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In this review of the human memory literature, we focus on those areas criti-
cal to human operator modeling and on the computational techniques from the
memory modeling and machine learning literatures that are relevant to simu-
lating human behavior in this area. We outline the areas of short term memory,
semantic memory, episodic memory, prospective memory and categorization.
In addition, we review models that span these areas and memory phenomena
which have yet to attract modelling efforts but which are likely to be important
in operator modelling. Finally, we outline our recommendations as to which
areas will need specific attention in order to build robust models of human
operators.

The human memory literature is one of the most
extensive in cognitive psychology. There have
been a number of recent reviews of this literature
(Nairne, 2002; Healy & McNamara, 1996; Bower,
2000; Raaijmakers & Shiffrin, 2002; Neath & Sur-
prenant, 2003), however, any summary must nec-
essarily omit a great deal. In this review, we fo-
cus on those areas critical to human operator mod-
eling and on the computational techniques from
the memory modeling and machine learning litera-
tures that are relevant to simulating human behav-
ior in this domain. Our starting point is the review
of the human modeling literature conducted by
Pew and Mavor (1998). This report was the work
of the Panel on Modeling Human Behavior and
Command Decision Making: Representations for
Military Simulations. The panel was established
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by the National Research Council (NRC) in 1996
to review the state of the art in human behavior rep-
resentation as applied to military simulations and
the report contains a chapter devoted to memory
and learning. Pew and Mavor (1998) argue that
memory can be broken down into three broad cat-
egories: (1) episodic, generic, and implicit mem-
ory; (2) short-term and working memory; and (3)
long-term memory and retrieval. While we con-
cur that these categories cover the breadth of work
that might be relevant and we have used this re-
view to ensure that we have covered critical areas,
we felt that the division used in Pew and Mavor
(1998) was somewhat idiosyncratic. In particular,
the first and third categories seem to overlap sig-
nificantly. Instead, we have divided the area of
memory into short term memory, semantic mem-
ory, episodic memory and prospective memory. In
addition, we have included a section on categoriza-
tion, which is very closely related and is clearly
relevant to the performance of human operators.
In each of these sections, we have highlighted the
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range of psychological models that have been pro-
posed, outlined briefly the mechanics of the most
successful models, discussed the associated data in
order to assess psychological plausibility and then
discussed the relevance of the model for operator
simulation. Finally, we discuss future directions -
the areas in which we believe effort will need to be
focused in order to build robust and reliable models
of human performance.

Short Term Memory

Memory for serial order is clearly critical in
understanding and modelling human operators.
Many tasks require serial order information to be
retained and error can often be attributed to break-
down in short term memory performance. The area
of short term memory and, in particular, serial re-
call has engendered a great deal of debate and led
to the creation of a number of simple, yet power-
ful computational models. Current accounts can be
divided into chaining models, ordinal models and
positional models. Before examining these models
in detail however, we will overview the key data
for which these models should account.

Effects/Paradigms of Serial Order Mem-
ory

The typical form of a serial learning experiment
involves presenting a list of items one at a time,
and then recalling that list immediately. This is
called the immediate serial recall task. Two major
variations of the immediate serial recall task are
anticipation tasks and probing tasks. The anticipa-
tion task is similar to the typical form in that each
item in the list is presented one at a time. However,
recall is different as an item is shown first and the
task is to anticipate the next item by recalling it be-
fore it too is shown. The next item is then shown,
whether recall was correct or not. In probing tasks
particpants are given a position cue and asked to
recall the item that appeared in the position.

Serial learning curves: Figure 1 illustrates the
main features of serial learning items at the start
of the list have the highest probability of recall
(the primacy effect), this dips markedly through re-
call of the middle items, before increasing again at

Figure 1. Anticipation task data for serial learning -
from Lewandowsky and Murdock (1989).

the end of the list (recency effect). Note that the
recency effect is more pronounced in immediate
serial tasks than in anticipation tasks shown here.
The primacy effect is linked with covert/subvocal
rehearsal and vanishes when the opportunity for re-
hearsal is removed (such as with articulatory sup-
pression experiments).

Hebb effect: Unsurprisingly, learning takes
place over many trials (see Figure 1: trial 1, 5 and
9). Items in the middle positions of a list also show
comparatively greater improvement in recall then
the start and the end of the list over many trials.
Collectively these are known as the Hebb effect
(Hebb, 1961).

Partial report effects: In experiments employ-
ing the probing paradigm results are still u-shaped,
but show stronger recency than primacy (Murdock,
1968).

Delayed recall effects and proactive interfer-
ence: Delayed recall effects are shown by inserting
delay times/tasks between presentation of a list and
its recall (the time between the end of list presenta-
tion and the beginning of recall is called the reten-
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tion interval). Counting backwards is an example
of a distractor task. Recall performance declines
as retention interval increases. Conversely, if the
retention interval is held constant across many tri-
als, recall deteriorates due to the build-up of proac-
tive interference from prior lists (Keppel & Under-
wood, 1962).

Errors patterns : Errors in recalling items in
lists are not random, but rather adhere to certain
patterns. Transpositions are common, where the
order of consecutive items has been erroneously
switched during recall. It is found that if an item
is recalled in the wrong position, than it is more
likely that it will be recalled in a position near its
original position then in a position more distant.
Inter-list intrusions occur when an item from an-
other list intrudes in the recall of the current list,
often in the same position (Estes, 1991).

Lag-recency effect: Another effect observed is
that when an item is recalled correctly, the next
item recalled tends to come from a nearby posi-
tion (Kahana, 1996). This is referred to as the
lag-recency effect. This effect has a characteris-
tic shape (see Figure 2). Given that the current
item was recalled correctly, it is most likely that
the next item recalled will be the item that fol-
lows the current item (which has a lag of one).
More remote items (which have larger lags) have
a smaller chance of being recalled next. The figure
also shows that the lag-recency effect is asymmet-
ric recalling items in the forward direction is more
likely than in the backward direction.

Phonological similarity effect: The phonologi-
cal similarity effect is observed when performance
for recalling items that sound similar is worse than
recalling items that don’t sound similar (Baddeley
& Hitch, 1974).

Word-length effect: The word-length effect is
an effect where lists of short words (in terms of du-
ration to speak them) are easier to recall than lists
of long words (Baddeley, Thomson, & Buchanan,
1975). The faster the articulation rate, the better
the recall performance. However, when articula-
tory suppression tasks are employed, recall per-
formance suffers and the word-length effect disap-
pears (Baddeley & Wilson, 1984).

Many models have been theorised to account for
memory for serial order. Outlined next are the

Figure 2. Free recall task data for lag-recency effect.
Reproduced from Kahana (1996).

three main models types - chaining models, ordinal
models, and positional models. These models all
have strengths and weaknesses in accounting for
the serial memory effects just described.

Chaining Models

Chaining models share the common feature that
during learning, each item in a list is associated
with the next item (like a link of chains). Therefore
each element is the cue for recalling the next ele-
ment in the list. The simplest chaining models as-
sociate only adjacent items, creating pair-wise as-
sociations. A series of these associations stores the
serial order information. More complicated mod-
els allow for associations to form between non-
adjacent items so that there may be multiple cues
for the recall of the next item in a list.

Lewandowsky and Murdock’s (1989) model is
an extension of the Theory of Distributed Associa-
tive Memory (Murdock, 1983). Murdock’s Theory
of Distributed Associative Memory (TODAM) is
a distributed memory model system where all in-
formation (whether that be item information or as-
sociations between items) is stored in a common
pool. Associations are represented by the con-
volution operation and retrieval is achieved using
the correlation operation. Lewandowsky and Mur-
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dock’s model extends TODAM to account for se-
rial recall.

Simple chaining models find it difficult to ac-
count for how items are retrieved if an item is re-
called incorrectly as the chain has now been bro-
ken. Lewandowsky and Murdock’s extension to
TODAM circumvents this by assuming that an ap-
proximation of the preceding item is always avail-
able as a cue. That is, a previous item is used as
a cue only if it is retrieved with clarity. Otherwise
the approximation of the item that was retrieved
from memory is used.

Chaining models have the property that retrieval
of items in the middle of a list is dependent in some
way on determining the items preceding it. This is
also a property of next class of memory models for
serial order called Ordinal models.

Ordinal Models

Ordinal models don’t rely on the creation of as-
sociations between items (like previous chaining
models do). Instead, order is stored in terms of the
relative activation levels of each item in the list.
Thus each node item in memory has an activation
strength. The rank order of these strengths repre-
sents the list ordering. This activation pattern is
called the primacy gradient.

With the Primacy model (Page & Norris, 1998),
as each item is presented at study, an item node
is activated to a certain degree to store the item
in memory. This level of activation decreases lin-
early as more items are presented for learning, cre-
ating a primacy gradient. During recall, the item
with the largest activation level is selected and then
subsequently suppressed so it is not recalled again.
This process repeats until all list items have been
recalled. Activations are also subject to exponen-
tial time-based decay. This mechanism is needed
to accommodate the common finding that errors in
recall increase with list length.

Noise (which is modelled only in the recall pro-
cess and not the learning process for simplicity
sake) is introduced in the model to explain the
common features in errors in serial learning such
as transposition errors. The model accounts for the
word-length effect (where short word lists are eas-
ier to recall then long word lists) by suggesting that

subvocal rehearsal is simply a re-presentation of
the list, returning items to their original strengths.
Therefore, the strength of the primacy gradient is
based on the last re-presentation of the list (i.e.
the last time subvocal rehearsal occurred), and not
based from the time the first item in the list was
presented (at the start). Subvocal rehearsal con-
tinues in this manner until the list length is too
large for subvocal rehearsal to occur in the time
between item presentations. This is how the model
accounts for the word-length effect as lists with
shorter words have more opportunities to be re-
hearsed during subvocal rehearsal. This also ex-
plains the effects of list length on recall as shorter
lists (lists with few words) have more opportunity
for subvocal rehearsal than long lists and are there-
fore easier to learn.

Transpositions and repetition errors are handled
without complication, but the Primacy model loses
its elegance when accounting for the phonologi-
cal similarity effect (where phonologically similar
lists are recalled worse then lists that do not have
similar sounding words). To deal with this result,
the primacy model adopts a 2-stage mechanism,
adding a confusion stage’ to the model. This sec-
ond stage incorporates the chance that phonolog-
ically similar items will be confused. This alter-
ation models real world data well, but at the ex-
pense of model simplicity. The Primacy model
also has problems dealing with positional intru-
sions (where items from previous leaned lists in-
trude in the same positions in the recall of a cur-
rent list). Positional models (outlined next) ac-
count easily for these sorts of errors.

Like Chaining models, Ordinal models are de-
pendent to a degree on determining the items at the
start of a list before retrieving the middle items.
Positional models are generally not restricted in
this way, and can access middle items directly by
reinstating the positional cue.

Positional models

In positional models, each item is associated
with a unique positional cue. Bin approach mod-
els where items are put into position bins or slots
have been replaced in the main by models that as-
sociate each item with a context. Models that use
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contexts include the Oscillator-based Associative
Recall Model or OSCAR model (G. D. A. Brown,
Preece, & Hulme, 2000), the connectionist model
of the phonological loop (Hitch, Burgess, Towse,
& Culpin, 1996), the Start-End model (Henson,
1998), the temporal context model (Howard & Ka-
hana, 2002), and the neuropsychological motivated
approach (Davelaar, Goshen-Gottstein, Ashkenazi,
& Haarmann, 2005). The production system
model based on Adaptive Control of Thought-
Rational theory (Anderson & Matessa, 1997) is
also a Positional model but it does’t use contexts.
It is more akin to a slot model with a hierarchical
component.

With the Oscillator-based Associative Recall
model (G. D. A. Brown et al., 2000) each list item
is associated with a learning-context signal that is
in a constant state of change. When a list is pre-
sented, an association is learned between an item
and a particular learning context signal (whatever
it happens to be at the time). The context signal is
a combination of a series of oscillators that range
from slow to fast. As the context signal changes
during list presentation, each item in the list is as-
sociated with a unique learning context vector.

Recall of an individual item involves reinstat-
ing the learning context vector to the state it was
in for that item. Here the model assumes that the
learning context vector has intrinsic properties that
allow it to be constructed by knowing simply the
initial state (such as the first item in the list). Thus
the entire list can be recalled by extrapolating from
this initial state.

The model copes well with accounting for a host
of serial order effects, especially item and order
memory differences and list length effects. How-
ever, it is beyond the scope of the model to account
for active rehearsal effects during list presentation.

The connectionist model of the phonological
loop (Hitch et al., 1996) also invokes the use of
a context signal timing in a similar fashion to the
oscillator model just described. This context layer
(composed of a set of nodes) is also associated
with each representation of an item in memory.
The difference here is that the context signal is
modelled as a moving window’ such that each con-
text node is activated for only a short amount of
time and that adjacent nodes are also partially acti-

vated. When recalling, the context representations
are reconstructed in order with each context node
used to refer back to an item in the item layer.
After a context node is used to cue an item, it is
given an inhibitory decay to avoid it being recalled
again. Like OSCAR, this model also proposes that
the context signal is generated by a set of temporal
oscillators.

