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Abstract

In this thesis, we study the neurophysiological basis of handedness or the indi-
vidual preference for use of a hand, known as the dominant hand. Any motor
task involves the decision of which arm to perform it with or how the two arms
must coordinate. If using only one arm, humans show a preference to use their
"dominant" arm, which is often more dexterous and skillful than the other one.
Hand dominance also impacts bimanual coordination, as a different role is as-
sociated to each arm during a bimanual task. Such differences across the two
arms cannot be explained based on anatomical aspects, since the two arms are
equally strong and have the same freedom of movement. It has been reported
that each arm has a specialized behavior, with the dominant arm having a bet-
ter trajectory control and the non-dominant arm being more stable in front of
perturbations. And yet it is still unclear why we have a dominant arm and what
the neurophysiological basis of handedness is.

Amounting evidence has highlighted the importance of feedback when per-
forming skilled movements, however, there is no control framework able to
account for the differences in performance across limbs. Given the importance
of feedback in motor control, we suspected that handedness was likely related to
distinct feedback control strategies. In this thesis, we use optimal and robust
control theory to model different feedback control strategies, and show that
such distinct strategies can capture the differences in behavior observed across
the two arms. We also study how the central nervous system coordinates the
two arms during a bimanual task. Using optimal control theory, we highlight
the impact of the joint configuration of the upper-limbs on how the two arms
share the effort during a bimanual task. We show that the arm with the best
spatial relationship between effort and target goal is the arm that produces the
most significant effort during a bimanual task.

Altogether, the results of this thesis offer a new perspective on the differences
in behavior across the two arms and highlight the fact that handedness arises
from distinct feedback control strategies.






Contents

1 Introduction 1
1.1 Handedness . . . . ... . ... ... .. 2
1.1.1 Origins of the bias towards right-handedness . . . . . . . 2

1.1.2 Differences in motor output . . . . . . . ... ... ... 3

1.1.3 Physiological differences related to handedness . . . . . 4

1.1.4 Differences in the use of sensory feedback . . . . . . .. 5

1.1.5 Differences in learning across arms . . . . . . . . .. .. 6

1.1.6 Effect of age on handedness . . . . . . ... ... ... 7

1.2 Bimanual coordination . . . .. ... ... 7

1.2.1 Temporal and spatial constraints of inter-limb coordination 8

1.2.2 Handedness in bimanual coordination . . . . . ... .. 9
1.2.3 Brain regions associated with bimanual coordination . . 9
1.2.4 Use of sensory feedback . . . . . . ... ... ... ... 11
1.2.5 Learning bimanual motor tasks . . . . . ... ... ... 11
1.3 Optimal control theory in neuroscience . . . . . . . . ... ... 12

1.4 Aimofthiswork . . . . . . . . . . ... 14



vi I Contents

1.5 Publications and communications . . . . . . . ... .. ... .. 15
2 Mathematical tools 17
2.1 Introduction . . . . . ... 17
2.2 General control problem . . . . .. ... 18
2.2.1 Linear Systems . . . . ... ... 18

2.3 Introduction to Optimal Control . . . . . . .. .. ... ... .. 19
2.3.1 The general Optimal Control Problem . . . . .. .. .. 19
2.3.2 Linear Quadratic Gaussian control . . . . .. .. . ... 20

2.4 Model Predictive Control . . . . . . ... ... ... ... .. 22
2.4.1 Minimization with equality constraints . . . . . . . . .. 25
2.4.2  Minimization with Inequality Constraints . . . . . . . . . 25

2.5 Min-max Control . . . . . . ... ..o 26
2.5.1 Disturbance attenuation problem . . . . . . ... .. .. 29

2.6 Towards neuroscience . . . . . . . ... ... L. 30

3 Differences in the internal representation of the two arms could

explain hand dominance 31
3.1 Introduction . . . . . .. ... 32
3.2 Materials and methods . . . . . ... ... oL 33
3.2.1 Participants . . . ... 33
3.22 Behavioraltask . . . ... ... 0oL 33
3.23 Experimentl . . ... .. ... L 34
3.24 Experiment2 . . ... ... 36
3.2.5 Mathematical modeling . . . . . .. ... ... ... .. 36

3.2.6 Data acquisition . . . . . ... .. ... L. 38



Contents I vii

327 Dataanalysis . . .. ... ... L 39
33 Results . . . . .. 41
3.3.1 Simulationresults . . . ... ... 41
3.3.2 Experimentl . . ... ... 41
34 Discussion . . . ... 50

Optimal use of limb mechanics distributes control during bimanual

tasks 55
4.1 Introduction . . . . . . .. ... 56
4.2 Materials and methods . . . . . ... ... L 57
421  Participants . . . . .. .. 57
422 Behavioraltask . . ... ... ... 0L 57
423 Dataanalysis . ... .. ... .. ... .. .. ... 60
4.2.4 Mathematical modeling . . . . . . ... ... ... ... 61
43 Results . . . ... 66

4.3.1 Optimal weighting of the left and right arms in isometric
force production . . . . . ... 66

4.3.2 Effect of biomechanics on corrective bimanual responses 71

4.4 Discussion . . . . ... 74
Conclusion and open questions 79
5.1 Main Contributions . . . . . . .. ... ... ... .. .. ... 79
5.2 Limitations of optimal and robust control . . . . .. ... ... 80
5.3 Openquestions . . . . . . .. ... 82

5.3.1 Context-dependent asymmetries in performance across
arms . . . . .. 82

5.3.2 Learning asymmetries . . . . . .. ... ... 83



viii I Contents

5.4

55

5.3.3 Bimanual coordination . . . . .. ... ... ... ... 84
5.3.4 Dexterous manipulation . . . . . . ... ... 85
Potential application for upper-limb prostheses . . . . . . . . .. 85

Concluding words . . . . . . .. ... 86



CHAPTER 1

Introduction

Consider the task of reaching for an object positioned close to your body. Before
even starting the movement, the nervous system must decide which effector to
use in order to reach towards the object. While this choice is influenced by
parameters such as effort, success rate (Schweighofer et al., 2015) and by the
biomechanics of our limbs (Cos et al., 2011), most individuals have a strong
preference to use one arm over the other. This strong preference is commonly
named "handedness". More precisely, handedness is defined as the tendency
to use either the right or the left hand more frequently and more skilfully than
the other. Often, the more regularly used arm, i.e. the dominant arm, is
considered to be more skilled and dexterous than the other arm. For instance,
most individuals will be able to easily write with their dominant hand but will
face strong difficulties when writing with their non-dominant hand. Moreover,
while the dominant hand is often considered more skilled in every aspect than
the non-dominant hand, it has been shown that asymmetries in performance
arise from specialization in the behavior of each arm (Sainburg, 2002). While
such limb asymmetries in motor behavior have been observed in many animal
species (Vallortigara and Rogers, 2005), humans appear special because of the
large population level bias that exists for using the right arm over the other.
Indeed, estimations based largely on self-report questionnaires have revealed
that 9 out of 10 individuals have a strong preference for using their right-hand
(Oldfield, 1971; Gilbert and Wysocki, 1992). Such a strong bias towards right-
handedness is surprising given that the two arms are anatomically symmetrical
and generally equal in terms of strength. The strong influence of handedness in
our manual motor behavior as well as this strong bias towards right-handedness
have been largely explored in the literature. However, despite the prominence
of this feature in our behavior, no consensus exists on its origin. In this work we
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will use the terms dominant and non-dominant hand for the sake of simplicity.

In this section we first will review the knowledge that has been gained about
handedness, its influence on motor performance during unimanual movements
and how it influences bimanual coordination. Second, because control theory
is an important tool that will be used in the following chapters we introduce
optimal control theory and how it has been used in the study of human motor
control. Finally we present the aim of the work presented in this thesis.

1.1 Handedness

1.1.1 Origins of the bias towards right-handedness

It has been suggested that handedness finds its origin in genetics. Genetic
based theories hypothesize the existence of particular genes responsible for the
development of right-handedness (Annett, 1978, 1981, 1998; McManus, 1985).
Firstly, Annett proposed the right-shift theory in which she hypothesizes that
there is no gene directly responsible for right or left handedness. Instead she
suggests that a particular gene, named RS+, induces the development of speech
in the left hemisphere which incidentally increases the chances of greater skill in
the right hand, mainly controlled by the left hemisphere. Secondly, McManus
proposed the existence of two different genes, one that would directly lead
to the development of right-handedness while the other would lead to a 50%
chance of right or left handedness. However, all the above-mentioned genetic
theories suffer from one major weakness which is that, to date, there has been
no success in finding and isolating the genes responsible for right-handedness.

Environmental and socio-cultural factors have also been hypothesized to play
a role in the existent bi-as towards right-handedness. Indeed, several studies
have reported that there is a larger proportion of right-handed individuals in the
older sectors of the population (Beukelaar and Kroonenberg, 1986; Gilbert and
Wysocki, 1992). This leads to the hypothesis that a large amount of left-handed
individuals might have been forced by social pressure to become right-handed.
However, this argument is not very strong as studies by Porac and colleagues
have shown that arm preference is not easily changed even when environmental
pressure is important (Porac et al., 1986). Indeed, most attempts to change
handedness either fail or lead to motor performance that is inferior to that of
the original dominant arm (Porac et al., 1990).

Altogether, while it is possible that both genetics and social environment
play a role in the definition of handedness and influence the bias observed in
the population towards right-handedness, more evidence is required in order to
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confirm their impact.

1.1.2 Differences in motor output

One of the simplest ways of studying differences between the two arms is the
quantification of performance during the generation of motor tasks. Indeed,
asymmetries in performance of the two arms have been observed in a variety
of tasks. For instance, Annett et al. (1979) tested right-handed individuals
and showed that the amount of time necessary to place pegs in small holes
was significantly shorter when they used their dominant right arm. They also
reported that participants using their non-dominant arm performed more correc-
tive movements, which caused the increased time required to perform the task.
Based on this result it was argued that the non-dominant arm motor output
suffered from a greater variability when compared to the dominant arm. Similar
conclusions have been drawn from the study of tasks such as line-tracing, aim-
ing, tapping (Kalisch et al., 2006) or during the production of force (Salimpour
and Shadmehr, 2014; Salimpour et al., 2015). The lesser variability associated
with the control of the dominant arm is often assumed to be the cause of the
preference, for human subjects, to select their dominant arm when performing
unimanual tasks.

In addition to differences in the variability of motor output, several fun-
damental differences in movement strategy have also been highlighted in the
literature. Sainburg and Kalakanis (2000) studied the inter-segmental coordina-
tion patterns of the dominant and non-dominant arm during targeted reaching
movements. They reported that the dominant arm had a better control of
inter-segmental dynamics than the non-dominant arm. More precisely, they
demonstrated that movements performed with the dominant arm were gener-
ated by a different pattern of joint torques than movements performed with
the non-dominant arm; the movements of the dominant arm were performed
through a more efficient intra-limb torque coordination. Subsequent studies
also reported a dominant arm advantage for trajectory control (Bagesteiro and
Sainburg, 2002; Sainburg, 2002; Wang and Sainburg, 2003). Based on these
fundamental differences in the control of the two limbs, Sainburg (2002) pro-
posed the hypothesis of a dynamic-dominance of handedness. Contrary to
many other behavioral approaches to handedness, which assume that the non-
dominant arm is inferior for most aspects of movement, the dynamic dominance
hypothesis proposes the idea that each arm specializes on different aspects of
movement. Results supporting this idea were first presented by Bagesteiro and
Sainburg (2003) who looked at elbow flexion movements with, on random tri-
als, an artificial increase in the subjects arm weight. They observed that the
dominant arm tends to overcompensate the effects of the load leading to over-
shoots whereas the non-dominant arm effectively compensates the change in
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load. This result suggests a specialized role of the non-dominant arm in load
compensation. Such a specialization of the left arm was further highlighted in
subsequent studies who reported advantages of the non-dominant arm in the
transfer of limb position information (Wang and Sainburg, 2003; Bagesteiro
and Sainburg, 2005). Further support for this non-dominant arm advantage
was found by Yadav and Sainburg (2014a) in which the authors asked subjects
to perform reaching movements while being confronted to a curl force field.
The results highlighted better performance, i.e. lesser deviation, less jerk, etc.,
of the non-dominant arm when faced with an unpredictable curl force field and
a better performance of the dominant arm when faced with a predictable force
field. More recently, a study by Aoki et al. (2016) reported a similar special-
ization of the two limbs during index finger movements performed on a small
touch screen.

To explain the specialized behavior of each limb, Yadav and Sainburg (2014a)
hypothesized that differences in motor output across arms originate from asym-
metries in the use of predictive and impedance control mechanisms. More
precisely, they suggest that the dominant arm relies more on predictive control
mechanisms to perform a movement whereas the non-dominant arm relies more
on impedance control mechanisms. According to this hypothesis, the greater
reliance of the non-dominant arm on impedance control leads to the better
performance in load compensation. The authors formalized this hypothesis in a
subsequent study (Yadav and Sainburg, 2014b) in which they used a controller
mixing predictive and impedance control mechanisms to predict the behavior of
the two arms during reaching movements. The controller they developed started
movements using predictive control mechanisms and switched to impedance
control mechanisms during the latter part of the movement. They observed
that differences in behavior across the two arms could be explained by a dif-
ferent switching time between these two mechanisms, with the non-dominant
arm controller switching to impedance control earlier than the dominant arm.

1.1.3 Physiological differences related to handedness

Various results suggest the existence of hemispheric differences of brain regions
in the control of movement (Haaland and Harrington, 1989a,b, 1994). It is often
assumed that control of the upper limbs is lateralized with the left hemisphere
playing a more significant role in the control of the right arm and vice-versa.
In the studies by Haaland and Harrington, performance during guided reaching
movements of healthy individuals and individuals with right or left hemispheric
brain damage, due to stroke, was compared. They reported that injuries in
the left or right hemisphere lead to different deficits in mo-tor output in the
ipsi-lesional arm. Indeed, individuals with left hemispheric damage presented
an in-crease in reaction time (Haaland and Harrington, 1989b, 1994) whereas
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individuals with right hemispheric damage presented a reduced accuracy in the
final target position (Haaland and Harrington, 1989a). However, given the
intrinsic variability of brain lesions contradictory results have been reported
(Fisk and Goodale, 1988; Haaland and Harrington, 1996).

More recently, a study by Schaefer et al. (2012) suggested that the defi-
ciencies observed in brain lesioned patients were a reflection of specialization
of hemispheric brain regions for particular control mechanisms. They showed
that individuals with right hemisphere damage had difficulties terminating their
movements with their less affected ipsi-lesional arm through a deficit in the tim-
ing of online corrections. In addition, they showed that left hemisphere damage
was associated with poor intersegmental coordination. Subsequent studies on
brain lesioned individuals provided new results supporting this hypothesis (Mani
et al., 2013). Mutha and colleagues suggested that such hemispheric special-
ization were compatible with the specialized role associated with each arm by
the dynamic dominance hypothesis (Mutha et al., 2012). This claim was later
emphasized by studies that presented other differences between individuals with
left and right hemispheric lesions that were compatible with the dynamic dom-
inant hypothesis (Mani et al., 2013; Mutha et al., 2013).

Altogether these results suggest that hemispheric brain regions specialize
in different aspects of control, which lead to asymmetrical arm performance.
However, it is important to note that the high variability in the characteristics
and positions of brain lesions leads to rather inconsistent and hardly reproducible
results.

1.1.4 Differences in the use of sensory feedback

It is possible that asymmetries in motor performance across arms arise from
differences in the use of sensory feedback. This topic has been largely docu-
mented in the literature with most studies focusing on either visual feedback or
proprioceptive feedback.

Asymmetries in the use of visual feedback were first revealed by Honda (1982)
who showed that, in right-handed individuals, movements of the right hand are
more dependent on vision than movements of the left hand. More precisely,
he observed that right hand movements are preferentially monitored by gaze
during a bimanual movement which leads to better performance from the right
arm. Subsequent studies revealed that modifying parameters of visual feedback
given to participants impacted the asymmetries in performance across arms. For
instance, the size of the target presented to participants will greatly impact the
performance of the two arms; the smaller the target the greater the asymmetries
in performance between arms (Elliott et al., 1995; Carson et al., 1996; Mieschke
et al.,, 2001). Other studies such as the one by Roy and colleagues modified
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the amount of light available to participants when per-forming arm movements
and showed enhanced performance of the dominant arm in all light conditions
(Roy et al., 1994). In addition, a recent study by (Przybyla et al., 2013) showed
that removing visual feed-back improved the relative performance of the non-
dominant arm and increased the choice to use this arm for targets near the
midline during reaching movements.

Proprioceptive feedback plays an important role in the control of upper-limb
movements as it provides the central nervous system (CNS) with information
about position and velocity of body segments and muscle tension. The study of
asymmetries across limbs in the use of proprioceptive feedback has led to some-
what contrasting results. Indeed, some studies have reported non-dominant arm
advantages during position matching tasks (Goble et al., 2006), whereas others
have observed no difference across arms in similar position matching tasks (King
et al., 2013). Subsequent studies by Goble and Brown reported that asymme-
tries in the use of proprioceptive feedback during static position matching tasks
are task-dependent, and are more prominent when memory or inter-hemispheric
transfer is needed (Goble and Brown, 2007). Similarly, during a dynamic tar-
get matching task, advantages of the non-dominant arm were reported in the
matching of target acceleration in certain conditions (ipsilateral remembered)
but not other conditions (Goble and Brown, 2009). Altogether, these results
suggest that the non-dominant arm has a slight task-dependent advantage in
the use of proprioceptive feedback, but whether such an advantage is a pos-
sible source of differences in performance observed during reaching tasks has
remained largely unexplored.

1.1.5 Differences in learning across arms

In addition to asymmetries in motor output, several studies have reported asym-
metries across arms in the learning of a new motor task. Very recently, a
study by McGrath and Kantak (2016) observed important differences in learn-
ing between the dominant and the non-dominant hand of right-handed partic-
ipants during a track tracing task; Right-handed participants improved much
more quickly with their dominant arm. They also reported reduced asymmet-
ric learning in left-handed subjects when compared with right-handed subjects.
Similar observations were reported by Yadav and Sainburg (2014b) who re-
ported that when performing a reaching task with a predictable force field, the
dominant arm adapts its trajectory more rapidly across trials than the non-
dominant arm. Interestingly, greater activation in brain regions is observed
during non-dominant arm learning when compared with dominant arm learning
(Azndrez-Sanado et al., 2013), suggesting a greater complexity in the learning
of a motor task with the non-dominant arm. These results suggest advantage
of the dominant arm during the learning of a motor task that results in a faster
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improvement rate across trials.

Complementing the differences observed in the learning rate of the two arms,
studies have observed asymmetries in the transfer of skills learned with one
arm to the other arm. For instance, learning a visuomotor rotation task with
the dominant arm improved the final position accuracy in subsequent trials
performed with the non-dominant arm. In contrast, learning a visuomotor rota-
tion with the non-dominant arm lead to an improvement in the initial direction
of subsequent dominant arm movements confronted to the same perturbation
(Sainburg and Wang, 2002; Wang and Sainburg, 2003). Similar results were
found in the learning of novel inertial dynamics (Wang and Sainburg, 2004).
However, in this task Wang and Sainburg (2004) observed that initial learning
with the dominant hand leads to improved performance of the non-dominant
hand, while initial learning with the non-dominant hand does not lead to signif-
icant improvement of performance of the dominant hand. More in line with the
results from Sainburg and Wang concerning visuo-motor rotations, recent stud-
ies by Carroll and colleagues reported significant transfer of non-dominant arm
skill to the dominant arm. They showed that new visuo-motor maps encoded
with one limb are immediately available to the opposite limb (Carroll et al.,
2014). Moreover, they showed that adaptation to a viscous force field with
the non-dominant limb generalizes significantly to the dominant limb (Carroll
et al., 2016). Together with Joiner et al. (2013), the studies by Carrol and
colleagues reported that improvements after transfer of learning are primarily
observed in the early phases of movement. In addition to these results a recent
study by Lefumat and colleagues showed that inter-limb transfer of learning
from the dominant to the non-dominant arm is determined by variability of mo-
tor learning and laterality of arm movements (Lefumat et al., 2015). This result
indicates that the larger the asymmetries in performance across arms, the more
important the transfer of learning from the dominant arm to the non-dominant
arm.

1.1.6 Effect of age on handedness

The effect of aging on handedness has been subject to debate in recent years.
Some studies suggest that aging has no effect on hand dominance, whereas
other studies suggest that aging leads to a reduced effect of hand dominance.
For instance, two recent studies performed with participants spanning from
childhood to old age did not observe differences in performance between young
and old adults in various tasks such as grasping and the construction of an ob-
ject (Gonzalez et al., 2014), or connecting boxes and moving the hands through
mazes (Gooderham and Bryden, 2014). In contrast to these results, it has been
reported that dominant hand performance decreases more significantly with
increasing age than non-dominant hand performance (Kalisch et al., 2006).
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More precisely, in a series of tasks such as line tracing, tapping or holding a
position steady, Kalisch and colleagues observed reduced differences in perfor-
mance across arms with increasing age. A similar evolution with age was also
observed during a bimanual force production task (Salimpour and Shadmehr,
2014; Salimpour et al., 2015). In this study, variability of unimanual force
production was measured and used as a predictor of performance during the
bimanual task. While young participants presented important differences in uni-
manual force production variability across arms, no such difference in unimanual
force output variability was observed in older participants. Another study also
reported a decline in motor learning with age for the dominant hand but not
for the non-dominant hand (Cirillo et al., 2010). While contrasting results have
been found, altogether these results point towards a reduced asymmetry in
performance across arms with increasing age.

