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Abstract How one selects a movement when faced with
alternative ways of doing a task is a central problem in
human motor control. Moving the fingertip a short
distance can be achieved with any of an infinite number
of combinations of knuckle, wrist, elbow, shoulder, and
hip movements. The question therefore arises: how is
a unique combination chosen? In our model, choice is
achieved by consideration of the similarity between the
task requirements and the optimal biomechanical per-
formance of each limb segment. Two variants of the
model account for the movements that are selected
when subjects freely oscillate the fingertip and when
they tap against an obstacle. An important feature of
both is that the impulse of collision with an obstacle (as
in drumming with the hand or tapping with the finger)
is assumed to be controlled in part by aiming for
a point beyond the surface being struck. Thus, a force-
related control variable may be represented and con-
trolled spatially.

Introduction

Despite the resurgence of interest in motor control in
the last few decades, it has become increasingly
clear that current approaches may not provide
adequate means of addressing some of the fundamental
aims of research in this area. For example, one of the
central unanswered questions is how people select an
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appropriate mode of action when there are a number of
roughly equivalent alternatives; this is often referred to
as the “degrees of freedom” problem (Bernstein, 1967).
The problem arises from the fact that there are usually
an infinite number of ways of achieving a task such as
placing the fingertip at a particular location in three-
dimensional space. While some work has been done on
the degrees-of-freedom problem in the selection of
movement patterns for single moving points, such as
the hand during aiming (Hogan & Flash, 1987; Meyer,
Abrams, Kornblum, Wright, & Smith, 1988), very little
work has been done on the means by which entire
limb-segment patterns are coordinated. In the present
paper, we address this problem by considering the
ostensibly simple task of moving the fingertip from one
location to another a few centimeters away. Any of an
infinite number of combinations of knuckle, wrist, el-
bow, and shoulder movements can achieve the task.
Yet a single combination must be chosen. How is the
choice made?

The research presented here leads us to advocate
a model in which each segment is represented indepen-
dently, and the selection of a particular movement
pattern results from the simultaneous activation of
each representation. Because the model characterizes
movement selection as a cooperative process that oc-
curs for all segments simultaneously, it accords with
recent developments in connectionist approaches to
cognitive psychology, which seek to avoid a homun-
culus or omniscient executive (Rumelhart & McClel-
land, 1986). Furthermore, because the model is
grounded in biomechanics and in considerations of
energy efficiency, it serves to unite biomechanical ap-
proaches to motor control with cognitive approaches.
Finally, the model can plan without having to compute
a full analysis of the dynamics of each segment’s move-
ments of its interactions with neighboring segments.

The underlying principles of the model were re-
cently presented by Rosenbaum, Slotta, Vaughan, and
Plamondon (1991) in connection with a task in which



Fig. 1 Equivalent displacement of
the fingertip achieved entirely by
finger (left), hand (center), and arm
movement (right)

Finger

subjects could translate the fingertip along a horizontal
fronto-parallel axis in an infinite number of ways—by
moving the finger via flexion or extension of the first
metacarpophalangeal joint, by moving the hand via
flexion or extension of the wrist, by rotating the fore-
arm via flexion or extension of the elbow, or by any
combination of these methods (see Figure 1). The inde-
pendent variables in the experiment were the distance
to be covered and the frequency of back-and-forth
fingertip displacements. The model’s central concept
was that the relative contributions of the individual
limb segments to fingertip displacement would depend
on each segment’s fit to the task demands, which de-
pends in turn on that segment’s optimal frequency and
amplitude.

Evaluation of the model required an initial deter-
mination of the optimal performance characteristics of
each segment (the finger, the hand, or the arm) when it
is used in isolation. Minimal effort is assumed to define
a particular amplitude at each frequency, and a particu-
lar frequency at each amplitude, that is most efficient.
To measure these optimal performance characteristics,
subjects were asked to oscillate the fingertip using one
segment (only the finger, the hand, or the arm) in the
“most comfortable” manner at each of several required
frequencies (with amplitude free to vary), and at each of
several required amplitudes (with frequency free to
vary). While each segment was being used, the subject
held the other segments still.

The optimal amplitude of fingertip displacement
and the optimal frequency of oscillation differed de-
pending on which segment was used. The optimal fre-
quency of the forearm was lower than that of the hand,
which was lower than that of the finger. Conversely, the
optimal amplitude of the forearm (expressed in terms of
the resulting displacement of the fingertip) was larger
than that of the hand, which was larger than that of the
finger. In addition, the amplitude that was produced
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changed within each segment as the required frequency
of oscillation was varied. For all three segments, larger
amplitudes of oscillation were produced at slower oscil-
lation frequencies.

To observe how subjects performed multijoint
movements, the same subjects were asked, in the sec-
ond part of the experiment, to oscillate the fingertip at
each of the possible combinations of the optimal ampli-
tudes and frequencies that had been observed in Ex-
periment 1, using whatever combination of finger,
hand, and arm they wished. Rosenbaum et al. (1991)
found that the limb-segment combinations spontan-
eously selected varied with the frequency and ampli-
tude required in each condition, and that each segment
contributed most when the required amplitude and
frequency came closest to its optimal values.

To account for the changes in the involvement of
individual limb segments, Rosenbaum et al. (1991) de-
veloped the Optimal Selection model, according to
which, when a task is presented, each effector’s ability
to perform the task is evaluated with respect to its
optimal performance when it acts alone. In tasks that
allow more than one segment to contribute, each seg-
ment (or its corresponding module) evaluates its own
effectiveness for completing the task. Weights are as-
signed to the effectors based on their relative evalu-
ations. Thus, when a particular amplitude and fre-
quency of fingertip oscillation are required, the closer
that task comes to each segment’s optimal amplitude
and frequency, the higher the weight assigned to that
segment. The relative contributions of the effectors that
are observed are assumed to reflect the weights that are
assigned.

The Optimal Selection model accounted qualitat-
ively for the data of Rosenbaum et al. (1991). Each
segment contributed the most when the task require-
ment matched its own optimal frequency and ampli-
tude. However, the model was not fitted quantitatively
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Fig. 2 Hypothetical frequency-amplitude functions for three systems
of equal mass and driving force, each having a different resonant
frequency as a consequence of a different stiffness. (The three curves
represent oscillators having resonant frequencies of 2 Hz, 3 Hz, and
4 Hz, for which points a,, b; and c,, respectively represent the
maximum amplitude produced by a constant driving force at that
system’s resonant frequency. For comparison with point b; [the
amplitude produced in system b, which has a resonant frequency of
3 Hz, by a driving force of 3 Hz], point a; represents the amplitude
produced in system a [which has a resonant frequency of 2 Hz], by
the 3-Hz driving force, and point ¢ is the amplitude produced in
system ¢ [ which has a resonant frequency of 4 Hz] by the same 3-Hz
driving force.)

to the data. One aim of the present study was to
provide such a quantitative fit. A second aim was to
explore the underlying basis of the optimal perfor-
mance functions that characterized the three limb
segments. Thus, we sought to explain why the optimal
frequencies and amplitudes of the finger, the hand, and
the arm were ordered as they were. A third aim was to
extend the Optimal Selection model to a new, but
related, task—oscillating the fingertip to produce
controlled collisions with an obstacle. This task
is analogous to drumming or finger-tapping. Finger-
tapping has been widely used in studies of human
timing and rhythmic performance (for reviews,
see Wing, 1980; Rosenbaum, 1991, Chapter 8). From
such studies, detailed models of internal timing
mechanisms have been developed (Collard & Povel,
1982; Rosenbaum, Kenny, & Derr, 1983; Summers,
Rosenbaum, Burns, & Ford, 1993; Vorberg & Ham-
buch, 1978; Wing, 1980). It is surprising, given the
strong interest in finger-tapping, that little research has
been done on the movements made during tapping
performance. Thus, independently of the model de-
veloped here, the description of such movements in
terms of the kinematics of the fingertip and the contri-
butions of the limb segments may prove useful for
future investigations.

The basis for optimal amplitudes and frequencies

What was the basis of the optimal frequencies and
amplitudes observed by Rosenbaum et al. (1991) ? Why
were amplitude and frequency reciprocally related for
each limb segment, and why were the optimal frequen-
cies of oscillation and the optimal angular amplitudes
smaller for the forearm than for the hand and smaller
for the hand than for the finger?

We propose that the differences in optimal frequen-
cies and amplitudes resulted from two biomechanical
factors—energy efficiency and modulation of joint stiff-
ness. Our proposal is closely related to proposals in
biomechanics concerning, for example, the control of
walking rate. Spontaneously selected walking rates
usually correspond to rates that can be shown to min-
imize energy expenditure (Holt, Hamill, & Andres,
1991). We propose that subjects in finger-waving and
finger-tapping tasks likewise try to minimize energy
when satisfying overt task demands, by simultaneously
selecting effectors and adjusting their stiffnesses so that
the limb’s resonant frequency, w,, matches the task
(driving) frequency, w,.

If the segment’s resonant frequency were higher or
lower than the driving frequency, a smaller amplitude
of oscillation would be produced by a constant-ampli-
tude driving force. For example, a driving frequency of
3 Hz produces a smaller amplitude for an oscillator of
resonant frequency 2 or 4 Hz (as shown by points
a5 and ¢y in Figure 2) than it does for an oscillator of
resonant frequency 3 Hz. Thus, if the resonant fre-
quency of each limb segment were fixed, one way to
achieve efficient performance (the greatest amplitude
for a constant driving force) would be to use the seg-
ment whose resonant frequency most closely matches
the driving frequency.

