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Abstract

Young children tend to generalize novel names for novel solid objects by similarity in shape, a phenomenon dubbed ‘the shape
bias’. We believe that the critical insights needed to explain the shape bias in particular, and cognitive development more generally,
come from Dynamic Systems Theory. We present two examples of recent work focusing on the real-time decision processes
that underlie performance in the tasks used to measure the shape bias. We show how this work, and the dynamic systems
perspective, sheds light on the controversy over the origins and development of the shape bias. In addition, we suggest that this
dynamic systems perspective provides the right level for explanations of development because it requires a focus on the details

of behavior over multiple timescales.

Introduction

Young children learn new nouns at astonishing rates. In
the laboratory, they are able to generalize novel nouns to
new instances after seeing a single instance named once.
For example, when shown a novel solid object named
with a count noun, young children tend to generalize the
novel name to new instances that match in shape, a
phenomenon dubbed the ‘shape bias’. Since Landau, Smith
and Jones’ (1988) seminal study on this bias, it has been
replicated in numerous laboratories as is reflected in the
four papers that serve as the focus of this special section.
Two- and 3-year-old children generalized novel names
for novel solid objects by shape in Diesendruck and Bloom’s
(2003) studies, as did 2-year-old children in Booth, Waxman
and Huang’s (2005) study. Similarly, following 9 weeks of
special category training, the 15-21-month-old children
in Smith, Jones, Landau, Gershkoff-Stowe and Samuelson’s
(2002) and Samuelson’s (2002) studies demonstrated a
shape bias. Thus, there is no dispute among these papers
regarding the behavior — young children attend to shape
when naming novel solid objects. The question is what
does this behavior mean, and where does it come from?
At this level, the devil is in the details.

In their longitudinal training studies, Samuelson (2002)
and Smith et al. (2002) found that whether children developed
a shape bias depended on exposure to a noun vocabulary
dominated by names for solid things in categories organized
by similarity in shape. Thus, these researchers argue that
the noun vocabulary children learn early teaches them

what features of objects to attend to when learning novel
names. In contrast, Diesendruck and Bloom (2003) found
no differences in children’s generalizations when asked
to pick objects that were ‘of the same kind’ or to gener-
alize novel names. They also failed to find differences in
the level of 2- and 3-year-old children’s attention to shape.
Thus, Diesendruck and Bloom (2003) argue that the shape
bias reflects children’s knowledge that shape is a good
indicator of object kind. Similarly, Booth, Waxman and
Huang (2005) found that children’s tendency to generalize
a novel name based on shape similarity depended on what
they were told about the exemplar — even for very young
language learners. They thus argue that the shape bias is
based on conceptual knowledge that does not develop as
a result of early vocabulary learning.

We contend that the critical insight needed to under-
stand the details of when children attend to shape and
what it means comes from Dynamic Systems Theory. In
particular, making progress in understanding the develop-
ment of word learning biases and cognitive development
more generally requires understanding how children’s
knowledge about names and categories is brought to
bear in a task in a moment in time, and how individual
behaviors at that timescale accumulate to create later
behaviors. In what follows, we present examples of two
recent lines of work exploring the time-dependent pro-
cesses that create novel noun generalization behaviors.
These examples demonstrate the importance of under-
standing behavioral processes at these timescales for
explanations of the origins of the shape bias. We illustrate
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this point by showing how a dynamic systems perspective
leads to a reinterpretation of key results that form the
basis of the current debate on the shape bias. We con-
clude by suggesting that explanations of the shape bias,
and cognitive development more generally, need to take
these time-dependent influences on behavior into account.