This model reproduces the classic u-shaped se-
rial position curve. It explains error in recall as
occuring as a consequence of either decay of the
associations between an item and its context node,
or noise’ interfering with the activation of an item
node. Errors due to association decay provide ex-
planations for the word-length effect. However,
the model has been criticised for its use of decay
between context and item nodes to explain word
length effects as it does not take into account the
contribution of rehearsal effects.

The Start-End Model (Henson, 1998) is simi-
lar to the connectionist model of the phonologi-
cal loop, except that the Start-End model codes the
position of list items relative to the start and end
points of the list. The start point (or marker) is
strongest at the start of the list, diminishing as it
progresses to the end of the list. Conversely, the
end marker is weakest at the start of the list, gain-
ing maximum strength at the end of the list. The
question arises as to how early items can be coded
relative to the end marker when the end of the list
hasn’t even been presented yet. The model pro-
vides the explanation that the strength of the end
marker corresponds to the degree of expectation
for the end of the list.

The model proposes that when an item is pre-
sented for learning, a token is created in short term
memory that gives an item a particular localised
context. Each token can be seen as a code defin-
ing position relative to the start and end markers.
Token ordering occurs during recall. To cue a par-
ticular list position, the model reinstates the code
of that position and compares in parallel all the to-
kens against this code for matches. Items similar
to the code compete for output. Once an item has
been outputted, it is inhibited to prevent repetition
errors.

The Start-End model can reproduce many se-
rial order effects such as serial position curves,
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list length effects, and errors (transpositions, rep-
etitions and omissions). It can also handle proac-
tive interference and be extended to explain artic-
ulatory suppression tasks. As mentioned above,
the greatest weakness of this model is that the end
marker is used to code early list items even though
the end of the list hasn’t yet been seen. The ex-
planation that the degree of expectation for the end
of the list (i.e. the expected end of list length) is
suitable only for controlled experiments where the
list length is known or easily deduced. However,
this cannot be assumed for many situations.

A production system theory of Serial Memory
(Anderson & Matessa, 1997) does not make use
of contexts but is still a positional model. This
model is based on Adaptive Control of Thought-
Rational (ACT-R) theory (Anderson, 1993). This
model makes certain assumptions about serial lists
- mainly that a list is organised in a sequence of
groups and that each group is comprised of a se-
ries of items. As an example, consider a telephone
number (made up of nine digits). This model as-
sumes that the list is subdivided into groups (say
three groups with three items each). At presenta-
tion of the telephone number, each digit is encoded
in memory as an element with a value and also
as having a position in the higher order structure
(here the first digit would be item one in the first
group, and the fifth digit would be item two in the
second group). Thus each item is indexed by its
position rather than items being linked by associa-
tions (such as in chaining models or context based
positional models).

This approach models memory for serial order
effects such as the word-length effect, the decline
in recall with increasing list length, and errors such
as transpositions, and most of the effects in free
recall tasks (such as the primacy effect). However,
the model consistently underestimates the signifi-
cance of recency effects in free recall tasks. This
model also does not attempt to model the effects of
rehearsal during list presentation.

The Temporal Context model (Howard & Ka-
hana, 2002) is a model based on context drift (an-
other positional model that associates context with
items). In this case the context (which is a set of bi-
nary elements) changes constantly in what is called
contextual drift. Unlike other contextual drift pro-

posals (Mensink & Raaijmakers, 1988), in TCM
each new context is constructed by using the cur-
rent item as a retreival cue and incorporating the
context vector that is retrieved into the current con-
text representation. The retrieval process for TCM
involves re-invoking the context to the state it was
when the item was studied. This is the cue for item
access. This retrieved context state is then used for
subsequent recalls (as it has more elements in com-
mon with other context states about this recalled
state).

Each element in the context vector is associ-
ated with a particular strength to each element in
the item vector (by way of a matrix of association
strengths). It is assumed that this matrix is reset
at the beginning of the learning of each new list.
Thus a context node is used as a cue to retrieve an
item node. Another matrix allows cueing in the
opposite direction. That is, presentation of an item
allows that item node to retrieve the prior state of
context at the time that item was previously pre-
sented. TCM provides explanations of recency ef-
fects and the lag-recency effect (where if an item
is recalled correctly, the next item recalled tens to
come from a nearby position) across time scales.

Another model was developed in response to the
other models not being able to account simultane-
ously for the recency effect found in free recall
trials and long-term recency effects found when
distractor tasks were inserted between each item
presentation (the continuous distractor task). The
Neuropsychological motivated approach (Dave-
laar et al., 2005) is a combination of a context-
retrieval component of a short-term store that func-
tions via activation levels. In effect, this mixed
model is a combination of a positional model (an
episodic contextual system) and an ordinal model
(an activation-based short term buffer that has a
limited capacity).

As with other context based models, the context
(vector) is associated with each item that is pre-
sented and changes during the presentation of lists.
This also means that items nearby in position also
have similar contexts. During learning, each item
is stored in the short term buffer at a certain acti-
vation level and is also associated with a weight’.
These weights (conceptualised as a weight based
matrix) connect items in the buffer with context
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units and depict the strength between these two
connections.

The first step in retrieval in a free recall task is
the unloading of the active buffer (items currently
in the short term buffer). If there are more than one
then the weights’ are used to determine which item
has the strongest connection to the current context.
This then determines output order. Items that have
been selected still compete for selection again. If
they are selected again though, they don’t produce
an output. The context vector then changes (based
on a simple random walk algorithm) and items as-
sociated with this new context compete for selec-
tion. This process continues until all items have
been retrieved.

This approach models serial position functions
in both immediate free recall tasks and continuous-
distractor tasks. It also handles lag-recency ef-
fects and the dissociations between immediate free
recall task patterns and continuous-distractor task
patterns. However, this model predicts long-term
recency effects lower in magnitude then what is
found empirically.

Operator Modelling

Typically, when modeling short term memory
for operator simulation, emphasis is placed on ca-
pacity restrictions. An assumption is made that
performance will be compromized if too much in-
formation must be integrated at once. While this
is a valuable component to include, as outlined
above, the short term memory literature is exten-
sive. There are many effects that are likely to be
playing a role in operator performance, such as
proactive interference effects and similarity effects
that typically are not incorporated in current simul-
tions. Furthermore, there are many models that
could potentially be employed. Recent work has
tended to focus on the general class of positional
models, but these models come in many forms and
no one model has been demonstrated to be clearly
superior over the entire set of short term memory
pheomena. Further comparative work, will be nec-
essary before a clear choice will emerge.

In the next section, we shift the discussion from
the short term to the much longer term as we con-
sider the area of semantic memory.

Semantic Memory

The area of semantics and semantic memory is
central to cognitive science and the construction of
faithful models of human operators. In any situa-
tion in which an operator must deal with a stream
of information the way in which they interpret and
organize that information will to a large extent de-
termine their performance.

While semantics can be used in a general way
to refer to the construction of any kind of mean-
ing, the study of semantics has tended to focus on
language1. In this section, we will start by out-
lining the three main views of semantics that have
arisen in the philosophical and linguistics litera-
tures, namely truth conditional semantics (Frege,
1879), conceptual semantics (Jackendoff, 1992)
and cognitive grammar (Lakoff, 1987; Langacker,
1987). Conceptual semantics and cognitive gram-
mar make a key distinction between lexical seman-
tics (the meanings of words) and compositional
semantics (the meaning of sentences/utterances).
This distinction is mirrored in the psychological
literature. Early work on semantic memory fo-
cused on the meaning of words evolving from
the hierarchical model (M. Collins & Quillian,
1969), through spreading activation models (A.
Collins & Loftus, 1975) to feature based models
(E. E. Smith, Shoben, & Rips, 1974), while mod-
els such as ACT (Anderson, 1983, 1993; Ander-
son & Lebiere, 1998) and Construction Integra-
tion theory (Kintsch, 1998) have emphasized the
need for propositional representations to capture
the meaning of sentences. In this section, we will
focus on more recent techniques that allow both
lexical semantics and compositional semantics to
be extracted using large text corpora (Landauer &
Dumais, 1997; Dennis, 2005).

1 Although, in recent work, (Quesada, Kintsch, &
Gomez, 2003b, 2003a) have applied language based
models such as Latent Semantic Analysis to series of
operator actions as provided in simulation contexts. We
believe this work has the potential to transform the way
in which operator models are constructed and deserves
close attention.
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Perspectives on Semantics

There are three main approaches to semantics
that have arisen in the philosophical and linguis-
tics literatures. The oldest and probably the most
broadly understood perspective is truth conditional
semantics, which was developed primarily in the
philosophical literature. Truth Conditional Seman-
tics focuses on the meaning of expressions and
builds on the distinction between the referent of an
expression and the sense of an expression (Frege,
1879). The reference is the thing that the expres-
sion refers to at this particular time in this particu-
lar place, whereas the sense of an expression refers
to the meaning of the expression across circum-
stances. So, the expression “the prime minister of
Australia” currently refers to John Howard. John
Howard is the reference of the expression. Presum-
ably in twenty years time, he will no longer be the
prime minister of Australia, so the reference will
have changed, but the expression will still mean
the same thing, that is, the sense will be the same.
According to truth conditional semantics then the
meaning of an expression is the set of references it
could refer to in all possible worlds. Defining se-
mantics in this way makes meaning a relationship
between expressions and the world.

By contrast, conceptual semantics (Jackendoff
1992) takes meaning to be a relationship between
language symbols and mental concepts (see fig-
ure 3. The meanings of concepts are assumed to
be defined by features, some of which are seman-
tic primitives that are provided by our innate en-
dowment. In addition, images of objects and our
knowledge of how to perform actions plays a role
in defining concepts.

To capture the way in which conceptual struc-
tures are formed Jackendoff (1992) refers to dif-
ferent types of information including conceptual
formation rules that map sets of concepts to sim-
pler equivalent concepts, inference rules that map
between sets of concepts and the other concepts
that are logically implied and correspondence rules
that describe how syntactic structures are mapped
to conceptual structures.

Finally, cognitive grammar (Lakoff 1987, Lan-
gacker 1987), like conceptual semantics, argues
that meaning is a relationship between language

Figure 3. A schematic of Conceptual Semantics
(Taken from Whitney 1998).

symbols and mental concepts. However, cogni-
tive grammar argues that the conceptual structure
or idealized cognitive model (ICM, Lakoff 1987) is
primary in the definition of both lexical and com-
positional semantics. ICMs are thought to be com-
posed of basic level categories (e.g. chair, dog)and
image schemas (e.g. container, path, part-whole).
Understanding a sentence, then, is the process of
composing a set of models into a coherent whole.

While the perspectives outlined above have
formed the framework for how semantics has been
conceived they are not computational in nature and
cannot be employed in any straightforward manner
in the construction of models of human operators.
In particular, even cognitive grammar which as-
sumes that knowledge is learned as opposed to be-
ing innate, does not specify the nature of the learn-
ing mechanisms in a way that could be instantiated
as a computer program. However, these theories
do make distinctions that are important in under-
standing what learning algorithms must achieve.
In particular, both conceptual semantics and cogni-
tive grammar make a key distinction between lexi-
cal semantics and compositional semantics, which
we will use to structure the remainder of this sec-
tion.
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Lexical Semantics

Early psychological work on lexical semantics
focused on how conceptual knowledge is struc-
tured informed to a large extent by data on the
speed with which simple statements such as ”A
robin a bird.” could be verified (M. Collins & Quil-
lian, 1969). While this work was useful in eluci-
dating some of the general principles of semantic
memory, from an applied perspective it was lim-
ited as it provided no mechanism by which the rep-
resentations of large numbers of words could be
induced. Consequently, demonstrations were re-
stricted to hand-crafted toy examples in laboratory
settings. More recently, however, interest in lexical
semantics has shifted to mechanisms for acquiring
word meaning from text corpora.

Interest in creating mechanisms for learning lex-
ical semantics from text were ignited by provoca-
tive demonstrations of the Latent Semantic Analy-
sis model (LSA, Landauer & Dumais, 1997). LSA
constructs a term by document matrix of counts
from a corpus, applies weighting functions and
then takes the singular value decomposition of this
matrix in order to remove noise and force similar
words to be represented by similar vectors. What
was startling about the performance of the model
was its performance on some tasks that require se-
mantic knowledge. For instance, LSA was used to
mark essay assignments by summing the vectors
corresponding to the words in a student essay and
comparing this against prescored student essays.
The scores of the nearest neighbours are then aver-
aged to get an overall score for the essay. Landauer
and Dumais (1997) reported results in which LSA
was able to perform as reliably as human tutors.
Furthermore, LSA was applied to 80 retired items
from the synonym component of the Test of En-
glish as a Foreign Language (TOEFL, Landauer
& Dumais, 1997). In this task, applicants to US
universities from non-English speaking countries
choose from four alternatives the one that is clos-
est in meaning to a stem word. To simulate this
task with LSA, the cosine between the stem word
and each of the alternatives is calculated and the
alternative with the highest cosine is chosen. LSA
was able to perform well enough to pass the test.

