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Using Artificial Demonstrations Emulating Human Movement Variability for
a Learning-based Exoskeleton Flow Controller

Aymeric Orhan |®, Duy Hoang

Abstract— Robotic exoskeletons hold great potential for re-
ducing physical effort and mitigating work-related muscu-
loskeletal disorders. Nevertheless, designing exoskeletons that
assist users without disrupting their natural movement remains
challenging, as these devices must align seamlessly with human
motor intent. Human motor control involves intricate interac-
tions among the nervous system, musculoskeletal system, and
environment, leading to movements that are inherently variable.
This letter introduces a novel approach using a stochastic
optimal control model of human movement to generate syn-
thetic demonstrations preserving this variability, facilitating
training by eliminating the need for real user demonstra-
tions. Using a learning-based method, the human meotion is
predicted in real-time, enabling an adaptive flow controller
to dynamically modulate assistance. Specifically, we increase
assistance during periods of high variability, when users should
tolerate deviations. Experiments with the ABLE7D upper-limb
exoskeleton during reaching movements demonstrated that
this approach effectively increases interaction comfort, and
matches the performance of methods trained on numerous
real demonstrations. Furthermore, our findings indicate that
non-personalized synthetic demonstrations do not compromise
user comfort, supporting the feasibility of a plug-and-play
exoskeleton experience.

I. INTRODUCTION

Exoskeletons have proven to be a promising innovation
for enhancing human movement, delivering notable advan-
tages in various fields, including rehabilitation and medi-
cal applications [1f], workplace ergonomics, and augmented
physical performance [2]. By focusing on specific joints or
muscle groups, these devices can alleviate the physical strain,
lower the risk of musculoskeletal disorders, and boost user
endurance [3]]. Despite these benefits, achieving a seamless
human-exoskeleton interaction remains a critical challenge.
For an exoskeleton to be truly effective, it must provide
assistance in a way that feels natural and unobtrusive to the
human user [4].
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Classical strategies to address this challenge consist of
leveraging physiological recordings from users to predict
their motion intent. Methods such as electroencephalography
(EEG) [5]], electromyography (EMG) [6]], and gaze tracking
[7] have enabled the detection of human motion intent at a
high level. However, these methods typically identify only
broad intents, such as the movement direction or its target
location, which are insufficient for fine-tuning exoskeleton
assistance throughout an entire motion. In cases where
the forthcoming trajectory is not predefined, prediction is
often based on regression using continuous EMG signals
[8]] or kinematic data, as commonly employed in learning-
by-demonstration (LBD) approaches [9]. However, these
methods often require a large amount of movement demon-
strations for their practical implementation.

Recently, a hybrid method has been proposed that inte-
grates state-of-the-art human motor control models, specifi-
cally stochastic optimal feedforward-feedback control theory
[10], to supply probabilistic movement primitives (ProMPs)
[11], a LBD approach, with artificial demonstrations gener-
ated offline [[12]]. This method enables accurate and rapid
online trajectory predictions without requiring an exten-
sive training phase, enhancing the system’s usability for
real-world applications where collecting numerous subject-
specific data is impractical. However, this hybrid method had
not been tested on a real robotic system.

In this paper, we evaluate the performance of a classical
LBD assistive control scheme when using artificial versus
real movement demonstrations as the training dataset. More
precisely, we employ the Flow Controller (FC) from [13],
[14]], which establishes a flow field around a reference tra-
jectory predicted by the LBD framework. Using robotic as-
sistance based on a reference trajectory is a well-established
approach in many exoskeleton control strategies [15]]. The
FC approach introduced by [13]] applies corrective torques
analogous to viscous forces along the flow field surround-
ing the reference trajectory. This method has demonstrated
effectiveness in guiding users while being less resistant to
deviations than earlier methods [|16]], as shown in applications
with lower-limb exoskeletons. The work of [14] extended the
method to upper-limb exoskeletons, showing that dynami-
cally updating the reference trajectory can significantly en-
hance the assistance. Here, our contribution is twofold. First,
we replace real demonstrations by artificial ones to learn the
ProMPs. To preserve the natural variability of human move-
ment, we employ a stochastic optimal control model [10].
Similar to [14]], those demonstrations are used to provide
continuous online predictions. Additionally, we adjust the FC
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Fig. 1. Left panel: Global overview of the methodology. Right panel: comparison of recorded experimental trajectories and artificially-generated trajectories

