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Abstract

This study explores the question of adaptation in bimanual cooperative tasks. Previous stud-
ies of Crevecoeur et al. (2020a [1] and 2020b [2]) hypothesized the presence of online corrections
within the movement in unimanual reaching movement experiments. These online corrections
gradually improved even when the external disturbances applied were unexpected. They ex-
tracted from muscles recordings the latency of this feedback adaptation, which was approxi-
mately 250 ms after the reach onset. This master thesis is part of a larger study aiming to
investigate the feedback adaption in the specific case of bimanual coordination. Both limbs may
display this within movement feedback adaptation and, the latency could be similar or distinct
compared to the unimanual case. Therefore, we conducted a bimanual cooperative reaching
movement experiment to search some insights to these questions. A first objective of our work
was to reproduce previous findings from Diedrichsen et al. (2007 [3]) suggesting that both limbs
adapted to a force field perturbation even if one limb remained unperturbed when the goal task
was shared between them. Our analysis corroborated their conclusion and strengthened it by
the examination of muscles recordings. We also searched for the presence of online corrections
during catch trials where the perturbation was unexpected removed. We found a reduced termi-
nal peak end force across catch trials for the perturbed hand that could explained the decreasing
path length observed. The muscles recordings did not highlight a potential feedback adaptation
latency. We also extended the adaptive control model proposed by Crevecoeur et al. (2020a [1])
to the bimanual case with two different controllers: the linear–quadratic–Gaussian (LQG) and
the robust controllers.

Keywords Bimanual coordination · Feedback adaptation · Motor learning · Force field ·
Reaching movements
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1 Introduction

In this section, a brief insight into motor control will be first brought by addressing the
complex relationship between the nervous system control and the mechanical properties of our
body, and, by describing a theory of motor coordination: the optimal feedback control theory.
Then, the bimanual coordination will be explored from the neural control to the constraints that
such a configuration can lead to. Next, a short overview of learning during bimanual tasks when
dynamical disturbances are applied will be provided. In the last part of this introduction, I will
finally introduce the aim of my master’s thesis.

1.1 Motor control

The complexity behind animal and human movement, at the basis of their interaction with
their environment, is particularly noticeable when we suffer from neuromuscular conditions. Our
ability to fine tune our movements reflects the complex interaction between the control of the
nervous system and the mechanical properties of our limbs.

The motor function results from the connection between three layers of the motor system:
the mechanics of our limbs, the neural control, and the motor behavior. The mechanics of our
limbs and muscles define how muscle activity is translated into the required movements. The
neural control is managed by the central nervous system organized into three hierarchical levels:
the spinal cord, the brainstem, and the cortex. The motor behavior illustrates how the body will
act facing a specific motor task reflecting the interaction between the two previous layers of the
motor system (Scott, 2004 [4]).

A theoretical framework that captures the complexity of motor control and that could ex-
plain the interaction between the three layers of the motor system is the optimal feedback control
theory. The optimal feedback control theory proposes that biological systems learn to generate
motor commands that optimize their behavior in accordance with the goal task (Diedrichsen et
al., 2010 [5]).

Control Policy

Forward model
Sensory 

integration

Plant

Motor command

Sensory

information

Prediction

State

estimate

Figure 1: The architecture of optimal feedback control adapted from [5]

The optimal feedback control theory architecture is composed of the control policy, the for-
ward model, the sensory integration, and the plant (Fig. 1). The control policy is adjusted by
the motor task and its goal. The plant describes the system and its environment. The plant
receives a motor command and generates a delayed and noisy sensory information about the
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current plant state. The forward model acquires a copy of the efferent motor command and
provides an estimate of the plant state. This estimate is then completed by the integration of
the sensory information. Finally, the control policy translates the current state estimate into a
new motor command (Diedrichsen et al., 2010 [5]).

1.2 Bimanual coordination

The ability to combine movements between limbs is crucial in daily life. Interacting with
objects, dressing, cooking, or playing the piano and many other tasks require coordination be-
tween the limbs. Sometimes limbs can be directed to produce a symmetrical action (e.g. when
we clap our hands). On other occasions, the task may require the limbs to work asymmetrically.
For instance, tying one’s shoes. Other more complex coordination patterns can be performed.
For example, playing the piano requires complex and distinct movements between the two hands
(Kennedy et al., 2016 [6]).

Regarding the mechanics of the upper limbs, they are anatomically symmetrical. Never-
theless, there is an individual preference for the use of one hand compared to the other, a
phenomenon referred to as handedness. This latter hand is known as the dominant hand and the
other, the non-dominant hand. The handedness impacts the bimanual coordination in different
ways. Notably, the management of sensory information, the difference of variability in motor
output between both hands, or even the attribution of errors between both limbs for instance.
Therefore, the inequalities in motor performance observed between hands do not come from
physiological differences but rather from their neural control. Although handedness influences
bimanual coordination, it will not be further developed in this work. For more information, see
"Using Robust and Optimal Control theory to understand handedness and bimanual coordina-
tion" (Córdova Bulens, 2017 [7]).

Regarding neural control, a traditional viewpoint was to consider that a single brain locus
was responsible for bimanual coordination. However, several studies have instead pointed out
the presence of a distributed network that coordinates the neural processes underlying many
coordinated functions. The network’s distributed nature may explain the perturbations of inter-
limb behavior in various coordinated movement disorders (Swinnen, 2002 [8]). The importance
of the corpus callosum in bimanual coordination is highlighted in numerous studies. The corpus
callosum is the largest collection of white matter tissue in the brain that connects both hemi-
spheres. It coordinates the two sides of the body (Gooijers et al., 2014 [9]).

About the motor behavior, there are two cases: the uncoupled case where both hands work
independently and the coupled one, the opposite. Liao et al. highlighted a distinct neural mo-
tor control between these two scenarios (uncoupled and coupled) using paired-pulse transcranial
magnetic stimulation to monitor the intracortical inhibitory modulation. Regarding the common
goal tasks, they observed that both arms worked in a "give and take pattern" and the presence of
an impact of the non-dominant arm control on the stability of the bimanual force. By contrast,
in the dual-goal tasks, both hands were positively paired with each other. Moreover, neither
arms did not affect the bimanual force stabilization (Liao et al, 2018 [10]).

All of this underlines the fact that the concepts of bimanual coordination diverge from the
unimanual one. The bimanual configuration implies supplementary restrictions affecting the be-
havior of both limbs during movements. For instance, in some situations, the same goal can be
completed with different contributions of the two arms. These coupled scenarios features redun-
dancy. It can a problem when an error is produced during the task. The nervous system must
attribute this error to one of the two limbs. Reichenbach et al. demonstrated that the motor
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system imputes the correction to the most probable source of the error to elicit learning and
increase future performances (Reichenbach et al., 2013 [11]). However, the redundancy can be
also exploited by the nervous system. O’Sullivan et al. exhibited that the nervous system uses
this multi-effector redundancy to minimize the motor output variability and effort by studying
the shared force production between two fingers (O’Sullivan et al., 2009 [12]).

Temporal constraints influence the coordination of bimanual coordination. A first example
is temporal preferences. The production of mirror-symmetrical movements (in-phase mode) are
preferred over the asymmetrical ones (anti-phase). The latter are less stable and requires more
attention and supervision. The movements that diverge from the in-phase or the anti-phase
modes are more complex to coordinate. Another example is when two hands had to reach sep-
arate goals located at different distances. They will move at asymmetrical speeds to reach the
goal at the same time (Wiesendanger et al., 2004 [13]). Some studies suggested that the bet-
ter stability and ease to produce the in-phase bimanual coordination patterns compared to the
anti-phase ones is due to several constraints including the neural crosstalk. The neural crosstalk
is defined as a mirror copy dispatched to the homologous muscles of the contralateral limbs.
The neural crosstalk framework explains that each limb has its own motor plan, and the force
command of one limb is partially diverted to the other limb, potentially leading to interference
for asymmetrical movements (Kennedy et al., 2016 [6]).

