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Abstract

The structure of people’s conceptual knowledge of concrete nouns has traditionally been viewed
as hierarchical (Collins & Quillian, 1969). For example, superordinate concepts (vegetable) are
assumed to reside at a higher level than basic-level concepts (carrot). A feature-based attractor
network with a single layer of semantic features developed representations of both basic-level and
superordinate concepts. No hierarchical structure was built into the network. In Experiment and
Simulation 1, the graded structure of categories (typicality ratings) is accounted for by the flat
attractor network. Experiment and Simulation 2 show that, as with basic-level concepts, such a
network predicts feature verification latencies for superordinate concepts (vegetable <is nutritious>).
In Experiment and Simulation 3, counterintuitive results regarding the temporal dynamics of similar-
ity in semantic priming are explained by the model. By treating both types of concepts the same in
terms of representation, learning, and computations, the model provides new insights into semantic
memory.
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1. Introduction

When we read or hear a word, a complex set of computations makes its meaning
available. Some words refer to a set of objects or entities in our environment correspond-
ing to basic-level concepts such as chair, hammer, or bean, and thus refer to this level
of information (Brown, 1958). Others refer to more general superordinate classes, such
as furniture, tool, and vegetable, which encompass a wider range of possible referents.
The goal of this article is to use a feature-based attractor network to provide insight into
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how concepts at multiple ‘‘levels’” might be learned, represented, and computed using an
architecture that is not hierarchical.

A large body of research has implicated distinct treatment of basic-level and superordi-
nate concepts. People are generally fastest to name objects at the basic level (Jolicoeur,
Gluck, & Kosslyn, 1984), and participants in picture-naming tasks tend to use basic-level
labels (Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976). Murphy and Smith (1982)
have demonstrated similar effects with artificial categories. In ethnobiological studies of
prescientific societies, the basic level (genus) is considered the most natural level of classifi-
cation in folk taxonomic structures of biological entities (Berlin, Breedlove & Raven,
1973), and it emerges first in the evolution of language (Berlin, 1972). In addition, the time
course of infants’ development of representations for basic-level and superordinate concepts
appears to differ (Rosch et al., 1976), with superordinates learned earlier than basic-level
concepts (Mandler, Bauer, & McDonough, 1991; Quinn & Johnson, 2000). Complementary
to this finding, during the progressive loss of knowledge in semantic dementia, basic-level
concepts often are affected prior to superordinates (Hodges, Graham, & Patterson, 1995;
Warrington, 1975). Thus, the way in which a concept is acquired, used, and lost depends
partly on its specificity. Such differences have motivated semantic memory models in which
basic-level and superordinate concepts are stored transparently at different levels of a
hierarchy.

1.1. Hierarchical network models

Collins and Quillian’s (1969) hierarchical network model was the first to capture differ-
ences between superordinate and basic-level concepts. They argued that concepts are orga-
nized in a taxonomic hierarchy, with superordinates at a higher level than basic-level
concepts, and subordinate concepts at the lowest level. Features (<is green>) are stored at
concept nodes, and the relations among concepts at different levels are encoded by ‘‘is-a’’
links. A central representational commitment was cognitive economy, so that features
should be stored only at the highest node in the hierarchy for which they were applicable to
all concepts below. An important processing claim was that it takes time to traverse nodes
and to search for features within nodes. Collins and Quillian presented data supporting both
cognitive economy and hierarchical representation. Given the model’s successes, differ-
ences between superordinate and basic-level concepts were thought to be characterized, par-
simoniously, and intuitively, by their location in a mental hierarchy.

Collins and Loftus (1975) extended this model in the form of spreading activation theory
to account for some of its limitations. First, in a strict taxonomic hierarchy, a basic-level
concept can have only one superordinate (Murphy & Lassaline, 1997). This proves problem-
atic for many concepts; for example, knife can be a weapon, tool, or utensil. Collins and
Loftus abandoned a strict hierarchical structure, allowing concept nodes from any level to
be connected to any other. Second, Collins and Quillian’s (1969) model was not designed to
account for varying goodness, or typicality, of the exemplars within a category (e.g., people
judge carrot to be a better example of a vegetable than is pumpkin). Numerous studies have
used typicality ratings to tap people’s knowledge of the graded structure of categories,
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showing that it systematically varies across a category’s exemplars (Rosch & Mervis,
1975). Collins and Loftus introduced a special kind of weight between basic-level and
superordinate nodes (criteriality) to reflect typicality. This theory has been implemented
computationally (Anderson, 1983), and it provides a comprehensive descriptive account of
a large body of data (Murphy & Lassaline, 1997).

One limitation of these models, however, is that no mechanism has been described that
determines which nodes are interconnected and what the strengths are on the connections.
Without such a mechanism, the models may be unfalsifiable. This limitation has motivated
researchers to instantiate new models in which weights between units are learned, and repre-
sentations are acquired through exposure to structured inputs and outputs.

