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Abstract

Interpretations of images of the brain are starting to reveal the conceptual tasks in which the person was engaged at
the time of imaging. Existing mathematical models can explain the patterns of activity observed in such images in terms
of the coherent activity of large populations of neurons, but not in terms of cognition. This paper is an early investi-
gation into how such patterns might provide the internal representations for a cognitive system. Probes, working mem-
ories and memories are all represented as images. The accompanying process model describes how attention is set
according to the contents of working memory, how attention determines what parts of the probe are memorised,
how memories are activated according to similarity to the probe in areas in attention, and how working memory is man-
aged. The model is demonstrated on re-creations of classic simulations of recognition memory and categorisation.
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1. Introduction

Neuroimages provide an intriguing but baffling
window into human cognition (Poldrack, 2000).
Cortical activity captured in such images is not
randomly distributed. It is spatially and tempo-
rally continuous, at least at the resolution of cur-
rent imaging. The spatial organisation reflects
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underlying structure in perceptual input, such as
the pitch of a sound, and hints at how higher-level
concepts are represented. The temporal organisa-
tion hints at how perceptual stimuli are processed
and how cognitive tasks are performed. As ad-
vances in imaging techniques improve temporal
and spatial resolution and reduce noise, there is
reason to believe that cortical images will be key
to understanding how we think.

Images taken while subjects are engaged in a
perceptual or conceptual task have been used to
assign a range of cognitive responsibilities to parts
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of the brain, in the burgeoning cognitive neuroim-
aging literature (e.g., Courtney, Petit, Haxby, &
Ungerleider, 1998; Duncan & Owen, 2000; Engel
& Singer, 2001; Haxby et al., 2001). Attempts have
been made to predict from cortical maps what
tasks the subjects were engaged in at the time of
imaging (e.g., Wang, Hutchinson, & Mitchell,
2003). Models of coherent activity of large popula-
tions of neurons have been developed to explain
cortical patterns of activity in terms of average
neuron firing rates and the like (e.g., Erwin, Obe-
rmayer, & Schulten, 1992; Liley, Caduschl, &
Wright, 1999). But there have been few attempts
to build these large-scale patterns of activity in
the brain into computational models of cognition.
Biological computational models — those that at-
tempt to describe how processing is implemented
in the brain — almost invariably employ neural nets
(Norman, 2003). Such models have been very suc-
cessful at predicting human performance on mem-
orisation and conceptual tasks (e.g., O’Reilly,
Norman, & McClelland, 1998; Kruschke, 1992).
However, they are constructed from what are —
in biological terms — tiny numbers of rudimentary
models of neurons.

This paper develops a formal mathematical
model of a cognitive system (Aisbett & Gibbon,
2001) into a computational model of cognition in
which information is represented using continuous
spatial functions, or images. The system is demon-
strated by simulating two classic cognition experi-
ments into recognition memory and categorisation
that have previously been explained using attribute
vectors as internal representations. The new model
is called CIM, for Cortical Image Manipulation.

Many physiological functions can be considered
to be points in an infinite dimensional space in
which the dimensions are the spatial positions on
a cortical layer. The two characteristics of spatial
organisation and infinite dimensionality distinguish
representations based on images in general, and
cortical maps in particular, from traditional repre-
sentational forms.

The link between the images in CIM and fields
of biological activity is at this stage only by anal-
ogy. We do not attempt to map locations in the
image plane to locations on cortical layers. Nor
do we specify whether the images represent local

average neuronal firing rates, or the electromag-
netic fields proposed by McFadden (2002) as the
source of consciousness, or any other physiological
function definable on a surface. CIM is, however,
intended to provide the groundwork for future
use of such physiological images, or sequences of
images. Although CIM is not connectionist, it
could be biologically related to connectionist ap-
proaches because it is based on coherent activity
of large neuron populations.

Before giving an overview of the CIM model,
the next section presents terminology and con-
structs from cognitive modelling in order to moti-
vate our later use of terms. The overview and the
formal mathematical definitions follow in Sections
3 and 4.

The question of the type of image intended to
be used as input in the modelling is addressed in
Section 5: this is important since we do not pro-
pose at present to use actual cortical images. In
brief, the images are spatially organised, they are
used to represent abstract as well as concrete con-
cepts, and they are analogical in the sense of hav-
ing structure which carries information about the
concept represented (Sloman, 1978). For example,
any concept associated with magnitude — height
for instance — might be represented by a family
of radial functions in which the distance from the
centre is related to magnitude and the absolute
intensity is related to certainty. Representation of
magnitude through the standard deviation of a cir-
cular Gaussian is illustrated for two values in Fig.
I(a). Fig. 1(b) is a possible representation of a
plasticine cube (pictured to the left); the four quad-
rants going clockwise from the left top, respec-
tively, contain descriptors of size and weight,
hue, texture and feel, and shade (Aisbett & Gib-
bon, 2003). These examples and various properties
of infinite dimensional and spatially organised rep-
resentations are discussed further in Section 5.

Demonstrating how the CIM model performs
any cognitive task requires simulation of stimuli
and memories. Section 6 describes CIM applica-
tion to word recognition memory. Shiffrin and
Steyvers (1997) simulated words as random vec-
tors, so we simulate them as images composed
from randomly located circular Gaussians. Section
7 describes categorisation using the CIM model,
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(a)

Fig. 1. (a) Radial functions representing magnitude through variance, and uncertainty through intensity. (b) Object and a valid image

representation of it. See text for further explanation.

and looks at performance when different families
of image are used as representations. Finally, Sec-
tion 8 points to some of the many directions for fu-
ture research suggested by this preliminary
investigation.

2. Cognitive architectures and representations

The three constructs of memory, working mem-
ory and attention are employed in most modelling
of the human mind, although terminology varies.
Following Baddeley (1986), a Central Executive
may be invoked to provide overall control." Other
buffers and control mechanisms may be specified
to pass sensory-motor material to and from work-
ing memory and to react to unexpected stimuli. A
mechanism for matching the prevailing situation —
as captured in working memory — against stored
memories is also usually identifiable, with the
closeness of match affecting the activation of
memories.

Memory is conventionally divided into declara-
tive and procedural (Ryle, 1949). Tulving and
Markowitsch (1998) claim declarative memories
have a symbolic representation involving a set of
attributes, and can be assigned a truth value.
Whatever the case, declarative memory in humans
is conventionally subdivided into episodic memo-
ries, which allow conscious recall of personal expe-

' In computer implementations control is often found to be
outside the formal model, in the hands of the researcher who
organises input data and interprets output data.

riences, and semantic memories, which concern
factual knowledge. Tulving revised an earlier thesis
that episodic and semantic memory exist as sepa-
rate systems, but a functional division between
semantic and episodic memories may exist in the
ability to update and extend a semantic memory
(Shiffrin, 2003).

Memories are realised as sets of weights in con-
nectionist models. In vector-based representations
memories may be noisy or partial copies of the
vector representing the original stimulus. In our
system they are images that are partial copies of in-
put to working memory.

The notion of working memory is controversial
(e.g., Cowan, 1988; Miyake & Shah, 1999) with
definitions varying as to control mechanisms and
the relationship with attention. Working memory
makes task-relevant material available over peri-
ods in which interfering stimuli may be received.
It handles both sensory and semantic information,
and enables distinct elements to be composed into
units (called object files in visual experimentation
(Treisman, 1999)). Some but not all of the contents
of working memory become part of permanent
memory, and material in it decays or is overwritten
unless it is reactivated. We use the term working
memory to mean the material directly accessible
to cognitive processes, which by the Embedded-
Processes Model (Cowan, 1988) consists of acti-
vated memories together with material passed to
and from sensory-motor buffers.

The notion of working memory has been taken
up keenly by computer scientists. Many artificial
cognitive systems, including the classic general pur-
pose system Soar (Laird, Newell, & Rosenbloom,
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1987), have a component called working memory
that contains data relevant to the current process-
ing task. In feed-forward connectionist models,
working memory is manifest in the activation of
input and other nodes.

The blurred relationship between working
memory and attention was one of eight questions
posed by Miyake and Shah (1999) of contributors
to their volume of essays on working memory.
Baddeley’s and Cowan’s models of working mem-
ory contain a central controller to handle process-
ing and to manipulate attention, which can be
envisaged as a spotlight on areas in working mem-
ory which defines an area or focus of attention.
Attention is sometimes viewed as a control pro-
cess, selecting information and operations (e.g.,
Shiffrin, 2003). From either perspective, there is
only limited capacity for selecting material, and at-
tended material is only a subset of the material in
working memory. Our definition of attention is
analogous to the spotlight metaphor, but the direc-
tion of the spotlight is a function of the contents of
working memory rather than a decision of an
Executive.

We adopt the term probe from memory research
to describe input to working memory from exter-
nal sources (e.g., sensory buffers), or input gener-
ated from the contents of working memory,
similar to an object file. A probe is a vector in com-
putational models such as Retrieving Effectively
from Memory (REM; Shiffrin & Steyvers, 1997)
or the connectionist memory models developed
by O’Reilly et al. (1998). For us, a probe is an
image.

Many cognitive models are imprecise as to for-
mats used to represent probes and memories. For
example, a criticism of dynamical system theory
(Van Gelder & Port, 1995) was that the domain
of the time-varying functions was hard to pin
down (Eliasmith, 1996). Townsend and Thomas
(1993) observe that the information processing ap-
proach to modelling cognition uses abstract no-
tions of features and attributes which are not
explicated. Criticisms of Perceptual Symbol Sys-
tems theory (Barsalou, 1999), in which informa-
tion is represented as activity patterns on
modality specific regions of the brain, have been
directed at the informality of representation (e.g.,

responses to Barsalou, 1999). Miyake and Shah
(1999, p. 7) found that few of the contributors
to their volume of essays on working memory
directly tackled the question of how information
was represented in working memory and how the
representation might vary for different modalities.

Even a computational model trialled with com-
puter simulations — which necessitates precise spec-
ification of representations and processes — may be
non-committal as to the formats used in the brain.
Examples of such abstract computational models
are the recognition memory model, REM (Shiffrin
& Steyvers, 1997), and the categorisation model,
Generalised Context Model (GCM) (Nosofsky,
1986), discussed later.

These particular models and their computer
implementations represent information as vectors
of attributes, and employ algorithmic processing.
Vectors can be viewed as points in a multidimen-
sional space. The notion of spaces has been perva-
sive in psychology, and fits with the view that
concepts are defined by sets of attribute values.
While the set of dimensions defining such spaces
is not spatially organised, each individual dimen-
sion usually has a distance defined. Dimensional
distances allow the definition of similarity between
concepts represented as points in the space, which
is used in matching memories to probes.