A dynamic systems account of the shape bias

Our dynamic systems approach to the origin of the
shape bias extends the Attentional Learning Account
(ALA) proposed by Smith and colleagues (see Smith &
Samuelson, 2006). Briefly, the ALA proposes that as
children learn their early vocabulary, they learn a system
of statistical regularities among linguistic devices, the
properties of objects, and perceptual category organiza-
tion. These learned associations then mechanistically
shift attention to the relevant properties of objects in
future word learning situations, enabling children to
make generalizations from the categories they know to
novel categories. As a consequence, children learn new
words rapidly. By this account, children’s attention to
shape results from the particular statistical structure of
the linguistic context they have previously been exposed
to. Thus, the ALA predicts individual, cross-cultural, and
task-based differences in performance that are closely
tied to the specifics of an individual’s history, the particular
language being learned, and the specifics of the task —
predictions supported in a growing body of work (see
Smith & Samuelson, 2006, for a review). Simulation
studies with connectionist networks have been used to
formally instantiate these ideas (Colunga & Smith, 2005;
Samuelson, 2002). Further, the links between the voca-
bulary, the development of biases, and subsequent word
learning have been confirmed in longitudinal training
studies in which young children taught a noun vocabu-
lary dominated by names for categories organized by
shape, but not children taught vocabularies organized in
other ways, subsequently demonstrate precocious biases
and an acceleration in vocabulary development (Samuel-
son, 2002; Smith et al., 2002).

The ALA itself stems from a more general dynamic
systems perspective of development that, rather than
seeing knowledge as conceptual information tapped into
via a perceptual system, views it as the emergent product
of the real-time interaction of many components — the
child’s physical and cognitive abilities, the specifics of the
task, the state of the system in the just-previous past,
and the child’s individual developmental history of
perceiving and acting (Smith & Thelen, 2003; Thelen &
Smith, 1994). By the dynamic systems perspective, each
individual moment of knowing reflects the context-
specific integration of these components and sets the
stage for the next interaction between the child and the
context. Over time, stable patterns of behavior emerge as
many individual interactions are laid down over the course
of a child’s developmental history. Likewise, variability
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and change emerge as the system is pushed into new
forms of organization by the specifics of individual
contexts, abilities, and experiences. Thus, the dynamic
systems view accounts for both stability and variability
in performance, grounds current behavior in the longer-
term activity of the system, and is fundamentally develop-
mental (see also Samuelson & Smith, 2000b).

Many connectionist approaches share a similar emphasis
on development (see Spencer, Thomas & McClelland,
forthcoming; Smith & Samuelson, 2003; Thelen & Bates,
2003); thus, it should not be surprising that the ALA has
previously been implemented in connectionist models
(Colunga & Smith, 2005; Samuelson, 2002). Importantly,
however, these formal instantiations of the ALA do not
specify how decision processes unfold in real-time. Our
recent work has extended the ALA in this new direction
using a new class of dynamic systems models — dynamic
fields (Spencer & Schoéner, 2003). In addition, we have
begun to investigate the role of children’s just-previous
history in shaping behavior, inspired by previous work
using dynamic fields to capture the A-not-B error. We
present each of these examples in turn.

Decisions in real-time

As a first step towards a more complete understanding
of the processes that create word learning biases, we have
been investigating how children make decisions in noun
generalization tasks in real-time. This critical determi-
nate of how children behave in novel noun generaliza-
tion tasks has received relatively little attention in the
field (but see Deak & Bauer, 1995, for relevant work).
The two most common tasks used to elicit novel noun
generalizations from young children are yes/no procedures
and forced-choice procedures. In both tasks, children are
shown a novel exemplar object which is named. In yes/
no tasks, children are then shown each test object indi-
vidually and asked whether each can be called by the
same name as the exemplar (e.g. Samuelson & Smith, 2000a).
In forced-choice tasks, however, children are shown the
test objects simultaneously and asked to pick which one
can be called by the same name as the exemplar (e.g.
Diesendruck & Bloom, 2003). We have used an extension
of the Dynamic Field Theory (DFT) to simulate the
decision processes that underlie performance in these tasks
(Samuelson, Horst, Dobbertin & Schutte, 2006) because
the DFT has been used to capture the real-time processes
that underlie how children make and maintain stable
decisions in working memory (Simmering, Spencer &
Schoner, 2006; Spencer, Simmering & Schutte, 2006).
This is a novel extension of the DFT (but see Lipinski,
Spencer, Samuelson & Schoner, 2006; Smith & Samuelson,
2005, for related ideas), that explicitly draws on what is
known about basic perceptual and working memory
processes to explore the generation of a real-time decision
in novel noun generalization tasks. This work demonstrates
the importance of this timescale for our understanding



of children’s novel noun generalization behaviors and
lays the groundwork for future explorations of the
relation between real-time decisions and developments
at the next timescale — the accumulation of statistical
regularities that are the heart of the ALA.

