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Abstract

movements. These movements were extensively studied in the

past decades and revealed rich mechanisms both during planning
and execution. Despite these numerous years of research, very little is
known about the entanglement between the planning and execution
facets of reaching movements.

MOST of our interactions with the world occur through reaching

This thesis explores the interactions between the planning and exe-
cution steps of these reaching movements through a combination of
experimental and modeling approaches. First, we demonstrate that the
control policies selected to execute movements are not immutable and
can be adjusted online to accommodate changes in task demands. These
online adjustments suggest the existence of a mechanism whereby
changes in the task could elicit replanning of movement. Elaborating
on this first finding, we then report that this adjustment can also handle
dynamical changes in the task. This finding reinforces the first one as it
demonstrates that this adjustment mechanism consists in a continuous
feedback loop monitoring task demands to optimally adjust the con-
trol policy online. Then, we reveal that selecting more robust control
policy, intended at rejecting potential disturbances, reduces flexibility
during movement. This last result demonstrates a competition between
movement vigor and flexibility.

This work adds to the understanding of the control policies underlying
reaching movements by providing new insights into the interactions
between movement planning and execution. These results, combined
with the modeling work, highlight the fact that movement planning
and execution are two facets of a same mechanism underlying reaching
movements.
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Chapter I

General introduction

Inspiration is found by looking
outward

Oviya Pashiri, sage lifecrafter

structure that all animals possess under various forms. From the

simple and fully documented nervous system of the Caenorhabditis
elegans [Cook et al., 2019] to the extremely complex structure of the
human nervous system, research has striven, in the past decades, for
decoding, understanding and explaining this biological structure. Even
though only very few of its functions have been unveiled, it has become
an evidence that one of the main purposes of this structure is to allow
the host organism to move. Movement is indeed a hallmark of the
animal reign, as demonstrated by the annoying fly of the mosquito as
one tries to sleep or by the ethereal movements of gymnasts at the
Olympics. Although humans are the first observers of the myriad of
movements they perform, the reason why these movements are the
way they are is still a deeply unanswered question. The present thesis
falls within decades of research aiming at explaining how the central
nervous system plans and executes movements. More specifically, this
work discusses reaching movements performed by humans with their
upper limbs by presenting experimental results and comparing the
observed behaviors with models borrowed from control theory. As
this thesis is at the border between an experimental and a theoretical
field, it is primordial to introduce these two research domains. This is

THE central nervous system is an exquisitely complex and mysterious
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the goal of this first chapter. We first present the current knowledge
about reaching movements by reviewing previous experimental results
following a chronological order supposed to parallel the temporal un-
folding of reaching movements. These experimental results focused on
behavioral and physiological data, as the aim of this first section is to
draw a portrait of reaching movements by listing their characteristics
without discussing their causes. We then discuss the models borrowed
from control theory that can be used to simulate and explain reaching
movements. This second section sets a theoretical ground to discuss
the experimental results presented in this work. The neural implemen-
tation of some of these control models within the human brain and the
peripheral nervous system will also be discussed in this second section.
Finally, the goal of this thesis and the contents of the different chapters
will be presented.

1 Experimental studies of reaching move-
ments

In their everyday life, humans perform thousands of reaching move-
ments without even thinking about them. Indeed, any object that they
end up holding in their hand is the result of a successful reaching
movement whose aim was to reach and grasp that specific object. In
the first section of this chapter, we dissect these movements by de-
scribing the different steps composing them and detailing how each of
them is influenced by various parameters. For this purpose, we refer
to previous behavioral studies in humans, non-human primates, and
other animal models spanning from the pioneering work of Bernstein
[Bernstein, 1967]] to the most recent studies.

This section follows the chronological order of the successive processes
occurring when the agen executes a reaching movement. The first
process in this temporal unfolding is movement planning, which can
be itself split in different parts. During movement planning, the agent
decides which behavior to adopt for the task they have to execute
based on the information they collected through their sensory inputs.

!In this thesis, the term agent refers to the entity that takes decision and execute
action. It can refer to the human or animal performing the experimental task or to
the mathematical model simulating movements.
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We first describe in section [I.1.1/how the agent can use their sensory
inputs to collect information about their environment and their own
body. Then we describe how this sensory information can be optimally
combined with cognitive information, described in section within
the decision process, covered in section selecting the agent’s
behavior for the next step. This second step is movement execution
which consists in the dynamical application of the behavior selected by
the agent to execute the task optimally according to some criterion. In
this second part, we start by discussing the specificity of the behavior
selected by the agent in unperturbed conditions (section [1.2.1), and
then we expand it to an environment involving visual (section|[1.2.2) or
mechanical perturbations (section|1.2.3)) of the system. It is worth noting
that movement planning and execution are not two sequential processes
and that they can happen in parallel (see section [1.3|for more details).
Figure [.1| schematically summarizes the structure of this section with
respect to the temporal unfolding of the processes underlying reaching
movements.

Movement planning Movement execution
section 1.1 section 1.2

Vision 3 section 1.1.1 section 1.2.3

Force/Torque

R i perturbation I
Control section 1.2.1
policy { ] ]

Isection 1.1.4 behaviour

Observing the
environment

Decision making
task selection
section 1.1.3

section 1.2.2

.
.. Visual

perturbation

Target/cursor-jump

Cognitive
factors

\ y, \ J

%, instructions

Figure 1.1: Temporal unfolding of the different processes underlying reaching
movements. The first step, movement planning consists in selecting a control policy
by integrating, within the decision process, the observation of the environment
performed through sensory inputs and cognitive factors such as reward and task
instructions. The control policy is then used during movement execution in both
unperturbed and perturbed conditions (either with mechanical or with visual
perturbations). The sections of the text associated with the different part of this
structure are also indicated in this figure.
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1.1 Movement planning

The first step that the agent has to go through when they decided to
execute a reaching movement is movement plannin Movement plan-
ning is primordial as it aims at selecting the agent’s behavior during
movement for any possible limb position while integrating task-related
information collected through sensory modalities and other external
inputs. The first source of task-related information that is discussed
herebelow is the one mediated by vision an proprioception (section
[1.1.1). The second source that is discussed concerns the higher-level
information conveyed to the agent either by the mean of specific task
rules or implicit and explicit reward (section [1.1.2). Task-related knowl-
edge collected through these two modalities is then integrated during a
decision process aiming at selecting the agent’s behavior (section[1.1.3).

1.1.1 Observation of the environment

A complete and detailed understanding of the initial state of the envi-
ronment and of the agent’s body is primordial to select the behavior
to adopt during movement. This understanding first requires to col-
lect information through the sensory inputs relevant to the context:
proprioception and vision.

Proprioception

Proprioception is the channel whereby information about the
limbs position and movement is conveyed to the brain and the
peripheral nervous system. Since the pioneering works by Mott
and Sherrington [Mott and Sherrington, 1894]], proprioception is
known to be a key element in the estimation of the postural state
of the motor apparatus as it conveys information to which other
senses are blind. It is mainly mediated by three types of receptors,
respectively located under the skin, within the muscles belly and
in the tendons: touch receptors, muscle spindles, and Golgi organs
respectively. Skin deformations convey information to the brain

’Here, the nomenclature introduced by Trommershaitiser
[Trommershéduser et al., 2003] will be adopted and this first step will be re-
ferred to movement planning. In contrast to motor planning which is concerned
in defining and finding a deterministic sequence of motor commands, movement
planning has the flexibility to determine a global behavior whatever the state of the
limb is with respect to the goal.
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about the state of its limb. The skin is indeed populated with
many different kinds of sensors (see [Johnson and Hsiao, 1992,
Johnson et al., 2000, Johnson, 2001] for reviews) sensitive to vari-
ous types of stimulus such as identations or vibrations for instance
[Johansson and Westling, 1988|, Johansson and Westling, 1984]]. A mar-
vellous characteristics of these captors is that they can work in concert
using each and everyone’s sensitivity to encode these various stimuli
[Delhaye et al., 2018, |Saal and Bensmaia, 2014, |Weber et al., 2013].
Skin deformation and touch are not only used during grasping
and object manipulation, they are also important for reach-
ing movements. Indeed, previous work demonstrated that the
sensorimotor control of upper limb reaching movements and
the sense of touch are closely related [Crevecoeur et al., 2016,
Retschechtko and Pruszynski, 2020, Forgaard et al., 2021,
Avraham and Nisky, 2020, Hernandez-Castillo et al., 2020]. Mus-
cles spindles are composed of two types of afferents grouped
in bundles within the muscle fibers (see [Hulliger, 1984] for re-
view). These spindles are sensitive to the size of muscle length
change and to its speed [Matthews, 1972, Proske and Gandevia, 2009,
Cheney and Preston, 1976, [Edin and Vallbo, 1990a]] during passive
movements, which implicitly also conveys information about the
limb movement and speed. Their activities during active movements
are more complex than the passive ones and still poorly understood
[Dimitriou and Edin, 2008a, Dimitriou and Edin, 2008b]. =~ Moreover,
these muscle spindles are also known to be sensitive to muscle
vibrations [Burke et al., 1976, Roll et al., 1989] which could elicit
illusion of limb movement when these muscle spindles are artificially
vibrated [Goodwin et al., 1972]. Golgi tendons organs are located in
the tendons and are sensitive to muscle tensions and therefore can
convey information about the forces and torques applied by and to
the different joints [Mileusnic and Loeb, 2009, [Edin and Vallbo, 19904,
Edin and Vallbo, 1990b, Matthews, 1933]]. The combination of all these
sensitive organs provide an exquisitely rich knowledge about the state
of the agent’s limb. This is however not enough to properly plan
movement as proprioception alone does not provide any information
about the task environment.
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Vision

Vision is a complementary (and sometimes redundant) source of
information that with proprioception allows for a full comprehension
of the state of the body and environment. Vision is indeed comple-
mentary to proprioception as it provides information about parame-
ters to which proprioception is blind (e.g. targets or obstacles in the
environments, visual cues related to the task, ...). Since the demon-
stration by Woodworth that movements are more accurate with vi-
sion than without [Woodworth, 1889]], it is evident that vision plays
a major role in movement planning. Indeed, it was demonstrated
that vision of the hand at the beginning of movement causes more
accurate movements than when not available [Desmurget et al., 1997,
Desmurget et al., 1998, |Prablanc et al., 1979b]. Moreover, when the vi-
sion of the initial position of the limb is distorted, the movements
exhibit systematic errors [Rossetti et al., 1995} Sainburg et al., 2003]. In
addition to this information about the initial state of the limb, vi-
sion also conveys information about the different targets and obsta-
cles located in the environment. The term vision refers to all the
information collected by the visual system whether it is retinal pro-
cessing of visual stimuli or information related to the eye and head
orientation. The retinal information provides accurate estimation
of the target position if this one is located in the foveeﬂ Indeed,
the encoding of the visual stimulus is degraded if it falls in the pe-
ripheral visual field [Paillard and Amblard, 1985, [Westheimer, 1984]].
This degraded encoding results in an increase of the end-point error
during hand pointing tasks [Bock, 1993, Bock, 1986} Roll et al., 1986,
Prablanc et al., 1979al]. Moreover, it has been demonstrated that the
estimation of the location of the visual stimulus is improved when
the retinal information is combined with concomitant extra-retinal
sensory inputs [Prablanc et al., 1979b, Blouin et al., 1995, Bock, 1986]]
such as the orientation of the eye in the eyeball. The orientation of
the head also have a similar impact: the estimation of the location
of the visual stimulus is improved with concomitant head orienta-
tion [Brotchie et al., 1995]. Interestingly, the eye and head orienta-
tion also exhibit more accurate estimation for non peripheral stim-
uli [Biguer et al., 1984, Vanden Abeele et al., 1993| Rossetti et al., 1994,
Paillard and Amblard, 1985]. By combining all the information col-

3The fovea is a part of the retina that is densely populated with rods and cones
and is therefore associated with a higher visual acuity than the rest of the retina
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lected through vision, the agent is able to collect information about the
limb and the different targets, complementary to what proprioception
collected.

Multi-sensory integration

Vision and proprioception are not processed individually but instead
are integrated as a whole through a combined neural and cognitive
mechanism  [Graziano and Gross, 1993,  Driver and Spence, 1998,
Spence et al., 2000, Doyle and Walker, 2002]]. This combination of dif-
ferent sensory modalities is referred to as multi-sensory integration. In
this work, we are interested in upper limb movements and more specif-
ically reaching movements. An extremely large body of work investi-
gated multi-sensory integration in upper limb movements and demon-
strated that the central nervous systems exquisitely combines various
sensory inputs such as vision, proprioception, sound, and even olfac-
tion [Klatzky et al., 1987, Klatzy et al., 2000, Klatzky and Lederman, |
Jenmalm et al., 2000, Zhariev and MacKenzie, 2007,
van Beers et al., 2002, Patchay et al., 2003, Patchay et al., 2006,
Sober and Sabes, 2003, [Aziz-Zadeh et al., 2004, |Gazzola et al., 2006,
Castiello et al., 2006, Camponogara and Volcic, 2019] .

It is hypothesized that the brain integrates these different sen-
sory modalities in a statistically optimal way [Angelaki et al., 2009,
Kording et al., 2007]. This optimality means that the estimated vari-
able is the most reliable value for this encoding in terms of maxi-
mum likelihood estimation. According to Bayes’ rule, the optimal
combination of these different sensory inputs is a linear combina-
tion of them, weighted by their relative precision} This signifies
that the estimate will be closer to the sensory input associated with
the smallest variance. This optimal sensory cue combination is not
only good at weighting different sensory inputs based on their pre-
cision but it can also factor different delays for the different sensory
inputs [Cluff et al., 2015]. Many experimental evidence support this
optimal cue combination in different laboratory tasks. Ernst and Banks
[Ernst and Banks, 2002] demonstrated in their seminal studies that
weight and haptic feedback were combined optimally to estimate the
size of an object, demonstrating that the brain was able to perform opti-

“In statistics, the precision of a random variable is defined as the inverse of its
variance
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mal cue integration. Kording and Wolpert [Kording and Wolpert, 2004
demonstrated that humans participants were able to learn prior dis-
tributions and tune their behavior accordingly in reaching experi-
ments followed, by other reaching tasks reporting congruent results
[Trommershauser et al., 2005, Wolpert and Landy, 2012]. The multi-
sensory integration of proprioception and vision is a central concept in
reaching movements because it does not only matter for determining
the initial state of the limb but also estimate the state of the limb at
any time during movement. However, some questions regarding this
multi-sensory integration of signals with asynchronous delays are still
unanswered [Cluff et al., 2015]. The sensory delays associated with
proprioception and vision indeed play an important role in the ability
of the agent to properly respond to visual and mechanical perturbations
[Cameron et al., 2014]].

1.1.2 Cognitive factors

In contrast to the parameters developed in section some task-
related factors cannot be directly interpreted by the senses and require
other kind of processing before being integrated within the selection
of the agent’s behavior. These factors will be referred to as cognitive
factors and typically correspond to information that require cognitive
processing that the sensorimotor system alone is not able to perform.
In this section, we first discuss specific task rules and then the explicit
or implicit task reward.

Task rules

Specific instructions provided to the agent have a primordial
influence on the selection of the control policy. Indeed many
behavioral experiments have revealed that the agent’s behavior
and specifically the way they handle unexpected perturbations
(see section depends on the instructions they were given.
Classical experimental paradigms that modulate the task instruc-
tions are the Go/NO-GO and RESIST/LET GO paradigms, which have
been demonstrated to modulate long latency feedback responses
[Calencie and Bawa, 1985, (Capaday et al., 1994} [Colebatch et al., 1979,
Crago et al., 1976, Rothwell et al., 1980, Shemmell et al., 2009]. These
specific task instructions can also be more subtle and can dictate
the agent’s interactions with the environment and its different tar-
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gets or obstacles. It has indeed been demonstrated that humans are
able to integrate specific instructions relative to obstacles in the selec-
tion of their control policy [Sabes and Jordan, 1997, Nashed et al., 2012,
Cross et al., 2019]. This body of work confirms that specific task rules
and instructions modulate the selection of the appropriate control pol-

icy.

Reward

Another cognitive factor that influences movement planning is the
reward associated with the task and with each of the available targets.
Target reward is a parameter that has been investigated in many exper-
iments as this is a factor that is relevant to motor adaptation and motor
skill learning [Abe et al., 2011, |Galea et al., 2015, Wachter et al., 2009]].
In this thesis, we will focus on its role on the motor policies used by
humans to execute movement, and let its role on motor adaptation and
motor skill learning aside.

The impact of reward on the control of saccadic eye movements
has been investigated in many experimental studies on humans and
monkeys. Positive reward invigorates movement as demonstrated
by the increase in movement speed and the decrease in reaction
time when reaching to target associated with the larger reward
[Manohar et al., 2015, Manohar et al., 2017]]. Interestingly, similar be-
haviors have been reported in experimental paradigms where the target
reward was implicitly modulated, for instance by providing more infor-
mative target such as images of faces [Xu-Wilson et al., 2009].

A similar impact of target reward had been observed in reach-
ing movements where an increase of movement vigor has
been also reported for higher target reward in both animal
[Mosberger et al., 2016, |Opris et al., 2011] and human studies
[Summerside et al., 2018} Esteves et al., 2016]]. Since reward modulates
movement speed, it also modulates movement duration. This
modulation of movement duration has been demonstrated to follow
an hyperbolic law, suggesting an hyperbolic temporal discounting of
reward [Shadmehr et al., 2010al Haith et al., 2012]. All these results
demonstrated that target reward, whether it is explicit or implicit,
modifies the control policies used by humans to execute movement and
is therefore a parameter that cannot be neglected when investigating
movement planning.
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Motor cost and effort

During movements of large amplitude, the agent has to take factors
such as the arm anisotropy, inertial passive forces or muscle viscoelastic-
ity into account as they became non negligible [Gordon and Ghez, 1987,
Flash, 1987, Vindras et al., 2005, |Guigon et al., 2007].  This means
that movement planning also integrates intrinsic limb proper-
ties [Soechting and Lacquaniti, 1981, Kaminski and Gentile, 1989] and
even some knowledge about the limb dynamics [Uno et al., 1989]. This
was proven experimentally in a series of studies conducted by Sabes and
colleagues [Sabes et al., 1998| Sabes and Jordan, 1997]. They demon-
strated that trajectories adopted to move around obstacles are such
that they minimize the impact of potential perturbations by exploiting
knowledge about dynamical limb factors.

Besides the knowledge of intrinsic limb properties, the agent also has
to take the motor cost into account. Indeed, moving one’s arm is
not energetically free and there is a cost incurred with it as shown
by the impact of motor cost on some motor control aspects in hu-
mans [Shadmehr et al., 2019, [Huang et al., 2012} Cos et al., 2011]] or an-
imals [Alexander, 1996]]. Motor cost or effort has a clear impact
on the control policies selected to perform movements and it has
been used as a factor to determine movement duration and vigor in
some motor control theories [Shadmehr et al., 2016, Wong et al., 2021}
Rigoux and Guigon, 2012]]. Similarly, the framework of Optimal Feed-
back Control (developed in section [2.2) considers motor cost as one of
the main parameters taken into account to determine the control policy.
This motor cost can be evaluated in many different ways : muscu-
lar force [Kolossiatis et al., 2016]], mechanical work [Alexander, 1997],
square of the activated force [Nelson, 1983, Ma et al., 1994], or even the
squared integral of the torque derivatives [Uno et al., 1989]].

1.1.3 Decision-making

In sections and|[1.1.2] we reported that both low-level sensorimotor
(the information conveyed by vision and proprioception) and high-level
cognitive factors are integrated in the selection of the agent’s behavior
when only one target is available. However, in everyday life situations,
the agent often faces situations were more than one target is available.
The goal of this section is to discuss the decision process that the agent
uses in such situations, and to infer how the low- and high-level factors
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are integrated in this decision-process. In this section, we first describe
the drift-diffusion models as they were a starting point to many of the
experimental studies discussed later. The second part reviews decision-
making processes that are somehow related to reaching movements.
Finally, the interesting interplay between low- and high-levels factors
in these decision process will be discussed.

Drift-diffusion models

The drift-decision models are a family of models introduced to explain
and infer the decision process that takes place when an agent is faced
with two or more alternative [Laming, 1968 Ratcliff, 1978]. These
models exploit the sequential probability ratio test (SPRT) developed by
Wald [Wald, 1945, Wald and Wolfowitz, 1948 to model decision pro-
cess that occurs through a competition between the two alternatives
whose respective evidences are modeled by a gradual accumulation fol-
lowing a random Walkﬂ More specifically, in the binary decision process,
the agent has to select between the alternatives A and B, each of them
being associated with an accumulation variable x 4 and x 5. Throughout
the temporal unfolding of the process, the agent is collecting bits of
information about each hypothesis, x4 and dzp, respectively, that
sums up with the corresponding accumulation variables. When one
of the two alternatives reaches a predefined threshold, the associated
decision is taken. A schematic representation of these drift-diffusion
models is presented in Figure[[.2) where the agent had to decide whether
the patch of points is moving to the left or to the right (Figure [[.2A).
Assuming that the agent is looking at the patch for a long time, the
variables representing the evidences are represented in figure [.2B.

Interestingly, the principle of evidence accumulation underlying drift-
diffusion models prompted the experimental search for the existence of
such an accumulation neural signal in the brain. Indeed, if the brain is
using a decision process similar to the drift-diffusion models, it should
somehow accumulate evidence, and some gradually increasing signals
might be observed in the brain. These accumulation signals were indeed

>The models were initially developed for binary decision processes but were
eventually expanded to processes where a finite set of alternative outcomes are
possible.

®The term random walk here signifies that, at every time step, the accumulated
evidence is defined by dz = Adt + w where A is the evidence of the current time
step and w ~ N (0,1) follows a normal distribution.
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A B

In which direction are the dots moving?

Decision

Evidence accumulation

Left Right

Time

Figure 1.2: Representation of the drift-diffusion models. A. The task consists in
determining the direction towards which a patch of dots is moving based on the
individual dots movements. Participants are instructed to make a decision when they
are confident enough in their choice. B. Schematic representation of the evidence
accumulation for both alternatives as predicted by the drift-diffusion models. Both
variables started at zero and the first one to cross the decision threshold is considered
the winner. In this case, the agent answers that the patch of dots is moving to the

right.

found in various experimental paradigms (see [Gold and Shadlen, 2007]]
for review) suggesting that the animal and human central nervous
systems could use mechanisms similar to these drift-diffusion models.

Decision-making models for reaching movements

Decision-making is a central mechanism in sensorimotor control
which does not only take place when there are multiple targets avail-
able to the agent. Indeed, even when only one target is presented,
there is a multitude of behaviors that the agent can select to execute
this movement (different speeds, trajectories, ...). As stated by Wolpert
and Landy [Wolpert and Landy, 2012, movement planning is thus all
about decision-making. In this section, we will focus on the decision
process that takes place when several alternatives are available, and
selection between reaching policies to a same target will be briefly dis-
cussed in section The reason why decision-making was covered
in this thesis is that the experimental work developed here investi-
gates the potential entanglement of movement planning and execution.
Therefore, since movement planning is mainly concerned with decision
making, it is of the highest importance to cover that topic in this thesis
introduction.

When the agent has to select an option between two potential tar-
gets, their decision is influenced by both low- and high-level fac-
tors discussed above. Indeed, it has been demonstrated that partic-
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ipants tend to favor targets associated with the smaller biomechani-
cal costs [Cos et al., 2011, Burk et al., 2014} |Cos et al., 2014]]. This sug-
gests that, somehow, a representation of the cost associated with
the movements to the different targets is computed and that these
values are compared to each other. Similarly, the agent’s decision
reflects cognitive factors, as demonstrated by the influence of re-
ward and punishment on the selection between the different options
[Trommershauser et al., 2003, Trommershauser et al., 2008]. Trom-
mershauser and colleagues [Trommershauser et al., 2008] demon-
strated that participants were able to integrate abstract cognitive factors
such as reward or penalty and select the movement that will maximize
their outcome, at very short response times.

Up to now, the low- and high-level sensorimotor factors where consid-
ered separately for the decision-making process. However, in real-life
both factors can be involved in the same decision process. This gives
rise to the interesting question of their integration in the decision mak-
ing process. This question was addressed by Cisek [[Cisek, 2012], that
suggested an interplay between these two types of parameters. In this
review, Cisek suggested that the decision between actions (e.g. going
to the left or right target) is not only determined by the sensorimotor
representations of the different options but also integrates abstract
representations of the actions outcome (e.g. how much reward is associ-
ated with each target). This theory was further explored by Rigoux and
Guigon [Rigoux and Guigon, 2012|] who presented a model that, simi-
larly, supports the interplay between cost (associated with low-level
sensorimotor factors) and reward (associated with high-level cognitive
factors) in the decision-making processes.

Besides these sensorimotor and cognitive factors, the decision pro-
cess can also be influenced by the urgency which the participants
must make decisions with. In this case, in the framework of drift-
diffusion models, the decision will be taken before the threshold is
reached. The theoretical framework associated with this phenomenon
is the so-called urgency-gating model [[Cisek et al., 2009]. This model
proposes that the buildup of neural activity reported in previous ex-
periments could be linked to a growing signal representing the ur-
gency to respond, instead of the temporal integration of evidence
[Cisek et al., 2009, Thura et al., 2012]]. This urgency-gating model was
further investigated in a token task where humans and non-humans
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primates had to make decisions, and neural correlates from the mo-
tor and premotor cortices confirmed the urgency-gating hypothesis
[Thura and Cisek, 2014]. These results supported the hypothesis that
the urgency was also a critical factor that has to be taken into account
in the investigation of the decision processes.

The decision processes that we consider in the present thesis and
those modeled by the drift-diffusion models are processes that take
time. Indeed, the decisions are not instantaneously taken at the
beginning of the decision process. This temporal dimension of decision
making gives rise to an interesting tradeoff between the accuracy
of the decision and the time required to reach that decision. This
tradeoft, called speed-accuracy tradeoff (SAT) has been demonstrated
to happen in many different experimental paradigms involving vision,
olfaction, audition or even memory [Reed, 1973, [Wickelgren, 1977,
Reddi and Carpenter, 2000, Reddi et al., 2003,  [Palmer et al., 2005,
Rinberg et al., 2006,  Ings and Chittka, 2008,  Bogacz et al., 2010].
The underlying principle of this speed-accuracy tradeoff is
that a decision cannot at the same time occur quickly and be
accurate.  Besides the behavioral support of this SAT, many
studies demonstrated neural evidence of this tradeoff in various
brain area. For instance, it has been shown that such signals
exist in the monkey brain when they execute a perceptual dis-
crimination task in the frontal eye field [Hanes and Schall, 1996,
Kim and Shadlen, 1999, Woodman et al., 2008, Ding and Gold, 2012],
in the lateral intraparietal area [Roitman and Shadlen,|
Gold and Shadlen, 2007, Hanks et al., 2014] or in the superior
colliculus [Horwitz and Newsome, 1999, Ratcliff et al., 2007]. Interest-
ingly, the existence of this tradeoff indicates that the decision processes
can be interrupted at any time and that an associated decision will be
available. This point is critical to the decision we conduct in section[1.3]

1.1.4 Control policy

Movement planning and the different steps detailed above result in the
selection of a control policy. This control policy is selected by the agent
and defines their behavior during movement. Conceptually, a control
policy is a mapping between the state of the system (i.e. the agent’s
body and environment) and the actions that the agent takes (i.e. the
motor commands), which can be mathematically expressed as follows:
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T(x(t),t) =u(t), (L1)

where x (t) is the state vector, which is a set of variables that unequivo-
cally describes the system, and u (t) is the action selected by the agent
given that state of the system.

This definition of control policy is central to this thesis and is worth to
be discussed in details. We reviewed that the agent’s behavior, governed
by the control policy, depends on both low- (see section|[1.1.1) and high-
level factors (see section[1.1.2). This means that, for a given system
state X () (i.e. joint configuration and velocity), the motor command se-
lected by the agent in two different tasks, u; (X (¢),¢) and uy (x (¢), t),
differs if and only if one task-defining parameter differs. This selected
control policy impacts the baseline control (see section charac-
terized by voluntary unperturbed movements to the target goal but
also the feedback responses to perturbations, as will be discussed in
section In sections and[1.1.2] we described different agent’s
behaviors induced by modulation of different task-related parameters.
These differences are actually attributable to different control policies
associated with the different conditions. The control policy, selected
during movement planning, is responsible for the behaviors observed
experimentally as it dictates the agent’s action for any state of the limb.

1.2 Movement execution

Once the control policy has been selected by the agent during move-
ment planning, it can be applied to execute movement. In this section,
we review previous studies that investigated the influence of the differ-
ent factors developed above on animals and humans behavior during
reaching movements. In section we discuss the baseline behavior
without perturbations. Then, in sections [1.2.2| and [1.2.3] we review
the paradigms where visual and mechanical perturbations were respec-
tively used and how they conveyed information about the control policy.
Perturbation paradigms are primordial to investigate the impact of var-
ious factors on these control policies. Indeed, perturbing the system
gives the opportunity to put it in an unexpected state which elicits a
feedbacK| response to the perturbation.

"By definition, a feedback response is a response (ie. an action of the agent) that
integrates the unexpected state that the system has reached after a perturbation.
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1.2.1 Baseline behavior

The application of the control policy in absence of any kind of pertur-
bation yields to the so-called baseline behavior. Despite the absence of
perturbations, this baseline behavior already provides a huge amount of
information regarding the control policy used to perform movements.

A hallmark of this baseline behavior is its ability to exploit the
large number of degrees of freedom inherent to the limb dy-
namics to perform movements using invariant kinematic and
dynamic features, which gives rise to stereotypical behaviors. This
property has been demonstrated for both 2- and 3-dimensional
reaching movements in various paradigms [Flash and Hogan, 1985,
Morasso, 1981,  Soechting and Lacquaniti, 1981,  Biess et al., 2007,
Atkeson and Hollerbach, 1985, Hollerbach and Flash, 1982,
Bernstein, 1967, Wolpert et al., 1995, Haggard et al., 1995]. For
instance, there is an inverse non-linear relationship between
the tangential hand speed and the curvature of the trajectory
during curved movement as stated by the two-thirds power law
[Lacquaniti et al., 1983], illustrated in Figure These relationships
between hand position and hand velocity across movements and
paradigms reveal that the central nervous system somehow exploits
the tremendous number of degrees of freedom inherent to the upper
limb in a stereotyped way to execute movement.

The control policy used by humans to execute movement is also sen-
sitive to target redundancy and exploits this redundancy when avail-
able. This is demonstrated by the modulation of the end-point distri-
bution of hand position with the target width : wider distributions
were associated with wider targets [Berret et al., 2011, Knill et al., 2011,
Nashed et al., 2012]]. These results are congruent with the claim that
the control policy used for reaching exploit limb redundancy because
they demonstrated that the central nervous system has an efficient way
of dealing with redundancy associated with the task. This exploitation
of the task redundancy might be explained by the way the control policy
is selected (see 2.2 for more details).

Cognitive factors such as reward also have a direct effect on the behav-
ior in this baseline condition as it has been shown that humans tend to
move faster towards more rewarding targets, as highlighted by faster
saccadic eye movements towards targets associated with higher util-
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Figure 1.3: Representation of the two-thirds power law obtained for two different
subjects drawing at different speeds (fast, medium and slow). The angular velocity of
their movements was correlated with their curvatures in a stereotyped way,
whatever the velocity was. Adapted from [Lacquaniti et al., 1983].

ity or monetary reward [Xu-Wilson et al., 2009, Manohar et al., 2015].
Similar results have been reported in upper limb reaching movements
[Esteves et al., 2016, Summerside et al., 2018]], where more vigorous
movements were observed towards more rewarding targets.

However, baseline behavior alone is not enough to grasp the interesting
complexity of the reaching control policies. In the next two sections, we
discuss two types of non-invasive perturbation paradigms that provide
new insights in these control policies.

1.2.2 Visual perturbations

So far, the reported experimental findings about movement execution
indicated that the control policy is modulated by low-level sensorimotor
and high-level cognitive factors in a feedforward way. This means
that different control policies are selected for different task prior to
movement onset. However, a potential effect of these parameters on
the feedback mechanisms within the same movements has not been
discussed yet. The goal of this section is to unveil the role of vision on
this feedback mechanism and to demonstrate that the feedback part of
the reaching control policy is also affected by these factors.
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In section|[1.1.1} we already discussed the primordial role of vision to un-
derstand the task and select the appropriate control policy. Vision is also
a key sensory input during movement as it conveys information about
potential visual perturbations occurring in the environment. These vi-
sual perturbations can be used to elicit corrections that should provide
information about a putative modulation of the feedback mechanisms
by the parameters discussed above.

