
Neural Fields Models of Visual Areas:

Principles, Successes, and Caveats

Olivier Faugeras

NeuroMathComp Laboratory, Inria, Sophia-Antipolis Méditerranée, 06902, France

Abstract. I discuss how the notion of neural fields, a phenomenological
averaged description of spatially distributed populations of neurons, can
be used to build models of how visual information is represented and
processed in the visual areas of primates. I describe one of the basic
principles of operation of these neural fields equations which is closely
connected to the idea of a bifurcation of their solutions. I then apply this
concept to several visual features, edges, textures and motion and show
that it can account very simply for a number of experimental facts as
well as suggest new experiments.

1 Introduction

Neural or cortical fields are continuous assemblies of mesoscopic models, also
called neural masses, of neural populations that are essential in the modeling of
macroscopic parts of the brain. They have provided useful insights in the study of
a broad range of neurobiological phenomena particularly those characterised by
complex patterns of neural activity whose structure can be well captured by these
equations. In the past these have included geometrical visual hallucinations,
cortical waves, orientation tuning in V1, working memory and binocular rivalry.
They were first introduced by Wilson and Cowan [1] and Amari [2].

Neural fields describe the mean activity of neural populations by nonlinear
integro-differential equations. The solutions of these equations represent the state
of activity of these populations either in isolation (one talks about intrinsic activ-
ity) or when submitted to inputs from neighboring brain areas. Understanding
the properties of these solutions is therefore important for advancing our un-
derstanding of how the brain encodes and processes its internal and external
inputs.

These equations are phenomenological in the sense that, as of today, there
is no formal correspondence between these equations that are intended to be
relevant at the meso- and macroscopic levels and the equations that describe
neuronal activity at the level of individual neurons. Mean field theory may be a
way of addressing these questions, see for instance [3, 4].

2 Neural Fields Equations

We describe a very general class of neural fields equations. It involves several
important ideas. The first idea is that of the time variation of the average po-
tential of a given neuronal population, e.g. pyramidal cells. We note it Vi(t)
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where the index i (between 1 and P ) represents the neuronal population. The
second idea is that of the relation between this average membrane potential and
the average activity, or average firing rate, noted νi(t), of the population. This
relation is assumed to be of the form νi = S(Vi), where S is a sigmoidal func-
tion. The synaptic current received by the postsynaptic population i from all the
presynaptic populations j is assumed to be a weighted sum of the average firing
rates of these populations, the weights, noted Jij , describing the strength of the
interaction of the presynaptic population j with the postsynaptic population i.
If we further assume that the intrinsic (i.e. without interaction) dynamics of a
single population is described by a decaying exponential, we can express these
ideas as one equation per population:

dVi(t)

dt
= −Vi(t)

τi
+

P∑

j=1

Jijνj(t) + Ii(t) i = 1, · · · , P, (1)

where τi is a time constant that characterizes the intrinsic dynamics of the
population i, and Ii(t) is an external current, e.g. from a microelectrode. Note
that the weights Jij can be positive (respectively negative), in which case the
population j is excitatory (respectively inhibitory). The ordinary differential
equations (ODEs) (1) are the basic Wilson-Cowan/Amari equations. There are
several ways of increasing the descriptive power of these equations.

The first one is to bring in the idea that the neuronal populations may have a
spatial extent, e.g. be distributed over a cortical sheet. Denoting by r a variable
representing space, we rewrite equations (1) as

∂Vi(r, t)

dt
= −Vi(r, t)

τi
+

P∑

j=1

∫

Ω

Jij(r, r
′)νj(r′, t) dr′ + Ii(r, t) i = 1, · · · , P, (2)

The influence of the presynaptic population j is now spatially distributed over
the spatial set Ω and this is reflected in the spatial integral over this domain.
The system of ODEs (1) has been replaced by the system of integro-differential
equations (2). Thanks to the abstraction power of mathematics, we can still
think of this more complicated system of equations as system of ODEs albeit
defined on a more complicated, functional, space, see e.g. [5].