for the targets in our experiment (mean and std in plain line and shaded area respectively). A notable difference at the end of the movement can be observed,
where participants have a terminal approach strategy to the targets that is not reproduced by the stochastic optimal control model of our hybrid method.
We accommodate this discrepancy in the control strategy by providing a more compliant assistance at the end of the movement.

parameters to leverage knowledge about human movement
variability. Instead of viewing this variability as an obstacle,
we utilize variability information derived from stochastic
optimal control and ProMPs to modulate the flow field
characteristics and the assistive force. In summary, our hybrid
approach introduces a variability-informed, demonstration-
free version of previous LBD assistive schemes based on
FCs.

To test our approach, we conducted an experimental
study involving a reaching task with 11 participants. We
compared the performance of the original FC design from
[14] —utilizing target- and user-specific experimental data
(denoted as ODFC, Original Data FC)— and a version
using artificially generated data based on our hybrid method
(denoted as OHFC, Original Hybrid FC). Additionally, we
tested the variability-informed extension of the FC for both
scenarios, referred to as IDFC (Improved Data FC) and IHFC
(Improved Hybrid FC), respectively. We collected motion-
related data, including EMG measurements of the elbow and
shoulder flexor and extensor muscles, alongside qualitative
feedback from participants.

Results showed that the controllers based on data trained
with artificial trajectory demonstrations matched the per-
formance of those trained with 15 real demonstrations per
target, without compromising the quality or comfort of assis-
tance. Furthermore, incorporating information about human
movement variability in the FC improved user comfort and
assistance. These findings suggest that such a control scheme
free of real demonstrations but efficiently leveraging the
variability of human movement, can offer an effective plug-
and-play solution to assist users during repetitive reaching
movements.

II. MATERIALS AND METHODS
A. Trajectory prediction

Reference trajectories for the FC are derived using
ProMPs, a LBD approach that predicts future motions based
on prior trajectory demonstrations from either the user or a
model. In this study, we extend our previous work presented
in to synthesize artificial trajectories and assess their
influence on the quality of human-exoskeleton interaction in
comparison to real trajectory demonstrations. This sections
introduces the framework for artificial data generation. An
outline of the overall method can be found in Fig. [T}

Artificial Trajectory Generation. Artificial data are gen-
erated using a model of human motor control, namely the
stochastic optimal feedforward-feedback control model [10].
This method aims at replicating the mean human trajectories
and their variability in reaching tasks. The mean trajectories
result from an optimal feedforward control minimizing a
composite cost function incorporating energy expenditure,
joint acceleration, and a cost of time , . The variance
of trajectories is simulated by considering the effects of
sensorimotor noise (modeled as Gaussian processes). To this
aim, a locally-optimal feedback control minimizing task-
related errors and corrective effort is used. In this task,
the human arm is modeled as a two-joint rigid body with
shoulder and elbow flexion/extension angles ¢; and gs. The
upper-arm and forearm have lengths, masses, and inertia
(ll,m1,11) and (lg,mg,IQ), with total length L = l1 + lo.
Using Lagrangian mechanics, the arm dynamics are classi-
cally modeled as:

T=MI(q)G+C(q,9)q + G(q) + Fq, (1)

where T = (71, 72) and ¢ = (¢1, g2) are the torque and joint
angle vectors. M,C, G, and F represent the inertia matrix,
Coriolis/centripetal matrix, gravitational vector, and damping
matrix, respectively. Furthermore, a smooth torque produc-
tion is ensured by modeling torque as a twice-differentiable



function of time [17]] by setting the motor command u as:
T =u. )

Afterwards, the dynamics were discretized using the explicit
Euler’s scheme.