Figure 1 shows example model simulations that
explore the nature of children’s decisions as dictated by
the developmental state of the child and as constrained
by the details of the task and input (see Samuelson,
Schutte & Horst, 2007, for details of the model). The top
panels in each box depict input to the model in either a
yes/no (top and middle boxes) or forced-choice (bottom box)
task. The bottom two panels in each box depict younger
and older decision fields, that is, fields that capture the
decisions children make in these different tasks. The
x-axis in each panel shows a set of neurons arranged
by ‘similarity’. Neurons that are tuned to respond, for
instance, to similar perceptual features would be close
neighbors along this dimension, while neurons that are
tuned to respond to dissimilar features would be far
from one another. The activation of each neuron is
plotted along the y-axis. Time is shown along the z-axis
as the sequence of events in a single trial unfold (starting
at the back). In these simulations, developmental dif-
ferences between younger and older language learners have
been implemented as a change in the precision of neural
interactions in the decision field, such that younger language
learners have broader, weaker interactions (e.g. panel B)
while those of older language learners are narrower
and stronger (e.g. panel C; for related ideas, see Schutte,
Spencer & Schoner, 2003).

The stimuli are presented to the model via the input
field. Inputs take the form of Gaussians representing the
exemplar (leftmost peak in panels A, D and G) and either
one or two test objects depending on the task. Inputs are
positioned along the similarity dimension according to
their relative similarities. In the depicted simulations, the
shape-matching test object is closer to the exemplar than
the material-matching test object. These positions are
based on our recent work quantitatively modeling noun
generalization data from 30-month-old children in these
tasks (Samuelson et al., 2007). Note that the activation
of the exemplar in the forced-choice task is lower because
it is typically farther from the child, as are all the stimuli
in the yes/no task.

The time-dependent processes (i.e. the dynamics) that
determine the model’s response occur in the decision
field. Neurons in this model interact according to a local
excitation/lateral inhibition function. This means that
neurons with similar ‘preferred’ inputs excite one another
while neurons tuned to very different inputs inhibit each
other. This allows the network to form stable peaks of
activation that represent behavioral decisions to, for
instance, select a particular input in a forced-choice task.
Task differences emerge from differences in the strength
and time structure of the inputs and the dynamics of the
decision field. The yes/no task presents a less constrained
type of decision because a ‘yes’ response can be generated
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Figure 1 Models of noun generalization decision processes
in yes/no (top and middle boxes) and forced-choice tasks
(bottom box). The top panel in each box depicts inputs to
younger (middle panels) and older (bottom panels) decision
fields. In each panel similarity is depicted on the x-axis,
activation of neurons on the y-axis, and time over the course
of asingle trial along the z-axis (starting at the back of the figure).
Ex = exemplar, Sh = shape-matching test object and

Ma = material-matching test object. Please see text for details.
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to multiple test objects as long as each is relatively
similar to the exemplar. This is captured in the model by
making the neurons in the decision field more excitable
and less competitive, thereby allowing more blending across
stimuli and good sensitivity to overlap in the input. The
formation of a stable peak in the decision field represents a
‘yes’ response, and the failure to form a stable peak, a
‘no’ response (Simmering et al., 2006).

