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The responses of neurons in cortical areas V2 and V4 can be significantly modulated by attention to particular locations within an input image. We show that such e¡ects emerge naturally when
perception is viewed as a probabilistic inference process governed
by Bayesian principles and implemented in hierarchical cortical
networks.The proposed model can explain a rich variety of attention-related responses in cortical area V4 including multiplicative
modulation of tuning curves, restoration of neural responses

in the presence of distracting stimuli, and in£uence of attention
on neighboring unattended locations. Our results suggest a
new interpretation of attention as a cortical mechanism for
reducing perceptual uncertainty by combining top-down taskrelevant information with bottom-up sensory inputs in a probabic 2005 Lippincott
listic manner. NeuroReport 16:1843^1848 
Williams & Wilkins.
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Introduction
Visual attention plays a crucial role in the perception of
objects in complex scenes [1,2]. By selecting specific scene
locations or objects for preferential processing, attentional
mechanisms allow efficient use of the brain’s limited
computational resources. Given its importance in perception, several studies have sought to unravel the neural
mechanisms of attention. McAdams and Maunsell [3]
showed that the tuning curve of a neuron in cortical area
V4 is multiplied by an approximately constant factor when
the monkey focuses attention on a stimulus within the
neuron’s receptive field. Reynolds et al. [4] have shown that
focusing attention on a target in the presence of distractors
causes the response of a V2 or V4 neuron to closely
approximate the response elicited when the target appears
alone. Finally, a study by Connor et al. [5] demonstrated that
responses to unattended stimuli can be affected by spatial
attention to nearby locations. In all three studies, neural
responses are determined by combining a task-relevant
constraint (such as a prespecified spatial location) with
sensory information (the input image).
A rigorous approach to combining sensory evidence with
prior constraints is to use Bayesian models [6–8]. In such
models, prior knowledge and sensory information are
probabilistically combined according to Bayes’ rule. In this
article, we show that a Bayesian model for visual processing
can explain all three classes of attentional effects discussed
above. These effects emerge as a consequence of Bayesian
inference in a hierarchical network of neurons encoding the
probabilistic interaction between visual features and their

spatial locations. We additionally show that the responses of
model neurons become invariant to changes in the spatial
position of features, mimicking the responses of neurons in
the occipitotemporal pathway [9]. The model and simulation results together suggest a new interpretation of cortical
neurons as probabilistic integrators of top-down and
bottom-up information in hierarchical networks, and of
attention as a cortical mechanism for reducing uncertainty
in complex scenes.

Methods
Probabilistic generative model
Bayesian models typically assume a probabilistic generative
model specifying conditional dependencies between inputs
and their causes. Figure 1a shows a simple three-level
generative model incorporating two variables relevant to V4
neurons: spatial location L, which is assumed to be one of n
values L1, L2, y, Ln, and visual feature F, which can be one
of m different values F1, F2, y, Fm. The ‘intermediate
representation’ node C denotes different combinations of
features and locations, each of its values C1, C2, y, Cp
encoding a specific feature at a specific location. Representing all possible combinations is infeasible but it is
sufficient to represent those that occur frequently and to
map each feature–location (L, F) combination to the closest
Ci using an appropriate distribution P(Ci|L, F) (see Simulation details). An image with a specific feature at a specific
location is generated according to the image likelihood
P(I|C).
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Fig. 1 Model network and invariant responses. (a) Probabilistic generative model that factors images into spatial locations and features. (b) Three-level
network for implementing Bayesian inference for the generative model in (a).Circles represent neurons, arrows represent feedforward connections, and
lines represent bidirectional connections. (c) Left panel: example image locations (labeled1^5 and Up, Dn, Lt, and Rt for up, down, left, and right) relevant
to the experiments discussed in the paper. Right panel: each bar plot shows P(Ci|L, F ) for a ¢xed value of L (¼Lt, Rt, Up, or Dn) and for an arbitrary ¢xed
value of F. Each bar represents the probability for the feature^ location combination Ci encoding one of the locations 1^5. (d) Each plot represents the
responses of three model neurons, the ¢rst coding for vertical features (V), the second for horizontal features (H), and the third for the null (blank)
stimulus (N), when the input is a vertical bar £ashed at three di¡erent locations (dark inset images). The vertical feature-coding neuron’s ¢ring rate
remains high, invariant to bar position. (e) Information about the vertical bar’s current location is represented by the location-coding neurons, which
compute the posterior probability P(L|I¼I0 ).

