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Human Adaptation to Interaction Forces
in Visuo-Motor Coordination

Felix C. Huang, R. Brent Gillespie, and Arthur D. Kuo

Abstract—We tested whether humans can learn to sense and
compensate for interaction forces in contact tasks. Many tasks,
such as use of hand tools, involve significant interaction forces
between hand and environment. One control strategy would be
to use high hand impedance to reduce sensitivity to these forces.
But an alternative would be to learn feedback compensation for
the extrinsic dynamics and associated interaction forces, with
the potential for lower control effort. We observed subjects as
they learned control of a ball-and-beam system, a visuo-motor
task where the goal was to quickly position a ball rolling atop a
rotating beam, through manual rotation of the beam alone. We
devised a ball-and-beam apparatus that could be operated in a real
mode, where a physical ball was present; or in a virtual training
mode, where the ball’s dynamics were simulated in real time. The
apparatus presented the same visual feedback in all cases, and
optionally produced haptic feedback of the interaction forces as-
sociated with the ball’s motion. Two healthy adult subject groups,
vision-only and vision-haptics (each = 10), both trained for
80 trials on the simulated system, and then were evaluated on the
real system to test for skill transfer effects. If humans incorporate
interaction forces in their learning, the vision-haptics group
would be expected to exhibit a smoother transfer, as quantified
by changes in completion time of a ball-positioning task. During
training, both groups adapted well to the task, with reductions
of 64%–70% in completion time. At skill transfer to the real
system, the vision-only group had a significant 35% increase in
completion time ( 0 05). There was no significant change in
the vision-haptics group, indicating that subjects had learned to
compensate for interaction forces. These forces could potentially
be incorporated in virtual environments to assist with motor
training or rehabilitation.

Index Terms—Feedback control, haptic interface, motor adap-
tation, motor control, object manipulation, upper extremity.

I. INTRODUCTION

SENSORY information is important for both learning and ex-
ecution of many motor tasks. It is critical for tasks that re-

quire continuous adjustment of position or maintenance of bal-
ance, such as standing upright [1] or holding a cup of coffee
[2]. Some actions, such as in touch-typing, occur too quickly
for feedback to contribute directly to execution [3], but sensory
information is nonetheless important for assessing outcome and
providing re-afference for motor learning [4]. It might, there-
fore, be helpful to provide sensory feedback to humans learning
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novel motor tasks or undergoing neuro-rehabilitation [5]. Vir-
tual environments can produce a wide range of visual and haptic
(touch) feedback, with the potential to manipulate that feed-
back and perhaps enhance learning. But before this potential can
be realized, it is important to understand how the quality and
quantity of sensory feedback contributes to learning and perfor-
mance.

In many motor tasks, interaction forces are important for
feedback control. For reaching tasks, the main feedback is pro-
prioceptive and visual. Muscle spindles, Golgi tendon organs,
and nociceptors provide proprioceptive feedback of muscle
length, muscle force, and joint position, respectively [6]. Vision
is often important for continuous feedback and knowledge of
results, particularly for visually-guided tasks where the hand
must be positioned relative to objects in the environment [7].
But many skilled tasks also involve contact and interaction with
the environment, for example, washing a window or turning
a crank. In such tasks, haptic feedback from mechanoceptors
allows the interaction forces with the environment to be moni-
tored [8] and potentially regulated.

The central nervous system (CNS) integrates this array of in-
formation and learns to associate sensory patterns with motor
actions. Some investigators have hypothesized that this sensory
integration is part of a CNS internal representation of movement
(e.g., [9]), where associations are developed between a motor
command and the resulting motion. This internal representa-
tion may take the form of a forward model of limb dynamics,
where the motor command can be used to predict the expected
motion and associated sensory feedback [4], [10]. Differences
between expected and actual afference might then be used to
refine the motor command during learning. Another form of in-
ternal representation is an inverse model of limb dynamics [11],
where a desired outcome is used to trigger the appropriate motor
command for the task. Both types of internal representation are
learned with the help of sensory feedback [12], and model-based
control allows movements to be more automatic and to rely less
heavily on high-gain feedback [13]. This learning can compen-
sate not only for the natural limb dynamics, but also altered dy-
namics including viscous and spring-like environments applied
by robotic manipulators [2], [14]. These manipulators alter the
torques necessary to perform a reaching command, and sub-
jects’ adaptations demonstrate that humans can adapt to a wide
variety of environments.