The resonant frequency of a segment is not fixed,
however. It can be varied by the modulation of joint
stiffness, which in turn can be controlled by the vari-
ation of the co-contraction of the muscle groups acting
on the segment (Hasan, 1986). Thus, another way of
achieving efficient performance is to adjust the reson-
ant frequency of one or more segments to match the
driving frequency, so that they resonate at the required
frequency.

In this manner, we can explain the finding of Rosen-
baum et al. (1991) that the amplitude produced by each
segment acting alone decreased as its required oscilla-
tion frequency increased. Assuming that the limb seg-
ment was stiffened as w, increased, so that the segment
could always perform at a corresponding w,, the max-
imum amplitude produced at each frequency for a con-
stant driving force would decrease accordingly. A de-
cline in amplitude with required frequency has also
been reported for alternating flexion and extension of
the wrist alone by Kay, Kelso, Saltzman, and Schoner
(1987). Kay et al. analyzed this relationship in terms of
the dynamics of oscillation of the wrist, which they



characterized with a hybrid oscillation model that com-
bined the characteristics of a harmonic (van der Pol)
oscillator and a Rayleigh oscillator. The hybrid oscil-
lator accounted for the linear relationship observed
between the optimal amplitude of oscillation and the
driving frequency in much the same way as is proposed
here. Similarly, Feldman (1980) showed that there is an
inverse relation between maximum amplitude of (el-
bow) angular displacement and oscillation frequency.
In accord with our emphasis on stiffness changes, Feld-
man showed that the increase in frequency was accom-
panied by increasing tonic coactivation of antagonist
muscles.

Why, in Rosenbaum et al. (1991), were the optimal
frequencies of oscillation, as well as the optimal
angular amplitudes, smaller for the forearm than for
the hand and smaller for the hand than for the finger?
The ordering of the performance characteristics of the
three segments follows from their physical character-
istics and from principles of harmonic oscillation.
First, mechanical factors favor smaller angular oscilla-
tion of large segments because the amplitude of
oscillation produced by a driving force of constant
frequency and amplitude is inversely proportional to
the mass of the oscillated segment (see, e.g. Feynman,
Leighton, & Sands, 1963). Second, harmonic oscillation
favors faster oscillation in smaller segments because the
resonant frequency of a harmonic system is inversely
proportional to the square root of its mass. We cannot
conclude that these physical principles fully account for
the ordering of the optima observed because the
inherent biomechanics of the joints (e.g., their ranges
of motion, lengths, and stiffnesses) may also influ-
ence optimal performance characteristics. Neverthe-
less, an account based on general biomechanical
efficiency suffices for the theoretical development
to be offered here; the model we introduce does not
require a specific model for the oscillation of each
limb segment.

The Optimal Selection models applied to finger waving

We turn next to the development of a quantitative fit of
the Optimal Selection model to the limb-segment selec-
tion data of Rosenbaum et al. (1991). Recall that in the
limb-segment selection task subjects oscillated the fin-
gertip over various amplitudes and at various frequen-
cies, using whatever combination of forearm, hand, and
finger movement they pleased. The main idea of the
Optimal Selection model is that each limb segment (or
its corresponding representation) independently bids
on the required movement as if it alone were going to
accomplish the oscillation. The strength of each seg-
ment’s bid is assumed to be based on the similarity
between the required amplitude and the segment’s opti-
mal amplitude, and on the similarity between the re-
quired frequency and the segment’s optimal frequency.
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The bids of the three segments are combined to deter-
mine the movement of the fingertip.?

For purposes of fitting the Optimal Selection model
to the data of Rosenbaum et al. (1991), two variants of
the model can now be considered. They are based on
two ways of characterizing the optimal performance of
each limb segment when it is used separately. The two
models differ with respect to the rule used to evaluate
similarity between required performance and the opti-
mal performance of each segment. One version, the
Relative Optimum model (Figure 3), emphasizes be-
tween-segment differences in optimal performance
points within the amplitude-frequency domain (see
points P,, P, and P, in Figure 3). The other version,
the Optimal Amplitude model (Figure 4), emphasizes
within-segment differences along the optimal perfor-
mance functions that relate amplitude to frequency (see
lines Oy, Oy, and O, in Figure 4). These two models are
now considered in turn.

The Relative Optimum model

The Relative Optimum model begins with the assump-
tion that there is a single frequency and amplitude of
optimal performance for each segment. In the case of
the single-segment waving task of Rosenbaum et al.
(1991), when each of the three segments was individ-
ually oscillated an optimal performance point could be
deduced. Rosenbaum et al. (1991) observed that when
the frequency of movement was specified, the preferred
angular displacement produced by each joint was lin-
early related to frequency; similarly, when amplitude
was specified, the preferred frequency produced was
linearly related to amplitude. The point of intersection
of these two functions represents a unique amplitude-
frequency pair (an attractor) that is globally optimal
because it is simultaneously the preferred amplitude at
that frequency and the preferred frequency at that am-
plitude. In the model, a comparison is made between
the amplitude and the frequency required by the task
(point T in Figure 3) with each segment’s point of
optimal performance (points P;, P, and P, in Figure
3). Because frequency and amplitude are incommensur-
able, the abscissa and ordinate scales are expressed as
proportions of the maximum frequency, Max F, and
maximum amplitude, Max A4, respectively. For each
segment, i, the distance between the task point and the

! When the movement is actually accomplished, all three segments
of the arm are assumed to oscillate at the same frequency. While we
cannot treat the multisegment arm as a simple oscillator (with
a unique stiffness and center of mass), it has been observed that when
several joints contribute to movement, the behavior of the arm as
a whole can be characterized as that of a passive, multijoint spring
(Mussa-Ivaldi, Hogan, and Bizzi, 1985; Hogan, 1985)
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Fig. 3 The Relative Optimum model: Relation of task-required fin-
ger displacement and frequency (point T) to optimal performance
points of the finger, hand, and arm (points Py, Py, and P, respective-
ly, as observed by Rosenbaum et al.,, 1991). (Displacement expressed
as a proportion of the maximum optimal amplitude of any segment,
MaxA, and frequency expressed as a proportion of the maximum
optimal frequency of any segment, Max F. Dashed lines indicate
distances between the task point and the three optimal points.

Fingertip Displacement (cm)

2 4 6
Oscillation Frequency (Hz)

Fig. 4 The Optimal Amplitude model: Optimal performance func-
tions for the finger, hand, and arm that were observed by Rosen-
baum et al. (1991), replotted so that the abscissa represents linear
displacement of the fingertip. (Lines O, Oy, and O, represent the
frequency-driven amplitude performance functions for each seg-
ment. Point T represents a hypothetical task point corresponding to
a required oscillation of 4 Hz and a required amplitude of 8 cm.)

segment’s optimum point can be computed from the
weighted sum of the deviations in the amplitude and
frequency domains, by the Pythagorean distance for-
mula:

N NG ERD N
di—/q < o > +(1—q) (—-—MaxF )
(1)

where a(P,) and f(P) are the optimal amplitudes and
frequencies for the ith segment, respectively, Max A

and Max F are the maximum amplitude and frequency
produced by any segment (in this case Max A is pro-
duced by the arm and Max F is produced by the finger),
and ¢ is a weighting factor (0 < ¢ < 1) representing the
relative weight given to amplitude differences as against
frequency differences. Given the distance, d;, of the task
point from the optimum for each segment, the bid, B;,
for segment i is 1.0 if the required amplitude and fre-
quency coincide with the segment’s optimum (d; = 0);
otherwise, the bid decreases as d; increases,

Bi=1-(i-d) 0<B;<1) (2)

where the parameter ¢; represents a tuning constant for
the ith segment (i.e., the rate at which that segment’s bid
drops off with the deviation between the required and
the optimal task points). A separate tuning constant,
ty, ty, OT t,, is used to weight the finger, hand, and arm
deviations, respectively. The tuning constant represents
each segment’s sensitivity to differences between the
optimum and required task parameters. The propor-
tional contribution, C;, of the ith segment can be ex-
pressed as the ratio of the bid for that segment to the
sum of the bids of all s segments:

Ci=——. (3)

The Relative Optimum model can be applied to the
data of Rosenbaum et al. (1991) by the iterative estima-
tion of the four free parameters (g and the three tuning
constants) to minimize the difference between data and
model. The model accounts for 78.3% of the variance,
F(1,22) = 19.85, p < .001 (see Table 1A, top row, and
Figure 5, left panel). The model makes the correct
qualitative prediction that the majority of movement
was produced by the finger, hand, or arm when the
required amplitude and frequency matched that seg-
ment’s optimal amplitude and frequency (main diag-
onal cells of left panel, Figure 5).

The Optimal Amplitude model

Whereas the Relative Optimum model assumes that
each segment has a single point of optimal perfor-
mance, the Optimal Amplitude model assumes that
each segment has an optimal performance function.
This function is defined as the set of amplitudes asso-
ciated with the set of resonant frequencies that can be
achieved by change of the segment’s stiffness. The opti-
mal performance function for each segment can be
estimated by having the subject oscillate with that
segment alone at each of several frequencies (see lines
Oy, 0,, and O, in Figure 4). When an optimal perfor-
mance function exists for a limb segment, it is possible
to compute each segment’s bid from the difference
between a task point, corresponding to a given required



Table 1 Goodness of fit and parameter values for the Relative
Optimum and Optimal Amplitude models applied to the finger-
waving data, one-bumper tapping data, and two-bumper tapping
data

A. The Relative Optimum Model

Percentage Model Parameters

of Variance
Task Accounted For ¢ ty th ts
Finger Waving 78.3 090 523 282 166
One-Bumper
Tapping 67.0 018 038 0.28* 1.38%
Two-Bumper
Tapping 60.9 022 015 026* 1.11%

B. The Optimal Amplitude Model

Percentage Model Parameters

of Variance
Task Accounted For ty Iy Iy
Finger Waving 44.8 3.33 0.63 0.00
One-Bumper.
Tapping 63.0 0.08 0.11 0.77
Two-Bumper
Tapping 66.9 0.07 0.15 0.90

Note: Parameter ¢ is the amplitude/frequency weighting factor of
the Relative Optimum model. The parameters ¢, t;, and t, represent
the tuning constants for the finger, hand, and arm, respectively, in
both models. The finger-waving data come from Rosenbaum et al.
(1991). The one-bumper tapping data and two-bumper tapping data
come from the present Experiments 1 and 2, respectively.

