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Abstract
Everyday movements, such as reaching for a drink of water or typing on a keyboard
highlight the relative ease with which we move and interact with our surroundings. However, the
success of these skilled movements depends on the motor system’s ability to consider a variety of
factors, such as the goal of the behavioral task, the surrounding environment and the physical
properties of the musculoskeletal system. Recent theories of voluntary motor control, namely
optimal feedback control, suggest that such skilled motor behavior is achieved through
sophisticated feedback control. This thesis investigates one physiological implication of this
theory. Specifically, we hypothesize that rapid feedback responses following mechanical
perturbations possess many of the functional attributes thought to be reserved for voluntary
control because these two systems have contributions from similar neural substrates (eg. motor
areas in cortex).
Our studies were specifically designed to investigate rapid feedback responses during the
long-latency epoch, which occurs between 50-100ms following a mechanical perturbation.
Consistent with our hypothesis, we found that the sophistication of the long-latency response
rivals that of voluntary control. In our first study (Chapter 2) we examined if rapid feedback
responses were sensitive to features of the end target. We found that muscle activity during the
long-latency epoch was modulated by the size/shape of the end. In our second study (Chapter 3)
we observed flexible responses in muscle activity during the long-latency epoch that reflected
rapid ‘decisions’ during online control regarding how to navigate around obstacles in the
environment as well as how to select amongst multiple potential goals. In our final study (Chapter
4) we examined if rapid feedback responses in the shortened muscle parallel the sophisticated
responses observed in the lengthened muscle. We found that unloading a pre-excited muscle
elicited sophisticated inhibitory responses, including knowledge of limb mechanics and rapid
target selection, during the long-latency epoch that are comparable to the excitatory responses
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observed during loading.
Taken together, the studies presented in this thesis demonstrate that the responses in the
long-latency epoch reflect several functional attributes typically reserved for voluntary control.
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Chapter 1
Introduction
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1.1 Motivation
A hallmark of the human sensorimotor system is its ability to alter motor actions during
an ongoing task. For example, in sports such as football or rugby, physical contact can deviate a
player from their initial course, which may result in a corrective action to continue on the same
path, or possibly, a change in their path around the opposing players. Ultimately, the ensuing
corrective action depends on a variety of factors related to the motor goal, such as the player’s
position relative to the sidelines and end zone, as well as intervening obstacles, such as the
position and speed of other players. Many researchers have investigated how features of the
behavioral goal (Soechting, 1984; Trommershäuser et al., 2003; Cohen and Rosenbaum, 2004;
Knill et al., 2011) and environment influence aspects of motor planning to initiate movement
(Howard and Tipper, 1997; Sabes and Jordan, 1997; Tipper et al., 1997; Sabes et al., 1998;
Tresilian, 1998; Mon-Williams et al., 2001; Hamilton and Wolpert, 2002; Chapman and Goodale,
2008). However, far less is known about how these behavioral and environmental factors
influence motor decision during movement.
Recent theories of voluntary motor control, namely optimal feedback control, suggest
that skilled motor behavior is achieved through sophisticated feedback control (Todorov and
Jordan, 2002; Scott, 2004; Todorov, 2004). This framework links sensory signals and motor
commands to optimize behavioral performance. As such, sensory feedback plays an important
role in determining motor commands. Because of the emphasis on sensory feedback, this
framework makes important predictions about how motor actions should be selected during
online control. In particular, it predicts that errors will only be corrected if they impede task
success. As well, motor commands are flexible and continually updated based on the sensory
feedback and the state of the system (e.g. position and velocity).
2

Since feedback is an integral part of optimal feedback control theory, a number of studies
have used mechanical perturbations to probe voluntary control processes (Pruszynski and Scott,
2012; Scott, 2012). Mechanical perturbations evoke a stereotypical pattern of muscle activity that
precedes the traditional voluntary response (<100ms). These rapid corrective responses are
known to possess considerable flexibility and are closely linked to voluntary control processes.
Thus, these rapid corrective responses provide considerable insight into the integration of sensory
feedback and the underlying control schemes of the voluntary motor system.
This thesis examines the behavioral and neurophysiological consequences of mechanical
perturbations during on-line control in various contexts. In the following sections I will
summarize the optimal feedback control framework and its behavioral predictions as well as the
sophistication of muscle responses associated with mechanical perturbations applied during a
variety of motor actions.

1.2 Voluntary Control
Everyday tasks, such as reaching for a glass of water or typing on a keyboard, highlight
the relative ease with which we move and interact with our surroundings. Yet, the success of
these movements hinge on the voluntary motor systems ability to consider a variety of extrinsic
and intrinsic factors, including features of the behavioral task, the physics of the limb, as well as
the inherent noise of sensorimotor signals. Here I will outline the behavioral relevance of these
factors and how they influence voluntary control.

3

Behavioral Task
Voluntary movements are goal-oriented, whether it’s reaching for a glass of water or
typing on a keyboard. A number of studies have illustrated that goal directed movements are
influenced by a target’s location (Morasso, 1981), size (Soechting, 1984), shape (Knill et al.,
2011), orientation (Cohen and Rosenbaum, 2004; Knill et al., 2011) and even the presence of
multiple potential targets (Chapman et al., 2010). For example, Knill et al. (2011) illustrated that
the end point variance of visually guided reaching movements were influenced by the size, shape
and orientation of the end target. The authors observed that the endpoint variance of movements
to rectangular targets were spread across the long axis, whereas movements to small circular
targets resulted in small circular endpoint variances. Similarly, studies have illustrated that
features of the environment also influence our movements. For example, Sabes and Jordan (1997)
examined how an obstacle placed directly between the start and end targets influenced movement
plans. They propose that subjects plan their movements around obstacles, such that the hands
closest point to the obstacle corresponds to the limb geometry with the greatest inertial stability.
Various other studies have also shown that the presence of obstacles (Dean and Brüwer, 1994;
Sabes and Jordan, 1997; Sabes et al., 1998; Tresilian, 1998; Mon-Williams et al., 2001; Hamilton
and Wolpert, 2002) and/or distracters (Jackson et al., 1995; Howard and Tipper, 1997; Tipper et
al., 1997) alter movement kinematics, even when they do not directly impede movement (Tipper
et al., 1997). Studies have illustrated that risky environments, such as penalty regions, will also
influence how we move (Trommershäuser et al., 2003). Thus, it is apparent that the goal-directed
movements produced by the voluntary motor system are influenced by the context of the
behavioral task, which is shaped by various features of the goal and environment.

4

Limb Mechanics and Coordination
Voluntary motor actions must also consider the properties of the limb to produce
coordinated movements. The intersegmental dynamics of the upper limb pose a substantial
control problem for the motor system (Hollerbach and Flash, 1982; Graham et al., 2003). For
example, the activation of muscles that span a particular joint can induce motion at adjacent
joints. Thus, voluntary movements require coordinated muscle activities at different joints to
compensate for interaction torques between the limb segments. A study by Gribble and Ostry
(1999) highlighted that human subjects making single joint elbow movements produced shoulder
muscle activity that preceded movement onset to compensate for interaction torques. This
suggests that the voluntary motor system accounts for the intersegmental dynamics of the limb.
These coordinated responses also extend to movements performed with both limbs,
which require inter-limb or bimanual coordination. Correspondingly, a number of studies have
highlighted the strong coupling and coordination during bimanual control (Kelso et al., 1979;
Kelso et al., 1983; Franz et al., 1991), even when performing dissimilar movements. For example,
Franz et al. (1991) illustrated a strong temporal relationship whether both arms performed
congruent circular movements or when they performed incongruent movements such as, when
one arm performed a circular movement while the other made movements straight ahead.

Variability
Finally, voluntary movements are successful despite the fact the sensory and motor
signals are quite noisy (Stein et al., 2005; Faisal et al., 2008). The noise present in sensory
systems limit our precision in estimating where we are in the world, as well as where the world is
relative to us (Scott and Loeb, 1994; Osborne et al., 2005). Noise is also present in the motor
5

system, and is thought to contribute to the variability observed in voluntary movements on a trialto-trial basis (Schmidt et al., 1979; Meyer et al., 1988; Harris and Wolpert, 1998). Furthermore,
increases in motor commands are accompanied with increases in the levels of noise (Slifkin and
Newell, 1999, 2000; Jones et al., 2002; Hamilton et al., 2004). In spite of noise, humans are
surprisingly adept at moving and interacting in the world.

1.3 Theoretical Framework
1.3.1 Previous Theories of Motor Control
Feedback and The Servo Control Theory
Sensory information from our eyes, muscles and skin, play an integral role in our ability
to perceive our body and surroundings. The first theories of motor control realized the importance
of sensory feedback and hypothesized that the motor system behaved like a servo-controller
(Marsden et al., 1976, 1976, 1977; Merton, 2008). Motor commands to muscles were generated
by multiplying the difference between the intended and actual position of the limb (or joint angle)
by a single gain. The size of the motor commands decreases as one approaches the desired
position or trajectory.
However, mounting empirical evidence quickly highlighted the limitations of servo
controllers (Taub et al., 1975; Gottlieb and Agarwal, 1979, 1980; Rothwell et al., 1982; Scott,
2008). In particular, transmission delays when receiving sensory input from or transmitting motor
commands to the limb can make servo controllers unstable. The shortest delays to and from the
spinal cord are ~25ms. Given the ability of humans to generate rapid movements (Gottlieb and
Agarwal, 1979, 1980), even these short delays can cause instability in a servo-controller.
Consequently, the importance of feedback was diminished and the motor system was thought to
6

act largely as an open-loop (feedforward) controller (Schmidt and Wrisberg, 2004).

Open-loop Control and Principles of Optimality
Principals of optimality have been previously used to describe aspects of biological
control, such as how we might choose movements in a particular task (Nelson, 1983; Flash and
Hogan, 1985; Uno et al., 1989; Harris and Wolpert, 1998). Early optimal control models were
open-loop and focused on describing kinematic features of movement, such as straight
trajectories and bell-shaped speed profiles. These models were concerned with the ‘smoothness’
of movements and used cost functions to minimize the amount of jerk (Flash and Hogan, 1985) or
changes in torque (Uno et al., 1989). Although they reproduced the motion of the limb during
reaching, they did not explain why the sensorimotor system would minimize jerk or changes in
torque.
Other models suggested motor commands may be selected to minimize noise or errors
during motor actions, which can interfere with task performance (Harris and Wolpert, 1998).
Specifically, these models are concerned with signal-dependent noise of motor outputs. They are
based on the assumption that increases in motor commands will increase variability (Slifkin and
Newell, 1999, 2000; Jones et al., 2002; Hamilton et al., 2004). Essentially, larger control signals
produce larger variability that would accumulate over the course of the reach. Thus, minimizing
noise would minimize endpoint variance.

1.3.2 Optimal Feedback Control
More recently, optimal feedback control has been suggested as a theory of voluntary
control (Todorov and Jordan, 2002). Optimal feedback control, an extension of optimal control
7

theory, creates a complex link between motor output and sensory feedback based on some criteria
of performance. Ultimately, control actions are selected to optimize the balance between effort,
behavioral performance and reward. This framework is capable of capturing various aspects of
voluntary motor behavior such as goal-directed movements, knowledge of limb mechanics and
even trial-to-trial variability. The optimal feedback controllers proposed by Todorov and Jordan
(2002) have two main components: 1) a state estimator, and 2) a control law. These components
reveal several key features of optimal feedback control.

State Estimation
Sensory feedback is corrupted by noise, which can pose problems for traditional feedback
controllers. The implementation of a state estimator, a filtering technique, can be used to gain an
accurate estimate of the state of the system (Todorov and Jordan, 2002; Scott, 2004; Todorov,
2004; Shadmehr and Krakauer, 2008). The most common realization of a state estimator in
optimal feedback control is a kalman filter (Kalman and Bucy, 1961) , which is optimal when the
system dynamics are linear and the noise is Gaussian. State estimation combines noisy sensory
feedback with internal predictions about the state of the system (priors). In biological control, it
appears that the state estimator acquires these predications (or priors) through a forward model
(Miall and Wolpert, 1996; Flanagan and Wing, 1997; Wolpert and Flanagan, 2001; Kawato et al.,
2003; Desmurget and Grafton, 2000). In optimal feedback control, a forward model makes
sensory predictions based on an efference copy of motor commands. Numerous studies support
the notion of a forward model (Flanagan and Wing, 1997; Wolpert and Flanagan, 2001; Wolpert
et al., 1995) and highlight the importance of motor prediction for successful control. The sensory
consequences of the forward model are probabilistically combined with noisy sensory
8

information to produce an optimal estimate of the current state of the system (Todorov and Jordan
2002, Todorov 2004, 2005, Bryson and Ho 1975; Brown 1983). In a kalman filter, the relative
contributions of internal predictions and the noisy sensory feedback to the final state estimates are
modulated over time. Critically, the feedback controller receives the estimated state-space
variables provided by the state estimator, as opposed to the original noisy sensory feedback.
Note that state estimation techniques often consider the presence of noise as equivalent to
transmission delays in sensory feedback (Todorov and Jordan, 2002; Todorov, 2004, 2005). This
approximation is justified in unperturbed behaviors, since similar increases in sensory delays or in
noise produce comparable amounts of movement variability. However, perturbations can evoke
large errors and discounting feedback delays can result in instability of the system (Crevecoeur et
al., In Press; Crevecoeur and Scott, 2013). In the presence of delays, the use of state estimation
requires converting delayed sensory feedback into estimates of the present state of the system
(Crevecoeur and Scott, 2013). These sensory predictions, which are based on delayed sensory
feedback, are independent from the prediction of the forward model (Ariff et al., 2002; Mehta and
Schaal, 2002; Crevecoeur and Scott, 2013).

Control Policy
A second component of an optimal feedback controller is the control policy that converts
the estimated state variables into motor commands. Critically, the control policy is optimized to
the goals of a behavioral task, which are formally defined in a cost function that usually
incorporates aspects of accuracy and effort (Todorov and Jordan, 2002; Todorov, 2005). Thus,
the control policy implicitly considers various features of the task including the size, shape, and
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orientation of the goal as well as any potential obstacles in the environment. In practice the
optimal control action is defined as follows:

Control policy: u =-Lx
Which satisfies the minimum cost: arg min{J(u,x)}

Where, L, is the control policy that relates the estimated state-space variables, x, to motor
commands, u, such that the cost function, J, is minimized. Since the control policy is based on a
cost function that explicitly defines task performance, only deviations that impede task
performance are corrected, a feature known as the minimum intervention principle (Todorov and
Jordan, 2002).
A feature of the control policy is the online cost-to-go, which is the expected remaining
cost associated with movement. Motor actions are selected to minimize the expected remaining
cost, which depends on where one happens to be in the world (state-space variables). The cost-togo has a powerful implication: Various solutions exist for a particular control problem and the
motor system has knowledge of them, which allows for flexible online control. Thus, one
prediction is that the motor system can make online ‘decisions’ based on feedback.

1.4 Sensory Feedback and Mechanical Perturbations
Optimal feedback control is a normative model of voluntary control designed to describe
behavior. It does not make any prediction about the underlying neural implementation (Scott,
2004, 2012). However, if optimal feedback control is capable of explaining features of volitional
behavior perhaps it can be used to elucidate whether, and how the brain generates sophisticated
10

feedback control (Scott, 2004, 2012; Pruszynski and Scott, 2012). Because optimal feedback
control emphasizes the importance of feedback during voluntary motor actions, a popular method
of probing control is to use visual or mechanical perturbations to induce errors.
With respect to visual perturbations, studies have typically used visual target jumps or
hand-aligned cursor shifts to investigate the use of vision during goal-directed reaching
movements (Soechting and Lacquaniti, 1983; Sarlegna et al., 2003; Saunders and Knill, 2003,
2004, 2005; Franklin and Wolpert, 2008; Dimitriou et al., 2013). These perturbations cause errors
between the movement path and goal target, which require rapid adjustments during movement.
Consistently, studies have reported that visual feedback can begin to influence goal-directed
motor responses at ~100ms (Franklin and Wolpert, 2008; Soechting and Lacquaniti, 1983; Knill
et al. 2011).
Mechanical perturbations have been used for over 50 years and provide a simple
paradigm to study feedback corrections (For review, Pruszynski and Scott, 2012). A muscle
stretch induced by a mechanical perturbation evokes a stereotyped pattern of muscle activity (Lee
and Tatton, 1975; Crago et al., 1976; Rothwell et al., 1980; Mortimer et al., 1981; Bonnet, 1983;
Nakazawa et al., 1997). This pattern of activity begins with a short-latency response (R1: 2050ms), which is generated entirely by the spinal cord, and ends with what is traditionally
considered the voluntary response (>100ms) because it can be generated by visual, cutaneous or
light mechanical stimuli (Hammond, 1956; Lee and Tatton, 1975; Tatton and Lee, 1975;
Rothwell et al., 1980; Jaeger et al., 1982; Calancie and Bawa, 1985; Matthews, 1986; Kimura et
al., 2006; Pruszynski et al., 2008) The long-latency response (50-100ms) is an intermediate
response that has contributions from both the spinal cord (Ghez and Shinoda, 1978; Matthews,
1984) and from a transcortical feedback pathway (Evarts, 1973; Evarts and Granit, 1976; Cheney
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and Fetz, 1984; Matthews, 1991; Palmer and Ashby, 1992; Pruszynski et al., 2011a). In the next
section I will review aspects of the short and long-latency response.

1.5 Short-Latency Response
The earliest response following a mechanical perturbation is the short-latency response
(R1: 20-50ms). The short-latency response, which is generated by the spinal circuitry, is
relatively fixed and thought to reflect the present state of the spinal cord. Accordingly, the R1
response only modulates under limited conditions. For example, it scales with the magnitude of
the stretch and increases with the amount of background muscle activity, termed ‘gainscaling’(Marsden et al., 1976; Bedingham and Tatton, 1984; Verrier, 1985; Matthews, 1986;
Stein et al., 1995; Pruszynski et al., 2009). Additionally, previous studies have found that
extensive practice and direct reinforcement can alter the R1 response (Christakos et al., 1983;
Wolpaw, 1983; Wolf and Segal, 1996). Furthermore, R1 responses can change for cyclical
behaviors such as walking, running, and even repetitive arm movements (Capaday and Stein,
1986; Duysens et al., 1993; Komiyama et al., 2000; Zehr and Chua, 2000; Zehr et al., 2003). The
short latency has also been shown to modulate when progressing from posture to movement
(Mortimer et al., 1981). However, beyond these limited conditions the short-latency response is
relatively inflexible and stereotyped.

1.6 Long-latency Response
Although the responses produced in the short latency are relatively fixed, the longlatency response is capable of considerable flexibility. This flexibility is thought to be a product
of the underlying neural circuitry (via the transcortical pathway), which also contributes to
12

voluntary motor actions (Evarts, 1973; Evarts and Granit, 1976; Cheney and Fetz, 1984;
Matthews, 1991; Palmer and Ashby, 1992; Pruszynski et al., 2011). A powerful implication of the
shared neural circuitry, is that the long-latency response should possess similar sophistication to
that of voluntary control (Scott, 2004, 2012). Thus, the responses produced in the long-latency
epoch may provide a window into voluntary control processes. Here I will outline previously
observed similarities between the long-latency and voluntary responses.

Behavioral Task
If voluntary behavior and long latency responses are intimately linked, then an obvious
prediction is that corrective responses should depend on the behvioural goal. Indeed, a number of
studies have shown that the long-latency response is capable of considerable flexibility related to
the context of the task. The earliest observations by Hammond (1956) illustrated the flexibility of
these responses related to subject intent (Hammond, 1956a). He asked subjects to either ‘resist’ or
‘let go’ following a mechanical perturbation and observed that the ‘resist’ condition was
accompanied by larger responses in the long-latency epoch as compared to the responses of the
‘let-go’ condition. Note that the short latency response failed to exhibit modulation based on
subject intent. Consistent with Hammond’s observations a number of studies have shown that
verbal instruction can indeed influence the long-latency response (Crago et al., 1976; Evarts and
Granit, 1976; Colebatch et al., 1979; Rothwell et al., 1980; Hagbarth et al., 1981; Jaeger et al.,
1982a; Lee and Tatton, 1982; Capaday et al., 1994; Pruszynski et al., 2008).
However, the extremes of such verbal instructions limit the behavioral context that can be
examined. In fact, a number of studies have investigated behavioral tasks other than the extremes
of ‘resist/let go’ (Hore et al., 1990; Doemges and Rack, 1992a, 1992b; Dietz et al., 1994). For
13

example, an elegant study by Mardsen et al. (Marsden et al., 1981) illustrated the importance of a
behavioral context for these responses. They demonstrated that responses to the same mechanical
perturbations varied greatly depending on if they were holding a ‘tea cup’, which offered little
stabilization, or a table that offered support. Specifically, when holding the table, larger responses
were observed as compared to little to no response when holding a ‘tea cup’.
Pruszynski et al. (2008) has provided a modern example of the importance of taskinstruction on these rapid responses. In that study, examined corrective responses when the limb
was perturbed either into or away from a peripheral target. They observed that similar
perturbations evoked long-latency responses that were larger when perturbed away from a
peripheral target and smaller responses when perturbed into the peripheral target. Consistent with
previous observations, the short latency did not modulate with target location. Furthermore, the
authors illustrated that the modulation of the long-latency response was based upon the distance
away from the peripheral target, such that larger responses were observed for farther distances
from the targets. Importantly, the authors illustrated that a visuospatial target could be used to
explicitly define the goal of a behavioral task.
In a related study, Crevecoeur et al. (Crevecoeur et al., 2013) examined how the longlatency response is influenced by the temporal and spatial constraints of a visuospatial task. The
authors varied the size of the end target or time required to return to the end target to examine
how these constraints impacted the urgency of corrective responses. In their first experiment,
participants were asked to counter mechanical perturbations and return to a small end target with
implicit time constraints. The authors observed that smaller time constraints (<300ms) elicited
larger long-latency responses compared to the responses observed with relatively loose time
constraints (<700ms). In a second experiment, subjects countered mechanical perturbations to
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return to end targets with varying sizes. The results illustrated that the corrective responses to
smaller end targets elicited a larger long-latency response as compared to smaller responses
observed for larger end targets. This study highlights that feedback responses rapidly scale with
the urgency to respond to mechanical perturbations according to task constraints. These studies
highlight that the long-latency response is influenced by the context of the behavioral task.

Limb Mechanics
Because of intersegmental dynamics of the limb, single-joint torques generate multi-joint
motion and single-joint motion require multi-joint torques (Hollerbach and Flash, 1982; Graham
et al., 2003). As stated earlier, it is well known that the voluntary motor system accounts for the
mechanics of the limb when producing behaviorally relevant movements (Gribble and Ostry,
1999). Thus, a key prediction is that errors or disturbances that generate motion at only the
shoulder or elbow will require muscle activity at both joints to counter the error.
With respect to corrective responses, evidence suggests that the long-latency response
also accounts for these complexities (Soechting and Lacquaniti, 1988; Koshland et al., 1991;
Kurtzer et al., 2008, 2009). Experiments from Kurtzer et al. (2008) provide evidence that
feedback responses consider the intersegmental dynamics of the limb. By applying multi-joint
torques the authors could investigate whether the long-latency response was sensitive only to
local joint motion, or motion at both the elbow and shoulder that reflected the underlying torque.
In one experiment, the authors applied mechanical perturbations to either the shoulder or elbow
joint. Critically, the elbow and shoulder joint perturbations resulted in similar shoulder motion
but different elbow motions. The observed short latency response was similar across perturbation
conditions, paralleling the stretch of the shoulder muscle. However, the long-latency response of
the shoulder was observed to be larger for shoulder perturbations compared to elbow
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perturbations, suggesting that the long-latency response integrated motion from both the shoulder
and elbow to appropriately counter the underlying applied torques. In another experiment, the
author applied multijoint torques that only produced elbow motion, yet still observed taskdependent long-latency responses in the shoulder despite its static position. If the underlying
control scheme only considered local joint motion, the authors should have failed to observe a
long-latency response. However, their results suggest that feedback responses, like voluntary
control, account for the physics of the limb.
Several other studies also highlight that long-latency responses occur muscles spanning
joints that were not directly perturbed (Marsden et al., 1981; Dimitriou et al., 2012; Omrani et al.,
2012). In the ‘tea-cup’ experiment (see above) of Marsden et al. (1981), long-latency responses
were observed in leg muscles that were not directly perturbed, but could influence the balance of
the subject. Furthermore, coordinated long-latency responses have even been observed during
bimanual control (Dimitriou et al., 2012; Omrani et al., 2013). For example, during a bimanual
task, when one limb is perturbed a behaviorally relevant long-latency response can be evoked in
the contralateral limb (Dimitriou et al., 2012; Omrani et al., 2013). These studies further
corroborate how motor outputs reflect the intelligent integration from different parts of the motor
system in the underlying control scheme.