Spatial constraints are also involved. For instance, when subjects are asked to draw lines of
different amplitudes, a tendency to draw lines of the same amplitudes emerges (Swinnen, 2002
[8]). Drawing lines in the same directions is less complex to execute than drawing perpendicular
lines in front of you (Jirsa et al., 1998 [14]). The spatial constraint has also been investigated
during a bimanual force field adaption task by Casadio and coworkers. The idea was to couple
both dynamically and spatially the upper limbs. The experiment consisted of center-out reaching
movements where both limbs begin their movement from the same position. The common final
targets were equally located on a circle and the sequence of presentation of the peripheral targets
was randomized. The results showed that there is a protective mechanism that prevents move-
ments that can lead to crossing hands. This protective mechanism could influence the learning
of force fields when they may give rise to crossing the hands. The results also exposed the fact
that the movement is led by the hand located at the same side as the final target (Casadio et
al., 2010 [15]).

1.3 Learning during bimanual coordination tasks

Shadmehr et al. have established the use of force fields as a standard model for the experi-
mental study of sensorimotor adaptation to dynamic perturbations. Confronted to a force field
perturbation, the subjects may initially co-contract to reduce the impact of the disturbance, and
then they will potentially learn to anticipate and compensate the external force (Shadmehr et
al., 1994 [16]). This paradigm has been extended to the study of bimanual coordination. As
written previously, two scenarios can be depicted in bimanual coordination tasks: the uncoupled
and coupled scenarios. Some researchers investigated the differences and the transfer of learning
between the two scenarios and even the unimanual case.

In the uncoupled scenario, Tcheang et al. investigated learning upon the application of a force
field to one arm, while the other was also perturbed by a force field or remained unperturbed.
There was no differences between the dominant and non-dominant arm concerning motor per-
formance over the exposure period whether the other arm was perturbed or unperturbed. Their
results underlined the fact that, in an uncoupled scenario, there is no interference or facilitation
in the simultaneous learning of dynamical disturbances between the limbs (Tcheang et al., 2007
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[17]). Nozaki et al. questioned the presence of transfer of learning of dynamical disturbance
between the unimanual and uncoupled bimanual cases. They concluded that there is a transfer
of learning, but it remains limited. They suggested an incomplete overlap between the learning
mechanisms of unimanual and bimanual adaptation (Nozaki et al., 2006 [18]).

Regarding the coupled scenario, Diedrichsen et al. have probed the difference in adaption
when the goal was common or separate for both limbs. In the common goal, one common cursor
was displayed at an equal distance of both hands and had to be moved to a final target. In the
dual-goal task, each hand had its proper cursors and final targets. Their results showed that
when the goal was common, the unperturbed hand presented signs of adaptation contrasting
with the dual-goal task and showed a stronger presence of bimanual correction highlighting the
task-dependency of adaptation. They also investigated the role of visual feedback on the pres-
ence of bimanual corrections. They randomly withdrew the visual feedback during some of the
perturbed trials and observed that the prior instruction on the task given to the participants was
sufficient to elicit bimanual corrections (Diedrichsen et al., 2007 [3]). Jackson et al. discussed
the adaptation of the left upper limb to a velocity-dependent force field matching the moving
right upper limb. The disturbance was applied either with a delay (250 or 500 ms) or without a
delay to the static left hand when the right hand had to move. Their results demonstrated that
the subjects were gradually capable to predict the disturbance but also to counteract it with
increasing accuracy (Jackson et al., 2008 [19]). Howard et al. suggested that the motor system
can use partially separate representations for the dynamics of both upper-limbs in uncoupled
and coupled fashion (Howard et al., 2008 [20]).

1.4 Context of the work

This work explores the bimanual cooperative adaptation in the light of the work of "Optimal
Task-Dependent Changes of Bimanual Feedback Control and Adaptation" from Diedrichsen et al.
(Diedrichsen et al., 2007 [3]), "A Very Fast Time Scale of Human Motor Adaptation: Within
Movement Adjustments of Internal Representations during Reaching" and "Feedback Adaptation
to Unpredictable Force Fields in 250 ms" both from Crevecoeur et al. (Crevecoeur et al., 2020a
[1] and 2020b [2]) .

As stated earlier, Diedrichsen et al. studied bimanual coordination from the perspective of
optimal control. They found that adaptation depends on the task (cooperative or not) influenc-
ing the response produced as well as the adaptation of both arms to a perturbation. Notably,
they highlighted the adaptation of the unperturbed hand during a bimanual cooperative task
upon the application of a force field to other arm. In his paper, two experiments were carried out.

The first experiment consisted in reaching movements with force field disturbances. Two
identical sessions were set up with either one- or two-cursors conditions. The participants began
with unperturbed trials. Then, for the next eight blocks of trials, a leftward or rightward force
field was applied on one of the hand. And, for the last six blocks, Diedrichsen and coworkers
randomly withdrew the visual feedback. They defined a correction rate within (individual to each
hand) and between hands. They exposed, during the one-cursor condition, a growing correction
rate between hands at the cost of a decreased correction rate within hands. In the contrary,
in the dual goal tasks, the correction rate was mainly within hands. They also showed, for the
common cursor condition, that the lateral velocity profile of the unperturbed hand became sig-
nificantly affected by the direction of the force exerted on the other hand around 190 ms after
the start (approx. the force field peak). Additionally, they investigated the correlation between
the lateral coordinate of both limbs. As they explained, the optimal control theory claims that
the coordination of movements is linked to the task goals. In the common cursor condition, the
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optimal control theory predicts a growing negative correlation between the lateral coordinate of
both limbs leading to a highly negative correlation for the endpoints, which was confirmed both
by their computational and experimental results.

In the second experiment, participants performed eight adaptation runs including 20 unper-
turbed trials, 80 perturbed trials, and again 20 trials. The perturbation was applied to the same
direction and the same hand within the adaptation run. Catch trials had been also included
in the perturbed trials for which they did not apply the perturbation. In both conditions, they
observed that the perturbed hand exhibited a quick adaptation to large errors produced by the
disturbance. This adaptation was also apparent during catch trials where the force field was
unexpectedly switched off. Regarding the unperturbed hand, its initial direction also changed
in the one-cursor condition across perturbed trials contrasting with the observation made in the
two-cursors configuration.

The adaption of bimanual coordination has been investigated on trial-by-trial or longer scale.
Crevecoeur and his coworkers suggested the presence of smaller scale adaptation occurring within
the ongoing movement in a unimanual case and a latency of motor control corresponding to ∼
250 ms (Crevecoeur et al., 2020a [1] and 2020b [2])

The question of adaptation to perturbation in the case where the same movement cannot be
repeated several times has been investigated. They proposed the presence of an online correction
within the movement that could adapt to an external disturbance. They set up two experiments
to question their hypothesis (Crevecoeur et al., 2020a [1]).

The first experiment consisted in unperturbed reaching movements with random perturbed
catch trials. Orthogonal velocity-dependent force field (Fx = ±Lẏ) in clockwise and counter-
clockwise directions have been used as perturbation. To outline the online control during the
perturbed catch trials, they extracted the maximal lateral deviation and the maximal target
overshoot (i.e. maximal lateral deviation near the movement end). They observed no signifi-
cant changes of maximal lateral deviation suggesting no clear perturbation anticipation, while
the maximum target overshoot presented a significant exponential decay. To understand what
strategies have been used to reduce the overshoot, they monitored the force profiles produced
by the participants. Although the force field perturbation remained the same across perturbed
trials, a decrease of the force at the end of the movement has been observed, which suggests
the application by the subjects of a reduced lateral force to counter the disturbance. Moreover,
the correlation between the force applied and the force field showed a significant increase across
trials, characterizing a motor adaptation.

