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Abstract—Based on evidence from recent experiments in motor
learning and neurorehabilitation, we hypothesize that three desirable features for a controller for robot-aided movement training
following stroke are high mechanical compliance, the ability to
assist patients in completing desired movements, and the ability
to provide only the minimum assistance necessary. This paper
presents a novel controller that successfully exhibits these characteristics. The controller uses a standard model-based, adaptive
control approach in order to learn the patient’s abilities and
assist in completing movements while remaining compliant. Assistance-as-needed is achieved by adding a novel force reducing term
to the adaptive control law, which decays the force output from
the robot when errors in task execution are small. Several tests
are presented using the upper extremity robotic therapy device
named Pneu-WREX to evaluate the performance of the adaptive,
“assist-as-needed” controller with people who have suffered a
stroke. The results of these experiments illustrate the “slacking”
behavior of human motor control: given the opportunity, the
human patient will reduce his or her output, letting the robotic
device do the work for it. The experiments also demonstrate how
including the “assist-as-needed” modification in the controller
increases participation from the motor system.
Index Terms—Assist-as-needed, motor control, nonlinear adaptive control, rehabilitation robotics.

I. INTRODUCTION

N

EUROLOGICAL injury is a leading cause of permanent
disability in the United States. A primary cause of neurological injury is stroke, which is suffered by over 700 000 people
each year [1]. About 80% of these individuals suffer a loss of
control of the arm and hand. Due to the age-related risk factors
of stroke, the prevalence of stroke is expected to rise as the population ages. Traditional physical therapy can enhance functional
recovery after stroke [2], [3], but is labor-intensive, expensive,
and likely dosage dependant [2]. In response to this problem, the
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past two decades have seen an increase in research aimed at creating and controlling robotic devices [4]–[7] for rehabilitation
following a neurological injury such as stroke. These devices
attach to the limbs of patients and assist them in completing
movements such as walking, reaching, and grasping.
One approach to controlling such devices is to use a relatively stiff controller to move the patient’s limbs along a desired trajectory [8]. A potential problem with this approach is
that using a stiff controller limits kinematic error, a key signal
that drives human motor learning [9]–[11]. In addition, a stiff
controller can complete the movements without active participation from the patient, which may limit the therapeutic effect of
the training [12]. In order to allow some kinematic error, several
devices use impedance control, notably the MIT-MANUS [13].
The compliant interaction with patients provided by impedance
control better preserves the causal relationship between effort
and error that is important for motor learning [14]. However, a
key, unsolved problem with this approach is that it is limited in
its ability to create accurate movements when it is necessary to
apply large forces to a patient’s limb to complete movements,
such as with spatial arm motions against gravity, or situations in
which the patient’s limb exhibits substantial tone. More recent
upper extremity devices, such as the spatial extension to MITMANUS [15] and ARMin [16] address the problem of moving
the arm compliantly against gravity by adding an offset term
proportional to the weight of the subject’s extremity. This approach, however, does not address the configuration-dependent
nature of gravitational forces or the large forces required to overcome abnormal muscle tone. Further, the amount of force a patient can contribute to a movement varies widely across patients
at different impairment levels, and also within a single patient
as recovery progresses and previous approaches have not systematically accounted for these variations.
Another approach to providing assistance for movement is
to allow the patient to first attempt the movement, and then provide robot assistance to complete the movement, either automatically or initiated by a therapist, after a certain amount of time
or lack of progress is noted, or when a desired movement falls
outside of a window [17]–[21]. The goal of this “triggered” assistance approach is to provide “assistance-as-needed” by providing assistance only when the subject is unable to complete
the movement, thereby increasing the muscle activity of the patient in order to encourage neural plasticity [22]. This approach
was extended in [23] and [24] to include changes to controller
parameters based on the previous trials. The discrete event nature of these approaches, however, requires decision either by a
programmed rule set or by an observing therapist. Also, while
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simple, this approach essentially breaks the movement into two
parts, a subject-driven part, and a robot-driven part, rather than
providing a seamless level of robot assistance to subject-driven
motion. Further, for the robot driven part, typically relatively
stiff controllers have been used to achieve the necessary assistance, so that the patient is not in a compliant environment when
assistance is being provided.
Initial clinical results of robotic therapy devices have shown
that gains in functional recovery for patients with stroke,
although modest, are significant when patients receive extra
training with robotic devices [7], [25], [26]. While it remains
to be demonstrated, it is possible that these gains might be increased by using more advanced robotic systems for movement
training. One way to advance a robotic therapy device is to
develop a controller that seamlessly optimizes the interaction
between the robotic device and the recovering patient in order
to provide the patient with as much therapeutic benefit as
possible. Specifically, we hypothesize that a controller that
maximally promotes patient involvement, while also providing
enough assistance so that patients complete desired movements,
will increase therapeutic benefit within the robotic assistance
paradigm.
In this paper, we present a general Lyapunov-based control
framework that is capable of compliantly assisting patients
only “as needed” in completing reaching movements. The
foundation for this control framework is an adaptive controller
that learns in real time a dynamic model of the patient’s arm
as well as a model of the patient’s ability and effort. Use of
a model-based controller allows impedance and assistance to
be controlled separately, so that the device can simultaneously
be highly compliant and be able to provide enough assistance
force to complete arbitrary spatial movements. Portions of
this work have been previously published in conference paper
format [27]–[30].
II. METHODS
A. Experimental Apparatus
The robotic orthosis used for this work is called “PneuWREX” [27], [28] (Fig. 1). It is a 4 degrees-of-freedom robot
based on a passive arm support called WREX, developed for
children by [31]. WREX uses elastic bands to balance the
weight the arm. Pneu-WREX is a larger version of WREX
that uses a spring to balance its own weight, and incorporates
pneumatic actuators to generate active forces. The development of the force controller for the pneumatic controller is
described in [29]. Essentially, Pneu-WREX is a lightweight
exoskeleton that allows a wide range-of-motion of the arm in
3-D space and can apply relatively large forces (upwards of
40 N) to the arm with a bandwidth of about 6 Hz. Pneu-WREX
also includes multiple redundant hardware and software safety
features.
The adaptive controller that we designed to assist patients in
moving is a Lyapunov based algorithm using the sliding surface
developed in [32]. The full Lyapunov function candidate used
for the Pneu-WREX orthosis contains terms necessary for both
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Fig. 1. Pneu-WREX: A four degree-of-freedom pneumatically actuated upper
extremity orthosis for robot-aided movement training.