Multidimensional scaling (Shepard, 1966) per-
mits similarity judgements to be used to compute
the dimensionality of a conceptual or perceptual
space, as well as the location of concepts or per-
cepts in this space. This has been taken as evidence
that spaces are valid psychological constructs, not
just a computational device. A biological basis for
dimensions has been suggested by a lot of research
into neural population coding which shows how
the output of a large population of neurons can
be interpreted as a real value of a dimension
(e.g., Abbott & Dayan, 1999).

The biological counterpart of the vector input
and output of connectionist models is, in contrast,
usually taken to be the activation of a small set of
neurons. Representation in neural nets is often de-
scribed as distributed, because concepts are mod-
elled as patterns of activation across a set of
nodes. Connectionist models of cognition combine
naturally with models of perceptual subsystems
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implemented as neural nets, supporting theories
that blur the distinction between cognition and
perception (e.g., Goldstone, 2003; Tijsseling &
Gluck, 2002). In such systems, spatially based rep-
resentations are used in perceptual processing.
Such data are then abstracted into independent
high level features, in which spatial relationships
are lost, before they are made available for concep-
tual processing.

While connectionist models dominate much of
the current cognitive science and computational
neuroscience literature, implemented models are
usually hybrid systems, for example utilising rule
based control mechanisms. General-purpose cog-
nitive process models such as Soar (Laird et al.,
1987) and ACT-R 5 (Anderson et al., 2004) are hy-
brid or symbolic. Information in symbolic systems
is represented as sets of relations on attributes and
as rules, which only have spatial reference in spe-
cific situations such as the description of geograph-
ical or shape-related concepts.

In contrast to the representational formats used
in most connectionist and symbolic systems, images
are both distributed and spatially organised. This
means that a memory can be activated by a partial
match with a probe image, supporting inference
without the need for rules which relate features,
used in symbolic systems, or explicit weighted links,
used in connectionist systems. When defined as
functions on a patch — that is, a subset of the real
plane — images are also infinite dimensional. If fea-
tures are defined by restricting functions to a con-
nected subset of the patch, then any feature can be
subdivided any number of times. Therefore, the fea-
ture can be refined as often as required as more is
learnt about the environment. Moreover, the sub-
patches on which features are defined can overlap,
allowing interaction between features to be directly
modelled. Townsend and colleagues (Townsend &
Thomas, 1993; Townsend, Solomon, & Spencer-
Smith, 2001) have previously advocated represent-
ing information using functions on intervals and
subplanes, noting these were infinite dimensional.
Linking such function to cortical maps provides a
biological rationale for them.

The term “image” has many meanings amongst
cognition researchers. Without qualification, it is
generally taken to mean a depictive representation

which more-or-less preserves relative distances in
the object or scene being visualised. In memory re-
search, it may be used synonymously with an epi-
sodic or semantic memory. In neurophysiology it
is used to denote neural representations of stimuli,
as for example, images in olfactory regions of cor-
tex generated in response to odours. It is used to
describe spatial organisation in visual memories,
which Kosslyn argues have parallels with mental
images formed in response to any stimulus (Koss-
lyn, 2003). The nature of the “images in the brain”
reported when we remember things has been a
matter of debate over centuries, with Pylyshyn’s
target article (Pylyshyn, 2002) and the responses
to it providing a summary of recent positions.

Despite this overloading of the term, we use
“images” to refer to the families of functions de-
fined in Section 4, partly to emphasise that they
are analogical, and partly for the connotation with
cortical maps. While analogical representation has
a long history (see (Sloman, 1978) for discussion of
some of it) CIM also has a process model based on
pointwise manipulation of the representations to
execute a variety of cognitive tasks such as recog-
nition and categorisation.

3. CIM overview

In the CIM model, memories and probes are rep-
resented as analogical images, rather than as vectors
or arbitrary arrays of numbers and/or truth values.
Intensity in the images is constrained to be a mem-
ber of a family of functions from a connected?
bounded subset X of % (the plane) to the real num-
bers, . The CIM processing cycle is essentially:

new probe = attention setting and memorisation
= activation of memories onto layers
of working memory
= decay of activity = new probe. ..

The next section describes the formal model more
fully. This section presents its main characteristics.

2 Any two points in a connected subset can be linked by a
path that lies entirely in the subset — thus for example the
United States is not connected because Alaska cannot be visited
from New York without crossing out of the US.
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(b) (c) (d)

(e) U] (@

Fig. 2. (a) Values in a conventional vector visualised as average values of patterns on regions of the image plane X. (b)-(d) Examples of
simulated memories or probes in which values from a conventional vector have been mapped to standard deviations of circular
Gaussians on different locations (means). (d)-(g) Examples of simulated memories taking different values but with fixed centre

locations.

The analogues to dimensions in conventional
modelling are connected subsets of X, which
may, however, be redefined or restructured
depending on task or experience. Such subsets
may be physiologically realised by what have been
called feature maps in sensory-motor areas, for
example concerning colour or orientation and so
on (Simmons & Barsalou, 2003). Values on dimen-
sions correspond to intensity patterns on the
subsets.

While we are not going to specifically associate
regions in X with regions in cortex, our model
identifies a specific connected subset of X as deal-
ing with indexing.®> These regions correspond to
high level convergence zones proposed by Dama-
sio and used in modelling Perceptual Symbol Sys-
tems (Simmons & Barsalou, 2003). Part of this
zone or subset of X represents indices to episodic
memories, and part represents lexical pointers.
These pointers are used to communicate noisily
with an external world, through something like
the phonological module of Baddeley’s Multiple-
Component Model (Baddeley & Logie, 1999). Be-

3 In earlier theoretical work on a related model, this index
subset was defined separately from the image space (Aisbett &
Gibbon, 2001). There are, however, sensory regions and the like
within X which could also be distinguished, so currently we do
not make any attempt to formally identify substructures.

cause these pointers are highly identifiable, they
may each be associated with a unique region with-
in the index zone.

Fig. 2(a) illustrates how conventional compo-
nent dimensions from psychological spaces or con-
nectionist models could be derived from images on
a plane X. In this example, each component value
in the vector (aj,a»,as) is the integral of image
intensity over a region of X specified as a bold out-
line. A vector dimension is therefore fully specified
by specifying a region of X. In this illustration, the
regions shown are disjoint, so that the associated
vector dimensions are separable. That is, it is pos-
sible to independently vary intensity over each of
the three regions, and hence to independently vary
the components of the vector. This is not the case
if two or more of the regions overlap. In vector
formulations, dimensions that interact are said to
be integral, but there is no way of directly repre-
senting such interdependency within the vector
format.

To compare any model with results in the cog-
nitive psychology literature, data must be con-
verted to or from the vector format used in
reporting experiments (as in Sections 6 and 7).
Fig. 1(a) illustrated one way of converting a num-
ber to an image, namely, by mapping the value to
the standard deviation of a circular Gaussian dis-
tribution (or more precisely, to a truncated version



J. Aisbett, G. Gibbon | Cognitive Systems Research 6 (2005) 333-363 339

of a Gaussian, since the domain must be
bounded). An n-dimensional vector can be repre-
sented as the composite of n circular Gaussians
with centres that might be randomly placed on X
or might be fixed, depending on the situation being
modelled. When dimensions that are separable in
the vector format are modelled this way, their cen-
tres must be located so that the overlap of the dis-
tributions is negligible. Conversely, interaction
between vector dimensions is modelled by siting
the centres of the Gaussians so there is overlap,
as is seen between many of the dimensions mod-
elled in Figs. 2(b)—(g). Interaction effects are dis-
cussed further in Section 5.

Working memory consists of the current probe
image, plus images derived from decayed versions
of previous probes superimposed with activated
memories. A probe image is perceptual input, or
combinations of previous probes and activated
memories. Capacity is modelled by limiting the
number x of such images that are available for
processing at any time. Each image is thought of
as occupying a different layer, in analogy to a pri-
mary colour in a 3-colour image. Memories acti-
vated on the same layer are added together or
bound.

Capacity is also limited by limiting the total
activation of memories over all layers. This means
that activation of a memory works against or
inhibits the activation of all other memories.

Biological implementation of the different ele-
ments or layers of working memory requires a dif-
ferentiation mechanism. One such mechanism is
the frequency of a carrier wave (of voltage, say)
on which activated memories act as an amplitude
modulation (Freeman, 1994).

The definition of attention is problematic with-
out recourse to an external controller or homuncu-
lus, and so in memory models such as REM
attention is assumed but not specified (Shiffrin,
2003, p. 345). From the perspective of categorisa-
tion, Kruschke (2001) defines attention as a time-
varying weight function on input, calculated from
the current input and task-related memories
including categories. Attention in our model
CIM is similarly defined by the contents of work-
ing memory, although attention at each layer dif-
fers. Attention is used to identify connected

subsets of the plane for processing, and these flex-
ibly play the role of dimensions. Biologically,
attention might be realised through interference
of the time varying signals on X creating short-
lived regions of high activity, which nevertheless
induce metabolic conditions that facilitate process-
ing not only at that instant, but for a short time
after.

The one process model is used in CIM in differ-
ent cognitive tasks, in particular, in recognition
and categorisation. The cycle of activity is driven
by the presentation of a new probe, which is either
sensory input or the combination of the contents
of working memory. The latter is the mechanism
through which information is composed or inte-
grated, for instance adding to semantic memories,
mentally substituting features on an object, or
learning to associate meaning to a word.

Activation of a memory in response to a probe
depends on the similarity between probe and mem-
ory. Similarity is defined as the integral of point-
wise intensity differences, computed over a subset
of X that depends on attention and that therefore
differs for each layer.

