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Abstract

Trial-and-error learning strategies play a central role in sensorimotor development during early infancy. However,
learning to reach by trial-and-error normally requires a slow and laborious search through the space of possible
movements. We propose a computational model of reaching based on the notion that early sensorimotor control is driven
by the generation of exploratory movements, followed by the selection and maintenance of adaptive movement patterns.
We find that, instead of exhaustively exploring the full search space of movement patterns, the model exploits several
emergent constraints that limit the initial size of the movement search space. These constraints exploit both mechanical
and kinematic properties of the reaching task. We relate these results to the development of reaching during infancy, and
discuss recent findings that have identified similar constraints in young infants.

Several recent reports have focused attention on the
development of reaching in young infants (Bushnell,
1985; von Hofsten & Ronnqvist, 1993; Ashmead,
McCarty, Lucas & Belvedere, 1993; Thelen et al.,
1993; Clifton, Rochat, Robin & Berthier, 1994; Ennouri
& Bloch, 1996; Konczak & Dichgans, 1997; Lew &
Butterworth, 1997). This research is complemented by a
wide variety of computational models that simulate
learning to reach (Hinton, 1984; Bullock & Grossberg,
1988; Kuperstein, 1988; Kawato, 1990; Berthier, Singh,
Barto & Houk, 1993; Kettner, Marcario & Port, 1993;
Sporns & Edelman, 1993; Vos & Scheepstra, 1993;
Rosenbaum, Loukopoulos, Meulenbroek, Vaughan &
Engelbrecht, 1995; Berthier, 1996, 1997). There are
several important differences, though, between how
these models simulate motor learning and how infants
learn to reach. First, many models employ a supervised
learning algorithm (e.g. Bullock & Grossberg, 1988;
Kettner et al., 1993; Vos & Scheepstra, 1993). This
approach assumes that the learning agent has access to
an error feedback signal, presumably through closed-
loop visual feedback of hand movements. However,
because young infants do not watch their hands as they
learn to reach, it is unlikely that visual feedback plays a
major role in learning to reach during early infancy

(Bushnell, 1985; Ashmead et al., 1993; Clifton, Muir,
Ashmead & Clarkson, 1993; Thelen et al., 1993; Clifton
et al., 1994; Ennouri & Bloch, 1996).
A second difference concerns whether or not the

movement trajectory is planned. One strategy, often
employed in robotics (see Hollerbach, 1990), is to first
plan a reaching trajectory in Cartesian coordinates and
then to use an internal (inverse) model to convert these
coordinates into joint-angle changes or muscle activa-
tions (Saltzman, 1979; Flash, 1987; Kawato, 1990).
However, as several infant researchers have argued,
there is little or no evidence to suggest that infants use a
pre-planned motor program for reaching (e.g. Thelen
et al., 1993).

Constraining the movement search space

A computational model of reaching which is consistent
with infant theory and research should focus on trial-
and-error learning strategies. According to this view,
reaching develops by generating a wide range of
exploratory movements, followed by selection of the
most adaptive or functional reaching patterns (von
Hofsten, 1984; Thelen et al., 1993; Berthier, 1996).
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However, because the search process is not directed, it is
both slow and inefficient: depending on the level of
analysis (see Bernstein, 1967), the resulting movement
search space is potentially huge (e.g. consider all possible
combinations of arm positions, muscle activation
patterns, motor neuron firing rates etc.).
One method for reducing the size of the search space,

as well as learning time, is to selectively restrict the initial
range of exploratory movements. For example, as
novice adults learn to swing a baseball bat, they tend
to hold one or more parts of their body (e.g. shoulders
or waist) stiff as they learn to swing (Turvey, Fitch &
Tuller, 1982). This strategy effectively reduces the
number of joint degrees of freedom (DOF), decreasing
the range of possible swinging motions that are initially
produced. With experience, novices gradually learn to
`unlock' the stiffened joints, incorporating the rotation
of these joints into the previously acquired movement
patterns (see Vereijken, van Emmerik, Whiting & Newell,
1992, for a comparable description of learning to ski).
Similarly, computational models of language acquisi-

tion (e.g. Elman, 1993) have illustrated that by `starting
small', i.e. by restricting early learning to a small subset
of all possible experiences, overall learning is facilitated.
However, this approach has not been studied in the
context of simulating the development of reaching. The
purpose of the present model is to demonstrate that
similar constraints are available to infants as they learn
to reach. In order to address this issue, we next
introduce a kinematic model of reaching which employs
an unsupervised, trial-and-error learning strategy. De-
spite random exploration in the movement search space,
the model does not exhaustively produce all possible
reaching movements. Instead, we show how a number of
mechanical and kinematic constraints emerge in parallel
with the trial-and-error strategy, helping collectively to
reduce the size of the initial movement search space
during learning.

