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Abstract

Top-down, feedback, influences are known to have significant effects on visual information processing. Such
influences are also likely to affect perceptual learning. This article employs a computational model of the cortical
region interactions underlying visual perception to investigate possible influences of top-down information on
learning. The results suggest that feedback could bias the way in which perceptual stimuli are categorised
and could also facilitate the learning of sub-ordinate level representations suitable for object identification and
perceptual expertise.
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1 Introduction

Visual perception is accomplished by a distributed network of interconnected and interacting neural populations,
or cortical regions. The activities of the neurons within these regions underly perceptual processes. Furthermore,
changes in the response properties of such neurons underly changes in perceptual Khititie4 496 Walsh
et al, 1998 Gauthier et al.200Q Sigman and Gilbert2000. The interconnectivity between different cortical
regions makes it possible to identify specific information processing pathways, along which neural populations
are arranged in a hierarchiz€lleman and Van Essgh991 Crick and Koch 1998 Mountcastle 1998. During
perception, information propagates through the visual processing hierarchy from primary sensory areas to higher
cortical regions (via feedforward connections), and in the reverse direction (via feedback connections). The result-
ing neural activity, within each cortical region, is thus influenced by both feedforward and feedback information
(Lamme et al. 1998 Lee et al, 1998 Bullier and Nowak 1995 Lamme and Roelfsem&000. Hence, both
feedforward and feedback connections cause short-term changes in cortical information processing by directly
influencing neural activity. In addition, since learning is activity-dependent, each type of connection is involved in
modifying the response properties of neurons, in the long-term, through learning. In this article we explore the role
of cortical feedback connections in perceptual learning and in subsequent perceptual processing using a simple
model of two interacting cortical regions at adjacent stages along an information processing pathway. Our results
suggest that feedback may be involved in learning representations suitable for performing both categorisation and
identification.

Neurons become active in response to particular patterns of pre-synaptic stimulation. These stimulus selec-
tivities, for neurons in all cortical regions, are dependent on prior experidoantcastle 1998 Logothetis
1998 Wallis and Rilthoff, 1999 Sigala and Logothetj2001) and are subject to change throughout IBagi and
Tanne 1994 Desimong 1996 Gilbert, 1996 Karni and Bertinj 1997 Kobatake et a).1998 Goldstone 1998
Logothetis 1998. Individual neurons learn to become selective for statistical regularities in the input environment
which they experiencd=pldiak, 1990 Barlow, 1990. This ‘environment’ is the pattern of pre-synaptic activity to
which that neuron is exposed. The environment is thus different for neurons in different cortical regions. Neurons
in one cortical region will learn to respond to the patterns of activity generated by the neurons in other cortical
regions from which they receive their inputs. The uniformity of cortical anatomy and physididmio) 1992
Mountcastle1998 suggests that the same processes of representation and adaptation underly both low-level, per-
ceptual, and high-level, cognitive, systems and the learning within &ald$tone and Barsalp®998. Hence,
many different phenomena in the domain of perceptual and conceptual learning are likely to result from the same
mechanisms of change in neural response properties. Consistent with this view, the model presented in this paper
demonstrates that a single learning mechanism can account for several different forms of visual adaptation, such
as, imprinting, perceptual category learning, and perceptual expertise. Furthermore, the model demonstrates that
common mechanisms, involving cortical feedback pathways, can account for a range of visual processes, such as,
object parsing, categorical perception and dimension sensitisation. In addition to providing a unified account of a
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Figure 1: A pyramidal cell. Pyramidal cells are the predominant class of excitatory neuron in the cerebral
cortex. The detailed dendritic morphology of pyramidal cells is highly variable, however, one relatively
consistent feature is the segregation into two distinct dendritic projections: the apical dendrite which
extends towards more superficial cortical layers, and the basal dendrites which extend laterally within
the same layer as the cell body. For pyramidal cells in the superficial layers of the cortex, feedforward
connections (from regions lower in the cortical hierarchy), relayed by spiny-stellate cells in layer IV,
target the basal dendrites, while feedback connections (from regions higher in the cortical hierarchy)
target the apical dendrites. Cell morphology adapted fieag(et al, 1999.
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number of perceptual processes that are currently considered distinct, the proposed model is consistent with neu-
roscience. If our objective in studying psychology rather than artificial intelligence is to explain human behaviour,
then there is a need to focus on those models that are most compatible with the neural mechanisms which underly
psychological phenomena. Hence, we propose that a proper consideration of brain mechanisms is likely to result
in more adequate models of cognition. The same model has been applied previously to simulating single-cell
data in the domain of spatial and object-based attengmatling and Johnsg20043. The range of processes

that can be simulated by this model supports the view that the same underlying neural mechanisms give rise to a
number of distinct psychological phenomena.

2 Methods

Cortical feedforward and feedback connections preferentially target distinct regions of pyramidal cell dendrites
(see figurdl). For example, pyramidal cells in cortical layers Il and Il receive feedforward information at the basal
dendrites and feedback information at the apical dendrites. Physiological evidence suggests that this anatomically
observed segregation of input sources, between the apical and basal dendrites, may have functional significance
(Spratling 2002. The apical dendrite appears to act as a functionally distinct dendritic compartment capable

of integrating the stimulation it receives relatively independently of the basal dendétesg¢er and MeP003

Larkum et al, 1999 Yuste et al. 1994. Furthermore, activation of the apical dendrite causes weaker depolar-
isation of the cell than basal dendrite stimulatidG®o¢kland 1998 Budd 1998, which is consistent with the
suggestion that feedback signals act to modulate responses that are primarily driven by feedforwar@iiguts (

and Koch 1998 Hupeé et al, 1998 Friston and Biche| 2000.

Functionally distinct apical and basal dendrites enable information arising from different sources to have dis-
parate affects on neural activity and (thereby) learniBgrétling 2002. Based on these observations we have
developed a neural network model in which neurons have two dendritic compartments capable of independently
integrating the feedforward and feedback signals that they recgprai{ing and Johnsg20043. In this model,
the response of a neuron is driven by the activity generated in its basal dendrite and modulated by the activity of
the apical dendrite. The response is also affected by lateral inhibitory connections targeting the basal dendrites, via
which neurons in the same region compete to represent distinct stBméit{ing and JohnseR001, 2009. This
model thus combines two mechanisms, competition and gain modulation, which have both been separately sug-
gested as common computational principles employed throughout the déetesefs and Perre2002 O'Reilly,

1998 Phillips and Singerl997 Salinas and Thie2000).

This proposed neural network architecture can be used to model the interactions between cortical regions, as
illustrated (for two interacting regions) in figu& In the model, visual stimuli compete to be represented by
cortical activity. The outcome of this competition is influenced not only by bottom-up, sensory-driven, processes,
but also by top-down information, which can originate from a range of different sources, to modulate neural
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Figure 2: A schematic of the model showing two interacting cortical regions. Each region contains
one layer of model pyramidal cells (somata shown as filled triangles). These model neurons each have
two, independent, dendritic compartments: the basal dendrites, which receive feedforward connections
(shown as solid lines), and the apical dendrites, which receive feedback connections (shown as dashed
lines). Nodes in different regions are reciprocally connected by feedforward and feedback projections
(only the connections originating from one pair of nodes are shown) and are targeted by connections
originating from other sources, such as sensory inputs (shown as filled squares). Nodes within the same
region compete via lateral inhibitory connections which target the basal dendrites (only selected connec-
tions between neighbouring nodes are shown). Excitatory and inhibitory synapses are shown as open and
filled circles respectively.

activity and bias competition. Hence, in the model, neural activity at later stages of perceptual processing can
influence the on-going processing occurring at earlier stages. Full implementation details are provided in the
Appendix.