2 Parameter for which an increase or decrease of 10% reduced the
variance explained by 10% or more

Fig. 5 Selection of movement by
the finger, hand, and arm for each
of the experimental conditions of

nt

Relative Optimum Model
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amplitude and frequency, and the optimal performance
function. Suppose the bid, B;, for segment i is 1 if the
task point falls on the segment’s optimal performance
function, but less than 1, down to a minimum of 0, the
more the task point deviates from the line. The ampli-
tude or the frequency difference (or some combination
of both) can be used to estimate the segment’s bid for
the required combination of amplitude and frequency.
In the waving task of Rosenbaum et al. (1991), the
oscillation of all segments had to match the required
frequency. Thus, the relevant distance between the re-
quired task point and each segment’s optimal perfor-
mance function is the distance between the task ampli-
tude and the optimum function at that frequency:

4| 2(T) =20, £(T) @

a0, [(T))
Here, a(T') denotes the amplitude required by the task,
and a(0,, f (T)) denotes, for segment i, the optimal am-
plitude at the task frequency, f(T'). The bid, B;, and the
proportional contribution, C;, of each segment can be
calculated as in Equations 2 and 3, in the same manner
as in the Relative Optimum model.

To fit the Optimal Amplitude model, the three
tuning constants were adjusted to minimize the vari-
ance between the model and the limb-segment selection
data of Rosenbaum et al. (1991). The optimal perfor-
mance functions of the three limb segments were taken
directly from the observations of Rosenbaum et al.
(1991). The model accounted for 44.8% of the variance
in the selection data (see Table 1B, top row, and Figure
5, right panel). The fit of the Optimal Amplitude model
was significantly better than would be expected by

Optimal Amplitude Model

Required Oscillation Amplitude (cm)

. . ) 0

the waving task (Experiment 2} of g 5.57 6.92 7.62 5.57 6.92 7.62 F
Rosenbaum et al., 1991. (Both o 2

i ! ]
panels, solid lines: proportional n 038 » (-.-s
contribution to displacement of the 5 8'2 \ r o P S
fingertip in the waving task lﬁ 0.2 \&4 \\, /\‘ J o)
attributable to movement of the - P —— e 2
finger (F), hand (H), or arm (A), at E 0.8} =
each combination of the oscillation & 0.6f =
i i = L -3 7 a0
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chance alone, F(1,22) = 6.22, p < .01. However, the fit
was significantly worse than the fit of the Relative
Optimum model, F(1, 22) = 33.96, p < .001, as evalu-
ated by a partial F test that took into account the fact
that the Relative Optimum model has one more free
parameter than the Optimal Amplitude model (Myers
& Well, 1991).

The tuning parameters that produced the best fits
for the two models, shown in the first rows of Tables 1A
and 1B, varied in a similar manner in both models. The
tuning factor was largest for the finger in both models
(t;), and smallest for the arm (t,). Recall that the tuning
factor weights the difference between the required and
optimal performances, and so we may interpret this
pattern of values to mean that the contribution of the
finger is relatively sensitive, and the contribution of the
arm relatively insensitive, to changes in the task.

The Optimal Selection models applied to impact
control

In the experiment of Rosenbaum et al. (1991), the fin-
gertip’s oscillation was unimpeded by any obstacle. We
now turn to two new experiments that used a variation
of the finger-waving task — repeatedly tapping the finger
against one bumper (Experiment 1) and repeatedly
tapping the finger back and forth between two bumpers
(Experiment 2). We selected these tapping tasks for
several reasons. First, tapping, like unobstructed wav-
ing, can be achieved with many segment combinations.
Second, the task is easily explained to subjects and can
be performed easily and reliably without extensive ex-
perimental practice. Third, finger-tapping has been
used extensively in the motor-control literature, as was
mentioned above. Fourth, and most important, the
control of impact represents an interesting and chal-
lenging extension to the Optimal Selection models.
Given that the models, as outlined above, assume opti-
mal performance to be closely related to amplitude and
frequency, it is not immediately obvious how the mod-
els can be used to explain the control of impacts. The
challenge is to extend the models so that they can do so.

Tapping can be viewed as interrupted oscillation.
The literal kinematic description of tapping is that the
fingertip is displaced in space until it contacts an ob-
stacle, then it comes to rest, and then it is displaced in
the opposite direction. An alternative, conceptual, de-
scription is that the finger is displaced as if it were
moving in a periodic oscillation, where the oscillation is
interrupted by collision with an obstacle. We refer to
the amplitude that would hypothetically be covered if
no obstacle were present as the virtual amplitude, and
we refer to the location to which the finger would travel
at the extreme of its oscillation if no obstacle were
present as the virtual target. Finally, we refer to the
imagined, undisturbed oscillation of the finger through
the obstacle as the virtual oscillation. In all, the claim

that tapping is controlled by deliberately moving over
a virtual amplitude to a virtual target can be called the
virtual oscillation hypothesis.

Virtual oscillation simplifies computation because
it allows us to exploit an existing mechanism for the
planning and executing of movements. In this respect,
the virtual-oscillation hypothesis resembles a model
recently proposed for the maintenance of pressure by
the hand or other end-effector on a surface (Bizzi,
Hogan, Mussa-Ivaldi, & Giszter, 1992). Bizzi et al.
proposed that pushing the hand against a surface with
a particular force is accomplished by the muscles of the
hand and arm being set so that a different posture
would be adopted in the absence of the impediment
that the surface provides. Because the equilibrium end-
point of the adopted posture is “inside” the surface, the
spring qualities of the arm exert a constant force
against the point of contact. The resulting force de-
pends on the distance between the surface and the
hypothetical equilibrium position (the virtual position)
of the unconstrained hand.

The virtual-oscillation hypothesis similarly pro-
poses that the displacement of the fingertip during
finger tapping can be described as a periodic oscilla-
tion, one hypothetical end-point of which is *“inside”
the obstacle. If the underlying oscillation is sinusoidal
(just one of many possibilities) the oscillation observed
will be a sinusoid with clipped peaks or troughs.? The
energy transferred to the obstacle (formally, the im-
pulse of collision) will be determined by the masses of
the segments that collide with it and their velocities at
the instant of collision. Thus, a subject can generate the
same impulse of collision with the finger at high velo-
city or with the arm at low velocity, since their respec-
tive masses differ. The duration of contact with the
obstacle should vary with the impulse of collision gen-
erated by whichever segments are used.

Figure 6 illustrates these points with two hypotheti-
cal oscillations at 2 Hz. The solid line represents the
hypothetical trajectory of a large mass, such as the arm,
being used to effect a hard impulse of collision, or
a smaller mass, such as the hand, being used to effect
a soft impulse of collision. The dashed line represents
the hypothetical trajectory of a large mass effecting
a softer impulse of collision. Thus, the impulse of
collision can be altered either by the use of a limb
segment of different mass or by a change in the virtual

2 The motion observed might not take exactly a sinusoidal form,
because, apart from noise, the finger might rebound from the ob-
stacle when elastic energy, stored upon colliding with the obstacle, is
later released in the form of kinetic energy. The release of elastic
strain energy during the recoil helps to optimize efficiency in running
and hopping (Alexander, 1984), and so it would also be expected to
do so in manual analogues of these behaviors that also require
repeated collisions
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Fig. 6 The virtual-amplitude interpretation of tapping performance.
(Dashed line: soft impulse of collision with a segment of large mass.
Solid line: hard impulse of collision with a segment of large mass, or
soft impulse of collision with a segment of small mass.)

amplitude of the same limb segment in order to modu-
late velocity at contact. Either version of the Optimal
Selection model can be used to predict a particular
method of tapping, if these options are borne in mind.
Required impacts can be translated into required vir-
tual amplitudes for each segment. The bidding proced-
ure can then be used as before to predict each segment’s
relative contribution to the movement.

Experiment 1
The one-bumper tapping task

The first experiment was designed to test the virtual-
oscillation hypothesis, and to evaluate it with use of the
Relative Optimum and Optimal Amplitude models.
Subjects were instructed to tap at a required frequency
and with a required impulse of collision against a bum-
per. Three frequencies and three impulses of collision
were tested. The main question was what limb segment
combination would be used, depending on the fre-
quency and impulse of collision that were required. We
expected there to be a switch to more massive segments
as the required impulse of collision increased and as the
required frequency decreased.

Method

Subjects. Four right-handed university students (one male and three
female) between the ages of 20 and 25 participated. Each subject
gave written consent and received payment or course credit for
participation. The data were collected at the University of Mass-
achusetts, Amherst.