The econet model of reaching

The goal of our model is to simulate the first major
developmental period of reaching, where poorly orga-
nized reaching movements are gradually shaped into
relatively direct reaches. During this early stage, the
priority is on learning to control simply the movements
of the arm, rather than making smooth, precise reaches.
Thelen et al. (1993) describe this early period of reaching
as learning to make decent, `ball park' reaches: `it
appears that the first task in learning to reach is to get
the hand somewhere in the vicinity of the desired object,
and that this is primarily a problem of control of the

arms through haptic and proprioceptive information'
(p. 1059).
In contrast to other computational models of motor

learning, we propose that this early period of reaching
be simulated by training a population of artificial neural
networks. Parisi, Cecconi and Nolfi (1990) suggest the
term econet (i.e. ecological neural network) to capture
the idea of an agent that learns to act adaptively in a
simple environment (e.g. to find food, avoid obstacles
etc.). The econet model of reaching described in this
paper is an abstract representation of unsupervised,
trial-and-error learning in young infants, and is based on
two premises: (1) that infants generate a wide range of
alternative reaching movements, and (2) that the most
successful movements are retained and improved while
the others are eliminated. In a comparable manner, as
the population of econets generate reaching movements,
they also adapt in response to environmental and
selectionist pressures (see Sporns & Edelman, 1993, for
a different implementation of the population-based
approach to motor learning).
Two limitations of the model should be noted. First,

we do not address variants of the reaching task such as
learning to reach for moving objects or around obstacles
(von Hofsten, 1980, 1984; Lockman, 1984; Diamond &
Gilbert, 1989). Indeed, findings from several infant
studies suggest that these reaching skills develop in
parallel with reaching for stationary, unobstructed
objects (von Hofsten, 1979; van der Meer, van der Weel
& Lee, 1994). However, because most infant studies
have concentrated on the stationary variant, we have
initially restricted our model in a comparable way.
Second, although we simulate muscle activity, the econet
model of reaching is a kinematic representation of the
motor system. In this version of the model, we do not
deal with the multiple forces involved in arm movements
(i.e. gravity, inertia, centripetal and coriolis forces etc.).
We divide the description of the model into three

sections: (1) the environment, (2) the econet and (3) the
learning algorithm. Each is described briefly here, while
additional details are presented in the Appendix for the
interested reader.

The environment

Figure 1 presents a schematic diagram of the econet and
its environment. Econets learn to reach in a two-
dimensional workspace that is 100� 100 units wide.
During each trial, a small object is randomly positioned
in the environment, within reach of the econet. The
position of the econet remains fixed at the center of the
workspace.
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The econet

The econet has a monocular visual system, with a 64�

visual field. The econet also has a two-segment arm;
each segment is 25 units long. While the eye (i.e. head or
body-axis) can rotate a full 360� in either direction, the
shoulder and elbow joints are limited to 180� of rotation
(relative to the segments to which they link). The upper
arm is linked to the body-axis and follows its rotation,
while the forearm is linked in a similar manner to the
upper arm. Eye movements (i.e. head or body-axis
rotation) are controlled by a single muscle, while each
arm segment is controlled by two muscles that pull in
opposite directions (i.e. as opponent, or agonist±
antagonist, pairs). The activation states of the eye and
arm muscles are determined by a four-layer, feedfor-
ward artificial neural network. Figure 2 presents a
diagram of the network structure. The input layer is
divided into visual, proprioceptive and tactile modalities
or sensory channels. First, each visual input unit covers
8� of the visual field. Second, the proprioceptive input
units encode the amount of stretch in the muscles of the
arm. Finally, the tactile input unit becomes activated
when the hand (i.e. arm endpoint) makes contact with
the object.
Before all the sensory signals converge, the visual and

proprioceptive systems each project to a separate
intramodal hidden layer. An advantage of this four-
layer architecture is that information in the visual and
proprioceptive channels is internally re-represented at

the intramodal hidden layer before being integrated with
the tactile sensory input. In addition, this architecture is
also based on both neurophysiological and computa-
tional findings which suggest that partial modulariza-
tion of sensory input may facilitate feature detection,
while minimizing crosstalk or interference effects across
sensory modalities (Mishkin, Ungerleider & Macko,
1983; Jacobs, Jordan & Barto, 1991). In order to verify
this result, we compare the performance of the four-
layer network to a three-layer network in which the
sensory signals are not initially separated.
Next, the visual, proprioceptive and tactile signals are

integrated at the intermodal hidden layer. The output of
the final layer controls eye and arm movements. The eye
moves a maximum of 15� left or right per time step as a
function of the first output unit. The remaining four
output units are grouped into two pairs. The first pair of
units contracts the extensor and flexor muscles in the
upper arm, causing the shoulder joint to rotate a
maximum of 15� left or right. Movement of the forearm
is determined in the same manner, using the remaining
pair of output units.

