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Toward a Network Model of the Articulatory Loop 
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The basic features of verbal short-term memory for serially ordered lists are reviewed. A 
feed-forward network model based on Baddeley’s concept of an “articulatory loop” is 
presented. One of its aims was to explore mechanisms for the storage of serial order infor- 
mation in the articulatory loop. Information is represented locally, learning is by “one-shot” 
Hebbian adjustment of weighted connections, corresponding to item-item and item-context 
associations, which decay with time. Items are modeled at the level of phonemes and 
phonemic output is fed back to the next phonemic input. At recall, items are selected serially 
by “competitive queuing.” Noisy activation values are used, resulting in errors during 
recall. Simulations of recall showed good agreement with human performance with respect 
to memory span, phonemic similarity, word length, and patterns of error. There was good 
but incomplete agreement on the shape of the serial position curve and on the effects of 
articulatory suppression. A simple modification is shown to produce the correct serial 
position curve. However, the model was unable to simulate human memory for sequences 
containing mixtures of phonemically similar and dissimilar items. A suggested modification 
which retains the central idea of using competitive queuing to select among noisy activation 
values is described. 0 1992 Academic Press, Inc. 

A considerable amount of empirical evi- 
dence suggests that human short-term 
memory is mediated by a relatively simple 
system with a highly restricted storage ca- 
pacity. For example, immediate recall of 
random sequences of verbal stimuli such as 
words, letters, or digits is inaccurate if the 
sequences are more than only a few items 
long (Miller, 1956). This limited span of 
short-term memory contrasts with the very 
much larger storage capacity of long-term 
memory. The limited capacity system re- 

This work was done while Neil Burgess was sup- 
ported by an S.E.R.C. Ph.D. studentship and, subse- 
quently, by the European Scientific Exchange Pro- 
gramme of the Royal Society and the hospitality of the 
Institute of Psychology of the C.N.R., Rome. We ac- 
knowledge many useful discussions we have had with 
M. A. Moore and J. L. Shapiro. We also thank G. 
Houghton for helpful private communications, D. 
Hintzman for trenchant comments on our original 
manuscript, and D. Bowie for help in preparing the 
manuscript. Requests for reprints should be addressed 
to Graham Hitch, Department of Psychology, Lan- 
caster University, Lancaster LA1 4YF, UK or Neil 
Burgess, Department of Anatomy, University College, 
London WCIE 6BT, UK. 

sponsible for span appears to be involved in 
a wide range of more general cognitive 
tasks. This assumption is implicit in the in- 
clusion of memory span in many tests of 
general intelligence (see, e.g., Terman & 
Merrill, 1961; Wechsler, 1955). It is explicit 
in a number of functional models which 
identify short-term memory with a general- 
purpose working memory (see, e.g., Atkin- 
son & Shiffrin, 1971; Baddeley & Hitch, 
1974; Broadbent, 1984). 

Psychological studies of short-term mem- 
ory have established that it involves multi- 
ple subsystems (see, e.g., Baddeley, 1986). 
The most important storage system in 
short-term memory for verbal stimuli ap- 
pears to be a phonological system which 
holds information about serial order. Bad- 
deley (1986) has presented a simplified 
model of this component which describes it 
as an articulatory loop. The main purpose 
of the present investigation was to con- 
struct and evaluate a network model of the 
articulatory loop. We begin by describing 
the concept of the articulatory loop and 
summarizing some of the behavioral evi- 
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dence supporting it. Having done this, we 
go on to consider the rationale for modeling 
and the particular approach we adopted. 

THEARTICULATORY LOOP 

Following Miller’s (1956) paper it became 
standard to assume that memory span re- 
flects the limited capacity of a single system 
for attention and short-term memory. How- 
ever, it has gradually become apparent that 
more than one system is involved (see, e.g., 
Baddeley & Hitch, 1974) and that an impor- 
tant limitation on span arises from the con- 
tribution of a specifically speech-based sub- 
system. Early evidence was the observa- 
tion that substitution errors in recall of 
visually presented sequences of letters tend 
to share phonemes in common with the cor- 
rect items (Conrad, 1964). Phonemically 
similar items are also particularly difftcult 
to recall (Baddeley, 1966) and Murray 
(1968) found that this effect could be abol- 
ished by requiring subjects to perform ar- 
ticulatory suppression, the repetition of re- 
dundant words such as “the-the-the,” dur- 
ing the memory task. Suppression therefore 
appears to disrupt phonological short-term 
memory. However, suppression does not 
reduce recall to chance levels (Estes, 1973; 
Peterson & Johnson, 1971), confirming that 
a second, non-phonological component 
contributes to performance. In the working 
memory model of Baddeley and Hitch 
(1974), this second component was seen as 
a limited capacity central executive, which 
could control the operation of the articula- 
tory loop. 

The articulatory loop is thought to be 
particularly concerned with retaining infor- 
mation about serial order. In the most re- 
cent account (Baddeley, 1986) it is de- 
scribed as a limited capacity phonological 
store coupled with a control process of sub- 
vocal rehearsal. Memory traces in the pho- 
nological store are assumed to decay in 1 or 
2 s unless refreshed serially by rehearsal. 
This simple model can give a coherent ac- 
count of the effects of word length, phone- 

mic similarity and articulatory suppression 
on short-term recall, as follows. 

The word length effect is the tendency 
for short-term recall to be poorer for longer 
than shorter words. Baddeley, Thompson, 
and Buchanan (1975) observed a linear re- 
lationship between the number of words re- 
called and the time taken to articulate them 
such that the amount subjects could recall 
equalled the number of words they could 
say in about 1 or 2 s, plus a constant. This 
relationship was interpreted in terms of the 
longer time taken in subvocal rehearsal of 
longer words allowing more trace decay. A 
simple metaphor is that of a closed tape 
loop which can store a 1 or 2 s sequence of 
“inner speech.” Baddeley et al. (1975) con- 
firmed this interpretation in subsequent ex- 
periments in which they demonstrated that 
the word length effect could be abolished 
by articulatory suppression. The phonemic 
similarity effect and its sensitivity to artic- 
ulatory suppression can also be explained 
in terms of the loop by assuming that it re- 
flects confusions among similarly coded 
items. 

The empirical evidence about the loop is 
not, however, quite as straightforward as 
has been described. In particular, it was 
discovered that whereas suppression re- 
moved the word length effect for spoken or 
visual stimuli, it removed the phonemic 
similarity effect only when stimuli were 
presented visually and not when they were 
spoken (Baddeley, Lewis, & Vallar, 1984). 
These findings suggested that although the 
phonemic similarity and word length effects 
are closely related, they must be carefully 
distinguished from one another. The model 
of the articulatory loop has been refined to 
accommodate these effects of presentation 
modality. It does so by maintaining that 
whereas the word length effect is due to 
rehearsal processes, the phonemic similar- 
ity effect arises within the phonological 
store. The modality-specific effect of artic- 
ulatory suppression can then be explained 
by assuming that visual stimuli, but not au- 
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ditory stimuli, have first to be recoded in 
order to enter the phonological store, and 
that this extra process involves subvocal- 
ization. Further evidence for the comple- 
mentarity of word length and phonemic 
similarity effects has come from analysis of 
the temporal limit associated with memory 
span (Schweickert, Guentert, & Hers- 
berger, 1990). 

The articulatory loop is still a relatively 
simple theoretical concept even when it is 
modified to account for the role of presen- 
tation modality and differences between the 
phonemic similarity and word length ef- 
fects. However, despite its simplicity, it 
has been shown to be a remarkably robust 
concept with considerable generality and 
applicability. The basic empirical effects on 
which it is based have been replicated sev- 
eral times. Furthermore, the model has 
been shown to account for a number of new 
findings. Foremost among these is the ten- 
dency for short-term recall to be disrupted 
by exposing subjects to unattended speech 
(Salame & Baddeley, 1982). This effect is 
explained by the assumption that unat- 
tended speech gains obligatory access to 
the phonological store, where it competes 
with traces of the memory items. The artic- 
ulatory loop has also been surprisingly suc- 
cessful in accounting for cross-linguistic 
differences in digit span. When the rate at 
which digits can be spoken in different lan- 
guages is taken into account and the under- 
lying temporal capacity of the loop is cal- 
culated, such differences largely disappear 
(Ellis & Hennelly, 1980; Naveh-Benjamin 
& Ayers, 1986). The developmental in- 
crease in the memory span of children has 
also been analyzed in terms of the articula- 
tory loop. For example, it has been found 
that the temporal capacity of the loop re- 
mains constant during development and 
that the improvement in span is predictable 
from an increase in speech rate as children 
grow older (Hulme, Thompson, Muir, & 
Lawrence, 1984; Hitch, Halliday, & Littler, 
1989). There have also been applications to 

routine cognitive skills such as reading and 
to the analysis of neuropsychological im- 
pairments (see, e.g., Baddeley, 1986). To 
sum up, the properties of simplicity, ro- 
bustness, generality, and applicability un- 
derpin the usefulness of the articulatory 
loop as a theoretical concept. 

Limitations of the Articulatory Loop 
Model: The Problem of Serial Order 

Although the articulatory loop is clearly a 
useful concept, it has some important limi- 
tations as an explanatory account. For ex- 
ample, given that one of its major functions 
is the preservation of order information, 
surprisingly little is said about how this is 
achieved, and some of what is said is 
clearly incorrect. As has been seen, the 
model accounts for the phonemic similarity 
effect in terms of increased difftculty in dis- 
criminating among the memory traces of 
similar items. This explanation is consistent 
with the well established finding that pho- 
nemic similarity tends to disrupt memory 
for the serial order of the items rather than 
memory for the items themselves (Wickel- 
gren, 1965a). However, there is only a hint 
of a mechanism here, and the model fails to 
explain important observations such as the 
tendency for phonemically similar items to 
be involved in paired transpositions- 
where one item is interchanged with an- 
other in recall (Conrad, 1964). More gener- 
ally, the model does not attempt to explain 
other aspects of order errors such as the 
tendency for paired transpositions to in- 
volve adjacent items (Conrad, 1964), nor 
the characteristic bowed shape of the curve 
relating probability of error to serial posi- 
tion (Murray, 1966). Where the model is ex- 
plicit about a mechanism for storing order, 
as in the tape loop metaphor, it is clearly 
unable to explain any of the above effects 
without additional elaboration. However, it 
remains an open issue whether the model 
can be extended to give an account of order 
errors. 

The problem of how serial order is re- 
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tamed in short-term memory is one aspect 
of the general problem of how serial order is 
remembered at all. This problem has a long 
history which includes Hull’s ideas about 
interitem associations, Lashley’s (1951) 
powerful critique of associative “chain- 
ing,” the idea of position-item or contex- 
tual associations, and various more com- 
plex proposals (see, e.g., Young, 1968). 
There have been numerous models which 
attempt to deal with serial order in short- 
term memory (see, e.g., Lee & Estes, 1981; 
Lewandowsky & Murdock, 1989; Shiffrin 
& Cook, 1978), by making different as- 
sumptions about the associations which en- 
code serial order, but they fail to deal fully 
with the pattern of phonemic similarity, 
word length, and articulatory suppression 
effects that are so well explained by the ar- 
ticulatory loop account. 

There is some evidence for interitem chain- 
ing from observations of “associative intru- 
sions” in recall (Wickelgren, 1%5b). These 
are errors involving switching the elements 
following repeats, as in the sequence a x b a y 
being recalled as a y b a x. However, simple 
chaining (that is, the recall of an item being 
prompted only by the recall of the previous 
item) would predict that sequences contain- 
ing repeated items would be extremely dif- 
ficult to recall and this is evidently not so 
(Jahnke, 1969). The existence of position- 
item associations is indicated by the obser- 
vation of “serial order intrusions” in recall 
(Conrad, l%O). These are intrusions where 
the error is the item that was correct (at that 
position) in the immediately preceding list. 
However, any purely positional account 
would of course have difftculty explaining 
associative intrusions. It seems probable 
therefore that an extended model of the ar- 
ticulatory loop will have to incorporate 
some mechanism for storing both interitem 
and position-item associations if it is to ac- 
count for behavioral data on the storage of 
order information in short-term memory. 