Apparatus and procedure. A WATSMART System (Northern
Digital, Inc.) was used to track the movement of four infrared
emitting diode markers (IREDs) attached (1) to the side of the distal
segment of the subject’s right index finger, (2) above the first
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metacarpal (knuckle) joint, (3) above the wrist, and (4) on the
forearm, 15 cm from the wrist marker. The marker positions are
shown in Figure 1. The WATSMART System was used to measure
the three-dimensional position of each IRED marker to a resolution
of 0.1 mm at a sampling rate of 200 Hz.

The impulse of collision was measured by having the fingertip
strike a rectangular (15 x 36 mm) bumper, covered with hard rubber
(4 mm thick) and attached to a Grass model FT10D force displace-
ment transducer. The displacement rate of the bumper was
0.5kg/mm, up to a maximum displacement of 1 mm. A Terak
computer (LSI-11) monitored the impact of each collision by integ-
rating the force on the force transducer during the 100 ms following
contact.’

Subjects were asked to produce “soft,” “medium,” and “hard”
collisions. For the experimenters (but not for the subjects), a soft
impulse of collision was defined as 0.017 to 0.034 kg-m/s (midpoint
0.026 kg - m/s), a medium impulse of collision was defined as 0.042 to
0.084 kg - m/s (midpoint 0.063 kg m/s), and a hard impulse of colki-
sion as 0.108 to 0216 kg-m/s (midpoint 0.162 kg-m/s). Subjects
received feedback about each impulse of collision from an array of
eight light-emitting diodes (LEDs). The diode array was controlled
by the Terak computer and was placed in front of the subject so that
he or she could easily see it. During the tapping phase of the trial,
feedback was provided immediately after each tap. If the impulse of
collision was too small, two LEDs lit up; if the impulse of collision
was too large, eight LEDs lit up; and if the impulse of collision was
within the required range, six LEDs lit up. Subjects were instructed
to tap so that six LEDs would light with every tap.

During testing, the subject sat on a stool, 48 cm high, next to
a table, 47 cm high, to which the apparatus was attached. The
bumper was 17 cm above the table surface and was oriented verti-
cally, with its striking surface parallel to the subject’s midsagittal
plane. All parts of the apparatus were either painted black or
covered in black material to minimize IRED reflection, as is required
for accurate use of the WATSMART.

To convey required tapping frequencies to the subject, a series of
computer-generated tones was produced on a Macintosh Plus com-
puter. At the beginning of each trial, a low-frequency tone (300 Hz)
sounded for 2.5 s, during which time subjects were supposed to hold
the index finger motionless against the bumper. The low-tone period
was included to provide a baseline for each trial. Next, a series of
beeps (100 ms, 900 Hz) sounded at a rate of 1, 3, or 5 beeps per
second for 10's, during which time subjects were supposed to tap
with the beeps, striking the bumper when each beep sounded. The
frequencies to be tested (1,3, and 5 Hz) were selected to encompass
and extend the range of frequencies of oscillation that subjects
spontaneously produced in Rosenbaum et al. (1991). Subjects moved
the fingertip horizontally, attempting to strike the middle of the
bumper with the intersection of the two most distal segments of the
index finger. They could move the fingertip toward and away from
the bumper by flexing and extending the index finger, by flexing and
extending the wrist, or by adducting and abducting the elbow. The
upper arm was not fixed. Subjects were allowed to use their limb
segments freely and were instructed to move “as naturally as pos-
sible.” After 10's of tapping, the computer sounded a second low

o«

* The measurement of impulse of collision was independently calib-
rated by mounting the force transducer’s bumper at one end of
a linear air track. Two air-track vehicles (with masses of 146.8 g and
283 g, respectively, and equipped with spring bumpers) were each
manually launched down the air track for 25 collisions with the
bumper at a variety of speeds. A photocell gate determined the
vehicle’s velocity just before collision. The recorded impulse of
collision was linearly related to the impulse computed from the
mass and velocity of the vehicle for impulses up to 0.250 kg - m/s
r? = 97)
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tone (300 Hz) for 2.5 s, during which time subjects were again sup-
posed to hold the index finger motionless against the bumper, for
calibration purposes.

Each subject tapped the bumper at each of the nine frequency-
impulse combinations of impulse conditions (soft, medium, and
hard) and frequency conditions (slow, medium, and fast), in a differ-
ent random order. Before each data-collection period, the subject
was told what condition would be tested (e.g., “soft impact, slow
rate”), and allowed to practice the forthcoming combination of
frequency and impulse, relying on the LEDs for feedback. The entire
session lasted about 1 hour.

Data analysis. The marker positions at the point of contact and at
the maximum amplitude of the backswing were used to calculate the
proportion of movement of the fingertip attributable to rotation of
the finger about the knuckle, to rotation of the hand about the wrist,
and to displacement of the forearm along the axis of fingertip
movement. The calculations were based entirely on geometry, and
did not involve estimates of kinetic (torque-related) influences.
Knuckle flexion was estimated by measurement of the change in the
angle of intersection of the fingertip-knuckle segment and the
knuckle-wrist segment, between the maximum backswing and bum-
per contact (see Figure 1). The finger’s contribution to the displace-
ment of the fingertip was calculated from the change in the angle of
knuckle flexion and the distance between the fingertip marker and
the knuckle marker. Wrist flexion was estimated from the change in
the angle of intersection between the knuckle-wrist segment and the
wrist-forearm segment, again between the maximum backswing and
bumper contact. The hand’s contribution to the displacement of the
fingertip was calculated from the wrist flexion and the distance
between the fingertip and the wrist joint. Finally, arm contribution
to fingertip displacement was determined from displacement of the
more distal mark on the forearm. Because the arm-marker move-
ment was parallel to the fingertip movement, it indicated the contri-
bution of the arm to fingertip displacement, whether the movement
resulted entirely from elbow or shoulder adduction, or from a com-
bination of the two.

The data were analyzed with a repeated-measures analysis of
variance(ANOVA) based on a 3 (Impulse of collision: 0.026, 0.063, or
0.162 kg-m/s) x 3 (Frequency of tapping: 1, 3, or 5 Hz) design. Each
trial’s means were based on 8§ to 48 collisions in 10 s, depending on
the tapping frequency. The first and last collisions in a sequence were
not used because of potential variation in the beginnings and ends of
the sequence, and collisions early in a trial were excluded if the
amplitudes appeared markedly different from later, stable perfor-
mance.

Results

Modulation of impulse of collision. The first analysis
was designed to check that subjects successfully varied
the impulse of collision in the Soft, Medium, and Hard
conditions. Because neither the voltages from the force
transducer nor the onsets or offsets of the lights were
permanently recorded, the check was made by estima-
tion of the velocity of the fingertip when it struck the
bumper. Velocity at contact was estimated by measure-
ment of the displacement of the fingertip in the two
timesteps (10 ms) that preceded first contact with the
bumper.

Asis shown in Table 2, velocity at impact depended
on the required impulse of collision, F(2,6) = 7.11,
p =.026. As was expected, impact velocity increased
with required impulse of collision. Required frequency
had no significant effect on impact velocity, F(2, 6) =

Table 2 Fingertip Velocity (m/s) at impact with the bumper in
Experiment 1, by tapping frequency and impulse of collision

Tapping Frequency Required Impulse of Collision (kg-m/s)

(Taps/s)

0.026 0.063 0.162
1 1.25 (0.21) 1.33 (0.10) 1.68 (0.14)
3 1.42 (0.15) 1.58 (0.25) 1.88 (0.35)
5 1.21 (0.16) 1.50 (0.13) 1.82(0.17)

Note: Averaged across the recorded taps of 4 subjects. Standard
errors are in parentheses

.57, and there was no required Impulse by Frequency
interaction, F(4, 12) = .214.

Modulation of virtual amplitude: Amplitude of the back-
swing. The virtual-oscillation hypothesis predicted
that subjects would modulate the impulse of collision
by varying the virtual amplitude. It also predicted that
as tapping frequency increased, virtual amplitude
would decrease, because as frequency increases,
a smaller virtual amplitude suffices to produce the same
velocity at impact.

To test these predictions, we needed to estimate
virtual amplitudes. We reasoned that virtual ampli-
tudes could be estimated by measurement of the ob-
served amplitudes of backswings. That is, assuming
a symmetric or roughly symmetric oscillation, the loca-
tion to which the finger travels when opposite the
barrier should reveal how far the finger would have
travelled through the barrier in its absence.

As is shown in the leftmost panel of Figure 7, the
amplitude of the backswing increased with required
impulse of collision, F(2,6)=12.05,p =.008, and
decreased with required frequency, F(2,6) = 6.45,
p = .032. Both results confirm the predictions. The in-
teraction of Impulse and Frequency was also signifi-
cant, F(4,12) = 3.26, p = .05.

Selection of finger, hand, and arm movements. To deter-
mine the relative contributions of the finger, hand, and
arm to the displacement of the fingertip, the relative
contributions observed were estimated from the kin-
ematic data.

The proportional contributions of the finger, hand,
and arm are shown as solid lines in each panel of
Figure 8. As in the finger-waving study of Rosenbaum
et al. (1991), the proportional contribution of the
finger, hand, and arm varied with the experimental
condition. The proportional contribution of the finger
decreased with the required impulse of collision,
F(2,6) = 10.54, p < .02, but there was no impulse effect
for the proportional contribution of the wrist,
F(2, 6) = 0.60, and only a marginally significant cffect
for the arm, F(2, 6) = 3.56, p < .10. No frequency effect
was found for the proportional contribution of the
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finger, F(2, 6) = 0.40, but the proportional contribu-
tion of the wrist increased with the required frequency,
F(2,6) =24.62, p < .01, and the proportional contribu-
tion of the arm decreased with the required frequency,
F(2,6) = 13.67, p < .01. There were no significant Im-
pulse by Frequency interactions for the finger, hand, or
arm.