the orthosis dynamics and the force dynamics of the pneumatic
actuators (see [29] for details). The following section briefly
describes the model based adaptive controller and the adaptation
to make it provide “assistance-as-needed.”
B. Assist-as-Needed Controller
During robot-aided movement training the adaptive controller applies an
vector of assistance forces
in spatial
at the location of the interface between the
coordinates
is determined using a model based
subject and the robot.
adaptive control law, as in [32] and defined

(1)
are
vectors of the actual and desired lowhere and
and
are symmetric,
cation of the hand, respectively,
constant, positive definite gain matrices,
is a
matrix
and is an
of known functions of , , , , and
vector of estimates of the real system parameters . The desired
is generated from an interactive comtrajectory of the hand
puter game and displayed as a cursor on a monitor, as shown in
Fig. 2.
and
are proportional feedback terms
In (1),
is feedforward model of the dynamics of the robot orand
thosis and human arm combination including the output of the
and
used in experimental testing
subject. The values of
with Pneu-WREX are given in Fig. 2. These values were chosen
by trial-and-error experimentally, such that the orthosis had a
soft, slightly under-damped feel.
is typically derived using classical
The regressor matrix
dynamic modeling techniques. For robot-aided movement
training, however, a more general modeling approach is needed
because the arm dynamics and movement ability of a person
who has suffered a stroke vary widely based on the location of
the subject’s hand in task space and from subject to subject.
so that it
The goal, then, is to design the regressor matrix
fully spans the impairment space of subjects who have impairment due to stroke. To do this, we implemented a general
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Fig. 2. Controller diagram. The “assist-as-needed” force decay term continuously reduces the feedforward assistance when errors are small. Feedforward assistance is a learned model of the subject’s abilities and effort using radial basis functions. Gains of the controller are given in the figure. The effective integral,
proportional, and derivative gains, taking into account the adaptive action of the controller, are derived in the Appendix.

representation of a patient’s ability and tone using Gaussian
radial basis functions so that

..
.

..
.

..

(2)
.

where is a
vector of radial basis functions with
.
With this selection for , the parameter vector becomes a
vector of amplitudes of the basis functions that determines how
they are blended to produce the feedforward estimate of force.
The radial basis functions are distributed evenly in a spatial grid
that spans the workspace of the orthosis. Each spatial grid point
contributes to the assistive force output based on the location
of the orthosis in task space. Details of the implementation for
Pneu-WREX are given in the Appendix.
In order to limit computational complexity, the current implementation of Pneu-WREX does not include inertia components in the regressor matrix . This also avoids potential instabilities from unmodeled dynamics (as present in all real systems) that can be triggered from imperfect velocity and acceleration signals. The effect of the omission of inertia components
is minor because movement speeds for robot-aided movement
training are relatively low. Future implementations could implement inertia components by adding additional dimensions to the
Gaussian radial basis functions.
To allow the controller to adapt to the patient, the modified
parameter estimates are updated according to
(3)
where and are
inite, gain matrices and