1.2. Connectionist models of semantic memory

Most computational investigations of natural semantic categories conducted in the
past 25 years have been in the form of distributed connectionist models, and they have
focused mainly on basic-level concepts (Hinton & Shallice, 1991; McRae, 2004; Plaut,
2002; Vigliocco, Vinson, Lewis, & Garrett, 2004). This focus is reasonable given the
psychologically privileged status of the basic level. Consequently, when using models
in which word meaning is instantiated across a single layer of units, as is typical of
most connectionist models, it is not immediately obvious how to represent both basic-
level and superordinate concepts.

A few connectionist models have addressed this issue. Hinton (1981, 1986) provided the
first demonstration that they could code for superordinate-like representations across a sin-
gle layer of hidden units from exposure to appropriately structured inputs and outputs.
McClelland and Rumelhart (1985) showed that connectionist systems could develop internal
representations, stored in a single set of weights, for both exemplar-like representations of
individuals, and prototype-like representations of categories. Recently, Rogers and
McClelland (2004, 2005) have extended this work to explore a broader spectrum of semantic
phenomena.

The original aim of the Rogers and McClelland (2004) framework, as first instantiated by
Rumelhart (1990) and Rumelhart and Todd (1993), was to simulate behavioral phenomena
accounted for by the hierarchical network model. The model consists of two input layers,
the item and relation layers, which correspond to the subject noun (canary) and relation
(can/isa) in a sentence used for feature or category verification (‘‘A canary can fly’’ or
““A canary is a bird’”). Each item layer unit represents a perceptual experience with an item
in the environment (e.g., a particular canary). The relation layer units encode the four
relations (has, can, is, ISA) used in Collins and Quillian (1969). The output (attribute) layer
represents features of the input items. When the trained model is presented with canary and
has as inputs, it outputs features such as <wings> and <feathers>, simulating feature
verification. Rogers and McClelland also included superordinate (bird) and basic-level
(canary) labels as output features. Thus, when presented with canary and isa as inputs, the
model outputs bird and canary, simulating category verification.
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Rogers and McClelland (2004) demonstrated that their model developed representations
across hidden layer units that resembled superordinate representations. For example, if
canary was presented as input and the model activated the superordinate node (bird), but
not the basic-level node, this indicated that the model’s representation for canary more
closely resembled that of a superordinate than a basic-level concept. This pattern of results
occurred only under circumstances where the model was unable to discriminate among
individual items (e.g., canary and robin), as when the model was ‘‘lesioned’’ by adding
noise to the weights or at points during training. Using this and other versions of the model,
Rogers and McClelland (2004) provided insights into, most notably, patterns of impairment
in dementia (Warrington, 1975) and numerous developmental phenomena (Gelman, 1990;
Macario, 1991; Rosch & Mervis, 1975).

1.3. A new approach to distributed representation of superordinate concepts

We implement our theory in a distributed attractor network with feature-based seman-
tic representations derived from participant-generated norms, and we provide both quali-
tative and quantitative tests. Our aim is to demonstrate that in treating concepts of
different specificity identically in terms of the assumptions underlying learning and
representation, one can capture the structure, computation, and temporal dynamics of
basic-level and superordinate concepts. Our model extends those we have used to exam-
ine basic-level phenomena (Cree, McNorgan, & McRae, 2006; McRae, de Sa, &
Seidenberg, 1997), and they borrow heavily from pioneering work in this area (Hinton,
1981, 1986; Masson, 1991; McClelland & Rumelhart, 1985; Plaut & Shallice, 1994;
Rumelhart, 1990).

An important commonality between our model and that of Rogers and McClelland
(2004) is that both depend on the statistical regularities among objects and entities in a
human’s environment (semantic structure) for shaping semantic representations. Observ-
ing the same features across repeated experiences with some entity or class of entities
guides the abstraction of a coherent concept from perceptual experience (Randall, 1976;
Rosch & Mervis, 1975; Smith, Shoben, & Rips, 1974). Category cohesion, the degree
to which the semantic representations for a class of entities tends to overlap or hold
together, shapes the specificity of a concept; the less cohesive the set of features that
are consistently paired with a concept across instances, the more general the concept is,
on average. Also relevant are feature correlations, the degree to which a pair of
features co-occurs across multiple entities (e.g., something that <has a beak> also tends
to <have wings>). Finally, regularities in labeling concepts at both the basic and super-
ordinate levels play a key role in learning.

The present research extends Rogers and McClelland’s (2004) approach in two important
respects: by using a model that computes explicit feature-based superordinate representa-
tions, and by incorporating temporal dynamics in the model’s computations. Rogers and
McClelland were not primarily concerned with constructing a network that developed repre-
sentations for superordinate concepts per se. In contrast, we simulated the learning of super-
ordinate and basic-level terms in the following manner. On each learning trial, a concept’s
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label (name) was input, and it was paired with semantic features representing an instance of
that concept in the environment. This simulates a central way in which we learn word mean-
ing, through reading or hearing a word while the mental representation of its intended
referent is active. For example, a parent might point to the neighbor’s poodle and say
““‘dog.”” This labeling practice can be applied equivalently to basic-level and superordinate
concepts. For example, people apply superordinate labels when referring to groups of enti-
ties (“‘I ate some fruit for breakfast’’), physically present objects (‘‘Pass me that tool’’), or
to avoid repetition in discourse (‘‘She jumped into her car and backed the vehicle out of the
driveway’’). Thus, each superordinate learning trial consists of a superordinate label paired
with an instance of that class. For example, the model might be presented with the word
““tool’” in conjunction with the semantic features of hammer on one trial, the features of
wrench on another, and the features of screwdriver on yet another. In contrast, for basic-
level concepts, the model is presented with consistent word-feature pairings. For example,
the word ‘‘hammer’’ is always paired with the features of hammer.