Rationale for Modeling 

We have argued that the Baddeley (1986) 

model of the articulatory loop captures 
some important regularities about short- 
term recall but fails to give a realistic ac- 
count of the problem of serial order. The 
simplicity of the model holds the attraction 
of making it easy to understand and apply, 
but it has the disadvantage of restricting its 
explanatory value. The primary motivation 
for constructing a network model of the ar- 
ticulatory loop was to specify a system 
which would retain the advantages of the 
present simplistic model, in accounting for 
the word length, phonemic similarity, and 
articulatory suppression effects, but which 
would deal more effectively with the prob- 
lem of serial order and with patterns of er- 
ror in recall. A successful model might also 
be expected to make some novel predic- 
tions and to generate insights into other re- 
lated phenomena. 

Approach to Modeling 

Any attempt to build a network model of 
the articulatory loop must adopt an ap- 
proach falling somewhere between two ex- 
tremes. At one end is a top-down approach 
which attempts to implement the current 
concept of the articulatory loop. At the 
other is a bottom-up approach which at- 
tempts to identify the computational prob- 
lem that is solved by phonological short- 
term memory. We rapidly rejected an en- 
tirely top-down approach on the grounds 
that it would be impractical given the un- 
derspecification of the articulatory loop as 
described by Baddeley (1986). In any case, 
our network model was intended not 
merely as an implementation of the articu- 
latory loop, but as a development from it 
which would include a solution to the prob- 
lem of serial order. To satisfy this goal a 
bottom-up approach seemed more appro- 
priate. This takes the computational prob- 
lem of storing information about the serial 
order of an unpredictable series of verbal 
stimuli during a single presentation as its 
starting point. It then goes on to ask if the 
solution to this computational problem is a 
system which behaves similarly to what is 
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already known about the articulatory loop. 
However, it is important to appreciate the 
practical reality that no bottom-up ap- 
proach to modeling can proceed without 
the intrusion of insights from known human 
data and without influence from previous 
thinking. This was certainly the case here, 
as will be clear in the selection of con- 
straints to guide model building and, in par- 
ticular, in an early decision to include item- 
item and context-item associations. 

EMPIRICAL CONSTRAINTS ON MODELING 

In the following section, we describe the 
empirical constraints from human data 
which were considered important in deter- 
mining the architecture of the model. These 
include effects that are currently attributed 
to the articulatory loop and, in addition, 
others we judged basic to people’s ability to 
remember the order of series of items im- 
mediately after a single presentation. 

a. Decline in immediate recall with in- 
creasing list length. Although any model 
ought to predict the limit on the span of 
short-term memory to about seven items, 
this is only a relatively crude index of per- 
formance. The mechanism for storing serial 
order has an even more limited capacity 
than is implied by span, as shown by the 
function relating the probability of correct 
recall to sequence length. Figure 1 illus- 
trates this function for sequences of audito- 
rily presented digits using data reported by 
Guildford and Dallenbach (1925). It is clear 
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FIG. 1. The fraction of lists of digits that were cor- 
rectly recalled versus list length, adapted from Guild- 
ford and Dallenbach (1925). 

that recall is virtually perfect up to about 
five digits and that the proportion correct 
drops dramatically thereafter to reach zero 
by sequence length 10. One of the targets 
for modeling was to reproduce the general 
form of this function. 

b. Phonemic similarity, word length, and 
articulatory suppression. One of the suc- 
cesses of the current articulatory loop 
model is its ability to account for the dis- 
ruption to short-term recall arising from in- 
creasing phonemic similarity of the items 
(Baddeley, 1966) and from increasing word 
length (Baddeley et al., 1975), and the sen- 
sitivity of these effects to articulatory sup- 
pression. It was considered fundamental 
that the network should show these effects. 

c. Shape of the serial position curve. The 
serial position curve is one of the best 
known aspects of short-term recall. It char- 
acterizes performance for sequences of in- 
termediate length, where performance is 
breaking down for part but not all of the list. 
An important determinant of the shape of 
the serial position curve is whether items 
are presented visually or auditorily (Crow- 
der, 1972). As can be seen in Fig. 2, there is 
a clear primacy effect for both methods of 
presentation, corresponding to a decline in 
accuracy from the start of the sequence on- 
wards. However, superimposed on this ten- 
dency is a recency effect which is markedly 
greater for auditorily presented items, and 
which is restricted to the final item. The 
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FIG. 2. The fraction of digits correctly recalled at 
each serial position in lists of nine digits. Visual pre- 
sentation: full line, simultaneous visual and oral pre- 
sentation: dashed line, adapted from Crowder (1972). 
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present account of the articulatory loop has 
very little to say about this phenomenon 
(Baddeley, 1986). Therefore, an immediate 
problem is whether to attempt to simulate 
both forms of presentation or just one, and 
if the latter, which. 

Conventional accounts of the influence 
of presentation modality on the shape of the 
serial position curve have maintained that it 
reflects the operation of a speech-specific 
auditory input store (Crowder, 1972). How- 
ever, this explanation has been seriously 
challenged by more recent data (Gardiner, 
1983) and there is at present no generally 
accepted account. Given that the articula- 
tory loop is assumed to be a mechanism 
that is fed by visual or auditory input, the 
obvious choice here was to model features 
of performance common to both presenta- 
tion modalities. Therefore, the initial target 
for simulation was the serial position curve 
for visual presentation. Since the recall 
data suggest that whatever is responsible 
for auditory recency is additive to this com- 
mon system, it seemed reasonable to regard 
extension of the model to account for the 
modality effect as a longer-term goal. 

d. Types of recall error. An error in re- 
calling an individual item from a sequence 
must be either an order error, where an 
item drawn from elsewhere in the presented 
sequence is reported, or an item error, 
where an item from outside the presented 
sequence is reported, or an omission. By 
far the greater proportion of errors are or- 
der errors (see, e.g., Aaronson, 1968; Bjork 
& Healey, 1974), and these often involve 
paired transpositions where the positions of 
two items from the sequence have been in- 
terchanged. Conrad (1964) presented data 
showing that the majority of paired trans- 
positions involve adjacent items, e.g., the 
sequence a b c d e f recalled as a b d c e f. 
He found that the frequency of paired 
transpositions declines with the number of 
intervening items. Paired transposition er- 
rors are impossible to explain in terms of a 
simple chain of interitem associations, and 
so accounting for their occurrence was a 
key target for the present simulation. 

e. Phonemic confusion and order errors. 
It has already been noted that errors where 
one item is substituted for another tend to 
share phonemes in common. Conrad (1964) 
published a confusion matrix showing that, 
for example, f is more likely to be substi- 
tuted by s than t. It has also been noted that 
short-term recall is disrupted when the pre- 
sented items are phonemically similar and 
that this effect is associated with an in- 
crease in order errors (Wickelgren, 196%). 
It was considered fundamental that the sim- 
ulation should have these properties. 

Note that constraints c and d refer to em- 
pirical data outside the scope of the simple 
concept of the articulatory loop, while the 
others refer to effects for which the loop 
does provide some form of explanation. 
The goal of simulation was to build a model 
satisfying the above constraints and to ex- 
plore its ability to account for other aspects 
of short-term recall. 

A NETWORKMODEL OFTHE 
ARTICULATORY LOOP 

Connectionist Modeling Background 

Part of the problem of modeling short- 
term memory is that it requires a network 
with unusual characteristics. The net must 
be able to encode a novel sequence of stim- 
uli in a single presentation and then recall 
the stimuli immediately in the correct or- 
der. Most network models of memory at- 
tempt to solve the problem of storing large 
numbers of patterns without regard to their 
order, and the application of network mod- 
eling techniques to problems involving tem- 
porally ordered behavior is relatively new 
(see, e.g., Jordan, 1986). 

Most of the work on creating explicit 
“neural network” models can be divided 
into two areas: 

1. Networks in which units are arranged 
in layers; activity in the units of one layer 
feeding forward to the next layer. The input 
and output information is often (but not 
necessarily) represented locally, i.e., each 
item is represented by the activity of a sin- 
gle unit. 
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2. Networks in which each unit is con- 
nected homogeneously to a fraction of all 
the other units. Information is distributed 
throughout the pattern of activity of all the 
units. The archetypal example of this kind 
of network is the Hopfield model (Hopfield, 
1982). 

There have been some models of short- 
term memory based on modified Hopfield 
models (Hopfield, 1982). The Hopfield 
model can be changed in a variety of ways 
so that a limited number of the most recent 
patterns of activity can always be stored 
(Parisi, 1986; Nadal, Toulouse, Changeux, 
& Dehaene, 1986; Mezard, Nadal, & Tou- 
louse, 1986). Of these only a few have been 
compared with psychological phenomena 
(e.g., Nadal, 1987; Virasoro, 1989) or with 
human data (e.g., Burgess, Moore, & Sha- 
piro, 1989; Burgess, Shapiro, & Moore, 
1991). However, actual models of recall 
within the Hopfield paradigm are very 
scarce (see Amit, Sagi, & Usher, 1990, for 
a model of Sternberg fast scanning) and 
none model the serially ordered recall of 
whole lists. 

A temporal sequence of patterns can be 
stored in a Hopfield network by using Heb- 
bian learning (see below) that partly stores 
each pattern and partly stores the associa- 
tion between previous patterns and subse- 
quent patterns. The network can be made 
to cycle through the various stored patterns 
in order. This has been done in many 
slightly different ways (see, e.g., Kleinfeld, 
1986; Buhmann & Schulten, 1987; Amit et 
al., 1990). However, although order infor- 
mation can be stored as a temporal se- 
quence of patterns of activity, the kinds of 
errors typically made by humans denies 
this type of system. It is hard to see how 
such a system would make order errors on 
recall such as paired transpositions. If er- 
rors were made in the temporal sequence of 
patterns of activity it is unlikely that each 
pattern would still be visited once or that 
the temporal positions of a pair of patterns 
could be transposed. The same difliculty 
applies to models which involve error back- 

propagation through time (Rumelhart, Hin- 
ton, & Williams, 1986) and back- 
propagation with feedback (Jordan, 1986; 
Elman, 1990), added to the necessity of re- 
petitive learning with such models. 

There is a longer history of memory mod- 
eling using layered networks and local rep- 
resentations, particularly with “on-center 
off-surround” models in which connections 
are excitatory between nearby units and in- 
hibitory between distant units. There are 
many interesting properties shown by net- 
works with this type of architecture (see, 
for example, Kohonen, 1984; Grossberg, 
1987). Given the speech-like nature of the 
articulatory loop one of these, Houghton’s 
(1990) “competitive queuing” model of 
speech production, is particularly interest- 
ing. In his model of the production of a se- 
rially ordered string of sounds, each pho- 
neme is represented by a single node. The 
main feature of the model is that nodes can 
be active before their articulation, the most 
active node being selected by a “competi- 
tive filter” (see below). This, together with 
the way that nodes are temporally cued, re- 
sults in the coarticulation effects necessary 
in a realistic model of speech production. 
Although the model does not use “one 
shot” learning, this is mainly to prevent or- 
der errors. The pronunciations of words are 
learned gradually and are stored in long- 
term memory. It is Houghton’s method of 
temporal cuing that necessitates repetitive 
learning and does not seem appropriate 
here. However, the selection and subse- 
quent suppression of each item by a com- 
petitive filter seems a natural choice for our 
model of the articulatory loop. 