A CNS internal representation could potentially include not
only dynamics of the limbs, but of the external environment as
well. Humans appear to have some predictive visuo-motor un-
derstanding of the kinematics of external objects, as is needed
to catch a ball [15] or balance a pole on one’s hand [10]. This
requires sensing and prediction of kinematical states external to
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Fig. 1. (A) In the ball-and-beam task, a human operator rotates a beam, atop
which a ball rolls without slipping. Goal of the task is to control the ball by
moving the beam alone. Ball’s motion is determined by the tilt of the beam.
Human operator experiences interaction forces at the point of contact, with the
forces depending on the motion of the ball. Ball-and-beam apparatus may be
operated with a physical ball, or with a virtual representation of the ball, with
feedback of interaction supplied by a dc-motor. (B) Schematic shows definition
of mathematical symbols (Table I). Subject exerts interaction force F against
the end of the beam, and the computer-driven motor exerts torque � .

the body. Humans also appear to haptically and proprioceptively
sense the mass of an external object simply by wielding it [16],
[9]. Depending on how the object is coupled to the hand, it may
simultaneously introduce dynamic interaction forces in addition
to extrinsic kinematic states. Compensation for such forces was
demonstrated by Dingwell et al. (2002) [2], in a fast reaching
task where subjects exerted forces through a virtual spring to
position a virtual mass on the opposite end. After a training pe-
riod, subjects adapted well to the spring-mass dynamics, pro-
ducing motions that could not be explained by increased hand
impedance or greater use of visual feedback. The motions were
best explained by an internal representation of the spring-mass
dynamics, allowing subjects to produce an appropriate feedfor-
ward control. This leads to the question of whether interaction
forces are also incorporated in learning of a feedback control
task, in which extrinsic states must be continuously stabilized.
Such learning may be relevant to motor training or rehabilita-
tion, because interaction forces are important in many skilled
occupational tasks involving tool use.

The purpose of the present study was to test whether humans
learn to accommodate or counteract interaction forces in a novel
motor task that requires feedback control of states external to
the body. We performed this test with the ball-and-beam task
[Fig. 1(A)], where the goal is to position and balance a ball
rolling freely atop a beam that pivots about a horizontal axis,
by manually rotating the beam. Because the ball’s position and
velocity are not directly governed by the hand, these consti-
tute states external to the body. As with pole-balancing [10],

the ball-and-beam system is dynamically unstable. While the
ball’s motion can be initiated with a feedforward beam rota-
tion, feedback is necessary to maintain a target ball position.
The ball’s motion can be sensed visually, and to a greater de-
gree than pole balancing, also haptically. This task could in prin-
ciple be performed by learning the kinematics of the ball and
beam, and using hand positioning with high impedance to rotate
the beam appropriately. But incorporation of a control strategy
specific to the ball-and-beam dynamics could allow for lower
hand impedance and minimal effort. We tested for learning of
interaction forces with a skill transfer experiment, where sub-
jects learned to control the ball in a virtual environment, with
sensory feedback as an independent variable. After training one
subject group with visual feedback alone and another with vi-
sual and haptic feedback, we assessed their task performance on
a physical ball-and-beam system. We hypothesized that subjects
trained with haptic feedback would learn the interaction forces
and would subsequently exhibit better skill transfer to the phys-
ical task compared to subjects receiving visual feedback only.

II. METHODS

We developed a ball-and-beam motor task trainer and simu-
lator [Fig. 1(A)], with which subjects learned how to balance
a ball atop a pivoting beam. The apparatus could be operated
in two modes, where the subject held the beam at one end and
manually rotated it to influence the motion of either 1) a phys-
ical ball rolling on the beam, or 2) a virtual ball whose rolling
was simulated by computer. In the first case, the subject could
directly feel the interaction of the physical ball with the beam. In
the second, the virtual ball-and-beam dynamics were simulated
in real-time, and the interaction forces presented via the beam to
the subject’s hand by a motor driving the beam. In both modes,
visual feedback was provided by a computer graphic animation
of the ball and beam. We trained two groups of subjects to move
the virtual ball to a target position on the beam, wherein one
group was provided with visual feedback alone, and the other
group was provided with visual and haptic feedback. After a
training period, the performance of both groups was evaluated
using the physical ball atop the same beam. We then tested for
adaptation to interaction forces, by observing how well each
group transferred to the physical system. The following sections
describe the dynamics of the ball-and-beam system, its imple-
mentation in a virtual environment, and the protocol of the skill
transfer experiments.