Initial models such Latent Semantic Analy-

sis (LSA, Landauer & Dumais, 1997) and Hy-
perspace Analog to Language (HAL, Lund &
Burgess, 1996) have now been supplemented by
a number of models from the machine learning lit-
erature including Probabilistic Latent Semantic In-
dexing (Hofmann, 2001), Latent Dirichlet Alloca-
tion (LDA, Blei, Ng, & Jordan, 2002), the topics
model (Griffiths & Steyvers, 2002), Word Associ-
ation Space (Steyvers, Shiffrin, & Nelson, 2004),
non-negative matrix factorization (Lee & Seung,
1999; Ge & Iwata, 2002), local linear embedding
(Roweis & Saul, 2000), independent components
analysis (ICA, Isbell & Viola, 1999), and the in-
formation bottleneck (Slonim & Tishby, 2000). It
is beyond the scope of this review to describe each
of these models in detail and as little comparative
work has been done it is not yet clear which of
these models performs best for which purposes.
However, some of these models do have prop-
erties that are likely to make them preferable to
LSA, at least in some circumstances. In partic-
ular, probabilistic methods like Probabilistic La-
tent Semantic Indexing, Latent Dirichlet Alloca-
tion and the topics model are built on firmer theo-
retical foundations. Furthermore, LDA, the topics
model and ICA produce more interpretable repre-
sentations and the topics model has been shown to
do a better job of capturing the word association
norms (Griffiths & Steyvers, 2002).

Compositional Semantics

Each of the perspectives on semantics outlined
above, had at its heart a notion of compositional se-
mantics, that is, how words are combined to make
meaning. Unlike lexical semantics for which a rea-
sonable attempt at meaning formation can be made
by investigating the contexts of use of individual
terms, the productive nature of syntax means that
the majority of sentences will never have been seen
before. Necessarily, the formation of the represen-
tation of a sentence must involve combining sym-
bols in a systematic way that can be replicated
by others to a degree sufficient to allow under-
standing. Furthermore, the simple additive notion
employed in models like LSA will not suffice as
clearly word order plays a role in compositional
semantics. Models such as ACT (Anderson, 1983,
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1993; Anderson & Lebiere, 1998) and Construc-
tion Integration theory (Kintsch, 1998) have em-
phasized the need for propositional representations
to capture the relationships between concepts and
preserve role assignment. In this section, we will
review current attempts to automate the capture of
propositional information from corpora (Dennis,
Jurafsky, & Cer, 2003).

The majority of the mechanisms that have been
designed to address compositional semantics fall
into the class of supervised semantic parsers.
These models take as their task the generation of
correspondence rules as outlined in conceptual se-
mantics, that take a sentence and assign role labels
(Agent, Patient, Instrument, Location, etc) to the
relevant constituents for each of the predicates in
the sentence (Blaheta & Charniak, 2000; Gildea &
Jurafsky, 2002; O’Hara & Wiebe, 2002; Palmer,
Rosenzweig, & Cotton, 2001). For instance, given
the sentence:

Sampras outguns Agassi in Utah
a system would produce an annotation such as:

SamprasAgent outgunsAgassiPatient in UtahLocation

This work has been driven, at least in part, by the
availability of semantically labeled corpora such
as Propbank (Kingsbury, Palmer, & Marcus, 2002)
and FrameNet (Fillmore, Wooters, & Baker, 2001)
which provide the relevant training data. For in-
stance, the system proposed by Gildea and Juraf-
sky (2002); Pradhan, Hacioglu, Ward, Martin, and
Jurafsky (2003), the sentence is first parsed, var-
ious syntactic, lexical, and semantic features are
extracted, and then a classifier is applied. The clas-
sifier looks at each word chunk or parse constituent
in the sentence, and decides for each one whether
it is an argument of the verb, and if so what its
semantic role is. These features include the syn-
tactic type of the constituent (NP, PP, S, VP, etc),
the identity of the verb, the path in the parse tree
between the verb and the constituent, whether the
constituent is before or after the verb, etc. Given
enough training data, the classifiers achieve quite
reasonable accuracy on semantic role labeling.

One important limitation of supervised semantic
parsers is that they rely on the accuracy, coverage
and labeling scheme of their training set. There

are a great many schemes that have been proposed
ranging in granularity from very broad, such as
the two macro-role proposal of Van Valin (1993),
through to theories that propose nine or ten roles,
such as Fillmore (1971), to much more specific
schemes that contain domain specific slots such
as ORIGCITY, DEST CITY or DEPART TIME
that are used in practical dialogue understanding
systems (Stallard, 2000). It is well-known to be
difficult to label semantic roles in a general way,
and each database (like FrameNet and PropBank)
makes choices about roles that are often incom-
patible. Furthermore, the system’s performance is
quite dependent on the training data looking like
the test data. Therefore, we think it is key to un-
derstand how this task could be extended to an un-
supervised one.

The task addressed by the Syntagmatic Paradig-
matic model (Dennis, 2004, 2005) is to create
proposition-like units without recourse to labeled
training data. The reasons for interest in an un-
supervised method are two fold. Firstly, at a the-
oretical level the information that can be induced
by the SP system forms a lower bound on what a
human inductive system might achieve. People do
not have access to semantically or syntactically la-
beled training data when learning a language and
so in order for the system to be relevant to the de-
bate on what can and cannot be induced it is crucial
that the system be subject to the same constraints.
Secondly, as indicated above, supervised semantic
parsers tend to degrade significantly when applied
to text that differs from that on which they were
trained. Creating sufficiently large corpora of la-
beled training data is expensive, error prone and
time consuming, however.

The key to the SP approach to unsupervised
parsing is a switch from intentional to extensional
representation. In systems that employ intentional
semantics, as above, the meanings of representa-
tions are defined by their intended use and have
no inherent substructure. The names of the roles
are completely arbitrary and carry representational
content only by virtue of the inference system in
which they are embedded. Now contrast the above
situation with an alternative extensional represen-
tation of Sampras outguns Agassi , in which roles
are defined by enumerating exemplars, as follows:
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Sampras: Kuerten, Hewitt
Agassi: Roddick, Costa

The winner role is represented by the distributed
pattern of Kuerten and Hewitt, words that have
been chosen because they are the names of people
who have filled the X slot in a sentence like X out-
guns Y within the experience of the system. Sim-
ilarly, Roddick and Costa are the names of peo-
ple that have filled the Y slot in such a sentence
and form a distributed representation of the loser
role. The use of extensional semantics, of this
kind, has a number of advantages. First, defining a
mapping from raw sentences to extensional mean-
ing representations is much easier than defining a
mapping to intentional representations because it
is now only necessary to align sentence exemplars
from a corpus with the target sentence. The dif-
ficult task of either defining or inducing semantic
roles is avoided. Second, because the role is now
represented by a distributed pattern it is possible
for a single role vector to simultaneously represent
roles at different levels of granularity. The pattern
Kuerten, Hewitt could be thought of as a proto-
agent, an agent, a winner, and a winner of a ten-
nis match simultaneously. The role vectors can be
determined from a corpus during processing, and
no commitment to an a priori level of role descrip-
tion is necessary. Third, extensional representa-
tions carry content by virtue of the other locations
in the experience of the system where those sym-
bols have occurred. That is, the systematic history
of the comprehender grounds the representation.

For instance, we might expect systematic over-
lap between the winner role and person-who-is-
wealthy role because some subset of Kuerten, He-
witt may also have occurred in an utterance such
as X is wealthy . These contingencies occur as
a natural consequence of the causality being de-
scribed by the corpus and have been dubbed in-
ference by coincidence (Dennis, 2004). To cre-
ate extensional representations of sentences, Den-
nis (2004, 2005) used String Edit Theory (Sankoff
& Kruskal, 1983) to align sentences from a corpus
with the target sentence. As an illustrative exam-
ple, suppose that we wish to create a representation
for the sentence Sampras outguns Agassi in Utah
and that the following are the most probably align-

ments across a corpus:

Sampras outguns Agassi in Utah
Kuerten downs Andy Roddick
Hewitt defeats Costa

The extensional representation thus formed
would be:

Sampras: Kuerten, Hewitt
Outguns: downs, defeats
Agassi: Roddick, Costa

To test the model, articles were taken from the
Association of Tennis Professionals (ATP) web-
site. Then questions of the form ”Who won the
match between X and Y? X” were created. Finally,
the model was presented with the same sorts of
questions with the answer omitted. An extensional
representation of each question was created and
matched against the extensional representations of
the sentences from the target articles to identify
sentences that might contain the critical informa-
tion. From these sentences the filler most likely to
be appropriate in the answer slot was chosen (see
Dennis, 2004 for details). On 67% of occasions the
model correctly returned the winner of the match.
26% of the time it incorrectly produced the loser
of the match. 5% of the time it responded with
a player other than either the winner or loser of
the match and on 3% of occasions it committed a
type error, responding with a word or punctuation
symbol that was not a player s name. Interestingly,
when the model was correct, on 41% of occasions
the sentence that it chose as the most likely to con-
tain relevant information was one from which an
answer could be inferred but that did not contain
a literal statement of the result. That is, inference
by coincidence plays a significant role in the per-
formance of the model. The model demonstrates
that it is possible to extract proposition-like repre-
sentations from open text using only simple string
edit operations that have no built in grammatical or
semantic knowledge. Furthermore, the importance
of inference by coincidence in the model suggests
that systems based on intentional representational
systems may be throwing away a critical source
of statistical information that may underpin the ro-
bustness of the human comprehension apparatus.
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One objection to instance-based models, like the
SP model, is that searching the number of exem-
plars that is necessary to realistically capture the
relevant language structures is not feasible. How-
ever, there have been recent advances in methods
for finding approximate nearest neighbours that
provide a resolution to this issue. In particular, the
method known as locality sensitive hashing (LSH,
Marzal & Vidal, 1993; Gionis, Indyk, & Mot-
wani, 1999) is now in wide spread use and shows
signficiant promise. LSH relies on the observa-
tion that in most instance-based methods (includ-
ing the SP model) it is not necessary to have the
exact nearest neighbours of a stimulus in order to
proceed- approximate nearest neighbours are suf-
ficient. LSH creates hash functions which are de-
signed to map stimuli into a hash table so that sim-
ilar stimuli are likely to collide and be stored in
the same cell. Finding near neighbours then in-
vovles applying the hash function and retrieving
the stimuli that appear in the cell. For any given
hash function there will be boundaries where sim-
ilar stimuli are nonetheless mapped to different
cells. LSH alleviates this problem by construct-
ing a series of hash functions with randomly var-
ied similarity functions. To find nearest neighbours
all of the hash function are consulted and the joint
set of the neighbours collected. As the number of
hash functions increases it becomes increasingly
less likely that a similar stimulus will fail to be re-
trieved. In this way, then, LSH can eliminate the
difficulties associated with large instance sets.

Understandings of semantics and semantic
memory have a long history. While semantic mem-
ory has been incorporated into unified models like
Anderson’s ATC-R theory (Anderson & Lebiere,
1998) that have been applied to human operator
modeling, this involves hand crafting representa-
tions and rules. Such models generalize poorly and
require constant maintenance in order to perform
in new task environments. With the rise of corpus-
based approaches to lexical semantics like LSA,
the ability to perform practical tasks with auto-
mated methods has improved dramatically (see fu-
ture work section for an elaboration of this point).
Similarly, we suspect that it will be necessary to
employ completely unsupervised mechanisms like
the SP model before coverage will be sufficient to

model compositional semantics and inferencing at
a level that will be useful in human operator mod-
eling.

Episodic Memory

Over the last 25 years the majority of models
of episodic memory have fallen into the global
matching category (Raaijmakers & Shiffrin, 1981;
Gillund & Shiffrin, 1984; Murdock, 1982; Hintz-
man, 1984; Humphreys, Bain, & Pike, 1989).
These models encountered difficulties with some
data, in particular, the list strength effect (Ratcliff,
Clark, & Shiffrin, 1990; Shiffrin, Ratcliff, & Clark,
1990) and have more recently been replaced by
a set of Bayesian models (Dennis & Humphreys,
2001; Shiffrin & Steyvers, 1997; McClelland &
Chappell, 1998). We will discuss this history, the
current models, including network and connection-
ist models, and also discuss some recent work on
memory access control processes. Issues about
computational feasibility and brittleness have al-
ready been discussed in the semantic memory sec-
tion.

Differentiating Episodic from Semantic
Memory

In a free association test a subject is asked to
produce the first word that comes to mind when
presented with a cue word. Given these instruc-
tions approximately 50% of the population re-
spond table when shown chair. Originally it was
assumed that the learning of an arbitrary pair of
words in the laboratory (e.g., chair pencil) would
directly compete with the pre-existing association
revealed in the free association task. However, it
became evident that there was a very considerable
separation between the laboratory acquired asso-
ciation and the pre-experimental association. In
particular acquiring and association in the labo-
ratory did not alter free association probabilities
(Slamecka, 1966). This ability to keep the two
kinds of memories distinct led Tulving (1976) to
propose a distinction between episodic and seman-
tic memory.