The second improvement is to take into account the fact that presynaptic
currents do not propagate instantaneously to postsynaptic populations and to
introduce delays in equations (1) and (2). If we note τij(r, r

′) the time it takes
for the activity of the presynaptic population j located at r′ to start influencing
the postsynaptic population i located at r, we rewrite (2) as

∂Vi(r, t)

dt
= −Vi(r, t)

τi
+

P∑

j=1

∫

Ω

Jij(r, r
′)νj(r′, t− τij(r, r

′)) dr′ + Ii(r, t). (3)

The delay function can be chosen as the sum of a constant delay due to the
synaptic response and of a propagation delay proportional to the the distance
between r and r′.
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The third improvement is to allow the synaptic weights to vary over time
according to some plasticity rule. We do not address this question in this paper.

The fourth improvement is to introduce the idea of feature representation:
population i is encoding a given feature, e.g. a visual orientation, in the spatio-
temporal variations of its average membrane potential. We provide several ex-
amples of this mechanism in section 3.

Equations (1)-(3) depend on several parameters such as the synaptic weights
Jij , the delays τij , the time constants τi, the shape of the sigmoid S as well
as the input currents Ii. The exact values of these parameters are clearly not
precisely known (will they ever be?) and the question naturally arises whether
we can make, at least qualitative, predictions about the way these parameters
should be tuned in order for the neuronal populations, as represented by these
equations, to operate in a meaningful and perhaps useful way.

The answer to this question is yes but in order to reach it one has to go through
the detour of the theory of the bifurcations of the solutions to the neural fields
equations. There is no space here to get into the details of the theory but I will
attempt to convey the feeling of what it means. I will consider one among the
many parameters, namely the slope λ at the origin of the sigmoidal function
S that converts average membrane potentials to average firing rates. I will also
consider the simple case where the external input current Ii is stationary, i.e. does
not depend on time. Finally I will consider the simplest equations (1) rewritten
so that to make explicit their dependency on λ:

dVi(t)

dt
= −Vi(t)

τi
+

P∑

j=1

JijS(λVj(t)) + Ii i = 1, · · · , P, (4)

When λ is equal to 0 one has S(λVj(t)) = S(0) and the solution to (4) converges

exponentially fast to the constant solution S(0)
∑P

j=1 Jij +Ii, irrespective of the
initial state of the network, not a very exciting behaviour!

When one slowly increases the slope λ starting from 0, something very inter-
esting happens: there is a critical value λc > 0 of λ above which the number of
solutions to (4) changes abruptly from one to several, depending on the initial
condition. This is a much more interesting behaviour since one may say that the
response of the system to a given input will strongly depend on its state when
the input is turned on. It turns out that this situation extends to the solutions
to equations (2) and (3). In these two cases one can precisely compute the bifur-
cation values λc of the slope λ and characterize the number of solutions after the
bifurcations. This mathematical analysis has been performed for (2) in [6] and
for (3) in [7]. It is not limited to the parameter λ and applies mutadis mutandis
to other parameters.

What do we learn from this at the neuronal level? well, of course, that the neu-
ronal populations should operate in regions of the parameter space that put the
system of equations very close to a bifurcation, technically to a static bifurca-
tion. This is in effect a strong constraint on the parameters values and, through
the analysis of the new solutions that appear in the vicinity of this bifurcation,
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provides very precise predictions that should be amenable to experimental testing.
We provide in the next section another argument leading to the same conclusions.

3 Neural Fields Representation of Visual Features

3.1 Representing Visual Orientations

Since the discovery by Hubel and Wiesel [8] of the selective response of a sin-
gle neuron to some orientations, a long-standing debate has taken place about
the degree of cortical computation involved in this selectivity compared to the
feedforward selectivity implied by the LGN projections.

The Ring Model of orientation tuning was introduced by Hansel and Som-
polinski [9] and studied by several other after the seminal work of Ben-Yishai
and colleagues [10], as a model of a hypercolumn in primary visual cortex.