A first experimental paradigm that can be used to investigate the
agent’s response to visual changes is TARGET JjumP. In this paradigm,
the target toward which the agent initiated their movement un-
expectedly jumps to another location. The first thing that this
paradigm, named DOUBLE-STEP PARADIGM in Sarlegna & Mutha’s re-
view [Sarlegna and Mutha, 2014], reveals is that these target jumps
elicit online motor corrective responses [Megaw, 1974]. These re-
sponses do not occur immediately after the target jump: their la-
tency has been reported to be about 100ms [[Georgopoulos et al., 1981,
Soechting and Lacquaniti, 1983]]. The occurrence of these responses to
visual perturbation confirmed the existence of a feedback mechanism
that relies on vision. An interesting question is whether some param-
eters that modified movement planning also modified these feedback
responses to visual perturbation. The state of the system at pertur-
bation onset influences the agent’s response as shown by differences
in responses when the perturbation occurred at different time within
the movement [Barret and Glencross, 1989, Brenner and Smeets, 1997,
Ma-Wyatt and McKee, 2007] or by the modulation of these feedback
responses depending on the state of the muscles at perturbation on-
set [Carlton and Carlton, 1987]]. The modulation of these feedback re-
sponses with the state of the system at perturbation onset therefore
confirms the hypothesis of a state-feedback| mechanism used during
motor execution and that uses vision as a relevant sensory input.

Higher level cognitive factors also have an impact on these feed-
back responses to perturbations. Indeed, these responses were
shown to be modulated by the task instructions [Cameron et al., 2009,
Striemer et al., 2010] or by the expected reward associated with the
target [Boulinguez and Nougier, 1999].

8State-feedback mechanisms refers to a feedback loop that provides the controller
with the state of the system or its estimation.
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Altogether, these findings demonstrated that vision of the limb and
the environment provide the agent with information about the state of
the limb (position and velocities) and about the task (relative position,
instructions). The agent collects this information through vision to
provide an appropriate feedback response to the perturbation in about
100ms. An interesting point is that these online feedback corrections
were also observed when participants were not aware of their occur-
rence [[Goodale et al., 1986, Pélisson et al., 1986] which suggests that
this mechanism could be automatic.

1.2.3 Mechanical perturbations

Vision is not the only sensory input that the agent can use to collect
information about the state of their limb. As stated in section [1.1.1]
proprioception only provides information relative the agent’s limb
(position, velocity, torques, ...) and is therefore mainly used when a
perturbation occurred on that limb. Since it conveys information about
the force and torques at various joints, proprioception is particularly
useful in paradigms involving mechanical perturbations applied to the
agent’s hand while they were moving. Indeed, the agent has access to a
strictly better estimate of the force or torque applied by the environment
by using proprioception rather than vision.

Feedback responses to mechanical perturbations mainly differed
from those triggered by visual perturbations in their latencies. In-
deed, delays of about 100ms have been reported for visual per-
turbations [Georgopoulos et al., 1981, Soechting and Lacquaniti, 1983]]
with the fastest EMG responses that can occur in about 90ms
[Pruszynski et al., 2010]. Mechanical perturbations can elicit faster
EMG responses in as little as 20-25ms following perturbation onset
[Weiler et al., 2019, Pierrot-Deseillignly and Burke, 2005]]. Three differ-
ent types of feedback responses to mechanical perturbations are defined
based on the timing from perturbation onset: the short-latency response
(25-45ms), the long-latency response (50-100ms), and the voluntary re-
sponse (100-180ms). Each of these responses has its own sensitivity and
can be modulated by different factors as discussed in the subsequent
paragraphs.
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The short-latency responses transit by the spinal cord and can be
modulated in a very limited set of experimental conditions such
as specific joints configuration [Weiler et al., 2019]], transitions be-
tween posture and movement [Thompson et al., 2009], cyclic actions
[Dufresne et al., 1980, Duysens et al., 1993] |Capaday and Stein, 1986]],
or volitional intent after extensive training [Mortimer et al., 1981}
Wolpaw, 1983]]. In most other cases, short-latency responses cannot be
modulated experimentally as the investigated parameters are probably
handled by cortical circuits that are not involved in these short-latency
responses. For instance, an absence of changes in these short-latency
responses has even been reported in studies investigating task instruc-
tions [Rothwell et al., 1980, |Crago et al., 1976, Capaday et al., 1994] or
modulation of the target structure [Knill et al., 2011, Nashed et al., 2012,
Lowrey et al., 2017] even though these studies reported differences in
the long-latency responses.

In contrast to the short-latency responses, the long-latency
feedback responses to mechanical perturbations involve a
transcortical neural pathway and exhibit modulation by many
parameters that also influence baseline behavior. For instance,
these feedback responses have been shown to depend on the
verbal instructions [Capaday et al., 1994, |Colebatch et al., 1979,
Crago et al., 1976, Rothwell et al., 1980]], the knowledge of the physics
of the limb [Kurtzer etal, 2008, Lacquaniti and Soechting, 1984,
Lacquaniti et al., 1986, Maeda et al., 2018, Maeda et al., 2020], the
intersegmental coupling between elbow, wirst and shoulder
[Weliler et al., 2015, Weiler et al,, 2016, |[Maeda et al., 2017], the ur-
gency to respond to the perturbation [Crevecoeur et al., 2013,
Dimitriou et al., 2013]], the position and structure of the goal tar-
get [Nashed et al., 2012, Lowrey et al., 2017, Pruszynski et al., 2008,
Knill et al., 2011]]. These long-latency responses therefore consist of
complex feedback responses to the mechanical perturbations that could
integrate both low-level sensorimotor factors and high-level cognitive
factors. They differ from the short-latency by their complexity and
their amplitude, as they exhibit larger values. They also differ from
the voluntary responses in that they occur at shorter latencies and
therefore only recruit automatic mechanism that do not interact
with the voluntary intent which starts being factored in 100ms after
perturbation onset.
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Short- and long-latency feedback responses are referred to as reflex
responses as they consist in automatic responses and do not involve
any voluntary intent which is not the case for voluntary responses.
These voluntary responses happen a long time after perturbation onset
as they necessarily involve an additional process and could integrate
roughly any parameters that the short- and long-latency could but in
a way that might be counter-intuitive and unpredictable because of
voluntary intent.

1.3 Planning and execution, two independent pro-
cesses

The description of reaching movement developed in sections[1.1]and[1.2]
might sound as if movement planning and execution were sequential.
Indeed, we first presented movement planning as the process respon-
sible for the selection of the control policy and then explained that
movement execution is the process whereby that control policy is con-
tinuously applied. In the present section, we want to insist on the fact
that these two processes are not two sequential processes as the latter
can happen even if the former is not completed yet.

In section[1.1.3] we detailed the drift-diffusion model characterized by an
accumulation of evidence towards an alternative in a decision making
task. This accumulation of evidence is a continuous process which
means that the decision made by the agent is built gradually during
that time as demonstrated by the speed-accuracy tradeoff underlying
any decision (see [Heitz, 2014] for review).

This decision process that can be probed at different time points is
not exclusive to the perceptual decision making described in sec-
tion1.1.3] Indeed, it can be expanded to motor control tasks. As we
described in the section selecting a control policy is also a de-
cision making process. This means that it can be probed while it
is unfolding to investigate the potential relationship between cogni-
tion (eg. decision-making) and action (eg. motor control). A first
series of studies investigated whether an action plan already exists dur-
ing that decision process in oculomotor task in non-human primates
[Gold and Shadlen, 2000, |Gold and Shadlen, 2003, Horwitz et al., 2004,
Kustov and Robinson, 1996, |Connolly et al., 2009]]. They reported that
the superior colliculus of these non-human primates is involved in both
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cognition and action. Moreover, they demonstrated that the action plan
used for the oculomotor task was already being prepared during the
decision process.

Similar results were found in upper limb motor tasks. Selen and col-
leagues performed a task where participants had to decide which target
to reach between two possibilities based on a random dot motion task
[Selen et al., 2012]. They investigated the ongoing decision process by
perturbing participant’s hand before the end of the decision and re-
vealed that the feedback gains where modulated with time. This result
demonstrates that a continuous process mirroring the decision process
rules the computation underlying sensorimotor control. Another study
leveraged the time delay between the target presentation and the me-
chanical perturbation to demonstrate comparable build-up in control
policy [Yang et al., 2011]].

To sum up, movement planning and execution differed in the role they
play in sensorimotor control but they can overlap when circumstances
force a subject to take an action before all the parameters describing
the task context are known.

2 Modeling reaching movements

Modeling is a powerful tool to understand the complexity of a phe-
nomenon and to potentially predict the outcome of future experiments.
Many experimental research fields have their modeling counterpart
and those are complementary as sometimes the model predicts the
future experimental observations (e.g. the existence of the Higgs’ boson
was predicted before being observed) and sometimes an unexpected
experimental result triggers a whole field of modeling research (e.g. the
discovery of 2D graphene by Geim and Novoselov in 2004). Reaching
movements are not left behind as they also have their own modeling
research field, discussed in this section. First, we briefly discuss a few
models that were or are used to model reaching movements and eval-
uate them in light of experimental data. Then, we detail the Optimal
Feedback Control model which is, to date, the most popular model
used to investigate reaching movements. We then present a functional
neuroanatomy of this Optimal Feedback Control framework based on
neural evidence and experiments performed on patients suffering from
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diverse brain lesions. Finally, the limitations of the Optimal Feedback
Control model, as known before the work presented in this thesis, are
discussed and existing solutions presented.

2.1 Candidate models

Selecting the most appropriate model to investigate and simulate a
physical or biological phenomenon is a tedious task because of the
large number of possible models and the potentially infinite number
of model parameters. Ideally, the selected model should be able to re-
produce and explain if not most, many of the experimental features of
the phenomenon. For reaching movements, the ideal candidate would
be a model that explain the behaviors detailed in section[1] Therefore,
the model candidate should be able to model the baseline behavior that
integrates both sensorimotor (position and structure of the target for
instance) and cognitive factors (target reward) but also a feedback com-
ponent able to integrate the same factors in the feedback responses to
perturbations. In the subsequent sections, we present and discuss some
candidate models that were proposed to study upper-limb reaching
movements.

2.1.1 Minimum-jerk model

Different control models were proposed for reaching movements through
the years. In 1985, Flash and Hogan [Flash and Hogan, 1985]] reported

that the curvature of trajectories during reaching movements could be

modeled using a minimum-jerk model that computes the movement

trajectory from the minimum of the derivative of the acceleration. Math-
ematically, this model minimizes the following cost-function

T (CORCT T

where z(t) and y(t) are the time varying end-point coordinates of the
simulated limb. This derivation, combined with the assumption that
the velocity and acceleration are zero at the end and at the beginning
of movement gives the following time-dependent expressionf] for the
x- and y-coordinates of the limb end-point

These expressions can be obtained by minimizing equationfor both coordinates
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x(t) = o + (zo — zy) (15" — 6t° — 10t%) (L3)
y(t) = yo + (yo — yy) (15¢* — 6t° — 10¢%) , (L4)

where zg, o and z ¢, y; are the initial and final positions, respectively.
Even though this minimum-jerk model can reproduce the behavior
observed as participants reached to a single target, it cannot model
the online corrections to visual or mechanical perturbations, which
makes it a bit too narrow to be adopted as a good model candidate
for sensorimotor control. Moreover, this model does not contain any
control component in that the agent cannot interact with the system.
This model only explains the hand trajectories during movement but
does not explain their causes.

2.1.2 Minimum-variance model

Similarly, in 1998, Harris and Wolpert [Harris and Wolpert, 1998] sug-
gested that saccadic eye movements and reaching movements could be
modeled using a minimum-variance model exploiting signal-dependent
noise inherent to these movements. This model was able to explain the
Fitts’ law [Fitts, 1954] stating that there is power law between move-
ment time and the target width. To model the reaching behavior, they
modeled the limb dynamics using a discrete-time state-update equation

x[t]=Ax[t— 1]+ B (uft] +wlt]) (L5)

where x [t] € R" is the state of the system, u [t] € R? is the motor
commands, w [t] € R? is additive Gaussian noise and A € R™" and
B € R™? are non-zero matrices. The optimal set of motor command
is obtained by minimizing the sum of the positional variance V; at the
end of movement for a predefined time window

t=T+R

min Z Vi €.6)
=T

where T is the prespecified movement duration and R is the time
during which the hand has to stay in the target. Even though this
model could reproduce experimental behaviors in the unperturbed
baseline condition, it was unable to explain the feedback mechanism
that are recruited in response to perturbations.
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A series of models were introduced later in the field to integrate both
the baseline behavior and the feedback mechanisms : the impedance
control model [Burdet et al., 2001]] and the Optimal Feedback Control
model [Todorov and Jordan, 2002]]. These will be developed further in
the next sections.

2.1.3 Impedance control model

Impedance control posits that the agent compensates for perturbations
by learning to stabilize unstable dynamics through selective control of
impedance geometry. Concretely, this means that a modulation of joint
stiffness is sufficient to reject any disturbances that would move the state
of the system away from its nominal trajectory. For the mathematical
derivation (see [Gomi and Kawato, 1996, Gomi and Kawato, 1997]]) of
this model of upper limb motor control, one has to start from the
planar plant dynamics of the human arm using a second-order nonlinear
differential equation

w (Q7 q?‘ q) = T’LTL (q? q? u) + Te:ct (1'7)

where 1 () represents the dynamics of a two links arm and q, ¢ and g
are the vector representing the angular position, velocity and accelera-
tion respectively. The term 7., refers to the external torques applied to
the arm (e.g. pertubations) and 7;, is the torques generated by the agent,
with u being the motor command descending from the supraspinal ner-
vous system. The left-hand side of equation [[.7|can be developed as
follows if one assume the arm to be a rigid body characterized by inertia
and coriolis forces

Y (d4,9,q) =I(q)q+H(q,q) (L8)

Using the variational principle, the motor command required to bring

the arm from an initial state [q, q, {] to a target state [q*, q*, *| can
be written

T=K(q"—q)+D(q" - q) +I(q)§" + H(q,q) (L9)

The closed loop expression writes

Tt = K(q"—q) +D(q" —q) +I(q) (@" —q)  (L10)
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With this closed loop expression, we can observe that the system be-
haves as a spring mass damper with K and D the spring and damping
constant, respectively. Importantly, this model of upper limb control
assumes that any deviation from the nominal trajectory is corrected
by leveraging the viscoelasticity properties of the muscles. This relies
on the assumption that during movement, the agent tries to follow a
nominal trajectory which implies a feedforward planning of movement
and that the impedance properties of the limb are sufficient to reject any
disturbances to the system. This last point was questioned in a study
thta demonstrated that joint stiffening would only have an impact for
a small range of perturbation intensities [[Crevecoeur and Scott, 2014].
Moreover, joint stiffening is theoretically unable to contain sustained
mechanical perturbations as it is only comparing angle positions and
velocities. Another work demonstrated that the motor system can be-
have like a trajectory controller only if the goal of the task is to follow
a desired control strategy [Cluff and Scott, 2015]], restricting even more
the applicability of impedance control to human reaching movements.

2.1.4 PID controller

The motor command derived for the impedance control model
(equation is somehow reminiscent of the PID controller
[Ziegler and Nichols, 1942, Astrom and Hagglund, 1995]]. Indeed, in a
PID controller, the motor command is defined based on the error :
e(t) = r(t) — y(t) where r(t) is the desired setpoint and y(t) is the
measured state of the system. The motor command of this controller is
given by

u(t) = Kpe(t) + K; /t e(t)dr + Kqé (t) (L11)

where K, K; and K, are the Proportional, Integral and Derivative
real-valued constants of the PID controller. The desired be-
havior is obtained through the tuning of those P, I, and D
parameters which is relatively straightforward for univariate
systems [Astrom and Hagglund, 1995, |Astrom and Hagglund, 1984,
McMillan, 1983 and more intricated for multivariate systems
[Wang et al., 2008, Wang et al., 1997, Koivo and Tantuu, 1991] because
of potential interactions between multiple variables.
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We can observe some similarity between equations|L.9| et as both
of them defined the motor command as a linear combination of deriva-
tives or integrals of the errof} Importantly, defining the motor com-
mand this way does not provide any guarantee about the optimality
of the control and its stability. Moreover, some tuning of the differ-
ent constant terms is required in order to achieve a desired behavior
[Astrom and Hagglund, 1995]. In the framework of impedance control
for sensorimotor control, it is assumed that these gains are tuned be-
cause the central nervous system has learned the optimal impedance
of its limbs [Burdet et al., 2001]]. To model reaching behavior, these
models will require to continuously modify the setpoint along a pre-
specified trajectory (that can for instance be obtained by the minimum
jerk model). This assumes that the central nervous system performs
trajectory control.

A strong argument against any sensorimotor control model involving
one or several setpoints (e.g. the minimum-jerk model, the impedance
model or PID controller) is that the behavior observed experimentally
rejects this hypothesis. Indeed, when they move, humans and other
animals exquisitely exploit the many degree of freedoms inherent to
their limb (see section [1.2.1). The failure of these control models to
explain reaching movements gave rise to the use of goal-directed control
schemes to understand these movements.

In this thesis, we mainly consider the Optimal Control Framework as a
theoretical canvas to model reaching movements. The rationale of this
framework as well as the corresponding mathematical derivations are

developed in section

2.2 Optimal Feedback Control framework

The theoretical framework of optimal control has been translated from
the field of control theory to the study of human motor control by Emo
Todorov [Todorov and Jordan, 2002]]. The basic premise of this theory
is that the controller generates the command based on an inverse model
of the system dynamics and guarantees convergence to the goal thanks
to state feedback policies.

YTo improve the parallelism, the error can be compared to the term (q — q*).
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The idea underlying Optimal Feedback Control is that at any time, the
central nervous system commands the limb with the motor command
that is optimal to steer the system towards the desired state. This
optimal command depends on the state of the system at that time
and on the, supposedly known, dynamics of system. Importantly, this
control model does not plan the trajectory ahead of movements because
the motor command is defined as linear combination of the state vector,
gathering all the latent variables of the controlled system.

2.2.1 Mathematical derivation

The optimal control problem aims at finding the best set of commands
to apply to a system in order to achieve the goal defines by some cri-
terion [Kirk, 2004]. Let us consider a dynamical system characterized
unequivocally by the state vector x (¢) € R" (containing all the infor-
mation relevant to the system) and the command vector u (t) € R?
(that corresponds to the action of the agent on the system). The system
dynamics can be captured by the following differential equation:

= f(x(t),u(t),t), (L.12)

For the general optimal control problem, the agent’s performance can
be quantified thanks to a performance index captured by a cost-function.
This performance index weights motor error and motor cost and can
be expressed, without loss of generality as follows:

J(x,u) =h(x(ty),t5) +/ ' g (x(t),u(t),t)dt, (L13)

motor error

where h and g are scalar functions and ¢, and ¢ correspond to the initial
time and to the final time that can be defined as a free parameter. In this
framework, the set of optimal commands are the commands u* (¢) Vt €
[0,77] which minimizes equation for the system governed by
equation (I.12).
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2.2.2 The LQG controller

In this work, we mainly consider a specific case of optimal control, the
Linear Quadratic Regulator, where the system dynamics is assumed to
be linear and the cost function is assumed to be quadratic with respect
to the state. In this specific case, the discrete-timeE] state dynamics can

be defined as

x[t+1] =Ax[t]+Bult]+ £ [t], (I.14)

where A and B are real-valued matrices and £ [t] ~ N (0™}, 3, 0r) is

additive gaussian white motor noise whose covariance matrix is 3 tor-

The cost-function is also refurbished and becomes a quadratic function
of state and command that can be expressed as

Jxu) =3 {x 7 Qi x [i] +uli)” Rum} (L15)

=1

where N is the fixed time horizon, Q [i] > 0 Vi and R > 0 are respec-
tively the matrices that penalize motor errors at any time ste and the
motor commands. This cost function allows to translate the high-levels
goals (ie. reach for an object) into the real-time sensorimotor control
policies used to achieve these goals [Todorov, 2004].

In biological systems such as the upper limb explored in this thesis, the
state of the system is not fully observable because of noise and delays
in the sensory feedbacks. For this reason, it is needed to introduce a
new quantity y € R™ the observation which is defined by:

y[t] =Hx[t]| + w]t], (L.16)

where H is the observation matrix (often set to 1) and w [t] ~
N (Om"l, Esensory) is additive gaussian white sensory noise whose co-
variance matrix is Mgengory-

The discrete-time state space representation is obtained using the Euler integra-
tion method on the continuous-time state space representation

?Traditionally, only the very last or the few last time steps have non-zeros Q
matrices as only the goal target matters.
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Since the state if not fully observable because of delays and noise, the
state of the system has to be estimated by optimally combining sensory
inputs and internal prediction based on a copy of the motor commands.
This optimal combination of sensory evidence and internal prediction
can be summarized as follows:

%[t] = A% [f] + Bulf] + K[f] (y [] - H&R[f]),  (L17)
K[t] = AS [f] H (H ] H” + Sencory) (L18)
S[t+1]=Zhar + (A-K[HH)X[t] AT, (1.19)

where K [t| are the Kalman gains whose role are to weight sensory
evidence and internal prediction in state estimation and X [¢] is the
covariance matrix of the state estimate X [¢] at each time step.

In this model, the optimal command at any time is proportional to the
estimated state of the system X [¢] :

w'ft] = ~L[f]x[], (1.20)

where L [t] € RP*™ are the control gains matrices computed, in the finite
horizon case that we developed here, recursively as follows :

L] = (R+B"S[t]B)" (BTS[{]A), (1.21)
S[t—11=Q[t] + A'S[t] (A - BL[t]), (1.22)
S[N| =Qy, (L.23)

where Q; is the cost matrix defining the end point penalty on motor
error and S [t] is a proxy that allows to compute the cost-to-go from
the current state of the system.

This LQ controller is a good candidate to model reaching movements
as it reproduces several experimental features (see section [2.2.3) and,
most importantly, includes both baseline and feedback mechanisms
within the same model. The specific application of this controller to
reaching movements is discussed in section [2.2.3]

BLQG stands for Linear state dynamics, Quadratic cost function and Gaussian
additive noise
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2.2.3 OFC applied to reaching movements

The model formulation developed in section has been used, with
some variation, in many studies to investigate the ability of this frame-
work to reproduce experimental results collected during laboratory
tasks.

Figure .4 represents a schematic block diagram of the optimal feedback
control framework in the version that is the most commonly used to
model human reaching movements. During the first step, movement
planning, the agent collects information about the task and environment
to select the appropriate control policy, 7 (x [t], t), which is afterwards
transferred to the controller. The goal of the controller is to continu-
ously monitor the state estimate during movement execution in order
to provide the appropriate motor command. Proprioceptive and sen-
sory feedbacks are combined with the internal prediction based on the
efference copy to optimally estimate the state of the system.

w(&[k], k)

cpoﬂrl‘i‘crsl Motor command Movement
Moven‘.nent Controller Upper limb
planning
m(x [k], k)
A

r'

Proprioceptive
feedback

State

estimate | * []”]

y

Task/Environment
feedback

N\

Multisensory
integration

Optimal
estimator

Figure 1.4: Schematic block diagram of the optimal feedback control framework. The
control policy selected during movement planning is used to execute movements. At
any time step, the optimal motor command is sent to the plant (i.e. the upper limb)
which results in movement. A copy of this motor command (i.e. efference copy) is
sent to the optimal estimator that combines it with sensory feedback about the limb
and the task to estimate the state of the system. This estimated state of the system is
then fed back to the controller.

A hallmark of Optimal Feedback Control is the so-called minimum
intervention principle stating that the controller does not correct noise
and disturbances if they do not interfere with the success of the task
[Todorov and Jordan, 2002, [Liu and Todorov, 2007]. This means that
noise and disturbances could accumulate in task-irrelevant directions,
which experimentally corresponds to wider end-point distributions
when reaching to wider targets [Knill et al., 2011, Nashed et al., 2012,
Lowrey et al., 2017]. In addition to this minimum intervention principle,
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OFC also reproduces previous findings such as the bell-shaped velocity

profiles of reaching movements [Morasso, 1981} Flash and Hogan, 1985].
These first results demonstrated that OFC was a good candidate to model

the baseline behavior of motor control as demonstrated by its ability

to model motor variability and the characteristics behaviors observed

during experiments [Diedrichsen et al., 2010].

Besides these fundamental properties of reaching movement, OFC is
also able to model the behavior observed in presence of various dis-
turbances. Indeed, it has been demonstrated that such models could
predict participants’ behavior as they reached to a narrow or wide
target in a study where mechanical perturbations could be applied to
participants’ hand [Nashed et al., 2014]. In this study, the model pre-
dicted that participants will correct the mechanical perturbations only
if the target was narrow, which is what their and others’ experimen-
tal results confirmed [Knill et al., 2011, Lowrey et al., 2017]. Another
study investigated whether this model could explain the behavior ob-
served when participants reached to target whose true location was
uncertain[Izawa and Shadmehr, 2008]). They reported that, similarly
to their participants’ behavior, the model predicted that the motor re-
sponses to perturbations depended on the target uncertainty which
confirmed an implication of target information in the feedback loop. A
third study investigated the ability of OFC to model bimanual reaching
movements [Diedrichsen, 2007]. They observed that whether partic-
ipants had to control two cursors (one with each hand) or only one
cursor (located at the average position of both hands) changed the be-
havior as they could observe changes in the trajectories of both hands
only in the one cursor condition. This demonstrated that bimanual
control is optimally adjusted to the current task requirements.

These results confirmed that Optimal Feedback Control is a good candi-
date to model reaching movements as it explains both baseline behavior
and feedback mechanisms. Furthermore, it integrates low-level sensori-
motor or high-level cognitive factors in the control policy.

11n this experiment, Izawa and colleagues modulated the target blur to add uncer-
tainty in the target location.
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2.3 Neural correlates of reaching movements

An outstanding question is whether the central nervous system can
actually support optimal feedback control and, if yes, how this control
policy is implemented in the brain. These questions were addressed in
two reviews that aimed at providing a neuroanatomy of motor control
[Scott, 2016} Shadmehr and Krakauer, 2008]. A schematic representa-
tion of this neuroanatomy is represented in Figure[[.5|where the different
functions have been associated to the different brain regions.

@ Motor command
@ State estimate
® Control policy

@ Internal prediction

Sensory inputs

O

Figure 1.5: Schematic representation of the neural implementation of optimal
feedback control in the human brain. The task goal and control policy 3 are defined
in the basal ganglia (BG) and afterwards used by the primary motor cortex (M1)
before and during movement. The motor command 1 sent by the primary motor
cortex to the limbs depends on the state estimation 2 performed by the sensory
cortex (S1). The sensory cortex optimally combines sensory inputs (green) and the
internal prediction 4 performed by the cerebellum (C).

2.3.1 Basal ganglia

Shadmehr and colleagues suggested that the basal ganglia are respon-
sible to integrate the expected costs and task reward into a cost func-
tion used by the feedback controller [Shadmehr and Krakauer, 2008].
Indeed, Mazzoni and colleagues [Mazzoni et al., 2007] demonstrated
that Parkinson’s Disease (PD) patients were more sensitive to move-
ment cost. They suggested that these behaviors could link the role
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of basal ganglia in motor control to the motivation-reward frame-
work in which basal ganglia play a central role [Schultz, 2006]]. Cells
within the basal ganglia have indeed been shown to fire more before
rewarding movements [Kawagoe et al., 1998]. Moreover, the occur-
rence of a stimulus associated with more reward involved a burst of
dopamine [Matsumoto and Hikosaka, 2007] followed by more vigorous
movements [Tachibana and Hikosaka, 2012]]. These results and many
others demonstrated that the basal ganglia are not only involved in
reward-based reinforcement learning [Schultz, 2006] but also plays a
primordial role during movement planning and control policy selection.

Consistently with the hypothesis that the basal ganglia integrate the
expected costs and task rewards, this structure is thought to influ-
ence movement vigor. Indeed, implicit motivation associated with
the task and the control of saccades vigor are supported by the same
system [Reppert et al., 2015, Xu-Wilson et al., 2009]. A deficit in move-
ment vigor can be observed in PD patients when they can freely
choose their moving speed [Baraduc et al., 2013, Mazzoni et al., 2007].
This deficit can be recovered partially through deep brain stim-
ulation [Baraduc et al., 2013]. These results therefore suggest the
implication of the basal ganglia in the modulation of movement
vigor ([Dudman and Krakauer, 2016, Turner and Desmurget, 2010]] for
reviews). Interestingly, the basal ganglia also control the urgency asso-
ciated with motor decisions [Thura and Cisek, 2017]] which is a factor
that is also known to impact the control strategies underlying reaching
movements [[Crevecoeur et al., 2013]).

2.3.2 Premotor and motor cortices

Premotor and motor cortices have been proposed as the brain areas
responsible for the continuous application of the feedback control pol-
icy [Kalaska et al., 1997, |Scott, 2012, [Shadmehr and Krakauer, 2008].
Perturbation studies using transcranial magnetic stimulation
(TMS) targeting these areas demonstrated that the feedback
responses to perturbations were influenced by these pulses sug-
gesting a central role of these areas in the feedback control policy
[Shemmell et al., 2009, [Kimura et al., 2006, [Pruszynski et al., 2011]].
Direct recording of individual [Churchland and Shenoy, 2007,
Herter et al., 2006, Herter et al., 2009, |Kalaska, 2009] and popu-
lation of neurons [Churchland et al., 2012, Kaufman et al., 2014,
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Shenoy et al., 2013] in these cortical areas revealed a tuning of the
individual activities to the target position or the perturbation as well
as population level dynamics correlated to behavior. This confirmed
the hypothesis that the hub for the application of the control policy
during movement execution, but also during movement preparation
[Churchland et al., 2012, Kaufman et al., 2014], is located in these
cortex areas.

2.3.3 Cerebellum

In this Optimal Feedback Control framework, the role of the cerebel-
lum is to predict the sensory consequence of the motor commands
through internal models of the system dynamics [Wolpert et al., 1998,
McNamee and Wolpert, 2019]. An internal model can be defined as
a predictive mechanism that exploits the agent’s knowledge about
the system dynamics to predict the next state of the system based
on the current state and the motor commands. The role of the
cerebellum in this process has been revealed thanks to studies on
patients with cerebellar damage. It has been demonstrated that
these patients execute movements similar to control ones but with
over- or under-shooting of the target and oscillations when reach-
ing [Bastian et al., 1996, Therrien et al., 2016]] or when pinching objects
[Muller and Dichgans, 1994]. The central role of cerebellum in sensory
prediction [Ebner and Pasalar, 2008 Brooks et al., 2015] is therefore a
central element in Optimal Feedback Control as it is the neural substrate
that conveys the predictive state of the system primordial to the state
estimation.

2.3.4 Parietal cortex

The last process of OFC that has to be discussed is the optimal state es-
timation that combines sensory information with internal prediction. A
neural structure usually associated with this process is the parietal cor-
tex (PPC) [Shadmehr and Krakauer, 2008]. Multiple studies on patient
suffering from lesions to the posterior parietal cortex demonstrated
that this is important for spatial perception, association of sensory
signals, directing attention, visuomotor control and movement plan-
ning [Wolpert et al., 1998, Rushworth et al., 1997, |Gréa et al., 2002]. A
perturbation study using TMS pulses targeted at PPC demonstrated
its crucial role in the feedback responses to visual perturbations



36 CHAPITER I INTRODUCTION

[Desmurget et al., 1999]. Indeed, Desmurget and colleagues suggested
that the parietal cortex plays a central role in the ability of the motor
system to estimate the future state of the limb. This was confirmed
in a study that revealed a activation of the parietal lobe (revealed by
fmri imaging) in presence of target jumps suggesting that this area was
recruited in the state feedback loop used to correct that perturbation
[Chapman et al., 2002]. These results probed the development of the
modeling of the role of PPC in the forward modeling, central to feedback
control in fast reaching movements [Desmurget and Grafton, 2000]].

This non-exhaustive atlas of the neuroanatomy of Optimal Feedback
Control demonstrates that this is a distributed process whose various
parts are handled at brain areas. This distributed characteristic is ex-
tremely interesting as it allows for the separate investigation of the
different part of the controller to, for instance, investigate the impact of
various parameters on the different elements of this process. Moreover,
these different physiological evidences support the hypothesis that Op-
timal Feedback Control is a good candidate to model human reaching
movements.