The episodic/semantic distinction has proved to
be very popular thought it is still very poorly
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defined. Tulving’s original conception was that
episodic memory required a memory which was
unique to an episode (the learning circumstances)
whereas semantic memory was independent of any
particular circumstances. Since Tulving (1983)
there has been an emphasis on conscious aware-
ness of the learning circumstances. There has also
been a very strong claim that episodic and seman-
tic memory constitute separate memory systems.
Much of the support for the separate memory sys-
tems claim came from findings showing that task
performance could be changed even when the task
or test instructions made no reference to the learn-
ing episode. For example, exposure to a word
within a long list of words will enhance the prob-
ability that the word will be produced given the
first three letters as a cue or will be identified cor-
rectly if presented under degraded viewing condi-
tions. These enhancements in performance occur
for profoundly amnesic subjects as well as nor-
mal subjects and do not require any reference to
the study episode. Further support for some form
of separate systems comes from a computational
analysis performed by (McClelland, McNaughton,
& O’Reilly, 1995). They found that they could not
capture two important aspects of human memory
performance within the one model. One aspect in-
volved the slow acquisition of the regularities and
differences in the environment. The other aspect
involved the very rapid acquisition of associations
between arbitrary events or the knowledge that an
item had occurred in a particular context. They
found that models which acquired the regularities
and differences in the environment produced far
too much unlearning of previously acquired arbi-
trary associations. Likewise models that produced
the rapid acquisition of new associations had con-
siderable difficulty in generalizing to related stim-
uli.

Tulving (1976) and many researchers since then
probably thought that a requirement for a unique
memory meant that memories were stored sepa-
rately (e.g., Flexser & Tulving, 1978). However,
Humphreys, Bain, and Pike (1989) showed how in
a composite memory associations with a contex-
tual cue could serve to produce episodically unique
memories. Humphreys, Wiles, and Dennis (1994)
also argued that Tulving’s (1976) distinction was

useful because it acknowledged that different tasks
had different goals. That is they proposed that the
goal of the paired associate task was to produce the
item which had been paired with the cue in the con-
text specified by the instructions whereas the goal
of the free association task while not being well
specified was closer to producing the strongest as-
sociate of the cue.

In addition, to the lack of theoretical agree-
ment there is some disagreement about classify-
ing tasks as episodic or semantic. The paired
associate and free recall tasks are almost univer-
sally regarded as episodic even though our un-
derstanding of how pre-existing semantic associ-
ations affect performance in both tasks is limited.
There is, however, some dispute as to whether pair
recognition requires an episodically unique mem-
ory (Humphreys, Bain, & Pike, 1989; Hockley,
1992) and there is some indication that pair recog-
nition can be performed by someone who has se-
vere damage to brain structures known to be im-
portant for other episodic tasks. There is also a
dispute as to whether the more or less continuous
information (familiarity) which seems to underlie
much of single item recognition is episodic or not
(Mandler, 1980; Humphreys, Bain, & Pike, 1989;
Yonelinas, 2002).

Cued recall with an extralist cue also poses a
problem for a strong separation of episodic and
semantic memory. In this task the test cue has a
pre-existing semantic relationship with the target
but the cue and the target were not studied together
in the study episode. There have been attempts to
reduce cued recall with an extralist cue to a spe-
cial case of paired associate learning. For exam-
ple, Flexser and Tulving (1978) assumed that the
target alone would be stored in episodic memory
just as the cue and target are assumed to be stored
together when they are studied together. Further-
more they assumed that retrieval was basically the
same whether the cue had been studied with the
target or the target was studied by itself. That is
they assumed that it was the overlap in the encod-
ing of the cue and the encoding stored in the mem-
ory trace which produced trace retrieval. In this
conception it is the similarity in encoding between
the memory trace table and the extralist cue chair
which determines how effective a cue chair will be
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for table. Many contemporary researchers seem to
believe in something like the Flexser and Tulving
account or at least do not see any problem posed
by extra list cues to ideas about separate memory
systems. However, there has been a considerable
amount of research, mostly by Doug Nelson and
his colleagues, on cued recall with an extralist cue
since Flexser and Tulving. At this time it appears
very unlikely that a modified version of the Flexser
and Tulving model would suffice for cued recall
with an extralist cue.

Models

Over the last 25 years the majority of mod-
els of episodic memory have fallen into one of
four camps. The most numerous camp have been
the global matching models. Included are SAM
(Raaijmakers & Shiffrin, 1981; Gillund & Shiffrin,
1984), TODAM and CHARM which utilize the
same basic mathematics (Murdock, 1982; Eich,
1982) Minerva II (Hintzman, 1984) and the Ma-
trix model (Humphreys, Bain, & Pike, 1989). The
Global Matching models are now being super-
seded by what we will refer to as the Bayesian
models. Included here is REM (Shiffrin &
Steyvers, 1997), McClelland and Chappell (1998),
and BCDMEM (Dennis & Humphreys, 2001). In
addition there has been continuing work on net-
work models in the Anderson and Bower (1973)
tradition (Anderson, Bothell, Lebiere, & Matessa,
1998). Finally a series of connectionist models
have been developed in order to account for prim-
ing effects. Because it seems increasingly likely
that priming or implicit memory will have to be
considered as part of any consideration of episodic
memory we have also briefly reviewed these mod-
els.

TODAM and the Matrix model represent items
as vectors and the association between items as
either the convolution (TODAM) of two or more
vectors or the tensor product of two or more vec-
tors (Matrix model). The convolution and Tensor
product operations are basically similar with the
exception that the convolution operation is sym-
metrical whereas the tensor product operation is
not. Storage and retrieval are conceptualized in
these models in very similar ways and different

retrieval operations are employed for recognition
and recall. Storage starts with a psychological as-
sumption about what is stored. Is it an item, an
association between a context and item, an associ-
ation between two items, or an association involv-
ing context and two items. We will illustrate the
storage and retrieval process with reference to the
situation where associations between two items are
stored. In TODAM for each pair the convolution
of the two item vectors would be created (this is
also a vector) and the resulting vectors would be
summed over every item in the list. Recognition
is conceived of as a matching operation (a compu-
tation of the similarity between the test cue(s) and
the composite memory. However, the mathemat-
ics permit two slightly different interpretations. If
the task is to discriminate between intact and re-
arranged pairs in one interpretation one of the pair
members would be used as a retrieval cue. That
is, the vector representing that pair member is cor-
related with the composite memory vector. The
result is a vector which contains the vector of the
other pair member plus noise. At this point the
dot product between the output vector and the vec-
tor representing the other pair member can be cal-
culated. This is a measure of similarity between
the input cues and the composite memory. In the
other interpretation of the recognition process the
convolution of the vectors in the test pair is cal-
culated. The dot product between the convolu-
tion representing the test pair and the composite
memory is then calculated. These are psycholog-
ically different interpretations but they are mathe-
matically equivalent. As indicated in recall the cue
(one member of the study pair) is correlated with
the composite memory. Because the output vector
is noisy it has generally been considered that some
additional process is required in order to converge
to a single response. A variety of procedures have
been proposed which differ in their psychologi-
cal plausibility. More complex memories are also
possible in which item vectors and vectors repre-
senting the convolution of two or more items are
stored in the same composite memory. These stor-
age arrangements have proven useful in represent-
ing order information and in extracting informa-
tion about a single item from a complex memory
for several items. The later ability may provide



HUMAN MEMORY MODELS FOR OPERATOR SIMULATION 15

an explanation for subjects ability to identify the
missing item form a known set.

The Matrix model also utilizes a composite
memory which can be conceptualized as a sum
over vectors (an item memory), a sum over ma-
trices (a pair memory) or a sum over tensors of
rank 3 (e.g. a three-way memory involving a pair
in a context). The recall/recognition distinction in
the Matrix model is essentially the same as in TO-
DAM and the same two psychological interpreta-
tions apply to the recognition process. In order to
actually use a tensor product model to make a pre-
diction about recall some means of selecting a re-
sponse out of the noisy output is required. In order
to accomplish this task Chappell and Humphreys
(1994) added an auto associative memory. This
is essentially an association between an item and
itself where active units try to turn on other units
which were also active during training and to turn
off units which were not simultaneously active dur-
ing training. Such a memory can remove noise
converging to the vector with the largest weight in
the output. However, such a memory does not al-
ways converge to a single item. Instead, at times,
it can converge to a state where every element in
memory is activated or to a state where no el-
ements in memory are activated. Chappell and
Humphreys (1994) interpreted the state of total of
total activation and the state of no activation as cor-
responding to a situation where response compe-
tition had blocked the production of a response.
Humphreys, Tehan, O’Shea, and Boland (2000)
then provided experimental support for this idea.
One implication is that with recall tasks relevant
information may be in memory but no information
relevant to the task may be available. In contrast,
recognition (matching) tasks always produce rele-
vant information. In another extension of the Ma-
trix model Wiles, Humphreys, Bain, and Dennis
(1991, ; also see Chappell and Humphreys, 1994
) explored a variety of ways to compute the inter-
section between two sets of activated items. The
thinking here was to retrieve an item which was in
both sets (e.g., an item which was activated by a
contextual or list cue and an item which was acti-
vated by a semantic cue in order to provide a model
for cued recall with an extralist associate cue. The
idea of an intersection was then further extended

by Humphreys et al. (1994) who argued that when
recognition is conceived of as retrieving using one
cue and matching the output with another cue is es-
sentially the same as tasking an intersection. This
thinking also extends to the confirmation of an ex-
pectation where an animal may anticipate a partic-
ular sensor input and match the incoming stimulus
against the anticipated input.

Minerva II and SAM assume that items are
stored separately. Minerva II uses a vector repre-
sentation where an item is represented by a vector
and a pair of items is represented by concatenating
the two vectors representing the individual items.
Storage consists of placing a vector representing
an item or a SAM represents an item as a symbol
with no internal structure. These are referred to
as images and what is stored is the association be-
tween a word and an image or between a context
and an image. Minerva II constructs a vector rep-
resentation of a test probe and matches this probe
(takes the dot product) against each memory. The
match value is then raised to the third power and
all of the strengths of these individual matches are
summed. In SAM the product of the strength of the
association between each cue and an image is com-
puted and these products are then summed over
every image in memory. In spite of these differ-
ences Minerva II SAM, TODAM, and the Matrix
model are highly similar for recognition. In fact,
Humphreys, Pike, Bain, and Tehan (1989) showed
that they could all be subsumed under a more gen-
eral model. This occurs because the match with
the composite memories (TODAM and the Matrix
model) can be written as a sum over the matches
with the individual memories that were added to-
gether to make up the composite and because the
product of associative strengths in SAM acts very
much like a match between the cues and the indi-
vidual memories.

Cued recall in Minerva II is accomplished by re-
trieving a composite vector. To create the com-
posite each vector in memory is weighted by the
cube of the match between the probe vector and
the memory vector. Then the composite vector
is fed back to the memory system as a new cue.
After several iterations of this process Minerva II
tends to converge on the vector in the compos-
ite which initially had the strongest weight. Of
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course a coalition of similar vectors in memory can
produce a result which is the central tendency of
the set of similar vectors. For recall SAM used a
more conventional idea. The idea here is that im-
ages in memory were sampled with a probability
which depended on the product of the associative
strengths between the cues and the image.

It was noted that all of the Global Matching
models predicted a list length and list strength ef-
fect (Ratcliff et al., 1990; Shiffrin et al., 1990).
That is in all four models the learning of addi-
tional items increases the matching strength of tar-
gets and distracters by the same amount. It also
increases the matching strength variance so the
overall ability to discriminate between targets and
distracters declines. In the three models which
use vector representations this increase in the vari-
ance of the matching strengths is an inevitable
consequence of the vector representation. In the
SAM model the increase in variance was built
into the model from the beginning though it is
not an inevitable consequence of the representa-
tion assumptions. The strengthening of some items
in a list via repeated presentations or extra study
time also increases matching strengths for non-
strengthened targets, for distracters and their vari-
ances. Tests of these predictions showed little or
no list strength effect in recognition. At the same
time there appeared to be a list length effect. SAM
and presumably Minerva II could be modified in
order to accommodate these findings. In order
to do this it was assumed that repeated presenta-
tions increased differentiation. In order to imple-
ment this in SAM it was assumed that the average
strength of the association with other list items de-
creased with repeated presentations or more study
time.

Differentiation was not a possibility with com-
posite memories so composite memories appeared
unviable. However, it was shown that if pre-
existing memories were included in TODAM that
the magnitude of the list strength effect could be
reduced to what appeared to be an acceptable level.
In addition, Dennis and Humphreys (2001) chal-
lenged the assumption that robust list length effects
existed in recognition. Their argument was that list
length effects were quite small when appropriate
controls were used such as controls for retention

interval, for contextual reinstatement, for fatigue,
and for displaced rehearsals. At this time it appears
that the absence or near absence of a list strength
effect in recognition memory is not an impediment
to the existence of composite memories. Neverthe-
less the list strength finding was one of the main
motivators to the new generation of memory mod-
els.