In line with our training regimen, a number of studies of conceptual development support
the idea that the connections established between a label and the corresponding set of
perceptual instances are important in shaping the components of meaning activated when
we read or hear a word (Booth & Waxman, 2003; Fulkerson & Haaf, 2003; Waxman &
Markow, 1995). Plunkett, Hu, and Cohen (2007) presented 10-month-old infants with
artificial stimuli that, based on their category structure, could be organized into a single cate-
gory or into two categories. When the familiarization phase did not include labels, the
infants abstracted two categories. When infants were provided with two labels consistent
with this structure, the results were equivalent to the no-label condition. However, when
infants were given two pseudo-randomly assigned labels, concept formation was disrupted.
Crucially, presenting a single label for all stimuli resulted in the infants forming a single,
one might say superordinate, representation despite the natural tendency for them to create
two categories. These results demonstrate the importance of the interaction between labels
and semantic structure and, in particular, how labeling leads to the formation of concepts at
different ‘‘levels.”

The second important way in which our modeling differs from Rogers and
McClelland’s (2004) is that our model incorporates processing dynamics. Rogers and
McClelland used a feedforward architecture in which activation propagates in a single
direction (from input to output). Because their model contained no feedback connections,
directly investigating the time course of processing was not possible. Rogers and
McClelland acknowledged the omission of recurrent connections to be a simplification
and assumed that such connections are present in the human semantic system. In
contrast, a primary goal of our research is to demonstrate the ability of a flat connection-
ist network to account for behavior that unfolds over time, such as feature verification
and semantic priming. Therefore, we used an attractor network, a class of connectionist
models in which recurrent connections enable settling into a stable state over time,
allowing us to investigate the time course of the computation of superordinate and basic-
level concepts.
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1.4. Overview

We describe the model in Section 2. In Section 3, we demonstrate that it develops repre-
sentations for superordinate and basic-level concepts that fit with intuition and that capture
superordinate category membership. Section 4 presents quantitative demonstrations of the
relations among these concept types by simulating typicality ratings. In Section 5, the mod-
el’s representations of superordinates are investigated using a speeded feature verification
task. In Section 6, we use the contrast between the model’s superordinate and basic-level
representations, in conjunction with its temporal dynamics, to provide insight into the coun-
terintuitive finding that superordinates equivalently prime high and low typicality basic-
level exemplars. This result is inconsistent with all previous theories of semantic memory
because those frameworks predict that the magnitude of such priming effects should reflect
prime-target similarity. Interestingly and surprisingly, the model accounts for all of these
results using a flat representation, that is, without transparently instantiating a conceptual
hierarchy.

2. The model

We first present the derivation of the features used to train the basic-level and superordi-
nate concepts, followed by the model’s architecture. The manner in which the model com-
putes a semantic representation from word form, and the training regime, is then described.

2.1. Concepts

2.1.1. Basic-level concepts

The semantic representations for the basic-level concepts were taken from McRae, Cree,
Seidenberg, and McNorgan’s (2005) feature production norms (henceforth, ‘‘our norms’’).
Participants were presented with basic-level names, such as dog or chair, and were asked to
list features. Each concept was presented to 30 participants, and any feature that was listed
by five or more participants was retained. The norms consist of 541 concepts that span a
broad range of living and nonliving things. This resulted in a total of 2,526 features of vary-
ing types (Wu & Barsalou, in press), including external and internal surface features (bus
<is yellow>, peach <has a pit>), function (hammer <used for pounding nails>), internal and
external components (car <has an engine>, octopus <has tentacles>), location (salmon
<lives in water>), what a thing is made of (fork <made of metal>), entity behaviors (dog
<barks>), systemic features (ox <is strong>), and taxonomic information (violin <a musical
instrument>).

All taxonomic features were excluded for two reasons, resulting in 2,349 features. First,
features that describe category membership are arguably different from those that describe
parts, functions, and so on. Second, it could be argued that including taxonomic features in
the model would be equivalent to providing hierarchical information, which we wished to
avoid.
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2.1.2. Superordinate concepts

The goal was to have the model learn superordinates via its experience with basic-level
exemplars. Therefore, the superordinate features such as carrot <a vegetable> were used to
establish categories and their exemplars. These features indicated the category (or catego-
ries) to which the norming participants believed each basic-level concept belonged (if any).
Using a procedure similar to that of Cree and McRae (2003), a basic-level concept was con-
sidered a member of a superordinate category if at least two participants listed the superordi-
nate feature for that concept. A superordinate was used if it was listed for more than 10
basic-level concepts. The goal of using this criterion was to include a reasonably large, rep-
resentative sample of exemplars for each superordinate. The sole exception was plant, which
was excluded because only five of the 18 exemplars were not fruits or vegetables, and there-
fore the sample was not representative. These criteria resulted in 20 superordinates, ranging
from 133 exemplars (animal) to 11 (fish). The number of superordinates with which a basic-
level concept was paired ranged from O (e.g., ashtray, key) to 4 (e.g., cat is an animal, mam-
mal, pet, and predator). The resulting 611 superordinate—exemplar pairs are presented in
Appendix A.