1.2 Bimanual coordination

Coordinating the movement of the two limbs to perform a single task poses
several new challenges to the CNS. For instance, consider tapping at a regular
rhythm with one hand and an accelerated rhythm with the other hand. While
doing each separately is very easy, the combined performance results in sub-
stantial interference. This indicates that principles of inter-limb coordination
are unique and cannot be inferred from the laws of single arm movements.

1.2.1 Temporal and spatial constraints of inter-limb coor-
dination

Analyzing the relative phase between the two limbs has allowed revealing clear
temporal preferences during bimanual tasks. During cyclical bimanual move-
ments, it has been shown that in-phase coordination, i.e. mirror symmetrical
movements, is the more accurate and stable mode (Kelso, 1984; Carson, 1995;
Jirsa et al., 1998) and requires less attention than anti-phase mode (Temprado
et al., 1999). When performing anti-phase coordinated movements an increase
in movement frequency will ultimately lead to a phase transitions towards mir-
ror symmetrical mode. Moreover, phase patterns that differ from in-phase or
anti-phase coordination are more difficult to perform and often require intensive
training before being performed successfully. With respect to finger tapping, a
distinction is made between simple rhythms in which one rhythm is an integer
multiple of the other (such as 1:1, 2:1 or 3:1), and polyrhythms in which this
condition is not met (such as 3:2). Polyrhythmic finger tapping is more difficult
to perform and shows higher variability (Deutsch, 1983; Treffner and Turvey,
1993; Peper et al., 1995a). Moreover, higher order ratios (such as 5:4) are less
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stable than lower-order ratios (3:2, 2:2 or 2:1), often resulting in transitions
to lower-order ratios when increasing tapping frequency (Treffner and Turvey,
1993; Peper et al., 1995b).

Spatial constraints can also be easily revealed with simple line drawing tasks.
Indeed, when drawing lines of different amplitudes, one with each hand, a
tendency for the amplitudes to become similar emerges (Diedrichsen et al., 2001;
Swinnen, 2002). It has also been revealed that movement direction constraints
coordination. Drawing parallel lines in front of you is easy whereas drawing
orthogonal lines is likely to give interference in the directional specification of
both limbs (Jirsa et al., 1998). In addition to the preference to move both limbs
together towards and away from the body midline in the mediolateral plane
(same muscles, different directions), bimanual movements performed in the
sagittal plane (same muscles, same directions) are produced with even higher
stability. This suggests the existence of two constraints that reinforce each
other to improve performance during coordinated movements: the principle of
homologous muscle grouping and of direction in extrinsic space (Swinnen et al.,
1997, 1998; Lee et al., 2002). It is worth noting that directional constraints are
also apparent when arm and leg movements are performed together: Segments
movement in the same direction are performed more easily than movements in
different direction (Baldissera et al., 1982; Kelso and Jeka, 1992; Serrien and
Swinnen, 1997). Therefore, these results suggest that directional coding could
be more abstract than strictly referring to muscle homology principles.

Another interesting constraint proper to bimanual coordination arises when
the two arms act together to achieve a single objective. Indeed, in this context
there is redundancy in the way task success can be achieved, with different coor-
dination patterns leading to successful performance during a task. For instance,
steering an automobile can be performed using a single arm or a combined effort
of the two arms. When performing such bimanual tasks the brain will consis-
tently appoint one arm as the prime actor (Johansson et al., 2006; Theorin and
Johansson, 2010). Rather surprisingly, it has been reported that the choice of
the acting hand is flexible and is determined by spatial relationships between
hand actions and goal motions (Johansson et al., 2006). More precisely, the
hand that experiences the most natural directional relationship between forces
generated and desired motion consequences is appointed as prime actor.

1.2.2 Handedness in bimanual coordination

Handedness has been shown to impact the way the arms are coordinated during
a bimanual task. Indeed, as mentioned earlier, the control of the dominant arm
is often associated with lesser variability in motor output leading to a reduced
number of corrections during a unimanual task (Kalisch et al., 2006). The re-
duced variability in the control of the dominant arm has been shown to impact
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the distribution of forces across arms during a bimanual isometric force task
(Salimpour and Shadmehr, 2014; Salimpour et al., 2015). More precisely, dif-
ferences across arms in unimanual variability during isometric force production
predicted the distribution of forces across arms during a subsequent bimanual
force production task. Moreover, Salimpour and Shadmehr were able to arti-
ficially modulate the unimanual variability in force production of the two arms
through the use of transcranial direct current stimulation (tDCS). They showed
that changes in unimanual force production variability lead to corresponding
changes in the distribution of forces during the subsequent isometric bimanual
force task.

In addition to these results, an asymmetrical use of the two arms compatible
with the idea of a specialized role of each arm suggested by the dynamic domi-
nance hypothesis has been observed during manipulation tasks (Guiard, 1987).
For instance, when manipulating various pieces in order to construct an object,
the dominant arm is often assigned as prime actor and given an exploratory role
while the non-dominant arm is used in a supporting role to stabilize the object
being grasped (Stone et al., 2013).

1.2.3 Brain regions associated with bimanual coordination

The supplementary motor area (SMA) has traditionally been associated with the
control of bimanual coordination patterns. However, there is mounting evidence
to assign the control of bimanual coordination to a network rather than a single
locus (Swinnen, 2002). Studies using medical imaging have studied rhythmical
tasks involving either bilateral finger tapping (Goerres et al., 1998; Jancke et al.,
2000; Immisch et al., 2001; Nair et al., 2003) or forearm and wrist movement
(Toyokura et al., 1999; Tracy et al., 2001). These studies have revealed the
activation of a general sensorimotor network that is similar to the one observed
during unimanual tasks (Swinnen, 2002), hence suggesting that a specialized
“coordination controller” structure does not appear to exist.

To identify coordination related areas, activation levels measured during bi-
manual coordination tasks have been compared with activation levels during
unimanual tasks. This revealed an increased coordination effort from the ner-
vous system that exceeds the sum of single effector demands (Toyokura et al.,
1999, 2002; Tracy et al., 2001). More precisely, an increased activation of the
primary motor cortex (M1), premotor cortex (PM) and SMA (Toyokura et al.,
1999, 2002) as well as the cerebellum were identified (Tracy et al., 2001).
Given the distributed nature of cerebral control of inter-limb coordination it is
not surprising that patients who suffer from brain lesions or neurodegenerative
disorders show deficits in bimanual coordination. Evidence of such deficits has
been found in patients with lesions in the cerebellum (HOLMES, 1917; Brown
et al., 1993; Serrien and Wiesendanger, 2000), the SMA and/or cingulate cor-



1.2. Bimanual coordination I 11

tex (Laplane et al., 1977; Dick et al., 1986; Stephan et al., 1999), the corpus
callosum (Serrien et al., 2001a) and in the parietal cortex (Serrien et al., 2001b;
Jackson et al., 2000). Lesions to the left hemisphere affect bimanual coordi-
nation more significantly than right-hemisphere lesions (Wyke, 1971), which is
in agreement with fMRI studies that revealed a greater involvement of the left
hemisphere during bimanual coordination (Jancke et al., 1998).

It is also well known that neuronal interactions exist when bimanual actions
are performed (Swinnen, 2002; Rokni et al., 2003; Swinnen and Wenderoth,
2004; Carson, 2005). The functional role of these neuronal interactions remains
unclear and they are often considered as interference that must be overcome
when performing a bimanual task (Swinnen, 2002). An example of such inter-
ference is the above described difficulty to perform polyrithmic tapping with the
two arms. However, recently a novel interpretation of the function of these neu-
ronal interactions was proposed by Yokoi and colleagues, who suggested that
these neuronal interactions might play a crucial role in the flexible control of
bimanual movements (Yokoi et al., 2011). Indeed, they showed that the neural
controller of each arm is capable to predict and adapt to mechanical interac-
tions resulting from movement of the opposite arm (Yokoi et al., 2011),they
showed that adaptation to a force field by one arm was influenced by changes
in movement direction of the opposite arm, with the non-dominant arm being
more influenced than the dominant arm. This poorer motor generalization of
the non-dominant arm pattern lead the authors to suggest that the primitives
of the non-dominant arm respond more sensitively to the kinematics of the
opposite arm (Yokoi et al., 2014). However, it is worth noting that there is a
confusion about the exact definition of motor primitives and synergies, which
have been shown to be task-dependent and not to generalize across various
tasks (Todorov and Ghahramani, 2004).

1.2.4 Use of sensory feedback

Another interesting aspect of bimanual tasks is that the nervous system receives
task relevant sensory information from the two arms simultaneously. Recent
studies have suggested an asymmetric use of the proprioceptive feedback com-
ing from the two arms (Wong et al., 2014). More precisely, while the brain
receives information from the two arms, it principally uses proprioceptive feed-
back from the limb with the best proprioceptive acuity to perform the bimanual
movement (Wong et al., 2014). Other studies have reported a more equilibrated
use of the proprioceptive information coming from the two arms, such that per-
turbing proprioceptive feedback influences the temporal aspects of inter-limb
coupling, but not the spatial aspects of movement (Verschueren et al., 1999;
Steyvers et al., 2001). More precisely, perturbing proprioceptive feedback of one
arm during a bimanual circle drawing task, with vibrations being applied to arm



12 I Chapter 1. Introduction

muscles, leads to increased phase lag differences in movement of the two arms
but no difference in spatial characteristics of the movement of the unperturbed
arm. A subsequent study by Kazennikov and Wiesendanger (2005) confirmed
the importance of proprioceptive feedback for the temporal aspects of biman-
ual movements. In addition to the importance of proprioceptive feedback on
the temporal aspects of movement, improved positional sense during bimanual
tasks when compared with unimanual tasks has been observed. Indeed, in a
task were subjects had to indicate the sensed position of one arm using a laser
pointer attached to their head, participants showed a smaller bias during bi-
manual performance than during unimanual performance (Kuehn et al., 2015).
Altogether this suggests that proprioceptive feedback plays a very important
role in the coordination of bimanual movements as it impacts the temporal
aspects of the movement.

Visual sensory feedback also impacts the temporal aspects of movement dur-
ing a bimanual task. Indeed, an increased fixation of the non-dominant left-hand
during bimanual tasks leads to a reduction in temporal phase lags between the
two hands (Pellegrini et al., 2004). Interestingly, during bimanual movements
performed by right-handed participants the left-hand target is preferentially fix-
ated by gaze to account for asymmetries in performance across arms (Riek
et al., 2003). In line with these results, Srinivasan and Martin (2010) reported
that the movement of the non-dominant hand during a bimanual task relies
more on visual feedback than the movement of the dominant hand. Indeed,
when faced with competing visual demands, left hand guidance required more
visual information of the target while right hand control could proceed until the
terminal stages of movement with the target in the peripheral field of view.

1.2.5 Learning bimanual motor tasks

When an error occurs during a bimanual task it can be caused by one of the
two limbs or a combination of both, and the CNS must decide to which limb to
attribute the error to in order to correct for this error. It has been hypothesized
that, during a bimanual task, errors are attributed to the most likely source,
which is often considered to be the non-dominant arm. Such a behavior has
been observed during a bimanual reaching task in which both arms drive a single
cursor that is perturbed using a visuo-motor rotation (White and Diedrichsen,
2010). The attribution of the error to the non-dominant arm led to greater
adaptation of the behavior of this arm in subsequent trials. Similar results were
presented by Reichenbach et al. (2013), who reported that the assignment of
the error to the non-dominant arm leads to a greater adaptation of the feedback
gains in this arm. The assignment of error to the non-dominant arm was also
observed in tasks involving a single cursor driven by the movement of the right
arm. Indeed, Kasuga and Nozaki (2011) performed a bimanual task receiving
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feedback from a single cursor representing either the position of one hand or the
average position of the two arms. They showed that perturbing the movement
of a single cursor assigned to the dominant hand lead to an adaptation in
the behavior of the two arms suggesting the presence of cross-talk in credit
assignment. These results put forth a tendency to attribute error to the non-
dominant arm during a bimanual task and, therefore, to adapt the movement
of this arm in a more significant way than the movement of the dominant arm
in order to correct for task error.

1.3 Optimal control theory in neuroscience

In recent years optimal control theory has emerged as a powerful theoretical
background able to capture many phenomena observed in human motor con-
trol. Optimal control theory do not assume the separate presence of a feedback
and a feedforward controller. The general idea underlying control theory is that
a controller generates motor commands based on inverse models and feedback
control policies (see Fig. 1.1). These motor commands are sent to the limb and
to the forward model for internal processing. Based on this motor command,
the forward model computes a prediction that is then combined with sensory
feedback to produce an estimate of the current state of the system. The esti-
mate is used as feedback in the control loop (Shadmehr and Krakauer, 2008).
It is worth noting that optimal control makes several assumptions on the system
itself (which must be linear) as well as on the disturbances that are applied on
the system (the distribution of disturbances is assumed to be known). Several
improvements adaptations have been integrated to this framework to bring it
closer to realistic systems (Todorov, 2005; Li and Todorov, 2007; Crevecoeur
et al., 2011).

Goal c ; Motor Command ,A\/
ontroller \

/
Current Efference
Estimation Copy
State Prediction [ Forward
Estimator Model
Feedback

Figure 1.1: Computational model for motor control

The main force of optimal control theory is that it does not enforce partic-
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ular trajectories or behavior but uses feedback in an intelligent way in order to
correct only for deviations that interfere with task goals (Todorov and Jordan,
2002). From this framework, task-constrained variability, goal-directed cor-
rections, motor synergies, controlled parameters, simplifying rules and discrete
coordination modes emerge naturally.

Optimal control theory provides valuable insights into the flexible and task-
dependent human motor-control, as it is capable to make accurate quantitative
predictions concerning several motor behaviors. For instance, during a reaching
movement with a perturbing force applied on the hand, participants modulate
their corrective response dependent on the size of the target to reach, which
is accurately predicted by optimal control (Nashed et al., 2012). Moreover,
another implication of optimal control theory is that reflexes, like voluntary
control, support a rich assortment of behaviors (Pruszynski and Scott, 2012).

In the context of bimanual reaching movements, corrective responses to per-
turbations applied on one hand are modulated dependent on whether the task
is performed with a single cursor (at the average position of the two hands)
or with two cursors (one for each hand) (Diedrichsen, 2007; Diedrichsen and
Dowling, 2009), with such a behavior being accurately predicted by optimal
control theory.

Altogether these results highlight the valuable insights optimal control theory
provides on human motor control. However, while optimal control theory has
been largely used to explore different particularities of human motor control,
to the extent of our knowledge it has not yet been used to explore inter-limb
differences in motor behavior.

Similarly to optimal control theory, robust control theory has been recently
introduced in the neuroscience research field (Ueyama, 2014; Cluff et al., 2015),
and provides an interesting theoretical background to understand how the ner-
vous system deals with the uncertainty associated with the internal models
used for motor control. For instance, A recent study by Cluff et al. (2015)
showed that optimal and robust control framework could capture differences in
performance and learning across participants.

1.4 Aim of this work

The overall aim of the work presented in this thesis is to gain greater under-
standing on the control mechanisms underlying the inter-limb asymmetries in
motor output during the production of unimanual and bimanual movements. To
do so, we use optimal control as well as robust control theory to explore these
asymmetries, and hence bring forth a new hypothesis concerning the origin of
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these asymmetries.

Chapter 2 provides information about the mathematical theory underlying
optimal control theory and robust control theory, in order to facilitate the use
of these tools in the subsequent Chapters.

In Chapter 3 we explore the asymmetries in performance across arms during
unimanual movements using optimal and robust control theory. Indeed, while
specialized behavior of each arm has been largely reported, the control mech-
anisms underlying such specialization are not clearly understood. Currently,
the main hypothesis to explain differences in performance across arms is that
the non-dominant arm relies more heavily on impedance control to perform
movements.

Although attractive, this hypothesis implies that participants can modulate
the joint mechanical impedance of their limb to modify behavior, presumably
through the combined activation of agonist-antagonist pairs of muscles act-
ing on each joint (Hogan, 1985; Burdet et al., 2001). However, the intrinsic
impedance of muscles is quite low at spontaneous levels of activation, and
the presence of co-contraction mostly impacts the gain of the stretch reflex
(Pruszynski et al., 2009; Crevecoeur and Scott, 2014). Furthermore, what is
often referred to as the limb stiffness includes the contribution of reflexes and
early voluntary responses (up to ~ 300ms, Burdet et al. (2000)), which is
known to largely depend on the neural control policy (Scott, 2016). Altogether
these observations suggest that inter-limb differences in behavior are due to the
use of different control strategies rather than a systematic modulation of the
default, or feed-forward muscle activity.

We propose a new hypothesis to explain the differences in behavior that are
generally observed across arms. We suggest that differences in the uncertainty
associated with internal models of each arm lead to the use of different control
strategies. More precisely, we hypothesize that the non-dominant arm has a
greater uncertainty associated with its internal model, which leads to the use
of a control strategy that is more robust but less flexible, while the dominant
arm may have better internal representations, and afford control strategies that
are more efficient but also fragile against model errors. We show that control-
theoretic solutions obtained by making different assumptions about the nature
of the unknown disturbance (i.e. robust or optimal control) can capture this
inter-limb difference during learning of a reaching task in the presence of a
force field. Moreover, we provide physiological evidence suggesting that better
performance during initial exposure to a force field is not related to an increase
in muscle activity.

In Chapter 4 we explore how responsibility is shared across limbs during bi-
manual tasks. To do so, we used optimal control theory to predict the optimal
distribution of force across arms, based solely on biomechanical aspects, during
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an isometric force production task similar to the one studied by Salimpour and
Shadmehr (2014). We compared the predictions of the model to experimental
data from right-handed and left-handed individuals to determine the effect of
biomechanics and handedness on the behavior of participants. We highlight
the fact that handedness has little influence on the distribution of effort across
the limbs, and show that biomechanics define a preferential direction of force
production for each arm, with the preferential direction of the two arms de-
termining the distribution of effort across arms during the bimanual task. Our
results expand the results of Johansson et al. (2006), where it was suggested
that the choice of the prime actor between the two arms was driven by spatial
relationships between hand action and goal motions, and highlight that biome-
chanical configuration of the upper-limbs limbs plays a determinant role in this
relationship.

In Chapter 5 we summarize the findings of this work, discuss its limitations
and provide a series of open questions that remain to be explored using the
framework presented in this thesis.
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CHAPTER 2

Mathematical tools

2.1 Introduction

In this chapter we introduce fundamental results obtained in control theory
that will be utilized in the subsequent chapters of this thesis. It aims to give a
rigorous explanation of the mathematical tools but cannot be exhaustive (see
Astrom (1970); Basar and Bernhard (2008); Rawlings and Mayne (2012) for
more details). In this chapter we first enounce the general control problem for
deterministic systems in continuous time. We enounce and present the nec-
essary and sufficient conditions for the controllability of linear systems. We
then introduce the principle underlying optimal control theory and present op-
timal control algorithms for a class of stochastic systems, which is a theoretical
framework largely exploited in neuroscience research. Next we introduce model
predictive control (MPC) algorithms, which have the ability to solve problems
that include constraints applied on the input or output of the systems and can-
not be handles by standard stochastic optimal control. Finally, in order to study
the effect of model errors on human motor control, we will introduce minimax
control theory, a "robust" control strategy similar to stochastic optimal control
algorithms but that does not make any assumption on the disturbances that
are applied on the system.
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2.2 General control problem

Consider a system with z(¢) € R", the vector of state variables, and u(t) € R™,
the control input at time t. The evolution of the state variables as a function
of time through the state of the system and the control variables is defined by:

i = f(a,u) (21)
where f: R™ x R™ — R" represents the dynamics of the system.

Given an initial state x(tg) = xo, the evolution of the state variables as a
function of time for a given control input u is given by:

x(t) = xo —|—/0 f(z,u)dr (2.2)

Eq 2.2 is implicit and cannot be solved as is. However, the problem of finding
the trajectories of eq. 2.1 can be expressed as finding a function that is a fix
point of the application A(y) = z¢ + [ f(y,u). It can be demonstrated that
such fix point exists and is unique, provided f is a Lipschitz-continuous.

The general control problem is the following: given an initial condition zg
and a target set S C R", find a control function u(t) : [0,t;] = U C R™ such
that ¢y < oo, z(t) € X CR™,0 <t <ty and z(ty) € S. More intuitively, the
control problem is to determine the control input u(t) able to steer the system
from the initial state to the objective state in a finite time .

2.2.1 Linear Systems

Consider first the system defined by the state space vector z(t) and initial
condition z(tg) = xo:
x(t) = Ax(t) (2.3)

solving this simple differential equation yields the following result:

z(t) = eAltt) g (2.4)
where et is defined as the exponential matrix which can be computed using
its taylor expansion:

X 1k Ak
tkA
At __
= . (2.5)
k=0

The matrix exponential allows the computation of the general solutions as stated
by the following theorem.
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Theorem 2.1. The unique solution of the ordinary differential equation
z(t) = Azx(t) + Bu(t) (2.6)

with initial condition x(ty) = x¢ is given by

z(t) = eA(tftOx(to) + /t eA(thBu(T)dT (2.7)

to

With eq. 2.7, the system defined by eq. 2.6 is said to be totally controllable
if for any initial and final conditions, x¢ and z, the system can be driven from
its initial state to its final state in a finite time ¢y < oo through some integrable
control function w(t) such that:

t
xp = eltrTto) Ay, —|—/ A7) Bu(r)dr (2.8)

to

With eq. 2.8 we can now derive the sufficient and necessary condition for the
controllability of linear systems.

Theorem 2.2. A system defined by eq.2.6 is said to be fully controllable if and
only if the matrix [BAB...Aln — 1)B] is full rank.

Given the presence of the exponential e in the state of the system, it can

be easily derived that the system'’s stability is determined by the eigenvalues of
matrix A.