Bayesian Models

Another motivator for the new generation of
models was the ubiquity of the mirror effect in
recognition. With many material variables the
items which are learned more readily (e.g. low
frequency words) have both a higher hit rate and
a lower false alarm rate. This effect could be han-
dled by the Global Matching models only by mak-
ing a series of arbitrary assumptions. The new
generation of models sought a less arbitrary ex-
planation for the mirror effect. REM (Shiffrin &
Steyvers, 1997) was a successor to SAM. It repre-
sents words as vectors and includes both a seman-
tic and episodic memory. When a representation
of a word is stored in episodic memory the features
of that representation are supplied from the repre-
sentation in semantic memory. With longer study
time or additional presentations more features are
filled in which produces the enhanced differenti-
ation. In realistic versions of REM context fea-
tures as well as item features are stored in semantic
memory. At test the probe vector which contains
context features and the item features from the
probe is matched in parallel against the episodic
images of all of the words on the list. Various ver-
sions of REM have used slightly different assump-
tions about how the context features are used. The
simplest assumption is that they are used to ac-
tivate images in memory and only images whose
activation exceeds a threshold are included in the
subsequent calculations. After the activated set of
images has been selected the corresponding posi-
tions in the probe vector and each image in mem-
ory are compared to see if they are the same or dif-
ferent. This comparison ignores positions where
no value is stored in the episodic image. There
is also no contribution to the calculation resulting
from matches between contextual features in the
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probe and in the memory images because these
matches do not differentiate targets and distracters.
The probability that the pattern of matching and
mismatching positions would have occurred if the
image was derived from the semantic representa-
tion of the target divided by the probability that it
would have occurred if the image was not derived
from the semantic representation of the target is
then calculated. This calculation takes into con-
sideration the relative likelihood of different fea-
tures being present (that is properties of the se-
mantic memory) but does not take into consider-
ation properties of the learning situation (e.g., the
proportion of low and high frequency items in the
study list). However, it is acknowledged that some
features of the learning situation which are obvi-
ous such as the list length or the number of study
presentations might be taken into consideration in
setting the criterion for responding. Finally Bayes
rule is used to calculate the probability that the test
word is represented in the set of activated images.
With the assumption that likelihood odds are being
calculated the mirroreffect falls out naturally form
most manipulations of learning difficulty. For ex-
ample, Shiffrin and Steyvers (1997) proposed that
high frequency words were less well recognized
because they consisted of features which had a
higher probability of occurrence. REM has been
applied to an impressive array of paradigms in-
cluding priming effects in semantic memory.

McClelland and Chappell (1998) in several as-
pects is similar to REM. Like REM it assumes that
items become more differentiated with more learn-
ing. It also does this by storing separate represen-
tations of items and by learning about the features
that make up those representations. However, the
learning mechanism is sufficiently different for it
to be considered as an alternative. Very briefly
item detectors in M&C learn about the probabil-
ities with which features occur. That is, as each
item is presented only a subset of its features are
activated. Item detectors have an initial hypothesis
about which features will occur and this hypothesis
is updated by which features actually occur. Over
study trials the item detectors gain a better and bet-
ter estimate of the features which occur when a
given item is presented. At test the test items are
compared to each item detector and the probability

that the test item is the stored item is calculated.
Dennis and Humphreys (2001) also responded

to the challenge posed by the finding of a null
list strength effect. Their response was to assume
that while recall was an item noise process recog-
nition was a context noise process. That is the
Global Matching models and REM had assumed
that the primary source of noise was the other
items in the list. This was very explicit in models
which either did not incorporate context or which
assumed that context isolated the list items from
other memories so that only list items contributed
to noise. In contrast Denis and Humphreys pro-
posed a model (BCDMEM) where subjects rein-
stated a context and then matched the reinstated
context against a context which was retrieved us-
ing the test item as a cue. Like REM and the Mc-
Clelland and Chappell (1998) model BCDMEM
used a likelihood odds calculation as an alterna-
tive to a direct comparison of the similarity of the
reinstated and retrieved contexts. This enabled
them to predict a word frequency mirror effect by
making reference only to an empirically observ-
able difference between high and low frequency
words. Namely that high frequency words occur in
more contexts. There is also increasing evidence
that the impact of the other list items is less than
had been assumed in the Global matching mod-
els (Maguire, Humphreys, & Dennis, in prepara-
tion). Whether the ultimate resolution of this issue
will favour Dennis and Humphreys’ extreme pro-
posal (no item noise in recognition) or Criss and
Shiffrin’s (2004) compromise proposal (both item
noise and context noise effects) remains to be de-
termined.

Network Models

Anderson’s ACT-R model (Anderson & Lebiere,
1998; Anderson et al., 1998) incorporates a spread-
ing activation implementation of memory. This
memory system is coupled with a production sys-
tem that regulates the flow of information between
long-term memory, working memory and a set of
perceptual and motor buffers. Within this system,
retrieval from memory is a serial process, stochas-
tically selecting elements from the network with a
high level of activation that match the current re-



18 SIMON DENNIS

trieval cue. Nodes in ACT-R’s semantic network
have a base level of activation that reflects both the
frequency and recency of previous retrievals. The
activation of a node decays over time, but receives
a boost in activation each time it is accessed. Fur-
thermore, frequent retrievals effect the decay rate
of the concept node, allowing frequently used con-
cepts to have an overall higher base level of activa-
tion. Thus, ACT-R makes explicit assumptions as
to the amount of activation present, item repetition,
and varying levels of general word frequency. Re-
trieving information from memory in ACT-R uses
a parallel matching, serial retrieval mechanism in
which all the elements in memory are compared
against the request, with only a single item being
retrieved. In selecting the item, temporary activa-
tion spread from the cue is added to the base level
of activation of each node, with the most active el-
ement from memory being retrieved. The overall
activation of a node is determined by four main
factors. The first factor is the node’s base level of
activation. As explained above, this will favour the
retrieval of recently processed items (demonstrat-
ing priming and repetition effects), or items that
are generally more frequent (accounting for word
frequency effects).

Secondly, ACT-R’s architecture contains a form
of working memory (called the “goal buffer”) that
stores information that is being attended to. An
amount of attentional activation is divided evenly
amongst the nodes corresponding to these attended
concepts, and is allowed to spread to their neigh-
bouring nodes within the network. The third factor
in determining the activation of a node during re-
trieval enhances the activity of nodes matching the
actual retrieval request, and suppresses nodes that
do not. This differs from the second factor that
represents contextual influences upon recall, acti-
vating all concepts that are connected to anything
under the attentional spotlight. As there is a thresh-
old that determines whether or not a retrieval has
been successful, this factor enhances the likelihood
that this threshold will be met by items matching
all the criteria (such as the fact that it is a WORD
that is associated with DOG that was on the study
list etc.). The last term added in the calculation
of the activation is noise associated with storage
and retrieval of information. As ACT-R always re-

trieves the item with the most activation, gaussian
noise is added so that the item retrieved is not de-
terministic, but rather, is probabilistically biased.

In contrast to network models such as ACT-R in
which concepts are represented by distinct nodes,
connectionist networks have also been frequently
employed to model aspects of human memory.
These models differ from ACT-R in that concepts
are represented as overlapping distributed vectors
of features, with nodes often appearing in distinct
processing layers (e.g., a letter feature level, a let-
ter level and a word level in the case of mod-
elling word reading). In connectionist networks,
information flows between units over time, but
at a subsymbolic level (as no single connection
can be viewed as a direct connection between
distinct concepts). To learn the appropriate net-
work weights to perform a given mapping between
network input and output, powerful learning al-
gorithms such as backpropagation are employed
(see Haykin, 1994). Frequently, if the mappings
are non-linear, “hidden” intermediate layers are
used, with the system being required to automat-
ically learn the appropriate representations. As
with LSA, neural networks can be trained on raw
data (such as text corpora), to form representations
analogous to those believed to exist in semantic
memory. For example, Elman (1991) trained a
simple recurrent network (that affords the process-
ing of temporal sequences) to predict the probabil-
ity distribution for possible next words of the sen-
tence, given a word at a time as input. Although
the word representations at input and output used a
local coding scheme (with each word being repre-
sented by a different node), the hidden represen-
tations that were learned over time reflected the
meanings of the words, with similar words and
word categories yielding similar representations.
Similar networks have also been used as an al-
ternative approach to LSA for representing para-
graphs of text as distributed vectors of latent fea-
tures that afford the retrieval of similar information
(O’Reilly & Munakata, 2000).

Unlike models such as ACT-R that attempt to
model semantic and episodic memory within a
unitary architecture, different aspects of memory
are generally modelled by different neural network
models and mechanisms. As mentioned earlier,
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McClelland et al. (1995) suggest that following
a connectionist approach, semantic and episodic
memory should be modelled as separate systems
as they have conflicting requirements. That is,
episodic memory requires fast learning, which in
a neural network requires non-overlapping and
sparse representations, whereas, semantic memory
requires a slow learning rate and overlapping dis-
tributed representations as its general aim is to ex-
tract the statistical structure of the environment.
Short term memory (or working memory), simi-
larly can be described in terms of different require-
ments, being viewed as a maintained state of acti-
vation rather than a change of connection strength
(O’Reilly & Munakata, 2000).

Apart from modelling the acquisition of seman-
tic information and representations from experi-
ence, connectionist networks are well suited for
modelling the retrieval processes involved in mem-
ory. For example, recurrent neural networks can
perform pattern completion (i.e. retrieving asso-
ciated knowledge given a cue), by falling into a
learned stable pattern of activation (i.e. an attrac-
tor) over time (Hopfield, 1982; Ackley, Hinton, &
Sejnowski, 1985; Seung, 1998). Such networks
have also been used to model aspects of implicit
memory. For example, in the semantic priming
paradigm, words are read faster and more accu-
rately when preceded by a semantically related
item compared to an unrelated item (see Neely,
1991, for a review). Such effects can be explained
either in terms of the overlap in semantic repre-
sentations (with the network having less distance
to travel to fall into the new attractor), or in terms
of biases in the recurrent weights that support the
transition between items that frequently co-occur
in the environment (Plaut, 1995; Cree, McRae, &
McNorgan, 1999).

In terms of modelling episodic memory using
the connectionist approach, the most prominent
exemplar is the (O’Reilly, Norman, & McClel-
land, 1998) hippocampal model. This model, apart
from modelling the anatomy and physiology of the
hippocampus, captures many central properties of
episodic memory, such as the rarity of false rec-
ollection and the decrease in recollection but not
recollection quality (the accuracy of retrieved in-
formation) with increased interference. In accor-

dance with the constraints mentioned above, this
model allows fast learning of episodes by repre-
senting them in terms of large, sparse and pattern-
separated representations. These representations
are formed through random wiring between the in-
puts (the individual components of the episode)
and a much larger “hidden” layer that represents
the whole episode (i.e. a conjunction of the in-
puts). This representation is reciprocally con-
nected to a number of other layers (through fast
learning connections), that form a large attractor
network. Given partial information, as with at-
tractor networks of semantic memory, the model
can reinstantiate the whole episode and the indi-
vidual bound components. One drawback of this
model however, is its overall complexity compared
to other models of memory, making much of the
processing opaque and unintuitive.

Comparing the Different Kinds of Models

The models differ in their psychological as-
sumptions as well as in their assumptions about
the underlying structure of human memory. They
also differ in the range of paradigms to which they
have been applied. Some theorists have also taken
as their primary goal the obtaining of detailed fits
of empirical data where others have been content
to use a model to illuminate the underlying psy-
chological assumptions. It is clear that models
with very different representational and process-
ing assumptions can provide very good fits to the
same data. It thus seems probable that assump-
tions about the cues used and what is bound to
what (e.g., the issue of interitem or positional as-
sociations in serial learning) are more important
than the assumptions about the underlying struc-
ture of memory. At this stage they probably have
three main weaknesses. First even the most recent
ones such as REM only capture a bit of the com-
plexity of the relationship between semantic and
episodic memory. Second, with a bit of an excep-
tion for ACT-R the control processes are external
to the models. That is, it is the experimenter not
the model which decides to retrieve an episodic
memory as opposed to a semantic memory. Fi-
nally, the models have been primarily if not ex-
clusively applied to laboratory tasks where the ex-
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ternal world has been partitioned into events and
episodes (e.g.,the presentation of a word in an ex-
periment). It will be a major challenge to apply
ideas about episodic memory to the problem of re-
tracing the path you took to climb a mountain.