Corrective Responses During Reaching
The majority of studies discussed above have focused on perturbation responses during
postural control (Kurtzer, 2008; Pruszynski et al. 2008; Crevecoeur et al., 2013; Crago et al.,
1976; Marsden et al., 1976, 1983; Rothwell et al., 1980; Lee and Tatton, 1982). Although postural
tasks have garnered far more attention, a few studies have examined mechanical perturbations
16

during reaching movements (Mutha et al., 2008; Kurtzer et al., 2009; Crevecoeur et al., 2012;
Cluff and Scott, 2013). For example, Kurtzer et al. (2009) expanded his previous postural study
(Kurtzer et al., 2008) that illustrated that corrective responses consider the intersegmental
dynamics of the limb, to show that similar responses occur during single-joint reaching
movements. In a similar task, Crevecoeur et al. (2012) illustrated that as perturbations approached
the natural variability of movement long-latency responses were still observed in the limb.
However, theses previous studies investigating the long-latency response during reaching
movements have typically used relatively straightforward behavioral tasks, such as single joint
movement paradigms or movements to simple visuospatial targets (e.g. small circular).
Corrective responses during reaching movements provide an opportunity to investigate
several complexities that are not present during postural control. An example of such complexity
comes from a study by Mutha et al., (2008) which examined how target jumps influence the
perturbation related muscle activity during online movements. The authors highlighted that
corrective responses were greater when target jumps opposed the direction of the reach compared
to the smaller responses observed when target jumps were in the same direction of the reaching
movement.
This thesis builds on previous studies by investigating how target shape or the number of
targets influence corrective responses to mechanical perturbations during reaching movements.
Furthermore, we can begin to examine naturalistic environments by implementing virtual
obstacles (visual and haptic) as environmental constraints to examine the influence of sensory
feedback during obstacle avoidance. If voluntary control and the long-latency response are
intimately linked, as we predict (Scott 2004, 2012), then there should be a myriad of complexity
in the long-latency epoch during reaching movements. Thus, this dissertation is primarily
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concerned with further elucidating the sophistication of the long-latency response by
investigating corrective responses during reaching in complex environments. In the next section I
will briefly outline our hypothesis and the basic experiments.

1.7 Goals of Thesis
The studies presented in this thesis are all motivated by the theoretical framework of
optimal feedback control. This thesis expands beyond previous studies in our lab to explore the
sophistication of corrective responses following mechanical perturbations during reaching. A
total of three studies were conducted in humans to investigate attributes of the long-latency
response and how sensory feedback is used during an ongoing behavioral task. We used the same
apparatus in all experimental paradigms. Subjects sat in a robotic exoskeleton (KINARM, BKIN
Technologies Ltd., Kingston, ON) which permits combined flexion and extension movements of
the shoulder and elbow in the horizontal plane and can independently apply mechanical loads to
the shoulder and/or elbow (Scott, 1999). Perturbations were applied randomly as subjects were
engaged in various motor tasks and we quantified how features of the behavioral goal and the
environment influenced the short-latency, long-latency and voluntary responses.
It has been previously shown that voluntary movements are altered by size and shape of
peripheral targets as well as obstacles or distractor in the environment. In chapter 2, we test
whether the long-latency response can also account for different shaped targets and obstacles in
the environment during reaching. We hypothesize that, similar to voluntary control, feedback
processes should be sensitive to features of the end target and environment. Therefore, we
propose that the long-latency response will modulate based on the size/shape of the end
target as well in the presence of obstacles.
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In chapter 3, we investigate how feedback was used to move around obstacles in a
complex environment. In optimal control, the complex link between sensory inputs and motor
outputs are not fixed but rather vary according to the task. Thus, the control policy reflects a
number of solutions to a particular control problem, and the appropriate solution is chosen based
on the current state feedback. If sensory feedback is continually integrated during movement
and the motor system has multiple solutions to a particular control problem, then perhaps
the long-latency responses would reflect online decision-making or choices between multiple
motor plans.
Previous studies have focused on quantifying the excitatory responses due to loading
following mechanical perturbations. In chapter 4, we extend three previous experiments to
investigate if long-latency inhibitory responses are capable of similar sophistication to excitatory
responses. Specifically, we test if the shortened muscle modulates its inhibitory responses in
response to three known phenomenon in the stretched muscle: 1) the location of the spatial goal
(Pruszynski et al., 2008), 2) properties of the motor neuron pool (‘automatic gain scaling’)
(Pruszynski et al., 2009) and 3) knowledge of limb dynamics (Kurtzer et al., 2008). We
hypothesize that the long-latency inhibitory response should be sensitive to target location,
per-perturbation muscle activity and the underlying torques that evoke similar motion.
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Chapter 2
Influence of the behavioral goal and environmental obstacles on rapid feedback responses
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2.1 Abstract
The motor system must consider a variety of environmental factors when executing voluntary
motor actions, such as the shape of the goal or the possible presence of intervening obstacles. It
remains unknown whether rapid feedback responses to mechanical perturbations also consider
these factors. Our first experiment quantified how feedback corrections were altered by target
shape that was either a circular dot or a bar. Unperturbed movements to each target were
qualitatively similar on average but with greater dispersion of end point positions when reaching
to the bar. On random trials, multi-joint torque perturbations deviated the hand left or right. When
reaching to a circular target, perturbations elicited corrective movements that were directed
straight to the location of the target. In contrast, corrective movements when reaching to a bar
were redirected to other locations along the bar axis. Our second experiment quantified whether
the presence of obstacles could interfere with feedback corrections. We found hand trajectories
after the perturbations were altered to avoid obstacles in the environment. Importantly, changes in
muscle activity reflecting the different target shapes (bar versus dot) or the presence of obstacles,
were observed in as little as 70ms. Such changes in motor responses were qualitatively consistent
with simulations based on optimal feedback control. Taken together these results highlight that
long latency motor responses consider spatial properties of the goal and environment.
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2.2 Introduction
Reaching movements to grasp and interact with objects in the environment must consider
a variety of factors beyond the object’s spatial location. For example, we can direct reaching
movements to pick up a stick anywhere along its length, and we can easily reach around obstacles
in our environment. It is well known that features such as end-goal shape, size and orientation can
alter the kinematics of reaching (Lametti et al. 2007;Soechting 1984). Similarly, the presence of
obstacles or distracters in the environment can alter hand trajectories during reaching (Chapman
and Goodale 2008; Howard and Tipper 1997;Jackson et al. 1995;Lacquaniti et al. 1986). These
results demonstrate the inherent sophistication of the voluntary motor system to plan and initiate
motor actions. However, less is known on whether online feedback corrections share this
sophistication.
Recent theories of voluntary motor control highlight the importance and potential
sophistication of feedback processes during motor actions (Scott 2004;Todorov and Jordan
2002;Todorov 2004). Correspondingly, behavioral studies have begun to highlight considerable
flexibility in the use of feedback to guide movement (Knill et al. 2011;Liu and Todorov
2007;Diedrichsen and Dowling 2009a;Diedrichsen and Gush 2009b;Franklin and Wolpert 2008;
Prablanc and Martin 1992). With regards to properties of the spatial goal, Knill and colleagues
(2011) demonstrated that motor responses to small shifts in visual feedback of hand motion
during reaching varied for rectangular targets oriented in different spatial directions. Subjects
corrected more for perturbations aligned with the narrow dimension of the target as compared to
perturbations aligned with the long dimension. Differences in hand motion based on target shape
were observable between 150 to 200 ms. However, even faster online corrections may be possible
as this study used visual shifts of hand position that did not engage much faster feedback
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processes related to muscle afferents. The fastest upper limb EMG responses to visual stimuli
occur at ~90ms (Pruszynski et al. 2010), whereas limb afferent feedback can influence motor
output in as little as 25ms (Pierrot-Deseilligny and Burke 2005).
Muscle activity associated with feedback corrections to mechanical perturbations,
previously termed rapid motor responses, can be generally divided into two components: short
latency (20-45 ms) and long latency responses (45-105 ms; For Review, See Pruszynski and
Scott, 2012). Short latency responses are generated by the spinal cord and can be modified only
under limited conditions (Wolpaw 1983;Wolf and Segal 1996;Christakos et al. 1983;Komiyama
et al. 2000). In contrast, long latency responses include a transcortical feedback pathway and have
been shown to be modified by changes in task instruction (Rothwell et al. 1980;Pruszynski et al.
2008;Lewis et al. 2006;Lee and Tatton 1982;Hammond 1956;Crago et al. 1976), stability
(Nichols and Houk 1976;Akazawa et al. 1983;Krutky et al. 2010) and joint dynamics (Lacquaniti
and Soechting 1984;Lacquaniti and Soechting 1986;Kurtzer et al. 2008; Kurtzer et al. 2009).
Thus, these studies highlight the ability of corrective responses to consider the nominal goal and
features of the motor periphery. We hypothesize that, as observed in voluntary control, these
corrective responses will also consider more complex issues related to the properties of the goal
and environment as voluntary control and transcortical feedback pathways involve similar neural
substrates (Scott 2004; 2008).
In this paper we explore whether rapid motor responses are altered to account for spatial
constraints associated with the size of the end goal and the presence of obstacles in the
environment, similar to voluntary motor control. We developed an optimal control model to
characterize how these factors may influence motor patterns and found that subjects generated
qualitatively similar corrective responses. Critically, task specific changes in motor responses
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consistent with the simulations were observed in as little as 70ms, showing that high level factors
of movement planning such as target shape and the presence of obstacles will modulate feedback
responses to perturbations within the long-latency epoch.

2.3 Methods
Participants
A total of 35 subjects (20 males and 15 females, aged 21–35 yr, 19 right hand dominant)
participated in 3 experiments. Six subjects participated in experiments 1 and 3, while one subject
participated in experiment in 1 and 2. Sixteen of the 35 subjects were recruited to participate in
the randomization variants of experiments 1 and 2. All subjects were neurologically healthy and
gave informed consent according to a protocol approved by the Queen’s University Research
Ethics Board. Experiments did not exceed 2 hours and subjects were compensated for their time.

Apparatus and Experimental Design
As described in our previous studies (Kurtzer et al. 2008;Pruszynski et al. 2008;Scott
1999), experiments utilized a robotic device (KINARM Exoskeleton, BKIN Technologies,
Kingston, Ontario, Canada) permitting elbow and shoulder movement in the horizontal plane. In
addition to recording flexion/extension movement of each joint, the KINARM can displace the
arm by applying mechanical loads. Projected target lights and hand feedback (white dot; 0.5 cm
diameter) were presented to the subject from a heads-up display consisting of an overhead
projector and a semi-transparent mirror. During the experiment direct vision of the arm and hand
was occluded by a metal partition.
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Muscle Recordings
Surface electromyographic (EMG) recordings were obtained from the flexor and extensor
muscles of the elbow and shoulder: brachioradialis (Br, elbow flexor), triceps lateral (TLat, elbow
extensor), deltoid posterior (DP, shoulder extensor), and pectoralis major (PM, shoulder flexor).
Full details of the procedures are described in our earlier studies (Kurtzer et al. 2008; Pruszynski
et al. 2008).

Experiment 1: Influence of target shape on feedback corrections during reaching
This experiment examined the flexibility of feedback corrections following mechanical
perturbations during reaching to a small circular target or an elongated horizontal bar. Subjects (n
= 10) initiated their hand movements from a small start target (radius = 0.5 cm), such that the
shoulder and elbow angles were approximately 20 and 110°, respectively. Subjects were required
to perform 20 cm reaching movements directly ahead (Fig. 1A) to one of two end targets: 1) a
circular dot (radius =0.5cm) or, 2) a rectangular bar (length = 80cm). Upon trial completion,
subjects were notified as to whether they attained predetermined speed and accuracy criteria
(Successful; End target filled green, Failures; too fast <700ms; End target filled red, too slow
>1000ms; End target filled yellow). On random trials, step torques were applied to the limb when
the hand was 5 cm beyond the start target. Either flexion/flexion (Elbow: 2Nm, Shoulder: 2Nm)
or extension/extension (Elbow: 0.5Nm, Shoulder: 2Nm) torques were applied, which deviated the
hand to the left and right, respectively. The above joint torques were chosen to produce
qualitatively similar hand path deviations to the left and right. Subjects readily compensated for
these loads to attain the spatial targets (See Results). Subjects performed each condition (dot or

37

B

A

D

C

E

6N

Control (N)

5 cm
F
20

G
4
0
-4
-8

0
-20

6N

0

400
Time (ms)

800

H
20
0
-20
0

200 400
Time (ms)

0

200 400
Time (ms)

!
Figure 2.1: Schematic description of experimental protocol and predictions.
A: Empirical data in experiment 1, mean (solid) and standard deviation (dashed) of all subjects
illustrating the reaching movements made to one of two end targets, either a circular dot (blue;
radius = 0.05) or rectangular bar (red; length=80cm, width=3cm), located directly 20cm in front
of the start target (radius =0.5). B: Empirical data in experiment 2, mean (solid) and standard
deviation (dashed) of all subjects illustrating the reaching movements made to the rectangular bar
with (blue) and without obstacles in the environment (red). C: Simulated results: Predicted
unperturbed movement trajectories for the dot (red), bar (blue) and obstacle (black) condition
based on the optimal control policy. D: Simulated results: Predicted feedback correction
following a rightward perturbation for each target type based on the optimal control policy. E:
Simulated results: Predicted feedback correction following a rightward perturbation with and
without obstacles based on the optimal control policy. F: Simulated results: Predicted control
policies for the bar (red), dot (blue) and obstacle (black) condition based on the optimal control
policy. Note: the control signals for the bar and dot are much smaller compared to the obstacle
condition. G: Simulated results: Predicted control policies following a rightward perturbation for
each target type based on the optimal control policy. H: Simulated results: Predicted control
policies following a rightward perturbation with and without the presence of obstacles based on
the optimal control policy.
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bar) in a blocked fashion, blocks included 5 repeats of each perturbation randomized with 40 nonperturb trials, for a total of 50 trials per block. The target conditions were presented 3 times
interleaved, with the first block randomly selected from one of the target conditions (15
perturbation trials in total for each target condition). Subjects were given a few practice trials
prior to data collection to become generally familiar with the task and the loads (~5 perturbed
trials).
For each muscle, perturbation direction and target condition, we quantified learning in the
long latency epoch over the course of the perturbed trials. This was achieved by taking the mean
long-latency response of the early (mean of first three) and late (mean of last three) perturbed
trials for each subject and performing a paired t-test between these two values.
In order to rule out any stimulus-specific learning in the previous blocked paradigm, a
random trial-by-trial variation of the task was performed. Thus, in addition to the experiment
described above, additional subjects (n=8) performed the same task in a randomized fashion as
opposed to the blocked structure described above. In other words, subjects were presented with
either the bar or dot randomly on each trial. Similar to above they performed 15 repeats of each
perturbation condition.

Experiment 2: Influence of obstacles on feedback corrections during reaching
This experiment examined the flexibility of feedback corrections during reaching with
and without obstacles in the environment. The experimental protocol is similar to the bar
condition of Experiment 1, however subjects (n=10) performed reaches with and without the
added constraints of obstacles placed within the workspace. Two parallel obstacles, separated by
10cm, were strategically located to the right and left of the unperturbed hand trajectory of
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Experiment 1 (Fig. 1B). Importantly, the obstacles were positioned so they did not obstruct the
unperturbed reaching trajectories of Experiment 1. Collision with an obstacle resulted in haptic
feedback such that a repulsive force was generated which impeded hand movement. On
perturbation trials, uncorrected movements resulted in hand paths being impeded by one of the
two obstacles. Subjects performed each condition (obstacles or no obstacles) in a blocked fashion,
such that each block included 5 repeats of the perturbation conditions randomized with 40 nonperturb trials, for a total of 50 trials per block. Obstacle and no obstacle conditions were presented
3 times interleaved, with the first block randomly selected (15 perturbations trials in total for each
condition). Subjects were given a few practice trials prior to data collection to become generally
familiar with the task, the loads and the properties of the virtual obstacles (~5 perturbed trials). A
second variant of this task was also performed in which the subjects reached to the circular dot
rather than the bar. We also quantified learning in the long latency epoch in a similar fashion to
experiment 1. As well, 8 subjects performed this task where trials with or without obstacles were
randomly interleaved.

Experiment 3: Influence of tonic muscle activity on feedback corrections
We noted that some changes in background muscle activity between obstacle conditions
(See Results). Thus, the purpose of this experiment was to examine the effects of changes in tonic
muscle activity upon rapid motor corrections during reaching. Directly controlling for changes in
co-contraction is difficult, thus we artificially induced increases in muscular activity by
selectively applying background loads. The experimental protocol is similar to the circular dot
condition of Experiment 1. Subjects (n = 6) maintained their hand in the start target against one of
3 possible background loads (-2, 0, 2 Nm) applied to both the shoulder and elbow, exciting either
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the flexors or extensors. Perturbations were applied similar to Experiment 1. Subjects performed
15 repeats of each perturbation condition (2 directions) for each background load (3 background
loads) for a total of 90 perturbed trials. As all combinations of loads and perturbation types were
examined, subjects could not anticipate perturbation direction. Perturbation trials were
randomized with 210 non-perturbed trials, for a total of 300 trials.

Model
We considered the translation of a unit point mass (m = 1) in the horizontal plane in the
presence of three forces: a viscous force proportional to the two-dimensional velocity with
opposite sign, a controlled force (F) and an external force (Fext). To approximate the muscle
dynamics, we assumed a first-order linear filter between the control variable and the controlled
force coupled with the differential equation describing the translation of the point mass. The
external force was assumed to be constant. The control system was therefore given by the
following differential equation:
𝑚𝑝! = ! −𝐺𝑝 + 𝐹 + 𝐹𝑒𝑥𝑡

(1)

𝜏𝐹 = !𝑢 − 𝐹

(2)

𝐹𝑒𝑥𝑡 = 0

(3)

where p(t) represents the two-dimensional coordinate vector of the point mass in the plane, F and
Fext are the two-dimensional controlled and external forces respectively, and u is the two
dimensional control vector. The parameter G was set to 1 Nsm-1 and τ was set to 40 ms, which is
compatible with the first approximation of muscle dynamics (Brown and Loeb 2000). The mass
(m) and viscous constant (G) were arbitrarily set to unit values in order to standardize the
simulations. These parameters have qualitatively no influence on the simulation results. In order
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to introduce stochastic dynamics and noise disturbances, the continuous time system is
transformed into a discrete time system of the form
𝑥𝑘!! = !𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝑚𝑜𝑡𝑜𝑟!𝑛𝑜𝑖𝑠𝑒

(4)

following classical transformation methods of linear ordinary differential equation and explicit
Euler integration scheme with 10 ms time step. The state vector containing the position, velocity
and forces, was augmented with a vector of the same dimension that contained the target state (16
dimensions). Finally, we further augmented the state vector with the previous states to take
feedback delays into account and reduce the delayed feedback signal to the non-delayed case by
letting the controller observe only the most delayed state. This technique is a classical procedure
used to handle discrete systems subject to fixed delays (Mehta and Schaal 2002;Todorov and
Jordan 2002;Izawa and Shadmehr 2008;Crevecoeur et al. 2010).
Under these assumptions, the feedback signal at each time step can be written as:
𝑦𝑘 = ! 𝑥𝑘!ℎ + 𝑠𝑒𝑛𝑠𝑜𝑟𝑦!𝑛𝑜𝑖𝑠𝑒

(5)

or equivalently:
𝑦𝑘 = !𝐻[𝑥𝑇𝑘 , 𝑥𝑇𝑘!! , … , 𝑥𝑇𝑘!ℎ ]𝑇 + 𝑠𝑒𝑛𝑠𝑜𝑟𝑦!𝑛𝑜𝑖𝑠𝑒

(6)

where H = (0 0 … I16x16) and h is the feedback delay expressed in number of time steps. This
delay was set to 50ms (5 time steps) to reflect the transmissions delay associated with the long
latency response. After reducing the system to the non-delayed case, we can use an optimal linear
state estimator (Kalman filter) that consists in weighting prior beliefs about the state of the system
with sensory feedback to derive a maximum likelihood estimate of the system state. In practice,
let 𝑥!𝑘 be the estimated state at time k (including the target and past states), the prior belief about
the next state is:
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𝑥𝑃𝑘!! = 𝐴𝑥𝑘 + 𝐵𝑢𝑘 + 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!𝑛𝑜𝑖𝑠𝑒

(7)

and the feedback correction yields the full state estimate by taking yk+1 into account:
𝑥𝑘!! = 𝑥𝑃𝑘!! + 𝐾𝑘!! (𝑦𝑘!! − 𝐻𝑥𝑃𝑘!! )

(8)

The sequence of Kalman gains, Ki , must be computed.
The motor noise affected the force production only and was composed of two terms: an
additive term plus a control-dependent term with principal axis aligned with the direction of the
control vector with variance (0.015)2 × u, and a secondary axis orthogonal to the control vector
with variance (0.005)2 × u (Liu and Todorov 2007). The sensory noise was additive and affected
all components of the most delayed state, including the target. The prediction noise was also
additive. It affected only the estimate of the next time step, and therefore not the history of the
process stored in the augmented state vector. The covariance matrices of additive, predictive and
feedback noises were all diagonals matrices. The variance of the additive motor noise was set to
10-2 and the variances of the feedback and prediction noises (when they are non-zero for the
prediction disturbance) were set to 10-6.
The optimal control variables and optimal Kalman gains depend on the task that was
expressed by the cost function that the controller must minimize along the trajectory. A control
dependent cost was applied to all simulation runs such that at each time step, the cost of control
was equal to 10-6 × 𝑢𝑘

!

. To simulate the unperturbed reaching to a circular target, we used a

terminal cost-function such that:
𝑓𝑖𝑛𝑎𝑙!𝑐𝑜𝑠𝑡 = ! 𝑝 − 𝑝∗

!

+ 𝑝 − 𝑝∗

!

(9)

where the two dimensions of the plane were constrained. The same cost function was used to
simulate the reaching towards a bar except that only one dimension of the plane was penalized
and there was no cost associated with deviations along the axis of the bar target (we note px the
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coordinate along this axis). The two-dimensional velocity penalty was unchanged across the
simulated reaches towards the bar or the circular target to express that the movement had to stop
at the end of the simulation run. To simulate the perturbations, the lateral component of the
external force was changed within each simulation run when the distance travelled by the point
mass exceeded 5 cm, using the same position threshold as in the experimental paradigm. Finally,
the obstacles were approximated as an extremely high penalty on the deviations orthogonal to the
reach path during the last portion of the movement, when subjects approached the edges of the
obstacles. This penalty was expressed as 100(𝑝𝑥 − 𝑝∗𝑥 ). Based on subjects’ data, the controller
had to drive the point mass to the goal in 800 ms and the presence of constraints simulating the
obstacles occurred after 500 ms.
With these definitions of system dynamics, feedback signals, noise parameters and cost
functions, we computed the optimal feedback gains and adaptive Kalman gains associated with
each target and obstacle condition following algorithms adapted to the presence of controldependent noise (Todorov 2005;Crevecoeur et al. 2011).
Since the plant dynamics is linear and the cost function is quadratic, the optimal feedback
control policy turns out to be a linear function of the estimated state:
𝑢𝑘 = −𝐿𝑘 𝑥𝑘

(10)

where Lk are the optimal feedback gains. These hypotheses are a simplification of the motor
system but the resulting control algorithm presents the advantage to express the control variable
as an explicit function of the estimated state. In more general settings (including nonlinear
dynamics and arbitrary cost functions), the optimal control policy is also a function of the system
state but it is practically impossible to compute due to the computational complexity that grows
exponentially as the system dimension increases. To the best of our knowledge, current numerical
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techniques are based on iterative improvements of locally optimal control policies computed in
the neighbourhood of a nominal trajectory (Li & Todorov, 2007).
Each model was used for trials with and without perturbations. The different cost and
noise parameters were standard values chosen to produce simulation results that were in general
agreement with the experimental results. We verified that these parameters did not qualitatively
influence the dependency of the feedback response on task requirements.

