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color. The signal that arrives from the retina is mainly
determined not by the local light stimulus, but by the local
contrast between a stimulus and its immediate surround
[15,16]. This could be invoked as a basis for the constant
hue loci (as well as for the illusion of Fig. 1). Such a neural
representation captures the differences between different
surfaces, but indicates nothing directly about the viewing
conditions, such as the overall cast of illumination. The
processes by which illumination and other parameters of
the viewing conditions are reinstated in perception are not
yet well elucidated, but it makes sense that these should
require more integration with context than does perception of surface quality. And of course the brain has enough
signals to support color experience of a dimensionality far
higher than three. This is no heretical departure from the
trichromatic theory: all that is necessary is that the signals
underlying such perceptual dimensions combine information from different points in the visual field – and
indeed the retinal ‘local contrast’ signals already do this.
To understand how the local-contrast signals within the
image are integrated in perception is a problem that
neurophysiologists are only beginning to address, although
it is already clear that long-range interactions do occur, in
primary visual cortex [17,18] as well as at later stages
of processing [19]. The work of Ekroll et al. increases
the challenge of this problem, by highlighting neglected
subtleties in the way that perception of a surface depends on
the viewing conditions. Gratifying correspondences have
been revealed between neural firing rates and judgments of
surface hue [19] and lightness [17] under varying viewing
conditions, but a complete account of surface perception will
require in addition some representation of the viewing
conditions themselves, as well as of material properties
such as glossiness [20], which also depend on fairly complex
spatial computations.
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By taking the MAX from their inputs, neurons in the
ventral visual pathway might preserve their selectivity
even when stimulated with natural scenes. This computational hypothesis has received recent direct physiological evidence from recordings of V4 neuronal
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responses, in a recent study by Gawne and Martin
(2002). Object vision might rely more heavily on parallel
processing than generally thought.
In monkeys, neurons in infero-temporal cortex (IT) can
respond selectively to a large range of complex stimuli as
early as 80 – 120 ms after stimulus onset [1,2]. This fast
processing is generally thought to be achieved through a
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How is this possible? It has been suggested that such
performance might be explained by the use of a non-linear
mechanism, the ‘MAX’ function [6]. The MAX function
pools input activation so that the output of a neuron is
determined by the strongest afferent; that is, the input
with the maximum firing rate. This constitutes a form of a
winner-take-all mechanism. By making a selection from
various inputs, such a mechanism might potentially
explain selective responses to objects in natural scenes.
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Fig. 1. Visual processing of simultaneously presented stimuli. (a) The seven Walsh
patterns used by Gawne and Martin [7] to test stimulus interactions in V4 neuronal
receptive fields (RF). (b) Schematic representation of the ventral visual pathway.
Through a hierarchy of cortical areas, from V1 through temporo-occipital cortex
(TEO) to temporal cortex (TE), complex and invariant object representations are
progressively built by integrating inputs from lower levels. As RF size increases
(presumably to allow translation and size invariance) neurons at higher levels typically receive inputs from more than one object at a time during natural scene perception. The response output of TE neurons to stimuli falling in their RF is
illustrated by a vertical arrow, with the strength of the mean firing represented by
a black rectangle. According to a linear model (L) of neuronal integration all the
stimuli in its RF influence the response of the TE neuron, leading to ‘blurred’ representations. This potential problem might be solved if neurons implement a
‘MAX’ function, responding only to the stronger of their inputs (M). An alternative
is that the neurons perform a weighted-average function, here illustrated with an
equal participation of each input (W). Gawne and Martin found that V4 neurons
appear to follow a MAX function, which would make the ventral pathway less sensitive to visual clutter than generally thought. This promising result needs to be
tested in area TE where more complex features are processed.

Neurophysiological evidence for the MAX function
In a recent experiment, Gawne and Martin provided some
direct experimental evidence in favour of this powerful
theoretical idea [7]. They directly tested the MAX model by
recording neurons from visual cortical area V4 of two
monkeys. While animals performed a passive fixation
task, two artificial visual stimuli (two-dimensional Walsh
patterns; Fig. 1a) were flashed simultaneously in a
neuron’s receptive field. The neuronal responses recorded
under simultaneous presentations were compared with
those elicited by the two stimuli separately. They found
that for a significant number of the recorded neurons,
responses to the two stimuli presented simultaneously
were well-fitted by a MAX model. Furthermore, the MAX
model did much better than a linear model in almost all
cases.
Importantly, the authors carefully verified that the
capacity of the MAX model to fit the data could not be due
to simple explanations like response saturation, or to cases
where the neuron failed to respond to one of the stimuli.
For some recorded neurons, no simple function could be
found to explain their behaviour, suggesting that several
non-linear mechanisms might be at work in the visual
system. They also compared the MAX model with a
weighted-average model that had been found to explain
neuronal responses to simultaneous presentations of
simple bars in V4 [8]. Although the weighted-average
model did a much better job at explaining the data than the
linear model, overall it was less successful than the MAX
model. Thus, the MAX model seems to provide a good
description of the behaviour of neurons in V4 when two
stimuli are present in their receptive fields.