The model assumes that the local orientation θ of the visual stimulus present
in the receptive fields of the neurons in the hypercolumn is encoded in their
mean membrane potential. Neglecting the spatial distribution of these neurons
one writes the following neural field equation

∂V (θ, t)

dt
= −V (θ, t)

τ
+

∫ π
2

−π
2

J(θ − θ′)S(λV (θ′, t)) dθ′ + I(θ, t) (5)

The connectivity function J is periodic and Mexican-hat like. This introduces a
new, very important, aspect in the study and use of neural fields equations, that
of their symmetries.

In the case of the ring model of orientation tuning, the neural fields equations
are invariant with respect to the action of the group of planar rotations. This
implies that for no input (and small values of the slope parameter λ) there is a
unique stationary solution (independent of time) and independent of the orienta-
tion. This is rather dull and, following the principle outlined in the introduction,
we tune the parameter λ so that the system is close to a (Pitchfork in this case)
bifurcation. Its behaviour then changes drastically: because of the rotational
symmetry, the number of solutions to (5) becomes infinite. Each such solution
is a unimodal function of the orientation θ, and all solutions are translated with
respect to one another. They are called tuning curves. When one turns on the
external input, e.g. with an oriented grating of orientation θ̄, one can show that
the system selects the corresponding tuning curve centered at this orientation.

To summarize, for small values of the slope parameter and no input, the in-
trinsic activity of the orientation hypercolumn is dull. When one increases the
value of λ one reaches a static bifurcation in the vicinity of which the hypercol-
umn encodes an infinite number of tuning curves in the absence of a stimulus. If
one keeps increasing the value of λ one reaches a second bifurcation in the vicin-
ity of which the tuning curves become multimodal or do not satisfy some other
biological constraints. Hence the system has to operate next to the first static
bifurcation which is a strong constraint on the possible values of the parame-
ter. When one then turns on the input the infinite number of solutions becomes
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finite. An analysis of the stability of these solutions shows that the one corre-
spondind to the main visual orientation of the stimulus is stable and the others
unstable: the hypercolumn is in effect sharpening the weakly tuned input it is
receiving from the thalamus. An important point is that some of the unstable
solutions may be weakly unstable (almost stable). This implies that one can in
principle design stimuli (time varying) for which the orientation of the response
of the hypercolumn is different from that of the stimulus for a significant amount
of time (significant with respect to the time constant τ). This prediction of a
cortical illusion could potentially be tested experimentally, see [11].

3.2 Representing Visual Textures

Visual textures can also be described in the framework of neural fields as de-
scribed in [12]. The corresponding feature space is larger than the one for visual
orientations, featuring three, instead of one, dimensions. As in the case of visual
orientations the corresponding neural fields equations are invariant with respect
to the action of a group of transformations. This group turns out to be much
more complicated than the group of planar rotations, and can be thought of
as the group of isometries (transformations that preserve distances) in the two-
dimensional hyperbolic space which can be represented as the Poincaré disk.
The mathematical analysis of this class of neural fields equations is not yet as
complete as in the case of the ring model of orientations, see [13–15] but the
basic remarks about choosing the parameter values in such a way as to operate
next to a static bifurcation still apply.

3.3 Representing Visual Motion Directions

Directions of motion are also amenable to analyses of a similar kind. A detailed
study of the bifurcations of the solutions to the corresponding neural fields equa-
tions is of great value to understand multistable perception. This phenomenon
provides useful insights into competitive interactions within the brain. When
two mutually exclusive interpretations of a presented visual stimulus are pos-
sible, the mechanisms which serve to resolve this ambiguity provide a dynamic
gating which determines access to conscious perception. We have started inves-
tigating these phenomena using neural fields, see [16].

4 Open Problems

I would like to mention three of the many still open problems. The first is related
to the notion of uncertainty. We have assumed that everything was deterministic
in our models. This is obviously only an approximation, hopefully a first-order
one, but one should investigate the impact of the introduction of uncertainty in
neural fields. The second is related to the spatial distribution of the neuronal
populations. Most of the mathematical analysis has been done for non spatial
models (visual orientations, visual textures, motion directions) whereas visual
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areas are spatially organized. This issue needs to be addressed further. The third
and last one arises from the fact that in all models presented in sections 3.1-3.3
we have assumed a feature-based connectivity whereas there does seem to be
any biological evidence for such a connectivity.
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