2.3 Introduction to Optimal Control

In order to find the "best possible" controller it is necessary to have a measure
of the quality of the controller. Mathematically this can be done by defining
a performance index. In this way the "best" possible control signal is found as
the result of the minimization (or maximization) of this index. Therefore the
principal point of focus when designing a Liner Quadratic Regulator (LQR) is
to define the appropriate measure of controller quality.

2.3.1 The general Optimal Control Problem

Let us assume that a system with state vector x(¢t) € R™ and input vector
u(t) € R™ is described by a general non-linear, time varying state equation:

&(t) = f(2(t), u(t))- (2.9)



22 I Chapter 2. Mathematical tools

Assume also that the initial state of the system is given by x(ty) = x9. We
desire to optimize the control over a given time interval, up to time ty. The
system performance can be described by a performance index, which takes the
following general form:

ty

Ioow) = (aty) + [ Lia(r), u(r)d, (210)
to

and depends on the state of the system as well as the input of the system at

each instant.

2.3.2 Linear Quadratic Gaussian control

In this section we will study the Linear Quadratic Gaussian (LQG) control prob-
lem which is based on stochastic dynamic programming. In this context, we
will introduce stochastic disturbances into the system and derive the solution
of this problem for a discretized system with imperfect measurements of the
output of the system. Let our system be defined by:

Tpr1 = Az + Buy + wk (2.11)

yr = Cxp + i (2.12)

Where matrices A and B define the dynamics of the system and C' is the ob-
servability matrix which defines the information the controller gets from state
feedback. Noise in the system dynamics is introduced through wy and 7 which
are multivariate Gaussian random variables with zero mean and covariance ma-
trices designated by €1, and 2, respectively. The cost per step is defined as:

J. = 2F Qray +ul Rup, k=1,..,N (2.13)

Where @) is a positive semidefinite matrix and R is a positive definite matrix.
N defines the time horizon which is assumed to be finite in this work, but
infinite horizon formulations exist in the literature (Astrom, 1970). The goal
of optimal control is to minimize the total cost obtained by summing Ji at
each step of the path. In the presence of stochastic dynamics, the cost-to-go
is defined as the expected cost to accumulate from the present time until the
final time. Calling v (z,u) the cost-to-go at step k, one can show that this
quantity satisfies:

vp(x,u) = minzf Qray + ul Rug + F(vgy1) (2.14)
Uk
Where the notation F(.) denotes the expected value of the argument.

A fundamental result in stochastic optimal control is that the cost-to-go for
the problem defined above is in fact a quadratic function of the states:
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Theorem 2.3. Under the optimal control policy, the cost-to-go has the follow-
ing form:
_ T
Vg = X}, SEXk + Sk (2.15)

where S}, are symmetric positive semidefinite matrices and sy, is a non negative
scalar quantity.

Proof. The proof is given by induction of the backward recursion of the cost-
to-go. From hypothesis, the claim is true when k = N with Sy = Qx and
sy = 0. Assume the claim is true for £k +1 < N. The cost-to-go at time k
that must be minimized becomes:

Vv = xf@ka:k + ugRuk. + E(vgy1|og, uk) (2.16)

From the induction hypothesis and the system dynamics, the expected value of
Vg+1 given z and uyg, plugged into the above equation gives:

vp =27 (Qr + AT Sy 1 A)wg + ui (R+ BT Sp11B)uy

A (217)
+ 22" A® Si 41 Bug + tr(sk+le> + Skt1

it is a quadratic form in ug which is minimized when u satisfies the following:
up = —(R + BT S 1 B) BT Sy 1 Axy,. (2.18)

The matrix being inverted is non-singular from assumptions. We define Ly such
that ugp, = —Lixg in eq 2.17. By inserting eq. 2.17 into eq. 2.18 we have:

vp = 2} (Qr + ATSpy1(A — BLy)) g + sk, (2.19)

where we defined s = sg11 +t7(Sk11Q,) > 0. Using the definition of Ly, by
completing the square we have:

Sk = Qr + (A— BLy)" S 1(A— BLy) + LL RLy, (2.20)

Which is positive semidefinite from assumptions which completes the proof. [

Eq. 2.20 is the algebraic Ricatti equation. For a controller with infinite
horizon (N — +00), the stationary control law is obtained by dropping index
k in eq. 2.20 and solving for S. Now we consider the fact that the controller
receives information about the state of the system through ;. Let us introduce
the notation Zj; which represents the estimated state. From the definition of
the feedback output, yr = —CZy is a multivariate Gaussian random variable
with 0 mean and covariance matrix €, +C%;CT (X4 is the covariance matrix
of ). Hence, only the independent term of the last proof is affected by the use
of the state estimate instead of the true state:

sk = Skt + tr(Skp1 Ki () + CZ:0T)K}). (2.21)
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Thus the same optimal feedback control policy as in the fully observable case
can be used, i.e. when all information is directly available to the controller
and is not obtained through yi, and the optimal feedback gains simply apply
to the estimated state rather than the true state. This result is known as
the separation principle (Astrom, 1970): under the state dynamics and output
feedback as defined in eq. 2.11 and 2.12, the problems of estimation and control
are independent and can therefore be solved separately. The estimation error is
defined as:

€ = T — .fk. (222)

and we can compute the Kalman gains K} from the dynamics of e given in
eq. 2.22. The covariance of ¢ is a quadratic function of K that is minimized
over K} when the following holds:

K = A%, CT(C%,, CT +Q,)7 1, (2.23)

where we introduced the error covariance at time step k under the notation ¥, .
This covariance matrix is updated in a forward recursion from the definition of
the Kalman's gains and the error dynamics:

Sert1) = (A — KpO)Ee, AT + Qo (2.24)
and the estimated state is given by:
Tpy1 = Az + Bug, + Kk(yk — Ci‘k) (2.25)

The prior estimate (A2, + Buy) is the maximum likelihood estimation of 1
given & and uyg. The prior estimate is then corrected by the difference between
the expected and actual feedback. This estimation is known as the predictive
Kalman filter. In recent years optimal control theory has emerged as a powerful
theoretical background able to explain many phenomena observed in voluntary
motor control. Indeed, this framework is interesting in the context of human
motor control as it does not enforce particular trajectories or behaviors but
uses feedback in an intelligent way in order to correct only for deviations that
interfere with task goals (Todorov and Jordan, 2002).

2.4 Model Predictive Control

The general design objective of model predictive control is to compute trajectory
of a future manipulated variable u to optimize the future behavior of the output
of the system y. The optimization is performed within a limited time window
by giving plant information at the start of the time window. The general ideas
appearing in this type of algorithm are basically:
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e Explicit use of a model to predict the process output at future time
instants (horizon);

e Calculation of a control sequence minimizing an objective function;

e Receding strategy, so that at each instant the horizon is displaced towards
the future, which involves the application of the first control signal of the
sequence calculated at each step.

Let us consider the system defined by eq. 2.12 and expand the system to a
finite horizon of size IV:

X =®&zy+ T, (2.26)
where X = [:rl Ty - :vN]T, d = [A A2 ... AN]T, r =
B 0 0
AB B 0 T
and U = [uo Uy e uN] . Also expanding
ANB AN-1p ... B)]
the cost to go function to the finite horizon N gives us the following equation:
V = 28 Qozo + QX + OU, (2.27)
@1 0 .. O R 0 0
0 Q2 -+ 0 0 R 0
Where Q = | . . ) and ¥ = | . | Using eq.
0 0 - Qn 0 0 --- R

2.26 to expand eq. 2.27 we obtain the following:
V(zo,U) = 22 (Qo + ®TQ®) 2o + UT (U +TTQDU + 20T TTQdx, (2.28)

In order to simplify the notations let us define G = 2(¥ + I'TQI') > 0 and
F =2I'Qd.

Let us now introduce constraints on the input and output of the following
form:

Umin < Uk +j < Umaz,J =0,..., N =1, (229)
Ymin < Yk+j < ymamj = 07 sy N7 (230)
Recalling that y;, = Cxy this is equivalent to:
0 +I +Umaz _
ol g | < g k=0,..,N—1, (2.31)

These constraints can be rewritten in the following form:

Myxy + Epup < bgp,k=0,....,N — 1, (2.32)
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MNLCN § bN. (233)

by defining M = [0 0 —C +C]", B, = [-I +I 0 0]" and
b = [—umin +umar —ymin +ymax}T, fork =0,...,.N -1, My =

[-C +C’}T and by = [~Ymin +ymam]T. Taking all the constraints in the
finite horizon IV into account we obtain the following system:

M, o .- 0 Ey --- 0 " bo

0 My - 0 - : 0 by

. CCO"‘ . ) . X+ i : . . S . )

: : " : 0 -+ En_ u. :

0 0 --- My 0 -~ 0 N=1 uN
(2

Which by appropriately defining D, M, E and ¢ can be rewritten as follows:
Dxog+ MX + EU <c. (2.35)
By introducing X = ®x¢ + I'U into eq. 2.35 we obtain:
BEU < c+ Wy, (2.36)

Where 2 = MT' + E and W = —D — M ®. Now our problem can be rewritten
as follows:

1
min 5UTGU +UTFu, (2.37)
subject to: ZU < ¢+ Wz, which is by definition a quadratic program (QP).

Definition 2.1. Given matrices Z and = and vectors ¢ and b, the optimization
problem is defined as:

1
min =07 Z0 + <76
0 2
subject to: 20 < b

Proposition 2.1. If Z > 0 in the above quadratic program, then the following
properties are verified:

e The optimization problem is strictly convex;
e A global minimizer can always be found;

e The global minimizer is unique.

In our case we have by definition G > 0 and therefore the problem we have
to solve is strictly convex and has a unique global minimum that can be found.
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2.4.1 Minimization with equality constraints

To minimize the objective function subject to equality constraints we consider
the so-called Lagrange expression

1
J= 50Tze + 70+ \(=6 - b). (2.38)

The value of eq. 2.38 subject to satisfied equality constraints =6 = b is equal
to the original objective function. We now consider J as an objective function
in variables 6 and A\. To minimize this function we compute the first partial
derivative with respect to the vectors 6 and )\, and then equate these derivatives

to zero:
oJ

— T ET = .
57 =26+ +ETA =0, (2.39)
a.J
2L 70— b= 2.4
o 0, (2.40)

The elements of vector A are called the Lagrange multipliers.

The minimization of the system defined by eq. 2.39 and 2.40 is given by:
A=—EZz =) b+ 2271, (2.41)

0=—-2Z"1E"N+ ). (2.42)

2.4.2 Minimization with Inequality Constraints

When considering inequality constraints, the number of constraints might be
larger than the number of decision variables. In such a case, the inequality
constraints Z0 < b may be composed of active and inactive constraints. A
constraint is said to be active if Z;60 = b; and inactive if Z;0 < b; where Z;
and b; are the ith row of matrix = and the ith element of vector b respectively.
We introduce the Kuhn-Tucker conditions which define the active or inactive
constraints in terms of Lagrange multipliers.

The necessary conditions for this optimization problem are:
Z0+c"+E"A=0
Z20-0<0
M(E0-c")=0
A >0,

(2.43)
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where the vector \ contains the Lagrange multipliers. These conditions can be
expressed in simpler for in terms of the set of active constraints. Let S,.; denote
the index set of active constraints. Then the necessary conditions become:

Z0+c"+ Y ANE[ =0

1€Sact
240 — by = 0,i € Saet, (2.44)
20— b; < 0,i & Saet, (2.45)
Xi > 0,i € St (2.46)
Xi =0,i ¢ St (2.47)

eq. 2.44 represents the active constraints while eq. 2.45 represents the set
of inactive constraints. For an active constraint, the corresponding Lagrange
multiplier is non-negative (eq. 2.46) whereas for an inactive constraint the
Lagrange multiplier is zero (eq. 2.47).

If the active set is known than the original problem can be replaced by the
corresponding problem having only equality constraints. Therefore the objective
of minimizing this function subject to inequality constraints can be replaced by
the problem of finding the active set of constraints.

Active set methods

The idea of active set methods is to define at each step a set of constraints,
termed the working set, which is to be treated as the active set. The working
set is to be chosen to be a subset of the constraints that are actually active
at the current point hence making the current point feasible for the working
set. At each step, an equality constraint problem is solved. If all Lagrange
multipliers A; > 0, then the point is a local solution of the original problem.
If there exists a A; < 0, then the objective function value can be decreased by
relaxing the constraint 4. During the course of minimization, it is necessary to
monitor the values of all constraints to be sure they are not violated, since all
points defined by the algorithm must be feasible. If a new constraint boundary
is encountered it is necessary to add this constraint to the working set and then
proceed to the re-defined working set.

2.5 Min-max Control

In this section we present the discrete-time minimax controller design problem.
Contrary to the LQG controller, which assumes the unmodelled disturbances are
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known in distribution, min-max control does not make any assumption about
the nature of the external disturbance. Rather, the min-max control makes
the assumption that disturbances act as a second control input that opposes
the minimization of the cost function. More intuitively, the min-max problem,
solved here in the context of game theory, will find a solution to the control
problem for a worst-case scenario of the disturbance, meaning that the solution
will achieve optimal disturbance attenuation.

Given that minimax controller makes no assumption on the disturbance of
the system it is more robust than stochastic optimal control in the presence
of unmodelled disturbances. In Chapter 3 we will use the differences between
minimax control and LQG control to study differences in performance across
arms at initial exposure to new environment dynamics.

Without any loss of generality let us consider the following system:

ZTp41 = Arxr + Brug + Dywy, 21 = 0,k € [1, K], (2.48)
K
I (u,w) = T 1 Qrar 1 + Z(mngxk + g g, — y2wp wi) (2.49)
k=1 :

= J(p,w) — 7 [wr]?,
Qr>0,Qr>0,k=1,2,....

We also define the following matrices:

HIH, = Qi H G =0,GTG =1.

While very similar to the LQG problem, we notice that the disturbance is now
included in J, with the term f'yzwgwk. The objective of min-max control is
to determine control policies u = u1, K] and w = w1, K] that are the solution
of:

min max J,, (u,w), (2.50)
u w

The procedure to compute the saddle-point solution of this game is first to fix
the open-loop policy of signal w, say @j; &) , and minimize J, (u,wp k]) given
by eq. 2.49 with respect to u = u[; i) . From linear quadratic optimal control
theory it is well known that the solution to this problem exists and is unique.
Now, if we fix the open loop policy of vector u, say @ x) , and maximize
Jv(ﬂ[lyK],w) with respect to w, existence and uniqueness of the solution will
depend on the fact that J, is strictly concave in w or not. This requirement
can be translated as follows:

Lemma 2.1. The quadratic function J., given by eq. 2.49 is strictly concave
in w for every policy u if and only if

72T — DES, 1Dy > 0,k € [1, K], (2.51)
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Where the sequence s,11, k € [1, K], is generated by the Riccati equation
Sy = Qk+AgSk+1Ak+AZSk+1Dk(’)/QI—DES]HJDk)71D£Sk+1Ak; (252)

SK+1 = Qf.

Under the condition defined by eq. 2.51, the quadratic problem becomes
strictly convex-concave and hence it follows that it admits a unique saddle-
point which has to be fixed to:

up g = (wp k), 1) w0, = P up g, 21)
. This unique solution is defined by a discrete time Riccati equation.

Theorem 2.4. For the discrete time linear quadratic zero sum dynamic game,
let eq 2.51 be satisfied and My, k € [1, K|, be a sequence of matrices generated

by
My = Qg + AF My A Ay My = Qy (2.53)

Where
Ay =1+ (BxBl — v 2Dy D} )My 1. (2.54)

Then

1. Ay, k €[1,K], are invertible.
2. The game admits a unique saddle-point solution given by
up = —BF My 1\, P A, (2.55)
wr =7 2D My 1A P Ay, k€ [1, K] (2.56)
Where Zy, is the corresponding state trajectory, generated by
Trp1 = A Ay, 2o = 0. (2.57)
3. The saddle-point value of the game is

Jy = Jy(u W) = x1 Myxy. (2.58)

4. If eq. 2.53 is not satisfied, then the upper value becomes unbounded.
It is worth noting that if the matrix sequence generated by eq. 2.53 and 2.54
is invertible, then eq. 2.53 can be rewritten as:
My, = Qi+ A" (M., + BBT —y>DD") "' A; Mgy = Qp.  (2.59)

A sufficient condition for invertibility of My, k € [1, K], is that [A] H,CT]T
be injective and Q¢ be positive definite.
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2.5.1 Disturbance attenuation problem

Let us now consider a system with imperfect state measurements:
Tp+1 = Az + Buy + Dwy, (2.60)
yr = Cxy + Bwy. (2.61)
With the performance index defined as:
Ty (w,0) = oK+ DI, + leld + [ull? = 2l 2 = 2feld,  (262)
With Qg positive definite.
The problem to be solved is then the following:

Problem P,. Obtain necessary and sufficient conditions on  for the upper
value of the game inf,car sup,,cq J+(u,w) to be finite, and for such a v find
a controller u under which this upper value is achieved. The infimum of all ~'s
will be denoted ~*.

The solution to this problem is found by solving the complementary problem
of seeking the worst overall disturbance w compatible with the information
available at time 7. Therefore, xy and past values of w should agree with
past control and past measurements without any constraint imposed on them
leading to a least cost-to-go v(7;x(7)). A detailed solution of this problem
can be found in the book by Basar and Bernhard (2008). The solution to this
problem requires the introduction of Lagrange multipliers and the use of the
following Riccati equation:

Shp1 = AN+ CTNSIC —472Q) T TAT + DD S = Q' (2.63)
The complete solution is given by the following theorem:

Theorem 2.5. Let the following three conditions hold:
1. Eq. 2.61 has a solution over [1, K + 1], with
M-, —v7?DD" > 0,Vk € [1, K];
2. Eq. 2.65 has a solution over [1, K + 1], with
S+ CTNGTO — 4 72Q) > 0,k € [1,K];

3. The following condition holds:

Yk, My, —y 28t <0, (2.64)
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Under these three conditions, v < ~*, and an optimal controller is given by eq.
2.61, 2.63 and by:

Brp1 = Ay + Bl + A(S, T+ CTNC —7°Qp)

. R (2.65)
[V 2Qrix + CNE (yx — Cig)]; 21 =0

g = —B" (M, !y + BB" —y2DD") " A(I — 7?5, M) 2k, (2.66)

If one of the three conditions is not met, then v < ~*, i.e. for any smaller ~
the problem P, has an infinite supremum for any admissible controller w.

2.6 Towards neuroscience

In this chapter we introduced the solution for the optimal feedback control and
optimal state estimation for a class of stochastic systems, which constitutes
the well-known LQG control framework and makes the assumptions that dis-
turbances that are applied on the system are known in distribution. We also
introduced the minimax control framework which is similar to the LQG con-
trol framework but makes no assumption on the disturbances applied on the
system, hence finding a solution to the control problem for a worst-case sce-
nario of the disturbance. Given the different assumptions made by these two
frameworks about the nature of the disturbance, they perform differently when
an unexpected error is introduced in the model of the controlled system. We
will use this difference to explore the hypothesis that humans use different con-
trol strategies with their two arms when first introduced to new environment
dynamics. Indeed, as new environment dynamics are not anticipated by partic-
ipants, it introduces an error in the internal model of the arm used to perform
the task. We expect that if different control strategies are used by the two
arms, they can be captured by the LQG and the "robust" controllers.

In addition to LQG and minimax control, we introduced MPC control, which
is interesting because of its ability to deal with constraints applied on the input,
output or state of the system. In chapter 4, we explore the distribution of control
across the two arms during a bimanual task. To do so, we will use a model of
the upper-limb containing six muscle groups. The relation between muscle force
and muscle length or contraction speed is non-linear (Brown et al., 1999), hence
in order to linearize the system we modelled muscle tension as a second-order,
low-pass response to the control input. However, as muscle force generation
is limited to contraction (muscles can only pull on the bones), we introduced
constraints on the input of the system. Given the presence of constraints on
the input of the system, we could not use LQG control and hence used MPC
to control the system.



CHAPTER 3

Differences in the internal
representation of the two
arms could explain hand
dominance

Abstract. Any daily motor task involve the decision of which arm to perform
the task with. In general, humans have a natural tendency to use their "dom-
inant arm" which is generally considered more dexterous than the other arm.
However, instead of assuming a dominant arm that is better on the whole, recent
studies have suggested that each arm may have a specialized role. Indeed, it has
been reported that the dominant arm has an advantage in trajectory control,
whereas the non-dominant arm has an advantage during load compensation,
leading to the hypothesis that predictive and impedance control characterize
the behavior of the dominant and non-dominant arms respectively. Considering
that the intrinsic mechanical impedance of limb muscles is in fact quite low,
we suspected that these differences may be rooted in distinct control strategies
rather than on distinct viscoelastic properties. We investigated this issue in
a series of experiments in which participants performed reaching movements
while being perturbed by a force field. We observed different behaviors across
limbs during the adaptation of behavior to a curl-force field, with the dominant
arm being more affected by the perturbation than the non-dominant arm. In a
control experiment using the same paradigm we show that differences in perfor-
mance across participants are not a related to differences in the co-contraction
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of agonist-antagonist muscle pairs. Finally we show that such differences in
behavior can be qualitatively captured in the control strategy without assuming
differences in mechanical impedance.