Figure2 illustrates the structure of the model used in all the simulations reported in this article. The lower and
upper regions contained 29, and six, neurons respectively. These figures for the number of nodes were determined
by structure of the particular tasks the network was applied to. Sensory input to the lower region consisted of a 29-
element vector, each element of which indicated the strength of activation of an image component (a line segment
or a dot). The 29 neurons in the lower region each received input from one element of the input vector. Neurons
in the lower region thus had predefined preferences, such that each node was selective for a unigque, independent,
image feature. It was thus assumed, for the purposes of the experiments described here, that the lower region
has previously learnt appropriate low-level sensory representations. The model was used to explore the effects of
subsequent learning in the upper region. The nodes in the upper region received feedforward connections from all
the nodes in the lower region. These nodes thus had larger receptive fields and could learn to become selective to
patterns of activity in the outputs of all the nodes in the lower region, and hence, to larger features within the input
images. The synaptic strengths of the reciprocal, feedforward and feedback, connections between the two regions
were learnt (as described in the Appendix). The resulting selectivities of the nodes in the upper region were thus
dependent on prior experience.

Separate sources of feedback targeted the apical dendrites of nodes in each region. For feedback to the lower
region, each node received top-down input from a specific source. Such connections would be necessary to be
able to direct attention to a particular feature or to a particular spatial loc&ymat{ing and Johnsg20043. In
contrast, feedback inputs to the upper region were in the form of an array of input signals fully connected to all the
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Figure 3: The task used ifPevtzow and Goldston@ 994 to assess the effects of prior categorisation
experience on object segmentation. When the two objects in each row where placed in the same category,
the parts shown on the right were diagnostic for those categories. When the two objects in each column
where placed in the same category, the parts shown at the bottom were diagnostic for those categories.

nodes. The strength of the synaptic weights from these inputs to the apical dendrites of nodes in the upper-region
were learnt at the same time as the synaptic weights at the basal dendrites were learnt. Distinct, non-overlapping,
input patterns denoting the category of the perceptual stimulus were used as top-down input to the upper region in
certain experiments.

3 Results

3.1 Imprinting and Unsupervised Perceptual Learning

Previous experiments with this model, have demonstrated that it provides a powerful, and efficient, mechanism for
the unsupervised learning of perceptual stimuli. The algorithm finds statistical regularities in the sensory input and
is able to learn the underlying, independent, components of im&eat(ing and Johnsp2001, 2002 2003.
Furthermore, the same learning rule can be applied, simultaneously, at each stage in a hierarchy of regions so that
higher-level neurons become tuned to more abstract features of the training enviro8pratit{g and Johnson

2004h. The following sections explore the influence of top-down information on the learning process.

3.2 Category Learning and Object Parsing

Pevtzow and Goldston@994) explored the effects of category learning on a subsequent perceptual segmentation
task. During the initial category training phase of the experiment, subjects were shown distortions of four objects.
These objects were made up of line segments, or bars, joining dots on a three-by-three grid (s8edigiveere
distorted for each presentation by the addition of a further, randomly chosen, line segment. One set of participants
learnt that the pairs of objects in each row of fig@r@ere members of the same category, while a second set of
subjects were trained to place each pair of objects in the columns of figate the same category. Following
category training, subjects were tested on their ability to determine if a novel object contained a specific part.
Participants were faster to correctly identify a part as present when that part was diagnostic for a previously learnt
perceptual categoryPevtzow and Goldston&994 Goldstone et al2000.

This task was simulated using the model described in the Methods. Distorted versions of the four training
patterns shown in figur@ were presented as sensory input to the basal dendrites of the lower region. The training
patterns were distorted by adding one extra bar, chosen at random, at each iteration. In addition, inputs indicating
the category of the current stimulus were provided to the feedback connections targeting the apical dendrites of the
upper region. Figurd shows typical examples of the stimulus selectivities learnt by neurons in the upper region
following training. Nodes in the upper region learnt to represent the common features (or prototypes) correspond-
ing to whichever categories the network was biased towards learning. Hence, when the category information
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Figure 4: The representations learnt by neurons in the upper region, for the task shown in3igure

(a) when categorisation information biases grouping rows, and, (b) when categorisation information bi-
ases grouping columns. The strength of synaptic weights received by each node from each input feature
is proportional to the darkness of that feature in the image.

indicated that patterns within the same row where in the same category, one node in the upper region learnt to
represent the common features of the two patterns in the top row, while another node learnt the common features
of the two patterns in the bottom row. This occurred for 17 trials out of 20. A typical example of the selectivities
learnt by nodes in the upper region is shown in figli@). In contrast, when the category information indicated

that patterns within the same column formed distinct categories, one node in the upper region learnt to represent
the common features of the two patterns in the left column, while another node learnt the common features of the
two patterns in the right column. This occurred for 19 trials out of 20. A typical example of the selectivities learnt
by nodes in the upper region is shown in figd(b).

The response of the network was tested using a novel stimulus, similar to that udedtbgw and Goldstone
(1999 in their whole/part judgement task. No category information was supplied during this test. The stimulus
(figure5(a)) contained six bars, three of which were members of one of the prototypes learnt by the network when
grouping rows. When this stimulus was presented to a network that had been previously trained to classify patterns
within rows, the node in the upper region that represented this prototype became strongly active. This node thus
provided feedback that enhanced the responses of the nodes in the lower region representing the individual bars
within this prototype (figuré(d)). No such consistent enhancement to the activity of nodes representing one or
other part of the object occurred when the network was trained to group each column of patterns into the same
category (figurés(e)).

Similar enhanced neural responses have been observed in single-cell electro-physiological data recorded in
adult monkeys performing figure/ground segmentation tasks. In these experiments feedback enhances the activi-
ties of neurons representing spatially distributed image features on the jpser(et al. 1996 Lamme 1995
Hupeé et al, 1998 and, hence, provides these elements with a competitive advantage over neurons representing
image features on the backgroumef/nolds and Desimon&999. We have previously employed a similar model
to the one described here to simulate these effects in a figure/ground segmentati@ptating and Johnson
20043. In the current application, the model suggests that participants were faster to correctly identify a part
that was diagnostic for a previously learnt perceptual catedeeyt¢ow and Goldstond994 Goldstone et a.

