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1 Introduction

Neural encoding of retinal images generates a barrage of information transmit-
ted along the optic nerves that far exceeds what can actually be perceived from
moment to moment. Visual attention is a process that addresses this prob-
lem by directing a tiny fraction of the information arriving at primary visual
cortex to high-level centers involved in visual working memory and pattern
recognition. In the information pyramid shown in Figure 1, visual attention
constitutes a major bottleneck. Much less than one percent of the informa-
tion carried through the optic nerves reaches attentive scrutiny (see figure
legend for details). Because the attended information comes from a spatially
restricted region of interest (ROI), visual attention must mediate translation,
scale and other invariances, so that under a variety of different poses, a given
object or spatial pattern can be recognized and analyzed for how it might be
manipulated.

A computationally sound and neurobiologically plausible model of visual at-
tention should address five broad issues, reflecting the reality that attention
is an extremely sophisticated process engaging much if not most of the en-
tire visual system. (i) What are the high-level brain structures that mediate
visual pattern recognition and working memory? (ii) What is the anatomical
circuitry that provides ascending visual inputs to these high-level centers? (iii)
What are the control structures that determine where attention should be di-
rected from moment to moment? (iv) How do these control signals dynamically
modulate the connections leading up to high-level centers and thereby regu-
late information flow? (v) How do non-attentive visual processes that operate
on the whole image support attentive visual processing?

In previous publications, we have presented a conceptual and computational
framework for modeling visual attention as it relates to object recognition
(Anderson & Van Essen, 1987; Olshausen et al., 1993, 1995; Van Essen et
al., 1994). Central to this framework are the notions that (i) information flow
into inferotemporal cortex is controlled dynamically across multiple hierar-
chical levels; (ii) spatial relationships within the attended ROI are preserved
explicitly; and (iii) attentional control operates by dynamic modulation of con-
nectivity weights. Here, we reassess and refine these core concepts and extend
them to incorporate visual working memory as well as object recognition. We
also describe initial steps towards integrating attention into a broader compu-
tational framework for modeling neural representations and transformations
(Eliasmith & Anderson, 2003).
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Fig. 1. An information pyramid for the visual system. The estimates of information
available in retinal images, encoded in the optic nerves, and passed through the
window of attention have been discussed by Van Essen et al. (1991) and Van Essen
& Anderson (1995) and are based on information rates of 3 bits/s for each neuron
(Eliasmith & Anderson, 2003). Human memory storage rates are based on estimates
by Landauer (1986).

2 Dynamic routing

Dynamic control of information flow is fundamental to how both brains and
modern digital computers deal with finite resources, whether it be for number-
crunching in a computer or for sensory processing, motor control, or cognitive
processing in the brain. In computers, routing circuits constitute major com-
ponents of the hardware, and a large fraction of the software is devoted to
the issue of where to get information for the task at hand and where to put
it after it has been processed. In the brain, dynamic reconfiguration of neural
resources must be done through modulation of connectivity. We refer to this
as dynamic routing due to the close analogy with computer routing circuits.
A major difference between brains and digital computers is that memory and
processing are tightly bound to one another in the brain, whereas in computers
they are distinct. In essence, the brain contains numerous interlinked subsys-
tems, each carrying out a set of subroutines for specialized computations that
would be handled generically by a computer CPU.
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In the visual cortex, dynamic routing is most efficiently accomplished in a hier-
archical fashion, starting with local control of information flow in lower visual
areas and extending to more global control at higher levels. Control signals
can also operate both top down and bottom up. Attention is normally asso-
ciated with global top-down processes that are accessible through conscious
awareness, though bottom-up control signals can be regarded as involuntary
attention (Yantis & Jonides, 1984). Local control interactions are not gener-
ally considered attention, although they may involve similar operations at the
neural level. Overall, ‘attention’ is inherently an imprecise term that captures
only a segment of the broader and more fundamental issue of the control of
information flow.