3.1 Introduction

Handedness is a prominent feature of human motor behavior. Indeed, most
humans have a natural tendency to use one of their two arms more often, i.e.
the dominant arm, when performing a wide range of tasks. The dominant arm
is generally assumed to be more dexterous than the other arm. However, recent
studies focusing on the asymmetric performances observed across arms revealed
an advantage of the dominant arm in the control of limb dynamics (Sainburg
and Kalakanis, 2000; Bagesteiro and Sainburg, 2002) and an advantage of the
non-dominant arm during tasks that required load compensation (Sainburg,
2002; Bagesteiro and Sainburg, 2003). From these results, Sainburg (2002)
suggested a specialized role for each arm, such that differences in performance
across arms arise from differences in the use of predictive and impedance control
(Yadav and Sainburg, 2014a). More precisely, this hypothesis suggests that
both arms are controlled using a mix of predictive and impedance control;
asymmetric performances are due to the fact that the dominant arm relies more
heavily on predictive control and the non-dominant arm relies more heavily on
impedance control (Yadav and Sainburg, 2014b).

Although attractive, this hypothesis implies that participants can modulate
the joint mechanical impedance of their limb to modify the behavior, presum-
ably through the combined activation of agonist-antagonist pairs of muscles
acting on each joint (Hogan, 1985; Burdet et al., 2001). However, the in-
trinsic impedance of muscles is quite low at spontaneous levels of activation,
and the presence of co-contraction mostly impacts the gain of the stretch re-
flex (Pruszynski et al., 2009; Crevecoeur and Scott, 2014). Furthermore, what
is often referred to as the limb stiffness includes the contribution of reflexes
and early voluntary responses (up to ~ 300ms, Burdet et al. (2000)), which
is known to largely depend on the neural control policy (Scott, 2016). Thus,
it seems that the modulation of the default, or feed-forward muscle activity
may not explain the different behaviors observed across limbs. Regarding the
role of feedback, Walker and Perreault (2015) reported very small changes in
background EMG activity across limbs in a perturbation task. Altogether these
observations warrant a careful reexamination of the neurophysiological basis of
inter-limb differences during motor control.

Instead of assuming differences in biomechanical impedance, we investigated
the possibility that differences in performance across limbs originate from dif-
ferent internal representations and control strategies associated with each arm.
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More precisely, we hypothesize that the internal representation of the non-
dominant may be less accurate, which promotes the use of a robust strategy in
the sense that it is less sensitive to errors in the internal representation of limb
and environment dynamics. In contrast, the dominant arm may have better
internal representations, and afford control strategies that are more efficient
but also fragile against model errors.

To test this, we measured participants’ performance as they learned to move
a robotic handle in a force field (Experiment 1). We observed differences in
accuracy, precision, trajectory and learning rate across arms that reproduce
qualitatively previous results (Schabowsky et al., 2007; Yadav and Sainburg,
2014a). Importantly, we show that control solutions obtained by making dif-
ferent assumptions about the nature of the unknown disturbance (i.e. robust
or stochastic optimal control) can capture the inter-limb difference observed
experimentally. We then report the result of the same experiment performed
in an exoskeleton (Experiment 2) in which we did not observe any difference in
performance across limbs, nor any systematic variations in EMG activity that
could account for the wide range of movement errors following the introduction
of the force field. Taken together, our study suggests that inter-limb differ-
ences are context-dependent and relate to the neural control policy more than
to feed-forward control of limb impedance.

3.2 Materials and methods

3.2.1 Participants

46 right-handed participants performed the task. Two experimental setups de-
tailed in the subsequent sections were used. 26 participants were involved in
Experiment 1, and 20 participants were involved in Experiment 2. All partici-
pants provided written informed consent before participating in this study. The
volunteers had no known neurological disorders and were naive to the purpose of
the experiment. Handedness was assessed using the Edinburgh Inventory (Old-
field, 1971). The experimental procedures were approved by the local ethics
committee at the Université catholique de Louvain for Experiment 1, and at
the University of Calgary for Experiment 2.

3.2.2 Behavioral task

Participants performed reaching movements to one of three targets positioned
15cm away from the starting position and spaced of 450 from each other (Fig.
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3.1C and D). Participants were provided no visual feedback of their hand po-
sition during movement but received visual feedback of the end-point position
of their reaching movements. Participants also received feedback of the speed
of their movement through the color of the end-point feedback: they were pre-
sented with a green end-point feedback when the peak speed was comprised
between 50cm/s and 80cm/s, yellow when above and blue when below. This
feedback about the peak speed was used to obtain stereotyped movement pro-
files. At the beginning of each trial participants positioned their hand in a target
representing the starting position. After 1s the starting target disappeared and
the target to reach was presented. End-point feedback was displayed when
participants hand speed fell below 5cm/s for a duration of 100ms. Before the
task, participants were trained to perform movements at the desired speed. The
behavioral task was divided into two blocks. The first block consisted of 20
unperturbed reaching movements towards each target for a total of 60 trials.
This block was used to measure baseline performance of participants during the
task.

In the second block, a speed-dependent curl force field was introduced (Fig.

3.1A and B):
(m)=( ) o

where F; and F} represent the forces applied at the end-point in the = and
y axes respectively, v, and v, represent the speed in the x and y axes and «
represents the parameter defining the force intensity. Participants performed
80 reaching movements towards each target for a total of 240 trials.

On each trial the presented target was randomly selected for subjects not to
be able to anticipate the position of the target before it was displayed. During
the task, a score was presented on the virtual reality display. Participants
received a point for each reaching movement performed with a peak speed
comprised between 50cm /s and 80cm/s and for which the end-point lied inside
the target.

3.2.3 Experiment 1

In Experiment 1 participants performed the experiment holding the handle of
a robotic arm (KINARM end-point, BKIN Technologies, Kingston) permitting
movements in the horizontal plane. Participants’ arm position was not con-
strained during movement. The robotic arm was able to apply mechanical loads
to the participants’ hand. Direct vision of participants’ limbs were blocked but
targets and hand feedback were projected on top of the participants’ arm us-
ing a TV monitor and a semitransparent mirror. In this experiment the force
field was defined by o = 20 for the group that performed the task with their
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Figure 3.1: Curl field applied on participants’ arm and minimum jerk trajectory
during perturbed trials. A) Relationship between applied force and movement speed
during perturbed trials for participants performing the task with their non-dominant
arm. The size of the arrow represents the intensity of the applied force. B) Relation-
ship between applied force and movement speed during perturbed trials for participants
performing the task with their dominant arm. C) Minimum jerk trajectory of a reach-
ing movement for the non-dominant arm (black arrows) towards each of the three
targets (black disks) tested during the task. Blue arrows represent the forces applied
on the hand along the trajectory. D) Minimum jerk trajectory of a reaching movement
for the dominant arm (black arrows) towards each of the three targets tested during
the task. Orange arrows represent the forces applied on the hand along the trajectory.
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non-dominant arm and a = —20 for the group that performed the task with
their dominant arm, hence presenting mirrored force fields to the two arms (Fig.
3.1A, B, C and D).

3.2.4 Experiment 2

In Experiment 2, participants performed the task in an exoskeleton device that
constrained arm position to the horizontal plane (KINARM Exoskeleton, BKIN
Technologies, Kingston). Given that the arms are supported in the horizontal
plane, muscles active during the reaching task can be easily identified. For this
reason, this setup was more favorable for the recording of surface electromyo-
graphic signals (EMG). As in Experiment 1, direct vision of participants’ limbs
were blocked but targets and hand feedback were projected on top of the partic-
ipants’ arm using a TV monitor and a semitransparent mirror. The exoskeleton
was able to apply torques to the shoulder and elbow joints. The joint-based
force-field was automatically generated so as to produce a perturbation to the
hand equivalent to the one in Experiment 1.

3.2.5 Mathematical modeling

The problem was modeled as the translation of a point mass (m = 1) in the
horizontal plane in the presence of three forces: a viscous force proportional
to the velocity with opposite sign, a controlled force (F') and an external force
(Fext). Muscle dynamics were approximated using a first-order linear filter
between the controlled force and the control variable. The system is given by
the following differential equations:

mp=—-K,p+ F + F.uxt, (3.2)

TF=u—F (3.3)

where m is the mass (set to 1 in our model), p represents the 2D coordinate
vector of the point-mass, K, is the viscous constant, F represents the controlled
force, F.xt represents the curl force field and u represents the 2D control vector.
The dynamics of the system were discretized using an explicit Euler integration
scheme in order to introduce noise disturbances and was rewritten in the form
of state-space equations:

Thyl = (A—FAA)CEk —I—Buk—!—ﬁk, (34)

where 7, = [p, p, P. Py Fo F,| represents the state space vector at
time k£ and includes position, velocity and controlled and external forces, A and
B are matrices that describe the system dynamics, u is the input vector, and
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B and A A represent disturbances in the system. We will consider two sources
of disturbances: the first is the motor noise represented here as 3, composed
of two different terms: an additive term (N(0,£,)), with noise being only
applied on the input of the system (Q,(5,5) = 2,(6,6) = 0.25), and a control
dependent term capturing signal-dependent noise aligned with the direction of
the control vector (Li and Todorov, 2007). The second source of disturbance is
the model error (A A) that arises upon introduction of the force field: indeed,
before participants can learn to move in the force field, they must perform
reaching movements in the presence of a model error, which is the impact of
the force field that the nervous system cannot anticipate. Hence we can rewrite
the system as follows:

Tht1 = Azxy, + Buy, + Dwy, (35)

with D = [AA 1] and wy = [zx i) will include both random and arbitrary
disturbances. The model error will play a critical role in the control solution as
we show below. The feedback signal at each time step is defined as follows:

Y = Cxg + (g, (3.6)

where yj is the feedback vector, C = Ig.6 is a matrix describing the sys-
tems feedback and (j is the sensory noise vector; (i is represented as zero-
mean Gaussian white noise with unity covariance (N(0,€¢)) with Q, =
diag (0.0001 0.0001 0.001 0.001 0.025 0.025) (Ueyama, 2014).

Stochastic Optimal Control

We used a linear quadratic gaussian (LQG) control strategy to represent our
stochastic optimal controller. One basic assumption of the LQG controller is
that the disturbance vector wy is zero-mean white Gaussian noise with co-
variance ). Equivalently, this approach assumes that AA = 0. For such a
controller the cost function is defined as:

J(xp,ug) = xf@kxk + ugRuk, (3.7)

where QQ; and R are the state and input cost matrices respectively. In our case
we defined the state cost function such that the final cost is given by:

cost = ar[pl|* + az|lp||* + as||F|[?, (38)

where a; = 250000, as = 1 and a3 = 107%. The input cost matrix was defined
as R = Igu6. The optimal linear state estimator can be derived following
standard procedures (Kalman filter, Todorov (2005); Crevecoeur et al. (2011)).

i‘(kj + 1) = AZy + Buy + Kk(yk — Cik), (3.9)
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Where #}, is the estimated state at time k and K}, is the Kalman filter. In the
framework of extended LQG (Todorov, 2005) we iterate a controller of the form
of eq. 3.10 and a state estimator in the form of eq. 3.9 until convergence:

U = —Lk@k. (310)

Robust feedback controller

Contrary to the LQG design, robust control makes no assumption about the
disturbance wy, Basar and Bernhard (2008). Solving this problem requires con-
sidering the presence of wy, in the cost function, and the best strategy consists
in minimizing the worst impact of this disturbance. This can be achieved in the
context of game theory by introducing the following term in the cost function:

J(xg, up, wy) = o1 Qg + ui Rug — vw} wy, (3.11)

where the disturbance is accounted for as a variable that opposes the minimiza-
tion of the cost function. Parameter ~y defines the impact of the disturbance
on the controller Basar and Bernhard (2008) and is minimized numerically to
achieve optimal disturbance rejection. As for the LQG design, a theoretical
control solution of the form presented in eq. 3.10 can be derived (for more
details see Chapter 2 or Basar and Bernhard (2008)). In the context of robust
control, state estimation cannot be performed using a Kalman filter because no
assumption is made on the distribution of the disturbance, the estimated state
is computed as follows:

Tkt1 = A%y + Buyp + G1, 2 + Go, (yk — Ci‘k), (3.12)

more details on the computation of the different parameters of this equation
can be found in Chapter 2 or in Basar and Bernhard (2008). It is worth noting
that the derivation of the estimator for the robust controller differs from that
of a Kalman filter due to the fact that no hypothesis on the distribution of the
disturbance is made however, if such an hypothesis were to be introduced in
the derivation of this estimator, it would lead to the same expression as in LQG
control. Thus we solve the same problem with the same system and the same
cost function, the only difference is the assumption made about the nature of
the input disturbance and about the presence of an arbitrary model error.

3.2.6 Data acquisition

Position, velocity and force at the handle of the KINARM end-point, as well
as flexion and elbow movement for the KINARM exoskeleton, were sampled at
1kHz. Surface electromyographic recordings were obtained from the brachio-
radialis (Br), triceps lateral (TLat), pectoralis major (PM), posterior deltoid
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(PD), biceps brachii (BB) and triceps long head (TLo) for the participants per-
forming the task in the exoskeleton setup (Experiment 2). EMG signals were
sampled at 1kHz.

3.2.7 Data analysis

All signals were aligned on movement onset, which is defined as the moment
when hand speed exceeds 5cm/s.  All EMG signals were band-pass filtered
(20 — 450Hz) and full wave rectified. EMG signals were normalized by their
mean activity recorded in a separate set of trials where subjects maintained a
constant posture against INm torques applied to each joint individually. For
each target, EMG signals where averaged across all unperturbed trials and
across the 10 first perturbed trials towards each target. End of movement was
determined when participant’s hand speed fell below 5cm/s for a period of
100ms.

To measure the impact of the force field on participants’ behavior we ex-
tracted the maximal deviation from the straight line in the direction of the
force field (clock wise for the right arm and counter-clock wise for the left arm)
for each trial of each participant. To analyze how participants adapted their
behavior to the force field, we computed the mean maximal deviation in four
sets of 10 trials for all targets pooled together, The first set includes the 10 first
trials, the second set includes 10 trials one third into the 240 trials, the third
set of trials includes 10 trials two thirds into the 240 trials, and the last set in-
cludes the 10 last trials. In order to determine whether participants performing
the task with their non-dominant arm deviated less than participants perform-
ing the task with their dominant arm at initial exposure to the force field, we
performed a rmANOVA with maximal deviation as the dependent variable, set
of trials as the within subjects independent variable and body-side (right or
left arm) as the between subjects dependent variable. As a post-hoc test we
performed independent t-tests on the maximal deviation of each set of trials
separately to test for differences across arm.

To analyze control near the end-point of the movement, we looked at the
accuracy and precision of participants’ movement during the same four sets of
trials. We computed the average error and end-point dispersion on each set
of trials trials of the second block (curl force field block). The average error
was computed as the distance between the mean end-point of participants’
movement and the center of the target (Fig. 3.3). To compute the error-
dispersion we first computed the covariance matrix of the x and y coordinates of
the end-points. From this covariance matrix we computed the 95% confidence
ellipse of the end-points and computed the surface of this ellipse (Fig. 3.3). We
defined end-point dispersion as the surface of the 95% confidence ellipse. To
determine whether participants performing the task with their non-dominant
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arm were more accurate and precise than participants performing the task with
their dominant arm we performed two rmANOVAs with either average error
or end-point dispersion as the dependent variable, set of trials as the within
subjects independent variable and body-side (right or left arm) as the between
subjects dependent variable. As in the case of maximal deviation, we performed
a independent t-tests on each set of trials to test for differences across arms.

As we show below, the inter-limb difference in behavior that we observed
in Experiment 1 was not reproduced in Experiment 2. Therefore, in order to
determine whether co-contraction can explain differences in performance across
participants at initial exposure to the force field, we separated participants based
on the maximal deviation measured on the ten first trials perform with the curl
force-field active. One group was composed of the 10 participants that had
the Smaller Maximal Deviation (SMD) during the ten first trials and the other
group was composed of the 10 other participants (Large Maximal Deviation,
LMD). The LMD group was composed of 6 participants who performed the task
with their dominant arm and 4 who performed the task with their non-dominant
arm.

In order to verify whether the activity in the six measured muscles was mod-
ulated to counter the force field we computed the mean of the EMG signals
in two time windows, from 100ms before movement onset to movement onset
and from movement onset to 100ms after movement onset. We performed a
repeated measures analysis of variance (rmANOVA) for each time window and
for each muscle separately to determine whether target, initial performance, and
the introduction of the force field had a significant effect on muscle activation.
In this series of rmANOVAs muscle activity was the dependent variable, target
and condition (perturbed, unperturbed) were the within subjects variable and
group (SMD, LMD) was the between subjects variable.

Finally, to determine whether difference in performance at initial exposure to
the force field could be linked to differences in the use of impedance control,
we tested for differences in co-contraction between the SMD and LMD groups.
To extract the co-contraction level for each pair of muscles, we computed the
minimum EMG signal in each muscle pair (Elbow, shoulder and bi-articular
muscles) as done in Gribble et al. (2003) (Fig. 3.2). For each participant and
each target, we computed the mean co-contraction signal in four time windows,
from 200 to 100ms before movement onset (E1), from 100ms before movement
onset to movement onset (E2), from movement onset to 100ms after movement
onset (E3) and from 100 to 200ms after movement onset (E4), for both baseline
and curl force-field trials separately (Fig. 3.2). To test for significant differences
in co-contraction level across targets and groups we performed a rmANOVA,
for each joint and for each time window separately, with co-contraction level
as the dependent variable, target as within subjects independent variables and
group as the between subjects variable.
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Figure 3.2: Computation of co-contraction for an exemplar agonist-antagonist
muscle pair. The purple and green line represent the EMG signals averaged across
all trials of all participants for the TLat and Br muscles respectively. The light blue
region represents common activation level of the agonist-antagonist muscle pair and
is defined as co-contraction in this study. The solid black line represents movement
onset. The dashed black lines delimit four 100ms time windows (E1, E2, E3 and E4).

For all rmANOVA, sphericity was verified using Mauchly's test and corrected
when necessary. Homoscedasticity was verified using Levene's test (homogene-
ity of variance).

3.3 Results

3.3.1 Simulation results

We performed simulations using two control strategies with different sensitivities
to model error to verify whether differences in performance across arms could
be captured in the control strategy, without assuming any difference in the
intrinsic mechanical impedance of the limbs. While both controllers are applied
on the same problem and share similar cost functions, the robust controller aims
at minimizing the worst possible impact of disturbances, in this case the model
error, leading to trajectories that are less affected by the introduction of the
force field. Indeed trajectories performed by the robust controller deviated less
during movement than those performed by the stochastic optimal controller
(see inset in Fig. 3.3A). In addition, the robust controller was more accurate
(smaller average error) and precise (smaller error dispersion) (see Fig. 3.3A).
Speed profiles of the two controllers showed two peaks, one corresponding to the
initiation of movement and the other corresponding to the corrective response
(see Fig. 3.3A). The second speed peak of the optimal controller was larger
than the second peak of the robust controller (see Fig. 3.3A). We think that
these simulations are relevant to describe differences in control strategy of the
two arms at the introduction of the force field because, as the force field is not
anticipated by participants, it introduces an error in the internal model of the
corresponding arm at initial exposure to novel dynamics.
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Figure 3.3: Model simulations and initial trials of representative participants.
A) Model simulations performed with the stochastic optimal controller (orange lines)
and the robust controller (blue lines) with no knowledge of the perturbation. Light
blue and orange dots indicate the end-point of the trajectory for the robust and
optimal controller respectively. The blue and dark orange dots represent the average
end-point across the simulated trials. Blue and orange ellipse represents the 95%
confidence ellipse of the 10 simulated trials. Black disk represents the target and the
black dot represents the center of the target. The insert presents with more detail
the maximum deviation for the optimal and the robust controllers. The bottom panel
presents the predicted velocity profiles for the two control strategies B) 10 first trials
for two representative participants. Light blue lines represent the trajectories of the
movement of the participant performing the task with his non-dominant arm and
orange lines represent the trajectories of the participant performing the task with his
dominant arm, during baseline and force field trials. Black dots indicate the maximum
deviation of each trial for the trials performed while facing a curl force field. The
bottom panel presents the measured velocity profiles for the two arms in baseline and
force field trials.
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3.3.2 Experiment 1

During the baseline block of trials, i.e. without the force field, participants’
movements did not deviate significantly form a straight trajectory (see Fig.
3.3B). During the initial trials performed with the curl force field active, trajec-
tories from participants who used their dominant arm consistently deviated more
than those of participants who used their non-dominant arm (see Fig. 3.3B and
Fig. 3.4A first block of trials), moreover we observed a greater average error
and end-point dispersion from participants using their dominant arm (Fig. 3.4B
and C), indicating greater accuracy and precision from non-dominant arm par-
ticipants. Furthermore, as in simulations we observed two peaks in the speed
of the movement, with the dominant arm presenting a larger second speed
peak (see Fig. 3.3B). These results are in line with those previously reported
in the literature (Schabowsky et al., 2007; Yadav and Sainburg, 2014a), and
suggest that the non-dominant arm is more robust, and hence less affected,
when initially confronted to the unexpected effect of the force field.
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Figure 3.4: Mean maximal deviation, average error and end-point dispersion of
participants of Experiment 1. A) Mean maximal deviation in four sets of 10 trials
placed at the beginning of the task, after 1/3 of trials, after 2/3 of trials and at the
end of the 240 trials for all participants in Experiment 1. Each blue and orange dot
represents the average maximal deviation across ten trials of a participant who used
his non-dominant arm and dominant arm, respectively. The solid blue and orange
lines represent the evolution of the mean maximal deviation across trials. B) Average
error for the four sets of trials for all targets pooled together. Blue and orange dots
correspond to data from participants who used their non-dominant and dominant arm
respectively. C) End-point dispersion for the four sets of 10 trials for all targets pooled
together. Colors are defined as in panel B.

