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Abstract

Exoskeletons have the potential to significantly reduce users’ physical effort and
decrease the risk of work-related musculoskeletal disorders by providing robotic
assistance. Human motor control is governed by a complex interaction between
the central nervous system, the musculoskeletal system and the environment,
generally leading to relatively fast, precise, smooth, and efficient movements. As
a result, designing exoskeletons that provide assistance without being perceived
as disruptive is challenging; they must be capable of predicting and adapting
smoothly to the user’s intended movements. In this paper, we propose leverag-
ing the inherent variability in human movement to enhance the acceptability and
comfort of upper-limb exoskeleton assistance. For that purpose, we use demon-
strations from the human user and an online prediction method to infer their
trajectory continuously, and we use an adaptive flow controller to adjust the
assistance accordingly. We then increase the level of guidance and reduce cor-
rectivity of the exoskeleton when the users normally exhibit high variability,
taking advantage of the higher tolerance to deviations from the planned trajec-
tory in these phases to provide a stronger guidance while accommodating these
deviations with higher compliance. Our approach was tested with the ABLE7D
upper-limb exoskeleton during reaching tasks. The results demonstrate that our
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method can effectively reduce the user’s physical effort, notably by lowering mus-
cle co-contractions, compared to a classical data-based solution, while providing
a comfortable level of assistance.

1 Introduction

Exoskeletons have emerged as a promising solution for assisting human movement,
offering significant benefits across a range of applications, from rehabilitation and med-
ical support [1] to workplace ergonomics and enhanced physical performance [2], [3]. By
providing targeted support to specific joints or muscle groups, exoskeletons can reduce
the physical strain, mitigate the risk of musculoskeletal disorders, and improve overall
user endurance [4]. However, despite these advantages, achieving seamless integration
between an exoskeleton and its user is a significant challenge [5]. For an exoskeleton
to be truly effective, it must not only assist movement but do so in a manner that
feels natural and unobtrusive to the user [6].

A common approach to tackle this problem is to leverage physiological recordings of
the users to predict his intent. Using technology such as electroencephalography (EEG)
[7], electromyography (EMG) [8], or gaze [9], has allowed the detection of human
motion intent at a high level. However, these classification methods typically yield
only high-level intents, such as the desired direction or target of movement, which are
insufficient for optimizing the exoskeleton’s assistance throughout the entire motion.
Conversely, when the upcoming trajectory is not predetermined (unlike in [10], [11]),
its prediction is often carried out by regressing from continuous EMG measurements
[12], [13], or from kinematic data, as it is commonly done in learning-by-demonstration
(LbD) approaches [14], [15].

In this study we use such an LbD approach, namely Probabilitic Movement Prim-
itives (ProMPs) [16]. This method stems from the idea of Movement Primitives [17].
This theory posits that complex movements are executed by combining motion prim-
itives, i.e. synchronizing and modulating simpler actions [18]. ProMPs enable the
encoding of joint coupling, temporal scaling and include a representation of variability
in their formulation. ProMPs have already been applied to robotic upper-limb assis-
tance in the work of [19] with a velocity-based Flow Controller (FC) based on the
work of [20]. This FC defines a flow field around a reference trajectory, that is in this
case the movement prediction.

Robotic assistance around a reference trajectory for physical human-robot interac-
tion is a common approach that has been used in many exoskeleton control strategies
[21]-[28]. This FC approach introduced by [20] applies corrective torques matching a
viscous force in the direction of the flow field built around the reference trajectory. It
has been shown that this approach can effectively guide the user while being less resis-
tive to deviations than previous attempts (e.g., [29], [30]) with a lower-limb exoskeleton
and path control approaches. The work in [19] extended the approach to an upper-limb



exoskeleton and showed that updating the reference trajectory online using ProMPs
can effectively help provide a more comfortable interaction. Our approach follows these
lines but seeks to improve the FC by tuning its parameters according to the human
movement characteristics. In particular, an assistive robot should be more compliant
to deviations around the reference trajectory when the variability of natural human
movement is large [31], along with accommodating this characteristic, we also increase
the guidance of the assistance in these high variability regions to leverage the natural
high tolerance to deviations from the planned trajectory of the user.

