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SUMMARY
Patients with damage to the cerebellum make reaching movements that are uncoordinated or
“ataxic.” One prevailing hypothesis is that the cerebellum functions as an internal model for planning
movements, and that damage to the cerebellum results in movements that do not properly account
for arm dynamics. An exoskeleton robot was used to record multi-joint reaching movements.
Subsequently, joint-torque trajectories were calculated and a gradient descent algorithm found
optimal, patient-specific perturbations to actual limb dynamics predicted to reduce directional
reaching errors by an average of 41%, elucidating a promising form of robotic intervention and
adding support to the internal model hypothesis.
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1. Introduction

1.1. Cerebellar ataxia
Damage to the nervous system often results in altered movement control. The NIH estimates that the
neurological disorders strike 50 million Americans each year.1 In this paper, cerebellar deficits in
reaching movements and theoretical ideas about cerebellar function are investigated.

The cerebellum is a region of the brain, directly above the brain stem, known to be essential to
generating smooth, accurate reaching movements, but its exact role is not completely understood.
Damage to the cerebellum, whether from hereditary disease or stroke, results in ataxia. Ataxia is a
lack of coordination of volitional movements and is characterized by the errors in the rate, regularity,
and range of movements seen in patients.2, 3 Point-to-point movements made by people with damage
to the cerebellum are often composed of an initial movement that under- or overshoots the target
(dysmetria), followed by a series of erroneous attempts at correction (intention tremor).4 Cerebellar
patients often use a strategy in which they decompose multi-joint movements into a sequence of
single-joint movements, presumably to simplify the effects of movement dynamics. In addition,
cerebellar patients have difficulty adapting to changes in environment dynamics.5–8 There are no
proven pharmacological treatments for ataxia.

The study of cerebellar ataxia is of particular interest because there exist specific hypotheses about
the nature of the deficit that are related to the dynamics of the body. Investigation of the movements
of cerebellar patients may lead to a model of ataxia with sufficient predictive power to inform
targeted rehabilitation strategies. Furthermore, the study of the role of the cerebellum is important
for understanding motor control in healthy people.
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Fig. 1. (Colour online) The KINARM robot used in this study has a two-degree-of-freedom planar exoskeleton
for each arm (only right arm shown for clarity).

The feasibility of uncovering cerebellar function and discovering a model of ataxia is bolstered by
the availability of high-fidelity robotic exoskeletons. Embedded sensors and actuators permit a means
of recording and manipulating mechanical features of movement not possible by human intervention,
which, in turn, permits an exploration of the function of the cerebellum and other brain areas7–10

(Fig. 1). The field of rehabilitation robotics relies on robots both to develop models of the deficit,
permitting optimal interventions, and to precisely deliver a prescribed mode of therapy.

1.2. Inverse internal model hypotheses
During movement, various sensory systems, including the vestibular system, vision, and
proprioception, provide feedback. However, information from these peripheral sensory sources is
not available during early movement. Thus, the brain must act to control movement in an open-loop
fashion, based on a belief about the dynamics of the body and environment. If these dynamics have not
been learned, or have suddenly changed, the actual movement will not match the intended movement.

It is not known how the cerebellum coordinates reaching movements, or precisely what function is
lost when it is damaged. In accordance with the known neural inputs and outputs of the cerebellum,
it has been suggested that the role of the cerebellum may be to predict the path of a movement given
an efferent copy of the motor commands (forward dynamics)11, 12 or to help predict optimal motor
commands given desired movements (inverse dynamics).13, 14 Thus, cerebellar ataxia might result
from errors made during these dynamic calculations.

It has been shown that cerebellar patients show disrupted control of limb dynamics in a manner
consistent with a dysfunctional internal model.4, 15 For example, cerebellar patients often use a
strategy in which they decompose multi-joint movements into a sequence of single-joint movements,
presumably to simplify movement dynamics.4 A variety of specific models of the cerebellum have
been proposed that could be used to make quantitative predictions of ataxia.

1.2.1. Cerebellum and velocity-dependent and interaction torques. In particular, studies have shown
that people with cerebellar damage have difficulty accounting for Coriolis, centripetal, and interaction
torques—even during everyday reaching movements.4, 16, 17 Bastian et al. demonstrated that cerebellar
subjects show deficits in predicting and adjusting for interaction torques occurring at a given joint due
to motions of mechanically linked joints. However, performance approaches normal when movements
are constrained to a single joint, eliminating the need to predict and compensate for interaction
torques.17 This work suggests that these abnormalities (i.e. ataxia) are due to an inability to predict
and compensate for interaction torques that occur during multi-jointed movements, consistent with a
dysfunctional internal model.
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Fig. 2. The modeled process of motor control during early movement. The desired trajectory is specified by the
experiment. We assume that a neural mechanism in the cerebellum mirrors the input–output characteristics of
the object to be controlled in order to realize the desired trajectory.