symmetric, constant, positive defis the time constant for the decay of

the force output. determines the overall error based adaptation
rate and specifies the ratio of position error adaptation to veand
.
locity error adaptation. For Pneu-WREX,
Although in theory and can be any positive value, in practice
the presence of unmodeled dynamics limits the stable range of
these parameters. For Pneu-WREX, the values for and were
chosen experimentally and are given in Fig. 2.
The first and second terms on the right side (3) create an
adaptive controller with competing interests, with the first term
attempting to reduce effort and the second term attempting
to reduce error. The second term on the right side of (3),
is the standard adaptive control law, as in
[32], and is required for the Lyapunov stability analysis presented in the Appendix. This second term adapts the parameters
based on trajectory tracking error.
The first term on the right side of (3)
is the
“assist-as-needed”
modification to the standard adaptive control law. This novel
term decays the force output with a time constant of . The
limits the change in the parameter
matrix
estimates to those with the largest current influence on the
output force. This keeps the parameter decay local with respect
to the state of the regressor matrix . For the implementation
in Pneu-WREX, this means that the force decay affects the
parameter estimates associated with radial basis functions that
are spatially close to the position of the hand of the subject,
with the parameter decay decreasing as the distance from the
hand to the associated radial basis function increases. The
derivation of this term is given in the Appendix.
A Lyapunov stability analysis (see the Appendix) of the controller defined by (1) and (3) shows stability of the system in
the sense of uniform ultimate boundedness. This bound is a
function of the time constant and the adaptation matrix .
In practice, the forgetting rate
weighs the balance between
tracking error and robotic assistance and can be set based on experimental observation, as described below.
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Fig. 3. Computer-aided design model and coordinate axes for Pneu-WREX.
Origin of the coordinate system is located in the center of the subject’s impaired
side shoulder.

C. Experimental Methods
We tested the adaptive, assist-as-needed controller with 11
volunteer subjects who have upper extremity movement impairment due to chronic (six months post) stroke. All experiments
were approved by the Institutional Review Board of the University of California, Irvine, and subjects provided informed
consent.
Two separate experiments, named the spatial tracking experiment and the side-to-side experiment were used to evaluate the effectiveness of the controller. The primary goal of
the spatial tracking experiment was to validate that the device
had the ability to help subjects to complete desired movements
across a wide workspace even when they were severely impaired. The goal of the side-to-side experiment was to rigorously test whether the assist-as-needed modification increased
the contributions of the subjects to reaching movements.
During these experiments the patients were seated in a chair
with their impaired arm attached to the orthosis with a forearm
cuff. Straps were not used to restrain the trunk. We have found
that subjects sometimes use such straps for leverage by leaning
into them, and are better reminded to just use the arm to move
by verbal cueing.
D. Spatial Tracking Experiment Protocol
In the spatial tracking experiment, the subjects controlled the
location of a cursor on a computer screen by changing the location of their hand in task space. The subjects were instructed
to track a target cursor on the computer screen as it moved back
and forth from a central home position to seven spatially located
targets. The target moved in the frontal plane of the subjects,
with positive to the subject’s right and positive in the upward vertical direction, as shown in Fig. 3. The origin of the
workspace frame was the center of the subject’s impaired side
shoulder. The range of motion of the target in the direction
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was 55 cm and in the direction was 13 cm. The movement
of the hand away from the subject in the (forward–backward)
direction was not controlled, so subjects moved to a naturally
comfortable position in the direction. Note that the vertical
force required from the robot to support the arm does not depend on elbow flexion angle, due to use of a four-bar mechanism at the shoulder [31]. The target cursor followed a minimum
jerk trajectory in the – plane with a peak velocity of 0.12 m/s
to and from each target. The seven targets were presented in a
fixed order, starting with the bottom left target, followed by the
bottom right target, then to the second lowest left target, and so
on until the seventh target located directly above the home position. The tracking for all seven targets was repeated three times.
This experiment was repeated for two conditions. In the first
condition (without assistance condition), the subjects attempted
to track the target without assistance from the robot. During this
condition, the robot operated in “backdrive” mode, with the desired output force set to zero. In this mode, the orthosis balanced
its own weight, and the net force on the subjects, excluding the
inertia effects of the orthosis, was approximately zero. Because
this task was very difficult for these substantially impaired subjects, each subject was only asked to move to each target one
time. For the second condition (with assistance condition), the
robot assisted the subjects in tracking the target using the adaptive, assist-as-needed controller, as described in the previous
sections. For this condition, the subjects reached to all seven targets three times. This condition was evaluated with a forgetting
rate
equal to 0.1 (or
), as well as without a forgetting rate (
or
). The value of
was
chosen based on trial-and-error in pilot experiments so that the
orthosis would successfully reach the targets (which were spherical with a diameter of 2.5 cm) even if the subject was passive in
the orthosis. Specifically, several pilot subjects were instructed
to remain passive, and
was slowly increased until the controller could no longer move the arm into the target. The value
for
that still allowed the orthosis to move into the target was
used for subsequent experiments.
E. Side-to-Side Experiment Protocol
In the second experiment (side-to-side experiment), the subjects were instructed to track the target cursor back and forth
between two targets. As in the first experiment, the subjects controlled a cursor on the computer screen by changing the location
of their hand in task space while attempting to track the target
cursor as it moved from side to side in the direction. The two
targets were spaced 30 cm apart at chest level in the – plane
and had a size of 2.5 cm. The target cursor followed a minimum
jerk trajectory between the two targets with a peak velocity of
0.12 m/s. As in the previous experiment, the reach of the hand
away from the subject in the direction was not controlled, so
subjects’ moved to a naturally comfortable position in the direction. The subjects tracked the target cursor back and forth
between the two targets a total of 20 times. For this experiment,
the adaptive, assist-as-needed controller was always used to help
the subjects move back and forth between the two targets, but
we measured performance of the controller without forgetting,
and with the forgetting rate set to 0.1.
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Fig. 4. Subject tracking performance and controller output for the spatial tracking experiment for mildly (Fugl-Meyer arm score = 53, left column), moderately
(FM = 30, middle column), and severely (FM = 16, right column) impaired subjects (using the Fugl-Meyer arm assessment score, 0 = total impairment, 66 =
no impairment). Top row shows results for the without assistance condition, where the orthosis was in backdrive mode (for all three subjects combined the mean
output force magnitude from the device in this mode was 0.46 N with a standard deviation of 0.46 N). Bottom two rows show the results for the with assistance
condition, with forgetting ( = 10, middle row), and without forgetting ( = , bottom row). For the without assistance condition, the trajectories are plotted
from a single repetition of all seven targets (without assistance, the task was too difficult for the subjects to repeat). For the with assistance condition, the results
are from the third repetition of all seven targets. Targets are shown as circles and the central home position is shown as a cross. Mean of the controller output force
magnitude during the shown movements is represented by the bar graph in the bottom left corner of each plot. This force is a rough indicator of the assistance
provided to the subjects during the movements.