In contrast, the forced-choice task presents a more
constrained type of decision because the child must pick
one test item. Such selectivity is achieved by making the
decision field highly competitive (i.e. the neurons inter-
act strongly) and making it reflect the inputs strongly
(Willmzig & Schoéner, 2005). At the point in the trial
when the test objects are moved within reach of the child
and a response is requested, the resting level of neurons
is raised. In the model, this change further increases
competition among the neurons and the overall activa-
tion in the field, thereby forcing the creation of a single,
stable peak centered over one of the test objects. The
model’s choice corresponds to the location of this peak
along the x-axis.

As can be seen in Figure 1, the combination of the
developmental differences and task dynamics leads to
very different patterns of performance — even given the
same inputs. In the yes/no task (top and middle boxes),
the model, like children, is presented with each input
separately. Thus, the two peaks in panel A correspond to
the exemplar and the shape-matching test object, while
the peaks in panel D correspond to the exemplar and the
material-matching test object. Panel B shows the result
of presenting the shape-matching test object to the younger
model — a peak forms indicating a ‘yes’ response. Likewise,
the older model generates a ‘yes’ response to the same
test object (panel C). The younger model also generates
a ‘yes’ when the material-matching test object is presented
(panel E), whereas the older model fails to form a peak
and generates a ‘no’ response (panel F). Thus, the narrower
interactions in the older model lead to greater selectivity
— a bias to say ‘yes’ only to shape-matching stimuli.

In the forced-choice task (bottom box), the model,
like children, is presented with an exemplar plus two test
objects at the same time (panel G). Note that the posi-
tions of the stimuli along the similarity dimension and their
precision (i.e. the widths of the inputs) are the same as
those presented in the yes/no task (panels A and D). As
can be seen in the figure, both the younger (panel H) and the
older (panel I) versions of the model formed a peak centered
at the input location of the shape-matching test object.

Importantly, developmental changes were instantiated
in the same way for simulations of both the forced-choice
and yes/no tasks. Thus, these example simulations dem-
onstrate that the specific question posed by the task
matters. The yes/no task is less constrained; thus, to get
generalization that is specific to one object but not the
other requires changes in the decision-making processes
themselves. Conversely, the performance of the forced-choice
models suggests that a lack of differences across age in
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this task may mask changes in the underlying processes.
We reiterate that we have used this model to quantita-
tively capture differences in children’s performance in
these two tasks. This work creates an important bridge
between word learning and other areas of cognitive
development in that it ties the decision processes under-
lying performance in the novel noun generalization tasks
to decision-making in other cognitive tasks.

Decisions make history

Our next step towards a more complete understanding
of the processes that create word learning biases was to
investigate how individual decisions made in real-time
accumulate to influence behavior at the next timescale.
Research with infants on Piaget’s classic A-not-B task
demonstrates links between these timescales. In this
task, a toy is hidden at an A location and the infant is
allowed to search and find the toy. This is repeated several
times before the experimenter switches and hides the
toy at a B location. Even after watching the toy being
hidden at the new location, 8- to 10-month-old infants
err on this B trial and search for the toy at A. Thelen,
Smith and their colleagues have proposed that the source
of infants’ error in this task is the history of reaching to
A repeatedly in the context of a relatively weak ability to
maintain a decision to reach to B (Smith, Thelen, Titzer
& McLin, 1999). A dynamic field model provides the
mechanism: A trace of activity is laid down by each
behavioral decision to reach to a particular location.
These traces accumulate across the A trials to influence
later behavior. Recent research in our laboratory suggests
that a similar process may influence children’s novel noun
generalization behaviors over the course of an experimental
session (Samuelson & Horst, 2007).

We presented 24-month-old children with either a
novel solid or nonsolid exemplar that was named. In a
forced-choice task, children generalized the name to either
a shape-matching or a material-matching test object.
Our interest was in the aspects of the task and stimulus
context that push children to attend to shape when
generalizing names for solid objects but material when
generalizing names for nonsolid substances. Across four
conditions, we systematically manipulated three aspects
of the task that appeared to be linked to differences
in attention to shape or material in prior studies (see
Samuelson & Smith, 1999; Soja, Carey & Spelke, 1991) — the
training children received, whether solid exemplars were
always presented as whole objects or in pieces on some
trials, and whether material-matching test objects also
matched exemplars in color. All the children had at least
150 nouns in their productive vocabulary — a level previ-
ously shown to be associated with significant attention
to shape in tasks that include both solid objects and
nonsolid substances (Samuelson & Smith, 1999).