2.2. Architecture

The network consisted of two layers of units, wordform and semantics, described below
(see Fig. 1). All 30 wordform units were connected unidirectionally to the 2,349 semantic
feature units. The wordform units were not interconnected. All semantic feature units were
fully interconnected (with no self-connections). Although all connections were unidirec-
tional, semantic units were connected in both directions (i.e., two connections) so that
activation could pass bidirectionally between each pair of feature units.

2.2.1. Wordform input layer

Each basic-level and superordinate concept was assigned a three-unit code such that turn-
ing on (activation = 1) the three units denoting a concept name and turning off (activa-
tion = 0) the remaining 27 units can be interpreted as presenting the network with the
spelling or sound of the word. Of the 4,060 possible input patterns, 541 unique three-unit
combinations were assigned randomly to the basic-level concepts, and 20 to the superordi-
nates. Random overlapping wordform patterns were assigned because there is generally no

Semantic

Units .. 000000000000 ...
(2349 units) \

Word Form
(30 units)

Fig. 1. Model architecture.



672 C. M. O’Connor, G. S. Cree, K. McRae/Cognitive Science 33 (2009)

systematic mapping from wordform to semantics in English monomorphemic words, and
many concept names overlap phonologically and orthographically.

2.2.2. Semantic output layer

Each output unit corresponded to a semantic feature from our norms. Thus, concepts
were represented as patterns of activation distributed across semantic units. Because
semantic units were interconnected, the model naturally learned correlations between
feature pairs. Thus, if two features co-occur in a number of concepts (as in <has wings>
and <has feathers>), then if one of them is activated, the other will also tend to be
activated by positive weights between them. Alternatively, if two features tend not to
co-occur (<has feathers> and <made of metal>), then if one is activated, the other will
tend to be deactivated.

The use of features as semantic representations is not intended as a theoretical argument
that the mental representation of object concepts exists literally in terms of lists of verbaliz-
able features. However, when participants perform feature-listing tasks, they make use of
the holistic representation for concepts that they have developed through multisensory
experience with things in the world (Barsalou, 2003). Thus, this empirically based approxi-
mation of semantic representation provides a window into people’s mental representations
that captures the statistical regularities among object concepts. In addition, these featural
representations provide a parsimonious and interpretable medium for computational model-
ing and human experimentation.

2.3. Computation of word meaning

To compute word meaning, a three-unit concept name was activated and remained active
for the duration of the computation. Semantic units were initialized to random values
between .15 and .25. Activation spread from each wordform to each semantic unit, as well
as between each pair of semantic units. Input to a semantic unit was computed as the activa-
tion of a sending unit multiplied by the weight of the connection from that sending unit. The
net input x; (at tick 7) to unit; was then computed according to Eq. I:

xjm =1 Zsl[.tﬂlwﬁ +b; | +(1— r)xl[-’ff] (1)
1
where s; is the activation of unit; sending activation to unit;, and wj; is the weight of the
connection between unit; and unit;. 7 (tau) is a constant between 0 and 1 used to denote the
duration of each time tick (.2 in our simulations). As such, x/[t_r] denotes net input to unit; at
the previous time tick. Each of these time ticks is a subdivision of a time step, and it consists
of passing activation forward one step. Time ticks are used to discretize and simulate
continuous processing between time steps (Plaut, McClelland, Seidenberg, & Patterson,
1996). The net input to unit; at time 7 is converted to an activation value (aj[’]) according to
the sigmoidal activation function presented in Eq. 2, where xjm is the net input to unit; from
Eq. 1 (at time 1).
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Activation propagated for four time steps, each of which was divided into five ticks, for a
total of 20 time ticks. After the network had been fully trained, it settled on a semantic rep-
resentation for a word in the form of a set of activated features at the semantic output layer.

2.4. Training

Prior to training, weights were set to random values between —.05 and .05. For each train-
ing trial, the model was presented with a concept’s wordform and activation accrued over
four time steps (ticks 1-20). For the last two time steps (ticks 11-20), the target semantic
representation was provided, and error was computed. This allows a concept’s activation to
accumulate gradually because the training regime does not constrain the network to com-
pute the correct representation until tick 11. The cross-entropy error (CEE) metric was used
because it is more suitable than are the more frequently used squared-error metrics for two
reasons. First, during training, features can be considered as being either present (on) or
absent (off), and intermediate states are understood as the probability that each feature is
present. Thus, the output on the semantic layer represents a probability distribution that
is used in computing cross entropy (Plunkett & Elman, 1997). Second, this error metric is
advantageous for a sparse network such as this one—where only five to 21 of the 2,329 fea-
ture units should be on for the basic-level concepts—because it produces large error values
when a unit’s activation is on the wrong side of .5. One potential way for our sparse network
to reduce error is to turn off all units at the semantic layer. Thus, punishing the network for
incorrectly turning units off allows the model to more easily change the states of those units.
CEE (E), averaged over the last two time steps (10 ticks) was computed as in Eq. 3:

X207 din(@) + (1 - ) In(1 - a)
E= (3)
10
where d; is the desired target activation for unit; and g; is the unit’s observed activation.
After each training epoch, in which every concept was presented, weight changes were
calculated using the continuous recurrent backpropagation-through-time algorithm (Pearl-
mutter, 1995). The learning rate was .01 and momentum (.9) was added after the first 10
training epochs (Plaut et al., 1996). Training and simulations were performed using Mikenet
version 8.02.