The learning algorithm

In order to simulate the development of reaching, an
initial population of econets is generated, each with the
same body structure and neural network architecture.
Each econet is roughly analogous to a class of motor
action patterns (i.e. `styles' or strategies of visuomotor
coordination); the population of econets represents a
collection of possible movement patterns from which the
most adaptive reaching movements are selected. Econets
differ only in the values of the connection weights
in their neural networks. During the first generation,
all weights are assigned random real-number values

Figure 1 The econet in its two-dimensional workspace. (Left
and right edges of the visual field are shown, as well as the
rotational limits of the shoulder and elbow joints.)

Figure 2 Diagram of the four-layer, feedforward network (not
all connections shown). Visual and proprioceptive signals first
pass through an intramodal hidden layer and then converge with
the tactile input signal at the second (intermodal) hidden layer.
Sensory input signals are determined at each time step as a
function of the previous eye and arm movements.
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between ÿ10 and 10. Each econet is then tested by
placing it in the environment and giving it 20 trials to
reach the object. Each trial lasts 100 movement (i.e.
input±output) cycles. The econet is randomly positioned
at the start of each trial. All subsequent positions ± and
thus sensory input patterns ± are determined as a
function of the movement of the econet.
For each cycle that the econet spends with its hand in

contact with the object, it receives a 1 point reward.
Otherwise, it receives a reward of 0. Each econet's fitness
score is the sum of cycles spent in contact with the
object. Kinematic studies of reaching development in
humans suggest that faster reaches (i.e. reaches with no
deceleration component) are associated with batting or
pushing the target object, rather than grasping it (e.g.
Berthier, 1996). Thus, we chose the present reward
function in order to study reaching movement patterns
that provide the opportunity for grasping and retrieving
objects (and consequently, object exploration and
manipulation). In addition, this method of rewarding
contact with the object also creates a bias toward
minimum-time reaching movements (Berthier, 1996;
Harris & Wolpert, 1998; see Engelbrecht, in press, for
a review of minimum principles in motor control).
A variation-and-selection learning algorithm, analo-

gous to evolutionary learning (Holland, 1975), is
employed as a training regime. After testing, the econets
are sorted as a function of their fitness and the 20 best
are then selected. Each of the 20 is duplicated five times
(for a new population of 100 econets); the five copies are
not identical to the original, however. Variability is
introduced into the next generation of econets by
strengthening or weakening 2% of the connection
weights, selected at random, by a small random amount.
The process of testing, selecting and reproducing econets
continues for 200 generations.

Results

We divide the results into two major sets of simulations
and analyses. In the first section, we briefly review the
overall performance of the model during learning. In the
second set of results, we identify and describe four
different emergent constraints that help to reduce the
size of the movement search space.

Overall performance

We consider four specific performance measures. Fitness
is the sum of all movement cycles spent with the hand on
the target object. Successful trials are defined as the
number of trials in which the target object is contacted

at least once. Latency is time of first contact during a
trial. Finally, separations are the number of times that
the hand leaves the target object, after successfully
reaching it.
In order to evaluate performance in the normal

condition, we present the results from two additional
training conditions. The first additional condition
(`three-layer') is a population of econets trained with a
three-layer architecture. Three-layer econets have the
same input and output systems as normal econets; the
two hidden layers, however, are replaced by a single
hidden layer with eight units. In this case, all sensory
input units project in parallel to the single hidden layer.
This condition helps us to evaluate the prediction that
partially modularizing the sensory signals will facilitate
learning (see `The econet', above). In the second
additional condition (`random movement'), all of the
econets are programmed to generate random move-
ments. This condition provides us with an estimate of
the performance level expected by chance.
Figure 3 presents the average fitness (a), number of

successful trials (b), latency (c) and number of separa-
tions (d) as a function of training condition. The data
represent the average of ten independent runs (i.e.
randomized initial values) for each condition (recall that
during each run, 100 econets� 200 generations are
trained). In this and all subsequent figures, unless
otherwise noted, we adopt the convention of presenting
the average results of the top 20 econets from each
generation (i.e. those that were selected for
reproduction).
As predicted, econets with the four-layer network

architecture learn more quickly than three-layer econets,
generating higher fitness scores from virtually the start
of training (see Figure 3(a)). Although there is only a
small difference in the two conditions with respect to
reaching latency (c), three-layer econets average fewer
successful trials than their four-layer counterparts (b). In
addition, after reaching the target, three-layer econets
tend to lose contact with it more often than four-layer
econets (d). Indeed, three-layer econets average roughly
as many separations as would be expected by chance.