2.4 Beyond Optimal Feedback Control

Optimal Feedback Control, as presented above, appears to be a seri-
ous candidate to model reaching movements. First, this theoretical
framework is able to capture several experimental results. From the
movement variability, captured by the minimum intervention principle,
to the exquisite and complex responses to mechanical and visual per-
turbations, handled through feedback loops, many experimental results
can indeed be reproduced by this model. Second, Optimal Feedback
Control possess a plausible neural implementation of fine motor control
as it could use the different neural structures for the purpose they have
experimentally be associated with.

However, this theoretical framework, as introduced by Todorov
[Todorov and Jordan, 2002]], possess some caveats since there are still
some phenomena that it cannot explain. The goal of this section is to
briefly discuss a non-exhaustive list of areas where the aforementioned
implementation of OFC lacks some depth to explain the various facets of
the experimental results. In this section, we first discuss the, somehow,
limiting hypotheses underlying optimal feedback control and more
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specifically the LQG controller introduced in section The second
part of this section covers the problem of time horizon, corresponding
to the pre-planned movement time, used in the LQG formulation. The
next section is somehow connected to the previous one as it investigates
the fact that the control policy is decided prior to movement onset and
that all the feedback gains are fixed within a movement. The last part
of this section covers some parameters and factors that experimentally
demonstrated an impact on movement control while not being easily
integrable within the OFC framework.

2.4.1 The LQG hypotheses

The Optimal Feedback Control, developed in section is imple-
mented for reaching movements using the Linear Quadratic Gaussian
controller. This controller assumes that the plant dynamics (equation
is linear with respect to the state of the system x (). It also assumes
that the performance index, captured by the cost function (equation
[.13), is quadratic with respect to the state x and motor commands u.
Finally, it assumes that additive Gaussian white noise corrupts output
measurements. These three hypotheses are somewhat restrictive and
we briefly discuss each of them here.

Limb  dynamics is highly non-linear [Delp et al., 2007,
Schaffelhofer et al., 2015] and approximating it with a point-
mass model as we did in section might lead to some gross
approximation errors. The LQG method alone does not allow to
tackle these non-linear dynamics but Li and Todorov developed an
expansion of this method that could accommodate these dynamics
[Li and Todorov, 2004, [Todorov and Li, 2005]: the ILQG method.
Briefly, this method uses iterative linearizations of the non-linear dy-
namics around the nominal trajectory. This nominal trajectory is then
improved thanks to modified Riccati equations [[Todorov and Li, 2005].
This method significantly improves the behavior of the LQG on
non-linear dynamics and allows to model feedback control policy.
However it is still based on first order approximation of the system
dynamics and it does not have anything regarding constraints on the
state or on the commands.
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The quadratic cost-function is also a limiting hypothesis as it restrains
the class of problems that can be modeled using LQG. Indeed, any cost
function that cannot be expressed as a quadratic function of the state
or that cannot decently be approximated by such a function requires
subtle selection of the cost-function to be accommodated. For example,
to model obstacles in the environment, one has to use via points to re-
strain the trajectories around them [Nashed et al., 2012]] since a correct
implementation of the obstacles would require highly non-quadratic
cost function.

Finally, additive Gaussian noise is not the only source of noise in
the motor systems as it has been demonstrated that signal dependent
noisd"is also a non negligible parameter of the upper limb dynamics
[Harris and Wolpert, 1998]]. This problem can however be tackled in
the optimal control framework thanks to methods that integrate the
knowledge of this signal dependent noise in the optimal state estimation
[Todorov, 2005, Crevecoeur et al., 2011]).

2.4.2 Finite time horizon

In the backward recursion presented in equations the control
gains were computed recursively starting from the last time step cor-
responding to t = N where N is a predefined number of time steps.
Predefining this number of time steps is equivalent to predefining the
time-horizon™| of the controller. This means that the agent is supposed
to know movement duration before initiating movement which is very
unlikely given uncertainties about the occurrence of perturbations that
could impact movement duration and the variability in movement du-
ration inherent to reaching movements.

A solution to tackle this problem is to use infinite horizon optimal
controller [Phillis, 1985]. Briefly, the infinite horizon controller dif-
fers from the finite horizon formulation in that it does not approxi-
mate the feedback and estimator gains as the LQG does but instead
computes and applies the steady state solution throughout the whole
episode [Phillis, 1985, Qian et al., 2013]]. This alternative formulation
of the LQG is able to model reaching movements and to grasp some

15Signal dependent noise is additive noise proportional to either the state of the
system x or to the motor command u.

16The time-horizon is defined as the number of time steps in the future for which
the controller is computing the motor commands
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of their properties such as the Fitt’s law and speed accuracy trade-off
[Qian et al., 2013]]. It has also been suggested that this model could ex-
plain the behaviors observed during target and cursor jumps paradigm
[Dimitriou et al., 2013] could also be explained by an infinite horizon
formulation of this model as demonstrated in the paper by Li and col-
leagues [Li et al., 2018]].

This infinite horizon formulation means that movement duration is not
a predefined parameter of the control policy but rather would be a con-
sequence of this control policy and could depend on various factors such
as target structure [Nashed et al., 2012, Lowrey et al., 2017] or target
reward [Shadmehr et al., 20104, |[Haith et al., 2012] for instance.

2.4.3 Preplanned control for each state

Congruent with the discussion about the time horizon (see section ,
the OFC framework presented above assumes that the control policy is
immutable once it has been selected. This means that if a task-related
parameter is modified during movement in such a way that the selected
cost-function is not suitable anymore, the adopted control policy will
be maintained and the movement probably failed.

This problem was first introduced by Dimitriou and colleagues
[Dimitriou et al., 2013] that investigated participants’ behavior as they
were reaching to a target that could change location during movements
as well as the hand-aligned cursor. They observed a modulation of the
feedback gains during movements for different perturbation onsets that
they explained using model predictive control (see [Lee, 2011]] for re-
view). Briefly this framework computes, at every time step, the control
policy for a prespecified time horizon Ny, and only applies the very
first command, others being discarded.

Model predictive control formulation of sensorimotor control has been
recently explored to explain the results observed by Dimitriou and col-
leagues [Dimitriou et al., 2013] in a study where the control policy was
recomputed whenever a change in target or cursor locations occurred
[Cesonis and Franklin, 2020]. However, it has been demonstrated that
these results could also be explained by state feedback control while
using a infinite-horizon controller [Li et al., 2018]]. In a recent study
[Cesonis and Franklin, 2021], it has been suggested that infinite hori-
zon controllers are however not enough to explain this behavior as they
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could not explain the modulation of feedback gains during movement.
They suggested that model predictive control is a better candidate for
these results and that the model predictive mechanism is triggered
whenever a perturbation (visual or mechanical) occurs.

2.4.4 Missing factors

Besides the different points inherent to the LQG formulation that
we discussed above, optimal control fails at modeling some specific
task paradigms that are widely used in the field of sensorimotor con-
trol. Indeed, since the control policy is computed backward starting
from the goal target, it might be complex to properly grasp things
such as target redundancy or multiple targets. To model targets
with different redundancy along different axes, Nashed and colleagues
[Nashed et al., 2012] modified the parameters of the cost function asso-
ciated with the distance aligned with the larger redundancy. In another
study [Nashed et al., 2014], they tackled the problem of multiple targets
by comparing the cost-to-go functions to the different targets after per-
turbation to determine which target will be reached after perturbation.
However, it is still unclear how parameters such as target reward or
multiple targets are integrated into the selection of the control policy.

3 Aim of this work

Despite being an active research topic for decades, human sensorimotor
control and more specifically the study of upper limb reaching move-
ments still has many unanswered questions. The understanding of
the control policy used by humans for sensorimotor control and its
neural implementation is a promising field of research as it could help
understand the implication on some neural impairments and eventually
suggest future therapies.

The goal of the work presented in this thesis is to uncover some
mechanisms underlying reaching control by the mean of experimental
paradigms. We mainly focus on the points presented in sections[2.4.3|
and[2.4.4[] and investigate whether the parameters known to influ-

ence behavior during movement planning and static decision-making

”Namely the possibility to change the control policy online and the integration of
multiple alternative targets associated with different rewards
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could also influence the control policies during movement execution.
For this purpose, we present the different experiments performed as
part of this thesis. The first two series of experiments investigate on-
line adjustments in control policies while the last set of experiments
reveals the delicate imbrication of robustness and flexibility in the on-
line decision processes. As stated earlier in the introduction, the work
presented in this thesis is at the border of experimental and modeling
work. Therefore, most of the experimental results presented in the
subsequent chapters are analyzed through the lens of control theory
concepts. These control theory concepts were further explored in a final
chapter where we developed qualitative control models that provides
modeling support for the conclusion we drew from the experimental
data.

In Chapter [II, we investigate to what extent the control policies used
during movement can be adjusted online. We performed a series of
experiments combining online change in task demands (structure of the
goal target or obstacles) and mechanical perturbations to study whether
the control policies can be adjusted online to the new task requirement.
We report consistent online adjustments in control policy, as reflected
by change in feedback responses to mechanical perturbations, coherent
with the change in task requirements within as little as 150ms following
the visual perturbation onset. These results demonstrate that the con-
trol policies used by humans to perform reaching movements are not
frozen during movement execution and can be altered while moving in
response to change in task demands.

In Chapter [[II} we elaborate on the findings of Chapter 2 by investigat-
ing the nature of the processes responsible for the online adjustments
in control policy. More specifically, we used different changes in tar-
get structure during movements to determine whether these online
adjustments in control policy resulted from a switch before different
prespecified motor plans or whether they could result from a continuous
feedback mechanism adjusting the control policy. We report that online
adjustments in control policy, as reflected by feedback responses to
mechanical perturbations, differed for discrete and continuous changes
in target structure. Moreover, we demonstrated that these online ad-
justements were tuned to the specific rate of change in task demands.
These results demonstrate that these online adjustments in control
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policy continuously capture dynamic factors associated with the task
demands through a feedback mechanism that regulates the control

policy.

In Chapter [[V] we first investigate the effect of target reward on the
control policy and reveal that increasing the target reward results in an
increase of feedback gains. This increase of the feedback gains resulted
in faster movements and larger responses to mechanical perturbations
which could be attributable to the use of a more robust control policy.
Hypothesizing that this increase of feedback gains would be detrimental
to one’s ability to change target online, we designed a second experi-
ment where participants had to perform reaching movements to any of
three targets. The reward associated with each target could differ and
mechanical perturbations were used to elicit switching behavior. We
observed that participants’ flexibility was dependent on the feedback
gains selected for the movement. A causal link between these feedback
gains and the ability to switch target during movement was further
revealed in a third experiment involving background forces used to
artificially increase muscle activity. Altogether, these results demon-
strated a competition between movement vigor (characterized by the
increase in feedback gains) and movement flexibility (characterized by
the ability to change target during movement).

In Chapter |V| we extend the theoretical framework of Optimal Feed-
back Control with two different algorithms aiming at explaining the
experimental findings of chapters and [[V] The first algorithm
proposes a dynamical adjustment of the control policy resulting in
online modification of the feedback gains during movement. Using this
implementation we reproduce the experimental results of chapter[[land
The goal of the second algorithm is to expand the control problem
to composite non-convex cost-functions such as those corresponding
to the experiments of chapter [[V| This second algorithm was able to
predict the outcome of online motor decisions by comparing the cost
associated with the different outcomes. With these two algorithms, we
propose a dynamical extension to the OFC framework that could model
and explain the behaviors observed in the experiments detailed in the
present thesis.
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In Chapter [VI, we discuss the results of Chapters as well as their
limitations and implications with respect to the Optimal Feedback Con-
trol framework. We also exposed some unanswered questions that this
thesis has raised and suggest further studies that could be conducted to
tackle these questions.

In all the behavioral and experimental results presented in this thesis
manuscript support the hypothesis that movement planning and exe-
cution are intricated mechanisms. Indeed, by demonstrating that the
factors that influence movement planning (e.g. the task demands or the
reward associated with the task) also influence movement execution,
we revealed that the border between movement planning and execu-
tion is thinner that previously suggested. The novelty of this work
is that we studied the human sensorimotor control system through a
control theory point of view which helped us develop novel experi-
mental paradigms and address new research questions. We specifically
manipulated non-static task-related cost parameters during movements
to unveil dynamical planning of movements during their execution.
Moreover, we came up with a proposition to update control models
of the human sensorimotor control in order to explain the observed
results. Together, we believe that the work presented here consists in a
promising starting point for a better understanding of human motor
control.
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a myriad of contexts thanks to flexible control policies tuned to the

task goal and to the environmental context. However, it remains
unknown whether these control policies can be adjusted online, during
movement. The goal of the study presented in this chapter was to
determine whether the factors that regulated control policies during
planning could also modify the execution of an ongoing movement
following abrupt changes in task demand. More precisely, we investi-
gated whether, and at which latency, feedback responses to perturbation
loads followed the change in the target structure or in environment.
We changed the target width (narrow square or wide rectangle) to alter

HUMANS are able to perform sophisticated reaching movements in
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the task redundancy, or the presence of obstacles to induce different
constraints on the reach path, and assessed based on surface EMG
recordings when the change in visual display modified the feedback
responses to mechanical perturbations. Task-related EMG responses
were detected within 150ms of a change in target structure. Consider-
ing visuomotor delays of ~ 100ms, these results suggest that it takes
50ms to change control policy within a trial. An additional 30ms delay
was observed when the change in context involved sudden appearance
or disappearance of obstacles. Overall, our results demonstrate that
the control policy within a reaching movement is not static: contextual
factors which influence movement planning also influence movement
execution at surprisingly short latencies. Moreover, the additional 30ms
associated with obstacles suggest that these two types of changes may
be mediated via distinct processes.

1 Introduction

Humans perform dozens of reaching movements every day in a
broad range of contexts. Task parameters such as the size and
orientation of the goal target or the presence of obstacles influence
these movements [Chapman and Goodale, 2008, Glazebrook, 2018,
Howard and Tipper, 1997, |Knill et al., 2011, |Lacquaniti et al., 1986,
Nashed et al., 2012]] . Indeed, these factors influence planning policies
as reflected in the ability of both visual and mechanical perturbations
to affect the kinematics of movements and the feedback control
policies. For instance, when reaching for a wide rectangular target,
participants do not correct deviations aligned with the wider dimen-
sion of that target as they do when reaching for a narrow square
[Knill et al., 2011, Nashed et al., 2012]. Similarly, participants modify
their reaching trajectories to navigate around obstacles dependent
on inertial factor [Sabes et al., 1998] and following perturbations
[Nashed et al., 2012]. Together, these results provide experimental
evidence that control policies used by humans are tuned to the task
goal and environmental context. These results also demonstrate
that a continuous stream of sensory information regarding the task
and its environment is conveyed to the neural feedback controller
[Crevecoeur et al., 2020a, [zawa and Shadmehr, 2008, [Scott, 2016]].
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Optimal Feedback Control (OFC) framework was used to understand
experimental findings related to humans motor control. This the-
ory suggests that the control policy used to perform movements is
tuned to the task goal and to its environmental context. In this
framework, task constraints and knowledge of the limb dynamics
are used to derive an optimal goal-dependent control policy defining
the feedback gains applied during movement [Liu and Todorov, 2007,
Scott, 2004, Todorov and Jordan, 2002]. This goal-dependent control
policy is proposed to produce both the voluntary motor commands
toward the target and the corrective feedback responses to external
perturbations. Considering that different cost-functions are related
to different tasks, OFC theory has been able to reproduce many of
the experimental features mentioned above. Importantly, in previ-
ous studies, the cost-functions used to characterize task-dependent
control policies were typically varied across conditions, including
for instance different targets in a tracking task or different target
shapes [Gallivan et al., 2016bl, Lowrey et al., 2017, Nashed et al., 2012,
Nashed et al., 2014]]. These studies have not considered changes in cost-
function corresponding to changes in task demands occurring during a
movement. However, under natural conditions, it is conceivable that
control policies and cost parameters vary over time. For example, in
field sports the obstacles (e.g., opponents) move quite a bit. To date, it
remains unknown whether and how quickly the nervous system can
update its control policy following a change in cost-function.

Dynamic updates in cost-function, followed by adjustments in con-
trol policy, have been described in theory in the framework of Model
Predictive Control ([Lee, 2011] for review). The basic premise of this
theory is that changes are addressed with successive re-computations
of control policy. This framework was used by Dimitriou and col-
leagues [Dimitriou et al., 2013]] to interpret how feedback gains tempo-
rally evolved in a reaching task when both the goal target and a hand-
aligned cursor jumped during movements. These authors observed
changes in feedback gains when the target jumped during movements
suggesting an online re-computation of control policy evoked in re-
sponse to jumping of the target. It remained unclear how quickly the
control policy was re-computed, which is the main purpose of this
chapter.



48 CHAPTER II. ONLINE CHANGE IN CONTROL POLICY

To address this issue, a specific paradigm was needed because a pos-
sible shortcoming of the approach based on target jumps is that
it does not necessarily imply a re-computation of feedback gains
[Li et al., 2018]. Instead, feedback responses in this case could result
from state-feedback control associated with long (infinite) time horizon
[Qian et al., 2013]]. The change in target structure imposes a selective
change only linked to the target redundancy. Therefore, we could ex-
pect changes in the feedback gains aligned with this target redundancy
[Liu and Todorov, 2007]. In this manner, feedback responses to pertur-
bations do not simply follow from a state-feedback correction but also
involve an adjustment of the control policy. Specifically, this paradigm
is different from the RESIST/LET Go paradigm in which a binary verbal
instructions about how to respond to the perturbation are provided
[Hammond, 1956, Rothwell et al., 1980, Shemmell et al., 2009]

To achieve this goal, we leveraged the impact of a change in target
structure on reach control to investigate whether an online modifica-
tion of goal evoked an adjustment of feedback gains. Specifically, the
target was switched during movements from a narrow square to a wide
rectangle or vice-versa. This switch represented a change from con-
straints imposed on the two coordinates of the endpoint to redundancy
along the main axis. In this context, two alternative hypotheses exist: if
the control policy remains fixed within each movement, we expect that
a change in target shape will have no impact on feedback responses to
perturbation loads, and no changes in movement kinematics should be
detected. In contrast, if a change in task demands evokes changes in
the control policy online, then we expect that the feedback responses
to the mechanical loads and subsequent kinematics adjust to the new
target. Consistent with the latter hypothesis, we found that participants
produced corrective responses adjusted to the change in target shape
as well as to changes in environmental context (e.g., the presence of
obstacles). Strikingly, evoked changes in muscle activity were observed
in as little as 150ms following the change in target shape, while we
measured a slightly longer latency with obstacles. These results demon-
strate that control policy used to perform reaching movement can be
updated rapidly during movement execution.
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2 Methods

2.1 Participants

Three distinct groups of participants were enrolled in this study. The
first group performed Experiment 1 and included 14 right-handed partic-
ipants (5 females) ranging in age from 18 to 29 years. The second group
performed Experiment 2 and included 17 right-handed participants (7
females) ranging in age from 19 to 25 years. The last group performed
Experiment 3 and included 8 right-handed participants (4 females) rang-
ing in age from 19 to 26 years. All groups of participants were naive to
the purpose of the experiments and had no known neurological disor-
der. The local ethics committee of the Université catholique de Louvain
approved the experimental procedure and participants provided their
written informed consent.

2.2 Setup

Participants sat comfortably on an adjustable chair in front of a Kinarm
end-point robotic device (Kinarm Technologies, Kingston, ON, Canada).
They were asked to grasp the handle of the right robotic arm with their
right hand. The robotic arm allowed movements in the horizontal plane.
Direct vision of both the participant’s hand and the robotic arm was
blocked by a semi-transparent mirror placed above the robotic arm.
Participants were seated such that their elbow, pointing down to the
ground, formed an angle of approximately 90°and their forehead was
placed on a soft cushion attached to the frame of the setup. A virtual
reality display was placed above the handle to allow participants to
interact with virtual targets and obstacles. A white dot with a radius
of 0.5 cm corresponding to the position of the participant’s hand was
displayed on the display throughout the whole experiment.

2.3 Experiment 1

In the Experiment 1 (see Figure [[.1A), participants (N=14) were in-
structed to perform reaching movements to a visual target that was
either a narrow square (2.5 cm x 2.5 cm) or a wide rectangle (30 cm x 2.5
cm) located 25 cm in the y-direction from the square home target (2.5
cm x 2.5 cm). The wide axis of the rectangle was aligned with the x-axis
and was orthogonal to the straight-line path from the home target to
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the target goal. Briefly, participants had to put a hand-aligned cursor on
the home target (displayed as a red square). When the home target was
reached, it turned green and after a random time delay (anywhere from
2-4s), the goal target was projected and participants could initiate their
movement whenever they wanted. There were thus no constraints on
the reaction time. Following exit from the home target, participants had
to complete their movements between 350ms and 600ms from the start
of movement in order to successfully complete the trial. The trial was
successfully completed if participants reached the goal target within
the prescribed time window and were able to stabilize the cursor in it
for 500ms (from their arrival in the target). The goal target turned green
at the end of a successful trial. For trials in which the timing window
was not respected, the goal target turned blue or red to indicate that
the movements were too fast or too slow, respectively.

Two types of perturbations could occur during movement. The first was
a mechanical perturbation load consisting of a lateral step force applied
by the robot to participant’s hand. The magnitude of this force was £+
9N aligned with the x-axis, with a 10ms linear build-up. This force was
triggered when the hand-aligned cursor crossed a virtual line parallel
to the x-axis and located at 8cm from the center of the home target (see
Figure[[L.1]A). The step force was switched off at the end of the trial. The
second type of perturbation that could occur was a visual perturbation
whereby the shape of the target instantaneously changed from a narrow
square to a wide rectangle, or vice versa. This switch in target shape
was also triggered based on a position threshold, located either 2 cm
(early target switch) or 8 cm (late target switch) from the center of the
home target. Both perturbed and unperturbed trials were randomly
interleaved such that participants could not predict the occurrence of
either visual or mechanical perturbations.

Participants started with a training block of 20 trials in order to be-
come familiar with the task and the force intensity of the perturbation
loads. After completing this training block, six blocks of 72 trials were
conducted. Each 72-trials block included: 24 trials involving no force
or target switch, 16 trials with a mechanical perturbation only, and 32
trials with both visual and mechanical perturbations. Therefore, par-
ticipants completed 432 trials, amongst which 24 trials which included
each perturbation combination were included [e.g., direction of the
mechanical perturbation changed (e.g., rightward versus leftward) and



2. METHODS 51

timing of the target changed (e.g., early versus late)]. Participants were
verbally encouraged to take advantage of the width of the target when
it was a rectangle. To motivate participants, a score corresponding to
their number of successful trials was projected next to the goal target.

Experiment 1 Experiment 2
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Figure II.1: Experimental paradigm. A. Schematic of Experiment 1, participants
were asked to perform reaching movements from the home target to the goal target
(square or rectangle). The dashed lines represent the y-position at which an early
switch in target shape, a late switch in target shape, a force (perturbation load) were
introduced. To succeed the trial, participants had to reach and stabilize in the goal
target in the prescribed time window. B. Schematic of Experiment 2, participants
were asked to perform reaching movements from the home target to the goal target
while avoiding obstacles, if present. The dashed lines indicate the y-position at which
obstacles or a mechanical force (perturbation load) were introduced. To succeed the
trial, participants had to reach the goal target in the prescribed time window without
hitting the obstacles.

2.4 Experiment 2

The second experiment was a variant of the first one and was designed
to assess its reproducibility in a distinct context. Thus, instead of chang-
ing the structure of the goal, obstacles were introduced (see Figure
[L.1B). Briefly, participants (N=17) had to perform reaching movements
towards a square target (2.5 cm x 2.5 cm) which was positioned sim-
ilarly to Experiment 1. However, two virtual obstacles (20 cm x 2.5
cm each) were located 2.5 cm apart on either side of the target reach
path, with their main axes aligned with the x-axis and orthogonal to
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the main reaching direction. When participants hit these obstacles, a
reaction force pushed their hand back to provide haptic feedback and
they lost a point. Similar to Experiment 1, participants had to reach the
home target to initiate the trial. After a random time delay, the goal
target appeared as a red square and they could start their movement
whenever they wanted. Again, two types of perturbations were applied
during a movement. The first perturbation was the same mechanical
perturbation used in Experiment 1, and it was triggered 6 cm from the
center of the home target and was aligned with the x-direction (positive
or negative). We observed in some pilot testing that, in this context, the
success rate was very low if the mechanical perturbation was triggered
at 8 cm from the center of the home target. For this reason, we decided
to trigger this perturbation at 6 cm. The second type of perturbation
consisted in the appearance and disappearance of obstacles. This pertur-
bation was triggered when the hand of the participant crossed a virtual
line located at 2 cm from the center of the home target and aligned with
the x-axis. All trials were randomly interleaved. Following a similar
procedure as Experiment 1, participants first performed a training block
of 20 trials involving both force and obstacles changes. After completing
this training block, participants performed six blocks of 72 trials. Each
72-trials block included: 32 unperturbed trials, 16 trials with a mechani-
cal perturbation but no obstacles, and 24 trials which contained both
mechanical (e.g., leftward or rightward) and visual perturbation with
an appearance or disappearance of obstacles. Participants performed a
total of 432 trials, including 24 trials which included each perturbation
combination (e.g., direction of the mechanical perturbation changed
(e.g.,rightward versus leftward) and appearance or disappearance of
obstacles). Also, similar to Experiment 1, the number of successfully
completed trials was projected next to the initial target to help motivate
the participants.

2.5 Experiment 3

The third experiment was a control experiment designed to verify that
the changes in behavior observed in Experiment 1 could be elicited
without mechanical perturbations and that therefore it was not a conse-
quence of the perturbation load applied to the arm specific to feedback
control. Thus, this control experiment was a variant of Experiment
1, during which there was no mechanical perturbation. Similar to Ex-
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periment 1, participants (N=8) had to reach for either a narrow square
or a wide rectangular target located 20 cm in the y-direction from the
home target. The timing constraints were the same as in Experiment 1:
between 350 and 600ms to complete movement once the hand-aligned
cursor exited the home target. During movement, changes in target
structure as those of Experiment 1 could occur: the shape of the goal
target could instantaneously change from a square to a rectangle or
vice-versa. This change was triggered when participant’s hand crossed
a virtual line located at 5 cm from the home target. Movements with or
without target switch were randomly interleaved and the visual per-
turbations occurred in one of three trials. Participants first performed
a training block of 20 trials without target switch, followed by three
60-trials blocks consisting of 40 trials without online target switch, 10
trials with online switch from square to rectangle, and 10 trials with
switches from rectangle to square per block.

In all experiments, mechanical an visual perturbations were triggered
based on a position threshold in an attempt to reduce variability in
joint configuration and electromyography data (EMG). Both kinemat-
ics and EMG data were aligned according to the onset of mechanical
perturbation prior to data analysis. Since the early switch condition
and the appearance/disappearance of obstacles were not triggered at
the same position threshold as the mechanical perturbation, there was
time jitter in the perturbations onset. Therefore, the early target switch
was triggered 82.45 £ 5.11ms before the force onset. The late switch
condition was triggered at the same time as the mechanical load. As a
result, time onset was fixed with respect to the onset of the mechanical
perturbation. However, since visual processing of the setup was neces-
sary, there was a 40ms delay between triggering of the visual change
(namely the change in target shape or the appearance/disappearance
of obstacles) and the visual change on the virtual reality display due
to hardware limitations. In this chapter, this 40ms delay was taken
into account in all the analyses, which means that the onsets of visual
changes (both change in target and in environmental context) reported
have been delayed by 40ms with respect to their respective triggers.
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2.6 Data recording

Raw kinematics data were sampled at 1 kHz and low-pass filtered with
a 4™ order double-pass Butterworth filter (cut-off frequency, 20 Hz).
Hand velocities along the x- and y-axes and accelerations along the
x-axis were computed from numerical differentiations of the position
data by using 4™ order centered finite differences. The raw EMG data
were band-pass filtered with a 4™ order double-pass Butterworth filter
with a band pass between 20 and 250 Hz. EMG data were normalized
for each participant to the average activity collected when participants
maintained postural control at the home target against a constant force
of 9N. Data from the Pectoralis Major were normalized to the average
activity in the same muscle while maintaining postural control against
a rightward 9N force whereas data from Deltoid Posterior were nor-
malized to the average activity recorded while maintaining postural
control against a leftward 9N force. We measured the muscle activity
from 500 to 2000ms after force onset in the calibration trials. Analysis
of EMG responses was performed after aligning the trials to the force
onset. Data processing and parameter extractions were performed by
using Matlab 2016b software. Mixed model analyses were performed
by using R (version 3.4.1) and the package nlme. The experimental
condition was considered as a fixed effect while participants were con-
sidered as random offsets. These models were fitted by maximizing the
log-likelihood and significance was considered when the p-value of the
t-test on the fixed effect was smaller than 0.05 for the first significant
time bin and 0.005 for the following time bins.

In the first two experiments, surface EMG electrodes (Bagnoli sur-
face EMG Sensor, Delys Inc., Natick, MA, USA) were used to record
muscle activity during movements. Based on previous studies
([Lowrey et al., 2017],[Nashed et al., 2012]]), we concentrated on the
Pectoralis Major (PM) and the Posterior Deltoid (PD). Indeed, recent
studies using the same configuration reported strong recruitment
of these muscles ([Crevecoeur et al., 2020a, |Crevecoeur et al., 2014]).
These muscles are stretched by the application of the lateral forces
used in our experiments, and therefore, they are largely recruited for
the feedback responses. The skin of each participant was cleaned and
abraded with cotton wool and alcohol before electrodes were applied.
Conduction gel was subsequently spread on the electrodes to improve
signal quality. EMG data were sampled at a frequency of 1 kHz and
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were amplified by a factor of 1000. In both experiments, a reference
electrode was attached to the right ankle of the participant. No EMG
data were collected during the third experiment.

During the first two experiments, we also collected EMG activity from
other muscles for exploratory analyses. These additional muscles in-
cluded the Triceps Lateralis and Brachioradialis during the Experiment
1, and the Anterior Deltoid, Teres Major, Infraspinatus, and Biceps dur-
ing Experiment 2. For these other muscles, the patterns of response
were too variable across the participants, likely because the joint config-
uration was not precisely controlled. Thus, the results described below
concentrate on the two muscles for which a clear stretch response could
be measured, as well as correlates of changes in behavior as measured
with movement kinematics.

2.7 Statistical analysis

Final position of participant’s hand were determined as the hand po-
sition when the total speed dropped below 3cm/s. Median values of
end-point distributions were analyzed for statistically significant differ-
ences by using two samples Kolmogorov-Smirnov tests. Distributions
obtained under early and late conditions were compared with distri-
butions obtained without changes in target shape for the same force.
Two-samples Kolmogorov-Smirnov tests were applied to compare the
cumulative density functions of end-point distributions for the partici-
pants’ hands at the end of the trial to identify statistically significant
differences. To compare hand paths, the Peacock test was applied
([Peacock, 1983]]). This multidimensional expansion of the two-samples
Kolmogorov Smirnov test was used to determine whether two multi-
dimensional distributions significantly differed. The null hypothesis
of this test is that the two sets of multidimensional data points come
from the same distribution. It is similar to the univariate distribution
test, although it is performed in the two dimensions of the workspace
and the largest difference is used to assess whether the samples differ.
To perform this test, we implemented the algorithm developed by Xiao
[Xiao, 2017].

To assess feedback responses for conditions with or without a change
in target, normalized EMG data of the agonist muscles were used: for
each perturbation direction, we only analyzed the stretch response in
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the agonist muscle as the antagonist response in the shortened muscle
did not show any difference. For each participant, their EMG data were
averaged across trials and across time with ten non-overlaying bins
of 25 ms width. The width of the bins has been determined based on
prior testing in which we tested bins of 15 ms, 25 ms and 40 ms width.
We observed qualitatively very similar results for the three tested bin
sizes but noticed that small bins are more sensitive to noise whereas
wide bins act as a low pass filter that could either over or underestimate
onset times. Therefore, we selected a bin width of 25 ms that gave us a
good trade-off between sensitivity and accuracy. Moreover, this width
corresponds to the bin widths selected for similar analyses in previous
studies [Kurtzer et al., 2008, Nashed et al., 2012]. The first and last 25
ms bins started 50 ms and 275 ms after the onset of force, respectively.
Next, we applied a mixed linear model to the time average of the EMG
data in each of these bins (see equation . The trial condition, x;,
was the fixed effect factor (slope) and participants, z;, were the random
effect factor (offset). We assessed the difference between conditions by
looking at the significance of the fixed effect parameter 3;. The random
effect parameter was introduced to factor the inter-subject variability
in EMG activation.