We believe that dynamic routing is essential for achieving invariant represen-
tations, both for object recognition and for working memory. An important
part of achieving invariant representations is to preserve information about the
variations themselves. That is, in order to interpret what has not changed, it is
often important also to know what has changed. Dynamic routing accomplishes
this by remapping topographic representations from one level to the next. The
control signals mediating the remapping contain information about the vari-
ations, while the remapped information itself constitutes the invariant part
(see also Arathorn chapter). This in sharp contrast to the many alternative
models of object recognition which do not attempt to model the variations
but instead attempt to compute collections of loosely assembled “invariant
features” (Selfridge, 1959; Fukushima, 1980; LeCun et al., 1990; Riesenhuber
& Poggio, 1999). While such Pandemonium-style models may be capable of
simple object discriminations, we contend that they are insufficient to account
for more general aspects of perception and visuo-motor function in the real
world. Examples include the perception of generic surfaces (a crumpled cloth);
the ability not only to read hand-written text but also to recognize the id-
iosyncratic style of the writer; and the ability to geometrically manipulate
objects in working memory and plan appropriate grasping maneuvers.

In this chapter we focus on routing circuits for translation and scale invari-
ance, as these are fundamental requirements of any flexible vision system.
Scale invariance imposes particularly stringent constraints on system design
for human vision, given that we can recognize a face when it is only a foot
away, where the image covers most of the visual field and occupies most of
primary visual cortex (∼40 cm2 in both hemispheres), or when it is at a dis-
tance of 100 feet, where the image subtends about 0.4 degrees and occupies
only a few percent of primary visual cortex (∼1 cm2).
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Fig. 2. Dynamic routing circuit. top, Connections from one level to the next are
dynamically modulated by a set of control neurons. bottom, Shown are two different
states of effective connectivity, corresponding to different sizes and positions of the
ROI.

3 Dynamic routing circuit architecture

The basic architecture we propose for dynamic routing in the visual cortex is
schematized in Figure 2. The input layer at the bottom of the array contains
the inputs from the retina. The diagram illustrates a spatially uniform sam-
pling, though in fact the distribution of retinal ganglion cell inputs declines
steeply with retinal eccentricity (see Olshausen et al. (1995), for a routing
circuit that utilizes a retinal sampling lattice). The top layer represents many
fewer spatial locations, reflecting the limited resolution within the ROI (see be-
low). This upper layer may represent cortical areas involved in visual working
memory and/or areas involved with object recognition. Note that no attempt
is made to specify the features represented by these nodes, as there is very
little neurophysiological data at present suggesting what these features should
be. For now each node may be thought of as a feature vector.

The exponential increase in the spread of the receptive fields at each level
and the subsampling at higher levels are essential elements of this circuit.
This design minimizes the number of levels and reduces the complexity of
the control, while respecting the fixed number of fan-in/fan-out connections
between neurons. Many aspects of this design can be seen in the anatomy of
the connections between the visual areas in the V1-IT pathway. For example
the size of V1 and V2 are approximately the same, while V4 is significantly
smaller. Also, the size of the axonal spread increases as one goes up to higher
levels, and nominal receptive field sizes increase exponentially as well.
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Topographic representations are remapped from one level to the next by a set
of control signals that modulate the connections between each level through
multiplicative interactions. Formally, the visual data signals at node µ and
level l, X l

µ , are computed by combining the visual data signals at the nodes
in the layer below, X l−1

µ , and the control signals at level l, C l
λ , via

X l
µ =

∑
λ,ν

C l
λΓ

l
λµνX

l−1
ν (1)

In order to see how certain geometric remappings could be accomplished by
this circuit, it is helpful to rewrite Eq. (1) as follows

X l
µ =

∑
ν

W l
µνX

l−1
ν (2)

W l
µν =

∑
λ

C l
λΓ

l
λµν (3)

A spatial pattern in level l− 1 may be translated by an amount dl and scaled
by an amount αl in level l by setting the coupling matrix as follows