Emergent constraints

While analyzing learning and performance in the normal
condition, we identified four specific learning patterns
that function as constraints on the movement search
space. Each constraint facilitates learning by reducing
the range of possible movements. While some of the
constraints appear to be present only during early
learning (e.g. the first 20 generations), others function
across a longer time-span. We next describe each of the
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constraints. Note that, except when mentioned other-
wise, all analyses refer to learning in the normal
condition.

1 Joint-locking

The econet has three joint DOF: the eye=head=body-
axis, the shoulder joint, and the elbow joint. Because the
arm workspace is two-dimensional, one of the three
joints is redundant. In other words, only two of the three
joints are needed to reach any given target in the
workspace. An adaptive solution to this DOF problem
is to eliminate one of the redundant joints by locking it
in place (Bernstein, 1967; Vereijken et al., 1992; Sporns
& Edelman, 1993). This strategy creates a primitive joint
synergy, by joining two adjacent components of the
biomechanical system into a single link.
It is important, however, not to eliminate any

necessary joints. In our model, locking the elbow or
body-axis would make some portions of the arm

workspace unreachable. Thus, the optimal strategy in
this case is to lock the shoulder joint, while leaving the
body-axis and elbow joints mobile. Indeed, this is the
strategy that emerged in all of the runs that we
performed. In eight of the ten runs, econets learned to
hold their shoulder in the fully extended position; in the
remaining two runs, the shoulder was held in the fully
flexed position.
We decided to analyze this phenomenon more closely,

in order to identify the specific mechanism through
which the joint-locking strategy is achieved. Our
analyses led us to the pair of muscles controlling the
shoulder joint: we found that in all ten runs, one of the
two muscles quickly became dominant, consistently
pulling the shoulder joint until the upper or lower joint
limit was reached. Figure 4 presents the percentage of
cycles in which there was shoulder flexion, for each of
the ten runs. An average of 50% means that on half of
all cycles the flexor was activated more than the
extensor, causing flexion of the upper arm (i.e. rotation

(a) (b)

(c) (d)

Figure 3 Average fitness (a), number of successful trials (b), latency (c) and number of separations (d) in the normal, three-layer, and
random-movement training conditions (N� 10 runs for each condition). Note that average fitness in the random condition remains near
zero.
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toward the left). We present the results from all econets
in each generation, including all of the cycles in a trial up
until the target object was reached.
In eight of the ten runs, the shoulder extensor became

the dominant muscle (i.e. virtually 100% of all upper
arm movements were rotations away from the body); in
the remaining two runs (1 and 7), shoulder flexion was

dominant. Figure 5 presents the comparable data for the
elbow. In contrast to the shoulder joint, the elbow
remains compliant (i.e. avoids locking into place); in
nine of ten runs, neither of the two elbow muscles
consistently controlled the movement of the forearm.
How does this joint-locking strategy help to constrain

the search space of reaching movements? By locking the

Figure 4 Percentage of shoulder flexion during learning, for each of the ten runs. Shoulder extensions predominated in eight of the ten
runs, while flexions predominated in the other two (i.e. 1 and 7). In each run, N� 100 econets for each generation.

Figure 5 Percentage of elbow flexion during learning, for each of the ten runs. There was a clear predominance for the elbow flexor in
only one of the runs (i.e. 8). In each run, N� 100 econets for each generation.
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shoulder, the body-axis and upper arm become effec-
tively fused: wherever the body-axis turns, the upper
arm follows. Consequently, only rotations of the body-
axis and elbow need to be controlled. This strategy
eliminates one dimension of the search space (at the
joint level), reducing it from a three- to a two-
dimensional search problem.

2 Muscle coactivation

Following the work of Bernstein (1967), Kawato (1990)
discusses the muscle DOF problem. Comparable to the
level of joints, there are an infinite number of different
muscle activation patterns that can be used to produce a
given arm movement. How should a particular muscle
activation pattern be selected by the learning agent?
Figure 6 presents a schematic diagram of muscle
activation space: flexor activation is plotted against
extensor activation. We can distinguish between two
major classes of muscle activation patterns. The line
labeled `ideal coactivation' represents the set of activa-
tion patterns with equal muscle activations in both
muscles (i.e. co-contractions). This type of pattern
creates muscle stiffness, and causes the joint angle to
remain fixed. Alternatively, the line labeled `ideal
reciprocal activation' represents optimal patterns of