Application of the Optimal Selection models

To fit the Optimal Selection models to the tapping
data, we determined, for each required task frequency,
f(T), the virtual amplitude, 4;; that would be required
for the ith limb segment alone to produce the required
impulse of collision, I, based on that segment’s esti-
mated effective mass, m;. In these computations the
required impulse of collision was given by the definition
of the task. The masses of the finger, hand, and arm
were estimated by water displacement, with the use of
the corresponding segment(s) of the first author’s right
arm; the values measured were 32,605, and 1800 g,

Segment used (Finger, Hand, Arm)

respectively; the effective mass, m;, used in the computa-
tions was corrected for the distance from the center of
mass of each segment to the fingertip and to the seg-
ment’s center of rotation. Next, each segment’s bid for
each task was computed from the amplitude it would
be required to oscillate if it alone generated the re-
quired impulse of collision through a collision with the
bumper, with the other joints assumed to be rigid. On
the assumption that the fingertip was in contact with
the bumper during 32% of each oscillation cycle (the
average value observed across conditions), the impulse
of collision produced by segment i acting alone is twice
the product of the effective mass and the velocity of the
segment when it collides with the bumper; the velocity
depends, in turn, on the frequency of the virtual osciila-
tion, its amplitude, and the phase of oscillation at the
beginning of contact with the bumper (a phase of 0.18 =
radians at collision corresponds to contact during 32%
of the cycle), so that

I'=2-m f-A; - cos(0.18x). (5)
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The virtual amplitude required for segment i to
produce the required impulse of collision is, therefore,

I
" 2om;-f-cos(0.187)°

A; (6)

The next step in the model evaluation is to deter-
mine how well the performance of the subjects in
Experiment 1 can be predicted on the basis of the
optimum performance characteristics of the subjects of
Rosenbaum et al., 1991.

Fit of the Relative Optimum model. Each segment’s bid
was based on the proximity of the computed virtual
amplitude to that segment’s optimal amplitude and
frequency. The bid was computed by substitution of the
virtual amplitude, 4;, for the required task amplitude,
a(T), in Equation 1. The proportional contribution of
each segment, C,, was based on its bid relative to all the
bids, as prescribed by Equations 2 and 3. When the
tuning parameters were adjusted for the best fit to the
data, 67.0% of the variance in movement selection was
accounted for, F(1,22) = 11.167, p < .005 (Table 1A,
middle row). The best-fitting values are shown along
with the obtained values in the left panel of Figure §,
where it is seen that the model performed in a qualitat-
ively accurate way, supporting the extension of the
Relative Optimum to impact control.

The Relative Optimum model was also used to
predict the amplitude of the backswing of the tap (max-
imum distance of the fingertip from the surface of the
bumper). This estimate was obtained directly from the
model with no additional free parameters, by the
simple summing of the previously calculated virtual
amplitudes of each segment, weighted by its propor-
tional contribution to finger displacement, and on the
assumption of a contact duration of 32%, as above.
The correlation between estimated and observed
amplitude of the backswing was significant, r = .77,
t(7) = 3.193, p <.01. However, comparison of the
model’s estimates (center panel of Figure 7) with the
observed data (left panel of Figure 7) showed that
despite the significant correlation, the model tended to
overestimate the amplitude of the backswing.

Fit of the Optimal Amplitude model. Each segment’s bid
was based on the proximity of the computed virtual
amplitude to that segment’s optimal performance func-
tion at the required frequency, by substitution of the
virtual amplitude, 4, for the required task amplitude,
a(T), in Equation 4. The proportional contribution of
each segment, C;, was based on its bid relative to all the
bids, as in Equations 2 and 3. When the tuning para-
meters were adjusted for the best fit to the data, 63.0%
of the variance in movement selection was accounted
for, F(1,22) = 13.054, p < .005 (Table 1B, middle row).
The best-fitting values are shown, along with the ob-
served values, in the right-hand panel of Figure 8.

The Optimal Amplitude model’s prediction
of the amplitude of the backswing was calculated in the
same manner as described for the Relative Optimum
model. These estimates (right panel of Figure 7) also
correlated highly with the observed data, r = .71,
t(7) = 2.668, p <.025. The Optimal Amplitude model
also tended to overestimate the amplitude of the back-
swing, though not so much as the Relative Optimum
model.

Summary of results. The contribution of the three seg-
ments of the forearm to finger displacement varied
systematically, consistently with the virtual-amplitude
hypothesis. The two Optimal Selection models were
able to account for a large proportion of the variation
in segment contribution, and both models captured the
qualitative characteristics of the variation in the ob-
servable portion of movement amplitude. Both models
performed about equally well.

Experiment 2
The two-bumper tapping task

In Experiment 2, the subject’s task was to strike two
bumpers with the fingertip at prescribed frequencies
(2,4 or 6 taps per second, corresponding to oscillation
frequencies of 1,2, and 3 Hz) and with prescribed im-
pulses of collision (0.026, 0.063, or 0.162 kg~ m/s).* The
separation between the bumpers ranged from 3.8 to
11.4 ¢cm. In contrast to the tapping task in Experiment
1, in which the movement of the fingertip was con-
strained at only one extreme of displacement, in the
two-bumper task movement of the fingertip was constr
ained at both endpoints of oscillation. We expected the
Optimal Selection models to apply to two-bumper tap-
ping as well, however. As before, we predicted that
required impulses could be converted to virtual ampli-
tudes, and from the virtual amplitudes (along with the
required frequencies) it would be possible to assign bids
to the effectors, which in turn could give rise to empiric-
ally realistic relative contributions. The main predic-
tion was that there would be a switch to more massive
segments as the required impulse of collision increased,

+ Experiment 2 was actually conducted before Experiment 1, before
the WATSMART system was available. It is presented second here
because Experiment 1 is more comparable to the earlier published
study of Rosenbaum et al. (1991). Because the videotape recording
system used in Experiment 2 can only make 30 samples per second,
rather than the 200 samples per second provided by the WAT-
SMART system in Experiment I, the maximum frequency of tap-
ping imposed was 3 Hz, so there would be at least 5 video frames per
tap



as the distance between the bumpers increased, and as
the required frequency decreased.

A second aim of Experiment 2 was to explore a new
measure for testing the virtual-oscillation hypothesis.
As applied to tapping on two bumpers, the virtual-
oscillation hypothesis assumes that the impulse of
collision can be controlled by variation of the virtual
amplitude of the movement through the obstacle. In
experiment 1, the virtual-amplitude hypothesis was tes-
ted by measurement of the backswing of the finger as it
moved away from the bumper. In Experiment 2, be-
cause there were two bumpers, it was impossible to
measure a free backswing. We therefore studied the
dwell time of the finger on the bumpers, by measuring
the time between the first and last contacts with the
bumper in each collision. We predicted that dwell time
would increase with virtual amplitude; in other words,
when virtual amplitude was expected to increase, dwell
time should also increase.

Method

Subjects. Five right-handed subjects each served in a 45-min session.
All subjects were students at Hamilton College, where the experi-
ment was conducted.

Apparatus and procedure. High-contrast joint-position markers (0.5-
cm black circles of nontoxic make-up on a white surrounding disk)
were placed on the fingertip, on the knuckle, on the wrist, and on the
forearm 15 cm from the wrist. Performance was videotaped at 30
frames per second, from a point 1 m above a tabletop, with a short
exposure duration (1/1000s) to obtain a clear image of the arm,
finger, and hand when individual video frames were frozen in order
to digitize the arm, hand, and finger positions. Subjects sat with
shoulders parallel to the front edge of the table, with the forearm
held horizontally, and with the hand held so that the middle, ring,
and little fingers were flexed, the thumb rested on the flexed middle
finger, and the index finger pointed out. The hand was oriented so
that the most distal joint of the thumb pointed up. The elbow
extended slightly beyond the frontal plane of the subject’s body, by
about 15°.

Two vertically oriented rectangular bumpers (15 x 36 mm) were
mounted on Grass model FT10D force transducers and were placed
with their centers 15 cm above the tabletop, opposite each other
along a horizontal axis rotated 45° counterclockwise with respect to
the edge of the table in front of the subject. The surface of each
bumper was covered with 4 mm of hard rubber. The more distant
bumper was placed directly in front of the subject at 80% of the
maximum reach of the subject’s fingertip, while the location of the
closer bumper was adjusted to produce an interbumper separation
of 3.8,7.6, or 11.4 cm. As in Experiment 1, the strain-gauge output of
each transducer was monitored by an L.SI-11 computer, which gave
the subject visual feedback to indicate if the impulse of collision fell
within, above, or below the required range. The required ranges for
the soft, medium, and hard impulse collisions were defined as in
Experiment 1, and the visual feedback took the same form.

Forty collisions were produced in each trial. At the start of each
trial, a Macintosh SE computer generated a series of 40 alternating
440 and 880 Hz tones, each lasting approximately 17 ms, which the
subject heard once to prepare for the forthcoming tapping task.
When the subject indicated his or her readiness to perform, the tone
series was replayed. During the second tone series, subjects were
supposed to strike one bumper on each high tone and the other
bumper on each low tone.
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The experiment had 27 conditions, based on a full crossing of the
three required frequencies (2, 4, or 6 taps per second, corresponding
to oscillations of 1, 2, or 3 Hz), three required impulses of collision
(0.026, 0.063, or 0.162 kg-m/s) and three separations between the
bumpers (3.8, 7.6, or 11.4 cm). The conditions were run in a different
random order for each subject.