2.4.1. Basic-level concepts

The basic-level concepts were trained using a one-to-one mapping. That is, for each
basic-level training trial, the network learned to map its wordform to the same set of seman-
tic features. Error correction was scaled by familiarity. This was based on familiarity ratings
in which participants were asked how familiar they were with ‘‘the thing to which the word
refers’” on a 9-point scale, where 9 corresponded to ‘‘extremely familiar’® and 1 to ‘‘not
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familiar at all”” (McRae et al., 2005). The scaling parameter was applied to the error com-
puted at each unit in the semantic layer, and it was calculated using Eq. 4:

.9 x famy,

b max(fam)

(4)
where Sy, is the scaling parameter applied to a basic-level concept, famy, is the familiarity of
that concept, and max(fam) is the maximum familiarity rating across all basic-level con-
cepts. Thus, familiar concepts exerted a greater influence on the weight changes than did
unfamiliar concepts, simulating people’s differential experience with various objects and
entities. The reason for including .9 is described in Section 2.4.3.

2.4.2. Superordinate concepts

Superordinate training was somewhat more complex. The operational assumption was
that people learn the meaning associated with a superordinate label by experiencing that
label paired with specific exemplars (note that if a superordinate label is used to refer to
groups of objects, this manner of training also applies). Thus, superordinate concepts were
trained using a one-to-many mapping. Rather than consistently mapping from a given word-
form to a single set of features (as was done with basic-level concepts), the model was
trained to map from a superordinate wordform to various exemplar featural representations
on different trials. For example, when presented with the wordform for vegetable, on some
learning trials it was paired with the features of asparagus, and on others those of broccoli,
carrot, and so on. Over an epoch of training, the model was presented with the featural rep-
resentations of all 31 vegetable exemplars, each paired with the wordform for vegetable.
This process was performed for all 20 categories and all exemplars in each category.

We assume that, in reality, the process by which both types of concepts are learned is
identical. Although basic-level concepts were trained in a one-to-one fashion, people experi-
ence individual apples, bicycles, and dogs, and these instances often are paired with basic-
level labels (generated either externally or internally). If the model had learned basic-level
concepts through exposure to individual instances, such as individual apples, we assume that
it would develop representations similar to the ones with which it was presented in the train-
ing herein. This would occur because instances of basic-level concepts tend to overlap sub-
stantially in terms of features. For example, almost every onion <is round>, <tastes strong>,
<has skin>, and so on. Therefore, if the model was presented with individual onions, these
features would emerge from training with activations close to 1, due to the high degree of
featural overlap (cohesion) among instances. The one-to-one mapping assumption was
made, therefore, to simplify training.

The assumption also applies to training superordinates. The way that basic-level and
superordinate concepts are learned is qualitatively identical. That is, in reality, superordinate
concepts are also learned through exposure to instances. As such, if the model was presented
with individual instances of onions, carrots, and beets along with the wordform for
vegetable, it would presumably develop representations similar to those it learned using the
present training regime, in which it was trained on basic-level representations.



C. M. O’Connor, G. S. Cree, K. McRae/Cognitive Science 33 (2009) 675

2.4.3. Scaling issues

Three scaling issues concerning superordinate learning were considered. First, it was
necessary to decide how often the network should associate each exemplar with its
superordinate label. There are multiple possibilities. For example, exemplars that are
more familiar could be paired with the superordinate label more frequently under the
assumption that familiar exemplars exert a stronger influence in learning a superordinate
than do unfamiliar exemplars. Conversely, it could be argued that exemplars that are
less familiar are more likely to be referenced with their superordinate label because
people have greater difficulty retrieving the concepts’ basic-level names and use the
superordinate name instead. Although both of these possibilities (and others) are reason-
able, there is no research to suggest that any option is more valid than another. There-
fore, we used the training regime that relied on the fewest assumptions; we presented
each exemplar equiprobably. For example, if a category had 20 exemplars, each was
associated with the superordinate label 5% of the time.

A crucial point here is that pairing a superordinate label equally frequently with the
semantic representation of each of its exemplars means that typicality was not trained into
the model. This is critical because behavioral demonstrations of graded structure are a major
hallmark of category-exemplar relations, and capturing the influence of typicality is an
important component of the experiments and simulations presented herein.