hierarchy of cortical areas where complex and invariant
object representations are progressively built by integrating inputs from lower levels. Although linear integration
mechanisms might be sufficient to account for the
processing of isolated elements, problems would arise in
the case of natural scenes containing multiple objects.
There is a progressive loss of spatial information as one
progresses through the levels of the hierarchy due to an
increase of receptive field size [3]. Consequently, neurons
at the highest levels can potentially receive information
from many different parts of the visual field, and in this
case, a linear mechanism would lead to ‘blurred’ neuronal
responses in the highest levels. Neuronal representations
at the top of the hierarchy would contain mixed information from several objects, thus rendering recognition in
clutter virtually impossible. However, the human visual
system is able to categorize objects in natural scenes in
parallel, within 150 ms [4,5].

Explaining data inconsistent with the MAX model
So why did the data in the study by Reynolds et al. indicate
a weighted-average model for V4 neuronal responses
under similar experimental conditions? Gawne and
Martin suggest that the difference might reflect their
selection of neurons with large receptive fields, which
allowed a maximal separation between the two stimuli – a
selection that was not done by Reynolds et al. Increasing
the separation could reduce the importance of neuronal
interactions between the two stimulus representations at
lower levels of processing. Note also, that, as outlined by
Gawne and Martin, some neurons recorded by Reynolds
et al. did in fact have responses that were explained by a
MAX function.
Furthermore, it is worth examining carefully data
reported by Desimone’s group, not only when V4 neurons
were stimulated by simple bars, but also when V4 and IT
neurons were presented with more complex objects in their