DATA ANALYSIS
FILTERING AND NORMALIZATION. All data were aligned on perturbation onset. The
kinematic and electromyographic (EMG) data were processed in the following manner: Joint
angles and hand positions were low-pass filtered (20 Hz, two-pass, 6th-order Butterworth). All
EMG signals were band-pass filtered (25–250 Hz, two-pass, sixth-order Butterworth) and fullwave rectified. EMG was normalized by its mean activity in a separate set of trials where subjects
maintained a constant posture against 1Nm torques applied to each joint individually.

BEHAVIOR AND KINEMATICS. Receiver-operator curves (ROC) were used to determine
significant differences in corrections based on tangential velocity (Green and Swets 1966). ROC
areas were computed on the distribution of individual trials for each subject and the resulting time
series were averaged across them. The ROC curve represents the probability at each time point
(1ms) that an ideal observer could discriminate between categories or conditions. Values of 0 and
1 indicate perfect discrimination, in contrast, a value of 0.5 is indicative of performance at
chance. Significant discrimination was determined when the first ROC area remained <0.25 or
>0.75 for five consecutive time samples (Corneil et al. 2004; Pruszynski et al. 2008).
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We used subject means and performed paired t-tests to determine significant differences
in the terminal hand and joint positions. Terminal positions were defined as the final position of
the hand within the end target. We compared subject means of the hand (x-direction), elbow and
shoulder joint position for similar perturbations between different target (bar vs. dot) and obstacle
(with vs. without) conditions. Similarly, we examined the lateral variability (SD; x-direction) of
each subject’s terminal hand position for the unperturbed reaching movements and compared
them between target and obstacle conditions to quantify differences in end point distributions.

MUSCLE ACTIVITY. Our primary interest was to compare different epochs of muscle activity to
gain further insight into sensitivity of feedback responses to spatial goals and environmental
constraints (obstacles) The epochs of muscle activity of most interest were based on earlier
reports (Crago et al. 1976;Lee and Tatton 1975;Mortimer et al. 1981;Nakazawa et al. 1997) and
are categorized temporally: Baseline (Pre) = -100-0; R1 = 20–45 ms; R2 = 45–75 ms; R3 = 75–
105 ms; and Voluntary (Vol) =120-180. The R1-R3 convention is similar to the M1–M3
convention proposed by Lee and Tatton (1975), but should avoid confusion with the earliest
response (R1, previously M1) and primary motor cortex’s common abbreviation (M1).
Our experimental design allowed us to make straight forward comparisons between
conditions to determine if feedback responses modulate as a function of task demands. Paired ttests were performed using subject means to determine changes for similar perturbations between
the different target (dot vs. bar) and obstacle (with vs. without) conditions. We were most
interested in comparing the perturbation-related muscle activity between experimental conditions
of each subject. Accordingly, we calculated subject means for each experimental condition and
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subsequently used the change in activity between the perturbed and unperturbed conditions,
which is ultimately what we consider the perturbation-related muscle activity.

2.4 Results
Experiment 1: Influence of target shape on feedback corrections during reaching
The optimal control model predicted that the pattern of hand trajectories would be
different whether the target was circular or a long horizontal. Specifically, the endpoint
distribution when reaching to a bar is much broader than when reaching to a circular target (Fig.
1C). This difference in end-point distributions is a consequence of the task-specific cost-function
that leaves the dimension orthogonal to the reach path not penalized when reaching to a bar. The
greater variability in the control variable associated with reaching to a circular target shows that
the deviations along the orthogonal axis are taken into account and corrected by the controller.
Qualitatively similar results were observed for human subjects for these unperturbed
reaching trials. Unperturbed reaches to the circular dot were relatively straight with bell shaped
velocity profiles (Fig. 1A). Although subjects could reach anywhere along the horizontal bar, they
chose reaching movements straight ahead to the goal (Fig. 1A). Accordingly, initial hand paths
overlapped greatly between the two conditions (bar and dot). A notable difference was larger
terminal variability associated with the bar (end point SD = 2.5cm) as compared to the dot (end
point SD=0.4cm, t9=4.88, p=0.008).
Figure 1D highlights the response generated by the optimal control model to this
perturbation. The simulations reveal that even if the mass is free to move until the final time-step,
the controller directly responds to the change in external force (Fig. 1D). Importantly, the target
shapes yield very different initial responses, with a larger response required for the circular target
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and a smaller response for the horizontal bar (Fig. 1G). A reduced response associated with the
bar is predicted as the goal can be attained with less effort by redirecting object motion to the
right side of the bar. This non-trivial result reflects that although there is not a penalized path,
delaying the response would result in an expensive need for higher motor commands that is suboptimal (Fig. 1F-H). The best strategy is to compensate for changes in external forces while
taking target shape into account as early as possible.
In human subjects, the limb was unexpectedly perturbed by either flexor or extensor
torques in 20% of trials, which displaced the hand to the left or right, respectively. The amount of
forward acceleration varied for both torque conditions due to intersegmental dynamics. The
extensor torques predominantly caused an increase elbow extension deviating the hand rightward,
away from the circular dot and rapid corrections were made directly towards the target (Fig. 2A).
In contrast, there was little corrective movement of the hand trajectories for these extensor
torques when subjects reached to the horizontal bar. ROC analysis revealed differences in
tangential velocities for the two types of targets at 184ms (Fig. 2B). Significantly different
terminal hand (Fig. 2A) and joint (Fig. 2C and D) positions were observed between target
conditions (p<0.001).
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Figure 2.2. Limb kinematics during reaching of experiment 1 with extensor torque
perturbations.
A: hand motion from an exemplar subject during reaching to the circular dot (blue) rectangular
bar (red). The black lines illustrate the unperturbed trajectories to the circular dot. The horizontal
dotted line indicates the 20cm point at which the above distributions are obtained. Note: The
unperturbed trajectories to the bar have been omitted for clarity. Above: Positional cross section:
lateral distributions indicating the first crossing of the 20cm position of all trials from all subjects.
Blue and red correspond to circular dot and rectangular bar, respectively. B: Mean (solid) and SD
(shaded) speed profiles over time for the same reaching movements, the dashed line indicates the
first point of statistical difference in the velocity profiles determined by ROC analysis. C: Mean
(solid) and SD (shaded) of elbow angles vs. time for the same reaching movements. D: Mean
(solid) and SD (shaded) of shoulder angles vs. time for the same reaching movements. Data were
aligned to perturbation onset with the vertical line indicating perturbation onset. Red and blue
lines correspond to the circular dot and rectangular bar, respectively.
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The perturbation-related muscle activity was quantified for each subject by taking the
difference between the mean of the perturbed trials and the mean of the unperturbed trials
(Kurtzer et al. 2009). Figure 3 illustrates the changes in muscle activity in brachioradialis (Br)
and pectoralis major (PM) for the dot and bar following extensor torques for an exemplar subject
(Fig. 3A) and for the group (Fig. 3B). The R2, R3 and Vol epochs were all elevated from baseline
and exhibited greater modulation for the dot as compared to the bar for both PM (Fig 3C; R2:
t9=2.29, p=0.045; R3: t9=2.84, p= 0.018; Vol: t9=3.45, p=0.006) and Br (R2: t9=3.29, p=0.008;
R3: t9=3.99, p=0.003; Vol: t9=3.04, p=0.013). Thus the large corrective movement of the hand
back to the circular target was generated by increases in PM and Br activity that began during the
long latency time epoch. Notably, the R1 epoch was the only binned epoch not significantly
elevated from baseline, and did not exhibit differences between the dot and bar in either muscle
(Fig. 3C; PM: t9=1.70, p=0.120; Br: t9=0.90, p=0.340). Importantly, we found no learning effects
across trials for rightward perturbations in either the bar or dot condition in any of the active
muscles (those which generated corrective movements, paired t-test, p>0.05; for all muscles).
We found essentially the same results when flexor torques displaced the hand leftward
during reaching (Fig. 4). However, unlike the extension torques, flexor torques caused deviations
from the initial trajectories at both the shoulder and elbow joints. Subjects made a single
corrective movement directly towards the circular dot. In contrast, hand trajectories to the
rectangular bar resulted in smaller corrections as movements were redirected towards another
location on the bar. Differences in tangential velocities for the two target types were observed at
196ms using ROC analysis. Furthermore, significantly different terminal hand positions were
observed for each target condition (t9=9.48, p<0.001).
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Figure 2.3: Flexor muscle activity of brachioradialis (right column) and pectoralis major
(left column) following extension torque perturbations.
A: Mean muscle activity from the exemplar subject aligned to perturbation onset; Blue and red
traces indicate the mean muscle activity in the circular dot and rectangular bar, respectively. The
solid vertical line marks perturbation onset. B: Mean (solid) and SE (shaded) Perturbation-evoked
muscle activity of the group, obtained by subtracting each subject’s unperturbed muscle activity
from their perturbed muscle activity and then averaging across subjects. C: Bar plots of evoked
muscle activity within the different epochs; vertical height and error bars indicate the group mean
and SE (* p<0.05).
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Figure 2.4: Limb kinematics during reaching of experiment 1 with flexor torque
perturbations.
A: hand motion from an exemplar subject during reaching to the circular dot (blue) and
rectangular bar (red). The black line illustrates the unperturbed trajectories to the circular dot.
Note: The unperturbed trajectories to the bar have been omitted for clarity. Above: Positional
cross section: lateral distributions indicating the first crossing of the 20cm position of all trials
from all subjects. Blue and red correspond to circular dot and rectangular bar, respectively. B:
Mean (solid) and SD (shaded) speed profiles over time for the same reaching movements, the
dashed line indicates the first point of statistical difference in the velocity profiles determined by
ROC analysis. C: Mean (solid) and SD (shaded) of elbow angles vs. time for the same reaching
movements. D: Mean (solid) and SD (shaded) of shoulder angles vs. time for the same reaching
movements. Data were aligned to perturbation onset with the vertical line indicating perturbation
onset. Red and blue lines correspond to the circular dot and rectangular bar, respectively.
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Perturbation-related EMG activity for the deltoid posterior (DP) and triceps lateral (Tlat)
muscles was clearly observed for these imposed flexor torques (Fig. 5). The R2, R3 and Vol
epochs were elevated from baseline and exhibited greater activity for the circular dot as compared
to the rectangular bar for both Tlat (R2: t9=2.83, p=0.018; R3: t9=2.29, p=0.045; Vol: t9=2.30,
p=0.044) and DP (R2: t9=2.21, p=0.047; R3: t9=2.29, p= 0.045; Vol: t9=3.03, p=0.013). Again, the
R1 epoch of time was not significantly elevated from baseline nor did it exhibit any target-related
differences in either muscle (Tlat: t9=-0.290, p=0.778; DP: t9=1.14, p=0.282). Similar to the
rightward perturbation we observed no learning effects in the long latency epoch over the course
of trials for leftward perturbations in either target condition (paired t-test, p>0.05; for all
muscles).

RANDOMLY INTERLEAVED TRIALS WITH DIFFERENT TARGET SHAPES: The previous
section focused on data collected in a blocked fashion (i.e. blocks of reaching trials to a circular
dot separated from trials to a bar). Here, we examine data collected in which target presentation
was randomized. The observed behavior was essentially the same in this randomized condition.
Terminal variability in unperturbed trials was greater for reaches to the bar (end point SD
=1.6cm) as compared to the circular dot (end point SD= 0.4cm, t7=4.3; p=0.008). ROC analyses
demonstrated differences in tangential hand velocity between bar and dot trials at 190 ms for
rightward perturbations and 198 ms for leftward perturbations.
Similar to the blocked design, upper limb muscle exhibited increasing sensitivity to target
type during the randomized trials (bar vs. dot). Again, the R1 response exhibited no difference
between target conditions (paired t-test, p>>0.05). In contrast, the R2, R3 and VOL epochs were
significantly different between target conditions for all muscles (paired t-test, p<0.05). Thus,
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Figure 2.5: Extensor muscle activity of triceps lateral (right column) and posterior deltoid
(left column) following flexor torque perturbations.
A: Mean muscle activity from the exemplar subject aligned to perturbation onset; Blue and red
traces indicate the mean muscle activity in the circular dot and rectangular bar, respectively. The
solid vertical line marks perturbation onset. B: Mean (solid) and SE (shaded) Perturbation-evoked
muscle activity of the group, obtained by subtracting each subject’s unperturbed muscle activity
from their perturbed muscle activity and then averaging across subjects. C: Bar plots of evoked
muscle activity within the different epochs; vertical height and error bars indicate the group mean
and SE (* p<0.05).
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subjects could modify their corrective response from trial to trial based on the presented
properties of the goal. We also compared the group EMG (R1, R2 R3 and Vol) results of the
randomized and blocked designs and found no significant difference between the two groups
(MANOVA, F1,17=2.04, p=0.371).

Experiment 2: Influence of obstacles on feedback corrections during reaching
Subjects reached to a horizontal bar with and without obstacles in the workspace in order
to examine the flexibility of feedback responses with respect to environmental/trajectory
constraints. As in Experiment 1, unperturbed reaches without obstacles were relatively straight
with bell-shaped velocity profiles (Fig. 1B). Similar hand paths were observed when obstacles
were present in the environment, although the variability of hand paths was less with obstacles
(end point SD = 1.06cm) than without obstacles (end point SD = 3.90cm; t9 = 5.72, p<0.013). A
similar difference in end point positions was observed for movements with and without obstacles
for the optimal control model (Fig. 1C).
Like target shape, the presence of obstacles altered how the optimal control model
responded to mechanical perturbations. Reaching in the presence of obstacles creates additional
constraints on the lateral deviations that produce vigorous corrections for the perturbation and
more variable control signals while moving between the obstacles as the controller must correct
any deviation towards them (Fig. 1E and H).
When comparing muscle activity on all trials with obstacles (PM=0.58 +/-0.19;
Br=0.36+/-0.16; Tlat=0.49+/-0.11; DP=0.35+/-0.20; Normalized mean+/-SD across all subjects)
to all trials without obstacles (PM=0.47+/-0.16; Br=0.29+/-0.14; Tlat=0.39+/-0.14; DP=0.29+/0.11; Normalized mean+/-SD for across subjects), we observed a small (~15-20%) but significant
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increase in baseline muscle activity (paired t-test, p<0.05; for all muscles) prior to movement
onset. Our analysis focused on analyzing the stretch response of the muscle relative to the
baseline. By subtracting the mean of the unperturbed reaching trajectories from that of the mean
of the perturbed trials, we effectively removed any increases in tonic muscle activity and isolated
the evoked responses. A careful examination of the effect of changes in tonic muscle activation is
examined in Experiment 3.
On random trials the limb was unexpectedly perturbed with extensor torques that
deviated the hand rightward from its intended trajectory. Corrective movements without obstacles
were similar to those produced in Experiment 1. In contrast, when obstacles were present,
subjects vigorously corrected back towards the central opening between the two obstacles (Fig.
6A and C). ROC analysis revealed differences in tangential velocities at 135ms between
conditions (Fig. 6B). Significantly different terminal hand positions were observed between
conditions (t9=9.80, p<0.001).
Extensor torques produced a rapid EMG response in brachioradialis (Br) and pectoralis
major (PM) as shown for an exemplar subject (Fig. 7A) and the group (Fig. 7B). Larger
perturbation responses were observed when the subjects reached with obstacles present as
compared to when obstacles were absent in the environment (Fig. 7C). More specifically, the R2,
R3 and Vol epochs were all elevated and exhibited greater modulation for the obstacles as
compared to without for both PM (R2: t9=2.516,p=0.033; R3: t9 =3.36,p=0.008, Vol: t9=3.07,
p=0.013) and Br (R2: t9=2.73,p=0.023; R3:t9=5.29, p=0.001; Vol: t9=4.24,p=0.002) (Fig. 6D). As
in Experiment 1, the R1 epochs of the perturbation-related activity for either flexor muscle was
not significantly elevated whether obstacles were present or not (PM: t9=1.24,p=0.247; Br:
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Figure 2.6: Limb kinematics during reaching of experiment 2 with extensor torque
perturbations.
A: hand motion from an exemplar subject during reaching with obstacles (blue) and without
obstacles (red). The black lines illustrate the unperturbed trajectory to the bar. The horizontal
dotted line indicates the obstacle mid-point (16.5cm) at which the above distributions are
obtained. Above: Positional cross section: lateral distributions indicating the first crossing of the
obstacle midpoint position of all trials from all subjects. B: Mean (solid) and SD (shaded) speed
profiles over time for the same reaching movements, the dashed line indicates the first point of
statistical difference in the velocity profiles determined by ROC analysis. C: Mean (solid) and SD
(shaded) of elbow angles vs. time for the same reaching movements. D: Mean (solid) and SD
(shaded) of shoulder angles vs. time for the same reaching movements. Data were aligned to
perturbation onset with the vertical line indicating perturbation onset. Red and blue lines
correspond to the circular dot and rectangular bar, respectively.
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Figure 2.7: Flexor muscle activity of brachioradialis (right column) and pectoralis major
(left column) following extension torque perturbations.
A: Mean muscle activity from the exemplar subject aligned to perturbation onset; Blue and red
traces indicate the mean muscle activity in the circular dot and rectangular bar, respectively. The
vertical line marks perturbation onset. B: Mean (solid) and SE (shaded) Perturbation-evoked
muscle activity of the group obtained by subtracting each subject’s unperturbed muscle activity
from their perturbed muscle activity and then averaging across subjects. C: Bar plots of evoked
muscle activity within the different epochs; vertical height and error bars indicate the group mean
and SE (* p<0.05).
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t9=1.92, p=0.087). Similar to experiment 1 we found no learning effects across trials for rightward
perturbations with or without the presence of obstacles (paired t-test, p>>0.05; for all muscles).
Comparable results were observed when flexor torques displaced the hand leftward.
Without the presence of obstacles in the environment, subject’s hand trajectories did not return to
the centre of the bar where unperturbed reaches made. Rather, the hand was redirected to the left
side of the bar, in the direction of the perturbation (t9=7.28, p<0.001). Conversely, when obstacles
were present in the environment, subjects made a single corrective movement to navigate
between the obstacles in order to reach the end goal. Differences in hand trajectories with
obstacles versus without obstacles were observed at 142ms using ROC analysis.
Increases in EMG for the deltoid posterior (DP) and triceps lateral (Tlat) muscles were
observed for the imposed flexor torques. Perturbation-related activity in the R2, R3 and Vol
epochs of DP were greater in the presence of obstacles as compared to without (R2:t9=4.13,
p=0.003; R3:t9=3.22, p=0.010; Vol:t9=5.11,p=0.001). Tlat showed only a significant increase in
activity for R2 and no significant increases in activity for the R3 and voluntary epochs (R2:
t9=2.35,p=0.043; R3:t9=1.87, p=0.094; Vol:t9=2.21,p=0.055). Again, R1 epoch of time was not
significantly elevated from the corrected baseline nor did it exhibit any differences related to
obstacles in either muscle (Tlat: t9=1.17, p=0.270; DP: t9=1.07, p=0.313). Similar to rightward
perturbations with and without obstacles, we found no learning effects across trials for leftward
perturbations with or without the presence of obstacles (paired t-test, p>>0.05; for all muscles).
Essentially the same results were observed when subjects (n=6) reached to circular targets with
versus without obstacles in the environment (data not shown).
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RANDOMLY INTERLEAVED TRIALS WITH AND WITHOUT OBSTACLES: The previous
section focused on data collected in a blocked fashion (i.e. blocks of reaching trials to a circular
dot separated from trials to a bar). We found essentially the same results described above when
trials with and without obstacles were randomly interleaved (n=8, data not shown). Similar to
experiment 1, there was no group difference in the EMG responses between the randomized and
blocked designs (MANOVA, F1,17=4.17 p=0.207).

Experiment 3: Influence of tonic muscle activity on feedback corrections
The purpose of this experiment was to examine the effects of increases in tonic muscle
activity upon rapid motor corrections during reaching. Prior to movement, extensor background
loads excited the flexors and caused a significant increase in baseline muscle activity (PM:
t5=2.51,p=0.044; Br: t5=3.25,p=0.023). Similar increases in tonic muscle activity were observed
for the extensors prior to movement onset for background extensor loads (DP: t5=5.03,p=0.004;
Tlat: t5=5.90,p=0.002). In unperturbed trials, subjects made straight reaching movements with
bell-shaped velocity profiles (Fig. 8A). Similar hand paths and velocity profiles were observed
regardless of the increase in tonic muscle activity (Fig. 8A).
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Figure 2.8: Kinematics and flexor muscle activity of bracioradialis (right column) and
pectoralis major (left column) following extension torque perturbations.
A: Hand motion from an exemplar subject during unperturbed reaching with large (red) and small
(blue) background torques. B: Mean (solid) and SE (shaded) perturbation hand motion from an
exemplar subject during reaching with large (red) and small (blue) background torques. C: Mean
(solid) and SE (shaded) muscle activity of bracioradialis (right column) and pectoralis major (left
column) aligned to perturbation onset; Blue and red traces indicate the mean muscle activity in
the circular dot and rectangular bar, respectively. D: Mean (solid) and SE (shaded) perturbationevoked muscle activity of the group obtained by subtracting each subject’s unperturbed muscle
activity from their perturbed muscle activity and then averaging across subjects. E: Bar plots of
evoked muscle activity within the different epochs; vertical height and error bars indicate the
group mean and SE, respectively (* p<0.05).
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Subjects countered perturbations by making corrective movements towards the end goal
(Fig. 8B). We subtracted the mean of the unperturbed reaching trajectories from that of the mean
perturbed trials, effectively removing any increases in tonic muscle activity and isolating the
evoked responses (Fig. 8D). For Br, there was an increase in the R1 epoch for when a background
load was applied, whereas there was no change in activity during the R2 and R3 epochs (R1:t5=4.07, p=0.009; R2:t5=-1.95, p=0.108; R3:t5=-0.65, p=0.549). For PM, there was no change in the
perturbation-related activity with versus without background loads for any of the epochs
(R1:t5=0.835, p=0.442; R2:t5=0.69, p=0.524; R3:t5=-1.45, p=0.986) (Fig. 8E).
Essentially the same results were observed for extensor muscles when background loads
were applied prior to the flexor torques. Perturbation-related activity in the R1, R2, and R3
epochs did not change across the different background conditions for DP (R1:t5=1.37, p=0.230;
R2:t5=-1.18, p=0.292; R3:t5=-0.53, p=0.622) and Tlat (R1:t5=-1.36, p=0.232; R2:t5=-2.36,
p=0.065; R3:t5=-1.30, p=0.249).