A) Virtual Ball-and-Beam Environment: We modelled
the ball-and-beam system [Fig. 1(B)] with two coupled
second-order equations of motion [(1)–(2)]. A beam with
transverse moment of inertia is connected to a base, pivoted
about its midpoint. A ball of mass and radius rolls without
slipping over the center-line of the beam. The angular displace-
ment of the beam is measured counter-clockwise relative to
the ground. The translational displacement of the ball relative
to the beam center is , increasing to the right. The ball’s mass
is subject to gravity , and its moment of inertia is ,
where for a sphere. Two torques act on the ball and
beam system: the motor torque , and the torque due to the
interaction force acting between the subject’s hand and the
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TABLE I
INERTIAL AND GEOMETRIC PARAMETERS FOR EXPERIMENT APPARATUS

beam. We obtained the equations of motion for this system
using Lagrangian methods

(1)

(2)

The equations above comprise the model used to simulate the
ball-and-beam dynamics with real-time numerical integration.
The motion of the ball along the beam is determined solely by
the angular input and its derivatives (1), whereas the inter-
action force depends on motion of both ball and beam (2).
Linearized about a nonzero equilibrium position , the system
has two unstable poles. To maintain such a position, it is nec-
essary to produce compensatory beam motions dependent on
feedback of , and their time-derivatives. When the
system is operated with the physical ball, the motor is turned
off, and so . When operated with the virtual ball, the
motor is programmed to supply the torques associated with the
missing physical ball [all terms containing the ball mass on
the right-hand-side of (1)].

B) Description of Ball-and-Beam Apparatus: Our experi-
mental apparatus consists of a light-weight beam, pivoted about
a horizontal axis, atop which a ball could roll without slipping
[see Fig. 1(A)]. The beam was constructed from -channel alu-
minum, mounted with the inner faces directed upward and con-
nected to a support tower via a revolute joint with horizontal
axis. For the ball, we used a chrome steel ball bearing rolling
within the -channel. The beam’s axis of rotation was designed
to pass through the path of the ball’s mass center. Actuation
of the beam by the motor occurred through a capstan drive to
an aluminum arc fixed to the beam via an inextensible flexible
steel cable. The capstan drive supplied a mechanical advantage
of 11.68 between the motor and the beam. The relevant inertial
and geometric parameters of the apparatus are shown in Table I.
The experimental apparatus was used to collect data during the
ball-and-beam task, and in some conditions to display interac-
tion forces in the form of haptic feedback without the physical
ball. In the haptic feedback conditions, the direct current (dc)
motor (peak stall torque 0.30 Nm) replaced the torques normally
felt by the operator when the physical ball was present. A linear
potentiometer transduced the position of the steel ball along the
beam. The potentiometer consisted of a plastic conductive strip
on an inner face of the beam, acting as a variable resistance in a
voltage divider circuit, with the ball making contact between the
strip and the other face of the beam. The measured voltage was
linearly proportional to the ball position, with a resolution of ap-
proximately 0.0005 m. The beam’s angle of rotation was mea-
sured with a quadrature-output optical encoder (3600 lines per

Fig. 2. Each human subject received visual feedback from the computer anima-
tion including the display of a box for the target ball position. Simulated haptic
feedback from a motor or from the presence of a real ball produced interaction
forces between the beam and hand.

revolution) mounted on the motor shaft. A desktop PC collected
these data and controlled the motor in real-time, with a sampling
rate of 1 kHz. Experimental data were logged at a lower rate of
100 Hz.

C) Implementation of Virtual and Real Environments: The
ball-and-beam apparatus could function in real mode using a
physical ball, and also in virtual mode using a virtual ball with
simulated dynamics (see Fig. 2). In both modes, the human oper-
ator moved a physical beam and received visual feedback from
a real-time animation of the ball-and-beam on a computer mon-
itor. In real mode, the human operator actuated the beam with
the motor turned off, with the position of the physical ball and
orientation of the angle recorded by computer and displayed in
the animation.