To give a rough feel for the operation of the
CIM process model in recognition and categorisa-
tion, a version in which working memory is simply
the probe can be translated to a 3-layer neural net-
work similar to ALCOVE, Kruschke’s, 1992 con-
nectionist implementation of the Generalised
Context Model of categorisation. As suggested in
Fig. 3, the network has one node per memory in
its hidden layer, has input nodes organised into
an n x n image, and has one output node for each
category (“recognised” or “not recognised”, in the
case of recognition). There are nxn weights —
called the attention image — moderating the effect
of the input layer on the hidden layer. Thus the
weight between an input node and a hidden layer
node (memory) is the same for each hidden layer
node. The weight from a hidden layer node to an
output layer node is the similarity between the
memory and the image representing the category
name, as for ALCOVE (Kruschke, 1992; Eq.
(1)). Unlike a conventional neural net, each hidden
layer node has its own transfer function which de-
pends on the values of the memory associated with
the node. Specifically, the activation of a hidden
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weight (association)

vector corresponds to

attention image, same for Py
all hidden layer nodes 7

weight w’;is similarity of ith
memory to jth category N

input layer
n x n nodes
input =probe image

hidden layer

1 node per memory
activation of a node is function of similarity
of memory to probe in attention areas

v

output layer
1 node per category
activation of a node is
weighted sum of hidden
layer activations

Fig. 3. Translating the process model to an ALCOVE-like 3-layer neural network with one hidden node per memory. All nodes in a

layer are connected to all nodes in the next layer. See text.

layer node is a function of the similarity of the
attention-weighted probe image to the memory.
The activation of an output node is the weighted
sum of the activation of the hidden layer nodes.
The network learns through adding memories,
which alter the output activations that flow from
a given probe. Unlike ALCOVE the memory at-
tached to a new node is not a perfect copy of the
probe that formed it, but is the subset that was
in attention. Unlike ALCOVE, there is no learning
of attention, rather attention is re-set to distinctive
areas of each probe.

4. Formal definitions

Many stimuli, including sounds, have temporal
duration. A full model of a single probe would be
as a time varying function over some interval 7. To
limit the definitional overhead, the following defi-
nitions are, however, restricted to the snap shot
view.

4.1. Working memory, memory and attention

Suppose that probes are created or received at
discrete intervals 7. For simplicity 7 is taken to
be fixed. The probe created or received at time ¢
is a function

So(#): X —[0,1] (1)

belonging to a family of functions on X C R?
which are continuous except possibly on the
boundaries of some fixed finite partition of X.
The value 0 is used to denote “‘not applicable”
or unspecified values, and might be realised as
the background noise level in a physiological
function.

Consider fy(#) to be on layer 0 in working mem-
ory (the input layer). Suppose each layer i>0
holds an image

fi(h): X =R (2)

that was initiated by a probe received at a notional
time ¢ — i7 and which is now the sum of that
decaying memory and memories accumulated in
response to it and to any later probes.

Since a new probe is presented every T time
units, yet working memory is limited, the contents
of an existing layer will usually have to be over-
written by the probe. The easiest approach is to
simply overwrite the oldest layer, on the assump-
tion that layers decay into noise over time. Work-
ing memory is therefore modelled as a first in—first
out (FIFO) buffer of size x + 1, for some parame-
ter k > 0. That is, after each time interval T, the in-
dex to each of the layers 0 to k — 1 is incremented
and the xth layer is filled with the new probe and
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probe —_
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Fig. 4. Working memory as a FIFO buffer. An incoming probe
replaces the oldest layer which is relabelled as 0, after the
remaining layers are pushed down one slot each.

relabelled as layer 0. Fig. 4 illustrates for a work-
ing memory with four layers plus probe.

Next, define attention on layer i at time ¢ to be
an image

A1) X — [0,1]. (3)

A major role of attention is to direct what part of a
probe image is memorised. Attention over all the
layers is assumed to influence the rate of storage
of the probe. This makes sense because in a time-
limited situation the most relevant parts of the
probe need to be stored first, and attention is the
only available measure of relevance. If attention
at point x € X is zero on all layers, then the probe
image at x might not be memorised no matter how
long the interval 7. So the rate of storage of the
probe image is plausibly determined by the sum
of attention ) ,_,4;(t) over each of the layers
forming working memory. Specifically, given
x € X and probe f; presented at time ¢, then the
value fo(1)(x) will be memorised during the interval
T if and only if

ZA ) >w/T for some constant w. 4)

i=0

A random variable could be added to the right-
hand side of this equation to allow for noisy mem-
orisation. As well, top-down control could be
modelled by adding a function C(x) to the left-
hand side of Eq. (4).*

4 Alternative capacity limited definitions are possible but are
not investigated here. For instance, capacity could be limited on
each layer; and if X(c) = {x: Y ;504i()(x) > ¢} for ¢>0,
attention could be deﬁned to be non-zero only on X(c*) with ¢*
chosen so that the area of X(c*) satisfies a capacity-defined
upper bound.

The portion of the probe that is stored during
the interval T constitutes the memorised exemplar
or episodic memory.’ The memory of fi() is there-
fore the image with intensity

fo()(x) at points x satisfying > 4;(t)

i=0

x) >w/T

(5)
and with intensity 0 everywhere else. Fig. 5 illus-
trates storing portions of the probe image in this
way in a 5-layer working memory. Fig. 5(a) shows
the current probe, as well as the memory of it that
will be stored given attention 4/¢) on each of the
layers 0-5 shown in 5(b). Fig. 5(b) also shows
the contents of working memory at this time, with
the probe forming the top layer. The decay of
working memory contents over time is indicated
by the reduction in overall brightness in each suc-
cessive layer.

For cognitive tasks that involve identification
and discrimination, attention on the probe needs
to be triggered by unusual aspects of the new stim-
ulus. Without going to long term memory, the
only way to gauge “unusual’ is, of course, against
contents of working memory. A conceivable mech-
anism to detect ““unusual” happenings is to direct
attention to regions of the image plane X in which
the firing rate (or voltage or whatever is the mod-
elled biological function) of the probe dominates
or is dominated by that of the activated memories.
This could be achieved by defining time-varying
attention on the probe as the image with

r

_Kilzfl ’ (6)

where N (1) = maXeex|fo(£)(x) — k'3 ofi(0) (x)]
normalises the image, and r > 0. Higher values of
r lead to a faster drop off in attention. In the fol-
lowing, the exponent r = 1 is used.

Attention on each layer i > 0 is assumed to be
independent of the current probe, since these lay-
ers were established in working memory before
the probe arrived, and attention is known to have

Ao(1)(x) =N (1) |fol2)

> As well as episodic memories, memories may be stored
combinations of (parts of) other memories, in which case they
can be thought of as prototypes or as semantic memories.
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Fig. 5. (a) A probe f,(¢) (left) and memory of this probe (right). The probe is generated from truncated Gaussians, which may overlap
as described in Section 5. The memory has four connected areas that act as dimensions, which are partial copies of the original
truncated Gaussians or sums of overlapping Gaussians. (b) Left: layers in working memory showing decay of activity. Current probe
fo(?) is in layer O (top box) in working memory. Right: Attention layers A) at the same time. (c) Memories of similar things, as would
be encountered in the training phase of a recognition or categorisation experiment. The memory of the probe shown in (a) is at the top

left.

some inertia. The layers derive from what were
probes at an earlier time, and so attention might
be retained from that time, or else be a decayed
version. We simply model attention on a layer as
the attention image from the time when that layer
was the probe:

Ai(t) =Ao(t —iT)

= N = 1) ol —iT) =S il = iT)),
i>0

i>0. (7)

Given a cut-off 6 = w/T, in which w might physi-
cally correspond to ambient noise levels in cortex,
the area of attention X(t) on layer i is defined as

Xi(t) ={x: A4,(t) > 6}. (8)
This area is important in our modelling because
activation of memories on the layer will depend

on the similarity between memory and probe in
Xi(0).

Piecewise continuity of the functions in Egs.
(6)—(8) allows X(¢) to be expressed as the finite un-
ion of connected subsets of X. Likewise the subset
{x: >2i204i(t)(x) > 6}, which defines areas on the
probe image which are memorised in period 7, can
be partitioned into a finite number of connected
sets X“(¢). These sets may be likened to dimensions
in conventional modelling, as suggested by the
simulated memories in Fig. 5(c). The memory in
the second box in column 2 has two connected re-
gions, while the memory of the current probe and
the previous probe (shown below it) have four re-
gions, and so on.

Given a longer study time 7, the size of the re-
gions X*(f) grow as & decreases. The number of
such sets tends to increase, although there may
also be merging of previously disconnected sets.
Fig. 8(b) simulates memories formed for two val-
ues of the interval T (i.e., different study times),
as explained further in Section 6.
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Note that if there is no activity in working
memory other than the current probe, the area
of attention is on regions where the probe takes
relatively high values, according to Egs. (6) and
(8). This definition of attention is suited to repre-
sentations of magnitudes of the sort depicted in
Fig. 1(a) but not to direct representations, in which
probe activation level is proportional to
magnitude.

4.2. Activation

In models of memory and categorisation, a
probe’s activation of a memory is explicitly or
implicitly linked to the similarity between probe
and memory. In our setting, similarity is derived
from absolute pointwise differences |f(x) — fo(x)|.
As usual, similarity is a relative notion. If X* is a
finite union of connected subsets of X, then the
similarity S of two images f and f; in the area of
attention X* is defined to be

(7o) =exp (= [ 1) = )] o).
o)

Here, ¢ is a positive constant that is a free param-
eter in many models and is usually fitted to exper-
imental data. We are not going to precisely model
data so for simplicity fix ¢ = 1.

The change in activation of a memory f which
contributes to the image in working memory layer
i is assumed to be proportional to the similarity be-
tween the probe and that memory in the attention
area X,(¢) on the layer. Formally this means that if
the activation of memory f which contributes to
layer i at time ¢ is denoted ¢/ (¢) and fis not active
on this layer until presentation of the probe at time
t — T, then

i (6) = AOS(f, folt = T); Xi(t = T)). (10)

The normalising variable Z is defined in Eq. (14).
As noted, normalisation effectively causes activa-
tion of one memory to inhibit activation of other
memories.

Decay of activation is, as usual, modelled as an
exponential function of time, with decay constant
b, say. In the absence of any further stimulation

of memory fon layer i, at time ¢ + T activation will
have fallen from its level at 7 according to

(14 T) = i/ (t) exp(—bT). (11)

Earlier, we said that the accumulation of active
memories adds to a decaying probe to form an im-
age on a layer. This can now be formally de-
scribed, and then 4 can be computed. Keep in
mind that in the interval T between ¢t — T and ¢,
the notation used to describe the image that was
on layer i changes from f{(¢ — T) to f; + 1(¢) because
the index is incremented (see Fig. 4). Also recall
that for each layer:

(a) The probe activates each memory in propor-
tion to the similarity between memory and
probe in the region of attention associated
with that layer.

(b) Images decay according to Eq. (11).