arm movement, where a given muscle relaxes in
proportion to the activity of its opponent muscle.
In order to see whether a particular muscle activation

pattern tends to emerge during learning, we took each
flexor±extensor activation pair and computed its devia-
tion (i.e. minimum distance) from the `reciprocal activa-
tion' and `coactivation' curves. Figures 7(a) and 7(b)
present the average deviations, for the shoulder and
elbow joints respectively, prior to first contact with the
object in each trial. There are two major results. First,
during early learning, the coactivation pattern is pre-
dominant in both the shoulder and elbow muscle pairs
(remember that lower average values indicate a closer fit
to the ideal curve). Second, as the shoulder muscles shift
to using the reciprocal activation pattern, the elbow
muscles remain consistently coactivated. Although coac-
tivation of the elbow muscles slowly diminishes over
learning, it continues to be the dominant pattern.
The shift to the reciprocal activation pattern in the

shoulder muscles raises several questions concerning
potential dependences between the muscular and joint
levels. First, is the tendency to lock the shoulder joint
simply a result of the emerging reciprocal activation
pattern? This is unlikely, since reciprocal activation does
not guarantee that either the flexor or extensor will
consistently predominate, but instead constrains the
mutual activity of the muscle pair. Second, we might
also wonder if `relaxing' the shoulder muscles is
inconsistent with the tendency to lock the shoulder joint
in position. As our model does not simulate the dynamic
properties of the arm, we cannot yet fully answer this
question. A preliminary explanation, though, is that as
the joint constraint is imposed on the shoulder, the need
for the muscular constraint is reduced; consequently, the
shoulder muscles soon discover an activation pattern
which moves the shoulder to its preferred position as
efficiently as possible.
Thus, the muscular level appears to produce con-

straints on the movement search space that indepen-
dently complement those found at the joint level. Initial
muscle coactivation (or co-contractions) `stiffen' both
the shoulder and elbow joints, reducing the range of arm
movements. This finding replicates the developmental
pattern reported by Thelen et al. (1993). While the elbow
muscles appear to maintain the coactivation pattern for
the extent of training, however, the shoulder muscles
gradually `relax'. Extrapolating from the present results,
we might predict that the elbow muscles will also switch
to the reciprocal activation pattern with further training.
This learning sequence would provide support for a
proximodistal direction of motor control, from the
shoulder to the elbow (Trevarthen, Murray & Hubley,
1981; von Hofsten, 1984).
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Figure 6 Schematic diagram of the two-dimensional activation
space for an agonist±antagonist muscle pair. The diagonal lines
correspond to ideal coactivation and reciprocal activation
patterns. A sample muscle activation is presented, as well as the
minimal deviation from each ideal activation pattern.
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3 Stereotyped approach movements

As we studied the reaching movement patterns produced
by our model during learning, we identified a third
emergent constraint on reaching movements. Unlike the
first two constraints, which operate at the joint and
muscular levels, the third constraint exerts its primary
influence at the kinematic level, by shaping the direction
of the hand path during approach movements. We
originally expected to find that approach movements
would become progressively more direct. While this is
generally true (i.e. the probability of approaching the
object when it is fixated increases with learning; see
Figure 8), we were disappointed to discover that, even
near the end of training, roughly 25% of the movements
are directed away from rather than toward the target.
However, as we analyzed these movements in more
detail, we began to understand their kinematic function
more clearly. In most cases, relatively direct reaches are
preceded by a stereotyped preparatory movement,
during which the hand is first brought back toward
the econet, to the same initial position. We suspected
that the proprioceptive sensory system played a role in
this behavior. In order to investigate our suspicion, we
`lesioned' the proprioceptive sensory system after train-
ing was completed, by `severing' all connections from
the proprioceptive input units. Using this method, we
found that the approach movements became severely
disrupted. In particular, initial reaching movements
appeared jerky and disorganized, and were no longer
initiated from the same position.
What is the adaptive significance of these stereotyped

approach movements? There are several possible ad-
vantages. First, in parallel with the first two constraints,

stereotyped approach movements also reduce the range
of possible reaching patterns, by eliminating variability
in the starting position of each reach. This type of
kinematic strategy may also facilitate the development
of a proprioceptive map, by anchoring the map at the
preferred starting point.