As can be seen in Figure 2, the biases children demon-
strated were influenced by the training and the specifics



f23

(o]

L2

o

<

o

o .
3 W solid
@

c [ nonsolid
8

€

Q

o

=

o

SO+W+MO SO+P+MO SN+P+MO SN+P+MC
Condition

Figure 2 Proportion shape choices on trials with solid and
nonsolid exemplars for children in each of the four
experimental conditions of Samuelson and Horst (2007).
Proportions greater than 50% indicate children are extending
names on the basis of shape similarity and less than 50%
indicate children are extending names on the basis of material
similarity. The dotted line indicates chance responding;

*= performance different from chance at the p < .05 level.
**= gignificant interaction between condition and
solid/nonsolid, p < .05.

of the stimuli. Children in the Solid-Only+Wholes+Material-
Only condition (S+W+M) received two training trials
with solid objects, saw only whole solid objects on the
test trials, and saw material-matching test objects that
did not match the exemplar in color. As in previous
studies with similar conditions (i.e. Samuelson & Smith,
1999), the proportion of shape choices in this condition
was significantly greater than levels expected by chance
on trials with solid exemplars, but not different from
chance on trials with nonsolid substances. These children
demonstrated a significant shape bias with solid exemplars
but no significant ‘material bias’ with nonsolid exemplars.
When some of the solid exemplars were presented in
pieces but the same training regime and material-only-
matching test objects were used (S+P+M), children still
demonstrated a significant shape bias and no significant
material bias. However, when the training regime was
changed to include both solid objects and nonsolid sub-
stances (SN+P+M), children no longer demonstrated
significant biases. Finally, when material-matching test
objects also matched the exemplars in color (SN+P+MC),
children demonstrated a significant material bias, as in
prior studies that used material+color-matching test objects
(e.g. Soja et al., 1991).

Thus, like studies of the A-not-B error, these results
suggest that the training trials critically influence what
children do later in the experiment. A further analysis of
the data suggests other effects at the timescale of trial-by-
trial performance. The left panel of Figure 3 presents
the percentage of children from the three conditions that
included exemplars in pieces (all but S+W+M) who
chose shape-matching test objects on their first trial with
a solid-whole-exemplar (SW1) as a function of how
many trials with exemplars (solid or nonsolid) in pieces
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Figure 3  The left panel shows the percentage of children from
the conditions of Samuelson and Horst (2007) that included
exemplars presented in pieces (all but S+ W+M), who chose
shape-matching test objects on their first solid-whole-exemplar
trial (SW1) as a function of how many trials with exemplars
(solid or nonsolid) in pieces they had previously seen. The right
panel shows children’s performance on their second
solid-whole-exemplar trial (SW2) as a function of whether they
picked the shape- or material-matching test object on SW1.
Ns are in parentheses.

they had previously seen. As can be seen in the figure,
children generalized the novel name for solid whole
exemplars by shape similarity if they had not previously
seen any exemplars in pieces. However, as children saw
more exemplars in pieces over the course of the experi-
ment, they were less likely to generalize novel names for
solid-whole exemplars by shape similarity. Further, chil-
dren’s first generalizations of a name for a solid-whole
exemplar influenced their subsequent generalizations.
The right panel of Figure 3 presents performance on the
second trial with a solid-whole exemplar (SW2) as a
function of whether individual children had generalized
the novel name on SW1 by shape or material similarity.
As can be seen in the figure, children who generalized
the novel name by shape on SW1 were more likely to
also generalize the novel name by shape on SW2.