Then for 0 < i<k,

finlt) =exp(-bT)fi( = 1)+ 3 0 f

feM(t—T)
= exp(—bT)fi(t — T)
+At) > S St =T Xi(t=T)) - f

feEM(t—T)

=exp(=bT)f;i(t—T)

i) Y exp (— / NG

SeM(i-T)
—fo(t—T)(x)IdX> S (12)

where the sum is over the set M(z — T) of memo-
ries available at time 1 — 7.° It is straightforward
to inductively derive an expression for fi(¢) and
for the activation of memory f on layer i entirely
in terms of the probe and memory images.’

® There may be a threshold & so that the sum is over {f :
S(f-fo(t — T); X{t — T)) > 6}. Such a strategy is suggested by
Shiffrin (2003) and others, and might be biologically set by the
average magnitude of noise in memory.

T filt)=exp(—ibT) fo(t—iT)+ 2 < 2(t= (=D T)exp(—(j—1)
bT)ZfeM(t—jT) eXp(_fx,,,(zf_/T) [f(x) = fo(t — T)(x)| dx) - f and
U (0= et G~ 1)exp(— (G~ DBT)exp(~ [,/ (0)
So(t=T)(x)|dx).
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The variable A can now be calculated, provided
b is known and total activation of all memories on
all layers, Zizfzf , is assumed to be fixed over
time. Specifically, if the total activation over layers
0 to x i1s a constant A, and the activation at the
oldest layer k is assumed to subside into noise in
the interval (¢ — T7,7], then from Eq. (11) and then
Eq. (10)

a=> >

0<i<k feM(t—T)

:exp(bT)<Z Z 1{(tT)>+ Z i/ ()
Je

0<i<w feM(t—2T)

Sl T>)

=exp(—bT) (/1
S
S(f folt =T

0> >

0<i<k feM(t—T)

X(e=1)). (13)
Hence

At) = (A — exp(—bT) (A DA T)))

S

/Z YOS Sfolt =Ty Xt —T)).  (14)

4.3. Probes and labels

Probes can derive either from presentation of an
external stimulus, or, in the absence of such inter-
vention, from existing working memories. The
ability to generate probes from the contents of
working memory is necessary to compose ele-
ments, and might in some circumstances take pre-
cedence over the incoming stimuli.

A probe is generated from the current contents
of working memory as follows. Suppose that a
probe is presented at time # — 7, and that by a time
¢t~ just an instant before ¢ the activated memories
in the respective layers have accumulated into
functions f;(¢) : X — R and there is no new exter-
nal stimulus. Then the probe for the time ¢ is de-
fined by

=N )W) (15)

>0
Here, the sum includes the previous probe and N
is a normalising factor. The other layers are

emptied, and according to Eq. (6) attention
Ao(t) is the normalised image [> .. .fi(r)]. Eq.
(15) provides a mechanism for composing or
binding concepts represented on the layers,
which is needed for tasks such as mental simula-
tion. In cortex, some impulse would presumably
be required, for example to physically trigger
jumps to a common value in the -carrier
frequency.

As indicated in Section 3, a subset of X is
used for indexing episodic memories and lexical
data. This implies that each episodic memory
contains a subimage ¢ which acts as an index.
This would record the situation or context in
which the memory was laid down as described
by Shiffrin & Steyvers (1997). Context subimages
recorded at different times would vary, but
would tend to be highly correlated when they
represent memories of similar times. The image
of an incoming phonological or orthographic
stimulus f is a lexical pointer defined on a subset
X(p) of X which is in part uniquely identified
with the word.

A probe f activates memories as in Eq. (10)
which match or nearly match the label on
X(B). These are memories that have been asso-
ciated with the word. Denote the image gener-
ated in this fashion by f(f). If the word is well
known, the response to [ is strong. If the
word is being learned, there will be only a
few memories close to f and the response is
weak. In supervised or teacher-led learning
(where the word may be an artificial category
name) f has to be attached to an image that
is being portrayed as its description. In this sit-
uation, our modelling assumes that an image
representing the name and the image represent-
ing the description are activated on different
layers then, as in Eq. (15), combined additively
on the same layer (at the same carrier fre-
quency, in the biological metaphor). This binds
the syntactical label to an image describing the
semantics. This process may occur in a phono-
logical component outside the main processing
stream, or the composite semantic memory
f(f) may be already stored. In either case,
f(P) effectively constitutes the probe generated
by the stimulus f.
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5. Families of images
5.1. Introduction

Physical time-varying spatial functions in cortex
motivated the use of images to represent concepts.
It is possible to interpret some fMRI images in
terms of the concepts being thought about at the
time (e.g., Haxby et al., 2001). However, neither
the precision of such imagery nor its association
with concepts are at the stage that cortical images
can be used to represent objects or concepts. In
lieu, representational images have to be generated
in the same way that conventional vector represen-
tations are generated through simulation or
experimentation.

This section concerns this construction of fam-
ilies of images for use in our modelling. It discusses
how image representations are capable of natu-
rally encoding information about distributions of
feature values, as well as the values themselves.
In contrast, in traditional vector representations
in cognition, uncertainty has to be modelled in
ancillary data structures, such as the circular
Gaussians Ashby & Townsend (1986) used to rep-
resent perceptual noise, or left as a loose end in the
model, as in (Shiffrin & Steyvers, 1997). The image
representation provides a plausible explanation of
how probabilistic information might be cognitively
available.

Unless researchers are directly concerned with
perception, models of memory and categorisation
utilise categorical or interval alphanumeric
descriptions of properties of objects and concepts.®
Verbal descriptions may be obtained from experi-
mental participants by asking directly for descrip-
tions (from observation or from common
knowledge), or asking for a choice to be made
from a list of descriptors provided by the experi-
menter, or asking for similarity comparisons and
then applying multidimensional scaling. Or they

8 To encourage comparative testing of categorisation algo-
rithms, UCI publishes a collection of diverse datasets contain-
ing the category (class) and attributes of sets of entities (Blake,
Keogh, & Merz, 1998). Attributes are either numerical or
categorical.

may be obtained directly from the experimenter’s
observations or general knowledge.

In direct analogy to verbal descriptions of stim-
uli, images describing concept instances can be
experimentally elicited. Results of initial experi-
ments concerning both objects and abstract con-
cepts are presented in (Aisbett & Gibbon, 2003).
In these experiments, the type of images which
participants were allowed to construct was con-
strained by both the aspect of the description
(e.g., as “‘size and weight”, or “feel and texture™)
and by the range of images that could be used to
represent each aspect. In constructing image repre-
sentations, participants were instructed to try to
match the perceived similarity between images
with the perceived similarity of the concept in-
stances that the images represented. Representa-
tions such as that depicted in Fig. 1(b) were the
result. This experimental work is still at an early
stage. Results in the present paper use images that
have been generated by transforming numerical
descriptions of concept instances.

5.2. Accumulator coding and its generalisation

There is considerable evidence that both animals
and humans have a primitive numerical capability
in which magnitude is represented through accu-
mulation of activation, and noise on memories
is proportional to the magnitude (e.g., Whalen,
Gallistel, & Gelman, 1999). Such an accumulator
model of numbers as magnitudes is already familiar
to most people through examples such as the
thermometer.

Accumulator or thermometer coding of the re-
als is formally a mapping m from the positive reals
to a set of sets that satisfies the condition

given any pair of numbers a, b with (16)
a < b then m(a) C m(b).

The set to which a value of a feature is mapped can
be thought of as a binary image defined on X.°

° Accumulator coding is usually phrased in terms of subsets
of the real line R. The CIM model could be phrased in terms of
sets within R although the biological rationale and some
interaction properties not investigated here would be lost.
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LS

Fig. 6. Examples of accumulator coding of two different values:
by radii of discs (top row); by bar length (bottom row).

Examples of accumulator mappings are those that
take a magnitude r to an image which is zero
everywhere apart from, respectively, (a) a disc of
radius r centred at some point in X or (b) a hori-
zontal bar of length r and fixed width with one
end fixed in X. Fig. 6 illustrates.

Accumulator coding can be extended to grey-
scale images (i.e., images taking values over a con-
tinuous finite range of real values) by requiring
that whenever ¢ and b are mapped to images I,
and I, and a < b then

I,(x) < Ip(x) for all x € X and
1,(x) # I,(x) for at least one point x € X.  (17)

The discrete analogue of this was used in accumu-
lator coding of vector input into neural nets by
Kalish & Kruschke (2000). Normalising the range
of values over which intensity varies to lie in the
interval [0, 1] allows intensity to represent proba-
bility. This is possible because the numerical values
of the feature are represented by a parameterised
family of functions on X, that is, by structure in
a subimage rather than by intensity magnitude.

5.3. Representing probability density functions

To explore the representation of probability,
note firstly that the direct translation of numbers
into discs or bar images does not satisfy the require-
ment that images belong to families which are con-
tinuous except possibly on the boundaries of a
fixed partition of X. Repeated smoothing of sharp

images of bars or discs converge to continuous func-
tions on X. Smoothing can be achieved by accumu-
lation of multiple observations of a stimulus, or of
observations gained from multiple examples of a
stimulus or concept. In the first case, accumulation
models the integration of noisy perceptual re-
sponses over an observation period. In the second
case, it models the development of a prototype.

To appreciate the role of accumulation in the
representation of probability, suppose that feature
a takes positive numerical values distributed
according to a density function,'® call it p. As a
component in a vector representation, the feature
would be represented as the number [°rp(r)dr
which is the expected value, or prototypical value.
In practice, p is not known exactly, although im-
proved estimates of it are gained with longer
observation times (for a constant perceptual stim-
ulus) or with more encounters of exemplars (for
building a prototypical value or semantic memory
of a higher level concept).

Suppose that the feature « taking positive val-
ues in its conventional numerical representation
is represented by a family of radial functions cen-
tred on ¢, in X. Specifically, suppose that if a value
of the feature could be known for certain to be r, it
would be represented as the image

fric,+s0)=1 if s<r,

fr(ca+s0)=0 ifs>=r, (18)

where 0 is shorthand for the unit vector at angle 0,
and 0 ranges from 0 to 2n rad. This is a disc of ra-
dius r centred at c¢,, and carries no more informa-
tion than the numerical version. However, when
data are accumulated, the image version carries
information about the distribution of values as
well as the numerical average. In the limit, the
accumulated image has intensity function

fle,+s0) = /Ooofr(ca + s0)p(r) dr

= /Oop(r) dr=1-P(s), (19)

19 The function p depends on the population under consider-
ation, which as suggested may be multiple noisy observations of
the same exemplar, or observations of different exemplars.