The second issue concerns how often to train superordinates in relation to each other.
Because of the general nature of superordinate concepts, it seemed inappropriate to use
subjective familiarity as an estimate. That is, it is unclear what it means to ask someone
how familiar they are with the things to which furniture refers. The most reasonable solu-
tion was to use word frequency under the assumption that the amount that people learn
about superordinate concepts varies with the frequency with which its label is applied.
Therefore, superordinate concepts were frequency weighted in a fashion similar to the
weighting of the basic-level concepts by familiarity. Superordinate name frequency was
measured as the natural logarithm of the concept’s frequency taken from the British
National Corpus, In(BNC). The scaling parameter applied to the error measure was
In(BNC) of a superordinate name (summed over singular and plural usage), divided by the
sum over all 20 superordinates.

The final issue concerns how to scale superordinate relative to basic-level training.
Wisniewski and Murphy (1989) counted instances of basic-level and superordinate names in
the Brown Corpus (Francis & Kucera, 1982). They found that 10.6% (298/2,807) were
superordinate names and 89.4% (2509/2,807) were basic level. In mother—child discourse,
Lucariello and Nelson (1986) found that mothers used superordinate labels 11.4% of the
time (142/1,244) and basic-level labels 88.6% of the time (1,102/1,244). Therefore, we
trained superordinates 10% of the time, and basic level concepts 90%. This was simulated
by scaling the error at each semantic unit, which is why .9 appears in Eq. 4, and .1 in Eq. 5.
Thus, basic-level concepts had a greater influence than superordinate concepts on the
changes in the weighted connections during training.'

To summarize, the scaling parameter (Ss) applied to the error computed at each semantic
unit was calculated for each superordinate label-exemplar features pair using Eq. 5:
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1 x In(BNC,
5, = 1 x In(BNG) (5)
ng X iy In(BNCy)

where BNC; is the frequency of the superordinate name from the British National Corpus,
and ng is the number of exemplars in the superordinate’s category. The scaling parameter
included ng so that all pairings of a single superordinate label with its exemplars’ semantic
representations summed to the equivalent of a single presentation of the superordinate
concept.

2.4.4. Completion of training

Because the model was allowed to develop its own superordinate representations, they
could not be used to determine when to terminate training. Ordinarily, training is stopped
when a model has learned the patterns to some prespecified criterion. In this case, the ‘‘cor-
rect’’ featural representation for the superordinates was unknown because they were trained
in a one-to-many fashion. However, the target features for the basic-level concepts were
known. Therefore, training stopped when the model had successfully learned them; that is,
when 95% of the features that were intended to be on (activation = 1) had an activation
level of .8 or greater (across all 541 concepts). This was achieved after 150 training epochs.

By training the network until a single point in time where all superordinate and basic-
level concepts had attained a static and stable semantic representation, we are not arguing
that humans possess a static representation for either type of concept. On the contrary, we
believe that concepts constantly develop and vary dynamically over time such that they are
sensitive to context and aggregated experience (Barsalou, 2003). For these reasons, as well
as the fact that knowledge is stored in the weights in networks such as these, we use the term
“‘computing meaning,”’ rather than, for example, ‘‘accessing meaning,”’ throughout this
article.

3. Superordinate representations and category membership
3.1. Superordinate representations

To verify that the model developed reasonable representations for the superordinate con-
cepts, the network was presented with the three-unit wordform for each superordinate and
was allowed to settle on a semantic representation over 20 time ticks. As one example, the
features of vegetable with activation levels greater than .2 after 20 time ticks are presented
in Table 1. Interestingly, although one feature is activated close to 1 (<is edible>), most are
only partially activated. For example, <grows in gardens> and <eaten in salads> have acti-
vation levels of .56 and .39, respectively. This pattern of midlevel activations is characteris-
tic of all of the computed superordinate representations. Contrast this with the activation
pattern for celery, also presented in Table 1. The semantic units of all basic-level concepts
had activation levels close to 1 or 0. For example, of all celery features with activations
greater than .2, the lowest were <has stalks> and <tastes good> at .89. This difference in
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Table 1

Computed network representations for vegetable and celery

Concept Feature Activation

Vegetable <is edible> .79
<grows in gardens> .56
<is green> .56
<eaten by cooking> 48
<is round> 48
<eaten in salads> .39
<is nutritious> .38
<is small> .34
<is white> .33
<tastes good> 33
<has leaves> 31
<is crunchy> 28
<grows in the ground> 24

Celery <is green> 98
<grows in gardens> 97
<is crunchy> .96
<is nutritious> 94
<has leaves> 93
<eaten in salads> 92
<is edible> 91
<is long> 91
<is stringy> 91
<tastes bland> 91
<eaten with dips> .90
<has fiber> .90
<has stalks> .89
<tastes good> .89

activation patterns results from three factors underlying the semantic structure of conceptual
representations: feature frequency, category cohesion, and feature correlations, all of which
influence learning.