4 Movement slowdown

We identified a fourth emergent constraint, while
analyzing the frequency of prereaching movements in
our model. Prereaches are poorly controlled, ballistic-
like reaching movements (Bower, Broughton & Moore,
1970; Bruner, 1973; Trevarthen, 1975; von Hofsten,
1982, 1984; von Hofsten & Ronnqvist, 1993; Ennouri &
Bloch, 1996). Von Hofsten (1984) describes three stages
in prereaching development. During the first stage,
prereaches are visually elicited and appear relatively
reflexive. Next, prereaching movements become tem-
porarily suppressed, and then in the third stage they
reappear (near the onset of reaching) as more adaptively
organized approach movements (Bushnell, 1985; Fetters
& Todd, 1987; Mathew & Cook, 1990; Konczak &
Dichgans, 1997).
Following von Hofsten's (1984) analysis of forward

extensions of the hand, we defined an approach move-
ment as a reduction of the distance between the hand and
target. We then computed the percentage of approach
movements during object fixation, as well as during non-
fixation. Figure 8 presents the probability of an approach
movement in the normal condition, as a function of
target fixation. For purposes of comparison, we also
present the probability of an approach movement during
fixation in the random-movement condition.

(b)(a)

Figure 7 Average deviations from the ideal coactivation and reciprocal activation patterns, in the shoulder (a) and elbow (b) muscles,
respectively (N� 10 runs). (Lower values represent a closer fit to the ideal activation pattern.)
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As Figure 8 indicates, the probability of an approach
movement occurring at random (i.e. in the random-
movement condition) is 0.5. Initially, the likelihood of
producing an approach movement during non-fixation
in the normal condition is greater than chance. While
perhaps counterintuitive, this result is a consequence of
the fact that, during the early stages of learning, the
econet spends more time visually searching for the object
than actually reaching for it. Because the arm move-
ments during this period of learning are not random, but
instead often entrained with the rotation of the visual
field, the probability of moving the hand toward the
object is greater than chance. However, as the move-
ments of the eye and arm are gradually dissociated, the
probability of an approach movement during non-
fixation declines to chance level. In contrast, fixated

approach movements remain below chance during the
first 50 generations. Thus, during early learning, sight of
the object appears to suppress the likelihood of moving
the hand toward the target object. After the initial
decline, fixated approach movements steadily increase.
This learning pattern closely mirrors the developmental
sequence described by von Hofsten (1984). Given the
present analyses, though, there are at least two ways to
interpret the initial decline in approach movements.
Either (a) all fixated movements become less likely (i.e.
the arm spends more time in place), or (b) the
probability of moving away from the target temporarily
increases.
Additional analyses lend support to the first explana-

tion. Figure 9 presents the average speed of hand (a) and
head=eye (b) movements during fixation of the target

Figure 8 Probability of an approach movement during target fixation versus non-fixation in the normal condition, and during fixation in
the random-movement condition (N� 10 runs for each condition).

(a) (b)

Figure 9 Average speed of hand (a) and head=eye (b) movement during fixation of the target, in the normal and random-movement
conditions (N� 10 runs for each condition).
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object. In both the visual and reaching motor systems,
sight of the object is associated with an initial movement
slowdown. There are several possible causes for this
early slowdown. For example, one of the first abilities
that appears to emerge is the capacity to `hold still' once
the target object has been successfully reached (see
Figure 3(d); recall that fitness is a function of reaching
and then maintaining contact with the target). A
consequence of this ability is that sight of the object is
temporarily sufficient to decrease motor activity. In
addition, the movement slowdown may also be the
result of learning to maintain sight of the target, once it
is fixated.
At first glance, the movement slowdown appears to be

a non-adaptive change. For example, slower movements
(and fewer approach movements, in particular) mean that
the target object is reached less often. However, there are
several potential advantages to a temporary movement
slowdown. First, slower hand movements may facilitate
learning a vision±proprioception intermodal mapping;
because the hand covers less space over time, fewer visuo-
proprioceptive states are encountered (the stereotyped
approach movements would complement this effect). In
addition, by slowing down the speed of hand movements,
the number of different positions assumed by the arm is
decreased. Like the other constraints, this may also
reduce the movement search space.

Discussion

The principal goal of our model was to demonstrate that
several constraints on reaching can emerge in parallel
with a trial-and-error learning strategy and play a critical
role during learning. Two major findings are discussed in
order below. First, we discuss four constraints that
collectively reduce the size of the movement search space.
Next, we discuss the emergence of the four constraints.
The first two constraints are mechanical. At the shoulder,
arm movements are limited by rotating and locking the
shoulder (normally in the fully extended position) while
recruiting body-axis and elbow rotation for the purpose
of reaching. Interestingly, an optimal activation pattern
also emerges in the shoulder muscles, in conjunction with
this mechanical constraint; presumably, this activation
pattern helps to lock the shoulder into position as quickly
and efficiently as possible. At the elbow, meanwhile,
muscle coactivation predominates throughout training,
maintaining the elbow in a relatively `stiffened' state.
Thus, the shoulder exploits joint mechanics while the
elbow exploits muscle mechanics; nevertheless, both
constraints limit not only the possible positions of the
arm, but also the size of arm movements.