These results could be linked to a change of controller during the movement. During a catch
trial, the subjects used a controller adapted to unperturbed trials and then, switched to another
controller to correct their trajectory. This controller being partially adapted to the force field
applied during the ongoing catch trials. As the subjects encountered the same force field pertur-
bation, the corresponding controller was updated explaining the better motor performance across
catch trials. Furthermore, the fact that catch trials were randomly distributed and thus, not an-
ticipated implied that the switch of controllers is due to the sensory information collected within
the movement. They also observed that unperturbed trials following the catch trials showed
an after-effect indicating a link between these control changes within the movement (feedback
adaptation) and trial-by-trial learning (feedforward adaptation).

The second experiment was designed to obtain a more direct connection between the per-
turbation and the online correction. It was necessary to investigate whether subjects learn
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specifically the force field. Indeed, the subjects may simply change their limb’s impedance or
modify their movement kinematics to produce the corrections during their reaching movement.
They used a via point located at two-thirds of the path between the initial and the final target.
The participants received the instruction to stop at the via point, and then, to continue their
movement. The stop at the via point was necessary for two reasons. First, to withdraw the force
field without the participants noticing it. Secondly, to avoid that the after effect observed after
the via point came from momentum following their previous correction. The monitoring of hand
trajectories after the via point suggests that the existence of a force field before the via point
produces an after effect. From these results and the previous one, they proposed the hypothesis
that the nervous system monitored model parameters online.

In "Feedback Adaptation to Unpredictable Force Fields in 250 ms" (Crevecoeur et al., 2020
[2]), Starting from the previous hypothesis, Crevecoeur and coworkers looked at the feedback
adaptation latency from muscle recordings. They worked with reaching movements and esti-
mated that the latency of the feedback was approximately 250 ms after the home target exit.

They replicated the first experiment of the previous paper (Crevecoeur et al., 2020 [1]).
Moreover, they measured the onset of changes in muscle recordings corresponding to the feed-
back adaptation moment. They obtained the same results from the maximal lateral displacement
and target overshoot. The target overshoot decay was associated with a more decreasing force
value near the movement end across trials as demonstrated in the previous paper. This decay of
terminal end force was linked with a decrease of muscle activity between early and late perturbed
trials. By comparing the EMG from early and late trials, they found that the onset of changes
for the agonist’s muscle was 237 ± 15 ms after the reach onset (exit of the home target), while
for the antagonist’s muscle, 400 ± 15 ms have been obtained.

The second experiment was similar to the first one except that in addition to the orthogonal
force fields, they added also curl force fields (i.e. Fx = ±Lẏ and Fy = ±Lẋ). Their results
showed that participants were able to produce adapted feedback responses to the different kinds
of perturbations. They observed a similar time for the onset of changes regardless of the pertur-
bation type (curl or orthogonal) for the agonist and antagonist muscles.

1.5 Aim of the work

In this work, we will first reproduce the findings of Diedrichsen and his team with the novelty
of EMG correlate. Then, the very fast time scale adaptation will be investigated in the specific
case of bimanual cooperative tasks with perturbation of one limb. This master thesis is part of
a larger work that aims to answer the following questions:

(1) Do both limbs display this within-trial feedback adaptation?
(2) Is the latency of this feedback similar to the unimanual case?

Nevertheless, we keep in mind the difference in the experiment design with the work of Creve-
coeur and coworkers. Indeed, in their work, Crevecoeur et al. worked with unperturbed trials
and unexpected force field catch trials. In our case, we used perturbed trials with unperturbed
catch trials. As a result, we are not sure that the same conclusion could be made based notably
on the analysis of maximum target overshoot or the terminal peak end force.

The second part of my thesis focus on the expansion of the adaptive control model proposed
in "A Very Fast Time Scale of Human Motor Adaptation: Within Movement Adjustments of
Internal Representations during Reaching" (Crevecoeur et al., 2020 [1]) to the bimanual case
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with two distinct controllers: the linear–quadratic–Gaussian (LQG) and the robust controllers.
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2 Materials and Methods

2.1 Participants

17 right-handed participants (nine males and eight females, age: 24 ± 1.5) took part in the
experiment. They all signed a consent form and completed Edinburgh Handedness Inventory to
assess their handedness. There were all healthy subjects (no known neuromuscular diseases) and
naïve to the task. The experimental paradigm was approved by the Ethics Committee of the host
institution (UCLouvain, Belgium) and complied with the Declaration of Helsinki. Participants
were compensated for their participation.

2.2 General procedure

The experiment corresponded to a bimanual common goal task. Participants worked with
the Kinarm End-Point robot (KINARM, Kingston, ON, Canada). They seated in front of the
robot and their foreheads rested on a stable resting cushion to minimize head movements. They
grasped the handles of each robotic arm and were instructed to make visually-guided forward
reaching movements towards a virtual target. Their hands, as well as the robotic handles, were
below the workspace in a way they were not able to see them. Nevertheless, the position of their
hands was given on the screen in the form of a cursor (one for each hand). A middle cursor, at
an equal distance of both hands, was also displayed. The workspace contained also three home
targets and one final target placed at 15 cm forward the home target (Fig.2).

Figure 2: Experimental setup

The first step of the experiment consisted in placing the three cursors in home targets. After
a random time between [2,4] s, the final target became full red corresponding to the start signal.
The goal was to reach with the middle cursor the final target in a specific time window and to
stabilize there. To help participants to find the correct speed, three different outputs were given
at the end. If the participants were too slow, the final target remained full red. If they were too
fast, the final target became empty red. And finally, if their movement was between [600,800]
ms, the final target turned full green. In this case, the score was incremented and was displayed
during the current block of trials to provide some feedback to the participants (Fig.3).

The experiments are arranged in seven blocks named in order: Baseline, CW (stands for clock-
wise) Learning, Washout 1, CW Relearning, Washout 2, CCW (stands for counter-clockwise)
Transfer 1, and CW Learning. The Baseline block included 15 unperturbed trials. The CW learn-
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Start !

Too fast

Too slow

Good ! (+1)

WAIT

[2-4] s

START

t = 0 s

0.6 s � t � 0.8 s

Figure 3: Time course of events

ing and CCW Transfer 1 blocks consisted of 150 trials subdivided, in practice, into 3 smaller
blocks of 50 trials. These 50 trials included 45 perturbed trials and 5 unperturbed trials ran-
domly distributed. The perturbation was a curl velocity-dependent force field (i.e. Fx = ±15ẏ
and Fy = ±15ẋ). The perturbation was only applied on the right hand. Washout 1 and 2 were
both 40 unperturbed trials block. Finally, the CW Learning block was composed of 15 clockwise
perturbed trials. In the following analyses, only the three first blocks will be used.

2.3 Data acquisition

The positions and velocities of the cursors and the forces between the handle and the hands
of the subjects are sampled at 1 kHz and were digitally low-pass filtered (2nd order dual-pass
Butterworth filter with a cutoff frequency of 50 Hz). The velocity profiles were computed offline
from numerical differentiation of the positions (second-order finite-difference algorithm). During
the experiment, the muscle activity of the right and left pectoralis major (shoulder flexor) and
posterior deltoids (shoulder extensor) were recorded with surface electrodes. The EMG signals
were acquired at 1 kHz. Then, the EMG signals were digitally bandpass filtered (fourth-order
dual-pass [10, 400] Hz). Some EMG signals displayed noise at 50 Hz, therefore all EMG signals
were also band-stop filtered (50 Hz Notch filter).