In this paper, we thus leverage the information on variability issued from ProMPs
to modulate the flow field and assistive force of the FC. Therefore, the variability
of the user’s demonstrations is exploited to enhance the trade-off between guidance
and correction throughout the motion. To evaluate our approach we conducted an
experimental study with the upper-limb ABLE exoskeleton to assist participants in
a reaching task. We compared the performance of our assistance (henceforth denoted
as , for Variability Informed FC) with the original FC design in [19], using
target and user-specific experimental data (denoted as OFC, for Original FC). We
collected motion-related information including EMG measurement of the elbow’s and
shoulder’s flexor and extensor muscles and the exoskeleton’s kinematics. Addition-
ally, we gathered the qualitative feedback from the users with a questionnaire and a
NASA-TLX survey [32]. Using these measurements, we show that adapting a robotic
assistance according to human motion variability information can help to provide a
more comfortable interaction.

2 Materials and Methods

2.1 Trajectory prediction

The reference trajectory around which the assistance is built must represent the user
intent as best as possible so that the interaction between the user and the exoskeleton
is as seamless as possible. As mentioned in the introduction we used ProMPs [16] to
obtain prediction of upcoming movements that we can use as reference trajectory.

ProMPs is a data-based method that can learn a distribution over discrete-time
trajectories [16]. It is data-based in the sense that demonstrations are needed in order
to learn such a distribution. Then, predictions about the upcoming trajectory can be
obtained at low computational cost by conditioning the distribution with an observa-
tion. In this section we introduce the ProMPs framework as defined by [16], expressed
in discrete time for 2 joints as in [33].

1) Temporal scaling : To achieve temporal modulation or scaling, a phase variable
1(t) is introduced. This parameter can be set as any function monotically increasing
with ¢ [16]. In this paper, we defined T(t) = %, with 7" the final timestep. We simplify
the phase dependency notation for any function in the following fashion: T := T(¢).
This temporal scaling is inherent to ProMPs formulation, necessary to ensure a correct
encoding of time-related characteristics in the space of representation of the method
(the weights vectors space).



2) Encoding trajectories: The method of ProMPs encodes trajectories using basis
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functions. Here we used Gaussian functions b;; = exp(—(ﬂr;fcf)) with ¢; the i-th
1

Gaussian basis function center parameter and 1; the i-th Gaussian basis function width

parameter for the i-th basis function. These functions are classically used for point-

to-point movements in a joint-level formulation [16]. We define the i-th basis function

for a joint j position at timestep t as:

. b+
i 7,
bit = i (1)
Z bf bk P
For our usage of these functions each width 1; is set as a constant:
L =1= —m, where o is an overlap parameter set to o = 0.7 and nyy is the

number of basis functions (set to 30 in this study as in [19], a choice motivated as it
allows good reconstruction precision while being computationally efficient). Similarly,
we set each ¢; so that functions are uniformally distributed along an extension of the
phase domain [-21;1 + 21, i.e. ¢i41 —¢; = 1/npe (for ¢ < nyg) as in [34].

The npe-dimensional vector ¢;, is defined as the concatenation of these basis
functions: ¢, = ['¢j,...,"">f ¢;]. We then define the correbponding basis function
matrix for a joint j p051t10n and velocity at timestep t as ®,;; = [¢J t (7-’7] ;] € Rbfx2

and the block diagonal matrix of basis function ¥; = blkdlag('bu7 'I>27t) € R** 2Nt
defined for both joints. We can extend this matrix to include all time steps by vertical
concatenation as Wo.r = [¥) - W |7 € RUTFUX2Mbt Let us define the arm joint
position and velocity as Ty = [q1.4,d1.4,q24,G24] € R%L The full trajectory can
be represented through vertical concatenation as the vector I'p.r = [I‘(—)r e I‘—TF]T
RYT+1D | Then, the trajectory of the 2-dof arm can be completely represented via a
2np¢-dimensional weight vector w € R?"bf | This representation is given at each time
step by the relation:
I‘t \Ilt’UJ + €r (2)

with er ~ M (0, Xr) i.i.d Gaussian noise.

The probability of observing a trajectory I'g.r can then be expressed using the
weight vector w:

T
p(To.r|w) = [[ V(T4 ®,w, Br). (3)
t=0
To determine the weight vector in this framework from one demonstrated trajec-
tory, we can use a regression method. In this work we used the ordinary least square
(OLS) method as in [19], here written for the trajectory T'g.7:

w = (V. Por + )"0 Tor (4)

with A = 1072 a regularization parameter taken from [19].
The variability of human movement is captured by expressing the weight vector w
as a Gaussian distribution p(w; p,,, 3.,). Then, the mean and covariance parameters



can be estimated from several demonstrations as follows:

1M
Koy = Mzwi’

=1

M
1 T
DI M—_1 ;(wl - ll’w)(wl - p’w)

where M is the number of demonstrations and w; is the weight computed for the *"
trajectory using equation (4).