2.5 Discussion
Our study highlights how properties of the goal and physical features in the environment modify
rapid motor responses following mechanical perturbations applied to the limb. We show that
although voluntary motor actions are directed to a central region of a long horizontal goal,
corrective responses to a mechanical perturbation were redirected to another spatial location
along the goal. Similarly, corrective responses can reroute the hand around obstacles in the
environment. Importantly, rightward and leftward perturbations were applied in random order so
that the subject had to identify at least the direction of the perturbation in order to appropriately
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generate the correct motor response. In both situations, appropriately scaled motor responses
occurred in as little as 70ms.
The use of an optimal control model provides a normative benchmark to quantify how
the motor system ought to behave when moving to targets of different shapes and in a cluttered
environment. First, the model predicts that the controller should respond to the perturbation as
early as possible, even when lateral deviations are not penalized along the bar. This correction
occurs even if one dimension of the task space is largely unconstrained because the stabilization
at the target requires zero lateral velocity and delaying this response would require more intense
control commands. Thus the best option, given time and cost constraints, is to respond
immediately to changes in external torques with appropriate vigor whether reaching to a bar or to
a dot.
Second, motor corrections were goal-directed because the controller does not have a
desired trajectory. One might say that there is a nominal trajectory that occurs if there were no
noise or applied loads. However, the added noise (or load) alters the trajectory but such
deviations do not necessarily lead to corrections back to the nominal trajectory. Rather,
corrections only consider the task goals/constraints, reach to the target in a given time period.
This leads to goal-directed corrections for perturbed trials and a dispersion in the hand trajectories
even for unperturbed trials, as we observed with human motor performance. Admittedly, the
ability to compute optimal feedback policies without a desired trajectory is presently only feasible
for linear systems. The human limb is clearly nonlinear. However, the lack of mathematical tools
at this time does not necessarily mean that humans (or other animals) require desired trajectories
to reach to a spatial goal.
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Although we applied relatively large perturbations to the limb in order to generate robust
EMG responses, we believe our results reflect online feedback processes used to correct natural
motor noise. We have recently shown that EMG responses were measureable and maintained the
same timing even for very small perturbations that elicited position and velocity shifts that
approached the natural variability observed during unperturbed trials (Crevecoeur et al. 2012).
Although not tested here, we believe that the feedback responses based on target shape and the
presence/absence of obstacles are also present during unperturbed reaching. This is supported by
our observations that endpoint errors were greater for the bar versus the dot during unperturbed
trials.
There was a very small but measureable increase in baseline muscle activity when
obstacles were present as compared to when they were not present. This suggests that there was
slight co-contraction of muscles when obstacles were present. Co-contraction can increase limb
stiffness to reduce the effect of perturbations (Franklin and Milner 2003;Franklin et al.
2003;Franklin et al. 2007), although the level of co-contraction we observed results in only
modest changes in intrinsic muscle stiffness (Pruszynski et al. 2009). An increase in muscle
activity is also known to cause an increase in rapid motor responses, typically referred to as ‘gainscaling’, that is largest for the R1 epoch and diminishes in magnitude for later epochs (Verrier
1985;Stein et al. 1995;Pruszynski et al. 2009;Matthews 1986;Marsden et al. 1976;Bedingham and
Tatton 1984). Our control experiment highlighted that increases in muscle activity only
influenced the R1 response in some muscles and did not affect the long latency response.
Although changes in background loading of one muscle group is not the same as co-contraction
of a pair antagonist muscles, it has been demonstrated that perturbation-evoked responses
produced in these two conditions are comparable (Carter et al. 1993).
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We failed to observe a significant R1 response and consequently found no effect of goal
shape or the presence of obstacles on the R1 response. Admittedly, we specifically designed the
task (and load magnitudes) to observe motor responses in which the subjects could correct and
attain the behavioral goal. Under these conditions, the R1 response was quite small. Beyond
gain-scaling (described above), there are at least two conditions in which R1 responses appear to
be modifiable. First, previous studies have found that extensive practice and direct reinforcement
can alter the R1 response (Wolpaw 1983;Wolf and Segal 1996;Christakos et al. 1983). However,
feedback of muscle activity was not directly provided in our behavioral task. Second, R1
responses can change for some behaviors such as walking (Komiyama et al. 2000), running
(Duysens et al. 1993), and even repetitive arm movements (Capaday and Stein 1986;Zehr et al.
2003). All of these tasks have a common feature in that they are all cyclical in nature and many
studies have highlighted the importance of the spinal cord for locomotor activities (Akazawa et
al. 1982;Forssberg et al. 1975). In contrast, we examined motor responses during reaching, a
discrete goal-directed task. Previous studies exploring either reaching or maintaining a constant
arm posture also did not find changes in R1 responses (Capaday et al. 1994;Colebatch et al.
1976;Crago et al. 1976;Evarts and Granit 1976;Jaeger et al. 1982;Lee and Tatton 1982;Lewis et
al. 2006;Rothwell et al. 1980;Hagbarth 1967). This suggests there may be a difference in the
properties of short-latency reflexes in cyclical versus non-cyclical behaviors (See also, Schaal et
al. 2004).
We observed context-dependent changes in muscle activity in the R2/R3 response (45105ms). Many other studies have highlighted how these long-latency responses have knowledge
about the physics of the limb (Kurtzer et al. 2008;Kurtzer et al. 2009;Lacquaniti and Soechting
1984;Lacquaniti and Soechting 1986), compensate for gain scaling (Bedingham and Tatton
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1984;Marsden et al. 1976;Matthews 1986;Pruszynski et al. 2009;Stein et al. 1995;Verrier 1985),
are altered by verbal instruction (Capaday et al. 1994;Colebatch et al. 1976;Crago et al.
1976;Evarts and Granit 1976;Jaeger et al. 1982;Lee and Tatton 1982;Lewis et al. 2006;Rothwell
et al. 1980;Hagbarth 1967), and more recently tuned to the spatial location of a target (Pruszynski
et al. 2008). Here we show even greater sophistication in these corrective responses including
modulation for the characteristics of the goal (size/ shape) and environment (presence of
obstacles).
Although spinal and supraspinal pathways contribute to long latency responses, the taskdependent flexibility observed during this time epoch likely reflects the contribution of a
transcortical feedback pathway (Matthews 1991;Scott 2004;Pruszynski et al. 2011a). Neurons in
primary motor cortex respond in as little as 25ms following perturbations applied to the limb
(Herter et al. 2009; Pruszynski et al. 2011a), and the total transmission time to and from the
cortex is consistent with the onset of the long latency epoch (Cheney and Fetz 1984). M1
neurons also modulate their activity when the perturbation instructs the monkey to push versus
pull on a lever (Evarts and Tanji 1974), an analogous task to the intervene/don’t intervene task
performed with humans. Transcranial studies on humans also illustrate that M1 contributes to
long-latency motor responses (Day et al. 1991; Pruszynski et al. 2011a).
As M1 is also known to be important for voluntary motor control (Porter and Lemon 1993),
it is possible that rapid corrective responses generated through the transcortical pathway can take
advantage of these voluntary processes. In other words, the known contributions of M1 to
voluntary control may endow similar qualities to long latency corrective responses. For example,
the distribution of preferred directions of MI neurons during reaching are skewed to reflect the
physics of limb movement (Scott et al. 2001). Correspondingly, long-latency responses generated
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through the transcortical pathway consider the physics of multi-joint motion (Pruszynski et al.
2011a).
At the extreme, rapid motor corrections and voluntary control may be effectively the same
(Scott 2004). Recent motor control theories suggest that online feedback plays an important role
in voluntary motor control (Scott 2004;Todorov and Jordan 2002;Todorov 2004). In this
framework, errors in our movements (through noise or environmental forces) are sensed by limb
afferents (or more slowly through visual feedback) and combined with efference copy of motor
signals to estimate the present state of the limb. This is used to generate motor commands to
muscles considering the physical properties of the limb and the behavioral goal. In this
framework, the voluntary circuitry is already processing feedback errors all the time. We
hypothesize that the discrete mechanical perturbations used in the present study is simply
processed through this feedback pathway that is already actively supporting voluntary control of
reaching. Sophisticated responses have also been demonstrated for visual feedback corrections
during reaching (Franklin and Wolpert 2008;Knill et al. 2011). This intimate relationship between
rapid motor responses and voluntary control may explain the difficulty in separating reflexive and
voluntary control (Hasan 2005;Prochazka et al. 2000;Rothwell et al. 1980) and why we have
chosen to call these corrective actions rapid motor responses rather than reflexes.
Although we focus on the transcortical pathway for interpreting the task-dependent
modulation of long-latency responses, there are multiple components to this response (Pruszynski
et al. 2011b) so spinal and even other supraspinal pathways likely contribute to muscle activation.
Preparatory activity has been observed in spinal cord prior to voluntary movement (Prut and Fetz
1999). Presynaptic inhibition has been shown to be generated from descending cortical
commands (Carpenter et al. 1963;Andersen et al. 1962;Andersen et al. 1964). Therefore, it is
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possible that the spinal cord could support task-dependent modulations. The question remains as
to why short-latency responses that are known to be purely spinal in origin fail to show any taskdependency and that the timing of task-dependent modulations in corrective responses parallels
transmission times appropriate for the supraspinal pathways (Matthews 1991). Future work is
required to help delineate how the various feedback pathways may contribute to support our
ability to counter environmental perturbations.
In conclusion, our results highlight that long latency motor responses are modulated by
characteristics of the goal and features of the environment. We hypothesize that such
sophistication in feedback responses is generated through feedback pathways that also support
voluntary control, notably a transcortical pathway. Therefore, we predict that other aspects of
voluntary control will also be present in long-latency responses such changes with motor
learning, and rapid decisional processes to consider the many complex spatial and physical
properties of the environment. Correspondingly, the shared nature of voluntary and corrective
processing also suggests that the use of discrete mechanical perturbations during voluntary tasks
provides a unique probe for studying voluntary control processes.
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Chapter 3
Rapid online selection between multiple motor plans
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3.1 Abstract
Recent theories of voluntary control predict that multiple motor strategies can be precomputed and expressed throughout movement. We examined online decisional processing in
humans by asking them to make reaching movements with obstacles located just to the sides of a
direct path between start and end targets. On random trials, the limb was perturbed with one of
four mechanical loads that varied in direction and amplitude. Notably, we observed two different
strategies when we applied a perturbation (left medium-sized) that deviated the participants’ hand
directly towards an obstacle. In some trials, subjects directed their hand between the obstacles and
in other trials to the left of the obstacles. Importantly, changes in the muscle stretch response
between these two strategies were observed in less than 60ms post-perturbation, during the R2
long-latency epoch (~45-75ms). As predicted, the selected strategy depended on the estimated
position of the limb when it was perturbed. In our second experiment, we presented either one or
three potential goal targets. Movements initially directed to the closest target could be quickly redirected to other potential targets following a perturbation. Differences in muscle stretch
responses for re-directed movements were observed ~75ms post-perturbation during the R3 longlatency epoch (~75-105ms). The results show that decisional processes are rapidly implemented
during movement execution. In addition, our data suggest a hierarchical process with corrective
responses on ‘how’ to attain a behavioral goal expressed during the R2 epoch and responses on
‘what’ goal to attain during the R3 epoch.
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3.2 Introduction
Athletes often exemplify the ability to rapidly alter a motor action when circumstances
change. For example, physical contact in sports, such as football or rugby, can push an athlete
from their selected course, resulting in a rapid decision to change his/her running direction. This
flexibility begs an important question: How does feedback influence decision-making between
competing movements or goals during an ongoing motor action. Recent work highlights the
motor system’s ability to consider multiple potential targets prior to movement onset (Cisek and
Kalaska, 2005; Chapman et al., 2010b). Various factors influence movement selection, such as
the expected gain associated with movement outcomes (Trommershäuser et al., 2003b, 2008),
limb biomechanics (Cos et al., 2011), and the reliability of sensory information (Roitman and
Shadlen, 2002; Körding, 2007; Hernández et al., 2010). These decisions reflect a serial process of
planning followed by movement execution. However, our interest is to understand how sensory
feedback for online movement control can influence how we choose to move in a complex
environment.
Optimal Feedback Control offers a theoretical framework to address how motor actions
should be updated according to the task goal, taking movement variability and environmental
perturbations into account (Todorov and Jordan, 2002b; Rigoux and Guigon, 2012)(Scott, 2004).
Within this framework, motor commands are determined by a cost-function that reflects the
objective of the motor action. Importantly, these motor commands depend on the estimated
position of the limb at each point in time so that the expected remaining cost to accumulate until
attaining the movement goal, called the cost-to-go, is minimized. The model makes an important
prediction when multiple ways or goals are available to achieve task success. If a perturbation
pushes the movement away from the initial best option, another option may become more
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desirable, inducing a change in movement trajectory or goal. Hence, the model predicts that
motor decisions to select new trajectories or alternate goals may result from changes in the
position of the limb according to the cost-to-go. If this decisional process is performed during
movement, then we hypothesize that rapid motor responses to perturbations (~50-100ms) may
express distinct strategies depending on the position of the hand. Alternatively, if decisional
processes and motor execution are dissociated, then changes in motor strategies during movement
should be associated with reaction times similar to voluntary reaction times (EMG>100ms).
To test this hypothesis, we investigated how rapidly the motor system can select how to
navigate around obstacles following a mechanical perturbation (experiment 1) or to a new target
(experiment 2). We developed an optimal control model to characterize how alternate movement
trajectories could be selected and found that human subjects generated qualitatively similar
corrective responses. Critically, task specific changes in motor responses were observed in as
little as 60ms. Furthermore, our simulations based on optimal feedback control reproduced the
dependency of the decision on the estimated instantaneous position of the limb, suggesting that an
online monitoring of the state of the limb might be used to produce a feedback response that
selected the best out of multiple options.

3.3 Methods
Participants
A total of 34 subjects (23 males and 11 females, aged 21–36yr, all right hand dominant)
participated in one of 4 experiments. Experiment 1A included 10 subjects, whereas all other
experiments included 8 subjects. All subjects were neurologically healthy and gave informed
consent according to a protocol approved by the Queen’s University Research Ethics Board.
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Experiments lasted approximately 2 hours and subjects were financially compensated for their
time.
Apparatus and Experimental Design
Experiments utilized a robotic device (KINARM Exoskeleton, BKIN Technologies,
Kingston, Ontario, Canada) permitting elbow and shoulder movement in the horizontal plane
(Scott, 1999b; Singh and Scott, 2003; Nashed et al., 2012). In addition to recording
flexion/extension movement of each joint, the KINARM robot can displace the arm by applying
mechanical loads. Projected target lights and hand feedback were presented in the plane of the
arm using a TV monitor and a semi-transparent mirror. The experiments were performed with and
without visual hand feedback during movement.
Muscle Recordings
Surface electromyographic (EMG) recordings were obtained from the lateral triceps, an
elbow extensor. Full details of the procedures are described in our earlier study (Nashed et al.,
2012). One subject was excluded from the analysis due to excessive co-contraction (normalized
pre-perturbation muscle activity, >3SD larger than baseline differences observed across all
subjects).

Experiments
Experiment 1A: Obstacle avoidance following mechanical perturbations
Calibration Block: Determining Obstacle Placement
This experiment examined how feedback influenced the decisional process to navigate
around obstacles in the environment following a variety of mechanical perturbations. The
experiments began with a preliminary test of each subject’s corrective response to perturbations
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without the presence of obstacles. Subjects (n=10) performed reaching movements from a start
target (limb configuration: Shoulder -5o; Elbow 95o) to an end target (radius = 1cm) located 10cm
in front of the start target (Fig. 1A). All trials began with the gradual onset (ramp up: 100ms) of a
0.75Nm elbow torque flexion load, which excited the elbow extensors. This elbow extension
background load was present through out each trial. Subjects were required to initially stabilize
and hold (random time 1-2s) their hand within the start target (radius = 0.5cm) prior to
movement. Following the hold period, the end target appeared and visual hand feedback was
removed. Subjects were instructed to perform simple reaching movements from the start to the
end target. As subjects approached the end target (within a 2cm radius), visual feedback was
restored so that they could easily attain the spatial goal. Upon trial completion, subjects were
notified as to whether they attained predetermined speed and accuracy criteria (Successful; End
target filled green, Failures; too fast <500ms; End target filled red, too slow >800ms; End target
filled yellow).
On random trials, step torques were applied to the limb just after movement onset when
shoulder and elbow angles were ~0o and ~90o, respectively (Fig. 1A). Either flexion/flexion
(Elbow: 1Nm, Shoulder: 1Nm) or extension/extension (Elbow: -1Nm, Shoulder: -1Nm) torques
were applied, which deviated the hand to the left or right, respectively. Furthermore, timing
constraints were loosened on perturbation trials, such that subjects had more time to attain the
spatial goal (Too slow >1200ms). After a short familiarization block, subjects performed 1
baseline block, which interleaved 30 unperturbed trials and 20 perturbation trials (10 right and 10
left), for a total of 50 trials.
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Figure 3.1: Experimental setup.
A: Depiction of experimental set up in Experiment 1A with circular obstacles within the
workspace (filled circles) and a one circular goal. Subjects made reaching movements to a
circular end target (open circles, radius = 1cm) and occasionally, the limb was perturbed
rightward or leftward with applied joint torques (τe: Elbow Torque; τs: Shoulder Torque; Thick
arrow: Evoked motion); The black line indicate corrective responses of an exemplar subject
without obstacles. B: Schematic of the torques applied to the shoulder and elbow. Note: The
background load (Bkg load) was ramped up over 100 ms, and step torque perturbations (vertical
second dashed line) were applied just after movement onset (vertical solid line). C: Same as in A,
depiction of experimental set ups of experiment 1B (top) and 1C (bottom) with circular obstacles
within the workspace (Top; filled circles) and either three circular goals (Top; solid circles) or a
bar target (Bottom; Dashed line). Similar to A, the limb was occasionally perturbed rightward or
leftward with applied joint torques (τe: Elbow Torque; τs: Shoulder Torque; Thick arrow: Evoked
motion). D: Depiction of Experiment 2 set up with either one (solid circle) or three (solid and
dashed circles) in the workspace. Subjects made reaching movements in both target conditions
(circles, radius = 1 cm) and occasionally, the limb was perturbed rightward or leftward with
applied joint torques (τe: Elbow Torque; τs: Shoulder Torque; Thick arrow: Evoked motion)
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Main Experiment: Obstacle avoidance when reaching to a small circular goal
Following the preliminary test, subjects were asked to perform similar reaching
movements with the added constraint of virtual obstacles (radii=1cm) in the environment. Two
circular virtual obstacles (mechanical feedback provided when contacted) were presented to
subjects and located to the right and left of the unperturbed hand trajectory (Fig. 1A). The
locations of these obstacles were strategically positioned to block the corrective responses elicited
in the preliminary test (Fig. 1A). Intersubject differences in obstacle placement did not exceed
1.4cm in all experiments. On selected trials, one of four possible joint torque perturbations was
applied (Fig. 1B): 1) Rightward (Elbow: 1Nm, Shoulder: 1Nm) 2) Small leftward (Elbow: 0.5Nm, Shoulder: -0.5Nm) 3) Medium leftward (Elbow: 1Nm, Shoulder: 1Nm) or 4) Large
leftward (Elbow: 2Nm, Shoulder: 2Nm). Subjects readily countered the loads and avoided the
obstacles (~80% success). Subjects performed 3 blocks, which interleaved 40 unperturbed trials
and 28 leftward perturbation trials (6 large, 16 medium, and 6 small), and 12 rightward
perturbations, for a total of 120 unperturbed trials and 120 perturbation trials.

Experiments 1B and 1C: Obstacle avoidance and target selection when reaching to three small
circular goals or a rectangular bar.
These experiments identified whether changes in the behavioral goal altered the timing of
corrective responses to avoid the obstacle. The start position and obstacle placements were
similar to Experiment 1A. Experiment 1B examined if subjects would select a new end target
when avoiding an obstacle during movement, following a mechanical perturbation. After the
preliminary test, subjects performed reaching movements to one of three potential targets (radii =
1cm, each). The central end target was positioned exactly as in experiment 1A. The additional
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targets, were located to the left and right of the central end target, and were directly behind the
obstacles (Fig. 1C; Top Panel). Experiment 1C extended our previous work on corrective
responses to a rectangular bar (Nashed et al., 2012) by exploring how the placement of obstacles
influenced this response (Fig. 1C; Bottom Panel). The centre of the rectangular bar was
positioned in the same location as the end target from Experiment 1A (bar length = 40cm, width =
3cm). All other aspects of these experimental protocols were identical to the Experiment 1A.

Experiment 2: Target selection following mechanical perturbations
This experiment examined how the presence of multiple potential goals influenced
corrective responses, but in this case, without any obstacles in the environment. Similar to
Experiment 1A, a preliminary test was completed in which subjects made reaching movements to
a central end target without obstacles and with perturbations applied on random trials. This
preliminary test did not influence the subsequent experiment, but allowed subjects to become
familiar with the basic experiment and provided consistency with the protocols in experiment 1.
In the main experiment, subjects were asked to perform reaching movements to either a
single circular target (Fig 1D; size and location same as in Experiment 1A) or three circular
targets (Fig. 1D; size and location same as in Experiment 1A and two other identical targets
located 5 cm to the left or right). On selected trials joint torque perturbations were applied to the
limb (Fig. 1B). The location, magnitude and frequency of these perturbations were the same as in
the previous Experiment 1.
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Model
Optimal control derives a control function that minimizes a cost-function expressed in terms
of state and control variables of a dynamical system (Todorov and Jordan, 2002b)(Todorov,
2004b). The solution is usually derived from the Hamilton-Jacobi-Bellman equation that
characterizes the cost-to-go, that is the cost of the remaining trajectory under the optimal control
policy. In principle, this approach provides an optimal state-dependent control policy, u*(x), that
can handle arbitrary constraints (x represents the system state and u is the control variable).
However, current numerical methods for non-linear systems are based on quadratic
approximation of the cost-function that cannot easily represent constraints of higher order such as
the presence of an obstacle (Todorov and Li, 2005).
For the first experiment, we countered this difficulty by coupling two simple optimal
control problems as follows. Each control problem was modeled as the translation of a point mass
(m=1) in the horizontal plane, given by the following differential equations:
𝑚𝑝 = −𝐺𝑝 + 𝐹 + 𝐹𝑒𝑥𝑡

(1)

𝜏𝐹 = 𝑢 − 𝐹

(2)

𝐹𝑒𝑥𝑡 = 0

(3)

Where p(t) represents the two dimensional coordinate vector, F and Fext represent the controlled
force and external force respectively, while u represents the two dimensional control vector. The
dynamics of each system were discretized to include stochastic noise and given as:
𝒙𝑘!! = 𝐴𝒙𝑘 + 𝐵𝒖𝑘 + 𝑚𝑜𝑡𝑜𝑟!𝑛𝑜𝑖𝑠𝑒

(4)

where xk represents the state vector including position, velocity, controlled and external forces.
The corresponding feedback signal at each time step is:
𝒚𝑘 = 𝒙𝑘!ℎ + 𝑠𝑒𝑛𝑠𝑜𝑟𝑦!𝑛𝑜𝑖𝑠𝑒

(5)
86

The first controller is derived to pass through a via-point that is located between the two
obstacles, and the second controller is derived to pass through a via-point that is located on the
left side of both obstacles. The task is to pass through a via-point 𝑝 𝑡𝑣 , at a given time interval
during the reach (0.5 s < tv < 0.6 s) and to stop at the target (𝑝∗ ), at the end of the movement
duration (tf = 1 s). The task error is defined by:
𝐶𝑜𝑠𝑡 = (𝑝(𝑡𝑣 ) − 𝑝𝑣 )𝑇 𝑄! (𝑝(𝑡𝑣 ) − 𝑝𝑣 ) + (𝑝(𝑡𝑓 ) − 𝑝∗ )𝑇 𝑄! (𝑝(𝑡𝑓 ) − 𝑝∗ ) + 𝑝(𝑡𝑓 )𝑇 𝑄! 𝑝(𝑡𝑓 ) (6)
Where the first term enforces passing through the via-point, the second and third terms enforce
stopping at the end target. The cost matrices Qi expressed that the coordinates of the mass in the
plane were selectively constrained. For the via-point (Q1), only the x coordinate was constrained
for the time interval 0.5 s < tv < 0.6 s. The end-point cost (Q2) expressed the shape of the target
goal (dot, bar or multiple targets). The end-point velocity cost (Q3) always constrained the two
dimensions of the plane to enforce that the movement stopped in all cases of target shape or
configuration.
The full control system and model parameter was fully described in our earlier study
(Nashed et al., 2012). As our primary objective was to simply characterize state-dependent
changes in movement strategy, we did not bother to manipulate the model or noise parameters in
an attempt to reproduce the exact trajectory of the subjects’ limb. Regarding the obstacle
avoidance procedure, we define J1(xk,uk) and J2(xk,uk) as the cost-to-go functions associated with
the center and left via-points, respectively (or target 1 and 2, respectively). We define a modified
control problem where the cost-to-go is:
𝐽 𝒙𝑘 , 𝒖𝑘 = 𝑚𝑖𝑛 𝐽! 𝒙𝑘 , 𝒖𝑘 , 𝐽! 𝒙𝑘 , 𝒖𝑘 ,

(7)

and the associated optimal control action is readily given by:
𝒖𝑘 = 𝑎𝑟𝑔 min𝑢 𝐽 (𝒙𝑘 , 𝒖),

(8)
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We now concentrate on the fact that the process is corrupted by motor noise and state feedback is
only available through delayed and noisy sensors. We use standard techniques based on system
augmentation to handle time delays in the feedback loop. The feedback delay was set to 50 ms. In
theory, the cost-to-go functions are given by:
𝐽𝑖 𝒙𝑘 , 𝒖𝑘 = 𝒙𝑇𝑘 𝑆𝑖,𝑥 𝑘 𝒙𝑘 + 𝑒𝑇𝑘 𝑆𝑖,𝑒 𝑘 𝑒𝑘 + 𝑠𝑖 (𝑘), where 𝑖 = 1,2