2000 due to segmentation being facilitated by feedback from a previously learnt category prototype. The influ-
ence of high-level shape information on the grouping of low-level image features has also been observed in other
behavioural experiments. For example, a familiar or identifiable region of an ambiguous image is more likely

to be perceived as the figurBdterson and Gibspd993. Furthermore, familiarisation with an object can bias
subsequent perceptual grouping and facilitate processing of disparate image segments as a unitafgnvable (

et al, 2002. Similarly, prior experience can enable the segmentation of abutting stimuli with ambiguous part
membership even when low-level cues (such as common motion or spatial separation) are unaBeghadlend

Farid, 2003, even for infants as young as 4 monthieédham2001). More generally, a range of contextual cue-

ing tasks Chun 2002 demonstrate that high-level knowledge produces top-down biases that influence low-level
perceptual processing. The model suggests that the same mechanisms underly all these phenomena. Neurons
with large receptive fields, that are sensitive to high-level information in the image, provide feedback modula-
tion to neurons with smaller receptive fields in earlier regions. Such top-down signals will be dependent upon
the response properties of the neurons which generate them. Hence, the processing of perceptual data, in lower
cortical regions, is biased by the selectivities learnt, from prior experience, by neurons in highet aeeatsa(,
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Figure 5: Responses to a stimulus, before and after training on a perceptual categorisation task. A
novel stimulus, shown in (a) was presented to the network. Responses are shown for two sets of nodes
in the lower region, that were selective for the subsets of line segments indicated in (b). The insets
in each figure show the responses of the nodes in the upper region: dotted lines show responses for
nodes that are unselective to any patterns, while coloured solid and dashed lines show the responses of
upper-region nodes that have learnt to represent prototypes. (c) Before training, the upper region nodes
generate a weak response to the stimulus, and feedback is unselective so that the responses of all the
recorded nodes in the lower region are equal. (d) After training to group rows, when nodes in the upper
region represent the stimuli shown in figut@), the novel stimulus strongly activates one upper region
node. Feedback activation from this node results in enhanced responses for one subset of lower region
nodes. (e) After training to group columns, when nodes in upper region represent the stimuli shown

in figure 4(b), the novel pattern partially activates both prototypes in the upper region, and there is no
consistent enhancement to the response of either subset of lower region nodes. Both response and time
are measured in arbitrary units, but the same scale has been used in each plot.

2002. High-level object and category knowledge (resulting from prior experience) can thus enhance the activities
of lower-level neurons representing certain image features to affect on-going perceptual information processing.

3.3 Categorical Perception and Dimension Sensitisation

Categorical perception is another phenomenon that can be induced by prior perceptual experience. It describes
a warping of perceptual space, such that there is a perceived increase in the similarity between items within the
same category, and a perceived increase in dissimilarity between items in distinct catétpmes] 1987, 2003
Goldstone1998 Goldstone et al2001). The model we have presented above can also simulate these categorical
perception effects. In the previous experiment, activity in the upper region resulted in selective enhancement of
neural responses in the lower region. One consequence of this top-down modulation of neural responses is that
similarities between the current image and previously learnt object representations or category prototypes will be
exaggerated. Hence, if a novel object is sufficiently similar to a previously learnt object to cause activation of the
stored object representation, this will result in feedback enhancement to those neurons representing features of
the stimulus that match the learnt object. Similarly, if a novel object is sufficiently similar to a previously learnt
category prototype to cause activation of this stored representation, this will result in feedback enhancement to
those neurons representing features of the novel object that match the learnt prototype (as Hid)yueuch

an enhancement in the neural responses to features that match the prototype is likely to result in an increased
perceptual similarity between the stimulus and the learnt category. When the stimulus is similar to more than one



stored representation, competition between these representations will determine which stimulus features receive
top-down support. Hence, similar stimuli which fall within different categories will receive distinct patterns of
feedback modulation that will lead to an exaggeration of the differences between the stimuli.

This is illustrated in figuré. A network was used that had been trained inRlegtzow and Goldstond 994
task (see figur®) to classify patterns within rows, and which had thus learnt representations in the upper region
for the prototypes of each row, like those shown in figd¢a). Figure6 shows the response of this network
to a range of stimuli, which have varying similarities to the two prototype that had been learnt by the network.
Responses are shown for the nodes in the lower region that are selective to the three bars that form each of the
previously learnt prototypes (as indicated in figé(e)). The insets of each figure show the responses of the
nodes in the upper region that are selective to each of these two prototypes. It can be seen that in each case
one node in the upper region wins the competition and suppresses the response of all other upper-region nodes.
The winning node provides feedback that amplifies the responses of neurons encoding image features consistent
with that category, and hence, enhances the perceptual similarity between the stimulus and the winning category
as well as exaggerating the differences between stimuli in different categories. The outcome of the competition
within the upper region is sensitive to small differences in the stimulus. Hence, near the boundary between the two
categories, a small change in the stimulus can give rise to a large difference in the resulting neural response. The
response to a stimulus that is equally similar to both stored prototypes is shown in the central plot é{fiure
this case, noise within the neural activations results in one upper-region node winning the competition. Previous
models of categorical perception have also relied on stimuli from different categories causing the network to fall
into distinct activation state®@mper and Harna®000. For our model the different activation states result from
competition between the nodes in the upper-region, which affects the activation states of nodes throughout the
network via feedback.

To quantify the effects of category learning on perceptual similarity and dissimilarity a second simulation was
performed.Goldstone et al(2001, 2000 describe how categorisation training can increase a subject’s sensitivity
to a specific perceptual dimension. In these experiments a four-by-four array of training images was used. These
images were created either by changing parameters along two perceptual dimeresjahs prightness and size
of images of squares) or by morphing between four stimudi, faces). Subjects were trained on a categorisation
task that divided the stimulus array either vertically or horizontally into two equal groups. Hence, for successful
categorisation one dimension was relevant and the other irrelevant. Subsequent testing revealed that subjects
were most sensitive to perceiving stimulus differences in the relevant dimension across the boundary between
the two categories, and were least sensitive to perceiving changes along the dimension that was irrelevant for
categorisation.

The model was applied to a similar task, in which training data consisted of the four-by-four array of images
shown in figure7(a). This array was created by morphing between the four stimuli employed previously (as
shown in figure3). Images were presented in random order to the basal dendrites of the lower region, together
with inputs targeting the apical dendrites of the upper region that indicated the category of the current stimulus.
Networks were either trained on a categorisation task that divided the stimulus array horizontally or vertically.
This is similar to the previous task in which patterns within rows or columns were placed in the same category.
As in the previous task, nodes in the upper region often learnt prototypes similar to those shown id.figure
Before and after training, the responses generated in the lower region to each image in the array were recorded.
These patterns of neural activity were compared to determine how distinctly different images were represented by
the network (see sectioA.1). The distinctiveness of the neural response, to adjacent images from the training
array, averaged over ten trials with each of the two classification tasks is shown in figfoyesd7(c). It can
be seen that, as with the behavioural d&@alfistone et al.2001, 2000, the largest changes in response occur
across the boundary between the two learnt categories, and that the smallest differences in response occur along
the dimension that was irrelevant for categorisation.