3) Inferring a trajectory from an observation: Once the distribution p(w; p,,, X.,)
has been learned from demonstrations, it can be used to infer trajectory. Let A,?bs =
{r¢Ps 329251 denote an observation of a partial movement. We can use Bayes theorem
on the learned theorem with this observation so as to condition the distribution
in the following fashion: p(w|A™) o N(T9|®,w, 2" )p(w). This conditioned
distribution of w by A¢"® is Gaussian and given by the following mean and covariance:

“ T bs
Hw:/’l’w—’_xw‘llt St(r(t) b_‘Ilt“‘w)? (6)
$,=3,-%,9/5¥3,
where S; = (Z¢P° + ¥, 3, ¥, )1

The prediction I‘gf;d can then be computed by weighting the basis functions with
the mean of this conditioned distribution:

I‘g:r;d = \IIOZT[)’U)' (7)

During the assistive trials the prediction was updated at a frequency of 20Hz for
the first 40% of the trajectories as in [19]. After 40% of the trajectory, the prediction
is generally accurate enough for the rest of the trajectory and stopping the trajectory
update results in a better task success likelihood. This threshold is estimated with

phase T as described in 2.2. Fig. 1 shows typical prediction adjustement during an
assistive trial.

2.2 Flow Controller

Our controller design is derived from the FC presented in [19], [20]. This controller
defines the assistance from a flow field that is shaped from a reference trajectory.
We used the same formulation as in [19], [20], but used variability information to
dynamically adjust the FC during the movement execution, as proposed/described
below.

Let us denote the current position in the cartesian space as pe: = [y, 2] at
timestep ¢ € {0,1,..., N} during a trajectory. The reference trajectory is obtained
using the ProMPs prediction as introduced in 2.1. The reference position pyeys: cor-
responding to p. ¢ is then defined as the closest point to the current position in the
cartesian space on the reference trajectory. The corresponding phase is thus taken for
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Fig. 1 panel A: trajectory prediction online updating during the movement with ProMPs. Panel B:
depiction of the vectors for an abstract trajectory used to define the flow field as detailed in II.B.
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Fig. 2 Left panel: Flow field representation for target 4 (T4) with our proposed improvement. The
controller compliance in the early and late phase of the movement can be clearly observed. Note that
the field is modified during the assistance due to the updating of the reference trajectory using the
predictions. Right Panel: K ; and T modulation along the phase of the movement for T}.

current phase of the movement. For this section we alleviate the notation with the
following for all dependence to the timestep: y; = y. And the error vector is defined
with e = pref — Pe-

The normalized tangent t and normal n vectors at point p,.y of the current ProMP
distribution, are respectively denoted t and n. This tangent vector and the normal
vector to the reference trajectory n at p,.y are used to define a normal vector to the



reference trajectory pointing towards the reference trajectory fi when placed at p.:

(8)

. { —n if § < 90°
n—

n else
where 6 is the angle between e and the normal to the curve. A representation of these
vector is given in Fig. 1.

The equation of the flow field is then defined as a compromise between a tangential
and normal component, i.e. a guiding and a corrective component using these vectors,
the speed at the current position of the flow field is expressed with vi..s:

fit Esh
(\e|n+7}‘(e‘t) for |€| > 1675
Vief =4 I(elat 5epe)] =

Tt for |e| < 1le™

(9)

where T and K are two scalars defining respectively the magnitude of the velocity
and the compromise between the guiding and corrective repartition of the assistance
along the tangential and normal vector previously defined. The guidance imposed by
the field corresponds to v,.s along the t vector, and the correction to v,.s along i.
Note that both are conditioned by the magnitude of the field Y.

Our contribution to the design of the FC consists in dynamically modifying the
controller parameters T and K, along the phase of the movement according to veloc-
ity profiles and human variability information obtained from demonstrations encoded
in ProMPs.

The parameter K, is inversely proportional to the correctiveness of the controller.
When K is high, the assistance is slightly corrective whereas if K is low, the
assistance is highly corrective. We posit that when variability is high we can increase
the guidance and magnitude of our assistance (resulting in a decrease of correctiveness)
as the user will be more likely to accept deviations from the planned trajectory that
the stronger assistance may create.