In virtual mode, the physical ball was not present, and in its
place the computer simulated the dynamics and optionally pro-
vided haptic feedback in the form of interaction torques associ-
ated with the ball’s motion. In virtual mode, the computer mea-
sured the human operator’s input to the ball-and-beam system,
in the form of the beam angle . The ball motion was sim-
ulated in real time, along with the interaction force that would
have been produced by the physical ball had it been present. The
simulation was performed by integrating a discretized form of
(1) in real time. This yielded the ball motion which was both dis-
played in the animation and logged as data. In addition to this
visual feedback, the computer optionally provided haptic feed-
back, by computing the interaction torque from (2), and sup-
plying this torque through the dc motor.

D) Description of Ball and Beam Motor Task: The goal of
the task was to control the beam so that the rolling ball would
quickly move from one end of the beam ( cm) to a target
box (4.2 cm wide) across the beam ( cm), and then keep
the ball center within the target box for a minimum capture time
of 3.5 s (see Fig. 3). Subjects were asked to achieve the lowest
task completion time possible for each trial.

E) Skill Transfer Experiment Protocol: Our experiment
compared skill transfer in a ball balancing task for two subject
groups, vision-only and vision-haptics, as outlined in Table II.
Twenty young healthy adults were randomly assigned to the
two subject groups. Both groups trained on a virtual system,
after which their performance was evaluated on the physical
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Fig. 3. (A) Goal of the experiment task was to move the beam so that the ball
would move from the far right hand end of the beam to a target box in a min-
imum amount of time. Task completion time was defined as the time from the
beginning of ball motion to the instant at which the ball is settled within the
target zone for a required capture time of 3.5 s. (B) Typical trajectories of beam
angle and ball position, from one subject.

system. Subjects from both groups viewed an animation of the
ball-and-beam motion on a computer screen as they performed
the ball balancing task. All training and evaluation trials pre-
sented visual feedback. The two groups differed as to whether
they received haptic feedback during training. Vision-haptics
subjects received haptic feedback supplied by the computer, to
simulate the interaction forces associated with ball motion. The
vision-only did not receive any haptic feedback of interaction
forces.

We employed a skill transfer paradigm with a training session
of 80 practice trials, and then an evaluation session of another
80 trials. Training took place with a virtual ball, and evaluation
with the physical ball. We asked subjects to complete a ball posi-
tioning movement in minimum time for all trials. A short break
(1 min) was given after every 20 trials to avoid fatigue. Sub-
jects did not receive an extended rest period between training
and evaluation sessions. Subjects typically completed both ses-
sions in approximately 35 min.

TABLE II
EXPERIMENT CONDITIONS

Each participant was given the same instructions for body
stance and hand positioning on the beam and the criteria for
performance was explained. Body stance consisted of a standing
position with the left hand resting on the table surface. Each
subject controlled the motion of the beam using the right hand,
holding onto the end of the beam. We used the same hand for
all subjects, regardless of handedness (1 out of 20 subjects were
self-reported as left-handed) because the task was fairly novel
and we were interested mainly in each subject’s improvement in
control regardless of initial level of performance, For all trials,
subjects viewed an animation of the ball-and-beam motion on
a computer monitor without looking at the physical apparatus.
There was no prompting of strategy to the participants, nor was
there a demonstration of the control action.

F) Task Completion Time and Analysis of Skill Transfer:
In order to determine differences in performance between the
two subject groups, we undertook two types of data analysis.
The first was a simple comparison of absolute task completion
times, to form a nonparametric indicator of learning during
the training and/or evaluation sessions. This comparison was
based on block-averaged task completion times, formed by
averaging 20 trial blocks at the start and end of each session.
We performed an analysis of variance on these block-average
task completion times, considering three experiment factors:
training group (vision-only versus vision-haptics), testing
session (training versus evaluation), and testing period (blocks
from start or end of the testing session). We also considered
two-way interactions, with significant interactions leading to a
limited set of post-hoc tests to determine general indications
of learning. We used paired, two-tailed -tests with
as the criterion for statistical significance. The second analysis
used a parametric fit to normalize and characterize the learning
curves, and determine whether there were relative differences in
skill transfer. The parametric fit was a power law, as a function
of trial number (see Fig. 4). This fit was performed on each
subject’s task completion time data, with separate fits for the
training and evaluation sessions. These fits were then used to
compare the change in performance during skill transfer, by
examining the transition delta, or change in completion times
when switching from a virtual system to the physical system.
Comparisons of transition deltas between groups were then
made using paired, two-tailed -tests using as the
criterion for statistical significance. To account for differences
between individuals when performing the parametric fit, task