Deterministic Feedforward Optimal Control. The mean
trajectories are generated by solving a discrete-time optimal
control (OC) problems that minimize the cost function Cg
described by Eq. [3] under dynamical constraints given by

Eqs. [TH2] [17]):
T-1

Cr = Z a1q) Gy +as (|guims
=0

+ |do,eT2,t]) + 3)

a3
14¢t
where ( is a cost-of-time parameter taken from [18]] ((=4.3)
and T is the number of time steps. This cost function
combines energy expenditure, joint acceleration and time
objectives, weighted by factors (;)icq1,2,37 derived from
prior studies [[12]], without subject-specific adjustments. Hard
constraints for the initial and final states (at timestep 1)
were considered as well as state/control constraints for
biological plausibility (see supplementary material of [17]).
The system’s state is defined as « = (q,q, 7, 7).

The discrete-time control problem is converted into a non-
linear programming problem and solved using the CasADI
software [[19] with the IPOPT solver [20]. At this stage,
we obtain (@, &), the mean state trajectory and control for
each reaching movement. The generated trajectories serve
as motion plans, around which human variability is modeled
using a linear-quadratic-Gaussian (LQG) approach [10], [21].

Stochastic Locally-Optimal Feedback Control. To in-
corporate variability and generate human-like trajectories,
noise in motor commands and sensory feedback are modeled
as Gaussian disturbances. Locally-optimal feedback control,
effective in the vicinity of the nominal trajectory, corrects
task-relevant deviations as described below.

We assume that the sensorimotor system follows the
following stochastic difference equation:

Tip1 = [, we) + G(uy)§,

4)
Yy =g(xe) + 1y (

where x; is the stochastic state, f is the deterministic
dynamics of Egs.[T}f2] and G models the dynamical effects of
motor noise. The sensory feedback y, is given by the output
function g that defines how the actual state is observed and
will be defined later. The noise terms &, and n, are i.i.d. zero-
mean Gaussian variables representing motor and observation
noise, respectively.

The matrix G captures both additive and multiplicative
noise in the motor command. Thus, we assume that the motor
noise acts at the control level w, with additive components
o = (01,02) and multiplicative components A = (A1, A2),
for the elbow and shoulder respectively.

Assuming feedback control keeps the system near the
planned trajectory, we linearized it around (@, Z) to formu-
late the LQG problem.

By defining
oxy =, — Ty , Oup = Uy — Uy
of of Jg ()
A= — , = = d C;=—-—">
¢ 0x |z, 4, ou |z, uran k ox |z,

and setting G; = G(;), the linearized system becomes:

6$t+1 = At5$t + Btéut + Gtst

(6)
0y, = Cioxzy +my

Together with a quadratic cost Ch, this forms a tractable
LQG problem for computing the locally-optimal feedback
control that corrects task-relevant errors (i.e. deviations that
threaten task success). The feedback cost function is defined
as:

T-1
C’ﬂ)(c?uo:T) =E 5.’1};Q 538T + Z 5utT5ut (7)
t=0

where Q@ = pdiag(1,1,0,0,0,0) as in [10], penalizing
only the final arm posture. The parameter p controls final
accuracy, influencing the optimal feedback gain K; which is
such that du; = — K;0Z; with 6Z; the optimal state estimate
[21]). Since Cf, minimizes effort and reach errors, corrections
adhere to the minimum intervention principle [22].

For the state estimation, we assume that we observe the
full state (i.e., joint positions, velocities, torques, and torque
changes) as in [10], setting g(x) = « so that C; = I.
The optimal state estimate &, is obtained via a Kalman filter
with gain L;. The LQG solution can be found in standard
textbooks and in [21].

The resulting variability pattern of this model captures the
natural variability of human movement trajectories, enhanc-
ing the biomimicry of the artificial demonstrations at both
the average behavior and trial-to-trial variation levels. For
illustration purposes, recorded and generated data for our
experimental task are shown in Fig.

ProMP Encoding and Prediction. ProMPs [11] are
employed to encode both demonstrated and artificial tra-
jectories into a probabilistic framework. The trajectories
are represented as weight vectors associated with Gaussian
basis functions in the task space. Observations of partial
movements are used to condition the learned distribution,
enabling real-time prediction of the remaining trajectory.
The prediction is updated continuously at 20 Hz during the
assistive task, ensuring responsiveness to user movements as
in [14].