(9)

where ek is the estimation error, Si,x and Si,e are known matrices and si is a given non-negative
scalar quantity. These parameters (Si,e, Si,x and si) follow directly from the derivation of the
optimal feedback gains and optimal Kalman gains (Todorov, 2005b; Crevecoeur et al., 2011).
Since the Kalman filter produces unbiased state estimation, the controller can derive an unbiased
estimate of the cost-to-go by ignoring the estimation error and compute:
𝐽𝑖 𝒙𝑘 = 𝒙𝑇𝑘 𝑆𝑖,𝑥 𝑘 𝒙𝑘 + 𝑠𝑖 (𝑘),! where 𝑖 = 1,2

(10)

using the estimated state instead of the true state. The full control algorithm was implemented as
follows: (1) derive the optimal control policy and linear state estimator associated with each viapoint trajectory; and (2) apply the control policy associated with the minimum cost-to-go across
the two possible trajectories (Equation 8).
Finally, we should emphasize that our theoretical approach does not make any prediction
about the underlying neural implementation, and the optimization formalism to this end may not
be practically useful. However, it is possible that a rather simple neural implementation generates
state-dependent feedback control that approaches the prediction formulated in the context of
OFC. Indeed, it is reasonable to expect that a rather simple sensorimotor map of response gains
can be adjusted to take the presence of obstacles into account. Optimal feedback control is a
formal model used to describe behavior and does not make any predictions about the underlying
neural implementation.
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Data Analysis
Filtering and Normalization
All data were aligned on perturbation onset. EMG was normalized by its mean activity in the
final end target of the setup block where subjects maintained a constant posture against the
medium perturbation torques applied to the elbow. Full details of the filtering procedures are
described in our earlier studies (Nashed et al., 2012).
Kinematics
For the obstacle conditions (experiment 1), we were most interested in comparing the
distribution of trials where the hand passed between versus around the obstacles for the mediumsized perturbation. In order to pool all subject data, we normalized all trials by subtracting the
subject’s mean from each individual trial and dividing the result by the respective subject’s
standard deviation. All means and standard deviations were calculated in Cartesian x,y space.
Thus, datasets were aligned on their means and with similar overall distributions. KolmogorovSmirnov (K-S) tests were then performed to determine significant differences between the
distributions associated with each ‘strategy’: hand passing between versus around the obstacles
(Massey, 1951). Distributions (all trials and separate populations for each strategy) were fit with
unimodal and bimodal distributions and used Akaike Information Criterion (AIC) to determine
the goodness of fit (Ljung, 2001). Hand distributions were estimated using a kernel density
estimate, for illustration purposes (Bowman and Azzalini, 1997).
In order to address whether the trials preceding medium perturbations influenced the
decision to move around or between the obstacles, we quantified the effect of the lateral deviation
of the previous trial on the subsequent trial’s initial reach direction. We quantified the maximum
lateral deviation (x-position) caused by each perturbation and the effects on the initial reach
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direction of the subsequent medium perturbation trial. Ultimately, we compared the movement
strategies of the medium perturbation as a function of the previous trial and tested the difference
in distributions using a K-S test.
Muscle Activity
Stretch response epochs of muscle activity were based on earlier reports: Baseline (Pre) =
-100-0; R1 = 20–45ms; R2 = 45–75ms; R3 = 75–105ms; and Early Voluntary (EV) =105-135
(Lee and Tatton, 1975; Crago et al., 1976; Mortimer et al., 1981; Nakazawa et al., 1997). The
early voluntary epoch was chosen such that it was similar in size (30ms) to the preceding epochs.
We used a receiver-operator characteristic (ROC) technique to determine when the
muscle activity was reliably different between the two movement ‘strategies’ following the
medium perturbation (Green and Swets, 1974). For each time step (1ms) we generated an ROC
curve representing the probability of discrimination between the two responses based on muscle
activity for the same perturbation. Values of 0 and 1 indicate perfect discrimination, whereas a
value of 0.5 indicates performance at chance. We determined that muscle activity was reliably
different when the ROC curve surpassed a threshold of 0.75 for 5 consecutive ms. We then
calculated the point when the ROC curve began to deviate from chance (Thompson et al., 1996),
termed the “knee,” by regressing the ROC values located 15ms before the discrimination point
then calculating the time when this line intersected the pre-perturbation ROC results.
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3.4 Results
Experiment 1A: Obstacle avoidance when reaching to a small single goal
Model
We used an optimal feedback control model to conceptualize ideal performance in each
experiment. Prior to movement initiation, each control policy corresponding to a potential reach
path is determined by its own cost-to-go, which is the minimum cost expected to accumulate to
reach the behavioral goal (Todorov and Jordan, 2002b; Todorov, 2004;Åström, 1970). During
movement execution, the controller simply selects the policy associated with the minimum
estimated cost-to-go based on the present estimated position of the hand. The simulations shown
in figure 2A parallel the behavior of experiment 1A. The unperturbed reaching movements were
relatively straight with bell-shaped velocity profiles directed between the two obstacles (Fig. 2A).
For small perturbations, the load was quickly countered and the movement path continued
between the obstacles to reach the end target (Fig. 2A). The largest perturbations produced
movements that navigated around both obstacles to the end target (Fig. 2A). Medium
perturbations, which were directed towards the obstacles, produced a mixture of these two
strategies, with some trials navigating between the obstacles and others navigating to the left of
the obstacles (Fig. 2A). Which strategy was selected on a given trial depended on the estimated
position of the hand, which combines internal predictions and sensory feedback about the actual
hand position. Thus, trials in which the hand was to the right at perturbation onset tended to go
between the obstacles, whereas when it was to the left tended to go to the left of the obstacles.
Because sensory, prediction and motor signals are affected by noise, and sensory feedback is
delayed, the estimated hand location is uncertain, which explains why there is no strict separation
in distribution between the hand coordinate associated with the two strategies (Fig. 3A and B).
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Figure 3.2: Theoretical and empirical movement trajectories for Experiment 1A.
A: Trajectories generated by the optimal feedback controller for each load condition. Red and
blue trajectories represent trials that went outside of both obstacles and between both obstacles,
respectively. The black arrows depict the relative perturbation magnitudes and spatial location
where they were applied. B: Hand trajectories from a representative subject for each perturbation
magnitude.
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A: Mean and SE of x-axis trajectories generated by the optimal control model through the first
200ms of movement for reaches that went between the obstacles (blue) and left of both obstacles
(red). B: Distributions of hand positions along the x-axis 50ms after perturbation onset produced
by the optimal feedback controller. The arrows indicate the mean of each distribution (colours
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Corresponding results of pooled subject data.
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However, these distributions are significantly different (K-S test, D=0.21, P=0.014) as a
consequence of the state-dependent control policy. Also, note that the cost-to-go (and therefore
the switch in motor strategy) depends on other variables such as the hand velocity. These
considerations explain why there is no strict separation of the hand coordinate between strategies.
How estimates of the perturbation load interact with estimates of the hand location is an
interesting question for prospective studies. Simulations indicate that the state dependent switch
in reaching path vanishes after increasing the variance about the medium perturbation load. The
reason is that the actual load magnitude has a greater impact on the decision than the hand
location. Hence, future studies can use our paradigm to address how well the brain estimates the
hand location and the perturbation magnitude by determining the amount of perturbation variance
beyond which the state-dependent switch is no longer observed.
Human Behavior
In human subjects, the unperturbed reaches were straight with bell shaped velocity profile
and unaffected by the presence of the obstacles (Fig. 4). Figure 4 illustrates the mean kinematic
behavior of the unperturbed reaching movements for a representative subject. Random
perturbations applied just after movement onset resulted in distinct strategies to avoid the obstacle
and reach for the target. When small rightward or leftward perturbations were applied, subjects
easily corrected the deviation and continued to pass between the two obstacles as in the
unperturbed case. For large leftward perturbations, subjects switched their intended trajectory and
navigated a new path to the left of the obstacles. With medium leftward perturbations, subjects
used one of these two strategies, with some movements passing between the two obstacles and
other movements passing left of both obstacles. Figure 2B illustrates the behavior for an exemplar
subject, which qualitatively matched the behavior produced by the model.
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Figure 3.4: Kinematics of an exemplar subject in experiment 1A.
A: The mean and SD of the Y-position over the course of the reaching movement. Red and blue
trajectories represent trials that went outside of both obstacles and between both obstacles,
respectively. The black trace illustrates the unperturbed movements. The vertical black line
indicates perturbation onset B: Mean and SD of speed in Y-position for the reaching movement.
C: Mean and SD of shoulder angle over the course of the movement. D: The mean and SD of the
X-position over the course of the reaching movement. E: Mean and SD of speed in X-position
for the reaching movement. F: Mean and SD of elbow angle over the course of the movement.
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Figure 5 illustrates the percentage of trials that each subject navigated between the obstacles for
the small, medium and large leftward perturbations. On average, approximately ~45% of trials go
between versus around the obstacles for these medium sized perturbations. These strategies were
observed for each subject with and without vision during the reaching movements (data with
vision not shown).
The overall distribution of hand x-positions at perturbation onset for all the medium-sized
perturbations were unremarkable as they paralleled the overall distributions observed for
unperturbed trials (K-S test, D=0.12, P=0.101) and for the small (K-S test, D=0.10, P=0.236) and
large perturbations (K-S test, D=0.12, P=0.119), suggesting that even for perturbed reaches
subjects were planning to reach straight between the obstacles.
We were most interested in the two strategies observed following the medium
perturbation (Fig. 2B and 4) We found that the strategy to avoid the obstacle for the mediumsized perturbations depended on hand position at the beginning of the perturbation (Fig. 3C).
Trials in which the subject went left of both obstacles tended to be more leftward 50ms postperturbation when corrective responses had not yet influenced the limb (Fig. 3D, K-S test,
P<<0.001). This position-dependent selection was also present even 1ms prior to the perturbation
as compared to trials in which the subject remained between the two obstacles (K-S test, D=0.20,
P=0.03). Although we focused our analysis on the x-positions at perturbation onset, we should
emphasize that the decision to navigate around obstacles likely considers not only position but
velocity as well.
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Figure 3.5 Movement strategies for each perturbation magnitude.
Representation of the percent of trials that proceeded between the obstacles for each subject and
flexion load size in Experiment 1A.
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Finally, we quantified the maximum lateral displacement of the previous trial to
determine its effect on the initial reaching direction on the subsequent trials. We determined that
lateral error on the previous trial did not significantly influence the initial reaching direction on
the subsequent trial (K-S test, D=0.17, P=0.084).
We recorded the activity of the muscle that was stretched by the perturbation (triceps
lateralis) to identify the time when the motor system reflected each strategy. We were most
interested in comparing the perturbation-related activity between trials that navigated between the
obstacles versus around both obstacles following the medium perturbation. The perturbationrelated muscle activity was quantified for each subject by taking the mean of the perturbed trials
for each strategy (between vs. around) and subtracting the mean of the unperturbed trials (Kurtzer
et al. 2009). Paired t-tests were performed to compare changes in means of corresponding epochs
of muscle activity between movement ‘strategies’ (around vs. between obstacles) following the
medium perturbation. In triceps lateralis (Fig. 6A-C), the R1 response (20-45ms) was similar for
the two strategies (paired t-test, T8=1.03, P=0.331). Significant increases in EMG were observed
in the R2 (45-75ms) and R3 (75-105ms) long-latency time periods (R2: T8=4.13, P=0.004 and
R3: T8=4.38, P =0.003) and early voluntary epochs of time (T8=4.11, P=0.005; 105-130ms) when
the subject generated a large corrective response to remain between the obstacles. Analysis of
individual subjects yielded similar results to the group (T-test, P<0.05), with 1, 7, 8 and 9 of 9
subjects demonstrating modulation of R1, R2, R3 and early voluntary epochs, respectively. Preperturbation activity was statistically ~8% higher (T8=2.90, P=0.026) for trials navigated between
the obstacles although the magnitude of this effect was very small. These changes in preperturbation muscle activity are likely a reflection of the state (i.e. position and velocity) of the
limb. Specifically, greater pre-perturbation activity in lateral triceps would result in the hand
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Figure 3.6: Muscle activity for the medium-sized leftward perturbation.
A: Mean activity of lateral triceps across all subjects aligned to perturbation onset (vertical line);
Red and blue trajectories represent trials that went outside of both obstacles and between both
obstacles, respectively. The black line indicates muscle activity for the unperturbed reaches. B:
Perturbation-evoked response of lateral triceps obtained after subtracting the activity of
unperturbed reaches for each individual subject. Black line denotes mean and shaded colour
denotes SE. C: Difference in muscle activity between the two responses in B (mean ± SE). (*,
P<0.05). D: Mean activity of posterior deltoid across all subjects aligned to perturbation onset
(vertical line) E: Perturbation-evoked response of posterior deltoid obtained after subtracting the
activity of unperturbed reaches for each individual subject. F: Difference in muscle activity
between the two responses in E (mean ± SE). (*, P<0.05)
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being more to the right prior to the perturbation and this position then leads to a higher likelihood
to move between the obstacles when perturbed.
Our previous work suggests that such a small load-related change in pre-perturbation
muscle activity could not produce such large task-dependent changes in the long latency
(Pruszynski et al., 2009) (Nashed et al., 2012). The R1 response is known to be most sensitive to
changes in pre-perturbation muscle activity. However, our data failed to demonstrate any
significant difference in the R1 epochs. Furthermore, the long latency epoch has shown reduced
or little sensitivity to changes in pre-perturbation muscle activity (Pruszynski et al., 2009),
particularly during reaching (Nashed et al., 2012). This suggests that the small but significant
changes observed pre-perturbation could not account for the large task-dependent differences
observed in the long latency epochs.
In order to verify further that pre-perturbation activity did not influence post-perturbation
epochs, trials that showed increased muscle activity just prior to perturbation onset were removed
(~10% of trials) from the analysis. After removing these trials, the pre-perturbation muscle
activity was effectively the same (paired t-test, T8=1.84, P=0.18). The R1 epoch was similar
between the two decisions (T8=1.23, P=0.24). However, we still observed a consistent significant
difference in the long latency epoch even with the removal of some trials (R2: T8=2.98, P=0.02;
R3: T8=3.76, P=0.006). ROC analysis revealed differences in muscle activity for the two types of
strategies (between vs. around obstacles) that deviated from chance at 57ms (knee).
We observed similar trends in the shoulder muscle, namely, posterior deltoid (Fig. 6D-F).
The R1 (T8=1.43, P=0.164) was similar between the two strategies. In contrast, significant
increases were observed for the R2 (T8=4.13, P=0.004), R3 (T8=4.13, P=0.004) and early
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voluntary epochs (T8=4.38, P =0.003) for the strategy to navigate between obstacles as compared
to movement around both obstacles.

Experiment 1B: Obstacle avoidance when reaching to three potentials goals
As in Experiment 1A, we found that small perturbations did not deter subjects from
continuing between the obstacles, whereas the large perturbation caused subjects to navigate
around both obstacles most of the time (Fig. 7A). Medium perturbations resulted in a mixture of
strategies including passing between and around the obstacles (Fig. 7A and B). Movement
strategies expressed for the medium perturbation again appeared to depend on hand position (Fig.
7C and D). Those trials that went around the obstacles tended to be more leftward at 50ms postperturbation, whereas those that navigated between both obstacles tended to be more right at
50ms post-perturbation (K-S test, D=0.23, P=0.002). Furthermore, the overall distributions of
hand positions of each load magnitude (small, medium and large) at perturbation onset were
similar to that of the unperturbed trials (K-S test, D=0.01, P>>0.05). We determined that lateral
error on the previous trial did not significantly influence the initial reaching direction on the
subsequent trial (K-S test, D=0.18, P=0.062).
We observed differences in the selection of the end goal based on whether subjects
navigated their hand between or around the obstacles. Subjects who went around both obstacles
almost always (96%) switched to a new target regardless of the perturbation magnitude.
Conversely, if subjects navigated their hand between the obstacles their terminal hand position
was at the center target regardless of the perturbation. However, on some trials it appears that the
selection of the left end target may have occurred after avoiding the obstacle. For example, the
left panel in Figure 7A illustrates a rightward deflection just after passing the obstacle in some
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Figure 3.7: Behavior in each experimental condition in Experiment 1B.
A: Hand trajectories from a representative subject for each perturbation magnitude. Red and blue
trajectories represent trials that went outside of both obstacles and between both obstacles,
respectively. The black arrows depict the relative perturbation magnitudes and spatial location
where they were applied. The red arrow highlights rightward deflections towards the central
target of some trials. B: Representation of the percent of trials that proceeded between the
obstacles for each subject and flexion load size in experiment 1B. C: Mean and SE of x-axis hand
trajectories through the first 200ms of movement across all subjects for reaches that go between
the obstacles (blue) and left of both obstacles (red). D: Distributions of hand positions along the
x-axis 50ms after perturbation onset across all subjects. The arrows indicate the mean of each
distribution (colours same as in A). Black line denotes distribution for all trials (blue and red
combined)
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hand trajectories for the largest perturbation (small red arrow). This redirection suggests that the
decision to select an alternate target may have occurred after the selection to avoid the obstacle.
We quantified perturbation related muscle activity in the triceps lateral for the medium
perturbation trials that navigated around both obstacles compared to those trials that navigated
between both obstacles (Fig. 8). The difference in evoked muscle activity is somewhat reduced
compared to experiments 1A that may be due to the presence of the lateral target. However,
qualitatively they follow the same trends. The R1 (20-45ms) was similar for the two strategies
(paired t-test, T7=1.47, P=0.176). Significant increases in muscle activity were observed in the R2
(45-75ms) and R3 (75-105ms) long-latency time periods (R2: T7=2.61, P=0.029 and R3: T7=4.50,
P = 0.001) and early voluntary epochs of time (T7=7.91, P<<0.001; 105-130ms) when the
subjects generated a larger corrective response to remain between the obstacles (Fig. 8). Similar
to the group results, individual subjects analysis revealed (T-test, P<0.05) that 1, 6, 7 and 8 of 8
subjects modulated the R1, R2, R3 and early voluntary epochs, respectively. Pre-perturbation
activity was ~14% higher and statistically significant (T7=2.58, P=0.03) for trials that navigated
between the obstacles compared to around. However, the magnitude of this effect was very small
and cannot account for the differences observed during the long-latency and voluntary epochs.
Similar to experiment 1A, we verified that pre-perturbation activity had no influence on the later
response epochs. When we removed trials (~10%) that showed increased muscle activity just
prior to perturbation onset from the analysis, we observed significant differences only in the R2,
R3 and the early voluntary epochs (P<0.05). ROC analysis revealed differences in muscle activity
for the two types of strategies (between vs. around obstacles) that deviated from chance at 52ms
(knee).
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Figure 3.8: Elbow extensor muscle activity for the medium-sized leftward perturbation in
Experiment 1B.
A: Mean activity of lateral triceps across all subjects aligned to perturbation onset (vertical line);
Red and blue trajectories represent trials that went outside of both obstacles and between both
obstacles, respectively. The black line indicates muscle activity for the unperturbed reaches. B:
Perturbation-evoked response obtained after subtracting the activity of unperturbed reaches for
each individual subject. Black line denotes mean and shaded colour denotes SE. C: Difference in
muscle activity between the two responses in B (mean ± SE). (*, P<0.05)
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The optimal control model produced qualitatively similar results (Fig. 9A and B). Trials
in which the hand passed around the two obstacles always selected the left end target. The small
rightward deviations toward the central target observed for human subjects was not reproduced
by the model. However, this simply reflects that the model only considers two competing
feedback control policies to capture the state-dependent switch in movement path or goal target.
As such, and by design, the model predicts that changes in movement path and changes in endpoint goal occur at the same time. However, our data indicate that there may be multiple stages in
this process (See Discussion)
Experiment 1C: Obstacle avoidance when reaching to a bar goal
The use of a rectangular bar as an end goal highlighted qualitatively similar results to the
previous experiments. Medium perturbation produced a mixture of behaviors, with some trials
going around and others between both obstacles (Fig. 10A). The decision to navigate around or
between both obstacles appeared to be position dependent. Trials in which the hand navigated to
the left of both obstacles were associated with more leftward hand positions 50ms postperturbation (Fig. 10B). We observed differences in the final hand position that appeared to be
dependent on whether subjects navigated their hand between or around the obstacles. In trials
when subjects navigated around the obstacles reached the end target significantly more leftward
of the center position (-3.6 ± 1.5cm) than those trials that reached the end target (-0.7 ± 0.8 cm)
by navigating between the obstacles (paired t-test, T7=3.36, P=0.011). The overall distributions of
hand positions of each load magnitude (small, medium and large) at perturbation onset were
similar to that of the unperturbed trials (K-S test, P>>0.05). Again, we found little effect of the
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Figure 3.9: Theoretical movement trajectories and position for the medium-sized leftward
perturbation in Experiment 1B and 1C.
A: Trajectories generated by the optimal feedback controller for experiment 1B. Red and blue
trajectories represent trials that went outside of both obstacles and between both obstacles,
respectively. B: Mean and SE of x-axis trajectories in experiment 1B generated by the optimal
control model through the first 200ms of movement (colours same as in A). C: Trajectories
generated by the optimal feedback controller for experiment 1C (Colours same as in A). D: Mean
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Figure 3.10: Behavior and muscle activity for the medium-sized leftward perturbation
Experiment 1C.
A: Hand trajectories from a representative subject for the medium perturbation magnitude. Red
and blue trajectories represent trials that went outside of both obstacles and between both
obstacles, respectively. B: Distributions of hand positions along the x-axis 50ms after
perturbation onset across all subjects. The arrows indicate the mean of each distribution (colours
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previous trials displacement on the current trials in both variants just as in experiment 1 (K-S test,
D=0.16, P=0.071).
We quantified the perturbation-related muscle activity in triceps lateral for the movement
strategies between and around obstacles. The results are illustrated in Fig. 10C. The R1 (2045ms) was similar for the two strategies (Fig. 10C; paired t-test, T7=1.59, P=0.155). Significant
differences in muscle activity remained in the R2 and R3 long-latency time periods (R2:T7=3.21,
P=0.015 and R3:T7=5.46, P=0.001) and early voluntary epochs of time (T7=5.20, P=0.005) when
the subjects generated a larger corrective response to remain between the obstacles (Fig. 10C).
Analysis of individual subjects yielded similar results to the group (T-test, P<0.05), with 2, 5, 7
and 7 of 8 subjects demonstrating modulation of R1, R2, R3 and early voluntary epochs,
respectively. Pre-perturbation activity was again statistically higher (~18% larger; T7=2.90,
P=0.026) for trials that navigated between obstacles compared to around. However, this
difference is unlikely to account for the differences observed during the long-latency and
voluntary epochs. Similar to above, we removed trials (~10%) with significantly higher preperturbation muscle activity from the analysis to examine the effects on the subsequent epochs of
muscle activity. We found no differences in the R1 epoch (T7=1.59, P=0.155), but significance
differences remained in the R2, R3 and early voluntary epochs (R2: T7=3.21, P=0.015; R3:
T7=5.46, P<<0.01; EV: T7=4.69, P<<0.01). ROC analysis revealed differences in muscle activity
for the two types of strategies (between vs. around obstacles) that deviated from chance at 51ms
(knee).
The optimal control model produced qualitatively similar results (Fig. 9C and D). Trials
in which the hand passed around the two obstacles always selected positions on the bar to the left.
The dispersion of hand positions was larger than those observed for movements to the circular
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targets reflecting the redundancy available with these larger spatial targets (See Nashed et al.,
2012). Trials that navigated outside of both obstacles resulted in significantly different (KS test,
D=0.31, P<<0.01) terminal end positions on the bar compared (-4.85 ± 2.77 cm) to those that
navigated between obstacles (-0.08 ± 2.34 cm).