1.2.2. Cerebellum and inertia anisotropy. Other studies suggest that ataxia is essentially an inability
to account for anisotropic inertial forces.11, 18 Smith developed a robotic system that dynamically
canceled some of the inertial effects with the aim of reducing the severity of ataxia.9 The effect
of the inertial compensator on three patients with cerebellar damage was measured using a timed
tracing task. One patient who had pure cerebellar ataxia showed a significant improvement in tracing
accuracy under inertial compensation, when compared with uncompensated motions.

1.2.3. Other models of cerebellar function. It has also been suggested that true arm dynamics are
approximated in a simplified calculation (e.g. characteristic timing pattern of agonist/antagonist).19

It is not clear how to design an experiment to test a mistiming hypothesis for ataxia with specificity,
nor how a mistiming model would translate into an approach for assistance or therapy.

Regardless of how the cerebellum or other brain regions account for dynamics in motion planning,
net joint torques and arm motion are precisely related by classical mechanics. Accurate feedforward
calculations would need to account for limb dynamics that are nonlinear and anisotropic and
potentially depend on a large set of constituent parameters (length, mass, rotational inertia, etc.). While
it is unlikely that the cerebellum encodes these dynamics explicitly, model-based interpretations of
the cerebellum may well approximate its behavior and are attractive from an analytical perspective.

We use an explicit inverse internal model framework (Fig. 2) to describe early movement. This
model assumes that the cerebellum acts as an inverse dynamics calculator. Thus, before feedback
is available, ataxia is a manifestation of a misestimation of limb dynamics, constant in time and
across direction (i.e. no learning occurs). This means that the model should be able to capture the
systematic, but not trial-to-trial, variable nature of movement errors. Within this framework, we test
four hypotheses about the nature of ataxia from the literature:

Hypothesis 1: The misestimation is general, not taking any particular form.
Hypothesis 2: The misestimation is a neglect of Coriolis, centripetal, and interaction torques.
Hypothesis 3: The misestimation is a neglect of the arm inertia anisotropy in extrinsic (Cartesian)

coordinates.
Hypothesis 4: The misestimation is a neglect of the arm inertia anisotropy in intrinsic (joint-space)

coordinates.

For each hypothesis, we searched for a set of errors in the corresponding dynamic parameters that
is consistent with the ataxic reaches of people with cerebellar damage.

2. Methods
We tested these hypotheses by collecting reaching data and running dynamic simulations. First, we
recorded the movements of control and cerebellar subjects reaching in multiple directions. Using a
dynamic model of the human arm and robot, we calculated the net joint torque trajectories for each
reaching direction (inverse dynamics). In simulation, we recreated the path given this torque trajectory
and any desired dynamic model (forward dynamics). Effectively, we determined the movements that
would result if the same torque trajectory were applied to a plant (patient arm) with altered dynamics.

2.1. Exoskeleton robot and human models
In order to precisely specify a desired movement and faithfully record the movement itself, we
used the KINARM robot exoskeleton shown in Fig. 1 (BKIN Technologies, Kingston, ON20). The
KINARM is an adjustable exoskeleton that permits bimanual shoulder and elbow rotation in the
horizontal plane. An advantage of the exoskeletal structure is that arm segment length parameters
are readily and precisely determined during a calibration procedure after the robot is adjusted to fit
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a subject. Motors at the base of a five-bar linkage can generate shoulder and elbow torques of up
to 12 N m. Including the effect of a 4:1 gearing, 20,000-count-per-revolution encoders yield a joint
angle resolution of <1/200◦. Control of the robot was provided by a real-time computer operating on
a 2-kHz clock. The motion control card collects data at 1.129 kHz, which is then filtered, subsampled,
and sent to a data acquisition card at 1 kHz. Velocity traces were derived from the position signal using
numerical differentiation, improved by 1

T
interpolation. Acceleration traces were obtained using two

2-g, three-axis accelerometers (Crossbow Technology, Inc., San Jose, CA) incorporated into each
arm. For safety, we added foot and hand switches to allow the user to cut power to the robot at any
time.

The forward and inverse kinematic equations that relate fingertip positions to shoulder and elbow
angles were derived geometrically, using the joint variables and segment lengths defined for the right
arm in Fig. 3. The forward kinematic equation for the right arm is

[
x

y

]
=

[
l1c1 + l2c12 − lf s12

l1s1 + l2s12 + lf c12

]
, (1)

where:

c1 = cos(θ1),

s1 = sin(θ1),

c12 = cos(θ1 + θ2),

s12 = sin(θ1 + θ2).