B. Adaptive Flow Controller

Our controller design is derived from the FC presented
in [13], [14]. This controller defines the assistance from a
flow field that is shaped from a reference trajectory. We used
the same formulation as in [[13]], [[14], but used variability
information to dynamically adjust the flow controller during
the movement execution, as proposed/described below.

Let us denote the current position in the cartesian space as
Pet = (Ui, 2¢) at timestep ¢ € {0,1,...,T} during a trajec-
tory. The reference trajectory is obtained using the ProMPs
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Fig. 2. Flow field representation for target 2 (7%) illustrates our proposed
improvement. The controller’s compliance is particularly evident in the early
and late phases of the movement. This dynamic compliance results from the
field being continuously adjusted during assistance, driven by updates to the
reference trajectory using the predictions.

prediction. The reference position p,.s,; corresponding to
Pt is then defined as the closest point to the current
position, in the Cartesian space of the reference trajectory.
The corresponding phase is thus taken as the current phase
(the normalized time, denoted by T) of the movement. For
this section, we alleviate the notation and omit the time/phase
dependence. The Cartesian error vector is then defined with
€ = DPref — DPec-

The normalized tangent t and normal n vectors at point
Prey of the current ProMP distribution, are respectively
denoted by t and n. This tangent vector and n, the normal
vector to the reference trajectory at p,.s, are used to define
another normal vector ni that, when placed at p., points
towards the reference trajectory:

. {—n if 6 < 90°
n-—
n

else
where 6 is the angle between e and the normal to the curve.
The equation of the flow field is then defined by the
field’s velocity v,.y as a compromise between a tangential
and normal component, i.e. an assistive and a corrective
component using these vectors:

®)

(le|a+72tt)
|(eln+ et
Tt for |e| < 1le™5

for |e| > 1e™5

©))

Vyef =

where Y and Ky are two scalars defining respectively the
magnitude of the velocity and the compromise between the
assistive and corrective repartition of the assistance along
the tangential and normal vector previously defined. The
threshold for |e]| is set as in [[14].

We dynamically modify the parameters Y and K, of the
FC along the phase of the movement according to velocity
profiles and human variability information obtained from
demonstrations (either experimental or artificial).

The parameter Ky, is inversely proportional to the correc-
tiveness of the controller. When K, is high, the assistance
is slightly corrective whereas if K is low, the assistance
is highly corrective. We also posit that when variability is

high we can increase the correctiveness of our assistance as
the user will be more likely to accept deviations from the
trajectory.

More precisely, we define K using two empirical con-
stants. These values, M, and m,,,, correspond respectively
to the maximum and the minimum of standard deviation
measured from the demonstrations. Similarly, we denote v
as the standard deviation value at the current phase. We then
define K, as a remapping of these values between chosen
K, bounds: [5e~2,5e72] (m?), tuned by hand in during
preliminary trials.

4.5¢72(v — Myar)

K, = 5e73 +
Mvar — Myar

(10)

However this definition can lead to highly corrective
assistance at the start and end of the movement which can
lead to high resistance for the user if its actual intent and our
prediction diverge. To counter this effect we set K, equal to
8e~2m? when the phase is lower than 0.1 or higher than 0.9.
This way 10% of the assistance at the beginning and at the
end is hard-coded to ensure a compliant assistance to user
intent. Fuzzy logic functions are used to smoothly transition
out and in of those regions.

The parameter Y corresponds directly to the magnitude
of the flow field’s reference velocity as defined by equation
(). More concretely, Y defines the exoskeleton’s hand target
velocity value. In this work, the preferred human velocity is
considered at each motion phase rather than the maximum
value of velocity to modulate our assistance. Two values are
used to define Y: V;, and VM, respectively the mean and
maximum velocity observed at the current timestep of the
movement in the demonstrations. Y is then defined at the
timestep ¢ with the following equation:

T
Te=Vit > (W Vi) (1n
The first component of the equation (TI)) mimics the mean
behavior of the user while the second component ensures the
assistive capacity of the robot since the reference velocity is
always greater than the human velocity.