2.4 Data analysis

Two markers were defined as time references. The first marker, reach onset, corresponds to
the moment when the cursors exit the home targets. It is used to align the force profiles across
all trials and participants. The second marker, named pert on, occurs approximately at one third
of the distance between the middle home target and the final target. At this time reference, the
forward velocities reached approximately their peak. In the same way as the force profiles, the
EMG signals were aligned from the pert on across trials and participants. The alignments of
these different signals were performed to decrease the trial-to-trial variability.

To measure potential adaptation of the perturbation to the perturbation, exponential fits on
several measurements were used. The 99.5% confidence interval corresponding to the parameter
responsible for the curvature was performed to detect if the parameter included or not the value
of 0 (p < 0.005). If the parameter includes 0, then the exponential fit is reducing to a linear
fit. From the positions of cursors, the maximal lateral deviation, the maximum target overshoot
(or simply called overshoot), the path length, and the aiming angle were extracted. The aiming
angle corresponds to the angle between the vector joining the cursor positions at reach onset and
pert on, and, the forward vector starting at the reach onset cursor position. The lateral velocity
profiles of both limbs were monitored at an early and late stage of the perturbed trials. From the
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force profiles, the correlation between the measured force (i.e. the force at the junction between
the robot’s handle and the participant’s hand) and the commanded force (i.e. the perturbation
computed offline from the velocities profiles) as well as the terminal peak end force were also
investigated. The terminal peak end force corresponds to a force peak at the end of the move-
ment. For the left hand (unperturbed), the correlation was performed between the right hand
produced force and its produced force.

To analyze the strategy adopted by the participants during the movements, the variability
and the time course of the correlation between the lateral displacement of both hands were
computed. The variability is defined as the area of the 95% confidence ellipse around points
corresponding to the cursor positions taken across several trials at a certain time. To understand
the evolution of the variability during the movement of each cursors individually, the area of
the 95% confidence ellipse fitting their positions included in a 30 ms moving time-window across
the last 30 perturbed trials has been performed. The trajectories are aligned on reach onset
beforehand.

To analyze the change of dynamics of the unperturbed hand due to the catch trials, the last
10 catch trials have been observed. These 10 catch trials lied in the asymptote of the learning of
behavioral parameters. The behavioral parameters have been also inspected for the trials before
and after catch trials. Another analysis consisted to take all catch trials spaced at least five
trials from another catch trials as well as the previous trial and the five trials following these
catch trials. Then, the average across all participants has been realized for their aiming angle,
maximum lateral displacement, and maximum target overshoot.

To measure the onset of changes in EMG between early and late perturbed and catch trials,
EMG were averaged across the first four trials and the last four trials to contrast the participants’
behavior at an early and late stage of the block. Next, the signals were averaged into a 30 ms
centered sliding window. Paired t-tests between the two means values (one for the early and one
for the late trials by participant) were performed across time. The sliding comparisons produced
a time series of p-values. To find the onset time of change in EMG, the time with the highest
statistical difference (p < 10−4) across the population is located. The onset of changes is defined
as the moment where the p-value surpasses for the first time the value of 0.05 after pert on,
and, before the time corresponding to the highest statistical difference (p < 10−4) across the
population. The onset of changes is then defined from the reach onset time index. Since there is
some variability between the reach onset and the pert on indexes across trials and subjects, the
cumulative individual distribution of the delay between the two indexes was computed, and the
mean and standard deviation of the medians were extracted. These mean and standard deviation
are used to define the delay. The delay is therefore of the form: (pdrop time + the mean of the
reach onset medians) ± the standard deviation of reach onset medians.

2.5 Mathematical modelling

This section describes the extension of the adaptive control model for the bimanual case
(Crevecoeur et al., 2020 [1]). The uncoupled and coupled scenarios were both developed with
two different controllers: (1) the linear quadratic-Gaussian and (2) the robust controllers. In the
uncoupled scenarios, the two limbs realize a reaching movement towards their individual final
target (Fig.4: A). Regarding the coupled scenario, both limbs must work together to reach a
final target with a common cursor placed at a mid-position between both limbs (Fig.4: B).
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A B

Figure 4: A, two-cursors condition (uncoupled case). B, one-cursor condition (coupled case).

The state-space representation and the model equations developed with the LQG controller
come from "A very fast time scale of human motor adaptation: Within movement adjustments
of internal representations during reaching" (Crevecoeur et al., 2020 [1]). For the robust con-
troller, the state space representation is similar to the previous one and the model equations
are described in "Robust Control in Human Reaching Movements: A Model- Free Strategy to
Compensate for Unpredictable Disturbances" (Crevecoeur et al., 2019 [21]).

The system described the translation of a point mass (2.5 kg) comparable to the mass of
an arm in the horizontal plane. The state vector is z = [x, y, ẋ, ẏ, fx, fy]T . The state space
representation is the following:

mẍ = −kẋ+ fx + fENVx

mÿ = −kẏ + fy + fENVy

τ ḟx = ux − fx
τ ḟy = uy − fy

where k is the dissipative constant (0.1 Nsm−1), fENVx and fENVy are respectively the x and y
components of the unknown perturbation fENV = ±Lẏ~̂x+±Lẋ~̂y.

The first step to extend the adaptive control model was the modification of the state space
representation to include the second limb. To do so, the state space representation has been
duplicated, and hence, the different matrices of the model expanded. The new state vector was
z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy ]T

and, for example, the system matrix A6×6 became

Aext =

(
A6×6 06×6

06×6 A6×6

)

The two limbs remained independent at this point. The coupling of the two limbs was set
by the definition of the cost function as proposed by Diedrichsen et al. (Diedrichsen et al., 2007
[3]). The following cost function for the uncoupled case was proposed:

J =
T∑
t=1

αt[wp(‖ pL,t − gL ‖2 + ‖ pR,t − gR ‖2) + wv(v2L,t + v2R,t)] +
T−1∑
t=1

wu(‖ u2L,t ‖ + ‖ u2R,t ‖)
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while for the coupled case, the cost function was:

J =

T∑
t=1

αt[wp(‖
pL,t + pR,t

2
− g ‖2) + wv(v2L,t + v2R,t)] +

T−1∑
t=1

wu(‖ u2L,t ‖ + ‖ u2R,t ‖)

In the two-cursors condition, the cost function penalizes the distance between the limbs and
their individual target, their velocities and the total sum of the squared motor commands of each
limb. In the one-cursor condition, the penalties on the positions are replaced by a term that
penalizes the common cursor position in respect to the final target. The parameter α corresponds
to a polynomial buildup that scales the terminal cost to obtain a smooth buildup of the terminal
cost.

The implementation of the robust controller on the adaptive control model required additional
modification. The cost matrix Q must be reversible, therefore the cost function proposed by
Diedrichsen et al (Diedrichsen et al, 2007 [3]) for the common cursor condition must be adapted.
Two elements have been added to the state vector: the horizontal and vertical positions of the
common cursor. The state vector was hence z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy ,
xMID, yMID]T and the cost function became:

J =

T∑
t=1

αt[wMID,p(‖
pL,t + pR,t

2
−g ‖2)+wv(v2L,t +v2R,t)+wLR,p(‖ pL,t−gL ‖2 + ‖ pR,t−gR ‖2)]

+
∑T−1

t=1 wu(‖ u2L,t ‖ + ‖ u2R,t ‖))

where the cost wLR,p corresponding to the positions of the limbs was kept low to minimize their
impact. The addition of the common cursor in the state vector representation could be discussed.
Adding the common cursor would imply that subjects take account to the common cursor during
the trial. Nevertheless, Diedrichsen et al. showed experimentally that the display of the common
cursor was not required to ellicit bimanual corrections.