For the left arm, the sign of x is flipped because the angles are defined with mirror symmetry.
The inverse kinematic equations are used to compute shoulder and elbow angles from fingertip

position (Fig. 3). The joint angles are given in terms of intermediate variables φ1 . . . φ4:

[
θ1

θ2

]
=

[
φ1 − φ2

φ3 − φ4 − θ1

]
, (2)

where (using arctan2, the four-quadrant inverse tangent):

φ1 = arctan2(y, x),

φ2 =2 arctan2
(√

2 l1l0f − l2
1 − l2

0f + l2
1f ,

√
2 l1l0f + l2

1 + l2
0f − l2

1f

)
,

φ3 = arctan2(y − l1s1, x − l1c1),

φ4 = arctan2(lf , l2),

l0f =
√

x2 + y2,

l1f =
√

l2
2 + l2

f .

The equation of motion of the arm was derived using the Euler–Lagrange equations. The general
dynamic equation, assuming that both the human and the robot are applying torque, is

[
τ1

τ2

]
=

[
a(θ2) b(θ2)
b(θ2) c

] [
θ̈1

θ̈2

]

+
[

0 −2d(θ2) −d(θ2)
d(θ2) 0 0

]⎡
⎣ θ̇2

1
θ̇1θ̇2

θ̇2
2

⎤
⎦ , (3)
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Fig. 3. Kinematic and dynamic variables for the human arm and robot exoskeleton. (a) Arm attached to five-bar
linkage allowing shoulder and elbow rotation. In a horizontal reaching task, targets with 1-cm diameter appear
3 cm from start position. Subjects move from the start position, past a target, to a distance of 7 cm, where a
virtual wall assists them in stopping (stiffness: 1.5 N/cm, damping: 0.05 N s/cm). (b) Kinematic parameters
including upper and lower arm segment lengths and finger offset. (c) & (d) Center of mass parameters for the
combination of arm and robot.

or

τ = M(θ)θ̈ + C(θ, θ̇), (4)

where:

a = m1l
2
c1

+ m2(l2
1 + 2l1lc2 cos(θ2) + l2

c2
) + m3l

2
c3

+ m4(l2
3 + 2l3lc4 cos(θ2 − �) + l2

c4
) + I1 + I2 + I3 + I4,

b = m2(l1lc2 cos(θ2) + l2
c2

) + m3l
2
c3

+ m4(l2
3 + l3lc4 cos(θ2 − �)) + I2 + I3,

c = m2l
2
c2

+ m3l
2
c3

+ m4l
2
3 + I2 + I3,

d = m2l1lc2 sin(θ2) + m4l3lc4 sin(θ2 − �),

τ1 = τhuman shoulder + τrobot shoulder + τrobot elbow,

τ2 = τhuman elbow + τrobot elbow,

� = 166◦.

When human torques are set to zero and changes of variables are made, this solution is equivalent to
that derived by Scott20 using D’Alembert’s principle.
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Fig. 4. Force and acceleration vectors are related by the inertia ellipse geometrically (based on ref. [21]). A
line drawn along the direction of force until it intersects a circle that circumscribes the inertia ellipse and then
continues parallel to the major axis until it intersects the inertia ellipse approximates the resulting acceleration.

Over the small (relative to limb segment lengths) displacements observed during early movement,
the dependence of the dynamic parameters on joint configuration (θ1 and θ2) is negligible. Thus, we
simplify (3) by taking {a, b, d} ≡ (a(θ), b(θ), d(θ))|θ=θ0 :

[
τ1

τ2

]
=

[
a b

b c

] [
θ̈1

θ̈2

]
+

[
0 −2d −d

d 0 0

]⎡
⎣ θ̇2

1
θ̇1θ̇2

θ̇2
2

⎤
⎦ . (5)

This is the form of the dynamic equation used in all simulations. However, this form is still too
complex to permit an intuitive understanding of the role the individual dynamic parameters in the
force/acceleration relationship. If we further simplify (5) by dropping velocity-dependent terms and
transform to extrinsic (Cartesian) coordinates, we obtain a representation described by Dolan et al.:21

[
Fx

Fy

]
= (J T )−1

[
a b

b c

]
J−1

[
ẍ

ÿ

]

=
[
α β

β γ

] [
ẍ

ÿ

]
, (6)

where J is the Jacobian and F is the applied force. In this formulation, the mass matrix is interpreted in
Cartesian coordinates with the parameters {α, β, γ } encoding an inertia ellipse whose axis lengths and
orientation {λ1, λ2, θ} are obtained by eigendecomposition (Fig. 4). The four hypotheses described
in Section 1.2 all assert that loss of cerebellar function results in a degraded internal model of limb
dynamics. However, each imposes structure on the type of errors that can be considered. In other
words, each prescribes constraints to the class of dynamic model that is hypothesized to be used
erroneously during the planning of movement. The Dolan approximation permits insight into the
constraints imposed by each of the hypotheses we test. The constraint sets corresponding to each
hypothesis are enumerated and described in Fig. 5.