Precisely we define K using two empirical constants. These values, M., and
Myar 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 of the ProMPs encoded demonstration dataset. Note that
this value is constant throughout trials towards the same target at the same phases as
it is independent of trajectory predictions updates. Using the updated ProMPs distri-
bution’s variance to define this parameter would entail an undesirable and erroneous
bias of this value as the variability of the conditioned distribution is null at the con-
ditioned points. We then define K as a remapping of these values between chosen
K, bounds: [5e~3,5¢72] (in m?):

4.5¢72(v — Myar)

Mvar — Myar

Ko, = 5e73 + (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 8¢~2m? when
the phase is lower than 0.1 or higher than 0.9. This way 10% of the movement 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.
Fig. 2 shows how K typically behaves during a movement and the ensuing effect on
the flow field definition.

The parameter T corresponds directly to the magnitude of the flow field’s reference
velocity as defined by equation (9). More concretely, T 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.
Using Vi and VM which represent respectively the mean and maximum velocity
observed at the current timestep of the movement in the demonstrations to define Y.
T is then computed at the timestep ¢ € [0, N] with the following equation:

N

~ 1 N
Y=Vt > VM-V 11
t t+N+1k:0(k %) (11)

The first component of equation (11) 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 the
force applied by a viscous fluid on an immersed symmetric body due to drag:

F, = Cdrag(vref - Vc) (12>
where v, is the current hand velocity vector, estimated with the exoskeleton’s incre-
mental encoders and Cyrq4 is the drag coefficient set equal to 20Ns/m as in [19]. The
assistive force F, was updated at a frequency of 1Khz for all conditions.

In the original FC formulated in [19], 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 T and K, allowed us to eliminate this waiting period
in our proposed improvement while still offering a compliant albeit low assistance in
the beginning of the movement.

The online implementation of our method was successfully implemented at a fre-
quency of 1 kHz for both prediction and assistance calculations, indicating real-time
capability. We set the prediction update at a 20 Hz rate, a choice similar to [19] made
to ensure responsive but stable assistive behaviour as updating the reference trajec-
tory at a higher frequency could lead to an over compliant assistance with no task
success guarantee as the assistive force will always be tangent to the movement.

2.3 Experimental Design

To evaluate the performance of our variability informed FC an experiment has been
conducted with 11 participants. In the following section the experimental design and
protocol are described.
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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 in this picture 77 was
slided backwards to free the workspace for reaching movements toward Tj.

Task The experiment was divided into 3 blocks. During the first block partici-
pants were asked to perform 15 reaching movements towards targets in front of them
as shown in Fig. 3 (four targets denoted as T7,7T»,T3 and T4). The demonstrations
obtained were then used to train ProMPs distribution for each target and used for pre-
dicting upcoming movements as explained in 2.1. The 2 other blocks were conducted
in a random order for each participants. They consisted of performing the same reach-
ing movements with an assistance defined using the OFC or the VII'C. Directly after
each of these blocks we collected the participants qualitative results using a survey,
described in section 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 Female) participated in the exper-
iment. 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.

Data Collection. The reaching task was performed while wearing a backdrivable
robotic exoskeleton for the upper limb (ABLE, [35], [36]). This exoskeleton features
seven active joints, three replicating the human gleno-humeral joint, one emulating
human elbow flexion/extension and three recreating the radiocarpal joint. Movements
were measured using the internal encoders of the exoskeleton worn by participants



Q2 : assistance

—e— VIFC
—e— OFC

Q3 : resistance

Q1 : comfort

Q4 : freedom
Q5 : precision

Fig. 4 Qualitative results to the questionnaire (mean+std for each question).
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Fig. 5 Qualitative results to the NASA-TLX survey (weighted ratings and relative difference between
those ratings). The relatively large variance in results concerning the NASA TLX likely stems from
the large variability of biologic profiles in participants. Note that the difference between these two
ratings (OFC - VIFC) is always positive, indicating that VIFC was always perceived as better than
OFC.

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 bicep and the bracho-radialis. The EMG sensors
were placed according to the SENIAM recommendations [37].
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3 Results

3.1 Qualitative Results

Participant’s subjective feedback on each assistive mode was measured using a Likert-
scale of 5 items, from strongly disagree (0) to strongly agree (5). Five statements were
evaluated by participants:

® Q1: Achieving the task was comfortable.

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

Q4: T felt free to execute my movement as I wanted to.

Q5: I could accurately reach the target.