Similar effects on the sensitivity to specific stimulus dimensions, following category training, have been ob-
served in monkeysSigala and Logothetj2007). After training on a categorisation task for which only certain
stimulus features were relevant, neurons in inferior temporal cortex were found to generate responses that were
most distinct for stimulus changes along the relevant dimensions rather than the irrelevant dimeSigalas (
and Logothetis2001). One possible explanation for these effects, in agreement with our model, is that top-down
information from other cortical regions serves to shape the sensitivity of IT neurons to the diagnostic stimulus
dimensionsiflasegawa and Miyashita0032).

3.4 The Effects of Feedback on Categorisation and Differentiation

The previous experiments have shown that category information, input to the apical dendrites of the upper region,
can influence the learning of prototype representations at the basal dendrites. If there is insufficient overlap
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Figure 6: The response of a network to patterns that vary in their similarity to two learnt prototypes.
Responses are shown, in (b), for two sets of nodes in the lower region that represent the line segments
indicated in (a). Note that in the top and bottom graphs all the nodes representing one or other of these
sets of line segments have zero activation at all times. Insets, show the responses of nodes in the upper

region that are selective to the two prototypes.
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Figure 7: (a) A four-by-four array of training images generated by morphing between the four images
shown in figure3. The plots in (b) and (c) show how distinct the neural responses were to adjacent images
within the array, when (b) the network had been trained to classify images in the upper and lower halves
of the array into separate categories, and (c) when the network had been trained to classify images in the
left and right halves of the array into separate categories. The length of each rectangle is proportional
to the magnitude of thée values (determined for the lower region using equa8iprsuch that a value

of Ae = +1 would be shown as a rectangle with length equal to the side of one of the small squares
in the grid. PositiveAe values are shown by filled rectangles, and negative values are shown using
empty rectangles. Positive values indicate that training has resulted in improved discrimination between
adjacent stimuli, while negative values indicate increased similarity in the representations of adjacent
stimuli.



Figure 8: (a) Training patterns that have less overlap with each other than the previous example. The
representations learnt by neurons in the upper region, when trained on this data, (b) with no top-down
bias, and (c) with a top-down signal to the upper region that is the same for each exemplar. The strength
of synaptic weights received by each node from each input feature is proportional to the darkness of that
feature in the image.

between the different training patterns then, in the absence of such category information, the network will learn
to represent the individual exemplars. For example, distorted versions of the four training patterns shown in
figure 8(a) were presented as sensory input to the lower network. The training patterns were distorted by adding
one extra bar, chosen at random, at each iteration. A typical example of the stimulus selectivities learnt by nodes
in the upper region is shown in figu&b). All the individual exemplars were learnt in 100% of 20 trials. To
demonstrate the influence of apical inputs on learning, an unvarying input pattern was supplied to the feedback
connections targeting the upper region. This input indicates that all the exemplars were members of the same
perceptual category and it biases the network to use the same node to represent all the input images. Hence, a
neuron in the upper region learns the prototype of the four training images (as shown i8f@ur&he prototype

was learnt in 100% of 20 trials.

In contrast, if there is a significant overlap between the different training patterns then the network will learn
to represent that overlap in the absence of any category information. For example, distorted versions of the
four training patterns shown in figua) were presented as sensory input to the lower network. The training
patterns were distorted by adding one extra bar, chosen at random, at each iteration. A typical example of the
stimulus selectivities learnt by nodes in the upper region is shown in fi@(i)e The prototype was learnt in
90% of 20 trials. In this case, feedback information could be used in an attempt to bias learning of individual
exemplars. For each exemplar a distinct pattern could be supplied to the feedback connections targeting the upper
region. However, in only 20% of trials did such feedback to the upper region succeed in generating separate
representations of each exemplar.

Feedback directed to the apical dendrites of nodes in the lower region can bias the network to learn represen-
tations of individual exemplars. In contrast to the feedback supplied to the upper region, each neuron received
input from one element of a 29-element input vector, so that feedback to the lower region was directed towards
individual nodes (see Methods). When feedback was directed to one lower region node, chosen at random on
each iteration, nodes in the upper region learnt to represent the individual exemplars in 95% of trials. A typical
example of the stimulus selectivities learnt by nodes in the upper region is shown indjgurk can be seen that
in this example the network has learnt the prototype in addition to the individual exemplars (this occurred in 80%
of trials). This result suggests that in order to differentiate perceptually similar stimuli it is necessary to selectively
amplify responses to the individual features of those stimuli. In the cortex, selective enhancement of specific
neural responses can occur as a result of spatial or object-based atté@ition 2001, Reynolds et a}.200Q
Kastner and Ungerleide?00Q Luck et al, 1997 McAdams and Maunsegl2000. Attention operates via the cor-
tical feedback projections(eug 2001, Schroeder et §l200% Mehta et al. 2000 Desimone and Duncat995
Olson et al.2001), hence, feedback to the lower region in the model is assumed to result from att&uratlitg
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Figure 9: (a) Training patterns that have more overlap with each other than the previous example. The
representations learnt by neurons in the upper region, when trained on this data, (b) with no top-down
bias, (c) when feedback is directed to an image feature chosen at random at each cycle, (d) when feedback
is directed to the vertical bar at the lower-left corner of the input image (a feature that is unique to one
exemplar), (e) when feedback is directed to the vertical bar at the lower-right corner of the input image
(a feature that is not part of any exemplar), (f) when feedback is directed to the vertical bar at the centre
of the lower-half of the input image (a feature that is shared by all the exemplars), (g) when feedback is
directed to a all the bars in the prototype. The strength of synaptic weights received by each node from
each input feature is proportional to the darkness of that feature in the image.
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Figure 10: (a) Training patterns like those in figudéa), but in which the differences between exemplars
are highlighted by being presented at a stronger contrast. (b) The representations learnt by neurons in the
upper region, when trained on this data.

and Johnson20043. The following experiments explored the effects of providing top-down enhancement (or
directing attention) to different image features.

When feedback was directed to one lower region node, representing a feature that is unique to one exemplar,
nodes in the upper region learnt to represent that particular exemplar and the prototype in 70% of trials. A typical
example of the stimulus selectivities learnt by nodes in the upper region is shown ing{glreAlternatively,
when feedback was directed to one lower region node, representing a feature that is not part of any exemplar,
nodes in the upper region learnt to represent the prototype in 90% of trials. In many of these trials, representations
of exemplars together with the attended feature were also learnt. These patterns, containing the extra feature, were
presented to the network during training, since patterns were distorted by adding one extra bar, chosen at random,
at each iteration. A typical example of the stimulus selectivities learnt by nodes in the upper region is shown
in figure 9(e). These two results suggest that attention to a specific feature, will lead to patterns containing that
feature being more easily learnt.