394 IEEE TRANSACTIONS ON NEURAL SYSTEMS AND REHABILITATION ENGINEERING, VOL. 14, NO. 3, SEPTEMBER 2006

Fig. 4. Results from a typical subject’s training and evaluation sessions. Task
completion times are plotted as a function of trial number. After 80 trials of
training on the virtual ball-and-beam, subjects were evaluated on the real ball-
and-beam. Power law curve fits describe the overall learning trends. Transition
delta quantifies the skill transfer in terms of the difference between curves at
transition from training to evaluation. The last 20 points of the evaluation session
were used as a normalization factor for subsequent analysis.

completion times were scaled by a normalizing factor specific
to each subject. This normalizing factor, the final-performance
norm, was defined as the average task completion time of the
last twenty trials from each subject’s evaluation session (see
Fig. 4). Normalized task completion time data were determined
by dividing all of the subject’s task completion times by the
final performance norm. The normalized task completion time
data from the training and evaluation sessions were then fit, sep-
arately, to power law functions using a nonlinear least squares
method (trust-region algorithm from MATLAB Curve-Fitting
Toolbox, MathWorks, Natick, MA), where the parameters were
found using a bounded search. The power law functions used,
typical of skill acquisition (Newell and Rosenbloom 1981
[17]), were of the form

(3)

where was the task completion time for the th trial,
starting from . Parameter a weights the function to have
proper initial value, indicates the rate of convergence of the
curve, and is an offset representing the limit of task comple-
tion time as increases. These performance curves represent the
overall trends of task completion time as the number of trials
progressed. The curves demonstrate a general reduction in task
completion time with practice. Sample task completion results,
shown for one subject in Fig. 4, illustrate two separate best-fit
curves overlaid onto the normalized completion time data. The
first curve starts at a large value and decreases as the training
trials progress. The second curve starts at a value higher than
the end of the previous curve, but approaches the final perfor-
mance norm as the evaluation trials progress. We examined the
success in skill transfer for each subject by considering the tran-
sition delta, defined as the fitted completion time (3) evaluated
at the beginning of the evaluation session, minus that from the

TABLE III
BLOCK-AVERAGED ABSOLUTE TASK COMPLETION TIMES

end of the training session (Fig. 4). A positive transition delta
indicated an initial deficit in performance in the evaluation ses-
sion. We compared the fitted performance curves and transition
delta results from the vision-only and vision-haptics groups, to
determine what differences arose from the groups’ respective
training conditions. As with block averages, these comparisons
were based on -tests with as the criterion for signif-
icance.

III. RESULTS

Subjects in both groups improved their performance of the
ball positioning task with practice. The progression of task com-
pletion times through trials was characterized by a steep ini-
tial descent and subsequent leveling, as shown in the sample
results of Fig. 4. A reduction in the scatter of task completion
times was typical of both subject groups as well. Most subjects
demonstrated convergence of performance mainly within the
first 60–80 training trials, but with continuing small improve-
ments through the end of the evaluation session, through the
total 160 trials.

Block averaged task completion times revealed significant
differences associated with each factor. Analysis of variance
yielded significant differences for subject training group (vi-
sion-only versus vision-haptics, ), testing session
(training versus evaluation, , and trial block (start
versus end, ). Two-way interactions were signifi-
cant for testing session and trial block , and for
subject training group and trial block .

Both subject groups demonstrated a marked decrease in the
block-averaged task completion times during the training ses-
sion (Table III). Quantitative improvements in performance with
training were found to be statistically significant, with reduc-
tions of at least 30%–40% (vision-only group, ;
vision-haptics group, ). The group standard devi-
ations also decreased from the start to the end of the training
session for both groups, indicating more consistent trial-to-trial
performance with practice.

Although the major adaptations occurred during training,
some subjects also exhibited significant changes in perfor-
mance during the evaluation session. The vision-only group
had a significant, 2 s decrease in block averaged task com-
pletion times with continued practice, whereas
the vision-haptics group demonstrated no significant change

through the evaluation session. The practice gained
during the evaluation session was sufficient to result in no
significant differences in performance between the two groups

by the end of the evaluation session. The average
completion times at the end of the evaluation session (last
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Fig. 5. Learning curves for (A) vision-only and (B) vision-haptics groups,
during training and evaluation sessions. Learning curves shown are derived
from power law curves (3), averaged over subjects in each group (region within
dashed lines denote �1 standard deviation). Both groups adapted to the virtual
ball-and-beam task during the training session, and then experienced a small
increase in task completion time when transferring to the evaluation session
with the physical ball. Further adaptation was observed as the evaluation
session progressed. Vertical axis is task completion time, normalized by the
final performance time.

column of Table III) also serve as the final performance norms
for use in the power law fits. The experiment-wise error rate for
these post-hoc test results was .