J. Aisbett, G. Gibbon | Cognitive Systems Research 6 (2005) 333-363 347

where P(s) is the cumulative probability [; p(v) dy
and we have substituted from Eq. (18). 1 — P is
called the complementary cumulative distribution
function, or survivor function. When p is a Gauss-
ian the cumulative probability is given in terms of
the complementary error function erfc = 1 — erf.

Fig. 7 illustrates how the cumulative distribu-
tion function in Eq. (19) is built up through accu-
mulation of observations from encounters with
examples of a concept. In this, the representations
are smoothed discs. As the number of observations
increases, the accumulated subimage tends to the
subimage generated by the complementary cumu-
lative distribution function, which for the uniform
distribution of this example is a cone.

Mapping numbers to discs does not produce a
valid family of images, as noted. An alternative va-
lid mapping would take values (or a positive
monotonic function of the numerical values) to
the standard deviation of a radially symmetric
Gaussian, or an erfc function. The associated var-
iance would reflect the accuracy of the observa-
tion, which for perceptual input would never be
known with complete certainty. This was how
Figs. 1(a) and 5 were generated.

o9 -0
.o.-.
®-0..

Fig. 7. Accumulation of memories tends to the complementary
cumulative distribution function which describes the distribu-
tion of the concept. The grid at left (respectively right) depicts
nine (respectively 25) memories of instances of a concept.
Corresponding accumulated memories are shown above.

When the family of functions representing val-
ues of feature a are not radially symmetric, the
probability that ¢ has a magnitude greater than y
might still be derived from a representation f via
a density function p(y) = Ny foznf(ca + y0) do for
some normalising function N

Not all families of valid representations are able
to capture probability distributions through accu-
mulation, of course. In particular, the family that
is equivalent to conventional vector modelling can-
not capture distributions through accumulation.
Consider a fixed partition Pr of X and a family
F of functions, each member of which takes a con-
stant value between 0 and 1 on each subset in Py.
The members of F are valid representations of
probes, according to Eq. (1). If Pr consists of n
subsets, then F is equivalent to a set of n-dimen-
sional vectors in (0, 1]". If there is exactly one sub-
set in Pp for a perceptual feature «, the
representation has no more modelling power than
a conventional vector representation — with accu-
mulation, the value on this subset converges to
the mean value of a. If the feature a is represented
by m subsets in Pr (equivalently, by an m-tuple),
uncertainty in an observation of a can be repre-
sented by randomly drawing the m values from
the distribution that describes the uncertainty.
However, the accumulation of a set of observa-
tions would not capture the distribution of the ob-
served values, since the value taken on each of the
m subsets would converge to the same constant,
namely the numerical mean of the observations.

5.4. Using overlap to represent perceptual
dimensions which are not perceptually separable

Separable dimensions provide the same percep-
tual effect when stimuli are varied along one
dimension, regardless of values of the other dimen-
sions. The locations in the image plane X used to
represent such dimensions need to be selected so
that there is no interaction of values, that is, they
effectively cannot overlap. In contrast, representa-
tions of integral dimensions must overlap to allow
changes in values on one perceptual dimension to
affect values on the others. At present we have
nothing other than separability to guide selection
of the locations used to represent perceptual
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dimensions. In the simulations that follow, loca-
tion is therefore chosen randomly if dimensions
are not known to be separable, or else they are se-
lected so as to not overlap. If actual cortical maps
were being used then the location of dimensions
would be constrained according to modality and
then by the type of feature.

Interaction effects provide another example of
how spatial organisation enhances modelling
capacity. If features 4 and B are represented by ra-
dial functions f' and f® which overlap for large
values but not for small values, then large values
of 4 will raise the perceived probability of a large
value of the other feature: formally, p“(s)=
NAdo(f' + %) (x)) dx where Q= {x: |x — ¢, = s},
N 4 is a normalizing constant, and p is the density
function associated with f! as in Eq. (19). For
example, suppose A is the hue red and B is the
hue yellow, and radial magnitude represents
brightness in a representation of colour.!' Then a
bright red would appear yellowish even when there
was no yellow stimulus, and a bright yellow would
appear orange tinged, compared with the pure
hues at low brightness levels.

High dimensional representations of the fea-
tures alone does not provide this modelling capac-
ity. For example, if the feature values are defined
by the average intensity on high dimensional vec-
tor spaces X4 and Xp with non-null intersection
X4 N Xp, then the features interact. However, the
interaction occurs over the entire range of feature
values, and is proportional to the number of com-
ponents in the intersection, as well as to the values
of the features.

Representation using images instead of vectors
is also enriched by the possibility that noise affects
locations of features as well as values. Small shifts
in the central location might accompany percep-
tual noise. Large shifts might be due to changes
in perceptual attention altering the probe image
presented to our system in response to a stimulus.
(Such perceptual processing is assumed to occur

"' This paper is not the place to go into the complex
representation of colour. Modelling colour remains an impor-
tant unresolved (and possible unresolvable) issue (e.g., Saun-
ders & van Brakel, 1997).

before the cognitive modelling stage considered
here.)

6. List memorisation, recognition and recall
6.1. Overview

This section reports on a simulation of a list-
learning experiment. Our aim is to demonstrate
how memories are formed from representations
of stimuli using the pointwise operations presented
in Sections 4.1 and 4.2, and how the label dimen-
sions described in Section 4.3 are used in simulat-
ing responses to lexical input. We also identify an
experimental result that might be explained by the
effect on attention of the contents of working
memory when image representation is used but
which could not be explained with conventional
representations.

The list-learning experiments of Ratcliff, Clark,
& Shiffrin (1990) involved word stimuli presented
visually which participants memorise. Later,
words which may or may not have been on the
learned list are presented to the participant who
has to identify whether the word was on the list
(“old”) or not (“new”). Shiffrin & Steyvers
(1997) developed versions of a model they called
REM to explain results from such experiments.
REM assumed various distributions of context, vi-
sual form and semantic feature values, and as-
sumed the same distributions held for the general
word population and the list word population un-
less the list was supposed to contain unusual
words. Context features describing the situation
at the time of memorisation were assumed to be
specific to the list words. For the sake of simplicity
— although it could also be justified in terms of
Zipf’s law for natural populations — Shiffrin and
Steyvers used a geometric distribution, i.e.,
P{v=j)=(1 —g)y g for some g; € [0,1]. Mem-
orisation of any value was assumed to have a fixed
chance of error independent of the value, with
erroneously remembered values drawn from this
same distribution.

In the recognition phase of the list-learning
task, a test stimulus is compared with each of the
memories that have been activated (above some
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threshold level) in order to calculate whether the
memory had been a word on the list. REM as-
sumes only list word memories are activated, be-
cause the experimental context that is strongly
encoded with each of these memories acts as filter.
The decision criterion Shiffrin and Steyvers used
was the log likelihood value of 1, based on the ra-
tio of the conditional probabilities of observing the
test probe if it represents a list word to that of
observing the test probe given it represents a word
not on the list. The conditional probability of
observing a test probe given it was a particular
word on the list is in turn calculated as the inverse
to the similarity of probe and list word, with allow-

ance made for false (mis)matches due to noise. An
overview is in (Shiffrin, 2003).

Our modelling of recognition with CIM follows
the REM approach, with three main differences.
Firstly, we explicitly model attention, whereas
Shiffrin and Steyvers did not try to describe how
some features came to be in attention. Secondly,
we allow interaction of features, by randomly
locating feature on the image plane with conse-
quent random overlap. Thirdly, the recognition
process in CIM does not necessarily use semantic
memories of word, whereas these were required
in REM. Semantic word images are not inconsis-
tent with our model, but could also be formed
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Fig. 8. (a) Example of a probe and its memory, illustrating how the simulation of 20 conventional dimensions with possibly
overlapping Gaussians results in a memory of a fewer number of connected subimages, which we call dimensions. (b) Two sets of 20
memories from simulations showing how the same areas tend to be remembered in each simulated word. The set of memories to the
right simulates a longer study time (lower attention cut-off) than the set to the left. Note that the two simulations used different
locations of the centres of the Gaussians. (c) Recognition phase. Test word (left) and the sum of memories of the 30 words which forms

the image f; on layer 1 (right). Attention A, is the same as f].
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from the accumulation of episodic memories. We
are also non-committal as to whether episodic
memories of list words accumulate at the time of
memory testing to form a prototypical image of
the list, or whether such an image is progressively
formed and stored.

In representing a word as an image, values on
orthographic or semantic dimensions were mod-
elled as circularly symmetric intensity functions
generated by Gaussians. The standard deviations
of the Gaussians were the log base 2 of a geometric
distribution. Thus the spread of these functions
plays the role of the component values in vector
modelling. Figs. 2, 5(a) and 8(a) give example of
such images.

For each experiment, a set of 20 locations was
randomly picked. For each word used in that
experiment, a random number of locations (up
to maximum 5) were assigned to a “missing list”,
with random assignment of locations to this list.
The remaining locations had Gaussian noise of
standard deviation 0.3 pixels added before they
were used as centres of circular symmetric func-
tions. The intensity functions were added one at
a time to the image representing the word, with
the image being renormalised to maximum inten-
sity 1 after each. Repeats of the same word had
a “jitter” of standard deviation 0.07 on the
centres.

In the simulations reported below, working
memory had 5 layers plus probe, and all images
were 64 by 64 pixels. Unless otherwise reported,
the attention cutoff was 6 = 0.45 and the param-
eter of the geometric distribution was 0.3. The
decay constant was 0.2. For simplicity we did
not add contextual features to the images, in-
stead we algorithmically simulated effects involv-
ing these features as described below. Had
context been modelled in the image, it would
not interact with the word features and would
only vary slightly between words within an
experiment.

6.2. Memorisation
Assume that words are presented at spacing

T. The process phase is initiated in response to
the first stimulus word, presented at time ¢ say.

The first orthographic stimulus activates the
word pointer image (call it f3,), which with situ-
ational context features either forms the probe
image f(f;) or retrieves it if it exists as a seman-
tic memory. Since there is nothing in working
memory (or at least, nothing task-related and
consistent across participants that we can model)
attention is directed to neighbourhoods in which
f(P1) has highest absolute intensity. The extent of
f(By) stored in the episodic memory of this word
presentation depends on the study time and the
strength of the maxima according to Eqgs. (4)
and (6). This is analogous to REM modelling
of the number of feature values committed to
memory.