The second pair of constraints operate at the
kinematic level. First, we observed that, regardless of
initial arm and object position, a consistent stereotyped
movement pattern is generated. This pattern of ap-
proach movements may be related to learning to use the
proprioceptive sensory channel, as we found that
eliminating proprioceptive input causes these approach
movements to become disorganized. Second, we also
observed a temporary decline in hand (and `head')
speed. Together, these constraints decrease the full range
of alternative reaching movements.
The second major finding from our model concerns

how these constraints appear. In past models, two
approaches have been studied. First, some models have
constrained the search process by employing a super-
vised error-feedback learning algorithm. However, as we
have already noted, it is unlikely that young infants
learn to reach with a closed-loop, error-feedback
strategy (though it may play a more prominent role
after the onset of reaching; see McDonnell & Abraham,
1979; Bushnell, 1985; Ashmead et al., 1993). Mean-
while, other computational models limit the search space
by imposing built-in constraints (e.g. Elman, 1993) that
are designed to represent the effects of maturational
factors. Our results indicate that neither error feedback
nor preprogrammed maturational control is necessary.
Instead, several constraints appear to `fall out' as a
consequence of a relatively simple trial-and-error learn-
ing algorithm.
While our model attempts to represent many of the

important characteristics of reaching development in
infants, we have simplified or accommodated some
features for the purposes of simulation. Nevertheless,
the predictive value of the model can be assessed directly
by comparing our results with the empirical database. In
particular, what evidence, if any, is there for the
existence of these constraints during the development
of reaching in infants? First, a recent kinematic analysis
of young infants during the onset of reaching provides
support for the joint-locking phenomenon (Berthier,
Clifton, McCall & Robin, 1999). In this study, it was
found that young infants tend to use shoulder and torso
rotations as they begin to reach, while holding the elbow
in place. This reaching pattern is similar to the strategy
observed in our model (i.e. combining body-axis
rotation with elbow movements). However, because
there are different numbers of total joint DOF (i.e. at
least five major joints in infants, and three in our
model), different specific combinations of `locked' and
rotating joints are observed in each case.
Second, electromyographic (EMG) data from young

infants' muscle activity near the onset of reaching are
consistent with the second constraint that we observed:
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co-contraction of flexor and extensor muscles is the
most common pattern in infants as they begin to learn to
reach (Thelen et al., 1993). One explanation for this
pattern is that elevated levels of muscle stiffness are
initially used to control the reactive forces of the arm
(e.g. inertia, torque). However, we obtain a comparable
result with a kinematic model. This finding suggests that
increased arm stiffness during early infancy may be due
to both kinematic and dynamic factors. While Thelen et
al. (1993) do not report any age-wise changes in muscle
activity as a function of agonist±antagonist pair, the
results of our simulations suggest the hypothesis that
more central or proximal muscle pairs should transition
to the reciprocal inhibition pattern prior to more distal
pairs (e.g. shoulder before elbow). Third, we also
observed a pattern of stereotyped approach movements
as reaches are initiated. Berthier et al. (1999) report a
comparable strategy: regardless of pre-trial hand posi-
tion, many infants consistently moved their hand back
and=or up to their side, before reaching for the target.
Our analyses have implicated the proprioceptive sensory
system as being at least partially responsible for this
phenomenon. Besides reducing the movement search
space, we also suggested that these stereotyped move-
ments may help to create a spatial `anchor', linking
visual and proprioceptive systems. This explanation
generates a number of developmental hypotheses. For
example, we should expect young infants to be better at
discriminating between postures near this preferred
starting position, compared to other arm postures. In
addition, we also predict more accurate reaches when
infants begin from the preferred position, compared to
reaches that are initiated from other positions.
Finally, we found that an early movement slowdown

led to a temporary drop in approach movements.
Although no developmental studies have yet identified
a movement slowdown prior to the onset of reaching
(however, Berthier and McCarty (1996) report a
temporary slowdown in 7-month-olds), our model
replicates the initial decline in infants' prereaching
approach movements reported by von Hofsten (1984).
It is possible that the temporary decline in infants'
prereaches is also due to an overall slowdown in
reaching movements. Because von Hofsten (1984) did
not include a measure of hand speed, though, this
remains an open question. It is important to remember
that, in our model, the slowdown occurs relatively early
and is short-lived. Similarly, von Hofsten (1984) reports
a drop in prereaches at age 7 weeks, followed by a rapid
recovery. Unfortunately, because most infant studies
have concentrated on the onset of reaching ± around the
age of 14±20 weeks ± there is comparatively little
developmental data on the early weeks of infancy. Thus,