1

This second experiment was repeated for two conditions. In
each condition, the forgetting rate
was set to 0 and 0.1 on
two different trials. For the first condition (always active condition), the subjects were instructed to track the target cursor
back and forth between the two targets 20 times. The purpose
of this condition was to see if the adaptive, assist-as-needed controller could learn the forces necessary to assist the subjects in
achieving the desired back and forth movements while allowing
the subjects to remain as actively involved in the movements as
possible.
In the second condition (relaxed to active condition), the subjects were instructed to relax their arms for the first five back
and forth motions of the target cursor, letting the robot complete
the movements for them. During these first five movements, the
adaptive controller learned a model of the forces necessary to
lift the subject’s (“passive”) arm and move it back and forth
between the targets. After the completion of the fifth back and
forth motion, the subjects were instructed to actively track the
target cursor. The goal of this condition was to determine if the
controller would reduce its force output to allow the subject to
complete as much of the task as possible on his or her own.

iments, position and velocity in the horizontal and vertical (
and directions) were recorded. Additionally, the spatial force
applied to the subject’s arm by the robot in the horizontal and
and
directions) were also recorded, as meavertical (
sured by pressure transducers in the orthosis actuators.

F. Data Collection and Analysis

A. Spatial Tracking Experiment

Sensor data from the robot for both the spatial tracking and
side-to-side experiment were collected at 1 kHz. In both exper-

Example data from the spatial tracking experiment are shown
in Fig. 4. The controller successfully assisted subjects with

III. RESULTS
We designed a controller for a robotic therapy device that
learns a model of the subject’s movement ability in real time
using a radial-basis function representation, and then uses this
model to provide compliant assistance for desired movements.
We included a novel forgetting term in the controller so that it
would optimize its assistance levels to the subjects’ ability. Two
experiments were performed to evaluate the effectiveness of this
adaptive, assist-as-needed controller. The primary goal of the
first experiment was to determine if the compliant, adaptive controller could assist subjects in completing desired movements
across a wide range of the workspace, and the primary goal of
the second experiment was to determine whether the addition
of the forgetting term improved the ability of the controller to
provide assistance-as-needed.
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Fig. 5. Vertical assistance force and vertical tracking error during the side-to-side experiment for subjects with mild (FM = 53, left main column), moderate
(FM = 30, center main column), and severe (FM = 16, right main column) impairment. Each main column shows results from a single subject for both relaxed
to active (left subcolumn) and always active (right subcolumn) conditions. Dotted line marks the end of the fifth side to side movement for the relaxed to active
condition.