The probe f(f;) activates other memories
according to their similarity in the subset Xy() of
X that receives attention in this memorisation pro-
cess (Eq. (10)). Activation occurs on just one layer,
that of f{(8), and so the image f; for that layer has,
by time 7 + 7, accumulated as

Six) = At +T) >SS (B): Xo(0)) (%)
f

=1 X — X
<r+T>;ep< /XO( ()

)

—/(B) )] dX>f(X)~ (20)

Because of the assumed importance of situational
context, Xy() largely consists of subsets of the im-
age plane X where the list-learning context is rep-
resented in f{(f;). Since this situational context
has not been included in any previous memory,
/f1 will be very similar to f{f).

Suppose the second stimulus word is presented
at time ¢+ 7 and a word pointer image f, is
formed. According to Egs. (6) and (7) attention
is directed to neighbourhoods of locally maximal
intensity in f{f;) and in the absolute difference im-
age |f(f) — f(P1)l, so these are the areas of f{f3,)
which are memorised. The interpretation of the
first word therefore biases the interpretation of
the second word. In particular, if there is enough
study time then all the regions of the image plane
that were involved in memorisation of the first
word will be included in the memory of the second
word.
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The probe f(f5>) activates memories on layer 1
according to their similarity to it in the subsets in
attention defined by f{(f;). By Eq. (12) this results
in an image of accumulated memories:

fo(x) = exp(=bT)f (B) + At +2T) Y

f
X exp (— /X SR dx) S ).

(1)

This time, f(f;) and f(f,) largely share situational
context, so most of the difference between them
is on regions in Xy(¢) = X (¢ + T) describing seman-
tic and visual form. Setting y, =exp(—bT)+
At +2T) exp(— [ (OLF(By) — f(By)(x)| dx),  an
argument similar to that above yields the
approximation

S2(xX) =y f (B1)(x) + 32/ (B>) (x).- (22)

That is, the image at what we can consider layer 2
is, by time 7+ 27T a linear combination of the
images of the two words. The image that was the
probe at time ¢+ T, viz. f(f8,), is by time ¢+ 2T
both decayed and augmented by activation of
memory for f{(f;), and so is also a linear combina-
tion of the images of the words. This forms the im-
age f1 at layer 1 at time ¢ + 27.

When the third word is presented at ¢+ 27,
attention on layer 0 goes to regions of high posi-
tive or negative intensity in f{f53) — (f] + f>), where
f(B5) is generated in response to the new stimulus.
As well, attention on layers 1 and 2 is, respectively,
on regions in which |[f(f;) — f(f1)| and |f(,)| are
relatively large. The context argument means only
list words are activated as a consequence of any of
the word presentations, an assumption Shiffrin
and Steyvers also made for REM. So the activa-
tion resulting from the probe f{ff3) generates linear
combinations of f(f,), i =1,2,3 on three layers.

The growth in the number of layers continues
until working memory is filled. Then the layer with
the oldest (and in our simulations, the weakest)
activation gets pushed out to make way for a
new layer, as in Fig. 4. At each time interval,
and at each layer, attention is directed to a linear
combination of the images of the words to date,
and activation is in response to similarity to the

current probe in such areas. Only list words are
strongly activated because of the shared situa-
tional context. This process results in word memo-
risation in which previous list words help
determine the parts of the word that are stored,
that is, its interpretation.

6.3. Recognition

In the test part of typical recognition experi-
ments, participants are presented a sequence of
words, and asked to respond after each word
whether it belongs to the learned list or not. For
simplicity of exposition, take a 50:50 mix of
“old” (list) and “new’’ (non-list) words.

Shiffrin & Steyvers (1997) assume that the situ-
ation at the start of this experimental stage triggers
memory of the original experimental context. In
our scenario this would occur through an index
for the event triggering an image s which is the
context description. Attention Xy(¢) is then direc-
ted at high intensity regions within this context
description. This activates memories according to
Eq. (12), to form the composite “memory of
context’”:

“‘X)=At"+T xp | — (x
P = A+ >;ep< J, e

—s(x)| dX> S (), (23)

where t* + T'is the time at which the first test word
is presented. Because the context is unique to the
list-learning situation, and is more-or-less shared
by all the list word memories, f/© can be approxi-
mated as a sum of the episodic memories of the list
words.

When the first test word is presented, attention
on this layer is set to areas of high intensity in f°.
Let Xi(¢* + T) denote this subset, which as well
as including regions in context areas of X would
include some regions representing semantic or
orthographic features in which the images from
all the list words tended to reinforce each other.

Presentation of the first test word results in an
image f(ff) in a different layer to f°. As before
f(P) represents the visual form, the semantic con-
tent and the situational context. Attention on the
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probe layer is on regions where there are large dif-
ferences between f(f) and f°.

Fig. 8 illustrates the orthographic and seman-
tic part of the images associated with a list of
30 words. Fig. 8(a) shows a probe and its mem-
ory, and Fig. 8(b) shows two 20 word memories
from two simulations with different attention
cut-offs. Fig. 8(c) shows a test word as the probe
and the average of the list words, which occupy
layer 1.

Memories accumulate at layer 1 up till the time
that an “old” “new” response has to be made, say
at time * + 27. Memories accumulate according
to their similarity to the image f, of the test word
in the regions in which the list words tend to have
common descriptors, to form the image:

fil) = A@ exp (— [ 1w =s dx)> 100,
| (24)

The image of the test word, whether f is on the
list or not, will not generally be defined in situ-
ational context areas in X as context has chan-
ged from the list-learning situation to the test
environment. So only the regions in which the
list words have similar semantic or visual form
will contribute strongly to the similarity calcula-
tion in Eq. (24).

A response “old” is made if the total activation
in the region of X that identifies the list-learning
situation is large enough. Only list words are acti-
vated, which is why there was no need to simulate
other memories. The simulations include noise on
repeats of a word, so that memories do not exactly
match probes even when they refer to the same
word. Nevertheless, activation is expected to be
greater if f is on the learned list than if it had
not been, partly because the sum of exponentials
> exp(—fXl |f(x) — fo(x)] dx) includes one for
the memory of the test word f;, but also because
X7 has been defined so as to accentuate common-
alities in list words. This advantage would be ex-
pected to reduce with the length of the list, or
when the list has many common words, since then
the list words become more like the general word
population.

Unlike the list memorisation stage, there is no
need to remember a word after a response has been
made. So working memory reverts to holding just
the situational context, and the scenario above is
repeated. (In reality, there would also be interfer-
ence from previously presented test words that
could be easily incorporated into the CIM model
because it has working memory.)

6.4. Results

Fig. 9(a) gives rates of true positives (“old”
response to a list word) and false positives (“old”
response to a non-list word) from simulations
averaged over 100 trials for lists of each of 10,
15, 30 and 60 words.'? The tests consisted of 20
(resp. 30, 60 and 120) words, half of which were
the list words and half of which were generated
at random. The behaviour accords with results
from human experiments reproduced in (Shiffrin
& Steyvers, 1997), and with their simulations,
although our simulations show poorer recognition
on longer lists. Fig. 9(b) gives analogous results in
the case of high frequency versus low frequency
words, for a fixed list length of 30 words. Low fre-
quency list words are known to allow better recog-
nition performance than high frequency (common)
words, and our modelling reflects this behaviour.
Frequency of words was modelled by varying the
parameter controlling the geometric distribution
from 0.2 through to 0.5. At the high end, perfor-
mance is just chance.

The most interesting result concerns list
strengths. The [ist strength effect refers to the fact
that the inclusion of so-called “strong” words
which have been memorised more completely —
whether through longer study times or through re-
peated presentations during the memorisation
phase — does not hurt recognition of other words
on the list which have not had the additional study
opportunity (Ratcliff et al., 1990). It is not surpris-
ing that “pure” lists in which all words have had
longer study times or in which all words are re-
peated lead to improved recognition performance,

12 «Words” in the simulations are, of course, randomised
images, generated as described earlier.
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Fig. 9. Word recognition proportions of positive responses to list and to non-list words. (a) and (b) CIM simulation results (a) list
length varied (b) geometric distribution varied to simulate different word frequencies. (c) and (d) Experimental and REM simulation
results (Steyvers, private communication of data originally presented in Shiffrin and Steyvers (1997)). Experimental results are depicted
at left, and REM 5 simulation results are at right. See Shiffrin and Steyvers for a description of REM 5. The vertical axes are
proportions between 0 and 1. (c) Experimental list lengths were 10 and 30, while REM simulated list lengths in range 10-80. (d) List
length fixed at 30, and the actual environmental base rates of words varied, or the geometric distribution varied.

but the list strength effect on mixed-strength lists is
not so intuitive. Ratcliff and colleagues found that
the number of false positives decreased pretty
much linearly as list composition was varied from
all weak words, half and half, to all strong words
while keeping the total number of distinct words
constant. Likewise, the number of false negatives
(failure to recognise a list word) decreased pretty
much linearly. Within a mixed list, recognition
performance was better on the strong words than
on the weak words, but was poorer on strong
words from mixed lists than from pure strong lists,
and slightly improved on weak words from mixed
lists compared with these from pure weak lists.
In explaining such results, Shiffrin and Steyvers
argued that the strong words have more features
stored and so are more differentiated from the
weak words on mixed-strength lists, improving
overall performance. Shiffrin has used this result
to argue the need for an accumulated semantic

memory of the word being formed during a trial,
as well as the exemplars (Shiffrin, 2003). However,
contrary to the experimental data Shiffrin and
Steyvers reported (their Fig. 5) that the REM
models’ recognition proportions for weak words
were slightly decreased using mixed lists, as com-
pared with pure weak lists; and were very similar
for strong words and for non-list words whether
using pure strong or mixed lists.

Longer study times are simulated in CIM by
increasing 7 or equivalently decreasing the cut-
off 6 in Egs. (4) and (5) — in the results reported
here, from 0.45 to 0.4. A lower cut-off leads to lar-
ger regions being memorised, as illustrated in Fig.
8(b). The larger attention area which is gained in
the longer study periods is retained in working
memory for five subsequent presentations, and
thus in mixed-list conditions can to some extent
improve memorisation of words which do not
have the longer study time. This explains the upper
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words were not reported separately.

plot in the graph in Fig. 10(a), which refers to re-
sults simulating lists of 30 words. In the mixed
strength condition, performance was better on
strong list words than on weak words (76% com-
pared with 66%), but still weaker than when all
words had the long study time, when almost all
list words were recognised. Performance on strong
words was affected because the area that was mem-
orised was reduced in the mixed condition. New
words on the list tended to be easier to distinguish
on large attention areas as chance match over
these areas is less likely. This explains the lower
plot in the graph in Fig. 10(a).