Experiment 2: Target selection following mechanical perturbations
The unperturbed reaches were straight and qualitatively similar whether there was one or
three end targets presented (Fig. 1D). In the three-target condition, subjects could reach to any of
the three end targets, but they always chose to reach to the central target that was closest to the
start position (Fig. 11A). In the three-target condition, we observed that larger perturbations
always resulted in switching from the central goal to the leftward goal. Medium perturbations
resulted in similar responses to the larger perturbation with ~85% of trials causing a switch to the
leftward goal in the three target case (Fig. 11A). Small perturbations resulted in approximately a
60% switch rate between movement strategies, with some trials being corrected back to the
originally intended central goal and others to the leftward goal. In contrast, for the one target
condition, random perturbations applied just after movement onset resulted in rapid corrective
responses towards the end target for all perturbation magnitudes (medium perturbation illustrated
in Fig. 11B).
We compared the rapid motor responses generated for the medium perturbation for the
one and three-target condition (Fig. 11C and D). Pre-perturbation activity was statistically similar
across the two conditions (Fig. 11C and D; paired t-test,T7=0.61, P=0.569). The R1 and R2 were
similar for the two strategies (Fig. 11C and D, R1: T7=-0.41, P=0.707 and R2:T7=0.55, P=0.608).
Significant differences in muscle activity were observed in the R3 and early voluntary epochs of
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Figure 3.11: Behavior and muscle activity for the medium-sized leftward perturbation in
Experiment 2.
A: Hand trajectories from a representative subject for the medium perturbation magnitude in the
three target condition. Red and blue trajectories represent trials that navigated to a new target and
returned to the originally intended target, respectively. The black lines indicate the unperturbed
reaching conditions B: Hand trajectories from a representative subject for the medium
perturbation magnitude in the one target condition. Blue trajectories represent trials that returned
to the originally intended target. C: Perturbation-evoked response obtained after subtracting the
activity of unperturbed reaches for each individual subject. Black line denotes mean and shaded
colour denotes SE for each target condition. D: Difference in muscle activity between the two
responses in C (mean ± SE). (*, P<0.05) E-F: Trajectories generated by the optimal feedback
controller for each target condition. Red and blue trajectories represent trials following the
medium perturbation in the three and one target conditions respectively.
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time (R3:T7=2.61, P =0.03 and Vol T7=2.93, P=0.028; 105-130ms) with greater EMG for trials
when the subjects corrected back to the single central target (Fig. 11C and D). Analysis of
individual subjects yielded similar results to the group (T-test, P<0.05), with 0, 2, 7 and 8 of 8
subjects demonstrating modulation of R1, R2, R3 and early voluntary epochs, respectively. ROC
analysis revealed differences in muscle activity for the two types of strategies (between vs.
around obstacles) that deviated from chance at 71ms (knee). The presence of the initial deviation
occurring before the start of the R3 epoch (75ms) may explain why a few individual subjects
displayed a significant change in the R2 epoch. The timing of these ROC results are delayed by
~15ms when compared to the decision to avoid the obstacle in experiment 1.
Optimal control models generated qualitatively similar results in that movements were
initially directed to the central target and were redirected to the peripheral targets when
perturbations were applied (Fig. 11E-F). However, the hand was redirected for all perturbed trials
as the cost-to-go to attain the peripheral targets was always found to be smaller than to correct
back to the central target. For smaller perturbations, a specific cost to switch end targets or
several other aspects of the model could result in the model to reproduce the ability to switch or
maintain the same end goal for the same perturbation size.

3.5 Discussion
Our study highlights how rapid motor responses to mechanical perturbations are
modulated with the presence of obstacles and multiple goals. Previous studies have shown that
long-latency responses possess considerable flexibility including goal-directed corrections
(Hammond, 1956; Pruszynski et al., 2008; Dimitriou et al., 2012; Nashed et al., 2012; Omrani et
al., 2013; Pruszynski and Scott, 2012; (Crevecoeur et al., 2013), stability (Nichols and Houk,
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1976; Akazawa et al., 1982; Krutky et al., 2010) and knowledge of limb mechanics (Lacquaniti
and Soechting, 1984; Kurtzer et al., 2008, 2009; Pruszynski et al., 2011a). However, in each
case, there was only one nominal strategy expressed in the corrective response. Here we show
that two distinct motor patterns or strategies can be expressed during the long-latency time
period.
This ability to make corrective movements that avoid obstacles in the environment or
select amongst alternate behavioral goals highlights the intimate link between decision making
and motor control (Cisek, 2012; Wolpert and Landy, 2012). For example, recent work highlights
how movements to a spatial goal can be redirected by an ongoing perceptual decision (Resulaj et
al., 2009), and that long-latency motor responses are continuously modulated during this
decisional process (Selen et al., 2012). As well, properties of the physics of the limb (Cos et al.,
2011), extrinsic constraints, such as obstacles or penalties in the environment (Sabes et al., 1998b;
Trommershäuser et al., 2003b) and the number and position of targets (Chapman et al., 2010b)
also influence our decisions on how to move in the world. Our work illustrates that factors which
have been shown to influence decisional processing before moving, can also be taken into
account during movement when certain conditions arise such as external disturbances to the
motor system.
An important question is to what degree the rapid motor responses to avoid obstacles or
move to alternate goals are preplanned. The ability to evoke long-latency responses based on
subject intent has a long, rich history since the seminal studies by Hammond (1956, For a review,
see Pruszynski and Scott, 2011). However, these previous studies typically involved the rapid
initiation of movement from a stationary posture. Further, there was only one nominal goal,
verbal or spatial. In contrast, it seems unlikely that either of the motor responses to avoid the
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obstacles was entirely preplanned. First, we observed no difference in the overall positional
distributions (combined movement strategies) for the medium perturbation condition, suggesting
that there was no systematic bias in the initial aiming direction. In experiment 1A, although hand
positions at perturbation onset were similar, when the medium perturbation was decomposed into
the two strategies (between vs. around obstacles), it is clear that the position of the hand
influenced which strategy was expressed (Fig. 3A and B). Second, subjects did not know the
presence, size or direction of the perturbation applied (Fig. 1B). Therefore, the actual perturbation
direction and magnitude, unknown at movement initiation, was clearly influencing the decision to
navigate between or around the obstacles.
At the same time, it is difficult to imagine that the entire decisional process to avoid the
obstacle or attain an alternate goal was performed after the perturbation, given the speed of the
motor responses (~60ms and ~75ms, respectively). Optimal feedback control provides an
important didactic model to describe how multiple potential motor strategies during movement
can be pre-computed, and how the selection of the best motor command determined by the costto-go is expressed in the feedback control policy. In the framework of optimal feedback control,
the initiation of movement towards a behavioral goal is selected to minimize the expected
remaining cost. This cost-to-go also dictates how to select motor commands at each point in time
based on the estimated state of the system. (i.e. position, velocity, etc.). In our optimal control
models, corrective responses to the right or left of the obstacle were dictated by the instantaneous
estimated position of the hand. In other words, both strategies to avoid the obstacle are computed
and represented in the feedback control policy. Which strategy is evoked on a given trial simply
reflects the estimated instantaneous position (and velocity and acceleration) of the hand following
the perturbation, an interplay between variability in the trajectory generated by intrinsic noise in
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the motor system and internal knowledge of the motion evoked by the perturbation likely
available during the long-latency epoch (Crevecoeur and Scott, 2013). Although our model used
two competing cost-to-go functions, in principle, a single (more complex) state-dependent control
policy can capture such changes in movement strategy including rerouting around the obstacles or
changes in movement goal (Bryson and Ho, 1975).
It is important to note that while optimal feedback control provides a useful normative
model to describe these corrective responses, we do not propose that the brain explicitly
implements its mathematics (Scott, 2012). Such models identify what good control ought to look
like; deviations from ‘optimal behavior’, such as timing differences for corrections to avoid an
obstacle versus attain an alternate goal, provide important insight on the simplifying strategies
used by the brain to control motor actions (See below).
In the present case, optimal control highlights that voluntary actions reflect an similar
interplay between preplanning and online feedback control. The preplanning phase requires not
just setting motor circuits to generate a spatiotemporal pattern of muscle activities to generate
movement to the desired goal. Rather, the motor circuits must also provide appropriate corrective
responses that consider the features of the behavioral goal, environmental conditions and
properties of the limb. A small disturbance or noise in the motor system leads to a small
corrective response (Crevecoeur et al., 2012). However, a large disturbance may require a more
complex response such as to avoid an object in the environment or to choose an alternate goal, as
in the present study. This preselection process permits rapid ‘decisional’ processes to be
generated simply based on estimates of the present state of the limb.
Thus, we propose that the motor system calculates many potential responses to attain a
behavioral goal with the specific pattern that is actually expressed being dependent on the
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estimated state of the limb during movement. Given the non-linear complexities of the motor
system and environment, it is clearly not possible to calculate all possible solutions, so there must
be simplifying approaches and limits both spatial and temporal to the amount of alternate
strategies that can be considered in a control policy. For example, the motor system may only
prepare online corrective actions for a short time period (e.g. ~100ms in advance) much like
model-predictive control generates locally optimal feedback control over a finite time horizon
(Lee, 2011). Further, there may be limits as to the number of obstacles or alternate paths that can
be preplanned in the control policy. Previous work has shown that we can plan multiple potential
actions prior to movement initiation (Cisek and Kalaska, 2005) and we suggest similar processes
can be maintained and used during online control. Thus, an aspect of elite motor performance
may be the ability to prepare multiple ways to perform a task so that alternate strategies can be
rapidly selected based on sensory feedback during movement.
Differences in the timing of corrective responses associated with avoiding obstacles
(Experiment 1) versus correcting to alternate goals (Experiment 2) suggests that, unlike a singlestage optimal feedback control, the brain has a hierarchical structure for processing different
aspects of motor corrections. The long-latency stretch response has traditionally been divided into
two separate time periods, consisting of the R2 epoch (~50 to 75ms) and the R3 epoch (~75 to
105ms). A distinction between R2 and R3 was first proposed by Tatton and Lee (1975) and
subsequent work connected R2 with transcortical feedback through primary somatosensory and
motor cortex, whereas R3 with cerebellocortical feedback involving the dentate nucleus (MeyerLohmann et al., 1975; Evarts and Tanji, 1976; Vilis et al., 1976; Thach, 1975; Strick, 1976,
1983). Studies on the sophistication of rapid motor responses for the proximal arm have generally
found that task-dependent changes occur during the R2 epoch including knowledge of limb
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dynamics, stability and intended movement (Hammond, 1956; Pruszynski et al., 2008; Dimitriou
et al., 2012; Nashed et al., 2012; Omrani et al., 2013; Pruszynski and Scott, 2012; Nichols and
Houk, 1976; Akazawa et al., 1982; Krutky et al., 2010; Lacquaniti and Soechting, 1984; Kurtzer
et al., 2008, 2009; Pruszynski et al., 2011). The avoidance of obstacles observed in the present
study also led to changes in rapid motor responses in the R2 epoch. In contrast, the selection of
alternate goals in Experiment 2 of the present study is later and appears to elicit a response only
during the R3 epoch. These new features of R2 and R3 processing may reflect primary
somatosensory and dentate input, respectively, to primary motor cortex, although many other
pathways may also be involved (Scott, 2012). From a behavioral perspective R2 appears to reflect
corrections for a specific behavioral goal including if this goal has been prepared and simply
needs to be launched following a mechanical perturbation (e.g. Hammond, 1956; Evarts and
Tanji, 1976; Pruszynski et al., 2008). In contrast, the R3 epoch may provide a higher-level
corrective process to elicit rapid motor responses to select new or alternate behavioral goals not
presently selected. Thus, R2 reflects corrective responses on ‘how’ to attain a behavioral goal,
whereas R3 reflects responses on ‘what’ goal to attain. Whether these processes reflect different
feedback pathways and/or brain regions remains to be elucidated.
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Chapter 4
Intelligent Inhibition of the unloaded muscle during the long-latency epoch
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4.1 Abstract
Over fifty years of research has uncovered the sophistication of corrective responses in
lengthened muscles during the long-latency epoch (50-100ms following a limb displacement).
There has been far less research on the capabilities of shortened muscles despite this situation
being invariably present during the lengthening of its antagonist. Here we investigate the
sophistication of inhibitory responses in shortened muscles following unloading. Specifically, we
sought to determine if long-latency inhibitory responses of shortened muscles, like stretched
muscles, are sensitive to target location, account for the level of pre-perturbation muscle activity,
and consider the intersegmental dynamics of the limb. Our first experiment quantified the
inhibitory responses following an unloading torque that displaced the hand either into or away
from a peripheral target. We observed deeper long-latency inhibitory responses when the hand
was perturbed away from the peripheral target compared to towards the target. In our second
experiment, we characterized the degree of inhibition to unloading from different levels of preperturbation muscle activity. We found that the inhibitory activity of the short-latency epoch
scaled with increased levels of pre-perturbation muscle activity. This scaling continued in the R2
epoch, than quickly diminished through the rest of the long-latency epoch. Finally, in experiment
3, we investigated if inhibitory responses reflected knowledge of intersegmental dynamics. We
quantified unloading responses for either pure shoulder or pure elbow torques that evoked similar
shortening motion at the shoulder but different elbow motion. The long-latency inhibitory
response in the shoulder muscle was deeper for the shortening due to the imposed shoulder torque
than elbow torque, mirroring the selective response of lengthened shoulder muscles. Taken
together our results illustrate that the inhibitory long-latency response during muscle shortening
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has a similar degree of sophistication as the excitatory long-latency response during muscle
lengthening.

4.2 Introduction
Countering mechanical disturbances during motor actions often requires corrective
responses from the lengthening muscle, such as when someone bumps your arm when reaching
towards an object in the environment. It is well known that mechanical perturbations applied to
the limb or joint evoke a characteristic sequence of muscle activity that is commonly divided into
two components: the short-latency (20-45ms), and the long-latency (50-105ms) response (Lee
and Tatton, 1975; Hammond, 1956). Many studies have highlighted the substantive differences
between the short- and long-latency stretch responses (for review see Pruszynski and Scott 2011).
The short-latency response generally displays limited flexibility since it is generated by spinal
circuitry and thus, thought to simply reflect the present state of the spinal cord. For example, the
short-latency response is sensitive to the magnitude of perturbation and amount of preperturbation background muscle activity, a phenomenon termed ‘gain-scaling’ (Matthews, 1986;
Pruszynski et al., 2009). In contrast, the long-latency response, which has contributions from the
transcortical feedback pathway, is modulated by a variety of factors, such as verbal instruction
(HAMMOND, 1956b; Lee and Tatton, 1975; Rothwell et al., 1980; Lee et al., 1983; Capaday et
al., 1994), perturbation history (Rothwell et al., 1986), and expected perturbation shape
(Crevecoeur and Scott, 2013).
Our research has explored three different sophisticated features of long-latency response.
One is the scaling of the long-latency response to the task goal. We introduced a visuospatial
paradigm for defining the task goal as it has greater flexibility and transparency than verbal
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paradigms. Pruszynski et al. (2008) and Nashed et al. (2012) used two different targets during a
posture maintenance and target reaching, respectively. When the hand was displaced into the
target (requiring minimal corrective action) there was a weak long-latency response compared to
when the hand when perturbed away from a peripheral target. A second example of sophistication
is compensation for the ”gain scaling” responses evoked with increases in pre-perturbation
muscle activity (Matthews, 1986; Pruszynski et al., 2009). The short-latency response shows
greater activity with greater amounts of pre-perturbation muscle activity. Ultimately, the motor
system must compensate for this scaling to appropriately counter the absolute change in load
following a perturbation. Pruszynski et al. (2009) illustrated that such compensation begins in the
long-latency epoch as it exhibits much less scaling to background muscle activity than the shortlatency response. Finally, we have demonstrated that the long-latency response accounts for the
mechanical interactions across different joints (Kurtzer et al., 2008; 2009). A particular amount of
shoulder motion was induced by applying a elbow torque or applying a shoulder torque. The
short-latency response of shoulder muscles were similar for the two perturbations highlighting
that it simply paralleled how much that muscle was stretched by the load. In contrast, the longlatency response was substantively larger when the shoulder torque was applied, indicating that it
integrated information from multiple joints to appropriately counter the underlying load (i.e.
knowledge of intersegmental dynamics). Together, these studies illustrate the broad sophistication
of the long-latency response when loads are applied to the limb.
It must be noted that in all the previous examples, the response was examined in the
lengthened/stretched muscle due to loading. However, in many behavioral contexts unloading can
occur, which necessitates corrective responses from pre-excited shortened muscles. For example,
a waiter holding a tray of food experiences unloading as a second server removes objects from the
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tray. In this case, a rapid reduction in muscle activity is required from those carrying the tray as
they are unloaded and shortened when the tray weight is suddenly lightened. Understanding the
patterning of the responses in shortened muscles is critical to develop a general understanding of
rapid feedback control.
One might assume that long- and short-latency inhibitory responses would parallel those
observed when muscles are excited by a perturbation. However, there are important differences in
the organization of excitatory and inhibitory circuits at the spinal (excitation can be direct to
motoneurons) and cortical (corticospinal axons are only excitatory) such that inhibitory response
must be processed through inhibitory spinal circuits. Thus, basic anatomical differences in motor
circuitry could lead to different changes in the expression of motor sophistication in the rapid
responses of shortened muscles.
A number of studies have previously examined patterns of inhibition in muscle activity
(Sherrington, 1892, 1893, 1896; Hultborn et al., 1976; Day et al., 1984; Baldissera et al., 1987;
Rothwell et al., 1988; Nakashima et al., 1989; Valls-Solé and Hallett, 1995; Hultborn, 2006;
Manning et al., 2013;Dufossé et al., 1985; Archambault et al., 2005; Angel et al., 1965; Angel
and Weinrich, 1986; Angel, 1987; Manning et al., 2013). Many of these studies have utilized
electrical stimulation or brief force pulses to examine inhibitory responses of the foot (Tanaka,
1974), arm (Day et al., 1984; Rothwell et al., 1988; Nakashima et al., 1989) and hand (Valls-Solé
and Hallett, 1995). For example, Matthews (1986) used electrical stimulation and vibration
techniques to illustrate that inhibitory responses in the hand generally increase with the level of
pre-perturbation muscle activity. However, the techniques employed by Matthews (1986) can
only evoke short-latency inhibitory response. Thus, he was unable to characterize the inhibitory
responses in the long-latency and voluntary epochs. In another study, Angel and Weinrich (1986)
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investigated the influence of subject intent on the inhibitory responses of the hand following
unlading. The authors instructed subjects to either ‘flex’ or ‘extend’ their finger following
unloading pulses. The authors failed to observe any modulation of the inhibitory responses
following these pulses. However, the application of short force pulses only evokes responses
during the short-latency epoch and does not elicit responses during the long-latency epoch. Thus,
previous studies were not able to examine the responses during the long-latency epoch that are
known to exhibit motor sophistication
Here we test if inhibitory responses during muscle shortening parallel the sophisticated
responses observed during muscle lengthening. Specifically, we will examine whether inhibitory
responses: 1) consider the location of the spatial goal, 2) compensate for changes in preperturbation muscle activity and, 3) reflect knowledge of limb dynamics. Our results illustrate
that the inhibitory responses are capable of considerable flexibility during the long-latency epoch.

4.3 Methods
Participants
A total of 16 subjects (10 males and 6 females, aged 22–34 yr) participated in one of two
experimental sessions. Eight subjects participated in the first experimental session, which
consisted of experiment 1. Eight additional subjects participated in the second experimental
session, consisting of both experiments 2 and 3, which were interleaved. All subjects were
neurologically healthy and gave informed consent according to a protocol approved by the
Queen’s University Research Ethics Board. Experiments lasted approximately 1.5 hours and
subjects were financially compensated for their time.
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Apparatus and Experimental Design
Experiments utilized a robotic device (KINARM Exoskeleton, BKIN Technologies,
Kingston, Ontario, Canada) permitting elbow and shoulder movement in the horizontal plane
(Scott, 1999b; Singh and Scott, 2003; Nashed et al., 2012). In addition to recording
flexion/extension movement of each joint, the KINARM robot can displace the arm by applying
joint or hand-based mechanical loads. Projected target lights and hand feedback (radius=0.2cm)
were presented in the plane of the arm using a TV monitor and a semi-transparent mirror. A
physical barrier occluded direct vision of the hand.

Experiment 1: Influence of target location
We modified the experimental paradigm of Pruszynski et al. (2008) to examine if
unloading elicits rapid target-dependent modulation of a shortened muscle. All trials began with
the gradual onset of a background load of ±3Nm that elicited either elbow flexor or extensor
muscle activity. Subjects (n=8) were required to counter the background load and maintain their
hand within a small circular start target (radius=0.3cm), such that the shoulder and elbow were
positioned at 45º and 90º, respectively. Subjects were presented with a peripheral target
(radius=20cm) positioned orthogonal to the forearm, either to the right or left side of their hand
(Fig. 1A). Movement towards the peripheral target required elbow extension or flexion for the left
or right targets, respectively. Following a random hold period within the start target (1-4s), visual
feedback of the hand was removed and a rapid step-torque offset of ±1.25Nm was applied to the
elbow, which displaced the hand either into or away from the peripheral target. Subjects were
instructed not to anticipate the perturbations. Following perturbation onset, subjects were
instructed to move into the peripheral target as accurately and rapidly as possible, and maintain !
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Figure 4.1: Task apparatus and experimental set up.
A: Experimental 1 Setup: The top and bottom figure represent the elbow
flexor and extensor conditions, respectively. Initially, subjects were
presented with a start target (radius=0.3cm). The start target was located
such that the elbow and shoulder angles were located at 90º and 45º,
respectively. Subjects were presented with one of two large peripheral
targets (radius=20cm) located to the left or right of the start target
(radius=0.3cm). Peripheral target location was chosen such applied flexion
or extension elbow torques deviated the hand either into (IN) or away from
(OUT) of the target. B: Schematic of applied loads: A background load
(BG) of ±3Nm was slowly introduced (ramp up = 250ms) which primed
either the elbow flexors (solid line) or extensors (dotted line). After a
random hold period (1-4s), a 1.25Nm unloading perturbation (Perturb) was
applied. C: Experiment 2 Setup: Subjects were presented with a visual
target (radius=0.5cm) positioned such that the elbow and shoulder angles
were located at 90º and 45º, respectively. Subjects were required to return
to maintain their hand within the visual target after perturbation onset. D:
Schematic of applied loads: One of two background loads (BG) of either
±2 or ±3Nm was slowly introduced (ramp up = 250ms) which primed
either the elbow flexors (solid line) or extensors (dotted line). After a
random hold period (1-4s), a 0.5 Nm unloading perturbation (Perturb) was
applied. E: Experiment 3 Setup: Subjects were presented with a visual
target (radius=1cm) positioned such that the elbow and shoulder angles
were located at 90º and 45º, respectively. Subjects were required to return
to maintain their hand within the visual target after perturbation onset. F:
Schematic of multi-joint loads applied in each experimental condition: A
background load (BG) of ±2Nm was slowly introduced (solid line; ramp up
= 250ms) which primed either the shoulder flexors or extensors. After a
random hold period (1-4s), a 1Nm unloading perturbation (Perturb) was
applied to either the shoulder or elbow (dashed line).
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their hand in the peripheral target for 1000ms post perturbation. Upon trial completion, subjects
were notified as to whether they attained predetermined speed and accuracy criteria through
visual feedback of the peripheral target. Trials were deemed successful when the hand entered the
peripheral target in less than 300ms post-perturbation (Peripheral Target filled Green). Failures
occurred when the hand entered the peripheral target greater than 300ms post-perturbation
(Peripheral Target filled Red). Trials were presented in a random order (perturbations towards or
away from the goal target) so subjects could not anticipate the perturbation onset or direction.
Furthermore, the placement of the peripheral target was also randomly chosen for each trial.
Subjects performed 30 successful repeats of each condition (2 muscles, 2 targets, 2 perturbation
directions) for a total of 240 trials. Although subjects could rest anytime, breaks were enforced
every 80 correct trials. The experiment lasted ~2 hours.