various impairment levels in performing spatial movements to
seven widely-spaced targets (Fig. 4 bottom two rows). Indeed,
the controller successfully allowed all 11 subjects to reach all of
the spatial targets. While doing so, the adaptive, assist-as-needed
controller remained compliant, allowing variations in the actual
movement trajectories regardless of assistance level (see examples in Fig. 4). Including the forgetting term in the controller also
decreased the force output from the robotic orthosis during these
movements, compared to when forgetting was excluded (compare bars in middle row to bottom row in Fig. 4), a phenomenon
that we quantified more precisely in the next experiment.
B. Side-to-Side Experiment
We next asked subjects to reach repeatedly between only two
targets in order to more precisely quantify the effect of forgetting and the real-time development of the robotic assistance
force. The forces required to move the arm in the left–right hordirection were relatively low
and a signifizontal
icant difference was not seen in the effects of forgetting in that
direction. However, in the vertical direction, where the weight
) needed to be overcome,
of the subject’s arm (typically
the effects of forgetting were evident. The vertical assistance
force and vertical tracking error from the side-to-side experiment for a mildly impaired subject, a moderately impaired subject, and a severely impaired subject are shown in Fig. 5. For the
relaxed to active condition the adaptive, assist-as-needed controller quickly learned the vertical force required to support the
subject’s relaxed arm during the side-to-side movements, both
when the controller included forgetting and when it did not. The
cm when the
vertical tracking error was slightly larger
forgetting term was included (consistent with in the Appendix,
which predicts tracking error to be proportional to the weight of
the subject’s arm.) Once the subject began to actively participate
in the movements, the force output of the controller depended
strongly on whether the forgetting term was present. With a forgetting term included, the controller reduced its force output

while keeping the tracking errors small, producing a larger effort level from the subject. The amount of force reduction from
the controller once the subject began to try to move depended
on the ability of the subject, which can be seen by comparing
the relaxed to active plots of Fig. 5 for each subject and observing that the force output from the controller decreased with
the decreasing level of the subject’s movement impairment. In
contrast, when forgetting was omitted, the force output from the
controller remained high regardless of the ability level of the
subject, indicating that the subjects relied on the robotic orthosis
for most of the vertical support needed during the side-to-side
movements.
A similar pattern of assistive force was present in the always
active condition (Fig. 5, right side subcolumns). In this condition, the subjects actively participated in all of the side-to-side
movements from the beginning. When a forgetting term was
included, the robot assistance force increased from its initialized zero value, by an amount depending on the impairment
severity of the subject, to the level necessary to keep tracking
errors small. Conversely, when the forgetting term was not included, the output force slowly increased to a level equivalent to
that necessary for when the subjects relaxed their arms during
the relaxed to active condition. Thus, without forgetting, the
robot essentially “took over” the task of arm support during the
side-to-side movements.
For both relaxed to active and always active conditions, the
final vertical assistance force from the controller converged to
a steady state value that depended on both the forgetting rate
and the impairment severity of the subject. To quantify
this steady state value more precisely, Fig. 6 shows the mean
vertical assistance and mean error for the last two side-to-side
movements of the always active Condition from all 11 subjects plotted versus arm impairment score (quantified using the
Fugl–Meyer arm assessment). Incorporating a forgetting factor
into the adaptive controller caused it to provide a steady state assistance force that varied linearly with arm impairment (circles
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Fig. 6. Mean vertical robotic assistance force and mean tracking error during
side-to-side reaching experiment. Average force (as a percentage of arm weight)
and average error for the last two movements of the always active condition for
the side-to-side experiment are plotted for each subject versus arm impairment
(using the Fugl-Meyer arm assessment score, 0 = total impairment, 66 = no
impairment.) A regression line of the assistance force is plotted for the case of
 = 10.

in the top plot of Fig. 6,
,
). Thus, the controller required less impaired subjects to do more of the work of
lifting their arms themselves, and thus more fully engaged the
subjects in the movement task. Note that when forgetting was
included, the tracking error was larger than without forgetting,
but still relatively small (under 2 cm.)
When forgetting was not included, however, the controller
provided a significantly larger amount of assistance (paired
-test,
). The assistance level was nearly 100% of
the weight of the arm, regardless of the subject’s impairment
level. Thus, the standard adaptive controller (i.e., the controller
without forgetting) essentially “took-over” the task for the
subject, reducing the participation level of the subject.
IV. DISCUSSION AND CONCLUSION
We developed a controller that exhibits the characteristics that
we hypothesize are important for maximizing the therapeutic
benefit of robot-assisted movement training. The controller is
theoretically stable, as shown using a Lyapunov-based analysis.
It is capable of compliantly assisting patients with a force tailored to their impairment level, as shown experimentally. The
foundation for this control framework is an adaptive controller
that learns in real time a model of the patient’s ability and effort.
The controller uses tracking error to drive model formation, and
therefore learns quickly on a patient-specific, session-specific,
manner with only simple, kinematic information about patient
performance. The developed controller adapts in real time, removing the need to change parameters from patient to patient
and/or from therapy session to therapy session, or when the abilities of a patient change. The model based component of the
controller continuously adapts, assisting more when errors are