When feedback was directed to one lower region node, representing a feature that is shared by all the exemplars
(i.e., one of the features of the prototype), nodes in the upper region learnt to represent all four exemplars in 100%
of trials (on 20% of these trials the prototype was also learnt). A typical example of the stimulus selectivities learnt
by nodes in the upper region is shown in fig®@. This effect results from an idiosyncrasy of the algorithm.
Without feedback a node in the upper region will win the competition to represent the first exemplar presented
to the network. Due to the similarity of other exemplars, the same node will also win subsequent competitions,
and hence will refine its afferent weights to represent the overlap between all the exemplars. In the presence
of feedback, one input to the upper region is amplified and the node that wins the initial competition will learn
a stronger synaptic weight to this feature. Due to the normalisation of the synaptic weights that occurs during
competition between nodes (see equatoim the Appendix), this increased weight makes the node less able
to prevent other nodes from being activated by other inputs. Other nodes in the upper region are thus able to
successfully compete to represent other input patterns. A more expected result occurred when feedback was
directed to all the lower region nodes representing line segments shared by all the exeneplalsthe bars
contained in the prototype). In this condition, nodes in the upper region learnt to represent the prototype in 100%
of trials. A typical example of the stimulus selectivities learnt by nodes in the upper region is shown idgure

Feedback directed to the apical dendrites of nodes in the lower region selectively enhances the responses of
those nodes. The strength of the response of a neuron in the lower region can also be affected by changes in the
strength of the stimulation presented at the basal dendrites. Hence, results similar to those presented above can
also be produced by manipulating the relative contrasts of specific image features. In the experiments presented
above, feedback caused an apical activatidh @f, and hence the response of the attended node (from eq&ation
see Appendix) wag!, = 1.75 x y%, ,,..,- A change in stimulus contrast that increased the activation of the basal
dendrite by a factor ofl.75 would thus cause an equal increase in the node’s activity in the absence of any
feedback. The effects of changing the stimulus strength is illustrated in fifur&he network was trained on
stimuli identical to those used in the experiments immediately above, but with the unique features of each exemplar
presented at 33% higher contrast (figd®a)). Nodes in the upper region learnt to represent all the individual
exemplars in 19 out of 20 trials. A typical example of the stimulus selectivities learnt by nodes in the upper region
is shown in figurelQ(b). This compares to the prototype being learnt in 100% of trials when the stimuli were
presented at a uniform contrast (see above).
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Perceptual categories become more differentiated with age (for developing ilfaiis,and JohnsqQi2000
and with expertise (for learning adultspldstone 19998, enabling finer discriminations to be madeag|dstone
1998. Experience thus appears to lead to the formation of more specific representations. The results above thus
suggest that learning perceptual expertise within a domain will be facilitated if the distinctive or unique features of
different exemplars are highlighted either by drawing attention to them or by presenting them at a higher contrast.

Figure11 explores the response of the network when it has learnt a number of similar patterns. The network
was trained on the patterns shown in fig8¢a), with feedback directed to randomly chosen nodes in the lower
region. This resulted in the prototype and each individual exemplar being represented by nodes in the upper region
(similar to the previous result shown in figu®éc)). For each test pattern presented to the network, nodes in the
upper region generate an initial transient activation, during which the competition between the nodes is resolved.
This initial activity is followed by the sustained response of a single node.

When a familiar exemplar is presented to the network (see the first four response recordings ihifigre
the nodes representing the prototype and other exemplars from the same perceptual category are initially active in
addition to the node representing the presented pattern. However, each exemplar causes only sustained activation
of the node which has learnt weights selective to that specific pattern. The initial response of the network, thus
carries information mostly about the perceptual category of the presented pattern, while later activity carries
information about the stimulus identity. A similar change from global to fine information encoding has been
observed for neurons in the inferior temporal cort8xgase et gl1999 . For both the cortical neurons and those
of the model, the peak in global information transmission occurs near the peaks in the neural responses, while the
peak in fine information transmission occurs once neural responses have decayed to the spontaneous or sustained
activity level. This sequence of information encoding at the neural level could be related to the observation that
classifications are faster and more accurate than subordinate, identity, judgdPeerat €t a].1999.

The fifth and sixth response recordings in figltEb) show that a novel pattern, that is part of the same
perceptual category, causes sustained activation of the node which has learnt the prototype, as does presentation
of the prototype itself. The seventh response recording in figjlite) illustrates the response of the network to a
familiar exemplar, in which the contrast of the distinguishing features has been increased relative to all the other
features. In each of the last three recordings, the activity of the node that generates the sustained response is more
distinct from the activity of the other nodes during the initial, transient, response phase. This would suggest that
the final response to these patterns would be discernible earlier than for familiar exemplars.

4 Discussion

In a perceptual processing hierarchy, like that in the visual system, neurons in higher cortical regions learn to
respond to patterns of activity across the populations of neurons in the more peripheral cortical areas from which
they receive their inputs. Hence, the representations learnt by neurons in lower regions can be employed by
neurons in subsequent regions to build representations of more abstract or specialised features of the environment.
These neurons act as ‘virtual sensofBh@rnton 1996 1997 or ‘feature detectors’'Rarlow, 199Q 1995 for

certain important, recurring, or behaviourally relevant stimuli.

Which stimuli become represented by individual neurons, at some level in the processing hierarchy, will
depend on experience. In the model advanced in this paper, this learning process is influenced by both exogenous
factors (such as the perceptual similarity between different stimuli), and endogenous factors (such as the existence
of feedback signals). The model allows feedback information to bias neural activity and so affect learning. The
effects of two different forms of feedback were explored. Feedback to the region in which the learning occurs
was shown to bias the way in which perceptual stimuli were categorised. In contrast, targeted feedback to an
earlier region could facilitate the learning of sub-ordinate level representations. Feedback can thus act both to
enhance the similarity and to highlight the distinctions between stimuli. Such feedback information is assumed to
originate in other cortical regions which have not been explicitly modelled. Feedback information about perceptual
category membership (supplied to the upper region of the model) could come from cortical regions processing
information from different sensory modalities or from regions processing linguistic or semantic information. A
number of previous neural network models have found significant advantages when learning is influenced by
information derived from different processing strearBedker and Hinton1992 de Sa 1994 Phillips et al,

1995 Balkenius 1995 Becker 1996 Kay and Phillips 1997 Phillips and Singer1997 de Sa and Ballard

1998 Der and Smyth1998 Kording and Konig, 2001). Feedback information that selectively modulates the
processing of lower-level image features (supplied to the lower region of the model) could come from cortical
regions controlling spatial or object-based attention. Empirical evidence that is consistent with this proposal
comes from experiments demonstrating that attention is required to induce learning under certain task conditions
(Karni and Bertinj 1997 Sigman and Gilbey200Q Watanabe et g12002. It would therefore be expected that
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Figure 11: The responses of nodes in the upper region after learning to represent the prototype and each
exemplar of the training patterns shown in fig®@). (a) The representations learnt by each node in

the upper region and the key to how the response of each node is plotted. (b) The activity generated in
response to each of the test patterns shown.
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the parietal and frontal system responsible for attentional coriiabisher and Wojciulik200Q Kastner and
Ungerleider 200Q Corbetta and Shulmar2002 would be active during certain perceptual learning tasks, but
would not need to be active once learning has been achieved.