Yij = Bo + Brry + V25 + € (IL1)

Individual assessments of the effect of the condition for each partici-
pant were performed using Wilcoxon sign ranked tests. For all of the
statistical tests performed, a significance level of p = 0.005 was used, as
previously proposed [Benjamin and Berger, 2018]]. To reduce the rate of
false negative results, p-values between 0.05 and 0.005 were considered
to be indicative of a significant trend. A threshold value of 0.05 was
used to determine the onset of differences in the sliding analysis on
the basis that bins exhibiting significant differences at this level were
followed by bins exhibiting highly significant differences (p < 0.005).
Effect size for binned EMG analyses were quantified using Cohen’s d
defined as the standardized mean difference between two groups of
independent observations [Lakens, 2013].
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3 Results

3.1 Experiment 1

To investigate whether a change in the shape of the goal target during
a reaching movement would elicit a change in behavior, participants
were instructed to reach to a target that was either a narrow square
or a wide rectangle of which shape could switch during movement
(see section [2.3). During these movements, a lateral step force could
be applied to the hand of participants in order to enhance the effect of
a change in target shape on control policy online. Changes in control
policy were assessed based on movement kinematics and evoked EMG
responses of the muscles stretched by the perturbation loads.

3.1.1 Kinematics

Consistent with previous results [Lowrey et al., 2017,
Nashed et al., 2012], movement kinematics depended on the shape
of the goal target. For instance, the end-point distribution of hand
positions along the x-axis (Figure [.2JA) was wider for the rectangle
target (0.84 £ 2.05 cm) than for the square target (—0.11 4 0.74cm)
(Kolmogorov-Smirnov test, p < 0.005, K = 0.3780). This difference
was observed for all of the participants, and individual differences were
observed for 9 of the 14 participants. Traces of unperturbed trials for
a representative participant are shown in Figure [I.2JA. For all of the
participants, the reaching time for the small square target (median
422.3ms) was longer than that for the large rectangle target (median
389ms) (Wilcoxon signed-rank test, 2 = 9.64, rank sum = 9.89 x 10°,
p < 0.001). Individual differences in reaching time were observed for
13 of the 14 participants.

Similarly, when perturbation loads were applied without a change in
target shape, kinematics of the movement were found to depend on
the shape of the target (Figure [1.2B). Indeed, the final x-position of
the participants’ hands in trials involving rightward perturbation loads
for the square target (1.04 4= 1.58 cm (median + SEM)) was different
from those to the rectangle target (7.41 4+ 4.05 cm) as assessed by the
Kolmogorov-Smirnov test (p < 0.005, K = 0.5089). This difference
was observed for all participants (Figure[[L.2|C). Similar differences were
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observed when leftward perturbations occurred (Figure[lI.2B). However,
no differences in hand positions were observed along the y-axis (Figure
L.2D).
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Figure II1.2: Experiment 1 - Kinematics in the non-switching condition A. Hand
paths of a representative participant toward a square (black) or rectangle (gray)
target without any switch in target shape or perturbation load. B. Group mean (solid
line) and SEM (dashed line) traces of the hand paths along the x-axis for participants
reaching for a square (black) or a rectangle (gray) with perturbation loads applied.
The onset of force is indicated with a vertical dashed line. C. Left: Cumulative
distributions of hand end-points for the participants reaching to a square target
(black) or a rectangular target (gray) without application of a perturbation load. Solid
lines represent mean distribution values, while dotted lines represent individual
distribution values. Right: Standard deviations of the individual end-point
distributions of participants” hands reaching to a square (black dots) or rectangle
(gray dots) target. D. Group mean and SEM y-position values of participants’ hand
path when reaching for a square (black) versus rectangle (gray) target with
perturbation loads applied. The onset of force is indicated with a vertical dashed line.

These results confirmed previous findings showing that control poli-
cies exploit target redundancy to modulate feedback responses along
dimensions that are not penalized by the target structure. Based on the
observation that control policies used during movement depend on the
shape of the goal target, we next wanted to examine whether similar
adjustments would be evoked online when the goal target suddenly
changed. Therefore, a change in the goal target shape from a square to
a rectangle, or vice-versa, was introduced just after exiting the home
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target (early switch) or just after the application of a mechanical per-
turbation load (late switch). End-point distributions as well as lateral
acceleration profiles were investigated to assess the effect of this sudden
change on the control policies.

When a target switch from square to rectangle occurred with rightward
perturbation (Figure and B), the final hand positions along the
x-axis for the early (6.01 £ 3.54 cm) and late (2.65 4-2.68 cm) conditions
were both different from those observed in the non-switching condition
(1.04 £ 1.58 cm). These differences were significant for both early
(Kolmogorov-Smirnov test, p < 0.005, K = 0.3155, red versus black
in Figure [I.3B) and late (Kolmogorov-Smirnov test, p < 0.005, K =
0.6905, blue versus black in Figure [.3B) conditions. The final position
of the participants’ hand also exhibited dependency on the timing
of the target switch. Indeed, the comparison between early and late
target switch (Figure [[L.3B, red and blue) revealed significant difference
(Kolmogorov-Smirnov test, p < 0.005, K = 0.4435). Differences were
also observed in the final hand positions along the y-axis. However,
the effect size of these differences was five times smaller than the ones
observed along the x-axis. Moreover, the stopping criterion based on 3
cm/s is met for a large proportion of trials in all conditions (more than
90% of the trials), which confirms a selective modulation of feedback
gains.

Differences in final hand positions were also observed for the switches
from rectangle to square targets. Both early and late switching condi-
tions showed smaller final deviations of the participants’ hand positions
along the x-axis compared to the non-switching condition (see Figure
for results obtained with rightward perturbation). Moreover, the
early and late conditions showed different end-point distribution of
participants’ hands: the early switch condition showing smaller lateral
deviation than the later one.

Similar observations characterized the responses to the target switches
with leftward perturbations. Differences in the final x-position of the
participants’ hands between both switching conditions and the non-
switching condition were also observed with leftward perturbation
loads and with both target switches.
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Figure I1.3: Experiment 1 : Kinematics in the switching conditions A,D Mean (full
lines) and SEM along the x-axis (dashed lines) of participants’ hand paths as they
reached toward a square (black) that could switch into a rectangle (A) early (red) or
late (blue) and vice-versa (D) with rightward perturbation load. B,E X-position of
participants’ hands with respect to time as they reached toward a square (black) that
turned early (red) or late (blue) into a rectangle (B) or vice-versa (E). The dashed
lines represent the onset of the visual and mechanical changes. C,F Differences in
lateral hand acceleration between the early or late conditions and the non-switching
ones for a target that was initially a square (C) or a rectangle (F).

The lateral hand acceleration along the x-axis also exhibited clear depen-
dence on the target switch. Figures and F represent the difference
in lateral hand acceleration between the early (red) or late (blue) condi-
tions and the corresponding non-switching conditions with rightward
perturbations when the target turned from square to rectangle (Figure
[1.3[C) or vice-versa (Figure[[L.3F). The increase in difference represented
in Figure [[.3[C characterizes the decrease in corrective responses in-
duced by the target switch that results in larger final hand deviations.
Conversely, the decrease in difference of accelerations represented in
Figure characterizes the increase in corrective responses that re-
sults in smaller lateral deviations. We determined the onset of these
differences using a sliding Wilcoxon sign ranked test. The onset was
defined as the first time where p < 0.005 at population level. When
the target turned from square to rectangle with rightward perturbation
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we found this onset at 61 and 236 ms after force onset for early and
late switches, respectively. Similar onset times were observed for the
leftward perturbations and for switches from rectangle to square.

Thus, online changes in target shape (from square to rectangle and
vice-versa), elicited changes in movement kinematics for both early
and late switch conditions. We observed that the kinematics reflected a
relaxation in the corrective responses when the task constraints were
decreased (square to rectangle) and an increase in corrective responses
when the task constraints were increased (rectangle to square). Based
on these observations, we next focused on the EMG data to gain insight
into the latency of the changes in neural control evoked by switching
of the target.

3.1.2 Muscle activity

Based on the behavioral analyses presented above, we hypothesized
that evoked EMG responses to perturbation loads would increase or
decrease when the change in goal target increased or decreased the task
constraints, respectively. A key aspect was to assess when a change
in EMG activity could be observed. Therefore, we initially examined
global changes in agonist EMG responses consistent with the changes in
end-point distributions based on the activity averaged across different
time windows after introduction of a perturbation load. Then, we used a
sliding window analysis to measure the latency at which a change in the
goal altered the EMG responses to perturbation. For this purpose, we
examined stretching induced by rightward and leftward perturbations
in the Pectoralis Major and Posterior Deltoid, respectively.

We observed that the EMG responses to mechanical perturbations were
tuned to the structure of the goal target. In Figures and B, the
responses of PM and PD to rightward and leftward perturbations are
respectively shown for the non-switching conditions. In both pertur-
bation directions, we observed higher EMG responses in the stretched
muscle when the participants were reaching for the square target goal
rather than for the rectangular target goal (PM for rightward and PD for
leftward perturbation). A mixed model analysis employing bins of 25ms
was used to characterize these differences (see [2.7). For rightward per-
turbations, the first significant larger PM response associated with the
square target was observed between 125 and 150ms (£(657) = —2.1446,
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Figure I1.4: Experiment 1 : EMG responses to perturbation load for the agonist (full
lines) and antagonist (dashed lines) muscles A-F. Mean baseline reduced EMG
responses in the PM (A-C) and PD (D-F) of participants with a rightward (A-C) or
leftward (D-F) perturbation load (indicated as a vertical dashed line) applied while
reaching to a square (black), a rectangle (gray), to a square switched to a rectangle
(B,E) or vice versa (C,F), either early (red) or late (blue). For each plot, mean + SEM
values for the EMG responses 600ms after the onset of force are shown at the far
right. In each panel, the mean baseline reduced EMG responses in the antagonist
muscle (A-C PD and D-F PM) are shown in dashed lines.

p = 0.0323, d = 0.19) (Figure [L.4A) followed by strongly significant
differences in the subsequent time bins (all p < 0.0005). Thirteen
of the 14 participants exhibited individual differences in trial distri-
butions. For leftward perturbations, the first significant larger PD re-
sponse associated with the square target was observed between 100 and
125ms (£(657) = —4.0612, p < 0.005, d = 0.43) (Figure [[L.4D), also
followed by strongly significant differences (all p < 0.005). Eleven of
the 14 participants exhibited individual differences in trial distributions.
These differences occurred slightly later than those reported in pre-
vious work [Cross et al., 2019, Nashed et al., 2012, Lowrey et al., 2017]],
which might be attributable to the spatial layout, joint configuration
and perturbation magnitude. A visual inspection indicated that this
trend started in the long-latency epoch (50 — 100ms) without reaching
significance.
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Based on the observed EMG responses to perturbation loads for the
square and rectangle targets separately, we hypothesized that a decrease
in EMG response would be observed when the target switched from
square to rectangle, whereas an increase in response would be observed
for a switch from rectangle to square. When the target was switched
from a square to a rectangle, we observed reduced EMG responses to
perturbations for both PM and PD when they were stretched by the
perturbation (Figures and E). When both early (red) and late (blue)
conditions were compared to the non-switching condition (black), it
appeared that the EMG response to perturbation was adjusted during
movement. Indeed, when an early switch associated with rightward
perturbation occurred, a decrease in PM response was observed for all
of the participants between the 125 — 150ms bin (£(657) = —2.0591,
p = 0.0399, d = 0.26) and the 275 — 300ms bin (p < 0.0005 for
all of the intermediate bins). Five of the 14 participants exhibited in-
dividual differences in trial distributions. When a late switch and a
rightward perturbation occurred, a decrease in the PM EMG response
was observed across all of the participants between the 200 — 225ms
bin (t(657) = —2.5964, p = 0.0096, d = 0.17) and the 275 — 300ms bin
(p < 0.005 for all of the intermediate bins). Seven of the 14 participants
exhibited individual differences in trial distributions. Meanwhile, for
PD, an early switch condition associated with leftward perturbation
resulted in a decreased EMG response between the 100 — 125ms bin
(t(657) = —5.1381, p < 0.005, d = 0.3) and the 250 — 275ms bin
(p < 0.005 for all of the intermediate bins). Seven of the 14 participants
exhibited individual differences in trial distributions. However, under
the late switch condition, no decrease in EMG response was observed
for PD.

Conversely, when the target was switched from rectangle to square,
PM and PD EMG responses to perturbation loads increased (Figures
and F) when the muscles were stretched. The early (red) and
late (blue) switch conditions were each compared to the non-switching
condition (gray). For PM, the early switch condition associated with
rightward perturbation resulted in an increase in EMG response from
the 100 — 125ms bin (£(657) = —2.4266, p = 0.0155, d = 0.18) to
the 275 — 300ms bin (p < 0.0005 for all of the intermediate bins).
Nine of the 14 participants exhibited individual differences in trial
distributions. When a late target switch was introduced, a significant
increase in EMG response was observed from the 150 — 175ms bin
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(t(657) = —2.6505, p = 0.0082, d = 0.19) to the 275 — 300ms bin (p <
0.005 for all intermediate bins). Eleven of the 14 participants exhibited
individual differences in trial distributions. For PD, the early switch
condition associated with leftward perturbation elicited an increase
in EMG response from the 100 — 125ms bin (¢(657) = —3.2511, p =
0.0012, d = 0.19) to the 275 —300ms bin (p < 0.005 for all intermediate
bins). Ten of the 14 participants exhibited individual differences. Under
the late switch condition, significant differences were observed from
the 200 — 225ms bin (¢(657) = —3.7121, p = 0.0002, d = 0.21) to the
275 — 300ms bin (p < 0.005 for all intermediate bins) and 10 of the 14

participants exhibited individual differences in trial distributions.

The kinematics and EMG responses to perturbation loads both indicate
that the participants adjusted their behavior during movement in re-
sponse to a switch in target shape. These adjustments were such that the
corrective responses to perturbation increased when the target switched
from rectangle to square and decreased when the target switched from
square to rectangle. These results also suggest that the time onset of
those responses correlates with the onset of the target switch. Indeed,
we observed that differences in both kinematics and EMG responses oc-
curred earlier in the trials involving an early target switch than in those
involving a late target switch. To better characterize the delay between
the trigger of a target switch and the first differences in EMG responses,
we subtracted the EMG responses obtained under non-switching con-
ditions from those obtained under switching conditions. Thus, the
remaining signals represented the responses to the target switch itself
(Figure , and the onset of differences in the EMG responses to the
target switch was found to depend on the condition. For example, the
onset of differences in EMG response was associated with the first 25ms
bin in which the average EMG activity significantly differed from zero.
Those bins are represented as shaded rectangles in Figure for the
different target switching conditions (e.g., early or late switching from
square to rectangle or from rectangle to square) and for the two mus-
cles as they were stretched (Figures and B for PM; Figures
and D for PD). We also computed the individual mean values of the
differences in EMG responses for the bins between 200ms and 375ms
after a late onset of force (dots on the right side of each panel in [[L5).
When the square target was switched to the rectangle target, the mean
values were negative (p < 0.005 in both muscles and for both early
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and late switch conditions). When the rectangle target was switched to
the square target, these mean values were positive (p < 0.005 in both
muscles and for both early and late switch conditions).

Thus, the results of Experiment 1 indicate that participants adjusted
their control policy during movements when the goal target was switched
from a square to a rectangle, or vice-versa. These adjustments were
such that the corrective responses are tuned to the new task goal. Sig-
nificant differences were also observed in both the kinematics and EMG
responses to the two switching conditions. Delays between the trigger
of the target shape switch and the first differences in EMG response
spanned from 150ms to 200ms. An analysis of the individual mus-
cle sample data further indicated that changes occurred as early as
125 — 150ms after the target switch. We believe that this timing for the
first differences in EMG is a meaningful number but we acknowledge
that it should be taken with caution as there is some uncertainty linked
to the bin width.

3.2 Experiment 2

In order to demonstrate reproducibility and to test similar principles
in a different context, we performed a second experiment which was
designed to be a variant of Experiment 1. Briefly, we instructed partici-
pants to perform reaching movements to reach a square target in the
presence of two virtual, rectangularly-shaped obstacles (see section [2.4).
A lateral force was applied (as described in Experiment 1) to enhance
possible changes in control which would be evoked by the appearance
or disappearance of the obstacles. Changes in control policy were as-
sessed based on movement kinematics and evoked EMG responses of
the muscles stretched by the perturbation. An analysis of the partici-
pants’ movement kinematics when the obstacle conditions remained
unchanged revealed clear differences between the trials with and with-
out obstacles. First, both the hand paths (Figures[[L.6A-F) and lateral
hand deviations significantly differed when obstacle conditions were
changed (appearing vs. disappearing, Peacock test). Second, the differ-
ences in lateral accelerations reported in Figures and F confirmed
that the online changes in context (appearance and disappearance of
obstacles) induced changed in responses to the perturbation. These
kinematics results confirmed that the control policy of ongoing move-
ments is adjusted online depending on whether obstacles are present.
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Figure IL.5: Experiment 1 : Agonist EMG responses to visual change A-D. Mean and
SEM differences in baseline reduced EMG responses in PM (A,B) or PD (C,D) while
reaching to a square switched to a rectangle (A,C), or vice versa (B,D), either early
(red) or late (blue). The onset of a rightward (A,B) or leftward (C,D) perturbation
load is indicated with a black dashed line. The red and blue shaded rectangles in each
panel represent the first significant bins for both conditions. At the far right of each
panel, individual mean difference values in baseline reduced EMG are shown for the
grey shaded rectangle for both early (red dots) and late (blue dots) conditions. The
significance levels are **p < 0.005 and *p < 0.05 and these were assessed for all of
the participants.

Similar to Experiment 1, we also examined evoked EMG responses of
the PM (Figures [[.7A-C) and PD (Figures [[.7D-F) muscles as they were
stretched by perturbations. Greater activity was detected in the presence
(black) than in the absence of the obstacles (gray). Linear mixed model
analysis revealed the first significant difference between conditions in
the time bin 50—75ms (p < 0.005) for the Pectoralis major. Figures[[L.7JA
and D present the responses for PM and PD, respectively. Differences
were also observed in the evoked EMG responses to the perturbation
loads when the obstacles appeared versus disappeared. For example,
the first increase in EMG response for PM was observed when obstacles
appeared during the 100 — 125ms bin (£(798) = 2.4816, p = 0.0133,
d = 0.11) and for PD during the 150 — 175ms bin (¢£(798) = 2.0009,
p = 0.0497,d = 0.10). Then, when the obstacles disappeared, the first
decrease in EMG response in PM was observed during the 150 — 175ms
bin (t(798) = —2.3674, p = 0.0181, d = 0.11) and in PD during the
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Figure I1.6: Experiment 2 : Kinematics in the switching conditions A,D Mean (full
lines) and SEM (dashed lines) of participants’ hand paths as they reached toward a
square without (A, gray) or with obstacles (D, black) that could appear (A, black) or
disappear (D, gray). B,E x-position of participants’ hands with respect to time as they
reached toward a square with appearing (B, black) or disappearing (E, gray) obstacles
with rightward perturbation loads. The dashed lines represent the onset of the visual
and mechanical changes. C,F Differences in lateral hand acceleration between the
switching conditions and the non-switching ones for appearing (C) or disappearing
obstacles (F) with rightward perturbation loads.

150—175ms bin (¢(798) = 2.1805, p = 0.0295, d = 0.11). These results
in the presence and absence of obstacles are shown in Figure[[L.7B, E,
C and F respectively. We further observed, similar to Experiment 1,
that individual differences in trial distributions were detected for eight,
seven, six, and seven participants, respectively.

Also similar to Experiment 1, data for the kinematics and stretched
EMG responses to perturbation loads indicate that participants adjusted
their policy during movement in response to changes in context (e.g.,
the appearance/disappearance of obstacles). To obtain an estimation of
the delay between the appearance or disappearance of obstacles and
the differences in EMG responses, we subtracted the EMG responses
obtained when there were no changes in the obstacles from the EMG
responses obtained when the conditions were changed. Specifically, for
the trials involving the appearance of obstacles, the no obstacles condi-
tion was subtracted; for the trials where the obstacles disappeared, the
obstacles condition was subtracted. The resulting signals corresponded
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Figure I1.7: Experiment 2 : EMG response to perturbation loads for agonist and
antagonist muscles A-F. Group mean baseline reduced EMG response traces
measured in the presence or absence of obstacles as indicated for PM (A-C) or PD
(D-F) with a rightward (A-C) or leftward (D-F) perturbation load applied. Vertical
dashed lines are used to indicate the time of force onset and the appearance or
disappearance of obstacles as labelled. Group mean £ SEM values are shown at the
far right of each plot. The corresponding antagonist response for each panel is
shown as well.

to the impact of rapid changes in context on the stretched EMG re-
sponses (Figure [[L.8). Differences in EMG response occurred within
the first 25ms in which a significantly non-zero average EMG activity
was detected. The relevant bins are represented as shaded rectangles
in Figure Observed delays between the onset of the appearance or
disappearance of obstacles and the first differences in EMG responses
spanned an interval of 180ms to 250ms.

3.3 Control experiment

In order to verify that the change in behavior observed in Experiment
1 could be elicited without mechanical perturbations (see section[2.4),
we performed a third (control) experiment that was a variant of Experi-
ment 1, in which there was no mechanical perturbation. Participants
performed reaching movements to a goal target that could either be a
small square or a large rectangle. During movement, the target shape
could switch from square to rectangle and vice-versa. The occurrence
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Figure I1.8: Experiment 2 : Agonist EMG responses to visual changes A-D. Mean
and SEM differences in baseline reduced EMG responses in PM (A,B) or PD (C,D)
due to an appearance (A,C) or disappearance (B,D) of obstacles with rightward (A,B)
or leftward (C,D) perturbation loads. The shaded rectangles in each panel represent
the first time bin in which the response significantly differs from zero.

of a change in behavior induced by this switch in target shape was
assessed based on hand kinematics. Figures and B represent the
hand paths of a representative subject toward a square that turned into
a rectangle and a rectangle that turned into a square respectively.

The end-point distribution of participants” hand for movements with-
out target switch was different for square and rectangular targets
as expected. The medians of these end-point distributions were not
dependent on the target structure (Wilcoxon signed rank test, z =
1.86, ranksum = 2.38 * 10°, p = 0.0618 ). However, we observed a
wider distribution for rectangle (—0.7 &£ 5.3cm) than for square targets
(—0.03 £ 0.35 cm) across subjects (two-samples Kolmogorov-Smirnov
test,p < 0.005, K = 0.1125). One-tailed paired t-test performed on
individual variances confirmed this finding (p < 0.005, t = —4.02,
d = 1.18). Strikingly, online target switches also elicited changes in
end-point variance (Figure ). Indeed, we observed an increase (one-
tailed paired t-test: p < 0.005, ¢t = —4.10, d = —0.82) or a decrease
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(one-tailed paired t-test: p < 0.005, t = 3.46, d = 1.06) in end-point
variance when the target switched from square to rectangle or from
rectangle to square respectively Figure [[1.9D.
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Figure I1.9: Control experiment : Kinematics A-B. Hand paths of a representative
participant toward a square (A) or rectangle (B) target, full lines correspond to the
non switching condition and dashed lines correspond to the switching condition.
Horizontal dashed lines represents the position of the onset of the visual
perturbation. C. Evolution of the hand path variance along the x-axis for the
unperturbed condition (full line) and the switching condition (dashed) for initial
square (Left) and rectangle (Right) targets. D. Mean and SEM of the end-point
variance of participants’ hand position along the x-axis. The left bar plot represents
the unperturbed condition and the right bar plot the perturbed position.

To conclude, online modification of the goal target structure or the
environmental context elicited online changes in control, impacting
corrections for lateral deviations due to natural variability (control
Experiment) as well as feedback corrections to external loads applied
during movements (Experiments 1 and 2).

4 Discussion

We conducted three experiments to determine whether and how quickly
the control policy used by humans during reaching can be adjusted on-
line when the structure of the target goal, or the environmental context,
unexpectedly changed. In Experiment 1, we altered the structure of the
goal target from a narrow square to a wide rectangle during movement
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and vice-versa. In Experiment 2, obstacles located on both sides of the
straight path to the target suddenly appeared or disappeared during
movement. In both experiments, we found that the control policies used
by participants adjusted online following the changes in target shape
or context. In Experiment 1, the evoked EMG responses to mechanical
perturbations adjusted in as little as 150ms following the change in tar-
get structure. Similarly, in Experiment 2, adjustments of the responses
to mechanical perturbations were observed 180ms after the appearance
or disappearance of obstacles. Finally, in Experiment 3, we observed a
change in movement execution in response to the same target switch
as in Experiment 1, even in the absence of mechanical perturbation.
This shows that the evoked modulation of feedback gains is not only
expressed or evoked by the occurrence of an important external distur-
bance, as induced by the perturbation loads, but instead it also reflects
a general adjustment of control expressed in both perturbed and un-
perturbed movements. Specifically, this modulation of feedback gains
reflects a selective correction of the perturbation loads explained by the
change in target redundancy [Liu and Todorov, 2007].

This interpretation is in line with the theory of optimal feedback
control (OFC) which suggests that the control policy used to per-
form movement and to correct for errors is tuned to the task goal
and to its environmental context [Liu and Todorov, 2007, Scott, 2004,
Todorov and Jordan, 2002]. Mathematically, the tuning of the control
policy reflects the minimization of a cost-function, which captures the
intended behavioral performance by weighting motor cost and penal-
ties on motor errors (e.g. position, velocity, and force). In order to
model the structure of the goal target in our experiments, a selective
penalty on the x-coordinate for the square versus rectangle target could
have easily been introduced. However, this modeling approach would
be more complicated for the obstacle conditions since non-quadratic
penalties would be involved but clearly context-dependent changes in
control policy are expected.

In this framework, our experiments indirectly probed the two terms
typically used in standard OFC models: a term related to behavioral
performance that penalizes error in the state and a term related to mo-
tor cost that penalizes control commands. On the one hand, a switch
from a rectangle to a square, or an appearance of obstacles, clearly
alters the penalty related to the state. On the other hand, when the
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target switched from a square to a rectangle, or when the obstacles
disappeared, adjustments of control commands were not mandatory.
The visual perturbation only modified the penalty on behavioral per-
formance and left the penalty on motor cost unaffected, but the relative
weight of motor cost likely promoted an adjustment of the control
policy when the task became easier, as following a switch from a square
to a rectangle, or when the obstacles disappeared. The net result is a
decrease in EMG-evoked responses. This adjustment is observed with
the rightward perturbation for both early and late target switches (Fig-
ure [L.4B, red and blue traces, respectively), yet only for the early target
switch with leftward perturbation (Figure , red trace). Moreover,
even though the penalty regarding behavioral performance decreased,
participants did not have to adjust their control policy to succeed in the
trial. The fact that those adjustments are not mandatory, may explain
why the decrease observed was not strong in all cases at short latencies,
although an overall decrease later in the trial was always observed

(right part of Figures and C).

Importantly, our study differs from previous research showing
that target structure and size affected the control policy across
conditions [Knill et al., 2011, Lowrey et al., 2017, Nashed et al., 2012,
Scholz et al., 2000, Soechting, 1984]. These studies showed that
target redundancy was handled during both motor planning and
execution [Berret and Jean, 2016, Togo et al., 2017], and that feedback
responses to mechanical perturbations were tuned to target redundancy
[Lowrey et al., 2017, Nashed et al., 2012]]. Our contribution was to show
that the process of selecting a control policy adjusted to the target redun-
dancy could also modify an ongoing movement. Our results could not be
directly inferred from previous work on target [Dimitriou et al., 2013,
Georgopoulos et al., 1981, |Goodale et al., 1986, |Gritsenko et al., 2009,
Gritsenko and Kalaska, 2010, Mutha et al., 2008, [Pélisson et al., 1986,
Izawa and Shadmehr, 2008, |Smeets and Brenner, 2003]] and cursor
jumps[Franklin and Wolpert, 2008, |Sarlegna et al., 2003]] because these
perturbations did not necessarily implied a re-planning of movement.
Indeed, it was recently demonstrated that both target and cursor jumps
can be handled through state-feedback control using an infinite horizon
optimal feedback controller [Li et al., 2018} |Qian et al., 2013]]. Thus,
our key contribution was to probe changes in target structure and in
environmental context to measure the latencies of online changes in
control policies.
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Besides the occurrence of online adjustments of the control policy,
we also sought to measure the latency at which these adjustments oc-
curred. In the first two experiments, the average latencies observed in
the EMG responses were surprisingly short: 150ms in Experiment
1 and 180ms in Experiment 2. In comparison, visuomotor correc-
tions by muscles in a target jump paradigms emerge within 100ms
after the target jump [Day and Lyon, 2000, Franklin and Wolpert, 2008,
Knill et al., 2011]. Thus, we conclude that it takes on average 150ms
to re-plan the control policy of the ongoing movement, as revealed
by changes in stretch responses to mechanical perturbations that
occurred later than the target switch. This delay was longer than
typical latencies of visuomotor reflexes [Franklin and Wolpert, 2008,
Izawa and Shadmehr, 2008, and likely corresponded to early voluntary
corrections. Interestingly, the difference of 30ms observed across Exp. 1
and 2 may be due to differences in the tasks performed. While the first
change only affects the task goal, the second change affects the environ-
mental context. A recent study also reported an additional 30ms latency
in feedback responses to cursor jumps when the response was influ-
enced by the presence of obstacles in the context of motor responses to
visual perturbations [Cross et al., 2019]. Indeed, Cross and colleagues
have shown that the motor response to a visual perturbation includes
two distinct phases. The first phase starts after 90ms and is sensitive to
goal redundancy. Meanwhile, the second phase starts after 120ms and
is sensitive to environmental factors. Similarly, in the present study, a
change in goal and a change in context resulted in a 30ms difference
in latency. Thus, it is conceivable that 30ms is a common additional
processing time for tasks involving environmental obstacles. Consid-
ering a fixed visuomotor delay of 100ms [Franklin and Wolpert, 2008,
Saunders and Knill, 2004, Smeets and Brenner, 2003[], and 30ms across
experiments linked to a specific processing of obstacles, the measured
latencies of target-dependent responses suggest that a change in control
policy requires 50ms.

In order to set constraints on the online processes that adjust con-
trol policy, we compared the latencies observed in the present study
with the visuomotor delays previously measured with target or cur-
sor jumps and also with reported reaction times required to initiate a
movement. The latencies we observed were longer than visuomotor
delays associated with target or cursor jumps ( 100ms), which sug-
gests that a more demanding process than the one involved in target
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jumps is used. On the other hand, the latencies we measured were
shorter than the reaction times characterized for initiating a movement
[Georgopoulos et al., 1981]]. The latter result suggests that the control
policy is not re-computed from scratch. However, this assessment has
to be taken with cautious since Haith and colleagues [Haith et al., 2016]]
showed that these reaction times not only reflect control policy selection
and that movement preparation can occur in as little as 130ms. It is also
important to stress out that the reaction times we used for these com-
parisons were mostly measured for transitions from postural control to
reaching movements. In a previous study [Orban de Xivry et al., 2017],
reaction times were reduced if movement planning and movement
execution overlapped. This result is consistent with the present experi-
ments since our participants had already started their movement when
they had to adjust their control policy.

Two different kinds of adjustments in control policy could occur dur-
ing movements in our experiments. The first is a re-computation of
the control policy for the new task, corresponding to the theoretical
framework of model predictive control [Lee, 2011]. Many recent the-
ories of motor control consider that the control policy is computed
before movement is initiated [Harris and Wolpert, 1998, |Scott, 2004,
Todorov and Jordan, 2002, Wong et al., 2015]]. It has recently been sug-
gested that specification of this control policy may overlap with
movement execution [Orban de Xivry et al., 2017], which could sup-
port hypothesis about the process that perform the adjustment in
control policy. The second process which could produce an online
adjustment in control policy is a switch between different control
policies stored in the brain. It has already been suggested that the
central nervous system is able to change online the target goal of
a movement if a perturbation interferes sufficiently with the task
[Nashed et al., 2014]]. Other recent studies have suggested that mul-
tiple motor plans may be handled in parallel by the central nervous
system [Gallivan et al., 2016b, Gallivan et al., 2016al]. The present data
do not allow us to determine whether the observed adjustments corre-
sponded to a switching or re-computation. Thus, further studies are
needed to elucidate the details of this process.