Bayesian inference
We interpret perception as estimating the posterior probabilities of features (more generally, objects or object parts)
and their locations in an input image. This can be done for
arbitrary generative models using a well known Bayesian
algorithm called ‘belief propagation’ [10]. Given the model
in Fig. 1a and a specific input image I¼I0 , belief propagation
prescribes that the following ‘messages’ (probabilities) be
transmitted from one node to another, as given by the
arrows in the subscripts:
mL!C ¼ PðLÞ;
mC!L ¼

mF!C ¼ PðFÞ;
XX
F

mC!F ¼

ð1Þ

PðCjL; FÞPðFÞPðI ¼ I 0 jCÞ;

ð2Þ

PðCjL; FÞPðLÞPðI ¼ I 0 jCÞ:

ð3Þ

C

XX
L

mI!C ¼ PðI ¼ I 0 jCÞ;

C

The first two messages in Equation (1) are prior probabilities
encoding beliefs about locations and features before a
sensory input becomes available. These are used in forming
the messages in Equations (2) and (3). The posterior

probabilities of the unknown variables C, L, and F, given
the input image I0 , are calculated by combining messages at
each node as follows:
XX
1
PðCjI ¼ I 0 Þ ¼ mI!C
PðCjL; FÞmL!C mF!C ;
ð4Þ
a
F
L
1
mC!L PðLÞ;
b

ð5Þ

1
PðFjI ¼ I 0 Þ ¼ mC!F PðFÞ;
g

ð6Þ

PðLjI ¼ I 0 Þ ¼

where a, b, and g are normalization constants that make
each of the above probabilities sum to 1. Note how the prior
P(L) multiplicatively modulates the posterior probability of
a feature in Equation (6) via Equation (3). As described
below, we simulate spatial attention by increasing P(L) for a
desired location.
Modeling cortical neurons and networks
We use the standard leaky integrator model. At any given
hierarchical level, the instantaneous firing rate vi of neuron i

18 4 4
Vol 16 No 16 7 November 2005
Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.

NEUROREPORT

BAYESIAN INFERENCE AND ATTENTION

in a recurrently connected network is given by
0
1
0
1
X
X
dvi
¼ vi þ f @
wij Ij A þ g@
uij vj A;

dt
j
j

ð7Þ

where t is a time constant, f and g are dendritic filtering
functions, Ij is the firing rate of input neuron j, wij is the
strength of the synapse from input j to recurrent neuron i,
and uij is the recurrent synaptic strength from neuron j to
neuron i. Spikes can be generated by interpreting Equation
(7) as the dynamics of the membrane potential vi rather than
the firing rate and using [11]
Pðneuron i spikes at time tÞ ¼ k exp½ðvi ðtÞ  TÞ=c ;

ð8Þ

where k and c are constants, and T is the membrane
threshold.
Bayesian inference in networks of neurons
Several models have been proposed for neural implementation of Bayesian inference (e.g. [12–18]). We extend the model
in [19] to implement the belief propagation equations above
in a neural circuit (Fig. 1b). Each V4 neuron is assumed to
encode a feature Fi as its preferred stimulus. A separate
group of neurons (e.g. in the parietal cortex) is assumed to
encode spatial locations (and potentially other spatiotemporal
transformations) irrespective of feature values. Lower level
neurons (e.g. in V2 and V1) are assumed to represent the
intermediate representations Ci. Note that the architecture in
Fig. 1b mimics the division of labor between the ventral object
processing (‘what’) stream and the dorsal spatial processing
(‘where’) stream in the visual cortex [20].
The initial firing rates of location and feature-coding
neurons represent prior probabilities P(L) and P(F), respectively, assumed to be set by task-dependent feedback from
higher areas such as those in the
P prefrontal cortex. The input
likelihood P(I¼I0 |C) is set to j wij Ij, where the weights wij
represent the attributes of Ci (specific feature at a specific
location). For our simulations, we set each weight vector to a
spatially localized oriented Gabor filter. Equations (2) and
(3) are assumed to be computed by feedforward neurons in
the location-coding and feature-coding parts of the network,
with their synapses encoding P(C|L, F). Taking the logarithm [19] of both sides of Equations (4)–(6), we obtain
equations that can be computed using leaky integrator
neurons as in Equation (7) (f and g are assumed to
approximate a logarithmic transformation). Recurrent connections in Equation (7) are used to implement the
inhibitory component corresponding to the negative logarithm of the normalization constants. Furthermore, as the
membrane potential vi(t) is now proportional to the log of
the posterior probability, i.e. vi(t)¼c log P(F|I¼I0 ) + T (and
similarly for L and C), using Equation (8) we obtain
Pðfeature-coding neuron i spikes at time tÞ
¼ k exp½ðvi ðtÞ  TÞ=c ¼ k PðFjI ¼ I 0 Þ:

ð9Þ

This provides a new interpretation of the spiking probability
(or instantaneous firing rate) of a V4 neuron as representing
the posterior probability of a preferred feature in an image
region irrespective of spatial location.
Simulation details
To model the three primate experiments discussed above [3–
5], we used horizontal and vertical bars that could appear at

nine different locations in the input image (Fig. 1c). All
results were obtained using a network with a single set of
parameters. P(C|L, F) was chosen such that for any given
value of L and F, say location Lj and feature Fk, the value of C
closest to the combination (Lj, Fk) received the highest
probability, with decreasing probabilities for neighboring
locations (Fig. 1c).

Results
Invariant responses to changes in spatial position
As shown in Fig. 1d, the response of a model V4 neuron
(here, a vertical feature-coding neuron representing
P(F|I¼I0 ) for the vertical feature) remains unchanged
despite significant shifts in the location of a vertical bar
stimulus. This is due to the summation over locations in
Equation (3) which is used in Equation (6). Note that all
locations are assumed equally probable; that is, P(L) is
assumed to be uniform. Information about the current
location of the stimulus is not lost but is represented by
the activities of the location-coding neurons in the network
(Fig. 1e).
Multiplicative modulation of responses
We simulated the attentional task of McAdams and
Maunsell [3] by presenting a vertical bar and a horizontal
bar simultaneously in an input image. ‘Attention’ to a
location Li containing one of the bars was simulated by
setting a high value for P(Li), corresponding to a higher
firing rate for the neuron coding for that location.
Figure 2a depicts the orientation-tuning curves of the
vertical feature-coding model V4 neuron in the presence
and absence of attention (squares and circles, respectively).
The plotted points represent the neuron’s firing rate,
encoding the posterior probability P(F|I¼I0 ), F being the
vertical feature. Attention in the model approximately
multiplies the ‘unattended’ responses by a constant factor,
similar to V4 neurons (Fig. 2b). This is due to the change in
the prior P(L) for locations between the attended and
unattended modes, which affects Equations (3) and (6)
multiplicatively.
Effects of attention on responses in the presence of
distractors
To simulate the experiments of Reynolds et al. [4], a single
vertical bar (‘reference’) was presented in the input image
and the responses of the vertical feature-coding model
neuron were recorded over time. As seen in Fig. 2c (upper
panel, dotted line), the neuron’s firing rate reflects a
posterior probability close to 1 for the vertical stimulus.
When a horizontal bar (‘probe’) alone is presented at a
different location, the neuron’s response drops dramatically
(solid line) as its preferred stimulus is a vertical bar, not a
horizontal bar. When the horizontal and vertical bars are
simultaneously presented (‘pair’), the firing rate drops to
almost half the value elicited for the vertical bar alone
(dashed line). Signaling increased uncertainty about the
stimulus compared with the reference-only case. When
‘attention’ is turned on by increasing P(L) for the vertical bar
location (Fig. 2c, lower panel), the firing rate is restored to its
original value and a posterior probability close to 1 is
signaled (dot-dashed line). Thus, attention acts to reduce
uncertainty about the stimulus, given a location of interest.
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Fig. 2 Multiplicative modulation and response restoration. (a) Orientation-tuning curve of a feature-coding model neuron with a preferred stimulus
orientation of 01 with (¢lled squares) and without (un¢lled circles) attention. (b) Normalized orientation-tuning curves for a population of V4 neurons
with (¢lled squares) and without attention (un¢lled circles) (reproduced from [3], copyright1999 by the Society of Neuroscience). (c) Top panel: the three
line plots represent the vertical feature-coding neuron’s response to a vertical bar (‘reference’, Ref), a horizontal bar at a di¡erent position (‘probe’), and
both bars presented simultaneously (‘pair’). In each case, the input lasted 30 time steps, beginning at time step 20. Bottom panel: when ‘attention’ (Att)
(depicted as a white oval) is focused on the vertical bar, the ¢ring rate for the pair stimulus approximates the ¢ring rate obtained for the reference alone.
(d) Top panel: responses from a V4 neuron without attention (reproduced from [4], copyright 1999 by the Society of Neuroscience). Bottom panel: responses from the same neuron when attending to the vertical bar (see condition Pair Att Ref) (reproduced from [4], copyright 1999 by the Society for
Neuroscience).
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different locations (see Fig. 3a). A vertical bar was flashed at
one of five different locations in the center (Fig. 3a, 1–5).
Each bar plot in Fig. 3b shows the responses of the vertical
feature-coding model V4 neuron as a function of vertical bar
location (bar positions 1 through 5) when attention is
focused on one of the horizontal bars (left, right, upper or
lower). Attention was again simulated by assigning a high
prior probability for the location of interest.
As seen in Fig. 3b, there is a pronounced effect of
proximity to the locus of attention: the unattended stimulus
(vertical bar) produces higher responses when it is closer to
the attended location than further away (see, e.g., ‘attend
left’). This is due to the spatial spread in the conditional
probability P(C|L, F) (see Fig. 1c), and its effect on Equations
(3) and (6). The larger responses near the attended location
reflect a reduction in uncertainty at locations closer to the
focus of attention compared with locations further away. For
comparison, the responses from a V4 neuron are shown in
Fig. 3c (from [5]).
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Fig. 3 In£uence of attention on neighboring spatial locations. (a) Example trial based on Connor et al.’s experiments [5] showing ¢ve images, each
containing four horizontal bars and one vertical bar. Attention was
focused on a horizontal bar (e.g. upper bar, circled) while the vertical bar’s
position was varied. (b) Responses of the vertical feature-coding model
neuron. Each plot shows ¢ve responses, one for each location of the
vertical bar, as attention was focused on the upper, lower, left, or right
horizontal bar. (c) Responses from a V4 neuron (reproduced from [5],
copyright 1997 by the Society for Neuroscience).