large and letting the subject do more when errors are small. The
controller compliance is independent of the model based assistance, and can therefore be kept high. Because of this high compliance, patients subjectively reported that they “felt in control”
during movement training.
Use of adaptive control techniques for robotic therapy has
been previously suggested [6], [33], but to our knowledge a
controller that forms a real-time model of the patient’s force
producing capability has not previously been achieved. Such a
controller likely mimics what a human therapist does as he or
she assists a patient. That is, it is well established that humans
learn to move in novel but predictable dynamic environments by
adaptively forming an internal model of the environment, rather
than relying on stiff position control (for review, see [26]). To an
assisting therapist, the patient’s limbs are a novel dynamic environment. Therefore, therapists almost certainly adaptively form
internal models of the patients’ limbs to assist them in achieving
desired movements, and the controller proposed here mimics
that process.
An important finding in the present study within the context
of this model-based paradigm is that the human motor control
system takes advantage of a standard, model-based adaptive
controller to reduce its own effort, letting the controller “take
over” most of the physical effort required to complete the
movement. This observation of human “slacking” is consistent
with a large body of research that suggests that the human
motor system optimizes effort [36]. Recent results from our
laboratory indicate how the unimpaired motor system achieves
this optimization, at a computational level, for the task of
adapting to a novel dynamic environment [37]. The human
motor system slacks (i.e., minimizes effort) by incorporating
a forgetting factor similar to the one we incorporated into
the adaptive controller. The finding of human slacking in the
present study is also consistent with the recent finding that
spinal cord injured patients expended 60% less energy during
walking on a treadmill when assisted by a stiff, nonadaptive
robotic gait training machine, when compared to a compliant,
adaptive group of human therapists [22].
If one accepts the premise that patient participation and effort
are important for provoking neural plasticity during rehabilitation therapy, a standard, model-based adaptive controller would
therefore be suboptimal for movement training, even though it
successfully allows patients to complete desired movements.
As shown here, a solution to this problem is to include a forgetting rate that decays the forces applied to the patient’s extremity when errors are small. The inclusion of the forgetting
rate makes the robot minimize force in a way analogous to the
way that humans apparently do (including rehabilitation therapists, of course) [9]. The resulting controller forms a model of
the patient’s movement ability while encouraging patient effort
by providing a form of “assistance-as-needed.”
Comparing the performance of the presented controller
with other “assist-as-needed” control approaches highlights
its advantages. For example, in comparison with a standard impedance controller without a feedforward term, the
present controller achieves much better tracking across a 3-D
workspace than normally would be possible with a low level
of impedance. For example, the adaptive controller used here
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had an effective proportional position gain of 109 N/m (see
the Appendix for effective gain calculation). Given that it
took about 40 N for the robot to lift a patient’s relaxed arm
to a target (Fig. 5), then an impedance controller without a
feedforward term would have a tracking error of 0.37 m in the
vertical direction, clearly unacceptable. Tracking error could be
reduced by increasing the stiffness of an impedance controller
considerably, but then the robot would rigidly drive patient
movements, losing the hypothesized benefits of compliant
assistance for neural plasticity. Tracking error could also be
reduced by adding a feedforward term to an impedance controller to help compensate for the weight of the arm (such as
by adding a constant offset equal to the weight of the arm [15],
or a fixed model of the weight of the arm [16], [38]). However,
this approach requires manually adjusting the feedforward term
for each patient. More importantly, this approach fails to take
into account that patients can contribute to lifting their arms
themselves, increasingly so as they recover. The controller
presented here provides a means to both automatically create
the feedforward term across a wide workspace in real-time, and
then to automatically reduce it as the patient recovers.
Previous attempts to implement assistance-as-needed for
robotic therapy have also taken the approach of adapting control parameters such as the stiffness of the robot [23], [41], the
shape [42], or timing [20], [23], [43] of the desired trajectory,
or parameters of a viscous force field that assists in movement
[24] from trial-to-trial based on ongoing measurement of performance error. The controller presented here is different in that
it adapts the amount of force assistance provided by the robot
by adjusting a model of the patient’s weakness from movement
to moment based on tracking error. Again, this allows the
robot to remain compliant as explained above, which is an
advantage over these previous performance-based adaptive
approaches. We had previously developed a simple version of
such a model-based, assist-as-needed controller for the task
of adapting to a robotic force field during walking, providing
conceptual guidance for the present study [37]. Here, however,
we showed for the first time how to achieve model-based,
“assistance-as-needed” for arbitrary spatial movements, including ones that are common to upper extremity rehabilitation
paradigms, and confirmed the presence of human slacking
during model-based assistance of such rehabilitation-type
movements. We are working to develop models that explain the
neurocomputational dynamics at play [30].
An adaptive controller with some of the same features as the
one proposed here was recently proposed by Mihelj et al. [39].
This controller automatically adjusts a vertical support force
based on tracking error, and includes a forgetting factor so that
the support force decreases when vertical tracking error is small.
The present controller is different, however, in that it forms a
model of the support forces needed in all directions, as a function of the arm state. In addition, the model is updated in a way in
which stability can be proven, as shown here. Further, we show
here experimentally that the forgetting factor is a necessary addition, otherwise the patient slacks.
The adaptive controller presented here adapts quickly to the
patient’s abilities—within the course of an ongoing movement.
In contrast, the changes in movement ability associated with
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recovery take place over a much longer time constant—across
days. Thus, the quasi real-time adaptation of the present controller is likely quicker than is necessary to adjust for ongoing
motor recovery. However, such fast adaptation is not a disadvantage with respect to accommodating motor recovery, and has
the advantage that it also enables the device to compensate for
changes in motor output that occur on a faster time scale, such
as those due to moment-to-moment changes in muscle tone or
fatigue.
We did not test the therapeutic efficacy of the proposed,
model-based, assist-as-needed controller here, and the ultimate
validation of the controller will be such testing. We note that the
results presented here lay the groundwork for a rigorous test of
the role of patient effort in rehabilitation efficacy. Specifically,
the control framework developed here allows patients to complete desired movements with ostensibly equivalent kinematics,
but while contributing different levels of force to the task,
depending on how the forgetting rate is set. By studying two
groups of patients that train with two different forgetting rates
(and thus two different levels of effort), one should, therefore,
be able to test the role of effort in recovery, in isolation from
the confounding changes in movement repetition or kinematics
that are usually associated with changes in effort. This possibility highlights the role that robotic therapy devices will likely
increasingly play in progressing rehabilitation science. The
ability to program robotic therapy devices to algorithmically
isolate and manipulate key aspects of motor training will allow
rigorous testing of whether, and how much, those aspects
influence motor plasticity.
APPENDIX
MATHEMATICAL DETAILS OF ADAPTIVE CONTROL ALGORITHM
A. Combined Orthosis and Arm Dynamics
The rigid body dynamics of a robotic orthosis when connected to a human subject can be defined in task coordinates
as
(4)
where is a
vector of task space coordinates specifying
the position and orientation of the hand (for Pneu-WREX
and
),
is an
vector of forces
applied by the robot actuators which is mapped by the Jacobian
is an
vector of forces the
to the interface location,
patient can contribute to the desired movement,
is the
generalized inertia matrix, is the
Coriolis matrix, and
is an
vector of external forces acting on the robotic orthosis
and human arm combination, including gravity and static forces
arising from tone, and viscous and friction forces.
B. Adaptive Controller for Movement Training
The adaptive controller design uses the sliding surface and
reference trajectory as in [32]. and are defined as