We analyzed the maximum deviation of hand-path as a measure of the im-
pact of the force field on the control of movement during the exposure to the
perturbation, the evolution of this maximum deviation across trials allowed us to
determine the time course of learning of each arm. We performed a rmANOVA
with average maximum deviation in four different blocks of ten trials, distributed
equally across all trials for all targets pooled together, to test for differences
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between the non-dominant and dominant arm (Fig. 3.4A). The rmANOVA re-
vealed a significant main effect of time (F(3,72)=18.44, p<0.001), indicating
that maximum deviation decreased across trials for both arms, no effect of body-
side (F(1,24)=0.23, p=0.63), indicating no difference between non-dominant
and dominant arm across the four sets of trials, and a significant interaction
time*body-side (F(3,72)=4.38, p=0.007) indicating that the participants who
used their non-dominant arm learned at a different rate than participants who
used their dominant arm (Fig. 3.4A). One-sided independent t-tests performed
on each block of trials separately revealed a significant effect of body-side on
the maximal deviation in the first block of trials (t(23.24)=-1.83, p=0.04) but
not in the other blocks (p>0.08) (Fig. 3.4A). Altogether these results indicate
that participants performing the task with their non-dominant arm deviated
less during the first block of trials, but also learned at a slower rate, than par-
ticipants using their dominant arm, which lead to similar performance in the
subsequent blocks of trials (Fig. 3.4A).

Looking at the control near the end of movement revealed differences across
arms that were consistent with the observations done on maximal deviation.
We extracted the average error and the end-point dispersion as measures of
the accuracy and precision of reaching movements, and performed an rmAnova
to test for differences in performance across arms and across sets of trials.
The rmANOVA on the average error revealed a significant main effect of time
(F(3,72)=11.51, p<0.001), indicating that average error decreased across tri-
als for both arms, no effect of body-side (F(1,24)=1.15, p=0.29), indicating
no difference between non-dominant and dominant arm across the four sets
of trials, and a significant interaction time*body-side (F(3,72)=2.99, p=0.04)
indicating that the participants who used their non-dominant arm learned at a
different rate than participants who used their dominant arm (Fig. 3.4B). A
one-sided independent t-test on each set of trials revealed a significant effect of
body-side on the first set of trials (t(18.9)=-2.28, p=0.02) and no significant
difference for the other three set of trials (p>0.05) (Fig. 3.4B).

Concerning end-point dispersion, the rmANOVA revealed a significant main
effect of time (F(3,72)=7.02, p<0.001) and no other significant main effect
(p>0.15). The independent t-tests revealed a significant effect of body-side on
the end-point dispersion for the first set of trials (t(16.4)=-1.77, p=0.047) but
not for the other three sets of trials (p>0.05). Altogether the results of these
rmANOVAs indicate that the non-dominant arm was more accurate and more
precise than the dominant arm at the initial exposure to the curl force-field.
Accuracy and precision of the two arms improved across trials with differences
across arms were not significant on later trials (Fig. 3.4C).

Altogether results of Experiment 1 show differences in performance across
arms that are similar to those observed in the model predictions (Fig. 3.3A and
B, 3.4A, B and C). Indeed, participants using their non-dominant arm were less
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affected, i.e. more accurate (Fig. 3.4B), more precise (Fig. 3.4C) and deviated
less (Fig. 3.4A), by the introduction of the force field than participants using
their dominant arm. Hence, this suggests that the non-dominant arm used a
more robust control strategy to perform reaching movements in the face of a
force field.

Experiment 2

Experiment 2 was initially designed to address whether the differences in be-
havior observed in Experiment 1 could be related to a systematic increase in
the levels of co-contraction in the non-dominant arm, which would suggest that
participants may have used a default stiffening of the non-dominant limb in-
stead of distinct control strategies. To address this question, we used the same
experimental paradigm as in Experiment 1 in an exoskeleton setup, allowing
for a more accurate experimental control of the muscles involved in reaching
movements, hence allowing more reliable EMG data collection. In this experi-
ment, we did not observe any difference in maximal deviation, average error or
error dispersion between the non-dominant and the dominant (Fig. 3.5A, B and
C), despite that we used exactly the same paradigm as in Experiment 1. This
surprising observation suggests that differences in behavior across limbs may
be task or context-dependent, such that, in our case, the setup used altered
participants’ behavior.

Looking at the same parameters as in Experiment 1, namely the maximal de-
viation, end-point error and average error, we performed similar statistical anal-
ysis to verify that there were no differences across dominant and non-dominant
arm. Concerning maximal deviation, the rmANOVA revealed a significant main
effect of Time (F(3,54)=60.05, p<0.001), no significant effect of body-side
(F(1,18)=1.24, p=0.28) and no interaction effect (F(3,54)=0.92, p=0.43).
The independent t-tests performed on each set of trials revealed a significant
difference between the dominant and non-dominant arm for the last set of tri-
als (t(15.2)=-2.36, p=0.01) but not for the other sets of trials (p>0.05). The
rmANOVA performed on average error revealed a significant main effect of time
(F(3,54)=11.65, p<0.001), no effect of body-side (F(1,18)=1.19, p=0.28) and
no interaction effect (F(3,54)=0.45, p=0.7) (Fig. 3.5B). The four independent
t-tests performed on each set of trials revealed no significant effect of body-side
on any of the 4 sets of trials (p>0.1). Similarly for the end-point dispersion, the
rmANOVA revealed a significant main effect of time (F(3,54)=4.43, p<0.001)
and no significant effect of body-side (F(1,18)=0.2, p=0.65) and no interac-
tion effect (F(3,54)=0.58, p=0.6) (Fig. 3.5C). The four independent t-tests
revealed no significant effect of body-side on any set of trials (p>0.1). Al-
together these results confirm that in Experiment 2 both arms were equally
affected by the introduction of the force field and learned at similar rates (Fig.
3.5A, B and Q).
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Figure 3.5: Maximal deviation, average error and end-point dispersion for par-
ticipants who performed the task in Experiment 2. A) Mean maximal deviation in
four blocks of 10 trials placed at the beginning of the task, after 1/3 of trials, after
2/3 of trials and at the end of the 240 trials for participants who performed the task in
the exoskeleton setup. Blue dots represent data from participants who used their non-
dominant arm to perform the task, and orange dots represent data from participants
who used their dominant arm to perform the task. The solid black lines represent the
mean +/- SD of the data of each group of participants and for each block of trials.
The solid blue and orange lines represent the evolution of mean maximum deviation
across the four blocks of trials. B) Average error of all participants on the 10 first
successful trials for all targets pooled together. Colors are defined as in panel A C)
End-point dispersion on the 10 first successful trials for all targets pooled together.
Colors are defined as in panel A.

In order to determine whether differences in co-contraction could explain the
wide array of performances observed during the experimental task, we formed
two groups of participants based on the average maximum deviation on the
10 first successful trials (SMD and LMD) (see Fig. 3.6). Before analyzing
co-contraction we analyzed whether the activity in the measured muscles was
modulated to account for the introduction of the force field, and whether this
activity differed between LMD and SMD groups (Fig. 3.6A). We performed
rmANOVAs on muscle activation, for each muscle separately, to test for differ-
ences in activation between SMD and LMD groups. Prior to movement onset,
this series of rmANOVAs revealed a significant main effect of target for Br,
TLat, TLo, PM and PD (p<0.05) but not for BB, indicating that muscle activ-
ity prior to movement onset is modulated dependent on the target presented to
the participant, a significant interaction condition (perturbed vs unperturbed
trials) *target for Br, TLo and TLat, indicating that these muscles activity was
adjusted differently to the perturbation dependent on the target, and finally
a significant interaction group*condition for Br (F(1,18)=5.05, p=0.03), indi-
cating that the SMD group adapted the activity in this muscle differently to
the presence of the perturbation than the LMD group. All other main effects
and interactions were not significant. In the 100ms following movement on-
set a series of rmANOVAs revealed a significant main effect of target for TLo,
TLat, PD and PM (p<0.005) but not for Br and BB, a significant main effect
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Figure 3.6: Mean maximal deviation, average error and end-point dispersion of
participants of Experiment 2 with a large and small maximal deviation at initial
exposure to the force-field. A) Maximal deviation in hand trajectory in four block
of 10 trials positioned at the beginning, 1/3, 2/3 and at the end of the trials. Purple
dots represent data from the 10 participants who had the Larger Maximum Deviation
during the 10 first trials. Green dots represent data from the 10 participants who
had the Smaller Maximum Deviation during the 10 first trials. The solid purple and
green lines represent the evolution of maximum deviation across trials. Solid black
lines represent the mean +/- SD of each set of dots. B) Average error of participants
performing the task in Experiment 2. Colors are defined as in panel A. C) End-point
dispersion for participants who performed the task in Experiment 2. Colors are defined
as in panel A.

of condition for Br, BB, TLo and PD (p<0.03), and a significant interaction
condition*target for BB, TLat, TLo and PD (p<0.02). All other effects were
not significant. These results suggest that the activation of all muscles except
Br and BB is adapted depending on the target direction and that the activation
of all muscles except TLat and PM is modulated depending on the presence of
the force field (Fig. 3.6A for the central target).

Finally, to examine whether better initial performance (smaller maximum de-
viation, average error and end-point dispersion) could be related to increased
co-contraction, we computed the common activation level across agonist-
antagonist muscles pairs for the three measured pairs (Elbow, Shoulder and
Bi-articular, see Fig. 3.2). We compared the average co-contraction level in
two time windows preceding movement onset (E1 and E2 on Fig. 3.2), and two
time windows following movement onset (E3 and E4 on Fig. 3.2), to look for
differences between the SMD and LMD groups of participants.

First, focusing on co-contraction levels in the two time interval preceding
movement onset, in E1 a rmANOVA revealed a significant main-effect of target
in the elbow muscle pair (F(2,36)=4.035, p=0.02), but not for the shoulder
or bi-articular muscle pair, and no other significant main effect or interaction.
In E2, the rmANOVAs revealed a significant main effect of target for all three
muscle pairs (p<0.001), a significant interaction target*condition for the el-
bow muscle pair only (F(2,36)=14.66, p<0.001), and a significant interaction
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group*condition for the shoulder muscle pair only (F(1,18)=7.54, p=0.01).
These results indicate that, as muscles were activated differently dependent on
the target to reach, co-contraction levels also differed across targets. Moreover,
only co-contraction in the elbow muscle pair was significantly adapted to ac-
count for the introduction of the force field, and the two groups of participants
(LMD and SMD) adjusted co-contraction in the shoulder muscle pair differently
to the presence of the force field. Finally, given that group (SMD and LMD)
had no significant main effect, participants’ performance cannot be related to
differences in co-contraction during the moments preceding movement onset
(Fig. 3.6B for the central target).

If we now analyze co-contraction levels after movement onset, rmANOVAs
performed on average co-contraction in E3 revealed a significant main effect of
target for the elbow (F(2,36)=7.75, p=0.001) and the bi-articular muscle pair
(F(2,36)=5.65, p=0.007), a significant main effect of condition for the shoulder
muscle pair (F(1,18)=4.42, p=0.049), but not for the elbow and bi-articular
muscle pairs, with all other main effects being not significant. The analysis
also revealed a significant interaction group*condition for the shoulder muscle
pair (F(1,18)=4.48, p=0.048) and a significant interaction group*target for the
bi-articular muscle pair (F(2,36)=4.1, p=0.02), all other interaction were not
significant. In E4, the rmANOVA revealed a significant main effect of condition
for both the elbow (F(1,18)=5.78, p=0.027) and bi-articular (F(1,18)=5.70,
p=0.028) muscle pairs, and no other significant main effect or interaction ef-
fect (p>0.05). Altogether these results point out that co-contraction after
movement onset was modulated in the elbow and bi-articular muscle-pairs de-
pendent on the target, and to account for the presence of the force field. The
fact that group had no significant effect in the two time windows indicates that
co-contraction levels were similar between LMD and SMD participants, hence
suggesting participants less affected during initial exposure to the force field did
not use a default stiffening of their arm to achieve such better performance, but
rather that they used a distinct control strategy than participants more affected
by the introduction of the force field (Fig. 3.6B for the central target).

Given that results in Experiment 2 did not reproduce results of Experiment
1 we performed a bootstrap two sample t-test on data of Experiment 1 to
verify the significance of the effect (Kushary et al., 1997). 10000 repetitions
revealed that 75% of tests were significant and that only 6% of the determined
t-statistics were more extreme than the one computed with the base groups
participants, hence suggesting the effect observed in Experiment 1 was really
significant and was not due to chance.

Results of Experiment 2 suggest that differences in performance across par-
ticipants cannot be linked to differences in co-contraction of agonist-antagonist
muscle pairs (Fig. 3.5D, E and F and 3.6B). Moreover, the different behavior
observed between the results of Experiment 1 and Experiment 2 suggest that
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Figure 3.7: EMG signals and co-contraction averaged across all subjects for the
central target and the three muscle pairs for baseline and force-field trials. A)
EMG signals for the elbow, shoulder and bi-articular muscle pairs averaged across 10
trials and across all subjects for the central target. The solid dark green and dark
purple lines represent the averaged EMG signal during the 10 first force-field trials
for participants with a small and large initial deviation respectively. The light green
and light purple solid lines represent data from baseline trials for participants with a
small and large initial deviation respectively. The solid vertical black line indicates
movement onset. The dashed black lines delimit four 100ms time windows: E1, E2,
E3 and E4. B) Mean co-contraction in each time window for each subject and for the
central target. Green and purple dots represent data from participant with a small
and a large initial deviation respectively. Solid black lines represent the mean and SD
of each group of dots.
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inter-limb differences in performance are context-dependent.

3.4 Discussion

We investigated whether asymmetries in performance across arms during motor
learning could be explained by the use of distinct control strategies rather than
by a greater use of impedance control by the non-dominant arm. More pre-
cisely, we tested the hypothesis that the non-dominant arm is controlled using
a strategy that is more robust than the dominant arm, in the sense that it is
less sensitive to errors in the internal representation of dynamics. We modeled
this hypothesis using two different controllers and illustrated, on a simple ex-
ample, that the impact of the force field on end-point accuracy, precision and
on the maximal deviation could be partially mitigated by the use of the robust
controller, which explicitly considers the presence of model error (Fig. 3.3A).

To test this hypothesis, we investigated motor learning across dominant and
non-dominant arms in two experiments performed with distinct experimental
apparatus. First, we reproduced asymmetries in performance across arms previ-
ously reported in the literature (Schabowsky et al., 2007; Yadav and Sainburg,
2014a) in an end-point setup (Experiment 1, see Fig. 3.4A, B and C). In
order to address whether co-contraction could account for these results, we
performed the same experiment in an exoskeleton (Experiment 2), and, sur-
prisingly did not observe differences in performance between the dominant and
non-dominant arm in this setup (Fig. 3.5A, B and C). This null result suggests
that differences in behavior across limbs are context-dependent and reflect how
participants interact with the robotic device. However, by splitting participants
of Experiment 2 into two groups based on their performance during initial ex-
posure to the force field, we found no systematic link between differences in
performance and co-contraction (Fig. 3.5D, E, F and 3.6B).

Previous studies hypothesized that differences in performance across arms
could be explained by a greater reliance of the non-dominant arm on impedance
control (Schabowsky et al., 2007; Yadav and Sainburg, 2014a,b). However, it
has been reported that the intrinsic impedance of muscles is quite low at sponta-
neous levels of activation, and that a substantial and voluntary co-contraction
does not elicit any clear change in the limb intrinsic properties, but rather
only impacted the gain of the stretch reflex (Crevecoeur and Scott, 2014).
The absence of differences in co-contraction observed in Experiment 2 across
the groups with large and small maximum deviation during initial trials (Fig.
3.6A and B), along with the very limited impact of co-contraction and the low
impedance at spontaneous background EMG, questions the possibility that par-
ticipants used a default strategy based on a modulation of the limb impedance
to mitigate the impact of the force field.



3.4. Discussion I 53

Instead, we hypothesize here that differences in performance across arms
arise from differences in the uncertainty associated with the internal models of
each arm. We suggest that the controller of the non-dominant arm considers
explicitly the presence of model errors, likely because the internal representation
of dynamics for this arm is less accurate. As a consequence, hand paths are
less perturbed when exposed to the force field for participants using their non-
dominant arm (Fig. 3.4A, B and C). Consistent with our hypothesis, studies
have suggested that control of the non-dominant arm is associated with higher
variability (Adam et al., 1998; Kalisch et al., 2006; Salimpour and Shadmehr,
2014), which might be a reflection of greater uncertainty in the internal models,
however model errors were not considered in these studies.

We observed that movements performed with the non-dominant arm in Ex-
periment 1 were less affected when initially exposed to the force field. So why
is the dominant arm more perturbed if it is generally more skilled? In control
theory, there is always a trade-off between robustness and efficiency. Indeed,
greater robustness to model error comes at the cost of reduced efficiency, and
vice versa. Such a trade-off is reflected in the results of Experiment 1, where the
control strategy of the dominant arm is more sensitive to the introduction of the
force field, leading to greater initial deviation, but is also more adaptive, leading
to greater improvement across trials (Fig. 3.4A). Similar observations can be
made between participants with small and large maximum deviation during the
initial trials in Experiment 2 (Fig. 3.5D). Such an hypothesis was introduced by
(Cluff et al., 2015) who reported that such a trade-off could capture differences
in learning across participants. Consistent with these observations, Albert and
Shadmehr (2016) showed that a smaller error experienced during initial trials
leads to a smaller improvement in the following trials, without explaining the
source of the initial error. Moreover, asymmetries in learning rate between the
two arms in track-tracing tasks have been reported in the literature (McGrath
and Kantak, 2016). Altogether, these results suggests the existence of a trade-
off between sensitivity to model error and the ability to learn, with robustness
being an advantage when the force field is first introduced but also reflecting
reduced learning abilities. From this perspective, the sensitivity to model errors
and the performance during learning reflect inter-limb differences in the internal
models of reach dynamics.

The difference in adaptiveness of control strategies might also impact the
transfer of learned motor skills from one arm to the other, with the arm more
able to adapt its model during learning maybe being more able to transfer
motor skill to the other arm. Contrasting results have been shown in the lit-
erature concerning this topic, with some studies reporting asymmetric transfer
of features learned during a reaching task between the two arms (Wang and
Sainburg, 2004, 2006), while others reported no differences in transfer across
arms (Stockinger et al., 2015). However, it has been reported that skill transfer
from the dominant arm to the non-dominant arm depends on the level of hand-
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edness (Lefumat et al., 2015), with participants presenting greater asymmetries
in dexterity across arms also presenting the most significant transfer. Hence,
these results suggest that greater adaptiveness of internal models might be re-
lated to greater skill transfer but that, similarly to asymmetries in performance
across arms, asymmetries in transfer of motor skill might be task-dependent
and be present mainly when use of different control strategies is elicited.

We did not observe differences in behavior across arms in Experiment 2,
suggesting that asymmetries in arm performance are context-dependent, but
how could the change in experimental setup lead to such different results? It
the framework we propose, it is conceivable that manipulating the handle of a
robotic arm, which leads to different inertial properties, and having to control a
greater number of degrees of freedom requires better internal models, or greater
compensation for potential model errors, which in principle is clearly favorable
to the expression of a robust control strategy. Moreover, it has been shown
that the nervous system was able to switch between different feedback con-
trol policies dependent on the task being performed (White and Diedrichsen,
2013). In Experiment 1 forces were applied on the hand, whereas torques were
applied on upper-limb joints in Experiment 2, and It was previously shown that
different types of dynamical perturbations applied to the arm lead to distinct
time course of learning (Lackner and DiZio (2005) but Davidson et al. (2005)).
Moreover, while learning reaching movements with a tool in hand leads to the
formation of a model of the tool as well as to a change in the formation of the
internal model of participant’s arm (Kluzik et al., 2008), which might impact
the behavior of participants. Another difference between the two experimental
setups was the constraints imposed on arm position; with the unconstrained
position of the arms in Experiment 1 being associated with the control of a
greater number of degrees of freedom (DOF) when compared to Experiment 2.
Constraining the position of the arm to the horizontal plane has been shown
to impact movement trajectory during reaching movements (Desmurget et al.,
1997), with unconstrained reaching movements being more curved than con-
strained reaching movements. Furthermore, differences in motor adaptation
and rehabilitation have been reported between 2D and 3D reaching movements
(Scharver et al., 2005; Lledé et al., 2016) and, very recently, Schaffer and
Sainburg (2017) observed differences in performance across arms during a 3D
reaching task that were dissimilar from previous findings observed during 2D
reaching tasks. Altogether these results suggests that the greater number of
degrees of freedom controlled in experiment 1, as well as the application of the
force field on the hand, might favor the expression of a more robust control
strategy due to greater complexity of controlling such tasks.

In conclusion, we observed context-dependent differences in performance
across arms that could not be related to differences in co-contraction. Of course
this evidence is not definitive because we could not address co-contraction dur-
ing Experiment 1 reliably (muscles active during the task less easily identifiable
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due to more DOF), whereas we did not observe inter-limb differences in Ex-
periment 2. The context-dependency of asymmetries in arm behavior as well
as the role of co-contraction in such asymmetries should be further explored in
future studies. In this work we suggest an alternative interpretation of inter-
limb differences based on distinct control strategies, which are directly linked
to the quality of internal models of each limb. This hypothesis captures dis-
tinct sensitivities to model errors upon the introduction of a force field without
assuming differences in body size or mechanical impedance, and suggests a
meaningful link between control and learning as a trade-off between efficiency
and robustness that is rooted in neural representation of movement dynamics.
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CHAPTER 4

Optimal use of limb
mechanics distributes
control during bimanual
tasks

Abstract. Bimanual tasks involve the coordination of both arms, which often
offers redundancy in the ways a task can be completed. The distribution of
control across limbs is often considered from the perspective of handedness. In
this context, although there are differences across dominant and non-dominant
arms during reaching control (Sainburg, 2002), previous studies have shown
that the brain tends to favor the dominant arm when performing bimanual
tasks (Salimpour and Shadmehr, 2014). However, biomechanical factors known
to influence planning and control in unimanual tasks may also generate limb
asymmetries in force generation, but their influence on bimanual control has
remained unexplored. We investigated this issue in a series of experiments in
which participants were instructed to generate a 20-N force with both arms,
with or without perturbation of the target force during the trial. We modelled
the task in the framework of optimal feedback control of a two-link model
with six human-like muscles groups. The biomechanical model predicted a
differential contribution of each arm dependent on the orientation of the target
force and joint configuration that was qualitatively matched by the participants’
behavior, regardless of handedness. Responses to visual perturbations were
strongly influenced by the perturbation direction, such that online corrections
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also reflected an optimal use of limb biomechanics. These results show that the
nervous system takes biomechanical constraints into account when optimizing
the distribution of forces generated across limbs during both movement planning
and feedback control of a bimanual task.