These data fit with a dynamic systems perspective by
showing how the trial-to-trial sequence of events (how
many times a child sees exemplars in pieces) and the
child’s active responses (having generalized a name for a
solid object by shape recently) build on themselves to
create short-term statistical biases to generalize novel
names by shape or material in an experiment. These effects
will require further investigation via targeted manipulations
of trial orders and training sequences. Nevertheless, they
are some of the first to make the link between the time-
scales of real-time decisions and later behaviors (see also
Landau & Shipley, 2001).

Explanations need detail

The recent work from our lab combined with previous
data showing that children given experience with biased
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short-term statistics develop a precocious shape bias and
accelerated vocabulary development (Samuelson, 2002;
Smith et al., 2002) begin to provide a bridge between the
timescale of moment-to-moment behavior and the longer
timescale at which word learning and development emerge.
This work also sheds light on the debate over what
children’s biased noun generalization behavior means
and where it comes from because it provides insight into
some of the differences in the details of behavior seen in
the four papers that are the focus of this special section.
For example, Diesendruck and Bloom (2003) argued
against the idea that the shape bias develops based on
the fact that there was no difference in the level of shape
bias demonstrated by 2- and 3-year-old children. However,
as the task analysis and model presented above suggest,
it is possible that the use of a forced-choice task in
Diesendruck and Bloom’s studies may have masked
underlying differences in children’s understanding of the
importance of shape for nominal categories. That is, it is
possible that the 3-year-old children in their study did
have a greater appreciation than the 2-year-old children
regarding the importance of shape for categories of solid
things. However, because the statistics of both groups’
vocabularies directed attention to shape with solid objects,
both groups were more likely to pick the shape-matching
test object over the material-matching one in a forced-choice
task that maximizes even subtle differences between stimuli.

Similarly, Booth, Waxman and Huang (2005) found
that 18-month-old children demonstrated a shape bias,
and found no difference in their responses when com-
pared to a group of 24-month-old children tested with
the same procedure. Thus, they argued that the shape bias
is based on conceptual knowledge that does not develop
as a result of early vocabulary learning. However, as they
note, getting very young children to respond in noun
generalization tasks requires extra training. Thus, prior
to the experimental trials, children in their task were
introduced to two distracters and explicitly told that they
were not called by the same name as the previously intro-
duced exemplar. Then, an object that was identical to
the exemplar was introduced and children were told that
it was called by the same name as the exemplar. In contrast,
the studies that have suggested that the shape bias develops
later (Gershkoff-Stowe & Smith, 2004; Samuelson & Smith,
1999) have used a task that required children to generalize
a novel name after a single presentation of a single exem-
plar (and no contrast items). In light of our data suggesting
that the specifics of the task and the training children
receive can have a profound influence on the behavior
they demonstrate, it is not clear that Booth ef al.’s data
create a conflict. Rather, they reinforce the idea that
task-specific details matter, showing that young children
can do something in a supportive task that they cannot
do in a less supportive task. Indeed, our dynamic systems
perspective suggests that understanding the link between
the details of the task and the specific behaviors pro-
duced will provide important insight into the processes
underlying novel noun generalization.
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It is important to note that we are not trying to dis-
miss or trivialize the data from these studies or differ-
ences between studies. Rather, we argue that it is exactly
such details of behavior over time that matter to all
explanations of development. More specifically, any explana-
tion of development should include an appreciation of three
critical issues. First, empirical details matter because it is
the details of the interaction between the child and the
task that make behavior. From this perspective, formal
models are useful because they necessitate specificity
about the nature of the task, the stimuli, the knowledge
brought by the child, the underlying assumptions, and
how all these components interact. Second, our means
of assessing mental states is always via behavior (see also
Bremner & Mareschal, 2004). Thus, a rich understanding
of behavior is essential if we are to understand underlying
mental states. Third, development is created over multiple
timescales. A full explanation of the origins of any behavior,
therefore, will require understanding how individual
behaviors in a moment accumulate to create longer-term
patterns in development.