2.2. Robot and human dynamic parameter estimation
The creator of the KINARM published equations for calculating its inertial parameters.20 To validate
these calculations, we performed system identification experiments by manually applying force
perturbations to the exoskeleton through a Mini40 force/torque sensor (ATI Industrial Automation,
Inc., Apex, NC). To identify the parameters of each degree of freedom in the exoskeleton, one
joint was perturbed at a time while the other was locked mechanically. The objective function used
was obtained by modifying (5) to account for the decoupled dynamics while also including viscous
friction (fci

), Coulomb friction (fbi
), and joint stiffness (ki) parameters in case they were present to

a significant degree:

τrobot shoulder = aθ̈1 + fb1 θ̇1 + fc1 |θ̇1| + k1(θ1 − θ10 ), (7)

τrobot elbow = cθ̈2 + fb2 θ̇2 + fc2 |θ̇2| + k2(θ2 − θ20 ). (8)
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Table I. Sample dynamic parameters identified using ordinary least squares.

Lower-arm parameters (via elbow motion)

Condition Ipredicted I (kg m2) fc (N m) b (N m s/rad) R2

Baseline 0.0612 0.0605 0.0383 0.0134 0.98
Add 1 mass +0.104 +0.107 0.0438 0.0240 0.97
Add 2 masses +0.154 +0.159 0.0326 0.0238 0.97

Upper-arm parameters (via shoulder motion)

Condition Ipredicted I (kg m2) fc (N m) b (N m s/rad) R2

Baseline 0.103 0.116 0.0301 0.0569 0.95
Add 1 mass +0.041 +0.038 0.0295 0.0183 0.96
Add 2 masses +0.106 +0.076 0.0151 0.0142 0.96

Constraint 1. No constraints 2. Interaction torque 3. Isotropyext 4. Isotropyint
name constraints constraints constraints

Parameter None b = 0, α = γ, a = c,
constraints d = 0 β = 0 b = 0

Inertia ellipse

Ellipse DOF Full (3) Scale & limited Scale only Scale only
orientation

Fig. 5. (Colour online) Four classes of error optimization corresponding to our four hypotheses are explained.
For each hypothesis, the corresponding dynamic constraints (see (5) and (6)) are shown along with the initial
condition to the optimization (solid red) and representative ellipses allowed by the constraints (dashed black).
Each optimization is initialized with parameters {a, b, c} chosen to keep the area of the inertia ellipse equal to
baseline, and the parameter d equals either the baseline value or 0 depending on the constraints. Note that all
constraints allow at least two total degrees of freedom (DOF) as Constraint Sets 1, 3, and 4 permit variations
in d .

A factor analysis indicated that this addition is not necessary. That is, suitable condition numbers
were only obtained once these parameters were eliminated from the objective function before ordinary
least squares regression.22 Robot parameter values vary with arm tray sizes, tray locations, etc.
Representative system identification results are shown in Table I. Though robot friction parameters
were identified, we did not incorporate them into (3) because their calculated effect on the dynamics
of a typical reach is negligible.

The dynamic parameters of the human arm were calculated using predictive tables from
Dempster.23 These tables provide equations for various limb segment inertia parameters given a
subject’s height and weight, based on cadaver studies.

2.3. Obtaining baseline trajectories for a horizontal reaching task
We recorded baseline movement behavior from one healthy subject and seven cerebellar subjects as
they performed a horizontal reaching task (Fig. 3(a)). The subjects showed no signs of sensory loss or
extracerebellar damage. The severity of cerebellar impairment was determined using the International
Cooperative Ataxia Rating Scale (ICARS).24 Table II lists cerebellar subjects ordered by the ICARS
kinetic functions subscore, which assesses voluntary limb movements. Scores range from 0 (normal)
to 52 (severe). Subject diagnosis is based on medical history, family history, and a neurological
examination. The cause of ataxia may be focal damage to cerebellar tissue (stroke or trauma), genetic
(ADCA, SCA6, and SCA8), or unknown (sporadic).25 Subjects underwent clinical testing to assess
light touch and proprioception of the hand/arm, spasticity, weakness, and extrapyramidal signs. Only
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Table II. Subject characteristics and experiment/simulation results.