As stated in section I1.C we additionally estimated the physical exertion of participants
after each experimental block using a NASA TLX questionnaire. To limit desirability
bias [38], 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. Further-
more, the experiment occurred in full anonymity. This questionnaire has been used in
the field exoskeleton upper-limb assistance [39] and as such allows comparisons with
other control mode in the literature. This questionnaire is more relevant to our field
and provides a clearer impression of the interaction of the user with the exoskele-
ton than the NASA-TLX survey. Nevertheless we still provide NASA-TLX results to
enhance comparability of our results with other control modes as it is a more standard
qualitative feedback survey.

Result to the Likert-scale questionnaire are shown in Fig. 4. A statistical analysis
was conducted and statistical significance (p < 0.05). A Shapiro-Wilk [40] test was
first realized 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. Statistical significance between improved and original control mode was
established for all questions.

Similarly, a statistical analysis was conducted with the same procedure for the
NASA TLX weighted ratings results, shown in Fig. 5. Statistical significance was
established between our proposed : 33.18 £ 16.11 and the baseline OFC: 52.82 +
14.45 controller modes (p < 0.001). We posit that the relatively large variance in
results concerning the NASA TLX stems from the large variability of biologic profiles
from participants (ranging from 1m53 to 1m95). Note that all participants followed
the same trend in grading the systematically lower than the OFC: the difference
between OFC- was systematically positive ( = 19.6 + 16.3 mean and std).

3.2 Quantitative Results

Table 1 shows the results of the Wilcoxon-Nemenyi pairwise test (conducted after a
Shapiro-Wilk test confirmed non normal distributions) on different evaluated parame-
ters, including the peak velocity (PV), peak acceleration (PA), motion duration (MD),
root-mean-square of the assistive force (F, RMS) measured using the exoskeleton’s
encoders. And the muscle activation (MA) and muscle co-contraction index (CCI)
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measured using EMGs (see Data Collection in section 2.3). The notations SF, SE,
EF, and EE relate to the activation of corresponding muscles: shoulder flexor, shoulder
extensor, elbow flexor, and elbow extensor.

Table 1 Results of Wilcoxon-Nemenyi pairwise comparisons (Trans for
Transparent mode)

Parameter OFC vs OFC vs Trans vs Trans
PV p>0.05 p < 0.001 p < 0.001
PA p > 0.05 p < 0.001 p < 0.001
MD p > 0.05 p < 0.01 p < 0.01
F, RMS p < 0.001
SF p> 0.05
SE p > 0.05
MA EF p < 0.01
EE p < 0.001
CCI Shoulder p < 0.05 p < 0.01 p < 0.01
Elbow p < 0.001 p > 0.05 p > 0.05

Impact on movement kinematics. A strong modification of movement kine-
matics was observed, as can be seen in Fig. 6 and Fig. 8. This is expected since the
target speed of our assistance is higher than the mean natural speed of the partic-
ipant’s demonstrations due to the definition of the T parameter in the FC design.
Consequently, the duration of movements, shown in Fig. 7, was also impacted and we
observe a statistically significant difference between the transparent and the assistive
modes. We also show the RMS of assistive force from the exoskeleton for each control
mode in Fig. 7.

Muscle activation and co-contraction. The difference in movement duration
and speed between the transparent and assistive modes makes the comparison of
muscle activation with EMG signals hard to perform as shown in [41], [42]. However,
EMG signals can be used to compare the impact of each assistive mode on muscle
activation as movement duration and speed variations across these are not statistically
significant (according to Wilcoxon-Nemenyi test between OFC and in PV and
MD). We show in Fig. 9 the muscle activation results for the assistive modes.

Statistical analysis was conducted to report significant differences between control
conditions in elbow muscle activation. In both elbow flexor and extensor, the OFC
induced significantly more muscle activity than our (p < 0.01).

We computed a co-contraction index as defined in [43]. The results for this index
for the elbow and shoulder across all participants and assistive mode are shown in
Fig. 10. We conducted a statistical analysis that established a significant reduction
of muscle co-contraction for both joints using the . We observed a statistically
significant increase between the transparent mode and the assistive modes for the
shoulder but not for the elbow. All statistical analyses are reported in table 1.

3.3 Discussion

We show that considering, and modulating accordingly the assistance, with human
movement variability is effective. Precisely, our global strategy provides a stronger and

12
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Fig. 6 Left panel: cartesian movements for each target and assistive condition, including transparent
(Trans) mode, across all participants. Right Panel: Velocity profiles for all targets across all partici-
pants. Mean and std in plain line and shaded area respectively for both figures.

less corrective assistance in high variability regions of the movement. Both quantitative
and qualitative results show that such a strategy enables a more seamless interaction,
minimizing the exoskeleton’s resistance by better incorporating the user’s habits and
acting accordingly. Although the assistive force of the exoskeleton (see Fig. 7) is lower
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with this modulation, we believe that this avoided the adverse effects of the assistance
that previously led to higher stiffness in the user. Indeed we can see from the reduction
of muscle activation in Fig. 9 and muscle co-contraction in Fig. 10 that we were able
to prevent these effects.