Experiment 2: Influence of pre-perturbation muscle activity
We modified the experimental paradigm of Pruszynski et al. (2009) to examine if muscle
activity following unloading is related to the magnitude of the pre-perturbation muscle activity.
All trials began with the gradual onset of a background load (±2Nm or ±3Nm at the elbow) to
elicit elbow flexor or extensor muscle activity. Subjects (n=8) were required to stabilize against
the background load and maintain their hand within a small circular start target (radius=0.5cm),
such that the shoulder and elbow were positioned at 45º and 90º, respectively. After a random
hold period within the start target (1-4s), visual feedback of the hand was removed and a rapid
step-torque offset of 0.25Nm was applied to the elbow. The perturbation magnitude was chosen to
ensure that muscle activity was never 0 to avoid a ‘floor effect’ due to the unloading. Subjects
were instructed not to anticipate the perturbations and to avoid co-contraction prior to the
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perturbation. Following perturbation onset, subjects were instructed to return to the start target as
accurately and rapidly as possible, and stabilize for 800ms post-perturbation. Upon trial
completion, subjects were notified as to whether they attained predetermined speed and accuracy
criteria through visual feedback of the start target. Trials were deemed successful when the hand
entered the peripheral target in less than 700ms post-perturbation (Peripheral Target filled Green).
Failed trails occurred when the hand entered the peripheral target greater than 700ms postperturbation (Peripheral Target filled Red). Similar to experiment 1, trials were presented in a
random order and subjects performed 30 successful repeats of each condition (2 muscles, 2
background loads) for a total of 120 trials.

Experiment 3: Influence of limb mechanics
We modified the experimental paradigm of Kurtzer et al. (2008) to examine if shoulder
muscle activity following unloading reflects the underlying torques that produce movement. All
trials began with the gradual onset of a background load (±2Nm at the shoulder) that elicited
either shoulder flexor or extensor muscle activity. Subjects (n=8) were required to stabilize
against the background load and maintain their hand within a small circular start target
(radius=1cm), such that the shoulder and elbow were positioned at 45º and 90º, respectively. After
a random hold period within the start target (1-4s), visual feedback of the hand was removed and
an unloading step-torque perturbation of ±1Nm was applied to either the elbow or shoulder. The
applied unloading torque produced similar shoulder movements and shortening of the shoulder
extensor muscle but different amounts of elbow movement. Subjects were instructed not to
anticipate the perturbations and to avoid any co-contraction. Following perturbation onset,
subjects were instructed to return to the start target as accurately and rapidly as possible and
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stabilize for 800ms post-perturbation. Upon trial completion, subjects were notified as to whether
they attained predetermined speed and accuracy criteria through visual feedback of the start
target. Trials were deemed successful when the hand entered the peripheral target in less than
700ms post-perturbation (Peripheral Target filled Green). Failed trails occurred when the hand
entered the peripheral target greater than 700ms post-perturbation (Peripheral Target filled Red).
Trials were presented in a random order and were interleaved with experiment 2. Subjects
performed 30 successful repeats of each condition (2 muscles, 2 background loads) for a total of
120 trials. Breaks were enforced every 40 correct trials and the session lasted 2 hours.
Muscle Recordings
Surface electromyographic (EMG) recordings were obtained from 2 elbow muscles in
experiments 1 and 2, the Lateral Triceps (an elbow extensor) and Brachioradialis (an elbow
flexor). In experiment 3 we collected muscle activity from two shoulder muscles, Posterior
Deltoid (a shoulder extensor), and Pectoralis Major (A shoulder flexor). Full details of the
procedures are described in our earlier study (Nashed et al., 2012).
Data Analysis
Filtering and Normalization
All data were aligned on perturbation onset. For experiment 1, each muscles EMG was
normalized to its mean response during the pre-perturbation stabilization period in the start target,
in which the muscle actively countered a 3Nm load. For experiment 2, EMG was normalized to
the mean response obtained from a small normalization block at the end of the experimental
session in which subjects maintained a constant posture against the ±1Nm torques applied to the
elbow. For experiment 3, each muscles EMG was normalized to its mean response during the preperturbation stabilization hold period in the start target when the muscle actively countered a
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2Nm load. Full details of the filtering procedures are described in our earlier studies (Nashed et
al., 2012).
Kinematics
We used a receiver-operator characteristic (ROC) technique (Green and Swets, 1974) to
determine when the hand, elbow and shoulder positions were reliably different between
experimental conditions (Green and Swets, 1974). For each time step (1ms) we generated an
ROC curve representing the probability of discrimination between the two movements for the
same perturbation to different target locations. Values of 0 and 1 indicate perfect discrimination,
whereas a value of 0.5 indicates performance at chance. We determined that movement was
reliably different when the ROC curve surpassed a threshold of 0.75 for 5 consecutive ms. We
generated an ROC curve for each subject, which were then used to produce a mean ROC across
subjects to determine kinematics differences between experimental conditions. Furthermore, in
experiment 1 we quantified the terminal hand position (350ms post-perturbation) using principal
component analysis to generate 95% confidence ellipses of final hand position (Pruszynski et al.
2008).
Muscle Activity
Perturbation related response epochs to quantify muscle activity were based on earlier
reports: Baseline (Pre) = -100-0; R1 = 20–45ms; R2 = 45–75ms; R3 = 75–105ms; and Early
Voluntary (EV) =105-135 (Lee and Tatton, 1975) Nashed et al., 2014; (Crago et al., 1976;
Mortimer et al., 1981; Nakazawa et al., 1997b). The early voluntary epoch was chosen such that it
was similar in size (30ms) to the long-latency epochs.
Our experimental design allowed us to make straightforward comparisons between
conditions to determine if inhibitory responses were modulated as a function of task demands.
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Specifically, t-tests using subject means were used to determine changes in muscle activity across
experimental conditions. Additionally, we used the ROC technique to determine when the muscle
activity was reliably different between experimental conditions.
Gain-Scaling
Gain-scaling describes the change in evoked activity to the same perturbation according
to the amount of pre-perturbation muscle activity. Typically it is considered as a larger excitatory
response with greater EMG, but can also be deeper inhibitory response with greater EMG. We
defined gain-scaling as one plus the change in the evoked response for the same perturbation
across background loads normalized by the difference in pre-perturbation muscle activity
between these background loads. Note that this equation is a modified version of the equation
reported in Pruszynski et al. (2009), and can be used to quantify gain-scaling of both excitatory
and inhibitory responses. In the present manuscript, we calculated the gain-scaling across a 2Nm
and 3Nm background load with a 0.25Nm unloading perturbation.
𝐺𝑎𝑖𝑛 − 𝑆𝑐𝑎𝑙𝑖𝑛𝑔 = 1 +

(∆𝐴 𝑡
(𝐴 𝑝𝑟𝑒

− ∆𝐴 𝑡 𝑏𝑔! )
𝑏𝑔! − 𝐴 𝑝𝑟𝑒 𝑏𝑔! )
𝑏𝑔!

Where ∆A(t) is the change in evoked muscle activity relative to the pre-perturbation
muscle activity at a particular time, A(pre) is the mean pre-perturbation muscle activity and the
subscripts refer to the background load level (bg). Note that gain-scaling of 1 signifies no effect
of background load on the inhibitory activity, that is, no gain-scaling.

4.4 Results
Experiment 1: Influence of target location
This experiment examined if unloading elicits rapid target-dependent inhibition within the
shortened muscle. Subjects had little difficulty learning and completing the task. Unloading joint
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torques applied to the elbow caused multi-joint movement that ultimately deviated the hand from
the start target either into (IN) or away from (OUT) a peripheral target (Fig. 1A). Figure 2A
illustrates the mean hand paths and endpoint variability across all subjects for the IN and OUT
conditions following the application of an elbow extension torque. Although the hand paths
initially overlapped, they diverged within 5 cm of the starting position and showed very different
terminal hand positions. We used ROC analysis to quantify the timing of the corrective actions in
the shoulder and elbow motions following an elbow extensor torque (Fig 2B). We observed
target-dependent differences at 188ms and 210ms for the elbow and shoulder, respectively.
Similar results were observed following flexor unloading torque perturbations (Fig. 2C). ROC
analysis revealed target-dependent changes at 181ms and 241ms for the elbow and shoulder,
respectively (Fig. 2D).
The elbow extensor unloading elicited a decrease in muscle activity of the pre-excited
lateral triceps and an increase in muscle activity of the pre-inhibited brachioradialis (Fig 3).
Brachioradialis expressed no significant differences in muscle activity related to target location
during the R1 epoch (Fig. 3A and B; T(9)=0.82 , P=0.433). In contrast, the R2, R3 and voluntary
epochs were all elevated from baseline and exhibited larger increases for the OUT compared to
the IN target (R2: T(9)=2.41, P=0.04; R3: T(9)=2.54 , P=0.03; Vol: T(9)=4.12 , P<0.01). Target
dependent differences started at 52ms using ROC analysis (Fig. 3C).
As mentioned above, the extensor unloading resulted in a shortening of the lateral triceps,
producing a decrease in its muscle activity. The onset of inhibition began at ~20ms at the start of
the R1 Epoch (Fig 3D and E), but there was no target-dependent changes in the R1 epoch
(T(9)=0.51, P=0.62; Fig. 3F). However, the R2, R3 and voluntary epochs (R2: T(9)=2.33, P=0.04;
R3: T(9)=2.72 , P=0.02; Vol: T(9)=3.61 , P<0.01) all exhibited target-dependent modulation, such
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Figure 4.2: Experiment 1 hand and joint kinematics.
A: Traces correspond to the mean hand movement across subjects from the IN (Blue) and OUT
(red) conditions for extensor unloading. Endpoint ellipses represent the SD of hand position
300ms post-perturbation. B: Traces represent the mean change in elbow (solid) and shoulder
(dashed) motion for the extensor unloading for the IN (blue) and OUT (red) target conditions.
Data is aligned to perturbation onset and the vertical line (0ms) represents perturbation onset. The
solid and dashed arrows indicate the first point of statistical difference of elbow and shoulder
movement, respectively, determined by the receiver-operator characteristic (ROC). C: Traces
correspond to the mean hand movement across subjects from the IN (red) and OUT (blue)
conditions for flexor muscle group. Endpoint ellipses represent the SD of hand position 300ms
post-perturbation. D: Joint kinematics of elbow and shoulder for flexor unloading: Traces
represent the mean change in elbow (solid) and shoulder (dashed) motion for the flexor unloading
for the IN (red) and OUT (out) target conditions. The solid and dashed arrows indicate the first
point of statistical difference of elbow and shoulder movement, respectively, determined by the
ROC analysis.
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Figure 4.3: Muscle activity of brachioradialis (left column) and Triceps lateral (right
column) following extensor unloading in experiment 1.
A: Mean and SE brachioradialis muscle activity from an exemplar subject aligned to perturbation
onset (vertical line); Blue and red traces indicate the mean muscle activity for the IN and OUT
conditions, respectively. B: Mean (solid) and SE (shaded) brachioradialis muscle activity of the
group (*, P<0.05). C: Difference in muscle activity between the two responses in B (mean ± SE).
The arrow indicates the first point of significance determined by ROC analysis. D: Mean and SE
Triceps lateral muscle activity from an exemplar subject aligned to perturbation onset (vertical
line); Blue and red traces indicate the mean muscle activity for the IN and OUT conditions,
respectively. E: Mean (solid) and SE (shaded) Triceps lateral muscle activity of the group (*,
P<0.05). F: Difference in muscle activity between the two responses in E (mean ± SE). The arrow
indicates the first point of significance determined by ROC analysis.
138

that muscle activity in the OUT condition produced more inhibition than the IN condition. ROC
analysis revealed target-dependent differences starting at 58ms post-perturbation (Fig. 3F).
We found essentially the same results for the flexor unloading perturbation, which
stretched the pre-inhibited lateral triceps and shortened the pre-excited brachioradialis. Excitation
in lateral triceps began at ~20ms, but did not display any target-dependency until the R2, R3 and
Vol response (R1: T(9)=0.98, P=0.352; R2: T(9)=2.77, P=0.02; R3: T(9)=2.78, P=0.02; Vol:
T(9)=2.98, P=0.02). Differences in the amount of inhibition for the two targets began at 53ms
(ROC analysis). In brachioradialis, rapid inhibition occurred at ~20ms, but there was no targetdependent differences in the R1 epoch (R1: T(9)=1.11, P=0.295). We again observed significantly
greater inhibition in the R2, R3 and Vol epochs (R2: T(9)=2.37, P=0.04; R3: T(9)=3.10, P=0.01;
Vol: T(9)=3.77, P<0.01) for the OUT compared to the IN target, which began at 54ms.

Experiment 2: Influence of pre-perturbation muscle activity
Here we examined how the level of background muscle activity influenced inhibitory
responses during unloading. An unloading torque was applied to the elbow that produced a
shortening of the pre-excited muscle. Similar to experiment 1, subjects had little difficulty
learning and completing the task.
Figure 4A illustrates mean hand paths across all subjects for both the flexor and extensor
unloading torques for each background load. ROC analysis revealed a small but significant
difference in elbow motion for different background loads. Differences in elbow motion during
unloading were observed between the 2Nm and 3Nm background loads at 131ms for flexor
unloading and 149ms for extensor unloading (Fig. 4C).
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Figure 4.4: Experiment 2 hand and joint kinematics.
A: Traces correspond to the mean hand movement across subjects from the flexor (solid) and
extensor (dashed) unloading for both the small (blue) and large (red) background loads.
B: Traces represent the mean (±SE) change in shoulder (dashed) motion following the flexor
(solid) and extensor (dashed) unloading conditions. Red and blue traces correspond to the small
and large background loads, respectively. Data is aligned to perturbation onset (vertical line).
Note: ROC analysis did not determine a point of significance between the different background
loads for both the flexor and extensor groups. C: Traces represent the mean change in elbow
(dashed) motion following the flexor (solid) and extensor (dashed) unloading conditions. Red and
blue traces correspond to the small and large background loads, respectively. Data is aligned to
perturbation onset (vertical line). The arrows indicate the first point of significance between
background loads following unloading determined by ROC analysis.
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We observed rapid inhibition in lateral triceps that again began in the R1 epoch for each
unloading (Fig. 5A and B). Figure 5A and 5B illustrate the unloading responses of an individual
subject and the group, respectively. Critically, inhibition never resulted in zero muscle activity,
that is, it was never saturated at any time (Fig. 5A and B; P>0.05). Figure 5C illustrates the
amount of inhibition in the 2Nm and 3Nm conditions after subtracting the pre-perturbation
muscle activity. We quantified the amount of gain scaling and observed a significant increase in
inhibition with increased pre-perturbation muscle activity (Fig. 5D). We found significant gain
scaling began in the R1 epoch (R1: T(7)=5.26, P<0.01) and was maintained in the R2 epoch (R2:
T(7)=5.63, P<0.01) before rapidly reducing in the R3 epoch (R3: T(7)=4.97, P<0.01). Gain scaling
was effectively diminished at the onset of the Vol epoch (Fig. 5C and D; Vol: T(7)=0.51, P=0.62).
Similar results were observed in the flexor unloading condition. Specifically, we
observed that gain scaling began in the R1 epoch (R1: T(7)=4.81, P<0.01), which was maintained
in the R2 epoch (R2: T(7)=6.81, P<0.01) before reducing in the R3 epoch (R3: T(7)=5.05,
P<0.01).There was no significant gain scaling in the Vol epoch (Vol: T(7)=0.64, P=0.54)
exhibiting. Consequently, for both extensors and flexors we failed to observe an appreciable
response in the stretched muscles across all epochs (P>0.05).

Experiment 3: Influence of limb mechanics
This experiment examined if muscle activity in the shoulder following unloading reflects
the underlying torques that produce movement. Similar to the experiments above, subjects were
introduced to a background load that pre-excited either the shoulder flexors or extensors.
Unloading torques were applied at either the shoulder or elbow, such that the pre-excited shoulder
muscle was shortened. These perturbations resulted in kinematic deviations that displaced the
141

Tricepts Lateral

A

EMG (au)

3

2

1

0

B

0

50

100

150

0

50

100

150

0

50

100

150

∆EMG (au)

3

2

1

0

C
∆EMG (au)

R1 R2 R3 EV

1
0.5
0
−0.5
−1
−1.5

** *

2
∆EMG (au)

D

1.5

1

0.5

0

50
100
Time (ms)

150

Figure 4.5: Muscle activity of Triceps lateral following extensor unloading in experiment 2.
A: Mean and SE triceps lateral muscle activity from an exemplar subject aligned to perturbation
onset (vertical line); Red and blue traces indicate the mean muscle activity for the small and large
background load conditions, respectively. The black line indicates the muscle activity of triceps
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hand from the initial start target (Fig. 6A and D). Subjects readily countered the perturbations and
easily returned the hand to end target. Critically, the applied shoulder or elbow torques each
induced a similar amount of (shortening) shoulder joint motion (Fig 6B) but resulted in different
degrees elbow motion (Fig. 6C).
By unloading either the shoulder extensors or elbow flexors, we induced similar amounts
of shoulder extension (dashed lines in Fig. 6B and C). ROC analysis confirmed that both
unloading torques evoked similar amounts of shoulder extension motion within the first 200ms
(Fig. 6B). In contrast, differences in elbow motion were observed as early as 23ms (Fig. 6C). The
evoked shoulder extension movement resulted in a stretch of the pre-inhibited pectoralis major
muscle (Fig 7A and B). Consistent with our previous studies, the perturbations failed to produce
significant torque-related modulation in the R1 epoch (R1: T(7)=0.48, P=0.65). However, the R2,
R3 and Vol epochs all exhibited increases in muscle activity for the shoulder unloading torque
relative to the elbow unloading torque (R2: T(9)=2.39, P=0.04; R3: T(9)=2.89, P=0.02; Vol:
T(9)=3.03, P=0.01). The onset of these task-specific changes in muscle activity occurred at 54ms
(Fig. 7C).
We were most interested in the inhibitory responses observed in the pre-excited and
shortened shoulder muscle (posterior deltoid). The inhibition occurred in the R1 epoch but failed
to show any torque-related differences (Fig. 7D and E; R1: T(7)=0.67, P=0.52). In contrast, we
observed torque-related differences in the subsequent epochs, beginning at 46ms, with deeper
inhibition following the shoulder unloading torque compared to the elbow torque (Fig 7F; R2:
T(9)=3.11, P=0.01; R3: T(9)=3.21, P=0.01; Vol: T(9)=3.22, P=0.01).
We found essentially the same results for the unloading torques that induced shoulder
flexion that stretched the pre-inhibited posterior deltoid and shortened the pre-excited pectoralis
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Figure 4.6: Experiment 3 hand and joint kinematics.
A: Traces represent the mean (±SE) change in shoulder motion following the shoulder extension
(dashed) unloading condition. Red and blue traces correspond to the elbow and shoulder
unloading torques, respectively. Data is aligned to perturbation onset (vertical line). B: Traces
represent the mean (±SE) change in elbow motion following the shoulder extension (dashed)
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conditions determined by ROC analysis. C: Traces correspond to the mean hand movement
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(dashed) unloading condition. D: Traces represent the mean (±SE) change in shoulder motion
following the shoulder flexion (solid) unloading condition. Red and blue traces correspond to the
elbow and shoulder unloading torques, respectively. Data is aligned to perturbation onset (vertical
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major. Similar to above, the application of either a shoulder flexion torque or elbow extension
torque resulted in similar amounts of shoulder flexion motion over the first 228ms postperturbation (solid lines in Fig. 6E). In contrast, differences in elbow motion were evident at
22ms post-perturbation (Fig. 6F). We failed to observe torque-related differences in the R1
response of the pre-inhibited muscle (posterior deltoid) that was stretched (R1: T(7)=0.78,
P=0.46). In contrast, the R2, R3 and Vol epochs all exhibited increases in muscle activity that
was consistently larger following a shoulder torque compared to the elbow torque (R2: T(9)=2.91,
P=0.02; R3: T(9)=2.95, P=0.02; Vol: T(9)=3.01, P=0.02). We observed task specific changes in
muscle activity related to the underlying applied torques that occurred at 52ms.
Although rapid inhibition occurred during the R1 epoch, we failed to observe torquerelated modulation of the shortened pre-excited muscle (pectoralis major) during this time frame
(R1: T(7)=0.80, P=0.45). However, the R2, R3 and Vol epochs all modulated significantly and
displayed greater inhibition for unloading shoulder torques compared to unloading elbow torques
(R2: T(9)=3.02, P=0.02; R3: T(9)=3.15, P=0.02; Vol: T(9)=3.33, P=0.01). The onset of this
modulation occurred at approximately 51ms.
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Figure 4.7: Muscle activity of Pectoralis Major (left column) and Posterior Deltiod (right
column) following shoulder extensor unloading in experiment 3.
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shoulder and elbow applied torques, respectively. B: Mean (solid) and SE (shaded) Pectoralis
Major muscle activity of the group (*, P<0.05). C: Difference in muscle activity between the two
responses in B (mean ± SE). The arrow indicates the first point of significance determined by
ROC analysis. D: Mean and SE Posterior Deltiod muscle activity from an exemplar subject
aligned to perturbation onset (vertical line); Blue and red traces indicate the mean muscle activity
for the shoulder and elbow conditions, respectively. E: Mean (solid) and SE (shaded) Posterior
Deltiod muscle activity of the group (*, P<0.05). F: Difference in muscle activity between the
two responses in E (mean ± SE). The arrow indicates the first point of significance determined by
ROC analysis.
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4.5 Discussion
A wealth of studies have examined the pattern of evoked activity in lengthened muscles
following loading of the arm (for review see, Pruszynski and Scott, 2012). Many of these have
revealed considerable sophistication in the long-latency epoch occurring 50-100ms following the
limb displacement. Building on three of our previous studies we examined whether the longlatency response showed similar capabilities when the active muscle was abruptly shortened by a
drop in load magnitude/unloading. Such response necessarily must be filtered through inhibitory
spinal circuits, so it is unclear whether this constraint places a limitation on the long-latency
responses sophistication or these capabilities are robustly expressed across pre-loading and
perturbation loading conditions.
In all three experiments, we found that suddenly unloading the limb elicited inhibition of
the shortened muscle beginning during the short-latency epoch. These inhibitory responses during
the short-latency epoch were relatively fixed and only modulated with changes in levels of preperturbation muscle activity (experiment 2). In contrast, we showed that inhibitory responses
during the long-latency epoch modulated depending on the location of the spatial goal
(experiment 1), compensated for the scaling that occurred during the short-latency epoch
(experiment 2) and reflected knowledge of limb dynamics (experiment 3). These results highlight
the flexibility of the inhibitory responses during the long-latency epoch.
A challenge in quantifying inhibitory responses is ensuring that it does not saturate, that
is, inhibition that completely silences muscle activity. To prevent this floor effect we selected
small unloading torques relative to the background loads that excited the muscle. A consequence
of using small unloading torques is that hand deviations were relatively small compared to
previous studies that examined evoked responses due to muscle loading. In fact, during
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experiment 2, the unloading torques occasionally failed to deviate the hand outside of the end
target. However, previous work has shown that muscle responses scale to the size of the
perturbation even for disturbances that approach the natural variability of unperturbed reaching or
postural control (Crevecoeur et al., 2012).
It is also important to note that by pre-exciting the muscle that was eventually unloaded,
the stretched antagonist muscle was always pre-inhibited. This baseline inhibition blunts the R1
response in the antagonist muscle (See also, Pruszynski et al., 2011). This pre-inhibition is
necessary in order for us to explore unloading responses in the pre-excited agonist muscle, the
focus of this study.
A number of previous studies have investigated the characteristics of inhibitory responses
(Angel et al., 1965; Dufossé et al., 1985; Angel and Weinrich, 1986; Angel, 1987; Matthews and
Miles, 1988; Hore et al., 1990; Archambault et al., 2005). Our study builds on these in several
important ways as it characterizes the sophistication of inhibitory responses across several
contexts that engage a sophisticated long-latency response in lengthened muscle.
In our first experiment we employed a visuospatial task to illustrate the rapid flexibility
of inhibitory responses during the long-latency epoch based on prior intent. Importantly, we
highlight that the unloading responses parallel those observed during loading. That is the shortlatency epoch fails to modulate based on target location, whereas the response during longlatency epoch is quite flexible. An important difference in our paradigms is that we pre-excited
the muscle of interest and then the unloaded the muscle with a step perturbation. Previous studies
have failed to appropriately pre-excite the shortened muscle (Miscio et al., 2011), and therefore
were unable to adequately characterize inhibitory responses due to shortening. As well, by
applying a sustained unloading torques we could elicit and quantify responses in the short-, long148

