model for successive eye movements are similar to thoseseen
in the �xation pattern that the human subject generatedfor this image.

A detailed comparisonof the model to human data can be found in (Rao
et al., 2002). We brie
y summarize the results here. The comparison was
basedon 480search trials pooled over four subjects. An averagepath to each
of six possibletarget locations was computedby averagingthe �xations over
subjects and search scenes.The model data was averagedover the di�erent
targets for each location. A comparisonof the averagepaths generatedby the
model and by human subjects is shown in Figure 1F. The box in each sub-
�gure represents a one degreeregion centered on each target location. As is
evident, there is good agreement betweenthe model and human data for each
location. The number of errors made by the model was found to be closeto
the number of errorsmadeby human subjects (Rao et al., 2002).The average
standarddeviation for the subjects,averagedover all �xations, was1.5degrees
whereasthe deviation between model and the averagesubject �xations was
0.7degrees,indicating that the model's behavior is within the pro�le expected
of an individual subject.

Theseresultssuggestthat human eye movement patterns during visual search
canbe understood in terms of a maximum likelihood procedurefor computing
the most likely location of a target in a coarse-to-�nemanner.This model can
be viewed as a systems-level model of overt attention in that it is formulated
in termsof higher-level abstractionssuch assaliencymaps.In the next section,
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we describe a probabilistic model of attention that attempts to bridge the gap
betweensystems-level modeling and neural modeling.

3 Predictiv e Coding Mo del of A tten tion

The model in the previoussection focusedon overt attentional control using
spatial �lter-based representations. The choice of the �lters themselves was
arbitrary. One may be inclined to ask whether there exist methods to learn
appropriate representations of objects and natural scenesdirectly from their
images.This can be accomplishedthrough the probabilistic notion of genera-
tive modelsof images.We show in this sectionthat various forms of attention
may be regardedas emergent properties of predictive coding networks that
utilize generative models for representing images.Such networks alsosuggest
functional roles for feedback and feedforward connectionsin the dorsal and
ventral visual pathways in the mammalian brain.

3.1 Generative Modelsand Predictive Coding

Assumethat an image,denotedby a vector I of n pixels, can be represented
as a linear combination of a set of k basisvectorsU1; U2; : : : ; Uk :

I =
kX

j =1

Uj r j + n (6)

= Ur + n (7)

wheren is a zero-meanGaussianwhite noiseprocess,U is the n � k matrix
whosecolumnsconsistof the basisvectorsUj , and r is the k � 1 vector con-
sisting of coe�cien ts r j . In a neurobiologicalsetting, the valuesin the i th row
of U can be regardedas synaptic strength of the i th model neuron while the
coe�cien ts r j denotethe pre-synapticactivities received by theseneurons.

Our goal is to estimate the coe�cien ts r for any given imageand on a longer
time scale,learn appropriate basisvectors in U directly from the input image
stream. Consider the following squared-erroroptimization function for mini-
mization:

E = (I � Ur )T S(I � Ur ) (8)

where the superscript T denotesvector (or matrix) transposeand S is a di-
agonal weighting matrix. Given that n is Gaussian, it can be shown that
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minimizing E is equivalent to maximizing the log likelihood of the observed
data I with respect to model parametersU and r (see,for example,(Rao and
Ballard, 1997;Rao,1999)).For the purposesof modeling attention, it is useful
to choosethe diagonalentries in the matrix S as:

Si;i = min
n
1; c=(I i � Ui r )2

o

Here, I i is the i th pixel of I , U i is the i th row of U, and c is a threshold
parameter.Note that S e�ectively clips the i th summandin E to a constant
saturation value c whenever the squarederror (I i � Ui r )2 exceedsc. Thus,
statistical outliers (i.e. imageregionscontaining distracting, irrelevant, or un-
known objects) are prevented from in
uencing the optimization processdue
to the large errors that they produce(seebelow for an example).