W l
µν = exp

−1

2

(
µ− αl(ν − dl)

σ

)2
 (4)

The problem of achieving a certain remapping dl, αl, at level l thus amounts to
carving out the appropriate pattern in connection space (µ, ν) . In general this
may be accomplished by viewing the three-way coupling constants Γl

λµν as ba-
sis functions Ψl

λ(µ, ν). Setting the control signals appropriately then amounts
to a function approximation problem:

exp

−1

2

(
µ− αl(ν − dl)

σ

)2
 =

∑
λ

C l
λ(α

l, dl) Ψl
λ(µ, ν) (5)

and the problem of learning amounts to finding a set of basis functions that
produce good approximations for the ensemble of desired remappings.

Our previous proposal for implementing the multiplicative interactions in Eq.
(1) was centered on pairwise, ‘and’-like interactions within dendritic trees.
We now have a more general perspective based on the population coding
framework described by Eliasmith & Anderson (2003). In this framework, a
distinction is made between explicit neural activities and the implicit variables
they represent. In the case of our routing circuit, the implicit variables are the
image data signals, X l

µ, which are represented by neural activities al
i in terms
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of a linear basis function expansion

Xl =
∑

i

φX
i al

i(X
l−1,Cl) ≈

∑
λ

Cl
λΓ

l
λ ·Xl−1 (6)

where the boldface variables represent vectors, and the basis vectors φX
i have

the same dimensionality as Xl. The neuronal activities are computed via

al
i(X

l−1,Cl) = G
[
φ̃X

i ·Xl−1 + φ̃C
i ·Cl

]
(7)

where G[] denotes the integrate-and-fire response nonlinearity of a neuron.
The input consists of the sum of a linear projection of the data signal space
at the level below and a projection of the control neuron activities. Given a
population of neurons al

i that represent the joint space (Xl−1,Cl) with suffi-
cient numbers and diversity, one can obtain the transformation described in
Eq. (6). Methods for setting the parameters φ̃X

i , φX
i , φ̃C

k and φC
k are described

in Eliasmith & Anderson (2003).

The neuronal activities corresponding to the next level are similarly computed
via

al+1
i (Xl,Cl+1) = G

[
φ̃X

i ·Xl + φ̃C
i ·Cl+1

]
(8)

Expanding Xl as in Eq. (6) yields

al+1
j (Xl,Cl+1) = G

[∑
i

φ̃X
j φX

i al
i(X

l−1,Cl) + φ̃C
i ·Cl+1

]
(9)

The complete computation from level l − 1 to level l + 1 is illustrated in
Figure 3.

Equation (9) together with Figure 3 illustrates that the input to the neurons
in one layer consists of a weighted sum over units in the previous layer. Al-
ternatively, the al

i(X
l−1,Cl) in Eq. (9) may correspond to dendritic subunits

of the level l + 1 neurons. In the latter case they act similarly to our previ-
ous suggestion of selective pruning in the dendrites, except that now only local
summation within a nonlinear subunit is required rather than the precise pair-
wise multiplicative interactions in Eq. (1). Such nonlinear interactions could
easily be realized by the biophysical properties of dendritic trees (Mel, 1997).
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Fig. 3. Neuronal Circuit: The signals Xl−1 and Cl are encoded into neural activities
al

i using an additive projection rule. The multiplicative terms Cl
λΓl

λX
l−1 are then

linearly decoded from this population of neurons.