Such behavior closely mimics the effect of spatial attention
in areas V2 and V4 [4] (Fig. 2d).

Effects of attention on neighboring spatial locations
We simulated the experiments of Connor et al. [5] using an
input image containing four fixed horizontal bars at four

The model we have proposed makes several predictions.
First, as feedback connections from higher cortical areas are
assumed to convey prior probabilities [P(L) and P(F)], the
model predicts that stimulation of these feedback axons
should mimic the effects of attention, producing, for
example, a multiplicative modulation of orientation-tuning
curves as in Fig. 2a. A second prediction is that the
relationship between a neuron’s membrane potential and
the instantaneous firing rate is exponential. Emerging
evidence shows such a transformation in certain visual
neurons [21,22]. Finally, the model predicts that attention to
a particular feature (e.g. a vertical bar) should also influence
the processing of similar ‘neighboring’ features (e.g. a bar at
801) due to uncertainty in feature space, similar to the
uncertainty in locations as in Fig. 1c.
Our model bears some similarities to a recent Bayesian
model of attention proposed by Yu and Dayan [23] (see also
[24,25]). They use a five-layer neural architecture and a
logarithmic probability encoding scheme [19] to model
reaction time effects and multiplicative response modulation (Fig. 2a). Their model, however, does not use an
intermediate representation to factor input images into
separate feature and location attributes (Fig. 1a). It therefore
cannot explain effects such as the influence of attention on
neighboring unattended locations [5].

Conclusion
Our results suggest that attentional modulation in the
primate visual cortex may arise as a consequence of
Bayesian inference in hierarchical cortical networks. Our
study provides a new interpretation of attention as a cortical
mechanism for reducing uncertainty during the perception
of complex scenes.
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