Controlling Memory Access

During the 1990s a substantial amount of em-
pirical research was based on ideas about recol-
lection and familiarity. These concepts were used
in a variety of different ways and are not well de-
fined. However, the prevailing assumption was that
what was retrieved from memory did not depend
on what the person was trying to retrieve. That
is, a feeling of familiarity was automatically pro-
duced when a subject read or heard a word and
this did not depend on whether the person was try-
ing to identify the words which occurred in list
2 or to identify the words which had been pre-
sented auditorially. Unlike familiarity recollection
was considered to be strategic. However, the rec-
ollection process simply returned symbolic infor-
mation which the person could inspect or search
in order to come up with an appropriate decision.
The Dennis and Humphreys proposal that sub-
jects reinstate a context and then match the rein-
stated context against a retrieved context allows the
question which is posed (was the word presented
auditorially) to influence the output of the mem-
ory process. Evidence for this specificity of the
memory retrieval process has now been produced
(Humphreys et al., 2003; Humphreys, Weeks, &
Hockley, n.d.). In addition, Jacoby and his col-
leagues have used a three stage process to also
produce evidence for a degree of control over the
memory access process. In the first stage subjects
deeply process the study items in one list and shal-
lowly process the study items in another list. They
then receive a recognition test on one of the two
lists. At the start of this test they are fully informed
about the manner in which the old items were pro-
cessed. For example, they are told that all of the
old items on the test list were rated for pleasant-
ness or that all of the old items on the test list were
rehearsed. In the third stage they receive a second
test list for the lures on the first test list. In this test
they are supposed to say yes to any word which ap-

peared on the first test list and no to words which
occur for the first time on the second test list. The
results show that memory for test lures depends on
the subjects expectations about how the old items
were processed. Conceptually similar results were
obtained by Maguire et al. (in preparation). They
had subjects study two lists where half of the words
in each list were presented visually and half audi-
torially. At test half of the subjects were instructed
to say yes to list 2 words and no to list 1 words
and to new words. The other half were instructed
to say yes to read words and no to heard words and
new words. Study words were randomly assigned
to be in list 1 or 2 and to be presented auditori-
ally or visually. A fixed set of 80 new words were
used. There were 20 high frequency high contex-
tual variability words, 20 high frequency low con-
textual variability, 20 low frequency high contex-
tual variability words and 20 low frequency low
contextual variability words. There was a main ef-
fect of frequency and a main effect of contextual
variability on false alarm rates. In addition there
was a test instruction by frequency interaction. For
low frequency words there was no difference in the
FARs between those subjects who were asked to
say yes to list 2 words and those who were asked
to say yes to read words. However, the subjects
who were asked to say yes to the read words had
higher false alarms on the high frequency words
than did the subjects who were asked to say yes
to the low frequency words. What these examples
have in common is that they all suggest that test
items are processed differentially depending on the
question posed to the memory system. It seems
probable that this kind of control process will re-
ceive further attention.

Prospective Memory

In recent years, memory researchers have shown
increasing interest in memory tasks where an in-
dividual must remember to perform an action at
some designated point in the future. The term
prospective memory has been used to refer both to
the tasks used and to a hypothetical type of mem-
ory which is assumed to underlie performance on
the tasks. We will use the term prospective mem-
ory but we do not assume that there is a substan-
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tial separation between the processes employed
in these tasks and the processes employed in the
more traditional episodic or retrospective memory
tasks. First, this section defines prospective mem-
ory and describes how it is assumed to differ from
the more extensively studied retrospective memory
tasks. We then introduce two theoretical frame-
works that have been used to explain prospective
memory performance, and examine evidence that
supports these approaches. We finish by introduc-
ing an alternative prospective memory laboratory
paradigm, which examines the execution of in-
tended actions that have been briefly delayed. This
type of prospective memory task is particular rel-
evant to operators with many competing task de-
mands.

There are two main types of prospective mem-
ory tasks. Event-based prospective memory tasks
require individuals to remember to perform an ac-
tion when a particular target event occurs in the
environment. Examples include remembering to
stop at the post office when driving past, or remem-
bering to give your colleague a message next time
you seen him. In contrast, time-based prospec-
tive memory tasks require actions to be performed
at certain points in time (Einstein & McDaniel,
1990). The majority of research to date has con-
cerned event-based prospective memory, and it is
this type of prospective memory that forms the fo-
cus of the review in this section.

In everyday event-based prospective memory
situations, individuals are often busily engaged in
other activities in the time interval between plan-
ning an action and the time that an environmen-
tal target is encountered. In order to execute
the delayed intention, individuals must interrupt
these ongoing activities. Similarly, laboratory-
based prospective memory tasks typically require
participants to perform a special action (e.g., press
the F1 Key) upon presentation of a specific event
(e.g., the word dog) whilst performing an unrelated
ongoing activity (e.g., rating words) (Einstein &
McDaniel, 1990). The defining feature of event-
based prospective memory tasks is that there are no
external agents (e.g., experimenter, printed instruc-
tions) directing participants to engage in a mem-
ory search. It has been generally assumed that this
differentiates prospective and retrospective mem-

ory tasks. However, this difference is most likely
a matter of degree. That is, instructions are fre-
quently given at the start of a retrospective memory
test (e.g., a free recall trial or a list of words to rec-
ognize) and must be maintained while performing
that test. Nevertheless, prospective memory tasks
have a much greater emphasis on the maintenance
of an intention to remember and or place a heavy
emphasis on the ability of the cue to initiate an in-
tent to remember as well as the recall of the to-be-
performed action.

In a typical laboratory event-based prospective
memory task, participants engage in an ongoing
activity. For example, participants might rate the
pleasantness of words, make lexical decisions, or
judge the frequency of words. In addition, when
certain targets (or a class of targets) appear in the
context of the ongoing task, participants are re-
quired to remember to make some overt response
(e.g., press the F1 key) to indicate that they have
remembered the intention. Much is already known
about the factors that influence whether individ-
uals will remember to perform an intention. For
example, targets that are particularly salient (Ein-
stein, McDaniel, Manzi, Cochran, & Baker, 2000;
Marsh, Hicks, & Hancock, 2000), distinct from
background context (McDaniel & Einstein, 1993),
or highly associated with the intended action (Mc-
Daniel, Einstein, & Breneiser, 2004) tend to be
noticed and responded to more frequently. Un-
der conditions where individuals are required to
remember to respond to a specified category of tar-
gets, prospective memory performance increases
when highly typical category members are pre-
sented as targets (Ellis & Milne, 1996). Not sur-
prisingly, prospective memory performance also
improves when the prospective memory task is
perceived to be more important than the ongo-
ing task (Kliegal, Martin, McDaniel, & Einstein,
2004).

Theoretical Approaches

One prospective memory theory is that the pro-
cesses involved are relatively automatic (e.g., Ein-
stein & McDaniel, 1996; Guynn, McDaniel, &
Einstein, 2001; McDaniel, 1995). That is, it is
assumed that the process is driven from the cue.
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The alternative view is that successful prospective
memory performance requires the allocation of re-
sources in the period before the presentation (e.g.,
Burgess & Shallice, 1997; Guynn, 2003; R. E.
Smith, 2003; R. E. Smith & Bayen, 2004). Thus
this approach has an emphasis on identifying con-
trol processes and the mechanisms which maintain
them. We will now focus on two prominent the-
ories of event-based prospective memory, and re-
port data that supports the mechanisms that these
theories.

According to the Preparatory Attentional and
Memory Processes (PAM) theory of prospective
memory (R. E. Smith, 2003; R. E. Smith &
Bayen, 2004), prospective memory requires cogni-
tive resources. PAM theory distinguishes between
the prospective and retrospective components of
prospective memory. The prospective component
is proposed to involve the allocation of resource-
demanding preparatory attentional processes to
monitor the environment for the presence of tar-
get events and the opportunity to perform intended
actions. These processes are thought to operate
prior to individuals attending targets. Furthermore,
PAM theory claims that preparatory attention is
functionally related to prospective memory perfor-
mance, such that the amount of preparatory at-
tention directed toward the prospective memory
task will be positively related to prospective mem-
ory performance. Other researchers have proposed
similar monitoring systems that serve the function
of maintaining the cognitive system in retrieval
mode (Guynn, 2003), maintaining increased levels
of activation of targets through rehearsal (Guynn,
2003; McDaniel & Einstein, 2000), or interrupt-
ing ongoing activities when targets are attended
(Burgess & Shallice, 1997). Upon actual presenta-
tion of target events, PAM theory proposes that ret-
rospective memory processes are required to rec-
ognize targets and retrieve intentions.

Research has provided support for role of
preparatory attention in prospective memory. First,
findings that the addition of a demanding sec-
ondary task reduces prospective memory perfor-
mance (e.g., Marsh & Hicks, 1998) support the
general notion that the detection of target events
requires cognitive resources. Second, prospective
memory tasks embedded in ongoing tasks have

been shown to slow performance on ongoing tasks,
even at times when target events were not being
presented (Guynn, 2003; Marsh, Hicks, & Cook,
2005; Marsh, Hicks, Cook, Hansen, & Pallos,
2003; R. E. Smith, 2003). For example, R. E.
Smith (2003) found that participants with an event-
based intention (i.e., remember to press the F1 key
if studied words are presented) took 200-300ms
longer to make lexical decisions on non-target tri-
als compared to participants only performing lex-
ical decisions. Third, response costs to non-target
ongoing task trials have been found to positively
correlate with prospective memory performance
(R. E. Smith, 2003; R. E. Smith & Bayen, 2004),
and response costs on trials preceding prospective
memory hits have been found to be larger than
on trials preceding prospective memory misses
(West, Krompinger, & Bowry, in press), signify-
ing a functional relationship between preparatory
attention and prospective memory.

Other evidence on the nature of the control pro-
cesses comes from an examination of the rela-
tionship between the prospective memory task and
the ongoing activity. For example, Meier and
Graf (2000) found that prospective memory perfor-
mance was higher when the ongoing task and the
prospective memory task required the same kind of
processing (i.e., perceptual-perceptual, semantic-
semantic) rather than different kinds of processing
(i.e. perceptual-semantic, semantic-perceptual).
Similarly, (Marsh et al., 2005) demonstrated that
individuals were more likely to likely to remember
to press the enter key when presented with palin-
drome targets (words that could be spelt the same
way backwards and forwards) if these palindromes
were embedded in an ongoing task that was ortho-
graphic in nature (decide if words have double let-
ters), compared to an ongoing task that was seman-
tic in nature (lexical decision).

An alternative theoretical approach to prospec-
tive memory claims that the processing of prospec-
tive memory targets can automatically bring to
mind intended actions. This approach is known
as the reflexive-associative processes view (Guynn
et al., 2001; McDaniel et al., 2004). This al-
ternative to PAM theory was inspired by the ob-
servation that event-based prospective memory
bears striking similarity to cued recall (McDaniel
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& Einstein, 1993). Similar to the Moscovitch
(1992) automatic-associative memory subsystem,
the view claims that if attention to targets interacts
sufficiently with the representation of intended ac-
tions, intended actions will be automatically de-
livered to awareness. In support of this view,
there are certain conditions (e.g., when targets are
salient) under which older adults perform as well
as younger adults in event-based prospective mem-
ory (e.g., Einstein & McDaniel, 1990), suggesting
that prospective memory performance under these
conditions is controlled by automatic-associative
processes and requires few cognitive resources.

According to the multiprocess view of prospec-
tive memory (McDaniel & Einstein, 2000; Mc-
Daniel et al., 2004), both non-automatic and auto-
matic processes play a role in prospective memory
retrieval, and the relative contribution of each de-
pends upon task conditions. More specifically, the
multiprocess view claims that prospective memory
retrieval is more likely to be automatic when in-
tended responses are simple, target events are dis-
tinctive, the ongoing task focuses processing on
the relevant dimensions of targets, or target events
are highly associated with intended responses.
One particular variable receiving recent attention
is the degree of association between targets and re-
sponses. According to the multiprocess view, the
processing of target events that are highly associ-
ated with intentions are more likely to lead to the
reflexive or obligatory retrieval of intended actions
(e.g., reflexive-associative processes; Guynn et al.,
2001; McDaniel et al., 2004). In contrast, when
target events are not associated with the intended
actions, processing of target events is less likely
to lead to the automatic retrieval of intentions, and
successful prospective memory performance is de-
pendent on the strategic processes required to no-
tice the significance of the target events and re-
trieve associated intentions (labeled cue-focused
processes; McDaniel et al., 2004).

Recent research has provided support for the au-
tomaticity of prospective memory retrieval when
prospective memory targets are highly associated
with intentions. In a study by McDaniel et al.
(2004), participants were required to remember to
write down specific words when presented with
target words during a word rating task. In the high

association condition, target words were highly
associated with response words (e.g., spaghetti-
sauce), whereas in the low association condi-
tion target and response words were not associ-
ated (e.g., thread-sauce). The addition of a sec-
ondary digit monitoring task reduced the prospec-
tive memory performance of the low association
but not the high association condition. Further-
more, pre-exposure of non target words (thereby
making them less distinctive from target words) re-
duced the prospective memory performance of the
low association but not the high association con-
dition. Employing similar task conditions, Marsh
et al. (2003) found that response costs to an ongo-
ing task on prospective memory target trials were
significantly larger under conditions of low asso-
ciation than under conditions of high association,
suggesting that the retrieval of intended actions un-
der conditions of high association required fewer
cognitive resources.