4.1 Introduction

Generally, healthy people are able to perform a wide variety of tasks that re-
quire the coordination of several actuators. For instance, steering an auto-
mobile involves a coordinated effort of two arms, but the effort produced can
be distributed across the arms in a variety of ways. During the performance
of bimanual tasks, the central nervous system must deal with redundancy and
share control across limbs. An important factor to consider in this sharing is the
asymmetry across flexor and extensor muscles (Kawakami et al., 1994), which
may favor an anisotropic contribution of each arm during bimanual actions.

To date, the main source of limb-use asymmetry that has been considered
is hand dominance. Previous studies have shown that the CNS favors the
dominant hand during bimanual tasks (Swinnen et al., 1996; Salimpour and
Shadmehr, 2014; Salimpour et al., 2015). Generally, this tendency is attributed
to the lesser variability that is associated with controlling the dominant arm
(Kalisch et al., 2006), which may, in principle, impact how the brain coordinates
the two arms in bimanual tasks (O’Sullivan et al., 2009). Compatible with this
hypothesis, Salimpour and Shadmehr (2014) reported that the dominant arm
showed less variability during unimanual force production and suggested that
this limb contributed more during a bimanual force-production task.

Beyond handedness, the possibility that biomechanical properties influence
how we distribute control across our limbs has remained largely unexplored.
However, in the context of unimanual tasks, it is clear that the CNS monitors
biomechanical constraints arising during movements and adjusts subsequent
motor decisions or trajectories accordingly (Sabes et al., 1998; Cos et al., 2011,
2012, 2013). It has been established that the CNS accounts for torque interac-
tions at the shoulder and elbow joints during planning and control of reaching
movements (Hollerbach and Flash, 1982; Gribble and Ostry, 1999; Dounskaia
et al.,, 2011, 2014; Wang et al., 2012). Other parameters such as expected
effort and success affect the arm choice when performing reaching movements
(Schweighofer et al., 2015). Given the strong influence of biomechanics on uni-
manual control, we hypothesized that biomechanical factors should also play
an important role in bimanual control.

To test this hypothesis, we adopted an isometric force production paradigm
for two limbs (Salimpour and Shadmehr, 2014) and modified it for variance of
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the orientation of target forces and joint configurations to asses how biomechan-
ical factors influence the contribution of each arm to overall force generation
during both motor planning and online corrective responses. We developed an
optimized control model of two human-inspired two-jointed arms with which
to predict optimal cooperation of the arms across three different joint con-
figurations. We tested how well the model could predict the way right- and
left-handed human participants distribute force across their arms. The model
accounts for optimization of weighting of each limb during both unperturbed
movements and responses to perturbations with visual feedback and was used
to predict the influence of biomechanics on the force distribution across arms.
We predicted that the arms’ joint configuration would be shown to have a
strong influence on the participants’ adjustments to the distribution of forces
produced across the limbs.

4.2 Materials and methods

4.2.1 Participants

Ten healthy right-handed participants (6 females, average Oldfield score 95,
9th right decile) and ten healthy left-handed participants (5 females, average
Oldfield score -88.5, 7th left decile) participated in Experiment 1. Twelve right-
handed participants (4 females, average Oldfield score 90, 7th right decile)
participated in Experiment 2. The average age of participants was 27 years old.
All participants provided written informed consent before participating in this
study. The volunteers had no known neurological disorders and were naive to
the purpose of the experiment. Handedness was assessed using the Edinburgh
Inventory (Oldfield, 1971). The experimental procedures were approved by the
local ethics committee at the Université catholique de Louvain.

4.2.2 Behavioral task

Two different experiments were performed using the same general paradigm.
Participants held the handles of two robotic arms (KINARM, BKIN Technolo-
gies, Kingston), one in each hand (Fig. 4.1A). Each handle was equipped with
a force sensor (Mini-40 F/T sensors, ATl Industrial Automation, NC, USA).
The forces measured by the transducers were mapped onto cursor position on
a virtual reality display. Direct vision of the limbs and of the robotic handles
was blocked. In this device, we must account for a delay of ~ 60ms between
the computation of an event by the real time computer and the display of such
an event on the screen. The robotic arms counteracted the forces applied by
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the subject with a very stiff force field (KX = 2000 N/m, B = 50 Ns/m). This
force field limited movement of the robotic and participants’ arms to negligible
movements (isometric task). The position of the cursor (radius, 0.5cm), which
was denoted by the two-dimensional vector Z, was proportional to the sum of
the force vectors (ﬁ) and (fR) produced by the left and right arm, respectively
(see Fig. 4.1A):

Z=0b(fr + fr) + 2o (4.1)

In eq. 4.1, (Zy) is the center of the workspace, corresponding to the initial
location of the cursor with no forces being applied to the handles. The scaling
factor b was set to 0.5cm/N. At the beginning of each trial, a reference target
(radius 1 cm) was displayed at the center of the workspace. After 1s, the
reference target vanished and a goal target appeared in one of 16 possible
positions equally spaced around a circle with a 10-cm radius, centered on the
reference target site (see Fig. 4.1C). The goal of the task was to produce a
total force of 20 N in the direction of the target. Participants were instructed
to reach the target within 800 ms, and then to maintain the cursor at the target
site for 1 s. Participants were instructed to perform the task using both arms
at the same time. Trials in which the ratio of forces produced by the two arms
exceeded 10:1 were considered to be unimanual trials and omitted (5.75% of
all trials were omitted; participant trial omission range, 0°27%). Participants’
arms were supported against gravity in the horizontal plane by slings, arm joint
configurations were described in terms of elbow and shoulder joint angles (6
and 6, respectively, in Fig. 4.1B).

In experiment 1, three different joint configurations were tested in three
configuration-specified blocks (Fig. 4.2A). Joint angles were measured by a
goniometer at the start of each block; the means and standard deviations of the
measured joint angles for each configuration are reported in Table 4.1. In each
configuration, the 16 possible targets were presented in a random order with
each target being presented 10 times, resulting in 160 trials per configuration
and a total of 480 trials for each subject.

In experiment 2, the subjects performed the task with their arms constrained
to configuration 3 (Fig. 4.2A) with eight possible targets (Fig. 4.1C, red cir-
cles). In 80% of the trials, the cursor relocated perpendicular relative to the
target direction midway through the movement (Fig. 4.1D). The relocated cur-
sor appeared 3 cm or 5 cm, clockwise (CW) or counterclockwise (CCW), from
the cursor’s last location. We employed an orthonormal definition of location
relative to initial reach direction such that cursor relocations in the CW and
CCW direction were termed negative and positive cursor jumps, respectively.
The presentation of these four possible cursor jump amplitudes (-5 cm, -3 cm,
+3 cm, and +5 cm) and the unperturbed condition (Ocm, 20% of trials) was
random in order, but balanced in quantity for each subject. To reach the target,
subjects had to adapt the forces they were applying to correct for the cursor's
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Figure 4.1: Human-inspired model and experimental procedure performed on
the KINARM robot. A) Each subject sat in front of a screen holding two robotic
arm handles. Movements were countered by a very stiff force field (k = 2000N/m,
B = 50Ns/m). Participants are asked to push on both handles to reach a total force
of 20N in the horizontal plane. A cursor (black dot) indicated the total force being
produced. The sum of forces produced by both arms was mapped onto the cursor
position (black dot) on the virtual reality display. B) Two human-inspired upper-limbs
actuated by six muscle groups (numbered 1-6) corresponding to the mono- and bi-
articular muscles at each joint. Both limbs work in the horizontal plane. The joint
configuration was defined by the joint angles 61 and 6>. C) The possible targets
(black and red circles) were positioned on a 10cm radius circle and evenly spaced.
Targets represented by black and red circles were used in experiment 1 and only the
targets represented by red targets were used in experiment 2. D) Cursor trajectory
(solid black line) from the initial cursor position to the target center in experiments 1
and 2. The force produced by the subject is presented as a gray line. In experiment
2, the cursor jumped midway through the movement. The target projected onto the
screen was presented as a black circle. The new target force after the cursor jump is
presented as a dashed gray disk.
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shift in location which allowed us to study whether biomechanics has an influ-
ence on corrective online responses or not. More precisely, if online corrections
use the same weighting as during the planning phase then we should observe
no change in the force distribution across limbs following a cursor jump, lead-
ing to the same force distribution across arms as during unperturbed trials. In
contrast, if CNS considers biomechanical factors during movement, then the
response to a cursor jump should reflect the weighting associated with the new
target force (Fig. 4.1D). Subjects performed 10 trials with each cursor jump
possibility for each of eight target locations (Fig. 4.2C, red circles), yielding a
total of 400 trials (10 trials * 5 jump/unperturbed options * 8 locations).

4.2.3 Data analysis

We computed the mean value of force produced by each arm during the
200—400ms time period after the target was reached and then projected the
computed force amplitude along the corresponding target direction. An ellipti-
cal fit was performed on the computed forces for all targets and for each arm
of all participants. The elliptical fit was performed by direct least square fitting
(Fitzgibbon et al., 1999). A measure of the directionality of the fit was obtained
from the ratio of the ellipse axes. A measure of the dominant direction of force
production of each arm was obtained from the angle formed by the main axis
of the ellipse and the x-axis of the horizontal plane. The surface of the fitted
ellipse was used as a measure of the global contribution of each arm for each
configuration, wherein the force produced by each arm was averaged across all
target directions.

Experiment 1

To detect significant changes in the preferential direction of force production, we
conducted a repeated-measures analysis of variance (rmANOVA) with main-axis
orientation as the dependent variable, joint configuration and arm as within-
subject independent variables, and handedness as a between-subjects indepen-
dent variable. To detect significant axis orientation differences across configu-
rations, we conducted a rmANOVA with axis ratio as the dependent variable
and arm and joint configuration as within-subject variables, and handedness
as a between-subjects variable. To compare the relative contributions of each
arm during task performance, we conducted a rmANOVA with the total con-
tribution of each arm as a dependent variable, arm- and joint-configuration as
within-subject factors, and handedness as a between-subjects factor. For all
tests, sphericity was verified with Mauchly’s test.
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Experiment 2

We computed the average force produced by the left arm and the right arm
across all unperturbed trials. These average forces were used as baseline mea-
sures for the corresponding left and right arm forces. The forces measured
during the cursor-jump perturbed trials were compared to these baseline forces
to reveal course-corrective force changes induced by each perturbation. For
each trial, we computed the difference between the force produced by the right
arm and the left arm from 10ms prior to cursor jump to 500ms after the cursor
jump.

To test whether the forces produced at target reach differed in relation to
cursor jump amplitude, we conducted a rmANOVA with the forces produced by
the two arms at target reach as the dependent variable and with body-side and
cursor jump amplitude as within-group independent variables for each target.
Sphericity was verified with Mauchly's test. To determine the instant at which
the corrective force adjustments started to differ across cursor jump amplitudes,
we conducted a rmANOVA with the derivative of the force difference as the
dependent variable and cursor jump amplitude as the within group variable on
every 10ms window after the cursor jump. To determine whether the force
distribution across arms during rapid online corrections is optimized based on
biomechanics we extrapolated predictions of the force each arm would produce
along the direction of the target force after cursor jump (see Fig. 4.1D) for
each jump amplitude and target from the elliptical fits of the forces obtained
during unperturbed trials. Correlational analysis was performed between the
predicted and measured forces of the perturbed trials.

Joint configuration | Shoulder angle (61) [o] | Elbow angle (62) [o]
1 23.86 + —5.94 88.53 + —5.08
2 16.53 + —3.95 76.51 + —5.7
3 21.28 + —5.59 51.59 + —11.26

Table 4.1: Mean joint angles (+—standard deviations) for all participants. Values
reflect averages of all participants pooled together in the three configurations of ex-
periment 1.

4.2.4 Mathematical modeling

Biomechanical and physiological model

We used a two-segment upper-limb model as described in detail previously (Li
and Todorov, 2007). In this model, each limb is actuated by six muscle groups
representing mono-articular flexors (m1 and ms3) and extensors (mg and my)
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at the shoulder and elbow joints, respectively, plus a bi-articular flexor (ms)
and extensor (mg) spanning both joints (see Fig. 4.1B). Limb configuration
was defined by the two joint angles 6; (ventral shoulder flexion) and 65 (elbow
flexion), with the joint coordinates being mirrored across the two limbs (Fig.
4.1B). The mechanical model was coupled with a linear, first-order model of
muscle tension as a function of neural command. Both arms were modeled
identically.

The relationship between end-point force F' and joint torque 7 is given by:
T=J(O)TF, (4.2)
where J(0) is the Jacobian of the system.

_ L1 sin(&l) — L2 sin(Gl + 92) —L2 Sin(91 -+ 92)

J(9) = Ly cos(61) + Losin(fy + 602)  Locos(6h + 62) |

(4.3)

The joint torques are produced by the contraction of the various muscle groups
actuating the limb. The torque produced by the contraction of a given muscle
group depends on the moment arm (i.e., the distance between the joint's center
of rotation and the line of action of the muscle group):

7= M(O)T, (4.4)

In  eq. 44 T = M T .. TG]T represents  mus-
cle  group  contraction force and M(f) is the moment
45 =2 0 0 4.5 —-2.5
0 0 32 —-45 23 -4

42 -2 0 0 4.2 =25
Mo - [0 0 31 —45 21 —4} and My -

33 =2 0 0 33 =25

0 0 315 —45 22 —4
tively; see (Li and Todorov, 2007) for detailed definition of the values of M).
Any change in joint configuration () modifies the Jacobian and the moment
arm, impacting, in turn, the relationship between muscle contraction and
end-point force.

arm (with M, =

for configuration 1,2 and 3 respec-

The tension of each muscle group depends upon its corresponding activation
level, length, and velocity (Brown et al., 1999). Because we considered the
behavioral task to be isometric and because we focused on forces produced
at target reach we neglected changes in muscle length arising from muscle
contraction and the effect of contraction velocity. We modeled muscle tension
as a second-order, low-pass response to the control input u for the sake of
simplicity:

tmuscT% = kiai - Ti (45)
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tact@; = u; — ag, (46)

In eq. 4.5 and 4.6, the index i corresponds to the number of the different
muscle groups (Fig. 4.1D), such that T; is the tension of the corresponding
group ¢, a; is the activation level, u; is the control input, ¢,,,s. is the mus-
cle group activation time (set to 90ms), and t,.: (set to 50ms, as in Li and
Todorov (2007)) is the activation dynamics time, k; is the activation gain of
the corresponding muscle group i (k1 = 0.87, ko = 0.67, k3 = 1.06, k4 = 0.58,
ks = 0.24, kg = 0.48). Changing activation dynamics (t,ct and t,usc) had
no impact on the results. Although these two parameters influenced the force
rise time in accordance with the control input change, they did not affect the
steady-state forces reached. k; is the activation gain of the corresponding
muscle group i (k1 = 0.87, ko = 0.67, ks = 1.06, ks = 0.58, ks = 0.24,
ks = 0.48) and represents the relative strengths of the corresponding muscle
group, with a greater activation gain leading to a greater contraction force for a
given neural input. The activation gains were estimated from measurements of
cross-sectional areas of human cadaver muscles (Crevecoeur and Scott, 2014).
It is worth noting that activation gains were greater for the flexor muscles for
the elbow and shoulder muscle pairs (k1 > ko and k3 > k4) but not for the
bi-articular muscle pair (k5 < kg).

All simulations were based on arms of identical dimensions and strength
positioned symmetrically relative to the body midline (Fig. 4.1B). Indeed, the
forces produced in this task are far from maximum voluntary contraction forces.
Variability was also considered identical across arms in simulations. To verify
this hypothesis we computed the 95% confidence ellipse of the forces produced
by each arm across trials and performed a rmANOVA with this measure. This
rmANOVA revealed no significant main effect of body-side (F(1,18) = 2.89,
p = 0.1), handedness (F'(1,18) = 0.08, p = 0.78) or target (F'(15,270) = 1.67,
p = 0.2) and no significant interaction effect (p > 0.16). Joint angles (0) were
the only parameters modified across simulations, which impacted the Jacobian
matrix (J(#) in Eq. 4.3) and the moment arms (M () in Eq. 4.4, Li and
Todorov (2007). Therefore, the biomechanical factors influencing the predicted
force distribution across arms are the asymmetries in strength across flexors and
extensors muscle groups in each arm, the relation between joint torques and
end-point force (J(6)) and the moment arm of each muscle group (M () both
of which vary with joint configuration).

Optimal control problem

Because the task requires holding the cursor at the target for 1s, which involves
continuous feedback monitoring to compensate for motor noise, the nominally
isometric task becomes effectively a dynamic task. Hence, the question of
whether a static solution of a global minimization problem can characterize
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dynamic control faithfully is nontrivial. Thus, we considered a dynamic control
model for the sake of generality.

We employ an optimal feedback control model with a positivity constraint
on the neural input, u = [ul Uy ... U12]T > 0. The positivity constraint is
necessary to avoid negative control input (and tension) for any muscle group and
was applied to represent the physiological property of muscle force generation
being limited to contraction (muscles can only pull on the bones). The state-
space representation of the system dynamics in discrete time is defined as

Tiy1 = AfEt + But + Wt, (47)

where ;=[x y Ff FF Ff Fl TF - TF TF - Tf af -+ af of

- alt x* y*] represents the state of the system at time step ¢ and contains
endpoint force, muscle tension, and muscle activation values respectively. The
variable u; represents the neural input at time ¢, with w; ~ N(0,,,) defining
the random Gaussian noise. The covariance of the state noise €2,,(19 : 30,19 :
30) = I12 x 12 with I being the identity matrix and Q,(¢,j) = 0 otherwise.
With the noise covariance matrix defined in this way, random noise is applied
only to the control command. The matrices A and B are defined using the
equations detailed above. For simplicity, this model does not include signal-
dependent noise, thereby exploiting the separation principle and enabling easy
computation of the optimal control and estimation in a closed loop, as is needed
to handle the positivity constraint on the muscles. Nevertheless, all aspects of
the simulations are expected to generalize with the presence of signal-dependent
noise.

The available information about the state of the system is given by:
yr = Cwy + 1y, (4.8)

where y represents the output of the system, C' = I30 represent the feedback
matrix and n ~ N(0,€,) defines the random Gaussian noise applied to the
1073 O30x2 ]

feedback. The covariance of the feedback noise is 2, = [0 10107
2x30 2

Following computation of the optimal input, we used Kalman filtering to get
an unbiased estimate of the state vector that minimizes estimation variance as
shown in eq. 4.9

T = A% + Bug + Ki(y; — Ciy) (4.9)

wherein & represents the estimated state of the system and K; represents the
Kalman filter gain.
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To compute the optimal neural input u, we minimized the cost function given
by

z(t +i|l2(t)T Qu(t 4 4|2 (t)) + u(t + )" Ru(t + 1), (4.10)

Mz

=0

In eq. 4.10, matrices ) and R define the state and input costs, respectively.
The matrix @ penalizes output error and forces differences across the arms. The
matrix R penalizes high neural inputs to prevent excessive muscle activation. In
our model R = 10~71;5. Changing this value did not influence the static end-
point forces produced by the two arms in the model, but rather affected the time
necessary to reach these end-point forces. The finite horizon N is the predictive
horizon that allows us to handle the positivity constraints on the vector u. An
analytical solution of the unconstrained problem is generated for each time step.
If the analytically computed control input u violates any constraint (u; < 0 for
some i), quadratic programming is used to find a numerical solution that does
not violate the constraint. The quadratic programming algorithm computes a
numerical solution for the time window defined by N. Because the noise that
may perturb the system during the time window N is unpredictable, we use a
receding horizon policy, take the first element of the computed control vector,
and restart the process at the next time step.

Developing the first part of eq. 4.10 gives the following expression:
2T Qr = wi(z—2*) 2 +wa(y—y*)’ +ws(FF — FF)? +wy(F) —FF)?, (4.11)

where = and y represent the coordinates of the cursor location, =* and y*
represent the target coordinates, and the F* FyL,FR and FR variables represent
the x and y forces of the left and right arm, relative to each coordinate axis,
respectively. Force differences across the two arms were penalized to account
for the fact that participants were instructed to use both arms while carrying out
the behavioral task (ws and wy in eq. 4.11). In our model, w; = we = 1000
and w3 = wy = 1073, The large difference between w; and ws versus w3 and
wy can be explained, in large part, by the factor b (= 0.05), which is introduced
between the forces produced by the two arms and the cursor position. These
parameters were adjusted to limit inter-limb force differences while allowing us
to still observe asymmetries in static forces produced by each limb.