3.1.1. Feature frequency

As would be expected, the activation levels of superordinate features depend on the num-
ber of exemplars possessing each feature. When the model (and presumably a human as
well) is presented with the label for a superordinate, such as vegetable, it is not always paired
with the same set of features. Therefore, features that appear in many (or all) members of the
category, such as <is edible>, are highly activated. Those that appear in some members like
<grows in gardens> have medium levels of activation, and those appearing in a few con-
cepts, like <is orange>, have low activation. Thus, not all superordinate concepts have only a
few features with high activations. For example, bird has a number of features with activa-
tions greater than .85, such as <has a beak>, <has feathers>, <has wings>, and <flies>. This
is consistent with the suggestion that bird may actually be a basic-level concept.
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3.1.2. Category cohesion

Many other concepts, like fish or tree, can also be argued to function as basic-level as
well as superordinate concepts (Rosch et al., 1976). The exemplars of these categories share
many features (e.g., basically all birds include <has feathers>, <has a beak>, and <has
wings>) and differ in few features, such as their color. The patterns of features for these con-
cepts are consequently highly cohesive, producing strongly activated features for bird. In
contrast, other superordinates such as furniture have few features that are shared by many
exemplars (e.g., <made of wood>). Thus, the exemplars of these categories are not cohesive
in terms of overlapping features because they differ in many respects (e.g., color, external
components, function). Thus, category cohesion has direct implications for the conceptual
representations that the models learn to compute. For example, furniture included few
strongly activated features.

3.1.3. Feature correlations

For the present purposes, features were considered correlated if they tend to co-occur in
the same basic-level concepts (McRae et al., 1997). For example, various birds include both
<has wings> and <has feathers>. Attractor networks naturally learn these correlations, and
they play an important role in computing word meaning. People also learn these distribu-
tional statistics implicitly by interacting with the environment, and these statistics influence
conceptual computations (McRae, Cree, Westmacott, & de Sa, 1999). In the present model,
features that are mutually correlated activate one another during the computation of superor-
dinate concepts (and basic-level concepts as well). Therefore, feature correlations, particu-
larly across exemplars of a superordinate category, strongly influence what features are
activated for a superordinate.

3.2. Delineating members from nonmembers

We begin with a simulation that addresses whether the network can delineate between
category members versus nonmembers. We computed the representations for all superordi-
nate and basic-level concepts by inputting the wordform for each and then letting the net-
work settle. We calculated the cosine between the network’s semantic representations for
every superordinate-basic level pair, thus providing a measure of similarity, as in Eq. 6.

2349
Zl 1 XiVi

2349 2349
NN =

In Eq. 6, X is the vector of feature activations for a superordinate, y is the vector for an
exemplar, and x; and y; are the feature unit activations.

We sorted the basic-level concepts in terms of descending similarity to each superordi-
nate. For testing the model, an exemplar was considered a category member if at least 2 of
30 participants in our norms provided the superordinate category as a feature for the basic-
level concept (the same criterion used to generate the superordinate-basic level pairs).

(6)

cos(X, ¥)
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Our measure of the extent to which the model can delineate categories was the number of
basic-level concepts that were ranked in the top n in terms of similarity to each superordi-
nate, where n is the number of category members (according to the 2 of 30 norming partici-
pants criterion). For example, there are 39 clothing exemplars, so we counted the number of
them that fell within the 39 exemplars that were most similar to clothing. This provides a
reasonably conservative measure of the network’s performance because the criterion is a lib-
eral estimate of category membership (i.e., it includes those exemplars residing at the fuzzy
boundaries, McCloskey & Glucksberg, 1978).

In general, the network captures category membership extremely well (see Table 2).
Clothing and bird were perfect in that all category members had higher cosines than did any
nonmembers. There was only a single omission for five superordinates, and the network’s
errors were quite reasonable: furniture (lamp), fish (shrimp preceded guppy), container (dish
preceded freezer), vehicle (canoe was 29th, whereas wheelbarrow intruded at 23rd; there
were 27 vehicles), and musical instrument (bagpipe was one slot lower than it should have
been). There were two omissions for appliance (radio and telephone came after corkscrew
and colander), and insect (caterpillar and flea came after two birds, oriole and starling).
Four superordinates contained three omissions: animal (missed crab, python, and surpris-
ingly, bull, while intruding grasshopper, housefly, and sardine, which are all technically
animals); carnivore (dog, alligator, and porcupine lay outside the cutoff); herbivore (missed
turtle, giraffe, and grasshopper, although two of three false alarms are actually herbivores,

Table 2
The network’s prediction of category membership

Number of Number Within Percent
Category Exemplars Criterion Correct
Furniture 15 14 93
Appliance 14 12 86
Weapon 39 33 85
Utensil 22 19 86
Container 14 13 93
Clothing 39 39 100
Musical instrument 18 17 94
Tool 34 25 74
Vehicle 27 26 96
Fruit 29 27 93
Bird 39 39 100
Insect 13 11 85
Vegetable 31 27 87
Fish 11 10 91
Animal 133 130 98
Pet 22 17 77
Mammal 57 51 89
Carnivore 19 16 84
Herbivore 18 15 83

Predator 17 14 82
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donkey, and chipmunk, but not mink); and predator (tiger, hyena, and alligator fell below
crocodile, buzzard, and hare, although why participants listed predator for alligator but not
for crocodile is a bit of a mystery).