Another possibility to couple the two limbs could be explored. Notably, the dynamic pat-
tern theory and the neural crosstalk depicted among others (Swinnen et al., 2002 [8]). The key
ideas of dynamic pattern theory are the determination of collective variables (such the relative
phase Φ := θLimb,1 − θLimb,2) for behavioral patterns and the determination of their dynamics
obtained by studying the stability (and loss of stability) of these patterns. The system dynamics
is defined by an equation of motion of the collective variable. The neural crosstalk underlines
the presence of pathways that facilitate neural interactions between control streams, leading to
mutual patterns of interference in the motions of the limbs.

Concerning the update of the model estimate, the rule used to update the value of the
estimate of the parameter L from fENV was given by:

ˆLt+1 = L̂t + γ
∂ ˆzt+1

∂L
et+1

where γ is the coefficient of learning and et := zt − ẑt the prediction error. In the following
simulations, only the coefficient of learning was similar for both hands. Both limbs used their
corresponding state vector elements for the prediction error and the partial derivative, therefore
they updated individually their corresponding part in the estimated system matrix.
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Figure 5: Adaptive control model: LQG and robust controllers (adapted from Crevecoeur et
al. (2019))

The adaptive control model with each limb regulated by a different controller was the last
implementation. Let’s consider, for example, that the left limb is controlled by the LQG con-
troller and the right one by the robust controller. At each time step, the model with the LQG
controller computed one full state vector x̂t (Fig.5, blue) and another by the robust controller
ŷt (Fig.5, red). Then, a new state vector ẑt (Fig.5, magenta) is formed by joining the right limb
state elements from x̂t and the one corresponding to the left limbs from ŷt. This new state vector
ẑt is used to update the estimated matrix Ât and to compute x̂t+1 and ŷt+1 respectively with
the LQG and the robust controllers.

The mixed model goal is to investigate the fact that each arm present a specialized behavior.
Indeed, Yadav et al. proposed that the dominant arm control is more based on predictive con-
trol, while the non-dominant arm is more based on a impedance control (Yadav et al., 2014 [22]).
The robust controller tends to minimize the wort-case scenario produced by the introduction of
a perturbation leading to trajectories less impacted by the disturbance compared to the LQG
controller (Cordova Bulens, 2017 [7]). This asymmetry in performance comes from on different
assumptions about potential disturbances made by the two controllers (Crevecoeur et al., 2019
[21]). Therefore, this divergence between these two controllers have been exploited to simulate
a distinct behavior between the limbs.
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3 Results

3.1 Simulation results

All codes have been implemented to simulate a clockwise and counterclockwise curl velocity-
dependent force field on either one limb or both limbs with the presence or not of catch trials.
However, for the sake of simplicity, the simulation has been only made with a clockwise curl
velocity-dependent force field applied on the right hand. The following simulations consist of
40 trials with 6 catch trials. Delay have been added either with a Kalman filter (for the LQG
controller) or by the system augmentation (for the robust controller). No delay has been imple-
mented for the mixed model.

3.1.1 LQG controller: dual-goal tasks

The simulation parameters were:

• Simulation time = 600 ms

• Time step = 1 ms

• Delay = 50 ms (Kalman filter)

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy ]T

• Cost matrix Q = diag(105, 105, 20, 20, 0, 0, 105, 105, 20, 20, 0, 0)

• Polynomial buildup α = ( t
N )25

• Learning rate = 0.1
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Figure 6: ct, Max. and End p. stand respectively for catch trials, maximum lateral deviation
and end point position. A, top, Hand traces; bottom left, Control vector (mean in black) for the
left limb; bottom right, Control vector (mean in black) for the right limb. B, Effect of the catch
trials on the learning process. C, Maximum lateral deviation. D, Maximum target overshoot.

3.1.2 LQG controller: common-goal tasks

The simulation parameters were:

• Simulation time = 600 ms

• Time step = 1 ms

• Delay = 50 ms (Kalman filter)
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• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy ]T

• Cost matrix Q = diag(105, 105, 20, 20, 0, 0, 105, 105, 20, 20, 0, 0)

• Polynomial buildup α = ( t
N )10

• Learning rate = 0.1
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Figure 7: ct, Max. and End p. stand respectively for catch trials, maximum lateral deviation
and end point position. A, top, Hand traces; bottom left, Control vector (mean in black) for the
left limb; bottom right, Control vector (mean in black) for the right limb. B, Effect of the catch
trials on the learning process. C, Maximum lateral deviation. D, Maximum target overshoot.

3.1.3 Robust controller: dual-goal tasks

The simulation parameters were:

• Simulation time = 600 ms

• Time step = 1 ms

• Delay = 50 ms (System augmentation)

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy , xMID, yMID]T

• Cost matrix Q = diag(106, 106, 104, 104, 1, 1, 106, 106, 104, 104, 1, 1). The costs corre-
sponding to the forces are kept low to minimize their impacts.

• Polynomial buildup α = ( t
N )3

• Learning rate = 0.1
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Figure 8: ct, Max. and End p. stand respectively for catch trials, maximum lateral deviation
and end point position. A, top, Hand traces; bottom left, Control vector (mean in black) for the
left limb; bottom right, Control vector (mean in black) for the right limb. B, Effect of the catch
trials on the learning process. C, Maximum lateral deviation. D, Maximum target overshoot.

3.1.4 Robust controller: common-goal tasks

The simulation parameters were:

• Simulation time = 600 ms

• Time step = 1 ms

• Delay = 50 ms (System augmentation)

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy , xMID, yMID]T

• Cost matrix Q = diag(1, 1, 104, 104, 1, 1, 1, 1, 104, 104, 1, 1, 108, 108). The costs
corresponding to the forces and the positions of both limbs are kept low to minimize their
impacts.

• Polynomial buildup α = ( t
N )3

• Learning rate = 0.1
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Figure 9: ct, Max. and End p. stand respectively for catch trials, maximum lateral deviation
and end point position. A, top, Hand traces; bottom left, Control vector (mean in black) for the
left limb; bottom right, Control vector (mean in black) for the right limb. B, Effect of the catch
trials on the learning process. C, Maximum lateral deviation. D, Maximum target overshoot.
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3.1.5 LQG (Right) and Robust (Left) controllers

The simulation parameters for the LQG controller were:

• Simulation time = 600 ms

• Time step = 1 ms

• No delay

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy ]T

• Cost matrix Q = diag(1000, 1000, 20, 20, 0, 0, 1000, 1000, 20, 20, 0, 0)

• Polynomial buildup α = ( t
N )25

• Learning rate = 0.1

The simulation parameters for the robust controller were:

• Simulation time = 600 ms

• Time step = 1 ms

• No delay

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy , xMID, yMID]T

• Cost matrix Q = diag(106, 106, 104, 104, 1, 1, 106, 106, 104, 104, 1, 1). The costs corre-
sponding to the forces are kept low to minimize their impacts.

• Polynomial buildup α = ( t
N )6

• Learning rate = 0.1
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Figure 10: Two-cursors condition. ct, Max. and End p. stand respectively for catch trials,
maximum lateral deviation and end point position. A, top, Hand traces; bottom left, Control
vector (mean in black) for the left limb; bottom right, Control vector (mean in black) for the
right limb. B, Effect of the catch trials on the learning process. C, Maximum lateral deviation.
D, Maximum target overshoot.
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Figure 11: One-cursor condition. ct, Max. and End p. stand respectively for catch trials,
maximum lateral deviation and end point position. A, top, Hand traces; bottom left, Control
vector (mean in black) for the left limb; bottom right, Control vector (mean in black) for the
right limb. B, Effect of the catch trials on the learning process. C, Maximum lateral deviation.
D, Maximum target overshoot.