BRIEF OUTLINEOF THE MODEL 

We use a layered architecture (see Fig. 3) 
in which information is locally represented 
by nodes taking activation values between 
+ 1. Positive activation values represent ac- 
tivity above background or resting levels, 
and only positive activation values are 
propagated forward between layers via 
weighted connections. The activation value 
of each node depends on the weighted sum 
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FIG. 3. An outline of the architecture of the model. 

of the activations of nodes to which it is 
connected. The activation values of nodes 
are “noisy”: they do not respond perfectly 
but include a small random element. Learn- 
ing takes place by “one-shot” Hebbian ad- 
justment of the weighted connections. 

Presentation and articulation of items is 
modeled at the level of phonemes. The pre- 
sentation of an item excites a layer of “in- 
put phoneme” nodes, and the articulation 
of an item involves exciting a separate layer 
of “output phoneme” nodes. The phone- 
mic output for one item is fed back to excite 
the phonemic input for the next. That is, 
there is a set of feedback weights which 
store item-item associations or links. It is 
by this feedback that the model forms a ba- 
sic “articulatory loop.” A second set of 
weights stores context-item associations; 
the relative influence of these two mecha- 
nisms can be varied and is an important free 
parameter of the model. The “context” for 
each item is represented by a random pat- 
tern of activation which alters progres- 
sively with the passage of time. These two 
sets of “temporary” weights are “learned” 
during a single presentation of a series of 
stimuli. They also decay with time. 

The associations between a word or let- 
ter and its constituent phonemes necessary 
for its recognition and articulation are 
stored in “permanent” weighted connec- 
tions. Presenting the “input phoneme” and 
“context” states of a word excites the node 
corresponding to that word which, if se- 
lected, excites the relevant “output pho- 
neme” nodes. The articulation of each 

word in the list is achieved by “competitive 
queuing”: a “competitive filter” (in which 
there is strong lateral inhibition) selects the 
most active word node and then suppresses 
it before recall of the next word. 

The model can perform rehearsal in this 
way: the temporary weights that store as- 
sociations for a particular item are automat- 
ically refreshed (by Hebbian adjustment) 
each time an item is rehearsed. Thus tem- 
porary weights do not decay to zero and the 
associations that they store may change. 
Thus “recall” of the list can be triggered 
many times. Errors in recall (that is, select- 
ing the wrong item nodes, or selecting the 
right nodes in the wrong order) occur ac- 
cording to the amount of noise that is intro- 
duced into the activation levels. 

It should be noted that the use of perma- 
nent connections to store associations be- 
tween words or letters and their constituent 
phonemes is an obvious simplification since 
unfamiliar nonsense words can also be 
stored in phonological short-term memory 
(see, e.g., Gathercole & Baddeley, 1989; 
Hintzman, 1967). However, this simplifica- 
tion was regarded as a reasonable starting 
point given that most data on human behav- 
ior are concerned with familiar stimuli and 
given that the model could be simply mod- 
ified to allow weights connecting the pho- 
neme and word layers to be learned at pre- 
sentation . 

DESCRIPTION OF THE MODEL 

Four layers of nodes feed directly from 
one to the next: a layer representing input 
or presented phonemes, a layer represent- 
ing each word, a related “competitive fil- 
ter” layer that selects which word to artic- 
ulate and a layer representing output or ar- 
ticulated phonemes. 

Feedback occurs in two places. There is 
strong inhibitory feedback from the com- 
petitive filter to the word nodes (to sup- 
press a word node after the word has been 
articulated) and excitatory feedback from 
the output phoneme nodes to the input pho- 
neme nodes. Excitatory feedback allows 
the articulation of a word to excite the input 
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phoneme nodes corresponding to the next 
word in the sequence during rehearsal or 
recall (we refer to this as “chaining”). For 
simplicity the model does not distinguish 
between subvocal rehearsal of a list and ac- 
tual vocal recall of a list. 

The “Context” Layer 

The context layer feeds forward to the 
word nodes and is used to represent all the 
nonphonological information in the input, 
including temporal information. As far as 
possible, the context and the input pho- 
neme layer (see below) were made to have 
similar characteristics. There were thus 50 
context nodes. During the presentation of 
each word a random two-thirds of these are 
updated and the remainder are left unal- 
tered. Of the updated nodes, a randomly 
chosen subset of six are given a nonzero 
activation comparable to the average acti- 
vation in the phoneme layers. The remain- 
der are given an activation of zero. In this 
way, an average of only nine context nodes 
are active during the presentation of any 
item. Importantly, the fact that some con- 
text nodes are not updated when a new 
word is presented gives some time correla- 
tion to the patterns of activation for succes- 
sive inputs. Thus the similarity of the acti- 
vation patterns for two words will on aver- 
age vary monotonically with their temporal 
separation in the input sequence. 

How Activations Propagate 

The activity of all other (i.e., noncontext) 
nodes is determined by the activities of the 
nodes to which they are connected. The ac- 
tivity a,(t) of a node onto which arrive con- 
nections (of “weight” Wii> from c nodes 
each of positive activity {ai > 0, i = 1 to 
c} is updated at time t according to the 
weighted sum of activities, 

a,@ + 1) = f i Wijdt) 
l i 

, (1) 
i=l 

wherefis a squashing function which keeps 
the value of aj between - 1 and + 1. Note 
that only positive activation values are 

propagated and updating is done in parallel 
(i.e., synchronously). 

This equation shows the activity of an 
immediately reactive node, i.e., one which 
responds to the signals it receives as soon 
as it is updated. If a node has been sup- 
pressed to a very inactive state (denoted by 
a negative activation level), or if it is in the 
competitive filter (which is updated on a 
much shorter time scale than other layers) 
its activity does not change so immedi- 
ately-but depends partly on its previous 
value according to: 

aj{f + 1) = &j(t) + C W&t)). (2) 

i=l 

Selecting a Word in Recall 

The output of each word involves a cycle 
in which the most active word node is se- 
lected, exciting its corresponding output 
phoneme nodes, and it is then suppressed. 
This is done by “competitive queuing” 
(Houghton, 1990), as follows. Each word 
node connects to a competitive filter node 
with an excitatory connection. Thus the 
competitive filter initially reproduces the 
pattern of activation of the word layer. 
However, there is strong lateral inhibition 
between nodes in the competitive filter (cj) 
which, after relatively few iterations of the 
activations in this layer, results in the cf 
node connected to the most active word 
node suppressing all the other cf nodes to 
negative activation levels. The winning cf 
node then excites the output phoneme 
nodes corresponding to the selected word 
node. 

There are also strongly inhibitory con- 
nections from each competitive filter node 
back to the corresponding word node. Thus 
the next time the word layer is updated the 
selected word node is suppressed by the 
winning competitive tilter node (see Fig. 4). 

Connections, Weights and Learning 

There are three types of connections be- 
tween nodes: “hard wired” connections, 
prelearned permanent connections, and 
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Competitive 

Output Phoneme Layer 

Output Phoneme Layer 

Details of Feedback: 

Input Phoneme Layer 

._______. Temporary Hebbian Weights - all are excitatory 
and feedforward (i.e. down) only. 

__ Permanent Hebbian Weights - all are excitatory 
and feedfoward only. 

*111, , , , ,  Hardwired Excitatory Weights - feedforward only. 

. . , . , Hardwired Inhibitory Weights - direction indicated 

FIG. 4. A schematic representation of the model of 
the articulatory loop-in reality there are more nodes. 

temporary connections which are learned, 
and decay, during an experiment (see 
Fig. 4). 

The temporary weights decay with 
elapsed time. We (crudely) take the amount 
of time that elapses during the presentation 
or rehearsal of a word to be proportional to 
the total number of phonemes output. 
Thus the decay of a temporary weight dur- 
ing the presentation or rehearsal of a word 
containing n phonemes is 

W, - A”WG, 

The lateral inhibition in the competitive 
filter layer, the one-to-one excitatory con- 
nections from word nodes to competitive 
filter nodes and the one-to-one inhibitory 
feedback to the word nodes are hard wired. 
The values of the connection weights do 
not change and are the same for all connec- 
tions involved in the same task. 

where A is the decay factor per (phonemic) 
time step. 

The Word Layer 

Learning (i.e., weight modification) only 
occurs in excitatory connections and is 
achieved by “one-shot” Hebbian incre- 
ment of connections between two nodes 
with positive activation. 

For most of our simulations we use the 
letters of the alphabet as the vocabulary of 
the system. Accordingly there are 26 
“word” nodes, one for each letter. To in- 
vestigate the word length effect systemati- 
cally we sometimes use a vocabulary of 
“random words,” i.e., “words” made 
from random selections of phonemes, with 
different numbers of phonemes per word. 

Permanent connections store the associ- As described above, the weighted con- 
ations enabling the “recognition” and “ar- nections between the input phoneme layer 
ticulation” of individual words. These are and the word layer for the recognition of all 
the connections which excite the relevant the words in the vocabulary are prelearned, 
word node when the corresponding input and are permanent. For example, to learn 
phoneme nodes are active or excite the rel- to recognize the letter c the input phoneme 
evant output phoneme nodes when a par- nodes for “s” and “ee” and the word node 

ticular word has been selected by the com- 
petitive filter. The weights for these con- 
nections are preleamed before the model is 
presented with immediate recall tasks. 

Temporary weighted connections are 
used to learn (i) the association between the 
state of the context nodes when a word is 
presented and the corresponding word 
node, and (ii) the association between the 
output phonemes of a word and the input 
phonemes of the next word. 

If a connection of weight Wti connects 
two nodes of activity a, and uj then learning 
implies 

ifai>Oandaj>O 
then W, = caiaj, (3) 

where E is a parameter governing the size of 
the weights (see implementation). 
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for c are activated and connection weights 
are incremented according to Eq. (3). 

Thus activation of input phoneme nodes 
“s” and “ee” will cause activation of the 
word node c; it will also cause lesser acti- 
vation of the word nodes b d e g p t v s x 
which will also have excitatory connections 
to either “s” or “ee.” We opted to see how 
much could be achieved by making the sim- 
plest possible choice of phonological cod- 
ing. Thus, the phoneme nodes were not or- 
dered in any way, and so the system would 
treat “s-ee” and “ee-s” as equivalent. For 
most stimuli and in particular those used in 
testing the model, this simplification does 
not lead to any errors of recognition. 

There are also excitatory connections 
from the context layer to the word layer. 
These learn the association between each 
word and the context state for each word. 
Thus, if at recall the nodes in the context 
layer have the pattern of activation that co- 
incided with presentation of the first word, 
the corresponding word node will be acti- 
vated. As with the input phoneme nodes, 
there will be nodes that are active in the 
context state for more than one word. Be- 
cause of the way context is assumed to 
vary, the overlap will be greatest for words 
that are adjacent in the list. Thus, if the 
context nodes are in the pattern of activa- 
tion for the first word, the corresponding 
word node will be the most active, but oth- 
ers will also be active (particularly the sec- 
ond word node)-but to a lesser degree. 

The connection weights from the context 
layer are learned on the presentation of 
each word and decay with time (see above). 
Each time a word node is selected during 
rehearsal the temporary weights between 
the current context state and that word 
node are relearned. 

A fraction Fph of the activation of a word 
node is determined by the input phoneme 
layers and 1 - Fph by the context layer (see 
“Setting Correct Weight Strengths”). Dur- 
ing rehearsal or recall some word nodes will 
be active before their time of recall, irre- 
spective of which layer is driving the word 

layer. The competitive queuing (see above) 
serves to select the most active node each 
time a word should be recalled and then to 
suppress it in time for the next word to be 
recalled. 

The Phoneme Layers 

There are 53 input and output phoneme 
nodes, one for each possible phoneme. For 
simplicity, no attempt is made to represent 
the similarity space of phonemes. Most of 
the phoneme nodes are not used in lists of 
letters of the alphabet, although they are all 
used to make up “random words.” Output 
phoneme nodes are excited by activation in 
a competitive filter node. The excitatory 
connections required to articulate a word 
are preleamed. For example, to learn to ar- 
ticulate c, the competitive filter node cor- 
responding to word node c and the output 
phoneme nodes “s” and “ee” are acti- 
vated, and the connection weights are up- 
dated according to Eq. (3). 