Power law curves, fit to each subject’s normalized task com-
pletion times, appeared to successfully capture the trends of the
raw task completion data points. Mean learning curves (Fig. 5)
demonstrated decreases of 64%–70% in task completion time,
as well as decreased variability (group standard deviations) with
training. The vision-haptics group began training with insignifi-
cantly different task completion times compared to vision-only,

versus , and also finished
the training session with comparable performance,
versus , in units of normalized time.
Upon switching to the physically real system, the vision-haptics
group began the evaluation session with a significantly lower
completion time versus .
In agreement with our analysis of the final performance norms,
the subject groups finished evaluation with comparable perfor-
mance ( vs. , no significant difference

). In each case, standard deviations were smaller for
the vision-haptics group through the latter part of training and

TABLE IV
POWER LAW CURVE FIT PARAMETERS

throughout the evaluation session. The power law parameters,
from which these results are derived, are shown in Table IV.

In these performance curves, the vision-haptics group exhib-
ited a better skill transfer than the vision-only group at the point
of transition from the training to the evaluation session (Fig. 5).
The performance curves of the vision-haptics group were fairly
continuous at the point of transition. For the vision-only group,
however, a large positive offset, or transition delta, was evi-
dent between the performance curves of the two sessions. These
results are expressed quantitatively by a comparison of nor-
malized task completion times derived from power law curve
fits [Fig. 6(A)]. The vision-haptics group demonstrated an in-
significant change in normalized task completion time (

to ), when switching to the real
ball-and-beam. In contrast, the vision-only group demonstrated
a significant increase in task completion time after transition

, from to , indicating a
disruption in performance. A comparison of the changes in per-
formance [see Fig. 6(B)] shows that the vision-haptics group ex-
hibited a significantly smaller change
versus the vision-only group’s .

IV. DISCUSSION

We sought to test whether subjects compensated for inter-
action forces between the hand and the beam. The ability to
learn control of extrinsic states has previously been shown in
visuo-motor tasks, both in feedforward and feedback settings.
In a feedforward task, adaptation to dynamics is readily demon-
strated with “catch trials,” where the external object is unex-
pectedly altered, and resulting changes in ballistic movement
belie compensation for the original dynamics [2]. In a feedback
task, the adaptation can be probed by altering the dynamics of
the object or the sensory information regarding the object’s mo-
tion. For example, temporal features of feedback compensation
can be characterized by blanking out sensory information and
observing the time course of the motor command [10]. In the
present study, the experimental alteration consisted of switching
from one of two virtual environments to the physical environ-
ment and then observing changes in performance, both imme-
diately and over time.

Our results show evidence that subjects do incorporate inter-
action forces when learning to control the ball and beam. This is
demonstrated by the disparate results for the two subjects groups
when evaluated for skill transfer (Fig. 6). The vision-haptics
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Fig. 6. (A) Performance and (B) changes in performance at skill transfer, comparing vision-only and vision-haptics groups. Data are derived from learning curves
(Fig. 5), showing mean task completion time (error bars denote one SD). At skill transfer, vision-only group demonstrated significantly degraded performance in
terms of longer completion time compared to end of training session. Vision-haptic group had no significant change in performance. Comparing the two groups
directly (B.), the increase in completion time at skill transfer was significantly larger for vision-only versus vision-haptics. For both graphs, vertical axis is time,
normalized by the final performance time. ( indicates p < 0:05.)

group, which had been exposed to simulated interaction forces,
achieved a relatively smooth skill transfer, with only an insignif-
icant 6.2% increase in completion time on the physical system.
In contrast, vision-only subjects learned to control visual aspects
of the task equally well, but experienced a significant 35% in-
crease in completion time when transferring to the real system.
Even though both groups were able to control the ball-and-beam
system equally well by the end of the training session, the vi-
sion-haptics group was better able to compensate for the inter-
action forces felt in the real system during the evaluation ses-
sion.