3.1.6 LQG (Left) and Robust (Right) controllers

The simulation parameters for the LQG controller were:

• Simulation time = 600 ms

• Time step = 1 ms

• No delay

• State vector z = [xR, yR, ẋR, ˙yR, fx,R, fy,R, xL, yL, ẋL, ẏL, fx,L, fy,L]T

• Cost matrix Q = diag(1000, 1000, 20, 20, 0, 0, 1000, 1000, 20, 20, 0, 0)

• Polynomial buildup α = ( t
N )3

• Learning rate = 0.1

The simulation parameters for the robust controller were:

• Simulation time = 600 ms

• Time step = 1 ms

• No delay

• State vector z = [xR, yR, ẋR, ˙yR, fRx , fRy , xL, yL, ẋL, ẏL, fLx , fLy , xMID, yMID]T

• Cost matrix Q = diag(1, 1, 104, 104, 1, 1, 1, 1, 104, 104, 1, 1, 108, 108). The costs
corresponding to the forces and the positions of both limbs are kept low to minimize their
impacts.

• Polynomial buildup α = ( t
N )3.5

• Learning rate = 0.1
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Figure 12: Two-cursors condition.ct, Max. and End p. stand respectively for catch trials,
maximum lateral deviation and end point position. A, top, Hand traces; bottom left, Control
vector (mean in black) for the left limb; bottom right, Control vector (mean in black) for the
right limb. B, Effect of the catch trials on the learning process. C, Maximum lateral deviation.
D, Maximum target overshoot.
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Figure 13: One-cursor condition. ct, Max. and End p. stand respectively for catch trials,
maximum lateral deviation and end point position. A, top, Hand traces; bottom left, Control
vector (mean in black) for the left limb; bottom right, Control vector (mean in black) for the
right limb. B, Effect of the catch trials on the learning process. C, Maximum lateral deviation.
D, Maximum target overshoot.

3.2 Experimental results

The experiment goal was to reproduce previous findings from Diedrichsen et al. to assess
standard adaptation in the mid cursor condition (Diedrichsen et al., 2007 [3]). The novelty lies in
the use of the force profiles and EMG analysis between the early and late stages of the perturbed
trials.

Concerning the catch trials, they has been analyzed in the same ways as in Crevecoeur et al.
(Crevecoeur et al., 2020 [2]) The analysis aim at:

(1) investigating the presence of feedback response adaptation to the unpredictable catch trials
and,
(2) measuring the potential moment when muscle activity starts to manifest a feedback tuning
corresponding to the unexpected switch-off of the force field.
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We should keep in mind that in our experiment the catch trials did not correspond to an
unexpected force field as in Crevecoeur et al. (Crevecoeur et al., 2020a [1] and 2020b [2]).

The cursor traces (Fig.14) show the participants’ cursor paths during the three-block for
the first and last trials (except for the Baseline). Subjects tended to produce a curved inner
reaching movement rather than a straight path with both hands in unperturbed trials (Base-
line). Following the introduction of the perturbation, a clear deviation of the right hand and
the mid cursor was visible in the direction of the disturbance. Then, at the end of the block,
these two traces were less deviated reflecting an adaptation to the force field. An after-effect was
observable on the first trial of the Washout block. The after-effect vanished as the participants
went through the Washout block. For the unperturbed hand (i.e. the left cursor), the impact of
the disturbance was less perceivable. Nevertheless, the left-hand path became more straight at
the end of the perturbed block and slightly directed to the opposite direction of the perturbation.
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Figure 14: Hand paths from all participants (light color traces) and mean across participants
(dark color traces) for Baseline (top left), the first and last perturbed trials (resp. top and
bottom center) and the first and last trials of Washout (resp. top and bottom right). FF stands
for force field and corresponds to the trials from the CW Learning block.

The behavior parameters for the Baseline reaffirm what has been observed on the hand traces.
The right and left hands both started with a slight angle turned toward the center, resulting in
a curved path and thus, a lateral deviation. The mid cursor rather adopted a straight path from
the home target to the final one with no maximal lateral deviation and a very low aiming angle
(Fig.15: A and D, 1-15).

Regarding the perturbed trials, the disturbance caused a lateral deviation in the direction
of the force field as well as a target overshoot (Fig.15: A and B, 16-150). Moreover, the path
length was highly increased for the first trials (Fig.15: C, 16-150). The left hand, although
being unperturbed, was also impacted but at a smaller scale. These three behavior parameters
declined across trials for all cursor before reaching a plateau. This plateau will be referred as
the asymptote. The exponential fits of all cursors described a significant curvature for the max-
imum lateral deviation, the maximum target overshoot and the path length. The aiming angle
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displayed a decreasing value across trials for both hands (Fig.15: D, 16-150). This suggests that
movements initially directed toward the center became more and more straight over the trials
to minimize the disturbance’s impact. The exponential fits highlighted a significant exponential
decay for the aiming angle across trials for both hands in contrast to the mid cursor.

The first Washout trials illustrated the after-effect resulting in the adaptation of the force
field. All four behavior parameters demonstrated a comeback to their Baseline values across
the unperturbed trials. The exponential fits of the maximum lateral deviation and the target
overshoot only highlighted a significant curvature for the mid cursor, while only the right and
mid cursors displayed the same results for the path length. Regarding the aiming angle, the right
cursor was the only one to get a significant exponential fit.
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Figure 15: The shaded traces (mean ± SEM across participants) represent behavior parameters
across trials (catch trials not displayed). The solid black lines correspond to the exponential fits
while the dashed one, the non-significant exponential fits. A, Maximum hand path deviation.
B, Maximum target overshoot (none for Baseline). C, Path length. D, Aiming angle.

From the lateral velocity profile of the first perturbed trial, we observed that the lateral
velocity of the unperturbed hand (Fig.16: bottom right) showed a peak in the direction of the
force field applied to the other hand (Fig.16: top right). For the last perturbed trial, both limbs
presented a reduced lateral velocity profile across the movement (Fig.16: top and bottom left).
Moreover, the left lateral velocity profiles seemed to begin to depend significantly on the direc-
tion of the force field (Fig.16: bottom left).

24



F
F

 t
r
ia

l 
#
1

F
F

 t
r
ia

l 
#
1
3
5

Figure 16: The shaded traces (mean ± SEM across participants) represent lateral velocity
profiles across the movement of the first and last perturbed trials. FF trial 1, Right (top) and
left (bottom) lateral velocity profiles for the first perturbed trial. FF trial 135, Right (top) and
left (bottom) lateral velocity profiles for the last perturbed trial.

The evolution of the variability (see Fig.17: A and D) underlined a peak around the right
lateral velocity peak and remained high for the end of the movement for both limbs. Even so,
the mid cursor showed a smaller variability across the movement and displayed a decreasing
variability after the peak. The unperturbed and perturbed trials revealed a distinct evolution of
variability (Fig.17: A and D). Firstly, the peak of the right hand and mid cursor happened be-
fore the left one. Secondly, the left hand manifested a stronger variability in the perturbed trials.

The time course of unperturbed trials (Fig.17: B) exhibited a strong negative correlation be-
tween the lateral displacement of both limbs. In the perturbed trials (Fig.17: E), the correlation
remained low and exposed a high variability between the participants. However, the correlation
seemed to become more negative in the last part of the movement. In fact, some participants
demonstrated a growing negative correlation (corr < - 0.7) across the perturbed trials. The
correlation of the endpoints’ lateral coordinate between both limbs were highly negative during
the unperturbed and the 30 last perturbed trials for all participants.