Although we have shown that our variability-informed design can provide a more
comfortable interaction than a classical approach, it still needs to be compared with
other types of assistance such as gravitational support [44], [45] or bilateral interactive
control such as differential game theory [11], [46], [47]. However the idea of modulating
the assistance according to user variability may be applied to these methods as well,
and help create a more comfortable interaction.

One could argue that a more longitudinal study is necessary to establish our claim
as users could learn to better use the exoskeleton and achieve the best use of each con-
trol mode. Despite our experiment occurring in a 2-hour span, to assess this idea we
ensured a large volume of movements for each participant (60 in total) and a famil-
iarization period with the exoskeleton and evaluated any learning curve appearance
in our performance metrics (mainly EMGs recordings but kinematics as well). We
report no such phenomenon of user learning in our context, which could indicate that
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Fig. 9 Measured muscle activation for the shoulder and elbow flexor and extensor muscles across
all participants. We do not show muscle activation in transparent mode as that comparison is largely
biased by the difference in movement durations as shown in [41], [42]. Note that the decrease in effort
is apparent in the Elbow joint, and specifically the elbow flexor. This may be due to the nature of
the movements in the experimental procedure as elbow flexion was the main required motion with
the most amplitude.
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Fig. 10 Measured co-contraction of the shoulder and elbow muscles for all assistive condition and
transparent mode across all participants.
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the assistive mode is intuitive and natural enough for an immediate adaptation and
learning.

Additionally, our method still needs to be tested on a more diverse set of move-
ments with more complex contexts, as our task was limited to reaching movements,
a choice motivated to provide a controlled setting that allows for clear measurement
of movement variability and muscle activation, critical for assessing the feasibility of
our adaptive control approach.
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4 Conclusion

Recent advances in upper-limb exoskeleton control have focused on non-invasive meth-
ods for predicting human motion intents. When the absence of bio-information limits
prediction accuracy, effective assistance has been achieved in repetitive tasks using
demonstrated movements [19], [20], [24], [29], [30], [48], [49]. Interestingly, some of
the developed techniques also incorporate information on the variability of the human
user’s movements [19], [50]. Building on these insights, our study leveraged this vari-
ability to modulate the assistance of an upper-limb exoskeleton using a velocity flow
controller as suggested by [19]. Our findings provide empirical evidence that incorpo-
rating this factor can lead to a more seamless interaction between the user and the
exoskeleton, reducing adversarial effects of robotic assistance, as demonstrated by a
decrease in 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 draw-
backs could perhaps be acceptable in a rehabilitation setting, they are crucial to limit
for an actual use in an industrial setting.

Recently, the work of [33] suggested using artificial demonstrations instead of real
demonstrated trajectories from the user for the training of the LbD method (here
ProMPs). As it could help palliate a drawback of our assistance, further work could
investigate the possibility of replacing the real distribution of arm trajectories with
artificial human-like ones with our VIFC design in a future study.

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 this case, one could use classification strate-
gies that have been recently developed using ProMPs [50] to infer the user’s goal and
associated trajectory. Additionally, recent advances in phase estimation with ProMPs
[51] could be integrated to our work as we modulate and compute the assistance
according to this phase, which is then a critical factor.

While the work of [19] highlighted the gains of continuously updating the prediction
at a 20Hz frequency, our more intricate shaping of the flow field leads to a different
situation. If this shape definition is sufficiently precise, it may help reduce the necessity
of continuous trajectory predictions altogether, as the gain in compliance shifts from
trajectory updates with predictions to compliant field definition, meaning that our
method could decrease the rate at which the reference trajectory is updated. However
the adaptability to a new target exhibited by [19] remains desirable. The recent work in
[33] shows that this adaptability is restricted to targets sufficiently close to the learned
target as the prediction error increases with target distance and that other strategies
are necessary for these targets, such as artificial demonstrations from a model-based
approach.

Overall our approach can help create a better interaction between the exoskele-
ton and the user while providing an efficient assistance. We believe that the idea of
adapting assistance to the variability of human movement can help provide a better
interaction and is exportable to other assistive methods.
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