The input phoneme nodes are excited by 
temporary connections from the output 
phoneme layer. These connection weights 
store item-item associations, referred to 
here as chaining weights. They are learned 
during presentation and decay with time. 
During the presentation of a word, the cor- 
responding input phoneme nodes are acti- 
vated while output phoneme nodes corre- 
sponding to the phonemes in the preceding 
word are still active. The chaining weights 
are incremented according to Eq. (3). Thus, 
during recall or rehearsal, the “saying” of 
each word will excite the input phoneme 
nodes for the next word. 

There is opportunity for erroneous acti- 
vation of input phoneme nodes (as there is 
for word nodes) if words in a list share pho- 
nemes. For example in the list a b f c q, 
excitatory weights will be learned from out- 
put phoneme node “ee” to input phoneme 
nodes “e,” “f,” “ kh,” and “uu” (in the 
associations b * f and c H q). Thus when 
letter b is output the input phoneme nodes 
for f will be excited, but so will (to a lesser 
extent) the input phoneme nodes for q. 
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During recall/rehearsal the chaining 
weights are relearned each time a word is 
articulated. 

These decaying chaining weights which 
store phonemic item-item associations and 
must be relearned during rehearsal are our 
interpretation of a decaying phonological 
store. For example, we interpret articula- 
tory suppression as putting these weights 
out of action (i.e., preventing them propa- 
gating activations). 

There are two immediate constraints on 
the size of connection weights in the pho- 
nological store: 

(i) When a word is presented (i.e., its in- 
put phoneme nodes are excited) the corre- 
sponding word node should become equally 
excited whether the word contains many or 
few phonemes. 

(ii) Nodes corresponding to words that 
share phonemes with an input word should 
be less activated by the input phoneme 
nodes than the node for the inputted word 
itself. 

These are made harder to satisfy by the fact 
that words within a list may be of different 
lengths and may have phonemes in com- 
mon. 

The prescription we have used is to en- 
sure that the phoneme nodes corresponding 
to the input or output of a word of IZ pho- 
nemes have activity proportional to l/6. 
The two most obvious choices of having 
activity independent of n or proportional to 
l/n (so that the total phonemic activity for a 
word is independent of n) will not satisfy (i) 
and (ii), whatever the choice of strengths 
for the other weights in the model. 

Noise 

Up to this point we would have a system 
which could recall perfectly. However, the 
occurrence of errors in humans is both fun- 
damental and instructive: a realistic model 
must also show this type of unreliability. 
The behavior of microscopic biological sys- 
tems tends to be probabilistic, i.e., while 
behavior averaged over time or over many 

systems depends on an external influence, 
the behavior of, say, an individual neuron 
at a particular time is erratic. So a natural 
choice for our model is to put noise equally 
into the rule determining the activation 
level of nodes. The success of this choice 
should be judged by how humanlike the re- 
sulting errors are. Accordingly we adapted 
Eq. (1) to become 

where q is a random variable taking values 
uniformly between +a. Equation (2) 
changes similarly. The strength of the noise 
is determined by u. This also introduces 
noise into the connection weights through 
Eq. (3). Note that the bounds +l on the 
activity of a node are not rigid. If a node has 
an activation level of very nearly 1 in Eq. 
(l), the addition of noise as in Eq. (4) could 
make its activation greater than 1. 

The introduction of noise ensures that 
the decay of the temporary weights has an 
effect. Without noise, decay would result in 
the typical levels of activation in the system 
continually decreasing, but not necessarily 
in any change of behavior. With noise the 
level of activation of the nodes in a layer 
must be large in comparison to the level of 
noise or the information held by the layer 
will be lost. 

If the system is not making mistakes then 
a temporary weight will decay by AM be- 
tween each relearning, where M is the total 
number of phonemes in the list. The acti- 
vation levels of nodes in the word layer will 
decrease by the same factor. Errors will oc- 
cur when the activation level of word nodes 
is low enough for the noise term in Eq. (4) 
to be significant in determining which one is 
the most active. Thus the length of a list 
that the model can recall without error 
should be determined by M, i.e., by the 
time taken to articulate a list (within our 
approximation that all phonemes take the 
same length of time to articulate). 
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Rehearsal and Relearning 

During recall or rehearsal the temporary 
weights are relearned to prevent them from 
decaying to zero. With the output of each 
word there occurs Hebbian relearning of 
both sets of temporary weights. The tem- 
porary weights storing the (context-word 
or output phoneme-input phoneme) associ- 
ations for a particular word are only incre- 
mented if that word is selected in rehearsal. 
For the chaining weights between output 
and input phoneme layers this cannot be 
otherwise; the only output phoneme nodes 
that are excited at any one time are those 
corresponding to the most recently selected 
word. In the context-word weights, re- 
learning occurs only in those weights con- 
nected to the word node corresponding to 
an active competitive filter node (i.e., the 
most recently selected word node). Note 
that if a word is omitted in recall its tempo- 
rary weights will continue to decay, and 
when an error occurs the erroneous con- 
text-word and phonemic associations will 
be learned. 

We want temporary weights only to de- 
crease by means of decay, so if the connec- 
tion weight W, is already greater than Eaiaj 
before learning, no change should take 
place. Hence Eq. (3) becomes 

WiJit + 1) = 

i 
wO)aJ(t) 
wljo> 

~t~f$s~. dOa#, t51 

Thus temporary weights can only be in- 
creased by relearning; they are only de- 
creased by decaying. This change only af- 
fects the temporary weights; permanent 
weights are incremented once each from 
zero so that, for them, Eqs. (3) and (5) are 
equivalent. In this paper we only consider 
immediate recall, involving a single re- 
hearsal, in any detail. 

Setting Correct Weight Strengths 

The size of the connection weights will 
determine the typical activation values of 
excited nodes in the various layers. The 

size of a weight is set by the value of E 
during learning in Eq. (3). We can calculate 
the values of E that will result in the desired 
activation values. If the desired running ac- 
tivation levels for word, input phoneme, 
output phonemeLand context nodes are 
A wd, l/G, l/d/n, and A,, respectively, 
then the correct learning strength E for 
weights can be calculated from Eq. (1). For 
example, the learning strength for weights 
from the context to word layers is: E = (1 - 
F&f- l(Awd)/&,,dA~t~act. Thus weights 
learned according to Eq. (3) when context 
and word nodes have activation A,, and 
A,, will be of the correct strength to ensure 
that these nodes will have activations A,, 
and A, when they are excited during re- 
hearsal/recall. 

For the hard wired connections all 
weights sharing the same function have the 
same value; e.g., weights from the word 
layer to the competitive filter are all + 1 .O. 

The decay of temporary weights means 
that the activation values of word nodes 
will also be lower by a factor of AM after 
each rehearsal. Thus during Hebbian re- 
learning the learning factor E must be in- 
creased to e/AM if relearned weights are to 
have the same magnitude as before decay 
(otherwise all activation values will decay 
by AM for each rehearsal until they are lost 
in the noise). 

Parameter Values 

To determine the weight strengths we use 
in the model we must decide on the activa- 
tion values we want for excited nodes in 
layers other than the phoneme layers. 
These are as follows: 

A,, = 0.50 so that the context layer is as 
comparable to the input phoneme layer as 
possible. 

A,, = 0.50 for convenience-this value is 
not important. 

A = 0.25-any small value will do, so 
thatwieight strengths to the word layer are 
relatively low and previously suppressed 
word nodes will not often become reexcited 
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and get repeated (repetition errors are rare i. The input phoneme nodes are set 
in the human data). to the phonemic activity of the it, 

A = 0.9%this cannot be much smaller 
word. Two-thirds of the context 

than 1 or else at the beginning of recall the 
nodes are updated. 

temporary weights for early items in the list 
ii. The “chaining” weights from the 

will be very much smaller than those for 
output phoneme layer to the input 

later items. If this happens later items will 
phoneme layer are learned using 

be recalled in place of earlier ones, but not 
Hebbian learning as in Eq. (5); the 

because of either of the confusion mecha- 
output phoneme nodes are still ac- 

nisms intentionally in the model (confusion 
tive from the articulation of the 

in the context or phoneme layers). 
last word. Note that for the first 

It is hard to see what the remaining two 
word in a sequence the output 

parameters in the model should be without 
phoneme nodes are zero and no 

reference to the human data; these are: weights are changed. 
iii. The word nodes (particularly the ith 

F,,-the fraction of input to the word word node) are excited by the input 
nodes from the phonological store rather phoneme nodes and suppressed by 
than from the context nodes; this will de- the competitive filter nodes (gener- 
termine the strength of effects dependent ally only the (i - l)th word node is 
on phonemic similarity and item-item asso- suppressed). The weights from the 
ciation (i.e., “chaining”). context layer to the ith word node 

u-the amount of noise in the activation are learned as in Eq. (5). See Eqs. 
levels of nodes; this will determine the ca- (1) and (2) for how activation levels 
pacity of the model. are updated. Note that for the first 

Thus we left only two independent param- 
word in a sequence this is the only 

eters to vary during simulations of the 
learning that takes place. 

model. 
iv. The competitive filter nodes are 

updated several times. The hard 
Simulation Procedure wired connections from the word 

The procedure to model presentation and 
nodes and strong lateral competi- 

rehearsal/recall is as follows (see also Figs. 
tion result in the node connected to 

3 and 4): 
the most active word node (the ith) 
dominating and suppressing all the 

l All nodes and connection weights are others. 
set to zero (excluding the “hard wired” 3. The output phoneme nodes are ex- 
connections which are fixed). cited by the winning competitive filter node 

l Prelearning. The association between (i.e., the only active competitive filter 
the input phoneme nodes corresponding to node) to show the phonemic activity of the 
a word and the relevant word node is ith word. 
learned. Similarly the association between 4. Decay. The temporary weights (be- 
a competitive filter node (corresponding to tween the output and input phoneme layers 
a selected word) and the relevant output and the context and word layers) decay by 
phoneme nodes is learned. factor A for each output phoneme excited in 

l Presentation. 1. Initialization. A se- stage 3. 
quence of words to be learned is chosen. 5. Return to 2(i) for the next word. 
The context nodes are set to a random ini- 0 Recall/rehearsal (deliberately similar 
tial state. to presentation): 

2. Presentation and learning of the ith 1. Initialization. The word nodes are 
word. reset to zero, the context nodes are reset to 
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the initial state they had in step (1) of the a factor A for each phoneme outputted in 
presentation. stage 3. 

2. Recall/rehearsal of the ith word: 
i. The input phoneme nodes are ex- 

cited by the chaining weights from 
the output phoneme nodes. There 
is “cuing” for the first word in the 
list; i.e., the input phoneme nodes 
are set to the phonemic activity of 
the first word. The context nodes 
replicate the state of activity they 
had in step 2(i) of the presentation. 
(The rationale for cuing the first 
word and the context states is that 
these processes occur outside the 
articulatory loop and without sig- 
nificant error. That is, we assume 
the phenomena we are trying to ex- 
plain are not due to errors in cuing 
the loop at recall, but in the tempo- 
rary associations and in the mech- 
anism we have chosen for the se- 
lection of each item within the loop 
itself). 