The expression of muscle tension in the model was simplified and modeled
as a second-order, low-pass response to the control input u, making the system
linear. The input u had to be constrained to prevent negative muscle tension in
the model. This positivity constraint required using the model predictive control
(MPC; Camacho and Bordons (2007); Rawlings and Mayne (2012)) framework
because standard stochastic optimal control models (LQG see Astrom (1970)
for details) do not deal directly with bounded solution spaces. However, MPC
is similar to the standard model type in principle, with the only difference being
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that MPC uses quadratic programming to derive a numerical solution to the
control problem that meets a positivity constraint.

4.3 Results

4.3.1 Optimal weighting of the left and right arms in iso-
metric force production

In Experiment 1, participants were free to modulate the amount of force pro-
duced by each arm while generating a total force of 20 N. Model simulations
performed using the average joint angles presented in Table 1 predicted that
the force produced by each arm would vary depending upon the direction of
the target force in a manner that exploits this redundancy (Fig. 4.2B). Each
arm was predicted to have a preferential direction in which it would produce
a larger force (Fig. 4.2B), and this direction changed with joint configuration.
In the simulations, control was distributed across the two arms based on their
respective preferential directions. Therefore, changing joint configuration in
the model impacted the force distribution across the limbs in the simulations.
For instance, the left arm produced larger forces in the up-right direction in
configuration 1, but produced larger forces in the up-left and down-right direc-
tions in configuration 3. In the model, three factors explain these differences in
preferential direction of force production across configurations. Firstly, the Ja-
cobian of the system and the moment arm of each muscle group which are both
dependent on the joint configuration are the two factors having the greatest
impact on the preferential direction of force production. Secondly, differences
in strength across the various muscle groups, with flexor muscles being stronger
than extensor muscles, also impact the force distribution across arms. The two
extreme configurations, 1 and 3 on Fig. 4.2, were selected because the preferen-
tial directions of the two arms were inverted between these two configurations.
Configuration 2 was chosen as an intermediate configuration.

The experimental data from right- and left-handed participants followed the
same pattern as the model simulations (Fig. 4.2C and D). The preferential
direction of each arm changed progressively across configurations in a way that is
similar to the changes observed in model simulations. The preferential direction
of the two arms determined the force distribution across limbs. More precisely,
the main-axis orientation of the model simulations are good predictions of the
main-axis orientation observed in the experimental data for configurations 1
and 3, but not for configuration 2 (Fig. 4.2B, C and D). A rmANOVA revealed
no main effect (p > 0.2 in all cases) of handedness (F'(1,18) = 1.425), body-
side (left vs. right arm, F'(1,18) = 3.202), or joint configuration (F(2,36) =
1.42) on the preferential direction of force production. There was a significant
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Figure 4.2: Arm configuration, model predictions, and mean experimental results
for right- and left-handed participants. A) The three joint configurations tested in
model simulations and experiments. B) In the simulations, the force produced by
each arm was projected along the direction of the target and plotted in the target’s
direction. Solid grid lines show target directions and force levels. Simulation results
are plotted in red for the right arm and in blue for the left arm. The main axis
orientation of an elliptical fit performed on simulation data is presented as a solid
blue or red line. C) Mean and standard error of the mean (SEM) of the experimental
results of all right-handed participants pooled together. The forces are displayed
in a manner identical to the simulation results. The solid lines represent the mean
main-axis orientations of the arms of all right-handed participants pooled together.
D) Mean and SEM of the experimental results of all left-handed participants pooled
together. The lines represent the pooled mean main-axis orientations as in panel C.

interaction between joint-configuration and body-side (F(2,36) = 40.79,p <
0.001), but no other significant interactions (p > 0.1), indicating that joint
configuration affected the main-axis orientation differently across the subjects’
two arms. More precisely, the influence of joint configuration on the main-axis
orientation of the left arm was the inverse of its influence on the main-axis
orientation of the right arm (Fig. 4.2B-D and Fig. 4.3D). Bonferroni post
hoc tests revealed that main-axis orientation differed significantly across joint
configurations for both arms (p < 0.05 in all cases). Moreover, the main-axis
orientations of the left and right arm differed significantly from each other in
configurations 1 and 3 (p < 0.001 in both cases) but not in configuration 2.

To understand how the preferential direction of force production of the two
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arms transitions between configuration 1 and configuration 3, we varied the sim-
ulated elbow angles of the model continuously from 35° to 110°, we also varied
the shoulder angles linearly across the values measured for configurations 1, 2
and 3 (see Table 1). We measured the preferential direction of force production
and the overall contribution of each arm using an elliptical fit (see methods).
The directional preference of each arm was measured as the orientation of the
main axis of the fitted ellipses. Data from the simulations (Fig. 4.3A) and
from an exemplar participant (Fig. 4.3B) in configuration 1 are shown in Fig.
3, note the elliptical fit performed as well as the main axis of the ellipse. Sim-
ulations across elbow angles showed a progressive transition of the preferential
direction of force production of the two arms relative to the elbow angle (Fig.
4.3C). In simulations, the preferential directions of the two arms reversed at the
same elbow angle of 86°. More precisely, when the elbow angle reached 86°,
the preferential direction of the left arm changed from lying in the down-left
to up-right direction towards lying in the up-left to down-right direction and
vice versa for the right arm. Experimental results of all participants pooled
together showed similar behavior except that the transition angle was ~ 76°,
corresponding to a smaller elbow angle close to configuration 2 (Fig. 4.3D).
The gradual transition observed in the simulations (Fig. 4.3C) is also observed
in our experimental observations (Fig. 4.3D), however a general shift towards
larger elbow angles is observed in simulations when compared to experimental
data. It is possible that no significant difference in preferential direction was
observed in configuration 2 in our experiment because the elbow angle in con-
figuration 2 (76.51 + —5.70°) is closer to the reversal point of experimental
results than the elbow angle of configuration 1 (88.53 + —5.08°).

The axis ratio of the fitted ellipse showed a maximum at the switching point in
both the simulation and experimental results (Fig. 4.3E and F). At the switching
point, the elliptical fits were almost circular, rendering the extraction of the main
axis orientation very sensitive to variability in the data. A rmANOVA revealed
a significant main effect of joint configuration (F'(2,36) = 4.535, p = 0.0175),
but not of body-side (F(1,18) = 2.02, p = 0.173) or handedness (F(1,18) =
0.519, p = 0.48), on axis ratio and no significant interactions (p > 0.1). A
post-hoc analysis with adjusted paired t-tests (Fig. 4.3F) revealed that the axis
ratio of configuration 2 differed significantly from that of configuration 1 for
both arms (p < 0.001), as well as from that of configuration 3 for the right
arm (p = 0.027), but not the left arm (p = 0.09). The axis ratio did not differ
between configurations 1 and 3 for either arm.

Altogether the model qualitatively predicted the transitions in main axis ori-
entation across configurations (Fig. 4.3C-D), as well as the increase followed by
a decrease in the axis ratio (Fig. 4.3E-F). The model quantitatively predicted
main axis orientation of configurations 1 and 3 (Fig. 4.4A-C).

The measured main-axis orientations in configurations 1 (136.6 + —21.1° for
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Figure 4.3: Main-axis orientation and axis ratio for simulations at various elbow
angles and for experimental data. A) Simulation data for the left (blue dots) and
right arm (red dots) in configuration 1. The elliptical fit performed on these data is
presented as a solid line ellipse. The main axis orientation of the fitted ellipses are
presented as solid lines. B) Exemplar participant data for the left and right arm (blue
and right disks, respectively). The elliptical fit is presented as a solid line ellipse.
The main axis orientation of the ellipse is presented as a solid line. C) Main-axis
orientation of the left (blue line) and right arm (red line) of the simulations for elbow
angles ranging from 35° to 110°. Shoulder angles were linearly interpolated between
the angles presented in Table 1 in order to match the experimental joint configurations
as closely as possible. The dashed gray lines indicate the elbow angles measured during
the experiment for configurations 1, 2, and 3. D) Main-axis orientation for the left
(blue line) and right arm (red line) of all participants pooled together for the three
tested configurations. E) Axis ratio for the two arms in the simulations (black line).
Both arms had an identical axis ratio. F) Axis ratio for the left and right arm of all
participants pooled together for the three configurations.

the right arm and 53.15 + —13.96° for the left arm) and 3 (66.85 + —39.54°
for the right arm and 123.08 + —29.2° for the left arm) were, on average, close
to the axis orientations predicted by our model simulations (123.7° and 56.2°
for the right and left arm in configuration 1 and 44.52° and 135.8° for the
right and left arm in configuration 3, Fig. 4.4A and C). In configuration 2,
the measured main-axis orientations (94.42 + —53.24° for the right arm and
83.41 + —37.87° for the left arm) were found to be highly variable due to the
proximity of this configuration to the elbow angle of reversal (Fig. 4.3C). In
addition, the near-circularity of the elliptical fits reduced the reliability of our
ellipse orientation estimates (Configuration 2, Fig. 4.4B). The elliptical fits
for configurations 1 and 3 had smaller axis ratios than those of configuration
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2, enabling less variable main axis estimates. No differences emerged between
left- and right-handed participants in any of the three configurations. In terms
of main axis orientation the model explained 29% of the variability of the data
across the three configurations and 63% when considering only the two extreme
configurations (1 and 3).
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Figure 4.4: Radial plot of 1 - axis ratio and main-axis orientation for all right-
handed and left-handed participants in the three experimental configurations.
The radius of the plot represents 1-axis ratio and the phase represents the main-axis
orientation of the ellipses fitted on participant data. The right- and left-arm data of all
participants are presented in red and blue, respectively. The right-handed participants’
data are presented as disks and the left-handed participants’ data are presented as
circles. The main-axis orientation of simulation predictions are presented as solid lines.

Finally, while simulations predicted the progressive change of main-axis orien-
tations across configurations, differences can be observed between simulations
and experimental data. As in the model the two arms are modeled identically,
the force produced by the two arms in simulations are symmetrical relative to
the vertical midline whereas asymmetries can be observed between the right and
left arm in experimental data (Fig. 4.2). This suggests that factors other than
biomechanics influence participants’ behavior. Differences between model sim-
ulations and experimental data are not systematic across experimental groups,
however similar asymmetries can be observed in both right- and left-handed
participants. For instance, we determined the total amount of force generated
by each arm based on the surface areas of the fitted ellipses for each arm of each
subject. We found that the left arm produced, on average, slightly more force
(56% and 53% of the total force for left-handed and right-handed participants,
respectively) than the right arm (44% and 47%, respectively). A rmANOVA
revealed no main effects of handedness (F(1,18) = 0.207, p = 0.61), body-
side (F'(1,18) = 4.18, p = 0.056), or joint configuration (F(2,36) = 0.613,
p = 0.55) on fitted ellipse surface area, and no significant interactions (all
p > 0.2). The fact that both right- and left-handed groups showed similar
asymmetries across arms suggests that these differences are not due to hand-
edness.
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4.3.2 Effect of biomechanics on corrective bimanual re-
sponses

In Experiment 2, the cursor jumped perpendicularly to the target direction
at the midpoint of the movement requiring participants to perform corrective
force adjustments to direct the cursor towards the target. These corrective
force adjustments produced in response to cursor jumps differed dependent on
the direction of the target (Fig. 4.5C, D, G and H). For example, the motor
response of the right arm was larger when moving the cursor towards the lower
target than towards the higher target (Fig. 4.5G and C, inset respectively).
The end-point forces produced during unperturbed trials were similar to Ex-
periment 1 in configuration 3, thus reproducing the Experiment 1 results in a
distinct group of participants (see Fig. 4.6A and Fig. 4.2C-D). As predicted
by the model simulation, the main differences in force produced by the two
arms in configuration 3 were seen for the down-right and down-left targets. If
motor corrections take biomechanical factors into account, then lateral jumps
should evoke online adjustments of the weighing of each arm on the total force
production that differ according to the location of the target and to the ampli-
tude of the cursor-jump. For instance, perturbations when moving the cursor
towards a straight downward target should elicit distinct corrections dependent
on the direction of the cursor jump, with a greater contribution of the right or
left arm when the cursor jumps clockwise (CW) or counter clockwise (CCW)
respectively (Fig. 4.6A, B and C).

Analysis of the average end-point forces produced in perturbed trials towards
the center-down target revealed adjustments consistent with the biomechani-
cally optimal distribution of forces (Fig. 4.6A and B). More precisely, for the
center-down target, motor corrections to CCW or CW jumps elicited differential
use of the arms that paralleled the differences observed at baseline (Fig. 4.6B).

A series of rmANOVAs was performed for each target on the forces produced
by each arm. For the up-right and up-left (diagonal direction) targets, as well
as the far-right and far-left targets (along the x-axis), there was a main effect of
perturbation (individual tests across target F'(4,48) > 7, p < 0.05), no effect
of body-side (F'(1,12) < 1.8, p > 0.05), and no interaction (F'(4,48) < 2.3,
p > 0.1). A significant effect of perturbation shows that for these targets the
cursor jump amplitude and direction impacts the end-point forces produced by
the two arms. For the down-left and down target, we found a main effect
of perturbation (F'(4,48) = 36.5, p < 0.001 and F(4,48) = 7.4, p < 0.001
respectively), no effect of body-side (F(1,12) = 1.8, p = 0.184 and F(1,12) =
7.4, p = 0.077 respectively), and a significant interaction (F'(4,48) = 9.8, p <
0.001 and F'(4,48) = 49.6, p < 0.001 respectively). For the down-right target,
we found main effects of perturbation (F(4,48) = 12.6, p < 0.001), body-side
(F(1,12) = 7.5, p = 0.017) and a significant interaction (F'(4,48) = 1.8,
p = 0.133). More intuitively, a significant interaction effect means that force
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adjustments of the dominant arm changed across cursor jump amplitudes in a
different way than the force adjustments of the non-dominant arm (Fig. 4.6B).
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Figure 4.5: Cursor trajectory and arm forces for the top (A-D) and bottom
(E-H) targets in exemplar subjects. A, E) Theoretical cursor trajectories of the
presented trials for the top (A) and bottom (E) targets. B, F) Cursor trajectory of
10 trials for the top (B) and bottom (F) targets with a 5cm rightward cursor jump.
C, G) Corrective force responses (dashed box) of the right (red) and left (blue) arms
over 10 trials after cursor jumps (black dots). D, H) Time evolution of the x and y
forces of the arms for 10 top-target (D) and 10 bottom-target (H) trials.

For each perturbation amplitude, we measured the forces produced by the
right and left arms from 200ms before to 500 ms after the cursor jump. For all
targets, corrective responses of the dominant arm started, on average, 160ms
after the cursor jump (Fig. 4.6C) while corrections of the non-dominant arm
started on average 60ms later, though the adjustments differed with respect
to the target direction (reported above). Hence, after 160 ms the weight
attributed to the dominant arm on the total force production is modulated
online dependent on the cursor jump amplitude (Fig. 4.6C). To determine
the moment at which the force of each arm started to diverge across jump
amplitudes, we computed the derivative of the forces measured for the right
and left arm. With this derivative as the dependent variable, we performed
a rmANOVA on each 10ms window starting from the moment of the jump.
For the center-down target, we observed a main effect of jump amplitude
(F(4,48) = 3.617, p < 0.05) starting from ~ 160ms after the jump (all
earlier windows, p > 0.05) for the right arm, whereas we observed a main effect
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of jump amplitude (F(4,48) = 5.76,p < 0.001) starting from ~ 220ms after
the jump. This correction latency was later than expected in light of previous
reports on online corrections during reaching (Dimitriou et al., 2013). Notwith-
standing, similar correction times (~ 150ms) were observed with a unimanual
version of the task (data not shown). The difference of 60ms in correction
latency between the two arms was surprising as, to our knowledge, such dif-
ference has not been reported in the literature. It is worth noting that while
the net response of the arms scales with direction and amplitude of the cursor
jump, the difference in the response produced by each arm is precisely indicative
of the influence of biomechanics in the corrective response, with adjustments
differing dependent on target direction in a way that is consistent with the force
distribution predicted by joint configuration (Fig. 4.6A). For instance, for the
upper target no change in force for the two arms should arise from a left or
right-ward cursor jump (Fig. 4.6A), which is what we observed in the time
evolution of the perturbed trials towards this target (data not shown).
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Figure 4.6: Analysis of corrective responses for all cursor jump amplitudes for
the bottom target (positioned at 270°). A) Mean +— SEM of forces produced at
target reach for unperturbed trials of all targets. The forces produced by the right
(red) and left (blue) arm are projected along the direction of the respective target and
plotted in the targets direction. Solid grid lines show the target directions and force
levels. Cursor jump directions are indicated by white and gray arrows. The actual
endpoint forces that must be produced following a cursor jump are presented as white
and gray dashed-circle targets (colors match corresponding jumps). B) Mean +—
SEM of forces produced from 200ms after target reach to 400ms after target reach by
the left and right arm for the bottom target with all cursor jump amplitudes. C) Time
evolution of the force produced by the right (dominant) arm (dashed line) and the
left (Non dominant) arm (solid line) for all perturbed and unperturbed trials towards
the bottom target. The SEM for each perturbation amplitude is shown at the end
of each line. Perturbation amplitudes are color-coded: red, 5cm; green, 3cm; black,
unperturbed; light blue, -3cm; and purple, -5cm.

The force distribution across arms observed after cursor jumps was very sim-
ilar to the force distribution observed during unperturbed trials for the corre-
sponding direction (Fig. 4.7A and D) suggesting that biomechanics impacted
the corrective force responses. To further compare the end-point forces of
unperturbed and perturbed trials, we fitted an ellipse on the end-point forces
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measured during unperturbed trials. Based on this elliptical fit we predicted
the forces that should be produced in the direction of the new target forces
after cursor jump. We compared the predicted force difference between right
and left arm to the forces measured during perturbed trials and observed that
the correlations between predicted and measured forces for each cursor jump
amplitude were very strong (R? > 0.80 and p < 0.001; Fig. 4.7B, C, E and
F), confirming that biomechanical factors were integrated into online corrective
force adjustments. We performed the same analysis with model simulations
and observed correlations very similar to those observed in experimental data
(Fig 4.7B, C, E, F).

4.4 Discussion

We investigated the impact of biomechanical constraints on how the brain
weights each arm in the context of bimanual control. More precisely, we stud-
ied the impact of asymmetries in the strength across muscle groups of the
upper-limbs and the effect of the moment arm of each limb joint and of each
muscle group which varied with joint configuration. Our main finding was that
the orientation of the axes at which each limb produces more force (ellipse ori-
entation) and how much force production varies across the targets (axis ratio)
varied progressively and systematically across joint configurations, independent
of handedness, in a way that was predicted by simulations of the optimal control
model, in which differences in force across flexor and extensor muscle groups and
the moment arm of each upper-limb joint as well as of each muscle group were
the only source of mechanical anisotropy. Moreover, following cursor jumps the
forces produced by participants were adjusted online optimally with respect to
the biomechanical configuration of their arms. The presently observed match
between the optimal control model and participants’ behavior supports the
hypothesis that biomechanics shape neural control solutions during bimanual
tasks.

With respect to laterality, there are several known asymmetries between the
dominant and non-dominant arm during unimanual movements (see Goble and
Brown (2008) for review). For instance, Sainburg and Kalakanis (2000) re-
ported a laterality difference in the control of limb dynamics during reaching.
Shabbott and Sainburg (2008) further explored this difference in response to
cursor jumps during unimanual reaching movements and found that the right
and left arm showed similar timing and amplitude of corrective movements but
showed differences in movement trajectories. Mutha et al. (2013) suggested
that, when learning to reach in a force field, the dominant hand is better at op-
timizing task dynamics whereas the non-dominant hand is better at stabilizing
around the target.
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Figure 4.7: Comparison between forces produced during baseline trials and per-
turbed trials (A and D) and comparison between forces predicted from baseline
trials versus measured forces in all perturbed (B, C, E andF) trials. A, D) Means
+— SEMs of forces produced at target reach in unperturbed (A) and perturbed (D)
trials for all targets. The forces produced by the right (red) and left (blue) arm are
projected along the direction of the respective target and plotted in the targets direc-
tion. Solid grid lines show the different target directions and force levels. The light
blue circle, square, and diamond represent the corresponding targets in all panels of
the plot. The two arrows indicate CCW and CW corrections. B, E) Means +— SEMs
of measured versus predicted force differences between the right and the left arms for
each target in all perturbed trials with -5 cm (B) or 5 cm (E) cursor jumps, which
correspond to a large CW (B) or CCW (E) cursor jumps forces. The predicted force
differences were extracted from the ellipses fitted on the forces measured for each arm
of each subject during unperturbed trials. A dashed black line represents the unity
line. The solid green line represents the predictions of model simulations. The light
blue square, circle, and diamond correspond to the targets presented in panel A. C,
F) Means +— SEMs of measured versus predicted force differences between the right
and the left arms for each target in all perturbed trials with -3 cm (C) or 3 cm (F)
cursor jumps, which correspond to a small CW (C) or CCW (F) cursor jumps. The
solid green line represents the predictions of model simulations. The light blue square,
circle and diamond correspond to the targets presented in panel A. Statistical values
are shown to the right of all graphs.
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Handedness has also been shown to influence bimanual coordination. Control
of the dominant arm, relative to the non-dominant arm, has been associated
with a smaller variability (Kalisch et al., 2006), and thus better motor control,
for which variability and effort are determinant factors (Todorov and Jordan,
2002). In a task similar to the one presented here, Salimpour and Shadmehr
(2014) reported a smaller variability in force production for the dominant arm,
which led to a greater contribution of this arm during bimanual task perfor-
mance. White and Diedrichsen (2010) reported that the left hand of right-
handed participants corrected more following unexpected visuomotor rotations,
but also adapted more in the next trial, suggesting that the CNS may assign
error-coping to the non-dominant (and less skilled) arm. Altogether, these find-
ings indicate that cerebral lateralization impacts control across a wide range of
contexts.