Once the flow field is defined, the assistive force of the
exoskeleton is set as a force due to drag applied by a viscous
fluid on an immersed symmetric body:

F, = Od'r'ug (V'r'ef - Vc) (12)

where v, is the current hand velocity vector, estimated with
the exoskeleton’s incremental encoders and Cgyq4 is the drag
coefficient set equal to 20Ns/m as in [|14]. The assistive force
F, was updated at a frequency of 1Khz for all conditions.
A representation of the flow field with these definitions of
T and K, can be found in Fig.

In the original flow controller formulated in [14]], a 250ms
waiting period after movement onset is used before activation
of the assistance in an attempt to not disturb the movement.
Our modulation of ¥ and K, allowed us to eliminate
this waiting period in our proposed improvement while still
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Fig. 3. Experimental setup. Participants started their reaching movements
at the initial position to a given target, starting the assistance with the control
buttons. Note that 73 has been slid back in this picture to free the workspace
of any visual obstacle for the participant for reaching movements towards
Ty.

offering a compliant albeit low assistance in the beginning
of the movement.

C. Experimental Design

To evaluate the performance of our dynamic FC we con-
ducted an experiment with 11 participants. In the following
section we describe the experimental design and protocol.

Task: The experiment was divided in 5 blocks. During the
first block participants were asked to perform 15 reaching
movements towards targets in front of them as shown in
Fig. 3] The demonstrations obtained were then used to train
ProMPs distribution for each target and used for predicting
upcoming movements with the ODFC and [DFC as explained
in II.A. The 4 other blocks were conducted in a random order
for each participant. They consisted of performing the same
reaching movements with the ODFC, OHFC, IDFC or IHFC.
After each of these 4 blocks we collected the participants
qualitative results using a survey, described in III.A, and a
NASA-TLX questionnaire. Participants remained unaware of
the nature and of which assistive mode they were evaluating
until the experiment was completely finished.

Participants: Eleven healthy young adults (3 Females)
participated in the experiment. The participants, with a mean
age of 29.91 £ 2.39 years, mean height of 1.75 £ 0.1m,
and mean weight of 67.09 £ 12.27kg, were right-handed
adults without any known neurological disorders or injuries
that could have affected the experiment. Written informed
consent was obtained from all participants in accordance with
the Helsinki declaration, and the protocol was approved by
the local ethical committee for research.

Q2 : assistance

—eo— |HFC
—e— [DFC

OHFC
—e— ODFC

Q3 : resistance

Q1 : comfort

Q4 : freedom
Q5 : precision

Fig. 4. Qualitative results to the questionnaire (mean+std for each question).

Data Collection: The reaching task was performed while
wearing a backdrivable robotic exoskeleton for the upper
limb (ABLE, [23])). This exoskeleton features seven active
joints, three replicating the human gleno-humeral joint, one
emulating human elbow flexion/extension and three recreat-
ing the radiocarpal joint. Movements were measured using
the internal encoders of the exoskeleton worn by participants
at a frequency of 1 kHz. We measured the EMG signals
of 6 muscles responsible for shoulder and elbow flexion
and extension: the posterior and anterior deltoids, the lateral
and long-head triceps, the biceps and the brachioradialis.
The EMG sensors were placed according to the SENIAM
recommendations [24].

III. RESULTS
A. Qualitative Results

Participants’ subjective feedback on each assistive mode
was assessed using a S-point Likert scale, ranging from
strongly disagree (0) to strongly agree (5). Five statements
were evaluated by the participants:

e QI: Achieving the task was comfortable.

e Q2: The robot assisted me in accomplishing the task.
e Q3: The robot did not resist my movement.

o Q4: 1 felt free to execute my movement as I wanted to.
e Q5: I could accurately reach the target.