(5)
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where and
are
vectors of the actual and desired losymmetric,
cation of the hand, respectively, and is an
constant, positive definite, gain matrix. For actuators with negligible dynamics, such as electric motors, the desired robot force
equals the actual robot force . Therefore, the control law
for this method is
(6)
and
are symmetric, constant, positive definite
where
is a model of the system dynamics and
gain matrices and
human force output and is defined as
(7)
where , , and are estimates of the dynamics of the robotic
matrix of
orthosis and human arm combination, is a
vector
known functions of , , , and , and is an
of estimates of the real system parameters, . In effect,
is
feedforward model of the dynamics of the robot orthosis and
human arm combination including the ability and effort of the
subject.
For the current implementation of Pneu-WREX the regressor
is comprised of spatially dependent Gaussian radial
matrix
basis functions, defined as
(8)
where is the th radial basis function, is the current location
of the patient’s hand,
is the location of the th radial basis
function, and is effectively a scalar smoothing constant that
determines the width of the basis function. For Pneu-WREX,
we have implemented a three-dimensional grid of radial basis
to
),
functions, with eight grid divisions left to right (
to
), and three grid difive grid divisions in and out (
to
) across the workspace of the
visions down to up (
cm. The grid divisions are evenly
robot, and with
spaced at 10 cm apart. The value of changes the width of each
radial basis function so it must be determined in conjunction
with the grid spacing, so that there is sufficient overlap in the
radial basis functions to achieve good function approximation.
The grid spacing was chosen to be small enough to get reasonable spatial variance in the function approximation but without
adding excessive computational expensive for real-time control.
The vector of all of the Gaussian radial basis functions is defined
(9)
We combine this vector of Gaussian radial basis functions to
define the regressor matrix as