Interestingly, when the goal target was switched from a rectangle
to a square in Experiment 1, we observed a shorter latency of the
EMG-evoked motor response for the late switching condition than for
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the early one. This difference may reflect the participants’ urgency
in correcting their movement toward the new goal target. Indeed,
long-latency responses and early voluntary epochs of responses to
perturbations have been shown to scale with task-related urgency
[Crevecoeur et al,, 2013]. In the present study, the participants’ ur-
gency to correct mechanical perturbations was larger when the switch
from a rectangle target to a square target was made late in the trial.
This result could explain the smaller latency of the response to the per-
turbation load. Another factor which may have potentially influenced
these differences in latencies is the temporal evolution of feedback gains
during reaching. It has been shown both experimentally and theoreti-
cally that feedback gains follow a skewed bell shape curve over time
[Dimitriou et al., 2013} Liu and Todorov, 2007]]. As a result, different re-
sponses to the same perturbation are applied at distinct points in time.
In our experiment, the same differences were observed when the target
was switched from a square to a rectangle.

Understanding the neural basis of the change in movement control
remains an open question, however our developments provide a mea-
surement of the latency and sets constraints on candidate under-
lying circuits. On the one hand, both spinal and supraspinal cir-
cuits are recruited during movement and following disturbances, but
when the target did not change, the task-dependency emerged in the
long-latency and voluntary epochs, consistent with previous work
[Lowrey et al., 2017]] and suggesting a contribution of cortical origin
[Matthews, 1991, Pruszynski et al., 2011, [Scott, 2004]. On the other
hand, the main timing constraint in the condition where the target
switched was due to the processing of the visual system. Rapid re-
flexive responses to visual perturbations are typically evoked in a lit-
tle less than 100ms [Day and Lyon, 2000, Franklin and Wolpert, 2008,
Knill et al., 2011]], but we observed longer latencies for task-related
changes likely due to more demanding processing associated with a
change in control policy. In fact, our measure of the latency associated
with changes in the shape of the target involves both visual and so-
matosensory systems, thus it is reasonable to speculate that associative
regions in parietal cortex play a central role. With regards to timing,
this suggestion is consistent with a cortical pathway collecting sensory
signals from V1 and S1 to modulate the generation of motor commands
through M1 [Omrani et al., 2016].
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To conclude, we have demonstrated that humans are able to quickly
update their control policy when a task goal or its environment changes
during reaching movements, and that these changes characterize un-
perturbed movements as well as feedback responses to mechanical
loads applied to their limb. We observed adjustment delays which were
slightly longer than the visuomotor delays observed in a target jump
paradigm, which suggests that a more demanding neural operation is
needed to the change in control policy. Our estimate of the latency
associated with this process is 30 ms, therefore allowing fast motor
adjustments suitable for the execution of ongoing movements in a dy-
namic context. These valuable insights provide direction for further
studies of movement planning and how it interacts with movement
execution dynamically.



Chapter III

Dynamical changes in control
policy during ongoing
movements

How can we prepare for the
future if we won’t acknowledge
the past ?

Nancy K. Jemisin

where unexpected changes of the limb positions or the task could

happen. The control policies they use to execute these movements
are tuned to the task goal and to the environmental context such that
they can appropriately handle perturbations. These control policies
can be adjusted online if an abrupt change in task demand occur. How-
ever, it is still unknown whether they can be dynamically adjusted
within movements in presence of dynamical changes in task demands.
Here we address this question by gradually changing the task demands
demands during movement and investigating participants’ behavior.
More specifically, we studied whether the feedback responses to me-
chanical perturbations integrate dynamical changes in the structure
of the goal target. We designed a task wherein the width of the goal
target gradually decreased during movement to dynamically alter target
redundancy. We assessed whether these dynamical changes in target
structure altered the feedback responses to mechanical perturbations

HUMANS are able to execute reaching movements in environments
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based on kinematics data and surface EMG recordings. We observed
that the feedback responses to the mechanical perturbations exhibited
target-dependent modulations that reflected the dynamical changes
in target width. Moreover, we reported that these modulations of the
feedback responses depended on the rate of change in target width. In
all, our results demonstrate that the control policies used by humans
to perform reaching movements can be dynamically adjusted to the
changes in task constraints. This suggests the existence of a contin-
uous feedback mechanism that conveys task-related information to
mechanism selecting the control policy during movement.

1 Introduction

From an early age, humans and animals have learned to evolve and
execute movements in complex environments. Unexpected abrupt and
gradual changes in these environments can interfere with their ability
to execute and achieve movements. Humans have demonstrated the
capability to rapidly adapt and respond to these changes. Indeed, previ-
ous studies reported that human participants can learn to interact with
unknown mechanical [Krakauer et al., 1999, Lackner and Dizio, 1994,
Shadmehr and Mussa-Ivaldi, 1994, Singh and Scott, 2003] or visual
[Krakauer et al., 2000, Mazzoni and Krakaueur, 2006] perturbations,
highlighting rapid and complex learning mechanisms in humans. They
reported that participants were able to adjust their behavior, already
within a few trials, to correctly respond to these perturbations even
if they could not easily be modeled. Similarly, a large body of work
investigated whether and how humans can respond to unexpected
mechanical [Knill et al., 2011, Nashed et al., 2012, Lowrey et al., 2017]]
and visual [[Georgopoulos et al., 1981} Soechting and Lacquaniti, 1983,
Sarlegna and Mutha, 2014]] perturbations. The goal of these studies was
to investigate the feedback mechanisms underlying the control of reach-
ing movements. Altogether, these studies demonstrate that humans
have the capacity to integrate unexpected and unmodeled perturbations
during movement as they evolve in complex dynamical environments.

Upper limb reaching movements can be modeled by the theoret-
ical framework of Optimal Feedback Control (OFC). This frame-
work posits that the control policies underlying reaching movements
are selected such that they optimize a given performance index
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[Todorov and Jordan, 2002|]. This performance index is captured by
a cost-function, consisting of a weighted sum of the motor cost and
the motor performance (end-point error, velocity, etc). The optimal
control policy, obtained through minimization of this cost-function,
is therefore specifically tuned to the task goal as it can be assessed
from behavior and EMG recording during unperturbed and perturbed
trials [Nashed et al., 2012, Nashed et al., 2014, Lowrey et al., 2017]. For
instance, goal-dependent modulation of feedback responses has been
reported in studies that introduced visual and mechanical perturba-
tions [Todorov, 2004, Scott, 2004]]. This framework has been used to
motivate many previously conducted studies that demonstrated that it
could predict the behavioral outcomes of many perturbation paradigms
[Diedrichsen, 2007, Izawa and Shadmehr, 2008, Omrani et al., 2013]. A
caveat of this framework as it was initially formulated is that the cost-
function and the corresponding optimal control policy are selected
before the beginning of the movement. Therefore, if the task con-
straints are modified during an ongoing movement in such a way that
the cost function should be updated, the selected control policy will not
be tuned to the new task goal anymore.

A recent study demonstrated that the control policy used by hu-
mans to perform reaching movements can be adjusted online in
response to changes in task constraints or environmental context
[De Comiite et al., 2021]]. For this purpose, the authors abruptly altered
the structure of the goal target during movement, from a narrow to a
wide rectangle or vice versa. They reported rapid goal-dependent adjust-
ments of the control policies within movement in 150ms following the
change in target structure. These adjustments of control policies were
coherent with the changes in task demands. Similar online adjustments
could also be elicited by the sudden appearance or disappearance of
obstacles. This study show that the control policies underlying reaching
movements could be changed during movement, contrary to what the
OFC framework predicts. However, it is still unknown whether similar
online adjustments could occur if the change in task constraints evolves
gradually, which is often the case in the real world.

Here we address this question in a behavioral experiment where par-
ticipants had to perform reaching movements to a goal target in a
dynamically changing environment. More specifically, we investigated
whether and how participants adjust their control policy when the
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structure of the goal target continuously changed within movements.
The width of the goal target was gradually decreased as they were
reaching to it, corresponding to a dynamical modification of the target
redundancy along its main axis. In this context, the first alternative is
that the control policy does not integrate the dynamical changes in tar-
get and remains constant throughout movement, leading to no changes
in behavior and feedback responses to mechanical perturbations. The
second alternative is that the dynamical changes in task constraints will
evoke adjustments in the control policy reflected by modifications of the
behavior and feedback responses that integrate the changes in target
structure. The second alternative was the correct one as we observed
that participants adapted their control policy online in these dynamical
contexts. Strikingly, these dynamical adjustments were also modulated
by the rate of change in target structure. We indeed observe that faster
decreases in target width elicited larger feedback corrections. These
results consist in an evidence for a continuous feedback mechanism
that allows to dynamically adjust human motor control policies within
movements.

2 Methods

2.1 Participants

Fourteen participants (10 females) ranging in age from 18 to 30 years old
participated in this study. Participants were naive to the purpose of the
study, had normal to corrected vision, and had no known neurological
disorder. The ethics committee of Université catholique de Louvain
(UCLouvain) approved the experimental procedures and participants
provided their written informed consent.

2.2 Experimental paradigm

Participants were seated on an adjustable chair in front of a Kinarm
end-point robotic device (KiNarMm, Kingston, ON, Canada) and grasped
the handle of the right robotic arm with their right hand. The robotic
arm allowed movements in the horizontal plane and direct vision of
both their hand and the robotic arm was blocked. Participants sat
such that, at rest, their elbow formed an angle of approximately 90°
pointed downward and their forehead rested on a soft cushion attached
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to the frame of the robot. A semi-transparent mirror, located above the
handle and reflecting a virtual reality display (VPIXX, 120 Hz) allowed
participants to interact with visual targets. A white dot of 0.5 cm radius
aligned to the position of the right handle was presented on this display
during the whole experiment.
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Figure III.1: Experimental paradigm: A. Schematic representation of the task
paradigm. Participants had to perform reaching movements from the home target to
the goal target, initially represented as a 30cm wide rectangle. During movement,
they could experience mechanical step forces triggered in position at 6cm from the
home target (dashed black line) and visual changes in target size (triggered as they
exited the home target). B. Evolution of the target width with respect to time in the
different target conditions. The time axis is aligned on the visual perturbation onset.
C. Histogram of the distribution of the time span between the visual and mechanical
perturbation onsets (resp. target and forces onset) across all participants and
conditions. D. Histogram of the distribution of the target width at force onset for the
two dynamical conditions (fast in blue and slow in green) across all participants.

In this experiment, participants (N=14) were instructed to perform
reaching movements to a visual target initially represented as a wide
rectangle (30x2.5cm) located at 20cm in the y-direction from the home
target represented as a circle of 1.5cm of diameter. The main axis of
the rectangle was aligned with the x-axis and was orthogonal to the
straight-line path from the home target to the center of the goal target
(see Figure[[IL.1]A). Participants first had to bring the hand-aligned cursor
in the home target displayed as a red circle that turned green as they
reached it. After a random time delay (anywhere from 1 to 2s), the
goal target was projected as a gray rectangle and participants could
begin their movement whenever they wanted. There were therefore no
constraints on the reaction time. Following exit from the home target,
participants had to complete their movement between 350 and 600ms
in order to successfully complete the trial. The trial was successfully
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completed if they reached the goal target within the prescribed time
window and were able to stabilize the cursor in it for 500ms. The
goal target turned green at the end of successfull trials and turned red
otherwise.

During movements, two types of disturbances could occur. The first
one was a mechanical perturbation load consisting of a lateral step force
applied by the robot to participant’s hand. The magnitude of this force
was +9N aligned with the x-axis, with a 10ms linear build-up. This
force was triggered when the hand-aligned cursor crossed a virtual line
parallel to the x-axis and located at 6cm from the center of the home
target (see Figure I 1A, horizontal dashed line). The step force was
switched off at the end of the trial. The second type of perturbation that
could occur was a visual perturbation whereby the target width could
change as participants exited the home target (called target condition
through this chapter). This change could either be an abrupt change
(switch condition) to a small square of 2.5x2.5cm (Figure[[IL. 1B, magenta)
or a gradual change in target width either at a speed of -30cm/s (slow
condition, green in Figure [[IL.1B) or at a speed of -45.8cm/s (fast condi-
tion, blue in Figure [I.1B). The speed of the fast condition was selected
such that the target width at the end of the movement| was the same
as in the switch condition. The decrease in target width stopped as
participants entered the goal target. Unperturbed and perturbed trials
were randomly interleaved such that participants could not predict the
occurrence of either visual or mechanical perturbations. Whatever the
target condition was, participants were instructed to reach the target as
it was presented: narrower target reduced the potential correct move-
ments. Participants started with a 25-trials training block in order to
become familiar with the task, the timing constraints, and the force
intensity of perturbation loads. Importantly, this training block did
not include any visual perturbation. After completing this training
block, participants performed 6 blocks of 82 trials. Each 82-trials block
contained: 38 trials without mechanical perturbation (20 with no target
change and 6 for each target condition) and 44 trials with mechanical
perturbation (20 with no target change and 8 for each target condition,
equally probable for rightward and leftward mechanical perturbations).
Participants performed a total of 492 trials, including 24 of each com-

!Since participants had a relatively wide time window to execute movement, the
upper bound of this time windows has been considered for the correspondence.
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bination of perturbations (direction of the mechanical perturbation
and target conditions). A total score corresponding to the number of
successful trials was projected next to the home target. Participants
were compensated 15€ for their participation.

Since both visual and mechanical perturbations were triggered based
on position threshold (respectively when participants exited the home
target and when they crossed a virtual line located at 6cm from the
center of the home target), there was some time jitter between the
two perturbations. The distribution of this time jitter is represented
in Figure [[IL1C and had a median value of 96+6.41ms. As the target
width in the slow and fast conditions were continuously changing with
time, some jitter was also present in the target width at mechanical
perturbation onset. In the fast condition we observed a median value
of 25.6£0.3cm while in the slow condition we observed a median value
of 27.14+0.15cm represented in Figure respectively in blue and
green.

2.3 Data collection and analysis

Raw kinematics data were sampled at 1kHz and low-pass filtered using a
4" order double-pass Butterworth filter with cut-off frequency of 20Hz.
Hand velocity, acceleration and jerk were computed from numerical
differentiation of the position using 4" order centered finite differences.
Surface EMG electrodes (Bagnoli surface EMG sensor, DELsys INC. Nat-
ick, MA, USA) were used to record muscles activity during movements.
We measured the Pectoralis Major (PM) and the Posterior Deltoid (PD)
based on previous studies [Lowrey et al., 2017, De Comite et al., 2021]]
that showed that they are stretched, in this configuration, by the applica-
tion of forces opposite to their actions, and therefore largely recruited
by feedback responses. Before applying the electrodes, the skin of
participants was cleaned and abraded with cotton wool and alcohol.
Conduction gel was applied on the electrodes to improve the quality
of signals. The EMG data were sampled at a frequency of 1kHz and
amplified by a factor of 10 000. A reference electrode was attached
to the right ankle of participants. Raw EMG data from PM and PD
were band-pass filtered using a 4™ order double-pass Butterworth filter
(cut-offs: 20 and 250Hz), rectified, aligned to force onset and averaged
across trials or time windows as specified in section 3]
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EMG data were normalized for each participant to the average activity
collected as they maintained postural control against a constant force
of 9N. Data from PM were normalized by the EMG activity in the same
muscle while performing postural control against a rightward force
whereas data from PD were normalized by the EMG activity in the
same muscle while performing postural control against a leftward force.
This calibration procedure was applied after the second and the fourth

blocks.

2.4 Statistical analyses

Data processing and parameter extractions were performed using Mat-
lab 2019a. We fitted linear mixed models to infer the effect of target
conditions on different kinematics parameters and on the EMG activi-
ties. These models were fitted using the fitlme function of Matlab and
the formula used was the following:

Parameter = 3y + (51 * Condition + «; (II1.1)

In this formula, the fixed predictors were the intercept (5y) and the
target condition ((3;) while participants were included as a random
offset (c;). For all linear mixed model analyses that we performed,
we reported the estimate of /31, the t-statistics for this estimate and
the corresponding p-value. One-tailed Wilcoxon ranksum tests were
used for post-hoc analyses where we collapsed data across trials and
participants to compare the different conditions.

In order to investigate the time lag between the first and last trials in the
dynamical conditions, we used a cross-correlation analysis applied on
resampled data. We generated 1000 bootstrap samples from the individ-
ual acceleration profiles. For each of these samples, we computed the
mean acceleration traces for the first and last trials and computed the
cross-correlation between these two mean traces. We then extracted the
peak value of this cross-correlation, corresponding to the lag between
the two signals. The bootstrap resampling allowed us to obtain a distri-
bution for this lag such that we could perform statistical analyses on
it. Wilcoxon signed rank test was used to assess whether this time lag
was significantly different from zero. In all our analyses, significance
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was considered at the level of p=0.05 even though we decided to exactly
report any p-value that was larger than p=0.005 as previously proposed
[Benjamin and Berger, 2018].

3 Results

3.1 Gradual changes in target width induce dynami-
cal adjustments in control policy

To determine whether gradual changes in target width impact the
control policies used to execute movements, participants were asked to
perform reaching movements to a target that was initially a 30cm wide
rectangle, the width of which could change online. The target could
either abruptly turn into a 2.5cm wide square target (switch condition)
or gradually decrease in width either with a high (fast condition) or a
low speed (slow condition). Unexpected mechanical perturbations were
used during movements to elicit feedback corrections. Adjustments in
control policies were assessed by investigating movement kinematics
and EMG correlates of the shoulder flexor and extensor muscles.

3.1.1 Kinematics

We observed that the target condition influenced participants’ behavior.
Indeed, the mean hand path trajectories in the mechanically perturbed
conditions (Figure [IL.2JA) differed for the different target conditions.
Consistently with our previous findings [De Comite et al., 2021]] we
observed online adjustments in the behavior in the switch condition
(magenta) compared to the no change condition (black). These adjust-
ments consisted of smaller lateral hand deviation in the switch condition
(Figure and C, black and magenta traces). Interestingly, the behav-
iors in the dynamical target conditions (slow and fast, green and blue
respectively) differed from both the no change and switch conditions.
In order to quantify these differences, we investigated the maximal
hand deviation induced by the mechanical perturbations as well as the
final hand position defined as the x-position of the hand as its velocity
dropped below 2cm/s.
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The maximal lateral hand deviation induced by rightward mechanical
perturbations (Figure [[I.2D) varied across target conditions. Indeed,
a linear mixed model analysis (see section [2) revealed a significant
effect of target condition (3;=0.041740.0022, t=18.14, p<0.005) on the
maximal hand deviation with larger deviations for slower changes in
target width. Importantly, post-hoc analyses revealed that the maximal
hand deviation was larger in the no change condition than in both
dynamical conditions (slow one-tailed ranksum test z=10.36, p<0.005
and fast z=12.69, p<0.005). Moreover, this hand deviation was larger in
these dynamical conditions than it was in the switch condition (fast one-
tailed ranksum test z=3.43, p<0.005 and slow z=6.42, p<0.005). Finally,
we even observed that the hand deviation was larger in the slow than
in the fast condition (one-tailed ranksum test z=2.84, p<0.005).

Similarly, we observed that the final hand position along the x-axis,
computed as the hand position when its velocity dropped below 2cm/s,
exhibited similar dependency on the target condition. Indeed, a linear
mixed model analysis (see section [2)) revealed a significant effect of
the target condition (3;=-0.008+0.0003, t=-25.75, p<0.005). Similarly to
what was observed for the maximal hand deviation, post-hoc pairwise
analyses revealed that both dynamical conditions were characterized by
less eccentric final hand positions than the no change condition (slow
one-tailed ranksum tests, z=-11.18, p<0.005 and fast z=-17.72, p<0.005).
These final hand positions in the dynamical conditions were more ec-
centric than the one in the switch condition (fast z=-5.884, p<0.005
and slow z=-12.85, p<0.005). Finally, the final hand positions in the
slow condition were significantly more eccentric than those in the fast
condition (z=-9.26, p<0.005). Trials that included a leftward mechanical
perturbation contained the same effects: lateral hand deviation (linear
mixed model: 3;=0.0033£0.0002, t=16.2, p<0.005) and final hand posi-
tion along the x-axis (linear mixed model : 3;=0.008+0.0003, t=27.89,
p<0.005) .

These differences observed in hand position suggest that the way the
mechanical perturbations were handled differed in the different the
target conditions. More specifically, it suggests that participants did
not respond to the mechanical perturbations the same way in the dy-
namical and static target conditions and that they could even adjust
their responses to the rate of the dynamical target condition. In order
to investigate participants’ responses to the mechanical perturbations
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Figure I11.2: Hand kinematics during movements. A. Group mean of the hand path
for unperturbed and perturbed trials in the no change (black), slow (green), fast (blue)
and switch (magenta) conditions. B. Group mean and SEM of the x-position of
participants’ hand s a function of time (aligned on force onset) for trials perturbed
with rightward mechanical perturbations in the four target conditions. The black
dashed line represents the onset of the mechanical perturbation. C. Group mean and
SEM of the x-position of participants’ hand as a function of time for trials perturbed
with leftward mechanical perturbations in the four target conditions. The black
dashed line represents the onset of the mechanical perturbation. D. Group mean
(black) and individual means (gray) of the maximal hand deviation in presence of a
rightward perturbation for the four target conditions. E. Group mean (black) and
individual mean (gray) of the final position for trials with rightward perturbation for
the four target conditions. F. Group mean (black) and individual means (gray) of the
maximal hand deviation in presence of a leftward perturbation for the four target
conditions. G. Group mean (black) and individual mean (gray) of the final position
for trials with leftward perturbation for the four target conditions. ** p<0.005

we explored the lateral acceleration profiles. Since we wanted to study
the responses specific to the change in target condition, we subtracted
the acceleration profile in the no change condition from the other three
conditions.
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We observed that the lateral acceleration profiles were modified by
the target condition. Indeed, Figures and B represent the target
specific acceleration profiles obtained by subtracting the acceleration
profile in the no change condition from each of the other ones for
both perturbation directions. We observed that the first acceleration
peak value after force onset, corresponding to participants’ response to
mechanical perturbation, depended on the target condition. A linear
mixed model analysis (see section |2) performed on the value of this
first acceleration peak revealed a significant effect of condition for both
rightward ((5,=-0.24+0.017, t=-14.23, p<0.005) and leftward mechanical
perturbations (5;=-0.2510.025, t=-10.08, p<0.005). These negative val-
ues for the (3, estimate indicated that this peak value increased from
slow to switch condition. Post-hoc analyses performed on pairwise
comparisons confirmed this effect for both rightward and leftward per-
turbations (fast one-tailed ranksum tests : rightward z=-6.42, p <0.005
and leftward z=-2.95, p<0.005 and slow rightward z=-12.03, p<0.005 and
leftward z=-8.85, p<0.005). Moreover, these pairwise comparisons also
reported that this acceleration peak was larger in the fast than in the
slow condition (one-tailed ranksum tests: rightward z=-6.28, p<0.005
and leftward z=-6.27, p<0.005).

3.1.2 Muscle activity

These kinematics results indicated that participants were able to adjust
their control policy during movements to respond to dynamical changes
in task constraints. They were even able to alter their adjustments to
the rate of these dynamical changes. We hypothesized that the EMG ac-
tivities in Pectoralis Major (PM) and Posterior Deltoid (PD), respectively
the muscles stretched by the rightward and leftward perturbations, also
depended on the target condition.

The target condition modulated the EMG activity of the muscles stretched
by the mechanical perturbation. Figures and B represent the
mean EMG activities collapsed across participants for trials perturbed
by rightward or leftward perturbation in all target conditions in the
stretched (full lines) and shortened muscles (dashed lines). Visual in-
spection of target specific responses for the stretched muscles, obtained
by subtracting the no change condition to the other ones, confirmed
this modulation of the EMG response (see FigurdlIl.4C and D respec-
tively for PM and PD). In order to characterize this modulation, the



3. RESULTS 89

A x-acceleration Peak x-acceleration

Force onset

A x-acceleration [m/s?]
o

w
[zs/w] uoneis|@o0e-X Meed

-200 0 200 400 600 Q.\\\&‘\ ‘('{} 6\0
Time [ms] %
B - D 5
F
2 : H

Force onset

w
[zs/wi] uoneis|@o0e-X ead

A x-acceleration [m/s?]
o

-200 0 200 400 600 & Q'bé e\oxi

Time [ms] 2

Figure II1.3: Lateral acceleration during movements: A Group mean and SEM of
target-specific lateral acceleration profiles for trials perturbed by rightward
perturbation in the switch (magenta), fast (blue) and slow (green) target conditions,
aligned on force onset. These profiles were computed by subtracting the acceleration
profile in the no change condition. The black dashed line represents the mechanical
perturbation force onset. B Group mean and SEM of target-specific lateral
acceleration profiles for trials perturbed by leftward perturbation in the switch
(magenta), fast (blue) and slow (green) target conditions, aligned on force onset. C
Group mean (black) and individual means (gray) of the absolute value of the first peak
lateral acceleration in presence of rightward mechanical perturbation in the switch,
fast and slow target conditions. D Group mean (black) and individual means (gray) of
the absolute value of the first peak lateral acceleration in presence of leftward
mechanical perturbation in the switch, fast and slow target conditions. ** p<0.005

EMG activity of the stretched muscle was binned in the long-latency
(LL 50-100ms after force onset) and voluntary epochs (VOL 100-180
ms after force onset) for each perturbation direction. The deviations
from the mean activity in these two time bins are reported in Figures
and F for stretched PM in the LL and VOL windows at population
(black) and individual (gray) levels.
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Figure II1.4: EMG activity : A Group mean for the stretched (Pectoralis Major, full
lines) and shortened (Posterior Deltoid, dashed lines) responses to rightward
perturbations in the different target conditions. The gray rectangles represent the
long latency (LL) and voluntary (VOL) epochs where the EMG activity was averaged
to perform further statistical analyses. The black dashed line represents the
mechanical perturbation onset and the time axis is aligned with force onset. B Group
mean for the stretched (Posterior Deltoid, full lines) and shortened (Pectoralis Major,
dashed lines) responses to leftward perturbations in the different target conditions. C
Target-specific EMG responses to perturbations for Pectoralis Major in the presence
of rightward perturbation for the switch (magenta), fast (blue) and slow (green) target
conditions. Time axis is aligned with force onset. D Group mean of target-specific
EMG responses to perturbation for Posterior Deltoid in the presence of leftward
perturbation for the switch (magenta), fast (blue) and slow (green) target conditions.
Time axis is aligned with force onset. E-F Group mean (black) and individual means
(gray) of the binned EMG activity in the LL (E) and VOL (F) time windows for
Pectoralis Major in the presence of rightward perturbations for the different target
conditions. G-H Group mean (black) and individual means (gray) of the binned EMG
activity in the LL (G) and VOL (H) time windows for Posterior Deltoid in the
presence of leftward perturbations for the different target conditions. * p<0.05, **
p<0.005

We observed a significant effect of target condition on the modulation
of the PM response in the LL (linear mixed model : 3;=-0.029+0.005,
t=-5.70, p<0.005) and VOL window (linear mixed model : 8; = —0.060
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+ 0.00495, t=-12.24, p<0.005), respectively represented in Figures
and F. Those negative values indicated larger responses for faster
changes in target width. To further investigate these differences, we
performed pairwise post-hoc comparisons between the different target
conditions using linear mixed models (see section . In the LL window,
we did not observe any difference between the different dynamical
conditions (switch/fast : [31=0.02+0.021, t=0.96, p=0.33, switch/slow
B1 = —0.0038

+0.013, t=-0.29, p=0.77 and slow/fast 31=-0.0525+0.0419, t=-1.25, p=0.21),
even though they all differed from the no change condition (p<0.005 for
all conditions). However, these pairwise comparisons revealed signifi-
cant differences in the VOL time window between the different dynami-
cal conditions (switch/fast 31=-0.05£0.019, t=-2.50, p=0.012, switch/slow
[1=-0.05940.013, t=-4.35, p<0.005 and slow/fast 31=-0.07940.04, t=-1.96,
p=0.048).

The same modulation of the EMG activity with the target condition
was observed in PD for both LL (5;=-0.046+0.007, t=-6.42, p<0.005
see Figurdll.4G) and VOL time epochs (f=-0.015+0.008, t=-18.66,
p<0.005 see FigurdllL.4F) as it was stretched by leftward perturba-
tions. Interestingly, the pairwise post-hoc comparisons revealed sig-
nificant differences between the dynamical conditions in both the
LL (switch/fast : [1=-0.00510.019, t=-0.03, p=0.97, switch/slow [3=-
0.03£0.012, t=-2.336, p=0.019 and slow/fast (3;=-0.119340.057, t=-2.09,
p=0.036) and the VOL time window (switch/fast : 3;=-0.0721+0.021, t=-
3.35, p<0.005, switch/slow 1=-0.1240.016, t=-7.33, p<0.005 and slow/fast
B1=-0.2540.058, t=-4.33, p<0.005). These differences indicated that both
reflexive and voluntary responses were modulated to the dynamical
change in target width and that they were even tuned to the rate of
change.

Altogether, these results indicate that participants adjusted their behav-
ior during movements in response to dynamical changes in target shape.
Indeed, we showed that the hand deviation induced by the mechanical
perturbations was different in the dynamical (slow and fast) and in the
static conditions (no change and switch). Moreover, we reported larger
hand deviation for the slow than for the fast condition: indicating that
the rate of change in target width was integrated in the control policy.
The differences observed in acceleration profiles and EMG correlates
confirmed this finding. The sensitivity of the online adjustments of
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control policy to dynamical changes in target changes and the differ-
ences observed between the two different speeds suggest a dynamical
an continuous re-evaluation of control policy within movement.

3.2 Differences between the first and last trials in
dynamical conditions

Interestingly, we also observed differences in the hand kinematics be-
tween the first and the last trials in the fast and slow conditions. Figures
I11.5)A and B represent the mean and SEM of the position along the x-axis
for the first (full line) and last trials (dashed line) in the fast condition
in presence of rightward and leftward mechanical perturbations respec-
tively. We observed that these first and last trials differed and decided
to take a look at their acceleration profiles in order to quantify these
differences. The corresponding acceleration profiles are represented in
Figures [[IL.5C and D. We observed a consistent and significant lag of
the last trial with respect to the first one. This lag was computed as the
median of the maximal value of the cross-correlation performed with
bootstrap resampling based on the fourteen subjects (see section [2).
The resulting distribution of this lag, obtained through this resampling
method is represented in Figure [IL5E. This method revealed a median
time lag of -18ms in the fast condition (depicted with a blue vertical
line in Figure that was significantly smaller than zero (signrank
test z=-32.18, p<0.005). No time lag was observed in the slow condition.

The first and last trials of each dynamical condition also differed in the
smoothness of their acceleration profile as shown in Figures and D
for the fast condition. This difference in smoothness was quantified by
comparing the integral of the absolute values of the derivatives of these
acceleration profiles: the jerk. We reported in Figures and G these
integrals for all participants in the slow and fast conditions respectively.
In the fast condition, the final state was less jerky than the first one
as reported by a signrank test (z=-2.835, p<0.005). Similar results were
obtained in the slow condition (signrank test z=-3.19, p<0.005) indicating
an increase in the smoothness of the acceleration profiles.

These results indicated that, besides the online adjustments in control
policies induced by dynamical changes in target width, participants
also adapted their behavior across trials.
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Figure II1.5: Between trials analyses : A Group mean and SEM collapsed across
participants of the first (full line) and last (dashed line) trials in the fast condition
with rightward mechanical perturbation. Time axis is aligned on force onset. B
Group mean and SEM collapsed across participants of the first (full line) and last
(dashed line) trials in the fast condition with leftward mechanical perturbation. The
black dashed line corresponds to the difference between the first and last trials. Time
axis is aligned on force onset. C Group mean of the acceleration profiles of the first
(full line) and last (dashed line) trials in the fast condition with rightward mechanical
perturbation. Time axis is aligned with force onset. D Group mean of the acceleration
profiles of the first (full line) and last (dashed line) trials in the fast condition with
leftward mechanical perturbation. Time axis is aligned with force onset. E
Cumulative density function of the lag between the last and first acceleration profiles
for both perturbation directions. The blue vertical line corresponds to the median
value. F Group mean (black) and individual means (gray) of the integral of the
absolute value of the jerk for the first and last trials in the slow target condition. G
Group mean (black) and individual means (gray) of the integral of the absolute value
of the jerk for the first and last trials in the fast target condition. ** p<0.005
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4 Discussion

We investigated whether humans can dynamically adjust their con-
trol policy used to perform reaching movements online if the task
constraints were dynamically changed. More specifically, we studied
participants’ behaviour as they were reaching to a target whose width
continuously decreased with time. We observed that the way partic-
ipants responded to unexpected mechanical perturbations depended
on the target condition and specifically on the rate of change in tar-
get width. Which indicated that the control policies used to perform
movements were adjusted online to the specific change in target width.
Interestingly, the EMG responses of the stretched muscles revealed that
both the reflexive and voluntary responses to mechanical perturbations
were sensitive to the specific rate of change of target width. Altogether,
our results demonstrate that the control policies used by humans to per-
form reaching movements are dynamically adjusted within movements
to respond to the changes in task constraints.