Delayed-Execute Prospective Memory

A characteristic of standard prospective memory
paradigms is that the participants are allowed to
perform the action immediately after the presen-
tation of targets. In many respects, this is repre-
sentative of real world situations. For example, a
police officer may intend to write down the number
plate of an abandoned car upon arrival at a crime
scene, and upon seeing the car, if he/she remem-
bers to do it, can immediately perform this action.
McDaniel, Einstein, Stout, and Morgan (2003) re-
cently noted that the standard prospective mem-
ory paradigm fails to capture a common element
of prospective memory tasks. In real world set-
tings, execution of an intended action must often
be briefly delayed; perhaps because the conditions
for performing it are not appropriate, the person
has been disrupted by another higher priority task,
or the current workload in too demanding to re-
spond immediately. For example, upon arriving at
the crime scene, the police officer may remember
that the number plate needs to be recorded, but has
to delay this task until a response has been made
to a new radio call that has just been received.
Delays and interruptions of this type seem to be
prominent in demanding work settings where for-
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getting can have serious consequences for safety,
such as in aviation operations (Loft, Humphreys,
& Neal, 2003). McDaniel et al. (2003) labelled
this prospective memory situation delayed-execute
prospective memory.

Researchers have only recently begun to exam-
ine the cognitive processes that support the mainte-
nance and execution of intentions over brief inter-
vals. The handful of publications in this area has
focused on task conditions that influence the like-
lihood that, once an intention has been retrieved,
individuals will remember to perform intended ac-
tions after a brief interval (Einstein, McDaniel,
Williford, Pagan, & Dismukes, 2003; McDaniel,
Einstein, Graham, & Rall, in press; McDaniel et
al., 2003). The laboratory paradigm developed by
McDaniel et al. (2003) requires participants to
complete a series of one-minute tasks for about
half an hour. At the outset of the experiment, par-
ticipants are instructed to press a designated key
on the keyboard whenever they see a red screen,
but not until they have finished the current ongo-
ing task. A salient (i.e., red screen) is used as the
prospective memory cue to ensure that all partici-
pants retrieve intentions. This paradigm has been
used to investigate the effects of (a) the length
of the delay between the offset on the red target
screen and the occurrence of the task change (e.g.,
5 secs, 15 secs, 40 secs), (b) an increase in atten-
tional demands caused by additional tasks, and (c)
a brief interruption (e.g., 15 secs) via the introduc-
tion of a new task during the delay period.

When the ongoing task is not particularly de-
manding, participants do fairly well at remember-
ing to perform delayed actions (e.g., 92% success
rate found by Einstein et al., 2003). Neverthe-
less, maintaining intentions over brief delays poses
difficulties for the human cognitive system, partic-
ularly when extra concurrent tasks are being per-
formed ((e.g., McDaniel et al., 2003) or when in-
dividuals are interrupted by a new task during the
delay period (e.g., McDaniel et al., in press). A
theoretical model has been developed to account
for how people remember to self-initiate the per-
formance of intentions after brief delays. Accord-
ing to the active-maintenance account of delayed-
execute prospective memory, individuals periodi-
cally activate their intention for performing the ac-

tion over the delay period (Einstein et al., 2003;
McDaniel et al., in press, 2003). According to
this view, when participants encounter delays they
periodically bring intentions into focal awareness.
This process is presumed to be supported by either
the associative relation between the intentions and
cover activities (contextual cueing), or the strategic
checking of uncompleted intentions (c.f. Ellis,
1996). Several important findings have emerged to
support this theory, as reviewed below.

Firstly, in contrast to the classic forgetting func-
tion found in retrospective memory tasks, delayed-
execute prospective memory performance does not
decline with the length of delays (Einstein et al.,
2003; McDaniel et al., in press). This result
would be expected if individuals were periodically
refreshing their intentions to perform an uncom-
pleted action. Secondly, dividing attention with a
digit-monitoring task negatively reduces the prob-
ability that the intended action will be completed at
the end of the delay period (Einstein et al., 2003;
McDaniel et al., 2003). This finding is consis-
tent with the active-maintenance view, as increas-
ing the demands of cover activities should inter-
fere with periodic activation processes. Thirdly,
brief interruptions of 10-20 seconds, caused by
the introduction of new tasks during the delay pe-
riods have a negative effect on the maintenance
and execution of intentions (Einstein et al., 2003;
McDaniel et al., in press). According to the
active-maintenance view, interruptions, by virtue
of switching attention to a new task, should make it
difficult to periodically retrieve intentions because
they take attention away from the ongoing task
(including the prospective memory task). Finally,
(Einstein et al., 2003) found that the accuracy and
speed on performance on ongoing tasks declines
during delay periods, suggesting that participants
use cognitive resources to periodically refresh in-
complete intentions.

Categorization

Categorization in humans is mediated by multi-
ple and qualitatively different cognitive pathways
depending on the task being performed. Accord-
ing to Ashby and Maddox (2005), the various
tasks that yield different cognitive, neuropsycho-
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logical and neuroimaging results can be classi-
fied into four main categories: rule based tasks,
information-integration tasks, prototype distortion
tasks, and weather prediction tasks. There is no
single model of categorization that accounts for
performance on all tasks. Below is a review of the
various forms of categorization task and what cog-
nitive pathways are thought to be employed. This
review is followed by an overview of the promi-
nent categorization models and the categorization
tasks to which they best describe human perfor-
mance.

Category Learning Tasks

Rule-based Tasks: In rule-based category
learning tasks, the rule that maximizes segrega-
tion between categories is one that is easy for sub-
jects to verbalise (Ashby, Alfonso-Reese, Turken,
& Waldon, 1998). That is, in this experimental
paradigm there exists some conceptual label for
the property values upon which the segregation
is based (such as discriminating between objects
based upon standard colours). An example task
commonly used in neuropsychological assessment
is the Wisconsin Card Sorting Test (WSCT), in
which subjects must learn the rule that separates
piles of cards containing geometric figures that dif-
fer in colour, shape and number (Heaton, 1981).

Both neuropsychological and neuroimaging data
support the view that humans solve rule-based
tasks through the use of explicit reasoning pro-
cesses. For example, in tasks similar to the
WCST, task related activation was found in the
prefrontal cortex and in the head of the caudate nu-
cleus (Konishi et al., 1999; Lombardi, Andreason,
Sirocco, Rio, & Gross, 1999; Rao, Bobholz, Ham-
meke, Tosen, & Woodley, 1997; Rogers, Andrews,
Grasby, Brooks, & Robbins, 2000; Volz, Gaser,
Rzanny, & Mentzel, 1997), with these regions be-
ing implicated in the use of executive attention
(Posner & Petersen, 1990) and working memory
(Goldman-Rakic, 1987, 1995). Consistent with
these findings is the result that performance at
these tasks is degraded in patients with frontal lobe
damage (Kimberg, D’Esposito, & Farah, 1997)
and Parkinson’s disease (where there exist deficits
to the caudate nucleus) (Ashby, Noble, Filoteo,

Figure 4. An example Bongard problem (redrawn
from Bongard, 1970, p215). The aim of the task is to
find a rule which segregates the six figures to the left
from the six figures to the right.

Waldron, & Ell, 2003; R. G. Brown & Marsden,
1988).

Complex rule-based tasks can also be viewed as
a form of analogy-making, as non-identical pat-
terns need to be equated (for categorical member-
ship) based upon some potentially abstract crite-
ria. For example, in the Bongard problems (Bon-
gard, 1970), a rule needs to be formed that segre-
gates one set of figures from another (see Figure 4).
Such rule generation requires selective attention
(to attend to the important features) and an explicit
search through hypothesis space. Thus, rule-based
categorisation can often require the use of several
memory systems including working memory (to
hold the currently active rule), semantic memory
(drawing on important facts about the objects to
be discriminated) and episodic memory (to hold a
trace of previously attempted rules); systems cen-
tral to other high-level cognitive tasks such as plan-
ning and analogy-making.

Prototype Distortion Tasks: In prototype dis-
tortion tasks, sets of stimuli are generated by first
creating a prototype for each category and then
generating exemplars through random distortion
(e.g., Posner & Keele, 1968, 1970). To assess cat-
egory learning, the categories are new to the sub-
jects, with patterns of dots commonly being used
as stimuli (e.g., D., Rhoads, & Chambliss, 1979;
Homa, Sterling, & Trepel, 1981; Shin & Nosof-
sky, 1992; J. D. Smith & Minda, 2002). Two
basic paradigms are frequently used: the (A, not
A) paradigm in which subjects are given patterns
belonging to category A, and are asked to decide



26 SIMON DENNIS

Figure 5. An example of stimuli for an (A, not A) pro-
totype distortion task (modified from Figure 2, Ashby
& Maddox, 2005).

whether or not new stimuli belong to this category
(see figure 5 below); and the (A, B) paradigm in
which labelled exemplars of each category are pre-
sented, with subjects requiring to categorise novel
items accordingly.

Both neurological and neuroimaging studies
provide evidence that the (A, not A) and (A, B)
paradigms rely on different neurological categori-
sation pathways. Although in neuroimaging stud-
ies both paradigms show learning related changes
in occipital cortex (indicating perceptual learning)
(Reber, Stark, & Squire, 1998a; Seger et al., 2000),
the (A,B) paradigm also exhibits learning related
changes in activation in prefrontal and parietal cor-
tices (indicating the use of selective attention and
working memory) (Seger et al., 2000). Such find-
ings suggest that the (A, B) paradigm relies on ex-
plicit reasoning, whereas the (A, not A) paradigm
relies on low-level perceptual learning processes.
This theory is supported by neuropsychological
data that shows that patients with Alzhiemer’s dis-
ease and amnesics show normal performance on
(A, not A) tasks, but are degraded in performance
on (A, B) tasks (Sinha, 1999; Knowlton & Squire,
1993; Zaki, Nosofsky, Jessup, & Unversagt, 2003).

Information-Integration Tasks: In informa-
tion integration tasks, optimal categorization per-
formance requires the integration between a num-
ber of variables (such as using a linear combination
of variables to define a decision boundary). Unlike
rule-based tasks, in information-integration tasks,
the optimal strategy form combining variables is
not easy to verbalise (such as describing the visual
features that differentiate one person’s face from

all others).

Apart from general perceptual learning tasks
(such as object recognition), information-
integration tasks can involve the use of explicit
variables (such as the horizontal and vertical
length of line segments within a figure). In such
explicit cases, it has been demonstrated that for
continuous dimensions, subjects are more acute at
discriminating linearly-separable classes than non-
linearly separable (Ashby & Gott, 1988; Ashby &
Maddox, 1990). Although there is evidence that
working memory or explicit declarative memory is
not involved in information-integration tasks (e.g.,
with Temporal Lobe Amnesics showing normal
performance Filoteo, Maddox, & Davis, 2001a),
striatal damage (found in Parkinson’s disease)
has shown to affect performance on complex
(nonlinearly separable) but not simple tasks
(Filoteo et al., 2001a; Ashby et al., 2003). Thus
once again, depending on the nature of the task,
different cognitive systems may be employed.

Weather Prediction Tasks: In weather-
prediction tasks, categorical membership is prob-
abilistic rather than deterministic. That is, dur-
ing training, an example may be described as be-
longing to category A 60% of the time, and cate-
gory B for the remaining 40%. Commonly, the ex-
periment is conducted using tarot cards containing
unique geometric patterns, with the subjects being
required to judge whether the particular set of four
or so cards signifies ”rain” or ”sun.” In such experi-
ments, the rule is probabilistic, with 76% accuracy
being possible.

Weather prediction tasks differ from the other
tasks mentioned above primarily in the variance
of the strategies that subjects can use to solve
the task. According to Gluck, Shohamy, and
Myers (2002), subjects can utilise non-verbal
information-integration rules, explicit rules, or ex-
plicit memorization. Thus, the neural categorisa-
tions pathways that are employed (and hence the
models that would predict performance) vary with
the individual subject, rather than being related to
the task itself.
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Models of Category Learning

According to Ashby and Maddox (2005), mod-
els of categorization can be divided into three main
classes. Firstly, prototype models assume that a
single prototype is learned for each category, with
new stimuli being classified as the category with
the closest matching prototype. Secondly, exem-
plar models assume that categories are formed by
storing a set of known exemplars. In the classifi-
cation of new stimuli, the similarity to each exem-
plar is calculated, with the stimuli being classified
as the category with the highest overall similarity
Nosofsky (1986). Thirdly, decision bound theories
assume that the subjects partition the space into
response regions. New stimuli is categorised ac-
cording to which decision boundary it falls within
(Maddox & Ashby, 1993).

The following sections describe each of the main
model types in more detail, citing exemplars, and
describing which of the previously described tasks
they can be used to account for.

Prototype Models: Generally speaking, proto-
type theories assume that for each category a single
prototype is formed. The prototype is thought to
represents the central tendency of a category, such
as the arithmetic mean (Posner, 1969) or the mode
(Neumann, 1977) of each of the features. During
categorization, unseen stimuli are classified as be-
longing to the class with the closest matching pro-
totype (see E. E. Smith & Medin, 1981; Medin &
Smith, 1984; Homa, 1984, , for a review).