This is why, by our view, explanations at the level of
‘kinds’ or ‘conceptual understanding’ are not satisfying
— they lack clarity with regard to these critical elements.
Our discussion above illustrates how these explanations
can be augmented by considering the details of how the
child and task interact to create the mental states that
underlie behavior. But clarity regarding the third element is
perhaps most critical — the creation of development over
time. Explaining the shape bias as based on an under-
standing of ‘kinds’ or ‘conceptual understanding’ begs
the question of where an understanding of kinds or
concepts comes from. Booth, Waxman and Huang (2005)
point to this issue when they state that ‘conceptual
understanding’ may be learned via associative mechanisms
similar to the ALA (p. 502). Hence, even explanations
based on higher level concepts must specify the nature
of learning, how what is learned is brought to bear in
specific task contexts, and how learning accumulates
over time to create stable patterns of behavior. In short,
a full explanation of the shape bias, or any other cogni-
tive phenomenon, will require attention to precisely those
details of behavior in time that we have highlighted here.
Clearly, we have taken only the first steps in the direction
of this more complete account. Nevertheless, as our
examples illustrate, these are critical steps to take in
order to resolve the debate on the origins of the shape
bias, and for explanations of development more generally.

Acknowledgements

Preparation of this manuscript was supported by NICHD
grant number 5 RO1 HDO045713 to the first author. The
authors wish to thank John Spencer, Jodie Plumert and
Linda Smith for thoughtful discussions of this work and
John Spencer for helpful comments on earlier versions of
the manuscript. We also thank Ryan Brink, Brandi



Dobbertin, Anne Schutte and the members of the
Language and Category Development Lab for their
assistance. Finally, we thank the parents and children who
participated in our the studies, without whom this work
would not be possible.

References

Booth, A.E., Waxman, S.R., & Huang, Y.T. (2005). Concep-
tual information permeates word learning in infancy. Develop-
mental Psychology, 41, 491-505.

Bremner, A.J., & Mareschal, D. (2004). Reasoning . .. what
reasoning? Developmental Science, 4 (4), 419-421.

Colunga, E., & Smith, L.B. (2005). From the lexicon to expec-
tations about kinds: a role for associative learning. Psychological
Review, 112, 347-382.

Deak, G., & Bauer, PJ. (1995). The effects of task comprehension
on preschoolers’ and adults’ categorization choices. Journal
of Experimental Child Psychology, 60, 393-427.

Diesendruck, G., & Bloom, P. (2003). How specific is the shape
bias? Child Development, 74, 168-178.

Gershkoff-Stowe, L., & Smith, L.B. (2004). Shape and the first
hundred nouns. Child Development, 75 (4), 1098-1114.

Landau, B., & Shipley, E. (2001). Labelling patterns and object
naming. Developmental Science, 4 (1), 109-118.

Landau, B., Smith, L.B., & Jones, S.S. (1988). The importance
of shape in early lexical learning. Cognitive Development, 3,
299-321.

Lipinski, J., Spencer, J.P, Samuelson, L.K. & Schoner, G. (2006).
SPAM-Ling: a dynamical model of spatial working memory
and spatial language. In R. Sun (Ed.), Proceedings of the
Twenty-Eighth Annual Conference of the Cognitive Science
Society (pp. 489-492). Hillsdale, NJ: Lawrence Erlbaum
Associates.

Samuelson, L.K. (2002). Statistical regularities in vocabulary
guide language acquisition in connectionist models and
15-20-month-olds. Developmental Psychology, 38, 1016-1037.

Samuelson, L.K., & Horst, J.S. (2007). Dynamic noun gener-
alization: moment-to-moment interactions shape children’s
naming biases. Infancy, 11 (1), 97-110.

Samuelson, L.K., Horst, J.S., Dobbertin, B.N., & Schutte, A.S.
(2006). Knowledge, performance and task: Décalage and
dynamics in young children’s noun generalizations. In R. Sun
(Ed.), Proceedings of the Twenty-FEighth Annual Conference
of the Cognitive Science Society (pp. 720-725). Hillsdale, NJ:
Lawrence Erlbaum Associates.