These findings expand the current view of goal-directed reach-
ing movements by providing the evidence for dynamical adjust-
ments of the control policy. Optimal Feedback Control (OFC) the-
ory [Todorov and Jordan, 2002] assumes that reaching movements
are executed by using control policies that are tuned to the task
goal. This theory posits that the selected control policy min-
imises a cost-function quantifying the desired behavioural perfor-
mance through a weighted sum of motor cost and motor errors
[Todorov, 2005, [Scott, 2004, Shadmehr and Krakauer, 2008]. Many
task-related parameters such as the shape of the goal target
[Knill et al., 2011, Nashed et al., 2012]] or the reward associated with
the task [Esteves et al., 2016, Summerside et al., 2018} Yoon et al., 2018]
influence this cost-function and therefore its associated optimal con-
trol policy. This task-specific controller can handle unexpected per-
turbations that interfere with the performance of the task such as
mechanical perturbations [Nashed et al., 2012, Lowrey et al., 2017]] or
target jumps [Georgopoulos et al., 1981, Franklin and Wolpert, 2008,
Dimitriou et al., 2013], by providing state-feedback responses that are
specifically tuned to the task performed. Here, we leveraged an experi-
mental paradigm developed in previous work [De Comite et al., 2021]],
consisting in abrupt changes in target structure within movements,
to dynamically change the task constraints and investigate whether
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participants’ control policy dynamically adjusted. The differences we
observed between the two dynamical conditions and the condition
were no change in target occurred indicate that dynamical changes in
task constraints induce dynamical adjustments of the control policy.
Moreover, the difference observed between the fast dynamical condi-
tion and the switch condition demonstrated that these control policies
were dynamically adjusted during movement. We therefore confirm the
existence of a mechanism whereby the control policy is dynamically
adjusted during movement to be optimally tuned to the task performed.

The dynamical online adjustments of control policy could occur through
different mechanisms. A first hypothesis would be that participants
selected a control policy adapted to the rate of change in target
width once they identified it. This suggest that participants some-
how prepared multiple control policies. Many studies demonstrated
that such parallel encoding of motor plans exists for multiple tar-
gets [Chapman et al., 2010, |Gallivan et al., 2017,Wong et al., 2017] and
even multiple target shapes [Gallivan et al., 2016b]. Our experimental
paradigm differed from those used in these studies in that the multiple
options were never presented at the same time and changes between tar-
gets occurred within movements. Moreover, the specific timings of our
task (i.e. 150ms between the change in target condition and the begin-
ning of a difference in the EMG activities) are such that this hypothesis
is very unlikely. Indeed, we reported in a previous study that it takes
approximately 150ms, from the onset of the visual change, to adjust
the control policy online in response to change in target redundancy
[De Comite et al., 2021]], the additional differences observed between
the dynamical and static conditions suggest that participants were able
to estimate the rate of change as well. Previous reports demonstrated
that a delay of about 100ms is required to be able to estimate the speed
of a target in a smooth pursuit paradigm [Bahill and McDonald, 1983,
Barnes and Asselman, 1991, Orban de Xivry et al., 2008]. The combi-
nation of these two time delays make it very unlikely that participants
could switch between different preplanned motor policies. The al-
ternative hypothesis would be that they used some adaptive policies
consisting of successive small adjustments of control policies mediated
through feedback mechanism.
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The hypothesis whereby the online adjustments of control policies are
handled through successive small adjustments implicitly assumes an
overlap of movement planning and execution throughout the whole
movement [Orban de Xivry et al., 2017]]. This is an important result as
it demonstrates that there is a dynamical feedback loop integrated in
the reaching control policy that convey information relative to the task
demands throughout the movement.

Between trials adjustment also occurred in our experiment even
though they were small. Indeed, we could quantify that the
movements were less jerky at the end of the experiment and that
the response to perturbation in the fast condition were shifted
forward in time. These between trials adjustments of behavior
are reminiscent of the broad body of literature concerning motor
learning [Shadmehr and Mussa-Ivaldi, 1994, Krakauer et al., 1999]].
Albeit this parallelism, our paradigm remains very different
from those investigating motor learning. Indeed, here we in-
vestigated how changes in task constraints happening within
movement could influence the control policy while motor learn-
ing strive to understand how unmodeled environmental changes,
such as force field [Krakauer et al., 1999, Lackner and Dizio, 1994,
Shadmehr and Mussa-Ivaldi, 1994, Singh and Scott, 2003] and visuo-
motor rotation [Krakauer et al., 2000, Mazzoni and Krakaueur, 2006
for example, are handled by the control policy on a trial-to-trial
basis. =~ More recently, some motor learning studies reported
within trials corrections in presence of velocity-dependent
force fields [Crevecoeur et al., 2020b,  |Crevecoeur et al., 2020a,
Mathew et al., 2020], but these are still different as we investigated
online adjustments of the control policy induced by online modification
of the task goal. To put that into the context of Optimal Feedback
Control, in our study we probed participant’s ability to adapt to online
adjustment of the cost function while in motor learning studies they
investigated participant’s ability to adapt to unmodeled plant dynamics.
The between trials adjustments we reported only mean that humans’
ability to adjust their control policy online is getting better as they are
getting more familiar with the task. However, whether the mechanisms
underlying online adjustments in control policy and those underlying
motor adaptation could be related is still unknown and could be a
fascinating research question for further studies.
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To summarize, we reported here that humans are able to dynamically
adjust their control policy when they experience dynamical changes
in task constraints. This finding highlights the existence of a feedback
mechanism regulating the selection and application of control policy in
human reaching movements. Moreover, this study also demonstrates
that this feedback mechanism could be improved through habituation
in order to give rise to smoother and more optimal movements.
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tion of movement vigor. Considering current theories of sensorimo-

tor control suggesting that movement planning consists in selecting
a goal-directed control strategy, we sought to investigate the influence
of reward on feedback control. Here we explored this question in three
human reaching experiments. First, we altered the explicit reward
associated with the goal target and found an overall increase in feed-
back gains for higher target rewards, highlighted by larger velocities,
feedback responses to external loads, and background muscle activity.
Then, we investigated whether the differences in target rewards across
multiple goals impacted rapid motor decisions during movement. We

TARGET reward influences motor planning strategies through modula-
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observed idiosyncratic switching strategies dependent on both target
rewards and, surprisingly, the feedback gains at perturbation onset:
the more vigorous movements were less likely to switch to a new goal
following perturbations. To gain further insight into a causal influence
of the feedback gains on rapid motor decisions, we demonstrated that
biasing the baseline activity and reflex gains by means of a background
load evoked a larger proportion of target switches in the direction op-
posite to the background load associated with lower muscle activity.
Together, our results demonstrate an impact of target reward on feed-
back control and highlight the competition between movement vigor
and flexibility.

1 Introduction

From the toddler picking their favorite toys to the footballer select-
ing the best path through opponents, humans manifest the exquisite
ability to plan and select movements. Movement planning is the
process that integrates many task-related factors in order to select
the best control strategy for the task (Wong et al., 2015). Amongst
these numerous factors, the reward associated with the task in-
duces a modulation of movement vigor in saccadic eye movements
[Manohar et al., 2015, Manohar et al., 2017] and upper limb reaching
movements [Summerside et al., 2018, Esteves et al., 2016]. Moreover,
recent studies reported that higher reward increases visuomotor re-
sponses to disturbances [[Carroll et al., 2019] and that the increase of
vigor associated with reward is correlated with a reduction of move-
ment variability and an increase in co-contraction [Codol et al., 2020]].
Together, these previous results suggested an influence of reward on
movement planning strategies.

Besides this impact on movement planning, reward also has an
influence on movement selection. Indeed, the selection of the
best alternative between different options is biased toward move-
ments associated with the highest reward [Trommershauser et al., 2003|
Trommershauser et al., 2008]]. Similarly, when humans have to select
a target, their choice is biased by parameters such as the biomechan-
ical costs incurred when reaching to each potential option, resulting
in target selection toward less effortful movements [Cos et al., 2011}
Morel et al., 2017]].
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The commitment to an action actually results from a distributed consen-
sus between low level sensorimotor representations of movement costs
(e.g. motor costs) and high level cognitive representations of their out-
comes (e.g. reward) [Cisek, 2012]. Here we explored the impact of target
reward on fast feedback control strategies and tested the distributed
consensus theory in a dynamical context by probing the effect of move-
ment reward on feedback control and online motor decisions. Recent
studies have sought to investigate whether and how much the factors
that characterize action selection during movement planning could
also influence movement selection when the hand has already started
moving. A first body of work have shown that dynamical changes in
target selection can be triggered by mechanical [Nashed et al., 2014] or
visual [Kurtzer et al., 2020, Michalski et al., 2020|] perturbations occur-
ring during movement. More recently, some studies demonstrated
that cognitive factors, such as the reward distribution of a redun-
dant target, also influence online motor decisions [Cos et al., 2021}
Marti-Marca et al., 2020]]. They revealed that the reward distribution of
a redundant target influences online motor decisions and suggested a
link between the state of the limb (position and speed) at perturbation
onset and the outcome of the decision. However, whether the reward
of competing alternatives or the level of muscle activity could influence
online motor decisions has not been explored yet.

In the present work, we addressed the relationship between target
reward and feedback control as well as online motor decisions by apply-
ing perturbations while participants performed reaching movements
toward one or several targets that differed explicitly by their associated
rewards. We hypothesized that the influence of reward on movement
planning was linked to the selection of feedback gains, which could
impact one’s ability to flexibly change target during movement. In a
first experiment, we investigated the influence of reward on feedback
control strategies. We then investigated the impact of reward on feed-
back control when participants had the opportunity to reach to different
goals. The goal of the third experiment was to study the competition
between feedback gains and the ability to flexibly change movement
goal during movement.

We first reproduced previous findings of reward-related increase in
velocity toward the target. Importantly, we uncovered that this modu-
lation was associated with an increase in feedback gains and muscle
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activity. In a second experiment, we observed that the difference in
reward between alternative goals could bias online motor decisions and,
interestingly, found out that the overall increase in movement vigor
was negatively correlated with the potential selection of a new target.
Our third experiment confirmed that biases in feedback gains induced
experimentally were negatively correlated with the ability to switch
goal during movement. These findings demonstrate that movement
reward modulates both planning and feedback control, and involves the
peripheral motor system through modulation of muscle co-contraction
and reflex gains. Moreover, we highlight that this modulation was detri-
mental to the ability to flexibly switch to a new goal during movement.

2 Methods

2.1 Participants

A total of 53 participants were enrolled in this study and took part to
one of the three experiments. The first group performed Experiment 1
and included 14 right-handed participants (7 females) ranging in age
from 21 to 27. The second group performed Experiment 2 and included
20 right-handed participants (14 females) ranging in age from 20 to 46.
The last group performed Experiment 3 and included 19 right-handed
participants (11 females) ranging in age from 18 to 52. Participants
were naive to the purpose of the experiments and had no known neuro-
logical disorder. The ethics committee of the host institution approved
the experimental procedures and participants provided their written
informed consent prior to the experiment.

2.2 Setup

For the three experiments, participants sat on an adjustable chair in
front of a Kinarm end-point robotic device (KINARM, Kingston, ON,
Canada) and grasped the handle of the right robotic arm with their
right hand. The robotic arm allowed movements in the horizontal plane
and direct vision of both the hand and the robotic arm was blocked.
Participants were seated such that at rest their arm was vertical and
their elbow formed an angle of approximately 90° degrees. Their arm
was unconstrained and their forehead rested on a soft cushion attached
to the frame of the setup. A virtual reality display placed above the
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handle allowed the participants to interact with virtual targets. A white
dot of 0.5 cm radius corresponding to the position of the handle was
shown on this display during the whole experiment.

B
Experiment 1 Experiment 2 Experiment 3 Targets reward
° @ low, medium or high
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Figure IV.1: Task paradigms —. A Representation of the task paradigm of
Experiment 1. Participants controlled a hand-aligned cursor represented by the black
dot on a virtual reality display. They had to reach for the goal target, represented by
the purple goal target in front of them. This goal target could have a low, medium or

high reward (1, 5 or 10 points). The bottom part of the panel represents the load
profiles that participants could experience. B Representation of the task paradigm of
Experiment 2. Participants had to reach for any of the three targets presented in front
of them. The central target always had a high reward whereas the two others either
had a low or a high reward. The bottom part of the panel represents the perturbation
load that participants could encounter during movements. C Representation of the
task paradigm of Experiment 3. Participants had to reach for any of the three targets
presented in front of them. During the second half of the trials a background load
force directed leftward was applied prior and during the movement (dashed line
bottom panel). The bottom part of the panel represents the possible profiles of the
total load forces (perturbation load + background load). EMG data from Pectoralis
Major and Posterior Deltoid were collected during all Experiments.

2.3 Experiment 1

In Experiment 1 (Figure[[V.1A, top), participants (N=14) were instructed
to perform reaching movements to a small circular goal target (1.5 cm
radius) located at 25 cm in the y-direction from the start position, a
red disk of 1.5 cm radius. Participants had first to put the hand-aligned
cursor in the start position, which turned green as they reached it. After
a random time delay (drawn from an uniform distribution between 1
and 2s), the goal target appeared as a red disk containing a number (1,
5 or 10) that corresponded to the reward participants would receive
if they reached and stabilised within the target for a prescribed time
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window. Reaction time was not constrained and participants could start
the movement whenever they wanted. Following the exit of the start
position, participants had up to 600ms to reach the goal target and keep
the cursor inside for at least 500ms. The goal target turned green at the
end of successful trials, or remained red otherwise. During movements,
a mechanical perturbation load could be applied to participants’ hand
(33% of the trials). This load consisted of a lateral step force of +9 N,
with a 10ms linear build-up, aligned with the x-axis. This force was
triggered when the hand-aligned cursor crossed a virtual line located
at 8 cm from the center of the start position (Figure [[V.1]A, bottom).
Unperturbed and perturbed trials as well as trials with different rewards
were randomly interleaved such that participants could not predict the
occurrence or the direction of the perturbations. Participants started
with a 27-trials training block in order to become familiar with the task
and the force intensity of perturbation loads. After completing this
training block, they performed 6 blocks of 72 trials interleaved with
pauses of three to five minutes to prevent muscle fatigue. Each 72-
trials block included: 48 unperturbed trials (16 with each target reward)
and 24 trials which contained mechanical perturbations (leftward or
rightward, 8 of each reward condition). Participants performed a total
of 432 trials, including 24 for each perturbed condition (direction of the
mechanical perturbation and value of the target reward). A total score
corresponding to the cumulative sum of individual movement rewards
was projected next to the goal target. Participants were compensated
for their participation according to a conversion of this total score. This
conversion was calculated such that each participant received between
10 and 15 € as an incentive to score a maximum number of points
during the experiment.

2.4 Experiment 2

Experiment 2 was designed to assess the effect of reward on online
motor decisions between competing motor goals. Instead of reaching to
a single target, participants (N=20) were instructed to perform reaching
movements to any of three circular targets (1.5 cm radius) located at 20
cm in the y-direction from the same start position as in Experiment 1
(Figure [V.1B, top). As in Experiment 1, the goal targets appeared after
participants stabilised the hand-aligned cursor in the start position. All
three goal targets appeared in each trial, the central one being aligned
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along the y-axis with the start position and the other two equidistant
from this central target at 9 cm along the x-axis. These targets were
presented as an inner disk of radius 0.7 or 1.2 cm inside an outer
circle of radius 1.5 cm. The purpose of the inner disk was to show
the reward associated with the target: the larger the diameter of this
disk, the higher the reward. There were two different conditions of
reward: either all the targets had the same large reward (same values
condition) or only the central target had a large reward while the other
two had lower rewards (different values condition). In a pilot study, we
considered a third reward configuration: the central target had a small
reward while the other two had higher rewards. We observed that, in
this third configuration, the behavior in the absence of perturbation
load was biased toward the lateral targets. We therefore decided to
exclude this condition to keep the conditions in which participants
spontaneously reached for the center target for the largest proportion
of trials in the absence of any perturbation load. After a random time
delay (drawn from a uniform distribution between 1.5 and 3s), the
inner disks of the goal targets turned white and participants had to
reach any of these within 400ms to 1000ms to pass the trial. Similar
to Experiment 1, the reaction time was not constrained. The trial was
successfully completed if participants reached any goal target in the
prescribed time window and stabilised the cursor in it for 500ms. The
inner disks of the goal targets turned green if the trial was successful
and red otherwise. As in Experiment 1, a mechanical perturbation load
could be applied to participant’s hand (50% of the trials, +6 N or +10
N, 10 ms build-up aligned with the x-axis Figure [V.1B, bottom). This
perturbation was triggered when the hand-aligned cursor crossed a
virtual line located at 2 cm from the start position. Unperturbed and
perturbed trials as well as trials with different reward distributions
and force intensities were randomly interleaved. Participants started
with a 58-trials training block followed by 6 blocks of 80 trials. Pauses
of three to five minutes were introduced between blocks to prevent
muscle fatigue. Each 80-trials block included: 40 unperturbed trials
and 40 trials which contained mechanical perturbations. Participants
performed a total of 480 trials including 30 trials of each perturbation
condition (reward condition and mechanical perturbation condition).
Participants were compensated for their participation using the same
conversion rule as in Experiment 1.
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2.5 Experiment 3

The third experiment was a variant of Experiment 2 and was designed
to test the possible impact of co-contraction on online motor decisions
by applying a background force laterally to the reach path (Figure [V.1[C,
top). Participants had to perform reaching movements to any of the
three targets located as in Experiment 2. These targets were identical
to the large reward target of Experiment 2 and the time course of
events in the trial was similar as well except that a leftward background
mechanical load of 4N was applied as volunteers reached the home
target and remained on throughout the trials. As in the Experiment
2, a mechanical perturbation load could be applied to participant’s
hand during movement (33% of the trials). This load consisted of a
£3 N or +6 N with a 10ms build-up triggered when the hand-aligned
cursor crossed a line located at 2 cm from the home target (Figure
IV.1IC, bottom) and was added to the background load. Participants first
performed a 21-trials training block which did not involve background
load. After completing this training, participants performed 4 blocks
of 60 trials which did not included the background load. Each 60-trials
block included: 40 unperturbed trials and 20 trials which included
mechanical perturbations and they were interleaved with pauses of
3 — bmin. After these 60-trials blocks, participants performed a second
21-trials training block which included the background load. Once
this second training block was completed, participants performed a
second set of 4 blocks of 60 trials which included the background load.
They thus performed a total of 480 trials amongst which 24 of each
condition (with different perturbation loads and background load on or
off). To motivate participants, a score corresponding to their number
of successful trials was projected next to the goal targets. Participants
were compensated a fixed amount for their participation.

The third experiment was a variant of Experiment 2 and was designed
to test the possible impact of muscle activity on online motor decisions
by applying a background force orthogonally to the reach path (Figure
IV.I[C, top). Participants had to perform reaching movements to any
of the three targets, located as in Experiment 2. These targets were
identical to the large reward target of Experiment 2 and the time course
of events in the trial was similar as well except that a leftward back-
ground mechanical load of 4N was applied as participants reached the
start position and remained on throughout the trials. As in the Experi-
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ment 2, a mechanical perturbation load could be applied to participant’s
hand during movement (33% of the trials). This load consisted of a
+3 N or 6 N with a 10ms build-up triggered when the hand-aligned
cursor crossed a line located at 2 cm from the start position (Figure
[V.1C, bottom) and was added to the background load. Participants first
performed a 21-trials training block which did not involve background
load. After completing this training, participants performed 4 blocks
of 60 trials which did not include the background load. Each 60-trials
block included 40 unperturbed trials and 20 trials with mechanical
perturbations and they were interleaved with pauses of 3 — 5min. After
these 60-trials blocks, participants performed a second 21-trials training
block which included the background load. Once this second training
block was completed, participants performed a second set of 4 blocks
of 60 trials which included the background load. They thus performed
a total of 480 trials amongst which 24 of each condition (with differ-
ent perturbation loads and background load on or off). To motivate
participants, a score corresponding to their number of successful trials
was projected next to the goal targets. Participants were compensated
a fixed amount for their participation.

2.6 Data collection and analysis

Raw kinematics data was sampled at 1kHz and low-pass filtered using
a 4th order double-pass Butterworth filter with cut-off frequency of
20 Hz. Hand velocity along the y-axis was computed from numerical
differentiation of the position data using a 4" order centered finite
difference.

Surface EMG electrodes (Bagnoli surface EMG sensor, DeLsys INC.
Natick, MA, USA) were used to record muscles activity during move-
ments. We measured the Pectoralis Major (PM) and the Poste-
rior Deltoid (PD) based on previous studies [Crevecoeur et al., 2019,
De Comite et al., 2021]] that showed that in this configuration they are
stretched by the application of forces opposite to their action, and
therefore largely recruited by the feedback responses. Before applying
the electrodes, the skin of the participant was cleaned and abraded
with cotton wool and alcohol. Conduction gel was applied on the
electrodes to improve the quality of the signals. The EMG data were
sampled at a frequency of 1kHz and amplified by a factor of 1000.
A reference electrode was attached to the right ankle of the partici-



108 CHAPTER IV. VIGOR VERSUS FLEXIBILITY

pant. Raw EMG data from the pectoralis major (PM) and posterior
deltoid (PD) were band-pass filtered using a 4" order double-pass But-
terworth filter (cut-offs: 20 and 250 Hz), rectified, aligned to force
onset and averaged across trials or time windows as specified in the
Results section. The time windows selected for the temporal averag-
ing are the short-latency (20-50ms), the long-latency (50-100ms) and
the voluntary time epochs (100-180ms) as proposed in previous work
[Pruszynski et al., 2008, Pruszynski and Scott, 2012].

EMG data were normalized for each participant to the average activity
collected when participants maintained postural control at the start
position against a constant force of 9 N. Data from the pectoralis ma-
jor were normalized by the EMG activity in the same muscle while
performing postural control against a rightward force whereas data
from the posterior deltoid were normalized by the EMG activity in the
same muscle while performing postural control against a leftward force.
This calibration procedure was applied after the second and the fourth
blocks in the first two experiments and after the first, third, fifth and
seventh blocks in the third experiment. Data processing and parameters
extractions were performed using MATLAB 2019a.

In Experiment 1, we fitted linear mixed models to determine the effect
of the target reward on the kinematics and EMG activity. These models
were fitted using the fitlme function of Matlab and the formula used
was the following equation:

Parameter = ) + (1 * Reward + «; * Subject; (Iv.1)

The fixed predictors were the intercept (/3y) and the reward condition
(B1) while the participants were included as a random offset (a;). For
all linear mixed model analyses that we performed, we reported the
estimate for [3;, the t-statistics for this estimate as well as the corre-
sponding p-value and the r? of the model. One tailed paired t-tests
were used for post-hoc analyses where we collapsed across trials and
participants to compare the different conditions. Effect size for these
tests were reported using Cohen’s d defined as the difference between
the means of the two populations divided by the standard deviation of
the whole sample.
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To analyse the data from Experiments 2 and 3, we designed a multilinear
logistic regression model to infer the effect of reward distribution and
background load on target choice as the dependent variable, respectively.
Considering that the dependent variable was a discrete variable (the
chosen target), we use the following logistic regression model:

P (Lateral t t
o (P ot~ et e

(IV.2)

where the first effect (51) was the reward condition (Experiment 2) or the
presence of a background load (Experiment 3) and the second effect (/35)
was the intensity of the perturbation load. For these logistic regressions,
we reported the estimates for 3; and [3,, their corresponding t-statistics
as well as their p-value. For post-hoc analyses in Experiment 2, we
used a one tailed Wilcoxon signed ranked tests for which we reported
the ranksum, the z-statistics when provided, the p-value as well as
the effect size given by the Cohen’s d as defined above. In order to
investigate the asymmetry in the parameters ; obtained in Experiment
3, we used bootstrap resampling on the individual data to generate 1000
estimates of the /3, parameter for each condition (leftward perturbation
versus rightward perturbation) using the multilinear logistic regression
described above. We then assessed the asymmetry of the effect by
investigating whether the 95% confidence interval of the difference
between these two 3; parameters contains 0 [Efron, 1979].

In order to determine the effect of the background load on the baseline
muscle activity in Experiment 3, we fitted a linear mixed models with
interaction terms following this equation:

EMG =p; * Background + (5 * Muscle+ (IV.3)
B12 * Muscle : Background + «; * Subject;

Where the first term (3;) refers to the background condition, the sec-
ond (33) to the muscle, the third one (/3;3) to the interaction term and
the last one («;) to the random effect of participants. For all these
B’s, we reported their estimated value as well as their t-statistics, as-
sociated p-value and the 7? of the model. Significance was consid-
ered at the level of p = 0.05 even though we decide to exactly report
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any p-value that was larger than p = 0.005 as previously proposed
[Benjamin and Berger, 2018]]. In the figures, we reported significant
differences for the level p < 0.05 (*), p < 0.01(**) and p < 0.005(**%).

3 Results

3.1 Influence of the target reward on feedback cor-
rections during movement

To determine whether target reward influences feedback corrections
during movement, participants were instructed to perform reaching
movement to a goal target associated with a reward that could change
across trials (see section [2). During movements, mechanical pertur-
bation loads could be applied to reveal feedback corrections. The oc-
currence of feedback corrections was assessed by looking at feedback
kinematics and EMG responses of the muscles stretched by the pertur-
bations.

The mean hand path trajectories across participants are repre-
sented in Figure for the different perturbations and reward
conditions. Consistent with previous work [Shadmehr et al., 2016,
Summerside et al., 2018] we observed a significant increase in forward
peak velocity with increasing reward value. Figure represents the
differences in the forward velocities between the high (dash-dot lines)
or medium (full lines), and low reward conditions unperturbed (top)
and perturbed (bottom) trials. The peak forward velocity increased
with increasing reward value both for unperturbed (Figure top,
linear mixed model: 3; = 0.013, ¢t = 6.51, p < 0.005, r?> = 0.76) and
perturbed (Figure bottom, linear mixed model, right: 3; = 0.014,

= 3.76, p < 0.005, r? = 0.789, left: 3; = 0.018, ¢t = 4.68, p < 0.005,
r? = (.79) trials. Post-hoc comparisons between low and high reward
conditions revealed a significant increase of peak velocity with reward
for all perturbation conditions (one tailed paired t-tests, unperturbed:
t =—7.48,p < 0.005, d = 0.12, left: t = —5.37, p < 0.005, d = 0.16
and right: t = —3.99, p < 0.005, d = 0.13). We did not observe any
modulation of the reaction time required to initiate movement with the
reward (linear mixed model, p > 0.05) since we instructed participants
to initiate movement whenever they wanted.
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Figure IV.2: Experiment 1, kinematics - A Mean hand path across participants for
the different conditions of Experiment 1. The magenta, green and blue traces
respectively correspond to the low, medium and high reward conditions. The dashed
line represents the onset of mechanical perturbations. B Mean differences in forward
velocity between the high and low (dash-dot line) and medium and low (full line) for
he unperturbed (top) and perturbed (bottom) trials. The time axis is aligned on force
onset. C Mean hand path deviation across participants for the perturbed trials. The
hand deviation has been obtained by subtracting the mean hand path to the
perturbed hand path in the same reward condition for every subjects. The top part of
the graph represents the trials perturbed to the right whereas the bottom part
represents the trials perturbed to the left. D Group mean (black) and individual
means (gray) of the differential forward peak velocity for the unperturbed trials (top)
and perturbed trials (bottom) as a function of the reward condition with respect to
average forward peak velocity. E Group mean (black) and individual means (gray) of
the difference in hand deviation with respect to the mean hand deviation for leftward
(top) and rightward (bottom) perturbations in the three reward conditions with
respect to the average hand deviation. p < 0.05 (*), p < 0.01(**), p < 0.005 (***)

The effect of the mechanical perturbation on the movement kinematics
was also dependent on the reward value. Indeed, the lateral hand devia-
tion induced by the mechanical perturbation (Figure [V.2[C), computed
as the difference between the hand paths in the perturbed conditions
and the mean hand path in the corresponding unperturbed reward
condition for each participant, was significantly dependent on the re-
ward condition. For both perturbation directions (Figure top for
leftward and bottom for rightward perturbations), we observed a sig-
nificant decrease in the maximal hand deviation along the x-axis with
increasing reward value (linear mixed models, right: 5; = —0.0025,
t = —4.98, p < 0.005, 72 =0.38 and left : 3, = —0.0009, t = —2.25,
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p = 0.024, r* = 0.35). Post-hoc comparisons between low and high
reward conditions revealed a significant decrease for both perturba-
tion directions (one-tailed paired t-tests, right: ¢ = 5.31, p < 0.005,
d = 0.14 and left: t = 2.34, p = 0.009, d = 0.3).

Based on these kinematics analyses and previous studies showing that
faster movements and small hand deviations induced by perturbations
are correlated with high EMG activity [Crevecoeur et al., 2019] we hy-
pothesised that the EMG activity in PM and PD during movement scaled
with increasing reward. We investigated this effect both for baseline
activity measured during unperturbed trials and for feedback responses
to perturbation loads.

We observed a positive relationship between the EMG activity during
unperturbed trials and the value of the target reward. Figure A

represents the mean EMG activity collapsed across muscles and par-
ticipants for unperturbed trials while the differences between these
collapsed EMG activities in the high (dash-dot line) or medium (full
line) and the low reward condition are represented in Figure [V.3B. We
binned the EMG activity of each trial in a time bin ranging from 0
to 200ms after perturbation onset (gray rectangle in Figure and
Figure [[V.3B) and fitted a linear mixed model (see section[2) on these
binned values to determine whether reward had an influence on the
EMG activity (deviations from the mean binned EMG activity in the
different reward conditions are represented in Figure and Figure
for PM and PD respectively). We observed an increase in EMG
activity with the reward in both muscles (PM: 5; = 0.028, ¢t = 4.603,
p < 0.005, 7% = 0.68, PD: 3; = 0.053, t = 5.98, p < 0.005, r? = 0.66).
Post-hoc analyses performed on individual data showed that EMG ac-
tivity was larger in the high reward condition than in the low one for
both muscles (one tailed paired t-tests: pectoralis, t=4.14, p < 0.005,
d = —0.118 and deltoid, ¢ = —2.92, p = 0.0059, d = 0.1653).

The EMG response to mechanical perturbation in the agonist muscles
was also modulated by the reward value. Indeed, linear mixed model
analyses performed on the responses measured in PM and PD, when
respectively a rightward or leftward perturbation occurred, showed
a significant increase of EMG activity with increasing reward in the
long-latency epoch (50 — 100 ms). We reported the EMG activities
collapsed across muscles and participants in Figure as well as
the difference in these activities between the high (dash-dot line) or
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Figure IV.3: Experiment 1, EMG activity - A Mean EMG activity collapsed across
muscles and participants for unperturbed trials. The time axis is aligned on force
onset. B Mean differences in EMG activity collapsed across muscles and participants
between high and low (dash-dot line) and medium and low (full line) reward
conditions for unperturbed trials. C Group mean (black) and individual means (gray)
of Pectoralis Major EMG activity binned between 0 and 200ms after force onset for
unperturbed trials. D Group mean (black) and individual means (gray) of Posterior
Deltoid EMG activity binned between 0 and 200ms after force onset for unperturbed
trials. E Mean EMG activity collapsed across muscles and participants while
responding to perturbations. Only the activities of the agonist muscles (ie. PM for
rightward and PD for leftward perturbations) were used. F Mean differences in EMG
activity collapsed across muscles and participants between high and low (dash-dot
line) and medium and low (full line) reward conditions for agonist muscles in
presence of perturbation load. G Group mean (black) and individual means (gray)
differential EMG activity in PM binned in the long latency (50-100ms, top) and
voluntary epochs (100-180ms, bottom) as a function of the reward condition. H
Group mean (black) and individual means (gray) of the differential EMG activity in
PD binned in the long latency (50-100ms, top) and voluntary epochs (100-180ms,
bottom) as a function of reward condition. p < 0.05 (*), p < 0.01 (**), p < 0.005 (***)
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medium (full line) and the low reward condition in Figure[[V.3F. For each
perturbation direction, we binned the EMG activity of the stretched
muscle in the long latency (LL 50 — 100 ms after force onset) and
voluntary (VOL 100 — 180 ms after force onset) epochs. Figure
and Figure respectively represent the deviation from the mean
binned EMG activity in these two time bins (LL top and VOL bottom)
for PM and PD in the different reward conditions. In PM we observed a
significant increase in LL window (mixed model: 3, = 0.0615, ¢ = 2.89,
p < 0.005, 2 = 0.64) but even though a positive tendency emerges
in VOL window, no significant increase was observed (mixed model:
B = 0.036,t = 1.616, p = 0.106, r* = 0.69). Individual pairwise post-
hoc comparisons between low and high conditions confirmed these
findings (one tail paired t-tests: LL, ¢ = —2.48, p = 0.0137, d = 0.1592
and VOL, t = —1.18, p = 0.128, d = 0.08). The same holds for PD in
which we found a significant increase of EMG activity in LL window
with the reward (mixed model: g; = 0.216, t = 2.12, p = 0.034,
r? = 0.63) but no significant effect in the VOL window (mixed model:
B1 = 0.181, t = 1.887, p = 0.059, r? = 0.77). In this case however,
the individual pairwise comparisons between low and high conditions
revealed a significant increase in both time windows (one tailed paired t-
tests: LL, t = —3.68, p < 0.005,d = 0.11 and Vol, t = —2.57, p < 0.07,
d = 0.0116).