Neurons respond to stimuli based on the selectivity of their synaptic weights. Hence, prior experience (recorded
in the synaptic weights) affects how current perceptual information is processed (via those synaptic weights).
Learning thus influences subsequent perceptual processing. The effect of prior experiences are not only evident
during the initial feedforward activation of neurons: feedback enables neural activity at later stages of perceptual
processing to influence the on-going processing occurring at earlier stages. In the model, such feedback has been
shown to enable prior experience to influence both object segmentation and categorical perception. However,
the formation of a specialised representation in the upper region of the model can enable familiar stimuli to be
represented rapidly regardless of feedback; compatible with observations of rapid visual perception in humans
and monkeysKeysers et a).2001; Fabre-Thorpe et gl200]). The formation of specialised feature detectors is
likely to enable more reliable, as well as more rapid, recognition of stimuli which might otherwise be difficult to
identify based on the distributed activity of a number of neurons in more peripheral cortical areas. Rather than
relying on dynamic bindingRoskies 1999 Humme| 2001 or top-down, attentional, processéefnolds and
Desimone 1999 such stimuli can be identified via feedforward information processing. In this way, the recog-
nition process for familiar stimuli can become automatic in much the same way that the control of behaviours,
that initially require deliberation, can become reactive after extended praetisedr et al.1997 Toates 1998
Arbib and Liaw 1995 Karni, 1996. In humans, extended experience with visual stimuli, leading to perceptual
expertise, does result in faster and less deliberative proce§sahgd€ri and Gauthie2004 Johansen and Palmeri
2002. Furthermore, processing becomes more holistic or configural with expdtasadri and Gauthie2004
Hancock et a].200Q Baker et al, 2002, for example, category decisions initially based on the properties of indi-
vidual stimulus dimensions, become based on multiple stimulus dimensions after trditiaggen and Palmeri
2002. Empirical evidence thus supports the proposition that expert performance results from the formation of
more specific and specialised representations.

Categorisation requires generalisation across similar items, while identification requires discrimination among
similar items. In the model, feedback can be used to guide the learning of category prototypes and to induce the
learning of specific object representations. The same model can thus be used to simulate both perceptual cate-
gorisation and object recognition and suggests that the same representational and learning mechanisms underly
both these perceptual processes. The proposed model thus combines aspects of both prototype and exemplar
based theories of perceptual categorisati®alheri and Gauthie2004. Furthermore, prior to the learning of
more specialised representations (either prototypes or exemplars), the representations of individual features at a
lower-level in the hierarchy could be used to make rule-like category decisions based on the properties of indi-
vidual stimulus dimensionsgl¢hansen and Palmg?002). The proposed model thus combines more abstract and
specific object representations in common with several other the®ads éri and GauthieR004 Johansen and
Palmerj 2002. However, the proposed model is not designed to provide an account of conceptual learning. Many
conceptual categories are not based on perceptual similarity and can not be learnt with the current model. Nodes
in the model learn to represent recurric@njunctionsof inputs and are thus incapable of forming category repre-
sentations for stimuli that do not overlap in the input spaes for sets of stimuli that do not have a prototype).

In order to assign such perceptually dis-similar stimuli to the same category it would be necessary for the model
to also be capable of learnimtisjunctions Similarly, a more complete model of object recognition would also
require disjunctive (as well as conjunctive) learning in order to form representations that are invariant to viewpoint
(Fukushima198(Q 1988 Riesenhuber and Poggi®00Q 1999k Spratling 2005

Traditional theories of perception have assumed a purely serial, feedforward, sequence of processing stages
(Marr, 1982 Hubel and Wiesel1977. Such “feedforward” theories thus presume that low-level information is
processed prior to high-level informatiobrfver et al, 2001). In contrast, current theories stress the importance
of cortical region interactions, in both the feedforward and feedback directiamsriie et al.1998 Lamme and
Roelfsema200Q Friston and Price2001; Bressley 2002 Hochstein and AhissaR002. Consistent with this
view is the observation that not only are concepts influenced by perceptual representations (feedforward) but also
percepts are influenced by concepts (feedbd@&hyns et a).1998 Goldstone et a]200Q 2001). This article has
explored the effects of cortical feedback connections on both neural activity, and learning. We have demonstrated
that feedback enables prior learning to influence subsequent perceptual processing, and that feedback can influence
perceptual learning determining what stimuli become represented and how stimuli are categorised.
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Appendix: Implementation Details

In order to learn reciprocal connection weights between the different neural regions, it was necessary to use
different activation functions and learning rules for the feedforward and feedback connections. A node in the upper
region learns to become selective for a combination of co-active lower-level nodes. Hence, the basal dendrites
need to learn to representanjunctionof pre-synaptic inputs. In contrast, each node in the lower region needs to
increase the strength of the feedback connection from the single upper-level node that is responding to the pattern
of which this node forms a part. Since each lower-level nhode may be a part of several distinct input patterns,
the apical dendrites need to form connections with multiple, non-coactive, upper region nodes. Hence, the apical
dendrites need to learn to represerdigjunctionof pre-synaptic inputs. In order to respond to a conjunction

of inputs, a standard weighted sum of pre-synaptic activation values can be used. Such a function will cause
the activation of the dendrite to be a maximum when all the pre-synaptic features, to which it responds, are
simultaneously active. In contrast, to respond to a disjunction of inputs, a function can be used which causes the
output to depend on the maximum input activiBi¢senhuber and Poggit999ab; Spratling 2005.

A.1 Activation

For each node the activations of the apical and basal dendrites were calculated as:

l
y;’k,apical = rp:alx {Zztjk} (1)
y;kn,basal = Z (wlijztjk) (2)

i=1
Wherey’, ... IS the activation of the apical dendrite of noflim regionk at timet, v, ,,.,; is the activation of
the basal dendrite of the same notlis, the total number of synapses on the apical dendritis, the total number
of synapses on the basal dendritg;;, is the synaptic weight from inputto the basal dendrite of nogéen region
k, ijk is the normalised weighted activation received at injptat the apical dendrite of nodgin regionk and
ijk is the activation received by the basal dendrite of npateregionk from input: after pre-integration lateral

inhibition®:
Viik Viik
P : ; ®)
ij ] maXé:l {quk} maxgzl {'Uiqk}
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Wherezfjk is the input activity received at the apical dendrite of ngde regionk, v;;;, is the synaptic weight
from input to the apical dendrite of nodgin regionk, xﬁjk is the input activity received at the basal dendrite
of nodej; in regionk, ! is a scale factor controlling the strength of lateral inhibitigfp";1 is the activation of
nodep in regionk at timet — 1 (defined below in equatio8), and(z)™ is the positive half-rectified value af
(i.e, ()T = zif z is positive,(2)™ = 0 otherwise). In the reported simulations, the valuexbfvas gradually
increased at each time-step, from an initial value of zero to a maximum value of five in steps of 0.1.

The value onfj . depends upon the strength of pre-synaptic activity and the strength of the weight received
from that input ¢). This value is adjusted using both post- and pre-synaptic weight normalisation. Such normal-
isation causes the value &, to be reduced if the node receives a stronger connection from another input, or
if another node receives a stronger connection from inptthere is thus implicit competition which, through
activity-dependent learning (see sectidr2), causes each node to become selective for a disjunctive set of pre-
synaptic inputs. Specifically, if more than one upper-level node is active, the feedback connection from only one
of those nodes will be strengthened for each lower-level node.