Samuelson, L.K., Schutte, A.R., & Horst, J.S. (2007). The
dynamic nature of knowledge: insights from a dynamic field
model of children’s novel noun generalizations. Manuscript
submitted for publication.

Samuelson, L.K., & Smith, L.B. (1999). Early noun vocabularies:
do ontology, category organization and syntax correspond?
Cognition, 73, 1-33.

Samuelson, L.K., & Smith, L.B. (2000a). Children’s attention
to rigid and deformable shape in naming and non-naming
tasks. Child Development, 71, 1555-1570.

© 2008 The Authors. Journal compilation © 2008 Blackwell Publishing Ltd.

Dynamic systems 215

Samuelson, L.K., & Smith, L.B. (2000b). Grounding develop-
ment in cognitive processes. Child Development, 71, 98-106.

Schutte, A.R., Spencer, J.P., & Schoner, G. (2003). Testing the
dynamic field theory: working memory for locations becomes
more spatially precise over development. Child Development,
74, 1393-1417.

Simmering, V.R., Spencer, J.P., & Schoner, G. (2006). Reference-
related inhibition produces enhanced position discrimination
and fast repulsion near axes of symmetry. Perception and
Psychophysics, 63, 1027-1046.

Smith, L.B., Jones, S.S., Landau, B., Gershkoff-Stowe, L., &
Samuelson, L.K. (2002). Object name learning provides
on-the-job training for attention. Psychological Science, 13,
13-19.

Smith, L.B., & Samuelson, L.K. (2003). Different is good: con-
nectionism and dynamic systems theory are complementary
emergentist approaches to development. Developmental Science,
6 (4), 434-439.

Smith, L.B., & Samuelson, L.K. (2005, April). From the A-not-B
error to early word learning: binding cognitive contents through
space. In J.P. Spencer (Chair), The Dynamic Field Theory: a
general process approach to cognitive development. Symposium
conducted at the biennial meeting of the Society for Research
in Child Development, Atlanta, GA.

Smith, L.B., & Samuelson, L.K. (2006). An attentional learn-
ing account of the shape bias: reply to Cimpian & Markman
(2005) and Booth, Waxman & Huang (2005). Developmental
Psychology, 42, 1339-1343.

Smith, L.B., & Thelen, E. (2003). Development as a dynamic
system. Trends in Cognitive Sciences, 7 (8), 343-348.

Smith, L.B., Thelen, E., Titzer, R., & McLin, D. (1999).
Knowing in the context of acting: the task dynamics of the
A-not-B error. Psychological Review, 106, 235-260.

Soja, N.N., Carey, S., & Spelke, E.S. (1991). Ontological
categories guide young children’s inductions of word meaning:
object terms and substance terms. Cognition, 38, 179-211.

Spencer, J.P, & Schoner, G. (2003). Bridging the representa-
tional gap in the dynamic systems approach to development.
Developmental Science, 6 (4), 392-412.

Spencer, J.P, Simmering, V.R., & Schutte, A.R. (2006). Towards
a formal theory of flexible spatial behavior: geometric category
biases generalize across pointing and verbal response types.
Journal of Experimental Psychology: Human Perception and
Performance, 32, 473-490.

Spencer, JP., Thomas, M.S., & McClelland, J.L. (forthcom-
ing). Toward a new grand theory of development? Connection-
ism and Dynamic Systems Theory re-considered. New York:
Oxford University Press.

Thelen, E., & Bates, E. (2003). Connectionism and dynamic
systems: are they really different? Developmental Science, 6
(4), 378-391.

Thelen, E., & Smith, L.B. (1994). A dynamic systems approach
to the development of cognition and action. Cambridge, MA:
MIT Press.

Willmzig, C., & Schoéner, G. (2005, June). The emergence of
stimulus—response associations from neural activation fields:
dynamic field theory. Poster session presented at the 27th Annual
Conference of the Cognitive Science Society, Stresa, Italy.