4 Autonomous control

The control neurons are driven in one of two modes: 1) a bottom-up mode in
which they receive input from a saliency map, or 2) a top-down mode in which
they are driven by multiplicatively combining the output of memory with the
input. In both cases, the dynamics of the control neurons are governed by an
energy function that measures the correlation between the input nodes X l−1

µ

and a template V l
µ as coupled through the control neurons, in addition to a

constraint on the control neurons that encourages control states corresponding
to affine transformations. For a single stage of the routing circuit this amounts
to

El = −
∑
λ,µ,ν

V l
µC l

λΓ
l
λµνX

l−1
ν −

∑
λ,ν

C l
λT

l
λνC

l
ν (10)

In the bottom-up case, V l
ν is fixed to a Gaussian blob, whereas in the top-

down case the V l
ν correspond to the outputs of an associative memory (e.g.,

a Hopfield network). The control neurons are then computed by performing
gradient descent on Eq. (10):

C l
λ = σ(ul

λ)

u̇l
λ + τ−1ul

λ =
∑
µ,ν

V l
µΓλµνX

l−1
µ X l−1

ν + β
∑
ν

T l
λνC

l
ν (11)

where σ is a sigmoidal nonlinearity. The control neurons are also subject to
delayed self-inhibition so that the circuit does not perseverate on any one ROI.
The full control sequence proceeds as follows:

(1) set V l
µ to a Gaussian blob (focus ROI on something interesting),
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(2) switch V l
µ to the output associative memory, and

(3) inhibit the current control state and return to (1).

When an object is being recognized then the V l
µ evolve according to the recall

dynamics of memory. Alternatively if an object is being searched for, then the
V l

µ may be set to correspond to the object of interest, and attention will then
be directed to those locations of the image containing the object. This mode
would most closely correspond to “object-based attention.”

5 Neurobiological substrates and mechanisms

We have shown previously (Olshausen et al., 1993, 1995) that the routing cir-
cuit of Figure 2 may be scaled up in a manner consistent with the anatomy of
the ventral stream in visual cortex (V1→V2→V4→IT). Such a circuit would
comprise approximately 300,000 sample nodes (in 2D) at the input in V1,
narrowing to approximately 1000 sample nodes in IT. The pulvinar is hypoth-
esized to be a major source of the control signals modulating connectivity
along the ventral stream, although control neurons could reside in the cortex
as well.

There are two potential candidates for the top ROI level, which are not mutu-
ally exclusive. One is dedicated to the task of object recognition, which most
likely resides in inferotemporal cortex. The other provides the substrate for
visual working memory (VWM), which probably resides in parietal and/or
frontal cortex. In VWM the image data is utilized for planning how to manip-
ulate the objects in the external environment, where it is clear local spatial
relationships must be made available. Several lines of psychophysical experi-
ments suggest that VWM is limited to representing something like a region of
space with a diameter of ∼ 30 distinct spatial locations at any instant in time
(Van Essen et al., 1991). A circuit like the one outlined above would allow the
visual system to dynamically rescale and reposition the part of the visual field
that gets mapped into VWM. Our current conception of VWM is that it is a
distinct and separate entity from the cortical areas involved in object recog-
nition, although the circuits for mediating both are closely related, or may in
fact be the same. New objects are scrutinized using VWM, but recognition is
transferred to the object recognition area after the system becomes familiar
with the object. In doing so, aspects of the 30x30 size of VWM and details
of local spatial relationships can be maintained, but need not be. Thus, rapid
estimates of what objects are in the visual field may take place without these
details, but when the task becomes more complex the details of local spatial
relationships become very important.
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5.1 Physiological evidence

The model is consistent with a number of attentional effects seen in visual
cortex, most notably receptive field shifts and gain modulation. Neurons at
intermediate stages of the circuit would be expected to show pronounced re-
ceptive field shifts as attention is moved to different locations in the visual
field, as shown in Figure 1. Such shifts are evident in a number of neurons
in V4 as reported by Connor et al. (1997). However, gain changes would also
be expected, since according to the population coding framework above the
neuronal activities would be subject to modulation by control neurons (Eq. 7).
Such gain changes were also reported by Connor et al. (1997).