5. Return to 2(i) for the next word. 
6. Return to 1 for the next rehearsal. 

PERFORMANCEANDEVALUATION 

In this section we compare the perfor- 
mance of the model with the main features 
of human performance outlined earlier. 
Note that the simulations repeated in this 
section are examples of the behavior of the 
model for CetTaiU VdUeS OfF,,, A, etc. We 
have a more general understanding of the 
dependence of its behavior on these and 
other parameters than is shown in these few 
examples. Thus we have derived approxi- 
mate mathematical expressions for the 
probability of an error between two items 
and for span as a function of the parame- 
ters. Extensive simulations showed good 
agreement with these mathematical expres- 
sions (see Burgess, 1990, for a full descrip- 
tion) . 

ii. The “chaining” weights from the 
output phoneme layer to the input 
phoneme layer are relearned. The 
output phoneme nodes are still ac- 
tive from the output of the (i - l)‘h 
word. (For the first word the out- 
put phoneme nodes are still active 
from the last word in the presented 
list). 

iii. The word nodes are excited by the 
input phoneme nodes and context 
nodes and suppressed by the com- 
petitive filter nodes (generally only 
the (i - l)‘h word node is sup- 
pressed). 

The most basic property of a model of 
short-term memory is its capacity. We be- 
gin by examining the word span of the 
model (how long a list can be correctly re- 
called), giving regard also to the length and 
similarity of the words used. We then con- 
sider the frequencies of errors made at the 
different serial positions in the list. This 
also depends on the phonemic similarity of 
the words. We also examine the types and 
relative proportions of errors made by the 
model. We consider chiefly only the errors 
made in the first rehearsal, i.e., in “imme- 
diate recall.” The occurrence of errors dur- 
ing further rehearsals is briefly discussed at 
the end of this section. 

iv. The competitive filter nodes are 
updated several times. 

3. The output phoneme nodes are ex- 
cited by the winning competitive filter node 
(i.e., the only active competitive filter 
node) to show the phonemic activity of the 
ith word. 

4. Decay. The temporary weights (be- 
tween the output and input phoneme layers 
and the context and word layers) decay by 

The decay of temporary weights in the 
model depends on the total number of pho- 
nemes in the list (M). We expected this to 
determine the model’s span, in accordance 
with evidence that the span for human 
short-term memory is determined by the 
time taken to articulate the list (given our 
approximation that all phonemes take the 
same time to articulate). Forgetting will oc- 
cur when the difference in activation be- 
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tween the correct word node and compet- 
ing word nodes is of the same order of mag- 
nitude as the noise. 

In the simulations that are reported, the 
noise parameter, u, was adjusted to give a 
span of seven letters (of length two pho- 
nemes) so as to establish a point of corre- 
spondence with the general level of human 
performance. This was done for Fph = 0.5, 
i.e., equal influence of chaining and contex- 
tual associations to the word layer. As a 
result, the noise parameter was set at (T = 
0.03. Thereafter, simulations were run 
across the whole range of values of FPh to 
explore the influence of chaining on the 
performance of the model. In the following 
sections, data are in general presented for 
simulations with FPh = 0.5, with additional 
data for simulations with Fph = 0.02 (i.e., 
almost no chaining) and FPh = 0.98 (almost 
“pure” chaining), where the differences in 
performance are considered important. 

Capacity: Effects of List Length, Word 
Length, and Item Similarity 

Figure 5 shows the probability of a whole 
list being correctly recalled (on the first re- 
hearsal) as a function of list length. Lists 
were random selections from a set of “dis- 
similar” letters (b f j i o u r t n h y q v s), or 
“similar” letters (b c d g p v t f 1 m n s x z). 
The prelearned vocabulary was the set of 

3 4 5 6 7 8 9 IO 11 12 13 14 

FIG. 5. The probability of correctly recalling (on the 
tirst rehearsal) a list of N letters versus list length N. 
Lists were selected from the letters b f  j i o u r t n h y  
qvs(fullline)andbcdgpvtflmnsxz(dashed 
line). There were 200 trials of each list length, FPh = 
0.5 and u = 0.03. 

all the letters of the alphabet. The curves 
were calculated from 200 trials of each list 
length; parameter values were FPh = 0.5 
and cr = 0.03. 

We see that the “span” of the model (the 
list length at which half of the lists are cor- 
rectly recalled) is greater for dissimilar let- 
ters than for similar letters. The reduction 
due to similarity is 33% which appears to be 
slightly greater than in humans. For exam- 
ple, in a similar but not identical compari- 
son, Schweickert et al. (1990) reported a 
difference of 20%. Note also that the dis- 
similar letters are “shorter” than the simi- 
lar letters. The 14 dissimilar letters con- 
tained a total of 24 phonemes, whereas the 
similar letters contained 30. However, this 
small difference in word length is too slight 
to provide an adequate explanation of 
the phonemic similarity effect (cf. also 
Schweickert et al., 1990). 

The span for dissimilar words of exactly 
two phonemes is best shown in Fig. 6. Be- 
cause we are approximating the time taken 
to articulate a word by the number of pho- 
nemes it contains, the phonemic word 
length is important in terms of model span. 
Figure 6 shows that word span does have 
this type of dependence on phonemic word 
length. It shows the probability of correctly 
recalling an item from a list of words as a 

12 3 4 5 6 7 B 9 10 II 12 

FIG. 6. The probability of correctly recalling a list of 
N “random words” versus list length N. A “random 
word” is a random selection of n phonemes. The pho- 
nemic word lengths n are 2 (full line), 3 (dashed line), 
4 (dash-dot-dash line), and 5 (dotted line). There are 
200 trials for each word length, FP,, = 0.5 and u = 
0.03. 
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function of word length. Each list was com- 
prised of “words” made from n randomly 
selected phonemes. Lists were chosen from 
a pool of 14 of these “random words,” the 
prelearned vocabulary consisted of 26 
“random words” (including the 14 used in 
lists). The number of phonemes per word 
was varied between two and five. Perfor- 
mance declines noticeably with word length 
in a way that looks remarkably similar to 
human data (Baddeley et al., 1975, Fig. 1). 

The data in Fig. 6 could be interpreted in 
terms of articulation rate: simulations in- 
volving five-phoneme words correspond to 
an articulation rate 2.5 times slower than 
those involving two-phoneme words. Fig- 
ure 7 shows the relationship between span, 
defined as the list length at which 50% of 
recalls are correct, and articulation rate us- 
ing the data in Fig. 6. The linearity of this 
relationship corresponds well with equiva- 
lent plots of psychological data (Baddeley 
et al., 1975; Hulme et al., 1984; Hitch et al., 
1989). Figure 7 shows that the model’s span 
s increases proportional to the speech rate 
r. Assuming a speech rate of about 12 pho- 
nemes per second as a rough estimate, the 
constant of proportionality is approxi- 
mately 1, which compares well with values 
of between 1 and 2 from the psychological 
studies. In fact the simulations show s q r 

+ 1, in close agreement with the equation 
reported by Hitch et al. (1991). 

7 .. 

6 .. 
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FIG. 7. Item span (ordinate) versus articulation 
rate. The data for random words in Fig. 6 is replotted 
to show the effect on span of the number of words that 
can be articulated per time step (= l/the number of 
phonemes per word). 

Note that the total number of phonemes 
in the list is not the sole factor that deter- 
mines span. Figure 8 shows the same 
curves as Fig. 6 plotted as a function of the 
total number of phonemes in the list. The 
performance on long lists of short words is 
a little worse than that on short lists of long 
words even where both lists contain the 
same total number of phonemes. This is be- 
cause more words means a greater number 
of excited word nodes, which increases the 
possibility of a noise-induced error. 

Interestingly, there may be a parallel for 
such effects in human data. Zhang and Si- 
mon (1985) found that while span was re- 
lated to the time to articulate individual 
items, there was a second factor (which 
they interpreted as the time taken to access 
each “chunk”). The direction of this effect 
was the same as in Fig. 7. However, our 
model suggests an alternative interpretation 
of the mechanism responsible, 

In summary the model reproduces the 
psychological data on memory span and its 
susceptibility to the effects of phonemic 
similarity and word length. In all three 
cases the model shows effects of the right 
type with the same order of magnitude as 
the human data. Note that the span of the 
model is arbitrary and is determined by 
choosing a suitable level of noise (i.e., a). 
However, once this parameter has been 
set, the phonemic similarity and word 

2 4 6 8 IO 12 14 16 18 20 22 24 26 28 30 

FIG. 8. The probability of correctly recalling a list of 
N “random words” (each of n phonemes) versus the 
total number of phonemes in the list N x n. The data 
is the same as in Fig. 6: full line, n = 2; dashed line, n 
= 3; dash-dot-dash line, n = 4; dotted line, n = 5. 
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length effects, particularly the encouraging 
dependence of recall on speech rate, are 
emergent features of the model. 

Serial Position and Item Similarity 

Figure 9 shows the probability of correct 
recall (on the first rehearsal) as a function of 
serial position. The letters b f j i o u r t n h 
y q v s were used, and the data is from the 
simulation shown in Fig. 5. The serial posi- 
tion curves clearly show primacy and no 
recency. 

The model also shows primacy when it is 
running with Fph = 0.02 (i.e., the word 
nodes are driven almost entirely by the con- 
text layer) or with Fph = 0.98 (i.e., the 
word nodes are driven almost entirely by 
the phoneme layers). This is because an er- 
ror near the beginning of a list (i.e., a later 
item being recalled too soon) tends to in- 
crease the chance of subsequent errors. 
Thus even if spontaneous errors occurred 
uniformly throughout the list the increased 
chance of “knock on” errors would ensure 
primacy. This effect is very robust when 
the word nodes are driven purely by the 
phoneme layers (Fph = 0.98). The chaining 
of the phoneme layers results in serial po- 
sition curves that decrease progressively in 
nearly all trials. This is a fundamental prob- 
lem with excessive chaining since an error 
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FIG. 9. The probability of correctly recalling an 
itemfromalistofNoftheletters:bfjiourtnhy 
q v  s, versus the serial position of the item. The values 
of N are 5 (full line), 6 (dashed line), 7 (dash-dot-dash 
line), and 8 (dotted line). The data are the same as in 
Fig. 5. 

anywhere in the sequence will throw out 
everything that follows. When Fph = 0.02 
there is much greater individual variation in 
serial position curves, although the aver- 
aged curve also shows primacy of similar 
downward slope. In a later section we show 
how a simple alteration of the way contex- 
tual information is encoded can result in re- 
cency when the model is run without chain- 
ing. 

We also ran the model with the same pa- 
rameters as in Fig. 9, but with lists chosen 
from the letters b c d g p t v f 1 m n s x z. 
Half of these letters share the phoneme 
“ee,” and half the phoneme “e,” but there 
are also other shared phonemes. Thus the 
phonemic similarity encountered by the 
model was much greater than in Fig. 9. 
Consistent with the span data (see Fig. 5), 
performance is much decreased, as shown 
in Fig. 10. The reduction is about 14% for 
five-item lists, 24% for six items, and some- 
what more for longer lists. Typical human 
data show reductions of the order of 22% 
for five-item lists (Peterson & Johnson, 
1971, Experiment 1) and 37% for six items 
(Baddeley, 1968, Experiment 5). The agree- 
ment is therefore quite close here, bearing 
in mind that the model was run with a 
slightly lower degree of phonemic similarity 

1.0 , * 
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FIG. 10. The probability of correctly recalling an 
item from a list of N of the letters: b c d g p t v  f  I m n 
s x z versus the serial position of the item. Note the 
phonemic similarity of these items. The list length N is 
5 (full line), 6 (dashed line), 7 (dot-dash-dot line), and 
8 (dotted line). There were 200 trials for each list 
length, Fph = 0.5 and u = 0.03. 
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than was experienced by the human sub- 
jects. It is interesting to note the similarity 
in the shape of serial position curves for 
lists of similar and dissimilar letters. This is 
also a feature of human performance (Bad- 
deley, 1968). 

Table 1 shows an analysis of substitution 
errors and indicates the proportion of times 
the substitutions shared a phoneme with 
the correct letter. This was done for the 
simulations shown in Fig. 10. The expected 
proportions of errors if substitution occurs 
at chance are also shown (i.e., assuming 
that errors are independent of phonemic 
similarity). It can be seen that, when errors 
are made, similar items tend to be confused 
with each other. Note that c shares pho- 
neme “s” with s and x, also d shares pho- 
neme “d” with z. The letter e occurred as 
an intrusion error almost as frequently as 
letters from the list, accounting for the 
greater difference in proportions of “simi- 
lar” and “different” errors shown by the 
letters containing phoneme “ee” (b c d g p 
t v) than those containing “err (f 1 m n s x z). 