Repeated words were simulated as two presen-
tations of the same probe, one after the other,
leading to two memories of the same word that
might differ with attention. Overall, there is an in-
crease in the area in attention because of the re-
peats. This led to an increase in recognition of
list words even when they were not repeated — in

fact in these trials, recognition was slightly better
for non-repeated words than for repeated words
in the mixed condition. The effect of one repeat
of each word is not as great as the change in atten-
tion cut-off from 0.45 to 0.4.

In comparing CIM with REM-type modelling,
two points should be noted. Firstly, the CIM pro-
cess model allows earlier states of attention to af-
fect later ones, thus allowing weak words to
affect memorisation of strong words and vice
versa. This provides a simple and elegant mecha-
nism for achieving the list strength effect which
was not available in REM. Secondly, in conven-
tional numerical modelling, attention determines
whether features (values on dimensions) are mem-
orised or are ignored in an all-or-nothing way.
Therefore, an increase in study time can only affect
performance if there are more features or dimen-
sions to be studied. In our analogical modelling,
however, increasing attention allows for more
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detail about values to be memorised, as well as
allowing possible new features to be considered.
Therefore, increasing the area in attention can re-
sult in a list strength effect even if other factors
had restricted study to a single dimension.

7. Categorisation
7.1. Overview of modelling

This section reports on simulations of a cate-
gorisation experiment using different families of
functions to represent the stimuli. Our aims are
to show CIM can produce results comparable to
conventional numerical modelling on another
important cognitive task, and to explore how using

different families of representations affects
performance.
In teacher-led (supervised) categorisation,

incoming stimuli are provided in a training envi-
ronment in which a category name is associated
with each stimulus, and hence with its internal rep-
resentation. After the training phase, there is a test
phase in which stimuli are presented and subjects
nominate a category without receiving feedback.
Experiments often vary stimuli along a few physi-
cal dimensions such as brightness and size, and at-
tach artificial category labels to disconnected
regions in the stimulus space. The way that sub-
jects categorise stimuli not encountered in training
is potentially revealing of perceptual similarity be-
tween stimuli, and of how different dimensions are
manipulated in the decision process, for example,
with differential weightings.

In a typical categorisation experiment involving
artificial categories, initially no semantic informa-
tion is known, so nothing is attached to the cate-
gory name. The training phase builds up
knowledge of the category. Only the parts of the
probe in attention are memorised, as usual, but
the correct category name is attached to this mem-
ory — that is, the relevant name image is bound to
the memory when feedback as to the true category
was provided. The process of giving a response —
nominating “category A” say — is assumed to have
no effect on working memory. (If there is no feed-
back as to correct category, there is therefore no

opportunity to bind a category name to a stimulus.
The assumption would be modified in detailed
modelling.)

When the test phase commences, memories
are activated in response to the category names.
These memories might be bound to the names in
a phonological component at this time; or a
semantic memory of the category might already
exist. In either case, we assume that in the test
phase each category name image with its accu-
mulated memories forms a layer in working
memory.'® Attention is directed at these layers
and at the probe representing the current test
stimulus according to Egs. (6) and (7). If there
were more categories than layers in working
memory then memory management would be
more complex.

The probability of a response — naming of the
category of a stimulus — is determined by the total
activation of memories in the region correspond-
ing to the category names, compared with the total
activation over all categories.

7.2. The experiments

In a classic paper, Nosofsky (1986) reported
experiments with two participants who engaged
in a very extensive set of identification and cate-
gorisation trials involving visual stimuli. The iden-
tification phase asked participants to assess
similarity of stimuli then used multidimensional
scaling to establish the location of the stimuli in
the participant’s psychological space. The categor-
isation experiments involved many repeat trials
that enabled precise estimates to be made of the
probability of a participant categorising a stimulus
a particular way (and the most probable decision

13 Order effects in testing stimuli have been observed in some
experiments, and could presumably be captured by our model
which has working memory. More detailed modelling in the test
phase might also allow working memory to contain images of
stimuli found to be surprising, in the sense that they were
categorised confidently but the training feedback did not agree
with the response. This potentially useful extension would again
be relatively straightforward to implement in our model,
because of the explicit provision for working memory.
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Fig. 11. (a) Structure of the four two-dimensional stimuli sets. For interpretation, see text. (b) The chance of choosing category label 1

given a stimulus, where the stimulus labelling is as in Nosofsky

(1986). Actual experimental results reported in (Nosofsky, 1986) for

Participant 1 are shown as lines without data points. Averages of 10 simulations using Gaussian modelling with fixed parameter
settings across all structures are shown as lines with data points. The two stimuli for which simulated and experimented category labels
differ are pointed out as arrows (both occur in the Interior-Exterior structure).

for one participant was not necessarily the same as
for the other participant). Distances in psycholog-
ical space were plugged into the GCM of
categorisation.'

14 Nosofsky presented an extended version of GCM that took
into account the effects of test stimuli. For simplicity we do not
consider the effects of memories acquired during testing.

All of Nosofsky’s trials involved two categories,
with stimuli varying in two dimensions. Each stim-
ulus could take one of four possible values on each
of the dimensions. Four category structures were
investigated, called Dimensional, Criss-Cross, Inte-
rior-Exterior, and Diagonal. These are summarised
in Fig. 11(a) as four grids. The 16 positions within
each grid indicate the values that each stimulus
takes on the two dimensions, and the number at
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that position indicates the category named in
training for that stimulus. The absence of a num-
ber means the stimulus is encountered in the test-
ing phase only. Its assignment to a category is
therefore subjective. The stimulus numbers on
the horizontal axes of the plots are as in (Nosof-
sky, 1986) and correspond to increasing values in
dimension / while keeping dimension 2 constant,
then increasing values on dimension 2 (that is,
going from the bottom left to the top right of the
grid tables). The stimuli that had been encountered
in training can be read off from the grid boxes in
Fig. 11(a). For example, for Diagonal these are
the stimuli numbered 3, 4, 6, 8, 9, 11, 13 and 14.
Variability in the perceptual values estimated by
Nosofsky, as well as noise in our modelling, means
that the differences between category averages
are not zero even for a structure such as
Interior-Exterior.

The GCM gave an extremely close match to the
experimental data after fitting just three free
parameters for each categorisation experiment: a
distance scaling on the exponential in the similarity
function (cf. Eq. (9)); a relative weight on the influ-
ence of the two dimensions; and a relative modu-
lating weight on each category’s activation. The
CIM simulation does not try to improve on this
match, rather our aim is to illustrate how the spa-
tial representation and the process model devel-
oped in Section 4 can be applied to the key task
of categorisation.

7.3. CIM simulations

In the simulations reported below, a stimulus
was represented by a notional subimage represent-
ing the label, and the actual simulated image rep-
resenting the perceived dimensional values for
Nosofsky’s Participant 1. Dimensions were as-
signed disjoint subsets, simulating independent
dimensions. Two sets of simulations were per-
formed using representations from Gaussian and
erfc families, respectively. A third set was based
on representations from a family of functions in
which a perceived dimensional value y was repre-
sented by a patch of 400 pixels with intensities
drawn at random from a uniform distribution with
mean y. Examples of representations of the small-
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Fig. 12. (a) Simulated probes for smallest and largest pairs of
dimensional values. Left, Gaussian modelling; right, random
patch modelling. (b) 24 memories of stimuli from training
phase, erfc modelling.

est and largest dimensional pairs are shown in Fig.
12(a) for random patch modelling as well as for
Gaussian modelling.

All training phase probes were assumed to enter
a working memory of four layers + probe, with a
decay constant of 0.7. The cut-off on attention
was set low (0.2 for Gaussian simulations, 0.3 for
erfc simulations, 0 for random patchls), corre-
sponding to a long study time. Otherwise,

15 CIM modelling selects points at which the total attention is

above the cut-off (Eq. (4)). This makes sense when input
intensity relates to probability, but not when it relates to value.
Not surprisingly, much better results are obtained with random
patch representations when attention cut-off is set to 0 (all
pixels in each patch are used), and the parameter ¢ in the
similarity function (Eq. (9)) is varied. These results are
presented here.
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parameters were set as in the memory simulations
reported in Section 6.

32 training examples were presented in each
simulation run, selected randomly without replace-
ment from a set of four copies of each of the eight
training stimuli. Examples of memories generated
from this phase using erfc modelling of stimuli
are shown in Fig. 12(b).

Each of the 16 stimuli was presented in turn,
and the total activation of each of the category
names over each of the active layers of working
memory was computed. From this, the probability
that category 1 would be selected in response to a
given stimulus was derived.

The average of this probability over 10 simula-
tions using Gaussian modelling is reported in Fig.
11(b) against the experimentally observed proba-
bilities reported by Nosofsky for Participant 1.
Our results were obtained by varying only one
parameter — the attention cut-off — which was then
fixed between experimental conditions. The exper-
imental data were fitted better by Nosofsky using

Interior-Exterior

conventional modelling and varying three parame-
ters. Nevertheless, the simulations are plausible
explanations of the experimental results given
there was no attempt to tune parameters. The
two cases out of the 52 for which the simulated
probability is less than 0.5 and the experimental
probability is greater than 0.5 (or vice versa) are
pointed out as arrows in the Interior-Exterior
structure plot.

Erfc modelling in stimulus representation
gave similar results, with again two cases of
incorrect categorisation, both occurring with
the Interior-Exterior structure (see Fig. 13). In
contrast, the best trial fit obtained on varying
the similarity weight for random patch model-
ling gave five incorrect classifications. More-
over, the weighting ¢ that we found gave the
best fit for this structure did not fit as well
on other structures, especially the Diagonal
shown in Fig. 13.