Surprisingly, our experimental observations from right-handed and left-
handed participants in Experiment 1 were identical in terms of overall con-
tribution and preferential direction of force production. These results are in line
with those presented by Johansson et al. (2006), where it was suggested that
the choice of the prime actor between the two arms during a bimanual task
was driven by spatial relationships between hand action and goal motions. Fur-
thermore, in Experiment 2, we found no effect of handedness on the corrective
responses for any of the participants precluding our planned analysis of how lat-
eralization of control interacts with optimization related to limb biomechanics.
Given that two prior studies that employed the same paradigm found influences
of handedness on the inter-arm distribution of force (Salimpour and Shadmehr,
2014; Salimpour et al., 2015), the circumstances under which handedness may
influence bimanual control should be examined. Regarding the question of
why we did not find an influence of handedness, it is possible that our explicit
instruction to use both arms influenced the way the task was performed. Al-
ternatively, constraining the arms’ position may have prevented an influence of
handedness. If so, these factors may be hierarchically considered during biman-
ual manipulations. Indeed, it is conceivable that, if the physics of the task is
not experimentally imposed (by constraining the configuration), then partici-
pants may adopt a configuration in which the mechanical anisotropies play a
secondary role and exploit hand dominance to a greater extent.

Importantly, we found that rapid adjustments following cursor jumps, which
alter target-bound forces, were also influenced by the optimal weighting of each
limb as predicted by the model (Fig. 4.7). That is, the perturbation-compelled
force adjustments were generated in a way that integrated optimal limb use.
The presently observed motor response to reaching the end-point was delayed
by ~ 160ms for the right arm and ~ 220ms for the left arm, which, in light
of previous work, seems fairly long. Electromyographic responses to cursor
jumps have been detected with delays of 100 ms (Dimitriou et al., 2013;
Cluff et al., 2015) and around 120-150ms after reaching the movement end-
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point in unimanual reaching tasks (Saunders and Knill, 2003, 2004; Franklin
and Wolpert, 2008; Dimitriou et al., 2013) . However, our observation of
similar response latencies in a unimanual mode of the task suggests that the
mapping of force production to cursor motion in this paradigm may require
more internal processing than standard reaching tasks. Functional similarity
between motor planning and feedback control appears to be a hallmark of
sensorimotor coordination (see Crevecoeur and Scott (2014); Scott et al. (2015)
for review) in the sense that corrective responses exhibit flexibility similar to
that of unperturbed movements. Our data suggest that neural resources that
optimize control distribution across limbs may be shared between movement
planning and movement execution during bimanual tasks.

Handedness did play a role in the corrective response of each arm, as we ob-
served differences in corrective latency between the dominant and non-dominant
arm of ~ 60ms. The lag from the non-dominant arm likely arises from differ-
ences in the uncertainty of the internal model associated with each arm. Indeed,
as suggested in Chapter 3, differences in the internal model of the two arms
likely lead to the use of distinct control strategies during unimanual movement,
and this difference might impact the time required by the nervous system to
determine the optimal correction to be performed by each arm. Moreover, the
delay between the corrective responses of the two arms supports the idea of
Mutha et al. (2013), which suggests that the dominant hand is better at op-
timizing task dynamics whereas the non-dominant hand is better at stabilizing
movement.

In our task, three biomechanical parameters influence the force distribution
across arms, the relation between joint torques and end-point force (J(6) in the
model), the moment arm of each muscle group (M (f)) and the asymmetries
in force between the flexor and extensors muscle groups. Previous studies
have shown that biomechanical parameters such as the inertial resistance of
the arm (Gordon et al., 1994) or the metabolic energy required for movement
production (Shadmehr et al., 2016) define preferential direction of reaching
movements. Factors such as the inertial resistance of the arm have no impact
during isometric tasks as no movement is involved which suggests that some
biomechanical factors underlying preferential directions of movement or force
production are specific to the type of task being performed. However, despite
different biomechanical factors influencing isometric and dynamical tasks, it
has been shown that neurons in the primary motor cortex fire preferentially for
elbow flexion combined with shoulder extension or elbow extension combined
with shoulder flexion, arrangements that are optimized for limb biomechanics
in both isometric and dynamical tasks (Scott et al., 2001; Lillicrap and Scott,
2013; Heming et al.,, 2016). Intuitively, the preferential directions that we
observed in configurations 1 and 3 correspond with this behavior. Indeed, for
each configuration, the directions of largest force production of each arm in
our simulations corresponded to these combined flexor-extensor arrangements
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(data not shown). Hence, the distribution of preferential firing directions of
motor cortex neurons, shaped by limb physics, may be an easy and effective
way to optimize control solutions during both isometric and dynamical tasks.
An interesting challenge for future work will be to investigate the neural basis
of optimal sharing of effort across limbs.

In conclusion, we demonstrated a consistent influence of limb physics on the
planning and control of bimanual tasks by imposing the direction of force tar-
gets. Given the influence of expected motor costs on decisions about how to
move (Cisek, 2012; Wolpert and Landy, 2012) (Cisek 2012; Wolpert and Landy
2012), or which target to acquire, our results may also explain possible planning
biases during bimanual control. Insofar as a representation of mechanical effort
is available during motor planning, we would expect it to impact solution selec-
tion. Indeed, for bimanual motor behaviors, our brain may choose a favorable
joint configuration as well as a movement plan that is favorable to our limb
physics. If so, movement control in general, from planning through execution,
may factor in both movement value and biomechanical costs. We expect that
prospective studies investigate these question in detail.

Addendum

It would be interesting to use the two distinct control strategies presented in
Chapter 3 to explore the differences in behavior across limbs in the task ob-
served here. Indeed, as suggested above, the difference in the delay of the
corrective response of the two arms could arise from differences in the uncer-
tainty associated with the internal model of each two arms. More precisely, the
delayed corrective response of the non-dominant arm is likely due to greater
uncertainty of the internal model associated with this arm, which could lead to
increased computation time, or to the decision by the nervous system to delay
the correction of the non-dominant arm in favor of the corrective response of
the opposite arm. However, the robust control strategy presented in Chapter
2 and used in Chapter 3 cannot be applied to the model used in this chapter
easily, as it does not allow to handle constraints on the input of the system
directly. Adapting the robust control strategy to the model used in Chapter 4
is not straightforward, and future studies should explore control strategies that
allow the use of a robust control strategy and to account for constraints applied
on the input of the system.



CHAPTER 5

Conclusion and open
questions

5.1 Main Contributions

This thesis inserts itself in the general topic of handedness and bimanual co-
ordination. Our work was driven by fundamental questions about the control
strategies underlying asymmetries in motor behavior that can be observed across
arms during the performance of a motor task.

Here we present a new hypothesis about the inter-limb differences in per-
formance across arms. We suggest that inter-limb differences in performance
arise from the use of distinct control strategies rather than an increased stiff-
ness of the non-dominant arm. More precisely, we propose the idea that the
non-dominant arm uses a control strategy that is more robust but less flexi-
ble, while the dominant arm dis-plays higher sensitivity to model error but is
more adaptive. We further suggest that such control strategies are directly
linked to the level of uncertainty of internal models associated with each arm.
We show that this hypothesis captures distinct sensitivities to model errors
upon the introduction of a force field without assuming differences in body size
or mechanical impedance, and suggest a meaningful link between control and
learning as a trade-off between efficiency and robustness that is rooted in neural
representation of movement dynamics.

Here we also provide physiological evidence showing that better performance
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at initial exposure to a force field is not related to increased co-contraction,
hence further indicating that differences in performance are due to the use of
different control strategies. Indeed, currently, the main hypothesis concern-
ing the asymmetries in performance across arms is that differences in the use
of predictive and impedance control mechanisms drive motor output asymme-
tries (Yadav and Sainburg, 2014a,b), with the non-dominant arm relying more
on impedance control mechanisms, and the dominant arm relying more on
predictive mechanisms to perform movements. This hypothesis implies that
participants can modulate the joint mechanical impedance of their limb to
modify the behavior, presumably through the combined activation of agonist-
antagonist pairs of muscles acting on each joint (Hogan, 1985; Burdet et al.,
2001). Hence the evidence we provide suggests that the better performance
of the non-dominant arm when initially confronted to the force field are not
related to a greater use of impedance control.

By testing participants in different experimental setups (end-point and ex-
oskeleton), we showed that inter-limb asymmetries in performance are context-
dependent, with inter-limb differences observed in the end-point setup but not
in the exoskeleton setup. While surprising, this result reinforces the hypothesis
that differences in performance across arms are not due to intrinsic differences
in limb impedance, but rather to the use distinct control strategies. We suggest
that the complexity of the task will affect the control strategy used by the two
arms, with a more complex task, i.e. greater number of DOF to control and
handling of a robotic arm, favoring the use of more "robust" control strategies.

Finally, by analyzing how both arms coordinate their effort in order to achieve
success during a bimanual force task, we showed that the biomechanical con-
figuration of the limbs determined a preferential direction of force production
for each limb, the preferential direction of each arm determined the distribu-
tion of forces across arms, with the arm having its preferential direction best
aligned with the tar-get generally producing more force. Moreover, we reported
that handedness has little effect on the force distribution across arms during
an isometric bimanual force production task, which was somewhat surprising
as an impact of handedness had been observed previously in a similar paradigm
(Salimpour and Shadmehr, 2014). Our results are in line with the results of
Johansson et al. (2006), who reported, through the analysis of the timing of
movement, that one hand is assigned the role of prime executor and that the
choice is made dependent on the spatial relationship between effort and target,
and show that biomechanics play a fundamental role in the relationship between
effort and target.
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5.2 Limitations of optimal and robust control

Optimal control is a framework that has been regularly used to study human
motor control as it does not enforce particular trajectories or behavior but uses
feedback in an intelligent way in order to correct only for deviations that inter-
fere with task goals (Todorov and Jordan, 2002). From this framework task-
constrained variability, goal-directed corrections, motor synergies, controlled
parameters, simplifying rules and discrete coordination modes emerge natu-
rally. Robust control presents similar advantages to optimal control but has
only recently been introduced in the neuroscience domain (Ueyama, 2014).
While these frameworks provide very insightful information about human motor
control systems they also suffer from several limitations.

Firstly, LQ controllers as well as the minimax controllers presented in Chapter
2 are designed to control systems with linear dynamics. In the context of motor
control, the assumption that system dynamics are linear is not conceivable if
one considers realistic models for the dynamics of muscular contraction and
the geometry of the musculo-skeletal system. Ways of working around this
limitation have been presented in the literature for LQ optimal controllers (Li
and Todorov, 2007). However, these workarounds differ from optimal feedback
control in several ways: The solution is based on a feed-forward solution of the
deterministic case, i.e. without noise. Indeed the state feedback control policy is
computed by linearizing the system around this optimal, unperturbed path, and
this control strategy assumes that state feedback is able to correct for deviations
from this optimal trajectory. Therefore, the benefits of optimal feedback control
are really present when it is applied to linear systems. Similar concerns can be
raised about the robust controller presented in this work. Adaptations to non-
linear systems exist in control theory for min-max controllers, but they have yet
to be adapted to deal with the particularities of human motor control systems.

Another important aspect of human sensorimotor control is the integration
of feedback information in the control of movement. Significant transmission
delays exist in the human nervous systems, with information about events oc-
curring on the periphery only reaching the central nervous system with a delay
of ~ 30ms, with similar delays existing for the transmission of motor commands
(Scott, 2016). Moreover, this sensorimotor delays differ depending on the sen-
sory modality. Most models used to explain motor behavior ignore this sensory
and motor delays, even though such delays are devastating in the control of
fast movements or corrective responses (Crevecoeur and Scott, 2014). The
controllers presented in this work are not able to deal with sensory feedback
delays or motor delays in their current form. A method to introduce such delays
in linear models such as those used in this work was introduced by Crevecoeur
et al. (2011). This method is interesting and offers a wide array of possibilities
to explore the effect of delays in the feedback loop. However, it is also rigid in
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the sense that feedback delays are fixed and are assumed to be known by the
system. In real biological systems it is likely that such delays are unknown or
uncertain.

5.3 Open questions

5.3.1 Context-dependent asymmetries in performance
across arms

In Chapter 3 we used a single experimental paradigm in two different experi-
mental setups (end-point and exoskeleton Kinarm) and observed very different
results in these two setups. In the end-point setup we observed differences in
performance across arms at the introduction of the force field, whereas in the ex-
oskeleton setup we did not observe any difference in performance across arms,
hence suggesting that asymmetries in performance across arms are context-
dependent. We suggest that it is conceivable that manipulating the handle of
a robotic arm and having to control a greater number of degrees of freedom
requires better internal models, or greater compensation for potential model
errors, which likely favors the expression of a robust control strategy. While
previous studies have observed that parameters such as target size impact the
size of asymmetries in behavior across arms (Elliott et al., 1995; Carson et al.,
1996), the influence of the point of application of the perturbation or of the
number of DOF to control on inter-limb differences has remained largely unex-
plored. Performing experiments with control of these parameters should allow
identifying the impact of such parameters on the control strategy used by the
two arms, which would be interesting as it would bring greater understanding
to the flexibility of human motor control strategies.

Another possible way to tackle this problem would be to develop more com-
plex upper-limb models able to account for the different number of degrees of
freedom to be controlled during the task. It is likely that such models would
introduce non-linearities and would require the adaptation of the two control
frameworks used in Chapter 3. However, using adapted versions of the two
controllers presented in this work on such models would give us theoretical pre-
dictions of the effect of task complexity on these two control strategies, and
hence would allow us verifying whether the results observed in Chapter 3 can
be theoretically predicted.

In this thesis we tested differences in performance across arms using different
groups of participants. In a recent study Cluff et al. (2015) showed that differ-
ences in learning existed across participants, which could be also related to a
tradeoff between robustness and adaptiveness of movement. Hence analyzing
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the performance of the two arms of a single participant will limit limit the in-
fluence of inter-participant variability. To do so, the task should be designed as
to limit transfer of learning from one arm to the other, with the use of washout
trials. Analyzing the results of this task would allow clarifying the differences in
control and performance across the two arms ans should be performed in the
future.

5.3.2 Learning asymmetries

The results presented in Chapter 3 showed that participants that were highly
sensitive to the introduction of the force field rapidly adapted their behav-
ior across trials, whereas participants who were less sensitive also showed less
adaptation. Consistent with these observations, Albert and Shadmehr (2016)
showed that smaller error experienced during initial trials leads to a smaller
improvement in the following trials, without explaining the source of the initial
error. Moreover, asymmetries in learning rate between the two arms in track-
tracing tasks have been reported in the literature (McGrath and Kantak, 2016).
We suggest that these differences in learning rate arise from the existence of
a tradeoff between sensitivity to model error and the ability to learn, with ro-
bustness being an advantage when the force field is first introduced but also
reflecting reduced learning abilities.

We believe that the theoretical framework of robust and optimal control as
presented in this work can be an interesting tool to reconcile motor control the-
ory with motor learning theory, where two different learning mechanisms have
been regularly highlighted: error-based learning, which allows rapid improve-
ment during the first trials of a motor task, and model-free learning, which
allows retention of the motor skill (Huang et al., 2011; Orban de Xivry and
Lefevre, 2015). Parameters such as perturbation schedule (introducing the per-
turbation gradually or abruptly) have been shown to impact the learning rate
as well as the retention of motor skill (Orban de Xivry et al., 2011). Given the
above-described considerations, it is likely that error-based learning is impacted
by the robustness of the control strategy that is used. Hence studying the ef-
fect of perturbation schedule using the two controllers used in Chapter 3 and
comparing its predictions to behavioral data could provide interesting insight
into learning mechanisms.

The difference in adaptiveness of control strategies might also impact the
transfer of learned motor skills from one arm to the other, with the arm more
able to adapt its model during learning possibly being more able to transfer
motor skill to the other arm. Contrasting results have been reported concerning
transfer of motor skill across arms. Certain studies have reported asymmetrical
transfer of motor skill across arms (Wang and Sainburg, 2003, 2006), while
others have observed no differences in the transfer of motor skill (Stockinger
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et al., 2015). Interestingly, it has been reported that the higher the lateralization
of arm movement, i.e. the bigger the asymmetries in the use of the two arms,
the greater the transfer of motor skill from the dominant to the non-dominant
arm (Lefumat et al., 2015). Studying the transfer of motor skills across arms
using the theoretical framework presented in Chapter 3 could provide interesting
insight on the computational mechanisms underlying transfer of motor skill. To
this end we acquired data from participants performing the task with one arm
and then with the other but this dataset has yet to be analyzed.

5.3.3 Bimanual coordination

Contrasting results have arisen concerning how efforts are distributed across
arms during a bimanual task. Indeed, some studies have suggested that hand-
edness plays a significant role in the assignment of control between the two
arms (Salimpour and Shadmehr, 2014; Salimpour et al., 2015) while others
have suggested that the prime role is given to the arm with the best spatial
relationship between effort and target (Johansson et al., 2006). The results
presented in Chapter 4 are in line with results from Johansson and colleagues,
and suggest that biomechanical factors play a significant role on the distribu-
tion of control across arms. Given the influence of expected motor costs on
decisions about how to move (Cisek, 2012; Wolpert and Landy, 2012), or which
target to acquire, our results may also explain possible planning biases during
bimanual control. If a representation of mechanical effort is available during
motor planning, we would expect it to impact solution selection. Indeed, for
bimanual motor behaviors, our brain may choose a favorable joint configuration
as well as a movement plan that is favorable to our limb physics. If so, move-
ment control in general, from planning through execution, may factor in both
movement value and biomechanical costs. We expect that prospective studies
investigate this question in detail.

In Chapter 4 we observed a difference in the delay of corrective responses of
the dominant arm and the non-dominant arm, with the dominant arm starting to
correct for a cursor jump ~ 60ms earlier than the non-dominant arm. This delay
is in line with the hypothesis that each arm has a specialized behavior (Mutha
et al., 2013), which suggests that the non-dominant arm is better at task
stabilization and the dominant arm is better at trajectory control. The difference
in timing of corrective responses across arms could arise from differences in
uncertainty of internal models associated with the dominant and non-dominant
arm. Indeed, as we suggested in Chapter 3, the internal model of the non-
dominant arm is likely related to greater uncertainty than the internal model of
the dominant arm. A more uncertain internal model likely leads to increased
computation time of motor commands, leading to a delayed motor response.
Using the robust and optimal controllers presented in Chapter 2 provide an
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interesting theoretical framework to explore the difference in corrective response
time of each arm during bimanual tasks. This should be explored in great depth
in future studies as it could provide great insight into the differences in control
of the two arms.

Another interesting challenge for future work will be to investigate the neural
basis of optimal sharing of effort across limbs. Indeed, it has been shown
that neurons in the primary motor cortex fire preferentially for elbow flexion
combined with shoulder extension or elbow extension combined with shoulder
flexion, arrangements that are optimized for limb biomechanics in both isometric
and dynamical tasks (Scott et al., 2001; Lillicrap and Scott, 2013; Heming et al.,
2016). Intuitively, the preferential directions that we observed in configurations
1 and 3 of Chapter 4 correspond with this behavior. Hence, the distribution of
preferential firing directions of motor cortex neurons, shaped by limb physics,
may be an easy and effective way to optimize control solutions during both
isometric and dynamical tasks, and deserves to be explored in future studies.

5.3.4 Dexterous manipulation

Humans have the remarkable capacity to manipulate small objects with great
dexterity. Dexterous manipulation has been largely studied using precision grip
(i.e., when holding an object between the thumb and index finger). In this con-
text, contact forces at the fingertip-object interface are typically decomposed
into two components: the force normal to the object's surface and directly
controlled by the subject (normal force, NF), and the force tangential to the
object’s surface and resulting from the object’'s weight and inertial forces (tan-
gential force, TF) (Johansson and Westling, 1984). To ensure a stable grasp
of the object under predictable conditions, the central nervous system continu-
ously scales and synchronizes NF to the varying TF (Flanagan and Wing, 1993,
1995). In order to achieve such a synchronicity between NF and TF the ner-
vous system must be able to predict changes in TF, and likely does so using
internal models of the arm and the object. Hence, if differences in the uncer-
tainty associated with the internal model of the two arms exist, it is conceivable
that differences in grip force adjustments could be observed across arms and
deserves to be explored in future studies.

5.4 Potential application for upper-limb prosthe-
ses

The specialized behavior of the two arms due to the use of distinct control
strategies could impact the development of prosthetic arms. Given that each
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arm has a specialized behavior, it could be interesting for arm prostheses to have
different design depending on whether they are to be used with the dominant or
the non-dominant arm. For instance, given that the non-dominant arm is better
at stabilizing when confronted to perturbations, one could imagine a prosthesis
that does not aim at reproducing the complexity of the human upper-limb but
is specially designed for movement stabilization. Indeed, this idea would lead
to simpler, and hence less expensive, devices which would provide the main
functionality expected from the limb they aim to replace.

5.5 Concluding words

In this work we provided new insight on the control strategies underlying the
specialized behavior of the two arms. The fact that one arm uses a control
strategy that is more robust but less efficient than the other could appear sur-
prising at first. Indeed, what would be the disadvantage of having two efficiently
controlled arms? Analyzing the way humans interact with their environment
allows answering this question. Indeed, the specialized behavior of the two arms
is perfectly adapted to the manipulation of objects in our environments, with
simple tasks such as opening a bottle benefiting from having one arm that is
more robustly controlled, and stabilizes the bottle, while the other arm turns the
lid of the bottle. Even more fascinating is the ability of human’s nervous system
to adapt the control strategy that is used dependent on the requirements of
the task being performed. These considerations show to which extent human
control strategies are perfectly adapted to our environment and are unbeatable,
and hence should continue to be thoroughly studied.
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