The relationship between the previous correlation and the scores for the corresponding per-
turbed trials was low (corr = 0.1444). As said previously, subjects had a stronger correlation
between the lateral displacement of both limbs in the unperturbed trials (corr (mean ± std) =
-0.8885 ± 0.1539 instead of -0.5175 ± 0.3069 for the 30 last perturbed trials). However, a high
correlation was not linked with the success rate for unperturbed trials (corr = 0.3804).
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Figure 17: A, The evolution of variability for the 15 unperturbed trials (Baseline). B, The
time course of the correlation between the lateral displacement of both hands with the individual
subjects score for the 15 unperturbed trials (Baseline). C, Correlation of the endpoints’ lateral
coordinate between both limbs of one participant for the 15 unperturbed trials. D, The evolution
of variability for the last 30 last trials. E, The time course of the correlation between the lateral
displacement of both hands with the individual subjects score for the last 30 last trials. F,
Correlation of the endpoints’ lateral coordinate between both limbs of one participant for the
last 30 perturbed trials.

During the Baseline trials, two phenomena were observed from force profiles (Fig.18). First,
a peak at an early stage of the movement resulting in a slight aiming angle and, hence the curved
path previously observed. Secondly, the left and right hands displayed a reversed force profile
leading to the high negative correlation of their lateral coordinate.

Time (ms)

LEFT MF RIGHT MFLEFT MID RIGHT

Figure 18: All force profiles (mean ± SEM across participants) displayed concerns the lateral
component. Left panel: Cursor trajectories for the last Baseline trials. Right panel: Right
and left measured force profiles for the last Baseline trials.

In the perturbed trials, the right-hand force counteracted the perturbation and its reaction
to the disturbance fitted it more and more across trials (Fig.19). By comparing the first and
last trials left-hand force profiles, the left hand seemed to produce an attenuated force during its
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movement despite being unperturbed (Fig.19).
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Figure 19: All force profiles (mean ± SEM across participants) displayed concern the lateral
component and are normalized. The commanded force profiles are inverted for an illustration
purpose. A, Left panel: Hand traces for the first perturbed trial; Middle panel: Left measured
force profile (red shaded trace, mean ± SEM) and the sum of the right measured and commanded
forces (grey shaded trace, mean ± SEM); Right panel: Right measured (blue shaded trace, mean
± SEM) and commanded (grey shaded trace, mean ± SEM) force profiles. B, The same graphs
for the last perturbed trial.

As observed on the force profiles, the correlation between the commanded and the right
measured force increased across trials. The terminal peak-end force decreased in value across
trials. The decrease may be explained by better control of the force required to counteract the
perturbation and therefore, a reduced maximal target overshoot. The exponential fits featured
a significant curvature for the correlation and the terminal peak end force. The correlation be-
tween the right and left measured forces dropped for the early trials and then, stayed stable
across perturbed trials. The left terminal peak showed an slight increase for the early perturbed
trials up to an asymptote.
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Figure 20: A, In blue, the correlation between the commanded force and the right measured
force. In red, the correlation between the left and the right measured forces. B, The right (blue)
and left (red) terminal peak end force.

Regarding the perturbed limb, the agonist muscle (Fig.21: B) featured a translated and an
attenuated peak of activity in last trials compared to the early ones. That suggested that the
participants anticipated and adapted their force to counter the perturbation. After the drop of
activity of the agonist’s muscle, the antagonist one (Fig.21: A) displayed an increasing activity.
Similarly, the antagonist muscle exhibited a translated and attenuated peak of activity in last
trials. For the unperturbed limb, both muscles exhibited a reduced activity across trials. The left
posterior deltoid (Fig.21: C) highlighted a translated activity for the last four trials suggesting
that the left limbs produced an anticipate and improved reaction to the perturbation of the other
arm. Unfortunately, it was less noticeable for the left pectoralis major (Fig.21: D).
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Figure 21: The mean and the SEM are both respectively represented with a solid trace and
with a shaded area. A, Activity of the right posterior deltoid (antagonist). B, Activity of the
right pectoralis major.C, Activity of the left posterior deltoid. D, Activity of the left pectoralis
major.

The next point probed was the change of dynamics of both limbs produced by the unexpected
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catch trials. A greater interest was given to the undisturbed arm. Looking at the simulations
in mid cursor condition, the unperturbed hand demonstrated a fluctuation of maximum lateral
deviation and end-point position due to the catch trials. Following this fluctuation, the system
came back to the value obtained before the catch trials.

To observe this phenomenon from the experimental data, the aiming angle, the maximum
lateral deviation and the maximum target overshoot have been computed for trials occurring
before a catch trial (Fig. 22: cyan square), then for catch trials (Fig. 22: green circles), and
finally, for trials succeeding a catch trial (Fig. 22: red stars). The perturbed and unperturbed
hands presented both a variation due to the introduction of a catch trials.
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Figure 22: The three following metrics have been displayed the following way: a trial previous to
a catch trial (cyan square), then a catch trial (green circle), and finally, a trial succeeding a catch
trial (red star). The shaded traces (mean ± SEM across participants) represent the behavior
parameters across these trials. A, The aiming angle. B, The maximum lateral deviation. C,
The end position of cursors.

Focusing on the unperturbed hand, the average made on catch trials (and the previous trials
as well as the five following ones) and across participants demonstrated a return to the former
value (i.e. before the catch trials) in a similar way observed in simulations (Fig. 23).
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Figure 23: The three following metrics have been displayed the following way: a trial previous
to a catch trial (cyan square), then a catch trial (green circle), and finally, 5 trials succeeding a
catch trial (red star). The values are the average across participants and catch trials respecting
the condition (2). A, The aiming angle. B, The maximum lateral deviation. C, The end position
of cursors.

A last point investigated was the feedback analysis of catch trials. During the perturbed
block, 15 unperturbed trials have been placed. Only the last ten trials were investigated. In-
deed, the first five trials were outside the asymptote of learning and hence, we can consider that
participants were adapted to the disturbance for these trials. Except for the correlations and
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the aiming angle that seemed to continuously evolves in the asymptotic part (Fig.20), the other
metrics remained stable across perturbed trials located in the asymptote part. If, there was a
presence of controller change as proposed by Crevecoeur et al. (Crevecoeur et al., 2020a [1]),
the first controller corresponding to the perturbation should present similar motor performance
across the catch trials, while the second corresponding to the force field switch-off should become
more efficient. In their work, they demonstrated a similar maximum lateral deviation and a de-
creasing maximum target overshoot across their catch trials. As stated previously, since we did
not work with force field catch trials, the identification of this phenomenon could not observed.

Hand traces from catch trials displayed a slight difference between the first and last catch
trials. Notably, the right hand seemed to feature a more curved trajectory at a later stage of the
movement. The differences were not perceivable from the force profiles.
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Figure 24: A, Hand traces for the sixth catch trials (first in the learning asymptote). B, Hand
traces for the last catch trials. The mean and the SEM are both represented respectively with a
solid trace and with a shaded area. C Maximum lateral deviation. D, Aiming angle. E, Force
profiles of both limbs for the 6th catch trials. F Force profiles of both limbs for the last catch
trials. G, The terminal peak end force.