Onecan minimize E with respect to r and U usinggradient descent to obtain
the following di�erential equations:

_r = �
k1

2
@E
@r

= k1UT G(t)( I � Ur ) (9)

_U = �
c1

2
@E
@U

= c1G(t)( I � Ur )r T (10)

where _r and _U denotethe temporal derivativesof r and U respectively, and k1

and c1 are positive time constants that determinethe rate of descent towards
a minimum of E. For a given static image, U is typically kept �xed until r
convergesto a stablevalue;this valueof r is then usedto update U asspeci�ed
in Equation 10. The matrix G(t) in the equationsabove is an n � n diagonal
matrix whosediagonalentries at time t are given by:

Gi;i (t) =

8
><

>:

0 if (I i (t) � Ui r (t))2 > c(t)

1 otherwise
(11)

G can be regardedas the sensoryresidual gain or \gating" matrix. It deter-
mines the gain on the various components of the incoming sensoryresidual
error (I � Ur ). By e�ectively excluding any high residualerrors, G allows the
model to ignore the corresponding outliers (occluding objects or clutter) in
the input I , thereby enablingit to robustly estimater . In fact, Equation 9 can
be interpreted as implementing an approximate form of the robust Kalman
�lter (Rao, 1998).

Figure 2A depicts a recurrent network that implements Equation 9. The net-
work can be regardedas a \predictiv e coding" circuit wherein feedback con-
nections carry predictions (Ur ) of lower level inputs (I ) while feedforward
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connectionscarry �ltered error signals (( I (x) � Ur )). Predictive coding has
previously beenusedto model visual cortical responsepropertiessuch ascon-
textual and non-classicalreceptive �eld e�ects (see(Rao and Ballard, 1999)).

3.2 Visual Attention without a Spotlight

We now illustrate how the predictive coding model discussedabove can be
usedto model attentional shifts. We assumea training phasein which objects
are shown to the recognitionsystemwithout occlusionsor background clutter
(e.g.,Figure 2B). Theseobjectsarelearnedby alternating betweenEquations9
and 10 during repeated exposuresto the objects, until the basis matrix U
stabilizes.

Now consider the casewhere a familiar object from the training database
occurswith another occluding object or background clutter in an input image
(Figure 2C, leftmost image). When the object vector r is calculated using
Equation 9, the model predicts only the familiar object, causing relatively
largeerrors in the areasof the imagethat do not match the predictions.These
regionsof the imageare treated asoutliers and the gating matrix G prevents
these regions from in
uencing the estimation of r . The system is thus able
to \fo cus attention" on a familiar object despite occlusionsand background
clutter as shown in Figure 2C.

More interestingly, the outliers (shown in white) producea crudesegmentation
of the occluder and background clutter, which can subsequently be used to
focus \atten tion" on previously ignored objects and recover their identit y. In
particular, an outlier maskm can be de�ned by taking the complement of the
diagonal of G (i.e., m i = 1 � Gi;i ). By replacing the diagonal of G with m
in Equation 9 and repeating the estimation process,the network can \attend
to" the image region(s) that were previously ignored as outliers. As shown
in Figure 2D, the network �rst recognizesthe \dominant" object, typically
the object occupying a larger area of the input image or possessingregions
with higher contrast. The outlier maskm is subsequently usedfor \switching
attention" and extracting the identit y of the secondobject (Figure 2D, lower
arrow and rightmost image).

3.3 Object-Based versusSpatial Attention

The predictive coding model discussedabove can be extendedto account for
transformations of objects in an imageusing a generative model basedon the
Taylor seriesexpansionof a new imageI (x) in terms of a canonicalimageI :
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Fig. 2. A tten tion in a Predictiv e Co ding Mo del of Visual Pro cessing. (A)
shows an implementation of the predictive coding model (Equation 9) in the form of
a recurrent neural network. The matrices U and UT are represented by the synaptic
weights of linear feedback and feedforward neuronsrespectively. The gating matrix
G is implemented by a set of threshold non-linear neuronswith binary outputs. (B)
Example imagesused to train a predictive coding network. (C) Given a cluttered
image, the network treats occlusions and background objects as outliers (white
regions in the third image, depicting the diagonal of the gating matrix G). This
allows the network to \attend to" and recognizea training object (\duc k") despite
clutter, asindicated by the relatively accurate�nal reconstructedimage(Ur ) shown
in the middle. (D) In the more interesting caseof the training objects occluding
each other, the network convergesto one of the objects (the \dominan t" one in the
image - in this case,the object in the foreground). Having recognizedone object,
the secondobject is attended to and recognizedby taking the complement of the
outliers (diagonal of G) and repeating the estimation process(third and fourth
images).