Subject Sex Dom. Age Height Weight Diagnosis Limb RMS baseline RMS simulated Reduction
Hand (yr) (m) (kg) score error (deg) error (deg)b in error (%)

Control M R 30 1.80 82 -control- -control- 1.74 1.71 1.3
Cerebellar 1 M R 75 1.63 77 stroke 13/52 12.0 7.49 37.5
Cerebellar 2 F R 52 1.58 51 stroke 15/52 6.13 4.08 33.5
Cerebellar 3 F Ra 20 1.68 64 trauma 18/52 10.2 10.2 0.1
Cerebellar 4 F R 65 1.68 61 sporadic 18/52 6.35 2.65 58.2
Cerebellar 5 M L 37 1.78 123 SCA8 20/52 14.0 5.27 62.5
Cerebellar 6 M R 56 1.80 90 SCA6,8 23/52 15.1 5.59 62.9
Cerebellar 7 M L 57 1.70 96 ADCA 25/52 23.2 14.9 35.9

aThe non-dominant arm (affected side) was tested.
bResult of unconstrained optimization.
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Fig. 6. Experiment and simulation procedure. (a) Cerebellar subjects perform a reaching task in which a desired
trajectory is specified visually through display of start, finish, and current finger location. The actual ataxic
trajectory is recorded. The intermediate process cannot be observed directly, but is modeled assuming that the
actual dynamic parameters of the arm, 
act, are misrepresented as (
err). Motions and forces are represented in
joint space because this encoding is more biologically plausible. (b) We calculate the errant torque trajectory,
τ , for a given reach using the recorded movement, θmeas, and our estimate of the actual dynamic parameters of
the arm, 
est. (c) The dynamics of the arm are modeled in a computer simulation. A set of dynamic parameters,

pert, are optimized to reduce movement error, θsim, relative to the reference trajectory, θdes, when the subject’s
torque trajectory is applied. Torque and joint trajectories are n × 2 matrices, describing both elbow and shoulder
joints over some time interval.

the subject who had a traumatic head injury showed the addition of mild spasticity and mild weakness.
Other subjects were unimpaired in all of these domains. All subjects gave informed consent to the
protocols approved by the Johns Hopkins Medical Institutions Review Board, study NA 00015034.

At the beginning of each trial, the subject moved to a center position (shoulder at 35◦, elbow
at 90◦). After a slight delay, one of eight radial targets appeared. The choice of a ballistic, punch-
through task with near targets, rather than a point-to-point task with distant targets, was made to
ensure that the trajectory during early movement was clearly specified. Subjects were encouraged to
pass through the target within a 350–500 m s window and then continue moving until a force field
near the workspace boundary brought them to a stop. The robot otherwise applied no force to the user
during the task. Movement duration feedback was given to the subjects in the form of color coding:
the target turned blue if passed late, red if early, or green if on time. During the task, targets appeared
in pseudo-random order. Trials were divided into three blocks: a practice block and two analyzed
blocks. Each block included 10 reaches to each of the eight targets. All trials in the last two blocks
were analyzed, whether or not the timing criteria were met.

2.4. Simulating the effects of altered dynamics
The four hypotheses described in Section 1.2 all assume the cerebellum functions as an internal model
for planning movements and that, in part, damage to the cerebellum results in a biased (inaccurate)
model. This bias is identified for cerebellar subjects, individually, using the procedure depicted in
Fig. 6.
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By this point, two steps have been performed. First, the movements of subjects (�θmeas) have been
recorded as they attempt to follow straight paths to the goal (�θdes, Fig 6(a)). Trial data were clipped to
a 300-m s window centered at the point in time at which hand speed exceeded 10% of the maximum
for that reach. This early movement window captures open-loop behavior and extends long enough
for the dynamics to have a significant effect on the reach. Second, we calculated the net joint torques
exerted during the movement window by each subject (inverse dynamics) using this kinematic data,
the subject’s actual dynamic parameters ( �φest), and the equation of motion (5) (Fig. 6(b)). Finally, the
10 joint angle and torque trajectories were averaged for each target.