An interesting question is whether the effect of target reward reported
here could only be attributable to higher movement speed. In other
words, could it be that the impact of a higher reward is an increase
in movement speed that would therefore modulate the behaviour. To
answer that question, we compared the lateral hand deviation observed
in trials that have similar peak velocity and investigated whether, in
these trials, the reward condition modulates the lateral hand deviation.
We performed a linear mixed model analysis on the absolute values
of these lateral hand deviations and reported an effect of the reward
condition: smaller deviations for higher reward value (5, = —0.0011,
t = —2.61 and p = 0.009). This result confirms that reward does
not only modulate movement vigor but also the feedback responses to
mechanical perturbations.

Therefore, the results of Experiment 1 revealed that the value of the
target reward influenced both the movement kinematics and the EMG
activity recorded during movement. Indeed, we showed that the hand
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deviation induced by mechanical perturbation decreases with increasing
reward value for both rightward and leftward perturbations. Moreover,
the forward peak velocity of reaching movement increased with increas-
ing reward value. Finally, EMG activity in both PM and PD increased
with increasing reward value for unperturbed trials and in the long-
latency response window for perturbed movement when the muscles
were stretched by the perturbation. The modulation of forward hand
velocity and baseline EMG activity which also produces increases in
feedback responses to perturbation loads is consistent with an increase
in control gains previously observed in uncertain dynamical contexts
and interpreted as a robust control policy [Crevecoeur et al., 2019].

3.2 Influence of the reward of the potential options
on online motor decisions

In Experiment 1, we showed that reward of the goal target had an
influence on the way humans perform reaching movements to this
target similarly to other task parameters such as target shape, presence
of obstacles... Moreover, previous studies have shown that these task
parameters that modify the control policies could also influence online
motor decisions [Nashed et al., 2014]]. We therefore designed a second
experiment to determine whether reward could also influence online
motor decisions. In this second experiment, participants had to reach to
any of three potential targets aligned orthogonally to the main reaching
direction (see section [2). The central target always had a large reward
while the two lateral targets could either have lower reward or a reward
equal to that of the central target. We assessed the effect of the differ-
ence between central and lateral rewards on online motor decisions
by investigating the frequencies of reaching for the lateral targets. Me-
chanical perturbations that could occur during movement were used to
evoke change in goal target. Because perturbations were unpredictable,
a change in reaching frequency for the lateral targets dependent on the
perturbation load was indicative of a perturbation-mediated change
in goal that occurred during movement. The biomechanical and EMG
states at perturbation onset in the same condition were also investigated
to determine whether they had an influence on the future decision.

First, we observed that the reward of the lateral targets had a clear effect
on the frequency of trials that ended on these targets. Figure A
represents the hand paths of a typical participant toward the different
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Figure IV.4: Experiment 2, Kinematics - A Representation of hand path of individual
trials for a representative subject in the same values condition on top (all the targets
had the same reward) and in the different values condition on bottom (the central
target had a higher reward than the other two). The different columns represent the
different force levels (from right to left, large leftward perturbation to large
rightward perturbation). Magenta, blue and green paths respectively represent the
trials that reached the left, central and right targets. B Group mean (black) and
individual means (gray) of the switch proportion (i.e. fraction of trials that reached
either the left or right target) as a function of the applied load for the same values
condition. C Group mean (black) and individual means (gray) of the switch
proportion (i.e. fraction of trials that reached either the left or the right target) as a
function of the applied load for the different conditions. D-G Comparison of the
switch proportion for the same (left) and different (right) conditions for the trials
with large leftward force, small leftward force, small rightward force and large
rightward force respectively. p < 0.05 (*), p < 0.01 (**), p < 0.005 (***)

targets in various conditions. In general, in the absence of perturbation,
people tend to reach to the central target except for some trials (< 1%
in the different values condition and 8% in the same values condition).
In all cases, the frequency of reach to the lateral targets increased with
the magnitude of the perturbation (top and bottom part of Figure
for same and different values conditions respectively). In addition, there
was a significant effect of the lateral target rewards on the frequency
of lateral target: lower frequencies for different rewards. In order to
determine the significance of these effects, we identified for each trial
the target that was reached at the end of the movement and fitted a
multilinear logistic regression on these data to determine whether the
reward condition and the force had an influence on the target reached
(see section[2). We observed a significant effect of the reward for both
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the left (8, = 1.103,t = 10.84,p < 0.005) and right (3, = 1.666,t =
18.45,p < 0.005) targets versus the central one. These positive values
indicate that the reach proportion to the lateral targets is larger in the
same than in the different conditions (see Figure and Figure
for the same and different values conditions, respectively). Intensity
of the perturbation loads also had a significant effect for both lateral
targets versus the central one (left: 5; = —1.33,¢ = —26.82, p < 0.005
and right: 8; = 1.25, ¢ = 29.07, p < 0.005). Due to the sign of the
force kept in the regression model, in both cases the frequency of lateral
target reached increased with the force magnitude in absolute value.
Post-hoc analyses performed at fixed force levels showed significant
effect of the reward condition on the reaching proportion for all the
perturbed conditions. We observed a smaller reach proportion to the
left target in the different values condition compared to the same value
condition for both perturbation directions (one tailed Wilcoxon signed-
rank test: ranksum = 3, p < 0.005, d = 0.61 - see Figure -
and ranksum = 1, p < 0.005, d = 0.49 - see Figure - for loads
of -10 and -6N respectively). The mirror effect was observed for the
right target: a decrease in the reach proportion in the different values
condition for both perturbation directions (one tailed Wilcoxon signed-
rank test: ranksum = 0, p < 0.005, d = 0.74 — see Figure - and
ranksum = 3, p < 0.005, d = 0.78 - see Figure - for loads of 6
and 10 N respectively).

These results showed that participants took the reward distribution of
the options offered by the three targets into account while deciding
which target they should reach. The next question that we will address
is whether any parameters linked to the current state of the limb could
modify the decision between the different motor outcomes.

Interestingly, we observed a link between the state of the limb at per-
turbation onset (kinematics and EMG activity) and the outcome of
the motor decision. Figure represents the mean EMG activity
recorded in PM (top) and PD (bottom) in presence of mechanical per-
turbations (rightward, first column and leftward second column) across
participants for the different targets (magenta: left, blue: centre and
green: right) in the same values condition. No significant differences
were observed in PM prior to force onset (-150ms to Oms, grey rectangle
in Figure [V.5)A) between the trials that reached the center target and
the ones that reached the lateral targets (Figure top) for both
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Figure IV.5: Experiment 2, EMG activity - A Mean EMG activity in Pectoralis Major
(top) while responding to rightward (first column) and leftward perturbations
(second column) and in Posterior Deltoid (bottom) while responding to rightward
(first column) and leftward (second column) perturbations in the second experiment.
The magenta, blue and green traces represent the mean EMG activity measured
when participants reached the left, center or right target respectively. B Binned EMG
activity before force onset in Pectoralis Major (top) and Posterior Deltoid (bottom)
for the leftward and rightward perturbation loads, for the trials that reached the
central (left bin) and lateral (right bin) targets. C Group mean and SEM of the
differences in forward velocities across participants between the center and lateral
trials for trials with rightward (left) and leftward (right) perturbations. D
Comparison of the forward velocity at force onset for the trials that reached the
central (blue) and lateral (green or magenta) targets with a rightward or leftward
perturbation load. p < 0.05 (*), p < 0.01 (**), p < 0.005 (***)

force directions (left: linear mixed model #; = —0.019, t = —1.76,
p = 0.0782, r* = 0.622 and right: linear mixed model 3; = 0.0054,
t =0.89, p = 0.3758, r? = 0.6431). However, we observed an increase
in the EMG activity of PD prior to perturbation onset for the trials
that reached the center target compared to the ones that reached the
lateral targets for both force directions (Figure bottom, left: linear
mixed model 3; = 0.022, ¢t = 3.78, p < 0.005, r? = 0.6804 and right:
B1 = —0.051,t = —4.804, p < 0.005, r?> = 0.6019). This increase in
EMG activity for the trials that ended at the central target was cor-
related with larger forward velocities at force onset. We reported in
Figure the differences in forward velocities between the center
and the lateral trials for both perturbation directions. In presence of
a leftward perturbation (Figure and D, left panels), we observed
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a larger forward velocity at force onset for trials that end up at the
center target compared to those that reached the lateral target (linear
mixed model: 3; = —0.013, t = —3.347, p < 0.005, r? = 0.5439). The
same holds for trials with rightward perturbations (Figure and
D, right panels - linear mixed model: 5; = 0.040, ¢t = 9.476, p < 0.005,
r? = (0.5743). Similar observations were reported in the different values
condition. Indeed, we observed an increase in EMG activities in both
muscles for the trials that ended up at the center target compared to
those that reached the lateral target (PM linear mixed model: ,=-0.051,
t=-4.81, p<0.005, 72=0.60 and PD linear mixed model /3;=0.022, t=-3.78,
p<0.005, r2=0.68). Moreover, some tendencies were observed in the
forward speed for trials with rightward (linear mixed model3;=-0.011,
t=-2.019, p=0.0436, r*=0.52) and leftward (linear mixed model3;=0.012,
t=1.95, p=0.0505, r2=0.57). These results collected in the different values
condition have to be analysed with caution because of the low number
of trials that ended up at one of the two lateral targets (7.5% in the
different values and 23.5% in the same values condition).

We also tested whether the reward condition (ie. same values and
different values) modified movement vigor by comparing the forward
velocities and muscle activities at force onset between both reward
conditions. We did not observe any difference in forward velocities
between both reward conditions at perturbation onset as reported by
mixed effect models (t=0.60, p=0.54, 72=0.03). Similarly, we did not
observe any differences in EMG activities averaged during the 50ms
preceding perturbation onset as revealed by mixed model analyses
(PM: t=-0.3962, p=0.69, 7*=0.28 and PD: t=0.07, p=0.93, 72=0.06). This
absence of correlation between the reward condition and movement
vigor was interesting as it confirmed that we did not introduce any
experimental modulation of vigor in our paradigm. The differences in
switching frequencies observed between the same and different values
conditions are therefore attributable to the reward distribution and to
vigor variability within both reward conditions.

This second experiment showed that humans take reward into account
to respond to perturbations and potentially change target goal during
movement. More specifically, participants will tend to reduce their
frequency of reaching toward targets that have a lower reward. We also
showed that some parameters measured before the perturbation onset
are correlated with the target that is reached at the end of the trial.



120 CHAPTER IV. VIGOR VERSUS FLEXIBILITY

3.3 Effect of the pre-activation of muscle on the mo-
tor decision

An outstanding question is when was the decision made to switch
target. Did participants decide to changer after the perturbation, or
did they plan to change prior to movement? On the one hand, in this
experiment as in previous reports [Nashed et al., 2014]], changes in goal
target depend on the occurrence and magnitude of the force so it is
at least partially determined by sensory information collected during
movement. On the other hand, the observation that the switch also
depended on the baseline activity suggests that there could be an influ-
ence of the state of the limb from the beginning of the movement on
the decision. We wanted to investigate this possibility in Experiment
3. This experiment was specifically designed to investigate whether
the pre-activation of PD prior to movement onset could bias the fre-
quency of target switches. Participants had to reach any of the three
targets located at the same position as in Experiment 2. All targets had
the same reward in this experiment. During movement, mechanical
perturbation loads could push participant’s hand orthogonally to the
main reaching decision. During half of the trials, a leftward background
load was applied to participant’s hand throughout movement evoking
a background activation to counter the background load (see section
[2.5). We assessed the effect of pre-activation of PD by investigating the
reach proportions of the lateral targets with respect to force intensity
and background condition.

The application of a leftward background force induced an increase
in both PM and PD baseline EMG activity (Figure [V.6[C). We found a
significant effect of the background load in both muscles (main effect
of the linear mixed model on both muscles: 5, = —0.11,t = —6.73,
p < 0.005, r? = 0.9139) as represented in Figure II Moreover, we
also observed an interaction effect between the background load and
the muscle: baseline activity in PD increased more than PM activity
(B12 = 0.20, t = 19.067, p < 0.005, 7* = 0.9139).

We found that the leftward background load modified the reach pro-
portion to the left target for all kind of online mechanical loads. Figure
IV.6|A represents the reaching proportions to the left and right targets
(respectively left and right column) with respect to the intensity of
the perturbation load for the trial with (bottom) or without (top) back-
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Figure IV.6: Experiment 3 — A Group mean (full line) and individual means (dashed
lines) of the reach proportion to the left and right targets for the conditions without
(top row, black) and with (bottom row, gray) the leftward background load as a
function of perturbation load. B Comparison of the reach proportion of the left and
right targets (left and right columns respectively) with (gray boxes) and without
(black boxes) the leftward background force. C Group mean of the EMG activity in
Pectoralis Major (left) and Posterior Deltoid (right) prior to movement onset for trials
without (black) and with (gray) a background load. D Comparison of the binned
EMG activity between 500 and 300ms (corresponds to the gray box in panel C) before
force onset in Pectoralis Major and Posterior Deltoid for the conditions with and
without background. p < 0.05 (*), p < 0.01, p < 0.005 (***)

ground load. In order to show the effect of the background load on the
reach proportion of the lateral targets, we fitted a multilinear logistic
regression (see section [2) that inferred the effect of perturbation and
background load on the reached target. This multilinear logistic regres-
sion revealed a significant effect of the background and perturbations
loads on both the left and right targets reaching proportion. Concerning
the perturbation load, we observed an increase of the reach propor-
tion of the left target with increasing leftward force (3, = —0.9223,
t = —22.16, p < 0.005) and the mirror effect for the right target
(61 = 1.0204, t = 23.86,p < 0.005). The background load also had a
significant effect on the reach proportion for these two targets. The
reach proportion to the left target decreased when the background load
was applied (61 = —0.4611, t = —6.1759 and p < 0.005, Figure [V.6B
left panel). Intuitively an increase in force towards a target should bias
the choice for that target but it was not the case. A slight decrease in
reach proportion for the right target was also revealed by this regression

(1 = —0.1544, t = —1.9972, p = 0.0458, Figure [V.6B right panel).
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The intensity of this effect on the two lateral targets was compared
using bootstrap resampling: this effect was larger for the left than for
the right target. We generated 1000 bootstrap datasets from the original
dataset used to fit the multilinear logistic regression and fitted the
multilinear regression on each of these bootstrap datasets (generating
that way estimates of ; for each resampled dataset). We extracted
bootstrap estimates of the main effect of background on the target
reached for both lateral targets and computed the difference between
the left and right estimates. The mean value of this difference was 0.280
and the 95% confidence interval obtained from bootstrap resampling
was [0.072, 0.503] which therefore indicates a non-zero difference. This
result suggests a directional bias in the effect of the background load on
the switching strategies: the application of a leftward background load
hindered switches to the left target more than those to the right one.

Post-hoc analyses performed on the individual reach proportion to
lateral targets confirmed this asymmetry between left and right target
(see Figure [[V.6B). We observed a significant decrease of the individual
reach proportion to the left target induced by the background load
across participants and force levels (one tailed Wilcoxon signed-rank
test : z = 2.83, ranksum = 999.5, p < 0.005, d = 0.21). No similar
effect was observed for the right target (Wilcoxon signed-rank test:
z = 1.23, ranksum = 1015, p = 0.2154, d = 0.0332).

An interesting question is whether this background force also mod-
ulated forward velocity. We address this question by using a linear
mixed model to compare forward speed at force onset in the condi-
tions with and without background load. No modulation of movement
speed between these conditions was observed (linear mixed model
B = —0.009 = 0.007, t = —1.2528, p = 0.210, 7* = 0.44). This result
is important as it discards the eventuality that the modulation of flexi-
bility to switch to a new target goal was induced by movement velocity.
Similarly, the reaction time was not modulated by the presence of the
background force (linear mixes model, p < 0.05).

The results of this last experiment showed that the tendency to switch
observed in Experiment 2 depended on the biomechanical state of the
limb. Surprisingly, the application of a background load in a direction
reduces the tendency to switch in this direction in a larger amount that
the tendency to switch in the opposite direction.
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4 Discussion

We conducted a series of experiments to investigate the impact of reward
on feedback control strategies and rapid motor decisions by probing
the impact of explicit target reward. In Experiment 1, we demonstrated
that target reward did not only increase movement vigor as reported
in previous studies [[Summerside et al., 2018| [Yoon et al., 2018]], but it
also increased feedback gains and muscle activity. We observed that
perturbation-related lateral hand deviations were smaller when partici-
pants reached toward a target associated with higher reward. Moreover,
we also observed an increase in the baseline EMG activity as well as
an increase in the EMG response to perturbation loads with increasing
reward. Altogether, these results suggest that the feedback gains used
to perform movements scale with the value of the reward. In the second
experiment, we reported that the reward distribution across competing
options has an influence on rapid motor decisions: participants were
less prone to switch to a nearby target if it was associated with lower
reward. In addition, an increase in feedback gains was detrimental to
the ability to switch target during movement as we observed in Exper-
iments 2 and 3 that participants were also less likely to switch target
during movement when the muscle activity was higher. The modulation
in muscle activity introduced experimentally in Experiment 3 induced
a directional bias in the ability to switch target online, demonstrating a
causal influence of muscle activity.

The increase in movement vigor and feedback gains associated with
reward that we observed in Experiment 1 was coherent with the use
of a robust control policy [Bian et al., 2020, Crevecoeur et al., 2019]. A
robust controller consists in an alternative to stochastic optimal con-
trol [Todorov and Jordan, 2002] that has the property to consider un-
modeled disturbances [Basar and P, 1991]] which results in better re-
sponses to mechanical perturbations during movement. Reward is
known to invigorate movements as revealed in saccadic eye move-
ments where faster movements were observed toward higher mone-
tary rewards [Manohar et al., 2015, Manohar et al., 2017]] or toward tar-
gets associated with higher implicit rewards [Xu-Wilson et al., 2009]].
Similar observations were made for upper limb reaching movements
that exhibited higher peak velocities toward more rewarding tar-
gets [Esteves et al., 2016, Sackaloo et al., 2014, Summerside et al., 2018,
Yoon et al., 2018]. This was taken as evidence for reward-dependent
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selection of movement time [Haith et al., 2012, Shadmehr et al., 2010b].
It has recently been demonstrated that this increase in movement
vigor was associated with higher muscle activity in presence of re-
ward [Codol et al., 2020] which could be interpreted as a mechanism
used to increase internal feedback gains in order to improve reward-
related endpoint accuracy [Manohar et al., 2019]. Here we postulate
that another mechanism is also at play: a higher reward produced a
more robust policy that revealed participants’ will to render their move-
ments less sensitive to perturbations, thereby reducing the risk to miss
the goal. In this framework the reduction in movement time results
from the robustness of the control that impacts movement velocity

through larger goal-feedback gains.

In this framework, the modulation of the robustness of control has a
clear limitation that we were able to establish empirically: a robust
control strategy is meant to reject disturbances indistinguishably, thus
in principle it is clear that this strategy is not compatible with a flexible
change in movement goal online, which requires a reduction in feedback
response to let the perturbation redirect one’s hand toward the new
goal.

Besides the property of the robust model to predict larger feed-
back gains, we measured here as in previous work that this
strategy was associated with an increase in baseline co-activation
[Crevecoeur et al., 2019] which potentially influences the gains of
short- and long-latency responses to mechanical perturbations
[Bedingham and Tatton, 1984, Marsden et al., 1976, Matthews, 1986,
Pruszynski et al., 2009, Stein et al., 1995, Verrier, 1985]. Considering
this, the competition between robust control and flexible online de-
cisions in the human motor system may depend in part of the fact that
the robust controller recruits the peripheral motor apparatus (i.e. mus-
cle state and reflex gains) to increase the overall feedback gains, thereby
creating a competition between peripheral mechanisms engaged in
control and more central decisional processes.

Moreover, our results demonstrate that the model based on dis-
tributed consensus of decision-making [Cisek, 2012] also applies to
online motor decisions. This framework posits that decisions oc-
cur through an competition between the different options by in-
tegrating the motor costs incurred to each action [Cos et al., 2011}
Morel et al., 2017, Shadmehr et al., 2016] and their respective outcome
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[Trommershauser et al., 2003, Trommershauser et al., 2008]. We doc-
umented a concomitant influence of both the reward distribution
across competing options and load magnitudes which highlights that
these two factors are taken into consideration during online motor
decision. In addition, we add to these factors that the state of the
peripheral motor system, influenced by the selected control strat-
egy and feedback gains, had an effect on online decision-making.
Our findings are in line with previous work reporting an impact
of the cost of each action [Kurtzer et al., 2020, Nashed et al., 2014,
Michalski et al., 2020] and their associated outcome [[Cos et al., 2021,
Marti-Marca et al., 2020]. These observations support that online
motor decisions must result from distributed consensus between
control strategies, feedback responses and rewards. Importantly,
the present study investigated participants’ decision to switch to
alternative targets during movement, all of which leading to suc-
cessful movements, there were no good or bad choices as it is
the case in a go-before-you-know paradigm [Chapman et al., 2010,
Gallivan et al., 2016b, (Gallivan et al., 2017, Enachescu et al., 2021]).

To conclude, our study highlights that multiple mechanisms underlie
reward-dependent planning and control of movement. One the one
hand, we suggest that there is a robust control strategy that involves
peripheral circuits by means of increases in baseline activity and gain
scaling of the feedback responses. This strategy associated with robust
control is likely selected to reject perturbations and reduce the risk
of missing the reward suggesting that there could be a cost incurred
to reward. On the other hand, there exists a more flexible control
policy able to switch target during movement. It is conceivable that this
second policy, which requires some inhibition of muscle activity and
response, is mediated by higher level inhibitory circuits and response
modulation [Scott, 2016, Shadmehr and Krakauer, 2008]]. Both policies
take into account explicit target rewards and depend on the state of
peripheral control loops.

An interesting open question is whether and how much individuals can
modulate their strategy or whether the differences in strategy reflect
individual traits. Indeed, individual differences have been shown in
movement vigor [Reppert et al., 2018], and their possible effect on the
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modulation of feedback control is an exciting open question. Such
ability is potentially central to understand planning and control in
complex environments.



Chapter V

Expanding the Optimal
Feedback Control framework

It means constantly seeking and
implementing better ways of
thinking and acting across old
and new corners of the system

Robert I. Sutton

upper-limb human reaching movements is that they do not assume

much flexibility for the underlying control policies. These control
policies are tuned to the task goal such that they can appropriately pre-
dict feedback responses to perturbations during movement. However,
the flexibility that humans demonstrate in their adaptation to rapid
change in task goal and to quickly change their target during movement
is not grasped by these traditional models. Here we develop an exten-
sion of the Optimal Feedback Control framework that integrates flexible
changes of the control policies during movement. More specifically, we
implement two different extensions that address this caveat. In the first
extension, we designed a dynamical alteration of the control policy that
allows to simulate movements to a target whose structure change dur-
ing movement. We observed that the model is able to quickly change its
control policy in response to change in target structure accordingly to
what we observed experimentally. In the second extension, we develop
an algorithm that allows to control movements characterized by non-

THE caveat of the traditional mathematical models used to simulate
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convex composite cost functions as those corresponding to movements
where several alternative targets are available. We observed that the
results of the algorithm are coherent with experimental behaviors as we
could predict the outcome of online decision processes involving target
locations and reward. These two extensions of the OFC framework
allow to integrate the versatility of human behavior during movement
in the existing theoretical framework.

1 Introduction

Behavioral and modeling studies provide complementary and neces-
sary insights into humans sensorimotor control [Krakauer et al., 2017,
Datta et al., 2019]. On the one hand, experimental work provides a
detailed description of humans behavior through the various types of
data that can be collected (kinematics, EMG, neural data, ...). How-
ever, this approach only provides a description of the agent’s behavior
without explaining their causes. On the other hand, mathematical
modeling is a powerful tool that can be used to investigate humans
behavior and to propose some assumptions for their causes. Many
different mathematical models can be used to investigate the same phe-
nomena and this redundancy requires some caution in model selection
[Blohm et al., 2020]].

Amongst the various control models used to explain humans
behavior during reaching, Optimal Feedback Control stands out
with its ability to explain feedback responses to perturbations
as well as unperturbed behaviors [Todorov and Jordan, 2002,
Scott, 2004, Shadmehr and Krakauer, 2008, Shadmehr et al., 2010b]].
This theoretical framework has been thoroughly used to investi-
gate, model, and explain reaching movements in various contexts
[Nashed et al., 2012, Nashed et al., 2014, Izawa and Shadmehr, 2008,
Diedrichsen, 2007, Kasuga et al., 2021} Omrani et al., 2013
Cesonis and Franklin, 2020, [Poscente et al., 2021].  Despite being
a locally outstanding candidate for reaching movements, this model
relies on strict hypotheses that are not always verified when consid-
ering humans movements such as the linearity of the motor plant
for instance [Sabes et al., 1998, |Gordon et al., 1994, Uno et al., 1989,
Schaftelhofer et al., 2015]].
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The most widely used implementation of OFC for human reaching
movements, the Linear Quadratic Regulator (LQR), computes the feed-
back gains offline before movement initiation. These feedback gains are
obtained from the minimization of a performance index defined as a
weighted sum of motor cost and motor error (capturing target structure).
Therefore, the computed feedback gains are specifically tuned to the
task and the target presented before movement. This framework does
not allow to adjust the feedback gains during movement in response to
a change in target structure or to model participants’ decision to reach
for an alternative target.

Here, we propose an upgrade of this theoretical framework that allows
to model dynamical properties of the reaching control policies as we
observed experimentally. We first develop an algorithm that permits to
model online adjustments in control policy in response to change in
target structure. Then, we develop a second algorithm that leverages
the notion of cost-to-go function, central concept in Optimal Control, to
model online motor decisions that could occur during movement. These
two algorithms produce results that are coherent with our experimental
findings and provide a promising ground to build future models of
human reaching movements.

2 Theoretical background

The goal of this first section is to develop, in more details than in the
general introduction, the theoretical background of Optimal Feedback
Control as well as the new features that we developed in the present
work.

2.1 Optimal Feedback Control

Let us consider the discrete-time dynamical system with imperfect
measurements of the state x € R" defined by :

x[t+1] =Ax[t]+Bult] + £ [t], (V.1)
[t] + wt], (V.2)
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where A € R™", B € R™™, and H € RP*" are constant real-valued
matrices. £ [t] ~ N (0, Zpotor) and w [t] ~ N (0, Egensory) are additive
motor and measurement noises, respectively. The motor command
u € R™ is the input that the agent can use to steer the system. The
agent observes the state of the system through a noisy and possibly
delayed observation y € RP.

To be able to steer the system towards a desired state x*, one has to
define a performance index that captures the intended behavior and
the allowed energy expenditure to reach this state. The cost-function
capturing that performance index is defined based on the extended state

vector X = [x,x*]" and the motor command u as follows

J(xu) =" {x T Q%] +uli]" Ri]u [z’]} . (V3)

=1

where Q[t] € R™ > 0and R[t] € R™™ > 0Vt € [0, N] respec-
tively capture the penalty on the state and action. This cost-function is
expressed for a finite time horizon of N time steps.

For many applications, including the modeling of reaching movements,
only the very last Q-matrix is set to non-zero value as one wants to
penalize motor error only for the very last time step, while the R [t]-
matrices are set to the same non-zero matrix for every time step. In
addition to this general cost-function, one can define the cost-to-go
function under the optimal policy, denoted v™ (X [t] , u [t]), that captures
the expected cost remaining given that the actions u™ [j] Vj € [t, N
are followed from state x [¢[}

This cost-to-go function is defined by:

o™ (%[1] ult) = min (" QuUx M +ull" Rul)+EL" [+ 1]}
(V.4)

Taken under the optimal control policy 7 in this case.

The reader familiar with Reinforcement learning will have noted how close this
definition is to that of the state value function V™ (s) which is central to RL formulation.
These two functions are actually opposite in sign.
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An important property of this cost-to-go function is that, under the
optimal policy 7* and for the fully observable case, it can be shown to
be a quadratic function of the state vector which can be formulated as
the following theore

ot (%[t ult]) = x [ S[x[t] +s[t], (V.5)
where S [t] € R™ > ( and s [t] are non-negative quantities.

During reaching movements, the state of the system is not fully ob-
servable as the agent observes the environment through vision and
proprioception which are noisy and delayed versions of the state. In this
case, the result developed in equation [V.5| can be reformulated based on
the state estimation X [{] instead

e <x 1], u [t]) —x[" St + 1] (V.6)

The forward recursion performing the optimal state estimation thanks
to a Kalman filter writes as follows

x[t] = Ax[t] + Bu[t] + K [{ (y 1] — Hx [t]) V)
K[t] = AS [f] H (HZ ] H” + Sencory) (V.8)
St +1] = Snoir + (A - K[{]H) S [1] AT, (V.9)

Under this assumption, the optimal motor commands (i.e. those that
minimize equation are defined by

u [t] = —L[t]x][], (V.10)

where the feedback gains L [t] are defined recursively by equations
and x [t] is the optimal state estimation at time ¢ defined by

equations

L] = (R+B"S[t|B)" (B'S[{]A) (V.11)
S[t—1]=Q[t]+A"S[t] (A - BL[t]) (V.12)
st =s[t—1+tr (St — 1] Swmotor) (V.13)
SN =QIN] (V.14)
s[N]=0 (V.15)

3This theorem is only valid when considering a linear system as described by
equations[V.1|and a quadratic cost-function [V.3| with Gaussian additive noise.
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2.2 Limb dynamics

In the present work, we assume that upper limb reaching movements
can be modeled using a point-mass model governed by Newton’s second
law of motion. This linear plant dynamics writes as follows

mp = _Gp + F + Fe:vtv (Vlé)

where p is the x- or y-position, m is the mass of the hand, G is a damping
factor, F' is the controlled force, and F,,; is the external force (that can
be used to model mechanical perturbations).

The controlled force is related to the motor command by the following
relationship

TF=u—F, (V.17)

where 7 is a time constant related to the muscle dynamics that acts as a
low pass filter of the motor command w. The continuous linear system
can be transformed and discretized using Euler method to be written in
the following discrete-time form

x[t+1] = Ax[t]+Bult] + £ [t], (V.18)
where ¢ [t] is some additive Gaussian noise characterizing motor noise.

The state vector is defined by x = [:17, y, T, y, Fy, Fy, F Fy‘”‘t}T and
can be extended to integrate a non-zero target state X = [x, x*| .

In order to model the sensory delays, the state vector can be extended
with past iterations (see [Crevecoeur et al., 2016] for more details). The
equation that characterizes the state observation can therefore be writ-
ten

0= [y = [ e o

where the observation matrix H can be further developed as follows,

o™ ... Hpepio ... 0"
PO O
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where 0" is the null matrix of appropriate dimension and Hoprio and
H,isua are the observation matrices for proprioception and vision, re-
spectively (see [Kasuga et al., 2021] for a coherent way to fill them inf).

We intentionally choose to use a linear plant dynamics in the present
work because we do not think it will impact the observed behavior as
we mainly manipulate the cost-function. However, the non-linearity
of the motor plant is not always something that can be set aside as it
probably has an influence on some elements of the behavior.

3 Receding horizon

This purpose of this section is to provide some modeling support to
the findings of chapters [l and [l by modeling the behavior that were

observed in the corresponding studies.