The value ofX fjk depends upon the strength of pre-synaptic activity and the strength of the lateral inhibition
directed towards that particular input. The strength of lateral inhibition is normalised such that (1) the lateral
weight is divided by the maximum lateral weight originating from the inhibiting node and (2) the inhibiting
node’s activity is divided by the maximum activity of all the nodes in the network. This normalisation ensures (1)
that lateral inhibition is effective at the start of training when weights have small, undifferentiated, values and (2)

IFor full details of the implementation of pre-integration lateral inhibition, and for a justification of this scheme on both biological and
computational grounds, s&pratling and Johnsqg{2001 2002 2004H.
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that lateral inhibition remains effective during the competition processfor all values oft) when nodes inhibit

each other and hence have reduced activity values. The vamgpwm be strongly inhibited if another node)

is strongly activated by the overall stimuluse, if y;;l has a high value relative to all other node activations) and

that other node receives a strong synaptic weight from infi., if w;,, has a high value relative to all the other
weights received by node). Hence, this form of lateral inhibition provides competition by enabling each node

to ‘block’ its preferred inputs from activating the basal dendrites of other nodes. There is thus strong competition
which causes nodes to become selective for distinct conjunctive sets of inputs, but which does not prevent multiple
nodes from responding simultaneously to the presentation of multiple, distinct, stimuli.

The values of the apical inputsf}(k) are the activations of nodes in the higher cortical region at the previous
time step (e, yﬁlﬂ), or are top-down signals that arise from external inputs to the network. The values of the
basal inputsﬁjk) are the activations of nodes in the lower cortical region at the previous tima’.s{ep;(k{l) or
are external, sensory, inputs supplied to the network. Note that the activations of every node (in both regions) are
determined in an identical way. Furthermore, external sources of input are treated in the same way as inputs arising
from neural activity generated within the modelled circuits. Hence, external sources of feedback (or sensory input)
provide another activation valueor x), that contributes to the apical (or basal) activation via a synaptic weight,

v (or w).

The activation of the apical dendrite multiplicatively modulates the activation of the basal dendrite in order to

determine the output activation of each node:

y;k = y;'k,basal (1 + y;k,apical) (5)

Wherey§k is the activation of nodeé in regionk at timet. This formulation enables bottom-up, sensory-driven,
stimulation to drive the response of the node even in the absence of top-down activity. In contrast, feedback
activation can not drive the node’s activity in the absence of feedforward activation, but it can amplify any response
to feedforward stimulation. This is consistent with the widely held view that feedback signals act to modulate
responses that are primarily driven by feedforward inpGisck and Koch 1998 Hupeé et al, 1998 Friston and
Biichel| 2000. Furthermore, this formulation also provides a simple, first-order, approximation to the form of gain
modulation, caused by stimulation of the apical dendrite, which is observed in cortical pyramidal agtisng
et al, 2004.

The presence of reciprocal excitatory connections can lead to positive feedback effects resulting in run-away
activation values. To prevent this, the activity of each node is attenuated in proportion to the cumulative strength
of its previous activity C;,;l), and this attenuated activation is clipped to be in the range [0,1]:

1

yt‘k
t J
Yik = —1 (6)
1+C5 |,
Where the cumulative activity;?, , of the node is calculated as:
C;k = Tcyj‘k +(1—7) Cjtlzl (7)

Wherer. = 0.1 is a time constant. This attenuated activity has a time-varying profile which resembles that of
biological neurons; having an initial burst of activity followed by a sustained response at a lower firing rate. The
activity of each node was also modified by a small amount of noise, such that:

Yir = Ui 1+ p) (8)

The noise values, were logarithmically distributed positive real numbers in the range [0,0.01]. Since the mag-
nitude of the noise is small it has very little effect on neural activity except when multiple nodes have virtually
identical synaptic weights. When this occurs, the noise causes one of these nodes to win the competition to be
active in response to the current stimulus. Finally, to make the plotted response profiles more realistic the change
in activity of each node was smoothed by taking into account its previous activity:

Yir = Ty + (1 —7) yﬁl
Wherer, = 0.4 is a time constant.

The nodes in a neural network generate activity in response to the input they receive. This response can be
considered to be a representation of the input stimulus. How distinctly two different stimuli are represented can be
measured by comparing the patterns of activity generated in response to these different stimuli. This comparison
was made by calculating the mean of the absolute difference in the activity values generated by the two stimuli:

t
Z?:l ||ay§k - byij
n

€ab =
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where“y§,C andbyzk are the activity values for a node in response to stimudind b respectively. For these
calculations the activity at a value ofwhena! = 2 were used. This measure provides an indication of how
sensitive the network is at detecting the difference between two stimuli. To determine to what extent prior learning
has affected the sensitivity of the network, such a comparison between the neural response patterns needs to be

performed before and after training:
T U

€ — €
b b
Acap = 77 ©)
€ab + €ab

wheree?, andeZ, are the sensitivity values before and after training respectively. This equation was used to
generate the results shown in figute

A.2 Learning

All the undefined synaptic weights targeting each dendrite were initially given equal values. Synaptic weights
were modified using the final activation values found after iteration of the equations given abgver(values
of t whena! = 5). Thet superscript is thus dropped from subsequent equations. For the apical dendrites, the
following learning rule was employed:
YZijk _ N+
Avijp, = F=5—— (yk - yk) (10)
! Zp:l ypk /

Whereyy is the mean of the output activationse( 7 = %Z;’Zl yjk), and~ is a parameter controlling the

learning rate4 = ﬁ was used in all the simulations presented in this text). Learning only occurs for nodes that
were more active than average at the previous iteration, and at synapses with currently active inputs. This learning
rule has a positive value at synapses whégg = y;;, and a negative value otherwise. Hence, only the weight of
the most active input was increased, and weights to all other active inputs were decreased. This learning rule thus
encourages each node to learn weights selective for a set of non-coactive inputs. This is achieved since when a
node is more active than average it increases its synaptic weights to a single active input and decreases its weights
to all other active inputs. Hence, only sets of upper-level nodes which are seldom coactive will generate strong
feedback weights to the same lower-level node. Following learning, synaptic weights were clipped at zero such
thatw;;, = (wijk)+ and were normalised such thEt?:1 wijk = 1.

For basal dendrites, the following learning rule was employed:

Awijy, = w (yjn — Tx) " (11)
szl Tpjk

Wherez , is the mean of the input activationise(, z;, = - >_.", x;;;), andj3 is a parameter controlling the
learning rate § = % was used in all the simulations presented in this text). Following learning, synaptic weights
were clipped at zero such that;;, = (wijk)+ and were normalised such that;” | wj;k = 1. Synaptic weights
that reached a value of zero became unmodifiable in future learnngf(w;;r = 0 then this weight was fixed
at zero). This learning rule encourages each node to learn weights selective for a set of coactive inputs. This
is achieved since when a node is more active than average it increases its synaptic weights to active inputs and
decreases its weights to inactive inputs. Hence, only sets of inputs which are consistently coactive will generate
strong afferent weights. In addition, the learning rule is designed to ensure that nodes can represent stimuli which
share input features in commone(, to allow the network to represent overlapping patterns). This is achieved
by rectifying the post-synaptic term of the rule so that no weight changes occur when the node is less active than
average. If learning was not restricted in this way, whenever a pattern was presented, all nodes which represented
patterns with overlapping features would reduce their weights to these features.