10



I (x) = I +
@I
@x

x + n (12)

= Ur + DI dx + n (13)

whereD is a matrix of di�erential operators to be learnedfrom data and I d is
a diagonal matrix containing the appropriate number of copiesof the image
I = Ur along the diagonal (Rao and Ballard, 1998).

The generative model in Equation 13 can be usedto derive equationssimilar
to Equations 9 and 10 for estimating both r and x, and for learning U and
D (see(Rao and Ballard, 1998)for details). Figure 3A shows an implementa-
tion of this model usingtwo parallel but cooperating networks, oneestimating
object identit y r (\what") and the other estimating object transformation x
(\where"). This functional dichotomy betweenobject recognitionand transfor-
mation estimation is reminiscent of the well-known division of labor between
the ventral and dorsalstreamsin the primate visual cortex (Fellemanand Van
Essen,1991).

Given an input image, the pair of networks in Figure 3A simultaneously es-
timate an object and its transformation by jointly optimizing the generative
model in Equation 13. Therefore,�xing a particular spatial location x in the
transformation network should causethe object network to converge to the
identit y r of the object in that spatial location (a form of spatial attention). On
the other hand, �xing an object's identit y in the object network should cause
the transformation network to converge to its most likely spatial location in
the image(a form of object-based attention).

Figures 3B and 3C illustrate an exampleof spatial attention using an input
imagecontaining two training objects simultaneously, one in Location 1 and
the other in Location 2. The networks were trained on images containing
only one object in the center of an image.As shown in Figure 3C, when the
transformation vector x is set to Location 1 (left panels,\A ttending Location
1"), the object vector r convergesto the canonicalrepresentation of the object
in Location 1: the imagepredicted by the object network is that of object 1
in its central (canonical) position. Setting x to Location 2 causesthe object
network to convergeto object 2 (right panels,\A ttending Location 2"). In both
cases,pixels containing the secondobject are treated as outliers (shown here
in grayscalerather than in binary form). Thus, spatial attention emergesas
a consequenceof a top-down signal (for example,from short-term or working
memory) that constrains the activit y of the transformation network to be a
memorizedvalue. Likewise,object-basedattention emergesin the network as
a consequenceof constraining the activit y of the object network (not shown).
Theseresults suggestan interpretation of spatial and object-basedattention
in terms of speci�c constraints being placed on activities in the dorsal or
ventral visual pathway by memory-relatedneuronsin prefrontal cortex and

11



B C

A

"Where"

Error

Prediction

Error

"What"

Prediction

Attending Location 1 Attending Location 2

Spatial Locations

Input Image

Location

1

Location

2

Object Network

Transformation Network

Object Network
("What")

Transformation

("Where")

Network

Outliers

U rU r

D

D

U

U

x

r

I

(I+X)

(x)

T

T

T

Fig. 3. \What-Where" Net works and Spatial A tten tion . (A) shows a pair
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transformation x (\Where") (see (Rao and Ballard, 1998) for more details). The
gating matrix G is not shown. Fixing x in the \Where" network causesthe \What"
network to convergeto the identit y of the object in that spatial location (a form of
spatial attention), while �xing r in the \What" network causesthe \Where" network
to converge to the object's most likely spatial location (a form of object-based
attention). (B) A test image containing two training objects in Locations 1 and 2
respectively. The network was trained on imagescontaining only one object in the
center of an image.(C) Fixing the spatial position vector x to Location 1 causesthe
object network to converge to the \duck" object (left panels, \A ttending Location
1"). The pixels containing the \dinosaur" object are treated as outliers. On the
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12



other areasimplicated in working memory.