The main topic of this section is therefore the notion of receding horizon
[Kwon et al., 1982] which characterizes a control system that repeatedly
and recurrently solves the problem associated with the phenomenon it
wants to model. In the context of this thesis, it means that it considers
that the time horizon associated with the movement is continuously
shifting in time. Here, we develop a modeling algorithm that allows
to model receding horizon with Optimal Feedback Control and apply it
to reaching movements in order to reproduce the results of chapters

and

3.1 Modeling algorithm

We modified the cost-function associated with the task to model move-
ments to target of different structures. More specifically, we altered the
structure of the Q [IV] matrix to mimic change in target structure. We
first modeled the experimental results presented in chapter [[I, namely
the impact of a switch in target width during movement. For this pur-
pose, we considered four different types of trials. Two of them did not
include any change in target structure (movements toward a wide or a
narrow target) and the other two included switch from a narrow to a

“In the present work, we were mostly interested in the cost-functions and therefore
used canonical identity matrices for each sensory observation matrix.
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wide target or vice versa. The feedback gains of the unperturbed trials
were computed using the backward recursion described in equations

to as these trials did not involve any online change in target.

To model the trials in which a switch in target width occurred dur-
ing movement, we had to dynamically compute the feedback gains in
order to integrate the change in target during movement. For this pur-
pose, we designed and used the following algorithm for the dynamical
computation of the feedback gains

Algorithm dynamical computation of feedback gains

Initialize L and S

fori=N:1do
Initalize L; and S; for N; <— N — i time steps
S; [end] < ON;
Perform the backward recursion on L; and S;
L ;] + L;[1]
S [i] « Si[1]

end for

This algorithm consists in a modification of the backward recursion
introduced above. The matrices L [¢] and S [t] are computed recursively
backward. For each time step ¢, starting from the last one, the classical
backward recursion is computed for N — ¢ time steps and only the very
first feedback gain matrix L is kept.

Thanks to the recursivity of this computation, we can alter the cost
function during the backward recursion by changing the QN, matrices
introduced at each time step. To model the switch conditions we intro-
duced the cost matrix corresponding to the initial target for the first
half of the iterations and that one corresponding to the final target for
the second half of the iterations.

These cost matrices were defined such that they put penalty on the
state vector X = [z, y, &, ¥, =¥, y*, ©*, y*| capturing the state of the
dynamical system at any time
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w 0 0 0 —w, 0 0 0
0 w, 0 0 0 —wy, 0 0

0 0 wy 0 0 0 —ws 0

0 0 0 ws O 0 0 —uws
N=|_w 0 0 0 w 0 0 0
0 —w, 0 0 0 w 0 0

0 0 —w3 0 0 0 ws O

0 0 0 —ws 0O 0 0 ws

(V.21)

We set wy = 100 for the narrow target and wo = 0 for the wide target.
Therefore, the narrow to wide (wide to narrow) condition started the
movement with wy = 100 (wy = 0) and changed it to wy = 0 (wy =
100) at the middle of the movement to mimic the switch in target goal.
The results of this modeling work are presented in section[3.2.1]

In order to model the results of chapter I, we used the same algorithm
but we altered the modifications of the QN, matrices. Indeed, in the
slow and fast conditions we had to introduce continuous changes in the
cost-function during movement since the target width was continuously
changing in these conditions. We did this by changing the value of wy
during movement using the following time-varying functions|

(0, ifi < 15
0'001 narrow
wiey = “’ii —gy fi>=1B V2
14 exp {— }
L 3
(0, if1 <15
0.01 narrow
'wgﬁt _ 'w2(Z — 10) , if7 >= 15 (V23)
1+ exp {— 3 }

\

The results of this modeling work are presented in section[3.2.2]

SThese functions were obtained by trial-error and might not be the best ones to
mimic the experimental behaviors.
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3.2 Results
3.2.1 Instantaneous modification of target width

Using the methodology described in section we were able to re-
produce the experimental results collected in chapter [l We modeled
reaching movements to a target that was initially a square (red in figure
[V.1JA) or a rectangle (blue in figure [V.1A) whose width could suddenly
change during movement (dashed lines in figure [V.1]A). We observed
that these changes in target width impact the observed behavior in pres-
ence of mechanical perturbations (to the right in figure [V.1). Similarly
to what we observed experimentally, the switch from a narrow to a wide
target induced an increase in the lateral hand deviation compared to
the narrow condition (red dashed vs full lines in figure [V.1IC). Inversely,
the switch from wide to narrow target induced the mirror effect on the
behavior (blue dashed vs full lines in figure[V.1IC). In both cases, we did
not observe any modulation of the behavior along the main reaching
direction (figure [V.1B) which confirmed our experimental findings.

We also investigated the observed modulation of the motor command
which is reminiscent of the modulation of the EMG activity of the
Pectoralis Major. Indeed, both the x-motor command and PM strive to
counteract rightward perturbation. We observed in our simulations an
increase (decrease) in the x-motor command when the target turned
from a wide to a narrow (narrow to wide) (see figure [V.1E) similarly to
the PM activity we reported in Chapter[[I|

3.2.2 Continuous modification of target width

The algorithm we developed above allows us to reproduce the results
we observed in Chapter [III} the impact of continuously changing tar-
gets on the reaching behavior. Indeed, we could demonstrate that the
reaching behavior depends on the rate of change in target width (see
green and blue traces in figure for the slow and fast conditions).
Coherently with our experimental results, our model predicted that the
lateral hand deviation (figure [V.2C) in the slow and fast conditions are
between the switch and the no change conditions. The inspection of
the predicted motor command (figure [V.2E) confirms the modulation
of the EMG activity in the muscles stretched by the mechanical per-
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Figure V.1: A Group mean of the hand path trajectory to the narrow (red) and wide
(blue) goal target in presence or absence of a rightward mechanical load. The dashed
lines represent the trials in which a visual perturbation changed the structure of the
initial target from narrow to wide (red dashed line) or wide to narrow (blue dashed
line). The dashed ellipses at the top of the panel represent the different targets and
their respective width. B Group mean of the y-position as a function of time for the
different conditions. C Group mean and standard deviation of the x-position as a
function of time for the different target conditions. The full lines correspond to the
trials without changes in target (blue, wide and red, narrow) while the dashed lines
represent those we the structure of the target was altered (blue, wide to narrow and
red narrow to wide). D Group mean of the x-velocity for the different target
conditions. E. Group mean of the x-motor command for the different target
conditions.

turbation. Indeed, we observed a difference between the slow and fast
conditions indicating that the different rate of changes in target width
were responded differently by the controller.

3.3 Intermediate discussion

In this section, we demonstrated that a receding horizon controller
can reproduce the experimental results of chapters [ and [l which the
finite horizon formulation of the Optimal Feedback Control could not
do. This confirms the existence of mechanism able to adjust the control
policy during movement to rapidly adjust the behavior to change in
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Figure V.2: A Group mean of the hand path trajectory to the different targets in
presence of a rightward mechanical perturbation. The black trace corresponds to the
no change conditions, the magenta one to the switch condition, the blue one to the
fast condition and the green one to the slow condition. The ellipses at the top of the
panel represent the different targets and their respective width at the end of
movement. B Group mean of the y-position as a function of time for the different
target conditions. C Group mean and standard deviation of the x-position a function
of time for the different target conditions. D Group mean of the x-velocity for the
different target conditions. E Group mean of the x-motor command for the different
target conditions.

task constraints. Moreover, this mechanism is sensitive to the specific
change in task demands as demonstrated by the modulation of the
behavior in the slow and fast conditions.

Even though, using this receding horizon framework, we could ex-
pand the OFC framework by adding some flexibility in the range of
behavior that can be investigated with the model, it remains a gross
approximation of what the central nervous system. Indeed, it relies on
extremely strong assumptions such as the linear motor plant that is
controlled’] the quadratic cost-function and the full knowledge of the
plant dynamics.

8This is the reason why only the motor command could be investigated here.
Some methods exist to model non-linear plant dynamics by linearizing them around
nominal trajectories. We tried to avoid these implementation as they rely on the
additional assumption of trajectory planning.
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4 Online motor decisions

In chapter [[V] we extended the distributed consensus model developed
by Cisek [Cisek, 2012] to online motor decisions that occur during
movements. An interesting question is whether such decisions can be
modeled using the existing theoretical framework of Optimal Feedback
Control (OFC). The goal of this section is to explore this possibility
through the development of a control algorithm designed to navigate
composite cost-functions. The results of the modeling work will be
compared to the experimental results and a small perspective of their
meaning will wrap up this section.

4.1 Modeling algorithm

The goal of this section is to detail the implementation we used to
model online motor decisions between different targets using the OFC
framework.

To model reaching movements to different targets, we computed the
backward recursion described by equations to for each of
them. Since both the feedback matrices L [t] and the S [t] matrices are
independent on the target location, we obtained exactly the same values
for each target. The difference in the target locations matters when we
consider the optimal motor command at any time step defined by

wt] = ~L[f]x[]. (V.24)

where X [t] is the state estimate at time ¢. This state estimate mirrors
the latent state of the system which contained target location. Since
the target location is contained within that state estimatef| one has to
define the state and its estimate such that each and every alternative
target is contained in the state vector. For this purpose, we extended
the state vector as follows

T

X = [X xt o X*j} (V.25)

where x*! corresponds to the i*" target. The L [t] and S [¢] matrices for
each target will have the same non-zeros entries that will be shifted
depending on the target they refer to. For instance, the feedback matri-
ces L [k] can be written, in block notation, as follows for three different

"Because the state estimate X estimates the latent state X = [x, x*]T
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targets
L'=[L -L 0" 0" (V.26)
L*=[L 0" —-L 0] (V.27)
L°=[L 0" 0" —L] (V.28)

where 0" is the null matrix of appropriate dimensions.

The feedback gain matrix L to be applied at each time step as well as
the associated goal target to reach for are determined based on the cost-
to-go function. Whichever target has the lowest associated cost-to-go
function is selected as the target to reach for. These different cost-to-go
functions were computed as follows

vl (X [K],ulk]) = % [k]" S'x [k] + s' [K] (V.29)
02 (% [K],ulk]) = x [k]" S*x [k] + s* [K] (V.30)
03 (% [k],ulk]) = x [k]" S*x [k] + s° [K] (V.31)

(V.32)

Together, the algorithm implemented in the modeling work can be
written as follows in pseudocode

Algorithm online motor decisions

Compute the feedback gains for each target L', L? and L
fori=1:Ndo
L [i] «~ min {v' (X [i] ,uli]) ,v? (X [i] ,uld) v (X [i] ,ul])}
%[i + 1] = Ax[i + 1] — BL [i] x [i] + noise [i]
end for

Concretely, this algorithm consists in defining a composite cost-function
for the optimal control problem. This composite cost-function is de-
fined as the minimum the individual functions associated with each
target which are quadratic functions. Taking the minimum of these
convex functions implies that the overall cost function is not convex
anymore which violates the hypotheses underlying Optimal Feedback
Control. The algorithm we implemented here provides the agent with
a rule of thumb to navigate this concave composite cost-function. This
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algorithm could be theoretically used for other applications that con-
tains such composite cost-functions. In order to integrate different
target rewards in our simulations, we modulated the values of the s’
parameters. Putting larger values for more rewarding target results in
biasing the decision in that direction.

4.2 Results

Using the methodology described in section[4.1] we modeled a reaching
task similar to the Experiment 2 of chapter [V] Briefly, participants had
to reach to any of the three targets presented in front of them. The
three targets were aligned with the x-axis and the central target was
therefore closer to the home target that the other two (see figure [V.3).
We simulated three different experiments to investigate the impact of
the relative rewards associated with the different targets on the agent’s
behavior. In the first experiment, all targets had the same reward (same
rewards condition) whereas in the other two experiments the reward of
the central target was larger than the other two with a larger value in
the third experiment (central huge condition) than in the second one
(central large condition).

In order to investigate the agent’s ability to switch target we inves-
tigated the frequency at which each lateral target was reached as a
function of the intensity of the perturbation load for different reward
conditions. To mirror the behaviors observed experimentally, we se-
lected as baseline condition the one where all the targets had similar
reward and compared the reach frequency to the lateral targets when
these had smaller reward than the central target. Figure [V.3|represents
an example of the obtained individual behaviors.

Figure [V.4| represents the modulation of the reach frequencies to the
two lateral targets as a function of the intensity of the perturbation
load and the reward condition.

Interestingly, our model produce similar results that those observed
experimentally. Indeed, we observed in the same rewards condition
that the introduction of a perturbation load in a direction increased the
reach proportion of the corresponding target. Moreover, the increase
in reward of the central target tends to decrease the frequency of reach
to the lateral targets which is also coherent with what we observed
experimentally.
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Central large Same rewards

Central huge

Figure V.3: Modeling results for the online decision making algorithm when
reaching to three potential targets with the same rewards (top row), a larger reward
for the central target (middle row) and an even larger reward for the central target
(bottom row). The different columns represent the different force intensities and
directions (from left to right -10N, -5N;, ON, 5N and 10N). The colors traces represent
movement to the left (green), central (red) and right (blue) targets.
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Figure V.4: Reach frequencies to the two lateral targets (green and blue for left and
right, respectively) as a function of the intensity of the intensity of the perturbation
force for the same rewards (full line), central large (dashed line) and central huge

(dotted line) conditions.

In order to test the applicability of this modeling approach to other
experimental data that did not imply reward, we adapted our implemen-
tation to reproduce some of the work investigated by Michalski and

colleagues [Michalski et al., 2020]. We modeled reaching movements
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in which the agent was initially reaching to a target located in front
of them (0° in figure [V.5). As they were moving, an alternative target
was presented at one of the different possible angular position. We
investigated the agent’s probability to switch to this alternative target
during movement by representing their behavior in figure

Figure V.5: Modeling results for the online decision making algorithm for an agent
reaching to a target located in front of them (0°C) and that were presented an
alternative target as they were at the middle of the movement. The alternative target
is presented at different angular positions indicated in each panel. The black traces
represent one realisation of the agent’s behavior.

We observed that the probability of switch in this condition is higher
when the angular differences between the initial target and its alterna-
tive is low coherently with what was observed in the Michalski’s paper
[Michalski et al., 2020]).

4.3 Intermediate discussion

These modeling results demonstrate that online motor decisions are
sophisticated processes that can be modeled using the Optimal Feedback
Control framework by leveraging the cost-to-go function. We confirmed
with this modeling work that these online motor decisions can be
studied in the distributed consensus framework [[Cisek, 2012]. Online
motor decisions therefore not only compare the different actions but
also take into account their outcome (as demonstrated by the impact of
reward) and their associated biomechanical motor cost (as demonstrated
by the influence of the locations of the different targets.)
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By expanding the model formulation developped by Nashed and col-
leagues [Nashed et al., 2014]] we demonstrated the ability of OFC to
not only model reaching movements but also to model online motor
decisions. In the present section, we demonstrated that high-level goals
such as reward can be integrated within the theoretical framework of
OFC to reproduce bias in motor decisions. Other experimental results
implying the combination of motor control and decision making can
be obtained using similar implementation.

Even though our implementation provides promising insight in the
process underlying online motor decisions, some discrepancy with the
experimental behaviors have to be kept in mind. Indeed, our model
assumes that the agent is an optimal decision maker which means that,
at any time, it can take the very best decision which is definitely not the
case experimentally. Moreover, our model did not factor the voluntary
intent that could influence participants’ behavior as they see a new
target appearing (e.g. more exploratory behavior). Other factors that
are not factored in this model are the potential cognitive cost associated
with the switch to an alternative target or the time that this process
would take (here we assume that this process is instantaneous). Nev-
ertheless, the behaviors we could model with this implementation are
coherent with those observed experimentally which make plausible the
implementation of such a mechanism based on the cost-to-go function
underlying online motor decisions in humans.

5 Discussion and limitations

In this chapter, we developed and expanded the Optimal Feedback Con-
trol framework to model and explain behavioral results that could not
be explained by its standard formulation used in the sensorimotor con-
trol field [Todorov and Jordan, 2002, Scott, 2004]. Indeed, this standard
formulation assumes that the cost-function associated with the move-
ment is defined beforehand and cannot be changed during movement.
Moreover, this model cannot explain and simulate motor decisions that
occur during movements such as participants’ will to reach to an al-
ternative target. Here we develop two different modeling algorithm to
tackle these problems and demonstrate that they are appropriate for
expanding the OFC framework to these phenomena.
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To model participants’ ability to adjust their behavior to online change
in task demands, we developed a recursive recomputation of the feed-
back gains based on the model predictive control (see [Lee, 2011] for
review). This implementation permits to reproduce the experimental be-
haviors of chapters [] and [l namely the online modification of control
policies in response to changes in target structure. Besides the specific
cases developed in the present thesis, this algorithm can be used to
model any switches between different movement that can individually
be modeled by OFC. For instance, it can also be used to model appear-
ance or disappearance of obstacles during movement provided that they
can be modeled thanks to a via-point as in [Nashed et al., 2012] or to
model any online modification in target structure during movement.

Online motor decisions between alternative actions were modeled by
leveraging the notion of cost-to-go function. This function defining
the expected remaining cost was defined for each target and biased
depending on the reward associated with the target. By assuming that
the agent will try to reach for whichever target is associated with the
lowest cost-to-go function, we were able to reproduce the experimental
results of chapter Indeed, we demonstrated that the reaching fre-
quency to the lateral targets decreased when their associated reward
decreased relative to the central target coherently with what we ob-
served experimentally. Moreover, we demonstrated that this modeling
approach can be used to model other motor decisions such as those that
take place when an alternative target appears during movement such as
in a recent study by Michalski and colleagues [Michalski et al., 2020]].

An interesting question is to what extent these modeling algorithms
generalize to other class of reaching movements. More specifically,
we may wonder whether the algorithm we used for online motor de-
cision can be used to model target redundancy. Indeed, in section
we developed an algorithm allowing to model movements where
two or more alternative targets result in correct movements, which
could be extended to any redundant target. For this purpose, the re-
dundant target can be considered as an large set of punctual targets
for which the algorithm described in section [4.1| can be applied. The
main difference with the results we developed in the present thesis
is that only the extended state will be modified, the feedback gains
will be the same for each punctual target. The difference between the
different cost-to-go functions will be mostly governed by the relative
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distance between the hand and the different punctual targets. On pa-
per, this method could be used to model reaching movements to a
redundant target such as the wide targets we often used in our experi-
ments. However, the computational cost associated with the selection,
at each time step, of the best option increases a lot with the number
of alternative targets which is not really coherent with humans abil-
ity to rapidly integrate target redundancy in their feedback responses
[Lowrey et al., 2017, Nashed et al., 2014} De Comite et al., 2021].

The implementation of the algorithm we used to model online mo-
tor decisions is reminiscent of the field of reinforcement learning (RL)
where an agent learns to control a system in an unknown environment
through trial and error [Sutton and Barto, 2018]]. Indeed, in reinforce-
ment learning, the goal of the agent is to end up with an approximation
of the value function, opposite in sign to the cost-to-go function of
the OFC framework, that could be obtained either as a lookup table
or a non-linear approximation by a neural network. The main differ-
ence between OFC and RL derivations of the optimal control policy
is that in the former the cost-to-go function is approximated by ap-
plying a backward recursion starting from the final state while in the
latter it is approximated through trial and error. Interestingly, the as-
sumptions underlying the RL derivation are less restrictive as they
do not assume a linear dynamic of the system and a quadratic cost
function. This property allows that framework to theoretically control
any system [Lillicrap et al., 2019, [Levine et al., 2018, Mnih et al., 2015,
Schulman et al.,, 2016]. Further modeling studies should investigate
whether the alternative of reinforcement learning is a good candidate
to derive goal-directed control policies similar to that observed experi-
mentally.

To sum up, the modeling algorithms developed in this chapter allow to
expand the theoretical framework used to model reaching movements
by adding dynamical components to the control policies. These mod-
eling results reinforce the strength of the experimental results of the
previous chapters by providing theoretical ground for their interpreta-
tion. The modifications that we brought to the OFC framework consist
in dynamical alteration of the control policy during movements result-
ing in an increase of the flexibility of the behavior characterised by the
ability to adjust to online change in task demands or to change target
during movements. Despite being able to model dynamical factors of
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the reaching control policies, these additions to the OFC framework
do not resolve all the caveats mentioned in section For instance it
does not help to discriminate between finite and infinite time horizon
and does not propose a proper way to model the impact of target re-
dundancy and reward on the behavior. The path towards a complete
and biologically coherent control model of humans movement still has
a promising future.






Chapter VI

Conclusion and perspectives

It is good to have an end to
Jjourney toward; but it is the
Jjourney that matters, in the end

Ursula K. Le Guin

trol policies underlying reaching movements in humans and non-

humans primates. More specifically, the main theme of this work was
to investigate the complex entanglement between movement planning
and movement execution by exploring the impact of the parameters
integrated during movement planning on movement execution. The
following paragraphs summarize the different findings presented in this
thesis and detail their contribution to the field of sensorimotor control.

THIS thesis is in the continuity of decades of research on the con-

1 Main contributions

In Chapter[ll] we demonstrate that the control policies used by humans
to perform reaching movements are not immutable as the theoretical
separation of movement planning and movement execution suggests.
We report online changes in control policy elicited by changes in target
structure or environmental context. More specifically, we observed that
participants were able to adjust their behavior and feedback responses
to mechanical perturbations following changes in task demands dur-
ing movement. These changes in control policy were coherent with
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the changes in task demands as we reported for instance an increase
in feedback gains when the target became narrower and the inverse
effect when it became wider. We further demonstrate that these ad-
justments in control policy were time-locked to the onset of the visual
perturbation and we report an additional delay for the adjustments
associated with changes in obstacles suggesting a different processing
of the two conditions. To sum up, we report the existence of a feedback
mechanism in the selection of human control policy that could accom-
modate change in task demands during movement, even in the absence
of mechanical perturbations.

In Chapter [, we further investigate that feedback mechanism and
demonstrate that it is able to integrate dynamical changes in task de-
mands. This additional results is crucial as it allows to discard the
eventuality that humans were computing the different control poli-
cies beforehand and switched to the appropriate one during movement.
Moreover, we demonstrate that this feedback mechanism is finely tuned
to the rate of change in task demands which confirm the hypothesis
whereby it is mediated by a dynamical feedback loop conveying task-
related information to the policy selection process. Interestingly, these
online adjustments in control policy were improved across trials. In-
deed, as participants get more familiar with the task, they demonstrated
more appropriate adjustments in control suggesting that this feedback
process could also, somehow be optimized.

In Chapter [[V] we document the impact of target reward on the feed-
back reaching control policy demonstrating that reward could modulate
their robustness. We hypothesize that higher target reward consists
in more appealing targets that participants will be less willing to miss
and therefore select a control policy that is better at rejecting unex-
pected disturbances. Elaborating on that, we suggest that the increase
in robustness, characterized by an increase in feedback gains, would
be detrimental of the ability to be flexible during movement. We re-
port a correlation between higher feedback gains, attributed to more
robust control policy and a reduction of flexibility during movement.
This correlation was strengthened by experimentally upregulating the
feedback gains and demonstrating a causal link between high feedback
gains and a reduced flexibility during movement. We therefore unveil
a competition between the robustness of the control policy and its
flexibility.
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In Chapter V| we implement two modeling algorithms to extend the
existing models and simulate the experimental results of chapters
and [[V] The first algorithm manipulates the computation of feed-
back gains such that the controller can adjust to online modification in
target structure. This algorithm reproduces the experimental results
of chapters [l and [[Il, namely the modulation of feedback responses to
perturbation according to the change in target structure. The second al-
gorithm aims at navigating non-convex composition cost functions that
can for instance be used when several targets are available. This algo-
rithm integrated both low-level sensorimotor and high-level cognitive
factors to predict the outcome of online decision processes. By applying
this methodology to the tasks investigated in|[IV] we could reproduce
the observed behavior and we could even generalize to other similar
work. With this modeling work, we extend the current control models
underlying human reaching movements and open new perspectives for
future work.

2 Future work

2.1 Movement duration

The results we presented in this thesis as well as those reported
in previous studies revealed that the duration of reaching move-
ments is a highly variable kinematics parameter. Fitt’s demon-
strated for instance that movement duration varies for different ac-
curacy demands [Fitts, 1954]. More recently, this parameter was
shown to be dependent on factors such as the structure of the
goal target [Knill et al., 2011, Nashed et al., 2012, Lowrey et al., 2017,
De Comite et al., 2021]] or the reward associated with the task
[Shadmehr et al., 2010a, Haith et al., 2012]. However, whether this pa-
rameter is known by the agent at the beginning or even during move-
ment is still unknown and will be an extremely interesting question
to address in order to have further insight into the reaching control
policy. Theoretically, we could identify the theoretical frameworks
that consider that movement duration is known or unknown at the
beginning of movement.
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In the optimal feedback control framework proposed by Todorov
[Todorov and Jordan, 2002], movement duration is assumed to be
known during movement planning and will be one of the parame-
ters that characterizes the control policy. Even if the feedback gains
are not explicitly dependent on this parameter, they are implicitly
dependent on movement duration as they are computed recursively
backwards from the last time step] This model has the disadvantage
that it does not explain the increase in movement duration observed
when mechanical [Nashed et al., 2012, De Comite et al., 2021]] or visual
[Dimitriou et al., 2013} Franklin et al., 2016]] perturbation occur during
movement.

Other theoretical frameworks assume that movement duration can be
obtained from control policy itself. For instance Guigon and colleagues
[Guigon et al., 2007] demonstrated that movement duration could be
obtained from a desired level of effort. This idea was further developed
by Rigoux and colleagues [Rigoux and Guigon, 2012] that integrated
the idea in a framework that could model optimal decision making
and motor control. An alternative to the LQG controller we presented
before could also model movement duration as an consequence of the
control policy. This can be done by using an infinite horizon opti-
mal feedback controller [Phillis, 1985, |Qian et al., 2013} [Li et al., 2018]]
which computes the stabilizing solution of the Optimal Control problem.

An experimental study supporting any of the aforementioned hypothe-
ses will be very interesting as it will allow to select more appropriately
the theoretical framework used to model these reaching movements.

2.2 Online adjustments in control policy elicited by
reward distribution

With the experiments of Chapter [l and [l we demonstrated that there
exists a mechanism able to dynamically update the control policy used
by humans to perform movement. More specifically, we modified the
target structure, either suddenly or dynamically to investigate whether
online changes in task demands could elicit online change in control
policy. The task parameters we changed in these experiments were the
target structure or the presence of obstacles but we do not know what

1At least in the finite horizon LQG formulation that we developed in this thesis
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would happen if the factors that changed during movement were re-
lated to the reward. Indeed, our results and others [Manohar et al., 2019,
Esteves et al., 2016, Summerside et al., 2018||Codol et al., 2020] demon-
strated that target reward has an impact on the selection of the control
policy. Moreover, the second experiment we performed in Chapter 4
and a recent study by Marti-Marca [Marti-Marca et al., 2020] showed
that the reward distribution across the redundant dimension of the
target or across the different targets had an impact on the online motor
decisions.

An experiment probing the effect of online modification of reward
distribution across target or across the redundant dimension of the
target would be interesting because it will provide insight into the
impact of reward on the feedback mechanism conveying task-related
information and might eventually shed the light on the way reward is
integrated into the selection of the control policy.

2.3 Mechanism underlying online change in control

An outstanding question is to understand what is the mechanism un-
derlying these online change in control policy that we reported in
Chapters 2 and 3. This mechanism is probably recruiting other cir-
cuits than the visuomotor reflex as supported by the difference in
the response delays (150ms for the online adjustments in control pol-
icy [De Comite et al., 2021]] versus 100ms for the visuomotor reflex
[Georgopoulos et al., 1981]]).

Since the online change in control policy we reported consists in plan-
ning and executing a new control policy, it probably recruits, amongst
others, the neural circuits associated with the evaluation of cost and ef-
fort: the basal ganglia. To confirm this hypotheses, further study could
for instance compare the ability of patients suffering from Parkison’s
disease to perform this task as it has been reported that these patients
are more sensitive to motor cost [Mazzoni et al., 2007].

Another interesting question regarding the mechanism underlying these
online adjustments in control policy would be whether it could some-
how be related to the online learning mechanisms. Indeed, a recent
study [Crevecoeur et al., 2020b]] reported that human participants were
able to adapt to new dynamics within the course of a trial in 250ms
[Crevecoeur et al., 2020a]. Both mechanism requires more than reflex
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responses as one involve a re-evaluation of the internal dynamic in-
herent to motor learning [Shadmehr and Mussa-Ivaldi, 1994]] while the
other one involves a re-evaluation of the control policy through mo-
tor planning [Wong et al., 2015]. However, it is still unknown if these
two mechanisms could be carried out by the same neural pathways or
whether they are two separates mechanisms.

2.4 Beyond Optimal Feedback Control

Despite being an extremely powerful model to simulate the control
of reaching movements, Optimal Feedback Control (OFC) alone is not
enough to explain the results reported in this thesis as well as some
others presented in past studies. Indeed, OFC theory struggles to model
reaching to redundant targets (that can be modeled for very specific
redundancy such as rectangular targets [Nashed et al., 2012]), multi-
ple targets (that requires an additional decision making component
[Nashed et al., 2014]], see the implementation in chapter , online ad-
justments in control policy (necessitates an online re-computation of the
optimal control policy, see [Lee, 2011]] for a review on model predictive
control and chapter|[V]for an implementation), reward (that can difficulty
modeled differently that target of different size) or even motor learning
(that needs an additional learning process, see [Smith et al., 2006] for
instance). The modeling of reaching movements is a primordial tool
to understand their properties and our results demonstrate that the
OFC framework might not be enough to grasp the complexity of the
observed behaviors. A theoretical framework that could explain all
these behaviors in addition to the features already explained by OFC
would be an extremely interesting model to develop.

We identified deep reinforcement learning based control as a potential
candidate to model reaching movements while tackling the problems
mentioned above. The basic premise of the reinforcement learning
framework is that an agent learns the ideal behavior in a given environ-
ment from experience collected while interacting with that environment
[Sutton and Barto, 2018]]. More precisely, the agent learns to associate
an action to each state, which corresponds to the definition of con-
trol policy developed earlier. Until recently, reinforcement learning
problems were confined to very specific tasks (grid worlds) because of
algorithmic limitations but since the development of new algorithms
leveraging the computational power of deep neural networks, the use
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of reinforcement learning agents in the control field has increased.
Indeed, the development of the DDPG algorithm by Lillicrap and col-
leagues [Lillicrap et al., 2019]] allowed the modeling and the control of
complex systems such as humanoids or robot arms [Levine et al., 2018|
Levine et al., 2016, [Schulman et al., 2016, [Mnih et al., 2015].

Many reasons support this candidacy of deep reinforcement learning
as a framework to explore for the modeling of reaching movements.
First, on an neurophysiological point of view, reinforcement learning
processes are used for a few decades in the neuroscience field as it was
demonstrated that the brain had neural substrate supporting prediction
and reward [Schultz et al., 1993, |Schultz et al., 1997]]. More closely re-
lated to the content of this thesis, the field of motor learning has shared
ideas and terminology with reinforcement learning as demonstrated by
the recent motor learning paper from Hadjiosif [Hadjiosif et al., 2021]]
which is reminiscent of the paper of Sutton on Policy gradient meth-
ods [Sutton, 2000]. Besides these experimental motivations, there is
also a certain mathematical logic to expand Optimal Control with re-
inforcement learning for the specific model of upper limb reaching
movement. Indeed, the theoretical framework underlying reinforce-
ment learning is very similar to that of optimal control because, in both
frameworks, the agent’s actions are determined by the optimization
of a performance criterion based on the interaction of the agent with
an environment [Sutton and Barto, 2018]]. The big differences between
these frameworks resides in the way these optimizations are performed
and the hypotheses that are assumed a fortiori.

Deep reinforcement learning algorithms based on policy optimization
seem to be appropriate candidates to model these reaching movements
and would require further investigations. The arguments developed in
the previous paragraphs demonstrate that we are not trying to surf of
the hype and that it makes sense to give it a try.

3 Concluding words

In this thesis, we investigate the imbrication of movement planning and
execution. We first demonstrate that the control policies used during
reaching movement are not frozen after movement planning and can be
adjusted online if the task demands unexpectedly change. Elaborating
on that, we then report that these online adjustments in control policy
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result in fact from a continuous and continuous mechanism that conveys
information about the task demands through a feedback loop. This
additional feedback loop is sensitive to the rate of change of the task
demands making it an exquisitely complex mechanism. Finally, we
demonstrate that the robustness of the selected control policy influences
its flexibility: more robust policy will be less flexible.

Together, these findings demonstrate the terrific imbrication of the
planning and execution facets of sensorimotor control. We indeed
demonstrated, through different experimental paradigms that planning
can happen during execution which tears apart the strict dichotomy
that could have existed before.
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