These results are in contrast to what would be expected
if subjects had only learned to control the kinematics of the
system, that is, to associate desired ball motion with a beam
position command, but not with the interaction forces neces-
sary to achieve that beam position. Kinematic control could be
achieved by controlling the beam with high hand impedance,
but such control would be negligibly affected by interaction
forces, and would be expected to produce a seamless skill
transfer. The ability to control the ball certainly indicates
an acquired understanding of the ball-and-beam kinematics.
Indeed, vision-only subjects performed far better at the onset of
skill transfer than they had when exposed to the task for the first
time, suggesting that kinematic training alone was helpful for
learning. But the more effective skill transfer demonstrated by
subjects trained with haptic feedback indicates the successful
incorporation of interaction forces in their control strategy.

The nonzero change in performance seen in the vision-hap-
tics group indicates that the virtual ball-and-beam system, de-
spite its advantages over vision-only, was nevertheless an im-
perfect model of reality. A sufficiently realistic model would be
expected to yield an insignificant change in performance at skill
transfer. There were a number of aspects of the real system not
replicated in the virtual system, such as the fact the real-time
ball-and-beam model is limited in bandwidth and can only ap-
proximate the actual interaction forces. But more important dif-
ferences may lie in other sensory dimensions missing from the

virtual system. Some subjects noted that they found the sound of
the physical ball rolling on the beam to be helpful. This rolling
also produced a very light but detectable vibration in the beam
that may provide additional cues regarding ball velocity. With
regard to the experiment, low fidelity of simulation would be ex-
pected to reduce the magnitude of differences observed between
groups. At any rate, the skill transfer may be a useful paradigm
for evaluating the fidelity of a virtual reality system.

Interaction forces are useful for control, partly due to the sen-
sory information they impart. The CNS has a large array of sen-
sory information available, and it is advantageous to use any
sensory cues that might contribute to estimation of the state of
the body and environment. In reaching tasks, visual and pro-
prioceptive feedback is sufficient to estimate limb position and
speed. Contact tasks may involve the same limb state but vastly
different interaction forces, and haptic information can help to
differentiate between such forces. In the ball and beam task, in-
teraction forces are proportional to ball position, and can there-
fore serve almost directly as a measurement of extrinsic states.

Unlike other sensory feedback, however, interaction forces
can disturb the hand. This is due to the two-way dynamic cou-
pling between hand and beam, which involves both position and
force. In the presence of these interaction forces, a desired beam
position can only be achieved if the CNS uses high impedance
control to make the hand stiff, or produces appropriate com-
pensatory forces. High impedance reduces sensitivity to distur-
bances, but is also potentially costly in terms of muscle force or
activation, and might require co-contraction. A gradual reduc-
tion in impedance and/or co-contraction has been observed in a
number of other motor tasks [18]–[20]. In contrast, learning of
compensatory forces reduces the need for co-contraction, and
instead relies on both intrinsic and extrinsic states, whose dy-
namics are likely learned over time. It is possible that subjects
initially used higher impedance at the beginning of the training
session, but gradually reduced that strategy over time. If so,
haptic feedback may be particularly advantageous for learning
compensatory control.
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Our results are not, however, sufficient to disprove the use
of high-impedance strategies. Here, it is possible that vision-
haptics subjects used haptic feedback simply to select higher
impedance rather than to learn the ball-and-beam interaction
forces, with vision alone sufficient to learn ball-and-beam kine-
matics. But such impedance tuning would be expected to occur
very quickly after skill transfer, in contrast to the continued
adaptation we observed throughout the evaluation sessions. The
short-term advantages of learning with haptic feedback do not,
however, appear to be critical in the long term. By the end of
the Evaluation Session, the two subject groups performed the
task nearly equally well, with no significant difference in per-
formance. The presence or absence of haptic feedback therefore
does not appear to interfere with learning during the training ses-
sion, nor with the eventual steady-state performance at the end
of the evaluation session. The main advantage of haptic feed-
back was to effect smoother skill transfer than with vision alone.

These findings may have implications for rehabilitation appli-
cations. Virtual environments are potentially useful for rehabili-
tation because they can apply highly customized and repeatable
training, while simultaneously quantifying performance as sub-
jects improve. Because many skilled occupational tasks involve
contact with and manipulation of the environment, it is poten-
tially advantageous for virtual environments to simulate these
tasks, and to provide haptic feedback to help subjects to learn
the associated interaction forces.
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