The aiming angle featured a slight increase in absolute value from both limbs but did not
display any significant exponential fits. The maximum lateral deviation as well as the maximum
target overshoot of cursors remained stable across the catch trials. However, concerning the right
limb, the terminal peak-end force demonstrated a decrease and had a significant curvature for its
exponential fits. As a result, subjects may apply a decreasing force at the end of the movement.
The path length of the right hand and the mid cursor also exhibited a decrease across the catch
trials and a significant curvature of their exponential fits. Regarding the EMG, the differences
between the muscle activities of both limbs were hardly detectable. The onset of changes has
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been investigated between the early and late catch trials. Nevertheless, in the search of a poten-
tial drop in p-values, no moment of high statistical difference across populations of EMG data
has been found.
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4 Discussion

The first objective of my master’s thesis was the analysis of motor performances from partic-
ipants in a full predictable standard trial-by-trial learning paradigm to reproduce the findings of
"Optimal task-dependent Changes of Bimanual Feedback Control and Adaptation" (Diedrichsen
et al., 2007 [3]) with, in addition, the uses of force profiles and muscles activities. In "Optimal
task-dependent Changes of Bimanual Feedback Control and Adaptation" from Diedrichsen et al.
(Diedrichsen et al., 2007 [3]), it has been showed that both hands demonstrate adaptation to a
dynamical perturbation event applied to a single hand when the goal is shared. Two experiments
have been performed in two distinct conditions: the two-cursors and the one-cursor condition.
The first experiment corresponded to a bimanual reaching movement task in a random learning
paradigm, while the second one was in a standard trial-by-trial learning paradigm.

The second objective was the investigation of feedback adaptation during catch trials in the
light of previous papers from Crevecoeur and coworkers (Crevecoeuret al., 2020a [1] and 2020b
[2]). On the one hand, simulations based on the adaptive control model framework using two
distinct control strategies: the linear–quadratic–Gaussian (LQG) and robust controllers. Again,
two configurations have been tested: the two-cursors and the common cursor conditions. On the
other hand, from experimental data in one-cursor condition, by the analysis of catch trials where
the force field was unexpected turned off.

The analysis performed in this work supports the finding that the unperturbed hand demon-
strates an adaptation to a perturbation in a common goal configuration as advanced by Diedrich-
sen et al. (Diedrichsen et al., 2007 [3]). Indeed, despite being unperturbed, the left hand exhibited
a decreased path length with a reduced maximum lateral deviation and maximum target over-
shoot corresponding to a straighter path across perturbed trials. The value of the aiming angle
(the initial error for Diedrichsen’s paper) in our experiment is distinct from the results of the
second experiment performed by Diedrichsen et al. (Diedrichsen et al., 2007 [3]). That difference
may be explained by the fact that the experimental condition is distinct. Indeed, the movements
of participants were restricted in contrast with our experiment. Furthermore, they averaged its
value across the two directions of the force field (leftward and rightward) and the two hands.
However, the same conclusion can be deduced from our experiment. The evolution of the aiming
angle indicates that the unperturbed hand corrects its initial direction to oppose the force field
perturbation.

From the lateral velocity profiles, Diedrichsen et al. demonstrated that, starting at 190 ms
(approx. the force field peak), the unperturbed hand displayed a lateral velocity significantly
dependent on the direction of the force imposed on the other hand in its first experiment (the
random trial-by-trial learning paradigm). In our case, these findings have been also observed
except for early perturbed trials.

Next, Diedrichsen and his team analyzed the correlation between the lateral displacement
of both limbs. In common cursor condition, he stated that the optimal control policy infers
that endpoints of both hands should become negatively correlated. This effect results from the
bilateral corrections of the motor noise and should increase progressively over the course of the
movement. In our case, both in unperturbed and perturbed trials, the endpoints of both hands
were negatively correlated. The time course of the correlation between the lateral displacement of
both hands showed quickly a high negative correlation in the unperturbed trials. That contrasts
with the growing evolution displayed in their paper. About the last 30 perturbed trials (not
investigated by Diedrichsen et al.), partcipants demonstrated a low negative correlation during
the movement. However, an increase has been noticed late in the movement. We hypothesis
that both limbs would become more negatively correlated at the end of the movement to assure
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the common cursor to reach and stabilize in the final target. The evolution of variability in un-
perturbed and perturbed trials, both hands show a high variability at the end of the movement
leading to a minimized variability for the common cursor. This result highlights the fact that
bilateral correction are present in a common cursor configuration.

As said previously, the novelty of the study was to investigate the adaptation of both limbs
during the experiment by monitoring force profiles and the activity of the muscles. EMG data
illustrate that the perturbed hand exhibited a reduced and left-shifted muscle activity from ag-
onist and antagonist muscles. Regarding the unperturbed hand, this effect was only detectable
in posterior deltoid recordings. This decrease suggest that participants learn to anticipate and
adapt their movement to counteract the perturbation impact in both limbs (perturbed or not).
This finding emphasizes the presence of bilateral correction during the bimanual cooperative
tasks.

The results of the simulation approach we developed converge toward the same conclusion. In
a common goal task, both limbs contribute to the diminution of error generated by the common
cursor. Moreover, the introduction of a catch trial generated a change of dynamics in the unper-
turbed hand, which was gradually abolished in the next trials. By comparing the experimental
results, similar observations were made.

In conclusion, this current study contributed to further investigate the bilateral correction
during a common goal task, strated by Diedrichsen and his team. The same conclusions have
been deduced with EMG correlates. Nevertheless, in their paper, Diedrichsen et al. quantify
the amount of correction made between and within hands. He demonstrated that the within
hands correction rate increased, while the between hands correction rate dropped in the com-
mon goal configuration compared to the dual-goal one. The quantification of the correction rate
between and within the hand as well as its evolution across trials was not investigated in our
study. The comparison with the two-cursors condition has also not been developed. Another
distinction with Diedrichsen comes from the design of its task. In their standard trial-by-trial
learning experiment, participants realized several sessions where the direction of the perturbation
(leftward or rightward) and the hand on which he applied the perturbation was changed. They
also check the impact of the visual feedback on the emergence of bimanual corrections to verify
whether the view of the common cursor was sufficient to generate bimanual corrections. In our
work, the different findings were based on data where only the right hand was perturbed with a
clockwise force field disturbance. Besides, the influence of visual information has not been taken
into account.

Concerning the feedback adaptation, although the maximum target overshoot remained unal-
tered across catch trials, a reduced terminal peak led to a shorter path length for the perturbed
hand. Regarding the unperturbed hand, no relevant evidence of feedback adaption has been
established. The muscle activity remained too similar and therefore, no suggestion of a clear
change of behavior has been found. The analysis was initially made with force field catch trials
in papers from Crevecoeur et al.. So, there was no guarantee that the same observation about
the maximum target overshoot and hence, a reduced terminal peak could be made. Lastly, the
reduced path length observed in the perturbed hand could be an insight of a within-trial feed-
back adaptation presence. Nevertheless, there was no possibility to determine the latency of this
feedback from the right muscles recordings.

Finally, future researches on feedback adaptation could focus primarily on analogous exper-
iments made by Crevecoeur et al. in the two previously cited papers. For instance, by setting
unperturbed trials with force field catch trials, we could directly directly make the comparison

33



with their results, and maybe identify similar evidence of feedback adaptation in bimanual co-
operative tasks. The two main questions underlying previously need more investigation:

(1) Do both limbs display this within-trial feedback adaptation?
(2) Is the latency of this feedback similar to the unimanual case?

The utilization of via point to potentially observe near-instantaneous after-effects or even the
effect of alternating different kinds of force fields (i.e. orthogonal and curl force fields in different
directions) as it has been performed by Crevecoeur et al. could be explored.

Another investigation could be the comparison of the feedback latency between uniman-
ual and bimanual (cooperative or not) tasks. Could be possible a transfer of learning between
unimanual and bimanual cooperative tasks? Is this change of configuration could impact this
feedback adaption?
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