The similarity effect is clearly shown. 
However, the effect of chaining is that the 
similarity of two items has as much effect 
on their immediate successors in the list as 
on themselves. This partially obscures the 
similarity effect in the confusion matrix 
(Table 1). It also prevents the modeling of 

experiments involving alternating similar 
and different items (see below). 

Types and Proportions of Errors Made 

We counted the number of various types 
of errors made by the model in simulations 
with F,,,, = 0.02, 0.5, and 0.98 to illustrate 
the different effects of the context and pho- 
neme layers on the word layer. The results 
for lists of phonemically similar and dissim- 
ilar items are shown in Table 2. Apart from 
a very small number of repetition errors all 
the errors made were order errors or extra- 
list intrusion errors. There were no “don’t 
knows” since the competitive filter always 
selected an item for output. 

Note first that performance for Fph = 0.5 
is much better than for either Fph = 0.02 or 
F = 0.98. This is interesting in that it 
di;onstrates a natural advantage of having 
two different mechanisms controlling re- 
call. An error in either system alone may be 
tolerated; the incidence of two different 
types of error occurring coincidentally for 
the same item is lower than for either error 
alone. Table 2 also shows that errors in- 
crease with both list length and phonemic 
similarity for all values of Fph. Further- 
more, order errors consistently form the 
majority of errors, ranging between 74% 
and 88% for Fph = 0.5. This is in agreement 
with estimates of around 75% for human 

TABLE 1 
THE PROPORTION OF TIMES A LETTER WAS SUBSTITUTED BY A SIMILAR LETTER (ONE WITH A PHONEME OR 

PHONEMES IN COMMON) IN THE ERRORS MADE IN THE RECALL OF LISTS OF 5 TO 8 OF THE LETTERS: 

bcdgptvflmnsxz 

Type of 
Input letter 

error b c d g p t v  f  lm n s x z 

Similar .59 .73 .73 h.5 .63 .61 3 .55 .53 .53 .59 .71 .63 .62 
Different .41 .27 .27 .35 .37 .39 .45 .45 .47 .47 .41 .29 .37 .38 

Chance 
Similar 
Different 

.46 .62 .54 .46 .46 .46 .46 .46 .46 .46 A6 .54 .54 .54 

.54 .38 .46 .54 .54 .54 s4 .54 .54 .54 .54 .46 .46 .46 

Note. Also shown are the proportions expected if substitution occurred by chance. The data are from the 
simulations in Fig. 10, Fph = 0.50, u = 0.03. 
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TABLE 2 
THEDIFFERENTTYPESANDPROWRTIONSOFERRORS PRODUCEDBY THEMODEL AS AFUNCTION OF LIST 

LENGTH,ITEM SIMILARITY, AND Fph 

Phonemically dissimilar letters Phonemically similar letters 

Error 
list length list length 

F ph type 5 6 7 8 Mean 5 6 7 8 Mean 

0.02 Item 1.2 3.0 5.9 9.4 4.9 4.6 9.8 11.7 15.6 10.4 
Order 60.8 71.3 95.5 107.7 83.8 85.6 101.5 108.9 117.7 103.4 

0.50 Item 0.6 2.7 6.0 10.1 4.9 4.8 12.5 17.3 21.7 14.1 
Order 4.6 8.1 16.9 28.5 14.5 27.6 43.0 66.0 93.6 57.6 

0.98 Item 7.6 11.0 18.0 23.9 15.1 19.6 26.0 27.0 25.0 24.4 
Order 8.0 20.8 33.0 50.7 28.1 38.8 66.3 99.0 118.3 80.6 

Note. The values shown are the number of errors/list length during 200 trials, i.e., the number of times that 
an item is incorrectly recalled averaged over serial position, u = 0.03. 

recall under similar conditions (Aaronson, 
1968; Bjork & Healy, 1974). The main ef- 
fect of phonemic similarity is to increase 
order errors, again in good agreement with 
the psychological data (Wickelgren, 196%). 
However, there is also a slight increase in 
item errors, which is unlike the data from 
human subjects. As is to be expected the 
effect of phonemic similarity increases as 
the amount of chaining, given by the pa- 
rameter FPh, increases. However, phone- 
mic similarity has a slight effect even for 
F ph = 0.2 because the effect of the pho- 
neme layer on the word layer is of the same 
order of magnitude as (although smaller 
than) the noise. 

The absence of “don’t know” responses 
(omissions) is not characteristic of human 
behavior, it is a consequence of the fact that 
when the competitive filter has reached a 
steady state, it has always chosen a word 
node (the most strongly activated). A sim- 
ple way of producing omissions is to apply 
a threshold to the output from the compet- 
itive filter such that the response is “don’t 
know” if the activation of the winning word 
node is below the threshold. Further simu- 
lations illustrate the effects of this modifi- 
cation for different thresholds (see Table 3). 
Interestingly, while omissions tend to in- 
crease towards later serial positions, com- 

mission errors (which are mainly order er- 
rors) show some evidence of recency. This 
suggests that the model is capable of pro- 
ducing recency given suitable modification 
(see below). Note that for very high thresh- 
olds the overall accuracy of recall drops 
sharply because the activation of correct 
winners sometimes falls below threshold. 

We can also investigate the difference in 
serial position of items that are confused in 
recall. In human data the majority of order 
errors involve an item being substituted by 
an adjacent or very near item (Healy, 1974). 
In Fig. 11 we show the distribution of the 
separations between pairs of items whose 
positions are transposed in simulations with 
F = 0.02, 0.5, and 0.98. For example, 
r$all of the sequence a b c d e f g h as a b 
c f e d g h would correspond to a separation 
of two positions. Figure 11 gives us an in- 
dication of the range in serial position over 
which paired transposition errors occur. 

When the context layer alone is driving 
the word layer (Fph = 0.02), paired trans- 
positions tend to be between adjacent items 
because of the temporal correlation in the 
context layer. However, when the input 
phoneme layer alone is driving the word 
layer (Fph = 0.98) there is no such bias to- 
wards nearby items. The model running 
with both types of input to the word layer 
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TABLE 3 

449 

EFFECT OF APPLYING DIFFERENT THRESHOLDS TO THE OUTPUT OF THE COMPETITIVE FILTER TO PRODUCE 
OMISSION ERROM 

Serial position 
Proportion of 

Threshold 1 2 3 4 5 6 7 lists correct 

0.38 Omissions - - - .Ol .Ol .Ol .03 
Commissions .03 .I0 .18 .17 .16 .17 .16 .81 

0.40 Omissions - - - .02 .02 .04 .06 
Commissions .03 .lO .18 .16 .I6 .15 .I3 .81 

0.42 Omissions .02 .Ol .Ol .OS .05 .07 .12 
Commissions .03 .ll .18 .14 .14 .13 .08 .76 

0.44 Omissions .24 .09 .08 .lO .I4 .I7 .22 
Commissions .Ol .09 .17 .13 .09 .ll .03 .46 

Note. The values shown are mean probability correct from 200 trials (Fph = 0.05, o = 0.03). 

(Fr,, = 0.50) shows only a slight increase in 
the incidence of paired transpositions be- 
tween adjacent items. 

The root cause of the large proportion of 
well separated paired transposition errors 
and the higher incidence in omissions to- 
wards later serial positions is decay. If 
there are decaying weights or activities in 
the phoneme or context layers then there 
will be a tendency for a word wd,, late in 
the list to be substituted for a word wd,,, 
early in the list. At the time of recall for 

w&x the temporary weights that store the 
associations necessary for its excitation 

1 2 3 4 5 6 7 

FIG. 11. The distribution of the separation of items 
involved in paired transpositions. The data are from 
the same simulation as Table 2. Lists were of eight 
dissimilar letters, Fph = 0.02 (full line), Fph = 0.50 
(dashed line), and Fph = 0.98 (dot-dash line). 

will have decayed by much more than those 
for wderr. Thus if any of the context or pho- 
neme nodes that excite wd,,, also excite 
wdem (because of correlations in the states 
of the context layer or item similarity) they 
will do so via much stronger weights. In 
fact for very strong decay (A = 0.5, say) 
this effect is so strong that lists can be re- 
called in reverse order! Clearly decay must 
be in the model, as the information stored is 
temporary. Furthermore, it is interesting to 
note that in free recall of very long lists the 
subject can often remember only the last 
few items (see, e.g., Murdock, 1962). How- 
ever, some modification of the model is in- 
dicated, as described later. 

In summary, the model is capable of pro- 
ducing the same types of errors as humans. 
It does well in that there are typically more 
order errors than item errors and in that 
phonemic similarity has its effect chiefly on 
order errors. Both of these are robust fea- 
tures of the model. Paired transpositions 
are also relatively common, but they tend 
to involve adjacent items only when the 
amount of chaining is minimal. A major 
problem is the unnaturally large separation 
of items involved in some paired transposi- 
tions even when there is little chaining. 

Articulatory suppression. We interpret 
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interference with subvocal rehearsal as pre- 
venting the use of the chaining weights. 
Thus only the context layer will affect the 
word layer, as input phoneme nodes will no 
longer be excited. We simulated suppres- 
sion by running the model with the excita- 
tion from context as if Fph = 0.5, but with 
Fph = 0.02. Figure 12 shows the probability 
of correctly recalling lists of either phone- 
mically similar or dissimilar letters as a 
function of list length. In this simulation the 
parameters of the model were the same as 
for the equivalent “no suppression” simu- 
lations illustrated in Fig. 5. Span is reduced 
to less than half its normal value because 
excited word nodes are typically at half 
their normal activation and because the ef- 
fect of using only the context to drive the 
word layer also leads to lower performance 
(as illustrated in Table 2). The phonemic 
similarity effect largely disappears and this 
is because of the virtual inactivity of the 
input phoneme layer. These results closely 
resemble human data for the recall of visu- 
ally presented sequences under suppres- 
sion (Estes, 1973; Murray, 1968; Peterson 
& Johnson, 1971). 

Figure 13 shows the probability of cor- 
rect recall versus list length for lists of items 
of different word lengths. These “suppres- 
sion” results can be directly compared with 
the equivalent “no suppression” simula- 

12 3 4 5 6 7 8 9 10 Ii 12 

FIG. 12. The probability of correctly recalling a list 
of N phonemically similar letters (dashed line) or dis- 
similar letters (full line) under articulatory suppres- 
sion. (Letters as in Fig. 5.) There were 200 trials at 
each list length, D = 0.03. For other parameters see 
text. 
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FIG. 13. The probability of correctly recalling a list 
of N random words under articulatory suppression as 
a function of word length. The phonemic word lengths 
are 2 (full line), 3 (dashed line), 4 (dash-dot-dash line), 
and 5 (dotted line). There were 200 trials for each list 
length, u = 0.03. For other parameters see text. 

tions shown in Fig. 6. The word length ef- 
fect is reduced under suppression but per- 
sists because weights from the context 
layer decay according to the time taken to 
articulate the list. Human data show that 
suppression eliminates the word length ef- 
fect for visually presented stimuli (Bad- 
deley et al., 1975). 

The model is therefore partially, but not 
completely, successful in accounting for 
the effects of articulatory suppression on 
recall. As in humans, performance is dis- 
rupted, the phonemic similarity effect al- 
most disappears, and the word length effect 
is markedly reduced. However, unlike in 
humans, a residual word length effect re- 
mains. It would be a simple matter to im- 
prove the performance of the model by al- 
tering the way that weights from the con- 
text layer decay. However, more realistic 
behavior under articulatory suppression 
can be expected from changing the archi- 
tecture of the model as part of a set of gen- 
eral improvements, as described later in 
this paper. 