Prototype theories are best at explaining human
performance at prototype distortion tasks. In such
tasks it has been demonstrated that humans max-
imally respond to the prototypical case, even if
the prototype was never studied (D. et al., 1979;
Homa et al., 1981; Posner & Keele, 1968, 1970;
Strange, Keeney, Kessel, & Jenkins, 1970). In
such models, as only a single prototype is learned
for categories A and B, a linear decision bound-
ary will naturally form between them with stim-
uli falling either side being ”closer” to the seg-
regating concept prototype. Thus, prototype the-
ories are ill-equipped to model rule-based tasks
and information-integration tasks in which the cat-
egories are non-linearly separable based on the in-
put features.

Although standard machine learning techniques
such as logistic regression, bayesian classifiers
(e.g., Duda & Hart, 1973) and 2-layered neural
networks can store a single ”feature vector” for
each class, generally these features do not corre-
spond to the prototype, but to the features that dis-
criminate between the learned categories (i.e. non-
distinguishing features are often ignored). For this
reason, these techniques can be viewed as decision
bound models, and will be discussed later. By con-
trast, pure prototype models have not been utilised
widely in machine learning research. Examples in-
clude forming prototypes by using typicality mea-
sures (Zhang, 1992), using Monte Carlo sampling
and random mutation hill climbing (Shalak, 1994)
to form a prototype, and using a top-down splitting
mechanism to partition the input space into learn-
able prototypes (Datta & Kibler, 1995).

Exemplar Models: In exemplar models, each
training stimuli and their associated category are
explicitly remembered. During categorization,
novel stimuli are compared to all known exem-
plars. Category membership can either be obtained
from the best matching exemplar, the prominent
response in a collection of K exemplars, or can be
assigned to the category for which the sum of the
similarities is greatest

Exemplar models have been proposed as a gen-
eral learning mechanism, irrespective of task, and
have been used to explain human performance at
prototype distortion tasks, information-integration
tasks and rule-based tasks. However, such a ”uni-
fied theory” does not explain the subtleties within
each experimental paradigm. For example, they
do not predict that maximal performance will be
given to the unseen prototype in prototype dis-
tortion tasks. They also predict perfect perfor-
mance on previously seen stimuli in information-
integration tasks, conflicting with the experimen-
tal data. They have been used to model rule-based
tasks with limited success (i.e. they cannot account
for complex decisions such as those required for
the Bongard problems), but assume that attention
to each variable will be modified over time which
will affect the similarity computations (Kruschke,
1992; Nosofsky, 1991; Nosofsky, Clark, & Shin,
1989).

With respect to exemplar models of cate-
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gory learning, two of the most prominent mod-
els include Nosofsky’s generalized context model
(Nosofsky, 1984, 1986, 1992; Nosofsky & Zaki,
2002) and Kruschke’s Alcove model (1992). In the
generalized context model, the similarity between
the current example and previously stored exem-
plars is defined by an exponentially decreasing
function based on Euclidean distance (with each
feature dimension being potentially weighted).
The similarities are then transformed into a choice
probability, being equal to the sum of the sim-
ilarities for a given class, over the sum of the
similarities for all exemplars. The Alcove model
extends the generalized context model by adding
an error-driven learning mechanism for deriving
the attentional weights assigned to each input fea-
ture dimension. Dimensional attention learning al-
lows ALCOVE to fit human performance in situ-
ations when some stimulus dimensions are irrele-
vant (Shepard, Hovland, & Jenkins, 1961) or when
dimensions are correlated (Medin, Altom, Edel-
son, & Freko, 1982).

Decision Bound Models:Decision bound the-
ory assumes that subject partition the input space
into regions that respond to each category. In la-
belling novel stimuli, the category can be deter-
mined from which region the stimuli falls within
(Ashby & Gott, 1988; Ashby & Townsend, 1986;
Maddox & Ashby, 1993).

Decision bound theories can be used to ex-
plain both prototype-distortion tasks as well as
information-integration tasks. For example, Ashby
and Waldron (1999) experimentally demonstrated
that nonparametric models (either decision-bound
or exemplar models) could be used to explain em-
pirical studies of category leaning in information-
integration tasks.

Examples of decision bound models include
Ashby and Waldron’s (1999) striatal pattern clas-
sifier, Anderson (1991) rational model and Love,
Medin, and Gureckis (2004) SUSTAIN (Super-
vised and Unsupervised Stratified Adaptive Incre-
mental Network) model. Decision bound models
are also common within general machine learn-
ing and statistical approaches to categorisation.
Popular approaches include the use of neural net-
works (for a review see Palmeri & Noelle, 2002),
discriminant analysis and logistic regression (see

Agresti, 1996), and support vector machines (see
Christianini & Shawe-Taylor, 2000).

Hybrid Models

Although many models (such as standard
machine learning techniques) exist for mod-
elling human performance on prototype distortion
and information-integration tasks, modelling the
decision-making processes associated with rule-
based tasks are far more complex. The most
prominent model of human categorisation that in-
cludes rule-based learning is the COVIS model
(Competition between verbal and implicit sys-
tems) (Ashby et al., 1998). In this model it is
assumed that there are two competing pathways
to categorization: a non-verbal implicit pathway
from the inferotemporal cortex (where the visual
stimulus is represented at a high-level) through the
striatum (where the stimulus is mapped to a re-
sponse); and a verbal system including the anterior
cingulate (where potential rules are selected), the
prefrontal cortex (where the rules are evaluated),
through to the striatum (where the rule parameters
are learned). In this model, the pathway that pro-
vides the best performance on the given task takes
control in the striatum.

Although COVIS provides an explanation of the
different systems involved in different categoriza-
tion tasks, mechanisms to account for complex
rule-based categorization (e.g., the Bongard prob-
lems) have not been explored. As stated, such a
system would need to integrate several memory
systems (procedural memory, working memory,
semantic memory and episodic memory), utiliz-
ing the same processes involved in other high-level
perceptual tasks such as planning and analogy-
making. Prominent models of such high-level
problem solving include SOAR (Laird, Rosen-
bloom, & Newell, 1986; Laird, Newell, & Rosen-
bloom, 1987; Newell, 1990), ACT-R (Anderson,
1983, 1993; Anderson & Lebiere, 1998), mod-
els by the Fluid Analogies Research Group (Hofs-
tadter, 1995), and DUAL (Kokinov, 1994).

Future Directions

We believe that the area of human operator
modeling may be about to undergo a paradigm
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shift. Current academic and commercial systems
are based to a large degree on process models akin
to ACT (Anderson & Lebiere, 1998) and SOAR
(Newell, 1990). These systems have proven brittle
and require constant attention in order to capture
even fairly minor variations in the tasks they are
attempting to describe (Dennis, 2005).

An alternative is to treat operator modeling as
a machine learning task (Quesada et al., 2003b,
2003a). This approach emphasizes the collection
of large datasets. Rather than attempting to hand
craft the representations and control processes that
constitute the model, the objective is to infer these
from data using the impressive arsenal of tech-
niques available in the statistical learning litera-
ture (c.f. Hastie, Tibshirani, & Friedman, 2001).
Quesada has demonstrated that at least in the case
of representation learning adopting this approach
has significant advantages. It has been shown to
be capable of predicting the grades that flight in-
structors give to landings and to account for per-
formance in simulator exercises of firefighting and
plant operation (Quesada et al., 2003b, 2003a).
One particularly useful property of the approach
is that by varying the amount of data given to the
inference techniques one can capture differences
between novice and expert operators.

Within this general approach, there remain a
number of areas which will require additional at-
tention in order to make the current memory mod-
eling literature more applicable to human operator
simulation. In particular, we will comment on the
issues of content, context and control. How can we
build models that employ meaningful representa-
tions of stimuli (Steyvers et al., 2004; Kwantes, in
press)? What is context, how can we characterize
it computationally? How can we build systematic
models of the control of memory rather than the
current state of the art where control mechanisms
are constructed on a task by task basis (Dennis,
2005)?

Content

Memory models have traditionally used arbi-
trary and/or hand crafted representations of the
material to be learned. Thus words might be rep-
resented as vectors with random elements drawn

from a particular distribution. If it were neces-
sary to represent words which were assumed to be
similar (e.g., members of the same taxonomic cat-
egory) then the vectors might be crafted to contain
a common set of features plus a random compo-
nent. As outlined above, the same has generally
been true of systems for operator modelling.

With the development of connectionism it be-
came clear that it is possible to infer representa-
tions from data (Elman, 1991). However, typi-
cally these systems have proven difficult to apply
to large representative datasets as a consequence of
their computational complexity. As outlined in the
section on lexical semantics above, what has been
more successful is the use of machine learning
techniques such as the singular value decomposi-
tion). Both the work on Latent Semantic Analysis
(Landauer & Dumais, 1997) and Latent Problem
Solving Analysis (Quesada et al., 2003b, 2003a)
has shown that it is possible to induce representa-
tions of real world tasks that can be used to predict
behavior on a fine scale.

In addition, this approach has been imported
back into the memory literature. Steyvers et al.
(2004) showed that representations constructed by
taking the singular value decomposition of free as-
sociation norms were able to account for the ef-
fects of semantic similarity on episodic tasks, such
as recognition, cued recall and free recall. Further-
more, (Kwantes, in press) has shown how repre-
sentations similar to those produced by machine
learning techniques can be created using memory
mechanisms that are more psychologically plausi-
ble. This work is important as it strengthens the ra-
tional behind the use of the machine learning tech-
niques.

Sufficient progress has been made in the in-
duction of content to provide confidence that ap-
proaches based on this approach will be viable.
However, much remains to be achieved. In partic-
ular, current work has focused on constructing the
meanings of individual words or actions. Clearly,
however, systems capable of capturing relational
information will ultimately be an important com-
ponent of operator modeling systems. The work
on the Syntagmatic Paradigmatic model (Dennis,
2005) is an important first step in understanding
how such information could be induced, but more
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work is necessary.

Context

A limitation in applying the episodic memory
models to applied situations is the difficulty in
specifying episodes and events within episodes in
the real world. Many contemporary models of
human memory utilise fairly simplistic represen-
tational methods that presume a simple drift of
the contextual vector (Mensink & Raaijmakers,
1988; Dennis & Humphreys, 2001), although see
(Howard & Kahana, 2002) for an exception. In
unified models, like ACT-R, an episode is often
represented by a separate node in a spreading ac-
tivation network. However, episodes are probably
defined by the goals and intentions of the person.
Because there will typically be more than one goal
active at any time and because events may be re-
lated to several goals any simple partitioning of
the event stream or constant drift mechanism is un-
likely to be a sufficient characterization of contex-
tual change. For example, when watching a movie,
there are no clear cut ”episodes”. Rather there are
plots and subplots each of which overlap and inter-
leave to a significant degree.

Horvitz, Dumais, and Koch (2004) provide one
line of work which provides some insight into
how one might approach the problem of contex-
tual change within a machine learning framework.
They focused on identifying memory landmarks in
an email stream using a Bayesian network and a
support vector machine to build classifiers based
on supervised training data. A similar method
could be used to identify the starts and ends of
episodes in operator action streams. Furtherwork
is necessary, however, to determine the usefulness
of such a system.

Control

The area of control is one of the most difficult
questions in human operator modeling and in cog-
nitive science as a whole. The limitation of the
current generation of models in which the control
over the task the model performs is maintained by
the modeler not the model’s history, or the current
environment in which the model is operating is a
serious impediment to progress.

One reason that progress has been slow in this
area is the difficulty in finding empirical paradigms
that shed light on the nature of the control mecha-
nisms at play in any given task. Humphreys (per-
sonal communication) has suggested that one pos-
sible approach would be to adapt task switching
paradigms to look for priming between tasks. To
the extent that a task is influenced by preceding
tasks across changes in materials etc. we could in-
fer that elements of the control architecture of the
first task continued to be active during the execu-
tion of the second task. This seems like a promis-
ing approach to a difficult issue.

A second reason that progress has been slow is
that it has been unclear how the issue of control
might be addressed theoretically. In an important
first step, Dennis (2005) showed in the context of
verbal semantic memory how instructions can be
incorporated as an input to the model to capture
how subjects may switch between rating and cat-
egorization tasks and how they can use the same
background information in support of each. The
important development in this work is that the two
separate tasks are not modelled independently but
arise as emergent behaviors from a single memory
based system. However, the tasks employed are
simple and more comprehensive demonstrations
will be necessary.

Conclusions

We suspect that the area of human operator mod-
elling is about to undergo a transformation. Rather
than the large finely crafted models that predomi-
nate today, we will see a generation of far simpler
models that apply machine learning techniques to
large data sets of operator actions. To increase the
fidelity of these models, it will continue to be im-
portant to consider key memory phenomena and
models in the areas of short term memory, seman-
tic memory, episodic memory, prospective mem-
ory and categorization. Furthermore, we believe
that human operator modeling provides a useful
context to guide future empirical work and the next
generation of memory models. In particular, work-
ing in this context of use emphasizes the need to
address fundamental issues of content, context and
control.
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