(10)

is, therefore, a 360 1
The parameter estimate vector
vector, with the parameters representing the amount of force
the subject is unable to provide to hold their arm at a particular
location in space. Including more parameters (e.g., more basis
functions) is possible and would allow the model to represent
more complicated impairment, but would also increase the
computational expense. The standard parameter estimate update law for this method is
(11)
where is a symmetric, positive definite gain matrix. When all
of the inertial and gravitational terms of (7) are included, and
the force output from the human subject remains time independent, the controller defined by (6) and (11) is globally asymptotically stable, following an analysis similar to [44]. For the implementation with Pneu-WREX used here, however, the inertial
components of the dynamic model were omitted for simplicity,
and because the movements of interest were relatively slow. In
addition, the output force from the human subject is most certainly time dependent. Thus, the resulting system is not globally asymptotically stable. However, it is possible to show that
the system does exhibit uniform ultimate boundedness, with the
tracking errors limited by the bounds of the system dynamics
and by the bounds of the force output from the human subject.
We have found experimentally that a controller that uses (11)
without inertial components will converge to small steady state
tracking errors.
C. Assist-as-Needed Controller Modification
We modified the parameter update law (11) in order to reduce the forces applied to the subject when errors are small.
This modification decays the force applied by the robotic orthosis when the subject is able to complete movements without
assistance. In order to achieve this decay, we specify that the
partial derivative of the robot assistance force with respect to
time should, when error is zero, behave according to
(12)
where
is the model based feedforward force applied to the
is the forgetsubject’s arm by the adaptive controller, and
time constant). Using the partial
ting rate of the robot (
derivative of
in (12) limits the change in so that it is not a
function of changes in the regressor matrix , which is dependent on the state (position, velocity, and acceleration) and desired state of the end-effector. This allows information learned
from previous motions to remain in the parameter vector so
that when the patient returns to similar motions later in time, the
assistance learned from previous trials is still available.
is an
matrix with
and rank .
In general,
Thus, there are an infinite number of solutions for that satisfy (12). By seeking the minimum norm solution for , the parameters that change are those that have the most influence in
the force output at a given location. At the same time, parameters learned during other different motions remain unchanged.
This allows the controller to learn a model of the neuromuscular weakness and patient effort as a general function of desired
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position, velocity, and acceleration of the hand in task space.
The minimum norm solution for is found by solving the constrained minimization problem
(13)
The minimizing solution to (13) is
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is a function of state
Of the other two terms in (18), only
(in this case, position). This term reflects how the learned assistance model changes the robot output force. Assuming this
term is small, the effective gain values given (19) most accurately describe the impedance of the controller as experienced
by the subject.
E. Lyapunov Stability Analysis

(14)
This term is added to the right side of (11) to create the modified parameter update law
(15)

Stability is an important consideration for a machine that
physically interacts with a human. This section details the Lyapunov stability analysis for the adaptive, assist-as-needed controller. The analysis builds on the adaptive algorithms developed
by Slotine and by Spong [32], [44]. We consider the Lyapunov
function candidate
(20)

A Lyapunov stability analysis of the system with the modified
parameter estimate update law is given in Appendix E.

,
, and are as defined in the previous
where , , , ,
sections and is a parameter estimate error defined as

D. Effective Controller Gains
The effective gains of the assist-as-needed adaptive controller
can be determined by first taking the derivative of (6) to get
(16)

(21)
where is an estimate of the parameters, , as previously defined. Taking the derivative of (20) along system trajectories
yields

Next, we substitute (3) into (16), which produces

We can now replace
so that we have

(17)
in (17) using (6) and rearrange terms

(22)
Using the sliding surface and reference trajectories defined in (5), the system dynamics in (4) can be redefined as
(23)
Substituting for
gives

from (23) and for

from (21) into (22)

(18)
(24)
,
, and
are the effective integral, proportional,
where
is a
and derivative gains of the system. For Pneu-WREX
unitless 3 3 gain matrix defined by the spacing between radial
basis functions and the smoothing parameter, . Because the
grid points are evenly spaced,
(for Pneu-WREX,
). The even grid spacing has the same effect on the
effective gains, so that

Using the fact that

is skew symmetric we have

(25)
Inserting the control law (7) and the modified parameter estimate update law (15) into (25) gives

(26)
Because the last term in (26) may be positive, the system is
not asymptotically stable. However, the system is stable in the
sense of uniform ultimate boundedness. To determine the stable
boundary of the system, we first rewrite (26) as
(19)

(27)
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where

and

we see now that

when
(28)

which occurs whenever
(29)
where
imum of

is the minimum eigenvalue of
is occurs when

. The max(30)

Substituting (30) into (29) and solving for
above definition of gives

using the

(31)

Equation (31) defines the maximum error for
and
thus represents the boundary of the closed loop system.
will have
and the
Larger magnitudes of
closed-loop human–robot system will therefore converge
to this boundary. We see that the magnitude of the error
will be small when the robot forgetting rate
is small. In
other words, as
the adaptive controller remembers all
. Because
it has learned about the parameters so that
, (31) can be written
(32)
which shows that the kinematic tracking error bound is proportional to the actual parameters of the system.
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