Further Properties of the Model 

In this section we briefly examine the 
performance of the model in tasks beyond 
those set out as its primary objectives. 

More subtle similarity experiments. 
There is an interesting experiment by Bad- 
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deley (1968) in which subjects were tested 
on lists of alternating phonemically similar 
and dissimilar items (e.g., a b f c q d). Per- 
formance was worse only for the similar 
items in the list giving a serial position 
curve that zigzags between the serial posi- 
tion curves for all similar or all dissimilar 
items (see Fig. 14). We performed the 
equivalent simulation for 500 trials of lists 
of six dissimilar, similar, and alternating 
items (see Fig. 15). The effect seen in Bad- 
deley’s experiment was not shown; the se- 
rial position curve for alternating similar 
and dissimilar items lies between those for 
all similar or all dissimilar items but does 
not zigzag. 

The reason for this limitation of the 
model is that when two items are phonem- 
ically similar there is as much chance of 
error between the two items following them 
in the list as between themselves (see Bur- 
gess, 1990). For example, with the list a b f 
c q, the similarity of b and c results in the 
same increased chance of error in recalling 
f and q as in recalling b and c. This happens 
because all phonemic information is stored 
in the phoneme layers which are a self- 
contained chaining system-there is no 
contextual input into the phoneme layers, 
only to the word layer. 

In the above example, at the recall of b 
the word node b is fully activated (to acti- 
vation Awd) by the input phoneme nodes 

ID3 r 

FIG. 14. Mean (percent) errors as a function of se- 
rial position. Fiied circles represent acoustically sim- 
ilar letters, open circles dissimilar letters. Presentation 
was visual, taken from Baddeley (1968). 
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FIG. 15. Serial position curves for six similar (full 
line), dissimilar (dashed line), or alternately similar 
and dissimilar items (dot-dash line). There were 500 
trials, FPh = 0.5 and cr = 0.03. 

“b” and “ee” but word node c is also ac- 
tivated (to A,,/2) by “ee.” At the recall of 
f the input phoneme nodes “e” and “f’ will 
be fully activated (to A& by the chaining 
weights from output phoneme nodes “b” 
and “ee.” However, input phoneme nodes 
“kh” and “yu” will also be excited (to A,,,/ 
2) by output phoneme node “ee.” Thus 
word node f is fully activated (to Awd) and 
word node q is activated to A,,/2. Hence 
the presence of noise will be as likely to 
produce errors where q is substituted for f 
as errors where c is substituted for b. 

This view is supported by the separations 
of items in paired transposition errors. A 
large proportion of errors in the simulations 
with alternating phonemically similar and 
dissimilar items were transpositions of 
items 2 or 4 positions away from each 
other, i.e., transpositions between similar 
items or between dissimilar items. For the 
simulation of 200 lists of six letters there 
were 67 paired transpositions in total, 49 of 
which were between items of separation 
two. In a similar simulation of 200 lists of 
eight letters, 165 out of 194 paired transpo- 
sitions were between items of separation 
two or four. 

Rehearsal. We did not systematically in- 
vestigate the behavior of the model after 
many rehearsals in this work. Suffice it to 
say that to a first approximation we expect 
errors to occur in each rehearsal with ap- 
proximately the same frequency as in the 
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first rehearsal. After enough rehearsals 
have been made for several errors to have 
occurred, performance will probably de- 
cline more quickly. Table 4 shows 10 re- 
hearsals of lists of five and eight letters. 

To be more compatible with human re- 
hearsal we would like to make the occur- 
rence of errors decrease after the first re- 
hearsal (e.g., see Heffernan, 1991) and curb 
the tendency of w  to appear as an intrusion 
error. The letters e and w  are the most fre- 
quent extra-list intrusions because they so 
often share a phoneme with other letters 
(see Table 1). Furthermore, we know that 
rehearsal in short-term memory tasks can 
involve complex strategies such as group- 
ing and cumulative repetition. In its present 
form the model can only rehearse an entire 
list an integer number of times. 

CONCLUSIONS 

In this section we evaluate the perfor- 
mance of our model with respect to the 
aims we had when starting. Successes and 
limitations are noted; simple modifications 
are suggested to address each limitation in- 
dividually. Finally we identify and discuss 
two or three major flaws in our model, 
some of which necessarily arise from defi- 
ciencies in the articulatory loop idea. Fur- 
ther changes in the model are proposed to 
allow these limitations to be addressed si- 
multaneously . 

TABLE4 
AN EXAMPLE OF 10 REHEARSALS OF THE LISTS OF 5 

AND 8 LETTERS 

0 s bnrosbnrfht 

0 s b n r o s b n r f  h t 
0 s b n r o s b n r f  h t 
0 s r n bosbnrfht 
0 s bnrhtor f  b n c 
0 s bnrhtocnbfw 
0 s bnrhtnbwxfc 
0 s bnwbwhcxnlf 
oswng bwhnxctw 
oswngwtxp k c w n 
oswn b w t xkzcwn 

Note. Fph = 0.5, 0 = 0.03. 

Successes 

Points 1-4 are robust features of the 
model, found regardless of the amount of 
chaining. 

1. Span. The probability of successfully 
recalling a list shows the right dependence 
on list length showing a dramatic fall-off 
around span (cf. Guildford et al., 1925). 

2. Phonemic similarity effect. The use of 
similar items reduces performance as in hu- 
mans (see, e.g., Baddeiey, 1968; Peterson 
&Johnson, 1971; Schweickert et al., 1990). 
Further, when an error occurs, there is a 
tendency for the erroneous item to be pho- 
nemically similar to the (correct) item it re- 
places. This is also a characteristic of hu- 
man performance (Conrad, 1964). 

3. Word length. We made the approxi- 
mation that the time taken to articulate a 
word is proportional to the number of pho- 
nemes it contains. Within this approxima- 
tion the model shows performance decreas- 
ing with increasing word length. It is inter- 
esting to note that the simulations show a 
linear dependence of span on articulation 
rate (as determined by the number of pho- 
nemes per letter) with a slope of about 1, 
thus modeling the human data quite closely 
(Baddeley et al., 1975; Hulme et al., 1984; 
Hitch et al., 1989). It was noted that capac- 
ity is not entirely determined by the total 
articulation time of a list. However, this un- 
anticipated effect is also found in psycho- 
logical data (Zhang & Simon, 1985). 

4. Serial position curve. The model 
shows a strong primacy effect. This is a 
common feature of the serial position 
curves for visual and auditory presentation 
(Crowder, 1972). 

5. Types of error. The model produces 
the same categories of error as humans 
(i.e., order errors, item errors and, with a 
simple modification, omissions). Most of 
the errors are order errors (Aaronson, 1968; 
Bjork & Healy, 1974), and the effect of pho- 
nemic similarity is chiefly on order errors, 
as in human data (Wickelgren, 1965~). The 
model produces paired transpositions in re- 
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call and, provided there is not too much 
chaining, these tend to involve adjacent 
items, as in human subjects (Conrad, 1964). 

6. Articulatory suppression. We inter- 
pret the prevention of subvocal rehearsal as 
preventing the use of the chaining weights. 
As with human data (at least for visual pre- 
sentation) the effect of suppression is that 
span is reduced and the phonemic similarity 
effect disappears. However, the word 
length effect is not completely lost when 
there is articulatory suppression because 
the weights from the context layer decay 
per phoneme, and not, for example, per 
word. 

We take these successes as suggesting 
that, despite its many simplifying assump- 
tions, our network model of phonological 
short-term memory is a reasonable first ap- 
proximation. We interpret these successes 
as confirming the utility of competitive 
queuing as a mechanism for serial output, 
and our assumption that short-term mem- 
ory phenomena can be captured in terms of 
the effects of noise on a system of rapidly 
decaying temporary associations. 

Limitations of the Model 

1. Absence of recency. Human data 
shows a small recency effect for visual pre- 
sentation (Crowder, 1972), but our model 
shows none at all. 

2. Articulatory suppression. The model 
does not fully simulate the effects of sup- 
pression on memory for visually presented 
sequences. Furthermore, since there is no 
difference between oral and vocal presen- 
tation in the model the effects of articula- 
tory suppression are necessarily the same 
for both modes of presentation. As de- 
scribed in the introduction, articulatory 
suppression effects depend on presentation 
modality. To model these differences we 
must explicitly model the two modes of pre- 
sentation. 

3. Lists of alternating similar and dissim- 
ilar words. Our model cannot show the zig- 
zag in levels of recall observed by Baddeley 

(1968). This is because the chaining nature 
of the phoneme nodes means that the 
acoustic similarity of two items is as likely 
to cause an error in the recall of words im- 
mediately after them as in their own recall. 

4. The separation of items involved in 
order errors. Because of the decaying na- 
ture of the temporary weights there is a ten- 
dency for items late in the list to replace 
items early in the list. If there is any corre- 
lation in the state of the context layer for 
early and late items (or if the items preced- 
ing them share phonemes) then, even early 
on in recall, later word nodes may be more 
excited than early ones purely because 
their temporary weights have decayed less. 

5. Order errors in structured lists. In ex- 
periments using lists of items that are 
grouped in some way there is a tendency for 
paired transpositions to be between items 
at similar positions within each group (see, 
e.g., Estes, 1985). Also, where subjects 
have had to learn many lists, extra-list in- 
trusions tend to be an item from the same 
serial position in a previous list (Conrad, 
1960). In our model all lists are homoge- 
neous and all temporary information de- 
cays to zero between list presentations. 

Suggested Modifications 

The main lessons that we draw from the 
limitations of this first attempt to model the 
articulatory loop are as follows: 

1. We have stored the short-term associ- 
ations necessary for the serial recall of a list 
in connections whose strength decays with 
time. (These temporary associations were 
between the context and item layers and 
the output and input phoneme layers.) Be- 
cause of this, any correlation between tem- 
porally well separated states in the context 
or output phoneme layers can lead to items 
from the end of the list replacing those at 
the beginning, purely because they are ex- 
cited via connection weights that have de- 
cayed less. This defect shows itself in the 
unusually wide separation of items in- 
volved in order errors. This in turn makes it 



454 BURGESS AND HITCH 

unlikely that the model could ever show re- 
cency; if errors tend to be long-range then 
there is little chance that recall of the last 
item could remain undisturbed by errors 
earlier in the list. 

To remedy this behavior we can use con- 
text states in which there is zero correlation 
between temporally well separated states. 
Further, because correlations in the output 
phoneme layer (determined solely by items’ 
phonemic similarity) are independent of 
item separation, this layer should not be 
used to excite the next item in the list (as 
occurs through the phonemic chaining 
mechanism we used). 

We can test the effect of these changes 
using the present model by putting Fph = 
0.02 and using activation states in the con- 
text layer with nonzero correlation only for 
temporally adjacent or very nearby states. 
A simple set of states with these properties 
is shown in Table 5. 

For the context states shown in Table 5, 
four context nodes out of six remain active 
at successive times. Thus the correlation 
with the state at time 1 is 0.66 for the state 
at time 2,0.33 for the state at time 3, and 0.0 
for states at all other times. Note that (sim- 
ilarly to the context states used before) the 
context states for the first and last items 
have nonzero correlation with half as many 
other states as do the context states for the 
items in between; i.e., they are twice as 
“distinctive.” Murdock (1960) demon- 
strated how the distinctiveness of different 

TABLE 5 
A SETOFCONTEXT STATES WITH NONZERO 

CORRELATION ONLY FORSTATESAT SIMILARTIMES 

Time Activation of context nodes 

1 ******ooooooooooo... 
2 oo******ooooooooo... 
3 oooo******ooooooo... 
4 oooooo******ooooo... 

Note. * indicates an activation of Act = 0.5. 