These torque trajectories were then used in simulations to compute (forward dynamics) hand paths
given different dynamic parameters ( �φpert, Fig. 6(c)). Because the equation of motion is nonlinear,
the forward dynamics were computed numerically using Euler integration after re-expressing (4) as

θ̈ = M−1(τ − C(θ̇ )). (9)

The algorithms used to compute the inverse and forward dynamics were verified by sequentially
computing the inverse and forward dynamics using estimated dynamic parameters and recorded
reaches. Representative successful replication of the original hand paths is shown in Fig. 7(c)).

We then searched for a perturbation, or modification of the parameters in (5) or (6), that optimally
reduced reaching errors within the constraints dictated by each hypothesis (Figs. 5 and 6(c)). An
optimal altered dynamic environment cannot be computed directly because the forward dynamic
equation does not have an analytic solution. Thus, we searched for an optimal environment through
a pseudo-gradient descent over the free parameters permitted by each of the four constraint sets. We
first computed the average torque trajectory for each of the eight targets, and for each subject. At each
step in the search, we took these torque trajectories and applied them to a set of perturbed plants—the
set being derived by taking the current plant and perturbing each of its parameters, individually and
pairwise, by a given magnitude. The resulting hand paths were then simulated for each plant. The
perturbation that produced the straightest paths from the start position to the targets (without over-
or under-shoot) was stored and fed into the next iteration. The magnitude of the perturbations began
at 100 times the corresponding parameter’s initial value. The optimization algorithm iterated until an
error plateau was reached. The perturbation magnitudes were then halved and the process continued.
The optimization ended when the step size was reduced to 0.1% of the parameters’ original magnitude
and another error plateau was reached. This search was repeated for each of the four constraint sets.

3. Results

3.1. Baseline movement data
The baseline trajectories for control and cerebellar reaches were analyzed. As expected, control
reaches are nearly straight and directed towards the targets. Cerebellar reaches, however, show errors
in movement direction and increased variability. Examples of reach data are shown in Fig. 7.

Inertia dominates the dynamics of all recorded reaches. Acceleration-dependent terms account for
an average of 98.5% of joint torques (integrating over early movement using (5)). It follows from this
insensitivity to the parameter d that the Dolan approximation faithfully approximates arm dynamics
during early movement.

3.2. Validating the optimization scheme using control data
In order to validate the optimization algorithm, the control data was analyzed first. The unconstrained
optimization algorithm, as per Hypothesis 1, was able to find a change in dynamics that slightly
improved the small errors, though the improvement is not statistically significant (1.74◦–1.71◦ root-
mean-squared (RMS) error, p = 0.53 (paired t-test)). The predicted optimal dynamic parameters were
between those of the arm alone and those of the arm and robot combined. Thus, the optimization
found a solution that removed part of the added inertia of the robot. The original and optimized
reach directions, angular errors before and after optimization, and inertia ellipses before and after
optimization are shown in the first rows of Fig. 8 and Table III. Implementation of Constraint Sets 2, 3,
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(a) (b) (c)

Recreated
Original

Fig. 7. (Colour online) Example trajectories of the control (a) and Cerebellar 5 (b) subjects. Each subject makes
20 reaches passing through each of eight targets (small circles). The data is clipped to include only the first
300 m s of the reach. (c) Averaged hand paths of Cerebellar 5, the derived equation of motion, and estimated
dynamic parameters are used to verify the numerical methods used, by checking that the inverse and forward
dynamic calculations are reversible.

and 4 (no interaction torque, inertia isotropy in extrinsic coordinates, and inertia isotropy in intrinsic
coordinates, respectively) all resulted in greatly degraded performance, even after optimization.

3.3. Optimization results for cerebellar patients
As with the control subject, the unconstrained optimization found a change in dynamics that improved
the direction and extent of reaches of cerebellar patients, whereas implementation of the constraints
imposed by Constraint Sets 2–4 (no interaction torque, inertia isotropy in extrinsic coordinates, and
inertia isotropy in intrinsic coordinates, respectively) resulted in degraded performance, even after
optimization. The optimizations converged in 38, 24, 36, and 32 steps, on average, for Constraint
Sets 1, 2, 3, and 4, respectively.

We then determined whether each of these optimal perturbations resulted in a reduction in reaching
errors that was statistically significant using a one-way repeated measures ANOVA. Due to violations
in the sphericity assumption, a box adjustment was made to the F statistic. Thereafter, multiple
comparison of groups were made using dependent t-tests for paired samples.