Data analysis

To evaluate the contribution of each segment to the oscillation, it
was necessary to measure the joint angles at the two extremes of
displacement in each oscillation.® To obtain these measures, we used
a manual digitizing technique developed by Barnes, Vaughan, Jor-
gensen, and Rosenbaum (1989). Using a single-frame video editor
(Panasonic mode] AG-1950) and a haif-silvered mirror, we optically
superimposed the video monitor and a Macintosh II monitor. The
mirror was positioned at a 45° angle between the two monitors,
which were perpendicular to one another, so that the experimenter
could digitize the position of each marker by placing the Macintosh
cursor directly over it and clicking the mouse. For each collision, the
videotape was positioned on the first frame in which the bumper was
struck, and coordinates of the markers on the fingertip, knuckle,
wrist, and forearm were digitized. Digitizing was restricted to the
16th—21st collisions, and so three collisions with each bumper were
digitized (collisions 16, 18, and 20 for one bumper, and 17, 19, and 21
for the other bumper). The number of frames in which there was
fingertip contact with the bumper was also recorded, providing
a measure of the duration of contact with the bumper ~ the dwell
time (see Figure 6). The positions of the four markers in these three
collisions with each bumper were averaged for subsequent analysis.

Results

Contributions of the finger, hand, and arm. The propor-
tional contribution of the finger, hand, and arm to
fingertip displacement was first subjected to a repeated-
measures ANOVA (3 x 3 x 3 x 3) in which the indepen-
dent variables were the Separation between the bum-
pers, the required Frequency of oscillation, the required
Impulse of collision, and the Segment used. A number
of two- and three-way interactions involving the seg-
ment variable were significant, indicating that the inde-
pendent variables had different effects on the propor-
tional contribution of the segments (as is shown in the
leftmost panel of Figure 8); there were no significant
main effects or interactions that did not involve the
segment variable. Because these interactions indicated
that the effects of the independent variables varied from
one segment to another, the proportional contribution
data were submitted to a separate 3 x 3 x 3 ANOVA for
each of the three segments, where the independent
variables were the Separation between the bumpers, the
required Frequency of alternation, and the required
Impulse of collision. In the discussion to follow, we first
present each interaction that was significant in the

3 Recording the joint angles at intermediate displacements would
have been desirable from the standpoint of characterizing the kine-
matics of the entire movement, but was considered unnecessary from
the standpoint of characterizing the contributions of the limb seg-
ments at the time of collision
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omnibus ANOVA. We then present the analyses for
individual segments, describing how the proportional
contribution of each segment depended on the task
requirements.

The required impulse of collision affected the pro-
portional contribution to fingertip displacement of the
three limb segments, F(4, 16) = 19.60, p < .0001 (see
Table 3). Finger contribution declined with required
impulse of collision, F(2, 8) = 3541, p < .0001, whereas
arm contribution increased with required impulse,
F(2,8) =21.43,p <.0006. Hand contribution was
greatest at the intermediate impulse condition, though
the effect fell short of significance, F(2,8) = 3.89,
p = .066.

The separation between the bumpers affected the
relative contributions of the three limb segments,
F(4,16) = 6.82, p < .003 (see Table 4). Finger contribu-
tion declined with separation, F(2, 8} = 7.88, p < .02,
whereas hand contribution increased, F(2, 8) = 4.56,
p<.05 as did arm contribution, F(2,8) = 10.75,
p < .006.

Required frequency also affected the relative contri-
butions of the three limb segments, F(4, 16) = 6.67,
p <.003 (see Table 5). Hand contribution increased
with required frequency, F(2,8)=5.63,p < .03,
whereas arm contribution decreased, F(2, 8) = 27.48,
p < .0003. Finger contribution was not significantly
affected by tapping frequency.

Bumper Separation and required Impulse of colli-
sion had interactive effects on the relative contributions
of the limb segments, F(8, 32) = 3.80, p < .01. The rela-
tive contribution of the finger was greatest at the
smallest required impulse of collision and shortest
bumper separation, F(4,16)=4.75p<.02; con-
versely, the relative contribution of the arm was least
under these conditions, F(4,16) = 3.33,p <.04 (see
Table 6). The finger made its greatest contribution at
small bumper separations and soft impulse magnitudes,
but either a hard impulse magnitude or a larger separ-
ation resulted in more hand or arm movement.

Required Frequency and bumper Separation also
had interactive effects on the contribution of the limb
segments, F(8,32)=3.16,p < .01 (see Table 7). The
interaction of Separation and required Impulse of colli-
sion was significant for the finger, F(4, 16) = 3.15,
p < .05, and for the hand, F(4, 16) = 4.22, p < .02, but
not for the arm.

To summarize the results, an increase in either
required impulse of collision or bumper separation
caused a shift in the proportional contribution from the
finger to the hand, and even more to the arm. Thus,
finger contribution was greatest at the shortest separ-
ation and smallest impulse conditions, whereas arm
contribution was greatest at the largest separation and
largest impulse conditions. By contrast, an increase in
required frequency produced a shift in contribution
from the arm to the hand and, to a lesser extent, to the
finger.

Table 3 Proportional contribution of finger, hand, and arm seg-
ments of fingertip displacement in Experiment 2, by impulse of
collision

Required Impulse of Collision (kg m/s)

Segment 0.026 0.063 0.162
Finger 0.27 0.08 0.03
Hand 0.50 0.57 0.49
Arm 0.22 0.34 0.48

Note: Averaged over repetition frequencies and bumper separ-
ations. Columns may not sum to 1.00 because of rounding

Table 4 Proportional contribution of finger, hand and arm seg-
ments to fingertip displacement in Experiment 2, by bumper separ-
ation

Bumper Separation (cm)

Segment 3.8 7.6 11.4
Finger 0.26 0.09 0.04
Hand 0.44 0.56 0.57
Arm 0.30 0.35 0.40

Note: Averaged over repetition frequencies and impulse magni-
tudes. Columns may not sum to 1.00 because of rounding

Table 5 Proportional contribution of finger, hand and arm seg-
ments to fingertip displacement in Experiment 2, by tapping
frequency

Tapping Frequency (Taps/s)

Segment 2 4 6

Finger 0.11 0.13 0.15
Hand 0.44 0.51 0.61
Arm 0.44 0.36 0.24

Note: Averaged over bumper separations and impulse magnitudes.
Columns may not sum to exactly 1.00 because of rounding

Modulation of virtual amplitude: Dwell time. In the two-
bumper tapping task, oscillation was constrained at
both extremes of movement, so we could not look at
the amplitude of the backswing (as in Experiment 1) to
provide an indication of the virtual amplitude of oscil-
lation. Instead, we examined the duration of contact
with the bumper (dwell time), expecting it to be longer
in those conditions that theoretically required larger
virtual amplitudes. With dwell time as the dependent
measure (see Figure 9, left panel), the interaction of
Impulse, oscillation Frequency, and bumper Separ-
ation was significant, F(8, 32) = 5.25, p < .0005. Dwell
time was longer at lower frequencies, smaller separ-
ations, and larger required impulses of collision.



Table 6 Proportional contribution of finger, hand, and arm seg-
ments to fingertip displacement in Experiment 2, by impulse and
bumper separation
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Table 7 Proportional contribution of finger, hand, and arm seg-
ments to fingertip displacement in Experiment 2, by tapping fre-
quency and bumper separation

Required Impulse Bumper Separation (cm) ) Bumper Separation (cm)

of Collision Tapping Frequency

(kg m/s) Segment 3.8 7.6 114 Taps/s Segment 38 7.6 114

0.026 Finger 0.48 0.22 0.11 2 Finger 0.30 0.06 —0.04*
Hand 0.39 0.55 0.58 Hand 0.31 0.49 0.53
Arm 0.13 0.23 0.31 Arm 0.38 0.44 0.51

0.063 Finger 0.23 0.03 —-001* 4 Finger 0.25 0.06 0.08
Hand 0.47 0.63 0.62 Hand 0.42 0.58 0.53
Arm 0.29 0.34 0.39 Arm 0.32 0.37 0.39

0.162 Finger 0.07 0.01 0.01 6 Finger 0.23 0.14 0.07
Hand 0.45 0.51 0.50 Hand 0.58 0.62 0.63
Arm 0.48 0.47 0.49 Arm 0.19 0.24 0.29

Note: Averaged across repetition frequencies. Columns in each
panel may not sum to 1.00 because of rounding.

2The negative value for finger contribution resulted from the finger’s
bending backwards because of the collision with the bumper

Fit of the Optimal Selection models

The next step was to fit the Optimal Selection models
to the data from the two-bumper task. The amplitude
for which each segment’s bid was calculated was the
virtual amplitude of each segment (i.e., the fingertip
displacement that the segment would have had to pro-
duce to achieve the required impulse of collision by
itself). The virtual amplitude necessary to accomplish
the required impulse of collision was calculated for
each segment in each experimental condition in a man-
ner similar to that used in Experiment 1. First, we
noted that the magnitude, I, of the impulse of collision
for the ith segment is related to that segment’s effective

Fig. 9 Dwell time (time in contact Observed Data

with the bumper during each tap)

Note: Averaged across repetition frequencies. Columns in each
panel may not add to 1.00 because of rounding.