Other categories included mammal, for which there were five errors, only one of which
is clearly a mammal (mole), and pet, for which category membership was captured for
only 17 of 22 exemplars. There was a bit of fruit/vegetable confusion, although this is
common with people as well. For fruit, pickle and peas preceded pumpkin and rhubarb,
and for vegetable, garlic, corn, pumpkin, and pepper were preceded by some exemplars
that are clearly fruits, pear, strawberry, and blueberry. Finally, there were also some tool/
weapon confusions. There were six items that were erroneously included as weapons,
although half of them could be used as such (scissors, spade, and rake; see one of numer-
ous movies for examples). The omitted exemplars were catapult, whip, stick, stone, rock,
and belt, all of which are atypical weapons. There were likewise weapon/tool confusions
at the boundary of rool.

In summary, the network’s representations clearly capture category membership. The
errors primarily reflect our liberal criterion for category membership, occurring at the fuzzy
boundaries, and are reasonable in the vast majority of cases. In Experiment 1 and Simulation
1, we investigate whether the network can account for a related, but somewhat more fine-
grained measure, graded structure within those categories.

4. Experiment 1 and Simulation 1: Typicality ratings

Categories exhibit graded structure in that some exemplars are considered to be better
members than others (Rips, Shoben, & Smith, 1973; Rosch & Mervis, 1975; Smith et al.,
1974). Typicality ratings have been used extensively as an empirical measure of this struc-
ture. Thus, it is important that our model accounts for them. Participants provided typicality
ratings for the superordinate and basic-level concepts on which the network was trained.
This task was simulated, and the model’s ability to predict the behavioral data was tested.
Family resemblance was used as a baseline for assessing the model’s performance. Family
resemblance is known to be an excellent predictor of behavioral typicality ratings (Rosch &
Mervis, 1975). Lastly, interesting insights are gained by considering the successes and short-
falls of the model.

4.1. Experiment 1

4.1.1. Method

4.1.1.1. Participants: Forty-two undergraduate students at the University of Western
Ontario participated for course credit, 21 per list. In all studies reported herein, participants
were native English speakers and had normal or corrected-to-normal visual acuity.

4.1.1.2. Materials: Experiment 1 was conducted prior to the current project and included
other superordinate categories. Typicality ratings were collected for all categories used by
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Cree and McRae (2003). Thus, there were 33 superordinate categories and 729 nonunique
exemplars (many exemplars appeared in multiple categories). Because 729 rating trials were
deemed to be too many for a participant to complete, there were two lists. The first list con-
sisted of 17 categories and 373 basic-level concepts, and the second consisted of 16 catego-
ries and 356 basic-level concepts. Both lists contained concepts from the living and
nonliving domains.

4.1.1.3. Procedure: Instructions were presented on a Macintosh computer using Psy-
Scope (Cohen, MacWhinney, Flatt, & Provost, 1993) and were read aloud to the par-
ticipant. Participants were told they would see a category name as well as an instance
of that category, and they were asked to rate how ‘‘good’” an example each instance
is of the category, using a 9-point scale which was presented on the screen for each
trial. They were instructed that ‘‘9 means you feel the member is a very good exam-
ple of your idea of what the category is,”” and ‘‘1 means you feel the member fits
very poorly with your idea or image of the category (or is not a member at all).”
Participants were provided with an example and performed 20 practice trials using the
category sport, with verbal feedback if requested. Categories were presented in blocks,
with randomly ordered presentation of exemplars within a category. The typicality rat-
ing for each superordinate—exemplar pair was the mean across 21 participants. No
time limit was imposed, and participants were instructed to work at a comfortable
pace.

4.2. Simulation 1

4.2.1. Method
4.2.1.1. Materials: The items were the 611 superordinate—exemplar pairs on which the
model was trained.

4.2.1.2. Procedure: To simulate typicality rating, we first initialized the semantic units to
random values between .15 and .25 (as in training). The basic-level concept’s wordform
(e.g., celery) was then activated and the network was allowed to settle for 20 ticks.
The computed representation was then recorded, as if it was being held in working memory.
The semantic units were reinitialized, the superordinate’s wordform (e.g., vegetable) was
presented, and the network was allowed to settle for 20 ticks. To simulate typicality ratings,
we calculated the cosine between the network’s computed semantic representations for
each superordinate-basic-level pair as in Eq. 6. To test the model’s ability to account for
typicality ratings, the cosine between each superordinate—exemplar pair was correlated with
participants’ mean typicality ratings.

Family resemblance was calculated using the feature production norms and computed as
in Rosch and Mervis (1975). For all exemplars of a superordinate, each feature from the
norms received a score corresponding to the number of concepts in the category that possess
that feature. The family resemblance of an exemplar within a category was the sum of the
scores for all of the exemplar’s features.
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4.3. Results and discussion

Because positive correlations were predicted, and there was no reason to expect negative
correlations, all reported p-values are based on a one-tailed distribution. As presented in
Table 3, the Pearson product-moment correlation between the model’s cosine similarity and
the typicality ratings was significant for 13 of 20 categories, showing that the model was
successful in simulating graded structure.” By comparison, family resemblance predicted
typicality ratings for those same 13 categories. Thus, the predictive abilities of the model
and family resemblance were comparable. Furthermore, all correlations between model
cosine and f