In conventional one parameter exemplar-based
modelling, an observation with pair of attributes
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Fig. 13. For Interior-Exterior and Diagonal structures, actual results for Participant 1 (Nosofsky, 1986) compared with average of 10
simulations using erfc and random patch modelling. The average of 10 simulations using exemplar based numerical modelling with one
free parameter is the plot labelled “uniform”. Parameters in simulations were fixed at approximate best fit for Interior-Exterior
structure except for the numerical modelling. For Interior-Exterior, experimental and simulated categorisations differ on two stimuli
with erfc modelling (stimuli 2 and 15) and numerical modelling (stimuli 8 and 9) and on five stimuli with random modelling (stimuli 8,

12, 14, 15 and 16).
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(x,y) is classified as category 1 if and only if
ZjeCl exp(—c(Jx —x;| + [y _yj|) = ZjeCZ exp(—c
(|x = x;| + [y = y;|), where Ci is the set of exem-
plars (x;,);) in category i. We ran simulations using
this model (equivalent in our modelling to using
functions that are constant over the entire area
of a dimension, and setting attention cut-off to
zero). Results are shown in Fig. 13; for these, ¢
was varied between simulations to give approxi-
mate best fit. There are again two misclassifica-
tions for Interior-Exterior.

The sum of squared errors over the 10 runs for
erfc, random patch and numerical modelling was
0.23, 1.81 and 0.13, respectively, for Diagonal
and 0.45, 0.82 and 0.55, respectively, for Interior-
Exterior. So the results of CIM modelling with
erfc, that is, with a generalised form of accumula-
tor coding, appear comparable to conventional
numerical modelling when the same number of
parameters are involved.

8. Discussion

The research reported here is an initial explora-
tion of a model of cognition, CIM, in which con-
cepts are represented as continuous functions on
a patch (that is, on a connected subset of the real
plane). Our opening argument was that the model
was positioned to use concept representations
based on high resolution neuroimages collected
from subjects when they thought about concepts,
and these neuroimages would reflect physiological
fields. We accepted that current images of the
brain, of any modality, were too noisy and too
low resolution and too little understood for this
purpose. We nevertheless saw the modelling as
being biological, despite its limitations, in the same
way that connectionist models are described as
biological despite the crudeness of computational
neurons (Norman, 2003).

Models of cognition must specify both the rep-
resentation and the process model, and the central
role that similarity of representations plays in CIM
processing ties the two together. Nevertheless, the
contributions of the CIM representational form
and its process model need to be considered sepa-
rately. We admit to being more committed to the

former than to the details of the latter. Whatever
the final form of the process model, it should iden-
tify working memory and have explicit mecha-
nisms for setting attention.

The process model in CIM is based around the
presentation of probes into a working memory
that could hold remnants of previous probes.
Probes derive from sensory sources, or from the
contents of working memory. Attention is directed
to areas of a probe that are different to the average
contents of working memory. The parts of a probe
that are memorised depend on attention and on
study time available. So only fragments of a probe
are memorised, as illustrated in Figs. 5 and 8, and
the spatial extent of the fragments depends on time
before interruption.

The memorised fragments of a stimulus can be
interpreted as the record of its distinctive features.
The nature of features was only briefly discussed in
this paper. However, the new perspective on fea-
tures that is opened up by the use of continuous
spatial representations is one of the most interest-
ing aspects of the new model. The word list simu-
lations showed how mapping from a vector of 20
real numbers to an image composed additively
from 20 subimages defined by the numbers does
not necessarily mean that there will be 20 features.
Rather, overlap of domains of definition cause
interaction effects that may create distinctive
regions, viz. features.

The ability to represent interaction of dimen-
sions is an important contribution of the continu-
ous spatial representation. In psychology,
dimensional interaction has tended to be discussed
in terms of integral dimensions, with the example
of colour perception playing a leading role. The
nature of the interaction is generally captured only
in the order of Minkowski metric which is fitted to
experimental data (e.g., Shepard, 1966). The
assumption that stimuli lie in Minkowski spaces,
or indeed in a finite dimensional space, is criticised
by Townsend & Spencer-Smith (2003). Spatial rep-
resentations provide a visualisation of interaction
effects in infinite dimensional spaces. By looking
at effects that come from biologically plausible im-
age structures, there is the potential to better
understand even such a well-studied domain as
colour.
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A related aspect is dimensional restructuring
and reorganisation. Schyns, Goldstone, & Thibaut
(1998) argue that humans do not come equipped
with a predefined set of features from which all fu-
ture concepts are constructed, but rather, existing
features are refined, existing features are combined
in new ways, and entirely new features are created.
Describing such restructuring of a conceptual
space is cumbersome in conventional vector for-
mats. The temporal evolution of dimensions has
to be carried in an ancillary representation to al-
low memories recorded under one set of dimen-
sions to be compared with memories or probes
specified as vectors after a dimensional restructur-
ing. Spatial representation in contrast provides a
natural setting for changes because the set X on
which all memories and probes is defined is stable.

An obvious disadvantage of spatial representa-
tions over numerical representations at this stage is
the number of ad hoc decisions on the form of the
images needed to simulate any cognitive task. This
is related to their lack of parsimony.

CIM was presented in terms of continuous real
valued functions rather than the finite approxima-
tions that are used in computer implementations
of the theory. This is analogous to length, say,
being represented on a continuous scale even
though any measurement of length will be to a fi-
nite resolution. Magnitudes and probabilities of
magnitudes are key concepts in representation that
are naturally set in continuums rather than in dis-
crete spaces because, while a finite model suffices
for any particular example, no one finite model
suffices for all examples.

The applications reported in this paper were se-
lected to make the CIM model and its spatial rep-
resentations more concrete to the reader, rather
than seeking to demonstrate superior performance
over other models. Two well-known experimental
simulations that had employed vector representa-
tions were re-created using images as representa-
tions. The simulation of recognition memory in
word list experiments closely followed assump-
tions made in implementing REM. Instead of the
20-dimensional vectors used as simulated words
by Shiffrin & Steyvers (1997) we used images com-
posed additively of between 15 and 20 randomly
located circular Gaussians. The images used to

represent perceived stimuli in Nosofsky’s categori-
sation experiments were rudimentary, consisting of
two non-intersecting subimages carrying informa-
tion about values on the two experimental dimen-
sions. We investigated representing magnitudes
using circular Gaussians, complementary erf func-
tions, and unstructured samples defined on grid
approximations to the real plane.

Parameters in the simulations were not tuned to
improve performance. This was because translat-
ing numerical vectors into images is really at cross
purposes to the argument of this paper that spatial
representations are a useful and biologically plau-
sible alternative to representation using numbers.
Nevertheless, the re-created simulations serve to
demonstrate that the spatial representations and
associated process model can explain cognitive
experimental results, and are comparable with
conventional modelling.

In addition to demonstrating the model, the
simulations yielded an example of how CIM could
explain an experimentally observed phenomenon,
namely list strength effects, not explicable in the
same way when feature values are modelled as
numbers. This was because the explanation was
due to memorising incomplete parts of feature
values.

Further research into biologically inspired im-
age representations of stimuli is obviously needed.
Simulation is also needed of many more experi-
ments, such as free and cued recall in memorisa-
tion experiments, or memory manipulation tasks.

The definition of working memory and the
associated algorithm used for attention setting
are not predicated on spatial or continuous repre-
sentations. Our process model is inadequate as a
general purpose cognitive system. For example, it
was indicated that prototypes would be formed
in some secondary phonological processing com-
ponent but this was not described. The nature
and interaction of multiple processing units needs
to be investigated. The hard limit on the number
of layers in working memory could be replaced
by a soft limit, where a new layer created with each
new probe is assumed to have a finite life, during
which its total energy or activation subsides to
zero. The practical importance of the size of work-
ing memory also needs to be examined, with its
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effects on attention. Whether attention should de-
cay gracefully, and whether circumstances exist in
which it is rapidly cancelled, are amongst many
modelling decisions that could be informed by bio-
logical parallels.

The operation of the CIM model on categorisa-
tion and recognition was roughly translated to the
operation of a three layer neural net (Fig. 3), as an
attempt to help readers understand it in terms of a
familiar framework. This translation runs the
danger of obscuring the important and novel char-
acteristics of our modelling. For a start, the trans-
lation did away with working memory. Assigning
a node for each memory may hide the fact that
images are distributed representations of informa-
tion, just as much as a representation learned by a
neural net is distributed. In particular, fragments
of a probe can be used for retrieval, and fragments
can be combined. Our modelling should rather be
seen as sitting above neural modelling, as the
images are simulated records of the coherent activ-
ity of large numbers of neurons.

Learning in our model is accomplished simply
by adding new memories. But what does it mean
to add a memory? Memory is a pattern of activa-
tion that is in some sense recognisable as a unit.
The conjunctive neurons described in Damasio’s
(1989) convergence zone theory are a mechanism
for binding elements according to Simmons &
Barsalou (2003). Such neurons bind states of fea-
ture maps, allowing associative mappings within
modalities. Another set of conjunctive neurons
bind across modalities. A conjunctive neuron,
either intra- or cross-modality, could act as an in-
dex to an activation pattern. This would suffice to
add that pattern as a memory to a store, although
the actual mechanisms will undoubtedly prove
more complex. In fact, Simmons & Barsalou
(2003) extend Damasio’s convergence zone theory
with a so-called similarity-in-topography principle,
which relates spatial proximity of conjunctive neu-
rons to the similarity of the feature maps bound by
the conjunctive neurons.

Eq. (15) set the stage for composition or bind-
ing with the internal generation of a probe, but this
was not investigated. Prototypes in our simula-
tions were generated from activated memories at
the time they were required, and the index part

of images was not explicitly simulated. Composi-
tion is the mechanism needed to create prototypes
from exemplars, and to bind names or indices to
them. It is a mechanism for extending semantic
memories when new information about a concept
is acquired. It is how the system combines con-
cepts and is key to reflection and problem solving.
An outstanding question is: under what circum-
stances would internal generation of a probe take
precedence over an external interrupt? Binding/
composition would obviously be sensitive to the
number of layers in working memory, so this too
needs investigation.

To go further with promoting CIM as a biolog-
ical model, the set X on which the images are
defined has to be described in terms of modality-
specific areas of cortex. This will bring into ques-
tion the assumption of a two dimensional patch:
more general two-dimensional surfaces, or even
three dimensional surfaces may be necessary.
Greatly simplified cortical atlases should still be
useful for predicting and explaining human cogni-
tion, just as connectionist models are useful despite
being simplified.

Continuous spatial representations accompa-
nied by a plausible process model have the po-
tential to resolve many of the conundrums that
have been arguably artificially raised by model-
ling psychological spaces inappropriately with
vector representations. On the other hand, the
choice of families of functions to use in model-
ling is ad hoc. There are a wealth of questions
to be addressed in subsequent research, the an-
swers to which will modify the model put for-
ward here. However, the biological rationale
for using continuous spatial functions of activity
to represent information in cognition models will
remain.
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