1 2 3 4 5 6 7 8 

FIG. 16. The probability of correctly recalling an 
itemfromalistofNoftheletters:bfjiourtnhy 
q v  s, versus the serial position of the item. The con- 
text states shown in Table 5 were used. The values of 
N are 5 (full line), 6 (dashed line), 7 (dash-dot-dash 
line), and 8 (dotted line). There were 200 trials for each 
list length, F,,h = 0.02 and rr = 0.03. 

serial positions could contribute to serial 
position effects in recall.’ 

The serial position curves (for FPh = 0.02 
and the context states described above and 
the set of “dissimilar” letters: b f j i o u r t 
n h y q v s) show modest recency for the 
last item (see Fig. 16) reminiscent of psy- 
chological data for visual presentation (see 
Fig. 2). The recency effect is caused by the 
extra discriminability of the context state of 
the last item, the effect of which is not 
swamped by long-range disturbance from 
errors earlier in the list. The majority of 
order errors occur between adjacent items 
(see Fig. 17). 

Simulations with FPh = 0.5 also show 
slight recency for the last item (i.e., less 
than in Fig. 16) and a majority of order er- 
rors between adjacent items (see Fig. 17). 
When Fph = 0.5 and the set of “similar” 
letters: b c d g p v t f 1 m n s x z are used, 
recency is no longer shown-the number of 
errors due to phonemic similarity swamps 
the effect of the extra discriminability of the 
last item. 

2. The experiments involving alternating 
similar and dissimilar words provide evi- 
dence that the phonemic component of an 
item should not be used to cue the recall of 

’ We are grateful to D. Hintzman for bringing this to 
our attention. 
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1.0 

1 2 3 4 5 6 7 

FIG. 17. The distribution of the separation of items 
involved in order errors. The context states as shown 
in Table 5 were used, Fph = 0.02 (full line), Fph = 0.50 
(dashed line). 

the next item. While it seems natural to use 
the output of one item to trigger the recall of 
the next, this should be independent of (a) 
the acoustic properties of the outputted 
item and (b) whether it was the correct item 
or a mistake. Acoustic similarity effects in- 
dicate that we must retain a phonemic com- 
ponent to the model, and the excitation of 
item nodes by the corresponding input pho- 
neme nodes still seems natural. 

Thus the architecture we propose for fu- 
ture modeling would have a “loop” in 
which activation spreads from context 
layer to input phoneme layer to item layer 
to competitive filter which then triggers the 
activation of the next context state, see Fig. 
18. Note that we would take the output pho- 
neme layer out of the loop and put the con- 
text layer in (removing explicit item-item 
chaining). The output phoneme layer would 
be concerned only with the articulatory de- 

visual Buffer 

(Visual input) 

FIG. 18. The modified architecture proposed for an 
improved model of the articulatory loop. 

tails of output, either vocal or subvocal. 
Note also that the only temporary associa- 
tions learned would be those between the 
context and input phoneme layers. 

3. Our first step towards modeling aural 
and visual presentation separately would be 
to include an aural input buffer that serves 
to excite the input phoneme layer and a vi- 
sual input buffer that serves to excite the 
item layer directly (see Fig. 18). The moti- 
vation for this is for aural input to be 
“heard” by the input phoneme layer and 
visual input to be “recognized” by the item 
layer without being heard. 

Visually input items must excite the input 
phoneme layer for the temporary weighted 
connections from the context layer to be 
learned (so that the sequence can be re- 
called by the loop). This could occur by 
one-to-one excitatory connections from 
output phoneme nodes to input phoneme 
nodes (i.e., output is also “heard” by the 
input phoneme layer). Thus, by exciting an 
item node and, in turn, the corresponding 
competitive filter node, input phoneme 
nodes corresponding to a visually pre- 
sented item can be excited. We would then 
interpret the effect of articulatory suppres- 
sion as occupying the output phoneme 
layer with a redundant articulatory task- 
preventing visually presented items from 
entering the loop at all and lessening the 
activation input phoneme nodes (and, 
hence, connection weights from the context 
layer) for aurally presented items. 

The effect of connections from output to 
input phoneme layers during recall and re- 
hearsal will need investigating. It may be 
that we would have to assume that input 
from the context layer has preferential ac- 
cess to the input phoneme layer for the oc- 
currence of an error not to affect the recall 
of the next item. 

Relationship to Other Models 

Our present simulation differs in interest- 
ing ways from other models of memory 
span and related tasks. Some of these mod- 
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els share the assumption that both chaining 
associations between successive items and 
associations between items and their con- 
texts are stored (see, e.g., Shiffrin & Cook, 
1978). However, models of a chaining na- 
ture have been proposed (e.g., Lewan- 
dowsky & Murdock, 1989) as have models 
which reject chaining and rely entirely on 
some equivalent of context-item associa- 
tions (e.g., Lee & Estes, 1981). We con- 
sider pure chaining of items to be implausi- 
ble. Our simulations provide good evidence 
that if a model contains chaining, the occur- 
rence of errors must rely on some other 
mechanism, i.e., the way a chained activa- 
tion vector is used to determine which item 
is actually output. We also know that chain- 
ing models ought to have great difficulty 
recalling sequences containing repeated 
items, whereas repetitions lead to only a 
slight disruption in human performance 
(Jahnke, 1969; Baddeley, 1990, personal 
communication). 

An important feature of the present 
model is that the relative contributions of 
chaining and contextual associations can be 
varied. This has made it clear that simula- 
tions with little or no chaining come closest 
to reproducing human behavior, particu- 
larly in relation to order errors and the 
shape of the serial position curve. This out- 
come is of course fully consistent with 
Lashley’s (195 1) original arguments against 
chaining. 

Our simulation differs from other models 
in a number of other ways. Most notably it 
attempts to model only short-term memory 
and is therefore of more restricted scope 
than, for example, TODAM (Lewan- 
dowsky & Murdock, 1989), which attempts 
to explain serial order phenomena in both 
short-term and long-term memory. Unlike 
TODAM, our model uses local, as opposed 
to distributed, representations of informa- 
tion. Of course the local units in our model 
would not necessarily represent local ob- 
jects at a more detailed level of implemen- 
tation. 

Finally, it is interesting to note that our 
model has a certain similarity with that of 

Lee and Estes (1981). For example, errors 
in both models occur because of the effects 
of noise or perturbation. However, Lee and 
Estes (1981) use reverberatory loops to pre- 
serve order information and introduce 
noise into the timing of these loops, 
whereas in our model noise is introduced 
into activation levels. It seems that Lee and 
Estes favored noisy timing in order that the 
characteristic errors of their model would 
be order errors. The present simulation 
shows that this is not a necessary assump- 
tion. 

The recent explosion of interest in paral- 
lel distributed processing and neural net- 
work modeling has led to much work in re- 
lated fields, inspired by the discovery of the 
error back-propagation algorithm (see, e.g., 
Rumelhart, Hinton, & Williams, 1986) and 
the Hoplield model (Hopfield, 1982). While 
there is not room to review more of this 
vast and growing area of research than 
those bits we have already mentioned, the 
present approach (and that of some of the 
above models) holds a relevant lesson. 

There are many possible ways to incor- 
porate serial order into standard connec- 
tionist models (see, e.g., Jordan, 1986; El- 
man, 1990) using multilayer perceptrons 
and error back-propagation, or using Hop- 
field type networks (e.g., Kleinfeld, 1986). 
However, a model whose architecture is 
chosen, ad hoc, simply because it can ad- 
dress the problem of serial order is most 
unlikely to solve this problem in a human- 
like way. In the present paper we have a 
connectionist model whose architecture 
(i.e., its structure and dynamics) is inspired 
by psychological thinking-representing 
full consideration of the lessons to be 
drawn from experimental constraints. The 
successes of the model so far reflect the 
validity of these psychological ideas; its 
limitations indicate the need for further de- 
velopment of the architecture used to im- 
plement them. 

Discussion 

In the section “Rationale for Modeling” 
we said that a successful model should re- 
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produce both the detailed pattern of errors 
observed in short-term recall, which the 
Baddeley (1986) model of the “articulatory 
loop” cannot explain, and the more global 
effects of word length and similarity and 
articulatory suppression, which it can ex- 
plain. To a first approximation then, our 
model is successful in that it shows word 
length, similarity, and suppression effects 
as well as the correct types of error. In light 
of this it might be fruitful to apply the model 
to some of the other phenomena for which 
the concept of the articulatory loop has 
proved valuable, e.g., developmental in- 
creases in memory span in children and 
cross-linguistic differences in digit span. It 
may also be informative to try to simulate 
neuropsychological disorders of short-term 
memory that have been attributed to im- 
pairment of the articulatory loop (e.g., Val- 
lar & Baddeley , 1984). Progress in any of 
these areas can be regarded as testing the 
generality and applicability of the model. 

However, the major motivation for our 
present work is that it should go some way 
toward providing an explanatory account of 
the core phenomena associated with the ar- 
ticulatory loop. The simple concept of the 
loop (Baddeley, 1986) is a useful model of 
many of the behavioral effects observed in 
short-term memory experiments but does 
not specify exactly how it could operate. In 
this paper we have provided a relatively 
simple candidate mechanism for the articu- 
latory loop at a much more detailed level 
than the current conceptual account. 

We also noted that a successful model 
might be expected to make some novel pre- 
dictions and to generate insights into other 
activities involving the temporary storage 
of phonemes. The model does show behav- 
ior beyond the basics that we set out to 
reproduce. However, unsurprisingly in a 
first attempt, the further behavior of the 
model that we can explore has tended to 
correspond to more complex experiments 
that have already been done, rather than to 
novel predictions. In some cases the model 
shows the right behavior and in others it 
does not. Where the model does not match 

human data we suggest the modifications 
we would make for a second attempt. 
Clearly we will not really be at the stage 
of making novel predictions to test until 
we have a model that reflects the consider- 
able amount that is already known about 
human behavior in short-term memory 
tasks. 

Finally, we consider whether we have 
generated any insight into activities involv- 
ing the temporary storage of phonological 
information. First, the articulatory loop 
should not be thought of as a chain of item- 
item associations, because the types of er- 
rors observed (particularly order errors) 
would not be natural to such a system. If 
we use the loop metaphor (or any chain- 
ing mechanism) it should perhaps be in 
terms of a loop of labels or contexts with 
associated items which are selected for re- 
call by a mechanism, such as competitive 
queuing, in which item selection is prone to 
error. 

Second, the limited capacity of short- 
term memory should not be thought of in 
terms of a box with a limited number of 
slots, or a loop of tape of finite length. It 
would seem to be more useful to think of it 
as a noisy system in which the opportunity 
for confusion increases with the number of 
items until the system cannot reliably select 
the correct one. 

Third, if short-term associations (e.g., 
context-item associations) are stored in 
connections of decaying strength then the 
cues that excite temporally well separated 
items for recall via such connections must 
have no significant correlation. 

Fourth, it seems to be useful to distin- 
guish between input and output phoneme 
layers in the “phonological store.” How- 
ever, the Baddeley (1968) experiments in- 
dicate that triggering of the next item only 
requires that the recall of the previous item 
is finished-it should not depend on the 
phonemic composition of the recalled item. 

The final point we note is the natural way 
in which the idea of competitive queuing 
solves the problem of choosing items in or- 
der. The way in which item nodes are active 
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before they are recalled, but are suppressed 
after recall is naturally prone to order er- 
rors and also accounts for the relative lack 
of repetition errors. We believe that exper- 
iments involving repeated items (in which 
omission of the repeated item tends to be a 
common error) will also be relatively easy 
to model using competitive queuing. The 
activation of items before recall is men- 
tioned by Houghton (1990) as natural in the 
context of modeling speech production. It 
is surely no coincidence that the same 
mechanism seems natural in the articula- 
tory loop, given that it is based on the idea 
of using “inner speech” or “subvocal re- 
hearsal” to prolong the life of items in a 
short-term phonological store. 
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