As stated in section II.C we additionally estimated the phys-
ical exertion of participants after each experimental block
using a NASA TLX questionnaire. To limit desirability bias
[25], participants were asked to give an immediate answer
and that there was no right or wrong answer, they could
also give us written or additional remarks. Furthermore, the
experiment occurred in full anonymity. This questionnaire
has already been used in the field exoskeleton upper-limb
assistance [26] and as such allows comparisons with other
control mode in the literature. We go into further detail in the
analysis of this questionnaire’s results than the NASA TLX
questionnaire as it is more relevant to our field of study and
provides a clearer idea of the participant’s feedback.
Results to the Likert-scale questionnaire are shown in
Fig. @] A statistical analysis was conducted and statistical



significance (p < 0.05). A Shapiro-Wilk test was first real-
ized and revealed that the data distribution was not normal
after which we conducted a Wilcoxon-Nemenyi test on each
question for each assistive mode to assess significance. A
statistical significance was established for questions 4 and
5 (p = 0.0260 and p = 0.0235) between the IHFC and

. Statistical significance between improved and original
control mode was established for all questions. No statistical
significance was established on any question between the

and ODFC conditions.

Similarly we conducted a statistical with the same pro-
cedure for the NASA TLX weighted ratings results. We
established statistical significance between improved (IHFC:
27.76+14.90 and : 33.18+16.11) and original (

49.73 +15.59 and ODFC: 52.82 4 14.45) controller modes.
No statistical significance was found between IHFC and
, hor between and ODFC.

Generally participants expressed a strong preference for
our proposed enhanced mode. Although the results show no
difference between and ODFC, participants expressed
a preference for the ODFC mode. Interestingly, a majority
also expressed a preference for the IHFC condition over the

condition and also overall. We believe that this is due
to the size of the artificial datasets (1000 trajectories) that
produces higher variability than the experimental ones (15
to 20 movements), making for a stronger (a fast movement
systematically exists in the dataset) and more adaptive (due to
increased variability) assistance with our design. One could
also argue that demonstrated movements in transparent mode
tend to be slowed down from actual natural movements as
studied in [26], which led to a weaker assistance with our
design due to the definition of Y.

B. Quantitative Results

Impact on movement kinematics. A significant alteration
in movement kinematics was observed, as illustrated in Fig.
(] and Fig. [7} This outcome is expected, as the target speed
of the assistance is considerably higher than the participants’
average natural movement speed, due to the definition of the
T parameter in the FC design. Consequently, the duration of
movements, shown in Fig. |§|, was also affected, with a sta-
tistically significant difference noted between the transparent
mode and the four assistive modes. Additionally, the RMS
of the assistive force from the exoskeleton for each control
mode is presented in Fig. [6]

Impact on muscle activation and co-contraction. The
difference of movement duration and speed between the
transparent and assistive modes makes the comparison of
muscle activation with EMG signals hard to compare as
shown in [27]], [28]. However, they can be used to compare
the impact of each assistive mode on muscle activations as
movement duration and speed variations across these are
not statistically significant (according to a Friedman and
subsequent Wilcoxon-Nemenyi test). We show in Fig. [§] the
muscle activation results for the assistive modes.

Statistical analysis was performed to identify significant
differences between control conditions. A significant main

ODFC IDFC IHFC

Work space T

0.4 0.5 0.6 0.4 0.5 0.6 0.4 0.5 0.6 0.4 0.5 0.6
v (m) v (m) v (m) v (m)

Fig. 5. Cartesian movements for each target and assistive condition, across
all participants (mean and std in plain line and shaded area respectively).
The impact of the used demonstrations shown in fig |I| is clearly visible.
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Fig. 6. Left panel : Movement duration. Right Panel : Assistive force.

Both metrics for all assistive conditions and transparent mode as well for
movement duration, for the four targets across all participants. Legend is
identical as Fig. [7}

[A]3
EEm ODFC
—
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~_Q{ EE IDFC
I . [HFC

[ Trans

=1
o

0 T1 TZ T3 T4 Tl T2 T3 T-1

Fig. 7. Peak velocity (panel A) and peak acceleration (panel B) for all
assistive condition and transparent mode. Note a clear augmentation for all
assistive mode compared to the transparent mode.

effect was observed for elbow flexors (Q = 48.41,;p =
7.1071%) and elbow extensors (Q = 36.29,;p = 3.1077).
For elbow flexors, ODFC and elicited significantly
higher muscle activity compared to and THFC (p <
0.006). However, no significant difference was found be-
tween ODFC and , Or between and THFC.