TEO

V4

V2

V1
TRENDS in Cognitive Sciences

http://tics.trends.com

Update

TRENDS in Cognitive Sciences

receptive fields [8– 10]. In most cases, it appeared that the
neuronal responses to the simultaneous presentation of
two stimuli in V4 or IT neuronal receptive fields could be
explained by the weighted sum of the responses to each
stimulus presented in isolation. However, it is also clear
that the early part of the response to a preferred stimulus
(one that elicits a strong response when presented in
isolation) seemed to be partially or totally unaffected when
this preferred stimulus is flanked by another stimulus
associated with a much smaller response when presented
alone. It would appear that the effect of a non-optimal
stimulus on the response to a preferred stimulus occurs
only after some delay. Therefore, even when neuronal
responses to simultaneous presentations appear to follow
a weighted-sum model, the early part of the response
might in fact be explained by a MAX model.
Given that information theory analysis of neuronal
responses in IT has shown that most of the information
about stimulus properties is conveyed in the early part of the
neuronal response [11,12], this result clearly leaves open the
possibility that several objects might be encoded in parallel
before some form of competition between neuronal responses
occurs [13]. In the future, therefore, it will be very important
for models of object recognition to determine what part of the
neuronal response is used by the visual system to take a
decision. It will also be important to determine whether
lower firing rates in response to a stimulus flanked by a nonoptimal stimulus reflects a degraded representation, or
whether this response might instead incorporate additional
information about spatial and/or shape relations between
the two stimuli [14,15].
Applying MAX to the real world
But before we can conclude that the MAX function is a
major coding mechanism in object vision, several points
must be clarified. In their study, Gawne and Martin used
high-contrast stereotyped black and white patterns presented on a uniform grey background (Walsh patterns). In
order to generalize their discovery to real world situations
it will therefore be necessary to test neurons in the ventral
pathway with more realistic stimuli, possibly photographs
of real world objects embedded in natural scenes, which
can sometimes have very low contrasts. Can neurons in
the ventral pathway encode several objects in parallel or
are serial routines required each time we face a complex
environment? This ‘ultimate’ and crucial test, still to be
performed, is illustrated schematically in Fig. 1b.
Clear predictions can be made about neuronal
responses according to the three coding schemes discussed
here (the weighted-average model, weighted-sum model,
and the MAX model). Recent evidence in favour of the
parallel hypothesis has been provided by a study showing
that IT neurons can still fire selectively and rapidly to
objects in the context of real world scenes [16]. It is possible
that whereas subjects might have problems processing
multiple stimuli, neurons in IT could potentially behave
differently, at least at the beginning of their response.
Implementation of the MAX function
A final point concerns the mechanism by which the MAX
function might be implemented. Gawne and Martin noted
http://tics.trends.com
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that when two stimuli are presented together, the time
course of the response to the combined stimulus often
matched the profile produced by the stimulus producing
the shortest latency response when presented in isolation.
It is as if the earliest response masks the effectiveness of
the later one. Given that more effective stimuli tend to
produce responses with shorter latencies, this sort of
temporal mechanism could potentially explain why the
stronger stimulus determines the response. Interestingly,
this kind of effect can be related to the sort of temporal
winner-take-all mechanism proposed by Thorpe [17], in
which the earliest firing inputs generate inhibition that
reduces or even blocks the effect of those afferent inputs
that fire later.
A similar sort of desensitisation mechanism based on
activation of populations of fast-spiking interneurons has
also been used more recently to implement a rank-order
coding scheme in which neurons can be made selective to
the order of firing of their inputs [18,19]. However, Gawne
and Martin reported a MAX effect even for neurons
presented with stimuli eliciting similar response latencies,
so it could be that the temporal mechanism is not the only
way to implement the MAX function. To solve this
controversial issue, it might be necessary to perform
intracellular recordings while presenting two stimuli that
elicit responses with identical latencies when presented
alone.
Whatever the final outcome, it is clear that recent
interest in non-standard computational algorithms signals the emergence of a new kind of research strategy –
one in which computational principles are directly tested
using neurophysiological methods.
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The nature of cognitive development
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Theories of cognitive development have led to enduring
and fierce arguments that have been long on rhetoric
but short on evidence. Constructivist theory has roots
in Piagetian notions of cognitive development as proceeding from self-directed action during infancy. Nativist theories subsequently became popular by
producing claims of cognitive precocity, but left open
many central questions concerning mechanisms of
development. Now, a new view of constructivism is
experiencing a renaissance, having achieved greater
psychophysical, computational and neural plausibility.
Debates concerning developmental origins of human
concepts are enduring and relentless, rooted in the ancient
and more recent philosophizing of such eminent thinkers
as Plato, Aristotle, Descartes and Hume. Inaccessibility to
any empirical contributions to the argument hampered
emergence of a viable theory of concept acquisition until
the last century, when Jean Piaget devised techniques to
elicit behaviors in infants that were suggestive of a
developing system of knowledge, centering on the great
themes discussed originally by Kant: object, space, time
and causality [1]. The essence of Piaget’s theory is
‘constructivism’: the building of concepts from simpler
perceptual and cognitive precursors. Consider, for
example, development of the ‘object concept’ – the notion
that objects maintain their existence and properties, such
as location or trajectory of motion, in the absence of direct
perceptual input. On Piaget’s theory, newborn infants
have no object concept; they have to learn, with the aid of a
set of basic reflexes (see Box 1). This constructivist view of
development was challenged by the nativist view, according to which object concepts arise earlier than co-ordinated
manual behavior, so they must be innate (Box 1).
Constructivism strikes back
A recent article describing an information-processing
approach to cognitive development in infancy holds
promise for the goal of accounting for infant acquistion
new knowledge. Cohen and colleagues [2] propose a set of
principles that make explicit the progression towards new
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knowledge in a bottom-up fashion. The Cohen et al.
account is diametrically opposed to the competent-infant
view held by nativism: instead of a group of high-level
cognitive capacities that remains constant across development (such as deductive reasoning and object representation), Cohen et al. posit a set of general-purpose sensory,
perceptual, and lower-level cognitive processes that are
operational at birth and serve to guide knowledge
acquisition across domains. These include sensory processing of auditory and visual input, short-term memory,
allocation of attention, and primitive categorization.
Principal developmental changes concern expansion of
these rudimentary skills, the ‘content’ of information, and
what constitutes a ‘unit’ of information.
Central to the theory is the idea that units of
information are elaborated and enhanced with improvements in information-processing skills. Initially, the
system has access only to information that is relatively
simple, but with time, infants integrate the lower-level
units of information into more complex, higher-level units,
these higher-level units serve as the components for even
more complex units, and so forth. There is a bias to attend
to the most complex units that the system can handle. If it
fails to process the highest units (owing, say, to immature
attentional capacity or increased cognitive load), then
lower units are utilized. This hierarchical approach to
cognitive development is repeated across domains, underlying skill acquisition and proficiency over a range of tasks,
throughout our lives in fact. Concepts are thus formed
incrementally and progressively, in a manner broadly
consistent with Piagetian theory but not tied to a single,
determinate developmental mechanism, such as selfdirected manual activity. Information-processing theory
provides an excellent account of the development of object
perception in early infancy, which proceeds in part-towhole fashion: infants respond initially only to the
components of occluded-object displays (i.e. those surfaces
that are directly visible), failing to take account of those
object constituents that are hidden from view.
Cohen and colleagues’ extensive and elegant work
on development of understanding of physical causality
(see [3] for a review) provides another cardinal example of
these principles. Leslie and Keeble [4] had proposed a