The model futher stipulates that the beginnings of an object-centered refer-
ence frame should be established at intermediate or high levels of the corti-
cal hierarchy. Several neurophysiological studies provide strong evidence for
object-centered processing in area V4. Connor et al. (1997) demonstrated that
responses to a given stimulus within a cell’s receptive field can be dramatically
modulated according to whether attention is directed to one side or another of
the receptive field. Pasupathy & Connor (2001) demonstrated that many V4
neurons encode shape characteristics within restricted subregions of a larger
object. In inferotemporal cortex, there is evidence for size-invariant tuning in
many neurons. It has yet to be determined whether there is explicit coding of
location within the attended region in inferotemporal cortex or in frontal and
parietal areas engaged in visual working memory.

Most other neurophysiological studies of attention in V4 and other visual areas
have focused on different aspects of attention (e.g., the degree of enhancement
produced by attention to a given stimulus). The attentional modulation re-
ported in these studies is generally less pronounced than that found by Connor
et al. (1997). Thus, while much remains to be determined about the physio-
logical basis of attentional processing, there is solid support for the general
hypothesis of object-centered processing established across multiple stages of
the cortical hierarchy.

5.2 Experimental Predictions

One of the main predictions of the model is that there exists a separate and
distinct population of neurons—control neurons—whose job it is to route in-
formation flow in the cortex. The activity of such neurons would reflect solely
the attentional state rather than the contents of the ROI per se. However, at
lower levels of the cortical hierarchy the control neurons will not necessarily be
tied to overt attention (as discussed previously), and so they may be difficult
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to correlate with behavior.

Another major prediction of the model is that invariance is mediated by dy-
namic routing, rather than through a feedforward filter bank of invariant fea-
tures as in a Pandemonium-style model. As a consequence, one should expect
to find congruency effects in object recognition—i.e., recognizing an object at
one position and size should make it easier to recognize a subsequent (differ-
ent) object at the same position and size because the ROI would not need to
be changed. While there is already some evidence for such effects in recogni-
tion, additional experiments are needed to disambiguate what exactly is being
primed in the system (features at the same location vs. the state of control).
A related prediction is that the ROI should be limited to a fixed resolution
(∼ 30 × 30 sample nodes). Previously we have documented several lines of
evidence that suggest this idea (Van Essen et al., 1991), but the current state
of affairs is still inconclusive and deserves further investigation.

6 Discussion

An important attribute of any model of brain function is that it not only
be able to fit the available anatomical and physiological data, but also that
it is capable of explaining function. The dynamic routing model of attention
was designed to solve an important problem of vision - invariant object rep-
resentation. In that regard it is distinct from many other models that focus
mainly on emulating neural response properties or aspects of psychophysical
performance measured in laboratory settings. It also differs from many other
models of object recognition in that it represents both the variations and the
invariances of objects, rather than simply trying to capture the invariant part
as in Pandemonium-style models.

Since our model was originally proposed, several other investigators have de-
veloped alternative models for achieving invariant representations that also
draw upon the idea of dynamic routing. Salinas & Abbott (1997) have pro-
posed a model of area V4 that utilizes “gain fields” to transform reference
frames and is similar to our development above using the population coding
framework, although their model utilizes direct multiplication on each neuron
rather than sigmoidal nonlinearities. Amit & Mascaro (2003) have proposed a
hierarchical model of recognition that uses a replica module to represent many
different shifted or rescaled versions of the input and then switches between
them. This may be seen as a special case of our routing circuit in which the
control basis functions correspond to entire shifts or rescalings of a large re-
gion of the image. Arathorn (2002; see also chapter XX in this volume) has
proposed a model very similar to ours that utilizes multiplicative gating on the
inputs, and he has some very compelling demonstrations of its effectiveness in
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real-world object recognition tasks.

Our proposal remains a zeroth-order model in the sense that there are still
many components that require better specification in order to offer more de-
tailed experimental predictions. Chief among these is the choice of feature
representation—i.e., what is actually being represented by the sample nodes
in each area? A promising approach to this question is to use unsupervised
learning procedures to discover what forms of structure are best suited for
representing natural images. Exploring such procedures for learning the fea-
tures, in addition to the control neuron weights, remains the subject of current
investigation.
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