We computed a co-contraction index as defined in [29].
The results for this index for the elbow and shoulder across
all participants and assistive mode is shown in Fig. [0] We
conducted a statistical analysis that established a significant
reduction of muscle co-contraction for both joints between
the original and improved FC. No significant difference was
found between hybrid and experimental data trained assis-
tive modes. We observed a statistically significant increase
between the transparent mode and the assistive mode for the
shoulder but not for the elbow.

C. Discussion

What is the impact of using artificially generated data?
Quantitative results showed no difference between training
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Fig. 9. Measured co-contraction of the shoulder and elbow muscles for
all assistive condition and transparent mode across all participants. Legend
is identical as Fig.[7]

the ProMPs prediction method with experimental or artificial
data. However, we reported a better performance for the
artificially trained FC in the qualitative analyses regarding
the feeling of freedom and accuracy, and no difference in the
rest of the items. Nevertheless, the artificial data generation
is limited by the necessity of tailoring the cost function to the
task at hand. The present task was previously investigated in
[17] so a good knowledge of a plausible cost function was
available. Although inverse optimal control (as in [17]) can
be used for this purpose, this would require real movement
demonstrations. In the future, it would be interesting to
test our method with subject-specific cost functions and for
a more diverse set of movements, but the present results
suggest that a generic cost function could be sufficient to
provide an effective and comfortable assistance if the human
movement variability is considered.

What is the impact of modulating the assistance
according to movement variability? We demonstrated that
modulating the assistance based on human movement vari-
ability significantly improved the FC. Stronger corrective
assistance was applied in regions of high variability, leading
to smoother interactions and minimizing the exoskeleton’s
resistance by accommodating better user habits. While the

assistive force (see Fig. [6) is lower with this approach, it
helps mitigate adverse effects, such as increased user stiff-
ness. Evidence of reduced muscle activation (Fig. [8) and co-
contraction (Fig. [9) supports this conclusion. Our variability-
informed design thus offers a more comfortable interaction
than classical methods but still requires comparison with
approaches. Interestingly, the present trajectory prediction
could be combined with more advanced control schemes
such as those based on differential game theory [30].

IV. CONCLUSION

Recent approaches in upper-limb exoskeleton control have
focused on designing non-invasive approaches relying on
prediction of human motion intent [4]]. Although the absence
of bio-information inevitably limits movement prediction
capabilities, efficient and comfortable assistance have still
been successfully achieved, especially in repetitive tasks
when human movement demonstrations are available [13]],
[14], [16].

Some techniques integrate human movement variability
[14]], [31], which can enhance human-robot interaction [[14].
Here, we leveraged this information to modulate upper-limb
exoskeleton assistance via an adaptive flow controller. Our
results suggest that considering movement variability im-
proves interaction, reducing the adversarial effects of robotic
assistance, as shown by decreased muscle co-contraction.

However, these types of approaches are still constraining
in many regards, mainly due to their lack of generality
and the necessary training period. Whereas these drawbacks
might be acceptable in rehabilitation settings, they constitute
important limits for an actual use in an industrial setting.
Here, we have proposed a hybrid approach to replace real
user demonstrations by stochastic optimal control simu-
lations retaining the human variability that is crucial to
learning-by-demonstration methods, which themselves pro-
vide online usability.

Further work could extend our approach to situations
where the controller is not informed about which particular
target the user wants to reach, so as to increase the usability
and generality of our approach. In such cases, one could use
classification strategies that have been recently developed
using ProMPs [31] to infer the user’s goal and associated
trajectory.

Overall, our approach could enhance the interaction be-
tween the exoskeleton and the user without requiring real
demonstrations, providing seamless and efficient assistance.
This could facilitate the practical use of assistive exoskele-
tons in demanding industrial environments by eliminating the
need for time-consuming training periods.
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