and voluntary epochs, which contrasts with previous studies that only applied brief mechanical
pulses (Angel and Weinrich, 1986; Angel, 1987). Previous studies have illustrated that short force
pulses that are less than 50ms can only elicit short-latency response and generally do not elicit
long-latency responses (Lee and Tatton, 1982; Kurtzer et al., 2010).
In experiment 2 we again show that the inhibitory responses during muscle shortening
mirror the excitatory responses during muscle lengthening. The gain-scaling expressed in the
short-latency epoch is rapidly reduced by the end of the long-latency time frame (Pruszynski et
al., 2009). To our knowledge, one previous study showed that the amount of inhibition increases
with the level to pre-perturbation muscle activity, but this study employed electrical stimulation
or vibration, techniques that typically only elicit responses in the short-latency epoch (Matthews,
1986). By applying sustained unloading torques the present study was able to characterize the
temporal evolution of this scaling across the short-latency, long-latency, and voluntary epochs.
In our final experiment we illustrated another sophistication of the fast inhibitory
responses – knowledge of limb dynamics. Specifically, we show that short-latency inhibitory
responses in a shoulder muscle are only sensitive to shortening motion at the shoulder. In
contrast, the inhibitory response during the long-latency epoch appropriately scale to account for
interaction torques that evoke shoulder motion: greater inhibition to shortening caused by
shoulder torque unloading than a change in elbow torque. Once again, the long-latency inhibitory
responses mirror the sophisticated pattern of excitatory response during muscle lengthening.
Taken together, our results demonstrate that the response during the short-latency epoch
is relatively inflexible compared to the responses observed in the long-latency epoch.
Importantly, the capabilities expressed in the inhibitory long-latency epoch mirrored the
capabilities of the excitatory responses in the same epoch. Given the similarities between
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excitation and inhibition, it is likely that these inhibitory responses are capable of all the
sophistication observed in the excitatory responses. For example, previous studies have illustrated
that excitatory responses reflect a rich assortment features such as, stability (Nichols and Houk,
1976; Akazawa et al., 1982; Krutky et al., 2010), characteristics of the goal and environment
(Nashed et al., 2012, 2014; Crevecoeur et al., 2013), learning (Cluff and Scott, 2013), statistical
priors (Crevecoeur and Scott, 2013), and even decision-making (Selen et al., 2012; Nashed et al.,
2014). Thus, it is likely that the inhibitory responses also sensitive to such complex features.
Rather than excitatory and inhibitory responses being different thing, perhaps they are part of a
continuum of appropriate corrective responses.
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5.1 Summary
Increasing empirical and theoretical work suggests that skilled motor behavior is
achieved through sophisticated feedback control (Todorov and Jordan, 2002; Todorov, 2004). We
have previously suggested that intelligent feedback processes may be expressed during the longlatency epoch because it has contributions from the primary motor cortex, a key node in voluntary
control (Scott, 2004, 2012; Pruszynski and Scott 2012). The experiments in this dissertation were
motivated by optimal feedback control theory and the general hypothesis that the long-latency
response is capable of all the sophistication attributed to voluntary control (Scott, 2004, 2012;
Pruszynski and Scott, 2012). Although a number of studies have explored features of the longlatency response in the context of optimal feedback control (for review see Pruszynski and Scott,
2012), our experiments extend well beyond previous paradigms by examining the long-latency
response during reaching to complex goals and with obstacles in the environments. We were most
interested in examining if the sophisticated responses in the long-latency epoch are consistent
with features of voluntary control and optimal feedback control theory. What follows is a brief
summary of the studies and principle findings.
1. In our first study (Chapter 2), we tested if long-latency feedback responses during
reaching movements are sensitive to characteristics of the goal and the presence of
environmental obstacles. Our results indicated that corrective responses take advantage of
the size and shape of the end goal when appropriate, and readily avoid obstacles when
needed. Our study highlights how the complexities of the goal and environment influence
online corrections during movement.
2. In our second study (Chapter 3), we investigated whether the long-latency response
reflects online decision-making during movement. We show that the long-latency
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response reflects aspects of decision-making related to ‘how’ and ‘where’ to move.
However, the latencies of these responses were different when avoiding obstacles
compared to selecting an alternate goal. These differences likely reflect distinctions in the
underlying control policies and feedback loops responsible for avoiding an obstacle or
selecting a target. Our study highlights that the long-latency response reflects decisionmaking during movement execution.
3. In our final study (Chapter 4), we modified three existing experimental paradigms
previously used to study perturbation responses when loads were applied to the limb to
investigate inhibitory responses during unloading. Specifically, we examined if the longlatency epoch during unloading was sensitive to: 1) target location (Pruszynski et al.,
2008), 2) variations in background load (Pruszynski et al., 2009) and 3) intersegmental
dynamics of the upper-limb (Kurtzer et al., 2009; Pruszynski et al., 2011). In each
experiment, we showed that the responses observed in the long-latency epoch during
unloading was similar to that observed when loads are applied to the limb.

5.2 Neural Implementation
The results of this dissertation highlight the sophistication of rapid feedback responses
during reaching movements. Specifically, we consistently illustrate that the short-latency
response (~20-50ms) is relatively inflexible and predominately influenced by the degree of
muscle stretch. In contrast, our results highlight the sophistication of the long-latency response
(~50-100ms) and its sensitivity to features of the task, such as the size, shape and number of goals
and obstacles in the environment. These results prompt an examination of the neural substrates
that underlie these responses.
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Unlike the short-latency response, which is generated entirely by the spinal cord, the
long-latency response has contributions from a transcortical feedback pathway (Desmedt, 1978;
Cheney and Fetz, 1984; Matthews, 1991). Primary motor cortex (M1), a key node in the
transcortical feedback pathway, receives rich information from somatosensory areas (Evarts and
Fromm, 1977; Scott and Kalaska, 1997) and a number of studies have illustrated neurons in M1
are sensitive to mechanical perturbations (Picard and Smith, 1992; Herter et al., 2009; Evarts,
1973; Evarts and Tanji, 1976; Cheney and Fetz, 1984; Pruszynski et al., 2011). Furthermore,
several studies highlighted a causal relationship between M1 and the long-latency response by
combining mechanical perturbations with precisely timed pulses of Transcranial Magnetic
Stimulation (TMS) over M1 that excite or depress neural networks, which ultimately influence
the evoked long-latency response (Capaday et al., 1991; Day et al., 1991; Kimura et al., 2006;
Shemmell et al., 2009; Pruszynski et al., 2011). Because M1 is involved in generating both
voluntary behavior (Porter and Lemon, 1993) and the long-latency response, it is a clear
candidate to implement aspects of sophisticated feedback control (Scott, 2004, 2012).
It has long been known that neurons in M1 reflect task-dependent processing following
mechanical perturbations. In a seminal study, Evarts and Tanji (1976) trained monkeys to either
push or pull on a handle following a mechanical perturbation to the handle and recorded neural
responses in pyramidal tract neurons. They observed that early neural activity in M1 (20-40ms)
was relatively fixed and reflected the applied perturbation. However, the authors highlighted that
subsequent activity (~>40ms) was related to the correct motor action and modulated based on the
instruction to either push or pull. The authors suggested that the observed flexibility of the neural
activity contributes to volitional control of the limb during the long-latency epoch. A recent study
examined if the transcortical feedback pathway through M1 underlies limb control by
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investigating if neural activity in M1 considers the intersegmental dynamics of the limb when
correcting for mechanical perturbations (Pruszynski et al., 2011). Based on the paradigm by
Kurtzer et al. (2008), Pruszynski et al. (2011) applied multijoint torques to the shoulder and
elbow, which induced either elbow flexion or extension motions. Importantly, the multijoint
perturbations did not evoke shoulder motion. ‘Shoulder-like’ neurons were identified in M1 based
on their steady state response to loads applied at the shoulder and elbow. A key prediction is that
if neurons consider the intersegmental dynamics of the limb, ‘shoulder-like’ neurons must
integrate information from the elbow to produce the appropriate response. Similar to Evarts and
Tanji (1976), the early response (~20-50ms) from ‘shoulder-like’ neurons were insensitive to the
underlying perturbations. However, at ~50ms, which was approximately 15ms prior to the
corresponding long-latency response observed in the muscle, the authors found that neural
activity differentiated to respond appropriately.
Although M1 plays a key role in generating flexible feedback responses, the
implementation of sophisticated feedback control likely reflects distributed processing in several
brain areas (Scott, 2012). The sensorimotor system has substantial interconnections between
various cortical and subcortical regions. For example, M1 has direct projections from such areas
as primary somatosensory cortex (S1), parietal area 5 and cerebellum, all of which receive rich
sensory feedback from the limb (Fromm and Evarts, 1982; Strick, 1983; Mason et al., 1998;
Martin et al., 2000). Furthermore, M1 is not the only cortical structure that projects to the spinal
cord, premotor and primary somatosensory cortex also has direct projects to the spinal cord and
thus, directly influence spinal processing (Dum and Strick, 1991).
An important question is how do these various brain areas contribute to the sophisticated
feedback responses observed in this dissertation. In chapter 3, we suggest a behavioral distinction
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during online control in the long-latency response between the R2 and R3 epochs, such that the
R2 and R3 responses reflect ‘how’ and ‘where’ to move, respectively. This functional distinction
implies that these responses may have contributions from various neural substrates. For example,
M1 is likely responsible for the ‘how’ response in the R2 epoch, since neurons in M1 are related
to aspects of motor execution (Porter and Lemon, 1993) and it is known to rapidly contribute to
these responses (Picard and Smith, 1992; Herter et al., 2009; Evarts, 1973; Evarts and Tanji,
1976; Cheney and Fetz, 1984; Pruszynski et al., 2011).
In contrast, since the ‘where’ response reflects a change in goal selection, perhaps it is
related to processing in areas related to motor planning. One possibility is that dorsal premotor
(dPM) contributes to the ‘where’ response, since it is known to be involved in aspects of motor
planning (Weinrich and Wise, 1982; Weinrich et al., 1984; Wise et al., 1997; Crammond and
Kalaska, 2000; Cisek and Kalaska, 2004; Hoshi and Tanji, 2004; Churchland et al., 2006;
Churchland and Shenoy, 2007). Specifically, previous studies have illustrated that neurons in
dPM are sensitive to target location when planning reaching movements (Crammond and
Kalaska, 2000; Cisek and Kalaska, 2004, 2005; Kalaska and Crammond, 1992; Jackson and
Husain, 1996; Kalaska et al., 1997). For example, an elegant study by Cisek and Kalaska (2005)
illustrated that neurons in dPM can represent multiple potential goals prior to movement onset.
When the monkey was instructed to move to one of two potential goals the neural activity of the
cued goal was modulated upwards and the activity related to the discarded goal was attenuated
downwards. Since our experiments involved multiple potential solutions throughout movement,
perhaps the activity related to multiple solutions is maintained and switched during online
control.
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An alternative is that cerebellum contributes to the ‘where’ responses observed in the R3
epoch, since it has projections to motor and premotor areas (Dum and Strick, 2003), and is
involved in aspects of planning and initiating movement (Evarts and Thach, 1969; Brooks, 1975;
Meyer-Lohmann et al., 1975; Thach, 1975, 1978; Vilis et al., 1976; Trouche and Beaubaton,
1980). In fact, previous studies have even suggested that dentate nucleus plays a role in
generating the responses observed in the long-latency epoch (Meyer-Lohmann et al., 1975;
Strick, 1983; Hore and Vilis, 1984). For example, Strick (1983) examined neural activity in
dentate nucleus of monkeys following mechanical perturbations applied to a lever. Prior to the
perturbation, a green light instructed the monkey to pull a lever, whereas a red light signaled the
monkey to push the lever. He observed that activity in dentate nucleus rapidly was modulated
upwards following perturbations when the monkey was instructed to pull, compared to
perturbations that required the monkey to push the lever. Strick’s (1983) observations led to the
suggestion that dentate plays an important role in generating the flexible responses observed in
long-latency epoch. Correspondingly, inactivation studies that have cooled dentate nucleus have
observed depressed long-latency responses following perturbations compared to the responses
observed without cooling (Hore and Villis 1984). Furthermore, inactivation of dentate nucleus
markedly decreases the perturbation responses of M1 neurons (Meyer-Lohmann et al. 1975).
Critically, the observed decrease does not occur during the early perturbation response but rather,
during the ‘late’ time epoch that is thought to contribute to the R3 response. This suggests a tight
link between dentate nucleus, M1 and the long-latency response (Meyer-Lohmann et al. 1975).
With respect to the results in this dissertation, perhaps dentate nucleus actively participates in
selecting where to reach during movement, and this selection is evident during the R3 epoch.
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Taken together, these studies suggest that the functional differences observed in the
‘how’ and ‘where’ responses may reflect contributions from various brain regions, such as M1,
dPM and cerebellum. However, it is important to note that other brain regions maybe involved in
mediating these responses. Future neurophysiological studies across various neural circuits are
required to explain how sophisticated feedback is implemented in the brain and which regions are
responsible for complex responses observed in this dissertation.

5.3 Further Sophistication
This thesis demonstrates that the long-latency epoch possesses considerable
sophistication that is commonly reserved for voluntary control. The functional complexity of the
long-latency response likely emerges from the overlapping neural substrates engaged in feedback
control and voluntary behavior. This leads to the predictions that feedback responses should
express all the rich features of voluntary motor behavior. Perhaps future studies can investigate
further similarities between the long-latency response and voluntary control.

Bayesian Integration and Task Statistics
An interesting point of departure is how the statistics of a task and variability in our
sensory information both influence voluntary motor actions. For example, when learning to catch
a ball, we must account for variability (noise) in our visual information, but because the ball is
not thrown the exact same way every time we must account for variability in the velocities of the
incoming ball (task statistics). How does the motor system deal with this variability to ensure we
successfully catch the ball?
In the context of voluntary actions, Bayesian statistics have been used extensively to
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understand how priors about the task, such as the velocity of the ball, are statistically combined
with sensory feedback (likelihood estimates), like the variability of visual information, to
optimize task performance (Körding and Wolpert, 2004a; Körding et al., 2004a; Körding, 2007).
An important prediction of this framework is that when the sensory information (likelihood
estimate) is unreliable, then greater emphasis is placed on the prior (velocity the ball is thrown)
and vice versa. In agreement with this prediction, a number of studies have illustrated that the
motor system reduces variance of our sensory estimates by combining both statistical priors with
sensory information obtained during the task, to improve task performance (Körding and
Wolpert, 2004b; Körding et al., 2004b; Miyazaki et al., 2005; Tassinari et al., 2006). For
example, Kording and Wolpert (2004) demonstrated that the sensorimotor system forms priors
about the distribution of visual hand-aligned cursor shifts during reaching, which can bias
corrective responses. Importantly, the authors observed that the corrective responses to these
shifts scaled with the reliability of visual feedback that was flashed mid-reach, which suggests
that the sensorimotor system statistically combines priors about the task and likelihood estimates
of sensory information to optimize task performance. An important implication of this study is
that priors related to an opponents strategy can be learned, and eventually combined with sensory
information to improve task performance in games or sports, such as basketball, football or
hockey.
A key question is whether rapid feedback responses are capable of rapidly combining
information about the statistics of the task (priors) with new sensory information provided by a
mechanical perturbation. This idea could be tested in a reaching task by bumping the arm off
course with joint-torque perturbations drawn from a Gaussian distribution (with a mean and
standard deviation). In a separate block of trials, ‘catch trials’ of different perturbation amplitudes
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could then be used to examine if the long-latency response learns priors and combines this
information with sensory feedback obtained during the ‘catch trial’ to improve performance. One
prediction is that the evoked long-latency response will reflect a statistical combination of the
learned priors and the catch trial perturbations.

Multi-sensory Integration
This thesis focuses on limb afferent feedback due to mechanical perturbations, but in
everyday life we incorporate information from a variety of sensory modalities. Consider, for
example, holding a tray in a busy cafeteria, both vision and proprioception are available when the
limb is unexpectedly perturbed and a correction is needed to prevent spilling the contents of the
tray.
A number of studies have been performed to investigate how the sensorimotor system
combines multiple sensory modalities (van Beers et al., 1996, 1998, 1999, 2002; Ernst and Banks,
2002; Fetsch et al., 2009, 2012; Battaglia et al., 2003; Alais and Burr, 2004; Kersten et al., 2004;
Knill and Pouget, 2004; Angelaki et al., 2009; Dokka et al., 2011; Burns and Blohm, 2010; Burns
et al., 2011). Evidence suggests that multiple sensory modalities are combined optimally by
weighing each modality according to their reliability (inverse of variance), such that the less
reliable sensory information is given less weight in perceptual estimates (Fetsch et al., 2009,
2012; Ernst and Banks, 2002). The variance of the combined sensory estimate is smaller than the
variance of the each sensory modalities individually (Fetsch et al., 2009, 2012; Ernst and Banks,
2002). For example, Ernst and Banks (2002) investigated how visual and haptic information are
combined to estimate the size of an object. They observed that subjects optimally weigh visual
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and haptic feedback, such that the overall variance of the estimated hand position was reduced
compared to vision or proprioception, independently. Optimal cue combination has also been
observed at the neural level in a behavioral task (Fetsch et al., 2009, 2012; Angelaki et al., 2009;
Gu et al., 2008; Morgan et al., 2008). For example, neurons in dorsal medial superior temporal
area, which are sensitive to visual and vestibular signals related to self-motion, weigh visual and
vestibular inputs based on their respective reliabilities to produce an optimal firing rate. These
studies suggest that the optimal integration of multiple sensory modalities underlies voluntary
motor behavior.
A common feature of many of these previous studies is that they all focused on
multisensory integration prior to movement. Consequently, the planning stage of movement
provides plenty of time to integrate multiple sensory cues. However, it is unclear how
multisensory integration occurs during movement execution (Cluff et al., 2014). Thus, a key
question is how are multiple modalities, such as vision and proprioception, combined to influence
long-latency responses. Although proprioceptive information is noisy, it is rapidly transmitted to
the central nervous system. In contrast, visual information is more accurate, but is integrated
slower compared to proprioception. One prediction is that vision is combed with proprioception
to reduce the variance of sensory estimates used to produce motor commands.

Postural Responses to Mechanical Perturbations
When performing voluntary reaching movement during standing, postural adjustments
occur in the trunk and lower limb prior to the onset of the reaching movement to negate the
postural disturbances related to the reaching movement (Bouisset and Zattara, 1981, 1987; Friedli
et al., 1984, 1988; Stapley et al., 1999; Leonard et al., 2009). Importantly, these postural
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adjustments ensure that the center of mass is maintained within the base of support to maintain
postural stability. Since these anticipatory responses precede the muscle activity of the arm and
occur prior to afferent limb feedback, they are considered feed forward responses (Bouisset and
Zattara, 1981, 1987; Friedli et al., 1984, 1988). Thus, when performing voluntary reaching
movements, responses in the lower limb appear to account for movement in the upper limb.
One interesting question is how are postural responses influenced by feedback from the
upper limb? Previous studies have illustrated that postural responses in the lower limb incorporate
sensory information from the upper limb (Jeka and Lackner, 1994, 1995; Clapp and Wing, 1999).
For example, a study by Jeka and Lackner (1994) highlighted how postural sway is reduced when
the finger is in light contact with a rigid surface compared to the increased sway that occurs
without tactile feedback. With respect to reaching movements, Leonard et al. (2011) examined
how postural responses were influenced by visual target shifts during online reaching movements.
The authors observed that postural responses preceded the corrective responses in the arm. They
suggest that the sensorimotor system incorporates visual information to produce postural
responses to prevent potential instability that may occur by the upcoming arm movements. Our
lab has begun to investigate how mechanical perturbations to the upper limb during reaching
influence postural responses in the lower limb. A key hypothesis is that the lower limb will have
access to the proprioceptive feedback of the upper limb and incorporate the information to
produce the appropriate postural responses within the long-latency time epoch. Preliminary data
suggests that corrective responses in the lower limb do, in fact, incorporate information from the
upper limb to produce rapid postural responses (<100ms post-perturbation) to appropriately
correct for correct for the perturbation. However, unlike visual perturbations, the postural
responses do not precede the corrective responses of the arm but rather occur at roughly within
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the same time frame (Lowrey et al., 2013).

5.4 Other Considerations
Is there a limit on the number of potential strategies the motor system can consider?
The results in this thesis suggest that the motor system pre-computes multiple potential
movement strategies, which can be used during online execution. An important question is how
many potential strategies and goals can the motor system account for during online control?
Presumably, there is a saturation point in the number of potential movement strategies or goals
the motor system can account for during online control. Indeed, studies have suggested that
attention can only be directed towards a maximum of four objects at one time (Davis et al., 2001;
Alvarez and Franconeri, 2007). One potential way of investigating this, is to vary the number of
virtual obstacles or goals in the workspace each trial to determine how increases or decreases in
the complexity of the workspace influence corrective responses.

When does visual information influence motor strategies during online control?
In all of the experiments in this dissertation, the goal and environment were presented to
the subjects well before the onset of the mechanical perturbation (>1s). However, it would be
interesting to see how long the motor system needs to prepare multiple potential motor strategies
and goals. Previous work suggests that visual information can be integrated and influence the
long-latency response if it is presented as early as 70ms per-perturbation (Yang et al., 2011).
Interestingly, if information is presented earlier (e.g. 150ms pre-perturbation), the long-latency
response is more robust. The paradigm by Yang et al. (2011) could be extended to the
experiments in this dissertation. For example, by varying the visual presentation of the obstacles
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with respect to the onset of the mechanical perturbation, one could investigate the length of time
motor system requires to integrate visual information when computing control strategies. Another
potential experiment, would be to vary the visual display of the end goals (either dot or bar)
relative to the onset of the perturbation to see how quickly visual information is integrated to and
influences the online control policy.

1.4 Conclusions
The voluntary motor system is able to account for a number of features related to
movement including the dynamics of the limb (Flash and Hogan, 1985; Gribble and Ostry, 1999;
Graham et al., 2003), features of the goal (Soechting, 1984; Trommershäuser et al., 2003; Cohen
and Rosenbaum, 2004; Knill et al., 2011) and environment (Dean and Brüwer, 1994; Howard and
Tipper, 1997; Sabes and Jordan, 1997; Tipper et al., 1997; Sabes et al., 1998; Saling et al., 1998;
Tresilian, 1998; Mon-Williams et al., 2001; Hamilton and Wolpert, 2002; Chapman and Goodale,
2008). This dissertation demonstrates that long-latency responses of multiple upper-limb muscles
share much of the sophistication observed in voluntary control. These similarities are likely a
reflection of the shared neural substrate between voluntary control and the long-latency response
(Scott, 2004, 2012). For example, a variety of cortical and subcortical structures are involved in
generating both the long-latency and voluntary responses, including motor and premotor cortex,
somatosensory cortex, and cerebellum (Matthews, 1991;Shadmehr and Krakauer, 2008; Scott,
2012). As such, the long-latency response likely represents the earliest contributions of the same
neural circuits that mediate voluntary control. Furthermore, the sophistication of these longlatency feedback responses are consistent with recent theories of motor control, namely optimal
feedback control, which suggests sophisticated feedback is a key component of skilled motor
169

behavior (Todorov and Jordan, 2002; Todorov, 2004). It is likely that future work will elucidate
many more similarities between the long-latency responses and voluntary motor actions.

5.5 Conclusions
The voluntary motor system is able to account for a number of features related to
movement including the dynamics of the limb (Flash and Hogan, 1985; Gribble and Ostry, 1999;
Graham et al., 2003), features of the goal and environment (Soechting, 1984; Trommershäuser et
al., 2003; Cohen and Rosenbaum, 2004; Knill et al., 2011). This dissertation demonstrates that
long-latency responses of multiple upper-limb muscles share much of the sophistication observed
in voluntary control. These similarities are likely a reflection of the shared neural substrate
between voluntary control and the long-latency response (Scott, 2004, 2012). For example, a
variety of cortical and subcortical structures are involved in generating both the long-latency and
voluntary responses, including motor and premotor cortex, somatosensory cortex, and cerebellum
(Matthews, 1991;Shadmehr and Krakauer, 2008; Scott, 2012). As such, the long-latency response
likely represents the earliest contributions of the same neural circuits that mediate voluntary
control. Furthermore, the sophistication of these long-latency feedback responses are consistent
with recent theories of motor control, namely optimal feedback control, which suggests
sophisticated feedback is a key component of skilled motor behavior (Todorov and Jordan, 2002;
Todorov, 2004). It is likely that future work will elucidate many more similarities between the
long-latency responses and voluntary motor actions.
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