additional research is necessary to confirm whether, like
our model, young infants exploit a movement slowdown
as a constraint on learning to reach.
As we noted earlier, the econet model of reaching is

directed toward simulating the first major developmen-
tal period of reaching. During this stage, `just getting
there' is the putative goal for infants. Our simulation
results suggest a number of constraints available to
infants for initially simplifying this task. There are two
important advantages to employing this constraint-
based approach, in contrast to learning without any
initial constraints. First, early learning is accelerated by
reducing the size of the movement search space. It is
clear, though, that in order for more sophisticated
reaching movements to develop (e.g. around obstacles),
these constraints must ultimately be relaxed or perhaps
even eliminated (Turvey, Fitch & Tuller, 1982; Vereijken
et al., 1992). This observation draws attention to the
second (and perhaps more interesting) advantage of the
constraint-based approach. As the initial movement
patterns are learned, they create a potential repertoire of
movement primitives which can then be combined
(either sequentially or in parallel) in more difficult task
contexts (see Greeno & Simon (1974) for an introduc-
tion to the sequence production problem).

Appendix

We present here additional details of the econet model:
(a) the network architecture and function, and (b) the
learning algorithm.

Network architecture and function

General features

The visual and proprioceptive input layers were fully
connected to their respective intramodal hidden layers.
Meanwhile, the tactile input unit, as well as the
intramodal hidden units, were fully connected to the
intermodal layer (see Figure 2). Similarly, the intermo-
dal layer was fully connected to the output layer. The
activation of the intramodal, intermodal and output
layer units was computed using the standard logistic
function of the total weighted input. All bias terms were
fixed at zero.

Sensory input

There were eight visual input units, each covering 8� of
the visual field. Each visual input unit became active
when the hand or object entered its respective portion of
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the visual field; otherwise, its activation level was zero.
Note that because the arm workspace is two-dimen-
sional, only the front `edges' of the hand and object were
visible. Consequently, the back sides of the object, as
well as any occluded portions of the hand and object,
were not seen.
The visual field was divided into 64 `windows', each 1�

wide. During each time step, each window was checked
to see whether the target object or the econet's hand was
inside it (the rest of the arm was made transparent to
prevent it from filling the visual field). If a window was
occupied by the hand or object, the distance from the
econet to the nearest portion of the object in the window
was calculated. This distance was then normalized by
dividing it by 50 (i.e. the length of the arm) and then
subtracting the result from 1; high values (i.e. close to 1)
corresponded to near objects, while low values (i.e. close
to 0) corresponded to objects at arm's length. Each
visual input unit then received as activation the average
of the eight values across its respective 1� windows.
In Figure 1, for instance, the hand is visible while the

target object is outside the visual field. Given this
sensory state, the vector of activation values for the
eight visual input units is h0 0 0 0 0 0.19 0.17 0i.
The activation of the proprioceptive input units was

a function of the relative inner and outer angles of the
shoulder and elbow joints, respectively (see Figure 1).
For the upper arm muscles, the (inner) angle of the
shoulder joint was first scaled from 0 to 1. This value
was then passed to the upper arm flexor proprioceptive
input unit, while its complement (1ÿ value) was passed
to the upper arm extensor input unit. The forearm
proprioceptive input activation values were computed
in the same manner, as a function of the elbow joint
angle.
The tactile input unit took binary activation values: 1

when the `hand' (i.e. the last five units of the forearm
segment) made contact with the object, and 0
otherwise.

Motor output

The visual field=body-axis rotates a maximum of 15� left
or right during a time step. The activation value of the
visual field=body-axis motor unit was scaled from ÿ15�
to �15�, and this value was then used to update the
subsequent position of the visual field. Similarly, the
difference between each respective pair of arm output
units was also scaled to the range ÿ15�, �15�. For
example, if the output of the upper arm flexor was 1 and
the output of the upper arm extensor 0, a 15� rotation of
the shoulder joint to the left was performed. Relative
joint movements were not permitted beyond the upper

and lower joint limits (i.e. 0� and 180�; see Figure 1).
However, since the arm segments were hierarchically
linked, absolute movements could occur for a full 360�

(e.g. the upper arm could swing in a complete circle if
`dragged' by the body-axis).

Learning algorithm

For each generation, all connection weights were
initially encoded using a binary representation (i.e. 8
bits per weight). When an individual econet was selected
for reproduction, its connection weights were copied five
times in binary form. However, during the copying
process, 2% of the bits were randomly selected and
switched (e.g. from xx1xxxxx to xx0xxxxx). Before
testing, the connection weights were converted back to
a real-valued representation.
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