 The negative value for finger cntribution resulted from the finger’s
bending backwards because of the collision with the bumper

mass, m;, the virtual amplitude, 4,, and the required
task frequency, f(T) , as follows:

d
I:2-mi-f(T)~A,wcos[sin‘1 1
(7)

where d denotes the distance between the bumpers.
Note that the virtual amplitude, A;, must be greater
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than the distance between the bumpers or the fingertip
will not strike both of them. Solving for A4; gives the
required virtual amplitude for the ith segment:

i
A = dz. 8
N FmE e ®

Equation & implies that the calculated virtual ampli-
tudes should be larger for the finger than for the hand,
and larger for the hand than for the arm, owing to the
differences in the masses of these limb segments. In
addition, Equation 8 implies that the virtual ampli-
tudes should decrease with required frequency, f(T),
and increase with bumper separation, d.

Fit of the Relative Optimum model. As in Experiment 1,
at each required frequency each segment’s bid was
computed from the proximity of its virtual amplitude
(from Equation 8) to its optimal amplitude and fre-
quency, by substitution of the virtual amplitude, 4,,
from Equation 8 for the required task amplitude, a(T),
in Equation 1. The proportional contribution of each
segment, C;, was based on its bid in relation to all the
bids, as given by Equations 2 and 3. When the tuning
parameters were adjusted for the best fit to the data,
60.9% of the variance in movement selection was ac-
counted for, F(1, 76) = 29.593, p < .001 (Table 1A, bot-
tom row). The predicted segment contributions are
shown along with the observed segment contributions
in the left panels of Figures 10a, 10b, and 10c.

The Relative Optimum model was also used to
predict the dwell times in each of the 27 conditions of
Experiment 2. This prediction required no new free
parameters. Instead, dwell times were derived by the
summing of the virtual amplitudes, A4; for each seg-
ment, weighted by the contribution, C;, of each segment
to the overall movement. The predicted dwell time was
computed from this weighted sum, assuming (for sim-
plicity) a symmetrical sinusoidal virtual trajectory that
overlapped each bumper equally. The model generated
a pattern of dwell times that was similar to the ob-
served dwell times (cf. Figure 8, left and center panels).
The overall correlation between model and observed
dwell times was high (r =.79) and statistically signi-
ficant, t(25) = 6.423, p <.001. However, the model
overestimated dwell times at the slowest tapping rate
and underestimated it at the fastest tapping rate, as can
be seen by comparison of the left and center panels of
Figure 8.

Fit of the Optimal Amplitude model. The computed
virtual amplitudes were compared to the optimal per-
formance functions of the three limb segments (Equa-
tion 4) to calculate the bid, B,, for each segment, by use
of Equation 2. The proportional contribution of each
segment, C; was then determined, by means of Equa-
tion 3. The model accounted for 66.9% of the variance,

F(1,77) = 51.876, p < .001 (Table 1B, bottom row, and
right panels of Figures 10a, 10b, and 10c).

The Optimal Amplitude model was also used to
predict the dwell times. The model generated a pattern
of dwell times similar to the observed dwell times
(compare left and right panels of Figure 8). The over-
all correlation between model and observed dwell
times was high (r =.79) and statistically significant,
1(25) = 6.423, p < .001, though it does not differ from
the correlation observed with the Relative Optimum
model. Furthermore, like the Relative Optimum model,
the Optimal Amplitude model tended to overestimate
dwell times, particularly at the lowest tapping rate.

Summary of results

In Experiment 2, as in Experiment 1, the contributions
of the three segments varied in a manner consistent
with the virtual-oscillation hypothesis. The two ver-
sions of the Optimal Selection model accounted for
a large amount of the variation in segment contribu-
tion, and both versions captured the qualitative charac-
teristics of the variation in dwell time. That they did so
attests to the generality of the hypothesis and to the
(apparent) validity of the virtual-amplitude idea. The
data are consistent with the hypothesis that subjects
aim for points that are past impact surfaces to generate
impacts of collision.

As in the case of the application of the models to the
finger-waving task of Rosenbaum et al. (1991), the
relative values of the tuning parameters that produced
the best fit for both models, shown in the second and
third rows of Tables 1A and 1B, demonstrated the same
relative pattern across segments. However, in contrast
to the finger-waving task, in the two tapping tasks the
contribution of the finger was relatively insensitive to
task variation (as is shown by a relatively small value of
t;), whereas the contribution of the arm was in each
case most sensitive to task variation. This observation
argues against the interpretation of the tuning con-
stants as directly representing some biomechanical
characteristic of each segment. How, then, are we to
interpret the difference in the ordinal relations among
the three parameters across tasks?

One plausible interpretation takes note of the rela-
tive range of performance required by the two kinds of
task. In the waving task, the variation of both ampli-
tude and frequency of required fingertip displacement
was small in comparison to that required in the tapping
tasks, and much of the task was in the domain of
performance that could easily be accomplished by the
finger alone. By contrast, the range of performance
required in the tapping tasks was larger, and the re-
quired displacements were often not achievable by the
finger alone. As a consequence, in the tapping tasks the
allocation of movement to the different segments was
most sensitive to the concordance of task requirements
with the arm’s optimal contribution.



Fig. 10 Selection of movement by
the finger, hand, and arm for each
of the experimental conditions in
the two-bumper tapping
experiment. (A. Bumpers separated
by 3.8 cm. B. Bumpers separated
by 7.6 cm. C. Bumpers separated
by 11.4 cm. All graphs, solid lines:
proportional contribution to
displacement of the fingertip
attributable to movement of the
finger (F), hand (H), or arm (A); left
panel of each graph, dashed lines;
fit of the Relative Optimum model;
right panel of each graph, dashed
lines: fit of the Optimal Amplitude
model.)
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Sensitivity of models to parameter settings

In addition to goodness of fit and simplicity, another
criterion that is important in evaluating the adequacy
of a model is its sensitivity to changes in the values of its
free parameters. It is desirable for a model’s fit not to be
highly dependent on its parameter values. The sensitiv-
ity of the two models’ fit to the data of all three
experiments was evaluated by computation of their
goodness of fit when each of the model’s parameters
was individually increased or decreased by 10% of its
best-fitting value. Table 1 indicates which of the para-
meters proved to be sensitive by this criterion. A 10%
change in two of the best-fitting parameter values of the
Relative Optimum model reduced the variance ex-
plained in each of the tapping experiments by 10% or
more, whereas none of the parameter values of the
Optimal Amplitude model was as sensitive as this. The
pattern of sensitivity to parameter change also reflects
the fact that the Relative Optimum model fit best when
applied to the finger-waving data. The Optimal Ampli-
tude model achieved essentially the same fit as the
Relative Optimum model with one free parameter less
when applied to the one- and two-bumper tapping
tasks, and none of its parameter values was sensitive by
the 10% criterion.

Alternative models

We considered a number of other models in the course
of analyzing the data from the three experiments dis-
cussed here. The simplest alternative model we con-
sidered is one in which the bid of each segment is
proportional to the virtual amplitude on each trial.
This model, with three free parameters (the proportion
contributed by each segment), accounted by 42.8, 58.7,
and 28.4% of the variance in the finger-waving, one-
bumper tapping, and two-bumper tapping experi-
ments, respectively; these values are markedly worse
than the values of either of the optimal-selection
models.

A second alternative model is one in which the bid
of each segment is linearly related to the virtual ampli-
tude. This model, with six free parameters (the slope
and intercept of the bid function for each segment),
accounted for 82.0% of the variance in the waving task,
which is significantly better than the Optimal Ampli-
tude model, F(1, 20} = 13.78, p < .005, but not signif-
icantly better than the Relative Amplitude model,
F(1, 20) = 2.06, p > .10. The six-parameter model also
accounted for 80.8% of the variance in the one-bumper
tapping task, which is significantly better than the
Optimal Amplitude model, F(1, 20) = 6.18, p < .025,
and the Relative Optimum model, F(1, 20) = 7.19,
p < .025; and it accounted for 76.2% of the variance in
the two-bumper tapping task, which is significantly
better than the Optimal Amplitude model,

F(1, 74) = 9.64, p < .005, and the Relative Optimum
model, F(1, 74) = 23.79, p < .001. However, several
features of the alternative model were unsatisfactory.
The fit to the waving data was highly sensitive to the
particular parameter values that were chosen; the
model’s predictions (for the waving data) did not
change with task frequency; and the pattern of best-
fitting parameter values was different across the three
tasks.

A final alternative model that we considered is
identical to the Relative Optimum model, except that
the optimal amplitude and frequency of performance of
each segment were estimated as free parameters rather
than fixed at the values observed in the experiment of
Rosenbaum et al. (1991). The variance accounted for,
with 10 free parameters (the 4 parameters g, ¢4, t,, and
t, of the Relative Optimum model, and the two para-
meters a(P;) and f(P;) for each of the three segments),
was 92.4% for the waving task, which was significantly
better than the Optimal Amplitude model, F(1, 16)
= 14.32, p < .005, and the Relative Optimum model,
F(1, 16) =495, p <.05; 76.2% for the one-bumper
tapping task, which was not significantly better than
the Optimal Amplitude model, F(1, 16) = 1.27,
p > .25, or the Relative Optimum model, F(1, 16) =
1.03, p > .25; and 75.0% for the two-bumper tapping
task, which was not significantly better than the Opti-
mal Amplitude model, F(1, 70) = 3.24, p > .05, but
significantly better than the Relative Optimum model,
F(1, 70) = 6.58, p < .025. Part of the good fit of this
model to the waving data is accomplished by the
model’s adoption of near-zero values for the preferred
amplitude of the finger, and for the preferred frequency
of the arm. While performance at these points may be
optimal in a trivial sense (movement at zero amplitude
or zero frequency requires no energy), these parameter
values do not reflect the task requirements appropriate-
ly, since they predict that a subject instructed to move
the finger or arm in the most comfortable manner
would remain motionless.