The learning rule for the feedforward connections enables neurons to become selective to re-occurring patterns
of activity within the training data they are exposed to. The learning rule for the feedback connections results in
corresponding feedforward and feedback weights having similar strengths. These learning rules are not entirely
biologically plausible, since both rules employ one non-local variable: the sum of all node activations. This value
is used to calculate the value of the denominator in equati@nd to calculate the value of mean output activation
(yx) used as a threshold in both rules.

In all the experiments described in secti®rnthe network was trained for 200 iterations, with different, ran-
domly chosen, inputs being presented to the network at each cycle. The one exception, is that the results shown in
figure 7 were produced using 500 training cycles. Results were not particularly sensitive to the chosen parameter
values, hence, all the simulations reported in se@iarere performed using the same parameter values.
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A.3 Comparison with Other Models

In common with many other neural network models, the algorithm presented here employs a mechanisms of
competition between the nodes in a region. In most competitive learning algorithms, nodes attempt to ‘block’
other nodes from generating antputin response to the current stimulus. A node’s success in this competition is
dependent on the total strength of the stimulation it receives and nodes which compete unsuccessfully have their
output activity suppressed. This form of competition can be implemented either by using a selection process which
chooses the ‘winning’ node(sg.@, Rumelhart and Zipsei985 Kohonen 1997 Grossberg1987 O’Reilly and
Munakata 2000 or by using lateral inhibitory connections between noaeg,(Foldiak, 199Q Marshall 1995

von der Malsburg1973 Oja, 1989. Such algorithms require aa priori choice to be made as to whether the
training data will be represented using a local or distributed c8gdealing and Johnsp2002 2004H.

In contrast, the mechanism for generating competition in the architecture used here causes each node to attempt
to ‘block’ its preferredinputsfrom activating other nodes. Hence, if a node is strongly activated by the stimulus,
and it has a strong synaptic weight to a certain feature of that stimulus, then it will inhibit other nodes from
responding to that feature. On the other hand, if an active node receives a weak synapse from a certain input,
then it will weakly inhibit other nodes from responding to that specific input. Thus, if individual nodes have learnt
weights that are selective to certain stimuli then when multiple stimuli are simultaneously presented to the network
each of the nodes representing one of these stimuli can be simultaneously active. A network using this form of
lateral inhibition can thus respond appropriately to any combination of input patterns. Specifically, it is capable of
learning, and generating, both local and distributed cofpsatling and Johnsp2002 20041).

At first glance, the proposed architecture appears to have some superficial similarity with neural networks that
implement adaptive resonance theory (ARGYdssberg1986. However, in the present model feedback modu-
lates neural activity, while in ART networks the reciprocal feedforward and feedback connections are designed to
mediate a matching process in order to locate the stored representation that is most similar to the input pattern.
In the algorithm proposed here, this matching process is achieved by using an improved model of competition
within each region. This mechanism of competition enables a population of nodes to deal naturally with stimuli
which share sub-features in commase ( patterns which overlap in the input space). Following competition only
the best matching node(s) remain active even when there is considerable overlap between stored representations
(Spratling and Johnspa002 2003. Hence, in this model the stored representations that match the current input
are found via competition within a single region, rather than via a iterative procedure of competition, comparison
and resetting involving multiple neural populations as used in ART.

The proposed mechanism of competition ensures the accurate activation of stored representations by matching
input patterns. However, when novel or poorly represented patterns are presented, the competition mechanism
results in the activation of a previously unallocated node. The maximum value of the parameter the
maximum strength of lateral inhibition, determines the degree of mismatch required between a new pattern and
all the stored patterns before a previously unallocated node wins the competition. Since this parameter value was
kept constant in all the experiments reported here, whether the network learnt to represent patterns as individual
exemplars or as prototypes depended purely on the properties of the inputs to the niedwinle Structure of the
training patterns and any top-down information supplied to the network) rather than changes to parameter values.
Since learning is activity-dependent, previously learnt representations remain stable (as they are only activated by
matching input patterns), while new patterns can be represented by new nodes. The stability/plasticity dilemma is
thus solved by an improved mechanism for competition (within a single layer of nodes) rather than the use of a
separate novelty detection mechanism as employed in ART.

In addition to the intra-regional competition, described above, the present model also incorporates mecha-
nisms for inter-regional cooperation: excitatory feedforward and feedback connections between distinct neural
populations. Reciprocal connectivity between separate neural modules is a common feature of many algorithms.
However in this particular model, nodes have two functionally distinct dendritic compartments in which sepa-
rate sets of feedforward and feedback inputs are integrated independently. Feedforward and feedback stimulation
have distinct affects on neural activity and thereby learning. Specifically, the response of the node is driven by
bottom-up activation and modulated by top-down activity.

In contrast, other models that incorporate reciprocal connections between neural populations have proposed
that feedforward and feedback activations have the same, additive, affect on node aztiyity¢Clelland and
Rumelhart 1981, O'Reilly and Farah1999 Humphreys and Ford2001). Such models thus make no functional
distinction between feedforward and feedback connections. Other algorithms have proposed distinct functional
roles for feedforward and feedback connections, but have only allowed feedback to affect learning rather than node
activation €.g, Rumelhart et a).1986 Kording and Konig, 2000. Neural architectures that do assign distinct
roles to feedforward and feedback connections and which also allow feedback (as well as feedforward) connections
to influence activity have mostly suggested that top-down information has a suppressive rather than a modulatory
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effect .9, Mumford, 1994 Barlow, 1994 Raq 1999 Rao and Ballard1997, 1999 Koerner et al.1997. Hence,
few previous models have proposed that feedback (or contextual) information should have a modulatory affect on
neural activationd.g, Grossberg and Raizad200Q Salinas and Abbott1996 Salinas and Thie200Q Salinas
and Sejnowski2002% Phillips and Singer1997 Phillips et al, 1995. Each of these previous models have been
implemented using conventional, one-dendrite, neurons and none have employed the same form of modulation
as proposed here. The proposed model is thus distinct in using nodes with two functionally distinct dendritic
compartments to allow feedback to modulate neural activity.

A number of other artificial neural network algorithms have employed neurons with functionally distinct clus-
ters of synapses within which nonlinear operations are performed Rumelhart et a).1986 Mel and Koch
199Q Durbin and Rumelhartl989 Spratling and Hayef000. However, these models make no distinction be-
tween feedforward and feedback connections. The model presented in this paper thus exploits a different way in
which computationally distinct dendritic compartments can contribute to the computational properties of neurons:
by enabling different sets of synaptic inputs to have distinct functional roles.

To conclude, the computational model employed in this paper is distinct from previous algorithms in using a
novel method for intra-regional competition and a novel method of inter-regional interaction.
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