The constraint sets resulted in outcomes that are statistically different from each other (F(4,24) =
68.32, p < 0.001, ε̂ = 0.39, n = 7). Under Constraint Set 1 (any perturbation to {a, b, c, d} allowed),
the optimization found altered dynamics for the cerebellar subjects that produced a statistically
significant improvement (mean 41% or −5.3◦ RMS, p = 0.009), see Fig. 8, column (a) and Fig. 9.
Constraint Set 2 (no interaction torque) added 18.5◦ RMS error (p < 0.001). Constraint Sets 3 and
4 (enforcing inertia isotropy in extrinsic coordinates and intrinsic coordinates, respectively) added
10.0◦ RMS and 25.3◦ RMS error, respectively (p = 0.01, p < 0.001). Though Constraint Sets 2
and 4 are similar (b = 0 in both cases), the difference in performance between them is statistically
significant (p = 0.018).

Use of RMS angular error as the performance metric results in the optimization giving preference
to a perturbation in dynamics that significantly reduces errors in one or more directions even if it
comes at the expense of slightly degraded performance in others. In fact, the optimizations under
Constraint Set 1 were not always able to find a perturbation that uniformly reduced angular errors
for all directions (Fig. 8, column (b)). The choice of another metric could result in different optimal
perturbations. For instance, if there is reason to prefer certain directions, a non-uniform weighting
could be employed.

4. Discussion

4.1. Validating optimization scheme using control data
The outcome of optimization for the control subject under Constraint Set 1 (any perturbation of
{a, b, c, d} allowed) is of interest because we found that the optimal inertia ellipse is intermediate to
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Fig. 8. (Colour online) Optimization results (unconstrained) shown for a control subject and two cerebellar
subjects. The cerebellar subjects were chosen to represent good (Cerebellar 4) and poor (Cerebellar 2) outcomes
of optimization. (a) Reach direction mean and variation (σ/2) are calculated from clipped movement data (left)
and simulated optimal reaches (right). (b) Angular errors are quantified for each of the eight directions—both
absolute mean and variation (σ/2). The optimization algorithm seeks to minimize RMS angular error, which is
different from the metric shown here. (c) Inertia ellipses of the human arm alone, with the robot, and predicted
optimum.

the ellipse of the subject’s arm alone and that of the combination of arm and robot (Table III, row 1
and Fig. 8, column (b)). This finding is intuitive and suggests that the control subject did not fully
adapt to the dynamics of the robot.

4.2. Optimization results

Hypothesis 1 (dynamic parameter error: general case)
This hypothesis permits an unconstrained optimization over four dynamic parameters and resulted in
improved average simulated reaching performance for all cerebellar subjects. The gradient descent

https://doi.org/10.1017/S0263574714002306 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574714002306


1394 Testing models of cerebellar ataxia via dynamic simulation

Table III. Summary of the optimization results obtained under each of the four constraint sets. The predicted
optimal dynamics are described in terms of an inertia ellipse with axis lengths λ1, λ2, and orientation θ .

Constraint sets

Baseline 1. General 2. Interaction 3. Isotropyext Isotropyint

Subject λ1 λ2 θ◦ λ1 λ2 θ◦ λ1 λ2 θ◦ λ1 λ2 θ◦ λ1 λ2 θ◦

Control 4.3 1.0 130 3.7 0.89 130 14 1.0 120 50 50 n/a 370 37 107
1 4.2 0.90 130 2.1 0.69 131 7.6 0.62 117 7.3 7.3 n/a 2.8 0.24 110
2 3.2 0.76 127 1.4 0.33 127 8.2 0.54 120 0.14 0.14 n/a 28 3.0 103
3 3.8 0.94 131 3.7 0.92 131 3.4 0.34 116 0.087 0.087 n/a 2.0 0.20 108
4 3.5 0.82 126 5.2 1.5 126 38 2.4 119 0.19 0.19 n/a 38 3.6 104
5 5.8 1.4 126 3.9 1.1 131 368 6.9 124 9.9 9.9 n/a 57 5.1 105
6 4.8 1.2 132 0.34 0.14 134 12 1.1 114 4.5 4.5 n/a 27 2.4 111
7 4.8 1.2 129 5.9 1.5 126 0.29 0.027 117 .92 .92 n/a 3.5 0.37 105

Fig. 9. (Colour online) Baseline errors and residual errors after optimization under four constraint sets are shown
for each subject (means: {11.1, 6.5, 30.8, 22.0, 36.4}, standard errors: {2.3, 1.5, 0.7, 1.8, 1.84}). The Constraint
Set 1 improves upon baseline error whereas enforcing the constraints of the other constraint sets results in
greater than baseline error.

algorithm did converge in all cases. The optimization found inertia ellipses that are substantially
different from either those of the subjects’ bare arms or those of the arm/robot combinations. For
some subjects, the deficit appears to be an underestimation of inertia and for others an overestimation
(Table III).