In addition to considering the above modeling vari-
ations, we also evaluated one of the central assump-
tions of the virtual-oscillation hypothesis. We assumed
that the collision of the fingertip with the bumper is
elastic, so that stored energy contributes to the acceler-
ation of the fingertip in the departure phase of each
collision. What would happen if this assumption were
violated? If the collision were inelastic, then less energy
would be transferred between the fingertip and the
bumper than is predicted by the assumption of elastic
collision; similarly, if the energy transfer in each colli-
sion included some isometric contraction against the
bumper, more energy would be transmitted than is
predicted by the assumption of elastic collision. The
assumption of inelastic collision reduced the goodness
of fit of the models in every case. Similarly, the assump-
tion that some of the energy transfer in each collision
resulted from isometric exertion against the bumper



did not improve the fit of the Relative Optimum model
significantly. (In this comparison, the relative contribu-
tion of elastic collision with the bumper and isometric
contraction against it was estimated as a free parameter.)
By contrast, allowing for some contribution of isometric
pressure against the bumper increased the variance ex-
plained by the Optimal Amplitude model from 66.9% to
68.7%, F(1, 76) =4.371, p < .05; and increased the
variance explained by the Relative Optimum model
from 60.9% to 64.9%, F(1, 75) = 8.547, p < .005.

As was discussed above, there are a number of
different alternative models that in some respects do as
well as the optimal-selection models. This is to be
expected, because most of these alternative models in-
corporate some representation of both the frequency of
movement and the virtual amplitude of movement.
However, we believe that the two models we have
focussed on are preferable for three reasons: (1) each
has a clear theoretical rationale; (2) the pattern of
optimal parameter values is similar across experiments;
and (3) each is relatively insensitive to specific para-
meter values. Given the similarities between the two
models, is it possible to say which is better? Perhaps
further empirical work will be able to do so definitively.
For now, the Optimal Amplitude model appears to
have several advantages over the Relative Optimum
model. It provides an equally good fit to the tapping
data with one less free parameter, it is less sensitive to
specific parameter values, and it proposes a specific
mechanism by which the limb may produce oscillation
at a full range of frequencies.

General discussion

We have found that the way subjects divide the work of
displacing the fingertip among the finger, hand, and
arm, in both unobstructed waving and in tapping, is
consistent with the biomechanical properties of the
individual segments. In all three tasks studied in our
laboratory—in unobstructed waving (Rosenbaum et al.,
1991) and in tapping against one or two bumpers
(Experiments 1 and 2), the finger contributed most
when fast, low-amplitude movements were required,
whereas the arm contributed most when slow, high-
amplitude movements were required. Subjects selected
movements that reflected the optimal performance
characteristics of each segment, as is assumed in the
Optimal Selection model. Outside the laboratory,
people do the same. For example, Michael Tree, violist
of the Guarneri Quartet, reported, “I'll use a finger
vibrato if I want it to be fast and narrow, producing an
intense, glistening sound. But T’ll use more wrist, and
eventually more arm, if I want to find a fatter, more
sensuous quality” (Blum, 1986, p. 42).

To apply the Optimal Selection model to our tap-
ping tasks, we assumed that subjects controlled the
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impulse of collision by varying the virtual amplitude of
oscillation. Moreover, studies of performance in other
contexts also support the virtual-amplitude idea. For
example, karate experts are trained to aim their blows
past the impact surface (Feld, McNair, & Wilk, 1979).
Conrad and Brooks (1974) trained monkeys to move
a handle repeatedly through a 90° arc to hit two stops
as rapidly as possible. When the range of movement
was unexpectedly reduced to 60° or 30°, the monkeys
held the handle against the stop for the same length of
time as they otherwise would have spent completing
the remainder of the unobstructed movement. The
preservation of timing in interrupted oscillation is con-
sistent with the notion that tapping against a barrier is
treated as an oscillation through the barrier. We would
expect that if the complementary experiment were con-
ducted, in which an expected barrier to tapping was
unexpectedly removed, the complementary result
would be obtained. The greater the impulse of collision
to be imparted, the farther the arm would travel past
the bumper’s anticipated position. In fact, such an
overshoot phenomenon is familiar to anyone who has
prepared to push open a door, only to find at the last
moment that the door has been pulled open by some-
one on the other side.

In much the same vein, Asatryan and Feldman
(1965) conducted classic experiments in which subjects
first pulled against a spring and then did not correct for
the displacement of the limb that occurred when the
spring was released. The endpoints to which the arm
travelled increased with the tension that was exerted.
Asatryan and Feldman’s task involved isometric
muscle contraction, whereas we have been discussing
isotonic (distance-covering) performance. Nonetheless,
the similarity between Asatryan and Feldman’s (1965)
result and our identification of impulse of collision with
amplitude is close.

When more or less forceful tapping was required,
subjects in our experiment apparently varied their
performance by modulating the amplitude of their
movements. They hit the bumper differently by oscillat-
ing over different amplitudes, as was directly observed
in the one-bumper experiment, and inferred from dwell
times in the two-bumper experiment. Similarly, Keele,
Ivry, and Pokorny (1987) reported that the contact
duration of accented taps is longer than that of unac-
cented taps, in accordance with a virtual-amplitude
interpretation (although we did not observe significant
dwell-time variation as a function of impulse amplitude
in our Experiment 1).

Modulation of the velocity of collision by change in
the amplitude of movements was not, however, suffi-
cient to account for all of the variation in performance.
For example, in the one-bumper experiment, the re-
quired impulse of collision varied by more than a
factor of 6 from the soft to the hard impulse conditions,
but the velocity of the fingertip at the instant of colli-
sion varied by less than a factor of 3. This difference



272

reinforces the observation that subjects must also have
changed the effective mass with which the bumper was
struck, as is demonstrated, in fact, by the changes in the
relative contribution of the three limb segments. Sub-
jects may, of course, have deliberately recruited effec-
tors of larger mass to get larger impulse amplitudes.
However, such deliberate planning may have been un-
necessary. The shift to larger effectors may have come
about as an automatic consequence of the selection of
larger virtual amplitudes, as is assumed in the two
versions of the Optimal Selection model presented here.
Focussing now on the two model versions, we note
that both have strengths and weaknesses. The Relative
Optimum model is based on the direct evaluation of
overall optimum performance of each segment, where-
as the Optimal Amplitude model provides a mecha-
nism for varying the stiffness of each joint, and thus its
resonant frequency. The Relative Optimum model pro-
duced a better fit to the finger-waving data of Rosen-
baum et al. (1991) than did the Optimal Amplitude
model. However, the two models were statistically
equivalent in accounting for movement selection in the
tapping experiments, the amplitudes of the backswing
in the one-bumper tapping experiment, and the dwell
times in the two-bumper tapping experiment. Thus, we
cannot distinguish between the models solely on the
basis of their goodness of fit to the data, although the
Optimal Amplitude model needs one fewer [ree para-
meter than the Relative Optimum model and therefore
may be preferable on grounds of parsimony.
Promising as the two models are (the Optimal Am-
plitude model in particular), it remains true that neither
of the two optimal selection models accounts spectacu-
larly for all aspects of the observed performance. There
are several reasons why this may be. First, we assumed,
in the computation of the virtual amplitudes in the
various conditions, that the underlying oscillation is
sinusoidal, and that the collision with the bumper is
perfectly elastic. These two assumptions have the twin
virtues of parsimony (they provide a simple model of
oscillation and collision) and tractability (the required
virtual amplitudes are easily calculable). However, it
may be that fingertip oscillation is represented better
by a more complex model of oscillation, such as that
proposed for the wrist by Kay et al. (1987). Second,
sequential effects may have entered into our subjects’
performance. When subjects draw lines of gradually
increasing or gradually decreasing lengths, there is hys-
teresis in the selection of limb segments (Meulenbroek,
Rosenbaum, Thomassen, & Schomaker, 1993). Sim-
ilarly, if subjects adopt a particular manner of tapping
at high rates, they may tend to maintain that pattern
when they switch to an intermediate rate, but they may
use another pattern at the intermediate rate if they
switch to it from a slower rate (Boak, 1989). Although
we attempted to eliminate sequential effects by having
subjects execute each task once for practice before
performing it for data collection, we may not have

succeeded in eliminating this source of variation. Third,
the models attempt to explain the one- and two-bum-
per tapping data with estimates of optimal performance
obtained from different subjects in a different task.
Fitting data from individually observed optimal-per-
formance functions, or restricting the performance to
be modeled to a narrower range, would presumably
provide better overall fits. More important, however, is
the fact that the tasks that are modeled comprise a very
broad range of performance, from gentle finger waving
to forceful tapping against a bumper. The demonstra-
tion of the models’ general success in this broad domain
of tasks suggests that the models are not restricted to
a particular type of performance. Finally, the assump-
tions of the models may not have been fully met in all
experimental conditions. To take one example, when
required performance is very different from the opti-
mum, such as hard tapping at very low rates, energy
stored for recoil may contribute less to the perfor-
mance, or isometric contraction may contribute more,
and so there may be changes in the overall kinematics
of movement, in violation of the models” assumptions.

These difficulties notwithstanding, one distinctly
appealing feature of the virtual-oscillation hypothesis is
that it allows a kinetic variable (impulse of collision) to
be expressed in terms of a spatial variable (virtual
amplitude). Reducing the number of variables to be
controlled is one of the key ways to solve the degrees of
freedom problem. That a force-related control variable
may be represented spatially suggests that it may be
possible to develop a unified conception of perceptual-
motor performance and (spatial) cognition.
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