4 Summary and Conclusions

In this article, we reviewed two models of attention, both basedon proba-
bilistic principles but formulated at two di�erent levels of abstraction. The
�rst model relies on iconic representations and the conceptof saliencymaps
to predict eye movements during visual search in naturalistic scenes.Saliency
maps have played an important role in models of attention, especially those
focusingon extracting \in teresting" locations in a scenebasedon bottom-up
sensoryinformation (Koch and Ullman, 1985; Niebur and Koch, 1996; Itti
and Koch, 2000).The model discussedin this article combinesboth bottom-
up scenerepresentations and a top-down target representation to generate
a saliency map. The model further assumesthat the saliency map is com-
puted in a coarse-to-�ne manner such that larger scale �lter responsesare
compared �rst. Motivation for coarse-to-�ne computation of saliency maps
comesfrom several studies that show that lower spatial frequenciesin
uence
visual perception earlier than higher spatial frequencies(e.g., (Navon, 1977;
Schyns and Oliva, 1994)). For a given saliencymap, the model computesthe
most likely target location asthe weighted averageof all locations, the weight
being determined by the location's saliency. This procedureis motivated by
previouswork in probabilistic reasoningand learning basedon the Boltzmann
and related distributions (Hinton and Sejnowski, 1986; Nowlan, 1990). The
saliencymap and the weighted averagingschemein the model may have cor-
relatesin the posterior parietal cortex and the superior colliculus respectively
(Desimoneand Duncan, 1995;McIlwain, 1991). The model explains experi-
mental results showing that humans make successive eye-movements to the
\center-of-gravit y" of clusters of objects before landing on a most-likely ob-
ject location (Zelinsky et al., 1997).The model assumesthat the oculomotor
system is ready to move before all the scalescan be matched, and thus the
eyesmove to the current best target position, thereby increasingthe chances
of an early match. Theseresultssuggestthat the human visual systemutilizes
a probabilistic method basedon maximum likelihood (or moregenerally, max-
imum a posteriori) estimation to shift gazeto points of interest in a natural
scene.

The secondmodel is basedon the probabilistic notion of generativemodels.By
hypothesizinga mathematicalmodel for how imagesaresynthesizedusinga set
of basisfunctions, a network can be derived for learning thesebasisfunctions
and estimating their coe�cien ts. This network implements a form of predictive
coding in which top-down feedback is usedto predict a lower-level signal(e.g.,
an image) while the feedforward signals convey the prediction errors. The
network computesan \optimal" set of coe�cien ts that serve to represent the
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contents of an imagein a compactande�cien t manner.Such predictivecoding
networks have proved useful in modeling visual cortical responseproperties
(Rao andBallard, 1999).Wediscussedhow attention emergesin such networks
as a consequenceof selective �ltering of predictive error signals.This allows
the network to \fo cus attention" on a single object or \switch attention" to
another object without using an explicit \spotlight of attention."

The predictivecoding model canbeextendedto account for transformationsof
objects in images,resulting in \what-where" networks that cansimultaneously
recognizean object and estimate its pose.We discussedhow object-basedat-
tention and spatial attention areemergent propertiesof such networks, caused
by placing constraints on the \what" or \where" network respectively. The
model thus provides a unifying explanation for well-known spatial attention
results as well as more recent results on object-basedattention showing that
subjects can reliably track an object superimposedwith a distractor object
occupying the samespatial location (Kanwisher and Wojciulik, 2000).

The functional dichotomy in the predictive coding model betweenthe \what"
and the \where" networks resemblesthe well-known division of labor between
the cortical networks in the ventral and dorsal visual pathway. This observa-
tion leadsto several potentially testable predictions. Substantial connections
exist betweenthe dorsal and ventral visual pathways (Fellemanand Van Es-
sen,1991),but their function is unknown. Theseconnectionsform an integral
part of the joint optimization processin the model (seeFigure 3A and (Rao
and Ballard, 1998)). The model predicts that damageto dorsal areasshould
producenoticeablee�ects in object-basedattentional tasks, while damageto
ventral areasshouldproducesigni�cant de�cits in spatial attention tasks.This
is interesting, given that dorsal and ventral areasare traditionally associated
only with spatial and object-relatedperceptionrespectively. Similarly, damage
to frontal cortex areas,the presumedsourceof top-down constraints on the
\what" and \where" networks, should adverselya�ect both spatial aswell as
object-basedattention tasks.

The predictive coding model thus emphasizesthe global nature of attention:
the di�erent forms of visual attention are interpreted as emergingfrom the
constrainedoptimization of a generative model thought to be encoded jointly
within the dorsal and ventral visual cortical pathways.
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