The inability of the optimization under Constraint Set 1 to fully remove reaching error indicates
that the model does not fully capture ataxic behavior. Certainly, this type of model cannot predict the
higher variability observed in ataxic patients—only systematic biases. It should also be noted that
there is no guarantee that the optimization algorithm found the global optimum. Furthermore, it is
possible that patients may employ a movement strategy other than the straight-line path assumed by
the model. For example, it has been observed that cerebellar subjects tend to segment multi-degree-of-
freedom movements into a series of one-degree-of-freedom movements.17 By design, this particular
strategy cannot be used in this experiment because of the tight time constraint used. Despite these
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limitations, the model is able to prescribe a dynamics perturbation that reduces reaching error to a
substantial degree, even while simultaneously considering its effects in eight directions.

Finally, it appears that subjects with more focal damage were predicted to benefit more from
reaching in an augmented-dynamics environment (i.e. consistent with the inverse internal model
hypothesis) than subjects whose damage was less specific (e.g. Cerebellar 2 with cerebellar trauma).

Hypotheses 2–4 (specifically neglecting velocity-dependent terms, interaction torques, or inertia
anisotropy)
Enforcing the constraints that correspond to Hypotheses 2–4 resulted in simulated reaching
performance that was degraded compared to the original reaches. That is, when the optimization
algorithm was only allowed to consider diagonal mass matrices (Hypothesis 2) or mass matrices that
correspond to isotropic inertia ellipses (Hypotheses 3 and 4), it was unable to find any solution that
improved performance. In fact, all resulted in worse-than-baseline performance. This result suggests
that, even if the cerebellum acts as an inverse internal model, these subjects do not simply neglect
interaction, Coriolis, or centripetal torques or the anisotropic nature of arm inertia during dynamic
motion planning.

Upon closer examination, we can see that Constraint Sets 2 and 4 result in similar constraints, and
therefore, they prescribe similar parameter subspaces for consideration during optimization. Both set
the off-diagonal mass term to zero (b = 0). The difference is that Constraint Set 2 allows the diagonal
terms {a, c} to vary freely, while Constraint Set 4 only allows them to co-vary as equal. The fact that
Constraint Set 2 set d = 0 and Constraint Set 4 allows it to vary is of little consequence because the
velocity-dependent terms have little impact during early movement. It is no great surprise then, that
we find no statistical difference in the optimization outcomes under Constraint Sets 2 and 4.

5. Conclusions and Future Work
We tested four hypotheses about the role of the cerebellum in movement control using recorded
movements and dynamic simulation. Constraint Set 1 (any perturbation to {a, b, c, d} allowed), as
dictated by Hypothesis 1, yielded simulated improvements in reaching performance. This is consistent
with the idea that the cerebellum functions as an internal model for planning movements, and that
damage to the cerebellum results in movements that do not properly account for arm dynamics in a
systematic way. It is therefore possible that with appropriate robotic intervention in place, cerebellar
patients’ movement control might improve. However, the simulations were not able to find any
perturbation to arm dynamics that were predicted to fully remove movement errors, indicating that
our model does not fully describe the role of the cerebellum in movement control. For larger-scale
movements that involve lower-magnitude accelerations, including limb damping and stiffness during
optimization might allow for improved predictive power. One of the challenges in doing so would that,
unlike inertial parameters, damping and stiffness are not deterministically related to arm configuration.
Finding that simulations predict degraded performance under Constraint Sets 2–4 suggests that, even
after cerebellar degeneration, the human motor system is able to account, at least partially, for limb
inertia anisotropy and interaction, Coriolis, and centripetal torques.

We think that an exoskeleton robot could be used actively to change the effective arm dynamics
in accordance with these simulations. More specifically, we expect that augmenting the dynamics of
a subject’s arm to match an errant inverse model would result in control-like reaching behavior. This
would be especially useful because correcting faulty cerebellar patient movements through motor
learning has not been effective.5–8 Our results inspire the design of new rehabilitation strategies
for patients with cerebellar damage using patient-specific augmentations to arm dynamics. Such an
approach is predicted to generally improve reaching performance without requiring a priori knowledge
of the the patients’ intended direction of movement.

We recently used the exoskeleton to apply the optimal augmentation in dynamics to cerebellar
patients.26 As part of that work, we developed control methods that provide high-fidelity inertia
compensation while maintaining safety and controller stability. Preliminary results indicate that this
approach may improve the reaching of some cerebellar patients and not others. Dynamic compensation
appears to be more effective for single-joint movements27 than the planar movements studied here.
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This is underscored by force control results showing that cerebellar patients can control force in a
single degree of freedom more effectively than in two degrees of freedom.28
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